
UvA-DARE is a service provided by the library of the University of Amsterdam (https://dare.uva.nl)

UvA-DARE (Digital Academic Repository)

Nonresponse in sample surveys : methods for analysis and adjustment

Cobben, F.

Publication date
2009

Link to publication

Citation for published version (APA):
Cobben, F. (2009). Nonresponse in sample surveys : methods for analysis and adjustment.
[Thesis, fully internal, Universiteit van Amsterdam]. Statistics Netherlands.

General rights
It is not permitted to download or to forward/distribute the text or part of it without the consent of the author(s)
and/or copyright holder(s), other than for strictly personal, individual use, unless the work is under an open
content license (like Creative Commons).

Disclaimer/Complaints regulations
If you believe that digital publication of certain material infringes any of your rights or (privacy) interests, please
let the Library know, stating your reasons. In case of a legitimate complaint, the Library will make the material
inaccessible and/or remove it from the website. Please Ask the Library: https://uba.uva.nl/en/contact, or a letter
to: Library of the University of Amsterdam, Secretariat, Singel 425, 1012 WP Amsterdam, The Netherlands. You
will be contacted as soon as possible.

Download date:24 May 2023

https://dare.uva.nl/personal/pure/en/publications/nonresponse-in-sample-surveys--methods-for-analysis-and-adjustment(64dbf831-fca2-4006-8577-1459b246856f).html


Chapter 1

An Introduction to Sample
Surveys and Nonresponse

Since 1899, Statistics Netherlands collects and produces information about as-
pects of the Dutch society (Erwich and Van Maarseveen, 1999). The informa-
tion comes from persons, households and businesses. Traditionally, Statistics
Netherlands used a census to collect the data for its social surveys. A census, or
complete enumeration, is a very costly and time consuming approach. In 1895,
the Director General of Statistics Norway held a speech at the annual meeting of
the International Statistical Institute in favour of sample surveys. It took some
time before the idea of sampling became widely accepted in statistical research,
but eventually this led to the development of the classical sampling theory. It
was only after the second World War that Statistics Netherlands started col-
lecting data with sample surveys.

In this chapter, we first describe the ideal situation of sample surveys with
full response. We discuss the classical idea behind sampling and describe estima-
tors for statistics about population characteristics. Next, we describe what can
go wrong when conducting a survey. We especially focus on missing data caused
by unit nonresponse and we describe how nonresponse can be introduced into
sampling theory by the concept of response probabilities. We end this chapter
with an overview of this thesis.
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1.1 Introduction

The theory behind sampling is well described by, amongst others, Cochran
(1977) and Särndal et al. (1992). In section 1.2 of this chapter we give an
introduction to the general idea behind sample surveys. We first outline how
data can be collected by sample surveys and how sample surveys are designed.
Next, we introduce estimators for population characteristics. These estimators
use auxiliary information and can be used to estimate population characteristics
if the survey data is not subject to errors.

In practice, however, surveys are potentially subject to a number of errors.
Therefore, in section 1.3 we describe what can go wrong when conducting a
survey. We discuss potential sources of error in sample surveys. We especially
focus on missing data due to unit nonresponse. Furthermore, we describe the
response process as a sequential process with different stages that result in
different response types. Hence, we no longer make the unrealistic assumption
of full response. Instead nonresponse is introduced in the classical sampling
theory by means of the random response model. We end this chapter with an
overview of this thesis in section 1.4.

1.2 Classical sampling theory

1.2.1 Sample surveys

A sample survey is an instrument to provide information about a specific popu-
lation, based on the observation of only a small part of that population. Under
specific conditions, it is possible to use the sample to make inference about
the population as a whole. These specific conditions comprise that the sample
is randomly selected from the population, i.e. the selection mechanism uses a
random selection procedure. Furthermore, we have to know how the selection
mechanism works to compute the probabilities of being selected in the sample.
We also need procedures to use the observed data to make estimates of pop-
ulation characteristics. If these conditions are fulfilled, it is possible to make
proper inference about the population as a whole. For now, we will make the
assumption of full response to the survey.

The population for which information is collected, is the target population
of the survey. In the surveys that we discuss, the sample elements are either
persons or households from the general population of the Netherlands, but the
target population of a survey can also consist of something else, like businesses,
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or students of a particular school. The elements in the population must be
identifiable. We denote the target population by U , consisting of N physically
existing elements, i = 1, 2, . . . , N which we can observe and on which we can
make measurements. Furthermore, U is assumed to be finite and N is supposed
to be known.

1.2.1.1 Types of variables

There are two types of variables that play a role in survey sampling: survey
items and auxiliary variables. Survey items are the variables of interest that
are measured in the survey. A survey item can be the answer to one survey
question, but it can also be composed of the answers to two or more survey
questions. Every element i = 1, 2, . . . , N of the population U has a fixed, non
random value for the survey item, denoted by Yi. The only randomness comes
from the selection of the sample. The N ×1-vector of values for the survey items
is denoted by Y = (Y1, Y2, . . . , YN )′.

Auxiliary variables are in general variables that are available prior to sam-
pling. They can be used in creating a sampling design or in the computation of
the survey estimates. We denote auxiliary variables by X. Usually, more than
one auxiliary variable is available. Suppose we have J auxiliary variables. Every
person i can be associated with a J×1-vector of values for the auxiliary variables
Xi = (Xi1, Xi2, . . . , XiJ)′. The auxiliary information for the entire population
is denoted by the N × J-matrix X.

Usually the auxiliary variables are available for every element in the sample
or the target population, for instance from a population register. When used
to create a sampling design, the values of the auxiliary variables need to be
known for every element in the population. However, in the estimation stage
such detailed information is not always necessary. It may be sufficient to know
the population total of the auxiliary variables, while the individual values are
known for the respondents only.

Särndal and Lundström (2005) distinguish between auxiliary information on
the sample level, denoted by vector X◦ of dimension J◦, and information on the
population level, denoted by vector X∗ of dimension J∗. The population total∑

U X∗ is known, for instance from an external source. However the population
total

∑
U X◦ is not known, but can be estimated based on the sample. In both

cases, the values for the auxiliary variables are known for the responding ele-
ments in the sample. In case there is a population register, as in the Netherlands
(see Chapter 3), values for the auxiliary variables are available for all elements
i in the population U . We denote the auxiliary information vector for element
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i by Xi, and omit the superscript ∗ or ◦. Only when the level of information
is not clear from the context, we distinguish between sample information and
population information.

