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General introduction

Entering the labour market marks a pivotal transition in the life course of
every young individual. This transition can be challenging and does not
necessarily follow a smooth path from school directly into stable
employment. Around 10% of individuals aged 15 to 29 in European Union
countries are neither in employment nor in education and training
(NEET), reflecting a complete disengagement from both education and
the labour market (Eurostat, 2025a). Youth unemployment rates also
illustrate these difficulties: in 2024, the unemployment rate stood at
about 11% among those aged 15 to 29, compared to 6% for the overall
working age population (Eurostat, 2025b).

Educational attainment plays a crucial role in shaping labour market
entry. Combining a low level of education with limited work experience
makes integration particularly difficult: the NEET rate reaches about 11%
among young Europeans with below upper secondary education, 13.5%
among those with vocational upper secondary education, and only 7%
among tertiary graduates. The educational gaps are even more striking
in unemployment rates: among young Europeans aged 15 to 29,
unemployment affects around 20% of those below upper secondary
education, 10% of those with upper secondary education, and only 8% of
tertiary graduates.

Economic literature has demonstrated that unemployment at the
beginning of one’s career has a negative impact on future employment
prospects, earnings, and mental health (Bell and Blanchflower, 2011;
Cockx and Ghirelli, 2016; Glatt and Wunnava, 2016; Schmillen and
Umkehrer, 2017). Paying particular attention to labour market entrants
is therefore crucial, as a lack of early job opportunities can leave lasting
scars on subsequent labour market outcomes.

This concern has been acknowledged by many governments, which have
undertaken steps to facilitate youth integration into the labour market.
At the European level, the European Pillar of Social Rights Action Plan
sets a target to reduce the share of individuals aged 15 to 29 who are
NEET to below 9% by 2030, and the Youth Guarantee commits Member
States to ensure that every person under 30 receives a quality offer of
employment, training, apprenticeship, or education within four months



of leaving education or becoming unemployed. At the national level, some
governments have introduced employment or training programmes to
facilitate the school-to-work transition. Others have also introduced
youth-specific unemployment benefits to insure against early-career
unemployment.

This thesis contributes to the evidence on policies supporting youth
labour market integration by evaluating two Belgian interventions
targeting new labour market entrants: hiring subsidies and youth-
specific unemployment benefits. The thesis comprises three self-
contained chapters: the first examines hiring subsidies, while the second
and third evaluate two distinct reforms of youth-specific unemployment
benefits.

All chapters rely on microeconometric evaluation methods—empirical
strategies that identify causal effects in non-experimental settings when
randomised trials are infeasible. In policy evaluation, the central
challenge is selection bias: exposure to a policy is rarely random, so
simple comparisons between treated and untreated individuals confound
programme effects with pre-existing differences. Microeconometric
designs address this by constructing credible counterfactuals from
observational data, exploiting quasi-experimental variation that is
plausibly as-if random—such as sharp eligibility thresholds or the timing
of policy implementation. In this thesis, I employ two distinct evaluation
methods. The first is a regression discontinuity design, which estimates
local causal effects at an eligibility threshold under the assumption that
potential outcomes evolve smoothly around this threshold. The second is
a difference-in-differences design, which compares changes over time
between treated and control groups, relying on the parallel trends
assumption. Both methods are applied to individual-level administrative
data and allow for the identification of the causal effects of the
intervention or reform without confounding factors.

The first chapter examines the Impulsion plan, a regional hiring-subsidy
reform introduced in Wallonia, the French-speaking region of Belgium, in
July 2017. The scheme provides degressive monthly subsidies for up to
three years to employers hiring unemployed job seekers, with
particularly early eligibility for low-educated youths. Under this scheme,
high school dropouts and graduates under age 25 become eligible
respectively from their first day and after six months of unemployment,
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while all other job seekers qualify only after twelve months. Building on
this priority treatment for young people with low education, a regression
discontinuity design around the age-25 eligibility threshold identifies the
causal effect of earlier access to hiring subsidies on the employment
prospects of the targeted group. This chapter contributes to the literature
by providing causal evidence on hiring subsidies targeting low-educated
youths—a group largely neglected by previous studies mainly focusing
on the long-term unemployed. Furthermore, it explores how local labour
market tightness shapes the effectiveness of such policies, thereby
offering insights into whether “work-first” policies can be effective under
any economic conditions.

The second chapter examines whether early-career access to
unemployment benefits affects nest-leaving among master’s graduates.
To address this, we exploit a reform of Belgium’s youth-specific
unemployment benefits. In Belgium, eligibility for the youth-specific
unemployment benefits is less stringent than for the regular
unemployment insurance benefit—notably, no prior work experience is
required. The reform limited access to the youth-specific benefit to
individuals entering the labour market before age 24—previously it was
before age 29. After the reform, individuals aged 24 or older must satisfy
the stricter eligibility conditions of the regular unemployment insurance
scheme. At the time, the average age at which young people left the
parental home in Belgium was about 25. Financial resources are a key
determinant of nest-leaving; lower resources are consistently associated
with delayed departure. Because the reform reduced the expected
financial resources in case of unemployment for youths about to decide
whether to leave the parental home, it is expected to delay their
departure. Using a difference-in-differences design, this chapter
contributes to the limited empirical literature on the role of state-
provided financial resources in shaping youths’ housing autonomy, as
well as on gender-specific responses to financial constraints in nest-
leaving decisions.

The third chapter focuses on the same youth-specific unemployment
benefits system as the second chapter, but examines a different policy
reform that tightened eligibility for low-educated individuals. As
mentioned above, the Belgian youth-specific unemployment benefit is
not conditioned on prior work experience. Rather, it hinges on the



completion of a one-year compulsory job search period upon entering the
labour market. The reform studied in the third chapter effectively
extended the duration of the compulsory job search period prior to
benefit entitlement for high school dropouts only. Remaining without
benefits for alonger period strengthens their financial incentives to work.
This chapter analyses how extending the compulsory job search period
before granting unemployment benefits affects employment prospects
among low-educated labour market entrants. According to standard job
search theory, such a reform should incentivise young people to find a job
more quickly. However, it may also reduce the quality of job matches, as
individuals are more likely to accept lower-quality positions earlier in the
search process in order to avoid prolonged unemployment. Using a
difference-in-differences design, the chapter contributes to the literature
on unemployment insurance providing benefits only after a no-benefit
period by focusing on high school dropouts—an understudied group in
this context. Another important contribution lies in its gender
perspective, highlighting that seemingly gender-neutral unemployment
policies may generate gender-differentiated outcomes

Taking everything together, the thesis places a particular emphasis on
low-educated youths—who are the focus of two out of the three chapters
(chapters 1 and 3). Studying them is interesting from a policy perspective,
as their entry into the labour market is especially challenging. The thesis
analyses how, at the start of their careers, early access to hiring subsidies
and later eligibility for unemployment benefits shape their employment
prospects. Belgium is a country where the unemployment rate of
individuals with little schooling is relatively high: in 2024, among young
people aged 15 to 29 with below upper secondary education, it reaches
25% compared to 20% on average in Europe. This makes Belgium a
particularly suitable context for studying these questions. The remaining
chapter (chapter 2) shifts the focus to master’s graduates, for whom
labour market integration is less challenging. For them, the outcome of
interest is not employment prospects but housing decisions, in a context
where young Europeans are leaving the nest later and later. Because
delayed nest-leaving has been linked to poorer mental health, lower self-
esteem, postponed fertility, and reduced labour supply (Angelini et al.,
2022; Seiffge-Krenke, 2013), understanding its understudied
determinants is particularly important.



The thesis also places a particular emphasis on gender, thereby
contributing to the growing literature on the gendered effects of the
welfare state. Two of the three chapters explicitly measure gender
heterogeneity by estimating separate effects for men and women. This
focus is motivated by the fact that preferences and opportunities at
labour market entry often differ by gender, so formally identical policies
can yield gender-differentiated outcomes.

Although this thesis focuses exclusively on policies implemented in
Belgium, particular attention has been paid throughout the three
chapters to producing findings of broader relevance—results that
contribute to the scientific literature and hold interest beyond the Belgian
context. In addition to these contributions to the economic literature, the
thesis adopts a deliberately policy-oriented perspective. The analyses are
conceived as applied research that provides science-based empirical
evidence on the effectiveness (chapters 1 and 3) or unintended effects
(chapter 2) of policies, thereby offering insights that are useful to
decision-makers. Motivated by a strong personal commitment to
conducting applied research on socially relevant and policy-salient
issues, this thesis seeks not only to advance academic knowledge but also
to inform public debate. Accordingly, the general conclusion translates
the empirical evidence into policy recommendations.






Does delaying unemployment
benefits improve employment
for low-educated youth?
The role of gender and part-time
work

Access to unemployment benefits (UB) at an early career stage may help
smooth the school-to-work transition but may also reduce job search
incentives. To mitigate these disincentives, UB access may be delayed
through a compulsory job search period. This paper analyses the impact of
extending this period on employment outcomes for Belgian labour market
entrants without a high school diploma. Using a difference-in-differences
strategy, the analysis reveals that a longer job search period increases
employment up to three years after labour market entry. The effect is
concentrated among women. As they are more likely to work part-time, the
increase essentially concerns part-time employment.
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3.1. Introduction

Across Europe, the integration of low-educated youths into the labour
market remains a major policy challenge. In 2023, 15% of the population
aged 25-34 did not complete upper secondary education (Eurostat,
2025e). Like all young people, low-educated youths have minimal work
experience, but they also have very limited skills, making their school-to-
work transition particularly challenging. Consequently, their
unemployment rate is substantially above the average, around 20%
across Europe (Eurostat, 2025f).

The low-educated population consists at the same time of youths who
leave general education without a diploma and thus enter the labour
market without any vocational qualification and of youths who started
but did not complete a vocational track. Some of them lack marketable
skills and could be oriented toward training; others have experienced
repeated school failure and are reluctant to return to any education or
training. For the latter, on-the-job learning via employment supported by
hiring subsidies is a potential solution, but empirical evidence suggests
limited effectiveness (Albanese et al., 2024; Dejemeppe et al.,, 2025).68
From a policy perspective, the priority is to channel these low-educated
youths either into training or into employment to limit the scarring
effects of early-career unemployment.

In case of prolonged unemployment, some countries provide
unemployment benefits (UB) specific to young job seekers. Whereas
regular UB hinge on sufficient prior contributions—often out of reach for
new entrants—youth-specific UB lower eligibility requirements.
Although UB alleviate financial pressure during job search, they may also
discourage active job search or entry into training, thereby further
increasing unemployment duration. To mitigate these risks, some
countries require job seekers to complete a compulsory job search period
before being entitled to UB, thereby creating an UB scheme where

68 France, Belgium, Italy, Denmark, and Spain all provide subsidies targeted to youths with
a low level of education.
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benefits are granted only after a no-benefit period.®® This paper examines
how extending such a compulsory job search period affects work
incentives, focusing on low-educated individuals at the early stages of
their careers. Belgium provides an interesting setting to investigate this
question. In 2015, the country reformed its youth-specific UB by
effectively extending the length of the compulsory job search period for
young labour market entrants with low educational attainment. This
reform provides a unique setting to investigate the reaction of high school
dropouts—a population at high risk of unemployment and that many
European countries aim to support through targeted policies—to
changes in work incentives. To preserve brevity, effects on training
incentives are not developed in this paper.7°

The Belgian youth-specific UB, known as the activation allowance, can be
claimed one year after entering the labour market if the job seeker
remains unemployed. During this one-year period, hereafter referred to
as the qualifying period, individuals must demonstrate active job search.
Afterwards, they may receive the activation allowance for up to three
years. In 2015, the Belgian federal government tightened eligibility
criteria for young school leavers without a high school diploma. Since
then, they can no longer claim the activation allowance before the age of
21. For high school dropouts entering the labour market before the age
of 20, this effectively extended the qualifying period. Indeed, upon
completing their one-year qualifying period, they are still under the age
of 21 and must wait until reaching 21 to claim the allowance.

In UB schemes of this type—where eligibility is granted only after an
initial period without financial support—standard job search theory
predicts that job search effort is at its highest level at the beginning of the
qualifying period and gradually declines over time as individuals
anticipate benefit entitlement (Mortensen, 1977). When the qualifying
period is extended, the theory predicts that individuals sustain higher
search effort throughout the qualifying period, leading to an increased
job-finding rate. Empirical evidence on this theoretical prediction
remains limited and mixed. Von Buxhoeveden (2019) finds that

69 This the case in Luxembourg, Denmark, Sweden and Belgium. Among others, Denmark,
France and Germany provides training scheme targeting low-educated youths.

70 This omission does not reflect a lack of relevance of this issue but stems from the
insignificance of the estimated effects.
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immediate eligibility for UB reduces the job-finding rate of Swedish high
school graduates. Bolhaar et al. (2019) focus on a compulsory job search
period for welfare benefits rather than for UB, but reach a similar
conclusion. Introducing a compulsory job search period increases job-
finding rates and leads to a lasting reduction in welfare take-up.
According to Bolhaar et al. (2019) and von Buxhoeveden (2019), a longer
qualifying period should increase transitions into employment. Cockx
and Van Belle (2019) yield contrasting evidence. They analyse a previous
extension of the qualifying period for the activation allowance, which
applied to all youths rather than being specifically targeted at the low-
educated.”! They find no impact on the job-finding rate and even report a
decrease in the cumulative number of days worked. Their results indicate
that the extended qualifying period induces job seekers to accept more
short-term job offers at the expense of longer ones.

The divergence in findings may stem from differences in the populations
analysed. While von Buxhoeveden (2019) studies young high school
graduates, Bolhaar et al. (2019) examine a population of welfare
applicants—25% of whom are under 25 and 72% of whom have no more
than a high school degree. By contrast, Cockx and Van Belle (2019) focus
on bachelor and master graduates. This paper instead considers very
young individuals with low educational attainment. A major distinction
across these groups lies in the liquidity constraint they face. It has been
shown to play a key role in shaping responses to changes in UB, both
theoretically (Chetty, 2008) and empirically (Basten et al., 2014; Landais,
2015).72 The youths analysed here—low-educated youths from relatively
poor families—are likely to face high liquidity constraints, comparable to
the populations in von Buxhoeveden (2019) and Bolhaar et al. (2019).
Accordingly, I expect my findings to align more closely with theirs. In
particular, I anticipate that these youths will display stronger
employment responses than the university graduates of Cockx and Van
Belle (2019), who typically come from wealthier families better able to
support them in case of unemployment.

71 They study the scheme for school leavers as studied in this paper but focusing on a
previous extension of the qualifying period from 9 to 12 months implemented in 2012.
72 More generous benefits tend to prolong more unemployment spells among liquidity-
constrained groups.
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Beyond the impact on employment levels, the findings of Cockx and Van
Belle (2019) raise the important issue of the quality of jobs accepted. The
broad literature on UB generosity, while not directly addressing UB
granted after a compulsory job search period, provides valuable insights
on this question. Standard job search theory (Mortensen, 1977) predicts
that reducing UB generosity decreases job seekers’ reservation wages,
leading them to lower their job acceptance criteria. Consequently, the
quality of job matches declines, since individuals are more likely to accept
lower-quality positions earlier in the search process to avoid prolonged
unemployment. However, empirical evidence is mixed (see Le
Barbanchon (2016) for a detailed discussion of the literature). Studying
an extension of UB duration for individuals with low employability, Le
Barbanchon (2016) finds longer unemployment spells but no effect on
subsequent employment duration or wages, arguing that job seekers with
very limited opportunities respond mainly by reducing search effort
rather than improving match quality. Turning to UB granted after a
compulsory job search period, von Buxhoeveden (2019) reports similar
findings for high school graduates: immediate UB eligibility has no impact
on entry-level wages, implying that lower job-finding rates result from
reduced search intensity rather than increased selectivity. By contrast,
Cockx and Van Belle (2019) conclude that extending the qualifying period
leads to greater acceptance of short-term contracts among university
graduates, suggesting lower acceptance standards. I expect the behaviour
of high school dropouts in my sample to be closer to that observed by Le
Barbanchon (2016) and von Buxhoeveden (2019).

