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Item nonresponse is an under-researched aspect in cross-national surveys. In this study, we explore nonre-
sponse to the question about a household’s total net income in the European Social Survey (2008-2018),
which had the highest item nonresponse rate across all survey rounds. We examine income nonresponse
mechanisms using a dual framework of task complexity and question sensitivity, recognising that both re-
spondents and country characteristics affect nonresponse patterns. In doing so, we apply multilevel logistic
regressions to model two distinct income nonresponse options: ‘don’t know’ answers and refusals to answer
the question. We find that task complexity and question sensitivity operate at the individual and country
levels, indicating that item nonresponse is a multi-layered phenomenon in the survey process.

Keywords: item nonresponse; income question; task complexity; question sensitivity;

interviewer effect; European Social Survey

1 Introduction

Cross-national surveys provide a unique source of compara-
ble information for countries, allowing researchers to inves-
tigate whether and why given populations think and behave
differently. However, examining social issues across socio-
cultural settings creates challenges related to survey design,
measure equivalence and fieldwork practice (Lynn et al.,
2007; Koch & Blohm, 2009; Eckman & Koch, 2019). Al-
though many of these issues have been studied extensively
in the survey literature (cf. Johnson et al., 2018), item non-
response—that is, a respondent not responding to a specific
question despite agreeing to participate in a survey (Yan &
Curtin, 2010)—has received little attention from a cross-
national perspective. While item nonresponse may take the
form of either a ‘don’t know’ response or a refusal to an-
swer a question (Shoemaker et al., 2002), both options stem
from distinct underlying causes of nonresponse that often
overlap, one related to the difficulty in formulating a re-
sponse and the other reflecting a preference to not answer
a question at all.
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This article focuses on a question measuring total net
household income in the European Social Survey (ESS)
(2008-2018). It assesses two mechanisms—task complex-
ity and question sensitivity—which explain why respon-
dents refrain from answering a question on income. A
‘don’t know’ answer may appear to be a valid but unin-
formative response and a direct consequence of the task
complexity, especially when the question is perceived as
difficult because it asks about a complex phenomenon,
a hard-to-recall behaviour or poses hypothetical or abstract
situations (Converse, 1976; Yan, Curtin, & Jans, 2010). If
a question is overly sensitive and respondents fear disap-
proval when answering, they are more likely to refuse to
provide information during an interview, for example, after
considering the costs and benefits of revealing their income
to an interviewer (Schripler, 2004, 20006).

Improving the current understanding of income nonre-
sponse patterns and potential bias introduced by missing in-
formation on household income is essential for methodolog-
ical and substantial reasons. Income is the most straightfor-
ward measure of socioeconomic status and is highly cor-
related with other outcomes (Korinek, Mistiaen, & Raval-
lion, 2006; Hansen & Kneale, 2013). Hence, not reporting
income might lead to distorted conclusions for other vari-
ables (Jabkowski & Piekut, 2023; Lahtinen et al., 2019;
Hariri & Lassen, 2017). On the one hand, income can be
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used as a relative predictor of individual outcomes, such as
life satisfaction (Lelkes, 2006), and is a key control varia-
ble when exploring socio-political attitudes, including per-
ceptions of immigration and support for welfare (Herda,
2013; Daniele & Geys, 2015). On the other hand, empiri-
cal studies often omit income as a control or explanatory
variable due to a high item nonresponse rate (Meuleman
et al., 2020), which can affect the results if an income is
correlated with any other predictor or with the dependent
variable in a study. In both cases, problems arise when the
income levels of respondents who answer the question dif-
fer systematically from those who do not, as this situation
may lead to biased estimations, even if missing data are
imputed.

This article makes two principal contributions to the cur-
rent state of the art. First, our study focused on the ESS,
Europe’s most impactful and methodologically advanced
cross-national survey on political, social and health-related
issues (Fitzgerald & Jowell, 2010; Fitzgerald, 2015; Ko-
larz et al., 2017). To the best of our knowledge, this is the
first systematic analysis of the mechanisms shaping income
nonresponse from a cross-national perspective based on the
ESS data. Previous studies have jointly investigated item
nonresponse for all ESS questions (Koch & Blohm, 2009;
Beullens et al., 2018) or focused on specific opinion or
attitude items (Herda, 2013; Callens & Loosveldt, 2018;
Piekut, 2021; Purdam et al., 2020; Silber et al., 2021).
Meanwhile, the income question warrants further study.
It had the highest nonresponse rate of all ESS questions,
reaching 20-40% in 2018 in Czechia, Hungary, Ireland,
Poland, Switzerland and Spain.

Second, we extended task complexity and question sen-
sitivity approaches by situating them in the context of na-
tional cultures that provide mental reference frameworks
for opinion formation and survey (non)response (Sicinski,
1970). Consequently, we argue that the rate of item non-
response varies depending on culture-specific values and
people’s behaviours (Johnson et al., 2002). In our approach,
we explore whether survey participants will be more likely
to play the role of a ‘good’ respondent and provide all re-
quested information in cultures where collaboration with
others is rewarded and socially expected or where income
is not considered a sensitive topic. Thus, in our study, we
explore not only how both mechanisms—task complexity
and question sensitivity—impact item nonresponse at the
respondent level but also how the two mechanisms are con-
ditional on relevant characteristics of national cultures.

2 Sources of Income Nonresponse

Due to the respondents’ right to abstain, there is always
a possibility that some valuable information may be miss-

ing from survey data. Item nonresponse could be consid-
ered through the broader prism of survey satisficing, which
addresses the likelihood of a respondent providing a ‘truth-
ful’ answer relative to their abilities and motivation and the
task’s difficulty (Krosnick, 1991; Krosnick et al., 2002).
Weak satisficing occurs when a respondent cognitively en-
gages with a question but rushes the answer process or edits
it slightly. It might manifest in a particular response style
when answering a question, such as order effect or acquies-
cence bias (Varenbergh & Thomas, 2013). Strong satisficing
is likely if a respondent with low motivation requires more
cognitive effort to answer the question, thus struggling to
construct estimates or express an opinion. As a result, some
of the information processing might be skipped altogether.
Item nonresponse is an example of strong satisficing, as the
respondent decides not to answer after some reflection and
realises they cannot or do not want to provide a ‘valid’ re-
sponse (Cornesse & Blom, 2020). However, the reasons for
satisficing through nonresponse can vary.

In our conceptual framework, we posit that income non-
response is affected by respondent-level characteristics and
differences in the national context in which the interview
takes place. At the respondent level, the complexity of their
income situation contributes to the cognitive effort needed
to answer the question (Skelton, 1963; Riphahn & Ser-
fling, 2005; Frick & Grabka, 2014). Additionally, some
respondents might avoid answering this question because
it requires submitting personal information (Tourangeau,
Groves, & Redline, 2010). Moreover, how respondents pro-
duce their answers—or abstain from answering—is shaped
by the socio-cultural contexts in which their thinking is em-
bedded (Klima et al., 2023; Lee et al., 2017). We elaborate
on these nonresponse aspects below.

2.1 Task complexity and income nonresponse

The first crucial mechanism that explains item nonresponse
is task complexity. During the cognitive process of answer
formulation, the response to a question on income might
be affected by issues related to recall (e.g. when respon-
dents forget about a source of income) and reconciliation
(e.g. when income complexity leads to calculation errors)
(Hansen & Kneale, 2013). Thus, the likelihood of select-
ing the ‘don’t know’ option is conditional on respondents’
cognitive abilities, which are associated with their age and
formal education level (Kaminska et al., 2010). It is also
possible that a respondent may truly not have a substan-
tive answer to a factual question, and the ‘don’t know’ re-
sponse is a valid and informative answer (Kuha et al., 2018).
Furthermore, respondents’ knowledge of their income is not
binarys; it falls into a few cognitive states depending on in-
formation availability (i.e. whether it is easily retrievable),
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accessibility (whether it is retrievable with effort), generata-
bility (whether it is not known but can be estimated), and
whether it is estimable at all (Beatty & Hermann, 2002).
Thus, when assessing relevant income information is chal-
lenging for a respondent due to any of the listed reasons,
the difficulty of the question will increase the occurrence
of ‘don’t know’ responses (Olson et al., 2019).