A special type of auxiliary variable is paradata. Paradata, also known as
process data, is information about the data collection process. For example call
history data or the number of contact attempts. Typically, paradata is auxil-
iary information that is available on the sample level. In Chapter 9 we describe
paradata in more detail.

Survey items and auxiliary variables can be either quantitative, qualita-
tive or indicator variables. Quantitative variables measure quantities, amounts,
sizes, or values. Examples of quantitative variables are income and age. Quali-
tative variables divide the population into groups. The values denote categories.
Sample elements in the same category belong to the same group. Examples
of qualitative variables are ethnicity, religion and employment status. Qualita-
tive variables are often referred to as categorical variables. Most of the social
statistics that Statistics Netherlands produces are categorical variables. Busi-
ness statistics are usually quantitative. Indicator variables measure whether or
not a sample element has a certain property. They can only assume the values
0 and 1. The value is 1 if an element has the property, and otherwise it is 0. An
example of an indicator variable is the response indicator. If a sample element
responded to the survey, the value of the response indicator is 1. Otherwise its
value is 0.

Paradata are always restricted to the sample level, whereas other auxiliary
information can also be available on the population level. Survey items are iden-
tified for the target population, however we only observe them for the sample
or, more precisely, for the respondents to the survey. For now, however, we do
not regard nonresponse so the values for the survey items are assumed to be
known for the selected sample elements.

1.2.1.2 Population characteristics

The aim of a survey is to obtain information about the target population. This
information is quantified in the form of population characteristics, or population
parameters. A population parameter is a function that only depends on the
values of one or more variables in the population. These variables can be survey
items as well as auxiliary variables. Examples of population parameters for a
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quantitative variable are the population total

Ytot =
N∑

i=1

Yi (1.1)

and, related to the population total, the population mean

Y =
1
N

N∑
i=1

Yi =
1
N

Ytot (1.2)

Another important population parameter is the population variance

S2(Y) =
1

N − 1

N∑
i=1

(Yi − Y )2 (1.3)

For indicator variables, the population total counts the number of elements in
the population having a certain property. The population mean is the fraction
of elements with that property. The population percentage is defined by

P = 100Y =
100
N

N∑
i=1

Yi =
100
N

Ytot (1.4)

Note that for indicator variables the population variance reduces to

S2(Y) =
1

N − 1

N∑
i=1

(Yi − Y )2 =
N

N − 1
P (100 − P ) (1.5)

There are no specific population parameters for qualitative variables. Of course
we can estimate totals, fractions or percentages of elements within categories.
This comes down to replacing the qualitative variable by a set of indicator
variables.

1.2.2 Sampling design

The aim of a survey is to provide information on population characteristics,
like e.g. the population mean or total. These characteristics can be estimated
based on a sample that is selected by a random selection procedure from the
population. A random selection procedure assigns a known, fixed and non-zero
probability of being selected to every element i in the population U . If the
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sample is selected without replacement, elements can be selected only once and
the random selection procedure results in a selection indicator δi ∈ {0, 1} for
every element i ∈ U , i.e.

δi =
{ 1, if element i selected in sample

0, otherwise (1.6)

The sample size is equal to n =
∑N

i=1 δi. The sample s consists of all n elements
for which δi = 1 and s ⊂ U . A sample that is selected under these conditions
is a probability sample. If we assume that we obtain the true values of the
survey items for all sample elements, we can estimate the values of population
characteristics without bias based on these values.

The probability that an element is selected in the sample is πi = P (δi =
1) = E(δi). This is the first order inclusion probability for element i, i =
1, 2, . . . , N . The N × 1-vector of first order inclusion probabilities is denoted
by π = (π1, π2, . . . , πN )′. The second order inclusion probability of elements i
and k is πi,k = E(δiδk). By definition, πi,i = πi. The most straightforward way
to select a random sample arises when each element has the same probability of
being selected. Such a random sample is called a simple random sample. Sam-
pling can be done with and without replacement. Throughout this thesis we
assume that the sample is selected without replacement.

A sampling design is a set of specifications which defines the target popula-
tion, the sampling elements and the probabilities attached to possible samples,
see Särndal et al. (1992). Auxiliary information can be used in the design of the
sample, leading for example to cluster sampling, stratified sampling or two-stage
sampling.

1.2.3 Estimators using auxiliary information

Population characteristics can be estimated based on the sample. An estimator
is a mathematical function of the observed data that attempts to approximate
a population parameter as closely as possible. The estimator may also employ
auxiliary information, either from the sampling frame or from external registers.
In this section, we describe estimators for the population mean that use auxiliary
information. Estimators for other population characteristics can be obtained in
similar ways.

• The Horvitz-Thompson estimator
The Horvitz-Thompson estimator uses inclusion probabilities. Auxiliary
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information from the sampling frame can be used to compute these prob-
abilities. Horvitz and Thompson (1952) show that it is always possible
to construct an unbiased estimator for the population mean when the in-
clusion probabilities π are known and nonzero. The Horvitz-Thompson
estimator is a mean of survey items, weighted by the inverse of the inclu-
sion probabilities. This ensures that elements that are over-represented in
the survey, i.e. that have a large inclusion probability, receive a smaller
weight, and vice versa. In appendix 1.A we give a detailed description of
the Horvitz-Thompson estimator.

• The generalized regression estimator
Särndal (1980) and Bethlehem and Keller (1987) introduce the general-
ized regression estimator, or GREG-estimator. The GREG-estimator is
equal to the Horvitz-Thompson estimator plus an additional adjustment
term. The additional adjustment term is calculated with auxiliary infor-
mation. By using auxiliary information in the estimator, a more accurate
estimate of the population mean is obtained. Therefore, it is required that
the auxiliary variables are available for the sample, and that their totals
or means are known for the population of interest. Based on the sample,
the values of the totals for the auxiliary variables in the population can
be estimated. If there is a difference between the sample-based estimated
totals and the true totals, the generalized regression estimator then ad-
justs the Horvitz-Thompson estimator for the observed difference. If the
auxiliary variables are correlated with the survey item, i.e. it is plausible
that a similar difference exists for the survey item in the sample and the
population, the adjustment to the Horvitz-Thompson estimator will lead
to a reduction of the variance of the estimator. A detailed description of
the GREG-estimator is given in appendix 1.B.