The main contribution of this paper is to examine the impact of UB
provided only after a no-benefit qualifying period on both employment
and job quality, with a specific focus on high school dropouts. As
discussed above, existing evidence on this topic is limited, mixed, and
appears to be dependent on the population studied. High school dropouts
have not yet been investigated in this context. Their difficult labour
market integration and weak attachment to employment make them a
particularly relevant group from a policy perspective. A second important
contribution lies in the gender perspective of the paper, which adds to the
literature highlighting that seemingly gender-neutral UB policies may
generate gender-differentiated outcomes.
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This gender perspective builds on a growing literature revealing
systematic gender differences in job search behaviour, with potential
implications for how men and women respond to unemployment benefits
and related reforms. Relative to men, women tend to set lower
reservation wages (Caliendo et al, 2017; Cortés et al, 2023; Le
Barbanchon et al,, 2021) and to value non-wage job attributes more
strongly, such as schedule flexibility, job stability, shorter commutes, and
less competitive environments (Basbug and Fernandez, 2025; Eriksson
and Lagerstrom, 2012; Goldin, 2014; Wiswall and Zafar, 2018). Men often
display higher reservation wages, lower risk aversion, and greater
overconfidence about future earnings (Cortés et al, 2023). These
differences shape search intensity and job acceptance decisions,
explaining part of the gender wage gap and gendered occupational
sorting. In the context of UB reforms, they imply that men and women
may react differently to an identical reform, warranting a gender
heterogeneity analysis. Given their higher risk aversion, [ expect women
to exhibit stronger employment responses than men to an extension of
the qualifying period. In particular, I anticipate that their preference for
flexible schedules will increase their likelihood of accepting part-time or
short-term contracts. The gendered occupational sorting resulting from
the differences mentioned above may also generate gender disparities in
effects, if one gender disproportionately applies to sectors or occupations
with more vacancies.

My empirical analysis draws on a difference-in-differences strategy
exploiting the specific timing of the reform and the new age-eligibility
criteria. [ compare employment outcomes of high school dropouts subject
to an extended qualifying period (treatment group) to those of high
school dropouts for whom the qualifying period remained unchanged
(control group) before and after the reform. The analysis is based on
Belgian individual social security data, which provide information on the
receipt of the activation allowance as well as the employment status, the
number of days worked, and the type of job occupied. The impact on
employment is assessed using both the job-finding and the employment
rates. The former captures how quickly individuals transition into jobs,
while the latter reflects the overall share of individuals employed at the
end of a specific quarter. The analysis of employment is complemented
by the cumulative number of days worked. In contrast to the job-finding
and employment rates, this latter measure better captures short and
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unstable jobs typically held by high school dropouts. To provide
additional insight on the quality of jobs accepted, I analyse employment
by job type, distinguishing between short-term, part-time, and full-time
positions.”3 Short-term jobs refer to temporary contracts facilitated
through temporary work agencies. An increase in such contracts, as well
as a rise in part-time contracts, is interpreted as evidence of reduced job
acceptance standards.”*

My main findings indicate that the extension of the qualifying period
leads to higher job-finding and employment rates, as well as an increased
number of days worked over a three-year horizon after first registration
at the Public Employment Service (PES). These findings are consistent
with the standard job search theory—which predicts an intensification of
job search effort—as wells as with Bolhaar et al. (2019) and von
Buxhoeveden (2019). Regarding the type of job accepted, I find that the
employment effect appears to be largely driven by an increase in part-
time employment. However, the gender heterogeneity analysis shows
that women are particularly responsive to the extension of the qualifying
period, whereas men are not. These results suggest that the observed
increase in part-time employment does not result from the fact that
individuals have lowered their job acceptance criteria. Rather, it reflects
the characteristics of those who adjust their behaviour in response to the
extended qualifying period—specifically, women, who were already
more likely to accept part-time work prior to the reform. Altogether,
these findings suggest that extending the qualifying period improved
labour market outcomes among high school dropouts, but that the gains
are concentrated among women and are therefore mainly realised in
part-time employment. The data point to two potential mechanisms
behind the gender-differentiated employment effect: differences in
household composition and sectoral composition.

73 While earnings are often used to assess job quality, they are less suitable here due to
the limited wage distribution among low-educated youths and the high minimum wage in
Belgium. Results of the analysis on wages are available upon request.

74 While part-time work may, in some cases, reflect lifestyle preferences, this explanation
is less relevant for younger individuals than for the general population. According to the
Labour Force Survey, across all age groups, 10% of part-time workers report working
part-time because they could not find a full-time job. This share increases markedly to
30% among individuals under 25 who are no longer in education, suggesting that, for this
group, part-time employment is more often a constrained choice.
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The paper is organised as follows. The next section summarises the
institutional background. Section 3.3 describes the empirical strategy.
Data, descriptive statistics on the evaluation sample, and the outcome
variables are presented in Section 3.4. Section 3.5 presents and discusses
the empirical findings. Some robustness analyses are reported in Section
3.6. The last section concludes.

3.2. Institutional context

In Belgium, school is compulsory until the age of 18. After this, young
people may either continue their education or enter the labour market.
For labour market entrants who remain unemployed after one year, a
youth-specific unemployment insurance scheme—the activation
allowance—is available. In contrast to regular UB, which require at least
one year of full-time employment to qualify, the activation allowance is
designed for young people and is characterized by less stringent
eligibility criteria. Eligibility for these non-means-tested UB requires the
completion of a one-year qualifying period. This period begins at labour
market entry defined as the first registration at the Public Employment
Service (PES) or the start of the first employment spell, whichever occurs
earlier. There are no specific work requirements during this qualifying
period, but eligibility at its end hinges on active job search. Job search
efforts are monitored twice, in the 7t and 11t month of the qualifying
period.

The activation allowance is a flat-rate benefit whose monthly amount is
determined by household composition and age. Most beneficiaries are
young individuals living with their parents and therefore considered as
cohabitants, receiving €425 per month regardless of their age.”s Those
living alone receive €493 per month if they are below the age of 20 and
€818 if they are older. Heads of household—accounting for a minority of
beneficiaries—receive €1,105 monthly.’¢6 The activation allowance can

75 In the evaluation sample, in the year before the reform, 80% of beneficiaries were living
with their parents.

76 In the evaluation sample, in the year preceding the reform, heads of household
accounted for less than 1% of beneficiaries.
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be granted to cohabitants for up to three years. For heads of household
or individuals living alone, the benefit can be extended beyond three
years until they reach their 33rd birthday.””

Before the 2015 reform, educational requirements for the activation
allowance were low. High school dropouts in technical, artistic, or
vocational education became eligible upon completion of the first three
years of high school. Those in the general track were required to
complete—but not necessarily required to pass—the last year of high
school. In the year preceding the reform (September 2013-August 2014),
32,191 school leavers received the activation allowance for the first time,
of whom at least 30% were high school dropouts (ONEM, 2014).78

In late December 2014, the federal government decided to tighten
eligibility criteria for high school dropouts by introducing a minimum age
of 21 to claim the activation allowance. Consequently, high school
dropouts entering the labour market before age 20—and who would
complete the one-year qualifying period before turning 21—face an
effectively longer qualifying period. They must wait until age 21 to claim
the activation allowance, When doing so, compliance with job search
requirements is reassessed. The minimum-age criterion applies
exclusively to high school dropouts; no minimum age is imposed on
individuals who have completed high school.

The extension of the qualifying period depends on age at labour market
entry: the younger the individual, the longer the extension. For example,
a high school dropout who register for the first time at the PES aged 19
years and 10 months will be 20 years and 10 months at the end of the
one-year qualifying period and must wait an additional two months to
become eligible. Similarly, a high school dropout registering at age 19
faces a 12-month extension of the qualifying period. Since schooling is
compulsory until 18 in Belgium, the maximum extension of the qualifying
period implied by the reform is 24 months. The theoretical age at which
young Belgians complete high school ranges between 17 and 19,

77 The baseline benefit period can also be extended in some cases, such as returning to
work or resuming education.

78 This percentage is likely underestimated, as statistics from the National Employment
Office report a significant number of individuals classified in the ‘unknown’ education
category (around 20%). Some of them are likely to be high school dropouts.
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depending on the track. However, grade repetition is prevalent in
Belgium: at the time of the reform, 34% of students enrolled in the final
two years of high school had already repeated at least one grade (OECD,
2025). Therefore, it is relatively common for students to drop out at an
age older than 18.

The reform was unexpectedly announced in late December 2014 and
formalized by law on January 1, 2015. Implementation was scheduled for
the end of the ongoing school year, in September 2015. Although the
tightening of eligibility criteria for the activation allowance had been
planned in the federal government agreement of October 2014, it
received little prior media attention. Moreover, the timing of the decision
and the exact new age criterion came as a complete surprise. Accordingly,
it is unlikely that this reform had been anticipated before late December
2014. From January 2015, however, labour market entrants could
anticipate the extension of their qualifying period. This potential
anticipation is further discussed in Section 3.3, which describes the
empirical strategy.

If not eligible for the activation allowance, unemployed high school
dropouts may access means-tested welfare benefits under certain
conditions. These benefits aim to support individuals with insufficient
financial resources and who cannot obtain them through personal effort
or other means—for instance, because they remain in education or are
ineligible for other benefits such as the activation allowance or regular
UB. The determination of ‘insufficient resources’ is made by a social
worker through a comprehensive assessment of the financial situation of
the household where the claimant resides. This assessment considers
both the financial means of the youth and those of the parents if the
claimant lives in the parental home. Welfare support is a flat-rate benefit:
€556 per month for cohabitants, €834 for single individuals, and €1,111
for heads of household in 2015. This is slightly higher than the activation
allowance. Individuals eligible for welfare support—most likely because
they live alone or because their parents have very limited financial
resources—would not experience any change in financial means
following the reform of the activation allowance. If they were receiving
welfare support in the initial one-year qualifying period, they will most
likely continue to benefit from it during the extension of their qualifying
period. Consequently, since their financial situation remains essentially
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unchanged, they are unlikely to respond to the reform, as their incentives
to work have not been modified.

3.3. Empirical strategy

The impact of the reform is evaluated using a difference-in-differences
design comparing high school dropouts subject to an extended qualifying
period (treatment group) to high school dropouts for whom the length of
the qualifying period remains unchanged (control group), before and
after the reform.

Defining the treatment and control groups requires two preliminary
remarks regarding the selection of the evaluation sample. First, due to
data limitations, the age at the start of the qualifying period cannot be
determined for individuals whose qualifying period starts with an
employment spell. A methodological concern follows as the extension of
the qualifying period (the treatment) depends on age at labour market
entry, measured by the first PES registration or the start of the first
employment spell. To address this, the evaluation sample is restricted to
individuals with less than one month of work experience before their first
PES registration. For these individuals, the starting month of the
qualifying period coincides with the month of first registration at the PES.
Hence, I can accurately measure their age (in months) at the start of the
qualifying period and identify whether they are treated. Second, to focus
on individuals most likely to be affected by the reform, the sample is
restricted to those who were not receiving means-tested welfare benefits
at the time of their first registration at the PES. Data show that individuals
who begin the qualifying period on means-tested welfare generally
remain on it throughout the qualifying period. For them, an extended
qualifying period would likely have little effect, since their financial
incentives to work remain unchanged.”®

Based on this selection, the control group consists of high school dropouts
who were 20 years old at their first registration at the PES. Their

79 According to my data, 72% of individuals benefiting from means-tested welfare benefits
in the quarter before first registration were still receiving them one year later.
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qualifying period is unaffected by the reform: one year later they reach
21 and can immediately claim the activation allowance.8® The treatment
group includes high school dropouts who register for the first time at the
PES before age 20. After one year they are still under 21 and must wait
until their 21st birthday, which extends their qualifying period. In the
benchmark specification, treatment is defined as an extension of at least
6 months, implying a qualifying period of at least 18 months. The
treatment group is therefore composed of individuals aged between 18
and 19 years and 6 months at their first PES registration. This definition
ensures a notable difference in the qualifying period between the
treatment and control groups.

A robustness analysis explores two alternative treatment definitions
based on subgroups of the initial treatment group: individuals aged 19
years to 19 years and 6 months and those aged 18 at first PES registration.
These alternative definitions allow me to compare employment
responses to different treatment intensities. The older subgroup faces an
extension of 6 to 12 months, whereas the younger subgroup faces an
extension of 13 to 24 months. This robustness analysis is presented in
Section 3.6.2.

September 2014 marks the beginning of the post-reform period.
Individuals who started their qualifying period before September 2014
belong to the pre-reform cohort, while those who started afterwards are
in the post-reform cohort. The post-reform period spans from September
2014 to August 2015, the last month before the actual implementation of
the reform. Hence, the analysis focuses on individuals who began their
qualifying period under the old rules but completed it under the new
eligibility conditions. From January 2015 onwards, treated individuals
may have anticipated the forthcoming extension of the qualifying period.
Such anticipation could have incentivized some youths to remain in
education or complete high school, in order to avoid the new minimum
age criterion. This type of behavioural response could generate a

80 Since age is measured in months, I exclude individuals who turned 20 during the month
of first registration at the PES from the evaluation sample. At the end of their qualifying
period, I do not know whether they already turned 21, and thus I cannot determine if they
belong to the treatment or control group. Therefore, my control group consists of
individuals aged between 20 years and 1 month and 20 years and 11 months at first
registration at the PES.
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compositional bias in the sample. However, Cockx et al. (2023) show that
the reform did not lead to an increase in degree completion rates among
students enrolled in high school in 2014-2015, which alleviates concerns
about compositional bias in the sample. Extending the post-reform
period beyond September 2015 would be inappropriate, since the
absence of compositional changes among treated individuals cannot be
guaranteed thereafter.

To ensure comparability across different periods, the pre-reform period
spans from September 2012 to August 2014, and is further divided into
two sub-periods. Pre-reform period 1 covers first registrations between
September 2012 and August 2013, and pre-reform period 2 covers
September 2013 to August 2014.

To identify the causal impact of extending the qualifying period by at least
6 months, | estimate a standard difference-in-differences model with an
absorbing treatment and a non-staggered adoption. The estimated model
is as follows:

yitm =a+ Y ageéitm + ﬁlTpre + BpostTpost + 51DiTprel + 5postDiTpost + aXi + Eit (1)

Where Y;;,,, denotes the outcome of interest of high school dropout i, who
started the qualifying period in month m of year t. age;,, is the age in
months measured at the start of the qualifying period, which is used to
define treatment. The treatment indicator D; equals one for individuals in
the treatment group (aged below 19 years and 6 months) and zero for
those in the control group (aged 20). T,,.; and T, are period indicators
referring to pre-reform period 1 and the post-reform period,
respectively. Pre-reform period 2 is the reference period. The coefficient
of the interaction term between the post-reform indicator and the
treatment indicator measures the average causal impact of the reform on
the treatment group. Because not all high school dropouts claim the
activation allowance at the end of their qualifying period and therefore
actually experience the longer qualifying period, this coefficient should
be interpreted as an Intention-to-Treat (ITT) effect. The coefficient of the
interaction term between the pre-reform indicator and the treatment
indicator tests the parallel trends assumption. A statistically significant
coefficient would indicate that the treatment and control groups did not
evolve in a similar way across the two pre-reform periods. Finally, X; is a
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vector of pre-determined socio-demographic controls containing all the
variables presented in Table Al in Appendix A.

The main specification is a standard binary difference-in-differences
design, with a treatment indicator equal to one for any individual whose
qualifying period is extended by at least 6 months, regardless of the
extension. The nature of the policy reform—increasing the qualifying
period from 1 to 24 months depending on the age at labour market
entry—creates a variation in treatment intensity that could have
motivated the implementation of a continuous difference-in-differences
design, similar to De Groot and Van der Klaauw (2019). Adopting their
methodology, my treatment indicator in Equation (1) would be a discrete
variable taking values 1 to 24, and the equation would include fixed
effects for each level of treatment.

