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Abstract

This study examines jobseekers’ preferences for a variety of job attributes. It is
based on a choice experiment involving 1,852 clients of the Flemish Public Employment
Service (PES). Respondents value flexibility (e.g., remote work and schedule flexibility),
job security and social impact of the job, and require significant compensation for longer
commute times. A majority (70%) would need very substantial wage increase beyond
their acceptable baseline wage to compensate for less flexibility, job security or social
impact. These findings enhance our understanding of labour supply decisions and can
inform the design of salary packages and HR policies.

Keywords: Reservation Wage; Job Search; Job Amenities; Compensating Differen-

tials; Choice Experiments

JEL Classification: J31, J32, J64, J16



1 Introduction

Understanding the preferences and priorities of jobseekers is essential for designing effec-

tive labour market policies and for employers seeking to attract and retain talent. Much

research has been focused on monetary compensation and studied the role of reservation

wages, but neglected the value jobseekers place on other job attributes, although it is

widely accepted among economists that the “wage” as a central concept in labour market

theories should be interpreted as a multi-dimensional index that does not only capture

monetary wages but also the value of all job amenities and disamenities (see Eriksson

and Kristensen, 2014).1

The monetary compensation needed to make people indifferent between jobs with

different non-monetary amenities will depend on the workers’ preferences and circum-

stances. The empirical literature has used various strategies to identify such compensat-

ing differentials. Sorkin (2018) analyses employer-to-employer transitions of workers in

the US to estimate employees’ ranking of firms and to estimate compensating differentials

necessary to move between firms with a different rank. Mulalic et al. (2014) exploits the

relocation of firms as a quasi-natural experiment to estimate the compensating differen-

tial for commuting time. While existing studies have shed light on the impact of various

sociodemographic characteristics and institutional factors, such as gender (Brown et

al., 2011), perceived and actual macroeconomic conditions and unemployment duration

(Brown and Taylor, 2015; Krueger and Mueller, 2016), as well as the generosity of the

benefit system (Le Barbanchon et al., 2019) on the monetary value of the reservation

wages, only recently attention has been paid to the sensitivity of reservation wages to

changes in non-monetary job characteristics.2 Several of these studies (see, e.g., Felfe,

1The importance of the multidimensionality of a remuneration package is underpinned by the the-
ory of compensating differentials, which implies that workers may be indifferent between jobs offering
different wages as long as the wage differential reflects the value of other job (dis)amenities.

2Another set of studies has evaluated policies designed to affect the supply side by affecting the
reservation wage, or that target the demand side by offering employers incentives to match reservation
wages of jobseekers. Examples include the effect of unemployment benefits on the job finding rate or
post-unemployment job quality (Lalive, 2007; Johnston and Mas, 2018), the generosity of disability
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2012; Mas and Pallais, 2017; Dupuy et al., 2021; Sockin, 2021; Maestas et al., 2023)

consider a broader set of job characteristics beyond monetary remuneration and find

that individuals are willing to exchange wage for favourable job characteristics. As a

consequence, it seems more appropriate to consider reservation jobs, rather than solely

focusing on reservation wages. When reservation wages are elicited in surveys, often by

asking respondents to state their reservation wage, it is typically not controlled for what

other job amenities respondents have in mind when expressing their reservation wage.3

In this paper, we contribute to filling this gap in the literature. We investigate how

jobseekers weigh various job characteristics against each other to assess how jobseekers

rank bundles of job characteristics and examine to what extent such valuations are

heterogenous across groups of individuals. We focus in particular on the role of flexibility,

specifically scheduling flexibility and the ability to work from home (WFH), but also

consider commuting time, which is not a job attribute, strictly speaking, yet has been

shown to significantly influence job acceptability and job search behavior (van den Berg

and Gorter, 1997; van Ommeren et al., 1999; Manning, 2003; Le Barbanchon et al.,

2021).4 This allows for a better understanding of reservation jobs in today’s labour

market where working from home becomes possible for an increasing number of jobs due

to digitalisation and technological progress.

To this end, we use a discrete choice experiment (DCE) methodology, which is par-

ticularly well-suited for analysing multidimensional decision-making processes, as DCEs

allow for the differentiation of several aspects by including multiple attributes. By exoge-

benefits or childcare subsidies on the employment rate of disabled individuals and parents, respectively
(Bettendorf et al., 2015; Lefebvre et al., 2009; Maestas et al., 2013), and the impact of wage subsidies
on the employment prospects of target groups (Boockmann et al., 2012).

3Additionally, measurement problems arise in practical applications, e.g., when asking jobseekers to
state their (monetary) reservation wage in surveys. For example, a recent literature shows that people
are often too optimistic about their labour market prospects leading to a higher reservation wage than
would be the case under unbiased beliefs, which can imply longer unemployment spells and a necessary
downward revision over time (Caliendo et al., 2023; Mueller et al., 2021; Jäger et al., 2024).

4Le Barbanchon et al. (2021) use administrative data on French jobseekers, who are required to
state their reservation wage and maximum commuting time or distance, and they estimate that the
compensating differential for commuting time is around 20% higher for women compared to men.
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nously varying these attributes, it becomes feasible to measure the relative importance

of the attributes on a single behavioural outcome variable, such as job choice. Unlike

earlier studies, we explicitly take into account that some jobs cannot be performed from

home. We use different experimental designs depending on the feasibility of working

from home.

The focus on flexibility is timely as digitalisation and technological progress make

working from home possible for an increasing number of jobs, and because the COVID-

19 pandemic prompted a shift towards remote work arrangements.5 Working from home

increases flexibility and potentially reduces costs, due to less commuting, aligning with

the growing importance of sustainability considerations.6 This development raises the

question of whether jobseekers are already taking these considerations into account and

are prepared to accept jobs that offer lower wages but higher schedule flexibility or

reduced commuting time.

Our analysis employs conditional logit models to estimate jobseekers’ preferences for

job attributes based on their choices in the DCE. We find that on average all charac-

teristics are valued and that estimates of willingness to pay (WTP) or willingness to

accept (WTA) for changes in all of the characteristics are statistically significant and

economically meaningful. Latent class analysis reveals that there is substantive hetero-

geneity across people. For a large minority of 30%, the wage plays a very important

role in the decision-making process, and these respondents require relatively moderate

compensations for less favourable job conditions. For example, an increase in the daily

commuting time by 15 minutes could be compensated for with a net pay increase of

5Using data from before and after the outbreak of the pandemic, Bick et al. (2022) document a
sharp increase in WFH and their evidence suggests that these increases might not only be due to health
risks and could be a more permanent shift in working conditions, a hypothesis supported with data
from the US and beyond (Aksoy et al., 2022; Hu et al., 2021).

6Recent studies have assessed the willingness to pay for job characteristics during and after the pan-
demic using contingent valuation methods or choice experiments implemented in online panels (Aksoy
et al., 2022; Nagler et al., 2022). Estimates of compensating differentials for having the possibility of
working from home are in the range of 5 to 10% of the current wage, and there is variability across
countries, socio-demographic characteristics such as gender and dependent children, and commuting
time.
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6%. Having complete working from home flexibility versus having no possibility at all

would be equivalent to a wage increase of just over 7%. For a majority of 70%, the

non-monetary characteristics have a much higher weighting. In fact, once these respon-

dents receive a certain baseline wage, substantial compensations are needed when certain

job characteristics become less favourable. For example, this group would need a wage

increase of 20% in order for them to accept an increase in the daily commuting time

by 15 minutes. This group would also forego any proposed wage increase beyond their

baseline wage (more than 50%) if they could instead have more social impact. The other

attributes only have a slightly lower valuation. While the grouping in the latent class

procedure is data driven, observable characteristics such as being older are positively

associated with the chance of belonging to the class with stronger preferences for the

non-monetary attributes. These results provide insights into the relative importance of

different job attributes and highlight variations in preferences across groups.

