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Executive Summary:
Comparability of web and telephone surveys
for the measurement of subjective well-being

October 13, 2016

Highlight: In knowledge intensive societies, can the Internet help to col-
lect timely data about people’s behaviours, attitudes, preferences, and val-
ues? This study documents that web surveys are a convenient and
reliable tool to collect information about people’s well-being.

Background: Surveys are a precious source of information about many so-
cial, economic, and political issues, including people’s subjective well-being.
Assessing how is life, whether it has improved, and which factors matter
for people’s well-being is relevant for both academic and policy-making pur-
poses. To these aims, the prompt availability of high quality data is pivotal.
Yet, the increasing costs of surveys impose a trade-off between quality and
quantity: it is expensive and increasingly difficult to run timely and high
quality surveys.

Web surveys, i.e. surveys administered via the Internet, may overcome
such limitations: the wide penetration of Internet, combined with lower ad-
ministration costs, time-effectiveness, and automatisation, create the possi-
bility to collect reliable and affordable nationally representative data. How-
ever, little is known about how the use of telephone and web surveys on
nationally representative samples affects responses to subjective questions,
such as those about people’s well-being.

In particular, researchers know little about the comparability of subjective
measures collected on nationally representative samples through telephone
and web survey modes. This issue is relevant because current data-bases
increasingly rely on mixed data collection modes, and it is important to
know whether data issued from different modes are comparable.



Data and methods: We use unique data from the Luxembourgish Global
Entrepreneurship Monitor from years 2013-2015 to test whether the web sur-
vey mode alters people’s evaluations of their subjective well-being compared
to telephone survey. The data at hand are unique because Luxembourg is
the only country that consistently collected data on well-being using five dif-
ferent measures, and administered a web survey to nearly half of the sample.
We use Oaxaca-Blinder decomposition and multinomial logit with Coarsened
Exact Matching to establish whether and in which direction the participation
in the web survey alters people’s responses about their well-being.

Findings: Our results show that the use of web surveys slightly alters peo-
ple’s evaluations of their well-being. In three out of five measures web survey
generates lower well-being scores than telephone surveys. Moreover, for all
five variables, respondents of web survey are less likely to choose the neutral
category (“neither agree nor disagree”) than respondents of telephone survey.
However, such differences have negligible impact on statistical analysis.

Conclusion: Present results support the view that web surveys are a con-
venient and reliable mode to collect subjective data, such as those on people’s
well-being. However, practitioners should be careful when using these data
for descriptive purposes, especially when combining data collected with var-
ious survey modes. To minimize the risk of biasing the results we advice to
gradually shift from telephone to web surveys.
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1 Introduction

Survey data are an important source of information in modern societies, and
numerous indicators rely on the availability of timely and reliable informa-
tion, such as those related to quality of life.! Survey data contribute to the
evaluations and policy decisions of statistical offices, international organiza-
tions, and governments.

The most commonly used survey administration modes include: online
surveys, comprising e-mail and web surveys; telephone interviews, typically
conducted as a computer assisted telephone interview (CATI), but sometimes
with the use of automatized interactive voice recognition (IVR) technology;
mail surveys; face-to-face interviews, usually conducted as computer assisted
personal interviews (CAPI) or as pen-and-paper interviews (PAPI). For a
long time, telephone or face-to-face interviews have been the main modes of
collecting micro data, yet their increasing costs and quality concerns (low
response rates, missing data, presence of duplicates, etc.) pose a challenge
to the future of survey research.

Web surveys, i.e. surveys administered via the Internet, have gained pop-
ularity in recent years as they offer a solution to many of the shortcomings
of other survey modes. Internet connections are widespread, with a penetra-
tion of more than 80% in Western Europe and North America, thus offering
an ideal tool for administering surveys (We Are Social, 2016). Web surveys
can be cost-effective, reliable, and user friendly. They may cost less and be
conducted more quickly than telephone or face to face surveys. Participants
may choose to respond at their convenience, with possible benefits for the
quality of the answers. The automatic data entry may reduce errors and
speed up data preparation. For these reasons web surveys are an appealing
tool for survey practitioners (Couper, 2013).

Previous research investigated comparability of well-being scores between
face to face and telephone survey modes. Dolan and Kavetsos (2012) showed
that respondents of a telephone survey reported higher well-being than re-
spondents of a face to face survey. The survey mode affected also the corre-
lates of subjective well-being: life circumstances correlated with subjective
well-being stronger in the face to face sample than in the telephone sam-
ple. Yet, despite growing literature, one aspect received comparatively less
attention: comparability of subjective measures collected on nationally rep-
resentative samples through telephone and web survey modes.

This issue is relevant for at least two reasons. The first one is the growing

1See, for instance, the Better Life Index of the OECD, the Eurostat’s project Quality
of life in Europe, the Italian Equitable and Sustainable Well-being, the British Measuring
National Well-being, or the Luxembourgish PIBien-étre.



popularity of mixed data collection mode (Roster et al., 2004; Schonlau et al.,
2003; Nigg et al., 2009; Jéckle et al., 2015; Dillman et al., 2009). The second
reason is the need to compare data collected with various modes across coun-
tries or time (as, e.g. in case of the World Values Survey and the European
Values Study data). In such cases, the comparability of answers collected
with various modes is a precondition to obtain reliable conclusions.

We contribute to this literature by testing the comparability of five mea-
sures of subjective well-being collected using telephone and web survey modes
from a nationally representative sample of residents of Luxembourg (aged 18-
64). Both for historical reasons (telephone surveys were introduced before
web surveys) and for economic reasons (the former are more expensive than
the latter) we consider telephone surveys as the conventional mode and we
test whether web survey mode alters people’s evaluations of their well-being
compared to telephone surveys.

We focus on subjective well-being because in recent years it received con-
siderable attention in the public, political, and academic debate. The reason
is probably that subjective well-being allows a direct and reliable monitoring
of how well people fare.? Nearly 40 years of psychological, economic and
sociological research on what matters for people’s well-being and what are
its consequences for economic, social and political outcomes have confirmed
that subjective well-being deserves close monitoring. Many surveys, cover-
ing virtually every country in the world, ask respondents to evaluate, among
others, their subjective well-being.?

We use Global Entrepreneurship Monitor data for Luxembourg, a coun-
try where Internet penetration is 96% (GEM, 2016). These data are unique
because every year, from 2013 to 2015, nearly half of the sample has been
interviewed via web survey and the other half via telephone survey. Addi-

2The reliability of SWB measures has been corroborated by experimental evidence from
several disciplines. For example, SWB correlates with objective measures of well-being
such as the heart rate, blood pressure, duration of Duchenne smiles and neurological tests
of brain activity (Blanchflower and Oswald, 2008; van Reekum et al., 2007). Moreover,
SWB measures are correlated with other proxies of SWB (Schwarz and Strack, 1999;
Wanous and Hudy, 2001; Schimmack et al., 2010) and — more interestingly — they mirror
the judgments about the respondent’s happiness provided by acquaintances or clinical
experts (Schneider and Schimmack, 2009; Kahneman and Krueger, 2006; Layard, 2005).