Although this design would leverage the variation in treatment intensity
induced by the reform, it is not presented as the main specification due to
the greater complexity in interpreting the resulting coefficients, the
stronger parallel trends assumptions required for identification of
treatment effects without selection bias, and the sensitivity of the
estimator to the distribution of treatment intensity, as highlighted by
Callaway et al. (2024).8! Instead, treatment intensity is explored in the
robustness analysis of Section 3.6.2, which distinguishes between
extensions of 6 to 12 months and 13 to 24 months. This approach yields
coefficients that are easier to interpret and is better suited to the
characteristics of the evaluation sample, particularly the small size of the
control group (see Section 3.4).

81 Callaway et al. (2024) show that in a continuous treatment setting, the coefficient from
a two-way fixed effects (TWFE) regression does not straightforwardly capture the
average causal effect of a one-unit increase in treatment intensity. Identification without
selection bias requires stronger parallel trends assumptions than in the binary case,
which are generally difficult to test. Even under these stronger assumptions, the TWFE
estimator produces a weighted average of treatment effects across different treatment
intensities, with weights determined by the OLS estimation procedure rather than
reflecting the actual distribution of treatment intensity. This weighting scheme further
complicates the interpretation of the estimated causal effect in case of heterogeneous
treatment effects. Moreover, they show that the TWFE estimator is undesirably sensitive
to the size of the control group, a particular concern in the present setting.
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3.4. Data

This paper relies on Belgian individual-level administrative data from the
Cross Roads Bank of Social Security (CBSS).82 The dataset provides a
variety of socio-demographic information recorded either at the time of
PES registration or on an annual basis.83 Additionally, it gives quarterly
information on the economic status—salaried employment, self-
employment, unemployment, or disability—as well as various social
benefits, such as the activation allowance and means-tested welfare
benefits.

As explained in Section 3.3, the evaluation sample consists of high school
dropouts who registered for the first time at the PES between September
2012 and August 2015, either aged 18 to 19 years and 6 months
(treatment group) or aged 20 (control group). The evaluation sample is
restricted to individuals with negligible work experience who were not
receiving means-tested welfare benefits at the time of first registration at
the PES. This selection results in a relatively small evaluation sample of
8,946 individuals.8* The exact number of individuals in the treatment and
control groups, both before and after the reform, is reported in Table A1l
in Appendix A. The limited size of the evaluation sample is primarily
driven by the small number of individuals in the control group, reflecting
the fact that fewer high school dropouts register at the PES for the first
time at age 20 or later. Combined with the restriction of the post-reform
period to a single year, this results in a post-reform control group of
slightly less than 700 individuals. Although the small size of the
evaluation sample does not prevent the estimation of treatment effects, it
should be kept in mind when analysing the results and their confidence
intervals.

82 The CBSS is a Belgian institution gathering individual data from all social security
institutions.

83 The dataset provides information on gender, nationality, migration background,
measured as of January 1 each year, and on household composition and size, measured as
of December 31 each year. The dataset also includes information on region of residence
and type of educational track, recorded at first registration at the PES, as well as annual
household income, calculated based on income observed in June and extrapolated over
the full year.

84 Including welfare beneficiaries at first PES registration would increase the sample by
1,241 individuals.
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3.4.1. Descriptive statistics

Table Al in Appendix A presents descriptive statistics by age group
(treatment vs. control) before and after the reform. The sample consists
mainly of Belgian nationals but is also characterized by a significant
migration background: about 50% have at least one non-Belgian parent
and roughly 60% at least one non-Belgian grandparent. These shares are
well above the population benchmarks. National statistics between 2012
and 2015 indicate that only about 10% of Belgian nationals had at least
one non-Belgian parent, while approximately 17% of all Belgian residents
had a migration background—defined as either holding a nationality
other than Belgian or having at least one non-Belgian parent (Statbel,
2025b). This overrepresentation is strongly associated with the low
educational attainment of the sample. The vast majority enter the labour
market from vocational or technical track. Most individuals (80%) are
children living with their parents on December 31 of the year preceding
their first registration at the PES.85 On average, individuals in the sample
live in four-person households with an annual gross household income of
€46,000. Household income aggregates all income sources within the
household. Given that most households comprise two parents and two
children, a simple calculation implies roughly €1,900 in gross earnings
per parent per month (assuming equal earnings across parents). For
comparison—bearing in mind that my income measure includes non-
wage sources—this amount is well below the Belgian mean gross
monthly salary in 2015.86

85 Despite the exclusion of means-tested welfare beneficiaries, the evaluation sample still
includes 6% of single individuals. This proportion may appear high, given that single
individuals are typically more likely to qualify for welfare benefits. This apparent
inconsistency can be explained by two main factors. First, household composition is
measured as of December 31, while welfare benefit receipt is assessed at PES registration.
In between, some individuals may no longer be single—they might have moved back in
with their parents or started living with a partner. If the household has sufficient financial
resources, these individuals become ineligible for welfare benefits despite initially being
classified as single. Second, some eligible individuals may simply not apply for welfare
benefits. Welfare programs are known to suffer from high non-take-up rates, driven by
factors such as administrative complexity and the stigma associated with being a welfare
recipient.

86 The mean gross monthly salary in Belgium in 2015 was about €3,500 (Statbel, 2025c).
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Table A1 highlights several differences between treatment and control
groups. By construction, the average age in the treatment group is lower
than in the control group. In the treatment group, the average age is 19.
This means that the qualifying period is extended on average by 12
months, leading to a two-year qualifying period. The control group (older
age group) exhibits a higher share of individuals with a migration
background, a lower share residing in Flanders, and higher shares in
Brussels and Wallonia.8?” Moreover, individuals in the older cohort are
more likely to have followed a general education track and less likely to
first register at the PES at the end of a school year (July-September).
These differences do not threaten identification provided that they
remain constant before and after the reform. To assess this, I estimate the
benchmark specification of Equation (1) using the pre-determined
characteristics in Table A1l as outcomes. As shown in the last column of
Table A1, there are small differences for a few variables. In particular, the
probability of first registering at the end of a school year decreases for
the control group but remains stable for the treatment group—a
difference significant at the 1% level. Statistically significant differences
also appear in regional composition, in the shares of individuals living
alone or in house-sharing, and in the share with a non-EU nationality.
Overall, magnitudes are small and the latter two are significant only at
the 10% level. To ensure that these compositional changes do not affect
my conclusions, 1 implement a weighted difference-in-differences
strategy as a robustness check in Section 3.6.1.

3.4.2. Outcome variables

The analysis considers two sets of outcomes: benefit of the activation
allowance and employment. They are observed monthly or quarterly
over the three years following first registration at the PES, allowing the
dynamics during and after the extension of the qualifying period to be
tracked.

87 The lower share of individuals residing in Flanders in the older age group is consistent
with the lower incidence of school dropout and grade repetition in this region, compared
to Brussels and Wallonia.
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The outcome for the benefit of the activation allowance is a monthly
indicator equal to one if the benefit is received in a given month between
months 1 and 36. Treatment effects based on this variable measure the
proportion of the treatment group who effectively fail to obtain the
activation allowance due to the extension of the qualifying period. Since
not all treated youths are at risk of long-term unemployment, this
proportion reflects the actual risk of losing eligibility for the activation
allowance, and by implication the subgroup most likely to adjust their
behaviour in response to the reform.

Employment is recorded in three ways. First, the cumulative job-finding
rate is defined as a binary variable equal to one if the individual
transitions to employment at least once by a given quarter. Second, the
employment rate records whether the individual is employed at the end
of each quarter. Adding this second measure to the first provide a clearer
picture of the impact of the reform on employment stability. Finally, to
account for the frequent churning among young labour market
entrants—who often alternate short jobs and unemployment,
particularly those with low qualifications—I complement the two binary
employment indicators above with a more granular employment
measure. | use the cumulative number of days worked in full-time
equivalent (FTE), measured quarterly and unconditionally on
employment. As shown by Cockx and Van Belle (2019), this cumulative
measure can reveal differences in the type of jobs accepted that job-
finding and employment rates alone may miss. To further investigate job
types and job quality, I disaggregate by contract type and report three
additional outcomes: cumulative FTE days worked in full-time, part-time,
and short-term contracts.88 The last category refers to working contracts
facilitated by temporary work agencies, which typically last no more than
one day. While earnings are often used to assess job quality, they are less
suitable here due to the limited wage distribution among low-educated
youths and the high minimum wage in Belgium. 8 Additionally, job
duration is not available in my data, making job type the best available
indicator.

88 In addition, analogous variables for cumulative job-finding and employment rates,
disaggregated by job type, are reported in Appendix.
89 Results of the analysis on wages are available upon request.
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All employment outcomes are measured quarterly, from the first full
calendar quarter following the quarter of registration at the PES up to the
twelfth. For example, for individuals who registered for the first time in
the last quarter of 2014 (October to December 2014), the end of the first
(second) quarter after registration corresponds to March (June) 2015.9
Accordingly, the first observation (corresponding to the end of quarter 1)
is measured 3 to 6 months after first registration at the PES, depending
on the exact registration month. The second observation, at the end of
quarter 2, occurs 6 to 9 months after first registration, and so on.
Employment is defined as wage employment and does not include self-
employment.®! Finally, in light of Cockx et al. (2023), which examines the
same effect of the same reform on degree completion, one might also ask
whether it affected participation in training after labour market entry.
This issue is not analysed here.?2

3.5. Results

The three following subsections presents the main empirical results. The
first two report the effects of extending of the qualifying period by at least
6 months on the benefit of the activation allowance and on employment.
The third subsection examines gender heterogeneity in employment
effects, helping to refine the interpretation. For each outcome, a first
figure plots treatment effects estimated separately at each time horizon
up to three years after first registration at the PES, along with 95%
confidence intervals. A companion figure displays the counterfactual
outcome of the treatment group, providing a benchmark for comparison.

90 The quarter of registration (quarter 0) is not considered in the analysis, as the data do
not record the within-quarter timing of employment spells. Consequently, it is not
possible to know whether these spells occurred before or after registration, information
necessary to compute the job-finding rate and the cumulative number of days worked
from the quarter of first registration onwards.

91 Results on self-employment outcomes yield not statistically significant results and are
available upon request.

92 Focusing specifically on training provided by the Public Employment Service (PES), I
find no significant effect of the reform on training participation. Results are available upon
request.

161



Additionally, parallel-trends plots for each outcome are provided in
Appendix B.

3.5.1. Benefit of the activation allowance

Figure 1 displays the monthly treatment effects on the receipt of the
activation allowance, together with the corresponding counterfactual for
the treatment group. The counterfactual, in the right graph, indicates the
proportion of the treatment group that would have claimed the activation
allowance in absence of the reform. The treatment effect, depicted in the
left graph, gives the decrease in receipt implied by the extension of the
qualifying period.

As expected, treatment effects are not statistically different from zero in
months 1 to 12—the initial qualifying period—since nothing changes
compared to the pre-reform period for both groups. Thereafter,
treatment effects become negative and statistically significant, reflecting
the extension of the qualifying period for the treated. The absolute value
of the effect grows until month 19, reaching -11.6pp. One and a half years
after first registration, slightly more than 10% of the treatment group
would have claimed the activation allowance, but are unable to do so due
to the extended qualifying period. This estimate provides strong grounds
to expect an employment effect, as a non-negligible share of the treated
is directly exposed to the reform and therefore likely to adjust behaviour.
If all of them respond by increasing their labour supply, employment
would rise by 10 pp. This estimate gives a lower bound of the
employment effect: additional responses may arise from anticipation of
the extended qualifying period, even among youths who would not
ultimately have needed to claim.

Given the estimated treatment effects and counterfactuals, no treated
individual benefits from the activation allowance until month 19, which
is consistent with the post-reform qualifying period of at least 18 months.
After month 19, the treatment effect starts to decrease as some
individuals regain eligibility. By month 28, the treatment effect stabilises
slightly below zero and remains negative throughout the remainder of
the period, although generally not statistically significant. This pattern
reflects that most treated individuals have regained eligibility, as the
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average qualifying period after the reform is 24 months in the treatment
group. The persistent negative effect observed until month 36—even
once most have regained eligibility—suggests a slight increase in
employment among the treated. This result is in line with Bolhaar et al.
(2019) who found that introducing a job search period for welfare
benefits applicants led to a permanent decline in welfare benefits take-
up.

To test for parallel trends, Figure B1 in Appendix B displays the
coefficients of the interaction term between the treatment and the first
pre-period dummies at each time horizon—s§,,.; in Equation (1). These
estimates are not statistically significant for all time horizons, suggesting
similar pre-reform trajectories in the receipt of the activation allowance
across treatment and control groups.

Figure 1. Benefit of the activation allowance
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Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes job seekers aged between 18 and 19 years and 6 months, while the
control group consists of 20-year-old job seekers. Age is measured at the end of the month of
first registration at the PES. Both graphs are derived from the estimation of the benchmark
Difference-in-Differences (DiD) model (Equation 1) for each time horizon separately. The
left graph displays the coefficient of the interaction term between the treatment and post-
reform dummies, along with its 95% confidence interval at each time horizon. The right
graph depicts the counterfactual outcome of the treatment group in absence of the reform.
The counterfactual is predicted using the benchmark DiD model (Equation 1) setting the
interaction effects between the treatment and post-reform dummies equal to zero. Table A2
in Appendix A provides the exact values of the treatment effect, its standard errors and p-
value, as well as the counterfactual for each time horizon. Figure B1 in Appendix B displays
the coefficients of the interaction term between the treatment and the first pre-period
dummies.
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3.5.2. Employment

Figure 2 summarizes the impact of the reform on the three employment
outcomes: (a) the job-finding rate, (b) the employment rate, and (c) the
cumulative number of days worked in FTE, measured quarterly over the
three years following first registration at the PES.

Figure 2. Employment outcomes

(a) Job-finding rate
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Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes job seekers aged between 18 and 19 years and 6 months, while the
control group consists of 20-year-old job seekers. Age is measured at the end of the month of
first registration at the PES. Both graphs are derived from the estimation of the benchmark
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Difference-in-Differences (DiD) model (Equation 1) for each time horizon separately. In each
panel, the left graph displays the coefficient of the interaction term between the treatment
and post-reform dummies, along with its 95% confidence interval at each time horizon. The
right graph depicts the counterfactual outcome of the treatment group in absence of the
reform. The counterfactual is predicted using the benchmark DiD model (Equation 1) setting
the interaction effects between the treatment and post-reform dummy equal to zero. Tables
A3 to A5 in Appendix A provide the exact values of the treatment effect, its standard errors
and p-value, as well as the counterfactual for each time horizon. Figure B2 in Appendix B
displays the coefficients of the interaction term between the treatment and the first pre-
period dummies.

In Panel (a), the left graph suggests that extending the qualifying period
increases the job-finding rate. Treatment effects are statistically
significant at the 10% level from quarter 2 to 10, and in several quarters
at the 5% level. From quarter 3 to 8, the effects remain stable at about
5pp. In quarter 3—the first quarter with significance at the 5% level—the
job-finding rate of the treatment group increases by 5.1pp relative to the
control group. The right-hand graph of Panel (a) shows that, in absence
of the reform, 45.1% of the treatment group would have transitioned to
at least one job by the end of quarter 3. The reform raised this to 50.2%,
which correspond to a proportional increase of 11% in the job-finding
rate. The counterfactual rises steadily over the three-year horizon.
Therefore, by quarter 8, the same 5pp effect represents a smaller
proportional increase of about 7% (5pp/68.7). The treatment effect
declines after quarter 8, which corresponds to the average new end of the
qualifying period. In quarters 11 and 12, it is no longer statistically
significant, even at the 10% level.

