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UNIVERSITY OF SOUTHAMPTON

ABSTRACT

FACULTY OF SOCIAL AND HUMAN SCIENCES

Department of Social Statistics and Demography

Doctor of Philosophy

USING MULTILEVEL MODELS TO INVESTIGATE INTERVIEWER

EFFECTS ON NONRESPONSE BIAS AND MEASUREMENT ERROR

by Denize A. Barbosa

Nonresponse and measurement error are common characteristics in almost all sam-

ple surveys. These nonsampling errors can negatively affect the quality of the

sample estimates, because of the possibility of selection and measurement biases.

One potential factor that can influence these sources of errors is the survey inter-

viewer. This study aims to detect empirically interviewer effects on nonresponse

bias and measurement error in sample surveys.

Multilevel modelling techniques are employed to variables of interest from real

datasets from four different surveys. For the investigation of interviewer effects on

nonresponse bias, the available datasets are quite rich since they contain linked

auxiliary variables for respondents and nonrespondents from different sources. For

the investigation of interviewer effects on measurement error on variables of inter-

est, data from a survey and administrative records are linked to provide a dataset

consisting of observed and potentially more accurate measures for essentially the

same variables for all respondents.

The results suggested that there were significant nonresponse bias and evidence

of interviewer effects on nonresponse bias for some of the dependent variables

of interest. In addition, there was evidence of significant interviewer effects on

measurement error.

This research provides intuitive approaches to assess interviewer effects on nonre-

sponse bias and measurement error in variables of interest. The models discussed

in Chapters 2 and 3 can also be used to identify and control for explanatory

variables that may help to explain the interviewer–level variation and partially

explain the nonresponse bias. Whilst the models discussed in Chapter 4 can be

useful to monitor interviewers performance as well as to identify where to improve

interviewer training to avoid the occurrence of measurement error.
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Chapter 1

Introduction

Sampling surveys can be subject to sampling and nonsampling errors. Sampling

error is the deviation of a survey estimate from its population value due to survey-

ing a sample rather than the whole population. Nonsampling error can arise due

to nonresponse, coverage error and measurement error. Nonresponse occurs when

the required information from the sampled units cannot be completely obtained.

Coverage error results from when the sample frame covers more than the target

frame (over coverage) or less than the target frame (under coverage). Measure-

ment error happens when there is a discrepancy between an observed measure and

its true value.

This research discusses approaches to detect the effects of interviewers on nonre-

sponse bias and on measurement error in sample surveys by applying multilevel

modelling techniques. This first chapter gives an outline for the thesis, where the

main research questions are specified. The chapter provides an introduction to

nonresponse in sample surveys, the definition of bias, a discussion about nonre-

sponse bias, the potential effect of the survey interviewer on nonresponse and an

introduction to measurement error. Additionally, an overview of multilevel mod-

els, which are commonly used in the literature to analyse interviewer effects, is

1
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presented. This chapter also gives a detailed description of the datasets used in

the applications of the methods proposed.

1.1 Outline of the thesis

This study aims to detect empirically interviewer effects on nonresponse bias and

on measurement error in sample surveys. For both cases, multilevel modelling tech-

niques are employed to variables of interest from four different datasets. Since,

in order to examine the interviewer effects on nonresponse bias on survey esti-

mates, information on both respondents and nonrespondents has to be available,

the datasets considered for this purpose contain auxiliary variables from different

sources. The dataset used to assess interviewer effects on measurement error on

dependent variables of interest also contains auxiliary information for all respon-

dents since, for this analysis, observed and true information for these variables are

required. In addition to this introductory chapter, this thesis is divided into four

subsequent chapters.

Chapter 2 aims to introduce a novel and intuitive approach to assess interviewer

effects on nonresponse bias. This approach consists of applying two–level random

coefficient models for variables of interest using the response indicator as an ex-

planatory variable rather than the dependent variable. To support the proposed

method, an application considering two dependent variables, employment and aca-

demic qualification, from a linked dataset is described. These variables are used

to test for nonresponse bias and for assessing interviewer effects on nonresponse

bias. Information at the individual–level on both respondents and nonrespondents

is acquired by linking each household member in the 2001 UK Labour Force Sur-

vey dataset to the 2001 UK individual census records (2001 UK Census Linked

Study).
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In Chapter 3, the aim is to investigate further the assessment of interviewer effects

on nonresponse bias by making use of survey data from other collection modes

and alternative sources of auxiliary variables. In contrast to Chapter 2, where the

dataset used comes from the linkage of a cross–sectional face–to–face survey and

individual census records, the focus in this chapter is on datasets from different

data collection modes: a CATI survey, the Dutch Consumer Confidence Survey

(CCS), and a longitudinal study, the British Household Panel Survey (BHPS).

Another distinction from Chapter 2 is that these datasets are linked to other

sources of auxiliary variables, since census records are not available. For the

CCS, the source of auxiliary variables linked to the survey data in order to acquire

information on respondents and nonrespondents is administrative data. Whilst for

the BHPS, time invariant variables from its first wave are linked to respondents

and nonrespondents from wave 10. The models proposed in Chapter 2 are applied

to three variables, jobs in the household, type of household and size of household,

from the CCS linked data and also to two variables, mother and father working

indicators, from the BHPS.

In Chapter 4, the aim is to introduce an approach to assess interviewer effects on

measurement error. Two–level random intercept models are applied to measure-

ment error indicators for variables of interest, education level and household size,

from the 2010 Norwegian sample of the European Social Survey data linked to

administrative records. These measurement error indicators are created based on

the joint distribution of essentially the same variables of interest from the survey

and administrative data.

Finally, in Chapter 5, the aim is to present a general conclusion for all data

analyses, summarise the limitations of this research and discuss possible ideas for

future work.

The research questions of this study are:
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• In Chapter 2, the models consider the response indicator as an explana-

tory variable rather than a dependent variable. Does this specification of

the models help to assess the nonresponse bias driven by interviewers? Is

there evidence of interviewer effects on nonresponse bias in the estimated

proportion of individuals belonging to the categories of dependent variables

of interest from the Labour Force Survey?

• In Chapter 3, how effective is telephone survey and other sources of auxiliary

variables (i.e., administrative data and time invariant data from previous

waves), as opposed to respectively face–to–face survey and census linked

data for assessing interviewer effects on nonresponse bias?

• In Chapter 4, what type of categorical dependent variable (binary or multi-

nomial) would be more appropriate to detect interviewer effects on measure-

ment error by applying multilevel models?

1.2 Sampling and nonresponse framework

Consider a population U = {1, 2, . . . , N} of N units supposed here to be individ-

uals, which could also be partitioned into strata or clusters of individuals. Let yi

and xi denote the values of a survey variable y and a vector x of individual–level

characteristics or explanatory variables for the i–th unit of the population.

Suppose a sample s of n units is drawn from the population U by a probability

sampling design p(·). That means that s is the outcome of a random subset S

selected from U with probability p(s) and the sampling design p(·) is such that

p(s) ≥ 0 for all s ⊂ U and
∑

s p(s) = 1. Based on the sample s, define the vector
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of sampling inclusion indicators I = (I1, I2, . . . , IN)>, where

Ii =

 1, if unit i is included in the sample s,

0, otherwise,

for all i = 1, 2, . . . , N .

A common characteristic in almost all sample surveys is the presence of nonre-

sponse. This problem occurs when there is failure in obtaining the measures that

should be collected from the sample units selected for the study (Cochran, 1977).

Sometimes, sample units do not provide any information requested in a survey

(unit nonresponse), other times they provide only part of the requested informa-

tion (item nonresponse). Common causes of nonresponse are noncontact with the

sampling unit, the inability of the sample unit to provide a response and refusals

to participate in the survey (Lynn et al., 2002).

The nonresponse literature identifies common characteristics from sampled units

that may contribute to the fact they are less likely to respond a survey request,

causing particular groups to be underrepresented in a sample. In many cases these

characteristics depend on the survey topic. Generally, studies have highlighted

that, among others, no children in the household, single household, male and

younger age groups (Durrant and Steele, 2009; Durrant et al., 2010; Campanelli

et al., 1997) are potentially associated with nonresponse.

When there is nonresponse, either unit or item, in a sample survey, there is always

the possibility that the characteristics from respondents and nonrespondents differ.

In this case, Bethlehem et al. (2011) suggest that steps can be made to adjust

for the difference from respondents and nonrespondents, based on the knowledge

about the cause of the missing data mechanism.
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Little and Rubin (2002) distinguish the mechanisms that leads to nonresponse

between Missing Completely at Random (MCAR), Missing at Random (MAR) and

Not Missing at Random (NMAR). To define each of these mechanisms, suppose

that only unit nonresponse happens in the survey and that the values of the

auxiliary variables in the sample {xi : i ∈ s} are fully observed. In this case,

consider the vector of response indicators R = (Ri : i ∈ s)> where

Ri =

 1, if sampled unit i responds to the survey,

0, otherwise,

for all i ∈ s. Hence, yi is measured only when Ri = 1. Let ri be a possible value for

Ri and let r = (ri : i ∈ s)>. An analogous response indicator could be defined for

item nonresponse, but this thesis focusses on unit nonresponse only. Hence, with

respect to missingness in a given survey variable y, the terminology in Little and

Rubin (2002, p. 12) states the nonresponse process is MCAR, MAR and NMAR

according whether the distribution of R does not depend on the sample data

{(yi,xi) : i ∈ s}, depends only on the observed data and depends on the missing

data, respectively. Therefore, by using f(·|·) to denote the conditional distribution

of the response indicator vector and assuming these distributions could be indexed

by a vector φ of possibly unknown parameters, a MCAR nonresponse process

means that

f(r|{(yi,xi) : i ∈ s};φ) = f(r|φ),

for all values of (yi,xi) i ∈ s and all φ. Here and what follows (Yi, Ri) are assumed

to be independent across individuals. On the other hand, the MAR nonresponse

mechanism implies that

f(r|{(yi,xi) : i ∈ s},φ) = f(r|{yi : i ∈ s, Ri = 1}, {xi : i ∈ s};φ),
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for all possible values of {(yi,xi) : i ∈ s, Ri = 0} and all φ. Finally, in an NMAR

mechanism, f(r|{(yi,xi) : i ∈ s},φ) is a function not only of {(yi,xi) : i ∈ s, Ri =

1} and φ, but also of {(yi,xi) : i ∈ s, Ri = 0}.

The probability of response

pi = P (Ri = 1;φ)

is commonly referred to as the propensity score for unit i. In more general terms,

this probability could be written as

pi = P (Ri = 1|{(yi,xi) : i ∈ s};φ)

and may be termed as the propensity score of unit i, extending the terminology

given in Rosenbaum and Rubin (1983) and David et al. (1983). Thus, when the

pi are a constant for all i, then nonresponse is MCAR. An important example of

a MAR nonresponse is when the propensity scores pi = p({xi : i ∈ s},φ). In the

NMAR case, pi = p({(yi,xi) : i ∈ s},φ), that is the propensity scores depend on

the missing yi and cannot be completely explained by the observed data.

1.3 Nonresponse bias

The main consequence of nonresponse is the possibility of bias in the estimates

produced. The bias of an estimator ϕ̂ of a parameter ϕ is defined as the difference

between the expected value of the estimator and the true value of the parameter,

that is

Bias [ϕ̂] = E [ϕ̂]− ϕ.
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If Bias [ϕ̂] = 0, then the estimator ϕ̂ is unbiased for ϕ. In many cases, character-

istics of interest in the study differ between respondents and nonrespondents and,

therefore, analyses of the information collected only in the respondents may lead

to distorted inferences about the population and model parameters of interest.

Before discussing how to handle data with a clustered structure, suppose that the

pairs (yi, ri) are realizations of the random variables (Yi, Ri) and that sampling

is noninformative in the sense that the joint distribution of the (Yi, Ri) does not

depend on the outcome of the sampling. That is, the conditional distribution

f(yi, ri|I) = f(yi, ri),

for all possible values of the sampling inclusion indicator I = (I1, I2, . . . , IN)>. For

simplicity, start by assuming that the pairs (Yi, Ri) are identically distributed so

that the nonresponse bias may be written as E(Yi|Ri = 1)−E(Yi) or, alternatively,

as (1−pi)∆, where pi is the propensity score of unit i and ∆ = µ1−µ0 ≡ E(Yi|Ri =

1)− E(Yi|Ri = 0). The regression of Yi on Ri may then be expressed as

E (Yi |Ri = ri ) = µ0 + ∆ri. (1.1)

Hence, the nonresponse bias is closely related to the coefficient of ri in the linear

regression. If nonresponse is missing completely at random (MCAR), that is Yi

and Ri are pairwise independent, the nonresponse bias will be zero. More gen-

erally, it may be of interest to include a vector xi of auxiliary variables in the

regression for at least two reasons. First, if such variables are available at the

sample or population level, they may be used for nonresponse adjustment, such as

by weighting or imputation. In this case, the adjusted estimator may be approxi-

mately unbiased if nonresponse is missing at random (MAR) given xi, that is if Yi

and Ri are pairwise independent conditional on xi. Second, as considered below



Chapter 1 Introduction 9

xi has a role in the assessment of interviewer effects. A possible linear regression

model including conditioning on xi is

E (Yi |Ri = ri,xi ) = µ0 + ∆ri + γ>xi, (1.2)

where γ is a vector of regression coefficients associated with the components of xi.

The regressions in (1.1) and (1.2) relate to the conditional distribution of Yi given

Ri or given Ri and xi and may be viewed as a pattern–mixture model in the

terminology of Little (1993). These parametrizations are natural if one is interested

in testing MCAR or MAR mechanisms. Suppose first that Yi is observed for

ri = 0. Thus the hypotheses that the mechanism is MCAR or MAR correspond

to the hypotheses that ∆ = 0 in model (1.1) or (1.2), respectively, and may be

tested using methods of linear regression analysis. These hypotheses correspond,

respectively, to the absence of nonresponse bias in an unweighted estimator or

to the absence of nonresponse bias in a weighted or imputation estimator which

adjusts for nonresponse bias under the assumption of MAR nonresponse. The

issue of missing Yi values for ri = 0 in the usual nonresponse setting is overcome

by acquiring “proxies” for those missing values that are available in the linked

data.

The same type of test from the above discussion involving (1.1) and (1.2) still

holds if Yi is a binary variable. In the case of a binary Yi, the left–hand side of

Equation (1.2) may be written as

g {E (Yi |Ri = ri,xi )} = µ0 + ∆ri + γ>xi,

where g{.} is an appropriate link function such as the logit.
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1.4 Measurement error

Measurement error mostly arises from four sources: interviewer, respondent, ques-

tionnaire and the mode of data collection (Groves, 2004, p. 295). Examples of

possible causes for this error can include, but are not limited to: differences that

may occur in reactions of respondents to different interviewers (Ruddock, 1998),

e.g. to interviewers of their own sex or own ethnic group; answers given by re-

spondents may be influenced by the desire to impress an interviewer or their an-

swers do not always reflect their true beliefs because they may feel under social

pressure not to give an unpopular or socially undesirable answer, e.g. the use of

illicit drugs may be underreported (Mensch and Kandel, 1988); inadequate inter-

viewer training; the wording of questions may be unclear, ambiguous or difficult

to answer, e.g. it may require remembering past dates or facts; and respondents

may answer questions differently depending on the manner in which the question-

naire is administered, whether in the presence of an interviewer, via telephone or

self–administered (Lepkowski, 2004). For instance, in an internet survey on self–

reported sexual behaviour, men reported significantly higher sociosexuality than

women. However, there was no difference between men and women’s reports when

the concern about confidentiality was not compromised (Beaussart and Kaufman,

2013).

Measurement error is an undesirable feature because it may negatively affect the

quality of the data and yield inaccurate estimates (Biemer and Lyberg, 2003). For

example, consider the following simple situation. Suppose an observed variable Xi

containing measurement error can be related to its true value xi, that is the value

that would have been obtained in the absence of measurement error, by the linear

model

Xi = xi + ei, (1.3)
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where ei is a random variable describing the measurement error of the i–th obser-

vation. The unobserved variable xi is sometimes called latent variable and it may

be a covariate in a regression coefficient, such as

Yi = β0 + β1xi + εi, (1.4)

where β0 and β1 are regression coefficients and εi is the regression error term asso-

ciated with the i–th observation. Since xi is unobserved, the regression coefficients

must be estimated under the basis of the observed data {(Yi, Xi)}. A key general

reference providing theoretical results for the treatment of measurement error in

covariates of regression models is Fuller (1987). Under some assumptions for the

distribution of (xi, ei, εi), the Ordinary Least Squares estimator of β1 obtained by

replacing xi by Xi is biased toward zero. This problem, known as attenuation,

may lead one to declare a non–significant effect of xi on the regression of Yi given

xi when this effect may, in fact, be significant. Extensions to the treatment of

measurement error in nonlinear regression problems are discussed by Carroll et al.

(2006).

In the case where both observed and “true” values for a variable are categorical,

the term misclassification is commonly used to denote the existing measurement

error (Buonaccorsi, 2010). In this context, let W be an observed (error prone)

measure for a variable X. Assuming that W and X are binary, the measurement

error model is specified by the misclassification probabilities

θw|x = P (W = w|X = x),

with θ1|1 = P (W = 1|X = 1) denoted as sensitivity and θ0|0 = P (W = 0|X = 0)

denoted as specificity. θ1|1 and θ0|0 are the probabilities of an observation being

correctly classified, whereas θ1|0 and θ0|1 are the probabilities of an observation
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being misclassified.

To assess measurement error in variables of interest from sample surveys, generally

the survey responses are compared with potentially more accurate data from other

sources for the same respondents, since the true population values are normally

unknown. These sources usually involve auxiliary variables from census records,

data from re–interviews or administrative data. As such, to ensure information

accuracy, the time points between the data collection from the survey and the

information gathered from the auxiliary variables should be as close as possible.

In addition, it is important that variables of interest have compatible definitions

in the survey and in the other sources.

1.5 Interviewer effects

In sample surveys there are several factors that have a negative impact on the

quality of an estimator of a population parameter. Examples of these factors can

be the poor quality of the data, small sample sizes and ineffective coverage of

the target population, among others. These factors can contribute to errors that

belong to a more comprehensive class of errors called Total Survey Error (TSE),

which can be defined as consisting of basically two components: the sampling and

nonsampling errors (Biemer and Lyberg, 2003). This class provides a framework

for maximising data quality in the survey. Biemer (2010) suggests an approach to

efficiently allocate the survey budget to minimising the TSE and, as a consequence,

maximising the data quality. However, even if it would be possible to eliminate

the sampling error component of the TSE, for example, by drawing a census of

the population rather than a sample (which may be impracticable since it is usu-

ally quite costly), nonsampling errors could still occur as a result of nonresponse,

coverage error and measurement error, among other sources.
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The survey interviewers may have an influence in all sources of nonsampling errors.

For example, some interviewers’ characteristics may impact the decision of sampled

units to participate in a survey (Hox and De Leeuw, 2002; Durrant et al., 2010).

Interviewers may be somehow prevented to visit all sampled units or they may

deliberately choose not do so. Also, their persuasion skills may induce responses

that do not correspond to the truth from reluctant respondents (Biemer, 2001;

Groves, 2006; Fricker and Tourangeau, 2010). Therefore, interviewers may play a

significant role in the TSE and, consequently, in the quality of the survey estimates.

In interviewer administered surveys, which is the focus of this research, one factor

that can potentially influence nonresponse is the survey interviewer, since inter-

viewers are supposed to use their abilities and strategies to convince sample units

to participate in a survey. Brunton-Smith et al. (2012) argue that some interview-

ers use inadequate strategies to approach the sampling units and, therefore, this

may result in one of the common causes of nonresponse. They also emphasise that

efforts to reduce nonresponse have been undertaken by survey organisations by

intensifying the interviewer training.

Interviewers may have an effect on nonrespondents when the interviewers’ char-

acteristics and attitudes can somehow prevent some sampled units to respond to

a survey request or to some specific items. In addition, if the respondent pool

has characteristics that differ from those in the nonrespondent pool, this can lead

to nonresponse bias. Interviewers may also have influence on respondents when:

(i) in the interaction with interviewers, respondents provide socially desirable an-

swers for sensitive questions, for example, reports of drug use (Mensch and Kandel,

1988); (ii) interviewer characteristics are related to the survey topic, an example is

a study by Hatchett and Schuman (1975) in the USA in which African–American

interviewers obtain less negative behaviour reports towards African Americans
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from white respondents; and, even though controversial, (iii) experienced inter-

viewers tend to rush reading questions and fail following protocols compared to

new interviewers (Bradburn et al., 1979).

Despite of the interviewer training, the interaction between interviewers and sam-

pling units is still an enigma, since it involves persuasion strategies (interviewer),

decision–making processes (sampling units), interviewers’ attributes and social en-

vironment. Additionally, some of these factors are still out of the control of the

survey researchers (Groves and Couper, 1998). Thus, many studies link inter-

viewer characteristics to nonresponse. In their paper Hox and De Leeuw (2002)

investigate whether interviewer response rates are predicted by their attitude and

behaviour. In the analysis, they apply multilevel models to a nonresponse indicator

outcome and use interviewers’ characteristics as explanatory variables. Although

they conclude that (non)response rates vary across interviewers, they do not find

strong evidence that interviewers’ attitude and behaviour predict (non)response

rates.

Although in a different scenario, Pickery and Loosveldt (2002) consider a multilevel

multinomial model to analyse interviewer effects on different types of nonresponse.

In their paper, three possible outcomes for an interview are considered: completed

interview, refusal and noncontact. In addition to control for respondents’ char-

acteristics in the model, they also control for interviewers’ characteristics. The

analysis showed that both chances for refusals and for noncontacts are subject to

interviewer effects. They found evidence of a relation between refusal and noncon-

tact: interviewers who report more noncontacts are more likely to report refusals.

This conclusion was possible because a multinomial multilevel model was used,

i.e., the same conclusion would not be possible if a dichotomous response model

had been applied.
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Researchers also associate interviewer performances and characteristics to mea-

surement error and consequently to poor data quality (Groves, 2004; Biemer et al.,

1991). For instance, Kennickell (2002) investigates the effects of interviewers on

data quality in a survey. He addresses indicators of quality such as editing of

survey data, resetting incorrect variables to missing values and number of times

respondents refused to give an answer or gave a “don’t know” answer, focussing on

the role of interviewers. He emphasises that the interviewers’ performance on gath-

ering quality data may be misleading since usually particularly good interviewers

may be assigned to somehow difficult cases. As a main finding, interviewer effects

were significant for all fitted models.

Due mainly to the urge to reduce administration costs, surveys organisations have

increasingly choose to collect data through multiple modes, leaving interviewer

administered mode as a last resource because of its high cost. However, this data

collection mode is still the most popular one since it ensures larger response rates.

As a disadvantage of this mode, Schouten et al. (2013) argue that in interviewer

administered surveys, respondents may be prone to give socially desirable answers

that may differ from the truth or they may be inhibited to elaborate their complete

answers, leading to measurement error. In their paper, they also mention the speed

of the interview that may vary depending on the mode of data collection, e.g.,

telephone, web or face–to–face survey, as another contributing factor to exasperate

measurement error.

The application of multilevel techniques to investigate interviewer effects on sources

of nonsampling errors is quite common in the literature. To give a few examples

of papers that employ these models to analyse the effects of interviewers on dif-

ferent types of survey nonresponses and on measurement error, one can refer to

O’Muircheartaigh and Campanelli (1999), Pickery and Loosveldt (2004), Durrant

et al. (2010), Blom et al. (2011) and Sinibaldi et al. (2013). However, research
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is still needed to investigate the effects of interviewers on nonresponse bias and

measurement error by applying multilevel approaches.

In this study, approaches are proposed to detect interviewer effects on nonresponse

bias and on measurement error by applying multilevel models. The literature

suggests that the effects of interviewers on these two errors may be linked since

significant interviewer effects can arise from nonresponse bias and/or measurement

error. This linkage can happen, especially when there is an extra effort from the

interviewers to convert refusals into responses (Olson, 2006), as well as in the case

of questions about sensitive or attitudinal items (Beaussart and Kaufman, 2013).

In some cases, this persuasion results in a response that may differ from the truth.

West and Olson (2010) have a goal on analysing simultaneously the effects of

interviewers on these two sources of error by proposing a procedure to quantify

how much of the interviewer variation is due to nonresponse error and how much

is due to measurement error. Their dataset contains the same variables from the

survey and from a frame of certificates for both respondents and nonrespondents.

Although their approach is quite interesting, the datasets that are used in this

research for the investigation of interviewer effects on nonresponse bias (Chapters

2 and 3) do not contain the same variables from the surveys and from other

more accurate sources. The variables considered here come from auxiliary sources

(e.g., census records and administrative data). On the other hand, the dataset

used in the investigation of interviewer effects on measurement error (Chapter 4)

do contain the same variables from the survey and from a more reliable source.

However, the approach that is used for this investigation takes into account only

the respondents. For these reasons, this study treats the effects of interviewers on

these two sources of error separately.
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1.6 Datasets

In the investigation of interviewer effects on nonresponse bias and measurement

error, datasets from four different surveys are used. These datasets come from

various types of surveys such as face–to–face and telephone surveys as well as

cross–sectional and longitudinal surveys. This can provide a richer source of ap-

plication for the models that are described in Section 1.7 and which are considered

specifically in Chapters 2, 3 and 4, given the particular features involved in each

survey.

In order to investigate the effects of interviewers on nonresponse bias, three datasets

are considered. In Chapter 2, data from the 2001 UK Labour Force Survey (LFS)

linked to the 2001 census records are used in an application of the models pro-

posed in that chapter. Two other applications, which are presented in Chapter 3,

use data from a telephone survey linked to administrative data carried out in the

Netherlands, namely the Consumer Confidence Survey (CCS), and data from the

British Household Panel Survey (BHPS).

Furthermore, for the investigation of interviewer effects on measurement error,

presented in Chapter 4, data from the 2010 Norwegian sample of the European

Social Survey (ESS) linked to administrative data are used. Additional details on

these datasets can be found in the next sections. However, details regarding the

analysis samples used in the applications of the models that are proposed for each

investigation as well as nonresponse matters are discussed in Chapters 2, 3 and 4.

1.6.1 Labour force survey

This research makes use of data from the UK LFS. This is a quarterly sample

survey of households conducted by the Office for National Statistics in England,
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Scotland, Wales and, since 1994, Northern Ireland. This survey was first carried

out in 1973 and was repeated every two years up to 1983. Then, from 1984 to

1991 it was carried out annually and since 1992 it has been running as a quarterly

survey. The LFS provides information on various aspects of the UK labour market,

including employment, unemployment and economic activity rates. It also covers

a range of related topics, such as income, qualifications, training and disability.

The sample design is an unclustered sample of households who live at private

addresses in the UK. The quarterly survey has a panel design whereby individuals

stay in the sample for 5 consecutive quarters (or waves), with a fifth of the sample

replaced each quarter. Thus, there is an 80% overlap in the samples for each

successive survey. At a sampled address, it aims to interview every household

member aged 16 and over.

1.6.2 Consumer confidence survey

Another application discussed in this study utilizes data from the Consumer Confi-

dence Survey (CCS), which is a Computer Assisted Telephone Interviewing (CATI)

survey from the Netherlands. This survey is used in the European Representa-

tivity Indicators for Survey Quality (RISQ) Project (for more details on the EU

RISQ Project see: http://www.risq-project.eu/index.html). The CCS was

conducted monthly throughout 2005 and carried out by the Statistics Netherlands.

The CCS is a two–stage sample, in which municipalities are the clusters in the first

stage. In the second stage, addresses are drawn from the clusters, using simple

random sample without replacement. The data are collected by interviewing one

person from a selected household and asking for his/her opinion on the state of the

economy. Interviewers worked in a centralised telephone unit, where their CATI

http://www.risq-project.eu/index.html
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management system automatically assigned phone numbers to interviewers each

day.

Groves and Magilavy (1986) discuss that CATI system provides a way, with rel-

atively low cost, to have approximately interpenetrated designs, which are based

on the idea of random assignment of sampled units to interviewers (Mahalanobis,

1946). This setting helps in the evaluation of interviewers and to avoid the poten-

tial confounding effects between interviewers and geographic areas where sampled

units live since interviewers are usually assigned to specific areas. Therefore, a

significant interviewer effect, using an interpenetrated design, is more likely to

be a “pure” interviewer effect than in the case of other designs. On the other

hand, they emphasise that interviewer effects in telephone surveys tend to be

attenuated compared to face–to–face surveys, maybe because there is less room

for interviewer–respondent interaction through telephone than face–to–face (West

et al., 2013). Also, they find that the age of the respondents is related to inter-

viewer effects, with older respondents more likely to be influenced by interviewers

than younger ones.

1.6.3 British household panel survey

This study also makes use of data from the British Household Panel Survey

(BHPS). The BHPS had its first wave in 1991 and has been conducted annu-

ally since then. Its first sample consisted of approximately 10,000 interviewed

individuals in around 5,500 households. The data are collected using a strati-

fied clustered sample design, selected from the UK Postcode Address File. In the

sampled addresses, all household members aged 16 or over are interviewed. In ad-

dition, from 1994 onwards children aged 11 through 15 from these households are
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also asked to complete a short interview. This survey covers topics such as house-

hold composition, housing conditions, residential mobility, education and training,

health and the usage of health services, labour market behaviour, socio–economic

values, income, benefits and pensions.

Since the BHPS is a panel survey, the same individuals are followed in successive

waves. If some household member from the original sample forms a new household,

all adults (16+) from this new household are also interviewed. Moreover, there

were some extension samples over the years in the BHPS. To enable individual

country analysis and comparison between countries within the UK, in 1999 1,500

households in each of Scotland and Wales were added to the main BHPS sample.

Also, a sample of 2,000 households was added in Northern Ireland in 2001.