3Examples of cross-country surveys collecting information on people’s well-being in-
clude, and are not limited to, the World Values Survey, the European Value Study, the
European Social Survey, the General Social Survey, the International Social Survey Pro-
gramme, the European Quality of Life Survey, besides a number of panel studies — such
as the German Socio-Economic Panel, the British Household Panel Study, the Household,
Income and Labour Dynamics in Australia, or the European Survey on Income and Living
Conditions — and other more regional or sub-regional studies.



tionally, respondents evaluated their subjective well-being using five different
questions. We use the Blinder-Oaxaca decomposition to test whether the dif-
ferences in well-being scores between the two samples may be attributed to
different observable characteristics. Subsequently, we use multinomial logit
with Coarsened Exact Matching to investigate the effect of survey mode on
the differences in distributions of answers, after matching respondents on ob-
servable characteristics. Finally, we test how survey mode affects statistical
inference.

Our results show that the use of web surveys slightly alters people’s evalu-
ations of their well-being. In three out of five measures web survey generate
lower well-being scores than the telephone surveys. Moreover, for all five
variables, respondents of web surveys are less likely to choose the neutral
category (“neither agree nor disagree”) than respondents of telephone sur-
vey. However, the effect of survey mode for statistical inference is negligible.
These results support the view that web surveys are a convenient and reli-
able tool to collect data on subjective well-being. Yet, to minimize the risk of
biased conclusions in case of comparisons over time, we recommend to adopt
a gradual shift from telephone to web survey.

The paper is organized as follows. In section 2 we present the main con-
cepts and review previous literature on the differences between telephone
and web survey modes. Section 3 and 4 describe, respectively, the data and
the methods. Section 5 reports our results. We begin with descriptive statis-
tics, then we present results of the Blinder-Oaxaca decomposition, the results
from the Coarsened Exact Matching, and, finally, the results for statistical
inference. The last section summarizes our findings and provides concluding
remarks.

2 Comparability of data collected through tele-
phone and web surveys

In general, comparability of surveys collected with various modes may be
limited by two types of effects: population and response effects. Population
effects (sometimes referred to as ‘coverage errors’) are differences in answers
resulting from over- or under-representation in the sample of specific cate-
gories of respondents (Roster et al., 2004). In other words, population effects
result from the mismatch between the target population of a study (e.g.,
the adult population of a country) and the the frame population (i.e. the
population from which the study participants have been selected) (Couper,
2000).



Response effects (also called ‘mode effects’) are the response differences
which result from the way respondents interact with the survey mode. Re-
sponse effects include, among others, social desirability, satisficing (i.e. the
tendency to provide similar answers to a battery of questions), acquiescence
(i.e. the tendency to agree rather than to disagree), and order effects (in par-
ticular, recency and primacy effects). Response effects are typically larger
for topics which are less crystallized in the minds of respondents, because
the uncertainty of how to answer may push respondents to search for clues
present in the situation (e.g. answering scales or other questions which has
been asked before) to formulate their answers (Dillman and Christian, 2005).
Responses to factual questions or to questions concerning issues on which re-
spondents have crystallized opinions tend to be less affected by the survey
mode.

Both population and response effects in the context of web and telephone
surveys are discussed in detail below. However, while population effects are
well known in the literature, response effects in the use of web surveys have
received little attention. We aim to contribute to fill this gap.

2.1 Population effects

Telephone users typically differ from Internet users, and both groups dif-
fer from the general population, which may lower the representativeness of
web and telephone samples (Yeager et al., 2011). Some people are system-
atically more likely to answer the phone, and others are more likely to fill
in a web-based survey (Dillman et al., 2009; Dever et al., 2008; Bethlehem,
2010; Jackle et al., 2015). Research typically showed that telephone samples
over-represented the older respondents (Roster et al., 2004), whereas web
surveys under-represented older respondents (Bech and Kristensen, 2009),
over-represented younger people (Roster et al., 2004; Flemming and Sonner,
1999), those with higher incomes (Couper, 2000), more geographically mo-
bile (Roster et al., 2004), and men (Flemming and Sonner, 1999). Results
for education were mixed. Some studies showed that telephone surveys over-
represented adults with a college degree (Berrens et al., 2003; Roster et al.,
2004), whereas other connected higher education with increased chances of
being active online (Couper, 2000). In American studies, both telephone
and web surveys seemed to under-represent ethnic minorities; however, the
degree of under-representation seems more substantial for telephone than for
web surveys (Berrens et al., 2003).

Socio-demographic differences between the samples may be problematic,
but they can be partly corrected by weights, so that sample differences are
taken into account in statistical analysis (Berrens et al., 2003; Dever et al.,



2008). Differences on unobservables are more difficult to account for. Note
that samples identical in terms of socioeconomic characteristics may lead
to different conclusions about relationships among variables if they differ in
terms of unobservable characteristics (Berrens et al., 2003; Couper, 2000).

Representativeness of samples strictly relates to the method of sample
selection. Non-probability samples (typical for web surveys whose respon-
dents are recruited through banners on websites or e-mail invitations sent to
a large group) tend to be more variable in their accuracy than probability
samples (Yeager et al., 2011; Chang and Krosnick, 2009). In some cases,
self-selection (Bethlehem, 2010) may substantially affect data quality (Beth-
lehem, 2015; Hudson et al., 2004). Research showed systematic differences
of opinions and attitudes between respondents of telephone and web sur-
veys, in particular those following the non-probability sampling (Flemming
and Sonner, 1999). For example, non-probability web sample may be biased
toward people engaged and knowledgeable about the survey’s topic (Chang
and Krosnick, 2009), or towards people using e-mail and Internet more often
than others (Yun and Trumbo, 2000).

2.2 Response effects
2.2.1 Measurement error

Measurement error refers to the deviation of the answers from their true val-
ues (Couper, 2000). In self-administered surveys, such as web-based ones,
it may result from low motivation of the respondents, problems with under-
standing a question, or problems related to the questionnaire itself. In tele-
phone surveys an interviewer may motivate respondents, clarify questions,
or probe incomplete responses. All these factors may increase the quality of
collected data.

However, web surveys give respondents a possibility to check relevant
information before answering a question (Braunsberger et al., 2007), and
they create less pressure than telephone surveys to provide an answer quickly.
Moreover, respondents participating in web surveys have more freedom to
choose when to answer the survey questions, may be therefore less distracted
and more focused on the survey (Yun and Trumbo, 2000; Kiesler and Sproull,
1986). This explains why respondents participating to web surveys provided
more accurate answers to questions testing their knowledge (Fricker et al.,
2005), and their answers were less affected by random measurement errors
(Chang and Krosnick, 2009) than those of telephone survey respondents.



2.2.2 Satisficing

Satisficing occurs when respondents provide similar answers to a battery
of questions because they do not devote effort to the responding process.
Satisficing may occur especially in web surveys which use grids (so called
‘straightlining’) (Tourangeau et al., 2004; Fricker et al., 2005; Zhang and
Conrad, 2014). However, while some research showed that satisficing is more
frequent in web than in telephone surveys (Fricker et al., 2005), other studies
demonstrated the opposite (Chang and Krosnick, 2009). Overall, satisficing
is more frequent among lower educated respondents (Zhang and Conrad,
2014; Malhotra, 2008), and among respondents who prefer a different survey
mode than the mode actually used (Smyth et al., 2014).