• The calibration framework
The calibration framework is introduced by Deville and Särndal (1992)
and Deville et al. (1993). The calibration estimator is a weighted mean
of survey items. The calibration weights are determined by calibrating
the auxiliary variables in the sample to known totals in the population.
Hence, the generalized regression estimator also is a calibration estimator.
In fact, Särndal and Lundström (2008) show that most familiar estimators
can be expressed as calibration estimators. In appendix 1.C we describe
calibration estimators in more detail.
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For further reading on these estimators, see Cochran (1977), Särndal et al.
(1992) and Bethlehem (1988).

1.3 Surveys in practice

1.3.1 Sources of error

In the previous sections, we outlined the requirements for sample surveys to
properly estimate population characteristics. Potentially, the estimated popu-
lation characteristics are subject to error. This error can have many causes.
The ultimate result of all these errors is a discrepancy between the survey es-
timate and the true population characteristic. This discrepancy is called the
total survey error, see Biemer and Lyberg (2003). Bethlehem (1999) gives a
taxonomy of survey errors, displayed in figure 1.1. Two broad categories can be
distinguished contributing to this total error: sampling errors and non-sampling
errors. Sampling errors can be divided into estimation errors and selection er-
rors. Estimation errors arise because only a subset of the population is surveyed.
This type of error disappears if the entire population is surveyed. Selection er-
rors occur when the actual inclusion probabilities differ from the true values of
the inclusion probabilities, for instance when an element has multiple entries
in the sampling frame. Consequently, sampling errors vanish when the entire
population is surveyed and can be controlled for by using a correct sampling
design.

Non-sampling errors do not vanish when the entire population is surveyed.
Non-sampling errors can be divided in errors caused by erroneous observation
of sampled elements and non-observation errors. Erroneous observation arises
due to overcoverage or measurement errors. In case of overcoverage, the error is
caused by a discrepancy between the sampling frame and the actual population.
Overcoverage occurs when sample elements that are not in the population, have
an entry in the sampling frame. These sample elements are observed whereas
they should not have been. A measurement error is a discrepancy between the
reported or measured value and the true value. This discrepancy can be caused
by the respondent, the interviewer or the questionnaire design. Measurement
errors also arise when the concept implied by the survey question, and the
concept that should be measured in the survey are different. Biemer and Lyberg
(2003) refer to this type of error as a specification error.

Non-observation errors are errors that affect the inclusion probabilities.
They are caused by undercoverage or nonresponse. In case of undercoverage,
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Figure 1.1: A decomposition of the total survey error

the sample element does not have an entry in the sampling frame whereas it is
part of the population. The sample element cannot be observed and the selection
probability is zero. There are two types of nonresponse. The first type is item
nonresponse, which occurs when a sample element participates in the survey but
refuses to answer some of the questions. The second type is unit nonresponse.
Unit nonresponse occurs when selected sample elements do not provide the re-
quested information. Due to nonresponse, the inclusion probability is lower than
the design based inclusion probability. How much lower is unknown.

For a particular survey item Y , the set of elements that is missing consists
of unit nonresponse and an additional set of item nonresponse. Although item
nonresponse may have implications for survey estimates, in this thesis we focus
on unit nonresponse alone. We thus disregard missing observations due to item
nonresponse. For a discussion on item nonresponse we refer to Little and Rubin
(2002).
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1.3.2 Missing data in surveys

Nonresponse is a source of missing data. The estimators that adjust for nonre-
sponse bias rely on assumptions about the mechanism behind the missing data.
In this section we discuss missing data mechanisms, see also Little and Rubin
(2002) and Schafer and Graham (2002). The missing data mechanism concerns
the reasons why survey items are missing and the relationship between these
reasons and the auxiliary variables. The missing data mechanism plays a crucial
role in the analysis of data with missing values due to nonresponse. The prop-
erties and the success of adjustment techniques for nonresponse bias strongly
depend on the nature of the dependencies in these mechanisms. Any analysis of
data involving unit nonresponse requires an assumption about the missing data
mechanism.

We can formalise the missing data mechanism as follows. We partition the
dataset Y in an observed part, Yobs, and a missing part, Ymis. So,

Y = (Yobs,Ymis) (1.7)

The response indicators R1, R2, . . . , RN indicate which survey items are avail-
able and which are missing. In case of unit nonresponse, Ri is a binary variable
that indicates for each sample element i whether survey items are observed
(Ri = 1) or missing (Ri = 0).

The distribution of the missingness is characterised by the conditional dis-
tribution of R = (R1, R2, . . . , RN )′ given Y, that is

P (R|Y) = P (R|Yobs,Ymis) (1.8)

When the conditional distribution of R given Y does not depend on the data at
all, then P (R|Y) = P (R). The data are missing-completely-at-random (MCAR).
When the conditional probabilities of missingness depend on the observed data,
but not on the missing values, P (R|Y) = P (R|Yobs) , the missing data are said
to be missing-at-random (MAR). And finally, when (1.8) cannot be simplified
any further and the distribution of the missingness depends on both observed
and missing data, the mechanism is called not-missing-at-random (NMAR).
When it comes to likelihood-based inference, MCAR and MAR are considered
to be ignorable missing data mechanisms, whereas NMAR is nonignorable, see
Little and Rubin (2002).

Let X represent a set of auxiliary variables that are completely observed and
Y a survey item that is partly missing. Z represents causes of missingness unre-
lated to X and Y, and R is the response indicator that indicates the missingness.
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Figure 1.2: Missing data mechanisms

Figure 1.2 gives a graphical representation of the missing data mechanisms. In
case of MCAR, missingness is caused by a phenomenon Z that is completely
unrelated to X and Y. Estimates for Y are unbiased. In case of MAR, miss-
ingness is caused partly by an independent phenomenon Z and partly by the
auxiliary variables X. So, there is an indirect relationship between Y and R.
This leads to biased estimates for Y. Fortunately, it is possible to adjust for
such a bias by using a technique that takes advantage of the availability of all
values of X, both for respondents and nonrespondents. In case of NMAR, there
may be a relationship between Z and R and between X and R, but there is
also a direct relationship between Y and R that cannot be accounted for by X.
This situation also leads to biased estimates for Y. In general, adjustment tech-
niques using X will not be able to remove the bias. So, in case the missing data
mechanism is MCAR or MAR it is still possible to compute unbiased estimates
for population characteristics. However, a different approach is required when
the mechanism is NMAR.

