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Abstract

This thesis evaluates the effectiveness of the Youth Employment Initiative (YEI), a major
active labor market program (ALMP) implemented by the European Union from 2014 to 2020.
The YEI aimed to reduce the rate of young people not in employment, education, or training
(NEET) in NUTS2 regions with youth unemployment rates of 25% or higher in 2012. Using a
fuzzy regression discontinuity design (RDD), the 25% eligibility threshold is exploited to
estimate the causal impact of the YEI on NEET rates across EU regions. The results reveal that
the YEI had a statistically significant effect in reducing NEET rates when controlling for
economic conditions, on average, by 5.29 percentage points between 2014 and 2019. Tests on
the methodology, including McCrary tests, RDdensity analysis, and covariate balance checks,
were used to verify the identification strategy. Moreover, robustness checks were used to
further very the findings under different conditions, which include a sensitivity analysis with
different bandwidths and a placebo test for the McCrary test. This study contributes to the
understanding of large-scale youth employment interventions. The findings suggest that
targeted ALMPs can effectively reduce NEET rates, but their effectiveness may be influenced
by economic conditions.

Keywords: European Union, European Structural and Investment Funds (ESIF), Youth
Employment Initiative, active labour market policy, youth unemployment, subsidies.
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1. Introduction

Active labor market programs (ALMPs) are a popular policy choice among public officers to
reintegrate young individuals into the workforce or enroll them in educational programs. These
policies include job search assistance and monitoring, accessible training programs or wage
subsidies (Caliendo and Schmidl, 2016). Nonetheless, the effectiveness of ALMPs have to be
evaluated to ensure its goals are met. This certainly applies to the Youth Employment Initiative
(YELI), a policy enforced during the European Commission’s multiannual financial framework
(the Commission’s budgetary term) between 2014 and 2020. The initiative aimed to fund
ALMPs through direct subsidies in EU regions with a youth unemployment above or equal to
25% in 2012.

YEI is arguably one of the largest ALMPs in the world, and if efficient, the initiative
could benefit the youth not employed, in education, or training (NEETS), who made up 13% of
all 15 to 24-year-olds in the European Union in 2013, according to Eurostat (2024d). Most
notably, countries like Italy, Romania, and Bulgaria have had a worryingly high percentage of
NEETs in 2013 and 2014, close to 20% or surpassing 20% (as in the case of Italy) (Eurostat,
2024d). Certainly, these high numbers in 2013 could have been influenced by the Sovereign
Debt Crisis, which significantly affected the European Union and caused a negative labor
supply shock. Hence, YEI could play a crucial role in addressing the high NEET rates caused
by the Sovereign Debt Crisis, offering a path to better opportunities for Europe's youth.

Undoubtedly, the EU should aim to deliver efficient policy solutions to the youth, since
young people are the most sensitive towards labor market fluctuations. For example, between
2008 and 2009, the EU faced an increase of five percentage points in EU youth unemployment
rate from 15% to 20%, while “adults” experienced a two percentage point increase from 9% to
11% (Caliendo et al., 2011). This example highlights how the youth face a higher risk of
unemployment compared to adults due to various factors, including limited work experience,
fewer networking opportunities, incomplete or interrupted education, and the lower stability of
initial jobs (Tomi¢, 2018). All of these factors can help create a “scarring effect”, in which
young Europeans can get stuck in persistent unemployment (Tomi¢, 2018). Thus, EU
policymaking should focus on mitigating the disproportionate impact of labor market
fluctuations on young people and preventing the long-term scarring effects of youth

unemployment in the EU.



Moreover, NEETs can impose significant costs on society. They do not contribute to
government tax revenue, which affects public funding (Tomi¢, 2018). Additionally, they may
participate in protests or social unrest, destabilizing communities (Tomi¢, 2018). Furthermore,
skilled youth leaving the country for better opportunities abroad reduces the nation's potential
for economic growth (Tomi¢, 2018). Therefore, the significant costs to society imposed by
NEETs call attention to need effective policies to integrate them into the workforce and
mitigate these economic and social challenges.

Furthermore, YEI takes 2% of the cohesion policy budget in the EU, or 10 billion euros
of the 531 billion euros available for economic, social or territorial development (European
Commission, 2024). As the new European Parliament begins its term and new members take
on key roles in policymaking, insights from YEI’s performance during the 2016-2020
multiannual financial framework can fuel meaningful debates on tackling NEET rates. With
high NEET rates persisting across the EU —- with countries like Romania reporting a 16.5%
in 2023 (Eurostat, 2024d) — effectively tackling this issue remains an urgent challenge.

In sum, the YEI program is aimed at helping NEETs which impose significant costs to
society, if their problems are not tackled. As such, an analysis of the policy needs to provide
enough statistical evidence that it can reduce the NEET rate during the 2014-2020 multiannual
financial framework to be considered effective. Otherwise, the YEI may be reformed or
removed to make room for other policies.

The goal of this paper is to find the effect of the Youth Employment Initiative
implemented in NUTS2 regions on 16 to 24-year-olds without education, employment or
training in the European Union during the budgetary term between 2014 and 2020, excluding
the year 2020. In order to achieve this goal, a fuzzy regression discontinuity design (RDD) was
constructed. The design exploits YEI’s exogenous threshold, where only NUTS2 regions with
a youth unemployment rate above 25% in 2012 were eligible to benefit from the policy during
the 6-year-long budgetary term. Nonetheless, not all regions met the 25% threshold and were
given funds despite not reaching the minimum youth unemployment rate. Hence, an
instrumental variable (IV) was added to isolate the exogenous variation in the treatment
assignment. As such, the model allows for a comparison between treated and untreated regions
driven by an exogenous cutoff. The results of the fuzzy regression discontinuity design indicate
a coefficient of -5.29, suggesting that YEI recipient regions experienced a reduction in the
NEET rate by 5.29 percentage points compared to non-recipient regions, after controlling for

economic conditions. In sum, the research findings do provide sufficient evidence to conclude



that the YEI had a significant effect on NEET rates among 16 to 24-year-olds in NUTS2
regions.

The thesis is organized as follows: firstly, the background section outlines the
importance of YEI and provides the context needed to fully understand the policy. Next, the
literature review section describes the current state of the literature and identifies gaps that this
investigation aims to fill. Following this, the data section details the sources of the data,
discusses the challenges encountered, and explains how these obstacles were addressed. The
methodology section then extensively explains the identification strategy, including the choice
of the bandwidth and the local polynomial. Afterward, the results section presents the findings
at three levels: without controls, with controls, and across different years, to offer a
comprehensive understanding of YEI’s impact. The falsification tests section evaluates the
robustness of the identification strategy through various tests. Then, the discussion section
highlights the key findings and limitations of the study. Finally, the conclusion summarizes the
main aspects of the investigation and reflects on the implications of the results for future

research and policy design.

2. Background
2.1.  What are NEETS?

A NEET is defined as a young person aged between 15 and 24 years old, who is unemployed
and is not in any form of training or education (Mascherini, 2018). In EU publications, NEETSs
are reported as a percentage of the young population that are not in education, employment or

training. Hence, the indicator is constructed through the following simple calculation:

NEET rate (%)
_ Number of young persons not in education, employment or training (15 — 24)

Total population of young persons (15 — 24)

Unequivocally, the NEET rate differs from the youth unemployment rate. This is
because the youth unemployment rate only measures the active youth population. In other
words, the youth unemployment rate measures the number of unemployed young individuals
actively searching for a job relative to the total young population that is either employed or
actively searching for a job (Mascherini, 2018). As such, the youth unemployment rate tends
to be higher than the NEET rate. Nonetheless, the absolute number of NEETS surpasses the
unemployed youth. For instance, Mascherini (2018) uses the example of the NEET rate and

youth unemployment rate in 2015: the youth unemployment rate in the EU was 20.3% and the



NEET rate was 12%. Yet, this accounted for 4,640,000 unemployed young people and
6,604,000 NEETSs (Mascherini, 2018). Therefore, the NEET rate and youth unemployment rate
differ significantly: while the first includes all young people not in education, employment, or
training, the second only measures those actively seeking work, often resulting in the NEET
rate being lower.

Furthermore, it is important to make a distinction between two types of NEETS,
voluntary NEETSs and non-voluntary NEETS. In this research, involuntary NEETSs will be the
focus, as they represent the most vulnerable group targeted by the YEI, given that they do not
choose to be in this position. Mascherini’s (2018) research highlights two principal factors that
lead to the proliferation of involuntary NEETs in the EU: educational disadvantage and
disaffection. The former is related to social factors such as personal characteristics, family and
the school one attends to, while the latter concerns negative attitude that young people have
towards education or schooling, leading to unexcused absences or expulsion from school
(Mascherini, 2018). Nonetheless, the Eurofound adds a layer of complexity to that answer. As
it argues that there is an interplay of “institutional, structural and individual factors” that affect
the chances of an individual becoming an involuntary NEET (Mascherini et al., 2012, p. 53).
Hence, focusing on involuntary NEETS is crucial, as they represent the most vulnerable group,
influenced by a complex interplay of educational disadvantage, disaffection, and broader
institutional and structural factors.

Moreover, there is a clear consensus on the heterogeneity among NEETS, as they do
not all share the same characteristics. Notably, variations exist across factors such as gender,
age, immigration background, perceived health status, education level, religiosity, and living
status (Mascherini, 2018). For instance, the NEET rate was 16.7% for females compared to
13% for males in 2015 (Mascherini, 2018). Additionally, young people with an immigration
background are 68% more likely to become NEET than nationals, and those with poor health
or disabilities are 38% more likely to be NEET compared to their healthier peers in 2015
(Mascherini, 2018). Hence, NEETSs show significant differences based on factors like gender,
immigration background, and health.

In sum, NEETSs are defined as young people between 15 and 24 years of age who are
unemployed and are not in any form of training or education. This indicator is significantly
different to youth unemployment rate, as it does not only look at the active youth population.
Also, it is important to distinguish between involuntary and voluntary NEETS, as involuntary

NEETS are more vulnerable to the interplay of institutional, structural, and individual factors



that may lead them to becoming NEETS. Lastly, there is heterogeneity among NEETS, for
example females and those with poor health conditions are more likely to be NEETS.

2.2.  The development of the Youth Employment Initiative and
its current relevance

NEET rates in the EU were very low, steadily declining until they reached their lowest level in
2008 at 10.7% (Mascherini, 2018; Eurostat 2024d). However, this decreasing trend halted as
the Great Recession, the Sovereign Debt Crisis, and the subsequent austerity measures
impacted the EU’s overall economy. Consequently, the trend reversed, resulting in a NEET
rate of 15.9% in 2013, the highest ever recorded (Mascherini, 2018). This high number
illustrates that new entrants to the labor market are typically more affected than established
workers during crises (Petrescu et al., 2024). As soon as the EU recognized the negative impact
of the economic crises on NEETS, policymakers began discussing a common policy initiative
in 2010 to reduce NEET rates across the union (Petrescu et al., 2024).

This shift toward prioritizing youth employment and education was crucial because
NEETs are more vulnerable than adults. NEETSs are exposed to the risk of experiencing long-
term 'scarring effects’ during extended economic crises, and they can cause significant
economic costs to society. Firstly, the youth face a higher risk of unemployment compared to
adults due to various factors, including limited work experience, fewer networking
opportunities, incomplete or interrupted education, and the typically less stable nature of initial
jobs (Tomi¢, 2018). Secondly, Cervia (2015) emphasizes the importance of securing
employment or continuing education for recent graduates and young people to prevent the
'scarring effect' of economic crises. This effect results from poor labor market prospects during
prolonged downturns, which can lead to worse long-term employment and income prospects
(Cervia, 2015). Meaning that NEETs were at risk of getting trapped in a cycle of unemployment
or informal unemployment. Therefore, if the youth are left without any aid under their
vulnerable conditions, their problems could become structural issues which are more
complicated to alleviate. Thirdly, NEETs also cause long-term negative economic impacts,
contributing significantly to costs in social safety nets and lost tax revenue. For example, the
cost of NEETSs in 2015 amounted to a total of 142 billion euros annually, with a 12.2% NEET
rate (Eurofound, 2024). At a societal level, high numbers of NEETSs exert additional pressure
on social welfare systems, which can have enduring negative consequences if NEETs remain

unemployed or without education.



Ultimately, the prioritization of NEETs in the EU policy agenda led to the establishment
of the Youth Guarantee program in 2012 (Tymowski, 2017). The initiative was created with
the goal of ensuring that young people can find suitable jobs or educational programs for
themselves. Under the Youth Guarantee program, all member states pledged to initiate active
labor market policies (ALMPSs) such as traineeships and apprenticeships, in order to reduce the
number of NEETSs (Bratti et al., 2022). Additionally, NEETSs are central to the Youth Guarantee
initiative, because it aims to ensure that all young people aged 15 to 24 who are not employed,
in education, or in training receive a quality offer of employment, further education, or an
apprenticeship or traineeship within 4 months of becoming unemployed or leaving formal
education (Mascherini, 2018).

