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Abstract
As a member of the European Union, Slovakia has access to various funding
programs aimed at improving education and fostering economic development.
This thesis examines the effectiveness of these funds in enhancing educational
achievement in all relevant Slovakian primary and secondary schools. To assess
the impact of European funds, the thesis employs fixed effects, between ef-
fects, and a difference-in-difference approach. We combine data collected from
the National Institute of Education and Youth with socio-economic data. The
analysis covers the period from 2007 to 2013, encompassing one funding cycle
and allowing for a comprehensive evaluation of the long-term effects on educa-
tional achievement. The results do not reveal a correlation between European
funds and the test scores of schools. However, a negative correlation was found
between schools located in economically disadvantaged areas and with pupils
from socially disadvantaged backgrounds. The study also identifies several
challenges and areas for future research for more efficient fund allocation.
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Abstrakt
Jako člen Evropské unie má Slovensko přístup k různým programům financov-
ání zaměřených na zlepšení vzdělávání a podporu hospodářského rozvoje. Tato
studie zkoumá účinnost těchto fondů při zlepšování vzdělávacích výsledků ve
všech relevantních slovenských základních a středních školách. K posouzení
dopadu evropských fondů využívá tato práce model fixních vlivů, model mezi-
dobých vlivů a přístup "difference-in-difference". Tato práce používá data o
výsledcích testů získaných z Národního institutu vzdělávání a mládeže a kom-
binuje socioekonomická data. Analýza pokrývá období od roku 2007 do roku
2013 zahrnující jeden cyklus financování a umožňující komplexní hodnocení
dlouhodobých účinků na vzdělávací výsledky. Výsledky neodhalují souvislost
mezi evropskými fondy a výsledky testů škol. Nicméně byla nalezena negativní
korelace u škol nacházejících se v ekonomicky znevýhodněných oblastech a s
žáky ze sociálně znevýhodněného prostředí. Studie rovněž identifikuje něko-
lik výzev a oblastí pro budoucí výzkum pro efektivnější alokace finančních
prostředků.
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Chapter 1

Introduction

The European Union’s enlargement in 2004 was the sixth but the largest to
date. It increased the area of the European Union (EU) by 20% and its pop-
ulation by 18%, but its GDP only by 9%, while considerably decreasing GDP
per capita by 8%. This expansion created many opportunities but also posed
challenges for the member states and the union as a whole in addressing re-
gional disparities. Since then, the EU has been addressing these disparities
using structural and cohesion funds. Although these funds are ambitious on
paper, their real, long-term effects are a topic of discussion among politicians,
researchers, and even the general public. The effectiveness of these funds in
addressing regional disparities and promoting economic convergence among
member states has been a subject of debate. While some argue that the funds
have been successful in reducing disparities, others point out that the effects
have been limited and sometimes non-conclusive.

The literature on this topic does not provide a straightforward answer re-
garding the impact of eurofunds on convergence. The effect appears to be far
from uniform, as results differ from country to country between different opera-
tional programs or programming periods. This thesis aims to assess the impact
of eurofunds on the educational achievement of Slovak schools based on test
scores in nationally referenced tests. This study is unique in that it combines
educational achievement with additional resources granted to schools through
eurofunds, a combination which has not been explored in any European coun-
try before. This may have been due to the amount of manual labour required
to match projects with their respective schools.

Our dataset comprises 1409 primary schools and 657 secondary schools from
Slovakia. We used national tests by National Institute of Education and Youth
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as a reference for educational achievement. In addition to other school charac-
teristics and socio-economic explanatory variables, we included eurofunds from
the programming period 2007 - 2013 as an independent variable. Eurofunds
were split into two types: education-related and reconstruction-related funds.
We conducted the analysis using three different regression models: fixed-effects,
between-effects, and difference-in-difference models. This aims to assess general
determinants of educational achievement, as well as what influences whether a
school’s test scores increase or decrease over time.