Treatment effects on the employment rate, shown in Panel (b) of Figure
2, mirror those for the job-finding rate: extending the qualifying period
significantly increases the employment rate from quarter 2 to quarter 8.
Statistical significance is more consistent than for job-finding, with effects
significant at the 5% level in all quarters 2 to 8 except quarter 7.9 The
average effect over this window is 5.8pp. The right graph of Panel (b)
indicates that, absent the reform, the proportion of the treatment group
employed at the end of the quarter rises from 22.7% in quarter 2 to
38.8% in quarter 8. Accordingly, the proportional increase in
employment goes from 26.8% (6.1pp/22.7%) in quarter 2 to 16.9%

93 In quarter 7, the treatment effect is statistically significant at 10%, with a p-value of
0.089.
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(6.6pp/38.8%) in quarter 8. From quarter 8 onwards—coinciding with
the end of the extended qualifying period in the treatment group—the
effect declines and loses statistical significance.%*

Panel (c) of Figure 2 reports the analysis on the cumulative number of
days worked in FTE. Depicted in the right-hand graph, the counterfactual
outcome exhibits a constant increase, reflecting both the increasing job-
finding rate and the accumulation of days worked.?s Given the relatively
low employability of my sample, the number of days worked remain
modest. Three years after first registration at the PES, the counterfactual
for the treatment group reaches 250—roughly 11 months of FTE work—
reflecting the weak labour market attachment of the sample. The left
graph of Panel (c) shows that extending the qualifying period increases
the number of days worked starting from the second quarter following
first registration. This increase is statistically significant from quarter 4
onwards—when extension takes effect—and gradually increases over
the three years. By the end of the twelve quarters, the estimated effect
indicates 30 additional days worked, corresponding to an increase of
slightly more than one FTE month. Between quarters 4 and 12, the
treatment effect in absolute terms increases from 9 to 30 days. In relative
terms, it decreases from 17% (9.4/54.8) to 12% (30/250).

Regarding the parallel trends assumptions, Figure B2 in Appendix B
depicts the coefficients 8,,..; for the three employment outcomes at each
time horizon. For the job-finding rate, the coefficient suggests a difference
in the evolution of the treatment and control groups between the two pre-
reform periods comparable to that observed after the reform. Although
not statistically significant, this pattern may raise concerns regarding the
identification strategy. By contrast, the coefficients for the other two
outcomes remain consistently close to zero and are never statistically
significant, which supports the validity of the parallel trends assumption
for employment overall. Taken together, these results provide sufficient

9¢ By the end of the three-year period, the counterfactual employment rate for the
treatment group (in the absence of the reform) is roughly 45%. Against this benchmark,
the proportion of individuals receiving the activation allowance at the same time—
slightly below 15%—may seem low. Appendix C documents this limited take-up.

95 Indeed, the outcome is not conditional on employment, meaning that if an individual
did not work during the three years, the variable takes the value 0. It is computed in a
cumulative way such that, if an individual did not work during a specific quarter, the value
of the variable does not increase.
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evidence that the parallel trends assumption holds for employment
measures overall.

Overall, the analysis of the three employment outcomes indicates that
extending the qualifying period had a positive impact on employment.
The effect on the employment rate is stronger both in magnitude and
statistical significance than that on the job-finding rate, suggesting that
while treated high school dropouts find jobs slightly faster than the
control group, they would be more likely to secure more jobs or longer
employment positions. This intuition is verified by analysing the impact
of the reform on the cumulative number of days worked in full-time
equivalent (FTE). Three aspects of these findings are worth highlighting,

First, the employment effects are already visible from the second quarter
after first registration at the PES. Measuring employment at the end of
quarter 2 means that between 6 and 9 months have elapsed since first
registration at the PES, depending on the month of first registration. By
that time, some individuals have already attended their first evaluation
meeting at the PES. During that visit, those not yet aware of the extension
of their qualifying period were most likely informed by their PES
counsellor, which may have triggered a behavioural reaction. The
extension of the qualifying period takes effect 3 to 6 months later. Only
from quarter 4 onwards, all the treatment group is actually subject to the
extension of their qualifying period if still unemployed. Therefore, the
effects in quarters 2 and 3—before the extension takes place—can be
interpreted as anticipation effects. Anticipating the extension of their
qualifying period beyond one year, some individuals work more early on.
This provides evidence of forward-looking behaviour within the
treatment group, as they react early to a change that actually occurs some
months later in the spell.%

96 These findings may appear to contrast with those of Cockx et al. (2023), who show that
the reform did not increase degree completion rates among students who were enrolled
in high school in 2014-2015. They interpret this result as evidence of a strong present
bias among low-educated youths. It is important to emphasize that while Cockx et al.
(2023) focus on students, the present analysis considers young individuals who have
already entered the labour market and recently registered at the PES. This population is
likely to be more aware of the activation allowance eligibility rules and may have received
information about it upon registration. Unfortunately, I do not have access to detailed data
on the information provided by PES agents, nor on how clearly the changes in eligibility
criteria were communicated to these young job seekers.
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Second, while the employment effects emerge early, the evidence suggest
that their persistence over time is limited. As the extended qualifying
period ends, individuals regain eligibility for the activation allowance and
incentives to work weaken. This is reflected in diminishing and
statistically insignificant effects on job-finding and employment around
quarter 8. Nevertheless, treatment effects across the three outcomes
remain positive up to three years.

Third, the magnitude of the treatment effects is noteworthy. Between
quarter 2 and 8, the estimated treatment effects on both the job-finding
and employment rates are around 5pp. These are non-negligible effects
when compared to the maximum proportion of the treatment group not
claiming the activation allowance due to the extended qualifying
period—11.6 percentage points at month 19.

The increase in employment induced by the extended qualifying period
aligns with Bolhaar et al. (2019) and von Buxhoeveden (2019), but
contrasts with Cockx and Van Belle (2019), the study with the closest
institutional context to this mine. Focusing on youths with a bachelor or
master degree, they find that extending the qualifying period for the
activation allowance from 9 to 12 months has no impact on the job-
finding rate, but decreases the number of days worked in the quarter of
exit from unemployment and the four subsequent ones. They conclude
that extending the qualifying period encouraged treated individuals to
accept more easily short-term job offers at the expense of longer ones. To
better understand the divergence in findings, and to further investigate
the quality of jobs accepted, I disaggregate employment by contractual
arrangement. Figure 3 reports the analyses on the number of days
worked in (a) short-term, (b) part-time, and (c) full-time jobs. Figure B3
in Appendix B displays the corresponding parallel trends tests,
suggesting the parallel trends assumption holds. For brevity, figures
relating to job-finding and employment rates by job type are only very
briefly discussed and are available in Appendix B.
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Figure 3. Cumulative number of days worked in FTE in (a) short-term (b) part-
time (c) full-time jobs
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Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes job seekers aged between 18 and 19 years and 6 months, while the
control group consists of 20-year-old job seekers. Age is measured at the end of the month of
first registration at the PES. Both graphs are derived from the estimation of the benchmark
Difference-in-Differences (DiD) model (Equation 1) for each time horizon separately. In each
panel, the left graph displays the coefficient of the interaction term between the treatment
and post-reform dummies, along with its 95% confidence interval at each time horizon. The
right graph depicts the counterfactual outcome of the treatment group in absence of the
reform. The counterfactual is predicted using the benchmark DiD model (Equation 1) setting
the interaction effects between the treatment and post-reform dummy equal to zero. Tables
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A6 to A8 in Appendix A provide the exact values of the treatment effect, its standard errors
and p-value, as well as the counterfactual for each time horizon. Figure B3 in Appendix B
displays the coefficients of the interaction term between the treatment and the first pre-
period dummies.

In Figure 3, the graphs depicting the counterfactuals indicate that
approximately half of the total number of days worked over the three-
year period are in full-time jobs, with the remainder equally divided
between part-time and short-term jobs. In Panel (a), treatment effects
show no increase in the cumulative number of days worked in short-term
jobs. Panels (b) and (c) show that the increase in total days worked is
driven by an increase in part-time and full-time jobs. Part-time
employment appears to be the main driver, as treatment effects on days
worked in part-time jobs are statistically significant from quarter 3 after
first registration at the PES. The treatment effect increases until quarter
10 and then stabilizes. In quarter 12, the treatment effect is only
statistically significant at the 10% level. The number of additional part-
time days worked attributable to the extended qualifying period rises
from 3.4 days in quarter 3 to 13.5 days in quarter 11, equivalent to
approximately half a month of additional FTE work after three years. This
represents proportional increases of 48% to 28%, respectively in quarter
3and 11.

Treatment effects on days worked in full-time jobs remain relatively low
until quarter 9 (below six additional days), then rise sharply. By quarter
12 after the first registration at the PES, effects on part-time and full-time
days worked converge. However, the wide confidence intervals imply
that the treatment effects on full-time jobs are not statistically significant.
The sharp increase in full-time treatment effect after quarter 10 coincides
with a stagnation in treatment effects on days in part-time jobs. This
pattern may indicate that, by acquiring work experience in part-time jobs,
treated individuals finally transition more to full-time jobs. This
hypothesis is further supported by analysing the job-finding rate by job
type. Figure B4 in Appendix B depicts the treatment effects on those
outcomes. In quarter 11 and 12, the probability of having found at least
one full-time job increases by slightly more than 5pp in the treatment
group after the reform.

The evidence indicates that extending the qualifying period raises
employment primarily through part-time jobs. In contrast to Cockx and
Van Belle (2019), I find no increase in short-term jobs. Moreover, the

170



increase of part-time employment contributes to a higher number of days
worked and does not appear to crowd out other forms of employment.
Consistent with this, Figure B5 in Appendix B shows a significant increase
in the probability of part-time employment after the reform, persisting
up to quarter 8—the average end of the extended qualifying period.
Compared to Cockx and Van Belle (2019), the analysis suggests that low-
educated individuals appear more responsive to work incentives than
their higher-educated counterparts. Nevertheless, the aggregate rise in
employment is largely driven by part-time work, with evidence of
transitions to full-time jobs only emerging at the very end of the three-
year period.

3.5.3. Heterogeneity analysis by gender

A growing literature documents systematic gender differences in job
search behaviour. Relative to men, women have lower reservation wages
(Caliendo et al., 2017; Cortés et al., 2023; Le Barbanchon et al., 2021) and
place greater weight on non-wages job attributes such as schedule
flexibility, job stability, shorter commutes, and less competitive work
environments (Basbug and Fernandez, 2025; Eriksson and Lagerstrom,
2012; Goldin, 2014; Le Barbanchon et al,, 2021; Wiswall and Zafar, 2018).
Systematic differences in preferences and beliefs—in particular the
lower risk aversion and higher overconfidence over future wages among
men—have been shown to shape differences in job search behaviour and
outcomes: higher reservation wage for men and tendency to accept job
earlier for women (Cortés et al., 2023). Such divergences account for part
of the actual gender wage gap and unequal distribution of men and
women across occupation. They may also generate gender-specific
responses to policy modifying work incentives of unemployed
individuals. Accordingly, extending the qualifying period may induce
differentiated adjustments in search intensity and in the timing and types
of job accepted.

Beyond the literature on gender-specific aspects of job search, the finding
that employment increase following the reform is concentrated in part-
time jobs further motivates examining gender heterogeneity. Women are
disproportionately more employed part-time jobs. The heterogeneity

171



analysis also allows me to assess whether the increase in part-time
employment observed after the reform reflects a lowering of job
acceptance criteria—where all individuals become more willing to accept
part-time work—or whether it results from a composition effect,
whereby those who respond to the reform are individuals who were
already more likely to work part-time prior to the reform.

The gender heterogeneity analysis is conducted by estimating Equation
(1) separately on men and women. Since the evaluation sample is small,
statistical power is limited, and results should be interpreted with
caution.” Nonetheless, it offers suggestive evidence on potential
underlying mechanisms.

Figures B6 to B8 in Appendix B present the treatment effects and
counterfactual outcomes for the job-finding rate, the employment rate,
and the cumulative number of days worked, disaggregated by gender.
While counterfactual trends for job-finding and employment rates are
only slightly lower for women compared to men, larger differences
appear in the number of days worked. This reflects differences in the
positions occupied: since women are more often in part-time jobs, they
accumulate fewer days in FTE.%8 After three years, women have worked
58 fewer days than men on average (215.4 vs. 273.7 days). Treatment
effects on the job-finding and employment rates are slightly higher for
women, particularly at the beginning of the studied period, though no
clear difference emerges. A more distinct gender pattern appears when
considering the cumulative number of days worked. Over the three-year
period, treatment effects are twice as large for women as for men. They
become statistically significant from the third quarter onwards for
women, while remaining insignificant for men.

Figure 4 below displays the estimated treatment effects on the
cumulative number of days worked in (a) short-term, (b) part-time, and

97 The evaluation sample comprises 8,946 individuals, of whom 3,668 are women and
5,278 are men.

98 The difference is type of jobs held is illustrated in Figure B9 in Appendix B displaying
the counterfactual employment rates by job type. While there is not much difference in
the employment rate in short-term jobs, there are significant disparities employment rate
in part-time and full-time jobs. Over the three-year period, the proportion of treated
women employed in part-time jobs is 2.5 times higher than that of men, while their
participation in full-time jobs is half as high.
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(c) full-time jobs, separately for men and women. Figure B10 in Appendix
B presents the corresponding counterfactuals. The counterfactual
outcomes reflect the gender difference in the type of jobs occupied. After
three years, part-time jobs account for 39% of total days worked for
women, compared to only 13% for men. Conversely, full-time jobs
represent 60% of days worked among men and 40% among women. The
share of short-term jobs is relatively similar, at 21% for women and 27%
for men. Regarding treatment effects, although I cannot formally reject
the hypothesis that effects are equal across genders, they are consistently
larger for women, particularly in part-time and full-time employment.
The positive treatment effects on the number of days worked in part-time
jobs observed in the total sample appear to be largely driven by women.
From quarter 4 to quarter 10, women work 11 to 23 additional days in
part-time jobs, which corresponds to roughly one extra month of FTE
work after three years. Treatment effects are also statistically significant
at the 10% level in quarters 3 and 11. In contrast, treatment effects for
men are on average twice as small and not statistically significant.
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Figure 4. Treatment effects on the cumulative number of days worked in (a) short-
term (b) part-time (c) full-time jobs by gender
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Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes job seekers aged between 18 and 19 years and 6 months, while the
control group consists of 20-year-old job seekers. Age is measured at the end of the month of
first registration at the PES. All graphs are derived from the estimation of the benchmark
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Difference-in-Differences (DiD) model (Equation 1) for each time horizon separately. The
graphs display the coefficient of the interaction term between the treatment and post-
reform dummies, along with its 95% confidence interval at each time horizon. Estimations
are conducted separately for men and women, with sample sizes of N = 3,668 for women and
N =5,278 for men. Tables A9 to A11 in Appendix A provide the exact values of the treatment
effect, its standard errors and p-value, as well as the counterfactual for each time horizon.

The heterogeneity analysis reveals that the observed increase in part-
time employment is not driven by the reform lowering job acceptance
standards and pushing individuals into such jobs. Rather, it reflects the
characteristics of those who adjust their behaviour in response to the
reform—specifically, women who were already more likely to accept
part-time positions prior to its implementation. This finding for women
high school dropouts aligns with the conclusions of Le Barbanchon
(2016) and von Buxhoeveden (2019), who show that among low-
employability job seekers and secondary school graduates, declines in
job-finding rates tend to operate through reduced search intensity rather
than increased selectivity. In line with that interpretation, the extension
of the qualifying period appears to have operated through stronger
search effort: among women high school dropouts, I observe an increase
in part-time employment, but no shift in selectivity, as the types of jobs
accepted by women reflect those they were accepting before the reform.

The greater responsiveness of women to the reform is consistent with
their higher risk aversion. Two other potential explanations emerge from
the data.

The first relates to the greater preference for housing autonomy among
young women. In developed countries, women leave the parental home
earlier than men (see, among others, Blaauboer and Mulder, 2010; Buck
and Scott, 1993; Chiuri and Del Boca, 2010; Consuelo Colom and Cruz
Molés, 2024; del Rey et al,, 2023). This general pattern in the population
reflects certain characteristics of women such as their tendency to form
partnerships at younger ages. However, even after controlling for
observable differences between men and women, a substantial portion of
the gender gap in home-leaving remains unexplained (Blaauboer and
Mulder, 2010; Consuelo Colom and Cruz Molés, 2024). This reflects the
stronger preference for residential independence among women. The
figures on co-residence with parents by gender in my evaluation
sample—relatively homogeneous in terms of education and other
characteristics—are consistent with this. Table A12 in Appendix A
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reports the share of men and women residing at the parental home at the
end of the registration year, and at the end of the first and second
calendar years thereafter. The sharper decline over time in the share of
women living with their parents supports the view that women value
housing autonomy more strongly.