Our research contributes to the literature in several ways. Firstly, our study comple-

ments the literature on compensating differentials, of which a very recent and growing

branch is based on choice experiments or contingent valuation to elicit preferences, with

new empirical evidence from recent jobseekers. Studies in the post-pandemic context

have tried to gain insights through online convenience panels, which are becoming pop-

ular in economics and offer a convenient way to obtain survey data from a guaranteed

number of individuals. Respondents of such convenience studies are typically drawn

from a pool of potential respondents who have registered with the respective survey

company and are compensated for each survey they complete. In this study, however,

we collaborated with the Vlaamse Dienst voor Arbeidsbemiddeling en Beroepsopleiding

(VDAB), a Public Employment Service (PES) in Flanders (Belgium) to approach their

clients who were either current or very recent jobseekers. Many of them have not been

in stable employment relationships for years and all of them have been recently engaged

in the job search process. Not only might PES clients have thought more thoroughly

about the different dimensions than a general sample of the population, but they are
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also of particular relevance for policymakers and firms as they are among those who are

moving to a new equilibrium.

Secondly, and related to the previous point, the collaboration with VDAB allows us

to merge survey data with administrative data which is not restricted to those clients

who have responded to the survey. Our inclusion of administrative data allows for

an exploration of non-response patterns and their potential implications for estimates

of compensating differentials. Finally, our dynamic survey design tailors job choices

to respondents’ real-world situations. While such a strategy is believed to increase

the quality of responses (Maestas et al., 2023), in our case it also allows us to study

asymmetries in the shadow price of commuting time below and above an individual-

specific baseline or reference point and to better capture preference heterogeneity across

groups of people. Through these contributions, our study offers valuable insights into

the multidimensional nature of job preferences and their implications for labour market

outcomes.

The remainder of the paper is structured as follows. Section 2 describes experiments

that relate to the job characteristics we focus on. Section 3 provides an overview of the

data collection process, the survey content and the choice experiment design, and offers

descriptive statistics of the baseline job characteristics used in our choice experiments.

Section 4 presents the findings from the Flemish PES sample. Finally, Section 5 offers

some concluding remarks.

2 Related literature

Table 1 provides an overview of experimental studies related to job attributes covered

in this paper.7 As can be seen from the table, schedule flexibility8 has most often

7Studies focusing on other job characteristics such as workplace happiness (Ward, 2022) or shift
work (Desiere and Walter, 2023) are not included nor discussed.

8Not to be confused with the flexibility to decide on hours worked.
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been included in other experiments, and often schedule flexibility and the possibility

of working from home, are studied simultaneously. Using a natural field experiment

in which posted online job ads vary in terms of time and location flexibility, He et al.

(2021) show that jobseekers value flexibility in time as well as in location. Jobs that offer

flexibility in both dimensions are even valued more than jobs that only offer flexibility

in one dimension. Mas and Pallais (2017) ask applicants during a recruitment process

for call centre operators to make a trade-off between a job with a higher wage, or a

job with more options to work from home or with schedule flexibility. While they find

that most workers are not willing to pay for scheduling flexibility, the few that are, are

willing to give up quite some wage. They find that the average worker is willing to

give up 20% of wages to avoid a schedule set by an employer on short notice, while

they are willing to give up 8% for the option to work from home. While WTP cannot

be compared across studies as attributes are not standardised, Ghorpade et al. (2023),

Maestas et al. (2023), Nagler et al. (2022), Woźniak-Jęchorek et al. (2022), and Eriksson

and Kristensen (2014), all find that some degree of (schedule and/or time) flexibility

is positively valued. The valuation differs somewhat depending on contractual working

hours and employment type. Moreover, large differences across workers and jobseekers

are found.

Maestas et al. (2023) use data from choice experiments conducted with American

workers to establish the willingness to pay for a wide and comprehensive range of job at-

tributes. Besides working from home and schedule flexibility, they also analyse the role of

a meaningful job and find that frequent opportunities to impact the community/society

are worth an additional 3.6% of the wage relative to occasional opportunities. The find-

ings of Kesternich et al. (2021) do not corroborate this result. They make use of an

actual one-hour job, in which documents have to be digitised, to estimate the role of

meaningful jobs by asking respondents what wage they would need to be offered to ac-

cept the job. They distinguish between a digitising job with the purpose of contributing

to medical research (high impact job), and a job resulting in digital documents that are
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unlikely to be used again (low impact job). Overall, they do not find that reservation

wages are affected by the meaningfulness of the jobs. In contrast, Non et al. (2022) find

that science and engineering students value jobs at high-tech companies that focus on

corporate social responsibility (CSR) and sustainability much more than similar jobs

offered by other high-tech companies (focusing on profits or, to a lesser extent, on in-

novation). Graduates are willing to give up 220 euros net pay per month to work in a

company that promotes CSR and sustainability.

Non et al. (2022) also analyse the role of job security in students’ job choices, specif-

ically the choice between jobs with temporary and permanent contracts. They add a

layer for temporary contracts in which they distinguish between jobs with high or low

chances of receiving a permanent contract afterwards. Wiswall and Zafar (2018) also

focus on students, but distinguish between jobs based on the likelihood of being fired.

Both studies find that students value job security highly, while also acknowledging het-

erogeneous results e.g. with respect to risk preference (Non et al., 2022) and gender

(Wiswall and Zafar, 2018).

Regarding commuting, Mulalic et al. (2014) exploit the relocation of firms as a quasi-

natural experiment to estimate the compensating differential for commuting distance.

They show that, after some period, wages increase when commuting distance increases.

To the best of our knowledge, there are only two DCEs including daily commuting

time. Nagler et al. (2022) find, using a German convenience sample from the working

population, that workers’ WTP for reducing their commuting time from 45 to 15 minutes

is 13.2% of earnings. Feld et al. (2022) confirm the high valuation of commuting time

for Egyptian jobseekers and document that the compensation that women require for a

longer commute is twice as high as that of men.

While recent studies consider a broader set of job characteristics beyond monetary

remuneration, we add the specific angle of considering the interdependency of working
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Table 1: Overview of experimental studies related to job attributes covered in this paper

Study Schedule Working Daily Job Societal
flexibility from home commuting time security impact

Eriksson and Kristensen (2014) x
Feld et al. (2022) x x
Ghorpade et al. (2023) x x
He et al. (2021) x x
Jost and Möser (2023) x
Kesternich et al. (2021) x x
Lanfranchi et al. (2010) x
Lewandowski et al. (2023) x
Maestas et al. (2023) x x x
Mas and Pallais (2017) x x
Mulalic et al. (2014) x
Nagler et al. (2022) x x x
Non et al. (2022) x x
Wiswall and Zafar (2018) x
Woźniak-Jęchorek et al. (2022) x x

time flexibility, working from home and commuting time simultaneously, and this in a

post-Covid era for a sample of individuals who have been recently engaged in job search.

3 Research Design

3.1 Experimental design

3.1.1 Discrete choice experiment (DCE)

At the core of this study is a DCE designed to assess the willingness of (recent) jobseek-

ers to pay for specific job attributes. DCEs have been used for analysing multidimen-

sional decision-making processes in fields such as marketing, health and environmental

economics, and are rapidly gaining popularity in other sub-disciplines such as labour

economics. By exogenously varying the alternative attributes (job characteristics in our

case), it becomes feasible to measure the relative importance of the attributes on one

single behavioural outcome variable (job choice in our case).
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Stated preferences methods such as choice experiments offer a lot of flexibility com-

pared to revealed preferences methods: the latter are based on actual choices agents

make in real life and opportunities to conduct ceteris paribus analyses in a real-world

setting are scant. Furthermore, studies such as Hainmueller et al. (2015) and Maestas

et al. (2023) offer evidence in support of the external validity of choice experiments.