As is argued in Groves and Peytcheva (2008), to examine nonresponse bias on

survey estimates of interest, such as estimates of means and percentages, auxiliary

information for respondents and nonrespondents should be available. Therefore,

for the investigation of interviewer effects on nonresponse bias (Chapters 2 and

3), information on the dependent and explanatory variables at individual–level

for both respondents and nonrespondents was acquired by linking each household

member in the LFS dataset to the 2001 UK individual census records. In the

case of the CCS and BHPS, linked census records are not available. However,

other types of auxiliary variables that also provide information on respondents

and nonrespondents are considered. These variables are administrative data and

time invariant variables from previous waves. The linkage of survey variables

with auxiliary variables containing individual or household–level information on

respondents and nonrespondents will be discussed further in Chapters 2 and 3.
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1.6.4 European social survey

Yet another dataset used in this study comes from the 2010 Norwegian sample

of the European Social Survey (ESS) (for more details on the ESS see: http:

//www.europeansocialsurvey.org). The ESS has been carried out every two

years since 2002. The most recent round of this survey was in 2012 and approx-

imately 30 countries took part in each round. The ESS was mainly initiated to

provide a reliable source of cross–national data collected with highly methodolog-

ical standards to enable to draw inferences about changes over time in Europe.

Thus, this survey aims to explain changes in attitude and behaviour patterns in

Europe and improve methods of survey measurements across countries.

The ESS collects information on media use, social and public trust, political in-

terest and participation, socio–political orientations, moral, political and social

values, national, ethnic and religious allegiances, well–being, health and security,

demographics and socio–economics.

The next section introduces multilevel models since multilevel techniques are often

used to analyse interviewer effects.

1.7 Multilevel models

Regression analyses based on unclustered data is often handled in the survey

practice by appropriate standard (single–level) regression models. For example,

suppose the sample observations are denoted by (y1,x1), (y2,x2), ..., (yn,xn), where

yi ∈ {0, 1}. In this case, a possible model that can be applied to analyse the data

is a single–level logistic regression model. This model can be defined by specifying

two components. The first is a stochastic component that assumes that y1, y2, ..., yn

http://www.european socialsurvey.org
http://www.european socialsurvey.org
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are realizations of independent random variables Y1, Y2, ..., Yn by which

Yi | x1, ...,xn ∼ Bernoulli(πi), i = 1, ..., n, (1.5)

where πi = π(xi) = E(Yi | x1, ...,xn). The second component, the systematic part

of the model, assumes that there is a vector of unknown regression coefficients β,

of the same dimension as the vectors of covariates xi, such that

logit (πi) = x>i β, i = 1, ..., n, (1.6)

where logit(p) = log{p/(1−p)}. The model defined in Equations (1.5) and (1.6) is

a generalized linear model (Nelder and Wedderburn, 1972) with binomial response

and logit link. Other binary regression models in this family can be specified by

changing the link function in (1.6). Some other possible choices in practice are the

probit, the complimentary log–log and the log–log links, which are defined respec-

tively by the functions Φ−1(p), log{− log(1− p)} and − log{− log(p)} (McCullagh

and Nelder, 1989, p. 108), where Φ is the cumulative distribution of a Normal

probability function.

One first difficulty to apply single–level regression models in sample surveys comes

from the facts that survey data are usually collected by subjecting units to group-

ing or clustering and observations within a given cluster are usually more similar

than observations between clusters. Clustering in the survey data can happen due

to either the sample design or the hierarchical nature of the survey variable of

interest. For instance, in a study to analyse a characteristic of interest (e.g., an

attitudinal or sensitive item or a neighbourhood related issue) from individuals

where the data are collected through interviewers, if interviewers’ characteristics

have influence on the responses from individuals, individuals interviewed by the

same interviewer tend to give more similar responses than individuals interviewed
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by different interviewers. In addition, surveys interviewers are usually assigned to

specific geographic areas, so depending on the characteristic of interest, individ-

uals living in the same area may have points of views alike. Thus, individuals’

responses may be nested within interviewers and interviewers may or may not be

nested within areas. This means that in addition to individuals’ characteristics,

their responses may also depend on the interviewer and on the area that the indi-

viduals live. Therefore, the analysis of this characteristic of interest must take into

account the clustering structure since the dependence of the observations within

clusters violates the independence assumption of the single–level regression models

(Maas and Hox, 2005).

A second problem to consider with the application of a single–level regression

model to some surveys is that it may be of interest, for instance, to control for

difference among the survey interviewers and areas in the statistical model. The

single–level model could indeed be specified by creating dummy variables for in-

terviewers and areas. However, there will be a large number of parameters to

estimate and interpret if the number of interviewers and/or areas is large. A

potential alternative to overcome this problem would be by including these inter-

viewers and areas in the model as random effects at different levels, provided that

these random effects are uncorrelated with possible explanatory variables.

A class of statistical models that can be applied to circumvent the two problems

aforementioned is the multilevel models. These type of models provide a set of

flexible tools for modelling clustered discrete and continuous survey data, linear

and nonlinear relationships and fixed and/or random effects. These models can

also be applied in settings such as the analysis of longitudinal data, in which

the repeated observations for each individual are considered to be the level–one

variables whereas individuals are the level–two variables. A detailed account of
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multilevel models, their historical development and applications is given in Gold-

stein (2011) and Hox (2010), among others. In general, a multilevel model allows

one to take into account the existing dependence within each level of clustering,

which if ignored may harm inferences as a consequence of obtaining statistically

inefficient estimates of regression coefficients, incorrect standard errors, less con-

servative confidence intervals and significance tests (Goldstein, 2011).

Since the datasets used in this study may potentially have a clustered structure,

where individuals are considered to be nested within interviewers, the multilevel

modelling technique is a natural choice to analyse these datasets. In a broader

context, consider level–one units nested within level–two units. In the example

above, individuals are the level–one units and interviewers are the units at level–

two. Consider also dependent variables defined as binary outcomes such that

yij =



1, if level–one unit i within level–two unit j has a characteristic of

interest

0, if level–one unit i within level–two unit j does not have

the characteristic,

where i = 1, . . . , nj and j = 1, . . . , J , and let xij be a level–one unit charac-

teristic (explanatory variable). The dependent variables may correspond to bi-

nary indicators of education and employment, for instance. One of the multilevel

models considered for these variables is the two–level random intercept logistic

model. This model can be specified by introducing a vector of random effects

u0 = (u01, ..., u0J)> and assuming that

yij | xij,u0 ∼ indep Bernoulli(πij), i = 1, . . . , nj and j = 1, . . . , J,

log

(
πij

1− πij

)
= β0j + β1xij,

β0j = β0 + u0j, u0j ∼ i.i.d. N(0, σ2
u0

) j = 1, . . . , J,

(1.7)
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where the notation “∼ indep” and “∼ i.i.d.” denote “has independent distribu-

tions” and “has independent identically distributed distributions”, πij = P (yij =

1 | xij, u0j) is the probability of the dependent variable yij having the character-

istic, the β0j are level–two unit dependent intercept, β1 is the coefficient of the

explanatory variable, the u0j are random effects representing unexplained level–

two unit effects and the variance parameter σ2
u0

is the residual between level–two

unit variance in the log–odds of the dependent variable.

Model (1.7) allows the intercept to vary across level–two units, whereas the coef-

ficient of xij is the same between level–two units. This model may be extended to

allow the coefficient to vary across level–two units. For this extension, consider the

set of random effects u = {u1, ...,uJ}, where uj = (u0j, u1j)
> for all j = 1, ..., J .

The resulting two–level random coefficient logistic model could be written as

yij | xij,u ∼ indep Bernoulli(πij), i = 1, . . . , nj and j = 1, . . . , J,

log

(
πij

1− πij

)
= β0j + β1jxij,

β0j = β0 + u0j,

β1j = β1 + u1j,

uj = (u0j, u1j)
> ∼ i.i.d. N(0,Ωu) j = 1, . . . , J,

(1.8)

where β0j is the same as in (1.7), β1j is the level–two unit dependent coefficient

of the explanatory variable, the uj = (u0j, u1j)
> are vectors of random effects

representing unexplained level–two unit effects assumed to follow the bivariate

normal distribution N(0,Ωu) with mean vector zero and covariance matrix

Ωu =

 σ2
u0

σu0u1

σu0u1 σ2
u1

 .
In this covariance matrix, the variance parameters σ2

u0
and σ2

u1
are respectively
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the variation in the intercepts across level–two units and the variation in the

coefficients across level–two units, whereas σu0u1 = cov(u0j, u1j) is the covariance

between random intercept and random coefficient effects.

If the clustering structure has three levels, Model (1.7) could easily be extended

to a three–level random intercept logistic model. In this case, let yijk denote the

binary indicator that the level–one unit i within level–two unit j within level–

three unit k has the characteristic of interest and let xijk be a level–one unit

explanatory variable, i = 1, ..., njk, j = 1, ..., J and k = 1, ..., K. Considering

vectors of random effects u0 = (u011, ..., u0JK)> and v0 = (v01, ..., v0K)>, a possible

three–level random intercept logistic model would consider

yijk | xijk,u0,v0 ∼ indep Bernoulli(πijk), i = 1, . . . , njk, j = 1, ..., J and

k = 1, . . . , K,

log

(
πijk

1− πijk

)
= β0jk + β1xijk,

β0jk = β00k + u0jk,

β00k = β000 + v00k,

u0 = (u011, ..., u0JK)> ∼ N(0,Ωu0),

v0 = (v01, ..., u0K)> ∼ N(0,Ωv0),

(1.9)

where β0jk is the intercept in level–two unit j within level–three unit k, β00k is

the average intercept in level–three unit k, the u0jk and v00k are the level–two and

level–three unit random effects with covariance matrices Ωu0 and Ωv0 , respectively.

Models (1.7) and (1.8) may also allow for the cross–classification of two higher level

units. For example, interviewers may not be strictly nested within geographic areas

since interviewers may work in more than one area and some areas may be covered

by more than one interviewer. In this case these two higher level effects may be

confounded with each other. Hence, level–one unit outcomes are nested within a
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cross–classification of level–two unit effects. The multilevel cross–classified logistic

model (Goldstein, 2011) may be written with systematic component as

log

(
πi(jk)

1− πi(jk)

)
= β0 + β1xi(jk) + u1jxi(jk) + u0j + v0k, (1.10)

where the notation i(jk) means that level–one unit i is nested within a cross–

classification of level–two unit j and level–two unit k. The other terms of the

model have already been explained for the models in Equations (1.7) and (1.8)

except for v0k, denoting a random effect representing unexplained level–two unit

k effects.

Model (1.7) can also be extended to a two–level random intercept multinomial

model to fit categorical dependent variables with three or more unordered cate-

gories. If the dependent variable has C categories, the systematic component of

the model could be specified as

log

(
π

(c)
ij

π
(1)
ij

)
= β

(c)
0j + β

(c)>
1 xij,

β
(c)
0j = β

(c)
0 + u

(c)
0j ,

(1.11)

where c = 2, . . . , C. In Model (1.11) there are C − 1 equations referring to the

number of categories of the dependent variable minus one, where the C − 1 re-

sponse probabilities are each compared to the response probability in the reference

category. The (C−1)×1 vector u0j = (u
(2)
0j , ..., u

(C)
0j )> is normally distributed with

mean vector zero and covariance matrix Ωu0 given by

Ωu0 =



σ2

u
(2)
0

σ
u

(3)
0 u

(2)
0

σ2

u
(3)
0

...
...

. . .

σ
u

(C)
0 u

(2)
0

σ
u

(C)
0 u

(3)
0
· · · σ2

u
(C)
0


.
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1.7.1 Estimation methods

Parameters of interest in multilevel models are in many cases estimated by using

maximum likelihood methods. For instance, Schall (1991) proposes a general

algorithm for estimating fixed effects, random effects and variance components for

generalized linear models with random effects. His algorithm yields approximate

maximum likelihood estimates of the fixed effects and variance components and

approximate empirical Bayes estimates of the random effects. In his paper, he

describes two algorithms to obtain maximum likelihood and restricted maximum

likelihood estimates for normal linear model with random effects and identity

link function. He adapts these two algorithms so that maximum likelihood and

restricted maximum likelihood estimates can also be obtained in non–normal and

non–identity link generalized linear models with random effects.

In some of the analyses in this study, quasi–likelihood approaches are used to

approximate the nonlinear link (e.g., logit) function considered here. In these

approaches, the nonlinear function is linearised using a Taylor series expansion,

which approximates this function by an infinite series of terms. The Taylor ap-

proximation is referred to as either first or second order depending on how many

terms of the series are used. Since the Taylor series linearisation of a nonlinear

function depends on the values of its parameters, the Taylor series expansion can

use the estimated values of the fixed part only, which is referred to as marginal

quasi–likelihood (MQL), which was proposed by Goldstein (1991). Alternatively,

it can be improved by using both the estimated values of the fixed part and the

residuals, which is referred to as penalized (or predicted) quasi–likelihood (PQL),

which was examined by Green (1987) for general semi–parametric regression anal-

ysis and by Breslow and Clayton (1993) in the context of generalized linear mixed

models.
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In general, the second order PQL method provides more accurate estimates than

the first order MQL, specifically, in the case where the level–two samples are small

and the random effects are large. For multilevel models with binary responses,

Goldstein and Rasbash (1996) demonstrate that the second order PQL leads to

much better estimates than the first order MQL method. However, in this context,

PQL can still be biased since it tends to underestimate the variance components

and fixed effects (Breslow and Clayton, 1993).

Alternatively to maximum likelihood approaches for estimating parameters from

multilevel models, there are, among others, the Bayesian methods. In Bayesian

statistics, a probability distribution of possible values is assigned to express the

uncertainty about the population value of a model parameter. This probability

distribution is called the prior distribution, because it is specified independently

from the data. After the collection of the data, this prior distribution is com-

bined with the likelihood of the data to produce a posterior distribution, which

describes the uncertainty of the population values after observing the data. The

variance of the posterior distribution is usually smaller than the variance of the

prior distribution.

For the prior distribution there are two options: an informative prior or an unin-

formative prior. The prior chosen can either strongly influence the posterior dis-

tribution and consequently the conclusions (informative prior) or have very little

influence on the conclusions, serving only to produce the posterior (uninformative

prior). When the posterior distribution is difficult to describe mathematically,

it is approximated using Markov Chain Monte Carlo (MCMC) simulation tech-

niques that generate random samples from a complex posterior distribution of the

unknown parameters.

In this study, the models parameters, in most cases, are estimated using MCMC

with a diffuse prior and with starting values obtained by using 2nd order PQL.
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MCMC was chosen because it yields more accurate estimates compared to PQL

(Goldstein, 2011). Browne and Draper (2006) compare various estimation meth-

ods, including quasi–likelihood methods (such as 1st order MQL and 2nd order

PQL) and Bayesian methods (MCMC with several diffuse prior distribution), for

different datasets and verify that, especially for multilevel models with binary

responses, the estimates obtained from MCMC are closer to the true parameter

values than the ones obtained from quasi–likelihood approaches.

For information on other estimation methods and a fuller description for the ones

presented in this thesis one can refer to, for instance, Hox (2010), Gelman and Hill

(2007) and Goldstein (2011).

1.7.2 Residual plots

As in multiple regression analyses, it is also strongly recommended to check

whether or not the model assumptions are met in multilevel regression. In the

latter model, the verification of the posited assumptions usually requires more

work than in the traditional fixed regression coefficient setting because of the ad-

ditional random error terms that are specific to the model levels. For example,

the random effects u0j in the logistic multilevel model (1.7) are the level–two er-

ror terms as they account for residual deviations from the overall intercept β0.

Similarly, the random effects u0jk and v00k in the three–level random intercept

logistic model (1.9) are error terms representing residual deviations of the overall

intercepts at levels two and three, respectively. Predictions for these error terms

are seen then as estimated residuals or, simply, residuals.

Based on the sets of residuals obtained at a given level of a fitted multilevel

model, there are a number of plots that can be constructed to check violations

in the model assumptions and detect the presence of outliers. For instance, the
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assumption that the random effects of models such as (1.7), (1.8) and (1.9) are a

random sample from normal distributions can be verified by a quantile–quantile

plot of the corresponding standardised residuals. This procedure plots the sorted

values of the standardised residuals in increasing order against standard normal

scores. If the normality assumption is correct, the expected pattern in the plot is

that the points lie close to a straight diagonal line.

A quantile–quantile plot may also indicate if there are outlying or influential resid-

uals, which would appear in the plot to diverge from a straight diagonal line at the

extremities. If that is the case, one should look for explanations for the outliers

and whether they resulted from obvious mistakes, such as errors of data coding,

and whether they could be fixed before analysis. Additionally, a simple analysis

that can be carried out is by refitting the model without the outliers to check for

the effect of omitting them on the model parameter estimates. Outlying observa-

tions could also be identified by examining boxplots, if there are enough data, and

by dotplots, otherwise.

A plot of the residuals of a given level against the corresponding predicted values

of the fixed part of the model is useful to check the assumptions of linearity of

the fixed part and homoscedastic variance. The expected pattern in this plot

when there is no evidence of possible violations of those assumptions is a pattern

by which the residuals fluctuate around the zero line in an unstructured way.

Indication of violations in the assumptions may suggest one to consider fitting

more complex models, modelling nonlinearity directly or taking a heteroscedastic

variance structure into account.

Another important graphical procedure for multilevel models is the so called cater-

pillar plot. This plot is constructed as follows: suppose ûj and σ̂(ûj) denote re-

spectively the residuals of a given level and its corresponding standard errors. The

caterpillar plot is a side–by–side plot of the separate confidence intervals ûj±cσ̂(ûj)
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versus the values ûj, where the order of the intervals in the plot is that of the ûj

in ascending order and endpoints of each interval are connected by a vertical line.

The value c is a multiplier factor for the intervals, such as c = 1.96. The plot can

be used to visualise informally which random effect differs from the overall mean,

in the case that the corresponding interval do not include the value zero. Also, an

examination whether two random effects appear to be significantly different can

be made by checking if two confidence intervals do not overlap.

However, in order for the comparisons in a caterpillar plot to be made as formal

hypotheses tests, some search procedure should be used to determine the value of

c to control the overall type I error level among all comparisons of interest. For

example, Goldstein and Healy (1995) proposed a procedure for pairwise compar-

isons, where the choice c = 1.39 (= 1.96/
√

2), in the case the standard errors

where the residuals are about the same, is appropriate to yield an overall signif-

icance level of approximately 5%. When the standard errors are not equal, but

their ratios of standard errors are at most 2:1, the value of c is impacted slightly

and should be increased from 1.39 to 1.4 (Goldstein, 2011, p. 44).

One important assumption in the Goldstein and Healy (1995) procedure, that may

not be reasonable in some applications, is that of uncorrelated residuals. If this

assumption is violated, it can lead to misleading analyses, as discussed by Afshar-

tous and Wolf (2007). An alternative approach that can be employed in those

situations to control the overall significance level of the caterpillar plot is a mul-

tiple testing procedure. The well known Bonferroni procedure attains an overall

level α by taking c = zα/2K , where zα/2K is the standard normal 100(1 − α/2K)

quantile and K is the number of possible comparisons to be made. One modifi-

cation of this procedure is the sequential Bonferroni method (Holm, 1979), where

one performs separate tests and ranks their p–values from lowest to highest (say,
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p1 ≤ p2 ≤ · · · ≤ pK). Then, the null hypothesis associated with the k–th compar-

ison (k = 1, 2, ..., K) is rejected if pj ≤ α/(K − k + 1). The Holm method can be

very conservative, but it is more powerful than the Bonferroni procedure. How-

ever, as pointed out by Afshartous and Wolf (2007, p. 1044), Bonferroni and the

Holm methods have the disadvantage of being based on individual p–values and,

therefore, their power can be increased by taking dependence in the test statis-

tics into account. Afshartous and Wolf (2007) discuss and extend the procedure

of Romano and Wolf (2005), which allows for the incorporation of such type of

dependence. However, the implementation of the method is more complex and

requires specific computing code or software.





Chapter 2

Investigating the Effects of

Interviewers on Nonresponse Bias

2.1 Introduction

Nonresponse has been a key issue in most sample surveys. The major consequence

of nonresponse is the lack of reliability of the survey estimates. This happens

because, in many cases, characteristics from respondents differ from those of non-

respondents, specially if the recruitment process of sample members fails to select

units from all distinct groups existing in the target population. Departures of

the characteristics from respondents and nonrespondents in a sample may conse-

quently lead to nonresponse bias. Other consequences of nonresponse are smaller

sample sizes, which yield incomplete data structure and more complex analyses,

as well as the need of specialised software.

Not long ago, the researchers’ concern was mostly on the identification of factors

that could influence (non)response rates. Merkle and Edelman (2002) investigate

the influence of interviewer and voter’s characteristics on response rates. In the

35
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survey, the interviewers stand outside of the pooling place waiting for the voters.

The authors report that older and middle–aged voters are more likely to respond

to older interviewers, whereas younger voters do not seem to mind to respond

interviewers from a different age group. Another finding is that interviewer’s race

does not seem to negatively influence response rates. In addition, the factor that

had the bigger influence on response rate was the position of interviewers, those

interviewers that were closer to the polling place had higher response rates because

the voters apparently understood that the questionnaire was part of the voting

process. Although researchers are keen to find ways of reducing nonresponse rates,

Groves (2006) and Keeter et al. (2000) stress that (non)response rate alone does

not predict nonresponse bias. Nonresponse bias can occur when the survey’s main

topic is related with the probability of participating in the survey (Bethlehem,

2002). Although much attention is still being given to nonresponse rate issues,

Loosveldt and Beullens (2014) report that in recent years the general research focus

has shifted towards nonresponse bias in nonresponse research. For example, Groves

and Peytcheva (2008) analyse a large number of studies to examine characteristics

of the survey design and survey estimates that are related to nonresponse bias.

They also examine the relationship between properties of the target population

and nonresponse bias.

The assessment of nonresponse bias in sample surveys can be made in a num-

ber of ways. Groves (2006) describes five specific approaches, pointing out their

advantages and disadvantages. The first approach is based on the comparison

of estimates of response rates across sociodemographic variable subgroups. Dif-

ferent response rates across these subgroups yield evidence of nonresponse bias.

Although this approach can be easily implemented, it does not estimate the ex-

isting nonresponse biases for statistics of interest. A second approach relies on

the matching of sampled units with their records from external data sources (e.g.,
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rich sampling frames or supplemental matched data). This matching provides

variables for both respondents and nonrespondents, and then the respondent and

nonrespondent values are compared. Similar values mean no nonresponse bias.

This approach allows the nonresponse bias for these variables to be estimated.

However, the external data sources may contain measurement error, which can

compromise these estimates. Another technique is to compare distributions of so-

ciodemographic variables from respondents with those from the latest census. If

these distributions are similar, there is no evidence of nonresponse bias and, as a

result, more credibility is given to the survey. Since the key survey variables are

usually not the same ones found in the census, nonsampling errors can compro-

mise the comparison. An additional technique consists of comparing subgroups of

respondents interviewed in different phases of the data collection (i.e., it compares

data from the early survey respondents with data obtained from respondents that

needed following up) since these phases may exhibit different nonresponse bias

characteristics. This approach is easy to implement, given that the process data

are available, and it can be applied to data from many types of surveys. However,

it does not take into account the nonrespondents. Lastly, the fifth technique de-

scribed by Groves is based on contrasting unadjusted respondent–based estimates

with post–survey adjusted estimates of the same parameter. The adjustments can

be obtained by a combination of, for instance, reweighting of the survey weights,

postratification and weighted imputed estimators. This approach has the advan-

tage of allowing the investigation of the impacts of different assumptions in the

estimation process, giving the analyst the possibility of drawing safer inferences

when the alternative estimates are homogeneous. The problem with this approach

is when there are differences among the alternative estimates and no gold standard

for comparison is available. In this case, the decision on which estimate to choose

from will be unclear since some of the assumptions involved in the estimators may

be untestable.
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It is widely recognised that the survey interviewer may be a potential factor affect-

ing the survey outcomes and the quality of the data obtained. Interviewers are in

charge of contacting and convincing sampled units to take part in the survey and,

therefore, play a crucial role in contacting and gaining cooperation from sample

survey members (Blom et al., 2011; Durrant et al., 2010; Pickery and Loosveldt,

2002; O’Muircheartaigh and Campanelli, 1999). One line of research on inter-

viewer influences aims to identify interviewer characteristics such as experience,

social skills, personality traits and attitudes which could affect survey participa-

tion. For example, Jäckle et al. (2013) examine the role of various interviewers’

characteristics on achieving cooperation rates, and which of these characteristics

are associated with higher cooperation rates, and also investigate the personality

traits and inter–personal skills differences between more experienced interviewers

and their counterparts. Mainly, they found evidence that interviewers’ experi-

ence, personality traits and inter–personal skills are associated with cooperation

rates. Hox and De Leeuw (2002) attempt to find which interviewer characteristics

have influence on (non)response rates. Although they conclude that (non)response

rates vary among interviewers, they do not find strong evidence that interviewers

attitude and behaviour predict (non)response rates. Snijkers et al. (1999) describe

a technique known as concept mapping to extract from experienced interviewers

their successful strategies of persuading potential respondents on the doorstep in-

teraction to avoid survey nonresponse. Amongst their strategies, the interviewers

found that the most effective are professional competence, tailoring of introduction

and maintaining the interaction. Survey interviewers can also affect the response

versus nonresponse outcomes not merely in terms of the corresponding rates, but

also in terms of a selective composition of the sample of survey respondents that

could introduce nonresponse bias (Loosveldt and Beullens, 2014). For example,

consider the situation where the sampled units’ decision to participate in a survey

may be influenced by their interaction with interviewers, so that the interviewers’
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request to take part in a survey may not be appealing for some sampled units with

specific profiles. Thus, nonresponse bias may result from the influence interview-

ers might have on the recruitment of respondents and nonrespondents with quite

distinct characteristics. If interviewers tend to interview more sampled units from

specific groups (such as more people from political party A than from political

party B, more older people than younger ones, more employed than unemployed

people, among others) rather than from all possible groups, this may lead to non-

response bias, which may affect negatively the quality of the data (Loosveldt and

Beullens, 2014). Another example by which interviewers might have an influence

on the recruitment of respondents is when interviewers mention the survey spon-

sor at the beginning of their interaction with sampled units (Groves et al., 2012).

For sampled units that have a positive attitude towards the sponsor, which can

be for instance government, scientific organizations or commercial groups, their

probability of participation can increase (Groves et al., 2000) and this may lead to

an overrepresentation of sample members that support the sponsor (for gratitude,

solidarity or civic duty) rather than all types of representations. Although these is-

sues have been discussed more recently in the literature, the effects of interviewers

on nonresponse bias have not yet been fully explored.

This study aims to assess interviewer influence on nonresponse bias by applying

multilevel modelling techniques. Multilevel models are extensions to standard

regression models to deal with clustered structured data. Many methodological

developments of these techniques started in the early 1990’s (Goldstein, 2011) mo-

tivated by the works of Aitkin et al. (1981) and Aitkin and Longford (1986). How-

ever, multilevel model analyses incorporated other developments previously estab-

lished. For example, Snijders and Bosker (2012) point out the issue of aggregate

versus individual effects (Robinson, 1950), the distinction between within–group

and between–group regression (Davis et al., 1961) and the treatment of regression
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intercepts and slopes as outcomes of higher levels (Burstein et al., 1978). Multi-

level models are also known as hierarchical linear models (Raudenbush and Bryk,

2002) in reference to the term introduced in the general framework for hierarchical

data of Lindley and Smith (1972) and Smith (1973). Comprehensive accounts of

multilevel models have been given by Goldstein (1987, 1995, 2003, 2011).

In recent years, multilevel models have been extensively used in the literature to

take into account interviewer random effects to investigate the interviewer influ-

ence on nonresponse rates. For example, O’Muircheartaigh and Campanelli (1999)

apply multilevel models to a binary dependent variable (noncontacts and refusals)

and to a multinomial dependent variable (refusals, noncontacts and responses) to

investigate the effects of interviewers on survey nonresponse. They also consider a

cross–classified multilevel model to disentangle interviewer and area effects using

data from an interpenetrated design. Pickery and Loosveldt (2002) also apply mul-

tilevel models to a multinomial dependent variable (completed interview, refusal

and noncontact) to examine interviewer effects on different types of nonresponse.

Additionally, Durrant et al. (2010) consider a cross–classified multilevel model us-

ing a binary dependent variable (cooperation and refusal) to identify interviewer

characteristics that influence survey cooperation. In the context of the papers

aforementioned, interviewers can be seen as clusters since respondents interviewed

by the same interviewer tend to give more similar responses than respondents

interviewed by different interviewers (Biemer et al., 1991).

In the present study, multilevel models are considered to provide a practical way

of assessing the nonresponse bias and the interviewer effects on this bias, when

census linked data or auxiliary variables are available. This linkage of survey data

with data from other sources containing information on respondents and nonre-

spondents as a way to assess nonresponse bias is related to one of the approaches

described by Groves (2006). Here, the data analysis is carried out by applying
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logistic multilevel models in order to predict binary survey variables of interest.

One differential feature of these models is that a binary response indicator (re-

sponse and nonrespose) is used as one of the explanatory variables rather than a

dependent variable as in the case of most of the studies in the literature. In ad-

dition to a random intercept, a random coefficient is introduced for the response

indicator to investigate the effects of interviewers on nonresponse bias. Loosveldt

and Beullens (2014) also consider the application of multilevel model with random

intercept and random slope to assess nonresponse bias. However, they use the

response indicator as the dependent variable and associate a random slope with

each explanatory variable. This research makes use of variables from the 2001

UK Labour Force Survey (LFS) dataset, such as interviewer identifying codes,

household response outcomes and individual response outcomes, and the 2001 UK

census records. The advantage of this dataset is that each household member in

the UK LFS has been linked to his/her corresponding 2001 UK individual census

records, thus information on both respondents and nonrespondents is available.