2.2.3 Social desirability

The great advantage of telephone surveys, i.e. the use of interviewers who
can support and guide respondents (Braunsberger et al., 2007), may also
contribute to lowering the quality of obtained data by introducing social
desirability bias (Braunsberger et al., 2007; Johnson et al., 2000). Self-
administered web surveys provide privacy to the respondent and are more
likely to report some socially undesirable opinions or behavior. This may
limit the comparability of interviewer- and self-administered modes (Klausch
et al., 2013). Studies confirmed that web surveys typically yield less so-
cially desirable answers than telephone surveys (Nigg et al., 2009; Kreuter
et al., 2008; Christian et al., 2008; Chang and Krosnick, 2009; Bason, 2000).
Moreover, respondents participating in a telephone interview may perceive
the same questions as more sensitive than respondents participating in a
web survey (Kreuter et al., 2008). However, previous literature found only
marginal differences in answering sensitive questions between telephone and
web surveys (Parks et al., 2006; Bason, 2000).

2.2.4 Acquiescence: Positive and negative answers

Acquiescence, i.e. the tendency to give positive rather than negative answers
is typically stronger in telephone than in web surveys. Research demon-
strated that web survey respondents tend to give more neutral and more
negative answers, especially to questions referring to their attitudes or satis-
faction, than in telephone surveys (Braunsberger et al., 2007; Dillman et al.,
2009; Christian et al., 2008; Roster et al., 2004). On the contrary, respondents
in telephone surveys tend to give extreme positive answers more often than
respondents in web surveys (Christian et al., 2008; Dillman et al., 2009).



However, some studies found no difference in acquiesence between respon-
dents participating in web and telephone surveys (Fricker et al., 2005).

2.2.5 Primacy and recency

The recency effect is the tendency of respondents (primarily those partici-
pating in telephone interviews) to choose more often the last-offered answer.
The primacy effect, on the contrary, refers to the tendency of respondents
in self-administered surveys (such as mail or web surveys) to choose system-
atically more often the first-offered answer choices (Dillman and Christian,
2005; Christian et al., 2008).

2.3 Relationships between variables

Some studies assessed the quality of answers obtained through web and tele-
phone surveys by investigating relationships among variables (Roster et al.,
2004; Yun and Trumbo, 2000; Chang and Krosnick, 2009; Dolan and Kavet-
sos, 2012). Research compared various survey modes and provided vari-
ous results. For example, Yun and Trumbo (2000) observed nearly identi-
cal R-squares in regression models on data collected by traditional mail vs.
electronic channel (web and e-mail surveys combined); they also noted few
statistical differences between beta coefficients. However, a comparison of
predictors of well-being between face to face and telephone surveys showed
differences in significance of coefficients and estimated sizes of effects (Dolan
and Kavetsos, 2012).

3 Data

To evaluate how the web survey mode affects people’s reports about their
well-being, we use the pooled Adult Population Survey of Global En-
trepreneurship Monitor (GEM, 2016), a survey of the Statistical Office of
Luxembourg (STATEC) in 2013, 2014, and 2015 on a nationally representa-
tive sample of residents of Luxembourg aged between 18 and 64 years. GEM
is designed as a source of harmonized, individual-level information about
people’s motives and aspirations for entrepreneurship. The survey is ad-
ministered in more than 100 countries worldwide, covering over 75% of the
world’s population. Among the participating countries, Luxembourg is the
only country that consistently monitored respondents’ subjective well-being
using a battery of five questions, including an item about life satisfaction. In
addition, nearly 50% of the 6000 sampled respondents has been interviewed



using computer assisted telephone interviews (CATI), while the other 50%
has responded to a web survey. These proportions have changed in 2015
when 40% of the sample was interviewed by phone and the remaining 60%
by web survey.

Telephone survey respondents have been randomly drawn from the house-
hold, fixed line phone registry, while participants of the web survey have been
randomly selected from a database containing over 14,000 e-mail addresses.
The data-base contains the e-mail addresses of people who have been previ-
ously contacted in various ways — either in previous interviews, or through
advertisement and local newspapers campaigns — and who agreed to partic-
ipate to web surveys in the future.

In the analysis, we limited the sample to respondents who potentially
could have been selected for both the telephone and the web survey: we
excluded people who did not have either the telephone line or the internet
connection (i.e. 451 out of the 6095 observations).

Respondents were asked to evaluate their life satisfaction, by stating how
strongly they agreed with the statement “I am satisfied of my life.” The
possible answers ranged from 1 — strongly disagree to 5 — strongly agree. The
survey included also the following four alternative measures of subjective
well-being: “So far I have obtained the important things I want in life”, “If
I could live my life again, I would not change anything”, “The conditions
of my life are excellent”, and “In most ways my life is close to my ideal”.
Answers are coded on a scale from 1 to 5, consistently with the item about
life satisfaction.

Table 1 shows the bivariate correlations among the measures of subjective
well-being. The correlations between life satisfaction and having obtained the
important things in life, having excellent living conditions, and having a life
close to an ideal exceed 50%, whereas the correlation of life satisfaction with
the unwillingness to change anything in one’s life is 36%. The correlations
between the four alternative measures of subjective well-being range between
36 and 56%.

The survey mode used to collect the data is encoded with a dummy
variable set to zero if the respondent answered a telephone survey, and 1 if
the respondent answered a web survey.

To account for individual socio-economic differences between the two
groups of respondents, we include the following controls: age and age squared
(continuous variables), gender (0 — men, 1 — women), education (dummies
for: [a] elementary education; [b] secondary education; [c] master crafts-
man; [d] bachelor; and [e] master), employment status (dummies for: [a]
employed full-time; [b] employed part-time; [c| self-employed; [d] retired or
disabled; [e] homemaker; [f] student; and [g] other not working), and income
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Table 1: Correlation matrix of the measures of subjective well-being.

life important  not change excellent life life close
satisfaction things in life  anything conditions to ideal
life satisfaction 1
important things in life 0.60*** 1
not change anything 0.36*** 0.39*** 1
excellent life conditions 0.56** 0.51%** 0.36*** 1
life close to ideal 0.60*** 0.50*** 0.37*** 0.56*** 1

Source: Global Entrepreneurship Monitor, Luxembourg, 2013-2015. N = 5644
Note: *** p < 0.01;

of the respondents. The total annual income of all the household’s mem-
bers is observed through respondent’s self-declaration of belonging to one of
the following classes : [a] 0-20,000; [b] 20,001-40,000; [c¢] 40,001-60,000; [d]
60,001-80,000; [e] 80,001-100,000; [f] more than 100,000 euro. We assigned
to the respondents the middle value in their income bracket, after limiting
the upper category to 120,000 euro. Subsequently, we deflated the incomes
to the real euro of 2005 using national consumer price index, and converted
the income into logarithm. Finally, to account for time effect, we included
year fixed effects. Descriptive statistics are presented in Table 2.
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Table 2: Descriptive statistics of variables used in analysis

variable mean sd min max obs
Women 0.52 - 0 1 5644
Age (in years) 42.69 12.66 18 64 5644
Age squared / 100 19.82 10.58 3.24 40.96 5644
Elementary education  0.04 - 0 1 5502
Secondary education 0.48 - 0 1 5502
Master craftsman 0.06 - 0 1 5502
Bachelor 0.25 - 0 1 5502
Master 0.15 - 0 1 5502
Full-time employed 0.55 - 0 1 5545
Part-time employed 0.13 - 0 1 5545
Self-employed 0.05 - 0 1 5545
Retired or disabled 0.11 - 0 1 5545
Homemaker 0.05 - 0 1 5545
Student 0.08 - 0 1 5545
Other, not working 0.03 - 0 1 5545
Income (log) 10.82 0.55 9.01 11.42 4363
Year - - 2013 2015 5644

Source: Global Entrepreneurship Monitor, Luxembourg, 2013-2015.
Note: Standard deviations of dichotomous variables have been omitted.
Sample limited to individuals with Internet access and fixed phone line at home.