We designed a dynamic DCE tailored for jobseekers in which we build on respondents’

initial survey responses. This dynamic character offers several unique features. First,

the survey responses guide individuals into two distinct design pathways, labelled Design

1 and Design 2. Respondents were assigned to Design 1 if they, at the time of survey

participation, were either working or desiring to work in a job that can be done from

home (N=589).9 Conversely, Design 2 was assigned to respondents engaged in or aspiring

to a job that is inherently unsuitable for remote work (N=1,154). Second, we anchor

the levels of several attributes, such as wage, on responses provided earlier on in the

survey. For example, we asked for the lowest wage that would make a job acceptable

for the respondent, and only displayed jobs in our DCE that had a higher wage than

this stated reservation wage, but would also not exceed it by more than 50%.10 Third,

we impose monotonicity assumptions on utility derived from certain attributes, such as

wage and commuting time. These assumptions, combined with the dynamic character

of the DCE, ensure meaningful choices that engage respondents without causing distress

or confusion.

The essence of the DCE involves selecting between two hypothetical jobs within

six distinct choice sets. Respondents are tasked with choosing between two jobs that

9We will refer to such jobs as WFH-feasible.
10For ethical reasons, we did not display a choice menu in which the jobs fell below the stated

reservation wage. In the introduction of the survey, it was made clear that participation was completely
voluntary and anonymous, and that answers or participation would not affect the trajectory with the
Public Employment Service (PES). However, PES clients remain a potentially vulnerable group. To
reduce the chance that the survey would cause distress or confront jobseekers with inappropriately low
wages, one of the measures was not to offer wages below their current net wage or their stated monetary
reservation wage.
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differ in wage and in one additional dimension.11 In line with standard practice for choice

experiments, we employ a colour-coded scheme to highlight the distinguishing features of

the two jobs. This visual aid aims to help respondents focus on the pertinent information,

streamlining their decision-making process. Each choice task prompts respondents to

indicate their preferred job and the strength of their preference. Each choice task is

presented on a separate screen. An illustrative example of a choice task from Design 1

is depicted in Figure 1.

Jobs are described by five or six attributes, depending on whether or not one has

or aspires to a WFH-feasible job. Design 1 included 120 potential choice tasks, each

contrasting two distinct jobs, while Design 2 contained 60 choice tasks. The levels of the

job attributes in the choice tasks are determined using a D-optimality algorithm (Hole,

2015), which maximises the precision of the coefficient estimates in the econometric

model subject to the constraint that only the wage and one additional characteristic

differ between the two jobs. The jobs presented in each choice task are mutually exclusive

and collectively exhaustive. To prevent one alternative from dominating the other,

we ensured that no job was more attractive on all dimensions. Additionally, to avoid

instances where neither job met the jobseeker’s criteria, we recoded ties at the least

attractive attribute levels to either the intermediate or most attractive levels in equal

proportions within such choice tasks.

3.1.2 Choice of attributes and levels

Jobs vary across five or six attributes: wage, commuting time, working from home (only

included in Design 1), schedule flexibility, job security and impact on society.12 The

latter two, while arguably being less topical in light of the post-pandemic context, are

11While statistical efficiency favors choice tasks with alternatives differing on multiple dimensions,
research suggests that respondents may struggle with such tasks (Flynn et al., 2016). To address this,
we limit the number of attributes that differ within each choice task.

12The significance of societal impact has gained increasing attention in recent literature (see, e.g.,
Cassar, 2018; Kesternich et al., 2021; Non et al., 2022).
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Figure 1: Screenshot of an Example of a Choice Task: Design 1
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included to benchmark our results. Table 2 provides an overview of the job attributes

and their corresponding levels.

By including schedule flexibility, working from home and commuting time simul-

taneously, we explicitly take into account the interdependency of these job amenities

allowing flexibility in work. This is especially relevant given today’s labour market that,

due to digitalisation and technological progress as well as the COVID-19 pandemic, al-

lows working from home for an increasing number of jobs. It has been argued that

working from home can save about $4000 per year.13 Besides the direct costs related to

commuting, the literature has documented negative effects of commuting on life satis-

faction and various measures of mental and physical health (see, e.g., Botha et al., 2023;

Roberts et al., 2011; Jacob et al., 2019; Stutzer and Frey, 2008; Künn-Nelen, 2016).

Due to the setup of the discrete choice experiment, we can analyse whether (recent)

jobseekers are willing to accept lower wages in exchange for less commuting via either a

shorter commute and/or working from home.

Wages and commuting times are determined based on answers to earlier survey ques-

tions to ensure the realism of the choice tasks. Anchoring the wage of the jobs in the

choice tasks to the reservation wage indicated by respondents in the initial survey guar-

antees that none of the displayed jobs fall below the minimum requirement in the relevant

job dimension. Referencing to respondents’ willingness to commute daily as stated in the

initial survey, we set commuting time levels such that the maximum difference in com-

muting time between two jobs in a choice task is 30 minutes, approximately equivalent

to the commuting time between two commuting zones in Flanders. This approach tailors

the daily commuting time to align with individual preferences and reflect the Flemish

context accurately. The inclusion of Working from home is contingent on respondents

foreseeing that their current or desired job allows for remote work.

13See https://www.flexjobs.com/blog/post/benefits-of-remote-work
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Table 2: Overview of job attributes and their levels in the discrete choice experiment.

Attributes Levels
Wage Between 1 and 1.5 times the reported (reservation or actual) wage
Commuting time Reported commuting time minus 15 minutes

Reported commuting time
Reported commuting time plus 15 minutes

Working from home14 Never
At least one day per week
At least two days a week
As much as I want

Schedule flexibility You have no say in your schedule
You can choose from different fixed schedules
You can at all times ask permission to change your schedule
You can determine your schedule yourself

Likelihood of losing job One out of hundred
10 out of hundred
20 out of hundred

Impact on society Rarely
Sometimes
Often

Notes: If respondents report a (desired or actual) commuting below 15 minutes, this value is adjusted
to 15 minutes for calculating the commuting time displayed in the choice experiments. To accommodate
workers who only work one or two days per week, we tailored versions of Design 1 by aligning the maximum
WFH days with their work schedule. These customized versions were specific to five respondents, and we
therefore excluded those respondents from the analyses. The likelihood of job loss within the next two
years is henceforth referred to as “Job Security”.

3.2 Data and Estimation Sample

We collected data among the full population of clients of the Flemish PES who became

eligible for claiming unemployment insurance (UI) benefits in January or February 2021,

along with all final-year students who had voluntarily registered in the system by 30 June

2021 and were searching for a job, totalling about 38,000 individuals, whom we define

as invitees.15 The survey was launched on July 7, 2021, with reminders sent on July 14,

29, and August 2, and was closed on August 9, 2021.

Not all invitees responded to the sample so that we are left with a sub-sample of

respondents (N = 1,852) and non-respondents (N = 36,225). Since individuals were

invited in July, some of the invitees had already found a job when responding to the

survey. We refer to this subsample of respondents as the recent jobseekers (N =1,048),

while we refer to the group of people who are still unemployed or who have re-entered

unemployment and are looking for a job as the current jobseekers (N =804). The
15Final-year students amount to less than 10% (N = 3,754) of invitees.
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Table 3: Schematic Overview of Different Samples

Sample Subsample Subsample

Invitees (N = 37,950)
Respondents (N = 1,852)

Recent jobseekers (N = 1,048)
Current jobseekers (N = 804)
Reliable respondents (N = 1,743)
Less Reliable respondents (N = 109)

Nonrespondents (N = 36,225)
Non-invitees (N = 127,079)

Notes: Invitees are individuals registered with VDAB in January or February 2021. Non-invitees are indi-
viduals registered with VDAB in the period from March to December 2021 (and who did not have an inflow
in the first two months of the year).

1852 respondents can furthermore be divided into a sub-sample of reliable respondents

(N=1,743) and less reliable respondents (N=109), as explained below.

In order to investigate how invitees differ from individuals who entered unemploy-

ment at a different date in 2021, we retrieved administrative data for the group of

individuals registered with VDAB in the period from March to December (and who had

not registered with VDAB in the first two months of the year), and refer to them as the

sample of non-invitees (n =127,079). A schematic overview of the samples is given in

Table 3.