The thesis is structured as follows: Chapter 2 contains a literature review
of the current state of research, which is divided into two parts. The first part
examines European funds literature, while the second part looks into the im-
pact of school resources on educational achievement more generally. Chapter 3
presents information on the European funds and the data used in our model,
including specifics on the finances granted and how we matched the data to
individual schools. Chapter 5 discusses other variables used in the model, with
national test results as the dependent variable and school characteristics and
socioeconomic variables as explanatory. Chapter 4 provides an overview of the
methodology and a description of the methods used. In Chapter 6, the results
of the regression models are presented and discussed. The final Chapter 7,
Conclusion, summarises the findings and limitations of this thesis.



Chapter 2

Literature Review

The aim of this chapter is to assess the current state of research on the effec-
tiveness of Structural Funds in the European Union, with a particular focus on
the Central Eastern Europe (CEE) region. To do so, we thoroughly searched
available papers and related literature to compare the econometric methodolo-
gies and respective results of the studies in question. This chapter will examine
the limitations of these studies and will discuss the policy implications of the
findings. Finally, this section will suggest how the findings can be used in the
context of the bachelor thesis.

2.1 Effects of European Structural Funds
The Structural Funds and Cohesion Fund have been crucial tools for addressing
regional disparities in the European Union for a significant part of its existence.
The European Social Fund, the European Regional Development Fund, and the
Cohesion Fund have been in place for decades, with the former dating back to
1957 and the latter to 1975 and 1994, respectively. These funds have sup-
ported a wide range of projects and initiatives. It is, therefore, understandable
that many research papers have attempted to test the efficiency of allocated
resources from these funds by conducting various studies. As mentioned in
Dall’erba et al. (2009), around one hundred studies investigate European re-
gional policies, but only a relatively small portion of them conduct proper
econometric research.

Most of the papers in the field are based on the growth model proposed by
Solow (1956), which introduced the theory of diminishing marginal returns to
capital and exogenous technical processes. This model is one of the most im-
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portant contributions to studying economic growth and continues to influence
research today. This theory was later developed by the neoclassical growth
model of convergence, as proposed by Barro & Sala-I-Martin (1992). It is
commonly used in papers within the field. The model argues that the rate of
economic growth is determined by technological progress, capital accumulation,
and labour force growth.

It is commonly believed that investing more money leads to better results.
However, the literature suggests that the impact of grants varies depending
on factors such as grant type, allocation, and geography. Most studies on
the subject focus on the effects of structural funds in Western Europe. A
significant publication in this field is the meta-analysis by Dall’Erba & Fang
(2017), which provides a comprehensive review of available literature and shows
that the impact of grants is rather non-uniform.

Studies that focus on the geography of Central Eastern Europe are rather
scarce, with exceptions like Žáček & Hrůza (2019). This study uses panel
data regression analysis with fixed effects controlling for spatial effects and
finds that EU funds have a positive and statistically significant impact esti-
mated at 0.91-1.12 p.p. on the GDP growth rate of Czech regions. A similar
study was conducted in Slovakia by Radvanský et al. (2016). The study used
the counterfactual impact evaluation method and found that the EU Cohesion
Policy positively impacted regional development in Slovakia. Specifically, it
led to GDP growth, employment, and productivity improvements. However,
the policy’s effectiveness varied across regions and sectors, and some areas ex-
perienced limited positive or even negative effects. Another Poland study by
Modranka (2015) used a spatial panel econometric model. The impact of the
policy changes over time and across space, with the largest positive effects
observed in the early years of the policy implementation. Schoenberg (2018)
aimed to determine whether convergence occurred in Romania and Bulgaria.
The article used a difference-in-difference analysis method and found that EU
funds positively impacted GDP per capita, reduced unemployment, and de-
creased research and development expenditure per capita.

Recent research by Fratesi & Wishlade (2017) has shown that the impact
of the Cohesion Policy is not uniform. Subsequently, in recent years, academic
interest has shifted from attempts to assess its overall impact to an emphasis
on the "conditioning factors" that explain when, where, and how the policy
is effective. For example, according to Rodríguez-Pose & Garcilazo (2015),
the effectiveness of policies can be influenced by the quality of government.
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Similarly, as stated by Becker et al. (2013), the amount of human capital present
and the quality of institutions can also impact the effectiveness of policies.