4 Methods

To test whether the use of web surveys alters the reported well-being we use
two complementary techniques: the Blinder-Oaxaca decomposition and the
multinomial logit with Coarsened Exact Matching (CEM).

4.1 Blinder-Oaxaca decomposition

The Blinder—-Oaxaca decomposition has been developed in the early "70s by
Blinder (1973) and Oaxaca (1973) to study wage discrimination of women in
the labor market. Recently, it has been applied also in other fields, including
the literature on subjective well-being (e.g., Helliwell and Barrington-Leigh,
2010; Sarracino, 2013; Bartolini and Sarracino, 2015).

The Blinder-Oaxaca decomposition allows us to decompose the difference
(gap) between subjective well-being declared in telephone and web surveys
into two components. The first component is the explained part of the gap,
which tells which part of the gap stems from the different observable charac-
teristics of the samples, such as income, education, etc. The second compo-
nent, known as the unexplained part of the gap, tells which part of the gap is
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due to differences in the estimated coeflicients, i.e. how people interact with
the specific survey mode. If the two groups of respondents are randomly
chosen from the overall population, we expect the socio-demographic and
economic variables to play a negligible role, i.e. the explained part of the gap
should be non significant, and unexplained part, i.e. the survey mode, should
be significant. Thus, the Oaxaca-Blinder decomposition, informs whether the
two samples are comparable and whether the survey mode plays a significant
role in generating the subjective well-being gap.
Formally, the Blinder-Oaxaca decomposition can be written as:

ASWB = (X4 —Xp) -8 +Xa- (Ba— )+ Xp- (8" = Bs) (1)

explained unexplained

where ASW B is the subjective well-being gap; A and B are the two groups
(9); Xg is a vector of group averages of explanatory variables; 54 and g are
the coeflicients estimated for group A and B, respectively; and 5* is a vector
of non-discriminatory coefficients to assess how much different characteristics
of individuals belonging to the two groups explain the overall difference. The
coefficient S* is estimated based on €2, which is defined as follows.

pr=Q-Ba+ I —Q) By (2)

where € is estimated with a pooled model to derive * (Neumark, 1988;
Oaxaca and Ransom, 1994). Computations are based on the package nlde-
compose which allows to decompose the gap for a categorical variable using
STATA (Sinning et al., 2008).

In the vector of explanatory variables (the X in Equation 1), we include
the following control variables: gender, age and age squared, employment
status, education, income, and dummy for each year of observation.

4.2 Multinomial logit with Coarsened Exact Matching
(CEM)

The Oaxaca-Blinder decomposition informs about how the survey mode af-
fects the average well-being, but it does not tell how it affects people’s choice
of specific categories of well-being. To address this point we use a multino-
mial logit with Coarsened Exact Matching (CEM), a technique previously
applied in studies on well-being (e.g., Sidney et al., 2015).

CEM approximates the randomized control trial, i.e. it considers the
survey mode as a treatment and it estimates its effect on subjective well-
being after matching similar observations from the two samples. In par-
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ticular, CEM is a monotonic imbalance reducing matching method, i.e. a
technique that allows the user to choose ex-ante the balance between the
treated and control groups with the aim of controlling for some or all of the
potentially confounding influence of pre-treatment control variables. In this
way CEM ensures that the “treated” group (the web survey respondents)
and the “control” group (the telephone survey respondents) are similar not
only on average, but on the whole distribution of observable variables. CEM-
based estimates have powerful statistical properties and can outperform oth-
ers matching procedures (lacus et al., 2011). For instance, compared to
Mahalanobis and propensity score matching methods, CEM generally pro-
vides the best trade-off between covariates’ imbalance and sample size of
matched observations (lacus et al., 2012). To make the two groups of re-
spondents comparable, CEM identifies a sub-set of observations for which
the covariates are balanced, i.e. the treated and control groups are similar
on the distribution of the covariates. This allows to compare the outcomes
of the treated and control groups approximating an experimental setting. In
present study, individuals are exactly matched on gender, employment sta-
tus, education level, and year of the survey, while they are coarsely matched
on continuous variables, i.e. age and income.

The observations matched using CEM are subsequently analyzed using
multinomial logit, which is particularly suited to deal with categorical vari-
ables, such as our measures of well-being.* Multinomial logit model esti-
mates simultaneously the association between survey mode and all possible
outcomes of subjective well-being, accounting for the set of control variables.
Implementing the multinomial logit model on CEM retained data has the
advantage to estimate the survey mode effect at different levels of subjective
well-being, on a sample of observations that resemble experimental data.

5 Results

Figure 1 shows the distribution of life satisfaction by survey mode. Both
distributions are right skewed, as it is often the case with subjective well-
being data. Yet, while the share of those who are strongly satisfied with
their lives is identical between the two groups, respondents of the web survey
indicate more often the lower categories, and on average they report lower
life satisfaction than respondents of the telephone survey. Also missing data

4An alternative method used with ordered variables, i.e. the ordered logit model,
imposes the same coefficient of the variable of interest for all outcome categories. This
assumption, known in the literature as parallel regression assumption, is violated in our
data (Long and Freese, 2006).
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are more frequent among respondents of the web survey. The Kolmogorov-
Smirnov test for equality of distributions confirms that life satisfaction does
not have the same distribution across survey modes. The combined test re-
ports a difference between distribution functions of 0.092 which is significant
at 99%.

Figure 1: Distribution of life satisfaction by survey mode.

telephone | | web-survey |

Percent

| am satisfied with my life
Graphs by survey mode

On average, respondents of the telephone survey report a life satisfaction
score of 4.15, whereas the average in the web survey is 4. The difference
is small, yet statistically significant (p < 0.01). While the share of people
strongly satisfied with their lives is similar across survey modes, differences
become more evident at the lower end of the scale: in the web survey 4.07%
of respondents “strongly disagreed”, and 9.35% “disagreed” that they are
satisfied with their lives; in the telephone survey the respective shares are
1.48% and 3.26%. The probabilities to choose categories “neither agree nor
disagree” and “agree” are higher among respondents using the telephone
survey (12.10% and 44.67%) than the web survey (7.61% and 39.80%).

This suggests that the survey mode affects people’s responses to the life
satisfaction question: although small, the difference in the average life satis-
faction between web and telephone respondents is significant. Additionally,
respondents of the web survey have a higher probability to choose low cate-
gories compared to those who used the telephone survey.