The design of the income question is yet another fac-
tor leading to its cognitive difficulty (Converse, 1976). The
nonresponse rate to the income question depends on how
the question is operationalised, for example, whether it mea-
sures individual or household income before or after tax
(Locander & Burton, 1976; Moore & Loomis, 2002; Lynn
et al., 2006). Many surveys, including the ESS, ask respon-
dents to perform calculations and provide the aggregate
household income from all sources after deductions and
taxes. When asked about their total household net income,
respondents must include various factors in their calcula-
tions, such as salaries, additional work allowances, benefits,
income from properties or any other passive income (e.g.
investments) for all household members, and then subtract
paid taxes and interest. Thus, nonresponse is affected by the
number of income sources that respondents must recall, add
and deduct for all household members (Pleis & Dahlhamer,
2003).

Consequently, income nonresponse is impacted by a re-
spondent’s employment situation and each household mem-
ber’s contribution to the total household income (Lynn et al.,
2006). A respondent may not be sure about the income
value if they or some household members are not employed
full-time and do not receive regular and stable salaries.
Rather, some individuals may be self-employed or take
on temporary or part-time jobs. Consequently, respondents
whose income relies solely on stable salaries, regular bene-
fits or pensions are more likely to provide income estimates
than respondents with less regular income sources (Schri-
pler, 2006).

Income complexity is also a function of household size.
The greater the number of adults in a household, the more
likely it is that the respondent will not know the total house-
hold income (Frick & Grabka, 2014). Furthermore, income
nonresponse is related to household structure, for example,
the number of generations and families living together and
sharing expenses (Hansen & Kneale, 2013) and their liv-
ing arrangements (e.g. divorced families, stepfamilies and
blended families).

2.2 Income question sensitivity as a parallel
mechanism

Question sensitivity is the second crucial mechanism driv-
ing income nonresponse. While cognitively demanding

questions result in more ‘don’t know’ responses, sensitive
questions elicit more refusals (Shoemaker et al., 2002).
Thus, refusing to answer indicates that the respondents find
the income question too sensitive to provide a substantive
answer and that the perceived costs of sharing the informa-
tion are too high (Skelton, 1963; Alwin & Krosnick, 1991;
Koch & Blohm, 2009).

Although the purpose of the income question is to mea-
sure a piece of information, the question is also perceived
as sensitive by many respondents (Tourangeau, Groves, &
Redline, 2010). For instance, respondents may consider
a survey question too sensitive if they fear that their re-
sponses will be disclosed or that their answer could be
perceived as socially undesirable (i.e. it goes against dom-
inant norms and values; Tourangeau & Yan, 2007). Over-
all, when answering survey questions, respondents consider
the costs and benefits of sharing information about their
income. Thus, according to rational choice theory, their
decision not to provide a substantive answer depends on
the perceived consequences of answering truthfully, includ-
ing stress related to privacy invasion, data confidentiality
concerns and personal interest in the research (i.e. disap-
proving of or recognising the meaningful purpose of the
survey; Schrépler, 2004). Such costs are higher in face-
to-face interviews because revealing personal information
to a stranger is more likely to be outside the respondent’s
comfort zone and refusing to answer brings more discom-
fort than in a self-administered interview (Krumpal, 2013),
where information might be more easily skipped.

Not all respondents find the income question equally
sensitive. A study on the German Socio-Economic Panel
(SOEP) reported that the refusal rate was higher for respon-
dents in high-level job positions (Schripler, 2004). A higher
refusal likelihood among highly skilled respondents could
be motivated by a fear of information disclosure if higher
skills correlate with higher income. Alternately, respondents
with the highest skills might be aware that their income is
lower than socially expected for their occupation. A study
comparing survey-reported income with register-based data
found that high-income individuals were more likely to
overestimate it, indicating socially desirable responding for
that group (Hariri & Lassen, 2017).

Previous studies suggest that income nonresponse due to
question sensitivity is related to personal values and norma-
tive beliefs. First, income nonresponse correlates with the
respondents’ general trust in other people. Low-trust citi-
zens are more likely to conceal their incomes than other
citizens (D’Hernoncourt & Méon, 2012; Kim et al., 2015),
as they find it harder to develop rapport with interviewers
and have less trust in the researchers conducting. Second,
the sensitivity of the income question results in ‘impres-
sion management’ during an interview, which makes some
respondents less likely to report their income in order to
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minimise negative emotions and a potential negative re-
action by the interviewer (Krumpal, 2013). Hence, some
income nonresponse is motivated by a desire for social ap-
proval and to sustain a positive self-image during a sur-
vey interview. Socially desirable responding correlates with
the conservation vs openness to change dimension of basic
human values (Schwartz et al., 1997). Thus, respondents
who prioritise conformity and security (i.e. conservation
measures) over self-direction and stimulation (openness to
change measures) are less likely to report their incomes.
They do so because they seek to avoid violating social ex-
pectations regarding a perceived, acceptable income level.

3 Income nonresponse from a cross-national
perspective

So far, we have focused on respondents’ characteristics re-
flecting their knowledge, ability, motivation and attitudes
towards answering an income question and how they might
affect item nonresponse. However, this process does not
happen in a vacuum. Rather, respondents are situated in
different socio-cultural contexts where they have been so-
cialised and in which they live. The effect of cross-coun-
try differences on data missingness remains an unexplored
issue in comparative surveys. The considerable variation
in average nonresponse rates across cross-national surveys,
such as the ESS, is a consequence of cultural differences
between countries and dissimilarities in how survey organ-
isations conduct the survey across countries (Billiet et al.,
2007; Koch & Blohm, 2009; Silber & Johnson, 2020).

Cross-national variation in unit and item nonresponse
patterns has been observed in a few studies using country-
level measures of population diversity, economic outcomes
or dominant cultural values (Johnson et al., 2010; Klima
et al., 2023; Piekut, 2021; Meitinger & Johnson, 2020).
Following that body of literature, we argue that our under-
standing of income nonresponse can be improved by ex-
ploring differences between countries related to cognitive
skills, the tendency to misreport income and selected di-
mensions of Hofstede’s cultural orientation theory, specifi-
cally uncertainty avoidance and masculinity/femininity val-
ues (Hofstede & Bond, 1984).

3.1 Cross-country differences and task complexity

Countries and their national cultures constitute a pivotal
mental reference framework for opinions and behaviours,
including survey participation and (not) responding to sur-
veys (Johnson et al., 2002; Sicinski, 1970). In the case of
the income question, the ways people think about income
varies internationally. For example, in some countries, e.g.,

in Poland, it is common to discuss their net monthly salary,
while in other, like in the UK, annual gross income is rather
used to describe work pay. Individuals’ cognitive ability to
perform estimates might be also affected by how well they
are equipped with numerical skills through compulsory edu-
cation. Thus, average national numeracy scores are likely
to be associated with income nonresponse patterns and the
likelihood of replying ‘don’t know’ (Lee et al., 2017).

In addition, respondents in cultures with higher uncer-
tainty avoidance will avoid providing ambiguous answers in
surveys and have a lower tendency to leave questions unan-
swered (Klima et al., 2023; Meitinger & Johnson, 2020).
However, this might not be the case for all kinds of ques-
tions. The more future oriented a country’s culture is, that
is, where more cognitive attention is given to future plan-
ning, the lower the nonresponse rates to subjective prob-
ability questions will be (i.e. predicting their own future)
(Lee et al., 2017). On the contrary, people in some cul-
tures are more anxious when faced with uncertainty and
do not cope well with ambiguity in social situations (Hof-
stede et al., 2010). Uncertainty avoidance is also correlated
with conservatism in financial reporting practices (Zahid
et al., 2018). As such, respondents in cultures characterised
by higher uncertainty avoidance will refrain from reply-
ing “don’t know” to the income question because they feel
more comfortable in the structured situation of a survey
interview and accept the role of a ‘good’ respondent, and
they are thus more likely to give substantive responses to
questions.