Yet, some nations faced a larger burden due to notably high levels of youth
unemployment and were unable to fund as many projects as needed for the Youth Guarantee
program. Therefore, the Youth Employment Initiative was implemented alongside the Youth
Guarantee program, in order to deliver financial support to the regions facing an extraordinary
level of youth unemployment in 2013 (Tymowski, 2017). Between 2014 and 2020, the YEI
allocated 9 billion euros to Youth Guarantee projects aimed at NEETs aged 16 to 24 in EU
NUTS2 regions with a youth unemployment rate of 25% or higher (European Commission,
2023a; Tymowski, 2017; Mascherini, 2018). YEI is also considered an active labor market
policy under the OECD’s definition, which states that ALMPs are those policies that are “aimed
at the improvement of finding gainful employment or to otherwise increase their earnings
capacity” (Vanroy, 2016, p.1). Hence, YEI is considered an ALMP because it aims to improve
NEETs' chances of finding employment or education—thereby enhancing human capital
formation and ultimately affecting their earning capacity—through regional subsidies.

After its implementation between 2014 and 2020, YEI remains important in the
European stage. In May 2021, the European Commission released the European Pillar of Social
Rights Action Plan, which stated the goal of reducing the rate of NEETs between 15-29 years
of age to 9% by 2030 (Eurofound, 2024). To put this goal into context, in 2021 the NEET rate
was at 13.1% and even today, the rate is at 11.2% (Eurostat, 2024). Notably, some member
states have already reached the goal, such as The Netherlands or Denmark with NEET rates
well below the 9% targeted. Nevertheless, it is still crucial to tackle exceptionally high rates in
countries like Bulgaria, Italy or Greece since their NEET rates are surrounding 20% (Eurostat,
2024d). These high rates can be explained by the lasting effects of the COVID-19 pandemic.
During the pandemic, the EU underwent heavy restrictions, including the suspension of

schooling and restricted opening hours (affecting the ability for businesses to hire new



workers). These effects damaged young people's ability to accumulate human capital and kick-
start their professional lives (Eurofound, 2024). Hence, YEI can still take an important role to
achieve the European Commission’s goal to reach a NEET rate of 9% by 2030 through the
provision of important subsidies to traineeships or studies. This study can provide evidence to
better understand the impact of YEI in NEETs and how it takes a role to reach the European
Commission’s target.

In essence, NEET rates experienced a drastic increase during a period of prolonged
economic stagnation after 2008. Consequently, EU policymakers acted to safeguard the
naturally vulnerable NEETS, as well as to prevent long-term damaging effects such as the
scarring effect and further societal costs including high pressure on welfare programs.
Ultimately, it led to the development of the Youth Guarantee Program and the complementary
financial program, the Youth Employment Initiative during the multiannual financial
framework between 2014 and 2020. Nowadays, YEI remains relevant as European NEETSs still
suffer from the effects of the COVID-19 pandemic, which impaired their ability to accumulate

human capital and enter the job market.

2.3.  YEI within the European budget

The EU budget has always been a subject of intense debate, sparking heated discussions on
how the EU funds should be distributed since the foundation of the European Community in
1958. Historically, the common agricultural policy (CAP) has amounted to the largest share of
EU funds, corresponding to 92% of the budget at its peak in 1970 (Baldwin and Wyplosz,
2019). However, as soon as the EU experienced its first enlargement in 1973 with the addition
of Ireland, Denmark and the United Kingdom; the budget has been increasingly shifting
towards European Structural and Investment Funds (ESIF) (Baldwin and Wyplosz, 2019).
ESIF’s goal is to promote regional and urban development, or in other words, its goal is to
enhance regional and urban cohesion with the rest of the union. Nowadays, the CAP and ESIF
together account for a total of 80-85% of the entire budget, with ESIF alone comprising over
40% (Baldwin and Wyplosz, 2019). Indeed, this change towards cohesion spending is in line
with the EU’s goals. Article 174 of the Lisbon Treaty supports the need to aid the least favored
regions in EU member states, to strengthen economic, social and territorial cohesion (Baldwin
and Wyplosz, 2019).

Moreover, the EU budget is decided through medium-term agreements with a length

of seven years under the “Multiannual Financial Framework”. Currently, the 2021-2027



budgetary term is ongoing. Nonetheless, this paper will focus on the budgetary term 2014-2019
with the aim of analyzing its past effects.

During this period, the EU was committed to spend one third of the multiannual
financial framework’s budget on European Structural and Investment Funds, and it ultimately
amounted to a total of 525 billion euros (Baldwin and Wyplosz, 2019; De Keersmaecker &
Favalli, 2023). The total amount of 525 billion euros was divided into five different categories:
the European Regional Development Fund, the European Social Fund, the Cohesion Fund, the
European Agricultural Fund for Rural Development (EAFRD), and the European Maritime and
Fisheries Fund (European Commission, 2023a). Notably, the regional development fund
received the largest percentage of funds at 42.1%, followed closely by the social fund at 20.7%;
conversely, the maritime and fisheries fund accounted for only 1% of the entire budget
(European Commission, 2024). Similarly, the YEI program does not take a large part of the
European Structural and Investment Fund’s budget as it only makes up for 2%, or a total of 9
billion euros (European Commission, 2024). YEI is in a category on its own, which means that
it is not in a subcategory of the social fund or the development fund. However, half of this fund
is financed by the European Social Fund, and it is implemented in accordance with its rules
(European Commission, 2023b). This means that the European Social Fund and YEI both share
the objective of enhancing social inclusion through improving employment opportunities by
employing substantial financial resources (Regulation (EU) No 1304/2013, 2013). The other
half remaining of YEI’s funds comes from dedicated funding towards the cause (European
Commission, 2023b).

To sum up, the Youth Employment Initiative (YEI) is part of the Multiannual Financial
Framework for the period 2014-2020. While it falls under the European Structural and
Investment Funds, it operates within its own distinct category. Despite this separate
classification, it adheres to the rules of the European Social Fund, with half of its total budget

amounting to 9 billion euros coming from the European Social Fund.

3. Literature Review

3.1. Theoretical reasoning
A theoretical understanding of active labor market policies (ALMPs) —such as YEI— is
crucial in order to be able to anticipate their effects. One can look at the potential impact of
ALMPs through the lens of Kluve et al. (2016). According to the authors, youth participation

in ALMPs will improve their employment and earning outcomes. In order to support such



claim, they present positive causal chains that explain how active labor market policies enhance
youth opportunities, as follows:

Firstly, NEETs in the EU may lack skills in technical, vocational, cognitive, and non-
cognitive areas (Kluve etal., 2016). Through the supply of skills training, recipients will benefit
from technical, vocational or non-cognitive skills that boost their human capital and make them
desirable in the job market (Kluve et al., 2016). Hence, one should expect a reduction in youth
unemployment rate after they benefit from training. Secondly, NEETs may lack information
on desirable skills to employers or about job opportunities (Kluve et al., 2016). Through the
delivery of employment and intermediation services, they lower transaction costs for NEETs
to obtain information by facilitating information exchange between employers and potential
employees (Kluve et al., 2016). Thus, the youth would be able to find more easily jobs that suit
their preferences, and as such, youth unemployment rate would lower. Thirdly, NEETs may
have little or no work experience (Kluve et al., 2016). Through the provision of subsidized
employment, hiring costs lower and employers become more likely to hire young Europeans
(Kluve et al., 2016). Therefore, individuals gain experience and become more productive,
making them more attractive in the job market and leading to lower youth unemployment rates.

Furthermore, the Council of Economic Advisers (2016) also argue in favor of positive
effects of ALMPs towards NEETSs. They explain that ALMPs, particularly training programs,
positively impact employment by enhancing participants’ skills and productivity, making them
more attractive in the job market. Hence, one should expect that YEI should reduce the youth
unemployment rate after their recipients benefit from training.

Nonetheless, YEI could have negative impacts towards its recipients. Kluve et al.
(2007) point out that policies that lead to direct job creation can lower the employability of the
beneficiaries, because of the stigma created when entering the job market through a government
position. Employers in the open market may view these individuals as less competitive or less
capable than those who secured employment through standard market mechanisms.

In summary, the theoretical grounds in which YEI would work are vague in nature.
Most of the theory predicts a positive outcome, nonetheless, empirical evidence is necessary to

complement the theoretical reasoning.

3.2. Academic, national and EU literature

The literature available does not reach an overall consensus on the potential outcome of YEI.

On the one hand, European Commission, European Parliament and national reports endorse



the positive results of YEI at a national level using factual evidence or impact analysis
techniques. On the other hand, academic papers show mixed results on the potential outcomes
of YEI.

Firstly, The European Commission and European Parliament reports display positive
results of YEI. Ferrer et al. (2016) in behalf of the Commission, use factual evidence to
conclude that the YEI has played a positive role in reducing the number of NEETSs during the
period 2014-2016. They use national data from the 28 member states to display positive results.
For example, in France, 32,000 participants took part in YEI funded programs. Out of the
sample, 45% found a job, 22% got into education or training and the rest were still looking for
a job (Ferrer et al., 2016). However, one of the main drawbacks of this paper is the lack of an
econometric analysis. Hence, the paper lacks a layer of empirical depth of the findings, to
critically evaluate whether the effect in the youth labor market was statistically significant.

Moreover, Tymowski (2017) in behalf of the European Parliament, uses data from the
European Commission as well as information from the European Parliament to argue in favor
of the effects of YEI in the EU until 2017. The author explains that the national evaluations
from France and Poland, as well as the data from Greece and Spain, show that one third of the
participants of YEI are entering the labor market (Tymkowski, 2017). In addition, the paper
highlights Italy as a country where 44% of its YEI participants —who finished the program—
were employed 6 months after they finished the program. Moreover, the author outlines the
claim of the Commission which states that the EU experienced a decrease by 700,000 NEETs
when comparing 2015 with 2013, as a direct result of Youth Guarantee program with support
of YEI. However, just like Ferrer et al., Tymkowski does not use any econometric techniques
to support his claims, only factual evidence derived from official records. Similarly, his
statements show a strong support towards the program.

Then, national non-academic analyses also display positive results of YEI in 4
countries: England, Portugal, Slovenia and Croatia. They are summarized in Table 1. Most
notably, the paper on England is the most detailed and complete analysis among the available
papers. Atkinson and Cutmore (2022) unveil the effects of YEI in England during the budgetary
term 2014-2020. They used a mixed methods approach by combining qualitative data such as
interviews, and an empirical analysis through the use of diff-in-diff and propensity score
matching, to estimate the effects of the financial support. Evidence shows that the number of
NEETs were reduced from 786,000 to 651,000 from 2014 to 2018 (Atkinson and Cutmore,
2022). Also, the authors found out that YEI participants were employed for 56 days longer than

non-participants and that 25% of those who left the YEI program were finding employment
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(Atkinson and Cutmore, 2022). Additionally, the researchers conducted a cost-benefit analysis
based on 20 YEI projects, considering four benefits: increased earnings for individuals,
increased tax revenue, reductions in government welfare spending, and health benefits from
being employed. In regard to costs, the 20 projects had different costs per participant, making
each project unique. Nonetheless, the average cost per participant was calculated to be a total
of 2,600 pounds (Atkinson and Cutmore, 2022). The results of the cost-benefit analysis
estimated a social return of £1.50 to £1.55 per £1 spent in YEI, based on the four benefits
considered and the cost per person of each project. Therefore, the overall results of YEI were
positive in England.

Additionally, Duarte et al.’s (2020) analysis on the effects of YEI in Portugal, employs
a sophisticated empirical methodology through the use of an optimal matching algorithm in
order to deliver causal effects. The authors identify different effects of distinct youth guarantee
programs, such as internships from 6 to 18 months, employment from 6 to 18 months or, a
mixed program including an internship of 12 months and employment for 12 months. Overall,
YEI had a positive impact in Portugal, leading to higher wages for those treated, with an
increase of 145 to 313 euros compared to their counterfactual (Duarte et al., 2020). Also, those
who benefited from projects financed by YEI are 7.7 to 31.7 percentage points more likely to
be employed than those in the same situation without YEI support. Hence, YEI had a significant
positive impact on the treated in Portugal.

However, not all national reports are as thorough and sophisticated as in the case of
Duarte et al. (2020) and Atkinson and Cutmore (2022). Botri¢ (2017) and Ramsak (2017)
evaluated the effects of YEI in Croatia and Slovenia respectively only using factual evidence
provided by the national governments. Their analyses were mainly informative about the labor
market in Croatia and Slovenia in 2017, and they also described the socio-political context of
the nations. As such, the authors’ analyses were not causal, and they only outlined the factual
evidence provided by the national governments. For instance, Botri¢ (2017) states that the
overall youth unemployment rate lowered from 42.1% in 2012 to 31.1% in 2016 while YEI
was being implemented in Croatia. It is surely informative, but the decrease in youth
unemployment rate cannot be fully attributed to YELI. In the case of Slovenia, Ramsak (2017)
indicates that YEI was able to benefit 2891 people between 2016 and 2017. This fact requires
a deeper analysis to understand how it affected the whole youth unemployment rate in Slovenia.
Thus, the two analyses by Ramsak (2017) and Botri¢ (2017) are mainly descriptive. In regard

to the rest of EU member states, they all have released a national statement on YEI in 2016
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called “First results”. They are also descriptive in nature, and they display a general positive
sentiment towards the policy.

In summary, the papers by the European Commission and the European Parliament
show a strong support towards YEI, however, they do not employ any econometric techniques
to reach causal claims. In the case of national reports, Portugal and England have sophisticated
assessments through the use of econometric methodology, and in the case of England even a
qualitative analysis and a cost-benefit analysis. They display very positive results and argue in
favor of YEI. On the other hand, countries like Slovenia and Croatia provide national reports
only based on factual evidence. They lack any sort of critical evaluation of the policy, and they

are informative in nature, but with a positive outlook on YEI.