3.3 Survey Design

The survey comprises two main sections. The first section focuses on introductory ques-

tions and queries about desired (current jobseekers) or current employment (recent job-

seekers). The second section presents the choice experiment where respondents are asked

to make six choices between two hypothetical job scenarios. As previously mentioned,

these scenarios are tailored to each respondent’s circumstances, by leveraging informa-

tion from the first section of the survey, to ensure that respondents are presented with

job choices that resonate with their situation.
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The first section includes questions about working hours and days, remuneration and

the desired (or actual) number of working hours, preferred (or actual) weekly workdays,

and the net wage respondents are earning or want to earn as a minimum. Recent job-

seekers, i.e. those who were already employed at the time of the survey, may be hesitant

to disclose their current wages, however. To address this concern, we offered them an

alternative if they left the wage field blank: they would first receive a prompt indicating

that the field was incomplete. Subsequently, if they proceeded without inputting a value,

they would then be presented with wage categories to choose from. This approach aimed

to minimise the reliance on wage category data. The lowest category (500 EUR/month

or less) was assigned an anchoring value of 500, while the highest category (more than

5,000 EUR/month) received an anchoring value of 7,500. All intermediate categories

(e.g., 501-1,000 EUR/month) have a width of 500 EUR/month, and the anchoring value

was defined as the upper limit of the respective wage bracket.16 By utilizing the upper

brackets, we ensure that we do not offer jobs with wages below the respondent’s reser-

vation wage. The option to choose a wage category rather than entering a wage was

not available to current jobseekers, as we judged that current jobseekers would be less

reluctant to indicate their reservation wage than recent job seekers would be to state

their actual wage.

On the following screen, we summarised the information provided by the respondent

and emphasised that a job encompasses numerous additional characteristics. Subse-

quently, we asked further questions about their ideal job. These questions pertained

to commuting time, working from home, schedule flexibility, and non-wage benefits, all

of which played a role in the subsequent choice tasks within the discrete choice exper-

iment. Table 4 summarises the questions and provides additional information about

related studies or surveys that have used very similar questions. The question related to

16The “don’t know” option was arbitrarily associated with an anchoring value of 3500 EUR/month.
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Table 4: Overview of survey questions and related literature and surveys

Survey questions Answer categories Related literature Survey
Suppose you find suitable work today. How many
hours a week would you like to work?

Open Krueger and Mueller
(2016)

Krueger-Mueller
survey

Over how many days should these hours be
spread?

Open Krueger and Mueller
(2016)

Krueger-Mueller
survey

What net wage would you need to be paid to ac-
cept the job?

Open Krueger and Mueller
(2016)

Krueger-Mueller
survey

Are you willing to regularly work outside normal
office hours during weekdays (Monday to Friday),
i.e., at times other than between 7 am and 6 pm?
This is normal work, not overtime. Nor is this
about flexible work, where, for example, you work
some hours in the evening to have more time for
other things during the day.

yes/no LISS panel

Are you willing to work during weekends? yes/no LISS panel
Are you looking for a job that people sometimes
do from home?

yes/no Dingel and Neiman
(2020)

Is the ability to work from home at least one day
a week or more a requirement?

yes/no

How many minutes maximum per day do you want
to travel back and forth to work?

Open Maestas et al. (2023) American Work-
ing Conditions
Survey

And what flexibility for choosing your working
hours do you expect?

You have no say in your
work schedule; You can
choose from several fixed
work schedules; You can
ask permission to change
your work schedule at
any time; You can deter-
mine your work schedule
yourself.

Maestas et al. (2023) American Work-
ing Conditions
Survey

With some jobs, you not only get a salary but also
’perks’ or fringe benefits. Indicate which perks you
should at least get before you want to take the job.

Multiple answers possi-
ble

My answers to this questionnaire are reliable. 0 (totally disagree) to 10
(totally agree)

Dohmen and Jagelka
(2024)

Notes: Dingel and Neiman (2020) created a WFH feasibility index to rank occupations according to the degree to which they can be done from
home.

(expected) non-wage benefits is important in the Belgian context where fringe benefits

are widespread due to tax advantages.17

After completing these tasks, respondents could choose to either conclude the survey

or proceed with an additional set of questions. To uphold response quality, the online

questionnaire incorporated several checks. These checks were devised to alert respon-

dents when an unusual combination of answers was entered, or even prevent them from

entering certain values. For instance, if a respondent had indicated a desire to work

17Paying out the monetary equivalent to these ’perks’ instead of providing them leads to a higher
overall tax burden.
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more than 60 hours per week, they were prompted to adjust their answers to fall below

this threshold before proceeding. Similarly, if a respondent indicated a commuting time

(round trip) of more than 180 minutes, a warning message was generated, and values

greater than 300 minutes were not allowed. If a net wage had been entered that implied

hourly earnings lower than EUR 5 or higher than EUR 350, a warning message was

produced, but the respondents were not forced to stay within this range. However, ex-

treme values serve as indicators of potential response quality issues. Finally, at the end

of the survey, each respondent was required to self-rate the reliability of their responses

(Dohmen and Jagelka, 2024) on an 11-point Likert scale from 0 to 10. 18

Respondents are flagged as less reliable if at least one of the following three criteria

is met

1. Their self-rated reliability is strictly below 5 on the 11-point scale.

2. Their reported hourly wage is strictly less than EUR 5 or strictly greater than

EUR 350.

3. They strongly prefer job 1 in all six choice tasks.19

Approximately 6% of respondents were identified as unreliable and subsequently

excluded from the analysis.20 Only in a very small minority of cases (60 observations)

the baseline wage for people with a job was based on wage category data.

The survey data were combined with anonymised administrative data from the Flem-

ish PES. This administrative dataset includes standard socio-economic variables such as

age, gender, and education. In addition, the Flemish PES collects valuable informa-

tion from before and during registration, including clients’ preferences for occupations,
18The wording of the question that we used is: “Finally, we would like to present you with the

following proposition: My responses to this questionnaire are reliable.” Respondents could indicate
their agreement on an 11-point Likert scale from 0 to 10 where 0 means ‘strongly disagree’ and 10
means ‘strongly agree’

19Given that the attributes are randomly varied, it is very unlikely that an individual would prefer
the first job six times in a row, let alone strongly prefer it.

20Given our respondents’ characteristics, we deemed it more appropriate to use this approach for
identifying potentially unreliable responses, rather than implementing an attention check.
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their language proficiency in Dutch (the official language in Flanders), and possession

of a driver’s license. The availability of administrative data and registration records for

both survey respondents and non-respondents enables us to investigate potential sample

selection issues.

3.4 Descriptive statistics

Table 5 provides descriptive statistics of the baseline job characteristics, which are used

as benchmarks for the choice tasks. Among current jobseekers, the hourly net reservation

wage is with 13.48 Euro higher than the actual wage of the recent jobseekers. The latter

earn on average 11.98 Euro’s per hour. Not surprisingly, the standard deviation of the

current jobseekers’ reservation wage is much higher than that of the recent jobseekers.

The average maximum number of minutes current jobseekers are willing to commute

(47.60 minutes) is similar to that of recent jobseekers (48.23 minutes).

The expectations regarding the schedule flexibility of current jobseekers is very differ-

ent from the schedule flexibility that recent jobseekers have in their current job. While

55% of the sample of employed individuals have no say in their working schedule, only

23% of the current jobseekers expect to have no say in their schedule in their next job.

Current jobseekers expect to have the choice between fixed schedules much more often

than has been realized by recent jobseekers in their current job.21 Also regarding WFH

there is a large discrepancy between current and recent jobseekers. While 47% of the

current jobseekers are looking for a WFH-feasible job, only 24% of the recent jobseekers

is performing such a job. For only 35% of the current jobseekers who look for a job that

is WFH-feasible, some flexibility to work from home is actually a requirement. Among

those currently in a WFH-feasible job, 43% is working from home 1 day or less per week,

while 15% of this group always works from home.