In the models considered in this study, in addition to the response indicator,

individual–level characteristics are also included to take into account any vari-

ation due to assigning interviewers to different types of sample members. The

inclusion of these individual–level characteristics is also considered by Loosveldt

and Beullens (2014). Even though the effects of interviewer on nonresponse bias

are the primary investigation, interviewer effects are potentially confounded with

the effects of the areas where the sampled units live, which can make the estima-

tion of interviewer effects more difficult. One example of these confounding effects

is when interviewers are assigned to sampled units having similar characteristics

or behaviours due to living in the same neighbourhood. Some studies have tried

to disentangle interviewer and area effects (Durrant et al., 2010; O’Muircheartaigh

and Campanelli, 1999).
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The other sections of this chapter are structured as follows. Section 2.2 provides a

detailed explanation about the dataset and the variables considered in this study.

Section 2.3 defines the statistical models considered for the data analysis. In

Section 2.4, the main results are discussed and lastly in Section 2.5 the conclusions

from this study are presented.

2.2 Description of the data

The data used in this study comes partly from the 2001 UK Labour Force Survey

(LFS) and the other part comes from the 2001 UK census records. The interviewer

identifying codes, household response outcomes and individual response outcomes

are LFS variables. The information for respondents and nonrespondents regarding

the dependent and explanatory variables of the models that will be discussed in

Section 2.3 are taken from the Census records.

The 2001 UK LFS is one of the surveys involved in the 2001 UK Census Linked

Study. This linked study was designed and performed by the Office for National

Statistics (ONS), which also conducts the UK LFS. Including the LFS, response

outcomes of six face–to–face major UK Government household surveys, that took

place around the time of the 2001 UK Census, have been linked with census records

at both the household and the individual–level. Thus, in addition to household

and individual characteristics, observations made by the interviewer at the time

of the interview about various household and neighbourhood characteristics, in-

terviewer attitudes, area characteristics and survey design features have also been

linked (Durrant and Steele, 2009). The Census Linked Study provides a unique

dataset containing auxiliary variables for both respondents and nonrespondents.

The quality of the linked data was verified by comparing the distributions of key

variables before and after the linkage. The survey and census data linkage was
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mainly based on households’ addresses and the survey records were 95% success-

fully linked to census records (White et al., 2001).

The LFS collects information about the labour market from a quarterly sample

of households throughout the UK. The data collected in this survey include infor-

mation on household and households’ member characteristics, residential details,

economic activities, employment status, interviewers and household areas. The

interviews that resulted in the data used in this research took place shortly after

the 2001 census, between May and June, so that this survey data could be linked

to the 2001 UK census variables. Since only one wave of the LFS is considered

here, the data are treated as cross–sectional rather than panel. Additionally, this

study considers unit nonresponse only.

The analysis sample consists of characteristics from eligible contacted households

members who took part in the LFS. Therefore, cases that were deleted from the

dataset referred to houses that were vacant second homes, households of size zero,

household outcomes which were ineligible (e.g., unable to respond due to language

problems), if contact could not be established with anyone in a household (non-

contact), individuals without individual–level census data, individuals potentially

out of the labour market (i.e., under sixteen or over sixty–four years old) and cases

where Interviewer Attitude Survey (IAS) data were not linked (for more details

on the IAS, see Freeth et al. (2002)). As a result, the dataset is left with 4,748

cases and 201 interviewers, each with an average workload of approximately 24

interviews.

Amongst the variables in the LFS linked dataset, one that plays an important role

in the data analysis is the individual response outcome, which is classified into four

categories: 1 = personal response, 2 = proxy response, 3 = nonresponse and 4 =

missing. Category 1 means that the response is obtained from the reference person

(personally). In category 2, the response is obtained from another person (proxy)
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in the household on behalf of the reference person, whereas category 3 implies that

neither the reference person responds to the survey nor a proxy responds on his/her

behalf. Category 4 is discussed further a bit later in this section. The frequency

distribution for this variable is given in Table 2.1, where it can be noticed that

there is quite a large number of missing cases (25.7%), which indicates that this

variable is poorly recorded.

Table 2.1: Frequency distribution of individual–
level response outcome (LFS linked dataset)

Response outcome Frequency Percent

1 Personal response 2286 48.1
2 Proxy response 1177 24.8
3 Nonresponse 66 1.4
4 Missing 1219 25.7

Total 4748 100.0

One can obtain a deeper understanding of these missing cases by comparing the

response outcomes at individual–level with the response outcomes at household–

level to investigate the possibility of inconsistencies in the responses or nonre-

sponses between both levels. The variable that gives the final response outcome

at household–level is assigned as follows. Its value is 1 if all members of a house-

hold have responded to the survey (full cooperation), it is 2 if some members of a

household have responded to the survey, but others have not (partial cooperation)

and it is 3 if nobody in the household has responded to the survey (refusal). A

cross–tabulation for the individual–level response outcome and the household–level

response outcome is presented in Table 2.2.

In the refusal column, in Table 2.2, all 668 cases are classified as missing at

individual–level. Since this corresponds to refusal at household–level, it makes

more sense to consider this as nonresponse at the individual–level. In the case

of full cooperation, it implies that all members of the household have responded



Chapter 2 Investigating the Effects of Interviewers on Nonresponse Bias 45

to the survey, then this 471 (in the full cooperation column) missing should be

considered as response at individual–level. Since partial cooperation means that

not every member of a household has responded to the survey, there are several

possibilities for the 80 missing cases at individual–level in the partial cooperation

column: (i) all 80 could be response; (ii) the whole amount could be nonresponse;

or (iii) only part of them could be response. Since this amount is not much, it

is, as a working assumption, considered as response for the analysis. Therefore,

all cases from category 4 (missing) of the individual–level response outcome vari-

able, in Table 2.2, are distributed among its first three categories and the new

individual–level response outcome variable contains only the categories: 1 = per-

sonal response, 2 = proxy response and 3 = nonresponse.

Table 2.2: Frequency distribution of individual–level response outcome and
household–level response outcome (LFS linked dataset)

Household–level response outcome

Individual–level 1 Full 2 Partial
response outcome cooperation cooperation 3 Refusal Total

1 Person response 2209 77 0 2286
2 Proxy response 1165 12 0 1177
3 Nonresponse 0 66 0 66
4 Missing 471 80 668 1219
Total 3845 235 668 4748

Based on the response outcome at individual–level, a response indicator is defined

to be used as one of the explanatory variables in the models. The categories 1 and

2 from the new individual–level response outcome variable is assigned as response

(response indicator = 1) and category 3 as nonresponse (response indicator = 0).

A cross–tabulation of the response indicator and the household response outcome

is shown in Table 2.3.

To assess potential nonresponse bias in the variables from the LFS, it is crucial that

variables for respondents and nonrespondents are available. Therefore, instead
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of using the LFS target variables, fully observed census variables are used as

dependent variables (and as explanatory variables) in the models.

Table 2.3: Frequency distribution of the response indicator and the house-
hold response outcome (LFS linked dataset)

Household response outcome

Response 1 Full 2 Partial
indicator cooperation cooperation 3 Refusal Total

0 Nonresponse 0 66 668 734
1 Response 3845 169 0 4014
Total 3845 235 668 4748

Census binary variables such as employment and academic qualification are chosen

to be dependent variables for the models, since they are observed for all 4748

cases, i.e. for both respondents and nonrespondents and they are directly related

to the LFS main investigation. The variable employment is coded 0 if the person

is unemployed and 1 if the person is employed, whereas the variable academic

qualification is coded as 0 if the person has no academic qualification, O levels

GCSEs or other qualification (e.g. City and Guilds, RSA/OCR, BTEC/Edexcel)

and as 1 if the person has A levels, first degree (e.g. BA, BSc), higher degree

(e.g. MA, PhD, PGCE, post–graduate certificate diplomas) or NVQ levels. Table

2.4 presents the percentages for each dependent variable for nonrespondents and

respondents.

Table 2.4: Distributions (percentages) of the dependent variables (LFS
linked dataset)

Dependent variable Nonrespondents Respondents Total

Employment 68.94 70.98 70.66
Academic qualification 23.98 30.07 29.13

According to the percentages in Table 2.4, the bias for employment and academic

qualification are respectively 0.315 and 0.934 percentage points. As in Groves
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(2006), different statistics (in this case, percentages) from the same survey may

be subject to different nonresponse biases. Here, the biases are computed based

on the definition given by Groves and Couper (1998, p. 3), that is, Bias(ȳr) =

(m/n)(ȳr − ȳm), where m/n is the nonresponse rate, ȳr is the respondent mean

and ȳm is the nonrespondent mean.

Table 2.5 presents the nonrespondent/respondent percentages for each category

of the original variable academic qualification. The binary coding used in the

models is chosen such that the 1st, 2nd and 5th categories (namely, No academic

qualification, O levels GCSEs and Other qualifications, respectively) are assigned

to low academic qualification and the other two (A levels, 1st degree, higher degree

and NVQ levels) are assigned to high academic qualification. This choice respects

the natural ordering of the various qualifications. In any case, if the variable is

free from nonresponse bias, regardless of the chosen assignment of its categories,

this bias should not be significant. In some cases, the binary coding can actually

mask some hidden effects. For instance, Pickery and Loosveldt (2002) argue that

they only find a significant relationship between two categories of a three–category

variable in their study, because they consider a multinomial dependent variable

in their models. This conclusion would not be possible if a dichotomous response

model had been used.

Table 2.5: Distributions (percentages) of the orginal codings for academic
qualification (LFS linked dataset)

Academic qualification Nonrespondents Respondents Total

No academic qualification 28.88 25.16 25.74
O levels GCSEs 38.69 38.61 38.63
A levels 7.36 9.07 8.80
1st degree, higher degree,
NVQ levels 16.62 21.00 20.32
Other qualifications 8.45 6.15 6.51
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In addition to the response indicator, further potential explanatory variables that

could be included in the models to predict the dependent variables of interest,

i.e. variables related to economic status, are individual–level and area character-

istics, such as: gender, marital status, student indicator, health, carer, pensioner

indicator, dependent child indicator, ethnic group, age and urban/rural indicator.

These explanatory variables are used in the models to account for any variation

due to different types of sample members assigned to interviewers. Frequency

distributions for the explanatory variables are given in Appendix A.

Regarding the structure of the data, it is assumed that individuals interviewed by

the same interviewer tend to give more similar responses than individuals inter-

viewed by different interviewers (Biemer et al., 1991). Hence, individual outcomes

are considered nested within interviewers. Furthermore, interviewer effects are

potentially confounded with area effects. For the 2001 UK LFS linked dataset,

interviewers do not seem to be purely nested within local authority districts (ar-

eas) where the sampled units live and to which interviewers are assigned. As it

is shown in Tables 2.6 and 2.7, there are interviewers assigned to more than one

area and some areas are covered by more than one interviewer. Therefore, in the

case where area effects are taken into account in the multilevel analyses, individ-

ual outcomes are considered to be nested within the cross–classification of both

interviewers and areas.

Table 2.6: Frequency distribution of number of inter-
viewers per area (LFS linked dataset)

No. of Interviewers per Area No. of Areas

1 157
2 108
3 44
4 14
5 9
6 1

Total 333
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Table 2.7: Frequency distribution of number of areas
per interviewer (LFS linked dataset)

No. of Areas per Interviewer No. of Interviewers

1 21
2 61
3 56
4 32
5 18
6 10
7 2
9 1

Total 201

2.3 Methodology

Multilevel models (Goldstein, 2011) are used to analyse nonresponse bias and

to evaluate the influence of the interviewers on nonresponse bias. The aim is

to investigate nonresponse bias in the dependent variables such as employment

and academic qualification. Since both dependent variables of interest are binary

variables, logistic multilevel models with random interviewer effects are used. Mul-

tilevel models are widely used in the literature to analyse the effects of interview-

ers (Durrant et al., 2010; Scott and Davis, 2001; Hox and De Leeuw, 2002 and

O’Muircheartaigh and Campanelli, 1999).

In the nonresponse literature, in order to investigate interviewer effects through

multilevel models, the response indicator is generally used as a dependent variable

(Durrant et al., 2010). However, in this study, the response indicator is used as

an explanatory variable. In this context, the dependent variables are defined as
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binary outcomes such that

yij =



1, if person i interviewed by interviewer j has a characteristic of

interest

0, if person i interviewed by interviewer j does not have

the characteristic,

where i = 1, . . . , nj and j = 1, . . . , J . Let rij be the response indicator of person i,

interviewed by interviewer j, which means that rij = 1 if the person i interviewed

by interviewer j participates in the survey and rij = 0 otherwise. Let also xij be

a vector of individual–level characteristics (explanatory variables).

Since, in this study, both rij and yij are binary variables, the odds ratio of the

nonresponse model with yij as a dependent variable is equivalent to the odds ratio

of the nonresponse model with rij as a dependent variable. The development below

shows how the model with yij as a dependent variable relates to the model with

rij as a dependent variable. For simplicity, it is considered rij = r, yij = y and

xij = x. The model for nonresponse may be written as

P (r = 1 | y, x, j).

From Bayes’ rule this probability may be expressed as

P (r = 1 | y, x, j) =
P (r = 1 |x, j)P (y | r = 1, x, j)

P (y |x, j)
. (2.1)

Similarly

P (r = 0 | y, x, j) =
P (r = 0 |x, j)P (y | r = 0, x, j)

P (y |x, j)
. (2.2)
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Dividing (2.1) by (2.2) gives

P (r = 1 | y, x, j)
P (r = 0 | y, x, j)

=
P (r = 1 |x, j)P (y | r = 1, x, j)

P (r = 0 |x, j)P (y | r = 0, x, j)
,

which may be written as

odds(r|y, x, j) = odds(r|x, j)P (y | r = 1, x, j)

P (y | r = 0, x, j)
. (2.3)

Therefore, if y is binary

odds(r|y = 1, x, j)

odds(r|y = 0, x, j)
=

P (y = 1 | r = 1, x, j)P (y = 0 | r = 0, x, j)

P (y = 1 | r = 0, x, j)P (y = 0 | r = 1, x, j)

=
odds(y | r = 1, x, j)

odds(y | r = 0, x, j)
. (2.4)

Nonresponse is missing at random (MAR) if odds(r | y, x, j) = odds(r |x, j). Hence,

nonresponse is MAR if odds(y | r = 1, x, j) = odds(y | r = 0, x, j). The extent of

not missing at random (NMAR) may be measured by the odds ratio

odds(r | y = 1, x, j)

odds(r | y = 0, x, j)
,

which from (2.4) is the same as the odds ratio

odds(y | r = 1, x, j)

odds(y | r = 0, x, j)
.

Considering the full notation for the expressions, the first multilevel model of

interest is the two–level random intercept logistic model, which may be written as
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yij | rij,xij,u0 ∼ indep Bernoulli(πij), i = 1, . . . , nj, j = 1, . . . , J and

u0 = (u01, ..., u0J)>,

log

(
πij

1− πij

)
= β0j + β1rij + β>xij,

β0j = β0 + u0j,

(2.5)

where πij = P (yij = 1 | rij,xij, j) is the probability of the dependent variable

having the characteristic of interest, β0j is the interviewer–dependent intercept, β1

is the coefficient of the response indicator, β is a vector of coefficients and u0j are

random effects representing unexplained interviewer effects. The random effects

are assumed to be independent and identically distributed random variables from a

normal distribution, i.e., u0j ∼ i.i.d. N
(
0, σ2

u0

)
. The variance parameter σ2

u0
is the

residual between–interviewer variance in the log–odds of the dependent variable.

Substituting the expression of β0j into the model for the log–odds of πij in (2.5),

this model becomes

log

(
πij

1− πij

)
= β0 + β1rij + β>xij + u0j.

This model assumes that the bias, if present, is the same for all interviewers, since

β1 does not depend on interviewers. In the context of the models investigated in

this study, β0j rather than be the interviewer–dependent intercept, it is an inter-

viewer assignment effect since the dependent variables used are census variables,

which no interviewer is involved in their collection since census questionnaires are

self–administered. This is a novel interpretation of an interviewer–level effect since

typically the interviewers have collected the data. The coefficient of the response

indicator, β1, has a particular meaning with regards to nonresponse bias. Using

the same reasoning as in Agresti (2013, p. 183), one can note that, controlling for

the other explanatory variables and for the interviewer random effects, β1 is the

difference of logits of the dependent variable between respondents (rij = 1) and
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nonrespondents (rij = 0), since

[β0j + β1(1) + β>xij]− [β0j + β1(0) + β>xij] = β1. (2.6)

In this case, it follows that the odds(y | r = 1, x, j) = exp(β1)×odds(y | r = 0, x, j).

This means that if β1 is significantly different from zero, the odds of response differs

from the odds of nonresponse, which indicates that there is nonresponse bias for

all interviewers.

To relax the assumption of the same bias for all interviewers, another possible

model of interest is the two–level random coefficient logistic model

yij | rij,xij,u1, ...,uJ ∼ indep Bernoulli(πij), i = 1, . . . , nj and

j = 1, . . . , J,

log

(
πij

1− πij

)
= β0j + β1jrij + β>xij,

β0j = β0 + u0j,

β1j = β1 + u1j,

(2.7)

where β0j is the same as in (2.5), β1j is the interviewer–dependent coefficient of

the response indicator and uj = (u0j, u1j)
> is a vector of random effects represent-

ing unexplained interviewer effects. The random effects are assumed to follow a

bivariate normal distribution, i.e., uj ∼ N (0,Ωu) and

Ωu =

 σ2
u0

σu0u1

σu0u1 σ2
u1

 ,
where the parameters σ2

u0
and σ2

u1
are respectively the random intercept variance

and the random coefficient variance. The term σu0u1 is the covariance between

random intercept and random coefficient effects. Substituting the expressions of
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β0j and β1j into the logit model of (2.7), it becomes

log

(
πij

1− πij

)
= β0 + β1rij + u1jrij + β>xij + u0j.

This model relaxes the assumption of constant nonresponse bias for interviewers

in Equation (2.5), allowing the bias, if present, to vary across interviewers. Sim-

ilar to above, the random coefficient has a meaning with regards to nonresponse

bias. Whereas β0j could be only attributed to interviewer assignment effects, it is

possible to attribute β1j to the effect of interviewers (as well as possibly in combi-

nation with the effect of interviewer assignment) since rij does relate to the LFS

interviewers. The distinction between interviewer effects and interviewer assign-

ment effects could be better explained as follows. Groves and Magilavy (1986)

define interviewer effects as the variation among the responses obtained from sam-

pled units if different interviewers were assigned to respondents. In the LFS, the

response indicator differentiates the responses from nonresponses (refusals), thus

this response indicator may be related to the interviewers since they are in charge

of convincing sampled units to take part in the survey. Therefore, a significant

variation at interviewer–level on the coefficient of this response indicator repre-

sents the difference of logits of the dependent variable between respondents and

nonrespondents for a specific interviewer, that is, an interviewer effect. On the

other hand, interviewer assignment effects are defined as the significant variation

at interviewer–level on variables for which interviewers are not related to the col-

lection of these variables. In this chapter, the dependent variables considered in

the models, employment and academic qualification, for both respondents and

nonrespondents are self–administered Census variables. This interviewer assign-

ment effect is a novel interpretation of an interviewer–level effect since typically

the interviewers collect the data.
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The random coefficient represents the difference of logits of the dependent variable

between respondents and nonrespondents for interviewer j, since

[β0 + β1(1) + u1j(1) + β>xij + u0j]−

[β0 + β1(0) + u1j(0) + β>xij + u0j] =

β1 + u1j = β1j.

(2.8)

Thus, the odds(y | r = 1, x, j) = exp(β1j) × odds(y | r = 0, x, j), implying that if

β1j is significantly different from zero there is evidence of nonresponse bias for

interviewer j.

The above models may be extended to multilevel cross–classified logistic models

(Goldstein, 2011), since interviewer effects are potentially confounded with area

effects. In this case, individual outcomes are nested within a cross–classification

of interviewers and areas. The multilevel cross–classified logistic model may be

written similarly to model (2.7) using the systematic component

log

(
πi(jk)

1− πi(jk)

)
= β0 + β1ri(jk) + u1jri(jk) + β>xi(jk) + u0j + v0k, (2.9)

where the notation i(jk) means that individual i is nested within a cross–classi-

fication of interviewer j and area k. The other terms of the model have already

been explained for the models in Equations (2.5) and (2.7) except for v0k, which

are i.i.d. N(0, σ2
v0

), denoting a random effect representing unexplained area effects.

Again, the random coefficient in (2.9) represents the difference of logits of the

dependent variable between respondents and nonrespondents for each interviewer
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j in the same area k, since

[β0 + β1(1) + u1j(1) + β>xi(jk) + u0j + v0k]−

[β0 + β1(0) + u1j(0) + β>xi(jk) + u0j + v0k] =

β1 + u1j = β1j.

(2.10)

This has the same interpretation as in (2.8).

A novel reparametrization of the model in Equation (2.9) is considered to anal-

yse simultaneously the residual between–interviewer variance components for the

respondents and nonrespondents. This also provides a more intuitive model for

assessing the bias. Equation (2.11) presents this reparametrization.

log

(
πi(jk)

1− πi(jk)

)
= β0k + β1jri(jk) + β2j(1− ri(jk)) + β>xi(jk)

β0k = β0 + v0k

β1j = β1 + u′1j

β2j = u′0j,

(2.11)

where
(
1− ri(jk)

)
is the nonresponse indicator, β2j is the interviewer–dependent

coefficient of the nonresponse indicator. If ri(jk) = 1, u′1j is the sum of the random

effects u0j and u1j from Equation (2.9), whereas if ri(jk) = 0, u′0j is the same as

u0j from Equation (2.9). Also, u′j = (u′0j, u
′
1j)
> is a vector of random effects repre-

senting unexplained interviewer effects following a bivariate normal distribution,

i.e.

u
′

j =

u′0j
u′1j

 ∼ N


0

0

 ;

 σ2
u′0

σu′0u′1

σu′0u′1 σ2
u′1


 ,
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where σ2
u′0

= σ2
u0

and σ2
u′1

= σ2
u0

+ σ2
u1

+ 2σu0u1 . By substituting the expressions for

β0k, β1j and β2j, (2.11) may be rewritten as

log

(
πi(jk)

1− πi(jk)

)
= β0 +β1ri(jk) +u′1jri(jk) +u′0j(1− ri(jk))+β>xi(jk) +v0k. (2.12)

Using the same reasoning as before, the difference between the random coefficient

and the interviewer random effect represents the difference of logits of the depen-

dent variable between respondents and nonrespondents for interviewer j in the

same area k, since

[
β0 + β1(1) + u′1j(1) + u′0j(1− 1) + β>xi(jk) + v0k

]
−[

β0 + β1(0) + u′1j(0) + u′0j(1− 0) + β>xi(jk) + v0k

]
=

β1 + u′1j − u′0j = β1j − u′0j.

This expression implies that the odds(y | r = 1, x, j) = exp(β1j−u′0j)×odds(y | r =

0, x, j). Thus, if the difference between β1j and u′0j is significantly different from

zero, there is nonresponse bias for interviewer j.

2.3.1 Modelling strategy

The modelling strategy is as follows: first, single–level logistic models with only

the response indicator as the explanatory variable are fitted to dependent binary

variables of interest from the 2001 UK LFS linked dataset. Thereafter, since the

nonresponse literature has identified a number of characteristics that contribute to

nonresponse, such as no children in the household, single household, male, younger

age groups, among others (Durrant and Steele, 2009; Durrant et al., 2010 and Cam-

panelli et al., 1997), individual–level characteristics are included into the models

as additional explanatory variables to control for differences in sample members

assigned to interviewers. Then, the intercept is allowed to vary across interviewers
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(two–level random intercept logistic model) to explore if the dependent variables

of interest differ across interviewers, reflecting interviewer assignment effects since

the dependent variables are self–completed census variables. At this point, if the

response indicator is significant, it means that there is nonresponse bias in the

dependent variable. However, the bias is assumed to be the same across all in-

terviewers. After that, the difference between response and nonresponse within

an interviewer is allowed to vary across interviewers (two–level random coefficient

logistic model). If this random coefficient is significant, it means that there is dif-

ference between the characteristics from respondents and nonrespondents for an

interviewer, i.e. the nonresponse bias depends on interviewers. Lastly, the models

include a cross–classification of interviewers and areas where the sampled units

live aiming to disentangle these two effects that are potentially confounded.

2.3.2 Estimation methods

To estimate random intercept and random coefficient logistic multilevel models,

2nd order predictive quasi–likelihood (PQL) (Green, 1987; Breslow and Clayton,

1993) is used, since for multilevel models with binary responses Goldstein and

Rasbash (1996) demonstrate that the second order PQL leads to much better

estimates than the 1st order marginal quasi–likelihood (MQL) (Goldstein, 1991).

PQL, however, can still be biased since it tends to underestimate the variance

components and fixed effects (Breslow and Clayton, 1993).

The multilevel logistic cross–classified models are estimated using Markov Chain

Monte Carlo (MCMC) with a diffuse prior and with starting values obtained by

using 2nd order PQL. The MCMC method also considers 150,000 iterations after

a burn–in of 10,000. The models are fitted using MLwiN (Rasbash et al., 2012).

MCMC was chosen because in addition to yield more accurate estimates compared
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to PQL (Goldstein, 2011), the software used here only permits the estimation of

cross–classified models by MCMC methods.

The trajectory plots suggest that the length of 10,000 was enough for the burn–in

chains. For the majority of the models, 150,000 iterations are more than enough

to estimate the variance terms since the Monte Carlo Standard Error, which is

a measure of inaccuracy of Monte Carlo samples, never went more than 0.005

(and only approximately 28% of models had values for the Monte Carlo Standard

Error between 0.004 and 0.005) and the chains mix well. The estimates for the

covariance terms were less accurate though since the chains are less well behaved.

2.4 Results

Firstly, in this section, the response rate for the 2001 UK LFS is explored across

interviewers using descriptive statistics. Then, the multilevel analysis for the de-

pendent variables of interest is carried out.

Figure 2.1 shows the distribution of response rates achieved by the interviewers.

These response rates were computed as the percentage of successful interviews out

of the total number of interviews of an interviewer. According to the histogram,

the response rates vary considerably across interviewers. This is also found in

prior research in this area (see for example West et al. (2013)). Additionally,

this response rates are skewed to the left, meaning that most interviewers have

high response rates. The average workload for all interviewers is approximately

24 interviews with a standard deviation of 13.48, whereas the average workload

for interviewers who have 100% response rates is 13 interviews with a standard

deviation of 9.33.
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Figure 2.1: Histogram of the interviewers’ response rates (LFS linked
dataset)

The multilevel models are fitted considering two binary dependent variables: em-

ployment and academic qualification. As mentioned earlier, these dependent vari-

ables from the census are chosen because they collect similar information as the

LFS target variables.

2.4.1 Modelling employment

The models presented in Table 2.8 for the log–odds of being employed are the

standard (single–level) logistic model with only the response indicator as the ex-

planatory variable (Model E1), the single–level logistic model with additional ex-

planatory variables (Model E2), the two–level random intercept logistic model

(Model E3) and the two–level random coefficient logistic model (Model E4). The

intercept in Model E1 is the log–odds of being employed given that the person did

not respond to the survey. This intercept can be computed from the percentages in

Table 2.4, by taking the logarithm of the ratio between the nonresponse proportion

for those employed (0.6894) and the nonresponse proportion for those unemployed
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(1 – 0.6894), that is 0.797. The sum of the coefficients, in Model E1, can also be

worked out from the percentages in Table 2.4, by taking the logarithm of the ratio

between the response proportion for those employed (0.7098) and the response

proportion for those unemployed (1 – 0.7098), that is 0.894 (= 0.797+0.097, from

Model E1). In Model E1, the response indicator is not significant at the 5% level

to explain the odds (probability) of being employed.

Table 2.8: Parameter estimates (with standard errors in brackets) for the models
for employment

Fixed effect Model E1 Model E2 Model E3 Model E4

Constant 0.797 (0.080) ** -0.242 (0.145) * -0.255 (0.152) * -0.246 (0.154)

Response indicator

Response 0.097 (0.087) 0.148 (0.091) 0.161 (0.093) * 0.148 (0.098)

Sex

Female -0.676 (0.068) ** -0.685 (0.069) ** -0.686 (0.069) **

Marital status

First marriage -0.139 (0.084) * -0.156 (0.086) * -0.156 (0.086) *

Re–married -0.233 (0.130) * -0.255 (0.133) * -0.257 (0.134) *

Sep & legally married -0.506 (0.204) ** -0.534 (0.208) ** -0.533 (0.209) **

Divorced -0.482 (0.127) ** -0.511 (0.130) ** -0.512 (0.130) **

Widowed -0.825 (0.233) ** -0.869 (0.236) ** -0.871 (0.237) **

Student indicator

Not full–time 1.701 (0.133) ** 1.746 (0.136) ** 1.752 (0.137) **

Ethnic group

Mixed group 0.370 (0.453) 0.334 (0.469) 0.334 (0.470)

Asian group -0.646 (0.191) ** -0.735 (0.200) ** -0.748 (0.201) **

Black group -0.673 (0.262) ** -0.750 (0.275) ** -0.754 (0.276) **

Other group -0.621 (0.271) ** -0.622 (0.284) ** -0.615 (0.284) **

Random effect

Random intercept:

Interviewer variance σ2
u0

0.143 (0.037) 0.206 (0.135)

Random coefficient:

Interviewer coef. variance σ2
u1

0.103 (0.151)

Interv. inter.-coef. covariance σu0u1 -0.081 (0.131)

Interv. inter.-coef. correlation ρu0u1 -0.553

The base categories for the explanatory variables are Nonresponse, Male, Single, Full-time student and White group.
Model E1 is the standard (single-level) logistic model with only the response indicator as the explanatory variable, Model
E2 is the single-level logistic model with additional individual-level characteristics (explanatory variables), Model E3 is
the two-level logistic random intercept model and Model E4 is the two-level logistic random coefficient model.
** Significant at the 5% level
* Significant at the 10% level

Controlling for other explanatory variables (individual–level characteristics), in

Model E2, the response indicator is still not significant. However, after allowing
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the intercept to vary across interviewers (Model E3), the coefficient of the response

indicator is significant at the 10% level. According to the interpretation of the

response indicator coefficient from Equation (2.6), this means that, at the 10%

level, the nonresponse bias is significant for all interviewers. Also, the Wald test

for the inclusion of the interviewer variance provides a value of 14.893 on 1 degree

of freedom, which is significant (p–value < 0.001), meaning that there is evidence

that the probability of being employed varies across interviewers, controlling for

the explanatory variables.