Country Method of Date of Findings
analysis publication
Portugal (Duarte | Optimal matching | 2020 Higher earnings in internships,
et al., 2020) algorithm between 145 and 313 euros more.

Higher employability than non-
treated, between 7.7 and 31.7 p.p.

Slovenia Factual data 2017 2981 young people found

(Ramsak, 2017) employment.

England Cost benefit 2022 Reduction in NEETSs from 786,000 in

(Cutmore, 2022) | analysis, and 2014 to 651,000 in 2018. Longer
mixed methods employment. Social return of £1.50 to
(qualitative and £1.55 per £1 spent in YEI.
quantitative
analysis)

Croatia (Botric, Factual data 2017 Decrease in youth unemployment rate

2017) from 42.1% in 2012 to 31.1% in 2016.

Rest of EU Factual data 2016 General decrease in youth

unemployment.

Table 1: National analyses of YEI

Now looking at the available academic literature, there are three types of papers:
literature on Eurepean Structural and Investment Funds (ESIF), papers in programs funded by
YEI or research in general youth employment programs. Firstly, ESIF papers display mixed
results. Arguably, the most important paper on European Structural and Investment Funds was
written by Becker et al. (2010). The author looks at the impact of ESIF in economic growth
and unemployment from 1986-2006 while looking at NUTS2 regions. This paper is the closest
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to the work that is intended to be done in this thesis, with the main difference being a different
budgetary term and the focus on YELI. The results of the investigation are derived through the
use of a regression discontinuity design (RDD) and they display no employment growth effects
of any kind. Moreover, Crescenzi and Giua (2020) use a spatial RDD to explore the effects of
Cohesion Policy on economic growth and employment in the period from the year 2000 until
2014. The authors conclude with positive and significant EU-wide impacts in employment and
economic growth. These two papers display the effects of cohesion policies and their impact
on employment, however, these did not target NEETSs specifically nor were they aimed towards
the youth.

Then, there is very limited literature on specific Youth Guarantee programs that
benefitted from YEI. Nonetheless, the paper by Bratti et al. (2022) is the only one that | was
able to find. The research analyzes the effectiveness of a vocational training program for
NEETSs in Latvia which was funded by YEI. It uses a fuzzy RDD to estimate the impact of
participating in the program. Yet, the results show no significant effects on employment status
or labor income after training.

Lastly, the literature on general youth employment programs can be summarized by the
meta-analysis by Kluve (2010). It explores the effectiveness of European active labor market
programs (ALMPs) until 2010. As a result, the author explains that ALMPs targeted towards
the youth are less effective than those targeted at adults and that there is no association between
unemployment rate and ALMPs targeted towards the unemployed youth. Nonetheless, Kluve
(2010) points out that the latest papers on youth ALMPs were showing positive results,
probably due to new estimation methods which are more reliable. But even after this remark,
the results remain insignificant and one would not expect positive results of YEI.

In sum, there is an important gap in the empirical literature because there are no papers
that address the impact of YEI on an EU wide level. As of now, most reports focus on results
at a national level, and they lack depth; while academic papers address either specific projects
that were funded by YEI or they look at the wider picture through the analysis of all the
European Structural and Investment Funds. Therefore, a paper addressing the effects of YEI

on the EU as a whole, would be able to fill the current gap in the literature.
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4. Data
4.1. The data used

The main data source used in this investigation is Eurostat. The source provided data on NEET
rates, youth unemployment rate, YEI funds allocated, real growth rate and real labor
productivity. As such, most of the data used in the report comes from this governmental source,
excluding the statistics on the amount of YEI funds received, which comes from the
Directorate-General for Regional and Urban Policy of the European Commission. All the
observations in this study are recorded annually and regionalized according to the NUTS
method at level 2. Additionally, the data covers the population aged between 16 and 24. The
reason for this range is simple, the YEI targets NEETs aged between 16 and 24 years old
(Tymkowski, 2017). Moreover, the observations cover the time frame between 2014 until
2019; except for youth unemployment rate, which covers only the year 2012 —because 2012
is the only year in which youth unemployment is used to determine treatment status. Even
though the multiannual financial framework covers the years 2014 until 2020, 2020 has been
excluded. The year 2020 was extraordinary due to the COVID-19 pandemic, which
significantly affected the NEET rate in the EU. The impact of YEI might have been undermined
by the ongoing health crisis, making 2020 an outlier and not representative of normal economic
conditions. Therefore, removing 2020 from the analysis ensures consistency in the data and

allows for an accurate evaluation of YEI's typical performance.

4.2. NUTS

The NUTS (Nomenclature of Territorial Units for Statistics) system is Eurostat’s method for
classifying economic regions based on national administrative subdivisions and population size
to facilitate the EU’s fund delivery mechanisms (Eurostat, 2024a). Eurostat divides European
regions into three levels (level 1, level 2, and level 3) according to these criteria. This
investigation will focus on NUTS2 (NUTS level 2) which are the regional subdivisions in each
member state with populations between 800,000 and 3 million people, identified by a two-digit
code (Eurostat, 2024a). The decision for choosing NUTS2 is because YEI funds are distributed
to NUTS2 regions.

Notably, NUTS classifications last at least 3 years to ensure some statistical stability.
For example, NUTS 2010 covers the classification of regions from 2012 until 2014. However,
due to national interests or population changes, regions may undergo reclassification after this

period. There are five potential changes regions might experience in their NUTS
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reclassification: name change, recoding, discontinuation, creation of new region, and boundary
shift or splitting (Eurostat, 2024a). Appendix 1 provides further details on each of the changes.
Most importantly, it highlights the creation of a new region, boundary shifts, and region splits
as the most disruptive changes in NUTS reclassification.

In sum, NUTS is Eurostat’s regional classification system which last for 3 years, and it
is based on administrative subdivisions and population size. After 3 years, they may experience
changes of which, the creation of a new region, boundary shifts and region splits are the most

significant changes.

4.3. Challenges with NUTS

The data available on Eurostat is presented in varying NUTS classifications. In this
investigation, data covers the budgetary period from 2014 to 2019, which spans six years and
could include at least two changes in NUTS classifications. Indeed, this was the case, with a
shift from NUTS 2010 to NUTS 2013, followed by a change from NUTS 2013 to NUTS 2016.
NUTS 2010 was in effect from 2012 to 2015, NUTS 2013 from 2015 to 2017, and NUTS 2016
from 2018 to 2020. As there were two reclassifications, there was the risk of receiving data
from Eurostat at different NUTS classifications if the datasets were not all simultaneously and
homogeneously updated. Certainly, Eurostat’s datasets did not provide all the data in one
NUTS classification, so the regional observations were categorized under NUTS 2010, NUTS
2013 and NUTS2016. Thus, a decision was made to settle on one common NUTS classification
to preserve consistency throughout the panel data and allow for regional comparisons. NUTS
2010 was chosen as the main classification system to which all observations would be
transformed. This classification was selected because YEI funds were delivered based on the
youth unemployment rate of 2012, and the NUTS classification in use in 2012 was NUTS 2010.

The conversion into NUTS2010 classification was calculated through the use of
asymmetric spatial interpolation in R by Hennicke and Werner (2024). This technique uses
three different weights: regional area in square kilometres, population size and built-up area.
The R package allows to transform data from later NUTS versions to older NUTS versions and
vice versa. Therefore, through the use of the R package by Hennicke and Krause, the
conversion to NUTS 2010 was possible. Nonetheless, not all regions needed to be converted
to the 2010 classification. Only regions that underwent a significant change, such as

discontinuation, creation of a new region, boundary shift, or split, had to be converted back to
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NUTS 2010. The relevant changes that regions experienced with newer NUTS classifications
are detailed in Appendices 2 to 4.

Ultimately, asymmetric spatial interpolation was the best method to obtain NUTS 2010
through the use of weights and considering differences across time, because there are no
repositories for data from previous versions or alternative methods for gathering NUTS 2010
data.

4.4. Descriptive statistics

(D 2 (3) 4 (5)
Variables Observations Mean SD Min Max
Treated Regions 272.00 0.68 0.47 0.00 1.00
YEI Funding Allocated 272.00 21,255,386.31 41,130,325.45 0.00 306,350,150.00

Table 2: YEI allocation and treatment

(1) (2) (3) (4) (5)

Variables Observations Mean SD Min Max
Youth Unemployment 2012 256 26.70 15.12 4.10 72.30
NEETS 2012 264 1303 6.03 310 3590
NEETS 2019 253 1064 563 270 35.00
Avg NEETs 14-19 269 1161 575 317 3287

Table 3: Youth unemployment and NEET rate

Tables 2 and 3 provide descriptive statistics to identify initial patterns and summarize data. In
Table 2, one can see a balanced table with 272 regions which are identified in the NUTS 2010
classification. This is because the data comes from DG Regio which is partly responsible for
covering and managing YEI funds (European Commission, 2024). However, Table 3, is not
balanced. This occurs because EUROSTAT relies on NUTS2 regions to gather the data. For
instance, there are only 256 observations out of the possible 272 for the youth unemployment
rate in 2012.

Furthermore, Table 2 shows that, on average, NUTS2 regions received 21,255,386
euros to fund Youth Guarantee programs. Notably, the Andalusia region in Spain received the
highest YEI funding, totalling 306,350,150 euros.

In regard to patterns and trends, one can observe in Table 3 that NEET rates have
decreased from 2012 to 2019, on average 2.39 percentage points. Such a feat, could have been

caused by the wide availability of YEI funds across the EU. On Table 2, one can observe that
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68% of NUTS2 regions were treated, and hence, they received YEI funds. Additionally, the
notion that YEI funds contributed meaningfully to a decrease in the NEET rate is further
supported by the fact that NEET rates were lower on average during the entire treatment period
from 2014 to 2019 compared to 2012.

In summary, despite initial signals indicating a reduction of NEET rates during the
treatment period, an econometric analysis with a sound identification strategy is required to be
able to make causal claims on whether YEI funds truly contributed to a decrease in NEET rates.

5. Methodology
5.1. ldentification strategy

The objective of this research is to estimate the effect of the Youth Employment Initiative (YEI)
on NEETSs from 2014 to 2019, focusing on NUTS2 regions with a youth unemployment rate of
25% or higher in 2012—referred to as treated regions. To achieve this, a regression
discontinuity design (RDD) has been employed. RDD is useful for estimating treatment effects
in non-experimental settings, particularly when treatment is assigned based on whether an
observed variable surpasses a specific cutoff (Thistlethwaite & Campbell, 1960). In this study,
RDD will quantify the impact of receiving YEI funding for regions with a youth unemployment
rate above the 25% threshold in 2012. The model relies on the assumption that regions just
above and below the cutoff are comparable, except for the treatment received. This allows for
a direct comparison at the cutoff and accurate estimation of YEI’s effects. Hence, RDD is
chosen for its ability to utilize the exogenously determined 25% threshold to evaluate the
impact effectively. As such, a simple RDD model can be constructed, with subscripts t for time

(in year) and i for the specific NUTS2 region:
Equation 1: Ny = B0, + BITy + f(Yi) + &

Equation 1 resembles a sharp regression discontinuity design. Where N is the dependent
variable, and it represents NEET rate per NUTS2 region. Then, T represents the main
independent variable, which is a dummy denoting whether a NUTS2 region has been allocated
YEI (Youth Employment Initiative) funds, taking the value of 1 if the region has received such
funding and 0 otherwise. Lastly, Y denotes the youth unemployment rate in 2012, which is the
running variable/assignment variable. In essence, the running variable determines which

observations are eligible for treatment.
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Furthermore, it is essential to analyze the data to assess whether the sharp regression
discontinuity design (RDD) in Equation 1 is appropriate. This is because there are two main
types of RDD: sharp and fuzzy. In order to determine which one to choose, it is important to
understand the nature of the assignment rule. Specifically, it is necessary to check whether
there is perfect compliance on both sides of the cutoff (deterministic) or imperfect compliance
(probabilistic) (Hahn et al., 2001). If the assignment rule is deterministic, meaning that the
treatment is assigned strictly based on whether the running variable is above or below the
cutoff, a sharp RDD is appropriate (Hahn et al., 2001). On the other hand, if there is imperfect
compliance, where the treatment assignment is not strictly adhered to based on the cutoff, a
fuzzy RDD is a better choice (Hahn et al., 2001).

To facilitate the identification of a deterministic or probabilistic assignment rule, Graph
1 displays the probability of receiving treatment near the threshold, specifically within 5 units
above and below the 25% youth unemployment rate. On the right side of the cutoff, there is
perfect compliance; all observations are treated. However, on the left side of the cutoff, there
are observations that receive treatment despite not being eligible for it. Therefore, fuzzy
regression discontinuity design is the most appropriate RDD type, because there is a

probabilistic  assignment rule (imperfect compliance around the threshold).