The economic literature has emphasised the role of co-residence with
parents as a form of informal insurance against unemployment risk, since
it provides not only housing but also, in some cases, financial support
(Declercq et al,, forthcoming; Landaud, 2021; Matsudaira, 2015). Since
women are more likely to have left the parental home, they rely less on
such “informal” insurance. Consequently, changes in UB eligibility may
prompt women to intensify their job search in order to preserve their
independence, leading to higher employment rates. Given that women
were already more likely to hold part-time jobs prior to the reform, the
observed increase in employment is primarily reflected by a rise in part-
time positions. According to this mechanism, women intensified their job
search effort more than men, which translated into higher employment
effects for women.

The second potential explanation relates to sectoral differences in job
availability. Women may be more likely to be employed in sectors with
higher vacancy rates or labour shortages, while men are more likely to
work in saturated sectors with fewer available jobs. Indeed, for higher
search effort to materialise into higher employment rates, there must be
sufficient job opportunities. If men search in sectors with few available
jobs, stronger search efforts may not translate into higher employment,
as adequate positions are simply unavailable. Under this mechanism,
women did not necessarily search harder than men, but they searched in
sectors with more vacancies, making their effort translate more readily
into jobs.

Table A13 in Appendix A presents the pre-reform sectoral distribution of
the cumulative number of days worked at the end of quarter 12,
disaggregated by gender. This provides insight into the gender
differences in the relative importance of each sector in employment. The
sectoral classification used aggregates the 21 NACE sections into 11
broader categories, following the approach adopted in the Belgian
national accounts. This aggregation enables comparison with sector-level
vacancy statistics, shown in the last column of Table A13 (Statbel, 2025d).
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Table A14 in Appendix A details the correspondence between NACE
sections and the aggregated categories.

Excluding the sciences and services sector—which accounts for a similar
share of male and female employment and consists predominantly (90%)
of short-term jobs unaffected by the reform—female employment is
highly concentrated in two sectors: retail and non-profit. Those two
sectors also have the highest number of unfilled vacancies. They account
for 40% of all unfilled vacancies in 2014, indicating a strong labour
demand. The accommodation and food sector also plays a significant role
for women (approximately 10%), while the remaining sectors contribute
marginally. In contrast, male employment is more evenly distributed
across sectors. Although retail, non-profit, and accommodation and food
sectors are also important for men, they represent only 40% of total
employment for men, compared to 60% for women. Young men work
relatively less in sectors with high job vacancy rates, which may partly
explain gender differences in responsiveness to the reform. This pattern
is consistent with general statistics on the unemployment rate of high
school dropouts, which is about 2 percentage points lower for women
than for men at the time of the reform (Eurostat, 2025f).

3.6. Robustness analysis

3.6.1. Weighted Difference-in-Differences

To account for the minor differences in the evolution of background
characteristics between the treatment and control groups, a weighted
difference-in-differences estimator is implemented. The idea of this
approach is to make control individuals comparable to treated
individuals by inverse probability weighting as proposed by Horvitz and
Thompson (1952) and Hirano et al. (2003). The implementation follows
the strategy of Albanese and Cockx (2019), weighting observations in the
treatment and control groups before and after the reform such that their
characteristics match those of the observations in the treatment group
after the reform.
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The estimation procedure involves two main steps. First, I estimate the
probability of being treated conditional on individual characteristics.
Second, I estimate the difference-in-differences model of Equation (1),
weighting each observation by the normalized inverse probability of
treatment. Standard errors are obtained through bootstrapping, with 500
replications of the estimation procedure. Appendix D provides a detailed
description of the weighted difference-in-differences methodology. Table
A15 in Appendix A presents descriptive statistics for the evaluation
sample after applying the reweighting procedure. Treatment effects
estimated using the weighted difference-in-differences approach are
presented in Figures B11 to B16 in Appendix B.

Overall, this robustness analysis supports the main conclusion that
extending the qualifying period increases the employment rate. While the
results for the job-finding rate and the cumulative number of days
worked are not statistically significant, their magnitudes are comparable
to those in the benchmark specification, and the effects on the
employment rate remain significant. More importantly, the weighted
difference-in-differences estimates confirm that the increase in
employment is concentrated in part-time jobs, as indicated by the rise in
cumulative days worked in this category, and that this effect is primarily
driven by women, as shown in the gender-based heterogeneity analysis.

3.6.2. Alternative treatment definitions

In the benchmark analysis, the treatment is defined as an extension of the
qualifying period by atleast 6 months. Consequently, the treatment group
consists of individuals aged 18 years to 19 years and 6 months. In this
section, I consider two alternative treatment definitions, each based on a
subgroup of the initial treatment group. First, I restrict it to individuals
aged 19 years to 19 years and 6 months. Second, I focus on individuals
aged 18.

Considering these alternative definitions of the treatment group allows
me to assess whether the inclusion of younger individuals, who may
differ systematically from older ones, biases the results. It also enables a
comparison of employment responses to different treatment intensities.
Indeed, the older treatment group (aged 19 to 19.5 years) faces an
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extension of its qualifying period by between 6 and 12 months, with an
average of 9 months given its mean age of 19 years and 3 months. While
the younger treatment group (aged 18 years) faces an extension of its
qualifying period by between 13 and 24 months, with an average of 18
months given its mean age of 18 years and 6 months. These alternative
definitions yield two evaluation samples of about 5,000 individuals each,
given the relatively small number of individuals aged between 18 and
18.5 in the sample (see Figure B17 for the age distribution of the
treatment group).

Table A16 reports the descriptive statistics of the two alternative
treatment groups. As expected, there are small differences between the
younger and the older treatment groups, with the latter being closer to
the control group given their proximity in age. However, the differences
between the treatment groups and the control group remain relatively
stable over time.% As shown in the last two columns of Table A16, there
are only some minor statistically significant compositional changes in
three variables. There is a small but statistically significant difference
between the evolution of the control and younger treatment groups in
terms of individuals registering in Flanders and registering at the end of
a school year. For the older treatment group, the only compositional
change—statistically significant at the 10% level—concerns the number
of individuals registering in Brussels. Unlike in the benchmark sample, no
significant  compositional differences remain in  household
composition.10 Qverall, the older treatment group is not only closer to
the control group in terms of observable characteristics but also appears
to have fewer issues of compositional change.

Treatment effects and parallel trends tests for the two alternative
treatment groups are presented in Figures B18 to B26. Figure B18
reports the results for the benefit of the activation allowance. Treatment
effects reflect the difference in treatment intensity for the two samples.
For the older treatment group, with an extension of the qualifying period
of 6 to 12 months, treatment effects are statistically significant from
months 12 to 22, but then converge to zero and become insignificant. For

99 As for the benchmark sample, I use the benchmark specification of Equation (1) with
pre-determined characteristics as outcome variables to test for the absence of
compositional changes.

100 This may, in part, reflect the smaller sample size, which lowers statistical power.
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the younger treatment group, with a longer extension of the qualifying
period, treatment effects remain high and statistically significant for a
longer period, before stabilising below zero.

Regarding the job-finding rate and the employment rate, the estimated
effects are very similar for both treatment groups. Compared to the
benchmark sample, some statistical significance is lost, but the results
point in the same direction. Moreover, as the parallel trends assumption
for the job-finding rate is not always satisfied in the specification with the
older treatment group, these findings should be viewed with caution.

Regarding the cumulative number of days worked in FTE, treatment
effects are slightly larger and more often statistically significant for the
older treatment group, reflecting a greater increase in the number of days
worked in part-time jobs within this group. The analysis also confirms
that the increase in part-time jobs is essentially driven by women.
Although effects appear stronger and more statistically significant for the
older treatment group, the confidence intervals overlap. There is no
statistically significant difference between the two alternative treatment
groups. Finally, regarding treatment effects on short-term and full-time
jobs, no consistent patterns emerge.

From this analysis, I conclude that including the younger age group (aged
18) in the benchmark sample does not systematically bias the results. No
substantial differences in treatment effects emerge between the two
groups. A natural conclusion of this analysis could be that the difference
in treatment intensity does not appear to trigger distinct behavioural
reactions, as it does not substantially affect the magnitude of the
employment effect. However, this may appear counterintuitive given the
impact of the reform—extending the qualifying period beyond 12
months—on employment. The absence of differences in treatment effects
plausibly stems from the high concentration of individuals around the age
of 19, which reduces power to detect intensity-driven differences (see
Figure B17 for the age distribution of the treatment group).
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3.7. Conclusion

Low-educated youths entering the labour market are at high risk of
unemployment. Access to UB at early career stages may help them
smooth the school-to-work transition but may also reduce their job
search incentives. To avoid excessive disincentives to work, UB access
can be granted only after a job search period during which job search is
compulsory, referred to as the qualifying period. This paper examines the
impact of extending the qualifying period for UB on the employment
outcomes of young labour market entrants without a high school
diploma, exploiting a Belgian policy reform.

In Belgium, school leavers have access to a specific unemployment
insurance—the activation allowance—after a one-year qualifying period.
This period begins at labour market entry and no specific work
requirements apply, but eligibility at its end depends on active job search.
In September 2015, the federal government effectively extended this
qualifying period for individuals entering the labour market before the
age of 20 without graduating from high school. Using a difference-in-
differences approach with individual-level administrative data, I
compare employment outcomes between high school dropouts just
under the age of 20, who are subject to an extended qualifying period, and
those slightly over 20, who remain under unchanged eligibility rules.

The results indicate that extending the qualifying period leads to a
persistent decline in activation allowance take-up, which reflects an
increase in employment following the reform. The qualifying period
extension increases both the job-finding and employment rates. These
effects emerge early, suggesting anticipation effects, as individuals adjust
their behaviour before the actual extension of the qualifying period.
However, evidence indicates that the persistence of these effects is
limited, as they decrease and lose statistical significance when individuals
regain eligibility. The increase in employment translates into an increase
in the cumulative number of days worked up to three years after first
registration at the PES. These employment effects are consistent with an
increase of job search intensity following the extension of the qualifying
period.

Regarding the type of job accepted, I find that the increase in employment
is essentially driven by part-time jobs, with an effect equivalent to one
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additional month of FTE work after three years. However, the results of
the gender-heterogeneity analysis indicate that the effect of the extension
of the qualifying period is limited to women. I conclude that the observed
increase in part-time employment is not driven by the reform directly
inducing individuals to take such jobs, but rather by the characteristics of
those who respond to the reform—namely, women, who were already
more inclined to accept part-time work prior to the reform. Therefore,
there is no evidence of a decline in job acceptance criteria.

From a policy perspective, the main implication is that extending the
qualifying period can serve as an effective work incentive for high school
dropouts, as it increases their employment prospects. However, the
employment gains are concentrated among a specific subgroup—young
women—and are limited to part-time positions. These results highlight
that seemingly gender-neutral policies may results in gender-
differentiated outcomes. Further research is warranted to explore why
the effects are concentrated among women, in particular whether they
stem from gender differences in preferences or in the availability of the
occupations they are looking for. Additional work is also needed to
investigate other sources of heterogeneity in policy responses, such as
migration background. Preliminary analyses suggest that the reform may
have reinforced pre-existing employment disparities between migrant
and non-migrant groups—an unintended consequence that
policymakers may wish to avoid. Understanding the mechanisms behind
these heterogeneous effects should therefore be a priority for future
research,
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Appendix

A - Tables

Table A1l. Descriptive statistics

Pre-reform Post-reform
control treated A control A treated

Age®
Women(@
Nationality(@

Belgian

EU

Other

Migration background(®
At least one non-Belgian parent
At least one non-Belgian grand parent

Region of residence(®)
Wallonia
Flanders
Brussels

General educational track®
First registration between July and
September

Household composition(©
Child living with parents
Single
Couple
House-sharing arrangement

Household size(9

Annual household income

20.35 18.96 0.01 -0.01
4043 42.46 -1.47 -2.09

91.73 9271 -1.32 -1.37
3.99 4.05 2.14 0.72
4.29 3.16 -1.07 0.64*

5182 44.69 297 0.87
66.05 60.47 1.07 -0.33

50.56 45.01 1.04 0.55
3321 44.78 -2.92 -0.1%*
16.23 10.22 1.88 -0.45*

14.31 10.05 -1.43 -1.16

55.77 39.82 -1.28 0.04***

83.32 79.57 -0.67 -0.96
6.03 6.39 -1.77 0.83*
4.32 5.68 1.16 0.71
6.33 8.3 1.28 -0.57*
394 3.86 0.12 0.01
46,253 45,717 428 -1,235

N

1,343 4,786 657 2,160

Note: The evaluation sample consists of high school dropouts who registered for the first
time at the PES between September 2012 and August 2015 with negligible work experience.
The treatment group includes jobseekers aged between 18 and 19 years and 6 months, while
the control group comprises 20-year-old jobseekers. Household size and household income
are expressed in person and euros. For all other variables, the table gives the percentage of
individuals in the treatment or control group that belong to the category. Outcomes in the
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post-reform period are expressed as changes relative to the outcome in the pre-reform
period. * p<0.10, ** p<0.05, and *** p<0.01 in the A treated column indicate whether the
change in the treatment group significantly differs from the change in the control group.

(a) Refers to variables measured on January 1 of the registration year. (b) Refers to variables
measured at registration at the PES. (c) Refers to variables measured on December 31 of the
calendar year before the registration year. Annual household income is defined as the mean
income of all household members (including the individual studied) in June of the
registration year, adjusted by the corresponding year's price index (reference year 2012),
and annualized (multiplied by 12) for reporting purposes over the entire year.
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Table A2. Benefit of the activation allowance

Months since Counterfactual
first value of the
_registration Effect (s.e.) P-value outcome
1 0.002 (0.004) 0.629 0.008
2 0.001 (0.004) 0.750 0.010
3 0.003 (0.004) 0.494 0.009
4 0.002 (0.004) 0.540 0.008
5 0.000 (0.005) 0.983 0.009
6 0.001 (0.005) 0.778 0.010
7 0.001 (0.005) 0.822 0.010
8 0.002 (0.005) 0.735 0.009
9 0.001 (0.005) 0.882 0.010
10 0.002 (0.005) 0.629 0.010
11 -0.007 (0.011) 0.538 0.037
12 -0.061 (0.020) 0.002 0.070
13 -0.067 (0.021) 0.001 0.083
14 -0.088 (0.021) 0.000 0.086
15 -0.086 (0.022) 0.000 0.086
16 -0.101 (0.022) 0.000 0.091
17 -0.107 (0.023) 0.000 0.096
18 -0.110 (0.023) 0.000 0.104
19 -0.116 (0.023) 0.000 0.105
20 -0.087 (0.022) 0.000 0.102
21 -0.077 (0.023) 0.001 0.106
22 -0.066 (0.022) 0.003 0.110
23 -0.048 (0.022) 0.033 0.115
24 -0.060 (0.023) 0.008 0.124
25 -0.055 (0.022) 0.014 0.125
26 -0.044 (0.022) 0.048 0.125
27 -0.043 (0.022) 0.054 0.127
28 -0.029 (0.022) 0.197 0.130
29 -0.025 (0.022) 0.254 0.138
30 -0.043 (0.022) 0.055 0.141
31 -0.049 (0.022) 0.030 0.141
32 -0.031 (0.022) 0.155 0.137
33 -0.030 (0.022) 0.167 0.137
34 -0.019 (0.022) 0.382 0.135
35 -0.028 (0.022) 0.195 0.132
36 -0.032 (0.022) 0.141 0.130
N 8,946

Note: The evaluation sample consists of high school dropouts who registered for the first
time at the PES between September 2012 and August 2015 with negligible work experience.
The treatment group includes jobseekers aged between 18 and 19 years and 6 months, while
the control group comprises 20-year-old jobseekers. Age is measured at the end of the month
of first registration at the PES. Estimates are obtained from the benchmark Difference-in-
Differences (DiD) model (Equation 1), estimated separately for each time horizon. The
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second column reports the coefficient of the interaction term between the treatment and
post-reform dummies, along with its standard errors. The third column presents the p-value,
and the fourth shows the counterfactual value of the outcome. The counterfactual is
predicted using the benchmark DiD model (Equation 1), setting the interaction between the
treatment and post-reform dummies to zero.