Although the list of publications can be quite extensive, to the best of
the author’s knowledge, there are almost no quantitative evaluations of the
impacts of Structural Funds on the educational outcomes of schools in the EU.
Therefore, it is necessary to examine broader examples of studies and research
papers that investigate the determinants of educational outcomes in various
econometric models, particularly those that include funding resources as one
of the variables.

2.2 Effect of School Resources on Student Achieve-
ment

For many decades, researchers and even politicians have attempted to deter-
mine whether additional resources invested in education create additional value
for money or result in poor resource management, leading to a waste of funds.
One of the earliest studies that investigated the relationship between education
spending and attainment in terms of labour market returns was conducted by
Card & Krueger (1992). The study found that increased spending leads to
higher returns to education in the labour market and a reduction in the pay
gap between ethnicities.

While the intuition might suggest that more money should lead to better
results, researchers are not uniform in their opinions. Another study by lead-
ing scholar Hanushek (2006) concludes that there is little consistent evidence
to support that increased school resources lead to better student outcomes.
Instead, the paper emphasizes the importance of teacher quality and other fac-
tors that are more difficult to measure but are likely to have a greater impact
on student performance. Similar results were found among Finnish senior sec-
ondary schools by Häkkinen et al. (2003), and in higher institutions in Ohio
and Tennessee by Hillman et al. (2017). Bénabou et al. (2009) examined addi-
tional resources that were channelled to disadvantaged schools in the education
priority zones in France but did not find a relationship between those two.

On the contrary, according to a study by Hægeland et al. (2012), which uses
the instrumental variable approach, higher revenues from local taxes on hydro-
power plants (that resulted in more school resources granted for schools in
these particular regions) have a significantly positive effect on the achievement
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of students. Additionally, studies in US public schools by Jackson et al. (2015),
the study of Michigan primary schools by Hyman et al. (1994), Texas schools by
Kreisman & Steinberg (2019), and the study of US citizens who were tracked
from kindergarten to early adulthood by Rothstein & Schanzenbach (2022)
all found a positive relationship between funding and educational outcomes
in various form of defining them. A recent example from Italy by Belmonte
et al. (2020) found a positive relationship between school test scores and post-
earthquake infrastructure spending for schools in certain regions in comparison
to the school in regions that did not receive such funding.

A recent example is also a report by OECD (2019) that assesses the rela-
tionship between reading performance in PISA 2018 and spending on education
in a particular country on national levels, as seen in Figure 2.1. The researchers
found a relationship that increases but diminishes quickly. The curve itself may
resemble Solow’s growth model curve.

Figure 2.1: Reading performance and spending on education
Source: OECD, PISA 2018 Database, Tables I.B1.4 and B3.1.1.

It is worth noting that, to the best of the authors’ knowledge, no study
investigating the determinants of educational achievement in Slovakian schools
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has been conducted. This is a significant gap in the literature, as understanding
the factors that contribute to educational achievement is crucial to implement-
ing effective policies and interventions.

Other Determinants of Educational Achievement

It is common practice for researchers to include not only variables of interest
when examining the impact of school resources on educational achievement
but also additional explanatory variables. This helps the model to explain a
greater proportion of the overall variability of the dependent variable, educa-
tional achievement. In this subsection, we present some commonly used ex-
planatory variables. In this field, two main types of studies are distinguished.
The first type examines the determinants of educational achievement of individ-
uals, which is more common, while the second type examines the determinants
of school performance.

In general, studies attempt to assess as many variables as possible in the
dataset. Most studies use the gender and nationality of the student. Addition-
ally, Machin et al. (2008) uses an interestingly detailed dataset that includes
the occupation of the head of the family, as well as whether the child eats
lunch at the school canteen. Häkkinen et al. (2003) generally include parents’
education, teachers’ expenditures, work during senior secondary school, or the
unemployment rate in districts. Belmonte et al. (2020) uses school size and the
share of male and native students in each school. Bénabou et al. (2009) goes
further by adding the number of students per class, number of teachers, number
of teachers per student, number of weekly hours per student, the share of young
teachers, and the share of non-certified teachers. Leuven et al. (2007) include
the socio-economic index or even the urbanization index of the area where the
school is located; additionally, they include the school’s religious denomination.
Kreisman & Steinberg (2019) include the share of nationalities or share of the
poor people living in the geographic entity to explain the individual effects of
each school.