The possible explanation of these differences is that the two groups of
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respondents differ in socio-demographic characteristics which also predict
well-being. For instance, it is plausible that respondents of the web survey
are on average younger, more educated, and a greater share of them are
employed. We report the distribution of life satisfaction, gender, education,
employment, age, income, and occupation by survey mode in Appendix A.
Table 3 shows the marginal effects of the socio-demographic controls on the
probability of participating in the web survey. Variables are incrementally
included in the model to test their relative importance.

Table 3: Predictors of participation in the web survey. Marginal effects after

probit regression.

model 1 model 2 model 3
dy/dx t dy/dz t dy/dx t
Women —0.08***  (-5.12) —0.07***  (—4.00) —0.06***  (-3.76)
Age (in years) -0.01**  (-2.79) —0.03***  (—5.48) —0.03***  (—5.52)
Age squared / 100 0.01 (1.79) 0.03""*  (4.62) 0.03"*  (4.60)

Elementary education
Secondary education

Master craftsman
Bachelor
Master

Full-time employed

Part-time employed

Self-employed
Retired or disabled
Homemaker
Student

Other, not working

reference
0.03 (0.84)
0.06 (1.32)
0.06* (1.98)
0.03 (1.00)
reference
—0.02 (—0.65)
0.03 (0.93)
—0.09** (—3.06)
—0.10* (—2.40)
—0.22***  (=5.01)
—0.07 (—1.52)

0.02 (0.78)
0.05 (1.29)
0.05 (1.63)
0.02 (0.54)

—0.01 (—0.51
0.04 (1.08
—0.08"  (—2.66

(
—0.09*
—0.21%**  (—4.84
—0.05 (

Income (log) 0.04** (2.74)
year 2014 —0.01 (-0.39) —0.00 (—0.26) —0.01 (—0.29)
year 2015 0.07*** (3.51) 0.07*** (3.60) 0.07*** (3.59)
Observations 4,238 4,238 4,238

Source: Global Entrepreneurship Monitor, Luxembourg, 2013-2015.
Note: Estimations for individuals with Internet access and fixed phone line at home.

dy/dx: marginal effect; ¢: t-statistics. * p < .10, ** p < .05, *** p < .01.

The probability of participating in the web survey is lower for women,
retired people, homemakers, students, and people with lower incomes; the
relationship with age is U-shaped: the probability of participating in a web
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survey declines with age, but it reverts after a given threshold. Finally,
the coefficient for year 2015 reflects the increased size of the web sample in
that year. As some of these variables are also standard predictors of life
satisfaction, it is plausible that the observed differences in life satisfaction
are due to the different socio-demographic composition of the two groups.
To address this issue we resort to the Blinder-Oaxaca decomposition.

5.1 Blinder-Oaxaca decomposition

Table 4 shows the decomposition results. The difference (‘gap’) in average
life satisfaction between the two groups of respondents is 0.15 (p < .01).
A positive gap means that on average telephone survey respondents report
higher well-being than web survey respondents.

The explained part of the gap is not significantly different from zero which
means that the different socio-demographic characteristics of the two groups
do not predict any significant well-being gap.

The decomposition shows that all the difference is unexplained, which
suggests that the gap is the result of the way people interact with survey
modes. Specifically, the use of telephone survey reduces the gap, i.e. if
respondents of the web survey had participated in the telephone survey, then
the well-being gap between these two groups would be -0.246 points smaller,
on a scale from 1 to 5. In other words, if the survey had been administered
only via telephone, then the overall well-being would have been higher. On
the contrary, the coefficients of web survey respondents predict an increase
of the gap by 0.399 on a scale from 1 to 5. This confirms that the use of the
web mode affects people’s responses independently from their socio-economic
characteristics.

In sum, the main result from the decomposition is that the gap in life
satisfaction between web and telephone respondents is not due to the different
socio-demographic characteristics of the two groups.

5.2 Multinomial logit with CEM

Coefficients in Table 5 report the effect of web survey mode on the probability
to choose each of the five responses to the life satisfaction question. Web
survey respondents have a lower probability to choose the middle category
( “neither agree nor disagree”) and a higher probability to choose the negative
(“disagree” and “strongly disagree”) categories. The probability of choosing
the upper two categories is not affected. The result is the slight downward
shift of the distribution of the answers noted in Table 3, and a consequent
lower average subjective well-being for people who used a web survey.
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Table 4: Blinder-Oaxaca decomposition of the life satisfaction gap by survey
mode.

coefficient z-stat p-values
Difference: 0.151 3.363 0.001
Decomposition:
Explained —0.001 —0.615 0.538
Telephone —0.246 —5.799 0.000
Web-survey 0.399 19.415 0.000

Observations 4230

Source: Global Entrepreneurship Monitor, Luxembourg,
2013-2015.

Note: Estimations for individuals with Internet access and
fixed phone line at home.

Table 5: Web survey mode as a predictor of life satisfaction scores. Marginal
effects from multinomial logit with CEM.

I am satisfied with my life:  Strongly Disagree  Neither agree Agree Strongly
disagree nor disagree agree
survey mode (web) 0.027**~ 0.047*** —0.043** —0.046 0.014
(0.007) (0.011) (0.014) (0.024) (0.023)
Observations 4230 4230 4230 4230 4230

Source: Global Entrepreneurship Monitor, Luxembourg, 2013-2015.

Note: Estimations for individuals with Internet access and fixed phone line at home.
Coeflicients for control variables are omitted for brevity.

CEM robust standard errors in parentheses. * p < .10, ** p < .05, *** p < .01.
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5.3 Alternative measures of subjective well-being

GEM data provide four other measures of subjective well-being. The distri-
bution of the answers provided in web and telephone surveys, and the t-test
of the difference of averages are reported in Appendix B. The telephone
survey respondents declared, on average, significantly more positive scores of
well-being for the statements “The conditions of my life are excellent” (gap
of 0.149, p < 0.01), and “In most ways my life is close to my ideal” (gap of
0.062, p < 0.05).

We run the Blinder-Oaxaca decomposition for these two variables (see
Table 6). The results indicate that in both cases the gap is entirely un-
explained, i.e. it is associated with the way respondents interact with the
survey mode, and not with their socio-demographic characteristics. In both
cases, the use of the web survey has a positive sign, i.e. it increases the
well-being gap between the two groups.

Table 6: Blinder-Oaxaca decomposition of subjective well-being gap by sur-
vey mode. Alternative measures of well-being.

coefficient z-stat p-values

The conditions of my life are excellent:

Difference: 0.149 4.704 0.000
Decomposition:

Explained —0.009 —1.357 0.175
Telephone —0.332 —3.836 0.000
Web-survey 0.490 5.308 0.000

Observations 4229

In most ways my life is close to my ideal:

Difference: 0.062 2.374 0.018
Decomposition:

Explained —0.003 —1.199 0.231
Telephone —0.483 —10.962 0.000
Web-survey 0.548 13.801 0.000

Observations 4220

Source: Global Entrepreneurship Monitor, Luxembourg,
2013-2015.

Note: Estimations for individuals with Internet access and
fixed phone line at home.

The counterfactual analysis using multinomial logit and CEM (Table 7)
confirms that also for the alternative measures web respondents have a lower
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probability to choose the middle category “neither agree nor disagree” than
telephone respondents, and a higher probability to choose a negative an-
swer ( “strongly disagree” or “disagree”). This is consistent with the results
obtained for life satisfaction.