21The two groups are much more aligned in terms of (the expectation to have) complete flexibility.
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Table 5: Descriptives of Baseline Job Characteristics for Current and Recent Jobseekers
(Flemish PES)

Current jobseekers Recent jobseekers
Var. Obs. Mean SD Min. Max. Obs. Mean SD Min. Max.

Hourly net wage (EUR)

Hourly wage 756 13.48 10.479 5.508 174.42 927 11.98 5.41 5 93.02

Monthly net wage (EUR)

Monthly wage 756 1820.25 1124.91 253.7 18000 927 1742.36 700.50 236.5 13000

Total daily commuting time (minutes)

Commute 756 47.60 36.66 0 300 952 48.23 41.80 0 300

Current jobseekers Recent jobseekers
Dummy Var. Obs. Mean Obs. Mean

Flexibility

No say 756 23% 987 55%

Choice fixed sched. 756 34% 987 7%

Can ask changes 756 26% 987 24%

Complete flexibility 756 17% 987 15%

Nature of job allows WFH

WFH allowed 756 47% 987 24%

Reservation jobs: possibility WFH

Requirement 355 35%

Average days WFH for people who work 3 days or more per week

1 day or less 233 43%

2 days 233 20%

3 days (or more) 233 22%

Always 233 15%

Notes: For current jobseekers the wage statistics refer to the respective "reservation wage" and the other
job statistics (e.g. flexibility) to the respective "reservation job". Dummy variable means are equivalent
to the relative fraction of respondents answering "yes".
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4 Results

4.1 Main Analyses

We use conditional logit models to estimate the respondents’ preferences for the different

attributes in the choice tasks. In these models, a binary dependent variable indicates the

preferred job alternative among the two options presented to the respondent. To con-

struct this indicator variable, we follow Maestas et al. (2023) and combine the response

options Strongly prefer job 1 and Prefer job 1 into one category, signifying a preference

for job 1. The other two response options are merged into the category that denotes a

preference for job 2.22

The respondents are assumed to prefer the job that maximises their utility. The

utility that respondent n derives from choosing job j in choice task t is given by

Unjt = αj +Xnjtβ + γwnjt + εnjt (1)

where Xnjt is a vector of non-monetary job attributes and wnjt is the wage of job j

offered to respondent n in choice task t. β is a vector of coefficients to be estimated

representing the strength of preference for the non-monetary attributes, γ is a wage

coefficient to be estimated and ε is an error term which is assumed to be iid type 1

extreme value. Since there are no differences between the jobs except for the wage and

the attributes included in Xnjt the alternative-specific constants, αj, are assumed to be

equal for the two jobs, and hence cannot be estimated.

Table 6 shows estimates of the conditional logit models for three different samples.

The first pair of columns present results for all reliable respondents, the second pair

22In section 4.2, we utilize the more detailed information on preference strength using an ordered
logit model.
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Table 6: Main Conditional Logit Analysis: Job Attribute Preferences (Flemish PES)

Whole Sample Current jobseekers Recent jobseekers
Coef. WTP Coef. WTP Coef. WTP

% wage increase 3.942*** 3.423*** 4.359***
(0.150) (0.223) (0.205)

Commuting time: baseline = reported commuting time

Commute -15 min 0.354*** 0.090*** 0.317*** 0.093*** 0.380*** 0.087***
(0.061) (0.015) (0.091) (0.026) (0.082) (0.018)

Commute +15 min -0.458*** -0.116*** -0.496*** -0.145*** -0.432 *** -0.099 ***
(0.061) (0.015) (0.091) (0.026) (0.083) (0.018)

WFH: baseline = no possibilities to WFH

At least 1 day 0.592*** 0.150*** 0.641*** 0.187 *** 0.490*** 0.112 ***
(0.107) (0.027) (0.138) (0.041) (0.168) (0.039)

At least two days 0.695*** 0.176*** 0.567*** 0.166 *** 0.835*** 0.192***
(0.106) (0.027) (0.138) (0.039) (0.168) (0.038)

As much as I want 0.778*** 0.197*** 0.784*** 0.229*** 0.700*** 0.161***
(0.109) (0.027) (0.141) (0.040) (0.171) (0.039)

Schedule flexibility: baseline = no say in schedule

Various fixed schedules 0.880*** 0.223*** 0.916*** 0.267*** 0.860*** 0.197***
(0.071) (0.018) (0.112) (0.033) (0.092) (0.021)

Can ask changes 0.841*** 0.213*** 0.882*** 0.258*** 0.827*** 0.190***
(0.076) (0.018) (0.119) (0.032) (0.098) (0.021)

Complete flexibility 0.758*** 0.192*** 0.857*** 0.250*** 0.701*** 0.161***
(0.070) (0.017) (0.111) (0.031) (0.091) (0.020)

Chance of losing job: baseline = 1 out of 100

10/100 -0.621*** -0.157*** -0.731*** -0.214*** -0.560*** -0.128***
(0.071) (0.018) (0.113) (0.034) (0.093) (0.021)

20/100 -0.766*** -0.194*** -0.812*** -0.237*** -0.752*** -0.173***
(0.072) (0.017) (0.114) (0.031) (0.094) (0.020)

Possibility of having social impact: baseline = never

From time to time 0.689*** 0.175*** 0.718*** 0.210*** 0.681*** 0.156***
(0.068) (0.017) (0.108) (0.031) (0.087) (0.020)

Always 0.785*** 0.199*** 0.951*** 0.278*** 0.674*** 0.155***
(0.074) (0.018) (0.116) (0.033) (0.096) (0.021)

Observations 20,396 8,858 11,538

Notes: Regression results are displayed for the entire sample of reliable respondents, and then split out for
those who are still looking for a job (current jobseekers) and those who have found a job (recent jobseekers),
respectively. Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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for the subsample of current jobseekers, and the final pair for the subsample of recent

jobseekers, i.e., the ones that were employed at the time of the survey.

The wage attribute is expressed in terms of the percentage wage mark-up of the

higher-paying job relative to the lower paying job. Specifically, we define the wage

attribute, w, in our regression model to be 0 for the job with the lower wage and to

be equal to wh−wl

wl
for the job with the higher wage, where wl and wh denote the wages

displayed in the choice experiment for the lower and higher paying job, respectively. By

construction, given the way the choice experiments were defined, the lowest wage can

never be lower than the wage reported in the survey, i.e., the current wage for the recent

jobseekers or the reservation wage for current jobseekers.

The commuting attribute is represented by two dummy variables indicating reported

commuting time being 15 minutes longer and 15 minutes shorter than the reported

commuting time in the questionnaire, which serves as the baseline. For the attributes

of schedule flexibility, possibility of losing one’s job, and opportunity to have a social

impact, we define dummy variables for each level of the respective job attribute. The

least attractive states serve as the baseline in our model, which are respectively I have

no say in my schedule, 1 out of 100 and Never. The WFH-attribute is represented by

a set of dummy variables corresponding to each possible level in the choice tasks, with

Never being the baseline.23

The first column in each pair presents the estimated coefficients and standard errors

from the conditional logit model. The second column displays the ratios (and their

standard errors) of the coefficients to the wage coefficient. These ratios can be interpreted

as estimates of the WTP, and absolute values of negative estimates as WTA.

23These dummy variables are not included in the model for individuals who have a job that is not
WFH-feasible. In the model for the full sample, the WFH-dummy variables are set to 0 for respondents
who have a job that is not WFH-feasible, ensuring that the estimates in these regressions only depend
on the data from those who have or aspire a WFH-feasible job.
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The estimates reveal that individuals derive utility or disutility in all the job search

attributes presented. For example, when considering the results for the full sample, the

respondents are willing to forego a wage increase of 9% in order to have their daily

commuting time reduced by 15 minutes, while they need a wage increase of 11.6% in

order to accept an increase of daily commuting time by 15 minutes. Likewise, the

option to work from home is valued at 15.0% to 19.7% of a monthly wage increase, with

more options to work from home being associated with higher willingness to pay. The

respondents are also found to value schedule flexibility. In fact, a significant monetary

compensation would be needed to accept that the employer has full discretion over the

work schedule. Having the choice between a few fixed schedules compared to having

no say at all in one’s schedule is worth more than a net wage increase of 22.3%. In

comparison, the compensation needed for commuting 15 minutes more is only half this

pay difference. Put differently, if we were to assume linearity in the utility function,

this means that respondents would be willing to commute 30 minutes longer per day if

they were offered this type of schedule flexibility, suggesting that the search radius of

individuals could be increased significantly by offering a few fixed schedules.