2.3 Methodology Used in the Relevant Studies
A discussion paper titled "Econometric Methods for Causal Evaluation of Edu-
cation Policies and Practices: A Non-Technical Guide" by Schlotter et al. (2011)
provides a comprehensive overview of the different econometric methods that
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can be used to evaluate education policies. The paper discusses the importance
of causal inference in education research and explains how different economet-
ric methods can help researchers address the various challenges they face. One
of the paper’s key contributions is its discussion of the different types of data
commonly used in education research and the econometric methods best suited
for each type of data. The paper also provides detailed explanations of the
various econometric techniques that can be used to address common problems
in education research, such as selection bias, measurement error, and endogene-
ity. An example of a fixed-effects approach is a study by Böhlmark & Lindahl
(2008) of a voucher reform in Sweden and its effect on educational achieve-
ment. The authors found that the increase in the share of private schools in
the municipality positively affected student outcomes in the short and long
run. Another possibility is to use difference-in-differences models. These can
identify causal effects by exploiting variations between treatment and control
groups over time while controlling for time-invariant unobserved variables. For
example, Machin et al. (2008) examine the introduction of the "literacy hour"
in the United Kingdom in the 1990s. The authors found a positive effect on
reading and English test results and concluded that the benefits of the literacy
hour exceeded the policy’s cost.



Chapter 3

European Cohesion Policy and
Structural Funds

The purpose of this chapter is to examine the details and characteristics of
the Cohesion Policy and Structural Funds of the European Union throughout
history, as well as provide evidence of the necessity for such a policy.

Additionally, we provide a regional context relevant to Slovakia and lastly,
we explain the types of education-related financed projects in Slovakia in the
programming period we are going to examine and how we matched them with
individual school recipients.

Necessity of Cohesion in the European Union

The fundamental economic concept behind providing additional funds to under-
developed regions of the EU is to allow them to catch up with more developed
areas through external input - financial resources. This should make conver-
gence easier and faster. The first descendants to today’s Structural Funds were
established in the 1980s and have been revised several times since. The current
programming period, which cover the period from 2021 to 2027, emphasize the
"European Green Deal" and "digitalization" as key investment areas. This is a
response to the continuing disparities in many economic indicators that exist
today, such as income, employment, and education levels, which have negative
effects on social cohesion and economic stability.
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The Figure 3.1 below illustrates the extent of these disparities between Eu-
ropean Union members and individual states of the United States of America.

Figure 3.1: Distribution of GDP p. c. in USA and EU - 2021.
Source: Bureau of Economic Analysis and Oxford Economics.

3.1 Slovakia and EU Funds
Slovakia, as a member state of the EU since 2004, has been a recipient of Eu-
ropean Cohesion Policy and Structural Funds. EU funds have played a crucial
role in the country’s development, supporting infrastructure projects, fostering
innovation, promoting education and training, and enhancing environmental
protection and resource efficiency.

Some examples of projects supported by the EU Funds in Slovakia during
this time period include:

1. Transport infrastructure: Funding was provided to improve the qual-
ity and connectivity of the transport network in Slovakia, including in-
vestments in roads, rail, and public transport.

2. Environmental protection: Projects aimed at improving the qual-
ity of the environment in Slovakia, including investments in wastewater
treatment, waste management, and air quality.

3. Education and training: Projects aimed at improving the quality of
education and training in Slovakia, including investments in school build-
ings and equipment and vocational training programs.

4. Social inclusion: Projects to promote social inclusion and reduce poverty
in Slovakia, including investments in housing, social services, and support
for disadvantaged groups such as the elderly and people with disabilities.
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In the programming period from 2007 to 2013, Slovakia received over 665
million euros in EU funds that were channelled into schools, according to our
calculations. The extent of this can be seen on the map in the Figure 3.2.