Example 1.3.1 Missing data mechanisms
Consider the case of unit nonresponse in a Labour Force Survey. Suppose there
is one auxiliary variable X, being educational level, that has been measured for
every sample element. The survey item Y is employment status and is miss-
ing for nonrespondents. MCAR means that the probability of a response does
not depend on the educational level, nor on the employment status. So, MCAR
means that the probability that persons provide information on their employ-
ment status is the same for all persons, irregardless of their educational level
or their employment status. When the response is unrelated to the employment
status, but does depend on the educational level, then the response mechanism
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is MAR. For instance when persons with a high educational level are less in-
clined to participate in the survey than lower educated persons. The missing
data then is missing-at-random with respect to education. When the missing
data mechanism is NMAR, it means that the probability of a response depends
on the values of the employment status as well. For instance, if persons do not
have time to participate in the survey because they are at work. �

In the survey literature, most methods that deal with unit nonresponse as-
sume that the missing data mechanism is MAR. Throughout this thesis we will
make the same assumption.

1.3.3 Different response types

Nonresponse is a common feature of sample surveys. A part of the sampled ele-
ments cannot be contacted, refuses participation or does not participate in the
survey for other reasons. It is important to distinguish between these types be-
cause they require different measures to reduce nonresponse and may differently
affect survey estimates.

There are many ways to classify nonresponse according to cause. This com-
plicates computing response rates and comparing nonresponse for different sur-
veys. The American Association for Public Opinion Research (AAPOR) has
published a comprehensive list of definitions of possible survey outcomes, see
AAPOR (2006). These definitions apply to household surveys with one respon-
dent per household, samples selected by means of Random Digit Dialling (RDD)
and mail- or Internet surveys of specific persons. Lynn et al. (2002) have pro-
posed a classification that follows the possible courses of events when sample
elements are approached with the survey request.

The response process can be seen as a hierarchical (nested) process with
three stages. First, the eligibility of the sample elements is determined. Eligi-
ble elements are approached for participation in the survey. Once contacted,
this results in either an interview, a refusal or another form of non-interview.
However, sometimes the non-eligibility can only be determined when contact is
made. Bethlehem et al. (2006) further extend the hierarchical representation of
the response process by including a separate stage for being able to participate.
They assume that it is possible to determine the eligibility of all contacted el-
ements. We extend this representation with an additional stage before contact
is attempted, to indicate whether a sample element is being processed or not.

We restrict ourselves to the eligible sample elements. The different outcomes
of the survey process are:
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Unprocessed cases Also referred to as administrative nonresponse. Unpro-
cessed cases are sample elements that have not been approached in the
field. This can be caused by a lack of interviewer capacity due to a high
interviewer workload, or interviewer unavailability (illness or holiday).

Non-contact Once processed, sample elements are contacted during the field-
work period. Contact (AAPOR 2006) can be defined as ‘reaching some re-
sponsible housing unit member’. So this involves human contact to either
the head of the household or the partner. Luiten (2008) defines contact
for Statistics Netherlands as: either a face-to-face meeting, intercom talk
(CAPI) or a telephone conversation (CATI) with the sample element. But
contact is also obtained when the sample element has contacted the help
desk from Statistics Netherlands.

Not-able Once processed and contacted, a longtime illness or a language prob-
lem can prevent sample elements from being able to participate.

Refusal Once processed, contacted and found able to participate, the sample
element refuses to answer the survey questions.

Response A selected sample element is processed, contacted and able to par-
ticipate and does not refuse the survey request. The sample element hence
provides the requested information.

We make a distinction between not-able due to language problems and not-able
due to a longtime illness because the underlying reasons for these two groups
are distinct.

1.3.3.1 The sequential structure of the response process

For the different stages in the response process, we introduce individual prob-
abilities for proceeding to the next stage of the response process, see table 1.1.
The participation probability � is not to be interpreted as the response proba-
bility. The final response probability ρ is the product of the probabilities of the
different stages of the process, i.e. ρ = ξ × γ × θ × �. In words, the response
probability ρ is the product of the individual probabilities for being processed
ξ, contacted γ, able to participate θ and participation �. The response process
can be graphically displayed as in figure 1.3. This figure shows the sequential
(nested) structure of the response process, i.e. the outcome of one stage is con-
ditional on the outcome of all previous stages.
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Table 1.1: Probabilities in the response process

Process Indicator Values Probability
Being processed U 1 processed, 0 unprocessed ξ
Contact C 1 contact, 0 no contact γ
Being able (language) L 1 able, 0 not able θ
Participation P 1 participation, 0 refusal �

1.3.4 Implications of unit nonresponse

The quality of survey estimates can be expressed in terms of the Root Mean
Squared Error (RMSE). The RMSE of an estimator for some population pa-
rameter for Y , denoted ŷ, can be decomposed as

RMSE(ŷ) =
√

B2(ŷ) + S2(ŷ) (1.9)

where B(ŷ) denotes the bias of the estimator. The variance of estimators is
determined by two components: variance due to sampling and variance due
to nonresponse. Both sampling and nonresponse lead to a smaller number of
observations and thus to less accurate estimators. In case of full response, the
variance of the estimator approaches zero when the sample size of the survey
increases.

Besides that nonresponse increases the variance, it also introduces a bias.
For large surveys, like most surveys conducted by national statistical offices,
the increase in variance due to nonresponse is usually small compared to the
variance due to sampling. The nonresponse bias is of greater concern. It does
not vanish when the sampling size is increased.

To give insight in the implications of nonresponse in sample surveys, we
employ the Random Response model to incorporate nonresponse in the sampling
theory. Based on this model, we can show the effect of nonresponse on estimates
for population characteristics.

1.3.4.1 The Random Response model

We show how nonresponse can be introduced in the classical sampling theory
by means of the Random Response model. In the Random Response model,
every element i ∈ U has a nonzero, unknown response probability, which we
will denote by ρi. If element i is selected in the sample, a random mechanism
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Figure 1.3: The nested response process

is activated that results with probability ρi in response and with probability
(1 − ρi) in nonresponse.