Finally, the WTP for job security or to have social impact is substantial. The es-

timates across different levels and across the different samples range from around 13%

to 28% of the monthly wage. This implies that offering job security or a meaningful

job might greatly increase the competitiveness of an employer on the labour market.

Such job attributes could also help to compensate for less favourable conditions with

regards to WFH, schedule flexibility or commuting time. Conversely, given the large

negative utility induced by a 20% probability of losing one’s job, employers would have

to offer substantial improvements in other job attributes in order to compensate for the

job uncertainty, such as offering a large degree of flexibility in terms of WFH. Reducing

commuting time by 15 minutes, for example, would not be sufficient to compensate for

such a high probability of losing one’s job.
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The estimates for WTP or WTA are qualitatively similar for both subsamples. There

are however modest quantitative differences in the point estimates, and there seems to

be a pattern in these differences: the WTP or WTA seems to be somewhat lower across

the attributes for employed individuals than for jobseekers. This could be attributed to

the fact that there are substantial differences between the two samples, or it could also

signal that those who are closest to the job search process have thought through these

choices more in-depth.

4.2 Exploiting Information on Strength of Preferences

As described above we have so far combined the response options Strongly prefer job 1

and Prefer job 1 into one category to indicate a preference for Job 1, and correspondingly

for Job 2. In this section we exploit the information on the strength of preferences by

estimating ordered logit models. To implement this approach, we define a new set of

variables which represent the differences between the attributes of the two alternatives

within each completed choice task. These variables are then used as regressors in an

ordered logit model in which the dependent variable is coded from 1 to 4, whereby 1

indicates a strong preference for job A, and 4 a strong preference for job B.24

Table 7 repeats the analyses of the previous table now taking the strength of pref-

erences into account using the above procedure. Generally speaking, the results are

qualitatively the same, but the WTP and WTA estimates tend to be somewhat lower

in the ordered logit models than in the conditional logit models.
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Table 7: Ordered Logit Results: Job Attribute Preferences

Whole Sample Current Jobseekers Recent Jobseekers
Coef. WTP Coef. WTP Coef. WTP

% wage increase 4.116*** 3.652*** 4.473***
(0.128) (0.192) (0.172)

Commuting time: baseline = reported commuting time

Commute -15 min 0.279*** 0.068*** 0.328*** 0.090*** 0.224*** 0.050***
(0.053) (0.013) (0.079) (0.021) (0.072) (0.016)

Commute +15 min -0.565*** -0.137*** -0.546*** -0.150*** -0.590*** -0.132***
(0.054) (0.013) (0.080) (0.021) (0.074) (0.016)

WFH: baseline = no possibilities to WFH

At least 1 day 0.869*** 0.211*** 0.878*** 0.240*** 0.820*** 0.183***
(0.095) (0.023) (0.124) (0.035) (0.148) (0.033)

At least two days 0.782*** 0.190*** 0.618*** 0.169*** 0.980*** 0.219***
(0.092) (0.022) (0.119) (0.032) (0.145) (0.032)

As much as I want 0.907*** 0.220*** 0.922*** 0.252*** 0.812*** 0.182***
(0.095) (0.022) (0.124) (0.033) (0.148) (0.033)

Schedule flexibility: baseline = no say in schedule

Various fixed schedules 0.871*** 0.212*** 0.867*** 0.237*** 0.880*** 0.197***
(0.062) (0.015) (0.099) (0.027) (0.080) (0.018)

Can ask changes 0.728*** 0.177*** 0.725*** 0.198*** 0.743*** 0.166***
(0.065) (0.015) (0.102) (0.026) (0.085) (0.017)

Complete flexibility 0.809*** 0.197*** 0.910*** 0.249*** 0.750*** 0.168***
(0.062) (0.014) (0.025) (0.098) (0.080) (0.017)

Chance of losing job: baseline = 1 out of 100

10/100 -0.312*** -0.076*** -0.461*** -0.126*** -0.221*** -0.049***
(0.063) (0.015) (0.101) (0.028) (0.081) (0.018)

20/100 -0.803*** -0.195*** -0.810*** -0.222*** 0.821*** -0.183***
(0.063) (0.014) (0.100) (0.025) (0.083) (0.017)

Possibility of having social impact: baseline = never

From time to time 0.711*** 0.173*** 0.760*** 0.208*** 0.677*** 0.151***
(0.059) (0.014) (0.094) (0.025) (0.076) (0.017)

Always 0.787*** 0.191*** 0.933*** 0.256*** 0.689*** 0.154***
(0.064) (0.015) (0.099) (0.026) (0.085) (0.018)

/cut1 -0.788*** -0.848*** -0.746***
(0.023) (0.035) (0.030)

/cut2 0.429*** 0.370*** 0.478***
(0.022) (0.033) (0.029)

/cut3 1.546*** 1.519*** 1.574***
(0.027) (0.040) (0.036)

Observations 10,198 4,429 5,769

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Regression results are displayed for the entire
sample, and then split out for those who are still looking for a job (current jobseekers) and those who have found a
job (recent jobseekers), respectively. In this robustness check, we employ ordered logit regressions instead of the more
conventional conditional logit regressions. The dependent variable is no longer collapsed into a binary 1/0 variable but
rather consists of values from 1 to 4, based on our survey responses: 1 - Strongly prefer job A, 2 - Prefer job A, 3 -
Prefer job B, and 4 - Strongly prefer job B. The independent variables are first-differenced within each choice task.
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4.3 Preference Heterogeneity

In the previous two subsections we have estimated average preferences for the job at-

tributes for all respondents, as well as for the subsamples of respondents who have found

a job already (recent jobseekers) and those who have not (current jobseekers). It is likely

that preferences are heterogeneous also along other dimensions, however. Contrary to

previous work, which looks at heterogeneity in preferences by splitting the sample into

subsamples based on widely studied characteristics in labour economics and the social

sciences in general, we have opted for a data-driven approach using latent class models.

These models divide respondents endogenously into groups or classes, where preferences

are allowed to vary across classes and assumed to be the same within each class. The la-

tent class model is therefore an extension of the standard conditional logit model, which

estimates different coefficients for each class of respondents. While the class member-

ship of each respondent is not known, the probability of belonging to each class can be

estimated.

The latent class conditional logit model that we run on the full sample of reliable

respondents reveals that observations can be categorised into two main classes.25 The

estimated class membership probabilities imply that the majority of people (70%) belong

to class 2, while the rest (30%) belong to class 1. Individuals belonging to class 1, which

as explained are a minority of the respondents, are more concerned about remuneration

than individuals in class 2. Estimates for WTP and WTA for class 1 are consequently

more modest, as the estimated coefficients displayed in Table 8 show. In this class,

individuals would prefer a wage increase larger than 4.2% rather than commuting 15

minutes less per day, and it would be acceptable for them to commute 15 minutes more

if they get a net pay rise of above 5.8%. Other WTP and WTA estimates also are

24Implementing this approach on the collapsed response categories implies that the ordered logit
model collapses to a standard binary logit model as there are only two response categories. Estimating
this model replicates the conditional logit results in the previous subsection, so the two estimation
approaches are very closely linked.

25The model is estimated in Stata using the lclogitml2 command (Yoo, 2020).

26



around these magnitudes, but working from home and schedule flexibility seem to be

the attributes people are willing to pay most for; more flexibility is found to be equivalent

to a wage increase of about 8%.