Probability of treatment over youth unemployment in 2012

Probability of treatment (%)

\

T T T T T T T
18 195 21 225 24 255 27 285 30 315
Youth unemployment rate in 2012 (%)

Figure 1: Probability of receiving treatment near the threshold

A fuzzy RDD is characterized by the use of an instrumental variable (IV), in order to
prevent endogeneity concerns. Endogeneity can be defined as the case in which an explanatory
variable is correlated to the error term. Stated differently, the instrumental variable will allow
us to eliminate the risk of other variables affecting the probability of treatment. For instance,

political leverage or past deals with the EU might have influenced NUTS2 treatment status. As

18



such, these concerns can be tackled through an 1V that is exogenous. With the introduction of
an instrumental variable, the model will calculate a local average treatment effect (LATE). This
means that once the IV is added, the design will no longer estimate the effect for the entire
population, instead the effect for the subgroup that becomes treated because of the introduction
of the instrumental variable. In this paper, the instrumental variable is a binary indicator that
captures compliance with the 25% youth unemployment threshold rule for YEI fund allocation.
More specifically, the IV equals 1 if a region has a youth unemployment rate of 25% or higher
and receives YEI funds. While the IV equals 0 if the region has a youth unemployment rate
below 25% and does not receive YEI funds. Hence, the 1V design would calculate the effect of
the policy on the subgroup of regions that fully comply with the exogenous rule.

After adding the instrumental variable to the regression discontinuity design, the model
becomes a so—called “two-stage” model. This is because the IV cannot influence the outcome
variable directly. In the first stage, the instrumental variable (IV) is used to estimate the
probability of treatment, ensuring that any variation in the treatment variable is due to the 1V
and no other confounding factors. In the second stage, the probability of treatment estimates
the effect on the outcome variable. This approach ensures that the outcome is influenced by the
IV only indirectly through its effect on the treatment variable. The first stage of the model is

defined as follows:
Equation 2 (First stage): T;; = a0; + alD;; + f (Vi) + Wit

Where T is a binary variable indicating if a NUTS2 region received YEI funds, with T=1 for
regions with funding and T=0 otherwise. Then, D is the instrumental variable, a dummy
variable indicating compliance with the 25% youth unemployment threshold rule for YEI fund
allocation. It equals 1 if a region's youth unemployment rate is 25% or higher, qualifying it for
YEI funds, and 0 if the rate is below 25%, resulting in no YEI funds. Furthermore, Y is the
running variable: youth unemployment rate in 2012. Lastly, u is the error term of the first stage.

Moreover, the second stage is specified as follows:
Equation 3 (Second stage): N;; = 0, + BITi + Xie + f(Vie) + &1t

Where T explains how much of T;, is explained by D;.in the first stage. In essence, this
illustrates how the 1V affects the outcome variable. Then, N represents the rate of NEETS per
NUTS2 region. N will take the form of the average rate of NEETs between 2014-2019.
Additionally, it will also be shaped as the NEET rate for each individual year in the period of
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interest in each analyzed NUTS2 region. Moreover, X represents a vector of control variables,
including real labor productivity and real growth rate in 2012 and the average during the
treatment period. Lastly, ¢ is the error term of the second stage. Ultimately, the local average
treatment effect (LATE) is calculated through the second stage estimation, providing insights

into the impact of YEI funding on NEET rates.

5.2. ldentification assumption

An RDD is able to identify the treatment effect through the identification assumption that the
observations just above or just below the cutoff are on average the same, with the only
difference being whether they have been treated or not. This approach selects observations
below the threshold as the control group and those above the cutoff as the treatment group,
based on the running variable (youth unemployment rate). The effect of the policy is then
calculated as the difference between these two groups.

In order to ensure that the identification assumption is satisfied, two potential issues

have to not be apparent: i) manipulation of the treatment and ii) discontinuities in covariates.

5.2.1. Manipulation of the treatment
Manipulation of the treatment may occur if EU regions have the ability to control their own
youth unemployment statistics. If regions were able to alter their statistics, the assignment of
treatment would no longer be as good as random. For example, if regions manipulated their
data to obtain additional YEI funds, it could introduce selection bias, leading to a sample that
is neither representative nor balanced on average.

Overall, there are no significant concerns suggesting manipulation of the treatment in
the design. To support this assertion, both theoretical reasoning and statistical evidence will be
provided. Statistical evidence will be presented through a McCrary test — and an RDensity
analysis located in appendix 4—, while theoretical reasoning will be discussed subsequently.

The main theoretical argument against the possibility of sorting at the threshold is based
on the assumption that NUTS2 regions can not manipulate historical data. The Youth
Employment Initiative was proposed and launched in 2013 for the budgetary period from 2014
to 2020, with eligibility determined by youth unemployment data from 2012 (European
Commission, 2023b). Therefore, since NUTS2 regions could not have altered their youth
unemployment data from 2012, they could not have known in advance that they needed to meet

the 25% youth unemployment threshold to qualify for YEI funds. As such, this theoretical
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reasoning supports the assumption that the assignment of treatment around the threshold is
essentially random, supporting the credibility of the RD design.

Furthermore, the McCrary test is designed to check for manipulation of the running
variable in an RDD at the cutoff point, by looking for discontinuities. Figure 2 displays a
visual depiction of the test, with a dashed line which shows the cutoff, a solid black line that
represents the estimated density function and two lines above and below the black line which
represent the confidence intervals. Upon inspection, there is a noticeable jump in the density
function of approximately 0.02 units at the threshold. This suggests a higher density below
the cutoff and lower density above the cutoff. Therefore, there are initial signs of potential
manipulation of the running variable in NUTS2 regions to benefit from YEI funds.

06

04+

024

T
80

Figure 2: McCrary test, graphical display

However, a graphical analysis is not sufficient to establish that the discontinuity is
significant. As such, one has to rely on the estimates provided by the test itself, which can be
seen in Table 4. The McCrary test yielded an estimate of -0.470, which suggest a discontinuity
at the threshold. Yet, the standard error is equal to 0.396, which leads to a t-statistic of -1.19
and a p-value of 0.235, providing no significant evidence of manipulation at the threshold.
This suggests that there is no strong evidence of manipulation of the running variable at the

cutoff point.
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Cutoff point 25
McCrary estimate -0.470
p-value 0.24
T-statistic -1.19
Bandwidth 6.97

Table 4: McCrary test at the cutoff

Additionally, Appendix 4 provides an RDdensity test (including a visual and statistical
component) in order to check for manipulation at the threshold. Similarly, this test raises no
concerns of manipulation at the threshold.

5.2.2. Discontinuities in covariates

The identification assumption in a Regression Discontinuity Design (RDD) may be
questioned if control variables show a discontinuity at the cutoff. This assumption relies on the
idea that any observed jump in the outcome variable at the cutoff is due solely to the treatment
effect. Therefore, it is important to check for continuity in control variables around the
threshold. If control variables do not remain continuous at the cutoff, it suggests that other
factors besides the treatment might be influencing the outcome, which could weaken the
validity of the RDD.

Overall, there are no significant concerns about discontinuities in the control variables.
To confirm this, both visual and statistical analyses will be conducted. Specifically, STATA
commands rdplot and rdrobust will be used to check for any discontinuities in the control
variables. In this case, a McCrary test was not possible because it is designed to be used only
for the running variable.

Additionally, the rdrobust command is also used for the estimation of the treatment
effect in the results section. rdrobust estimates are presented in three forms: conventional, bias-
corrected and robust. Appendix 6 explains the differences between the three types.
Nonetheless, the main takeaway is that this thesis will primarily focus on conventional
estimates and, more importantly, robust estimates. The conventional estimate shows a baseline

effect without bias correction, whereas the robust estimate provides the most accurate result.
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1 Real Growth Rate (RGR) average on Youth Unemployment 2012 Real Labor Productivity (RLP) average on youth unemployment in 2012
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Figure 3: graphical display of the covariates at the threshold

Figure 3 presents four panels: the top panels show the average values of the real growth rate
(RGR) and real labor productivity (RLP) from 2014 to 2019, while the bottom panels display
specific data for 2012. In all panels, there appears to be a discontinuity at the threshold.
Notably, the RLP graphs display notable discontinuities at the threshold. The bottom right
panel shows a noticeable drop at the threshold of about 1 percentage point, while the top right
panel depicts a large upward shift at the cutoff of approximately 1.5 percentage points. These
visual discontinuities call for further statistical analysis to determine their impact on the
validity of the RD design. Conversely, the RGR graphs show smaller discontinuities at the
threshold. The top left panel indicates a drop of approximately 1 percentage point, while the
bottom left panel shows a minor upward shift of about 0.01 percentage points at the cutoff. In
sum, the discontinuities observed in Figure 3 require a statistical analysis to assess the
validity of the RDD.

(1) (2) (3) (4)
Avg. RGR 2014-2019 Avg. RLP 2014-2019 RGR 2012 RLP 2012

Zonventional -0.91 -0.66 0.28 1.36
(0.74) (0.56) (1.16) (1.52)

3ias-corrected -1.09 -0.77 0.37 1.59
(0.74) (0.56) (1.16) (1.52)

Robust -1.09 -0.77 0.37 1.59
(0.89) (0.68) (1.43) (1.82)

“onventional p-value 0.22 0.24 0.81 0.37

obust p-value 0.22 0.26 0.80 0.38

Standard errors in parentheses

Table 5: covariate jump at the threshold
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To address the concerns raised in the visual analysis, the rdrobust results are
displayed in Table 5. Firstly, addressing the variables that raised concerns in the visual
analysis, the average RLP shows a conventional estimate of -0.66 and a bias-corrected
estimate of -0.77. However, the p-values of 0.24 (conventional) and 0.26 (robust) suggest that
this difference is not statistically significant. Then, RLP in 2012 shows the largest point
estimates which are 1.36 in its conventional form and 1.59 when bias-corrected, aligning with
the visual concerns. Yet, the p-values of 0.371 (conventional) and 0.38 (robust) indicate that
these differences are not statistically significant. Furthermore, when looking at the variables
that did not raise as large concerns, the average RGR estimate shows a decrease of
approximately 1 percentage point at the threshold. Again, the p-values of 0.22 indicate that
this difference is not statistically significant. For RGR in 2012, the estimates are positive,
being equal to 0.28 if conventional, and being 0.37 if bias-corrected. Nonetheless, the high p-
values also undermine a potential discontinuity at the threshold. All things considered, while
the visual analysis suggested discontinuities in the control variables, especially for RLP, the
statistical analysis using rdrobust does not confirm these as statistically significant.
Therefore, there should not be major concerns in the validity of the model in regard to the

continuity of the control variables across the threshold.

5.3. Instrumental variable assumptions

The model chosen is a fuzzy regression discontinuity design, and it uses an instrumental
variable. In order to have a valid IV, there are 4 criteria that have to be complied: i) meaningful
first stage, ii) monotonicity assumption, iii) independence assumption and iv) exclusion
restriction.

Overall, there are no significant concerns about any of the IV assumptions. To
corroborate the validity of the IV, theoretical reasoning will be provided for all IV assumptions.
Additionally, the meaningful first-stage assumption will be examined through a two-stage least

squares regression.

5.3.1. Meaningful first stage

A meaningful first stage requires that the instrument is strongly related to the treatment
variable (Columbia University, 2024). Otherwise, the instrumental variable would fall under
weak instrumental variable concerns. A two-stage least squares regression was conducted as

a test to examine the first stage's significance. In the first stage, the treatment dummy was
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regressed on youth unemployment in 2012, using the 1V to instrument for youth
unemployment. The results strongly support the relevance and strength of the instrument. The
first-stage F-statistic is 351.789, well above the conventional threshold of 10, indicating that
the instrument is strong and relevant. Hence, the finding suggest that there should not be any
weak instrument bias concerns. Indeed, the results make sense because the 1V is a subset of
the treated. Particularly, the complying regions that abided by the exogenous rule imposed by
the EU. Therefore, it makes sense to have a meaningful first stage which correlates with the
endogenous variable in the first stage. In the second stage, there is a statistically significant
relationship between youth unemployment in 2012 and the treatment dummy, with a
coefficient of 0.04. This result indicates that higher youth unemployment rates are associated
with a higher probability of receiving the treatment, which aligns with the program's nature.
Overall, these results strengthen the confidence in the instrumental variable strategy,
suggesting it is appropriate for estimating the causal effect of the YEI on NEET rates.

5.3.2.  Monotonicity assumption

Furthermore, the monotonicity assumption affirms that there are no defiers, which are
observations that work the opposite way as the treatment assignment suggests (Columbia
University, 2024). Hence, there is only the presence of compliers: regions that get the
treatment when eligible, but do not get the treatment when they are under the threshold. From
a theoretical standpoint, true defiers are unlikely to exist. After adding the IV, all non-
complying regions have been “excluded” from the regression, turning the treatment eligibility
from probabilistic to deterministic. This means that as the youth unemployment rate
increases, the probability of receiving the YEI funding also increases, with a sharp jump at
the 25% threshold. The sharp jump can be seen in Figure 4, where the probability of
treatment before the threshold is at 0, but experiences a substantial jump after the threshold.
The IV ensures that regions with higher youth unemployment rates are always more likely to
receive treatment than those with lower rates, regardless of their position relative to the
cutoff. This mechanism effectively rules out the possibility of defiers, as the treatment
probability is monotonically increasing with the running variable. Consequently, the 1V
approach satisfies the crucial monotonicity assumption required for causal inference in fuzzy

RDD settings, strengthening the validity of the empirical strategy.
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Instrumental Variable and Youth Unemployment in 2012
1 }

Probability of Treatment (%)

18 19.5 21 225 24 255 27 285 30 s
Youth Unemployment Rate in 2012 (%)

Figure 4: The effect of IV on compliance

5.3.3.  Independence assumption

Moreover, the independence assumption states that the allocation of YEI funds is as good as
random among the units around the threshold (Columbia University, 2024). This assumption
can be theoretically justified by the nature of the instrument and the context of YEI
implementation. The 25% youth unemployment threshold used for allocating YEI funds acts
as an exogenous cutoff set by EU policymakers. This exogeneity is crucial, as it allows us to
isolate the causal effect of the YEI on NEET rates. Additionally, the threshold is not affected
by regional characteristics or trends that might influence NEET rates, but instead is a fixed
criterion regions must meet to qualify for YEI funding. Therefore, regions just above and
below this 25% threshold are expected to be on average similar, except for whether they
receive YEI funds. This similarity means that any systematic differences in NEET rates
between these regions can be attributed to the YEI funds rather than other factors. In sum, the
exogenous nature of the threshold ensures that the assignment of treatment near the cutoff is

as good as random, hence, fulfilling the independence assumption.