Table 7: Web survey mode as a predictor of subjective well-being scores.
Marginal effects from multinomial logit after CEM.

Strongly Disagree  Neither agree Agree Strongly
disagree nor disagree agree

The conditions of my life are excellent:

survey mode (web) 0.030*** 0.066*** —0.069*** —0.059* 0.032
(0.007) (0.012) (0.018) (0.024) (0.020)
Observations 4227 4227 4227 4227 4227

In most ways my life is close to my ideal:

survey mode (web) 0.024** 0.045%** —0.140"*  0.033 0.038*
(0.008) (0.012) (0.019) (0.024) (0.018)
Observations 4221 4221 4221 4221 4221

So far I have obtained the important things I want in life:

survey mode (web) 0.022** 0.029* —0.120***  —0.020 0.089***
(0.007) (0.014) (0.018) (0.024) (0.022)
Observations 4229 4229 4229 4229 4229

If I could live my life again, I would not change anything:

survey mode (web) 0.016 0.098*** —0.195*** 0.093***  —0.012
(0.015) (0.018) (0.020) (0.022) (0.015)
Observations 4193 4193 4193 4193 4193

Source: Global Entrepreneurship Monitor, Luxembourg, 2013-2015.

Note: Estimations for individuals with Internet access and fixed phone line at home.
Coeflicients for control variables are omitted for brevity.

CEM robust standard errors in parentheses. * p < .10, ** p < .05, *** p < .01.

However, for three alternative measures of well-being, web respondents
have also a higher probability to choose a positive answer category ( “strongly
agree” or “agree”). This suggests that the tendency to report lower well-being
is only part of the story. Web respondents tend to choose more often either
positive or negative categories instead of the neutral category “neither agree
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nor disagree”.

Summing up, in three out of five measures of subjective well-being our re-
sults show a systematic downward bias associated with participation in web
rather than telephone survey. This effect is small but statistically significant,
and is not explained by socio-demographic characteristics of respondents.
Moreover, in all five measures of well-being, the web survey respondents have
a lower probability of choosing the middle (neutral) category, higher proba-
bility of choosing the negative answers, and — in three out of five measures —
higher probability of choosing positive answers.

6 Implications for statistical inference

A small effect on the average and on the distribution can, nonetheless, have
a significant impact on statistical inference. To evaluate whether a survey
mode affects the conclusions about the correlates of subjective well-being,
we compare the coefficients of a standard happiness regression run on three
different samples: the telephone survey respondents, the web survey respon-
dents, and the pooled data-set. Table 8 reports the marginal effects for
the fifth category of life satisfaction ( “strongly agree”) after ordered probit
regression.

The results are consistent with previous results from the literature. Age-
ing decreases the probability do be strongly satisfied with life, and the co-
efficients document the usual U-shaped pattern. The category “Other, not
working”, which captures the unemployed, is a significant and negative pre-
dictor of being satisfied with one’s life. Income level is a significant positive
predictor.

The coefficients are fairly consistent across the two samples. Only the
coefficients of belonging to the fourth and fifth income quintile differ across
the two samples: in the web sample the correlations between income and
life satisfaction are stronger than in the telephone sample. (Results not
shown, available upon request.) In sum, we find that survey mode affects
regression coefficients, but does not substantially change the results. The
analysis of the alternative measures of subjective well-being confirm this
result (see Appendix C).
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Table 8: Predictors of life satisfaction in web and telephone samples.
Marginal effects after ordered probit regression.

telephone web pooled
survey survey sample
dy/dx t dy/dx t dy/dx t

women 0.029 (1.50) 0.016 (0.87) 0.022 (1.63)
age: 18 - 29 reference

age: 30 - 39 —0.102**  (—2.78) —0.050  (-1.72) —0.052*  (—2.23)
age: 40 - 47 —0.135*** (—3.79) —0.064*  (—2.22) —0.074**  (—3.29)
age: 48 - 55 —0.128*** (-3.52) —0.083** (—2.82) —0.080*** (—3.46)
age: 56 - 64 —0.053 (—1.25) —0.016 (—0.42) —0.013 (-0.47)
elementary education reference

secondary education —0.019 (—0.53) 0.005 (0.12) —0.004 (—0.14)
master craftsman 0.049 (0.94) —0.030 (—0.54) 0.000 (0.01)
bachelor —0.040  (—1.06) —0.031  (=0.74) —0.040  (—1.44)
master —0.049 (—1.22) —0.027 (—0.61) —0.038 (—1.27)
full-time employed reference

part-time employed 0.003 (0.10) 0.053 (1.81) 0.028 (1.35)
self-employed 0.010 (0.23) —0.009 (—0.24) —0.012 (—0.43)
retired or disabled —0.014 (—0.37) 0.041 (1.02) 0.018 (0.64)
home maker 0.027 (0.52) 0.069 (1.22) 0.056 (1.52)
student —0.002 (—0.05) 0.041 (0.90) 0.043 (1.27)
not working, other —0.172**  (—2.89) —0.236*** (—4.44) —0.198*** (—4.97)
first income quintile reference

second income quintile 0.098***  (3.46) 0.152***  (5.64) 0.115***  (5.92)
third income quintile 0.165***  (5.80) 0.208***  (7.37) 0.177**  (8.79)
fourth income quintile 0.148***  (4.77) 0.251***  (8.39) 0.193***  (8.90)
fifth income quintile 0.226**  (7.61) 0.354***  (12.36) 0.284*  (13.82)
year 2013 reference

year 2014 —0.028  (-1.30) 0.003 (0.14) —0.014  (—0.94)
year 2015 0.020 (0.89) —0.018 (—0.87) —0.008 (—0.55)
Observations 2072 2158 4230

Source: Global Entrepreneurship Monitor, Luxembourg, 2013-2015.

Note: Estimations for individuals with Internet access and fixed phone line at home.
dy/dz: marginal effect; ¢: t-statistics. * p < .10, ** p < .05, *** p < .01.

The results are robust to using sample weights.

We also run a model interacting all variables with the survey mode. We found significant
differences only for the income variables (fourth and fifth quartile)
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7 Conclusions

Surveys are a precious source of information about many social, economic,
and political issues, including people’s subjective well-being. Assessing how
is life, whether it has improved, and which factors matter for people’s well-
being is relevant for both academic and policy-making purposes. To these
aims, the prompt availability of high quality data is pivotal. Yet, the increas-
ing costs of surveys impose a trade-off between quality and quantity: it is
expensive and increasingly difficult to run timely and high quality surveys.
Web surveys, i.e. surveys administered via the Internet, provide a possible
solution to such conundrum: the wide penetration of Internet in many West-
ern countries, combined with lower administration costs, time-effectiveness,
and automatisation, create a possibility to collect reliable and affordable na-
tionally representative data. However, little is known about how the use
of telephone and web surveys on nationally representative samples affects
responses to subjective questions, such as those about people’s well-being.

In particular, previous literature provided reasons to question the com-
parability of the answers to subjective questions administered using different
survey modes (Dolan and Kavetsos, 2012). This paper used unique data
from the Luxembourgish Global Entrepreneurship Monitor from years 2013—
2015 to test whether the web survey mode alters people’s evaluations of their
subjective well-being compared to telephone survey. The data at hand are
unique because Luxembourg is the only country that consistently collected
data on well-being using five different measures, and administered a web sur-
vey to nearly half of the sample. We used Oaxaca-Blinder decomposition
and multinomial logit with Coarsened Exact Matching to establish whether
and in which direction the participation in the web survey alters people’s
responses about their well-being.