Allowing the difference between respondents and nonrespondents within an in-

terviewer to vary across interviewers (Model E4), the coefficient of the response

indicator is not significant, which indicates that, on average, there is no nonre-

sponse bias. Moreover, in Model E4, the interviewer random effects variance for

the response indicator coefficient is not significant.

2.4.2 Modelling academic qualification

Table 2.9 presents the parameter estimates for the models using academic qual-

ification as the binary dependent variable. The models considered are the same

ones as in Table 2.8. The intercept, in Model A1, is the log–odds of being highly

academically qualified given that the person did not respond to the survey. As

mentioned before, this intercept can be computed from the percentages in Table

2.4, by taking the logarithm of the ratio between the nonresponse proportion for

those with high academic qualification (0.2398) and the nonresponse proportion

for those with low academic qualification (1−0.2398), that is −1.154. In the same

way as before, the sum of the coefficients, in Model A1, can be also worked out

from the percentages in Table 2.4, by taking the logarithm of the ratio between

the response proportion for those with high academic qualification (0.3007) and
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the response proportion for those with low academic qualification (1 − 0.3007),

that is −0.844 (= −1.154 + 0.310). In Model A1, the response indicator is signifi-

cant at the 5% level to explain the odds (probability) of being highly academically

qualified.

Table 2.9: Parameter estimates (with standard errors in brackets) for the models
for academic qualification

Fixed effect Model A1 Model A2 Model A3 Model A4

Constant -1.154 (0.086) ** -0.547 (0.102) ** -0.563 (0.116) ** -0.638 (0.129) **

Response indicator

Response 0.310 (0.093) ** 0.303 (0.096) ** 0.284 (0.101) ** 0.358 (0.123) **

Marital status

First marriage -0.188 (0.087) ** -0.141 (0.092) -0.139 (0.093)

Re–married -0.780 (0.155) ** -0.736 (0.162) ** -0.749 (0.164) **

Sep & legally married -0.522 (0.226) ** -0.476 (0.234) ** -0.486 (0.237) **

Divorced -0.272 (0.140) * -0.318 (0.145) ** -0.313 (0.147) **

Widowed -0.522 (0.309) * -0.448 (0.321) -0.439 (0.323)

Health

Fairly good -0.455 (0.088) ** -0.480 (0.092) ** -0.493 (0.093) **

Not good -0.640 (0.143) ** -0.695 (0.150) ** -0.713 (0.152) **

Dependent child

Yes -2.586 (0.331) ** -2.641 (0.342) ** -2.676 (0.345) **

Age

35 – 49 -0.200 (0.088) ** -0.195 (0.092) ** -0.199 (0.093) **

50 – 64 -0.726 (0.104) ** -0.775 (0.109) ** -0.783 (0.110) **

Urban/rural indicator

Rural 0.356 (0.104) ** 0.296 (0.113) ** 0.319 (0.114) **

Random effect

Random intercept:

Interviewer variance σ2
u0

0.328 (0.058) 0.598 (0.218)

Random coefficient:

Interviewer coef. variance σ2
u1

0.587 (0.247)

Interv. inter.-coef. covariance σu0u1 -0.407 (0.213)

Interv. inter.-coef. correlation ρu0u1 -0.687

The base categories for the explanatory variables are Nonresponse, Single, Good, Not a dependent child, 16 – 34 and
Urban.
Model A1 is the standard (single-level) logistic model with only the response indicator as the explanatory variable, Model
A2 is the single-level logistic model with additional individual-level characteristics (explanatory variables), Model A3 is
the two-level logistic random intercept model and Model A4 is the two-level logistic random coefficient model.
** Significant at the 5% level
* Significant at the 10% level

Including other explanatory variables in the model (Model A2), the coefficient

of the response indicator is significant, meaning that people who took part in

the survey are more likely to be highly academically qualified, controlling for the
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variables marital status, health, dependent child indicator, age and urban/rural

indicator.

Model A3, in Table 2.9, extended Model A2 to allow the probability of being highly

academically qualified to vary randomly across interviewers. In this case, the in-

terviewer effects are actually interviewer assignment effects, since academic qual-

ification is a variable from the census, for which there is no interviewers involved

in its collection since census questionnaires are self–administered. The coefficient

of the response indicator is significant at the 5% level. As discussed in Section 2.3,

this indicates that there is nonresponse bias for all interviewers, even though the

bias is the same for all of them. The addition of the variance of the interviewer

(assignment) random effects is highly significant (p–value < 0.001) based on the

Wald test (test statistic=31.621 on 1 degree of freedom), which means that there

are significant differences in the probability of being highly academically qualified

across interviewers, controlling for the explanatory variables. This interviewer (as-

signment) variance may be significant due to failure of equally allocating highly

academically qualified people to interviewers as shown in Figure 2.2.

Figure 2.2: Histogram of the proportion of highly academically qualified
people by interviewer (LFS linked dataset)
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In order to investigate whether or not the nonresponse bias, if present, depends

on interviewers, the coefficient of the response indicator in Model A3 is allowed

to vary across interviewers. Model A4, in Table 2.9, is the two–level random

coefficient logistic model.

In Model A4, the coefficient of the response indicator is significant at the 5%

level. From the interpretation that follows Equation (2.8), this means that there

is nonresponse bias and it depends on interviewers. Also, this means that the odds

of being highly academically qualified for respondents differ from the odds of being

highly academically qualified for nonrespondents by interviewer. Furthermore, the

Wald test statistic for the inclusion of the new parameters (variance of u1j and

covariance between u0j and u1j) is 6.038 (on 2 degrees of freedom), which means

that they are significant (p–value=0.049). Therefore, there is evidence that also

the effects of response/nonresponse vary by interviewer for the probability of being

highly academically qualified, controlling for the other explanatory variables.

On average, after adjusting for the effects of the other explanatory variables, the

log–odds of being highly academically qualified is 0.358 higher for respondents

than for nonrespondents. The interviewer–level variance for the nonrespondents is

0.598 whereas for the respondents is 0.317 (= 0.598 + 2(-0.407) + 0.587). Hence,

the interviewer–level variation is larger between the nonrespondents.

In order to have a better understanding of the random effects pattern in Model

A4, a scatterplot for the random effects of the intercept (u0j) versus the random

effects of the response indicator coefficient (u1j) is presented in Figure 2.3. The

plot shows a negative association between the predicted random effects for the

intercept and for the coefficient. The correlation between the two predicted effects

is −0.687.
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Figure 2.3: Scatterplot of the predicted u0j versus u1j predicted for aca-
demic qualification

Here, the random intercept reflects differences in interviewer assignment effects,

whereas the random coefficient reflects interviewer effects on nonresponse bias.

For interviewer assignments with positive random effects, the random effects of

the nonresponse bias tend to be negative. This means that interviewers assigned

to highly academically qualified people tend to have a lower than average bias,

whereas interviewers assigned to lower academically qualified people tend to have

a higher than average bias. The role of these random effects must be investigated

further in order to be well understood.

2.4.3 Cross–classified models

Despite the analysis for the two dependent variables of interest provides an as-

sessment of the nonresponse bias, it is not clear yet why the interviewer random

intercept effects variation is significant, since the dependent variables in the models

are census variables, for which there are no interviewers involved in their collection.

One possible explanation could be that interviewer effects may be confounded with
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the effects of the areas where the sampled units live. Even though the LFS design

is unclustered, interviewers are still assigned to specific geographic areas, usually

neighbouring areas. Thus, the effects of interviewers and areas can still be con-

founded. In order to check this possibility, the models are extended to include

area random effects.

Tables 2.6 and 2.7 show that in the 2001 UK LFS some areas are covered by more

than one interviewer and some interviewers worked in more than one area, which

means that interviewers and areas are not strictly nested, but they possibly have

a cross–classified structure. In this case, individuals are nested within the cross–

classification of both interviewers and areas. To analyse simultaneously the effects

of interviewers and the effects of areas on the dependent variables of interest,

cross–classified models are applied. Since the sample experiment design is not an

interpenetrated one (O’Muircheartaigh and Campanelli, 1999), the idea is not to

claim that interviewer and area effects will be entirely disentangled by applying

these models, but to investigate this possibility.

Tables 2.10 and 2.11 present the cross–classified logistic models for employment

and academic qualification respectively. In Table 2.10, although the response

indicator coefficient is not significant, the interviewer–level variance is significant

when the intercept is allowed only for random interviewer effects (Model E5). Once

the model (Model E6) includes the cross–classification of interviewer and area

random effects, the area variance is significant, whereas the interviewer variance

is not significant anymore. The same pattern is still holding after allowing the

coefficient of the response indicator to vary across interviewers (Model E7), and

even after controlling for other individual–level characteristics (Model E8).
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Table 2.10: Parameter estimates (with standard errors in brackets) for the models
for employment (cross–classified models)

Fixed effect Model E5 Model E6 Model E7 Model E8

Constant 0.804 (0.087) ** 0.855 (0.093) ** 0.861 (0.096) ** -0.263 (0.162)

Response indicator

Response 0.106 (0.090) 0.103 (0.094) 0.096 (0.099) 0.147 (0.106)

Sex

Female -0.718 (0.071) **

Marital status

First marriage -0.166 (0.089) *

Re–married -0.269 (0.138) *

Sep & legally married -0.505 (0.218) **

Divorced -0.516 (0.134) **

Widowed -0.859 (0.249) **

Student indicator

Not full–time 1.858 (0.144) **

Ethnic group

Mixed group 0.360 (0.495)

Asian group -0.852 (0.213) **

Black group -0.779 (0.290) **

Other group -0.585 (0.298) **

Random effect

Random intercept:

Interviewer variance σ2
u0

0.137 (0.039) 0.029 (0.027) 0.122 (0.076) 0.178 (0.114)

Area variance σ2
v0

0.247 (0.057) 0.230 (0.056) 0.297 (0.066)

Random coefficient:

Interviewer coef. variance σ2
u1

0.148 (0.105) 0.210 (0.140)

Interv. inter.-coef. covariance σu0u1 -0.093 (0.082) -0.162 (0.120)

Interv. inter.-coef. correlation ρu0u1 -0.840

BDIC 5696.60 5638.87 5637.75 5293.84

The base categories for the explanatory variables are Nonresponse, Male, Single, Full-time student and White group.
Model E5 is the two-level random intercept model with only the response indicator as the explanatory variable, Model E6 is
the interviewer-area cross-classified model, Model E7 is the interviewer-area cross-classified model with random coefficient and
Model E8 is Model E7 plus additional individual-level characteristics (explanatory variables). BDIC is the Bayesian Deviance
Information Criterion.
** Significant at the 5% level
* Significant at the 10% level

Inspecting the random effects for the models in Table 2.11, one can see that

when the intercept is allowed only for interviewer random effects (Model A5),

the interviewer–level variance is significant. As the model includes the cross–

classification of both interviewer and area random effects (Model A6), the inter-

viewer–level variance decreases. However, both the area and interviewer variances

are still significant. Allowing the response indicator coefficient to vary across in-

terviewers (Model A7), the interviewer–level variance becomes less significant than

it used to be in Model A6, while the significance of the area–level variance is still



Chapter 2 Investigating the Effects of Interviewers on Nonresponse Bias 69

about the same. As other individual–level characteristics are included in the model

(Model A8), the interviewer–level variance becomes more inflated. Although this

seems surprising, Snijders and Bosker (2012, p. 309) explain that for a multilevel

model considering binary dependent variables, adding highly significant level–one

(individual–level) explanatory variables in the model tend to increase estimated

level–two (interviewer–level) variances.

Table 2.11: Parameter estimates (with standard errors in brackets) for the models
for academic qualification (cross–classified models)

Fixed effect Model A5 Model A6 Model A7 Model A8

Constant -1.177 (0.101) ** -1.220 (0.108) ** -1.295 (0.125) ** -0.686 (0.144) **

Response indicator

Response 0.288 (0.098) ** 0.291 (0.102) ** 0.359 (0.125) ** 0.363 (0.136) **

Marital status

First marriage -0.130 (0.098)

Re–married -0.752 (0.168) **

Sep & legally married -0.439 (0.247) *

Divorced -0.303 (0.153) **

Widowed -0.426 (0.333)

Health

Fairly good -0.507 (0.095) **

Not good -0.703 (0.156) **

Dependent child

Yes -2.787 (0.351) **

Age

35 – 49 -0.211 (0.096) **

50 – 64 -0.816 (0.115) **

Urban/rural indicator

Rural 0.357 (0.124) **

Random effect

Random intercept:

Interviewer variance σ2
u0

0.337 (0.067) 0.237 (0.067) 0.566 (0.246) 0.623 (0.270)

Area variance σ2
v0

0.341 (0.075) 0.347 (0.078) 0.336 (0.081)

Random coefficient:

Interviewer coef. variance σ2
u1

0.532 (0.241) 0.653 (0.267)

Interv. inter.-coef. covariance σu0u1 -0.412 (0.224) -0.492 (0.248)

Interv. inter.-coef. correlation ρu0u1 -0.771

BDIC 5563.82 5479.00 5466.26 5198.86

The base categories for the explanatory variables are Nonresponse, Single, Good, Not a dependent child, 16 – 34 and Urban.
Model A5 is the two-level random intercept model with only the response indicator as the explanatory variable, Model A6 is
the interviewer-area cross-classified model, Model A7 is the interviewer-area cross-classified model with random coefficient and
Model A8 is Model A7 plus additional individual-level characteristics (explanatory variables). BDIC is the Bayesian Deviance
Information Criterion.
** Significant at the 5% level
* Significant at the 10% level
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Later on, in this section, a residual analysis will give further details about the final

model for academic qualification.

2.4.4 Cross–classified models after reparametrization

The significant negative estimated value −0.69 of the correlation ρu0,u1 between

the interviewer random effects in Model A4 in Table 2.9 is not explained away

by the inclusion of the area effect in Table 2.11. Indeed the estimated correlation

of −0.77 is even more negative. To try to improve the understanding of the

negative association between the random interviewer effects for the intercept and

for the response indicator coefficient, a reparametrization, as in Equation (2.11),

of the cross–classified models is considered. Tables 2.12 and 2.13 present models

respectively for the dependent variables employment and academic qualification.

In both tables the first model is the two–level random interviewer coefficient model,

the second is the interviewer–area cross–classified model with random interviewer

coefficient, the third is the cross–classified model with random area intercept,

random interviewer coefficient for the response indicator and random interviewer

coefficient for the nonresponse indicator and the last model is the third model plus

individual–level characteristics.

For the models in Table 2.12 the focus is on the analysis of the random effects.

In Models E9 and E7, the covariance between the two interviewer random effects

is negative. This might indicate that the variation across interviewers differs for

respondents and nonrespondents. According to the random effect estimates for

the reparametrization in Model E7′, one can see that the variance of the inter-

viewer random effects for the respondents is 0.085, whereas the variance of the

interviewer random effects for the nonrespondents is 0.126. Therefore, the effects

of interviewers (possibly combined with interviewer assignment effects) seem to
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introduce more variation for the nonrespondents than for the respondents. In

addition, after accounting for individual–level characteristics in Model E8′, the

variance of the interviewer random effects for the nonrespondents seems to in-

crease even more (0.171), whereas the variance of the interviewer random effects

for the respondents decreases (0.062).

Table 2.12: Parameter estimates (with standard errors in brackets) for the models
for employment (reparametrization)

Fixed effect Model E9 Model E7 Model E7′ Model E8′

Constant 0.811 (0.090) ** 0.861 (0.096) ** 0.866 (0.097) ** -0.263 (0.166)

Response indicator

Response 0.098 (0.096) 0.096 (0.099) 0.092 (0.100) 0.145 (0.106)

Sex

Female -0.717 (0.071) **

Marital status

First marriage -0.169 (0.089) *

Re–married -0.269 (0.139) **

Sep & legally married -0.509 (0.218) **

Divorced -0.520 (0.135) **

Widowed -0.861 (0.249) **

Student indicator

Not full–time 1.861 (0.145) **

Ethnic group

Mixed group 0.356 (0.496)

Asian group -0.854 (0.213) **

Black group -0.780 (0.291) **

Other group -0.587 (0.298) **

Random effect

Random intercept:

Interviewer variance σ2
u0

0.143 (0.078) 0.122 (0.076)

Area variance σ2
v0

0.230 (0.056) 0.228 (0.057) 0.298 (0.067)

Random coefficient:

Interviewer (resp. coef.) variance σ2
u1

0.111 (0.083) 0.148 (0.105)

Interviewer (resp. coef.) variance σ2
u
′
1

0.085 (0.034) 0.062 (0.031)

Interviewer (nonresp. coef.) variance σ2
u
′
0

0.126 (0.077) 0.171 (0.107)

Interv. resp.-nonresp coef. cov. σu′0u
′
1

0.033 (0.038) 0.020 (0.040)

Interv. intercept-coef. covariance σu0u1 -0.047 (0.068) -0.093 (0.082)

BDIC 5695.84 5637.75 5638.37 5293.95

The base categories for the explanatory variables are Nonresponse, Male, Single, Full-time student and White group.
Model E9 is the two-level random interviewer coefficient model, Model E7 is the interviewer-area cross-classified model with random
interviewer coefficient, Model E7′ is the cross-classified model with random area intercept, random interviewer coefficient for the response
indicator and random interviewer coefficient for the nonresponse indicator and Model E8′ is Model E7′ plus additional individual-level
characteristics (explanatory variables). BDIC is the Bayesian Deviance Information Criterion.
** Significant at the 5% level
* Significant at the 10% level

In Models A9 and A7, from Table 2.13, the covariance between the two inter-

viewer random effects is also negative. As in the models for employment, this
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might also indicate that interviewer random variation is different between respon-

dents and nonrespondents. As in the previous discussion, looking at the random

effect estimates for the reparametrization in Model A7′, the variance of the inter-

viewer random effects for the respondents is 0.271, whereas the variance of the

interviewer random effects for the nonrespondents is 0.566. Therefore, the effects

of interviewers (possibly combined with interviewer assignment effects) seem to

introduce much higher variation for the nonrespondents than for the respondents.

Table 2.13: Parameter estimates (with standard errors in brackets) for the models
for academic qualification (reparametrization)

Fixed effect Model A9 Model A7 Model A7′ Model A8′

Constant -1.249 (0.121) ** -1.295 (0.125) ** -1.299 (0.132) ** -0.690 (0.143) **

Response indicator

Response 0.356 (0.125) ** 0.359 (0.125) ** 0.363 (0.131) ** 0.366 (0.136) **

Marital status

First marriage -0.129 (0.097)

Re–married -0.753 (0.168) **

Sep & legally married -0.438 (0.245) *

Divorced -0.302 (0.152) **

Widowed -0.431 (0.337)

Health

Fairly good -0.509 (0.096) **

Not good -0.706 (0.155) **

Dependent child

Yes -2.783 (0.350) **

Age

35 – 49 -0.210 (0.096) **

50 – 64 -0.816 (0.114) **

Urban/rural indicator

Rural 0.354 (0.125) **

Random effect

Random intercept:

Interviewer variance σ2
u0

0.564 (0.224) 0.566 (0.246)

Area variance σ2
v0

0.347 (0.078) 0.353 (0.079) 0.336 (0.079)

Random coefficient:

Interviewer coef. variance σ2
u1

0.476 (0.213) 0.532 (0.241)

Interviewer (resp. coef.) variance σ2
u
′
1

0.271 (0.073) 0.290 (0.077)

Interv. (nonresp. coef.) variance σ2
u
′
0

0.566 (0.252) 0.652 (0.267)

Interv. resp.-nonresp coef. cov. σu′0u
′
1

0.155 (0.098) 0.132 (0.105)

Interv. intercept-coef. covariance σu0u1 -0.332 (0.198) -0.412 (0.224)

BDIC 5552.91 5466.26 5466.80 5197.64

The base categories for the explanatory variables are Nonresponse, Single, Good, Not a dependent child, 16 – 34 and Urban.
Model A9 is the two-level random interviewer coefficient model, Model A7 is the interviewer-area cross-classified model with random
interviewer coefficient, Model A7′ is the cross-classified model with random area intercept, random interviewer coefficient for the
response indicator and random interviewer coefficient for the nonresponse indicator and Model A8′ is Model A7′ plus additional
individual-level characteristics (explanatory variables). BDIC is the Bayesian Deviance Information Criterion.
** Significant at the 5% level
* Significant at the 10% level
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With similar pattern to the one from the model for employment, after including

individual–level characteristics in Model A8′, the variance of the interviewer ran-

dom effects for the nonrespondents seems to increase even more (0.652), whereas

the variance of the interviewer random effects for the respondents does not change

much (0.290).

2.4.5 Residual analysis

Further analysis is needed to explain the significant interviewer assignment effects

in Model A8 from Table 2.11. Figures 2.4(a)–(b) illustrate caterpillar plots of the

residuals from the two–level random coefficient logistic model for the dependent

variable academic qualification. In the caterpillar plot of the random effects for the

intercept, there are three residuals (highlighted in Figure 2.4(b)), which represent

interviewer random effects, with much higher departures from the overall average

predicted by the fixed parameter compared to the others.

(a) Original plot (b) Three residuals highlighted

Figure 2.4: Caterpillar plots of the interviewer–level residuals
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By looking at the normal probability plots and the scatterplots respectively in

Figures 2.5(a)–(b), the three residuals appear to be unusual. Since these three

highlighted residuals seem to be extreme, it is advisable to investigate their influ-

ence on the results by repeating the analyses on Table 2.11 removing the cases of

all individuals interviewed by the three corresponding interviewers.

(a) Normal probability plots with three residuals
highlighted

(b) Scatterplots of the residuals against interviewer
number

Figure 2.5: Diagnostic plots

Table 2.14 presents the new models for academic qualification. In the two–level

random intercept logistic model (Model A3R), the interviewer assignment effect

is significant at the 5% level. As the difference between response and nonresponse

within an interviewer is allowed to vary across interviewers (Model A4R), the

interviewer assignment effect is no longer significant at the 5% level. On the other

hand, the interviewer–level variance for the coefficient of the response indicator

is significant, which means that the nonresponse bias depends on interviewers.

Furthermore, since interviewer effects are potentially confounded with area effects,

the cross–classification of interviewers and areas is added (Model A8R). As it can
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be noticed, the interviewer–level variance for the intercept is no longer significant

at the 5% level, whereas the area–level variance is highly significant indicating

that the level–two random intercept is representing an area effect. In addition,

there is still evidence of interviewer effects on nonresponse bias. Note that if

the nonsignificant random interviewer intercept is removed from Model A8R, the

interviewer effect on nonresponse bias becomes much stronger (Model A10R).

Table 2.14: Parameter estimates (with standard errors in brackets) for the models
for academic qualification (without cases from 3 interviewers)

Fixed effect Model A3R Model A4R Model A8R Model A10R

Constant -0.671 (0.121) ** -0.671 (0.122) ** -0.717 (0.129) ** -0.700 (0.119) **

Response indicator

Response 0.398 (0.105) ** 0.391 (0.118) ** 0.400 (0.122) ** 0.339 (0.114) **

Marital status

First marriage -0.124 (0.092) -0.121 (0.095) -0.110 (0.098) -0.126 (0.102)

Re–married -0.779 (0.165) ** -0.776 (0.166) ** -0.776 (0.171) ** -0.825 (0.177) **

Sep & legally married -0.554 (0.241) ** -0.553 (0.244) ** -0.498 (0.250) ** -0.463 (0.258) *

Divorced -0.401 (0.151) ** -0.389 (0.153) ** -0.370 (0.158) ** -0.391 (0.160) **

Widowed -0.388 (0.327) -0.392 (0.325) -0.353 (0.335) -0.380 (0.342)

Health

Fairly good -0.475 (0.094) ** -0.485 (0.094) ** -0.497 (0.097) ** -0.460 (0.099) **

Not good -0.732 (0.157) ** -0.745 (0.157) ** -0.725 (0.161) ** -0.746 (0.164) **

Dependent child

Yes -2.680 (0.344) ** -2.706 (0.345) ** -2.756 (0.347) ** -2.778 (0.354) **

Age

35 – 49 -0.202 (0.092) ** -0.209 (0.095) ** -0.218 (0.097) ** -0.209 (0.101) **

50 – 64 -0.802 (0.110) ** -0.809 (0.111) ** -0.841 (0.115) ** -0.871 (0.120) **

Urban/rural indicator

Rural 0.284 (0.116) ** 0.307 (0.117) ** 0.341 (0.124) ** 0.399 (0.127) **

Random effect

Random intercept:

Interviewer variance σ2
u0

0.342 (0.072) 0.229 (0.136) 0.245 (0.154)

Area variance σ2
v0

0.295 (0.073) 0.360 (0.138)

Random coefficient:

Interviewer coef. variance σ2
u1

0.310 (0.154) 0.349 (0.181) 0.470 (0.172)

Interv. inter.-coef. covariance σu0u1 -0.064 (0.120) -0.136 (0.149)

Interv. inter.-coef. correlation ρu0u1 -0.240 -0.466

BDIC 5135.04 5126.34 5063.56 5027.69

The base categories for the explanatory variables are Nonresponse, Single, Good, Not a dependent child, 16 – 34 and Urban.
Model A3R is the two-level random intercept logistic model, Model A4R is the two-level random coefficient logistic model, Model
A8R is the interviewer-area cross-classified model with random coefficient and Model A10R is Model A8R with no random
interviewer intercept. The R in the models’ labels refers to ‘removing the cases from the three unusually assigned interviewers’.
BDIC is the Bayesian Deviance Information Criterion.
** Significant at the 5% level
* Significant at the 10% level

Furthermore, considering the analysis without the three interviewers, the cater-

pillar plots in Figure 2.6(a) illustrate smaller variations than the ones in Figure



76 Chapter 2 Investigating the Effects of Interviewers on Nonresponse Bias

2.4(a). Also, the normal probability plots in Figure 2.6(b) look fairly linear, in-

dicating that the normal assumption for the residuals seems reasonable. Thus,

it seems that those three unusually assigned interviewers induced the significant

interviewer assignment effects in Model A8 from Table 2.11.

(a) Caterpillar plots (b) Normal probability plots

Figure 2.6: Diagnostic plots without the three interviewers (residuals)

2.5 Conclusions

This study analysed the detection of interviewer effects on nonresponse bias. Mul-

tilevel logistic models were applied to model the interviewer effects on nonresponse

bias on dependent variables of interest. The analysis considered data from the 2001

UK LFS linked dataset. A key advantage of these data is that census records are

available for both respondents and nonrespondents. Unlike other studies, this

research has considered the response indicator as an explanatory variable in the

models rather than a dependent variable. The main contribution of this study is
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to introduce a method to assess quite easily the nonresponse bias and the bias due

to interviewer, when census linked data or auxiliary variables are available.

The estimated coefficients from the standard (single–level) logistic regressions

(Models E1 and A1) can be used to test for possible nonresponse bias for the de-

pendent variables of interest. Including other explanatory variables in the model

and allowing the intercept to vary across interviewers, it is found that for academic

qualification (Model A3) and with lesser extent (at the 10% level) for employment

(Model E3), there is evidence that the nonresponse bias is significant for all inter-

viewers, even after controlling for other explanatory variables. The final models all

include explanatory variables at individual–level to control for the different cases

allocated to interviewers.

In the random coefficient model for employment (Model E4), the coefficient of the

response indicator is not significantly different from zero, which means that, on

average, there is no nonresponse bias. The nonresponse interviewer–level variance

is not significant either, meaning that there is no variation due to interviewer on

the coefficient of the response indicator.

In the model for academic qualification (Model A4), the coefficient of the response

indicator is significantly (p–value < 0.05) different from zero. This means that

there is evidence that the odds of being highly academically qualified for respon-

dents differs from the odds of being highly academically qualified for nonrespon-

dents, which consequently indicates that, on average, there is nonresponse bias.

In addition, the nonresponse interviewer–level variance is also significant (p–value

< 0.05), meaning that the nonresponse bias varies by interviewer.

Since interviewer effects may be confounded with area effects due to interviewers

being assigned to specific areas, the models for employment and for academic qual-

ification also include the cross–classification of interviewer and area random effects.
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By analysing the cross–classified models for employment, there is no interviewer

assignment variation left, after including the cross–classification of interviewer and

area random effects in the model (Model E6). On the other hand, for the cross–

classified models for academic qualification, there is evidence that after including

the crossclassification of interviewer and area random effects in the model (Model

A6), the interviewer assignment variation reduces. This might mean that the

interviewer assignment variation is only partially explained by the area random

effects included in the model.

Considering the reparametrization of the cross–classified models for both employ-

ment and academic qualification, one can conclude that the variation of the inter-

viewer random effects is larger for the nonrespondents than for the respondents,

which might explain the negative correlation of the interviewer random effects

between the intercept and the coefficient.