Table A3. Job-finding rate

Quarters since Effect (s.e.) P-value Counterfactual
first value of the
_registration outcome

1 0.015 (0.024) 0.529 0.279

2 0.043 (0.025) 0.092 0.384

3 0.051 (0.026) 0.048 0.451

4 0.044 (0.026) 0.088 0.527

5 0.052 (0.025) 0.042 0.587

6 0.042 (0.025) 0.098 0.626

7 0.042 (0.025) 0.087 0.660

8 0.051 (0.024) 0.036 0.687

9 0.046 (0.024) 0.055 0.712

10 0.041 (0.023) 0.081 0.734
11 0.034 (0.023) 0.137 0.752

12 0.025 (0.023) 0.276 0.771

N 8,946

Note: The evaluation sample consists of high school dropouts who registered for the first
time at the PES between September 2012 and August 2015 with negligible work experience.
The treatment group includes jobseekers aged between 18 and 19 years and 6 months, while
the control group comprises 20-year-old jobseekers. Age is measured at the end of the month
of first registration at the PES. Estimates are obtained from the benchmark Difference-in-
Differences (DiD) model (Equation 1), estimated separately for each time horizon. The
second column reports the coefficient of the interaction term between the treatment and
post-reform dummies, along with its standard errors. The third column presents the p-value,
and the fourth shows the counterfactual value of the outcome. The counterfactual is
predicted using the benchmark DiD model (Equation 1), setting the interaction between the
treatment and post-reform dummies to zero.
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Table A4. Employment rate

Quarters since Effect (s.e.) P-value Counterfactual
first value of the
_registration outcome

1 0.035 (0.020) 0.112 0.161

2 0.061 (0.021) 0.008 0.227

3 0.051 (0.022) 0.033 0.254

4 0.051 (0.023) 0.037 0.294

5 0.065 (0.023) 0.010 0.336

6 0.069 (0.023) 0.006 0.352

7 0.043 (0.024) 0.089 0.379

8 0.066 (0.024) 0.011 0.388

9 0.039 (0.024) 0.130 0.396

10 0.028 (0.024) 0.285 0.408

11 0.047 (0.024) 0.075 0.433

12 0.025 (0.025) 0.351 0.443

N 8,946

Note: The evaluation sample consists of high school dropouts who registered for the first
time at the PES between September 2012 and August 2015 with negligible work experience.
The treatment group includes jobseekers aged between 18 and 19 years and 6 months, while
the control group comprises 20-year-old jobseekers. Age is measured at the end of the month
of first registration at the PES. Estimates are obtained from the benchmark Difference-in-
Differences (DiD) model (Equation 1), estimated separately for each time horizon. The
second column reports the coefficient of the interaction term between the treatment and
post-reform dummies, along with its standard errors. The third column presents the p-value,
and the fourth shows the counterfactual value of the outcome. The counterfactual is
predicted using the benchmark DiD model (Equation 1), setting the interaction between the
treatment and post-reform dummies to zero.

Table A5. Cumulative number of days worked in FTE

Quarters since Effect (s.e.) P-value Counterfactual

first value of the
_registration outcome

1 -0.078 (1.186) 0.948 10.227

2 3.367 (2.332) 0.149 22.966

3 6.476 (3.483) 0.063 38.115

4 9.394 (4.620) 0.042 54.834

5 12.180 (5.720) 0.033 74.633

6 16.747 (6.823) 0.014 95.571

7 19.550 (8.010) 0.015 119.202

8 21.794 (9.207) 0.018 143.372

9 23.735 (10.411) 0.023 169.208

10 25.648 (11.645) 0.028 195.099

11 28.408 (12.847) 0.027 222.899

12 30.286 (14.024) 0.031 251.059

N 8,946
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Note: The evaluation sample consists of high school dropouts who registered for the first
time at the PES between September 2012 and August 2015 with negligible work experience.
The treatment group includes jobseekers aged between 18 and 19 years and 6 months, while
the control group comprises 20-year-old jobseekers. Age is measured at the end of the month
of first registration at the PES. Estimates are obtained from the benchmark Difference-in-
Differences (DiD) model (Equation 1), estimated separately for each time horizon. The
second column reports the coefficient of the interaction term between the treatment and
post-reform dummies, along with its standard errors. The third column presents the p-value,
and the fourth shows the counterfactual value of the outcome. The counterfactual is
predicted using the benchmark DiD model (Equation 1), setting the interaction between the
treatment and post-reform dummies to zero.

Table A6. Cumulative number of days worked (FTE) in short-term jobs

Quarters since Effect (s.e.) P-value Counterfactual
first value of the
registration outcome
1 -1.187 (0.795) 0.135 5.287

2 -0.812 (1.418) 0.567 8.626

3 -0.291 (2.052) 0.887 13.243

4 0.227 (2.615) 0.931 18.339

5 1.005 (3.153) 0.750 23.987

6 2.224 (3.654) 0.543 29.456

7 2917 (4.134) 0.480 35.311

8 3.939 (4.582) 0.390 41.232

9 4.229 (5.040) 0.401 47.175
10 3.595 (5.525) 0.515 52.171
11 3.296 (5.937) 0.579 57.373
12 2.503 (6.341) 0.693 62.614
N 8,946

Note: The evaluation sample consists of high school dropouts who registered for the first
time at the PES between September 2012 and August 2015 with negligible work experience.
The treatment group includes jobseekers aged between 18 and 19 years and 6 months, while
the control group comprises 20-year-old jobseekers. Age is measured at the end of the month
of first registration at the PES. Estimates are obtained from the benchmark Difference-in-
Differences (DiD) model (Equation 1), estimated separately for each time horizon. The
second column reports the coefficient of the interaction term between the treatment and
post-reform dummies, along with its standard errors. The third column presents the p-value,
and the fourth shows the counterfactual value of the outcome. The counterfactual is
predicted using the benchmark DiD model (Equation 1), setting the interaction between the
treatment and post-reform dummies to zero.
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Table A7. Cumulative number of days worked (FTE) in part-time jobs

Quarters since Effect (s.e.) P-value Counterfactual
first value of the
registration outcome
1 0.275 (0.590) 0.641 1.965

2 1.535 (1.158) 0.185 5.051

3 3.367 (1.721) 0.050 8.470

4 5.848 (2.233) 0.009 12.007

5 6.763 (2.790) 0.015 16.413

6 8.478 (3.338) 0.011 20.935

7 10.413 (3.937) 0.008 26174

8 10.878 (4.522) 0.016 31.336

9 12.484 (5.143) 0.015 37.052
10 13.234 (5.772) 0.022 42.530
11 13.534 (6.400) 0.034 48.198
12 13.260 (7.020) 0.059 54.038

N 8,946

Note: The evaluation sample consists of high school dropouts who registered for the first
time at the PES between September 2012 and August 2015 with negligible work experience.
The treatment group includes jobseekers aged between 18 and 19 years and 6 months, while
the control group comprises 20-year-old jobseekers. Age is measured at the end of the month
of first registration at the PES. Estimates are obtained from the benchmark Difference-in-
Differences (DiD) model (Equation 1), estimated separately for each time horizon. The
second column reports the coefficient of the interaction term between the treatment and
post-reform dummies, along with its standard errors. The third column presents the p-value,
and the fourth shows the counterfactual value of the outcome. The counterfactual is
predicted using the benchmark DiD model (Equation 1), setting the interaction between the
treatment and post-reform dummies to zero.
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Table A8. Cumulative number of days worked (FTE) in full-time jobs

Quarters since Effect (s.e.) P-value Counterfactual
first value of the
registration outcome
1 0.614 (0.910) 0.500 3.134

2 1.807 (1.855) 0.330 9.237

3 3.083 (2.821) 0.275 16.327

4 2.699 (3.790) 0.476 24.429

5 4.006 (4.787) 0.403 34174

6 5.552 (5.802) 0.339 45.053

7 5.353 (6.882) 0.437 57.717

8 5.966 (7.989) 0.455 70.737

9 5.860 (9.085) 0.519 85.159
10 7.481 (10.194) 0.463 100.624
11 10.562 (11.312) 0.351 117.506
12 13.530 (12.422) 0.276 134.388
N 8,946

Note: The evaluation sample consists of high school dropouts who registered for the first
time at the PES between September 2012 and August 2015 with negligible work experience.
The treatment group includes jobseekers aged between 18 and 19 years and 6 months, while
the control group comprises 20-year-old jobseekers. Age is measured at the end of the month
of first registration at the PES. Estimates are obtained from the benchmark Difference-in-
Differences (DiD) model (Equation 1), estimated separately for each time horizon. The
second column reports the coefficient of the interaction term between the treatment and
post-reform dummies, along with its standard errors. The third column presents the p-value,
and the fourth shows the counterfactual value of the outcome. The counterfactual is
predicted using the benchmark DiD model (Equation 1), setting the interaction between the
treatment and post-reform dummies to zero.
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Table A9. Cumulative number of days worked (FTE) in short-term jobs by gender

Quarters since Effect (s.e.) P-value Counterfactual
first value of the
registration outcome
Women

1 -0.627 (1.076) 0.560 3.432
2 0.688 (1.810) 0.704 5.549
3 2.390 (2.533) 0.345 8.610
4 2.923 (3.165) 0.356 11.875
5 3.250 (3.744) 0.385 15.477
6 3.235 (4.495) 0.472 19.582
7 2.813 (5.125) 0.583 23934
8 2.909 (5.783) 0.615 28.348
9 3.974 (6.319) 0.529 32.764
10 3.820 (6.918) 0.581 36.669
11 4.061 (7.569) 0.592 41.003
12 4.709 (8.073) 0.560 45.080
N 3,668
Men

1 -1.473 (1.103) 0.182 6.383
2 -1.564 (2.006) 0.436 10.518
3 -1.779 (2.933) 0.544 16.110
4 -1.310 (3.752) 0.727 22.358
5 -0.371 (4.537) 0.935 29.307
6 1.332 (5.215) 0.798 35.679
7 2.625 (5.901) 0.656 42.490
8 4.123 (6.511) 0.527 49.371
9 3.927 (7.174) 0.584 56.271
10 2.882 (7.862) 0.714 61.969
11 2.242 (8.411) 0.790 67.715
12 0.440 (8.998) 0.961 73.704
N 5,278

Note: The evaluation sample consists of high school dropouts who registered for the first
time at the PES between September 2012 and August 2015 with negligible work experience.
The treatment group includes jobseekers aged between 18 and 19 years and 6 months, while
the control group comprises 20-year-old jobseekers. Age is measured at the end of the month
of first registration at the PES. Estimates are obtained from the benchmark Difference-in-
Differences (DiD) model (Equation 1), estimated separately for men and women at each time
horizon. The second column reports the coefficient of the interaction term between the
treatment and post-reform dummies. along with its standard errors. The third column
presents the p-value. and the fourth shows the counterfactual value of the outcome. The
counterfactual is predicted using the benchmark DiD model (Equation 1), setting the
interaction between the treatment and post-reform dummies to zero.
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Table A10. Cumulative number of days worked (FTE) in part-time jobs by gender

Quarters since Effect (s.e.) P-value Counterfactual
first value of the
registration outcome
Women

1 0.646 (1.118) 0.564 2.570
2 3.153 (2.166) 0.146 7.485
3 6.252 (3.240) 0.054 12.921
4 10.713 (4.200) 0.011 18.672
5 13.026 (5.179) 0.012 25.526
6 15.924 (6.149) 0.010 32.246
7 19.058 (7.276) 0.009 40.611
8 20.033 (8.395) 0.017 49.139
9 22.007 (9.627) 0.022 58.134
10 23.295 (10.872) 0.032 66.860
11 22.324 (12.105) 0.065 75.886
12 19.823 (13.308) 0.136 85.202
N 3,668
Men

1 -0.139 (0.663) 0.834 1.769
2 0.199 (1.308) 0.879 3.591
3 1.233 (1.936) 0.524 5.757
4 2.480 (2.509) 0.323 7916
5 2.493 (3.171) 0.432 10.800
6 3.303 (3.811) 0.386 13.981
7 4.281 (4.476) 0.339 17.308
8 4.187 (5.116) 0.413 20.410
9 5.372 (5.763) 0.351 24.114
10 5.699 (6.427) 0.375 27.579
11 6.699 (7.094) 0.345 31.162
12 7.660 (7.757) 0.323 34.854
N 5,278

Note: The evaluation sample consists of high school dropouts who registered for the first
time at the PES between September 2012 and August 2015 with negligible work experience.
The treatment group includes jobseekers aged between 18 and 19 years and 6 months, while
the control group comprises 20-year-old jobseekers. Age is measured at the end of the month
of first registration at the PES. Estimates are obtained from the benchmark Difference-in-
Differences (DiD) model (Equation 1), estimated separately for men and women at each time
horizon. The second column reports the coefficient of the interaction term between the
treatment and post-reform dummies. along with its standard errors. The third column
presents the p-value. and the fourth shows the counterfactual value of the outcome. The
counterfactual is predicted using the benchmark DiD model (Equation 1), setting the
interaction between the treatment and post-reform dummies to zero.
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Table A11. Cumulative number of days worked (FTE) in full-time jobs by gender

Quarters since Effect (s.e.) P-value Counterfactual
first value of the
registration outcome
Women

1 0.692 (1.150) 0.548 2272
2 2.465 (2.415) 0.307 7.189
3 3.535 (3.688) 0.338 12.004
4 2.763 (4.842) 0.568 16.986
5 4.647 (6.026) 0.441 22.858
6 6.717 (7.352) 0.361 29.902
7 5.971 (8.709) 0.493 38.123
8 7.677 (10.210) 0.452 46.584
9 8.126 (11.719) 0.488 56.075
10 10.051 (13.232) 0.448 65.911
11 13.935 (14.589) 0.340 76.073
12 19.042 (16.000) 0.234 86.209
N 3,668
Men

1 0.759 (1.270) 0.550 3.480
2 1.812 (2.567) 0.480 10.448
3 3.525 (3.906) 0.367 18.907
4 3.706 (5.296) 0.484 28.901
5 4.806 (6.731) 0.475 41.043
6 6.181 (8.149) 0.448 54.294
7 6.353 (9.674) 0.511 69.730
8 6.106 (11.211) 0.586 85.634
9 5.421 (12.730) 0.670 103.180
10 6.577 (14.271) 0.645 122.215
11 8.852 (15.871) 0.577 143.357
12 10.091 (17.425) 0.563 164.535
N 5,278

Note: The evaluation sample consists of high school dropouts who registered for the first
time at the PES between September 2012 and August 2015 with negligible work experience.
The treatment group includes jobseekers aged between 18 and 19 years and 6 months, while
the control group comprises 20-year-old jobseekers. Age is measured at the end of the month
of first registration at the PES. Estimates are obtained from the benchmark Difference-in-
Differences (DiD) model (Equation 1), estimated separately for men and women at each time
horizon. The second column reports the coefficient of the interaction term between the
treatment and post-reform dummies. along with its standard errors. The third column
presents the p-value. and the fourth shows the counterfactual value of the outcome. The
counterfactual is predicted using the benchmark DiD model (Equation 1), setting the
interaction between the treatment and post-reform dummies to zero.
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Table A12. Proportion of individuals residing with their parents

Women Men
End of registration year 76.3 90
End of 1st calendar year following 55 76.6
registration year
End of 2nd calendar year following 45.7 69.3
registration year
N 3,668 5,278

Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience.
Residence at the parental home is measured annually on the 31t of December. This table
gives the proportion of individuals of the evaluation sample residing with their parents at
the end of the year of first registration at the PES and in the two following years, separately
for men and women.