Figure 3.2: Schools granted and not granted European Funds
in the programming period 2007-2013

Source: Ministry of Investment, Regional Development and Informatization of the SR

Methodology of matching EU Funds to respective schools

The uniqueness of our data set is remarkable because of the intensive manual
labour that went into matching all the observations. The initial data provided
by the Ministry of Investment, Regional Development and Informatization of
the SR was not in a form that could be easily matched using identification codes
or geocoding due to the frequent lack of clarity around the funding recipients.
Despite the author’s great determination, five instances of individual funding
had to be deleted from the data set due to a lack of information about the
recipient. A lot of effort went into compiling this data set, which could make
it an interesting resource for researchers in the future.
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We first filtered out all relevant variables in three types of objectives:

1. Operational Program Education,

2. Regional Operational Program,

3. Bratislava Operational Program.

We then subdivided the funding into two categories:

1. Education-related funding was allocated for educational purposes,
such as specialized training for teachers, new educational resources for
students, and the development of innovative teaching methodologies that
foster a more dynamic learning environment. This funding was aimed at
supporting the educational process and improving the quality of educa-
tion for students.

2. Reconstruction-related funding was allocated for the reconstruction
of the school building, including repairs and renovations and other infras-
tructure related work. This funding was not directly connected to the
educational process but was aimed at ensuring that the school infrastruc-
ture was in good condition, providing a safe and conducive environment
for students to learn in. This could also involve the installation of new
facilities such as playgrounds, sports fields, and other recreational facili-
ties.

We did so to be able to distinguish between effects of both, when analysing
by regression models as one may have more significant effect than other. In
the Figure 3.3, we can see the amount of these funds absorbed over the span
of programming period.

Figure 3.3: Absorption of the EU funds over time
Source: Ministry of Investment, Regional Development and Informatization of the SR



Chapter 4

Data

In this chapter, we introduce the data set and its unique characteristics. The
dataset includes 1409 primary schools and 657 secondary schools from Slovakia.
We only include those schools that are regular and not for pupils with special
needs to prevent bias. We also only include primary schools that take part in
National Institute for Education and Youth (colloquially called NIVAM) tests
(primary schools with only four grades do not participate in the test, therefore,
are not included in this dataset). Secondary schools were only included if there
were no or a small number of missing values in the panel data (i. e. we do not
include the secondary school that was established later or the secondary school
was closed).

We first introduce the dependent variable − results and percentiles of in-
dividual schools from standardised NIVAM tests (Testing 9, Maturita), which
every pupil in each school has to take (were the pupil not excused because of
serious reasons such as long-term inability to attend a school or special condi-
tion preventing from attending). These were acquired from National Institute
of Education and Youth.

We then introduce the independent variables. We discuss the descriptive
characteristics of European Funding variables, which were acquired from Min-
istry of Investment, Regional Development and Informatization of the SR. We
also provide specifications for each individual school (type, establisher, number
of students, number of teachers, number of students from socially disadvan-
taged backgrounds...), which were acquired from Institute for Economic and
Social Reforms. Regarding town-specific data, we use the percentage of the
Roma population (acquired from Ministry of Interior of the Slovak Republic),
and the percentage of people with higher education. Regarding district-specific
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data, we use the unemployment rate. Both (Roma population excluded) were
acquired from Statistical Office of the Slovak Republic.

Shapefiles of Slovakia that are used in the map figures were acquired from
Geodetic and Cartographic Office of Bratislava.

4.1 Dependent variable
We use the results of NIVAM tests as the dependent variable. These are norm-
referenced national tests in Slovakia that are very similar to PISA tests. Their
main objective is to assess the strategic competencies of students. Thus, these
tests provide a good representation of educational achievement between indi-
vidual schools in Slovakia.