5.3.4. Exclusion restriction

Lastly, the exclusion restriction states that the instrumental variable (IV) affects the outcome
only through its impact on the treatment, ensuring an unbiased estimation. In this context, the
exclusion restriction is likely to be met due to the nature of the policy. The 25% youth
unemployment threshold for YEI fund allocation was established as an exogenous cutoff by

EU policymakers. This exogenous threshold implies that crossing it should not directly
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influence NEET rates except through the use of YEI funds. Surpassing the threshold does not
affect NEET rates by itself, it only determines program eligibility. Hence, there should not be
a direct relationship between the passing the threshold and lower NEET rates. This should
only occur through the use of YEI funds, which are given if a region meets the 25%
threshold. In summary, the 25% threshold instrument should theoretically only affect NEET
rates through its role in determining YEI fund allocation, satisfying the exclusion restriction.

5.4. Bandwidth selection

In RD analyses, the focus is on the observations that are close to the threshold. Therefore, one
must make a sound decision on which observations should be regarded as “close enough” to
the threshold, the so-called “bandwidth”. Very importantly, there is a trade-off between bias
and variance in the estimate when choosing the bandwidth. A narrower bandwidth, closer to
the cutoff, reduces bias because the observations are more similar at the cutoff point, but it
increases variance due to a smaller sample size. Conversely, a wider bandwidth includes more
observations further from the cutoff, reducing variance but introducing more bias as these
observations may differ significantly from those near the threshold. As such, selecting the
appropriate bandwidth is essential to balance the need for a low bias and low variance estimate
of the treatment effect.

The selection of the bandwidth was made using the rdbwselect command in STATA,
developed by Calonico et al. (2014). The command offers multiple bandwidth selection
procedures; the one used in this project was mserd. Specifically, this command calculates a
common bandwidth for both sides of the cutoff (left and right) through the asymptotic mean
square error (AMSE) procedure, a measure that minimizes the bias and variance of an estimator
(Pei et al., 2022). Thus, this command helps minimize bias and variance in the bandwidth. A
significant advantage of rdbwselect is that it provides an indication of the bandwidth bias,
which can be controlled for and added to the estimator to account for it. Additionally,
rdbwselect works side by side with the rdrobust command (both developed by the same
authors), used in this project to obtain the treatment effect of the regressions. Hence, it allows
for consistent and robust estimation. Ultimately, after running the command, the final
bandwidth chosen was 6.971 on both sides of the cutoff, with a bias of 10.940.
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5.5. Polynomial selection

As seen in Equation 2 and Equation 3, the running variable is influenced by a function, which
is modelled by a polynomial. This polynomial helps to define the relationship between the
running variable and the dependent variable. Selecting an appropriate polynomial order is
crucial in an RDD to accurately estimate the treatment effect. On the one hand, a high order
polynomial can capture complex trends between the running variable and the outcome.
However, there is the risk that high order polynomials may overfit the model, which means
that the design captures noise instead of the relationship between the variables. On the other
hand, a low polynomial might be too simple, and may fail to capture the true relationship. As
such, the selection of the most optimal polynomial is necessary to ensure accuracy and prevent
overfitting, among other problems.

The polynomial choice has been based off two academic papers, Gelman and Imbens
(2019) and Pei et al. (2024).

Gelman and Imbens (2019) argue that high-order polynomials should not be used in
sharp or fuzzy RD designs. Instead, a local linear or quadratic polynomial should be sufficient.
Their argument lies in three main reasons: noisy weights, high sensitivity to the degree of the
polynomial and inferences that do not achieve nominal coverage. Firstly, the academics explain
that high-order polynomials attach large weights to individuals with extreme values in the
running variable, which may be positive or negative, but often larger than the average weight
of one observation. This is not the case in local linear or quadratic estimators, which give a
zero weight to extreme observations. Secondly, the authors argue that estimates in RDD are
highly sensitive to the choice of high-order polynomials. They demonstrate this by comparing
results from global polynomials of 1st to 6th order with local polynomials of 1st and 2nd order.
The estimates from high-order global polynomials (3rd to 6th) varied substantially, ranging
from -0.112 to -0.069, while the local polynomial estimates showed less variation, only ranging
from -0.078 to -0.064. This sensitivity is concerning because the variation in estimates across
different polynomial orders exceeds what the standard errors suggest, indicating that standard
errors fail to capture the full uncertainty in the estimates. Therefore, the authors advise against
using high-order global polynomials in RDD due to this sensitivity and the failure of standard
errors in reflecting the true uncertainty of the estimates. Thirdly, Gelman and Imbens (2019)
argue that conventional inference methods using high-order polynomials in RDD can be
misleading. They demonstrate that confidence intervals derived from high-order polynomial

regressions often have lower than nominal coverage, meaning they fail to include the true value

28



as often as they should. For instance, they displayed examples in which high polynomials
showed rejection rates substantially above 5% level, while local linear and quadratic estimators
maintained rejection rates close to 5%. Also, high-order polynomials displayed larger standard
errors with confidence intervals that were too narrow, resulting in over-rejection of the null
hypothesis. This combination of large standard errors and under-coverage of confidence
intervals makes high-order polynomials less reliable in fuzzy or sharp RD designs. In sum,
Gelman and Imbens (2019) suggest for the use of low-order polynomials that are linear or
quadratic due to undesirable weights, a high sensitivity of the estimate and the over-rejection
of the null hypothesis, in the case of high order polynomials.

Gelman and Imbens clarify that a linear or quadratic polynomial is typically the
preferred choice for modeling in regression discontinuity designs. However, deciding which
polynomial order is more appropriate can be challenging. To address this issue, Pei et al. (2024)
developed a package called rdmse, which uses asymptotic mean squared error (AMSE) as a
criterion for polynomial selection. As explained in the bandwidth selection section, AMSE
accounts for both the bias and variance of an estimator. The rdmse package calculates two types
of AMSE: conventional AMSE and bias-corrected AMSE. The conventional AMSE measures
the combined variance and squared bias of the estimator, while the bias-corrected AMSE
adjusts for the bias introduced by the bandwidth choice itself. This approach allows researchers
to compare AMSE values across different polynomial orders and select the one with the lowest
AMSE, which minimizes both bias and variance and thus provides the most reliable estimate

of the treatment effect.

(1) (2) (3) 4
Polynomial Polynomial Polynomial Polynomial
order 1 order 2 order 3 order 4
AMSE conve 2.49 6.29 17.00 2046
ntional
AMSE bias- 3.64 7.49 18.82 31.20
corrected

Table 6: rdmse check for different polynomial orders
Table 6 provides the AMSE values for the model from a polynomial of order 1 until

order 4. Certainly, the lowest AMSE values are in the polynomial order 1. Therefore,

polynomial order 1 would minimize variance and bias, which makes it the ideal polynomial for
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the model. This selection is in line with the literature explored by Pei et al. (2024) and Gelman
and Imbens (2019).

6. Results
6.1. The main regression without controls

The main model employs a fuzzy regression discontinuity design to assess the impact of YEI
funding on NEET rates in NUTS2 regions. To investigate the treatment effect, it is essential to
analyze the second-stage estimates of the model, which reveal the effect on NEET rates.

This analysis is conducted using the rdrobust command, developed by Calonico et al.
(2017). When using the command, the user must choose a kernel, which functions as weights
in the model. Among the various types of kernels available, the uniform and triangular kernels
were carefully considered. In the end, the triangular kernel was selected as the optimal choice.
This decision is based on the reasoning that observations further from the cutoff tend to differ
more from those closer to the cutoff. Triangular weights assign higher weights to observations
near the cutoff and lower weights to those further away. In contrast, uniform weights treat all
observations equally, regardless of their distance from the cutoff. Therefore, the use of

triangular weights helps to decrease the bias of the model.

(1
Main regression without
controls

Conventional -2.14

(1.58)
Bias-corrected -2.10

(1.58)
Robust -2.10

(1.91)
Kernel Type Triangular
Observations 185
Effective number of observations (left of cutoff) 13
Effective number of observations (right of cutoff) 38
Conventional p-value 0.18
Robust p-value 0.27
Bandwidth 6.97

Standard errors in parentheses

Table 7: regression results without controls

Table 7 displays the results of the model without any control variables. The results
suggest that regions just above the 25% youth unemployment threshold have on average a 2.14
percentage point lower NEET rate compared to regions just below the threshold. However, this
effect is not statistically significant even at a 10% level, with a p-value above 0.10 in both of

its forms, conventional and robust. Moreover, the conventional and robust estimates are very
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similar, with a difference of only 0.04 p.p more in the conventional estimate and a larger
standard error in the robust estimate. The similarity in estimates suggests that bias correction
didn't substantially change the results, while the larger standard error in the robust estimate
portrays increased uncertainty. Remarkably, the analysis only included 13 effective
observations to the left of the cutoff and 38 to the right. This can be a cause of concern due to
a small sample size, which may make the treatment effect less likely to be close to the true
effect. It may not be representative of the population mean. In sum, the model without any
controls does not display any statistically significant results. Therefore, the results suggest that
YEI did not play a significant role to decrease NEET rates in NUTS2 regions that benefitted

from the program.

6.2. The main regression with controls

The initial RDD analysis without controls did not yield statistically significant results.
However, after adding key economic indicators as controls, one can observe significant
changes in both the magnitude and statistical significance of the estimates. This subsection

presents these results and discusses their implications.

M @
No covariates 4 additional covariates
Conventional -2.14 -4 55%
(1.58) (2.35)
Bias-corrected -2.10 -5.20%%
(1.58) (2.35)
Robust -2.10 -5.29%
(1.91) (2.70)
Conventional p-value 0.18 0.05
Robust p-value 0.27 0.05
Bandwidih 6.97 6.752

Standard errors in parentheses
sk 52001, ** p<0.05, * p<0.1

Table 8: regression results comparison between no controls and with controls

Table 8 presents the RDD estimates, both with and without controls. The controls
included are real labor productivity in 2012, average real labor productivity (2014-2020), real
growth rate in 2012, and average real growth rate (2014-2020) which come from Eurostat
(2024b, 2024c). The controls introduced capture both the initial economic conditions at the
time of YEI fund eligibility (2012) and the ongoing economic trends during the policy
implementation period (2014-2020). They aim to isolate the effect of YEI funds from broader

economic factors that might influence NEET rates. As can be seen from Table 8, the inclusion
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of controls led to a substantial change in the estimates. The coefficient for the effect of YEI
funds on NEET rates increased two percentage points and reached the 10% level of statistical
significance in the conventional and robust estimates. The emergence of significant results after
controlling for economic factors indicates that the effectiveness of YEI funds may be dependent
on broader economic conditions. From a methodological perspective, the substantial changes
observed after the inclusion of controls stress the critical importance of adding appropriate
controls in RDD analyses. While one might assume that controls in an RDD design should only
affect the standard errors, the significant impact of adding these controls reveals that key
economic indicators play an essential role in understanding the treatment effect. Therefore, the
addition of controls not only refines the estimates but also unveils that YEI funds may have
indeed had a statistically significant impact on NEET rates in NUTS2 regions when economic
conditions are taken into account. In summary, the inclusion of controls introduces a layer of
complexity to the analysis but also reveals that, when adjusting for economic conditions, YEI
funds had a statistically significant effect on NEET rates.

6.3. Across time

Although examining the average effect of the Youth Employment Initiative (YEI) over the
entire treatment period (2014-2019) gives an overview of the program's impact, it is also
important to analyze the effects of the program in individual years. A year-by-year analysis
takes into consideration potential temporal variations in the program's effectiveness, which
may be hidden when looking at the average effect. Additionally, looking at individual years
helps to identify whether YEI's impact was immediate or delayed, whether the effect
strengthened or weakened over time, and if there were any particular years when the program
was notably more or less effective. This approach can help policymakers and researchers

understand the full trajectory of YEI's impact.