Table A13. Proportion of the cumulative number of days worked by sector,
disaggregated by gender (%)

Women Men
1. Industry 3.3 11.2
2.  Construction 0.3 10.4
3. Retail and trade 30.3 16.8
4. Transport 1.4 5.6
5. Accommodation and food 10.4 11.2
6. Information and 0.1 0.6
communication
7. Financial and insurance 0.5 0.0
activities
8. Real estate 0.7 0.7
9. Science and services 28.4 29.8
10. Non-profit 18.9 11.2
11. Other services 5.7 2.4
Total 100 100

Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015, with negligible work experience. For
each sector and gender, I estimate the counterfactual number of days worked in a given
sector by the treatment group in the absence of the reform. I then compare this to the total
number of days worked across all sectors in order to measure the relative share of that sector
in total employment. The counterfactual is predicted using the benchmark DiD model
(Equation 1), setting the interaction terms between the treatment and post-reform dummies
to zero. For women, N = 3,668; for men, N = 5,278.
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Table A14. Sectoral classifications

Major Sectors

Corresponding 21 NACE Sections

1. Industry

A - Agriculture, forestry, and fishing

C - Manufacturing

D - Electricity, gas, steam, and air conditioning
supply

E - Water supply; sewerage, waste management,
and remediation activities

2. Construction

F - Construction

3. Trade

G - Wholesale and retail trade; repair of motor
vehicles and motorcycles

4. Transport

H - Transportation and storage

5. Accommodation and food

I - Accommodation and food service activities

6. Information and communication

] - Information and communication

7. Financial and insurance activities

K - Financial and insurance activities

8. Real estate

L - Real estate activities

9. Science and services

M - Professional, scientific, and technical
activities
N - Administrative and support service activities

10. Non-profit

O - Public administration and defence;
compulsory social security

P - Education

Q - Human health and social work activities

11. Other services

R - Arts, entertainment, and recreation
S - Other service activities

T - Activities of households as employers;
undifferentiated goods- and services-producing
activities of households for own use

U - Activities of extraterritorial organizations
and bodies
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Table A15. Descriptive statistics after reweighting

Pre-reform Post-reform
control treated A control A treated
Age®) 20.35 18.95 20.34 18.97
Women(@ 41.22 42.39 -1.66 -2.02
Nationality(®@
Belgian 91.66 92.67 -0.90 -1.33
EU 4.04 4.05 1.45 0.72
Other 43 3.19 -0.55 0.61
Migration
background@
Atleast one non-
Belgian parent 49.96 44.67 2.05 0.89
Atleast one non-
Belgian grand parent 64.7 60.51 -0.16 -0.37
Region of residence(®)
Wallonia 42.08 44.96 0.01 0.60
Flanders 4443 44.68 -1.05 0.00
Brussels 13.49 10.36 1.04 -0.59
General education
track® 13.83 9.98 11.82 8.89
First registration
between July and
September 56.62 39.63 0.90 0.23*
Household
composition(©
Child living with
parents 80.38 78.61 -0.33 0.00
Single 5.8 7.22 -0.89 0.00
Couple 5.71 5.69 1.16 0.70
House-sharing
arrangement 8.10 8.41 0.07 -0.68
Household size(9 3.82 3.73 0.10 0.02
Annual household
income 47,014 45,290 269 -807
N 1,326 4,786 643 2,160

Note: The evaluation sample consists of high school dropouts who registered for the first
time at the PES between September 2012 and August 2015 with negligible work experience.
The treatment group includes jobseekers aged between 18 and 19 years and 6 months, while
the control group comprises 20-year-old jobseekers. Household size and household income
are expressed in person and euros. For all other variables, the table gives the percentage of
individuals in the treatment or control group that belong to the category. Outcomes in the
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post-reform period are expressed as changes relative to the outcome in the pre-reform
period. * p<0.10, ** p<0.05, and *** p<0.01 in the A treated column indicate whether the
change in the treatment group significantly differs from the change in the control group.

(a) Refers to variables measured on January 1 of the registration year. (b) Refers to variables
measured at registration at the PES. (c) Refers to variables measured on December 31 of the
calendar year before the registration year. Annual household income is defined as the mean
income of all household members (including the individual studied) in June of the
registration year, adjusted by the corresponding year's price index (reference year 2012),
and annualized (multiplied by 12) for reporting purposes over the entire year.

Table A16. Descriptive statistics in the alternative treatment groups

Pre-reform Post-reform
control treated A control  Atreated
G G

Age® 2035 18.64 19.24 0.01 0.0 -0.01

Women(@ 4043 4294 42.03 -1.47 -524 054
Nationality(@

Belgian 91.73 9314 9232 -1.32 -1.75 -1.02

EU 3.99 3.72 4.35 2.14 1.2 0.30

Other 429 3.01 328 -1.07 0.58 0.68

Migration background(®@
Atleast one non-Belgian parent 51.82 4347 4579 297 0.59 1
At least one non-Belgian grand 59.32 1.54

parent 66.05 61.5 1.07 -1.96

Region of residence(b)

Wallonia 50.56 44.84 45.15 1.04 -1.29 2.06
Flanders 3321 46.79 4298 -292 1.16** -1
Brussels 1623 837 1187 188 0.13 -1.06*
General educational track(®) 1431 9.75 10.89 -1.43 -1.1 -0.05
Firstregistration between July and
September 55.77 3232 46.54 -1.28 0.57* -0.95

Household composition(©

Child living with parents 8332 7795 81.01 -0.67 -1.11 -0.94
Single 6.03 6.82 6.02 -1.77 1.07 0.65
Couple 4.32 6.15 5.26 1.16 0.20 1.16
House-sharing arrangement 6.33 8.99 7.68 1.28 -0.09 -0.92
Household size(©) 3.94 3.73 3.87 0.12 -0.05 0.02
Annual household income 46,253 45,300 46,087 428 -2,105 -551
N 1,343 2,259 2,259 657 976 1,184

Note: The evaluation sample consists of high school dropouts who registered for the first
time at the PES between September 2012 and August 2015 with negligible work experience.
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The treatment group (1) includes jobseekers aged 18 (2) includes individuals aged 19 to
19.5, while the control group comprises 20-year-old jobseekers. Household size and
household income are expressed in person and euros. For all other variables, the table gives
the percentage of individuals in the treatment or control group that belong to the category.
Outcomes in the post-reform period are expressed as changes relative to the outcome in the
pre-reform period. * p<0.10, ** p<0.05, and *** p<0.01 in the two A treated columns indicate
whether the change in the treatment group significantly differs from the change in the
control group.

(a) Refers to variables measured on January 1 of the registration year. (b) Refers to variables
measured at registration at the PES. (c) Refers to variables measured on December 31 of the
calendar year before the registration year. Annual household income is defined as the mean
income of all household members (including the individual studied) in June of the
registration year, adjusted by the corresponding year's price index (reference year 2012),
and annualized (multiplied by 12) for reporting purposes over the entire year.
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B - Additional figures

Figure B1. Test for parallel trends - Benefit of the activation allowance

5

pp

Note: The evaluation sample consists of high school dropouts who registered for the first
time at the PES between September 2012 and August 2015 with negligible work experience.
The treatment group includes jobseekers aged between 18 and 19 years and 6 months, while
the control group consists of 20-year-old jobseekers. Age is measured at the end of the month
of first registration at the PES. The graph displays the coefficient of the interaction term
between the treatment and pre-period 1 dummies (8, ) along with its 95% confidence
interval at each time horizon. The graph is derived from the estimation of the benchmark
Difference-in-Differences (DiD) model (Equation 1) for each time horizon separately.

Figure B2. Test for parallel trends - Main employment outcomes

(a) Job-finding rate (b) Employment rate
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Note: The evaluation sample consists of high school dropouts who registered for the first
time at the PES between September 2012 and August 2015 with negligible work experience.
The treatment group includes jobseekers aged between 18 and 19 years and 6 months, while
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the control group consists of 20-year-old jobseekers. Age is measured at the end of the month
of first registration at the PES. The graph displays the coefficient of the interaction term
between the treatment and pre-period 1 dummies (8pre1) along with its 95% confidence
interval at each time horizon. The graph is derived from the estimation of the benchmark
Difference-in-Differences (DiD) model (Equation 1) for each time horizon separately.

Figure B3. Test for parallel trends - Cumulative number of days worked (FTE) by
type of job

(a) Short-term (b)Part-time
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Note: The evaluation sample consists of high school dropouts who registered for the first
time at the PES between September 2012 and August 2015 with negligible work experience.
The treatment group includes jobseekers aged between 18 and 19 years and 6 months, while
the control group consists of 20-year-old jobseekers. Age is measured at the end of the month
of first registration at the PES. The graph displays the coefficient of the interaction term
between the treatment and pre-period 1 dummies (8,,.1) along with its 95% confidence
interval at each time horizon. The graph is derived from the estimation of the benchmark
Difference-in-Differences (DiD) model (Equation 1) for each time horizon separately.
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Figure B4. Job-finding rate by type of job
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Note: The evaluation sample consists of high school dropouts who registered for the first
time at the PES between September 2012 and August 2015 with negligible work experience.
The treatment group includes jobseekers aged between 18 and 19 years and 6 months, while
the control group consists of 20-year-old jobseekers. Age is measured at the end of the month
of first registration at the PES. All graphs are derived from the estimation of the benchmark
Difference-in-Differences (DiD) model (Equation 1) for each outcome variable at each time
horizon separately. Each graph displays the coefficient of the interaction term between the
treatment and post-reform dummies, along with its 95% confidence interval at each time
horizon.
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Figure B5. Employment rate by type of job
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Note: The evaluation sample consists of high school dropouts who registered for the first
time at the PES between September 2012 and August 2015 with negligible work experience.
The treatment group includes jobseekers aged between 18 and 19 years and 6 months, while
the control group consists of 20-year-old jobseekers. Age is measured at the end of the month
of first registration at the PES. All graphs are derived from the estimation of the benchmark
Difference-in-Differences (DiD) model (Equation 1) for each outcome variable at each time
horizon separately. Each graph displays the coefficient of the interaction term between the
treatment and post-reform dummies, along with its 95% confidence interval at each time
horizon.
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Figure B6. Job-finding rate by gender

Women Men

9 0 1 12 1 2 3 4

5 8 5 8
quarters since first regisiration quarters since first regisiration

Effect 95% CI

95% CI Effect

40 40

1 2 3 4 5 6 7, 8 9 0 1 12 1 2 3 4 5 6 7, 8 9 0 1 12
quarters since first registration quarters since first registration

counterfactual value of the outcome counterfactual value of the outcome

Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes jobseekers aged between 18 and 19 years and 6 months, while the
control group consists of 20-year-old jobseekers. Age is measured at the end of the month of
first registration at the PES. All graphs are derived from the estimation of the benchmark
Difference-in-Differences (DiD) model (Equation 1) for each time horizon separately.
Estimations are conducted separately for men and women, with sample sizes of N = 3,668
for women and N = 5,278 for men. The two graphs on the left refer to women, while the two
on the right refer to men. For each gender, the upper graph displays the coefficient of the
interaction term between the treatment and post-reform dummies, along with its 95%
confidence interval at each time horizon. The lower graph depicts the counterfactual
outcome of the treatment group in absence of the reform. The counterfactual is predicted
using the benchmark DiD model (Equation 1) setting the interaction effects between the
treatment and post-reform dummies equal to zero.
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Figure B7. Employment rate by gender
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Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes jobseekers aged between 18 and 19 years and 6 months, while the
control group consists of 20-year-old jobseekers. Age is measured at the end of the month of
first registration at the PES. All graphs are derived from the estimation of the benchmark
Difference-in-Differences (DiD) model (Equation 1) for each time horizon separately.
Estimations are conducted separately for men and women, with sample sizes of N = 3,668
for women and N = 5,278 for men. The two graphs on the left refer to women, while the two
on the right refer to men. For each gender, the upper graph displays the coefficient of the
interaction term between the treatment and post-reform dummies, along with its 95%
confidence interval at each time horizon. The lower graph depicts the counterfactual
outcome of the treatment group in absence of the reform. The counterfactual is predicted
using the benchmark DiD model (Equation 1) setting the interaction effects between the
treatment and post-reform dummies equal to zero.
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Figure B8. Cumulative number of days worked (FTE)
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Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes jobseekers aged between 18 and 19 years and 6 months, while the
control group consists of 20-year-old jobseekers. Age is measured at the end of the month of
first registration at the PES. All graphs are derived from the estimation of the benchmark
Difference-in-Differences (DiD) model (Equation 1) for each time horizon separately.
Estimations are conducted separately for men and women, with sample sizes of N = 3,668
for women and N = 5,278 for men. The two graphs on the left refer to women, while the two
on the right refer to men. For each gender, the upper graph displays the coefficient of the
interaction term between the treatment and post-reform dummies, along with its 95%
confidence interval at each time horizon. The lower graph depicts the counterfactual
outcome of the treatment group in absence of the reform. The counterfactual is predicted
using the benchmark DiD model (Equation 1) setting the interaction effects between the
treatment and post-reform dummies equal to zero.

205



Figure B9. Counterfactual employment rate in (a) short-term (b) part-time (c) full-
time jobs by gender
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Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes jobseekers aged between 18 and 19 years and 6 months, while the
control group consists of 20-year-old jobseekers. Age is measured at the end of the month of
first registration at the PES. All graphs are derived from the estimation of the benchmark
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Difference-in-Differences (DiD) model (Equation 1) for each outcome variable at each time
horizon separately. Estimations are conducted separately for men and women, with sample
sizes of N = 3,668 for women and N = 5,278 for men. The graphs on the left refer to women,
while the graphs on the right refer to men. In all cases, the graph depicts the counterfactual
outcome of the treatment group in absence of the reform. The counterfactual is predicted
using the benchmark DiD model (Equation 1) setting the interaction effects between the
treatment and post-reform dummies equal to zero.
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Figure B10. Counterfactual cumulative number of days worked in (a) short-term
(b) part-time (c) full-time jobs by gender
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Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes jobseekers aged between 18 and 19 years and 6 months, while the
control group consists of 20-year-old jobseekers. Age is measured at the end of the month of
first registration at the PES. All graphs are derived from the estimation of the benchmark
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Difference-in-Differences (DiD) model (Equation 1) for each outcome variable at each time
horizon separately. Estimations are conducted separately for men and women, with sample
sizes of N = 3,668 for women and N = 5,278 for men. The graphs on the left refer to women,
while the graphs on the right refer to men. In all cases, the graph depicts the counterfactual
outcome of the treatment group in absence of the reform. The counterfactual is predicted
using the benchmark DiD model (Equation 1) setting the interaction effects between the
treatment and post-reform dummies equal to zero.

Figure B11. Benefit of the activation allowance

3 6 9 12 15 18 21 24 27 30 33 36
months since first registration

Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes jobseekers aged between 18 and 19 years and 6 months, while the
control group consists of 20-year-old jobseekers. Age is measured at the end of the month of
first registration at the PES. The graph presents treatment effects estimated separately for
each time horizon using the weighted Difference-in-Differences model described in Appendix
D, along with their corresponding 95% confidence intervals.

Figure B12. Job-finding rate
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Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes jobseekers aged between 18 and 19 years and 6 months, while the
control group consists of 20-year-old jobseekers. Age is measured at the end of the month of
first registration at the PES. The graph presents treatment effects estimated separately for
each time horizon using the weighted Difference-in-Differences model described in Appendix
D, along with their corresponding 95% confidence intervals.
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Figure B13. Employment rate
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Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes jobseekers aged between 18 and 19 years and 6 months, while the
control group consists of 20-year-old jobseekers. Age is measured at the end of the month of
first registration at the PES. The graph presents treatment effects estimated separately for
each time horizon using the weighted Difference-in-Differences model described in Appendix
D, along with their corresponding 95% confidence intervals.

Figure B14. Cumulative number of days worked in FTE

: 2 3 4 5 6 i 8 9 10 " 12
quarters since fist registration

Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes jobseekers aged between 18 and 19 years and 6 months, while the
control group consists of 20-year-old jobseekers. Age is measured at the end of the month of
first registration at the PES. The graph presents treatment effects estimated separately for
each time horizon using the weighted Difference-in-Differences model described in Appendix
D, along with their corresponding 95% confidence intervals.
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Figure B15. Cumulative number of days worked in FTE by type of job
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Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes jobseekers aged between 18 and 19 years and 6 months, while the
control group consists of 20-year-old jobseekers. Age is measured at the end of the month of
first registration at the PES. The graph presents treatment effects estimated separately for
each time horizon using the weighted Difference-in-Differences model described in Appendix
D, along with their corresponding 95% confidence intervals.
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Figure B16. Cumulative number of days worked in part-time jobs by gender
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Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes jobseekers aged between 18 and 19 years and 6 months, while the
control group consists of 20-year-old jobseekers. Age is measured at the end of the month of
first registration at the PES. The graph presents treatment effects estimated separately for
each time horizon using the weighted Difference-in-Differences model described in Appendix
D, along with their corresponding 95% confidence intervals. Estimations are conducted
separately for men and women.