There are three nationwide tests NIVAM is responsible for administrating:

• Testing 5 (nationwide from the school year 2015/2016) − mandatory tests
from Mathematics and the Slovak language (alternatively Hungarian) of
primary school pupils in 5th grade

• Testing 9 (nationwide from the school year 2004/2005) − mandatory tests
from Mathematics and the Slovak language (alternatively Hungarian) of
primary school pupils in 9th grade

• Maturita (nationwide from the school year 2006/2007) − mandatory
test from the Slovak language (alternatively Hungarian) and optional
(sometimes obligatory) tests from additional languages (English, Ger-
man, Spanish or French) and Mathematics of secondary school pupils in
the school-leaving grade

For the purpose of this bachelor’s thesis, we created a special variable to
measure the educational achievement of schools. For primary schools, we cal-
culated the average scores of Testing 9 in Mathematics and Slovak (or Hun-
garian) language. For secondary schools, we calculated the average scores of
Maturita in Slovak (or Hungarian) language and English language. Table 4.1
shows descriptive statistics and graphical representations for both primary and
secondary schools.
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Table 4.1: NIVAM test score results: descriptive statistics

Primary schools Secondary schools

Year N Min Med. Mean Max σ N Min Med. Mean Max σ

2009 1376 18.5 56.1 56.8 89.5 10.2 634 27.2 57.4 56.8 86.4 9.55
2010 1374 19.5 63.1 63.0 95.0 10.5 657 27.3 56.4 57.3 88.1 9.32
2011 1377 26.1 54.7 55.6 87.1 9.0 668 28.6 57.7 58.0 87.9 10.2
2012 1374 16.4 55.6 55.3 87.2 9.9 650 30.0 53.8 54.5 81.4 9.94
2013 1396 17.2 64.1 62.9 96.1 10.2 662 30.6 55.8 56.2 85.2 9.82
2014 1400 4.5 57.9 57.1 86.9 10.7 657 15.6 56.2 56.5 89.5 11.0
2015 1402 16.1 57.3 56.6 87.6 10.4 651 19.7 46.6 46.9 83.7 11.3
2016 1400 16.4 57.6 56.5 85.7 10.3 657 23.2 49.7 50.6 81.1 11.3
2017 1400 14.8 58.7 57.5 90.2 11.2 637 27.2 51.6 51.8 85.5 9.80
2018 1409 16.6 59.0 57.8 86.4 11.3 654 26.6 50.3 51.7 81.3 10.9
2019 1409 14.6 61.2 59.3 88.2 11.8 656 21.9 46.7 49.0 83.8 12.5

Source: National Institute of Education and Youth

The Figure 4.1 demonstrates that NIVAM tests are a useful tool for dif-
ferentiating between underperforming and overperforming schools. These tests
have a mostly consistent median and rank schools by the average scores they
get. This is a crucial aspect of the referenced tests as it helps identify areas of
improvement. In addition, the test results can also be used to allocate resources
and funding to schools that need it the most.
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Figure 4.1: NIVAM test results between years 2009-2019
Source: National Institute of Education and Youth

While it is true that NIVAM tests are a great tool to compare schools’ ed-
ucational achievement, it is important to note that they are not without their
limitations. One area of concern is the level of accuracy and stability of the
results. To aid research, it would be beneficial to have a stable test with con-
sistent difficulty levels. However, even within our data sample, we can see that
this is not always the case. Results for individual schools can show significant
fluctuations and do not follow stable trends over the years. For example, in
2013, the Figure 4.1 depicts a significant increase in test scores for primary
schools. We found that this might have been due to an easier test resulting
from changes in the educational curriculum in schools. That year, mathe-
matical tests did not include questions on combinatorics, statistics, logic, and
proofs, which historically were the more challenging questions. This was the
main motivation for averaging individual observations in languages and math-
ematics, which achieved smaller year-to-year fluctuations and, consequently,
smaller standard deviations.
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4.2 Independent variables

4.2.1 School characteristics

As mentioned in the introduction of this chapter, we have collected various
details about each school in our data set. We have subdivided them into two
categories: those with numerical values and dummy variables.

Numerical variables

We include school characteristics that were available, similar to those in Bel-
monte et al. (2020) and Bénabou et al. (2009). These characteristics include
the number of students, the number of pupils from a disadvantaged back-
ground, the number of teachers for each school, and the frequency of using
Information and Communication Technologies (ICT) (Information and Com-
munications Technology). We obtained these characteristics for each individual
year, and the purpose is to determine if and how these variables affect educa-
tional achievement. For example, we want to investigate whether bigger schools
are associated with worse or better results, whether ICT improves test scores
over time, and if pupils from disadvantaged backgrounds influence schools’ test
results. However, Slovak institutions only started collecting some interesting
data points - frequency of using interactive technology and number of pupils
from a disadvantaged background in 2014, which will subsequently impact our
possibilities with the regression model. We provide descriptive statistics in the
Table 4.2.