The response probabilities ρi are theoretical quantities. The definition of a
response probability is not straightforward. It involves at some stage a deci-
sion on how to deal with the dependence of the response probabilities on the
circumstances under which the survey is being held. For example, the number
and timing of contact attempts and the interviewer characteristics. If these cir-
cumstances change, it is very likely that the individual response probabilities
also change. In addition, response probabilities vary over time. However, the
more conditions are fixed, the less random the response probabilities become.
In example 1.3.2 we discuss the Fixed Response model that arises as a spe-
cial case of the Random Response model when the response probabilities are
viewed conditional on very detailed circumstances. No variation is left and the
response probabilities become deterministic. In case no conditions are imposed,
the response probabilities are stochastic. The Random Response model involves
response probabilities that are conditional only on characteristics of the sample
elements.

Under the Random Response model, we can introduce a vector of response
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indicators R = (R1, R2, . . . , RN )′, where Ri = 1 if the corresponding element i
responds, and where Ri = 0 otherwise. So, P (Ri = 1) = ρi, and P (Ri = 0) =
1 − ρi. The response probabilities ρi are unknown. Furthermore, the indicators
Ri are observed for sample elements only.

These probabilities can be estimated based on the sample. By using an ap-
propriate model based on auxiliary information, we can compute sample-based
estimates of the response probabilities, i.e.

ρ̂i = ρ(Xi) = P (Ri = 1|δi = 1;Xi) (1.10)

for i = 1, 2, . . . , n. Hence, ρ̂i = ρ̂j if Xi = Xj , i.e. person i has the same
probability of response as all other persons in the same strata defined by X. We
refer to ρ̂i as the response propensity. The response propensity is the estimated
response probability conditional on the sample and the individual characteristics
Xi. In the appendix to Chapter 5 we describe methods that can be used to
compute response propensities.

Example 1.3.2 The Fixed Response model
The Fixed Response model is a special case of the Random Response model.
It occurs when the response probabilities ρi are dependent on very detailed
circumstances of the survey. Then there is no variation left and the response
probabilities become deterministic instead of stochastic. Under the Fixed Re-
sponse model, sample elements are assumed to have a fixed response behaviour.
Either they always cooperate, or they never do. The population can be divided
into two strata: a response stratum and a nonresponse stratum. These strata
are mutually exclusive and exhaustive, i.e. every element belongs to exactly
one of these strata. Beforehand, we do not know to which stratum an element
belongs. A sample selected from the population contains elements from both
strata. This ultimately results in a subsample of respondents and a subsample
of nonrespondents. Associated with every element i is a response indicator Ri.
Ri = 1 in case i belongs to the response stratum and 0 otherwise. The size of the
response stratum equals Nr =

∑N
i=1 Ri and the size of the nonresponse stratum

Nnr =
∑N

i=1(1−Ri). The total size of the population thus equals N = Nr+Nnr.
�

1.3.4.2 Nonresponse bias

Under the Random Response model, we observe the survey items for every
element i with Ri = 1. Now suppose we select a simple random sample without
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replacement of size n from the population U . The response only consists of those
elements i for which δi = 1 and Ri = 1. Hence, the size of the subsample of
respondents is equal to

nr =
N∑

i=1

δiRi (1.11)

Note that this realised sample size is a random variable. The size of the sub-
sample of nonrespondents is equal to

nnr =
N∑

i=1

δi(1 − Ri) (1.12)

The total sample size equals n = nr + nnr. We only obtain survey items for the
nr responding elements. The mean of these survey items is denoted by

yr =
1
nr

N∑
i=1

RiYi (1.13)

Theoretically, it is possible that no observations at all become available. This
happens when none of the sample elements responds. In practical situations,
this event has a very small probability of happening. Therefore, we will ignore
it. Bethlehem (1988) shows that the expected value of the response mean is
approximately equal to

E(yr) ≈ Ỹ (1.14)

where

Ỹ =
1
N

N∑
i=1

ρi

ρ
Yi (1.15)

and

ρ =
1
N

N∑
i=1

ρi (1.16)

is the mean of all response probabilities in the population.
From expression (1.14) it is clear that, generally, the expected value of the

response mean is unequal to the population mean to be estimated. Therefore,
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this estimator is biased. We refer to this bias as the nonresponse bias. Bethlehem
(1988) shows that it is approximately equal to

B(yr) = Ỹ − Y =
R(ρ,Y)S(ρ)S(Y)

ρ
(1.17)

where R(ρ,Y) is the correlation between survey items Y and response proba-
bilities ρ, S(Y) is the standard deviation of survey items Y, and S(ρ) is the
standard deviation of the response probabilities. From this expression of the
nonresponse bias we can draw a number of conclusions:

• The bias vanishes if there is no relationship between the survey item and
response behaviour. Then R(ρ,Y) = 0. The stronger the relationship
between survey item and response behaviour, the larger the bias will be.

• The bias vanishes if all response probabilities are equal. Then S(ρ) = 0.
In this situation the nonresponse is not selective. It just leads to a reduced
sample size.

• The bias vanishes if all survey items are equal. Then S(Y) = 0. In this
situation, there is no difference between respondents and nonrespondents
with respect to Y , and hence there is no bias.

• The magnitude of the bias increases as the mean of the response proba-
bilities decreases (assuming the relationship between survey item and re-
sponse behaviour is unaltered). Translated in practical terms, this means
that lower response rates will lead to larger biases.

• Unlike the variance, the nonresponse bias does not approach zero when
the sample size is increased.

Under the Fixed Response model, the nonresponse bias can be expressed as
(Groves and Couper, 1998)

B(yr) =
Nnr

N
(Y r − Y nr) (1.18)

where capital letters denote population equivalents, Y nr is the population equiv-
alent of the mean of survey item Y among nonrespondents. This bias is composed
of the response rate and the difference between respondents and nonrespondents
with respect to Y . If the response rate decreases and the difference between re-
spondents and nonrespondents is unaltered, the bias increases as can be seen
from expression (1.18).



1.3. Surveys in practice 19

1.3.5 The importance of auxiliary information

We defined auxiliary variables in section 1.2.1 as variables that are in general
available prior to sampling. The Netherlands, as well as the Scandinavian coun-
tries and some other West-European countries, is privileged with the availability
of many reliable registers. The population register serves as the backbone, or
sampling frame. In Chapter 3 we describe the population register in more detail.
Statistics Netherlands can link this register to other registers, thereby exploit-
ing coherent information on the registered population. For surveys conducted
by Statistics Netherlands, the auxiliary variables are usually available for every
element of the sample as well as the target population. They can be used in cre-
ating a sampling design or in the computation of survey estimates as we have
shown in section 1.2.3.