3.2 Cross-country differences and question sensitivity

As noted by Hariri and Lassen (2017), the provision of
socially desirable answers about income and income mis-
reporting are likely to vary across national contexts and
depend on the dominant political ideologies and economic
systems. In other words, in some national contexts, the topic
of personal finances and income is considered to be highly
sensitive, and disclosing such information to people out-
side one’s close social circle is considered inappropriate. In
more individualistic societies and where public institutions
are less trusted in general, the acceptance of not following
the law, including not reporting income to tax authorities,
is more accepted (Achim et al., 2019). Other research has
found that people who misreport income to tax authorities
are also more likely to repeat this behaviour in surveys
(Hurst et al., 2014), indicating that such respondents might
be motivated by data disclosure fears. From this, we could
infer that in countries where the overall level of income
misreporting is higher, the likelihood of not answering and
specifically refusing to answer the income question due to
the sensitivity of the topic will be higher.
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Income question sensitivity is a culture-specific is-
sue. Hofstede’s masculinity/femininity value dimension
provides another useful perspective for improving our
understanding of cross-national variation in income nonre-
sponse. It posits that in more masculine societies, financial
resources are more valued, and the tendency to compete
is higher than in more feminine cultures, in which people
are more oriented towards social and family values and
helping others is more highly valued (Hofstede & Bond,
1984; Johnson et al., 2010). Additionally, in more mas-
culine cultures, earnings management practices, including
misreporting and concealing income, are more common
(Geiger et al., 2006). As such, income—especially if there
is a fear that it is not high enough—will be seen as a more
sensitive piece of information in societies that are more
masculine oriented.

4 Hypotheses (H)

Task complexity increases ‘don’t know’ responses (H1):
Following the literature, (1) respondents who live in larger
households that have more sources of income (Hla) and
(2) respondents whose primary source of income does not
come from a stable source (H1b) are more likely to provide
‘don’t know’ responses.

Question sensitivity increases ‘refuse to say’ responses/
refusals (H2): Income nonresponse is also related to ques-
tion sensitivity, which is more likely to be given as a refusal
to answer in this case. We identified two possible pathways
for this: (1) a lower level of social trust (related to fear of
disclosure) increases probability for refusals (H2a), and (2)
conservation values lead to an increased inclination not to
violate perceived social expectations regarding income lev-
els and will result in a higher probability of refusals (H2b).

Cross-country differences and task complexity (H3):
Considering the task complexity argument, we expect the
likelihood of ‘don’t know’ responses to be higher (1) in
countries with lower adult numeracy skills, as calculating
the total net household income question is harder (H3a),
and (2) lower when the respondent lives in a country with
higher uncertainty avoidance, so they are more inclined to
follow the survey interview rules (H3b).

Cross-country differences and question sensitivity (H4):
According to the question sensitivity argument, we expect
a higher likelihood of ‘refuse to say’ responses in countries
where income misreporting is more common, so income is
viewed as a more sensitive topic (H4a), and among respon-
dents who live in countries with higher masculinity values
(H4b).

5 Data and Methods

In this section, we describe the ESS data used to explore two
mechanisms responsible for the likelihood of nonresponse
to the income question: task complexity and question sen-
sitivity. We apply multilevel logistic regressions with re-
spondents nested within interviewers, countries and ESS
rounds to model two income nonresponse options: ‘don’t
know’ answers and refusals to answer the question. We in-
troduce explanatory variables that we use at the respondent
and country levels to investigate whether both tested mech-
anisms operate in the income question. Finally, we describe
the control variables, including respondent, interviewer and
survey characteristics.

5.1 Data

The ESS is a well-established cross-national survey that
has been conducted biennially since 2002. Only probability
samples are allowed (Kaminska & Lynn, 2017), and careful
attention is paid to achieve optimal measurement compa-
rability across countries (Fitzgerald, 2015). Interviews are
conducted entirely face to face by trained interviewers (us-
ing either paper and pencil, a computer or mobile devices
for data collection) with individuals at least 15 years of age
who live in private households within a country’s borders,
irrespective of their nationality, citizenship, language and
legal status (Lynn et al., 2007).

Although 22 to 31 countries have participated in various
rounds of the ESS, with 38 countries participating in at least
one round, we restricted our analyses to the 17 countries
that participated in all rounds from 4 to 9 (2008-2018). We
excluded data from rounds 1-3 (2002-2006), as no informa-
tion on the gender and age of the interviewer was available
(we used both variables to control inter-interviewer vari-
ation in the occurrence of item nonresponse), and—more
importantly—a different method for measuring household
income was implemented in the first three rounds of the ESS
(Warner & Hoffmeyer-Zlotnik, 2006). We also excluded
data on Sweden—although the country participated in all
rounds of the ESS—due to an incongruence in the way
the interviewer’s age was coded. Additionally, we removed
three national surveys, namely ESS round 5 in Portugal and
ESS round 7 in Estonia (both of which measured household
total net income inconsistently with ESS requirements) and
ESS round 4 in Lithuania (as the national dataset does not
contain design weights). For detailed information about the
net sample sizes in each of the national surveys encom-
passed by the analyses, please consult Figure Bl in the
online supplementary and replication materials.

We make use of three complementary types of publicity
available ESS datasets (ESS, 2008, 2010, 2012, 2014, 2016,
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2018e) by combining (1) standard cumulative data contain-
ing survey results from rounds 4-9 with additional data de-
rived from the (2) interviewers’ questionnaires, which are
self-completion forms that the interviewers complete once
the interview with the selected respondent is successfully
conducted; they also collect information about the inter-
viewers, such as their gender and age. We also used (3)
survey documentation reports (ESS, 2018a, b, c, d, 2020,
2021), which provide country-specific information on data
collectors, funding agencies, sampling and fieldwork proce-
dures and survey outcomes. The following section presents
detailed information about all the variables used in our anal-
ysis. The exact wording of the ESS questions is presented
in Section A of the online supplementary and replication
materials.

5.2 Income nonresponse

In ESS rounds 4-9, respondents answering the question on
income had to assign their household total net income to
one of ten categories based on deciles of the actual house-
hold income distribution in the given country. Interviewers
displayed a showcard with approximate weekly, monthly
or annual income expressed in the national currency. It
is important to note that the actual income amounts did
not appear on the questionnaire but only on the showcard,
potentially strengthening the respondents’ feeling of con-
fidentiality. The two nonresponse options—‘refuse to say’
and ‘don’t know’—were not explicitly given to the respon-
dent; however, the interviewer could record one of the op-
tions when offered spontaneously. In order to standardise
interviewing and minimise the room for interviewers to de-
cide which nonresponse option was finally recorded, inter-
viewers were trained and presented with question-reading
instructions that they must follow. Concerning the ‘don’t
know’ answer and ‘refuse to say’, both nonresponse op-
tions were forbidden to be read out to respondents (ESS,
2018f: 15).

The wording of the income question in ESS rounds 4-9
was as follows:

“Using this card, please tell me which letter describes
your household’s total income, after tax and compul-
sory deductions, from all sources. If you don’t know
the exact figure, please give an estimate. Use the part
of the card that you know best: weekly, monthly or
annual income.” (ESS, 2018g: 60)

As can be seen, respondents are encouraged to provide an
estimate if they are not sure about their exact net house-
hold income, and they can use weekly, monthly or annual
periods, which potentially lowers task complexity. How-
ever, as discussed previously, the question still seems quite

complex, as a respondent has to add income from various
sources, for all household members, and provide a net sum.

We created a dependent variable, taking values of 0, 1
and 2, representing three categories of respondents. All
those who responded with their household’s total net in-
come were coded as 0, those who replied ‘don’t know’
were coded as 1 and those who refused to answer were
coded as 2.