The cases from three extreme interviewers were removed from the sample after a

residual analysis that identified these interviewers as unusually assigned. Thus,

the models for academic qualification were refitted without these cases. For the

refitted models, the interviewer assignment effect is significant at first (Model

A3R). Then, allowing the difference between response and nonresponse within an

interviewer to vary across interviewers (Model A4R), the interviewer assignment

effect is no longer significant whereas the interviewer–level variance for the coef-

ficient of the response indicator is significant. Finally, after controlling for the

cross–classification of interviewers and areas (Model A8R), the interviewer–level

variance for the intercept is no longer significant, whereas the area–level variance

is highly significant. This indicates that the interviewer assignment effects are in

fact attributed to areas rather than to interviewers. Also, there is evidence that

the nonresponse bias for academic qualification might be driven by interviewers,
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especially, after removing the nonsignificant random interviewer intercept (Model

A10R).

One important practical implication for the detection of these interviewer effects

is that it could be integrated an overall strategy to better allocate the survey

resources in order to control the total survey error. For example, time and fi-

nancial resources would only be invested in improving interviewer training given

there is evidence that the interviewers affect the nonresponse biases significantly.

Even if those effects are not found to be significant, the organizations could also

report the application of the proposed methodology as part of their quality mon-

itoring of the estimates produced, increasing the survey users trust on the survey

results. In addition, lessons could be learnt from those interviewers that intro-

duce small or no bias. So, survey agencies should pay attention to what these

interviewers do in the field and use this knowledge to train the other interview-

ers accordingly. Furthermore, if interviewer characteristics are available in the

dataset, these characteristics could be included in the models in order to examine

whether the interviewer–level variation decreases. Also, the model could include

an interaction between interviewer characteristics and the response indicator to

investigate the interviewer effects within groups of interviewers.

Other binary dependent variables from the 2001 UK LFS linked dataset were

considered in the model fitting process. However, the response indicator was not

significant to explain these dependent variables. Groves (2006) and (Groves and

Peytcheva, 2008) report that different estimates within a survey may vary with

respect to nonresponse bias. As a general rule, the existence of bias depends if the

likelihood of participation is related to this estimate.

Potential limitations in the research in this chapter may be due to a large number

of deleted cases from the LFS dataset. Also, in the analysis, 80 cases were assigned

as respondents as a working assumption. However, these cases could all belong to
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the nonrespondent pool, or only part of them could belong to the nonrespondent

pool or they all could actually belong to the respondent pool. Although they

are only a small number of cases, further analysis assigning these 80 cases as

nonresponse or discarding them from the sample is needed to analyse the impact

of this assumption on the results. In the next chapter, the same methodology is

applied to two other datasets, using a different type of data collection mode and

auxiliary variables.



Chapter 3

Interviewer Effects on

Nonresponse Bias: Further

Investigations

3.1 Introduction

The literature on nonresponse has identified the survey interviewer as one influ-

ential factor on nonresponse in surveys (Durrant et al., 2010; O’Muircheartaigh

and Campanelli, 1999; Snijkers et al., 1999). Whether and how interviewers vary

in the way that they contribute to survey nonresponse is of some interest to sur-

vey organisations, since the recruitment, training and assignment of interviewers

to respondents are matters about which they have some control. Understanding

the variation between interviewers may therefore offer ways to reduce nonresponse

error. However, a persistent question is whether interviewers could influence non-

response bias.

81
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In an analysis of nonresponse bias, it is essential to have auxiliary variables for both

respondents and nonrespondents (Groves and Peytcheva, 2008). In general, these

auxiliary variables are additional information collected apart from the main survey

(Smith, 2011). This information may come from sampling frames, administrative

records, follow up of nonrespondents, paradata, census records linked to each

sample case or time invariant variables from previous waves in a longitudinal study,

among other sources.

Loosveldt and Beullens (2014) argue that research on interviewer effects on nonre-

sponse bias is quite rare, especially because of unavailability of relevant auxiliary

information. In their paper, they propose a method to assess interviewer effects on

nonresponse bias using quality indicators from an evaluation of the sample units’

dwellings undertaken by trained experts prior to the actual survey. This evalua-

tion provided rich auxiliary information for respondents and nonrespondents. The

results from the application suggest that some interviewers tend to generate bias

and others do not.

One of the interests in this chapter is to assess interviewer effects on nonresponse

bias using a telephone survey. In the middle 1980’s the percentage of surveys

conducted over the telephone had increased relative to other survey modes. Thus,

concerns regarding characteristics of interviewers that could negatively influence

response rates and data quality in telephone surveys had received much attention

from researchers. Groves and Fultz (1985) examine interviewer gender as a per-

sonal characteristic that may affect the cost and quality of telephone survey data.

They find that male interviewers tend to have lower response rates and higher

refusal rates than female interviewers as a consequence of male interviewers being

less experienced. On one hand, males are less likely than females to interview fe-

male respondents, older respondents and poor people. On the other hand, they are

more likely to interview people who are working compared to female interviewers.
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In contrast, there are no real differences between males and females on the total

per minute interview cost.

Even though telephone surveys became very popular in the 1990’s, especially be-

cause of their lower costs and stricter interviewer control compared to face–to–face

surveys, in more recent years this survey mode has been facing serious problems

since unsolicited telephone calls from, for instance, goods sellers, products pro-

moters and charitable causes have been driving away potential survey respondents

that misinterpret a survey request for a sales offer (De Leeuw and Hox, 2004;

Keeter et al., 2006).

Researchers have been debating about which interview mode yields smaller biases.

For instance, Biemer (2001) compares the quality of data in terms of smaller

biases meaning better quality. To maintain comparability, similar questionnaires

are used to collect data from a face–to–face survey and a telephone interviewing

from a Computer Assisted Telephone Interviewing (CATI) system. In the paper,

he criticises comparison approaches that attribute the whole mode–related biases

solely to measurement bias and suggests that other factors such as nonresponse

bias may also make up the mode bias. Biemer proposes an approach to estimate

these two sources of biases based on latent class analysis to obtain the measurement

bias as a function of the estimates of the response probabilities. Using these

estimates and information acquired from a telephone follow up survey of the face–

to–face survey nonrespondents, the estimates of the nonresponse bias are obtained

for the face–to–face and CATI modes. He concludes that the nonresponse bias

is larger for the CATI mode compared to the face–to–face mode. Whilst, the

measurement bias for the face–to–face mode is larger than the one for the CATI

mode. In addition, although the telephone survey has smaller response rate, both

interview modes yield similar data quality.
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Nonresponse bias may arise as a consequence of the recruitment process of the

survey respondents. Since there is a systematic decrease of response rates in

sample surveys over the years, another useful investigation regarding the quality

of survey estimates from different surveys could be to examine, for a particular

survey mode, whether higher response rates yield less biased survey estimates.

Keeter et al. (2000) compare estimates from two telephone surveys using identical

questionnaires but different levels of interview effort. One of the studies, called

“standard”, is conducted in a short period of time (5 days) and selected either

the younger adult male or the oldest adult female who is at home. The other

study, called “rigorous”, is carried out in a much longer period (8 weeks) and

the respondents are randomly selected among all adults in the household. The

standard study achieves a 36.0 percent response rate, whereas the rigorous one

achieves 60.6 percent. They find that the two surveys yield almost similar results

with most differences occurring among demographic items.

The literature has shown that interviewer effects may vary by survey mode. In

face–to–face surveys there is more opportunity for the interaction between in-

terviewers and respondents than in telephone surveys (West et al., 2013). As a

consequence, interviewers perceived characteristics, such as gender, race and age,

might have an influence on how respondents edit their answers before telling them

(Davis et al., 2010). In this sense, respondents are more likely to provide so-

cially desirable responses, especially when they are queried about sensitive issues.

Groves and Magilavy (1986) emphasize that interviewer effects are smaller in tele-

phone surveys than in face–to–face surveys. However, there is no evidence that

these effects are negligible.

In this chapter, it is also of interest to investigate interviewer effects on nonresponse

bias in a longitudinal survey. In the context of longitudinal designs, particularly for

panel studies, to send the same interviewer back to the same respondent at later
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waves is advisable to help avoiding refusals. Campanelli and O’Muircheartaigh

(1999) investigate the impact of interviewer continuity on response rates. They

make use of the interpenetrated sample design experiment in wave 2 of the British

Household Panel Survey. Although they do not find any evidence of interviewer

continuity effects on nonresponse, they strongly recommend that the continuity of

interviewers in panel designs should not be ignored.

In another line of research, Pickery and Loosveldt (2002) discuss how interviewer

effects in a panel survey can be analysed using multilevel models. In their ap-

proach, they consider the repeated measurements nested within respondents and,

where there is interviewer continuity across the two waves, respondents nested

within interviewers. When there is a change of interviewers across the two waves,

they consider the repeated measurements nested within the cross–classification of

respondents and interviewers since the structure is not purely hierarchical. The

dependent variable used in the models is the number of “don’t know” responses.

They conclude that the interviewer effects are significant for all analyses. This

gives evidence of the need to improve interviewer training on asking hard ques-

tions and dealing with “don’t know” answers.

Chapter 2 proposed a methodology to analyse interviewer effects on nonresponse

bias. This methodology consisted of fitting multilevel logistic models for binary

dependent variables of interest using the response indicator as an explanatory

variable. These models were applied to an initial dataset of a cross–sectional face–

to–face survey, taking advantage of linked census data. However, past research has

recognised that if interviewers have influence on nonresponse bias in sample esti-

mates from face–to–face surveys, their influence on nonresponse bias for telephone

surveys tends to be more pronounced. For example, Singer et al. (1983) report

that in telephone surveys, compared to face–to–face, usually there is a smaller

number of interviewers administering a much larger number of interviews. As a
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consequence, their performance may have a negative effect on response rates and

response quality.

This chapter aims to investigate further the assessment of interviewer effects on

nonresponse bias. In contrast with Chapter 2, where the dataset used comes from

the linkage of a cross–sectional face–to–face survey and census individual records,

the key feature here is the use of a dataset from a different data collection mode,

a telephone survey, and a dataset from a longitudinal study. Another distinc-

tion from Chapter 2 is that these two datasets are linked to alternative sources

of auxiliary variables in order to provide information on both respondents and

nonrespondents. It is important to consider these alternative sources of variables

since census records are not always available. For instance, Smith (2011) argues

that decennial census records may be outdated to be linked to survey data. Also,

the access to linked government records may not be available to many statistical

practitioners. For the analyses, data from a telephone survey from the Nether-

lands are linked to administrative records, whereas data from the 10th wave of

the British Household Panel Survey (BHPS) are linked to time invariant variables

from the first wave. Therefore, in addition to use data from different surveys,

to take advantage of other types of auxiliary variables provides a deeper under-

standing of the interviewer effects on nonresponse bias. Multilevel logistic models

similar to those considered in Chapter 2 are used to analyse the datasets.

This chapter is divided into five sections, including this introduction. A detailed

explanation about the datasets and the variables considered in this study is pro-

vided in Section 3.2. Section 3.3 reviews the definition of the statistical models

utilized in the data analysis. In Section 3.4, the main results are discussed and

the conclusions are presented in Section 3.5.
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3.2 Datasets

To continue the investigation of interviewer effects on nonresponse bias, two dif-

ferent datasets are considered in this chapter. The datasets come from a telephone

survey, the Consumer Confidence Survey, linked to administrative data and from

a mixed (mostly face–to–face) mode longitudinal survey, the British Household

Panel Survey. The next two sections discuss these datasets further.

3.2.1 Consumer confidence survey

The Consumer Confidence Survey (CCS) is a Computer Assisted Telephone Inter-

viewing (CATI) survey from the Netherlands. The CCS was conducted monthly

throughout 2005 with equal sample sizes per month and equal sampling weights

for all households. The cases contained in the CCS dataset are from one year of

data collection. The data were collected by a total of 60 interviewers working in a

centralised telephone unit. The experience and ages of interviewers varied. This

survey was carried out by Statistics Netherlands.

This research makes use of the response indicator, the interviewer number and

the distinction between contact and cooperation from the CCS records. Since

the aim of this study is to investigate nonresponse bias induced by interviewers,

information on respondents and nonrespondents is essential. The dataset also

contains auxiliary variables at household–level from Dutch registry data.

The auxiliary variables available in the dataset are gender of the people in the

household, marital status in the household, type of housing (whether it is owned

or not), urbanization degree, type of household, size of household, number of jobs
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in the household at the time of interview, mean age of household kernel1, mean

income of household kernel in the month of interview and house value.

The response indicator had been defined by assigning 1 to respondents to the

CCS and 0 to nonrespondents. Table 3.1 presents the frequency distribution for

the response indicator conditioning on contact.

Table 3.1: Frequency distribution for the CCS
linked dataset response indicator

Response indicator Frequency Percent

Nonresponse 4741 29.1
Response 11524 70.9
Total 16265 100.0

The dependent variables used to investigate the possibility of nonresponse bias are

number of jobs in the household at the time of interview, which is coded as 1 if

there is at least one job in the household or as 0 otherwise; type of housing, which

is coded as 1 if the property (house or flat) is owned by the householder or as 0 if

it is rented; and size of household, which is coded as 1 if there is one occupier in

the household or as 0 if there are at least two occupiers.

Table 3.2 presents the percentages for each dependent variable for nonrespondents

and respondents. The differences in the percentages of the dependent variables

between nonrespondents and respondents indicate nonresponse bias.

Table 3.2: Distributions (percentages) of the CCS linked dataset
dependent variables.

Dependent variable Nonrespondents Respondents Total

Jobs in the household 47.90 61.63 57.63
Type of housing 54.55 64.76 61.78
Size of household 35.71 24.09 27.48

1 The kernel consists of the head of the household plus his/her partner, if there is one. Hence
the kernel has one or two people.
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3.2.2 British household panel survey

Another dataset considered in this study comes from the British Household Panel

Survey (BHPS), which is an annual longitudinal survey. The BHPS has been

carried out by the Economic and Social Research Council (ESRC) UK Longitudinal

Study Centre together with the Institute for Social and Economic Research (ISER)

at the University of Essex.

The survey design of the BHPS is a multistage stratified cluster design covering

the UK (O’Muircheartaigh and Campanelli, 1999). The data collection occurs

in different ways: face–to–face interview, telephone interview and self–completion

questionnaire. Since the BHPS collects social–economic information from each

sampled household member aged 16 or over, the main objective of this survey is

to enable society to have a deeper understanding of social and economic changes

in the UK over the years. Beginning in 1991, a total of 18 waves of the BHPS has

been carried out so far.

In order to analyse the possibility of nonresponse bias on dependent variables

of interest, time invariant variables from wave 1, which was carried out in 1991,

are used as auxiliary variables for respondents and nonrespondents from wave 10,

carried out in 2010. One variable of interest from the latter wave is the interviewer

ID number. This variable is essential for the data analysis.

Regarding the process of the data linkage, the BHPS data files are merged us-

ing the following steps. The interviewer ID number variable is only present in the

household sample files. Hence, firstly, the household sample file from wave 10 (jhh-

samp) is matched with the individual sample file (jindsamp) from the same wave

using a household identification number (JHID). This matching creates a new file

(hh ind samp) containing household and individual records, as well as interviewer

ID number, for all individual cases. Secondly, the created file is matched with the
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individual respondent file from wave 10 (jindresp) through the JHID and a wave

10 person number (JPNO) to create another file (jBHPS). Finally, the jBHPS

file is matched with the individual sample file from wave 1 (aindsamp) using a

cross–wave person identifier (PID) to create the final data file (ajBHPS).

A response indicator is defined as follows: if a sample member of a household

takes part in wave 10 of the BHPS, it is assigned the value 1 (response), whereas

if a sample member of a household does not take part in wave 10, it is assigned

the value 0 (nonresponse). Table 3.3 presents the frequency distribution for the

response indicator.

Table 3.3: Frequency distribution for the re-
sponse indicator of wave 10 of the BHPS

Response indicator Frequency Percent

Nonresponse 625 9.5
Response 5971 90.5
Total 6596 100.0

The actual nonresponse percentage in wave 10 of the BHPS is nearly 40%. How-

ever, many respondent and nonrespondent cases were deleted in the process of

merging individual records from wave 10 with the initial records of the same indi-

viduals from wave 1. Most of these deleted cases were caused by item nonresponse

and sample extensions, such as 1,500 households from Scotland and Wales joined

the sample in 1999, new members become eligible after original sample members

initiate new families, children become eligible as they reach the age of 16. In addi-

tion, many cases were deleted because they did not have an interviewer ID number

associated with their records. Therefore, the nonresponse percentage for the anal-

ysis sample is 9.5%, as in Table 3.3. Possible implications of these deletions for

the results of this research are discussed in Section 3.5.
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There are only a few time invariant variables in the BHPS dataset. Therefore,

in addition to the potential explanatory variables gender, age and ethnicity, the

dependent variables considered in this study are mother working when interviewee

was 14 years old and father working when interviewee was 14 years old. Both

dependent variables are collected across all waves of the BHPS. However, except

for wave 1, in subsequent waves these variables are collected only for new sampled

cases. This is the main reason to use variables from wave 1 as the auxiliary

variables.

The binary coding for the dependent variable mother working is 1 if the intervie-

wee’s mother was working when he/she was 14 and 0 otherwise. Similarly, the

coding for father working is 1 if the interviewee’s father was working when he/she

was 14 and 0 otherwise. Table 3.4 presents the percentages for each dependent

variable for nonrespondents and respondents. In both cases, the difference in the

observed percentages between respondents and nonrespondents indicate possible

nonresponse bias.

Table 3.4: Distributions (percentages) of the BHPS dependent
variables.

Dependent variable Nonrespondents Respondents Total

Mother working at age 14 43.28 45.50 45.29
Father working at age 14 89.15 91.44 91.23

Since the interview mode used in the BHPS is mostly face–to–face, interviewer

effects are potentially confounded with area effects. According to Tables 3.5 and

3.6, interviewers are not strictly nested within areas since there are interviewers

assigned to more than one area and some areas are covered by more than one

interviewer. Thus, the multilevel analysis should take areas into account as random

effects cross–classified with interviewer effects.
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Table 3.5: Frequency distribution of number of
interviewers per area (BHPS)

No. of interviewers per area No. of areas

1 102
2 89
3 51
4 12
5 6
6 1

Total 261

Table 3.6: Frequency distribution of number of
interviewers per area (BHPS)

No. of interviewers per area No. of areas

1 195
2 66
3 20
4 13
5 1
6 3
55 1

Total 299

Respectively for the CCS linked dataset and for the BHPS dataset, household–

level and individual–level characteristics (explanatory variables) are included in

the models to take into account any variation due to different types of sample

members assigned to interviewers. Frequency distributions for the explanatory

variables are given in Appendix B.

3.3 Statistical models

The same types of multilevel models (Goldstein, 2011) used in Chapter 2 are also

considered to model target binary dependent variables from the CCS and BHPS
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datasets. One of the multilevel models of interest is the model in Equation (2.5)

yij | rij,xij,u0 ∼ indep Bernoulli(πij), i = 1, . . . , nj, j = 1, . . . , J and

u0 = (u01, ..., u0J)>,

log

(
πij

1− πij

)
= β0j + β1rij + β>xij,

β0j = β0 + u0j.

(3.1)

For the CCS analysis, the β0j represent interviewer assignment effects because the

interviewers of the survey were not involved in the collection of the administrative

data, from which the dependent variables were taken. In the case of the BHPS

analysis, the interviewer ID numbers are from wave 10, whereas the dependent

variables are from wave 1. Therefore, the β0j are also referred to as interviewer

assignment effects because the interviewers from the two waves were unlikely to

be the same or to interview the same respondent.

Another model of interest in this chapter is the one in Equation (2.7)

yij | rij,xij,u1, ...,uJ ∼ indep Bernoulli(πij), i = 1, . . . , nj and

j = 1, . . . , J,

log

(
πij

1− πij

)
= β0j + β1jrij + β>xij,

β0j = β0 + u0j,

β1j = β1 + u1j,

(3.2)

An additional model of interest is the cross–classified model given in Equation

(2.9), where the systematic component is given by

log

(
πi(jk)

1− πi(jk)

)
= β0 + β1ri(jk) + u1jri(jk) + β>xi(jk) + u0j + v0k. (3.3)



94 Chapter 3 Interviewer Effects on Nonresponse Bias: Further Investigations

The modelling strategy applied here is similar to the one in Chapter 2.

In this chapter, the models are estimated using the second order predictive quasi–

likelihood (PQL) for the starting values. Then, Markov Chain Monte Carlo

(MCMC) with 150,000 iterations after a burn–in of 10,000 is used. As in Chapter

2, the models are fitted using MLwiN (Rasbash et al., 2012).

3.4 Results

This section discusses and presents the main results from the analyses of the two

datasets (CCS linked dataset and BHPS).

3.4.1 Descriptive analysis for the CCS dataset

As previously mentioned the CCS is a telephone survey in which a CATI man-

agement system automatically assigns phone numbers to interviewers. Although

Statistics Netherlands sends an individual pre–notification letter explaining about

the content of the survey to the target population, there is no guarantee that the

sampled units will respond to the survey request. To illustrate this, a histogram of

the interviewers’ response rate is provided in Figure 3.1. An inspection of the his-

togram suggests that the distribution of the interviewers’ response rates is skewed

to the left. However, no interviewer had a 100% response rate.

Based on a descriptive analysis (refer to Appendix C for the cross–tabulations)

for the dependent variables of interest, it is found that people who take part in

the survey, who live in a mixed gender household, who are registered partner or

live in multiple household and who are 25 to 54 years old are more likely to have

at least 1 job in the household. Also, people who respond to the survey, who live
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in a mixed gender household, who are registered partner or married and who are

30 to 54 years old are more likely to own their properties. Whilst, as might be

expected, people who do not respond to the survey are male, widowed, more than

69 years old and more likely to live alone.

Figure 3.1: Histogram of the interviewers’ response rates (CCS linked
dataset)

3.4.2 Statistical modelling for the CCS linked dataset vari-

ables

Some of the models fitted in Chapter 2 are also fitted here. They are the standard

(single–level) logistic model with only the response indicator as the explanatory

variable, the single–level logistic model with additional individual–level character-

istics (explanatory variables), the two–level random intercept logistic model with

other explanatory variables and the two–level random coefficient logistic model

with other explanatory variables. In addition to these, two other models are also
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fitted: the two–level random intercept logistic model with only the response in-

dicator as the explanatory variable and the two–level random coefficient logistic

model also with only the response indicator as the explanatory variable.

The parameter estimates for the models for the dependent variables jobs in the

household and type of housing are presented respectively in Tables 3.7 and 3.8. In

Model J1 from Table 3.7, the odds of having at least one job in the household are

different between respondents and nonrespondents, i.e. there is significant bias,

since the coefficient of the response indicator is significantly different from zero. As

other household–level characteristics (explanatory variables) are included into the

model (Model J2), the coefficient of the response indicator is still significant at the

5% level, even though these explanatory variables explain part of the nonresponse

bias.

The intercept in Model J1 is allowed to vary across interviewers (Model J3). In this

model, there is practically no change in the coefficient of the response indicator

or in its significance, compared to Model J1. Additionally, the Wald test statistic

for the inclusion of the interviewer–dependent variance is 2.127 (on 1 degree of

freedom) which is not significant (p–value = 0.145). This is a quite interesting

finding, since it means that there are no interviewer assignment effects on the

probability of having at least one job in the household. Also, the reduction on the

Bayesian Deviance Information Criterion (BDIC) obtained with the inclusion of

this parameter is quite small, suggesting that Model J1 should be preferable. The

BDICs from Models J1 to J6 are presented in Table 3.7.
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Allowing the difference between respondents and nonrespondents within an in-

terviewer to vary across interviewers (Model J4), the coefficient of the response

indicator is still significant at the 5% level. This indicates that there is nonresponse

bias. Also, the Wald test (test statistic = 7.613 on 2 degrees of freedom) for the

inclusion of the variance of the random interviewer effects for the coefficient of the

response indicator and for the covariance between intercept and coefficient random

effects is significant (p–value = 0.022). This means that there is evidence that the

nonresponse bias varies by interviewer for the probability of having at least one

job in the household. On the other hand, this evidence is smaller comparing the

BDIC from Model J4 with the one from Model J3.

Model J6 extends Model J4 to control for additional explanatory variables. It can

be seen that controlling for other explanatory variables in the model the nonre-

sponse bias is still significant at the 5% level, even though this nonresponse bias is

partially explained by the inclusion of gender and age in the model. In addition,

the interviewer random effects are no longer significant after controlling for gender

and age, since the Wald test (test statistic = 2.672 on 2 degrees of freedom) for

the inclusion of the two extra parameters (variance of u1j and covariance between

u0j and u1j) is not significant (p–value = 0.263).

In Model H1 from Table 3.8, the odds of owning a property (house or flat) are

different between respondents and nonrespondents, since the coefficient of the

response indicator is significantly different from zero. This means that there is

nonresponse bias. As other explanatory variables are included in the model (Model

H2) the nonresponse bias decreases.
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Model H3 extends Model H1 to allow the intercept to vary across interviewers.

The nonresponse bias is significant at the 5% level. However, the Wald test (test

statistic = 1.889 on 1 degree of freedom) for the inclusion of the interviewer–

dependent variance is not significant (p–value = 0.169). This means that there is

no evidence that the probability of owning a property varies across interviewers.

This also means that there are no interviewer assignment effects on the probability

of owning a property.

Comparing the BDICs from Models H1 and H3, there is further evidence that

the inclusion of the interviewer–dependent variance is not significant since the

reduction of the BDIC from Model H3 is not substantial, as shown in Table 3.8.

Allowing the difference between respondents and nonrespondents within an inter-

viewer to vary across interviewers (Model H4), the nonresponse bias is significant

at the 5% level. Additionally, the Wald test (test statistic = 9.165 on 2 degrees of

freedom) for the inclusion of the variance of the random interviewer effects for the

coefficient of the response indicator and for the covariance between intercept and

coefficient random effects is significant (p–value = 0.010). This indicates that the

nonresponse bias varies by interviewer for the probability of owning a property.

As for the dependent variable jobs in household, once gender and age are included

in the model (Model H6), there is a reduction in the nonresponse bias. However,

the Wald test (test statistic = 2.807 on 2 degrees of freedom) for the inclusion of

the variance of the random interviewer effects for the coefficient of the response

indicator and for the covariance between intercept and coefficient random effects

is not significant (p–value = 0.246).

Models for the dependent variable size of household are also fitted. These models

provide similar interpretation as the models in Tables 3.7 and 3.8. The parameter

estimates for size of household are presented in Appendix D.
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3.4.3 Descriptive analysis for the BHPS dataset

Another type of auxiliary variable is a time invariant variable from a longitudinal

survey. In the BHPS dataset, variables from wave 1 are used to provide information

for respondents and nonrespondents from wave 10. The interviewers’ response

rates for wave 10 of the BHPS are explored by inspecting a histogram. The

pattern of the interviewers’ response rates suggests a distribution skewed to the

left, as is illustrated in Figure 3.2.

Figure 3.2: Histogram of the interviewers’ response rates (BHPS dataset)

Considering the two dependent variables, it is found that having either one of the

parents working when interviewees aged 14 does not differ whether the interviewee

is male or female. Also, interviewees who respond to the survey and are white are

more likely to have parents that were working when at age 14. Additionally,

interviewees who are younger than 35 years old are more likely to have working

mother at age 14, whereas interviewees who are 35 to 49 years old are more likely

to have working father at age 14 (refer to Appendix C for the cross–tabulations).
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3.4.4 Statistical modelling for the BHPS variables

Tables 3.9 and 3.10 present respectively the parameter estimates for the models

for the dependent variables mother and father working when interviewee was 14

years old. In Model M1 from Table 3.9, since the coefficient of the response

indicator is not significantly different from zero, the odds of mother working when

interviewee was 14 for respondents is not significantly different from the odds

for nonrespondents. In other words, there is no evidence of nonresponse bias.

However, after controlling for age and ethnicity in the model (Model M2), the

coefficient of the response indicator becomes significant at the 10% level. This

can be explained by Simpson’s paradox. The phenomenon occurs when a variable

has no significant effect marginally, but the hidden effect becomes significant after

conditioning on (or controlling for) other variables. Therefore, since the response

indicator is significant at 10%, this indicates that there is some evidence that there

is nonresponse bias, controlling for age and ethnicity in the model.

In Model M3 the intercept is allowed to vary across interviewers. Surprisingly, the

Wald test (test statistic = 7.727 on 1 degree of freedom) for the inclusion of the

interviewer–dependent variance is significant (p–value = 0.005), which means that

there is evidence that the probability of mother working when interviewee was 14

varies across interviewers. These effects are referred to as interviewer assignment

effects (see discussion that follows Equation (3.1)).

Model M4 extends Model M3 to allow the coefficient of the response indicator to

vary across interviewers. The interviewer assignment effects are still significant.

However, the Wald test (test statistic = 3.439 on 2 degrees of freedom) for the

inclusion of the variance of the random interviewer effects for the coefficient of the

response indicator and for the covariance between intercept and coefficient random

effects is not significant (p–value = 0.179).
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In Model M5, controlling for age and ethnicity, the nonresponse bias is significant

at the 5% level. Although the interviewer assignment effects reduce, compared to

Model M3, after controlling for age and ethnicity, they are still significant. The

Wald test (test statistic = 4.314 on 1 degree of freedom) for the inclusion of the

interviewer–dependent variance is significant (p–value = 0.038).

Even after allowing the coefficient of the response indicator to vary across inter-

viewers (Model M6), the interviewer assignment effects are still highly significant.

On the other hand, there is no evidence that the nonresponse bias varies by inter-

viewer. This happens since the Wald test (test statistic = 4.526 on 2 degrees of

freedom) for the inclusion of the variance of the random interviewer effects for the

coefficient of the response indicator and for the covariance between intercept and

coefficient random effects is not significant (p–value = 0.104). The small reduction

on the BDIC from Model M6 compared to the one from Model M5 also indicates

that the two extra parameters (variance of u1j and covariance between u0j and

u1j) are not significant. The BDICs are also presented in Table 3.9.