Other organisations, for example universities or market research organisa-
tions, usually do not have access to these registers. However, Statistics Nether-
lands publishes population distributions for specific domains on the internet
database Statline. This information is publicly available. Other organisations
can use this information in the estimation stage where it may be sufficient to
know population characteristics of auxiliary variables, while individual values
are known for respondents only.

If used efficiently, auxiliary information can increase the accuracy of esti-
mates of population characteristics, as we have discussed in section 1.2.3. The
GREG-estimator is one example of such an estimator. But the auxiliary infor-
mation can also serve another purpose; to adjust for the effects of nonresponse.
In fact, the key to successfully adjusting for nonresponse bias lies in the use of
powerful auxiliary information. In Chapter 6 and 8 we describe methods that
use auxiliary variables to adjust for nonresponse bias.

In the most ideal situation, the vector of auxiliary variables X has three
features (Särndal and Lundström, 2008): It is related to the response indica-
tors R, it is related to the survey item Y , and it identifies the domains on
which population characteristics are published. If the auxiliary variables used in
the estimation of population characteristics have a strong relationship with the
phenomena to be investigated, as well as the response behaviour, the weighted
sample will be approximately representative with respect to these phenomena,
and hence estimates of population characteristics will be more accurate and less
biased. Algorithms to select auxiliary variables are described in Schouten (2007)
and Särndal and Lundström (2008).
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1.4 Overview of the thesis

In this chapter we have described the classical sampling theory and we have
incorporated nonresponse in the theory of sample surveys. Nonresponse is a
common feature of sample surveys and efforts to keep nonresponse rates ac-
ceptable have increased, see for example De Heer (1999), Stoop (2004). The
increasing nonresponse is caused by a deteriorating survey climate, combined
with a decreased willingness to participate in surveys. From the survey litera-
ture it is well known that nonrespondents are different from respondents with
respect to demographic and socio-economic information. Moreover, the reason
for nonresponse and the topic of the survey are often related.

Nonresponse reduces the sample size and the accuracy of survey estimates.
Furthermore, selective response with respect to the survey topic increases the
risk of a systematical nonresponse bias in survey estimates. Nonresponse hence
seriously threatens the quality of survey statistics. Over the years, the treatment
of nonresponse has therefore received a lot of attention in survey methodology.
Broadly two aspects of nonresponse can be distinguished: the prevention of
nonresponse before it occurs in the field, and estimation techniques that aim at
adjusting for nonresponse bias after the data have been collected.

The prevention of nonresponse, or nonresponse reduction, is aimed at achiev-
ing a higher response rate. The higher the response rate, the lower the risk of
a nonresponse bias in survey estimates, see section 1.3.4. Research in this area
is for a large part based on behavioural theories. Measures to enhance survey
participation can be taken before and during the data collection period. A re-
cent trend in this area is a shift from a focus on increasing response rates to
a focus on obtaining a more balanced composition of the response. A balanced
composition refers to a composition of characteristics within the response that
is similar to the composition in the population. More effort is spend at obtaining
response from difficult respondents, instead of easy respondents which results
in ‘more of the same’ and does not improve the composition of the response.

The tendency of research on nonresponse reduction to balance the composi-
tion of the response resembles nonresponse adjustment, where the difference is
in the timing. Nonresponse adjustment balances the composition after the data
have been collected. Traditionally, nonresponse adjustment research focussed
on the development of statistical methods to adjust for nonresponse bias. The
basic idea of adjusting is to assign weights to respondents in such a way that
they represent nonrespondents as well. This involves calibration of respondents’
characteristics to known characteristics of the population. A large part of this
research is devoted to modelling response behaviour. Thus far, the attempts of



1.4. Overview of the thesis 21

modelling this behaviour have not been very successful. The influence of the
survey design and topic complicate consistent prediction of response behaviour.
For that reason, nonresponse adjustment research gained interest in the data
collection process. It has become common practice to include information that
is collected during the data collection process in models to predict response be-
haviour.

Both nonresponse reduction and the adjustment for nonresponse bias profit
from the analysis of response behaviour. Hence, the usefulness of nonresponse
analysis is twofold. In the first place, it reveals how respondents differ from non-
respondents. This information is useful for the construction of weighting models
to adjust for nonresponse bias, as well as for the construction of models to pre-
dict response behaviour. At the same time, analysis of nonresponse points at
characteristics of the sample that have become unbalanced due to nonresponse.
The nonresponse can be efficiently reduced by concentrating nonresponse reduc-
tion efforts on these unbalanced groups. Through the analysis of nonresponse,
research on nonresponse adjustment hence approaches research on the reduction
of nonresponse, and vice versa.

In this thesis, we discuss methods for nonresponse analysis and adjustment
for nonresponse bias. We thereby focus on different sources of nonresponse, i.e.
being processed, contact, being able and participation as described in section
1.3.3. The first chapters describe approaches to obtain information on nonre-
spondents. This can be done by linking data from external registers to the survey
to analyse response behaviour. Another way to obtain information on nonre-
spondents, is by asking them for it. There are several strategies to re-approach
nonrespondents that can be employed for this purpose and which we have ap-
plied to the Dutch LFS. In addition, we have used the linked data to evaluate
these strategies. However, despite efforts to prevent nonresponse, or to obtain
information about or from nonrespondents, it is commonly accepted that some
nonresponse will always remain. To judge the quality of the obtained response,
we propose to consider the representativeness of the response by means of a
representativity indicator, or R-indicator. Additionally, we present methods to
analyse nonresponse as well as estimation techniques to adjust for nonresponse
bias that account for different sources of nonresponse. We show how the adjust-
ment techniques can also be applied to simultaneously adjust for errors due to
undercoverage and nonresponse. Furthermore, we describe methods that can be
used to combine data from different modes, thereby focusing on nonresponse
bias adjustment.

This thesis is outlined as follows. Chapters 2, 3 and 4 focus on the analy-
sis of nonresponse, with an emphasis on the distinction between different types
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of nonresponse. In Chapter 5 we present an indicator for survey quality that
employs information from the analysis of nonresponse and that can be used to
reduce nonresponse. Methods to adjust for nonresponse bias are described in
Chapters 6 to 9.