5.3 Explanatory variables at the respondent level

To test the task complexity argument at the respondent level,
we included two explanatory variables: household size (i.e.
the number of people aged 15+ living in a household) and
the main source of household income. Household size was
established by asking respondents how many people (in-
cluding children and the respondent) regularly lived there
as household members. Since school-age children are much
less likely to have an income, same-size households may
be differently affected by the task complexity mechanism,
depending on whether they consist of only adults or both
adults and children. Thus, when counting household size,
we included only people eligible to participate in a survey,
that is, those who were at least 15 years old, the European
employment age limit for teenage workers. Additionally,
as we decided that all independent numerical variables on
the respondent level would have a value of O (this decision
makes it easier to interpret the intercept term in increas-
ingly complex regression models and does not change the
interpretation and significance level of the regression pa-
rameters), we subtracted the respondent from the number
of household members. Thus, 0 indicated that no person
other than the respondent lived in the household.

All ESS rounds recorded the primary source of house-
hold income. This was a single-choice question that was
presented just before the net household income question.
Respondents were asked to consider the income of all
household members and any revenue that the household
may receive as a whole and can choose one from the
following: (1) wages or salaries (we established this as
a reference category); (2) pensions; (3) unemployment/
redundancy benefits or any other social benefits or grants;
(4) income from investments, savings or other sources;
and (5) income from self-employment or farming. We also
included the nonresponse option ‘don’t know’ and refusals
in the data analysis as additional values for this categorical
variable.

To test whether the income question sensitivity argument
works at the respondent level, we included two indepen-
dent variables: the social trust index and the conservation
vs openness to change measure as a proxy for social desir-
ability. We created an index of social trust as an average of
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three 11-point scale items asking respondents about inter-
personal or horizontal trust between citizens (Reeskens &
Hooghe, 2008)—the higher the value, the more the respon-
dent trusted others. We standardised the social trust index
by calculating z-scores across all respondents.

As the ESS does not contain any items directly measur-
ing social desirability, we derived eight items from a 21-
item version of the Portrait Values Questionnaire (Schwartz,
2007) to calculate four basic human values (each measured
by two items; for details, consult Section A in the sup-
plementary and replication materials): conformity, security,
stimulation (with reversed response options) and hedonism
(with reversed response option). Finally, we combined eight
items into an internally consistent measure of the conser-
vation vs openness to change dimension. This dimension is
not a direct measure of social desirability; nevertheless, it
can be treated as its proxy. Schwartz et al. (1997) showed
a significant positive correlation between social desirability
and both conformity and security and a significant negative
correlation between social desirability and both stimulation
and hedonism. The conservation vs openness to change
scale was standardised by calculating the z-scores across
all respondents (higher positive values correspond to more
conservation). In Table 1, we present descriptive statistics
for all the explanatory variables at the respondent level.

Note, that the social trust index and conservation scale
are latent constructs based on three and eight observ-
able variables, respectively. Thus, we evaluated the cross-
country configural, metric and scalar invariance of these
constructs by employing a multi-group confirmatory factor
analysis (MG-CFA). As our study postulates that social
trust and conservation are explanatory variables of income
nonresponse, we were interested in obtaining at least

Table 1

a metric equivalence of both latent variables, which is
a necessary condition to ensure equivalence of the meaning
of factors and for comparing correlates of values between
different countries (Davidov, 2008). The results of the
MG-CFA analysis are presented in the supplementary and
replication materials (Tables B1.1. and B1.2.). We used
two measures to assess whether the models assuming con-
figural, metric and scalar equivalence restrictions fit the
empirical data, namely the comparative fit index (CFI) and
the root mean square error of approximation (RMSEA),
as both measures are suitable for large samples (Chen,
2007). For each model, we checked whether the CFI was
higher than 0.9 and the RMSEA was lower than 0.08,
indicating that the models were well fitted to the data (Hu
& Bentler, 1999). None of the models supported the scalar
invariance assumption. Nevertheless, they supported the
cross-country configural and metric invariance of the social
trust index and the scale measuring conservation values,
which means that any observed differences in the regres-
sion’s coefficients are more likely to reflect true differences
in the explored relationships rather than differences in
measurement quality.

5.4 Explanatory variables at the country level

We used two explanatory variables to assess whether the
task complexity mechanism works at the country level and
explains why countries differ in the overall fraction of re-
spondents providing ‘don’t know’ answers to the household
total net income question. First, to operationalise how well
citizens are equipped with cognitive abilities to perform
complex numeracy estimations, we used the Organisation

Descriptive statistics for all explanatory variables at the respondent level

Variable Mean/Proportion Standard deviation Minimum Maximum
HH size (excluding children up to 14) 1.41 1.11 0.00 18.00
Source of income

Wages or salaries 0.590 - - -
Pensions 0.244 - - -
Unemployment or any other social benefits 0.054 - - -
Income from investments, savings or other 0.007 - - -
Income from self-employment or farming 0.088 - - -
‘Do not know’ 0.010 - - -
Refusal 0.007 - - -
Conservation (z-scores) 0.00 1.00 —4.45 4.48
Social trust index (z-scores) 0.00 1.00 -2.29 2.73
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Table 2

Descriptive statistics for all explanatory variables at the country level

Variable Mean/Proportion Standard deviation Minimum  Maximum
Uncertainty Avoidance Index (UAI) 69.5 20.1 35.0 99.0
Mathematics Performance Scale (MPS) 502.0 15.0 481.0 526.0
Masculinity vs. Femininity Index (MAS) 45.0 13.6 8.0 88.0
Size of the Shadow Economy (in the % of official GDP) 16.5 6.4 7.1 27.0

for Economic Co-operation and Development (OECD,
2023) Mathematics Performance Scale (MPS), which mea-
sures the mathematical literacy of 15-year-old students
based on the estimates provided by the Programme for In-
ternational Student Assessment (PISA). The MPS estimates
were available for all ESS-participating countries included
in our analysis and for five different time points (i.e. 20006,
2009, 2012, 2015, and 2018) in the period coinciding, but
not consistent with, the implementation of ESS rounds 4-9.
Thus, we calculated the mean MPS value for each country
over time. Note that the direct measure of adult numeracy
skills (i.e. provided by the OECD’s Survey of Adult Skills
[PIAAC]), was not available for all countries included in
our analysis. Fortunately, the PISA’s MPS estimates and
PIAAC’s adult numeracy scale scores are significantly cor-
related at the country level (at least for countries where
values of both measures were available), as shown in Figure
B2 in the online supplementary and replication materials.
Thus, we used MPS estimates of 15-year-old students
as a proxy for adult numeracy skills. Second, we used
Hofstede’s Uncertainty Avoidance Index (UAI) to opera-
tionalise citizens’ overall tendency to avoid uncertainty.
We derived the most current UAI estimates (2012) online
(https://geerthofstede.com/wp-content/uploads/2016/08/6-
dimensions-for-website-2015-08-16.csv).

We also included two explanatory variables at the coun-
try level that are related to the question sensitivity argu-
ment: the tendency to misreport income due to fears of
data disclosure to tax authorities and the preference to pri-
oritise financial resources in societies that are more ori-
ented towards masculinity values. The overall country-le-
vel tendency to avoid reporting income to tax authorities
was operationalised by measuring the size of the shadow
economy (as the percent of official GDP), and the soci-
etal orientation on masculinity values was operationalised
by employing Hofstede’s Masculinity vs Femininity Index
(MAS). The 2012 estimates of MAS were derived from the
Hofstede database from the link mentioned above, while the
data describing the size of the shadow economy were ob-
tained from the European Parliament report on the taxation
of the informal economy in the European Union (Schneider
& Asllani, 2022: 14-15).

Data on the shadow economy were available for each
ESS-participating country and the years corresponding to
ESS rounds 4-9 (i.e. we had specific data for every single
national survey included in our study). In turn, for three
other country-level explanatory variables, we only had ac-
cess to the country values from a specific year (in the case
of UAI and MAS, for 2012), or we aggregated data at the
country level from several time points (as for MPS). This
decision means that for UAI, MPS and UMI, each country
survey received the same value over time regardless of the
year in which the corresponding ESS round was conducted.
Table 2 presents descriptive statistics for all four country-
level variables. In the regression models, we centred each
variable around its grand mean across all countries, which
was motivated by the same reasons we set up a zero value
for each numerical variable in our study.