Our results showed a downward bias in web, compared to telephone sur-
vey. Respondents of the web survey reported on average slightly, yet signifi-
cantly, lower well-being than respondents of the telephone survey. Our anal-
ysis showed that this difference is not driven by different socio-demographic
characteristic of the two samples. Ceteris paribus, respondents of the web
survey had a higher probability to choose the two lowest categories of well-
being than telephone respondents. Moreover, web survey respondents had
a lower probability to choose the neutral (“neither agree nor disagree”) cat-
egory. Hence, our first conclusion is that, for the purpose of descriptive
statistics, the choice of survey mode alters people’s answers on well-being.

We also tested whether survey mode affects the statistical inference. To
do this, we compared the results from probit happiness regressions run sep-
arately on the samples of telephone and web survey respondents. The five
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measures of well-being were regressed over a set, of socio-demographic control
variables including age, education, gender, income and occupation. The re-
sults showed little differences between the coefficients estimated for the two
samples. In sum, our second conclusion is that the effects of survey mode for
inference are negligible, based on observable variables.

Previous studies suggest three mechanisms to explain these results. First,
web respondents tend to provide less socially desirable answers than tele-
phone respondents, which, in many social contexts may result in declaring
lower life satisfaction. Second, web respondents tend to choose more often
negative answers. Third, web respondents are more prone to the primacy
effect, i.e. they tend to choose more often the first proposed answer. This
could explain the higher share of negative answers in our web sample. Tele-
phone respondents, on the other hand, are more prone to the recency effect,
i.e. they choose more often the last category mentioned by the interviewer.
In our case this could explain the higher share of positive answers among
telephone respondents. Available studies, however, do not provide any ex-
planation for why web respondents choose the neutral category less often
than telephone respondents. We speculate that answering a survey through
a computer allows the respondent to make a more informed choice. At any
rate, explaining these results goes beyond the purpose of present study.

One of the limitations of present study is the unavailability of a sam-
ple made of respondents who responded to both web and telephone surveys.
Laboratory experiments could help address this issue, yet we believe that our
large and nationally representative sample adds value to our conclusions. In
an ideal setting, the availability of large survey in which the same respondents
use at least two different survey modes would allow to better disentangle the
effect of survey mode from the effect of sample composition. Unfortunately,
to the best of our knowledge, such data are still not available. On the other
hand, it is interesting to check whether the results change when using vari-
ables with different answering scales. Hopefully, the availability of new and
more refined data will allow to address these points.

Present results support the view that web surveys are a convenient and
reliable mode to collect subjective data, such as those on people’s well-being.
They are also safe to run statistical inference. However, practitioners should
be careful when using these data for descriptive purposes, especially when
combining data collected with various survey modes. To minimize the risk of
biasing the results it is probably desirable to gradually shift from telephone
to web surveys.
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A Distribution of socio-demographic vari-
ables in the telephone and web samples
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Figure 2: Distribution of socio-demographic variables in the telephone and
web samples.
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B Distribution of alternative measures of
well-being in the telephone and web sam-

ples

Figure 3: Distribution of alternative measures of well-being in the telephone

and web samples
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C Effect of the survey mode on the equations
of subjective well-being

Table 9: Predictors of strongly agreeing that “The conditions of my life are
excellent”. Marginal effects after ordered probit regression. Weighted data.

telephone web pooled
survey survey sample
dy/dx t dy/dx t dy/dx t

Women —0.00863 (—0.57) —0.0334* (-2.19) —0.0231* (-2.13)
Age: 18 - 29 reference

Age: 30 - 39 —0.0260  (—0.96) —0.0110  (—0.47) —0.00872 (—0.49)
Age: 40 - 47 —0.0454  (—1.70) —0.0282  (—1.25) —0.0264 (—1.52)
Age: 48 - 55 —0.00700 (—0.26) —0.0530*  (—2.30) —0.0223  (—1.26)
Age: 56 - 64 0.0349 (1.11) 0.0448 (1.52) 0.0448* (2.10)
Elementary education reference

Secondary education —0.0151  (—0.61) —0.0469  (—1.44) —0.0253  (—1.27)
Master craftsman —0.0200  (—0.55) —0.0816  (—1.95) —0.0492  (-1.78)
Bachelor 0.0291 (1.08) —0.0600  (—1.77) —0.0183  (-0.87)
Master 0.0259 (0.90) —0.0191  (-0.52) 0.00661 (0.29)
Full-time employed reference

Part-time employed -0.0236  (—1.15) 0.0332 (1.41) 0.00765 (0.49)
Self-employed —0.0206  (—0.63) —0.0344  (-1.03) —0.0333  (-1.39)
Retired or disabled —0.00920 (—0.32) —0.00114 (—0.04) 0.00178 (0.09)
Home maker 0.0477 (1.29) 0.0109 (0.24) 0.0471 (1.66)
Student 0.0856* (2.05) 0.144***  (3.89) 0.123***  (4.44)
Not working, other ~0.0765  (—1.62) ~0.154"*  (—3.52) ~0.120"*  (—3.71)
First income quintile reference

Second income quintile 0.128***  (5.86 0.135***  (6.01) 0.121**  (7.77

) )
Third income quintile 0.175"*  (7.97) 0.215**  (9.41) 0.187**  (11.88)
Fourth income quintile 0.205**  (8.95) 0.250***  (10.15) 0.218**  (12.84)
Fifth income quintile 0.288***  (12.65) 0.392***  (16.34) 0.336***  (20.34)
Year 2013 reference
Year 2014 —0.0534** (-3.22) —0.00882 (—0.51) —0.0300*  (—2.50)
Year 2015 -0.0121  (-0.70) —0.0207  (—1.24) —0.0226  (—1.86)
Observations 2074 2155 4229

Source: Global Entrepreneurship Monitor, Luxembourg, 2013-2015.
Note: Estimations for individuals with Internet access and fixed phone line at home.
*p<.10,* p<.05, " p<.0L
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Table 10: Predictors of strongly agreeing that “In most ways my life is close

to my ideal”. Marginal effects after ordered probit regression. Weighted
data.
telephone web pooled
survey survey sample
dy/dx t dy/dx t dy/dx t

Women 0.0135  (1.03) 0.00741  (0.54) 0.00838  (0.87)
Age: 18 - 29 reference

Age: 30 - 39 —0.0517*  (—2.09) 0.0207  (0.94) —0.000292 (—0.02)
Age: 40 - 47 —0.0872*** (—3.60) —0.0267  (=1.27) —0.0431% (—2.73)
Age: 48 - 55 —0.0787* (—3.14) —0.0376  (=1.76) —0.0450"*  (=2.77)
Age: 56 - 64 ~0.0160  (—0.57) 0.0363  (1.36) 0.0204  (1.06)
Elementary education reference

Secondary education —0.0393  (—1.58) —0.0254  (—0.91) —0.0293  (—1.57)
Master craftsman —0.0162  (—0.45) —0.0289  (—0.80) —0.0242  (=0.95)
Bachelor —0.00748 (—0.29) —0.0465  (—1.60) —0.0300  (—1.53)
Master ~0.0279  (—1.01) —0.00588 (—0.19) —0.0162  (=0.78)
Full-time employed reference