Since the BHPS is mostly a face–to–face survey, interviewer effects are potentially

confounded with area effects. Therefore, since the interviewer assignment effect in

Models M3 to M6 is significant, it is worth investigating if interviewer and area

effects are entangled. To do this, the models in Table 3.10 include the cross–

classification between interviewer and area random effects.

The area–dependent variance, in Models M7 to M9, is not significant. This might

indicate that here the cross–classified models are not able to disentangle the ef-

fects of interviewers and areas. Therefore, further investigation may be needed to

explain these significant interviewer assignment effects.
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Considering the parameter estimates for the models in Table 3.11, the odds of

father working when interviewee was 14 for respondents is significantly different

from the odds for nonrespondents (Model F1). This happens because the coeffi-

cient of the response indicator is significantly (at the 5% level) different from zero.

Including age and ethnicity in the model (Model F2) decreases the nonresponse

bias.

Model F3 extends Model F1 to include a random intercept. The interviewer–

dependent variance is significant (p–value = 0.024) based on the Wald test (test

statistic = 5.102 on 1 degree of freedom). This means that there is evidence that

the probability of father working when interviewee was 14 varies across interview-

ers. These are the so called interviewer assignment effects discussed in Section

3.3.

In Model F4 the coefficient of the response indicator is allowed to vary across

interviewers. The Wald test (test statistic = 1.053 on 2 degree of freedom) for the

inclusion of the variance of the random interviewer effects for the coefficient of the

response indicator and for the covariance between intercept and coefficient random

effects is not significant (p–value = 0.591). As might be expected, the BDIC from

Model F4 compared to the one from Model F3 does not change, meaning that

Model F3 should be preferred.

When other explanatory variables (age and ethnicity) are included in the model

(Model F5), both the nonresponse bias and the interviewer assignment effects

reduce a little. Therefore, it is recommended that the data analysis include

individual–level characteristics to reduce the nonresponse bias and the possibil-

ity of interviewer assignment effects.
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As for the dependent variable mother working, cross–classified models are also

fitted for father working to check if interviewer effects are confounded with area

effects. The parameter estimates for the cross–classified models for the dependent

variable father working are presented in Table 3.12.

Interestingly, in Model F7, according to the Wald test (test statistic = 3.713 on 1

degree of freedom), the area–dependent variance is significant (p–value = 0.053),

whereas the interviewer–dependent variance is not (p–value = 0.449). This means

that the assignment effects are mostly due to areas rather than to interviewers.

However, after controlling for age and ethnicity (Model F8), the area–dependent

variance is no longer significant.

3.5 Conclusions

In this chapter, some of the multilevel logistic models from Chapter 2 were used to

investigate further the assessment of interviewer effects on nonresponse bias. These

models were applied to data from a telephone (CATI) cross–sectional survey (CCS)

and a face–to–face longitudinal survey (BHPS). Also, differently from Chapter

2, rather than census records, administrative data and time invariant variables

from previous waves were linked to survey data respectively for the CCS and the

BHPS in order to provide variables for respondents and nonrespondents. The main

contribution of this chapter is to apply the methodology proposed in Chapter 2

to assess interviewer effects on nonresponse bias, when census linked data are not

available and in the context of a telephone survey and a longitudinal survey.

In the models for the dependent variable jobs in the household, the significant

coefficient of the response indicator in Model J1 indicates that there is nonresponse

bias for the odds of having at least one job in the household. The nonresponse
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bias is partially explained when other explanatory variables are included in the

model (Model J2).

In contrast to the findings in Chapter 2, another interesting finding here is that

there are no interviewer assignment effects for the odds of having at least one job

in the household (Model J3). This effect results from differential assignment of

interviewers with respect to the variable jobs in the household. Extending the

model to include random coefficients (Model J4) the nonresponse bias varies by

interviewer, i.e., there is evidence of interviewer effects. However, the interviewer

effects are explained by controlling for gender and age (Model J6). The nonre-

sponse bias seems rather pronounced, especially, in the Model J1. This agrees

with the nonresponse literature that suggests that the nonresponse bias is larger

for the telephone mode compared to the face–to–face one (Biemer, 2001).

The findings for the other two dependent variables from the CCS linked dataset,

type of housing and size of household, are similar to the ones for jobs in the

household.

Although the bias is still significant, it is clear that part of the nonresponse bias is

explained by controlling for gender and age for all three dependent variables from

the CCS linked dataset. Therefore, one should include in the data analysis the

explanatory variables gender and age to try to reduce the nonresponse bias.

In the models for the dependent variable mother working indicator, there is no

nonresponse bias for the odds of having mother working when interviewee was 14 at

first (Model M1). Then, including other explanatory variables in the model (Model

M2), the nonresponse bias is borderline significant. Additionally, an undesirable

feature in the models (Models M3 to M6) is the presence of significant interviewer

assignment effects.
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The cross–classified models for this dependent variable did not provide an expla-

nation for the significant interviewer assignment effects. Therefore, these models

need deeper investigation.

The findings for the dependent variable father working indicator are quite simi-

lar to those for mother working indicator, except that the cross–classified models

provided evidence that the assignment effects are due to areas rather than to inter-

viewers (Model F7). Also the nonresponse bias is partially explained by including

age and ethnicity in the model (Model F2).

The conclusions of the analyses in this chapter may be weakened due to the link-

age of household–level instead of individual–level variables with the CCS data.

Furthermore, the comparison between wave 1 and wave 10 of the BHPS may have

implications for the analyses of interviewer effects. For instance, it is likely that

some of those identified as nonresponders at wave 10 were also nonresponders at

earlier waves. If they were assigned different interviewers at earlier waves, i.e.,

if there was not interviewer continuity (Campanelli and O’Muircheartaigh, 1999),

then the cause of nonresponse would actually be these earlier interviewers, and

the interviewer effects may be confounded with earlier interviewers.

Another limitation for the results in this chapter is because a number of respon-

dent and nonrespondent cases were deleted from the BHPS dataset in the process

of merging data from wave 1 with data from wave 10 as well as cases without inter-

viewer ID. Thus, the way the analyses are conducted, based on a dataset having a

9.5% nonresponse rate, may be seen as a relatively straightforward approach to de-

tect nonresponse bias. However, if the deleted cases were indeed selective cases, in

the sense that they do have different characteristics than those of the respondents,

then the analyses for BHPS variables may not be correct. In this case, a more

complex approach, such as by imputing values for the cases that had been deleted

to take into account their missing information, would be advisable to potentially
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address the assessment of nonresponse bias. Such an approach, however, has the

drawback of requiring more assumptions and models to be safely employed.

The importance of the findings of this thesis regarding the assessment of inter-

viewer effects on nonresponse bias is that these effects are investigated under

different survey conditions. Although the interviewer effects observed across the

three different surveys in the analyses of nonresponse bias cannot be compared

directly since these surveys are from different populations and survey topics, some

of the findings in this research are consistent for a specific survey mode. The anal-

yses undertaken provide therefore a type of sensitivity analysis for the results. For

instance, for the two face–to–face surveys (LFS and BHPS) there are initially sig-

nificant interviewer assignment effects, whereas for the CATI survey (CCS) these

effects are not significant at all. One plausible explanation is that in the CATI

survey interviewers are randomly assigned to sampled units, i.e., the survey design

is approximately interpenetrated (O’Muircheartaigh and Campanelli, 1999). On

the other hand, other findings are common across survey modes. For example,

there is evidence of nonresponse bias and of interviewer effects on nonresponse

bias for a dependent variable from the LFS linked dataset and from the dependent

variables from the CCS linked dataset.

In the context of interviewer effects on nonresponse bias, it would be interesting

for future work to apply multilevel multinomial model to variables of interest with

more than two categories and also consider response indicators with more than two

categories such as response, refusal and noncontact. In addition, interviewers char-

acteristics could also be controlled in the models to check if the interviewer–level

variation is explained by this inclusion. Furthermore, the inclusion of household

effects in the models could be worthy pursuing since nonresponse seems to be

largely a household feature rather than a property of individuals.



Chapter 4

Interviewer Effects on

Measurement Error

4.1 Introduction

Measurement error is a common feature in nearly all surveys. It occurs when there

is a discrepancy between an observed measure and its true value. This type of non-

sampling error is undesirable since it harms the quality of the data to the extent

of potentially biasing survey estimates and invalidating inferences. Measurement

error mostly arises from four sources: interviewer, respondent, questionnaire and

the mode of data collection (Groves, 2004). Examples of possible causes for this

error can include, but are not limited to: differences that may occur in reactions of

respondents to different interviewers (Ruddock, 1998), e.g., to interviewers of their

own sex or own ethnic group; answers given by respondents may be influenced by

their desire to impress an interviewer or their answers do not always reflect their

true beliefs because they may feel under social pressure not to give an unpopular

or socially undesirable answer, e.g., the use of illicit drugs may be underreported

113
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(Mensch and Kandel, 1988); inadequate interviewer training; the wording of ques-

tions may be unclear, ambiguous or difficult to answer, e.g., it may require re-

membering past dates or facts; and respondents may answer questions differently

depending on the manner in which the questionnaire is administered, whether

in the presence of an interviewer, via telephone or self–administered (Lepkowski,

2004). For instance, in an internet survey on self–reported sexual behaviour, men

reported significantly higher sociosexuality than women. However, there was no

difference between men and women’s reports when the concern about confidential-

ity was not compromised (Beaussart and Kaufman, 2013). There is an extensive

literature on measurement error in surveys, for instance see Groves (2004), Biemer

et al. (1991), Biemer and Lyberg (2003) and (Fuller, 1987) for earlier references of

adjustments for measurement error.

Measurement error is generally associated with the data collection mode and rea-

sons for the occurrence of such an error can be manyfold. For instance, telephone

surveys are known to collect less accurate information than face–to–face surveys

(Biemer and Lyberg, 2003, p. 42). Also, if the survey is conducted in the pres-

ence of other people, respondents may feel uncomfortable and misreport some

answer, especially to sensitive questions. In another piece of research, Biemer

(2001) compares the quality of data from a Computer Assisted Telephone Inter-

viewing (CATI) and a face–to–face modes. He finds that the nonresponse bias is

larger for the CATI compared to the face–to–face mode whereas the measurement

bias is more pronounced for the face–to–face compared to the CATI mode.

Additionally, measurement error can arise from the interaction between interviewer

and respondents. In such case, respondents may provide inaccurate answers, sur-

vey questionnaires may contain ambiguous questions and interviewers may mis-

record some answers (Biemer et al., 1991, p. 2). Furthermore, survey interviewers

can have an influence on measurement error when their personalities or attitudes
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may induce respondents as, for example, to give socially desirable answers that

may differ from the truth. Regardless of interviewer effects, Tourangeau et al.

(2010) describe a study that involves sensitive topics and socially desirable be-

haviours where they expect that reluctant respondents are more likely to provide

inaccurate answers related to these topics if they eventually become respondents.

In the end Tourangeau and colleagues confirm their expectation, finding a strong

link between nonresponse errors and reporting errors.

Amongst the sources of measurement errors, in interviewer–administered surveys,

interviewers and questionnaires are factors that survey organizations may have

some control. Therefore, improving interviewer training and questionnaire design

increases the chance of gathering data as accurate as possible. Gideon (2012, p.

46) emphasizes that the efforts to improve questionnaire design and interviewer

training aim mostly to minimize the measurement error in surveys. In his book,

Gideon reports two standardized approaches for the interviewing protocol: a fully

standardized and a flexible one. In the former, interviewers are recognized as a

source of error since they may interpret questions differently. Hence, in this ap-

proach, the interviewers are not allowed to change words or terms in the questions

to make sure that their intended meanings are preserved. In the latter, the respon-

dents are seen as a source of error since they may misinterpret questions. In this

case, the interviewers may intervene to provide clarification to gather accurate

data. The choice between one of these approaches depends on the researcher’s

judgement of which one is more suitable for a specific survey.

In the past, some studies on measurement error have focussed on the evaluation

of interaction effects between the gender of the interviewer and the gender of

the respondent on several gender attitudes towards public policies, perceptions of

men’s and women’s group interests (Kane and Macaulay, 1993) and on gender–

sensitive items such as abortion and women’s rights (Flores-Macias and Lawson,
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2008). Other studies have focussed on race of interviewer effects, for instance, on

political and racial attitudes (Davis, 1997) and on questions involving racial issues

(Reese et al., 1986) in a telephone survey, where the respondent’s race is asked in

the end of the questionnaire (Cotter et al., 1982).

Recent research uses interviewers’ observations to assess the quality of survey

data, especially aiming to detect the presence of measurement error (Olson and

Parkhurst, 2013). Sinibaldi et al. (2013) examine measurement error in inter-

viewers’ observations from six UK face–to–face surveys. In their analysis, they

used census records to assess whether or not the interviewers’ observations were

accurate. As one of their main findings, the results suggested that interviewers

significantly influenced measurement error.

Kreuter et al. (2010) question the quality of data, from reluctant respondents,

obtained through an extra effort from interviewers as an attempt to reduce non-

response. Since this practice involves persuasion, these observations may not be

free from measurement error (Olson, 2006) and in fact they may lead to poorer

quality data (Fricker and Tourangeau, 2010; Biemer, 2001). In their study, in ad-

dition to survey data from respondents, they also had administrative data for all

sampled units. However, rather than linking survey data to administrative data,

they linked administrative data to contact protocols. Then, they assess the mea-

surement error from the difference between the estimates based on survey data

and the estimates from the linked data.

In contrast, some studies have no auxiliary information from re–interviews, census

records or administrative data to investigate measurement error in survey esti-

mates. For example, Dixon (2010) assesses nonresponse and measurement error

in a statistical matching framework by linking data from different surveys. Po-

tential concerns in this approach are differences in sample composition and in

question wording. Although progress on detecting measurement error have been
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accomplished, the type of dataset used to assess measurement error on variables

of interest ideally is one that contains the observed and the true values for these

variables for all respondents.

This research aims to investigate the possibility of interviewers influence on mea-

surement error in variables of interest. Assuming that the structure of the data

is hierarchical, i.e. respondents are nested within interviewers, multilevel models

are applied to a dataset consisting of data from the 2010 Norwegian sample of the

European Social Survey linked to administrative data. The linked data contain

the same type of variables of interest from the survey and from administrative

data for all the respondents. A dataset with this feature is quite rare since survey

practitioners try to avoid overburden sampled units, and therefore do not ask a

question in a survey that is already captured by other sources, such as administra-

tive or register data. Even though the measurement error literature is extensive,

the dataset used in the application of the proposed models has the advantage of

containing both observed and assumed true measures for variables of interest.

In this study, it is assumed that variables from a register represent the true mea-

sures, whereas variables from the survey are regarded as approximations for the

true measures and are measured with measurement error. Similar assumptions

have been made by Sinibaldi et al. (2013) and Kreuter et al. (2010). In the data

analysis, the dependent variables are categorical measurement error indicators

created based on the joint distribution from the pairs of observed and true values

for essentially the same variables. Although the literature refers to the existing

measurement error between the true and the observed measures, when both are

categorical, as misclassification (Buonaccorsi, 2010, p. 1), the term measurement

error will be used throughout this chapter.

The structure of this chapter is as follows. Section 4.2 provides a detailed de-

scription about the survey, the dataset and the variables considered in this study.
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Section 4.3 defines the statistical models used in the data analysis, modelling strat-

egy and estimation method. In Section 4.4, the main results are discussed and

lastly Section 4.5 presents the conclusions, limitations of the study, implications

for survey practice and possible future work.

4.2 Data

This research makes use of a rich dataset acquired by linking two data sources: a

survey and administrative data. The key feature of this dataset is that it contains

variables of interest collected in the survey that are also present in the administra-

tive data, allowing for measurement error analysis. The following sections provide

more information about the survey, the administrative data and the analysis sam-

ple.

4.2.1 Survey

The first data source is taken from the European Social Survey (ESS) (for more

details on the ESS see: http://www.europeansocialsurvey.org). The ESS has

been carried out every two years since 2002. The most recent round of this survey

was in 2012 and around 30 countries took part in each round. The ESS was

mainly initiated to provide a reliable source of cross–national data collected with

high methodological standards to enable inferences to be drawn about changes

over time in Europe. Thus, this survey aims to explain changes in attitude and

behaviour patterns in Europe and improve methods of survey measurements across

countries.

The ESS collects information on media use, social and public trust, political in-

terest and participation, socio–political orientations, moral, political and social

http://www.europeansocialsurvey.org
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values, national, ethnic and religious allegiances, well–being, health and security,

demographics and socio–economics.

In this study, the analysis is restricted to the 2010 Norwegian sample (round 5) of

the ESS (ESS–Norway). The ESS–Norway was conducted by Statistics Norway.

The sample is stratified by three variables: age group, gender and region. Within

each stratum, one–stage systematic random sampling is used such that each in-

dividual in the sampling frame has equal probability of being selected (EPSEM).

The fieldwork for this survey took place between September 2010 and February

2011. To increase the response rate, before the actual interviews, the sampled

units received a letter explaining the purpose of the survey and also uncondi-

tional monetary incentives. The ESS–Norway is a face–to–face survey whose data

were collected using Computer Assisted Personal Interviewing (CAPI) by 110 ex-

perienced interviewers. These interviewers had received training on written ESS

specific instructions, refusal conversion and how to fill in contact forms.

4.2.2 Administrative data

Administrative data are records, registers and databases collected for adminis-

trative purposes mainly to be used by government departments. Although their

primary usage is not for statistical research, administrative data have increasingly

been used for this purpose. Statistical offices usually have access to these data,

which are statistically treated (e.g., clean) for various objectives that range from

the release of summary statistics to advanced data analysis. Therefore, govern-

ment organizations and the general public benefit from the work these offices do

with these administrative data.

Statistics Norway receives different extracts of administrative data from various

government sources. The variables from administrative data used in this study are
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from the Central Population Register, Education Department and from Statistics

Norway archive. Some of administrative data are updated continuously and some

are updated from time to time. In order to link the ESS–Norway data to admin-

istrative data, these data were updated around the time of the ESS–Norway data

collection takes place. This makes the information from administrative data close

to the true measure.

Before the fieldwork for the survey takes place, Statistics Norway sends a cover

letter explaining the purpose of the survey to the sampled units. In this letter

there is a statement about the possibility of linking the survey data to specific

sources of administrative data. Therefore, the sampled units who decide to take

part in the survey also agree to have their data linked.

4.2.3 Linked dataset and analysis sample

For the application of the proposed model to investigate interviewer effects on mea-

surement error, the analysis sample consists of data from the ESS–Norway linked

to administrative data (register). These two sources of data are linked through

a personal identifier by Statistics Norway. The linkage of the ESS–Norway and

register data provided a dataset containing pairs of essentially the same variables

of interest for each respondent. It is assumed that variables from the register

represent the true measures, whereas variables from ESS–Norway are regarded as

approximations for the true measures.

Two pairs of variables of interest are considered in this analysis: highest level

of education (education) and number of people living regularly as members of a

household (household size). These variables are the only ones that are available in

both survey and register. There is no missing data for the variables used in this

analysis that come from the register. However, the variable education from the
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ESS–Norway has missing values for 6 cases. Therefore, since only the complete

cases are considered in this analysis, these 6 cases were deleted. As a result, the

analysis sample is left with information on a total of 1,540 individuals interviewed

by 106 interviewers.

The variables education and household size from ESS–Norway and register are

categorical with three categories each. Tables 4.1 and 4.2 present cross–tabulations

respectively for the pair of variables education and the pair of variables household

size. In these tables the misclassification (measurement error) is found in the off

diagonal cells, where counts in these cells are different from zero.

According to Tables 4.1 and 4.2, the majority of people report in the survey the

same level of education and the same household size as in the register. However,

for both pairs of variables, people tend to over report their level of education and

their household composition more often than they under report them.

Table 4.1: Cross–tabulation for education from ESS–
Norway and from the register

Education from Education from register

ESS–Norway Low Middle High Total

Low 233 70 0 303

Middle 170 438 12 620

High 49 100 468 617

Total 452 608 480 1540
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Table 4.2: Cross–tabulation for household size from ESS–
Norway and from the register

Household size Household size from register

from ESS–Norway 1 person 2 people 3+ people Total

1 person 227 20 25 272

2 people 132 367 73 572

3+ people 118 50 528 696

Total 477 437 626 1540

In this research, the dependent variables are measurement error indicators. These

indicators are created based on the joint distribution of education (or household

size) from the ESS–Norway and education (or household size) from the register.

Hence, if there is an agreement between the level of education (or in the number

of people in the household) from the survey and register, the measurement error

indicator assumes the value 0. Alternatively, it assumes the value 1 if there is

measurement error. The next section gives more details on the definition of these

measurement error indicators.

The histograms in Figures 4.1 and 4.2 illustrate the distributions of measurement

error per interviewer respectively for reporting education and household size. In-

specting the histograms, both distributions seems to be skewed to the right, which

means that the percentage of measurement error per interviewer is in general

small, where the spike in zero illustrates the percentage of no measurement error

per interviewer. However, the percentage of measurement error is quite high for

some interviewers. As a whole, the percentage of measurement error per inter-

viewer varies from 0 to about 67% for reporting education and from 0 to 100%

for reporting household size. However, the 67% comes from one interviewer who

interviewed only three individuals, out of which two were misclassified, whereas

the 100% comes from two interviewers: one interviewed only one individual and
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the other one only two individuals; the three of them were misclassified. With-

out these extreme cases, the variation of measurement error per interviewer for

reporting education is between 0 and 50%, whereas for reporting household size is

between 0 and about 57%.

Figure 4.1: Histogram of the percentage of measurement error (for educa-
tion) by interviewer

Figure 4.2: Histogram of the percentage of measurement error (for house-
hold size) by interviewer
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For the ESS–Norway, interviewers are not randomly assigned to sampled units (i.e.,

it is not an interpenetrated assignment). Thus, interviewer effects are potentially

confounded with area effects. Tables 4.3 and 4.4 show the frequency distribution

of interviewers per area and the frequency distribution of the number of areas

covered by interviewers, respectively. According to the frequency distributions in

these tables, there is a non-nested structure between interviewers and areas.

Table 4.3: Frequency distribution of num-
ber of interviewers per areas

No. of interviewers per area No. of areas

14 2

15 2

31 2

32 1

Total 7

Table 4.4: Frequency distribution of number of
areas per interviewer

No. of areas per interviewer No. of interviewers

1 72

2 27

3 4

4 1

5 2

Total 106

Since interviewers are not strictly nested within areas, one could apply multilevel

cross–classified models as an attempt to separate interviewer and area effects.

However, the ESS–Norway dataset does not contain a lower geographical unit

area variable such as district or postcode sectors, which could be used as one of

the level–two variables in the multilevel cross–classified models. Thus, the area

variable is included in the models as a fixed effect. The area variable available in

this dataset has only 7 categories (regions), which are Oslo and Akershus, Hedmark
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and Oppland, South Eastern, Agder and Rogaland, Western Norway, Troendelag

and Northern Norway (please refer to Appendix E to visualize Norway’s regions).

Therefore, in addition to this area variable, gender and age (categorized into 3

groups: 15 to 30, 31 to 66 and over 66 years old) of the respondents are included

into the models as explanatory variables to control for the nonrandomized alloca-

tion of interviewers to sampled units. These explanatory variables are all taken

from the register since they are not asked in the survey. Frequency distributions

for these variables are displayed in Appendix F.

4.3 Methodology

Since the aim of this research is to investigate the effects of interviewers on mea-

surement error, multilevel modelling techniques (Goldstein, 2011) are used in the

analysis of the data. These types of models are widely applied in the literature

to account for interviewer effects. Generally, interviewers can be seen as clusters,

since the responses from individuals interviewed by the same interviewer are more

alike than those from individuals interviewed by different interviewers (Biemer

et al., 1991, p. 440). For the analysis, the variables of interest are those that

have been collected in both the ESS–Norway and in the register. In the case of

the ESS–Norway and register linked data these variables are education level and

household composition.

Before presenting the statistical model used in the analysis of the data, the fol-

lowing notation is introduced: let ỹij be the variable of interest from the register

for individual i interviewed by interviewer j, where i = 1, . . . , nj and j = 1, . . . , J ,

and y∗ij be the same variable of interest from the survey for the same individual

and interviewer. It is assumed that ỹij is the true value, whereas y∗ij is a proxy for

ỹij. Consider also that ỹij and y∗ij are categorical variables, with three categories
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each, such that ỹij and y∗ij ∈ {1, 2, 3}. Their joint distribution is presented in Table

4.5.

Table 4.5: Joint distribution for ỹij and y∗ij

ỹij

y∗ij 1 2 3

1 π
(1,1)
ij π

(1,2)
ij π

(1,3)
ij

2 π
(2,1)
ij π

(2,2)
ij π

(2,3)
ij

3 π
(3,1)
ij π

(3,2)
ij π

(3,3)
ij

The joint probabilities π
(s,t)
ij from Table 4.5 are used to create the measurement

error indicators. Thus, considering first the case where the measurement error

indicator yij is binary, let

yij =

 0, if no measurement error is present (y∗ij = ỹij)

1, if measurement error is present (y∗ij 6= ỹij).

To investigate interviewer effects on measurement error, the two–level random

intercept logistic (empty) model may be applied

yij | u0 ∼ indep Bernoulli(πij), i = 1, . . . , nj, j = 1, . . . , J and

u0 = (u01, ..., u0J)>,

log

(
πij

1− πij

)
= β0 + u0j,

(4.1)

where πij = P (yij = 1 | u0) = P (y∗ij 6= ỹij | u0) =
∑

s 6=t π
(s,t)
ij is the probability

of having measurement error, β0 is the log–odds of having measurement error

when the random effects are set to their zero mean and u0j are random effects

representing unexplained interviewer effects. These random effects are assumed to
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follow a normal distribution, i.e. u0j ∼ N
(
0, σ2

u0

)
, where the variance parameter

σ2
u0

is the variation in the intercept across interviewers.

Now, to investigate if there are effects of individual–level characteristics (explana-

tory variables), xij , on measurement error, the model in (4.1) may be extended

to

yij | xij,u0 ∼ indep Bernoulli(πij), i = 1, . . . , nj, j = 1, . . . , J and

u0 = (u01, ..., u0J)>,

log

(
πij

1− πij

)
= β0 + β>xij + u0j,

(4.2)

where β is a vector of coefficients for the explanatory variables, indicating the

effects of explanatory variables on measurement error. The other quantities are as

in Equation (4.1).

Furthermore, the measurement error indicator may be refined. For example, one

can define the measurement error indicator yij with three categories, indicating

not only that there is measurement error but also the type of measurement error,

such as over or under reports based on Table 4.5. Thus let

yij =


1, if no measurement error is present (y∗ij = ỹij)

2, if the survey value is greater than the register value (y∗ij > ỹij)

3, if the survey value is smaller than the register value (y∗ij < ỹij).

In this case, yij = 1 indicates no measurement error, whereas yij = 2 indicates that

there is measurement error, with y∗ij over reporting ỹij, and yij = 3 also indicates

the presence of measurement error, with y∗ij under reporting ỹij. Now, since yij

has more than two categories, a two–level multinomial model may be applied. The



128 Chapter 4 Interviewer Effects on Measurement Error

model may be defined using the systematic component

log

(
π

(c)
ij

π
(1)
ij

)
= β

(c)
0 + β(c)>xij + u

(c)
0j , (4.3)

where c = 2, 3, π
(1)
ij = P (yij = 1) = P (y∗ij = ỹij) =

∑
s=t π

(s,t)
ij is the baseline

probability, π
(2)
ij = P (yij = 2) = P (y∗ij > ỹij) =

∑
s>t π

(s,t)
ij and π

(3)
ij = P (yij =

3) = P (y∗ij < ỹij) =
∑

s<t π
(s,t)
ij . As before the vector of random interviewer effects

(u
(2)
0j , u

(3)
0j )>, j = 1, . . . , J , are independent and identically distributed with normal

distribution having zero mean vector and interviewer–level covariance matrix in

the form

Ωu =

 σ2

u
(2)
0

σ
u

(2)
0 u

(3)
0

σ
u

(2)
0 u

(3)
0

σ2

u
(3)
0

 ,
where the parameters σ2

u
(2)
0

and σ2

u
(3)
0

are respectively the random intercept variance

for over reporting and the random intercept variance for under reporting. The

term σ
u

(2)
0 u

(3)
0

is the covariance between random intercept effects for over and under

reporting.

Allowing yij to have even more than three categories, one can define the four

category measurement error indicator for education, for example, as

yij =



1, if there is agreement between survey and register values on lower

education

2, if there is agreement between survey and register values on middle

education

3, if there is agreement between survey and register values on high

education

4, if there is measurement error.
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Equivalently, the five category measurement error indicator for education can be

defined as

yij =



1, if there is agreement between survey and register values on lower

education

2, if there is agreement between survey and register values on middle

education

3, if there is agreement between survey and register values on high

education

4, if the survey value is greater than the register value

5, if the survey value is smaller than the register value.

Similar definitions can also be applied for the measurement error indicators for

household size. The two–level multinomial model in Equation (4.3) can be easily

extended to handle measurement error indicators with four or more categories. In

the case of four categories, π
(1)
ij = P (yij = 1) = π

(1,1)
ij is the baseline probability,

π
(2)
ij = P (yij = 2) = π

(2,2)
ij , π

(3)
ij = P (yij = 3) = π

(3,3)
ij and π

(4)
ij = P (yij = 4) =∑

s 6=t π
(s,t)
ij . Whilst for five categories, again π

(1)
ij = P (yij = 1) = π

(1,1)
ij is the base-

line probability, π
(2)
ij = P (yij = 2) = π

(2,2)
ij , π

(3)
ij = P (yij = 3) = π

(3,3)
ij . However,

π
(4)
ij = P (yij = 4) =

∑
s>t π

(s,t)
ij and π

(5)
ij = P (yij = 5) =

∑
s<t π

(s,t)
ij .