Note that while testing the task complexity argument at
the country level (model 1), we included only two country-
level predictors that operationalised the complexity of the
income question. Similarly, when verifying question sensi-
tivity (model 2), we had only two country-level predictors
that operationalised the sensitivity mechanism. In addition,
when explaining differences in the odds of refusals vs ‘don’t
know’ answers in model 3, we included only the country-
level predictors that were significant in models 1 and 2, re-
spectively. This decision was motivated by the limited num-
ber of countries in our analysis, which limited the number
of country-level predictors that could be incorporated into
the regression.

5.5 Control variables at the respondent level

We controlled for the respondents’ gender, age and ed-
ucational level, which previous studies have widely used
in nonresponse analyses (e.g. Alexander, 2017; Montagni
et al., 2019; Piekut, 2021). Gender was coded as 0 (woman)
and 1 (man), while age was centred on a grand mean
of 47.3. Education was measured using the International
Standard Classification of Education (ISCED) and recoded
into four categories: primary, incomplete secondary, ISCED
0-1; lower secondary, ISCED 2; upper secondary, ISCED 3


https://geerthofstede.com/wp-content/uploads/2016/08/6-dimensions-for-website-2015-08-16.csv
https://geerthofstede.com/wp-content/uploads/2016/08/6-dimensions-for-website-2015-08-16.csv
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Table 3

Distribution of item non-response cases across explanatory variables

Variables

Number of missing cases

Fraction of missing cases

Source of income

HH size (excluding children up to 14)
Conservation (proxy of social desirability)
Social trust index

Gender of the respondent

Age of the respondent

Level of education

Gender of the interviewer

Age of the interviewer

Total number of excluded cases

Total number of respondents included in analysis

413 0.002
782 0.004
184 0.001
2749 0.015
0 0.000
24 <0.001
491 0.003
659 0.003
910 0.005
5390 0.028
189,220 -

(we set up this as a reference category); and post-secondary,
tertiary, ISCED 4-6.

5.6 Control variables at the interviewer level

At the interviewer level, we controlled for gender and age.
The interviewer’s gender was indicated as 0 (woman) and 1
(man), while age was expressed in 10-year intervals (i.e. up
to 30, 31-40, 41-50, 51-60, and 61 and older). Note that
the ESS data do not contain information about the exact age
of interviewers, and so we used age intervals as originally
provided. In addition, there are no data on the interviewers’
educational level, so we could not add this as a control
variable as we did for respondents. Descriptive statistics
for interviewer-level data are included in Table B2 in the
supplementary and replication materials.

5.7 Control variables at the survey level

Despite the ESS’ adherence to standardised sampling and
fieldwork procedures to enable cross-national comparisons
of the results, there is room for between-country differ-
ences in the sampling designs and fieldwork procedures
(Fitzgerald & Jowell, 2010). This will affect survey out-
comes, including income nonresponse (Silber & Johnson,
2020). Thus, in our analysis, we controlled for cross-survey
variation in the level of income nonresponse by incorporat-
ing three survey-level characteristics derived from the ESS
survey documentation reports. First, we chose the response
rate (RR1 according to AAPOR, 2016), as previous re-
search has found item nonresponse to be conditional on the
response rate at a unit level (Loosveldt & Billiet, 2002; Yan
& Curtin, 2010) and because response rates vary between

countries and decrease over time (Jabkowski & Kotczyniska,
2020). Second, as some studies have demonstrated that
interviewer experience affects the amount of nonresponse
(Durrant et al., 2010; Hansen, 2007; Vercruyssen et al.,
2017), we also controlled for the fraction of experienced
interviewers (i.e. the number of interviewers with previ-
ous experience from working with the ESS divided by the
total number of interviewers involved in the fieldwork ex-
ecution in each national survey). Finally, as previous stud-
ies have found that involving interviewers in the sample
selection decreases the overall survey quality (Eckman &
Koch, 2019; Jabkowski & Cichocki, 2019; Menold, 2014),
we also controlled whether it translates specifically into the
occurrence of more satisficing behaviours among survey
participants (here in the form of income nonresponses). We
distinguished between individual and non-individual regis-
ter samples. The latter takes the form of address-based or
area probability samples requiring within-dwelling selec-
tion of target respondents as a part of fieldwork execution
in the ESS (see Lynn et al., 2007). We combined them into
one category of samples. We present descriptive statistics
for survey-level data in Table B3 in the supplementary and
replication materials.

5.8 Missingness

All independent and control variables on the respondent and
interviewer levels reached a maximum of 1.5 % of missing
values (see Table 3), and thus we decided to use a complete
case analysis. In total, we excluded 5390 cases (2.8 % of
the total sample) with values missing in any of the defined
variables, leaving 189,220 cases in the analysis.
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5.9 Multilevel cross-classified regression models

The dependent variable for the regression analysis (here-
after, INR;;;) had three outcomes, such that £ (INRijkl = 0) =
moik 1S the probability of an answer being provided to the
income question by respondent i being surveyed by inter-
viewer j in country k and ESS round /; E (INRjq =1) =
myjjk is the probability of a ‘don’t know’ response; and
E (INRijkl = 2) = mju is the probability of a ‘refuse
to say’ response. All analyses were conducted using the
R software programme (R Core Team, 2018). We im-
plemented the following packages for data manipulation
and results visualisation: flextable (Gohel, 2021), haven
(Wickham & Miller, 2022), labelled (Larmarange, 2021),
lavaan (Rosseel, 2012), sjPlot (Liidecke, 2021) and tidy-
verse (Wickham et al., 2019). Note that to estimate the
cross-classified multilevel logistic regressions, we used
the Ime4 package (Bates et al., 2015). Due to technical
limitations—the lmer4 package does not estimate the re-
gression model in its multinomial form—we followed the
recommendations of Becg and Gray (1984) and Silber
et al. (2021) and formulated regressions as a set of three
binary logistic models. Consequently, we separately pre-
dicted the log-odds of providing the ‘don’t know’ option
TTijkl, 1

vs ‘response’, i.e. 7k, = log (—), and the log-odds

TTijk1,0

of a refusal vs ‘response’, that is, M. = log (Z‘J—Ei)
ijkl,
Additionally, we estimated the log-odds of a refusal vs

‘don’t know’ option, that is, i3 = log (Ziﬁ;\’)’ to contrast
the two categories of nonresponding units. Note also that
the Imer4 package only allows for estimating multilevel
models with the integration points equal to 0 or 1 in the
adaptive Gaussian-Hermite quadrature approximation of
the log-likelihood (nAGQ)—when more than one random
intercept is implemented (which was the case here)—and
we used the default value of the nAGQ parameter (1). This
decision means we estimated all models using the Lapla-
cian approximation. Our assumed cross-classified model

for nju., where c = {1, 2, 3}, can be written as follows:

Nijkle = Boe + Vikie + Vi + Viet (D
(IBI.C + ylk.c) X HHSiZCijkLC + ,BQ,CX (2)
Source of income;j -+
(B3¢ + V3k.c) x Conservationy c + (Bac + Vakc) X 3)
Social trustindexijy .+
Bs. x Genderof respondentijkl,c + Be.c <
“)
Ageofrespondent; .+
B7.. x Respondenteducational levelij -+ (5)
Bs. x Genderof interviewer;ji . + B9 X ©)

Ageof interviewerijy .+

Bio.e X RR1k; .+ P11 x Experienced interwieversy; .+ (7)

Bi2.c % Sampleselectiony; .+ (8)
Bi3.c x Uncerstainty Avoidance Indexy .+ 9)
Bia. x Mathematics Performance Scaley, .+ (10)

Bis.c x Masculinity vs. Feminity Index .+ (11)
Bis,c x Size of the Shadow Economy, . (12)

Where S, is the grand intercept, y;u, represents between-
interviewer random intercepts, yi. denotes between-coun-
try random intercepts, y,. means between-round random
intercepts, Yike, Yike and . represent random compo-
nents of the between-country variation in slopes for all
level-1 continuous covariates (i.e. household size, conser-
vation and social trust index).  is a vector of regression
coefficients on all independent variables. We assumed
that the random effects are mutually independent and
that they are normally distributed with a zero mean, such

that yjue N (O; O-j%(l,c‘)’ Ve N (0; G,f‘L,), Vie N (0; ch>,
Vike N (0; 012,(‘0), Vike N (0; 032,(‘0) and yarc N (O; crfk,c).