Part-time employed —0.00580 (—0.31) 0.0474*  (2.22) 0.0193  (1.35)
Self-employed —0.00310  (—0.11) —0.0271  (—0.88) —0.0231  (~1.07)
Retired or disabled —0.0228  (—0.93) 0.0285 (0.95) 0.00235 (0.12)
Home maker 0.00853 (0.26) 0.0151 (0.37) 0.0183 (0.73)
Student ~0.0339  (—1.03) 0.0440  (1.25) 00172 (0.73)
Not working, other —0.120°  (—2.92) —0.165*** (—3.88) —0.146***  (—4.93)
First income quintile reference

Second income quintile 0.0727***  (3.79 0.116***  (5.46 0.0902***  (6.35

(3.79) ) )
Third income quintile 0.0914***  (4.82) 0.173***  (7.77) 0.129**  (8.90)
Fourth income quintile 0.111***  (5.57) 0.202***  (8.67) 0.154***  (10.00)
Fifth income quintile 0.167***  (8.36) 0.277***  (11.98) 0.220**  (14.44)
Year 2013 reference
Year 2014 -0.0161  (—1.13) —0.0309  (—1.90) —0.0248* (—2.30)
Year 2015 —0.00408 (—0.27) —0.0363*  (—2.31) —0.0223*  (—2.04)
Observations 2071 2149 4220

Source: Global Entrepreneurship Monitor, Luxembourg, 2013-2015.
Note: Estimations for individuals with Internet access and fixed phone line at home.
*p<.10,** p<.05,*** p < .0l



Table 11: Predictors of strongly agreeing that “If I could live my life again, [
would not change anything”. Marginal effects after ordered probit regression.
Weighted data.

telephone web pooled
survey survey sample
dy/dx t dy/dx t dy/dx t

Women —0.000929 (—0.07) 0.0165 (1.72) 0.00980 (1.26)
Age: 18 - 29 reference

Age: 30 - 39 —0.0463  (—1.93) —0.0180  (—1.27) —-0.0174  (-1.37)
Age: 40 - 47 —0.105***  (—4.37) —0.0340*  (—2.35) —0.0502*** (—3.92)
Age: 48 - 55 —0.110*** (—4.48) —0.0510*** (—3.37) —0.0629*** (—4.76)
Age: 56 - 64 —0.0712** (-2.61) —0.0138  (-0.75) —0.0256  (—1.66)
Elementary education reference

Secondary education —0.0702** (—2.97) 0.00423 (0.21) —0.0318* (—2.01)
Master craftsman —0.0207  (-0.59) —0.000512 (—0.02) —0.0157  (—0.71)
Bachelor —0.0366  (—1.49) 0.0124 (0.60) —0.0157  (—0.96)
Master —0.0321  (-1.21) 0.0325 (1.47) —0.000445 (—0.03)
Full-time employed reference

Part-time employed —0.00951 (—0.52) 0.0188 (1.28) 0.00588 (0.50)
Self-employed 0.0420 (1.30) 0.00455 (0.23) 0.0152 (0.84)
Retired or disabled —0.0293  (—1.26) 0.0393 (1.88) 0.00502 (0.32)
Home maker 0.0287 (0.91) —0.00190 (—0.07) 0.0184 (0.87)
Student —0.0408  (—1.30) —0.0127  (—0.57) —0.0115  (—0.63)
Not working, other —0.00314 (—0.08) —0.0584  (—1.90) —0.0326  (—1.33)
First income quintile reference

Second income quintile 0.0130 (0.71) 0.0448**  (3.12) 0.0291* (2.51)
Third income quintile 0.0495**  (2.67) 0.0714***  (4.74) 0.0603***  (5.07)
Fourth income quintile 0.0580**  (2.92) 0.0818***  (5.37) 0.0703***  (5.71)
Fifth income quintile 0.0831***  (4.36) 0.112***  (6.99) 0.0996***  (8.04)
Year 2013 reference

Year 2014 —0.00112 (—0.08) 0.00620 (0.55) 0.00256 (0.29)
Year 2015 0.00561 (0.38) 0.000368  (0.03) 0.00122 (0.14)
Observations 2154 2323 4477

Source: Global Entrepreneurship Monitor, Luxembourg, 2013-2015.
Note: Estimations for individuals with Internet access and fixed phone line at home.
*p<.10,** p<.05,*** p < .0l
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Table 12: Predictors of strongly agreeing that “So far I have obtained the
important things [ want in life”. Marginal effects after ordered probit regres-

sion. Weighted data.

telephone web pooled
survey survey sample
dy/dx t dy/dx t dy/dz t

Women 0.0425* (2.40) 0.0433* (2.44) 0.0414*  (3.27)
Age: 18- 29 reference

Age: 30 - 39 0.0296 (0.88) —0.0244  (—0.94) —0.00650 (—0.32)
Age: 40 - 47 0.0388 (1.17) —0.0184  (—0.70) 0.000241  (0.01)
Age: 48 - 55 0.0425 (1.26) —0.0208  (—0.79) 0.000867  (0.04)
Age: 56 - 64 0.101** (2.68) 0.00910 (0.27) 0.0428 (1.73)
Elementary education reference

Secondary education —0.0190  (—0.60) 0.0733* (1.98) 0.0259 (1.07)
Master craftsman 0.0744 (1.62) 0.0474 (1.00) 0.0494 (1.50)
Bachelor —0.00545 (—0.16) 0.0729 (1.88) 0.0276 (1.07)
Master —0.0130  (—0.35) 0.0532 (1.29) 0.0160 (0.58)
Full-time employed reference

Part-time employed 0.0199 (0.76) 0.0296 (1.05) 0.0222 (1.14)
Self-employed 0.0367 (0.96) 0.0116 (0.32) 0.0136 (0.51)
Retired or disabled —0.0259  (—0.79) 0.0447 (1.17) 0.00958 (0.38)
Home maker 0.0895* (2.13) 0.0324 (0.60) 0.0723* (2.19)
Student 0.0611 (1.22) —0.0143  (—0.32) 0.0152 (0.46)
Not working, other —0.190*** (-3.79) —0.108*  (—2.21) —0.143*** (—4.10)
First income quintile reference

Second quintile 0.0613* (2.42) 0.135***  (5.48) 0.0962***  (5.42)
Third quintile 0.0775**  (3.12) 0.191***  (7.37) 0.134***  (7.39)
Fourth quintile 0.171***  (6.23) 0.253***  (9.00) 0.209***  (10.49)
Fifth quintile 0.173***  (6.44) 0.336™**  (12.26) 0.255***  (13.19)
Year 2013 reference

Year 2014 —0.0408* (-2.11) —0.00387 (—0.18) -0.0212  (—1.48)
Year 2015 0.0173 (0.84) —0.0120  (-0.60) —0.000931 (—0.06)
Observations 2168 2388 4556

Source: Global Entrepreneurship Monitor, Luxembourg, 2013-2015.
Note: Estimations for individuals with Internet access and fixed phone line at home.

*p < .10, ** p < .05, ** p < .0L
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