In Chapter 2 we summarize the behavioural theories underlying survey re-
sponse. The survey literature deals almost exclusively with contact and par-
ticipation, therefore in Chapter 2 we distinguish between these two types of
response. The Netherlands has access to a large number of reliable registers.
Based on linked data from these registers, it is possible to analyse the survey
response and to identify demographic and socio-economic correlates of response
that distinguish between different types of response. In Chapter 2, we provide an
overview of the causes and correlates of contact and participation as identified
by the survey literature. We then use the wealth of information from registers
to analyse the response behaviour in the Dutch LFS in Chapter 3. Thereby, we
distinguish between the four different types of response. The LFS is performed
in many other countries in ways similar to the Dutch LFS. The analysis of the
Dutch LFS therefore provides insight into response behaviour that can be in-
formative for other countries that conduct the LFS but that cannot link their
survey to information from registers.

In Chapter 4, two strategies to re-approach nonrespondents are described,
namely the basic-question approach and the call-back approach. These ap-
proaches have been applied to the Dutch LFS in a pilot from July to October
2005. We extensively analyse the data from these two approaches with the use
of linked data. Here, the linked data serve to evaluate the approaches in their
effectiveness of obtaining a more balanced composition of the response.

In Chapter 5 we provide a mean to use information from the analysis of
nonresponse for nonresponse reduction. We present a measure that describes
how balanced the composition of the response is compared to the composition
of the sample, for a set of prescribed characteristics. Therefore, we give a defini-
tion of representativeness and we introduce the representativeness indicator or
R-indicator. The R-indicator is a result of the recent developments in the two
areas of nonresponse research. It serves as a counterpart of the response rate.
Furthermore, it is possible to use the R-indicator as a management tool to point
at unbalanced groups in the response.

The second approach to deal with nonresponse is the adjustment for non-
response bias in survey estimates. Traditional methods are based on the idea
of adjustment weighting. The respondents are assigned weights, using auxiliary
data from the sampling frame or external registers. The weights are constructed
in a clever way, so that the respondents represent the nonrespondents as well.
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In Chapter 6 we give an overview of traditional nonresponse adjustment tech-
niques. In Chapter 7, we make a little side step from the problem of nonresponse
by showing how these traditional methods can be applied to another missing
data problem, namely the missing data in telephone surveys. In telephone sur-
veys undercoverage of sample elements without a listed telephone leads to an
additional source of missing data besides nonresponse. We show how the tech-
niques from Chapter 6 can be adapted to adjust for undercoverage, as well as a
simultaneous adjustment for undercoverage and nonresponse bias. The adapted
techniques are then applied to the Integrated Survey on Household Living Con-
ditions.

The techniques in Chapters 6 and 7 do not account for the sequential struc-
ture of the response process that arises due to the different types of response.
For instance, the nesting of contact and participation that arises due to the
fact that participation can only be obtained for sample elements that have been
contacted first. Chapter 8 is therefore devoted to the development of methods
that distinguish between different response types. In Chapter 8 we describe both
methods to analyse response behaviour and estimation methods that adjust for
nonresponse bias. The methods differ in the way that they include different re-
sponse types and account for the sequential structure of the response process.

Chapter 9 describes data collection with multiple modes, or mixed-mode.
Mixed-mode data collection offers attractive ways to reduce survey costs, as well
as possibilities to enhance response. In Chapter 9 we discuss issues regarding
mixed-mode data collection, with an emphasis on the estimation of population
characteristics based on data collected by different modes.

Finally, in Chapter 10 conclusions and directions for further research are
given.
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Appendices

1.A The Horvitz-Thompson estimator

Horvitz and Thompson (1952) show that, when the inclusion probabilities π are
known and nonzero, an unbiased estimator for the population mean is

yht =
1
N

N∑
i=1

δiYi

πi

(1.19)

The estimator (1.19) uses the auxiliary information from the sampling frame
through the inclusion probabilities πi. Only selected elements are included (δi =
1), and the value for the survey item Yi is weighted by the inverse of the first or-
der inclusion probability πi. This ensures that elements that are over-represented
in the survey, i.e. that have a large inclusion probability, receive a smaller weight,
and vice versa. Let di = 1

πi
be the design weight. Since δi = 0 for elements not

in the sample, we can rewrite (1.19) as

yht =
1
N

∑
i∈s

diYi (1.20)

That the Horvitz-Thompson estimator (1.19) is an unbiased estimator for the
population mean Y in case of full response follows by taking the expectation

E(yht) =
1
N

∑
i∈U

diYiE(δi) = Y (1.21)

If the sample elements are sampled without replacement, the variance is equal
to

var(yht) = E(yht − Y )2 = E(yht)
2 − Y

2

= 1
N2

( ∑
i∈U

Y 2
i

π2
i

(E(δi))
2 +

∑
i�=k

YiYk

πiπk
E(δiδk)

)
− Y

2

= 1
N2

( ∑
i∈U Y 2

i +
∑

i �=k
YiYk

πiπk
πi,k)

)
− Y

2

= 1
N2

∑N
i=1

∑N
k=1(πi,k − πiπk)Yi

πi

Yk

πk

(1.22)

Furthermore, in case of a fixed sample size n, (1.22) can be rewritten as (Beth-
lehem, 1988)

var(yht) =
1

2N2

N∑
i=1

N∑
k=1

(πi,k − πiπk)
(

Yi

πi

− Yk

πk

)2

(1.23)
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It follows from this expression that the variance can be reduced if the first order
inclusion probabilities π are chosen proportional to the values of Y. In practice
Y is unknown. If, however, certain auxiliary variables X are related to Y, the
first order inclusion probabilities can also be chosen proportional to the values
of X to reduce the variance of estimator (1.20).