As interviewer effects are potentially confounded with area effects, the models

should control for area effects to try distinguishing these confounding effects from

the ones driven by interviewers. Since interviewers are not strictly nested within

areas as shown in Tables 4.3 and 4.4 from the previous section, ideally a cross–

classified multilevel model (which has been discussed in previous chapters) where

individuals are nested within a cross–classification between interviewers and areas

should be applied. However, the available area variable has only seven categories
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(regions), which is not disaggregated enough to be used as a random effect. There-

fore, the area effects are included into the multilevel models as fixed rather than

random effects.

4.3.1 Modelling strategy and estimation

For the investigation of interviewer effects on measurement error, the measurement

error indicators used as dependent variables in the models are created based on the

joint distribution for education level (household composition) from ESS–Norway

and education level (household composition) from the register.

The analysis starts by considering models for the binary dependent variables. In

this case, the measurement error indicators are coded as 1 if there is measurement

error and as 0 if there is no measurement error. Firstly, the empty two–level ran-

dom intercept logistic model is fitted to the binary measurement error indicators.

If the interviewer–level variance is significant, this is not necessarily interpreted

as interviewer effects on measurement error since the models do not control for

other factors that may be confounded with interviewer effects, such as area ef-

fects. Secondly, individual–level characteristics such as gender, age and area are

entered into the models as a way to control for the fact that interviewers were

not randomly assigned to sampled units. In particular, this aims to control for

social and geographical differences in the sample that may be confounded with

interviewer effects. Then, if after controlling for these individual–level character-

istics, the interviewer–level variance is still significant, this may be interpreted as

an approximation of a “true” interviewer effect.

The procedure described above can be also applied to measurement error indicators

with more than two categories.
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The two–level random intercept logistic models and the two–level random intercept

multinomial models are estimated using Markov Chain Monte Carlo (MCMC)

methodology with 80,000 iterations after a burn–in of 5,000. The models are

fitted using MLwiN (Rasbash et al., 2012).

4.4 Results

Based on the cross–tabulation for the variables education (or household size) from

survey and education (or household size) from register presented in Table 4.1 (and

4.2) from Section 4.2, for the cases with measurement error, people tend to over

report their education level (or the number of people in the household) more often

than under report it. This can be explained by the fact that people tend to

give socially desirable answers that may differ from the truth. In this context,

interviewers may aggravate this propensity from respondents.

4.4.1 Modelling the binary measurement error indicator

Tables 4.6 and 4.7 show the distributions of the binary measurement error indica-

tors for education and household size, respectively.

Table 4.6: Coding for the cross–tabulation for education
from ESS–Norway and from register with two categories

Education from Education from register

survey Low Middle High

Low 0 1 1

Middle 1 0 1

High 1 1 0
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Table 4.7: Coding for the cross–tabulation for household size
from ESS–Norway and from register with two categories

Household size Household size from register

from survey 1 person 2 people 3+ people

1 person 0 1 1

2 people 1 0 1

3+ people 1 1 0

Fitting two–level random intercept logistic (empty) models to the binary measure-

ment error indicators for the variables education and household size, the variance

estimate (in Table 4.8) is not significant which indicates that, for both variables,

the measurement error does not seem to vary by interviewer. However, if it was

significant at this point, these level–two effects could be due not only to inter-

viewers but also to other confounding effects. Therefore, the models in Table 4.9

are controlling for social and geographical characteristics to attempt to take into

account the confounding effects.

The estimates from the fitted model for the binary measurement error indicator

for education (Table 4.9) suggest that people aged 31 to 66 years old are slightly

less likely to report a different education level than younger people. This could

have several interpretations. Since the ESS–Norway is a face–to–face survey, a

plausible example related to social desirability (Tourangeau et al., 2010; Sakshaug

et al., 2010) could be that younger people may try more to impress interviewers

by reporting a higher level of education than the more mature ones. Other expla-

nations such as linking theory (Durrant et al., 2010) cannot be substantiated here

since neither interviewer’s age nor any other characteristics are available. Fur-

thermore, people from Hedmark and Oppland are slightly more likely to report a

different education level than people from Oslo and Akershus. Now, considering

the estimates from the fitted model for the binary measurement error indicator

for household size (also in Table 4.9), one may conclude that women are less likely
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to report a different household size than men, people older than 30 are less likely

to report a different household size than younger people. And people from Agder

and Rogaland are less likely to report a different household size than people from

Oslo and Akershus. In addition, for both measurement error indicators, there are

no interviewer effects.

Table 4.8: Parameter estimates (with standard errors in parenthe-
sis) for the random intercept logistic models (empty models)

Fixed effects Education Household size

Constant -1.053 (0.061) -0.996 (0.061)

Random effects
σ2
u0

0.022 (0.025) 0.024 (0.029)

* p < 0.10; ** p < 0.05

Table 4.9: Parameter estimates (with standard errors in parenthesis) for the ran-
dom intercept logistic models controlling for explanatory variables

Fixed effects Categories Education Household size

Constant -0.847 (0.182) -0.033 (0.178)

Gender Female -0.195 (0.120) -0.600 (0.121) **

Age group 31 – 66 -0.238 (0.139) * -0.623 (0.132) **

Over 66 -0.122 (0.191) -2.146 (0.271) **

Area Hedmark and Oppland 0.461 (0.249) * 0.062 (0.264)

South Eastern 0.183 (0.191) 0.019 (0.196)

Agder and Rogaland 0.097 (0.203) -0.441 (0.215) **

Western Norway -0.150 (0.203) -0.111 (0.201)

Troendelag 0.014 (0.235) -0.149 (0.242)

Northern Norway -0.243 (0.250) -0.030 (0.241)

Random effects

σ2
u0

0.016 (0.020) 0.028 (0.034)

The baseline categories for the explanatory variables are Male, 15 – 30 and Oslo and
Akershus.
* p < 0.10; ** p < 0.05
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To assess the between–interviewer variation, box–plots of the predicted probabil-

ities for the categories of the binary measurement error indicators for each inter-

viewer are produced. Figures 4.3(a) and 4.3(b) illustrate the box–plots for the

predicted probabilities respectively from the empty model and the model control-

ling for explanatory variables for education. The predicted probabilities from the

latter model are computed by entering the sample proportions of each category of

the explanatory variables. The same types of plots for household size are illustrated

in Figures 4.3(c) and 4.3(d). Inspecting these plots, the predicted probabilities for

the measurement error category of the indicators, for reporting education level and

household size, vary around 25%, whereas for the no measurement error category,

they vary around 75%. However, these predicted probabilities do not seem to vary

much within the measurement error categories, neither for the empty models nor

for the models controlling for gender, age and area.

It is possible that this binary coding for the measurement error indicators is mask-

ing some potential interviewer effects on measurement error. For instance, some

interviewers may be assigned to people who over report their education level and

household size (positive effects), whereas some other interviewers may be assigned

to people who under report their education level and household size (negative

effects). Thus, on average these effects may cancel themselves out, resulting in

negligible interviewer effects. Therefore, recoding these dependent variables to

distinguish the measurement error category between over and under reporting

education level and household size may be more informative.
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(a) Empty model for education (b) Model controlling for explanatory variables for
education

(c) Empty model for household size (d) Model controlling for explanatory variables for
household size

Figure 4.3: Box–plots of the predicted probabilities of logistic models for
measurement error indicators for education and household size

4.4.2 Modelling the three category measurement error in-

dicator

The codes for the measurement error indicators with three categories are displayed

in Tables 4.10 and 4.11 for education and household size, respectively.

Interestingly, fitting two–level random intercept multinomial (empty) models for

both measurement error indicators, the estimates in Table 4.12 indicate that the

measurement error, for reporting education and household size, significantly varies

by interviewers or by a combination of confounding level–two effects. This may
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substantiate the hypothesis that some interviewers are assigned to people who

under report education level and household size and others are assigned to people

who over report education level and household size, so that the interviewer effects

are no longer negligible.

Table 4.10: Coding for the cross–tabulation for education
from ESS–Norway and from register with three categories

Education from Education from register

survey Low Middle High

Low 1 3 3

Middle 2 1 3

High 2 2 1

Table 4.11: Coding for the cross–tabulation for household
size from ESS–Norway and from register with three cate-
gories

Household size Household size from register

from survey 1 person 2 people 3+ people

1 person 1 3 3

2 people 2 1 3

3+ people 2 2 1

Table 4.12: Parameter estimates (with standard errors in parenthesis) for the
random intercept multinomial model (empty model)

Education Household size

Fixed effects log(π2jk/π1jk) log(π3jk/π1jk) log(π2jk/π1jk) log(π3jk/π1jk)

Constant -1.344 (0.083) -2.793 (0.147) -1.388 (0.083) -2.378 (0.128)

Random effects

σ2

u
(2)
0

0.201 (0.062) ** 0.195 (0.060) **

σ2

u
(3)
0

0.392 (0.172) ** 0.365 (0.141) **

σ
u

(2)
0 u

(3)
0

0.020 (0.067) 0.033 (0.063)

* p < 0.10; ** p < 0.05
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Controlling for gender, age and area (Table 4.13), women are less likely to over

report education level than men, older people (over 30 years old) are less likely

to over report education level than younger people and people from Hedmark and

Oppland and Troendelag are more likely to under report education level than

people from Oslo and Akershus. Now, for the measurement error indicator for

household size (also in Table 4.13), the estimates suggest that women are less

likely to over report household size than men and older people (over 30 years old)

are less likely to over report household size than younger people. Furthermore,

after controlling for these characteristics, the interviewer effects are only slightly

significant for those who over report education level and household size.

Figures 4.4(a) and 4.4(b) illustrate the scatterplots for the predicted probabili-

ties of over and under reporting respectively for education and household size. In

Figure 4.4(a) and less visually obvious in Figure 4.4(b), the association between

the two predicted probabilities seems to be negative. This means that some inter-

viewers are assigned to people who over report their education level (or household

size) whereas others are assigned to people who under report their education level

(or household size). This strengthens the explanation given for the neglected in-

terviewer effects from the two–level random intercept logistic models in Section

4.4.1.

Figures 4.5(a) and 4.5(b) illustrate the box–plots for the predicted probabilities

for the three categories of the measurement error indicators for each interviewer

from respectively the empty model and the model controlling for explanatory

variables for education. Investigating these plots, it seems that there is a smaller

interviewer–level variation for the predicted probabilities after controlling for gen-

der, age and area (Figure 4.5(b)) compared to the variation in the plots in Figure

4.5(a). This could mean that these social and geographical characteristics explain



138 Chapter 4 Interviewer Effects on Measurement Error

T
ab

le
4.

13
:

P
ar

am
et

er
es

ti
m

at
es

(w
it

h
st

an
d
ar

d
er

ro
rs

in
p
ar

en
th

es
is

)
fo

r
th

e
ra

n
d
om

in
te

rc
ep

t
m

u
lt

in
om

ia
l

m
o
d
el

co
n
tr

ol
li
n
g

fo
r

ex
p
la

n
at

or
y

va
ri

ab
le

s

E
d

u
ca

ti
on

H
ou

se
h

ol
d

si
ze

F
ix

ed
eff

ec
ts

C
at

eg
or

ie
s

lo
g
(π

2
jk
/π

1
jk

)
lo

g
(π

3
jk
/π

1
jk

)
lo

g
(π

2
jk
/π

1
jk

)
lo

g
(π

3
jk
/π

1
jk

)

C
on

st
an

t
-0

.7
17

(0
.2

01
)

-5
.2

82
(0

.6
84

)
-0

.3
44

(0
.2

05
)

-1
.5

39
(0

.3
19

)

G
en

d
er

F
em

al
e

-0
.3

24
(0

.1
31

)
**

0.
29

4
(0

.2
42

)
-0

.7
31

(0
.1

41
)

**
-0

.2
95

(0
.2

01
)

A
ge

gr
ou

p
31

–
66

-0
.3

81
(0

.1
45

)
**

1.
35

6
(0

.5
81

)
**

-0
.5

50
(0

.1
50

)
**

-0
.7

99
(0

.2
17

)
**

O
ve

r
66

-1
.1

89
(0

.2
67

)
**

2.
95

3
(0

.5
87

)
**

-2
.3

93
(0

.3
55

)
**

-1
.8

15
(0

.4
16

)
**

A
re

a
H

ed
m

ar
k

an
d

O
p

p
la

n
d

0.
34

6
(0

.2
83

)
1.

09
3

(0
.5

86
)

**
-0

.1
54

(0
.3

25
)

0.
44

6
(0

.4
54

)

S
ou

th
E

as
te

rn
0.

07
8

(0
.2

17
)

0.
67

4
(0

.4
88

)
0.

01
3

(0
.2

23
)

0.
13

5
(0

.3
63

)

A
gd

er
an

d
R

og
al

an
d

-0
.0

79
(0

.2
33

)
0.

94
8

(0
.5

12
)

*
-0

.4
20

(0
.2

50
)

*
-0

.4
87

(0
.4

29
)

W
es

te
rn

N
or

w
ay

-0
.2

83
(0

.2
32

)
0.

52
5

(0
.5

02
)

-0
.2

25
(0

.2
37

)
0.

16
6

(0
.3

61
)

T
ro

en
d

el
ag

-0
.2

83
(0

.2
79

)
1.

07
5

(0
.5

16
)

**
-0

.0
32

(0
.2

73
)

-0
.7

93
(0

.5
29

)

N
or

th
er

n
N

or
w

ay
-0

.4
19

(0
.2

90
)

0.
53

2
(0

.5
83

)
-0

.1
16

(0
.2

84
)

0.
18

1
(0

.4
35

)

R
an

d
om

eff
ec

ts

σ
2 u

(2
)

0

0.
05

2
(0

.0
31

)
*

0.
06

6
(0

.0
39

)
*

σ
2 u

(3
)

0

0.
26

1
(0

.1
68

)
0.

30
7

(0
.1

92
)

σ
u

(2
)

0
u

(3
)

0
0.

01
4

(0
.0

48
)

0.
04

0
(0

.0
61

)

T
h

e
b

as
el

in
e

ca
te

g
or

ie
s

fo
r

th
e

ex
p

la
n

at
or

y
va

ri
ab

le
s

ar
e

M
al

e,
15

–
30

an
d

O
sl

o
an

d
A

ke
rs

h
u
s.

*
p
<

0.
10

;
**

p
<

0.
05



Chapter 4 Interviewer Effects on Measurement Error 139

most of the level–two variation. Similar comments can also be made about the

variation in the plots in Figures 4.5(c) and 4.5(d).

Clearly, coding the measurement error indicators into more categories provided

more information about how the measurement error varies. In Figures 4.5(b) and

4.5(d), the box–plots on the upper left represent predicted probabilities for the no

measurement error category. Apparently, even after controlling for gender, age and

area, there is still a bit of unexplained variation left. Thus, one can disaggregate

this no measurement error category into more categories and try to find other

hidden effects.

(a) Education (b) Household size

Figure 4.4: Scatterplot for the predicted probabilities of under reporting
versus over reporting for education and household size
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(a) Empty model for education (b) Model controlling for explanatory variables for
education

(c) Empty model for household size (d) Model controlling for explanatory variables for
household size

Figure 4.5: Box–plots of the predicted probabilities of multinomial models
for measurement error indicators for education and household size

4.4.3 Modelling the five category measurement error indi-

cator

Now, the measurement error indicators are coded into five category variables as

presented in Table 4.14 for education and in Table 4.15 for household size. The

meaning for each category of these variables is the same as in Section 4.3.

The parameter estimates in Tables 4.16 and 4.17 for the fitted two–level random

intercept multinomial (empty) models, for education and household size, suggest
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that, surprisingly, there is evidence of level–two effects on the measurement error

and no measurement error categories.

Table 4.14: Coding for the cross–tabulation for education
from ESS–Norway and from register with five categories

Education from Education from register

survey Low Middle High

Low 1 5 5

Middle 4 2 5

High 4 4 3

Table 4.15: Coding for the cross–tabulation for household
size from ESS–Norway and from register with five categories

Household size Household size from register

from survey 1 person 2 people 3+ people

1 person 1 5 5

2 people 4 2 5

3+ people 4 4 3
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Table 4.16: Parameter estimates (with standard errors in parenthesis) for the
random intercept multinomial model (empty model) for reporting education

Fixed effects log(π2jk/π1jk) log(π3jk/π1jk) log(π4jk/π1jk) log(π5jk/π1jk)

Constant 0.628 (0.107) 0.638 (0.118) 0.278 (0.113) -1.198 (0.165)

Random effects

σ2

u
(2)
0

0.310 (0.087) **

σ2

u
(3)
0

0.606 (0.181) **

σ2

u
(4)
0

0.354 (0.107) **

σ2

u
(5)
0

0.503 (0.183) **

σ
u

(2)
0 u

(3)
0

0.020 (0.093)

σ
u

(2)
0 u

(4)
0

0.061 (0.072)

σ
u

(2)
0 u

(5)
0

0.036 (0.087)

σ
u

(3)
0 u

(4)
0

0.173 (0.113)

σ
u

(3)
0 u

(5)
0

0.055 (0.136)

σ
u

(4)
0 u

(5)
0

0.052 (0.100)

* p < 0.10; ** p < 0.05

Table 4.17: Parameter estimates (with standard errors in parenthesis) for the
random intercept multinomial model (empty model) for reporting household size

Fixed effects log(π2jk/π1jk) log(π3jk/π1jk) log(π4jk/π1jk) log(π5jk/π1jk)

Constant 0.486 (0.112) 0.829 (0.103) 0.239 (0.112) -0.780 ( 0.147)

Random effects

σ2

u
(2)
0

0.421 (0.133) **

σ2

u
(3)
0

0.324 (0.097) **

σ2

u
(4)
0

0.312 (0.093) **

σ2

u
(5)
0

0.456 (0.154) **

σ
u

(2)
0 u

(3)
0

0.112 (0.087)

σ
u

(2)
0 u

(4)
0

0.100 (0.086)

σ
u

(2)
0 u

(5)
0

0.060 (0.100)

σ
u

(3)
0 u

(4)
0

0.089 (0.073)

σ
u

(3)
0 u

(5)
0

0.008 (0.083)

σ
u

(4)
0 u

(5)
0

0.043 (0.083)

* p < 0.10; ** p < 0.05
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Controlling for gender, age and area in the model for reporting education level

(Table 4.18), women are less likely to over report education level than men, people

aged 31 to 66 year old are more likely to over report education level, whereas older

people (over 66 years old) are less likely to over report education level than younger

people and people from Troendelag and Northern Norway are less likely to over

report education level than people from Oslo and Akershus. Whilst, in the model

for reporting household size (Table 4.19), women are less likely to over report

the household size than men and older people (over 31 years old) are less likely

to over report household size than younger people. The above interpretations

are based on the predicted probabilities for the measurement error indicators of

reporting education level and household size for each category of the explanatory

variables in Tables 4.20 and 4.21. Note further that even after controlling for

these confounding effects, there is still evidence of significant interviewer effects on

measurement error, especially for the over reporting category. Therefore, one may

conclude that the over reporting measurement error may be driven by interviewer.
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Table 4.20: Predicted probabilities for the measurement error indicator
for reporting education (5 categories) for each category of the explanatory
variables

Explanatory variables p̂1 p̂2 p̂3 p̂4 p̂5

Male 0.11 0.35 0.27 0.25 0.03
Female 0.16 0.27 0.33 0.19 0.04
Age group 1 (15 30) 0.30 0.25 0.15 0.29 0.01
Age group 2 (31 66) 0.08 0.29 0.38 0.22 0.03
Age group 3 (over 66) 0.23 0.33 0.18 0.09 0.17
Region 1 (Oslo and Akershus) 0.08 0.19 0.48 0.23 0.02
Region 2 (Hedmark and Oppland) 0.16 0.21 0.29 0.29 0.05
Region 3 (South Eastern) 0.14 0.32 0.26 0.24 0.03
Region 4 (Agder and Rogaland) 0.14 0.36 0.24 0.21 0.04
Region 5 (Western Norway) 0.12 0.41 0.25 0.18 0.03
Region 6 (Troendelag) 0.15 0.35 0.27 0.18 0.05
Region 7 (Northern Norway) 0.22 0.34 0.23 0.17 0.03

Table 4.21: Predicted probabilities for the measurement error indicator for
reporting household size (5 categories) for each category of the explanatory
variables

Explanatory variables p̂1 p̂2 p̂3 p̂4 p̂5

Male 0.16 0.26 0.21 0.28 0.09
Female 0.18 0.26 0.30 0.17 0.08
Age group 1 (15 30) 0.08 0.06 0.47 0.28 0.11
Age group 2 (31 66) 0.12 0.23 0.39 0.20 0.06
Age group 3 (over 66) 0.36 0.57 0.00 0.04 0.03
Region 1 (Oslo and Akershus) 0.22 0.23 0.22 0.24 0.08
Region 2 (Hedmark and Oppland) 0.22 0.30 0.17 0.19 0.12
Region 3 (South Eastern) 0.15 0.27 0.24 0.24 0.10
Region 4 (Agder and Rogaland) 0.21 0.21 0.33 0.19 0.06
Region 5 (Western Norway) 0.14 0.25 0.30 0.21 0.11
Region 6 (Troendelag) 0.19 0.28 0.25 0.25 0.04
Region 7 (Northern Norway) 0.10 0.37 0.22 0.21 0.10

The box–plots for the predicted probabilities for the five categories of the mea-

surement error indicators for each interviewer from the models controlling for

explanatory variables in Figures 4.6(b) and 4.6(d) show reduction of interviewer–

level variation within all the categories compared to the plots for the empty models
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(Figures 4.6(a) and 4.6(c)). These reductions are especially smaller for the cate-

gories representing measurement error.

(a) Empty model for education (b) Model controlling for explanatory variables for
education

(c) Empty model for household size (d) Model controlling for explanatory variables for
household size

Figure 4.6: Box–plots of the predicted probabilities of multinomial models
for five category measurement error indicators for education and household
size

In the box–plots in Figures 4.6(a) to 4.6(d), one can perceive that there is a

considerable variability for some of the categories that represent no measurement

error, i.e. agreement on category 2 and category 3 of education and household size.

This variability may be due to interviewer assignment effects, meaning that some

interviewers are more assigned to sampled units that agreed on category 2 of the

variables on both ESS–Norway and register, whereas some other interviewers are

more assigned to sample units that agreed on category 3 of the variables. The
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scatterplots matrices in Figures 4.7(a) and 4.7(b) show the association between

the predicted probabilities for these two categories (p2hat and p3hat).

(a) Education

(b) Household size

Figure 4.7: Scatterplots matrix of the predicted probabilities for the mea-
surement error indicator for education and household size

Other categorizations of the measurement error indicators for education and house-

hold size, as well as corresponding fitted models can be found in Appendix G.
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In the residual analysis (please refer to Appendix H to check the residual plots)

for the two–level random intercept multinomial models for three and five measure-

ment error indicators for reporting education and household size, the normality

assumption for the level–two residuals seems reasonable. In addition, the presence

of outliers is not visually detected.

4.5 Conclusions

This study aims to investigate the effects of interviewers on measurement error.

Multilevel models are applied to a dataset that contains data from the 2010 Nor-

wegian sample of the ESS linked to administrative data. Unlike the case in many

other studies on measurement error, the dataset used in the application of the

proposed models contains information on essentially the same variables from both

the survey and the register. Thus, the main contribution of this chapter is to

propose an approach to assess the interviewer effects on measurement error.

The multilevel models considered here are applied to measurement error indicators

created based on the joint distributions of education and household size from the

ESS–Norway and a register. There are three main findings from this research.

Firstly, the estimates from the fitted empty two–level logistic models on binary

measurement error indicators (for education and household size) indicate that the

significant measurement error does not vary by interviewer. In fact, even if the

variance of the random effects was significant, these effects may not be purely

interviewer effects but a combination of interviewer and other confounding effects

such as area effects.
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Secondly, refining the measurement error indicators to have three categories (no

measurement error, over and under reporting) and fitting empty two–level multino-

mial models (for education and household size), interestingly, the estimates suggest

significant level–two effects on measurement error. However, after controlling for

gender, age and area, the interviewer effects are only border line significant for

those who over report education and household size.

Lastly, considering the measurement error indicators with five categories and fit-

ting empty two–level multinomial models (for education and household size), the

estimates suggest significant level–two effects on measurement error. In addition,

after controlling for gender, age and area, there is evidence of significant inter-

viewer effects. Also, irrespective of the number of categories for the measurement

error indicator, the interviewer effects should not be significant if there is no mea-

surement error. Other categorizations for this indicator are considered in the

model fitting process. The analyses for the measurement error indicator with 4 up

to 9 different categories, all provide significant interviewer effects on measurement

error.

One possible limitation of the research in this chapter is the assumption that

the register variables are true measures for the variables observed in the survey.

Although this assumption is often valid, there is the possibility for part of the

register–based information not to correspond to the truth, for instance when such

information is outdated or affected by measurement error as well. In such cases,

one can treat the effects found in this study as interviewer effects on the joint

distribution of the variables, as opposed to the treatment of the variables in the

register as true measures.

Another limitation might be that the identified interviewer effects may not be true

interviewer effects since it was not possible to properly control for area effects,

which are potentially confounded with interviewer effects (Durrant et al., 2010;
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O’Muircheartaigh and Campanelli, 1999). The ideal model to control for these

two effects would be a cross–classified multilevel model. However, the available

area variable consists of seven large regions, which is not disaggregated enough to

try disentangling area and interviewer effects by applying this approach.

The research in this chapter provides a useful way for survey organizations to assess

interviewer effects on measurement error. However, some of these organization

usually avoid asking some questions in the survey when information about these

questions could be acquired from an external (e.g, a register) source. In these

cases, the reduction of the number of questions to be measured in the survey may

be a strategy to lessen the interviewer workload and to avoid that individuals

have to respond to a long questionnaire. However, at least for key variables that

may be susceptible to measurement error, the findings from this study suggest

that survey practitioners should attempt to measure these variables in the survey

as well, so that by having data from the two sources, the models proposed in

the chapter could be applied. This methodology is therefore a useful tool to, for

example, monitor interviewers performance as well as to identify where to improve

interviewer training to avoid the occurrence of measurement error.

On one hand, if the measurement error was detected as a result of a monitoring

process of the performance of interviewers, a next step would be to intensify inter-

viewer training as an attempt to minimize the occurrence of measurement error on

variables of interest in a future survey. On the other hand, given that some esti-

mates are affected by measurement error, a next step would be to apply a suitable

adjustment method for measurement error. These methods are well documented

in the literature as, for instance, in the general references Fuller (1987), Carroll

et al. (2006) and Buonaccorsi (2010).
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As a suggestion for further work considering the ESS–Norway, it would be inter-

esting to have access to another area variable consisting of, for instance, the allo-

cation of interviewers by districts or postcode sectors to enable using this variable

as one of the level–two variables in cross–classified multilevel models to properly

separate interviewer and area effects. Alternatively, the application of the pro-

posed models to another linked dataset containing this type of area variable could

also be interesting to improve the models discussed in this chapter. Furthermore,

measurement error and nonresponse bias may be connected in a survey since in-

terviewer additional efforts to reduce nonresponse may exacerbate the occurrence

of measurement error (West and Olson, 2010; Olson, 2006; Olson and Kennedy,

2006). However, the methodology discussed in this chapter does not take into

account the nonrespondents. Thus, in order to investigate the role of interviewers

in this scenario, a different model should be proposed.

Another idea for future research in the context of Chapter 4 is when continuous de-

pendent variables from the survey (y∗ij) and the same variables from administrative

data (ỹij) are available. The analysis of the interviewer effects on measurement

error on variables of interest could be performed by considering multilevel models

(with random interviewer effects) for continuous data. In these models, the inter-

viewer effects can be assessed by defining the response variable as the difference

between y∗ij and ỹij. Alternatively, depending on the distribution of the variables

of interest, the dependent variable can be defined as the ratio y∗ij/ỹij or log(y∗ij/ỹij).



Chapter 5

General Conclusions

This study aims to detect empirically interviewer effects on nonresponse bias and

measurement error in sample surveys. It is recognized that nonresponse and mea-

surement error are threats to data quality because of selection bias and inaccurate

reportage. In interviewer–administered surveys, interviewers may have an effect

on nonrespondents and respondents. If the respondent pool has characteristics

that differ from those in the nonrespondent pool, this can lead to nonresponse

bias. Whilst if respondents misreport the required information or interviewers fail

to convey the respondent answers accurately, this may lead to measurement error.

This chapter provides a summary of the main findings from Chapters 2, 3 and 4.

In addition, it presents a discussion of potential limitations of the study as well as

recommendations for future work.

In Chapter 2, the main contributions are to introduce a novel approach to assess

nonresponse bias and in particular to assess the interviewer effects on nonresponse

bias using multilevel models. In this approach, a binary response indicator is

used as one of the explanatory variables in the model. In addition to a random

intercept, a random coefficient is introduced for the response indicator to investi-

gate the effects of interviewers on nonresponse bias. This approach contrasts with

153



154 Chapter 5 General Conclusions

some applications of multilevel models in the literature to investigate interviewer

effects. For instance, Loosveldt and Beullens (2014) consider models having a ran-

dom intercept and random slopes for each explanatory variable using the response

indicator as the dependent variable of the model. Chapter 2 also discusses an ap-

plication to support the proposed method using a cross–sectional dataset from the

2001 UK Labour Force Survey (LFS) linked to census records. The key advantage

of having census linked data in this study is that information on respondents and

nonrespondents are available, which is essential for the analysis of nonresponse

bias.