Individuals in class 2, which constitutes a majority of 70%, put much more weight

on non-monetary job characteristics. Once their baseline wage is met, they are willing

to forego large wage increases in return for favourable non-monetary conditions. For

example, their WTP (WTA) for decreasing (increasing) daily commuting time by 15

minutes is more than 19% and they are willing to forgo wage increases of up to 40%

to have more flexibility in working from home. Having complete schedule flexibility,

or having the potential to have a large social impact all the time, are valued at a wage

increase of around 50%. Given that the wages in our choice task varied from 1 to 1.5 times

the baseline wage, people tend to prefer having these non-monetary job characteristics

(compared to the baselines of having no say on the schedule, or having no social impact,

respectively) instead of any proposed wage increase.26

A second route to exploring heterogeneity in WTP makes use of a subset of individu-

als, and is focused around the WFH-attribute. In the first part of the questionnaire, we

ask current jobseekers whether they are looking for WFH-feasible jobs and, if they reply

yes, we also ask whether working from home is a requirement. Less than half of them

cite the possibility of WFH as a requirement. We conducted a split sample analysis

for people looking for WFH-feasible jobs, distinguishing between those who answered

either yes or no to the requirement-question. Table 9 shows three columns, the first

two corresponding to the WTP estimates of the respective subgroups, and the third

displaying the p-value at which the null hypothesis of equal WTP can be rejected. The

results suggest that the differences are very substantial. The WTP for working from

home is much higher in the sample of those who indicated it as a requirement, and the

WTP in this latter sample also increases strongly over the different WFH categories,

26The set-up of our experiment does not allow us to investigate to what extent people are willing to
go below their reported wage in the survey.
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Table 8: Willingness to Pay for Job Attributes by Class of Latent Class Model (Flemish
PES)

Class 1 Class 2

Commuting time: baseline = reported commuting time

Commute -15 min 0.042*** 0.191***
(0.010) (0.038)

Commute +15 min -0.058*** -0.199***
(0.010) (0.035)

WFH: baseline = no possibilities to WFH

At least 1 day 0.071*** 0.201***
(0.025) (0.069)

At least two days 0.034 0.402***
(0.024) (0.075)

As much as I want 0.074*** 0.438***
(0.019) (0.076)

Schedule flexibility: baseline = no say in schedule

Various fixed schedules 0.086*** 0.418***
(0.016) (0.053)

Can ask changes 0.073*** 0.453***
(0.013) (0.054)

Complete flexibility 0.036*** 0.498***
(0.014) (0.060)

Chance of losing job: baseline = 1 out of 100

10/100 -0.019 -0.390***
(0.015) (0.057)

20/100 -0.073*** -0.397***
(0.012) (0.048)

Possibility of having social impact: baseline = never

From time to time 0.026** 0.415***
(0.013) (0.057)

Always 0.005 0.553***
(0.014) (0.067)

Notes: Standard errors in parentheses.
*** p<0.01, ** p<0.05, * p<0.1.
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whereas this is not the case for the other group. Thus, the results in this table indicate

heterogeneity in preferences, but could also be seen (at least to some extent) as evidence

for the cross-validation of the two methods of eliciting preferences, either through di-

rect questioning or through choice experiments. There are also interesting differences

in other domains. For example, jobseekers who are not concerned about working from

home are much more concerned about job security.

4.4 Sample Selection and Nonresponse

As explained in section 3.2, the respondents only constitute a fraction of all invitees,

and among these respondents there is also a small subset of less reliable respondents

whom we omit from the analysis. In addition, the invitees registered with VDAB at a

specific time in the year, which could mean that they are not representative of the entire

population of individuals who had an inflow that year due to seasonality effects.

To investigate to what extent the samples are different from each other, we ran probit

models predicting sample membership, which are presented in Table 10. The results show

that there are statistically significant associations between sample membership and the

individual characteristics derived from the administrative data. For example, individuals

with a university degree or with high proficiency in Dutch are much more likely to be

respondents than others. The results also show that there is a difference in sample

composition between invitees and non-invitees, and between the reliable respondents

and all other invitees and non-invitees. Age, being female, being registered out of work

for 12+ months (out of the last 3 years), having a driver’s license, schedule and sector

preferences are all significant predictors for being an invitee or reliable respondent versus

a non-invitee.

To explore what the effects of such sample selectivity could be on the results from

the choice experiments, we created a set of inverse probability weights. In order to
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Table 9: Split-Sample Analysis: Willingness to Pay for Current Jobseekers With and
Without a WFH Requirement

WTP (Req) WTP (No Req) P-value

Commuting time: baseline = reported commuting time

Commute -15 min 0.07 0.13 0.273
Commute +15 min -0.11 -0.13 0.770

WFH: baseline = no possibilities to WFH

At least 1 day 0.24 0.11 0.054
At least two days 0.26 0.10 0.012
As much as I want 0.42 0.08 0.000

Schedule flexibility: baseline = no say in schedule

Various fixed schedules 0.23 0.29 0.502
Can ask changes 0.22 0.22 0.972
Complete flexibility 0.28 0.32 0.721

Chance of losing job: baseline = 1 out of 100

10/100 -0.01 -0.17 0.069
20/100 -0.08 -0.24 0.076

Possibility of having social impact: baseline = never

From time to time 0.15 0.22 0.455
Always 0.19 0.30 0.216

Notes: In the survey we ask jobseekers who aim for a job that is WFH-feasible
whether or not WFH is a requirement. This table contrasts the WTP of individuals
who answer yes vs. no to this latter question. Estimations are based on a pooled
split-sample regression, with observations for 369 jobseekers looking for WFH-
feasible jobs, out of whom 134 state that the possibility to work from home is a
requirement.
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Table 10: Prediction of Sample Membership Based on Admin Data Using Probit Re-
gressions

Predictors Prediction1 Prediction2 Prediction3 Prediction4

Age -0.015 0.020*** -0.027*** 0.001
(0.028) (0.007) (0.002) (0.006)

Age squared / 1,000 0.271 -0.023 0.259*** 0.121*
(0.347) (0.085) (0.029) (0.069)

Female -0.162 0.205*** 0.032*** 0.181***
(0.116) (0.027) (0.009) (0.023)

Months registered out of work/education in last 36 months: baseline = up to 6 months

6-12 months -0.355** 0.055* 0.013 0.057**
(0.141) (0.031) (0.010) (0.026)

12+ months -0.202* 0.004 -0.287*** -0.117***
(0.119) (0.029) (0.009) (0.024)

Driver’s licence -0.398*** 0.018 0.182*** 0.110***
(0.117) (0.028) (0.009) (0.024)

Acceptable schedules: baseline = a nonstandard schedule selected

Preference for Standard Time Schedule -0.075 -0.026 -0.208*** -0.097***
(0.108) (0.026) (0.008) (0.021)

Highest educational attainment: baseline = not finished highschool

Vocation/technical degree -0.334** 0.139*** 0.002 0.142***
(0.132) (0.032) (0.010) (0.028)

General or art secondary education -0.346 0.056 -0.012 0.047
(0.218) (0.051) (0.016) (0.044)

Vocational other -0.277 -0.016 -0.062*** -0.009
(0.309) (0.076) (0.023) (0.065)

University -0.485*** 0.316*** 0.014 0.285***
(0.144) (0.035) (0.012) (0.030)

Proficiency of Dutch: baseline = poor

Dutch good 0.193 0.312*** -0.670*** -0.124***
(0.233) (0.054) (0.013) (0.045)

Dutch fluent 0.015 0.396*** 0.717*** 0.610***
(0.227) (0.050) (0.012) (0.040)

Work disability 0.291* 0.134*** -0.055*** 0.076**
(0.154) (0.045) (0.015) (0.037)

Most preferred sector / occupation cluster: baseline = Wood and Construction

Business Support, Retail and ICT 0.032 0.064 0.100*** 0.116**
(0.264) (0.060) (0.018) (0.051)

Personal and Business Services 0.150 -0.007 0.037** 0.017
(0.271) (0.061) (0.018) (0.052)

Industry 0.318 -0.047 0.062*** -0.016
(0.264) (0.061) (0.018) (0.052)