For each 7., we estimated three different models: a null
model, which did not contain any covariates; a random
intercept model with fixed slopes, where yir. = Vake =
Vake = 0; and a random intercept model with random
slopes, allowing both for the differences in the intercepts
between the interviewers, countries and ESS rounds and the
between-country variation in the regression coefficients for
all continuous covariates, as presented in the model specifi-
cation. In the Results section of this paper, we only present
the null and cross-classified random effect models, while
the results for the fixed slope models are included in the
supplementary and replication materials in Tables B4, B5
and B6. Note, however, that there were no notable differ-
ences in the interpretation of the results of the regressions
between the fixed- and random-slope models.

The null model allowed us to assess the size of the
intraclass correlation coefficient (ICC) and estimate the
proportion of variance between the interviewers, countries
and ESS rounds. Note that the level-1 residual variance in
the logistic regression was scaled to 1.0 and could not be
tested for statistical significance (Snijders & Bosker, 2011).
Nevertheless, the variance of the logistic distribution with
a scale factor of 1.0 was approximately equal to 3.29 or,
more precisely, 72/3 (Hox, Moerbeek & van de Schoot,
2010; Heck, Thomas, & Tabata, 2013), and the ICC for the
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ESS rounds, countries and interviewers could be expressed
as follows:

2
Oikle

ICCipie = 13
- aj%d’(, + 0,3’(, + aﬁc +3.29 (13
2
Uk c

1CC = : 14
entre oj%d,c, + 0,36 + al%c +3.29 (14)

afc
ICCESS round,c = (15)

2 2 2
Ohae+ 04 +0/ .+ 3.29

It is important to note that the ICC values at the in-
terviewer level are not easily interpretable because the re-
spondents were not randomly assigned to the interviewers.
Instead, interviewers were assigned to locally demarcated
areas, which lowers the cost of fieldwork. Consequently,
ICCj, partially reflects area effects, which may be erro-
neously classified as interviewer effects. For this reason,
some authors, such as Koen and Geert (2016), measured
intra-interviewer variance, considering the area clustering.
However, information on interviewer assignment to the pri-
mary sampling units (PSUs) is not publicly available in the
ESS, and thus we could not use such information in our
analysis.

6 Results

6.1 Descriptive results

Fig. 1 displays how income nonresponse—both ‘don’t
know’ and refusals as a cumulative percentage—changed
over time across the study countries. Table B7 in the sup-
plementary and replication materials provides detailed data
on the distribution of item nonresponse in all countries
and the ESS rounds under investigation, while Figure B3
demonstrates that the average fraction of item nonresponse
was the highest for the income question across all core
module questionnaire items in every ESS round from 4 to
9.

First, we observe a range of intensity in income nonre-
sponse across the studied European countries between 2002
and 2018. There are a few countries in eastern and southern
Europe where income nonresponse was very high (20-50%
of a sample for a given round), while in many northern
and western Europe countries, except Ireland, Switzerland
and the UK, it was much lower and below 10%. However,
the split is not very straightforward (e.g. east/west, south/
north of Europe) when we look at the nonresponse type.

The second pattern worth noting is that in some northern
and western European countries (i.e. Belgium, Estonia, Fin-
land, the Netherlands, Norway and the UK in 2010-2012)
the percentage of ‘don’t know’ responses was systemati-
cally higher than that of refusals. This could suggest that
income nonresponse in these countries is more often related
to the task complexity mechanisms than the question sensi-
tivity argument. In contrast, in Czechia, Hungary and more
recently in Poland, the share of the ‘refuse to say’ option
was quite high, exceeding that of ‘don’t know’ responses
(i.e. in ESS round 9: 25% vs 8%, 35% vs 5% and 27% vs
12%, respectively) in the latest round of the ESS. Refusals
were also more common in France, Germany, Lithuania,
Portugal and Spain, with a more even split in nonresponse
type in Slovenia and Switzerland.

With regard to the changes in income nonresponse over
time, in some ESS countries, such as Portugal, Slovenia
and Spain—which had fairly high item nonresponse ini-
tially—the percentage of respondents who did not reply
to the income question substantially declined. In turn, in
other countries, especially in Hungary and Poland, ‘refuse
to say’ responses became more common, with overall in-
come nonresponse reaching over 40% in both countries in
ESS round 9.

6.2 Multilevel regression results

We start by discussing the ICCs derived from the null model
(which excludes all independent variables from the regres-
sion) to assess the amount of variance attributed to the re-
spondents, interviewers, ESS rounds and countries. Sub-
sequently, we analyse the individual-level patterns of in-
come nonresponse, verifying whether (1) task complexity
increases the probability of ‘don’t know’ answers and (2)
question sensitivity increases the probability of ‘refuse to
say’ answers first at the respondent level and then at the
country level. Finally, we briefly discuss the results for the
control variables at the individual and survey levels.

6.3 Intra-class Correlation Coefficients

The random effects derived from the null models suggest
that most of the variation occurred at the interviewer le-
vel (see Table B8 in the supplementary and replication
materials). Across all models, the intraclass correlation at
the interviewer level was above 0.30 (ICCi,.px = 0.313,
ICCim; rer = 0.330 and ICCim; REF_DK = 0317), indicating that
one-third of the variance in income nonresponse propen-
sity can be attributed to this data level. Meanwhile, at the
country level, ICC values ranged from 0.05 for ‘don’t know’
answers to 0.19 for refusals (ICC.y. px = 0.047, ICC py: Rer =
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0.188 and ICC.y: rer pk = 0.177). ESS round-level ICC val-
ues were quite low compared to the interviewer and coun-
tI‘y levels (ICCEssmuﬂd; DK = 0006, ICCESSmund; REF = 0.006
and ICCgss round: Rer_pk = 0.002). Note, however, that the size
of the variability was statistically significant for interview-
ers, countries and ESS rounds (at the level of significance

equal to at least 0.01), as indicated by a likelihood ratio
test (Morrel, 1998) comparing the log-likelihood of a null
model with all random effects included in the log-likeli-
hood of the reduced null model, that is, the model with
random effects for interviewers, countries and ESS rounds
removed, respectively. The likelihood ratio test results are
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presented in the supplementary and replication materials in
section BS.1.

Two main conclusions can be drawn from the results of
our analysis. First, the interviewer level plays a significant
role in explaining the likelihood of obtaining income nonre-
sponse options, which might be a consequence of the inter-
viewer’s role when coding the two income nonresponse op-
tions. However, even if the instruction for the interviewers
explicitly forbids them to read out the nonresponse answers,
they might still decide on the wording used by a respon-
dent whether ‘don’t know’ or ‘refuse to answer’ is more
accurate. Second, when answering income questions, cross-
country differences in the likelihood of ‘refuse to say’ an-
swers are much higher than in the likelihood of providing
‘don’t know’ answers. The latter means that the sensitivity
mechanism—associated with cultural norms around privacy
and financial affairs—seems to be much more important at
the country level than task complexity-related issues.

These findings of the null models are in alignment with
previous results on item nonresponse, indicating that the in-
terviewers contribute much more to variation in item non-
response than other data nesting levels (Silber et al., 2021,
Purdam et al., 2020). Nevertheless, contrary to Silber et al.
(2021), who found that respondents’ decision to refuse to
answer was much more influenced by interviewers than
their decision to return ‘don’t know’ answers, our analy-
ses demonstrate a similar impact of interviewers on both
income nonresponse options. Still, there may be distinct
mechanisms underlying the decision to provide ‘refuse to
say’ and ‘don’t know’ answers, which we hypothesised to
be associated with question sensitivity and task complexity,
respectively.