The proposed models in Chapter 2 are applied to the dependent variables em-

ployment indicator and academic qualification indicator. In the analyses for the

indicator of employment, it is found that, on average, there is no nonresponse bias

or evidence of interviewer effects on nonresponse bias. On the other hand, in the

analyses for the indicator of academic qualification, on average, there is nonre-

sponse bias and also evidence of interviewer effects on nonresponse bias. The fact

that the nonresponse bias is not significant for employment but it is significant for

academic qualification is supported in the literature. For example, Groves (2006)

and Groves and Peytcheva (2008) report that different estimates within a survey

may vary with respect to nonresponse bias. Another finding from the research

in Chapter 2 is that the interviewer assignment effect (the effect resulting from

differential assignment of interviewer with respect to the yet to be collected depen-

dent variable) is significant. It is possible that interviewer and area effects may be

confounded. Then, as an attempt to separate these two effects, a cross–classified

model is considered and both the interviewer assignment effect and the area effect

are significant. This may mean that the cross–classified model is not successful

in disentangling these effects. However, an investigation of the interviewer–level

residuals suggests that three interviewers are unusually assigned. After that, the
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cross–classified models are refitted without the cases from these three interviewers.

As a result, the interviewer assignment effects initially attributed to interviewers

are actually due to areas. This finding highlights the importance of a thorough

residual analysis to identify possible unusual behaviour in the data. Finally, after

removing these cases, even though the assignment of interviewers to sampled units

is not at random (interpenetration), the cross–classified model seems to correctly

disentangle these two random effects. Most importantly, it is found evidence that

the nonresponse bias may be driven by interviewers.

Potential limitations in the research in Chapter 2 may be due to a large number of

deleted cases from the LFS dataset. Also, in the analysis, 80 cases were assigned

as respondents as a working assumption. However, these cases could all belong to

the nonrespondent pool, or only part of them could belong to the nonrespondent

pool or they all could actually belong to the respondent pool. Although they

are only a small number of cases, further analysis assigning these 80 cases as

nonresponse or discarding them from the sample is needed to analyse the impact

of this assumption on the results.

In Chapter 3, the main contribution is to investigate further the assessment of

interviewer effects on nonresponse bias under different survey conditions than those

in Chapter 2. In contrast to Chapter 2, where the dataset used comes from the

linkage of a cross–sectional face–to–face survey and individual census records, the

focus in this chapter is on datasets from different data collection modes: a CATI

survey, the Dutch Consumer Confidence Survey (CCS) and a longitudinal study,

the British Household Panel Survey (BHPS). Another distinction from Chapter 2

is that these datasets are linked to other sources of auxiliary variables, since census

records are not available. For the CCS, the source of auxiliary variables linked to

the survey data in order to acquire information on respondents and nonrespondents

is administrative data. Whilst for the BHPS, time invariant variables from its first
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wave are linked to respondents and nonrespondents from wave 10. This further

investigation in Chapter 3 provides then a way to shed some light to the restricted

literature that nonresponse biases are larger for telephone than to face–to–face

surveys (Biemer, 2001).

Multilevel logistic models similar to those considered in Chapter 2 are used to

analyse the datasets. The models are fitted for the dependent variables jobs in

the household, type of housing and size of household from the CCS linked dataset,

and father working and mother working indicators from the BHPS dataset. One

important finding from the analysis for the dependent variables from the CCS

linked dataset is that there are no interviewer assignment effects. Additionally,

on average, there is nonresponse bias and initially there is evidence of interviewer

effects on nonresponse bias. However, after controlling for gender and age of the

respondents not only the random interviewer effects are no longer significant, but

also a reduction in the nonresponse bias is observed. Although the bias is still

significant, it is clear that part of the nonresponse bias is explained by controlling

for gender and age for all three dependent variables from the CCS linked dataset.

Therefore, one should include in the data analysis the explanatory variables gender

and age to try to reduce the nonresponse bias. For the dependent variables from

the BHPS dataset, there are significant interviewer assignment effects. Then, after

controlling for the cross–classification of interviewer and area random effects, for

father working indicator, the interviewer assignment effects are no longer signif-

icant. Also, the nonresponse bias reduces after controlling for age and ethnicity

of the respondents. By contrast, for mother working indicator, even allowing for

the cross–classification between interviewer and area effects, these effects are still

entangled. In addition, there is some evidence of nonresponse bias.

The conclusions of the analyses in Chapter 3 may be weakened due to the linkage



Chapter 5 General Conclusions 157

of household–level instead of individual–level variables with the CCS data. Fur-

thermore, the comparison between wave 1 and wave 10 of the BHPS may have

implications for the analyses of interviewer effects. For instance, it is likely that

some of those identified as nonresponders at wave 10 were also nonresponders at

earlier waves. If they were assigned different interviewers at earlier waves, i.e.,

if there was not interviewer continuity (Campanelli and O’Muircheartaigh, 1999),

then the cause of nonresponse would actually be these earlier interviewers, and

the interviewer effects may be confounded with earlier interviewers.

Another limitation for the results in Chapter 3 is because a number of respondent

and nonrespondent cases were deleted from the BHPS dataset in the process of

merging data from wave 1 with data from wave 10 as well as cases without inter-

viewer ID. Thus, the way the analyses are conducted, based on a dataset having a

9.5% nonresponse rate, may be seen as a relatively straightforward approach to de-

tect nonresponse bias. However, if the deleted cases were indeed selective cases, in

the sense that they do have different characteristics than those of the respondents,

then the analyses for BHPS variables may not be correct. In this case, a more

complex approach, such as by imputing values for the cases that had been deleted

to take into account their missing information, would be advisable to potentially

address the assessment of nonresponse bias. Such an approach, however, has the

drawback of requiring more assumptions and models to be safely employed.

The importance of the findings of this thesis regarding the assessment of inter-

viewer effects on nonresponse bias is that these effects are investigated under

different survey conditions. Although the interviewer effects observed across the

three different surveys in the analyses of nonresponse bias cannot be compared

directly since these surveys are from different populations and survey topics, some

of the findings in this research are consistent for a specific survey mode. The anal-

yses undertaken provide therefore a type of sensitivity analysis for the results. For
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instance, for the two face–to–face surveys (LFS and BHPS) there are initially sig-

nificant interviewer assignment effects, whereas for the CATI survey (CCS) these

effects are not significant at all. One plausible explanation is that in the CATI

survey interviewers are randomly assigned to sampled units, i.e., the survey design

is approximately interpenetrated (Campanelli and O’Muircheartaigh, 1999). On

the other hand, other findings are common across survey modes. For example,

there is evidence of nonresponse bias and of interviewer effects on nonresponse

bias for a dependent variable from the LFS linked dataset and from the dependent

variables from the CCS linked dataset.

One important practical implication for the detection of these interviewer effects

is that it could be integrated an overall strategy to better allocate the survey

resources in order to control the total survey error. For example, time and fi-

nancial resources would only be invested in improving interviewer training given

there is evidence that the interviewers affect the nonresponse biases significantly.

Even if those effects are not found to be significant, the organizations could also

report the application of the proposed methodology as part of their quality mon-

itoring of the estimates produced, increasing the survey users trust on the survey

results. In addition, lessons could be learnt from those interviewers that intro-

duce small or no bias. So, survey agencies should pay attention to what these

interviewers do in the field and use this knowledge to train the other interview-

ers accordingly. Furthermore, if interviewer characteristics are available in the

dataset, these characteristics could be included in the models in order to examine

whether the interviewer–level variation decreases. Also, the model could include

an interaction between interviewer characteristics and the response indicator to

investigate the interviewer effects within groups of interviewers.

In the context of interviewer effects on nonresponse bias, it would be interest-

ing for future work to apply multilevel multinomial model to variables of interest
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with more than two categories and also consider response indicators with more

than two categories such as response, refusal and noncontact. In addition, in-

terviewer’s characteristics could also be controlled in the models to check if the

interviewer–level variation is explained by this inclusion. Furthermore, the inclu-

sion of household effects in the models could be worthy pursuing since nonresponse

seems to be largely a household feature rather than a property of individuals.

In Chapter 4, the main contribution is to introduce an intuitive method to assess

interviewer effects on measurement error. Some studies in the literature investigate

interviewer effects on measurement error on survey estimates by looking at the

proportion of the total interviewer variance that is due to this source of error

(West and Olson, 2010; West et al., 2013). In this study, multilevel logistic models

with interviewer random effects are applied to measurement error indicators that

are created based on the joint distributions for the pairs of essentially the same

variables from a survey and from administrative data. This chapter also describes

an application to support the proposed method making use of a rich dataset that

contains the observed variables from the 2010 Norwegian sample of the European

Social Survey (ESS–Norway) linked to the “true” variables from administrative

records.

The proposed models in Chapter 4 are applied to measurement error indicators

for the variables education level and household size. The fitted models for the

binary measurement error indicators suggest that the measurement errors do not

vary by interviewers, i.e., there is no evidence of interviewer effects. Interestingly,

the estimates from the empty models considering the three category measurement

error indicators suggest that interviewer effects are significant for both under and

over reporting of education and household size. However, after controlling for

gender, age and area in the models, the interviewer effects are only borderline

significant for those who over report education and household size. On the other
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hand, for the five category measurement indicators, the model estimates indicate

evidence of interviewer effects on measurement error. Generally, for the three

different fitted models, the estimates, considering the measurement indicators for

both variables, education level and household size, behave roughly the same. Also,

irrespective of the number of categories for the measurement error indicator, the

interviewer effects should not be significant if there is no measurement error. Other

categorizations for this indicator are considered in the model fitting process. The

analyses for the measurement error indicator with 4 up to 9 different categories,

all provide significant interviewer effects on measurement error.

One possible limitation of the research in Chapter 4 is the assumption that the reg-

ister variables are true measures for the variables observed in the survey. Although

this assumption is often valid, there is the possibility for part of the register–based

information not to correspond to the truth, for instance when such information is

outdated or affected by measurement error as well. In such cases, one can treat

the effects found in this study as interviewer effects on the joint distribution of

the variables, as opposed to the treatment of the variables in the register as true

measures.

The results in Chapter 4 might be also limited because the identified interviewer

effects may not be true interviewer effects since it was not possible to properly

control for area effects, which are potentially confounded with interviewer effects

(Durrant et al., 2010; O’Muircheartaigh and Campanelli, 1999). The ideal model to

control for these two effects would be a cross–classified multilevel model. However,

the available area variable consists of seven large regions, which is not disaggre-

gated enough to try disentangling area and interviewer effects by applying this

approach.

The research in Chapter 4 provides a useful way for survey organizations to assess

interviewer effects on measurement error. However, some of these organization
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usually avoid asking some questions in the survey when information about these

questions could be acquired from an external (e.g, a register) source. In these

cases, the reduction of the number of questions to be measured in the survey may

be a strategy to lessen the interviewer workload and to avoid that individuals

have to respond to a long questionnaire. However, at least for key variables that

may be susceptible to measurement error, the findings in Chapter 4 suggest that

survey practitioners should attempt to measure these variables in the survey as

well, so that by having data from the two sources, the models proposed in the

chapter could be applied. This methodology is therefore a useful tool to, for

example, monitor interviewers performance as well as to identify where to improve

interviewer training to avoid the occurrence of measurement error.

As a suggestion for further work considering the ESS–Norway, it would be inter-

esting to have access to another area variable consisting of, for instance, the allo-

cation of interviewers by districts or postcode sectors to enable using this variable

as one of the level–two variables in cross–classified multilevel models to properly

separate interviewer and area effects. Alternatively, the application of the pro-

posed models to another linked dataset containing this type of area variable could

also be interesting to improve the models discussed in this chapter. Furthermore,

measurement error and nonresponse bias may be connected in a survey since in-

terviewer additional efforts to reduce nonresponse may exacerbate the occurrence

of measurement error (West and Olson, 2010; Olson, 2006; Olson and Kennedy,

2006). However, the methodology discussed in this chapter does not take into

account the nonrespondents. Thus, in order to investigate the role of interviewers

in this scenario, a different model should be proposed.

Another idea for future research in the context of Chapter 4 is when continuous de-

pendent variables from the survey (y∗ij) and the same variables from administrative

data (ỹij) are available. The analysis of the interviewer effects on measurement
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error on variables of interest could be performed by considering multilevel models

(with random interviewer effects) for continuous data. In these models, the inter-

viewer effects can be assessed by defining the response variable as the difference

between y∗ij and ỹij. Alternatively, depending on the distribution of the variables

of interest, the dependent variable can be defined as the ratio y∗ij/ỹij or log(y∗ij/ỹij).

The findings regarding interviewer effects on nonresponse bias and measurement

error from the applications of models discussed in this thesis should be seen as a

guidance for possible decisions. This limitation results from the general issue that

causal–and–effect relationships are harder to be established from the statistical

analyses solely, when the data come from observational studies. Thus, extension of

the findings to other surveys may not follow directly. However, the methodologies

proposed to assess the interviewer effects can be applied to any other survey, as

long as it contains the essential variables for these analyses.
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Appendix A

Additional Tables for the LFS
Linked Dataset

Table A.1: Frequency distribution for gender (LFS linked dataset)

Gender Frequency Percent

1 Male 2323 48.9
2 Female 2425 51.1
Total 4748 100.0

Table A.2: Frequency distribution for marital status (LFS linked dataset)

Marital status Frequency Percent

1 Single (Never married) 1555 32.8
2 Married (First marriage) 2175 45.8
3 Re–married 412 8.7
4 Separated (but still legally married) 123 2.6
5 Divorced 399 8.4
6 Widowed 84 1.8
Total 4748 100.0
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Table A.3: Frequency distribution for student indicator (LFS linked
dataset)

Student indicator Frequency Percent

1 Full–time 335 7.1
2 Not full–time 4413 92.9
Total 4748 100.0

Table A.4: Frequency distribution for health (LFS linked dataset)

Health Frequency Percent

1 Good 3376 71.1
2 Fairly good 976 20.6
3 Not good 396 8.3
Total 4748 100.0

Table A.5: Frequency distribution for carer (LFS linked dataset)

Carer Frequency Percent

1 Not a carer 4111 86.6
2 1-19 hrs care a week 434 9.1
3 20-49 hrs care a week 76 1.6
4 50+ hrs care a week 127 2.7
Total 4748 100.0

Table A.6: Frequency distribution for pensioner indicator (LFS linked
dataset)

Pensioner indicator Frequency Percent

0 Not of pensionable age 4543 95.7
1 Of pensionable age 205 4.3
Total 4748 100.0

Table A.7: Frequency distribution for dependent child (LFS linked
dataset)

Dependent child Frequency Percent

0 Not a dependent child 4563 96.1
1 Dependent child 185 3.9
Total 4748 100.0
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Table A.8: Frequency distribution for highest qualification (LFS linked
dataset)

Highest qualification Frequency Percent

0 No academic qualification 1222 25.7
1 O levels GCSEs A levels other 2252 47.4
2 First degree Higher degree NVQ levels 965 20.3
3 Other qualifications 309 6.5
Total 4748 100.0

Table A.9: Frequency distribution for age (LFS linked dataset)

Age Frequency Percent

2 16 – 34 1716 36.1
3 35 – 49 1645 34.6
4 50 – 64 1387 29.2
Total 4748 100.0

Table A.10: Frequency distribution for urban/rural indicator (LFS linked
dataset)

Urban/rural indicator Frequency Percent

1 Urban 4235 89.2
2 Rural 513 10.8
Total 4748 100.0

Table A.11: Frequency distribution for ethnic group (LFS linked dataset)

Ethnic group Frequency Percent

1 White group 4462 94.0
2 Mixed group 28 0.6
3 Asian group 129 2.7
4 Black Group 66 1.4
5 Other group 63 1.3
Total 4748 100.0





Appendix B

Additional Tables for the CCS
and BHPS Datasets

Table B.1: Frequency distribution for gender (CCS linked dataset)

Gender Frequency Percent

1 Male 1766 10.9
2 Female 3523 21.7
3 Mixed 10976 67.5
Total 16265 100.0

Table B.2: Frequency distribution for age (CCS linked dataset)

Age group Frequency Percent

1 0 – 24 171 1.1
2 25 – 29 661 4.1
3 30 – 34 1118 6.9
4 35 – 39 1441 8.9
5 40 – 44 1618 9.9
6 45 – 49 1666 10.2
7 50 – 54 1559 9.6
8 55 – 59 1802 11.1
9 60 – 64 1373 8.4

10 65 – 69 1252 7.7
11 70 and older 3604 22.2
Total 16265 100.0
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Table B.3: Frequency distribution for gender (BHPS dataset)

Gender Frequency Percent

1 Male 3017 45.7
2 Female 3579 54.3
Total 6596 100.0

Table B.4: Frequency distribution for age (BHPS dataset)

Age Frequency Percent

1 16 – 34 1003 15.2
2 35 – 49 2116 32.1
3 50 + 3477 52.7
Total 6596 100.0

Table B.5: Frequency distribution for ethnicity (BHPS dataset)

Ethnic group Frequency Percent

1 White 6392 96.9
2 Nonwhite 204 3.1
Total 6596 100.0
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Cross–tabulations of CCS
Variables

Table C.1: Cross tabulation of jobs in household and response indicator
(CCS linked dataset)

Jobs in household

Response indicator No job At least 1 job Total

Nonresponse Count 2470 2271 4741
% 52.1 47.9 100.0

Response Count 4422 7102 11524
% 38.4 61.6 100.0

Total Count 6892 9373 16265
% 42.4 57.6 100.0

Table C.2: Cross tabulation of jobs in household and gender (CCS linked
dataset)

Jobs in household

Gender No job At least 1 job Total

Male Count 888 878 1766
% 50.3 49.7 100.0

Female Count 2542 981 3523
% 72.2 27.8 100.0

Mixed Count 3462 7514 10976
% 31.5 68.5 100.0

Total Count 6892 9373 16265
% 42.4 57.6 100.0
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Table C.3: Cross tabulation of jobs in household and marital status (CCS
linked dataset)

Jobs in household

Marital status No job At least 1 job Total

Not married Count 644 1952 2596
% 24.8 75.2 100.0

Married Count 3396 6228 9624
% 35.3 64.7 100.0

Widowed Count 2221 160 2381
% 93.3 6.7 100.0

Divorced Count 523 656 1179
% 44.4 55.6 100.0

Registered partner Count 10 42 52
% 19.2 80.8 100.0

Multiple household Count 98 335 433
% 22.6 77.4 100.0

Total Count 6892 9373 16265
% 42.4 57.6 100.0
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Table C.4: Cross tabulation of jobs in household and age (CCS linked
dataset)

Jobs in household

Age No job At least 1 job Total

0 – 24 Count 39 132 171
% 22.8 77.2 100.0

25 – 29 Count 20 641 661
% 3.0 97.0 100.0

30 – 34 Count 69 1049 1118
% 6.2 93.8 100.0

35 – 39 Count 132 1309 1441
% 9.2 90.8 100.0

40 – 44 Count 167 1451 1618
% 10.3 89.7 100.0

45 – 49 Count 189 1477 1666
% 11.3 88.7 100.0

50 – 54 Count 243 1316 1559
% 15.6 84.4 100.0

55 – 59 Count 494 1308 1802
% 27.4 72.6 100.0

60 – 64 Count 890 483 1373
% 64.8 35.2 100.0

65 – 69 Count 1100 152 1252
% 87.9 12.1 100.0

70 and older Count 3549 55 3604
% 98.5 1.5 100.0

Total Count 6892 9373 16265
% 42.4 57.6 100.0

Table C.5: Cross tabulation of type of housing and response indicator
(CCS linked dataset)

Type of housing

Response indicator Rental Owned Total

Nonresponse Count 2155 2586 4741
% 45.5 54.5 100.0

Response Count 4061 7463 11524
% 35.2 64.8 100.0

Total Count 6216 10049 16265
% 38.2 61.8 100.0
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Table C.6: Cross tabulation of type of housing and gender (CCS linked
dataset)

Type of housing

Gender Rental Owned Total

Male Count 927 839 1766
% 52.5 47.5 100.0

Female Count 2308 1215 3523
% 65.5 34.5 100.0

Mixed Count 2981 7995 10976
% 27.2 72.8 100.0

Total Count 6216 10049 16265
% 38.2 61.8 100.0

Table C.7: Cross tabulation of type of housing and marital status (CCS
linked dataset)

Type of housing

Marital status Rental Owned Total

Not married Count 1209 1387 2596
% 46.6 53.4 100.0

Married Count 2584 7040 9624
% 26.8 73.2 100.0

Widowed Count 1548 833 2381
% 65.0 35.0 100.0

Divorced Count 714 465 1179
% 60.6 39.4 100.0

Registered partner Count 13 39 52
% 25.0 75.0 100.0

Multiple household Count 148 285 433
% 34.2 65.8 100.0

Total Count 6216 10049 16265
% 38.2 61.8 100.0
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Table C.8: Cross tabulation of type of housing and age (CCS linked
dataset)

Type of housing

Age Rental Owned Total

0 – 24 Count 100 71 171
% 58.5 41.5 100.0

25 – 29 Count 234 427 661
% 35.4 64.6 100.0

30 – 34 Count 337 781 1118
% 30.1 69.9 100.0

35 – 39 Count 357 1084 1441
% 24.8 75.2 100.0

40 – 44 Count 394 1224 1618
% 24.4 75.6 100.0

45 – 49 Count 459 1207 1666
% 27.6 72.4 100.0

50 – 54 Count 434 1125 1559
% 27.8 72.2 100.0

55 –59 Count 582 1220 1802
% 32.3 67.7 100.0

60 – 64 Count 471 902 1373
% 34.3 65.7 100.0

65 – 69 Count 582 670 1252
% 46.5 53.5 100.0

70 and older Count 2266 1338 3604
% 62.9 37.1 100.0

Total Count 6216 10049 16265
% 38.2 61.8 100.0

Table C.9: Cross tabulation of size of household and response indicator
(CCS linked dataset)

Size of household

Response indicator 2 or more 1 Total

Nonresponse Count 3048 1693 4741
% 64.3 35.7 100.0

Response Count 8748 2776 11524
% 75.9 24.1 100.0

Total Count 11796 4469 16265
% 72.5 27.5 100.0
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Table C.10: Cross tabulation of size of household and gender (CCS linked
dataset)

Size of household

Gender 2 or more 1 Total

Male Count 244 1522 1766
% 13.8 86.2 100.0

Female Count 649 2874 3523
% 18.4 81.6 100.0

Mixed Count 10903 73 10976
% 99.3 0.7 100.0

Total Count 11796 4469 16265
% 72.5 27.5 100.0

Table C.11: Cross tabulation of size of household and marital status (CCS
linked dataset)

Size of household

Marital status 2 or more 1 Total

Not married Count 1166 1430 2596
% 44.9 55.1 100.0

Married Count 9457 167 9624
% 98.3 1.7 100.0

Widowed Count 262 2119 2381
% 11.0 89.0 100.0

Divorced Count 458 721 1179
% 38.8 61.2 100.0

Registered partner Count 47 5 52
% 90.4 9.6 100.0

Multiple household Count 406 27 433
% 93.8 6.2 100.0

Total Count 11796 4469 16265
% 72.5 27.5 100.0
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Table C.12: Cross tabulation of size of household and age (CCS linked
dataset)

Size of household

Age 2 or more 1 Total

0 – 24 Count 124 47 171
% 72.5 27.5 100.0

25 – 29 Count 540 121 661
% 81.7 18.3 100.0

30 – 34 Count 881 237 1118
% 78.8 21.2 100.0

35 – 39 Count 1228 213 1441
% 85.2 14.8 100.0

40 – 44 Count 1401 217 1618
% 86.6 13.4 100.0

45 – 49 Count 1448 218 1666
% 86.9 13.1 100.0

50 – 54 Count 1310 249 1559
% 84.0 16.0 100.0

55 – 59 Count 1449 353 1802
% 80.4 19.6 100.0

60 – 64 Count 1035 338 1373
% 75.4 24.6 100.0

65 – 69 Count 887 365 1252
% 70.8 29.2 100.0

70 and older Count 1493 2111 3604
% 41.4 58.6 100.0

Total Count 11796 4469 16265
% 72.5 27.5 100.0

Table C.13: Cross tabulation of mother working and response indicator
(BHPS dataset)

Mother working indicator

Response indicator Not working Working Total

Nonresponse Count 357 268 625
% 57.1 42.9 100.0

Response Count 3275 2696 5971
% 54.8 45.2 100.0

Total Count 3632 2964 6596
% 55.1 55.1 100.0
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Table C.14: Cross tabulation of mother working and response indicator
(BHPS dataset)

Mother working indicator

Gender Not working Working Total

Male Count 1679 1338 3017
% 55.7 44.3 100.0

Female Count 1953 1626 3579
% 54.6 45.4 100.0

Total Count 3632 2964 6596
% 55.1 44.9 100.0

Table C.15: Cross tabulation of mother working and age (BHPS dataset)

Mother working indicator

Age Not working Working Total

< 35 Count 353 650 1003
% 35.2 64.8 100.0

35 – 49 Count 889 1227 2116
% 42.0 58.0 100.0

50+ Count 2390 1087 3477
% 68.7 31.3 100.0

Total Count 3632 2964 6596
% 55.1 44.9 100.0

Table C.16: Cross tabulation of mother working and ethnicity (BHPS
dataset)

Mother working indicator

Ethnicity Not working Working Total

White Count 3501 2891 6392
% 54.8 45.2 100.0

Nonwhite Count 131 73 204
% 64.2 35.8 100.0

Total Count 3632 2964 6596
% 55.1 44.9 100.0
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Table C.17: Cross tabulation of father working and response indicator
(BHPS dataset)

Father working indicator

Response indicator Not working Working Total

Nonresponse Count 69 556 625
% 11.0 89.0 100.0

Response Count 511 5460 5971
% 8.6 91.4 100.0

Total Count 580 6016 6596
% 8.8 91.2 100.0

Table C.18: Cross tabulation of father working and gender (BHPS dataset)

Father working indicator

Gender Not working Working Total

Male Count 258 2759 3017
% 8.6 91.4 100.0

Female Count 322 3257 3579
% 9.0 91.0 100.0

Total Count 580 6016 6596
% 8.8 91.2 100.0

Table C.19: Cross tabulation of father working and age (BHPS dataset)

Father working indicator

Age Not working Working Total

< 35 Count 100 903 1003
% 10.0 90.0 100.0

35 – 49 Count 127 1989 2116
% 6.0 94.0 100.0

50+ Count 353 3124 3477
% 10.2 89.8 100.0

Total Count 580 6016 6596
% 8.8 91.2 100.0
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Table C.20: Cross tabulation of father working and ethnicity (BHPS
dataset)

Father working indicator

Ethnicity Not working Working Total

White Count 543 5849 6392
% 8.5 91.5 100.0

Nonwhite Count 37 167 204
% 18.1 81.9 100.0

Total Count 580 6016 6596
% 8.8 91.2 100.0
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Figure E.1: Map of Norwegian geographical units (areas)



Appendix F

Distributions of ESS–Norway
Explanatory Variables

Table F.1: Frequency distribution for gender (ESS–Norway)

Gender Frequency Percent

Male 803 52.1
Female 737 47.9
Total 1540 100.0

Table F.2: Frequency distribution for age (ESS–Norway)

Age Frequency Percent

15 - 30 364 23.6
31 - 66 950 61.7
Over 66 226 14.7
Total 1540 100.0

Table F.3: Frequency distribution for area (ESS–Norway)

Area Frequency Percent

Oslo and Akershus 314 20.4
Hedmark and Oppland 110 7.1
South Eastern 296 19.2
Agder and Rogaland 255 16.6
Western Norway 271 17.6
Troendelag 152 9.9
Northern Norway 142 9.2
Total 1540 100.0
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Appendix G

Additional Tables for Chapter 4

Table G.1: Coding for the cross-tabulation for education
from ESS-Norway and from register with four categories

Education from Education from register

survey Low Middle High

Low 1 4 4

Middle 4 2 4

High 4 4 3

Table G.2: Parameter estimates (with standard errors in parenthesis) of the ran-
dom intercept multinomial model (empty model) for measurement error on Edu-
cation

Fixed effects log(π2jk/π1jk) log(π3jk/π1jk) log(π4jk/π1jk)

Constant 0.626 (0.104) ** 0.641 (0.119) ** 0.528 (0.105) **

Random effects

σ2

u
(2)
0

0.278 (0.084) **

σ2

u
(3)
0

0.576 (0.179) **

σ2

u
(4)
0

0.284 (0.090) **

σ
u

(2)
0 u

(3)
0

0.015 (0.089)

σ
u

(2)
0 u

(4)
0

0.059 (0.065)

σ
u

(3)
0 u

(4)
0

0.153 (0.104)

* p < 0.10; ** p < 0.05
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Table G.4: Coding for the cross–tabulation for household
size from ESS-Norway and from register with four cate-
gories

Household size Household size from register

from survey 1 person 2 people 3+ people

1 person 1 4 4

2 people 4 2 4

3+ people 4 4 3

Table G.5: Parameter estimates (with standard errors in parenthesis) of the ran-
dom intercept multinomial model (empty model) for measurement error on House-
hold Size

Fixed effects log(π2jk/π1jk) log(π3jk/π1jk) log(π4jk/π1jk)

Constant 0.487 (0.110) ** 0.832 (0.101) ** 0.596 (0.103) **

Random effects

σ2

u
(2)
0

0.383 (0.128) **

σ2

u
(3)
0

0.276 (0.085) **

σ2

u
(4)
0

0.249 (0.075) **

σ
u

(2)
0 u

(3)
0

0.098 (0.081)

σ
u

(2)
0 u

(4)
0

0.093 (0.078)

σ
u

(3)
0 u

(4)
0

0.062 (0.061)

* p < 0.10; ** p < 0.05
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Appendix H

Additional Plots for Chapter 4

(a) Education (b) Household size

Figure H.1: Normal probability plots for the standardized residuals for
the three category measurement error model for reporting education and
household size
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(a) Education (b) Household size

Figure H.2: Caterpillar plots for the three category measurement error
model for reporting education and household size
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(a) Education (b) Household size

Figure H.3: Normal probability plots for the standardized residuals for
the five category measurement error model for reporting education and
household size
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(a) Education (b) Household size

Figure H.4: Caterpillar plots for the five category measurement error
model for reporting education and household size
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