Transport and Logistics 0.283 -0.001 0.061*** 0.030
(0.271) (0.064) (0.019) (0.055)

Healthcare and Education 0.117 0.112* 0.069*** 0.114**
(0.290) (0.066) (0.020) (0.056)

Constant -0.935 -3.028*** -0.138*** -3.112***
(0.604) (0.148) (0.044) (0.121)

Observations 1,762 37,520 163,593 163,593

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Prediction1 predicts being a less reliable respondents in the
sample of all respondents. Prediction2 predicts being a respondent deemed reliable in a sample of all invitees. Prediction3 predicts
whether one is in the core sample of invitees in a sample of both invitees and non-invitees, whereby the non-invitees are those who
had an inflow into unemployment in 2021 but not in January or February. Finally, prediction4 predicts whether one is flagged as
a reliable respondent in the total sample of invitees and non-invitees. The PES clients can indicate their acceptable schedule types,
and nonstandard schedules are defined as those that deviate from the standard daily schedule such as shift work or night work. For
presentational purposes, the age-squared term in the regression was divided by 1,000 which is equivalent to multiplying its coefficient
by 1,000.
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create the weights, we run similar models again as displayed in Table 10. However,

we employ the k-fold cross-validation method for out-of-sample probability predictions.

Specifically, the individual sample is divided into five groups of equal size, denoted as i1

to i5. Subsequently, five Probit regressions, indexed j = 1 . . . 5, are run on the sample

excluding observations from group ij. The coefficients estimated from regression j are

then used to predict the probabilities for subsample ij. A complication is that the size of

the samples we compare with each other are far from equal. For example, less than 5% of

invitees are reliable respondents. Consequently, the predicted probabilities are generally

quite low, leading to huge differences in inverse probabilities when differences of only a

few percentage points are observed, which means that a few observations may become

disproportionately influential. To mitigate this issue, we adopted the approach discussed

by Chesnaye et al. (2021) and multiplied the inverse probabilities by the success rate, or,

in this case, the proportion of individuals in the estimation sample for which we predict

membership. This adjustment not only reduces the average inverse probability weights

but, more critically, also diminishes their variation.

In Table 11 we run various specifications exploring sample selection. The first spec-

ification shows the results of an unweighted regression on data from all respondents,

while the second specification restricts the sample to reliable respondents and is there-

fore identical to the first specification in Table 6. The last two columns show results

from specifications run on the reliable respondents, but now weighting the observations

for non-response and for non-response or not invited, respectively.

The results are qualitatively quite similar. However, after applying sample weights,

the point estimates of WTP for the flexibility attributes (WFH and schedule flexibility)

are consistently higher than in the first two columns. Of course, there is a caveat here,

as we can only correct for a selected number of observed variables, and the variation in

preferences may be greater than our results suggest. The membership predictions show

that there are certain groups that are more likely to respond, which can guide future
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Table 11: Willingness to Pay for Job Attributes: Exploring Nonresponse and Sample
Selection

Full Sample Reliable Weighted for Weighted for
Respondents Nonresponse Nonresponse or

not Invited

Commuting time: baseline = reported commuting time

Commute -15 min 0.096*** 0.090*** 0.092*** 0.098***
(0.015) (0.015) (0.017) (0.020)

Commute +15 min -0.113*** -0.116*** -0.148*** -0.135 ***
(0.015) (0.015) (0.017) (0.021)

WFH: baseline = no possibilities to WFH

At least 1 day 0.133*** 0.150*** 0.189 *** 0.214***
(0.028) (0.027) (0.031) (0.037) )

At least two days 0.172*** 0.176*** 0.228*** 0.250 ***
(0.027) (0.027) (0.030) (0.035)

As much as I want 0.174*** 0.197*** 0.255*** 0.275***
(0.027) (0.027) (0.031) (0.037)

Schedule flexibility: baseline = no say in schedule

Various fixed schedules 0.223*** 0.223*** 0.249*** 0.255***
(0.018) (0.018) (0.021) (0.025)

Can ask changes 0.218*** 0.213*** 0.232*** 0.231***
(0.018) (0.018) (0.020) (0.024)

Complete flexibility 0.192*** 0.192*** 0.243*** 0.250***
(0.017) (0.017) (0.020) (0.024)

Chance of losing job: baseline = 1 out of 100

10/100 -0.167*** -0.157*** -0.163*** -0.181***
(0.018) (0.018) (0.022) (0.025)

20/100 -0.204*** -0.194*** -0.219*** -0.224***
(0.017) (0.017) (0.020) (0.023)

Possibility of having social impact: baseline = never

From time to time 0.168*** 0.175*** 0.194*** 0.202***
(0.017) (0.017) (0.021) (0.024)

Always 0.198*** 0.199*** 0.242*** 0.272***
(0.018) (0.018) (0.022) (0.026)

Observations 21,470 20,396 19,428 15,834

Notes: Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1.
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policy-oriented research to make additional efforts to target such groups and elicit their

preferences.

5 Concluding Discussion

Over the last decades and years, labour markets have undergone significant changes.

Persistent shocks to labour demand and labour supply are likely to lead to a substan-

tially different labour market in the long run, with shifts in job tasks and skills prices

(Acemoglu and Autor, 2011; Barrero et al., 2020), but also in the organization of work.

New technologies provide new opportunities for remote work or scheduling flexibility.

To the extent that such job attributes are valued by workers, it is important for firms

and policymakers to know how these attributes affect the acceptability of jobs, i.e., what

bundle of attributes constitute a reservation job, and how these attributes are valued in

monetary terms.

This project provides a snapshot of estimated monetary values of such important job

attributes for individuals who became eligible for UI in January or February 2021. At

the time of the interview, some had already secured a job, while others were (again or

still) seeking employment. In line with other studies, we find that the willingness to pay

for different job attributes is substantial. This insight can inform labour market and

firm policies. For example, our results indicate that offering flexibility in terms of WFH

or schedule flexibility, could provide an alternative to increasing wages or to compensate

for deteriorating job attributes in other dimensions, e.g. when perceived job loss risk

increases in particular sectors or firms due to technological change.

Job search theory implies that frictions in the labour market could be reduced if

jobseekers increase their search radius or their willingness to commute longer. Our results

suggest that the search radius of individuals could be increased substantially by offering

increased schedule flexibility or the possibility of working from home. Our experimental
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design enables differentiation between increases and decreases in commuting time from

a baseline level, as reported in the survey. Notably, these differences appear to be most

pronounced when respondents are asked to expand their commuting radius from the

baseline. This offers an important insight, particularly when formulating policies aimed

at bolstering labour market participation within specific demographic cohorts.

Moreover, improving schedule flexibility, opportunities to work from home or increas-

ing job security could also contribute to reducing regional skill mismatches by attracting

commuters from other areas. In areas experiencing a skills mismatch between supply and

demand, attracting skilled individuals by paying higher wages alone may be challenging

due to the considerable monetary compensation required for commuting. For example,

an increase in the commuting time for the average respondent by only 15 minutes would

have to be compensated by a net wage increase of almost 12%. Latent class models show

that there is substantial heterogeneity and that a majority of respondents would even

need larger wage compensation. Similarly, job insecurity driven, for example, by techno-

logical change, requires substantial wage compensation. In such cases, firms may benefit

from adopting alternative strategies to meet their demand, for instance by considering

the entire bundle of job characteristics and instead of solely relying on wages in their

compensation package firms could promote non-monetary amenities such as corporate

social responsibility and offer meaningful jobs with flexible work schedules and remote

work opportunities. In case of regional skill mismatches, advertising job stability and

long-term employment prospects might also help in attracting commuters from other

regions by advertising and offering other amenities that are linked to the job.27 Poten-

tially, firms might contribute to higher social welfare by offering these non-monetary job

amenities as an alternative to increasing wages.

27While offering jobs with high job security is probably easiest in the public sector, also competitive
firms could emphasize the prospects of permanent jobs after some time in temporary employment.
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