Figure B17. Distribution of age in the treatment group
Distribution of Individuals by Age
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Note: Distribution of age in months among high school dropouts registering for the first time
at the PES between September 2012 and August 2015 with negligible work experience and
aged below 20.
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Figure B18. Benefit of the activation allowance
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Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes jobseekers aged (a) between 19 and 19 years and 6 months (b) 18
years, while the control group consists of 20-year-old jobseekers. Age is measured at the end
of the month of first registration at the PES. All graphs are derived from the estimation of
the benchmark Difference-in-Differences (DiD) model (Equation 1) for each time horizon
separately. For (a) N=5,070; (b) N=4,637.
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Figure B19. Job-finding rate
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Treatment effect Parallel trends

5 6 7 8 5 6 7 8
quarters since first registration quarters since first registration

(b) 13 to 24 months (18)
Treatment effect Parallel trends

15 15

10 10

5 5
& /—%/\ &

5 6 7 8 5 6 7 8
quarters since first registration quarters since first registration

95% CI—— Effect 95% CI—— Effect

Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes jobseekers aged (a) between 19 and 19 years and 6 months (b) 18
years, while the control group consists of 20-year-old jobseekers. Age is measured at the end
of the month of first registration at the PES. All graphs are derived from the estimation of
the benchmark Difference-in-Differences (DiD) model (Equation 1) for each time horizon
separately. For (a) N=5,070; (b) N=4,637.
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Figure B20. Employment rate
(a) 6 to 12 months (19 to 19.5)
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Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes jobseekers aged (a) between 19 and 19 years and 6 months (b) 18
years, while the control group consists of 20-year-old jobseekers. Age is measured at the end
of the month of first registration at the PES. All graphs are derived from the estimation of
the benchmark Difference-in-Differences (DiD) model (Equation 1) for each time horizon
separately. For (a) N=5,070; (b) N=4,637.
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Figure B21. Cumulative number of days worked in FTE
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Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes jobseekers aged (a) between 19 and 19 years and 6 months (b) 18
years, while the control group consists of 20-year-old jobseekers. Age is measured at the end
of the month of first registration at the PES. All graphs are derived from the estimation of
the benchmark Difference-in-Differences (DiD) model (Equation 1) for each time horizon
separately. For (a) N=5,070; (b) N=4,637.
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Figure B22. Cumulative number of days worked in short-term jobs
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Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes jobseekers aged (a) between 19 and 19 years and 6 months (b) 18
years, while the control group consists of 20-year-old jobseekers. Age is measured at the end
of the month of first registration at the PES. All graphs are derived from the estimation of
the benchmark Difference-in-Differences (DiD) model (Equation 1) for each time horizon

separately. For (a) N=5,070; (b) N=4,637.
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Figure B23. Cumulative number of days worked in part-time jobs

(a) 6 to 12 months (19 to 19.5)
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Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes jobseekers aged (a) between 19 and 19 years and 6 months (b) 18
years, while the control group consists of 20-year-old jobseekers. Age is measured at the end
of the month of first registration at the PES. All graphs are derived from the estimation of
the benchmark Difference-in-Differences (DiD) model (Equation 1) for each time horizon
separately. For (a) N=5,070; (b) N=4,637.
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Figure B24. Cumulative number of days worked in full-time jobs

(a) 6 to 12 months (19 to 19.5)

Treatment effect Parallel trends
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Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes jobseekers aged (a) between 19 and 19 years and 6 months (b) 18
years, while the control group consists of 20-year-old jobseekers. Age is measured at the end
of the month of first registration at the PES. All graphs are derived from the estimation of
the benchmark Difference-in-Differences (DiD) model (Equation 1) for each time horizon
separately. For (a) N=5,070; (b) N=4,637.
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Figure B25. Cumulative number of days worked in part-time jobs for women

(a) 6 to 12 months (19 to 19.5)

Treatment effect Parallel trends
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Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes jobseekers aged (a) between 19 and 19 years and 6 months (b) 18
years, while the control group consists of 20-year-old jobseekers. Age is measured at the end
of the month of first registration at the PES. All graphs are derived from the estimation of
the benchmark Difference-in-Differences (DiD) model (Equation 1) for each time horizon
separately. For (a) N=5,070; (b) N=4,637.
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Figure B26. Cumulative number of days worked in part-time jobs for men

(a) 6 to 12 months (19 to 19.5)
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(b) 13 to 24 months (18)
Treatment effect Parallel trends
60 40
30
40
20
tw H
10
20 -10
1 2 3 4 5 6 7 8 9 10 " 12 1 2 3 4 5 6 7 8 10 " 12
moispost quarters since first registration

95% CI—— Effect

Note: The evaluation sample consists of high school dropouts registering for the first time at
the PES between September 2012 and August 2015 with negligible work experience. The
treatment group includes jobseekers aged (a) between 19 and 19 years and 6 months (b) 18
years, while the control group consists of 20-year-old jobseekers. Age is measured at the end
of the month of first registration at the PES. All graphs are derived from the estimation of
the benchmark Difference-in-Differences (DiD) model (Equation 1) for each time horizon

separately. For (a) N=5,070; (b) N=4,637.
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C - The low take-up rate of the activation allowance

In the absence of the reform, 13% of the treatment group would have
received the activation allowance three years after first registration at the
PES. Although this may appear low given the high prevalence of
unemployment among high-school dropouts at the point in time (about
55%), it aligns with aggregate data from the National Employment Office
(ONEM) for the same population. From 2012 to 2014, approximately
7,000 out of roughly 50,000 registered jobseekers under age 25 who left
secondary school without a diploma received the activation allowance
each year, a share close to 14%. The limited take-up observed in the
evaluation sample is therefore consistent with administrative
statistics.101

To shed light on this limited take-up, note that three years after first
registration at the PES, only 30% of the treatment group remain
registered at the PES, which is required to benefit from the activation
allowance.102 [n addition to these 30%, 45% are employed, 3% are self-
employed, and 22% are neither working nor registered (many likely
returned to education, although this cannot be verified in the data).
Among those still registered (30%), just over 40% receive the activation
allowance (corresponding to 13% of the treatment group in the
counterfactual without reform), 11% receive regular unemployment
benefits, 8% receive family allowances, 8% receive means-tested welfare
benefits, 1% receive invalidity benefits. The remaining 32% receive no
financial support.

Two main reasons may explain why the latter group does not receive the
activation allowance despite being unemployed. First, some individuals
experience frequent transitions between employment and
unemployment—common among low-skilled workers—and may not
(vet) have claimed the allowance. Second, others may not meet the

101 Figures on activation-allowance beneficiaries draw on ONEM annual reports and
supplementary ONEM tabulations disaggregated by educational attainment. These annual
reports are publicly accessible on the ONEM website. The stock of registered jobseekers
is estimated from publicly available registration statistics published by the three regional
public employment services (PES). Full computational details are available upon request.
10z Note that the reform has no significant impact on the probability of registration at the
PES.
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eligibility requirement of two positive evaluations of active job search
effort. In the year preceding the reform, a little over 20% of job search
evaluations at months 7 and 11 were negative—roughly half due to
missed appointments and half due to insufficient search effort. These
ONEM figures cover all jobseekers; among high-school dropouts, the
corresponding rates are plausibly higher.
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D - The weighted Difference-in-Differences
estimation procedure

Building upon Albanese and Cockx (2019), the estimation proceeds as
follows:

1. Estimate the propensity score S(x;) of belonging to the treatment
group in the post-reform period by logistic regressions using
observed background characteristics X; for observation i. This
estimation is performed separately for each analysis period (the
two pre-reform periods and the post-reform period).

2. Trim the data following Crump et al. (2009) by excluding
observations with propensity score below 0.1 or above 0.9.

3. Re-estimate propensity scores as in point 1 on the trimmed
sample and denote them by p’ where V=
{ prels Cprel pre2; Cprez;cpast}

4. Estimate the DiD Equation (1) by weighted least squares using
the following normalized weights

_ _PU(Xd) PY(Xi)
PVVL P”(X)/N"ZL =14 _ —PY(X;)

Where NY is the number of observations in each group V.
Following Busso et al. (2014) the individual weights are
normalized by the average weight in that group. This
normalization ensures that the within-group average weight
equals 1.

with PW; = 1 fori € Tpos
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General conclusion

The three chapters of this dissertation investigate how the design of
hiring subsidies and unemployment benefits shapes the early career
trajectories of young labour market entrants. As outlined in the general
introduction, the overarching question is how public policies can
facilitate smoother school-to-work transitions in order to mitigate the
long-term scarring effects of early unemployment, particularly for low-
educated youths. Two chapters focus on this latter group, while the third
examines university graduates at the onset of their professional lives. To
address these issues, the thesis applies rigorous microeconometric
methods—regression  discontinuity and difference-in-differences
designs—to construct credible counterfactuals and identify causal effects
of policy interventions.

While the chapters share a common focus on how labour market policies
shape early careers, the labour market entry of high school dropouts, high
school graduates and master’s graduates differs sharply. Distinguishing
between these groups is therefore essential for drawing nuanced
conclusions and extracting the broader policy lessons of this research.

Chapters 1 and 3 shed light on the labour market integration of young
people with limited schooling. These individuals face very high risks of
unemployment and scarring effects on long-term employability and
earnings, which motivates the design of targeted labour market policies.

Chapter 1 shows that granting early access to hiring subsidies for
low-educated youths does not raise job-finding rates or total time spent
in employment. Under favourable economic conditions, when labour
demand is already high, the subsidies are largely captured by firms
without creating additional jobs. For high school graduates, we show that
the ineffectiveness arises from the tightness of the labour market. These
findings underscore the value of calibrating labour market policies to the
business cycle or local labour market conditions, with cyclical or
geographical targeting offering one avenue to improve effectiveness.
However, according to our findings, such targeting would be effective
only for youths with a minimal level of skills. Indeed, for high school
dropouts, the results show that granting earlier access to hiring subsidies
is ineffective regardless of labour market conditions, underscoring that
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“work-first” policies alone are insufficient for very low-educated
individuals. To improve their long-term employment prospects, policies
that enhance marketable skills would likely be more effective. Training
and education programmes that equip these youths with the
competencies demanded by employers are therefore likely to be more
effective than subsidies that simply lower hiring costs.

Chapter 3 also focuses on high school dropouts, but approaches the issue
from the supply side of the labour market. It shows that extending the
qualifying period granting access to youth-specific unemployment
benefits strengthens their work incentives, resulting in higher
employment. These employment gains are concentrated among women
and are primarily observed in part-time positions, reflecting the initial
overrepresentation of women in part-time work. The findings suggest
that, for very low-educated youths, tightening eligibility rules can
stimulate employment when job opportunities exist. Indeed, women are
particularly represented in sectors with high levels of unfilled vacancies.
More importantly, the results indicate that the observed employment
gains stem from increased job-search intensity rather than from lowered
job acceptance criteria, indicating that individuals are not pushed into
lower quality jobs—a finding of particular relevance for policymakers.
However, policymakers should also be aware that the persistence of the
employment effect over time appears limited. Taken together with the
fact that employment gains are largely confined to part-time positions,
this indicates that the policy reform fails to foster sustainable integration
into employment.

A possible explanation for the absence of effects among men is
highlighted: the lower availability of jobs in the sectors in which they are
more likely to work. This hypothesis warrants further investigation. If
confirmed, this would reinforce the argument that training and
occupational guidance—particularly towards sectors with more unfilled
vacancies—are crucial for improving employment outcomes among very
low-educated labour market entrants, potentially yielding more lasting
employment gains.

Chapter 2 examines the case of master’s graduates, for whom the
transition to employment is generally less difficult, but for whom the
main challenge lies in making several important life-course decisions
simultaneously. This chapter shows that labour market policies—
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through the financial support they provide at a crucial moment in life—
can spill over into other life-course choices. Specifically, it finds that for
men, tightening unemployment benefits eligibility at the start of their
careers delayed nest-leaving by increasing co-residence with parents. For
women, by contrast, stricter eligibility did not postpone leaving the
parental home. Instead, they increased their employment rate to
preserve residential independence.

From a policy perspective, these findings illustrate that seemingly
gender-neutral reforms may trigger gender-differentiated behavioural
responses. This also underscores the need for policymakers to be mindful
of unintended consequences when introducing reforms at times of
multiple, interdependent life decisions. The initial objective of the reform
was to increase employment. However, the literature suggests that
delayed nest-leaving may, in the longer term, reduce labour supply. While
my data do not allow me to test this directly, this hypothesis deserves
further investigation through longitudinal analyses to assess whether
staying longer with parents is ultimately detrimental to men’s
employment. If so, the original objective of the reform would not be
achieved and might even be undermined.

Taken together, the three chapters underscore the importance of
heterogeneity in assessing the effectiveness of labour market policies.
The results show that the same type of intervention—whether subsidies
or benefits reforms—can produce divergent outcomes depending on
educational attainment, gender, and local economic conditions. Hiring
subsidies fail to improve job finding for high school dropouts, yet may
yield modest gains for graduates in some specific economic conditions.
Stricter unemployment benefits affect men and women differently: while
men delay household formation, women increase their labour supply to
preserve autonomy. Extending the qualifying period for youth
unemployment benefits entails gender-differentiated effects, with
employment gains arising only among women. These findings highlight
that labour market policies cannot be evaluated in isolation but must be
situated within the broader socioeconomic context in which young
people navigate their school-to-work transitions.

This focus on heterogeneity also opens promising avenues for further
research. Beyond education, gender, and labour market conditions, other
dimensions—such as migration background, socioeconomic status, or
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family resources—deserve closer scrutiny to ensure that policies do not
inadvertently produce unintended consequences on some groups or
reinforce pre-existing differences. In this dissertation, heterogeneity by
migration background emerges as a particularly important question that
deserves closer investigation. Chapters 2 and 3 indicate that a non-
negligible share of labour market entrants in Belgium has at least one
non-Belgian grandparent—among both high school dropouts and
master’s graduates. The employment gains observed for certain groups,
such as women in Chapter 3, may be less pronounced for individuals with
amigration background, as they face greater barriers to employment. The
effect on housing autonomy is also likely to differ. On the one hand, the
age at which individuals leave the parental home is strongly shaped by
cultural norms: young people with a migration background may have
different preferences than those without. On the other hand, they may
also face different constraints: the data show that household income
tends to be lower among households of youths with a migration
background. Differences between young people with and without a
migration background reasonably suggest that differentiated effects can
be expected, though this remains hypothetical and more research is
needed to reach robust conclusions.

Beyond heterogeneity, a second avenue for future research relates to the
time horizon of the evaluations. The analyses in this thesis remain
relatively short, spanning one to three years. Longitudinal analyses
would be required to assess whether the observed employment gains and
delayed nest-leaving persist, attenuate, or intensify over time, as well as
to identify other long-term consequences. Longitudinal analyses would
be needed to assess whether observed employment gains, delayed nest-
leaving persist, attenuate or intensify over time or other long-term
consequences. Finally, while the results point toward the importance of
skill enhancement for the most disadvantaged groups, the design of
effective training policies—whether through financial incentives,
improved guidance, or better alignment with local labour demand—
remains an open question that future work should address.

In conclusion, this dissertation contributes to the labour economics
literature by providing new causal evidence on how hiring subsidies and
unemployment benefits affect the early careers of young people in
Belgium. By distinguishing between low-educated youths and university
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graduates, the dissertation highlights the diversity of challenges facing
young labour market entrants and the ways in which policies can interact
with their circumstances. The results carry a clear message for
policymakers: effective support for youth transitions requires attention
to heterogeneity—by education, by gender, and by economic context—
alongside a recognition of the broader life-course consequences of labour
market reforms.
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