32



(1) (2) (3) (4) (5) (6) (M
Avg. NEETS NEETS NEETS NEETS NEETS NEETS NEETS
2014-2019 2014 2015 2016 2017 2018 2019

Conventional -2.14 -4.42%  _320%*% 223 -0.20 -1.03 -1.42
(1.58) (2.32)  (1.53) (1.44) (1.82) (1.92) (1.93)
Bias-corrected -2.10 -5.04%*%  2.04% D 41%* 0.00 -0.87 -1.39
(1.58) (2.32)  (1.53) (144 (1.82) (1.92) (1.93)
Robust -2.10 -5.04% 2294 -2.41 0.00 -0.87 -1.39
(1.91) (2.69) (1.87) (L75) (2.19) (230) (2.32)
Observations 185 185 185 185 181 181 180
Conventional p-value 0.18 0.06 0.037 0.12 091 0.59 0.46
Robust p-value 0.27 0.06 0.12 0.17 0.99 0.70 0.55
Bandwidth 6.97 7.35 6.91 7.15 6.09 6.55 7.83
Effective number of observations 13 15 13 14 11 13 16
(left of cutoff)
Effective number of observations 38 40 38 40 35 36 39
(right of cutoff)

Standard errors in parentheses
¥ p<0.01, ** p<0.05, * p<0.1

Table 9: regression results across time

Table 9 presents the results of the regression discontinuity analysis assessing the impact
of the Youth Employment Initiative on NEET rates across different years, without including
control variables. When examining individual years, we observe that the YEI had significant
effects during the early years of the program. In 2014, the conventional estimator indicates a
significant reduction of 4.42 percentage points in NEET rates, with the robust estimator
showing a larger reduction of 5.04 percentage points. Similarly, in 2015, the conventional
estimator reveals a significant reduction of 3.20 percentage points, while the bias-corrected
estimator shows a reduction of 2.94 percentage points. Interestingly, the robust estimator for
2015 does not achieve statistical significance at the 10% level, even though both the
conventional and bias-corrected estimators do. Additionally, from 2016 to 2019, the overall
effects are generally not statistically significant. Moreover, the strength of the YEI’s impact
appears to diminish over time. The program’s effect on NEET rates decreases from an
approximate reduction of 5 percentage points in 2014 to about -1.40 percentage points in 2019.
This temporal pattern suggests that the YEI had a more substantial initial impact, which
decreased in subsequent years. This diminishing effect is consistent with the idea that, over
time, the impacts of the Sovereign Debt Crisis and the Great Recession gradually wear off.
Lastly, it is worth noting that just as in Table 7, individual years also do not have many

observations on the left-hand side. Hence, the same limitation applies to Table 9 across time.
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Avg. NEETS NEETS NEETS NEETS NEETS NEETS NEETS

2014-2019 2014 2015 2016 2017 2018 2019

Conventional -4.55* -7.50% -1.99 -4.75%  -2.53%  2.93%¥kk 402

(2.35) (4.47) (L.75)  (2.55) (1.52) (1.06) (2.64)
Bias-corrected -5.29%* -8.17* -2.46  -5.26%%  2.92%  329%EFk 477

(2.35) (4.47)  (175) (2.55) (1.52)  (1.06) (2.64)
Robust -5.29% -8.17 -2.46 -5.26* -2.92 -3.29%*% 477

(2.70) (5.12)  (2.12)  (297) (1.82)  (1.25)  (3.09)
Observations 176 176 176 176 172 172 171
Conventional p-value 0.05 0.09 0.26 0.06 0.10 0.01 0.13
Robust p-value 0.05 0.11 0.25 0.08 0.11 0.01 0.12
Bandwidth 6.75 6.07 7.35 6.21 6.96 7.48 7.23
Effective number of observations 10 8 12 9 10 13 12
(left of cutoff)
Effective number of observations 34 32 37 33 35 37 36
(right of cutoff)

Table 10: regression results across time with controls

Table 10 shows the results when control variables (real growth rate in 2012, real growth
rate 2014-2019, real labor productivity 2012 and real labor productivity 2014-2019) are
included in the regression. Looking at individual years, we observe significant effects in
multiple years: 2014, 2016, 2017, and 2018. Notably, the effect in 2018 is highly significant
across all estimation methods. Moreover, the magnitude of these effects is generally larger
compared to Table 9, ranging from -2.53 to -8.17 percentage points. Even though the estimates
for 2014 show a significant initial drop of around 8 percentage points, subsequent years suggest
a more persistent and substantial impact of the YEI when controlling for economic factors.
Lastly, similarly to Table 9 and Table 7, the effective number of observations at the left of the
cutoff remains quite low.

Comparing the two tables reveals several important differences. Firstly, the inclusion
of control variables in Table 10 leads to larger estimated effects of the YEI on NEET rates. The
average effect for 2014-2019 becomes statistically significant and more than doubles in
magnitude (from -2.14 to -4.55). Secondly, while Table 9 shows significant effects only in the
early years (2014-2015), Table 10 demonstrates significant impacts in later years as well (2016-
2018). This suggests that controlling for economic factors unveils a more enduring effect of
the YELI. Thirdly, the statistical significance of the results generally improves in Table 10, with
more estimates reaching significance levels of p<0.05 or p<0.01. Lastly, the pattern of effects

over time differs between the tables. In Table 9, the effect appears to diminish over time, while
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in Table 10, the impact seems more consistent across years, with a particularly strong effect in
2018.

Overall, Tables 9 and 10 suggest that the YEI has had a significant effect on decreasing
NEET rates in NUTS2 regions. Notably, while the initial findings indicate that the effect
diminishes over time when economic conditions are not controlled for, incorporating these

controls reveals that the treatment effect becomes more persistent over time.

7. Robustness checks
7.1. Robustness check: McCrary test

(0) (1 @ () (4)

+1 -1 +5 -5

Cutoff point 25 26 24 30 20
MecCrary estimate -0.470 -0.24 0.06 0.06 0.40
p-value 0.24 0.64 0.98 0.89 0.41
T-statistic -1.19 -0.47 0.03 0.14 0.82
Bandwidth 6.97 5.49 13.80 10.15 4.90

Table 11: McCrary test under different cutoff points

Running McCrary tests at different thresholds is advisable to help to verify the robustness of
the initial findings at the true cutoff point. Additionally, it can also provide evidence for other
points of manipulation in the distribution which could undermine the design. Taking a close
look at Table 11, there is further evidence to believe that there is not a significant manipulation
at any other points. For the thresholds at 26 (%) and 24 (%) youth unemployment rate, the
McCrary estimates are smaller in magnitude (-0.24 and 0.06 respectively) than at the cutoff
point, and have larger p-values (0.64 and 0.98), indicating no significant discontinuity. Then,
at the more distant thresholds at 30 and 20, the estimates vary more (0.06 and 0.40), but remain
statistically insignificant with high p-values. Hence, these results provide evidence that the
there is no manipulation at the threshold or any other points, strengthening the validity of the

design.
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7.2. Sensitivity check: are results sensitive to different
bandwidths?

Conducting a sensitivity check with different bandwidths helps to determine whether the results
are stable across various bandwidth choices, or if they are sensitive to a specific bandwidth
selection. Most notably, it provides an insight into the trade-off between bias and variance in

the estimates when choosing a bandwidth.

(1) (2) (3) 4)
Original Three times the ~ Double the  Half the

BW BW BW BW

Conventional -4.49% -0.42 -2.63%% -4.21%*

(2.31) (1.05) (1.32) (2.43)
Bias-corrected -4.95%% N -5.29%%* 6.26%**

(2.31) (1.05) (1.32) (2.43)
Robust -4,95% -4, 18%* -5.29%* 6.26

(2.82) (1.84) (2.30) (16.27)
Observations 176 176 176 176
Effective number of observations (left of cutoff) 10 71 36 4
Effective number of observations (right of cutoff) 35 71 53 18
Conventional p-value 0.05 0.69 0.05 0.08
Robust p-value 0.08 0.02 0.02 0.70
Bandwidth 6.97 2091 13.94 3.49

Standard errors in parentheses
#4% 520,01, ¥* p<0.05, * p<0.1

Table 12: bandwidth sensitivity analysis with controls

Table 12 presents the results of the sensitivity analysis across four different bandwidths
with controls: the original bandwidth, three times the original bandwidth, double the original
bandwidth and half the original bandwidth. As a reminder, with the original bandwidth of 6.97,
the YEI shows a statistically significant effect on NEET rates, reducing them by 4.95
percentage points. When the bandwidth is doubled to 13.94, the estimated effect changes
slightly to -5.29 percentage points—a difference of only 0.34 percentage points—but remains
statistically significant. Increasing the bandwidth further to 20.91 (triple) results in an estimate
of -4.18 percentage points. While this change is larger than the previous estimate, it still
represents a modest difference of 0.77 percentage points and maintains statistical significance.
This suggests that expanding the bandwidth to include observations farther from the cutoff
introduces some bias, possibly due to including less comparable regions. On the other hand,
halving the bandwidth to 3.49 leads to a larger estimate of 6.26, but with increased standard
errors and no statistical significance. This is likely due to the small sample size close to the

cutoff, including only 4 effective observations on the left of the cutoff and 18 on the right of
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the cutoff. In sum, these results suggest that the main findings are reasonably robust to
bandwidth choice, especially when considering the bandwidths that are double or triple the
original size. In these two cases, the direction of the effect remains consistent, and the
magnitude of the effect stays relatively close. However, when examining the estimates
generated with a bandwidth half the original size, concerns arise due to the low effective sample
size, which causes the estimate to drastically change. This highlights the importance of careful
bandwidth selection.

8. Discussion
8.1. General findings

The analysis of the Youth Employment Initiative's (YEI) impact on NEET rates in NUTS2
regions reveals several key findings. Firstly, without controls, the effect appeared insignificant,
suggesting that YEI funds do not influence NEET rates. However, after adding economic
indicators as controls, the magnitude of the estimated effect increased, and it also revealed
statistically significant impacts. This suggested that it is important to take into consideration
economic conditions. Secondly, the year-by-year analysis without controls showed that YEI
had stronger effects in its first years, with the impact decreasing over time. Yet, when economic
controls were added, YEI's effect became more consistent across years. The vast differences in
results between models with and without controls highlights the importance of considering
economic context in this case as well. Overall, even though the YEI's impact changes
depending on the analytical approach, there is sufficient evidence to suggest that it contributed
to reducing NEET rates between 2014 and 2019, especially when accounting for economic
factors.

Furthermore, the validity of the regression discontinuity design for evaluating the
Youth Employment Initiative's impact on NEET rates is largely supported by the methodology
section and further supported by the sensitivity tests. Firstly, the McCrary test and RDdensity
analysis found no significant evidence of manipulation at the 25% youth unemployment
threshold, indicating that regions did not sort around the cutoff. Secondly, sensitivity checks
across different bandwidths demonstrated that the main findings are reasonably robust,
particularly for bandwidths double or triple the original size. Thirdly, balance checks on
covariates also did not reveal any significant jumps at the threshold, despite showing initial
signs of discontinuities in the visual analysis. Fourthly, the instrumental variable used in the

RD design satisfied its key assumptions: a meaningful first stage was confirmed with a high F-
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statistic, the monotonicity assumption was theoretically justified, the independence assumption
was supported by the exogenous nature of the threshold, and the exclusion restriction was
theoretically explained through met the policy's design. These results strengthen the credibility
of the empirical strategy and the causal interpretation of the YEI's effect on NEET rates.

As a whole, this investigation provided significant results to establish a negative effect
of YEI funds on NEET rates in NUTS2 regions, with a credible empirical strategy to establish
a causal relationship.

8.2. Limitations

Despite the findings, this study has several limitations that should be considered when
interpreting the results.

Firstly, the limited number of effective observations within the optimal bandwidth may
weaken the robustness of the findings. A larger sample size in the bandwidth could have
provided more definitive results.

Secondly, the lack of year-specific control variables for YEI, specifically the absence
of data on annual fund allocation per region, affects the precision of the instrumental variable
across different years, possibly hiding more significant temporal variations in the impact of
YEI funding. Furthermore, it hinders the estimation of the marginal effect of YEI funds,
limiting the policy implications on the impact of funding. This calls for further research with
to fully understand the impact of YEI funds on NEET rates.

Thirdly, a balance table would have helped determine whether the regions across the
threshold were equal on average. However, the balancetable command could not select the
same number of effective observations across the threshold used in rdrobust, and it lacked
options to provide weights, such as triangular kernels or local polynomials, as in rdrobust or
rddensity. Therefore, there are still some minor concerns regarding the comparability of the
treatment and control groups.

Fourthly, in the sensitivity check across different bandwidths, the bandwidth bias was
equal to the bandwidth itself. This is because when a bandwidth is not calculated through
rdbwselect or rdrobust, rdrobust is unable to calculate the bandwidth bias itself. Therefore,
there could be inaccuracies in the non-optimal bandwidths, which introduce additional
uncertainty to the sensitivity check.

Fifthly, a notable limitation of the study is the inability to cluster standard errors.

Clustering is necessary to account for potential correlation of errors within groups. Especially
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under the context of the study, NUTS2 regions within the same country are likely to share
unobserved characteristics. Ultimately, the lack of clustered standard errors may have led to
inflated t-statistics or narrow confidence intervals.

In sixth place, the study may have had underestimated YEI's impact due to the age-
restricted definition of NEETS. As individuals who benefit from the intervention age out of the
15-24 year category, they are no longer captured in the NEET statistics, even if they have
successfully transitioned to employment. At the same time, new cohorts entering this age range
may temporarily inflate the NEET numbers before they can benefit from the program. This
dynamic could lead to an underestimation of the policy's effectiveness, as the methodology
doesn't track individual trajectories. Future research could address this by incorporating
longitudinal data to capture longer-term outcomes of YEI beneficiaries.

Lastly and most importantly, this investigation does not conduct a heterogeneity
analysis. Such analysis is crucial to fully understand the depth of the YEI program. For
instance, YEI might be more effective in reducing NEET rates in ALMPs that subsidize
employment than in job search programs, or YEI funds might be more effective towards
women than men. Future research should include a heterogeneity analysis to capture the

varying impacts of different YEI interventions, through the use of micro-level data.