1.B The generalized regression estimator

Särndal (1980) and Bethlehem and Keller (1987) introduce the generalized re-
gression estimator, or GREG-estimator, to increase the precision of estimated
population characteristics. Särndal (1980), as well as Särndal et al. (1992), fol-
lows a model-assisted approach whereas Bethlehem and Keller (1987) follow
a design-based approach. As stated in section 1.2.1, we would like to use the
sample to make inference about the population as a whole. Two different types
of inference can be distinguished, see Särndal et al. (1992). The first type is
inference about the finite population U itself, which we have described in the
previous sections. This type of inference is referred to as design-based. The ob-
jective is to estimate characteristics of the population U . The second type is
inference about a model or a superpopulation that is thought to have generated
U . This type of inference is referred to as model-assisted. The interest lies in the
process that underlies the finite population U . In the design-based approach,
the finite population U is fixed. In the model-assisted approach, the population
is generated by the superpopulation model described by

E(Yi) = X′
iβ

var(Yi) = σ2
i

(1.24)

for i = 1, 2, . . . , N . Under this model, the values Y = (Y1, Y2, . . . , YN )′ for
the finite population U are realised values for Y based on the superpopu-
lation model (1.25). X is an N × J-matrix of values for the auxiliary vari-
ables, β = (β1, β2, . . . , βJ)′ is an J × 1-vector of regression coefficients and
ε = (ε1, ε2, . . . , εN )′ is an N × 1-vector of error terms. The error terms ε are in-
dependent random variables, i.e. E(εi) = 0, var(εi) = σ2

i and E(εiεj) = 0; i �= j.
It is often assumed that σ2

i = 1, ∀i.
Both the design-based approach and the model-assisted approach lead to

the same GREG-estimator. The GREG-estimator can be derived from a linear
regression of the values Y on X, i.e.

Y = Xβ + ε (1.25)
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Under the model-assisted approach, ε = (ε1, ε2, . . . , εN )′ is an N × 1-vector of
error terms. Under the design-based approach, the ε’s are not random but ε is
a vector of residuals.

The general regression estimator can be computed with the sample observa-
tions and is commonly expressed as

ygr = yht + (X − xht)
′β̂ (1.26)

where yht is the Horvitz-Thompson estimator of the survey item mean, X is
the J × 1-vector of the population means for the auxiliary variables, xht is the
J×1-vector of the estimated sample means and β̂ is the Ordinary Least Squares
estimator for β, i.e.

β̂ = (β̂1, β̂2, . . . , β̂J )′

=
(∑N

i=1 XiX
′
i

)−1 ∑N
i=1 XiYi

= (XX′)−1XY

(1.27)

We turn to the sample observations to estimate β̂, denoted by β̂
(s)

β̂
(s)

= (β̂
(s)

1 , β̂
(s)

2 , . . . , β̂
(s)

J )′

=
( ∑n

i=1 diXiX
′
i

)−1 ∑n
i=1 diXiYi

= (XΠ−1X′)−1XΠ−1Y

(1.28)

where Π denotes the diagonal matrix of inclusion probabilities, i.e.

Π =

⎡
⎣

π1 · · · 0
...

. . .
...

0 · · · πn

⎤
⎦ (1.29)

and, hence, Π−1 denotes the matrix of design weights.
As follows from (1.26), the generalized regression estimator is equal to the

Horvitz-Thompson estimator plus an additional adjustment term. The general-
ized regression estimator adjusts the Horvitz-Thompson estimator for the ob-
served differences between the true values and the sample-based estimated values
of the totals of the auxiliary variables. If the auxiliary variables are correlated
with the survey item, i.e. there is a strong linear relationship, the additional term
will be negatively correlated with the error term from the Horvitz-Thompson
estimator thus leading to a reduction of the variance. Bethlehem (1988) shows
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that the generalized regression estimator can be expressed as a mean of fitted
values in the population

ygr =
1
N

N∑
i=1

ŷi = X
′
β̂

(s)
(1.30)

under the condition that

λ′Xi = 1 (1.31)

for all i = 1, 2, . . . , N , where λ is a J × 1-vector of constants. This condition is
satisfied if the regression model contains a constant term.

1.C The calibration framework

Deville and Särndal (1992) and Deville et al. (1993) introduce the calibration
framework to estimate population characteristics. The calibration estimator is
a weighted mean of survey items

yw =
1
N

n∑
i=1

wiYi (1.32)

where wi = digi. The g-weights are the correction weights, often referred to as
g-weights. The weights wi = digi for the estimation of yw are based on known
auxiliary information. The weights have to satisfy the calibration equation

n∑
i=1

wiXi =
N∑

i=1

Xi (1.33)

When the weight system wi = digi for i ∈ s is applied to auxiliary vector Xi, and
summed over the sample, an estimate for the population total of X is obtained.
This estimate agrees exactly with the known value of that total, which leads to
the concept of calibration to known population characteristics. The weights wi

are not uniquely defined by (1.33). Therefore, the difference between the weights
wi and the design weights di usually minimises some distance function.

Dependent on the type of auxiliary information, Särndal and Lundström
(2008) show that most familiar estimators can be expressed as calibration esti-
mators. The GREG-estimator, discussed in appendix 1.B can be expressed as a
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calibration estimator. To derive an expression of the g-weights for the GREG-
estimator, consider (1.26) based on the sample

ygr = yht + (X − xht)
′β̂

(s)

= 1
N

∑n
i=1 diYi + (X − xht)

′
(∑n

i=1 diXiX
′
i

)−1 ∑n
i=1 diXiYi

= 1
N

∑n
i=1

[
1 +

(
X − xht

)′( ∑n
i=1 diXiX

′
i

)−1

Xi

]
diYi

(1.34)

Consequently, the g-weights are expressed as

1 +
(
X − xht

)′( n∑
i=1

diXiX
′
i

)−1

Xi (1.35)

When condition (1.31) holds, the g-weights can be simplified to

gi =
( N∑

i=1

Xi

)′( n∑
i=1

diXiX
′
i

)−1

Xi (1.36)

From expressions (1.35) and (1.36) it becomes clear that the final weights in
estimator (1.32) are not dependent on the survey item. The weights wi, once
computed, can be used for all survey items. This is convenient in practice, the
procedures to estimate the survey characteristics only have to be performed
once. However, it is also inflexible as different survey items all receive the same
weight whereas not every auxiliary variable is as predictive for each survey item.
Preferably, a different weighting model is constructed for each survey item.

Other calibration estimators are the post-stratification estimator, the ratio
estimator and the regression estimator. The post-stratification estimator is ob-
tained when the auxiliary variables are qualitative variables. In ratio estimation
the weighting model consists of one quantitative weighting term. This quanti-
tative variable can be crossed with other (qualitative) variables. The regression
estimator is obtained when the auxiliary information consists of a constant 1
and a quantitative variable Xi.