6.4 Individual-Level Patterns of Income Nonresponse

Next, we investigate the task complexity and question sen-
sitivity arguments by considering the individual-level co-
variates of income nonresponse. Table 4 shows the results
of three multilevel logistic regressions (the models assume
random intercepts across interviewers, countries and ESS
rounds and random slopes across countries), predicting the
probability of the occurrence of ‘don’t know’ and ‘refuse
to say’ answers. We compared both groups of nonrespond-
ing units with those who answered the income question
(models 1 and 2 in Table 4, respectively) and estimated the
likelihood of giving a ‘refuse to say’ compared to a ‘don’t
know’ answer (model 3 in Table 4).

We explore H1 on task complexity by looking at the
results for the two independent variables: household size
(excluding children up to 14) and main source of income.
The conclusions are mixed when analysing the first two
columns presented in Table 1 (models 1 and 2). As we

expected, a ‘don’t know’ income nonresponse was more
likely among respondents living in larger households. How-
ever, contrary to our expectation, we also found that ‘refuse
to say’ responses were more likely to be associated with
larger households. This result means that household size in-
creases the probability of missing values, regardless of their
type. However, when looking at the third model contrasting
the two types of nonresponses, refusals and ‘don’t know’
answers, we find support for Hla. Among nonresponding
units, those living in larger households were significantly
more likely to say ‘don’t know’ than to refuse to answer
the income question.

Our results were also mixed concerning the impact of
the primary source of household income on the difficulty in
reporting a household’s total net income. Regarding the ev-
idence supporting H1b stating that more ‘don’t knows’ will
be associated with respondents with less stable sources of
income in comparison to respondents whose household in-
come comes from wages or salaries, a ‘don’t know’ income
nonresponse was more common among respondents whose
households mostly relied on income from self-employment,
farming, investments, savings or other sources. While the
wages or salaries are more likely to be regular and have
fixed values, income sources in the latter group can be ir-
regular and vary in value. In contrast, but still in line with
the task complexity argument, respondents whose primary
source of household income was welfare benefits—whose
value is least likely to change over time—had an even lower
probability of providing a ‘don’t know’ response than those
depending mainly on wages and salaries. Contrary to what
we expected, compared to the reference category of respon-
dents, the probability of reporting ‘don’t know’ was higher
among those whose main source of income was pensions.
This is interesting, as state pensions usually take the form
of a fixed and regular monthly payment.

Not surprisingly, the highest odds of income nonresponse
were among respondents who also did not reply to the
question about the main source of income. The odds were
almost three times higher among those who stated they
did not know their source of income than among those
who refused to answer the question. However, in model 2
predicting refusals, the odds of income nonresponse were
57 times higher among those who had also refused to an-
swer the question about income source than among those
who replied ‘don’t know’.

We also found some other similarities in nonresponse
between the models for ‘don’t know’ (model 1) and ‘refuse
to say’ (model 2) as well as for ‘refuse to say’ vs ‘don’t
know’ (model 3) across the categories measuring the pri-
mary source of income. Respondents whose main source
of income was from investments, savings or other sources
or self-employment or farming were more prone to reply
‘don’t know’ or ‘refuse to answer’. This indicates that the
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source of income is correlated with both task complexity
and question sensitivity. However, when only nonrespon-
ders were compared, the pattern for ‘don’t know’ responses
was stronger.

The second hypothesis relates to the question sensitiv-
ity argument. One of two individual-level covariates in our
analytical model 2 on question sensitivity was in line with
our expectations. We expected that respondents who scored
higher on the scale measuring conservation (a proxy of so-
cial desirability) values would be more likely to refuse to
answer the income question (H2b). However, the coefficient
was not statistically significant. Even so, those with higher
social trust were less likely to refuse to answer the income
question (H2a). Importantly, both factors were not statisti-
cally significant for the model predicting the probability of
‘don’t know’ responses (model 1). Additionally, in line with
H2a, among nonresponding units, those with lower social
trust were more likely to opt for refusal than to reply ‘don’t
know’ (model 3).

6.5 Country-level predictors of income nonresponse

Moving on to the differences between countries and the
task complexity argument (model 1), adult numeracy skills
operationalised using PISA mathematics performance score
were not statistically significant (H3a). However, the odds
of ‘don’t know’ nonresponse were lower in countries with
a higher uncertainty avoidance index (UAI), confirming
H3b. In other words, higher UAI correlates with a higher
likelihood of providing a response to the income question.
At the same time, UAI had a negligible effect in terms of
explaining cross-country differences in the odds of refusal
vs ‘don’t know’ answer (model 3).

Regarding the question sensitivity argument (model 2),
both country-level indicators were statistically significant
and in line with H4: respondents living in countries with
a more masculine culture and larger shadow economy,
where more income is not reported to tax authorities, are
more likely to refuse to answer the income question in
the ESS survey. The association remained significant in
model 3, providing additional support for H4.

6.6 Comment on control variables

While age, gender and education were not our main points
of interest, they might be related to the studied mechan-
isms and worth noting. Minding the interviewer effect, as
in the case of other types of nonresponse (Herda, 2013;
Piekut, 2021), women are more likely not to respond either
by replying ‘don’t know’ or refusing to answer (or their
interviewers are keener to select it), but among nonrespon-

dents, men are more likely to opt for refusals instead of
admitting a lack of knowledge (if that was the case). As
such, the task complexity mechanism is stronger among
women, while question sensitivity is stronger among men.
This could be explained by the dominance of hegemonic
masculine cultures in many European countries, which con-
fer power in household decision-making to men (Cahusac
& Kanji, 2014). Income nonresponse in the form of re-
fusals indicates that the fear of disapproval of low earnings
is stronger among men (Schripler, 2006). Younger respon-
dents are more likely to reply ‘don’t know’, while older
respondents are more likely to refuse to answer. Regard-
ing interviewer characteristics, female interviewers receive
more nonresponses of both types. This could mean that
women either accept nonresponses more than men or that
in some cultures noncooperative respondents find it eas-
ier not to answer survey questions when interviewed by
a woman (Schripler, 2004). Middle-aged interviewers, that
is 31-50 years of age, record more refusals in comparison to
younger interviewers. More educated respondents are likely
to have higher statistical literacy, which would help in cal-
culating their net household total income (Berinsky, 2002).
In comparison to middle-educated (ISCED 3) respondents,
those with tertiary education were less likely to reply ‘don’t
know’ to the income question but more likely to refuse to
answer it. Thus, while the question posed less cognitive dif-
ficulty for them, it also might have been a more sensitive
topic for highly educated respondents compared to others
(or they preferred not to admit their lack of knowledge).
Finally, while some survey-related characteristics cor-
respond with the nonresponse propensity, they follow the
same pattern for ‘don’t know’ and refusals (no significant
differences in model 3). More income nonresponse occurred
in surveys that achieved a higher overall unit response
rate and which had interviewers who were more experi-
enced and played a greater role in the respondent selection
process. First, this result echoes previous findings demon-
strating the positive association between item nonresponse
and the unit response rate, which supports the presump-
tion that surveys with higher response rates include more
reluctant respondents who are less motivated to participate
(Yan & Curtin, 2010). Second, our results also align with
analyses showing that surveys that involve interviewers in
the selection process recruit more satisficing respondents
(Menold, 2014; Eckman & Koch, 2019; Jabkowski & Ci-
chocki, 2019). Even more important from the perspective
of the scope of this study is the role of interviewers in shap-
ing the interview dynamic. While more experience among
interviewers has often been associated with lower unit non-
response (West & Blom, 2017), our results indicate that
more experienced interviewer teams might create an en-
vironment favouring time and resource effectiveness and
indirectly resulting in higher item nonresponse when sen-
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sitive questions and those demanding more cognitive effort
are asked.