9. Conclusion

This thesis has provided a comprehensive evaluation of YEI, a major ALMP implemented by
the European Union from 2014 to 2020. Using a fuzzy regression discontinuity design, the
results delivered evidence of a statistical significant effect of YEI in reducing NEET rates
across eligible EU regions.

Primary results indicate that the YEI led to a statistically significant reduction in NEET
rates by 4.95 percentage points. This effect was particularly pronounced when controlling for
economic factors such as real growth rate and labor productivity. The impact of the YEI,
however, varied over time, suggesting that the program's effectiveness may be influenced by
broader economic conditions.

The validity of the findings is strengthened by a series of rigorous tests. The McCrary
test (and RDdensity analysis) found no significant evidence of manipulation at the 25% youth
unemployment threshold, supporting the assumption that regions did not sort around the cutoff.
Sensitivity checks across different bandwidths demonstrated the robustness of the main

findings, particularly for bandwidths double or triple the original size. Discontinuity checks on
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covariates, while showing some visual discontinuities, did not reveal statistically significant
jumps at the threshold, preserving the continuity assumption. Furthermore, the instrumental
variable approach satisfied key assumptions, including a strong first stage, theoretically
justified monotonicity, and likely adherence to the exclusion restriction.

These results collectively strengthen the credibility of the empirical strategy and
support a causal interpretation of the YEI's effect on NEET rates. They suggest that targeted
YEI can indeed make a difference in addressing youth unemployment and youth education.

However, it is important to acknowledge the limitations of the study. The analyses,
through the use of the optimal bandwidth, deliver an estimate with a low sample size. A larger
sample size could have provided stronger results. Furthermore, while the analysis was at a
macro-level, and it provided valuable results; it does not take into consideration heterogeneity
in the YEI's impact across different subgroups. Future research could benefit from a
heterogeneity analysis, examining how the program's effectiveness varies based on factors such
as gender, age, education level, and Youth Guarantee programs.

Despite these limitations, the findings make a significant contribution to the
understanding of large-scale youth employment interventions. They provide empirical
evidence supporting YEI in combating youth unemployment and youth education. However, it
is important to establish that this thesis does not serve as a final policy recommendation to keep
or end the YEI. Further research, with the use of alternative methodological approaches and
heterogeneity analyses, are necessary to reach a definitive conclusion about the program's
overall effect.

As the EU continues to prioritize youth employment and engagement, the insights from
this study and subsequent research will be crucial in shaping evidence-based policies. The
ultimate goal remains to ensure that European youth have access to meaningful employment
and educational opportunities, contributing to both individual well-being and broader economic
prosperity. Future policy design should still consider the vulnerability of the youth, and this
thesis provides evidence to establish that the youth can be helped through the use of programs
like YEI.

40



Bibliography (APA 7)
Atkinson, I., & Cutmore, M. (2022). Youth Employment Initiative — Impact Evaluation.
Government Social Research, 49.
Baldwin, R. E., & Wyplosz, C. (2019). The economics of European integration (Sixth
edition). McGraw-Hill.
Becker, S. O., Egger, P. H., & VVon Ehrlich, M. (2010). Going NUTS: The effect of EU
Structural Funds on regional performance. Journal of Public Economics, 94(9-10),

578-590. https://doi.org/10.1016/j.jpubeco.2010.06.006

Botri¢, V. (2017). Youth employment initiative (YEI) in Croatia: In depth analysis.

Publications Office. https://data.europa.eu/doi/10.2861/236129

Bratti, M., Ghirelli, C., Havari, E., & Santangelo, G. (2022). Vocational training for
unemployed youth in Latvia. Journal of Population Economics, 35(2), 677-717.

https://doi.org/10.1007/s00148-021-00877-8

Caliendo, M., Kunn, S., & Schmidl, R. (2011). Fighting Youth Unemployment: The
Effects of Active Labor Market Policies. SSRN Electronic Journal.

https://doi.org/10.2139/ssrn.1977808

Caliendo, M., & Schmidl, R. (2016). Youth unemployment and active labor market
policies in Europe. 1ZA Journal of Labor Policy, 5(1), 1.

https://doi.org/10.1186/s40173-016-0057-X

Calonico, S., Cattaneo, M. D., Farrell, M. H., & Titiunik, R. (2017). Rdrobust: Software
for Regression-discontinuity Designs. The Stata Journal: Promoting
Communications on Statistics and Stata, 17(2), 372-404.

https://doi.org/10.1177/1536867X1701700208

41


https://doi.org/10.1016/j.jpubeco.2010.06.006
https://doi.org/10.1016/j.jpubeco.2010.06.006
https://data.europa.eu/doi/10.2861/236129
https://data.europa.eu/doi/10.2861/236129
https://doi.org/10.1007/s00148-021-00877-8
https://doi.org/10.1007/s00148-021-00877-8
https://doi.org/10.1007/s00148-021-00877-8
https://doi.org/10.2139/ssrn.1977808
https://doi.org/10.2139/ssrn.1977808
https://doi.org/10.2139/ssrn.1977808
https://doi.org/10.1186/s40173-016-0057-x
https://doi.org/10.1186/s40173-016-0057-x
https://doi.org/10.1186/s40173-016-0057-x
https://doi.org/10.1177/1536867X1701700208
https://doi.org/10.1177/1536867X1701700208
https://doi.org/10.1177/1536867X1701700208

Calonico, S., Cattaneo, M. D., & Titiunik, R. (2012). Robust nonparametric bias-
corrected inference in the regression discontinuity design. University of Michigan
Working Paper.

Calonico, S., Cattaneo, M. D., & Titiunik, R. (2014). Robust data-driven inference in the
regression-discontinuity design. The Stata Journal, 14(4), 909-946.

Cervia, S. (2015). Social Vulnerability: The Case of Young People not in education,

employment, or training (NEETS). https://arpi.unipi.it/handle/11568/721863
Columbia University. (2024). Instrumental Variables. Columbia University School of

Public Health. https://www.publichealth.columbia.edu/research/population-health-

methods/instrumental-variables

Council of Economic Advisers. (2016, December). ACTIVE LABOR MARKET
POLICIES: THEORY AND EVIDENCE FOR WHAT WORKS. COUNCIL OF
ECONOMIC ADVISERS ISSUE BRIEF.

https://obamawhitehouse.archives.gov/sites/default/files/page/files/20161220 active

labor market policies issue brief cea.pdf

Crescenzi, R., & Giua, M. (2020). One or many Cohesion Policies of the European
Union? On the differential economic impacts of Cohesion Policy across member
states. Regional Studies, 54(1), 10-20.

https://doi.org/10.1080/00343404.2019.1665174

De Keersmaecker, S., & Favalli, V. (2023, January 31). EU Cohesion Policy: European
Structural and Investment Funds supported SMEs, employment of millions of people

and clean energy production. https://ec.europa.eu/regional_policy/whats-

new/newsroom/31-01-2023-eu-cohesion-policy-european-structural-and-

investment-funds-supported-smes-employment-of-millions-of-people-and-clean-

energy-production en

42


https://arpi.unipi.it/handle/11568/721863
https://arpi.unipi.it/handle/11568/721863
https://www.publichealth.columbia.edu/research/population-health-methods/instrumental-variables
https://www.publichealth.columbia.edu/research/population-health-methods/instrumental-variables
https://www.publichealth.columbia.edu/research/population-health-methods/instrumental-variables
https://obamawhitehouse.archives.gov/sites/default/files/page/files/20161220_active_labor_market_policies_issue_brief_cea.pdf
https://obamawhitehouse.archives.gov/sites/default/files/page/files/20161220_active_labor_market_policies_issue_brief_cea.pdf
https://obamawhitehouse.archives.gov/sites/default/files/page/files/20161220_active_labor_market_policies_issue_brief_cea.pdf
https://obamawhitehouse.archives.gov/sites/default/files/page/files/20161220_active_labor_market_policies_issue_brief_cea.pdf
https://doi.org/10.1080/00343404.2019.1665174
https://doi.org/10.1080/00343404.2019.1665174
https://doi.org/10.1080/00343404.2019.1665174
https://ec.europa.eu/regional_policy/whats-new/newsroom/31-01-2023-eu-cohesion-policy-european-structural-and-investment-funds-supported-smes-employment-of-millions-of-people-and-clean-energy-production_en
https://ec.europa.eu/regional_policy/whats-new/newsroom/31-01-2023-eu-cohesion-policy-european-structural-and-investment-funds-supported-smes-employment-of-millions-of-people-and-clean-energy-production_en
https://ec.europa.eu/regional_policy/whats-new/newsroom/31-01-2023-eu-cohesion-policy-european-structural-and-investment-funds-supported-smes-employment-of-millions-of-people-and-clean-energy-production_en
https://ec.europa.eu/regional_policy/whats-new/newsroom/31-01-2023-eu-cohesion-policy-european-structural-and-investment-funds-supported-smes-employment-of-millions-of-people-and-clean-energy-production_en
https://ec.europa.eu/regional_policy/whats-new/newsroom/31-01-2023-eu-cohesion-policy-european-structural-and-investment-funds-supported-smes-employment-of-millions-of-people-and-clean-energy-production_en

DG REGIO. (2024). Historic EU payments by MS & NUTS-2 region (filter by country,

period and fund) [dataset]. https://cohesiondata.ec.europa.eu/EU-Level/Historic-EU-

payments-by-MS-NUTS-2-region-filter-by/2ga4-zm5t

Duarte, N., Geraci, A., Granato, S., Mazzarella, G., & Mortagua, M. J. (2020). The
evaluation of the youth employment initiative in Portugal using counterfactual
impact evaluation methods. Publications Office.

https://data.europa.eu/doi/10.2760/368100

Eurofound. (2024, May 21). NEETS [Agency European Union]. EUROFOUND.

https://www.eurofound.europa.eu/en/topic/neets#:~:text=Infographic%3A%20Y out

h%20in%20the%20EU,(9.8%20million)%20in%202020.

European Commission. (2023a). European Structural and Investment Funds 2022
Summary report of the programme annual implementation reports covering
implementation in 2014-2020. European Commission.

https://ec.europa.eu/regional policy/sources/reports/annual 2022/2022 annual sum

mary report.pdf

European Commission. (2023b, October 30). Youth Employment Initiative (YEI).

https://ec.europa.eu/social/main.jsp?catld=1176

European Commission. (2024). 2014-2020 Cohesion Policy Overview [dataset].

https://cohesiondata.ec.europa.eu/cohesion overview/14-20

Eurostat. (2024a). NUTS—Nomenclature of Territorial Units for Statistics. Eurostat.

https://ec.europa.eu/eurostat/web/nuts/overview

Eurostat. (2024b). Real growth rate of regional gross value added (GVA) at basic prices

by NUTS 2 regions [dataset]. https://doi.org/10.2908/TGS00037

Eurostat. (2024c). Real Labour productivity by NUTS 2 regions (nama_10r_2rlp)

[dataset]. https://doi.org/10.2908/NAMA_10R_2RLP

43


https://cohesiondata.ec.europa.eu/EU-Level/Historic-EU-payments-by-MS-NUTS-2-region-filter-by/2qa4-zm5t
https://cohesiondata.ec.europa.eu/EU-Level/Historic-EU-payments-by-MS-NUTS-2-region-filter-by/2qa4-zm5t
https://cohesiondata.ec.europa.eu/EU-Level/Historic-EU-payments-by-MS-NUTS-2-region-filter-by/2qa4-zm5t
https://data.europa.eu/doi/10.2760/368100
https://data.europa.eu/doi/10.2760/368100
https://data.europa.eu/doi/10.2760/368100
https://www.eurofound.europa.eu/en/topic/neets#:~:text=Infographic%3A%20Youth%20in%20the%20EU,(9.8%20million)%20in%202020.
https://www.eurofound.europa.eu/en/topic/neets#:~:text=Infographic%3A%20Youth%20in%20the%20EU,(9.8%20million)%20in%202020.
https://www.eurofound.europa.eu/en/topic/neets#:~:text=Infographic%3A%20Youth%20in%20the%20EU,(9.8%20million)%20in%202020.
https://www.eurofound.europa.eu/en/topic/neets#:~:text=Infographic%3A%20Youth%20in%20the%20EU,(9.8%20million)%20in%202020.
https://ec.europa.eu/regional_policy/sources/reports/annual_2022/2022_annual_summary_report.pdf
https://ec.europa.eu/regional_policy/sources/reports/annual_2022/2022_annual_summary_report.pdf
https://ec.europa.eu/regional_policy/sources/reports/annual_2022/2022_annual_summary_report.pdf
https://ec.europa.eu/regional_policy/sources/reports/annual_2022/2022_annual_summary_report.pdf
https://ec.europa.eu/social/main.jsp?catId=1176
https://ec.europa.eu/social/main.jsp?catId=1176
https://ec.europa.eu/social/main.jsp?catId=1176
https://cohesiondata.ec.europa.eu/cohesion_overview/14-20
https://cohesiondata.ec.europa.eu/cohesion_overview/14-20
https://cohesiondata.ec.europa.eu/cohesion_overview/14-20
https://ec.europa.eu/eurostat/web/nuts/overview
https://ec.europa.eu/eurostat/web/nuts/overview
https://ec.europa.eu/eurostat/web/nuts/overview
https://doi.org/10.2908/TGS00037
https://doi.org/10.2908/TGS00037
https://doi.org/10.2908/NAMA_10R_2RLP
https://doi.org/10.2908/NAMA_10R_2RLP

Eurostat. (2024d). Young people neither in employment nor in education and training by
sex, age, citizenship and NUTS 2 regions (NEET rates) [dataset]. Eurostat.

https://doi.org/10.2908/EDAT LFSE 38

Eurostat. (2024e). Youth unemployment rate by sex, age and NUTS 2 regions

(yth_empl_110) [dataset]. https://doi.org/10.2908/YTH_EMPL_110

Ferrer, J. N., Durazzi, N., Geyer, L., & Thirion, G. (2016). Assessment of Youth
Employment Initiative. 18.

Gelman, A., & Imbens, G. (2019). Why High-Order Polynomials Should Not Be Used in
Regression Discontinuity Designs. Journal of Business & Economic Statistics,

37(3), 447-456. https://doi.org/10.1080/07350015.2017.1366909

Hahn, J., Todd, P., & Van der Klaauw, W. (2001). Identification and Estimation of
Treatment Effects with a Regression-Discontinuity Design. Econometrica, 69(1),

201-209. https://doi.org/10.1111/1468-0262.00183

Hennicke, M., & Werner, K. (2024). nuts: Convert European Regional Data in R. NUTS

1.0.0. https://docs.ropensci.org/nuts/articles/nuts.html

Imbens, G. W., & Lemieux, T. (2008). Regression discontinuity designs: A guide to
practice. Journal of Econometrics, 142(2), 615-635.

https://doi.org/10.1016/j.jeconom.2007.05.001

Kluve, J. (2010). The effectiveness of European active labor market programs. Labour

Economics, 17(6), 904-918. https://doi.org/10.1016/j.labec0.2010.02.004

Kluve, J., Card, D., Fertig, M., Gora, M., Jacobi, L., Jensen, P., Leetmaa, R., Nima, L.,
Patacchini, E., Schaffner, S., Schmidt, C. M., Klaauw, B. van der, & Weber, A.
(2007). Active Labor Market Policies in Europe: Performance and Perspectives.

Springer Science & Business Media.

44


https://doi.org/10.2908/EDAT_LFSE_38
https://doi.org/10.2908/EDAT_LFSE_38
https://doi.org/10.2908/EDAT_LFSE_38
https://doi.org/10.2908/YTH_EMPL_110
https://doi.org/10.2908/YTH_EMPL_110
https://doi.org/10.1080/07350015.2017.1366909
https://doi.org/10.1080/07350015.2017.1366909
https://doi.org/10.1111/1468-0262.00183
https://doi.org/10.1111/1468-0262.00183
https://docs.ropensci.org/nuts/articles/nuts.html
https://docs.ropensci.org/nuts/articles/nuts.html
https://doi.org/10.1016/j.jeconom.2007.05.001
https://doi.org/10.1016/j.jeconom.2007.05.001
https://doi.org/10.1016/j.jeconom.2007.05.001
https://doi.org/10.1016/j.labeco.2010.02.004
https://doi.org/10.1016/j.labeco.2010.02.004

Kluve, J., Susana Puerto, O., Robalino, D., Romero, J. M., Rother, F., Stoterau, J.,
Weidenkaff, F., & Witte, M. (2016). Do Youth Employment Programs Improve
Labor Market Outcomes? A Systematic Review. IZA DP No. 10263.

https://www.iza.org/publications/dp/10263/do-youth-employment-programs-

improve-labor-market-outcomes-a-systematic-review

Mascherini, M. (2018). Origins and future of the concept of NEETS in the European
policy agenda. In J. O’Reilly, J. Leschke, R. Ortlieb, M. Seeleib-Kaiser, & P. Villa
(Eds.), Youth Labor in Transition (1st ed., pp. 503-529). Oxford University

PressNew York. https://doi.org/10.1093/0s0/9780190864798.003.0017

Mascherini, M., Salvatore, L., Meierkord, A., & Jungblut, J.-M. (2012). NEETS, young
people not in employment, education or training :characteristics, costs and policy

responses in Europe. Publications Office. https://data.europa.eu/doi/10.2806/41578

Pei, Z., Lee, D. S, Card, D., & Weber, A. (2022). Local Polynomial Order in Regression
Discontinuity Designs. Journal of Business & Economic Statistics, 40(3), 1259

1267. https://doi.org/10.1080/07350015.2021.1920961

Petrescu, C., Voicu, B., Heinz-Fischer, C., & Tosun, J. (2024). Conceiving of and
politically responding to NEETS in Europe: A scoping review. Humanities and

Social Sciences Communications, 11(1), 226. https://doi.org/10.1057/s41599-024-

02713-2

Ramsak, A. (2017). Youth employment initiative in Slovenia: In depth analysis.

Publications Office. https://data.europa.eu/doi/10.2861/86638

Regulation (EU) No 1304/2013 of the European Parliament and of the Council of 17
December 2013 on the European Social Fund and Repealing Council Regulation
(EC) No 1081/2006, 347 OJ L (2013).

http://data.europa.eu/eli/req/2013/1304/0j/eng

45


https://www.iza.org/publications/dp/10263/do-youth-employment-programs-improve-labor-market-outcomes-a-systematic-review
https://www.iza.org/publications/dp/10263/do-youth-employment-programs-improve-labor-market-outcomes-a-systematic-review
https://www.iza.org/publications/dp/10263/do-youth-employment-programs-improve-labor-market-outcomes-a-systematic-review
https://www.iza.org/publications/dp/10263/do-youth-employment-programs-improve-labor-market-outcomes-a-systematic-review
https://doi.org/10.1093/oso/9780190864798.003.0017
https://doi.org/10.1093/oso/9780190864798.003.0017
https://data.europa.eu/doi/10.2806/41578
https://data.europa.eu/doi/10.2806/41578
https://doi.org/10.1080/07350015.2021.1920961
https://doi.org/10.1080/07350015.2021.1920961
https://doi.org/10.1057/s41599-024-02713-2
https://doi.org/10.1057/s41599-024-02713-2
https://doi.org/10.1057/s41599-024-02713-2
https://data.europa.eu/doi/10.2861/86638
https://data.europa.eu/doi/10.2861/86638
http://data.europa.eu/eli/reg/2013/1304/oj/eng
http://data.europa.eu/eli/reg/2013/1304/oj/eng
http://data.europa.eu/eli/reg/2013/1304/oj/eng

Thistlethwaite, D. L., & Campbell, D. T. (1960). Regression-discontinuity analysis: An
alternative to the ex post facto experiment. Journal of Educational Psychology,
51(6), 309.

Tomi¢, 1. (2018). What drives youth unemployment in Europe? Economic vs non-
economic determinants. International Labour Review, 157(3), 379-408.

https://doi.org/10.1111/ilr.12113

Tymowski, J. (2017). Youth employment initiative: European implementation
assessment : in depth analysis. Publications Office.

https://data.europa.eu/doi/10.2861/310563

Vanroy, A. (2016). EUROPEAN SEMESTER THEMATIC FACTSHEET ACTIVE
LABOUR MARKET POLICIES. European Commission.

https://commission.europa.eu/system/files/2020-06/european-semester thematic-

factsheet active-labour-market-policies en 0.pdf

Appendices

Appendix 1: Explanation of different types of reclassification

There are five potential changes regions might experience in their NUTS reclassification:
name change, recoding, discontinuation, creation of new region, and boundary shift or
splitting (Eurostat, 2024a). A name change involves only a change in how a region is referred
to. Recoding entails a change in the 2-digit code of NUTS2 regions; for example, the Polish
NUTS2 region Podlaskie was recoded in 2016 from PL84 to PL34. Discontinuation of a
region results in the region ceasing to exist. The creation of a new region, boundary shift, and
splitting lead to the most disruptive changes in NUTS classification. Creating a new region
may involve discontinuing other regions and forming a new united region, developing a new
area without certain zones, or a mix of both. A boundary shift changes the area's size,
potentially affecting other existing regions. Lastly, if a region splits, it causes the formation

of at least two new regions with unique codes, names, and boundaries.
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Appendix 2: NUTS changes (from 2010 to 2013)

Inner London UK11 Inner London West UK13 and UK14
and Inner London East | (split)
Outer London UK12 Outer London East and | UK15, UK16 and
North East, Outer UK17
London East and (split)
North East and Outer
London West and
North West
Vzhodna Slovenija Si01 - SI03
(boundary change)
Zahodna Slovenija Sl02 - S04
(boundary change)
Guadeloupe FR91 - FRA1
(boundary shift)

Appendix 3: NUTS changes (from 2013 to 2016)

Scotland

Eastern Scotland UKM2 - UKM7

(boundary shift)
South Western UKM3 West Central Scotland | UKM8 and UKM9
Scotland and Southern (split)
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regionalny

Border, Midland and IEOL - (Discontinued)
Western (Ireland)
- - Northern and Western | IEO4
(Ireland) (new region)
Southern and Eastern | IE02 - (discontinued)
(Ireland)
- - Southern (Ireland) IEO05
(new region)
- - Eastern and Midland | IE06
(Ireland) (new region)
Lithuania LTOO Sostinés regionas and | LT01 and LTOO
Vidurio ir vakaru (split)
Lietuvos regionas
Kozep-Magyarorszag | HU10 Budapest and Pest HU11 and HU12
(split)
Mazowieckie PL12 Warszawski stoleczny | PL91 and PL92
and Mazowiecki (split)

Appendix 4: NUTS changes (from 2016 to 2021)

Kontinentalna
Hrvastska

HRO04

Panonska Hrvatska,
Grad Zagreb and
Sjeverna Hrvatska

HRO02, HRO5 and
HRO06

(split)
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Appendix 5: RDdensity analysis

Even though the McCrary test provided strong evidence that there is no manipulation at the
threshold, RDdensity offers additional insights to support this claim. Developed by Cattaneo
and Jansson (2018), RDdensity is an ideal complement to the McCrary test because it
incorporates the same weights used in the rdrobust analysis, including the kernel and linear
polynomial methods. Therefore, RDdensity serves as a valuable tool for further addressing

concerns about manipulation at the threshold.
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Figure 5: RDdensity visual display

Similarly as in the McCrary test, Figure 5 presents a visible discontinuity at the 25% cutoff
point. The density appears to be higher just below the cutoff (red area) compared to just above
it (blue area). This suggests a potential clustering of observations just below the 25% threshold.
This discontinuity at the cutoff point raises concerns about potential manipulation of the
running variable. However, the results slightly change compared to the estimation results in the
McCrary test. In this case, the estimation provides a t-statistic of -2.31 and a p-value of 0.02
which suggests significant manipulation at the cutoff. Nonetheless, the robust t-statistic and p-
value of RDdensity test provide insignificant values, these being -1.57 and 0.12 respectively.
Therefore, the manipulation concerns can also be alleviated when considering the robust values

of the t-statistic and p-value of the RDdensity test.
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(0) (0 @ 3) )

+1 -1 +5 -5
Cutoff point 25 26 24 30 20
p-value 0.02%* 0.03* 0.10%* 0.00#* 0.16
Bias corrected p-value 0.12 0.29 0.40 0.91 0.75
T-statistic -2.31 -2.11 -1.66 -3.96 1.39
Bias corrected t-statistic -1.57 -1.07 -0.84 0.11 0.33
Effective sample size right of cutoff 38 30 67 31 51
Effective sample size left of cutoff 64 54 100 20 33
Bandwidth 6.97 5.49 13.80 10.15 4.90

Standard errors in parentheses
*HE p<0.01, ** p<0.05, * p<0.1

Table 13: RDdensity, different cutoffs

Furthermore, a robustness check was also developed for the RDdensity test. Focusing
primarily on the bias-corrected (robust) statistics, we observe that none of the cutoff points
show statistically significant manipulation at conventional levels when using the bias-corrected
p-values. The 26 and 24 thresholds show bias-corrected p-values of 0.29 and 0.40 respectively,
with correspondingly lower t-statistics in absolute terms. The more distant thresholds at 30 and
20 also fail to show significant discontinuities after bias correction, with p-values of 0.91 and
0.75. It is worth noting that before bias correction, some of these thresholds appeared
significant at the cutoffs 26 and 30. However, the robust p-value and t-statistics suggest these
initial findings may have been influenced by bias in the original estimates. Overall, these results
suggest that even though there might be some initial indications of discontinuities, these effects
become statistically insignificant with robust statistics. This provides some reassurance against

manipulation of the running variable, in line with the findings of the McCrary test.
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Appendix 6: differences in RDrobust estimators

RDrobust uses a total of three different estimators: conventional, bias-corrected and robust.
The conventional estimator does not adjust for bandwidth choices, and it simply estimates the
effect of the treatment using triangular and polynomial weights, as well as the difference
between the treatment and control group within the bandwidth. Then, the bias-corrected
estimator adjusts for estimation bias by using two bandwidths: one for the initial estimate and
another for the bias correction (Calonico et al., 2012). This method subtracts an estimated bias
term to improve the accuracy of treatment effect estimates and adjusts the standard error to
reflect this correction. Lastly, the robust estimator uses a new standard error formula to account
for the additional variability introduced by bias correction, offering more accurate confidence
intervals in practical scenarios with limited sample sizes and non-ideal bandwidth choices
(Calonico et al., 2020).
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