7 Discussion and Conclusions

7.1 Discussion

Our analysis, based on ESS rounds 4-9, revealed that non-
response to the question about a household’s total net in-
come is patterned by two mechanisms. We found support
for the task complexity argument; the income question is
particularly cognitively challenging due to the respondents’
household size and income situations. We hypothesized that
respondents who live in larger households and whose pri-
mary source of income does not come from a stable source
are more likely to provide ‘don’t know’ responses. We
found that respondents living in larger households (H1a)
and in households whose primary income source is not
a regular wage, pension or benefit are more likely to reply
‘don’t know’ (H1b). We also found evidence favouring one
mechanism in the sensitivity argument, demonstrating that
social desirability and reservations about revealing sensi-
tive information are other important determinants of income
nonresponse; the odds of refusing to answer are higher for
respondents who trust other people less (H2a). However,
we did not find confirmation that conservation values will
correlate in a higher probability of refusals (H2b).

The results have implications for understanding the
framework of ‘survey satisficing’, according to which re-
spondents’ likelihood of responding to a question depends
on their ability and motivation to answer and the task
difficulty (Krosnick, 1991). On the one hand, the findings
demonstrate that the survey response process—consisting
of question understanding, information retrieval, estima-
tion and judgement and, finally, fitting into the response
category (Beaty & Herrmann, 2002)—varies for those who
reply ‘don’t know’ and ‘refuse to say’. In the former case,
problems arise when information about household income
must be retrieved and making calculations turns out to be
impossible or too difficult during an interview. In turn,
respondents who refuse to answer decide not to disclose
sensitive information when assimilating the question. Here,
the satisficing process is stronger, as respondents do not
perform much or any memory search to answer the ques-
tion due to question sensitivity. On the other hand, some
patterns we argued would apply only to ‘don’t know’
responses were, to some extent, also seen in ‘refuse to
say’ responses, such as household size and income source.
This could mean that ‘don’t knowers’ and ‘refusers’ are
not always two different populations, as argued previously
(Schripler, 2006; Shoemaker et al., 2002). Rather, similar

respondents might hesitate to formulate an answer due to
task complexity and too much cognitive effort, and they
might also feel the income question is too sensitive to an-
swer. Another explanation might be related to the process
of recording nonresponses during an interview: respondents
might purposefully switch between the two nonresponse
options (e.g. wishing to hide a lack of knowledge and
instead opting for refusal) or select an incorrect nonre-
sponse option unintentionally (e.g. replying ‘don’t know’
and not being aware that refusing to answer is another
available nonresponse option). Another possibility could
be associated with the role of interviewers when coding the
nonresponse option. If respondents are hesitating for too
long, interviewers might not follow the guidance on not
reading out the nonresponse options and instead suggest
one of them to a respondent—either ‘don’t know’ or ‘refuse
to answer’—or choose the final nonresponse answer for
them. In other words, ‘don’t knowers’ and ‘refusers’ are
similar because data might not always be recorded consis-
tently. Finally, if some of interviewer effects might overlap
with area effects if they are assigned to interview a cluster
of respondents living in the same location (Friedel, 2020).

Furthermore, our study indicates that a respondent’s mo-
tivation and ability to answer are not solely an individual-
level factor but also vary across countries and are corre-
lated with selected country-level characteristics linked with
both mechanisms. We expected that the likelihood of ‘don’t
know’ responses would be higher in countries with lower
adult numeracy skills (H3a), and (2) lower when the respon-
dent lives in a country with higher uncertainty avoidance
(H3b). We did not find support for the first claim, but indeed
the propensity to respond ‘don’t know’ is lower in national
contexts where uncertainty is avoided more, so during inter-
views respondents feel more inclined to answer the ques-
tion, possibly even if they are not completely sure about
their household income. Hence, lower income nonresponse
might be related to higher measurement error for that ques-
tion in such countries. We expected a higher likelihood of
‘refuse to say’ responses in countries where income mis-
reporting is more common (H4a), and among respondents
who live in countries with higher masculinity values (H4b).
We find support for both claims. The income question is
more sensitive in countries where gender roles are more
distinct and masculinity is connected with material success
as well as where more income is not reported to tax au-
thorities so involvement in unreported employment is more
common. Income nonresponse has decreased over time in
many European countries, partially due to survey consoli-
dation and improvements in survey management. However,
it this has not been the case in some countries like Hun-
gary and Poland, which still have high income nonresponse
rates. Further analysis of how the ESS is implemented lo-
cally could reveal the reasons for this disparity.
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7.2 Recommendations

Our analyses allow us to conclude with some recommenda-
tions for survey practitioners. When surveying larger house-
holds, it is more likely that the interviewed person will not
know all sources and amounts of household income. This
possibility was confirmed by our analysis of survey charac-
teristics, including different sampling procedures applied on
the ground. Income nonresponse—especially ‘don’t know’
responses—occurs more often when interviewers perform
the respondent selection, for example, by selecting a person
with greater availability at a given time. The implication of
this finding is simple—for household questions about sub-
jects like income, it seems reasonable to allow the respon-
dent to liaise with more knowledgeable household members
and ask them about the total household income.

Survey companies should also consider procedures that
reduce task complexity and respondents’ motivation to not
respond through impression management. More clarifica-
tion and comprehensive instructions do not necessarily de-
crease the nonresponse rate (Kiifner et al., 2021). As such,
instead of asking one complex question, potentially with
overly long instructions, it might be better to improve ac-
cessibility by splitting the question into a few, easier-to-
grasp, tasks. Respondents could be offered a list of various
household sources of income and provide an estimate sep-
arately for each source. In this way, they would be given
more time to reflect on each source and be reminded about
them, and they would not need to make the final calcula-
tions themselves. These composite incomes would not be
recorded to not increase sensitivity by revealing too much
detailed information about income sources.

However, changing the question design and wording is
not the best strategy for increasing responses among par-
ticipants who do not engage cognitively in answering the
question due to its sensitivity. The ESS tries to minimise
income question sensitivity by giving the respondent dis-
ordered letters as answer categories. Nevertheless, the re-
spondent might be convinced that the interviewer knows
the income deciles lying behind the letters. Thus, the ap-
parent recommendation for reducing social desirability for
an income question is to make the income section of the
questionnaire self-administered or to generate different ran-
dom letters for each respondent corresponding to income
brackets (and reveal it to respondents), which could only be
decoded by the respondent and the fieldwork agency, never
the interviewer. In countries in which the income question is
considered more sensitive, respondents might be reminded
that the information provided in surveys is never shared
with any authorities. Further, for a question asking the re-
spondent to list all income sources, as described above,
vague wording, such as ‘another source’, could be used to

describe various sources of casual income and income from
unreported employment.

Finally, analyses of item nonresponse in cross-national
surveys like the ESS could be facilitated by measuring cul-
tural values (e.g. uncertainty avoidance) and attitudes condi-
tioning the propensity to satisfice, which often vary across
countries. While we used conformity from the Schwartz
scale as a proxy for social desirability bias, it would be ben-
eficial for further methodological studies to employ more
direct measures linked with the respondents’ cognitive ef-
fort during the interview and attitudes towards sharing per-
sonal information.

7.3 Study limitations and implications for future
research

Our study has several limitations. We focused on one Eu-
ropean survey—the ESS—and it would be insightful to
replicate/extend the analysis using other large-scale sur-
veys, both from Europe and other regions of the world.
Since the income question is measured differently across
surveys, conducting a cross-project study would be neces-
sary to account for differences in how the question is oper-
ationalised and worded. Furthermore, during the Covid-19
pandemic, many cross-national surveys moved online (e.g.
Luijkx et al., 2021)—which might reduce social desirabil-
ity reporting—offering an opportunity to include the survey
mode as another explanatory factor.

Further research on income nonresponse in cross-na-
tional studies could incorporate the response continuum
perspective and deal with the unit and item nonresponse
together as a part of one cooperative survey process (Billiet
etal., 2007; Yan & Curtin, 2010). We also found differences
in income nonresponse between men and women respon-
dents and interviewers, and this analysis could be extended
by investigating whether the task complexity and question
sensitivity mechanisms are gendered. Additionally, ex-
amining other country-related differences in nonresponse
and various contextual effects (e.g. in national economies
and cultures) would provide additional insights into nonre-
sponse mechanisms in survey-based income measurements.

This work was supported by a grant awarded by the National Science
Centre, Poland (no. 2018/31/B/HS6/00403).
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