Table 4.2: Numerical school characteristics: descriptive statistics

Primary schools Secondary schools

Year Min Med. Mean Max Min Med. Mean Max

Number of teachers per 100 students 4.3 8.2 8.9 50.8 5.9 10.5 12.4 100.0
Number of pupils 25.7 238.3 294.5 1155.0 1.5 300.2 329.4 1144.4
Frequency of using interactive tech. 21.7 72.5 71.9 100.0 4.9 64.7 64.4 100.0
Number of pupils from disadvantaged b. 0.0 3.6 16.3 609.3 0.0 0.0 1.3 204.0

Source: Institute for Economic and Social Reforms

Dummy variables

Similar to Leuven et al. (2007), we further extracted descriptive information
about the type of establisher, location and language of instruction and con-
verted them into dummy variables. These are all relevant independent vari-
ables to add, as some types of students with specific characteristics will choose
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some schools or specific establisher will improve the results of school thanks to
more funding. Descriptive statistics may be found in the Table 4.3.

Table 4.3: Dummy school characteristics: descriptive characteristics

Primary schools Secondary schools

Type of establisher N N

Public 1280 472
Private 29 108
Church 94 68

Location N N

Bratislava 76 80
District capital 432 466
Regular town 895 102

Language of instruction N N

Slovak 1264 500
Hungarian 121 28
Ukrainian 1 1
Bilingual 17 119

Source: Institute for Economic and Social Reforms

4.2.2 Location characteristics

Similarly to Kreisman & Steinberg (2019), we include variables such as nation-
ality or education level of a particular location where the school is located. In
the Table 4.4 we state descriptive statistics.

Table 4.4: Location characteristics: descriptive statistics

Variable Min Median Mean Max

Number of residents 0 654 1849 105468
Share of Roma population [%] 4.3 8.2 8.9 50.8
Share of citizens over 15 y.o.
with university degree [%]

0.0 3.6 16.3 609.3

Unemployment [%] 3.6 10.0 11.6 28.3

Source: Statistical Office of the Slovak Republic

The number of residents in a particular town is a crucial piece of in-
formation that can have significant implications for both the between and
Difference-in-Difference (DID) models. In terms of the between model, the
number of residents is a useful indicator of the level of human capital available
to the schools, as well as the level of attractiveness of the town to new teach-
ers. The DID model, on the other hand, can benefit from changes over time, as
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these changes can provide valuable insights into the trends of migration and the
overall desirability of the area. For instance, a decrease in the number of resi-
dents may suggest that the area is losing its appeal, whereas an increase may
indicate that it is becoming more attractive to potential residents. Therefore,
it is important to keep track of changes in the number of residents over time
to understand better the dynamics of the town and the potential implications
for its schools. We provide overview of more populated areas of Slovakia in the
Figure 4.2.

Figure 4.2: Number of residents on the town level
Source: Statistical Office of the Slovak Republic

We also include Roma population share, who, as a disadvantaged mi-
nority, face challenges when it comes to integrating into the education system.
Many districts in Slovakia are known for having high repeat rates in the first
grade of primary school. Despite various policies and programs aimed at pro-
moting their inclusion, many Roma children still struggle with learning the
language of instruction, accessing quality education, and balancing school with
other responsibilities at home. This is compounded by the fact that many
Roma families are themselves disadvantaged and may not have the resources
or knowledge to support their children in their education. Therefore, it is not
surprising that Roma children often perform poorly in school, which can lead
to a cycle of low achievement and repetition. To account for this issue, we
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included Roma ethnicity as a control variable in our analysis. This can also be
seen in the Figure 4.3.

Figure 4.3: Under-performing primary and secondary schools with re-
spect to the share of the Roma population
Source: Ministry of Interior of the Slovak Republic

Studies have shown that a student’s educational level in Slovakia is often
determined by the educational level of their parents. This is a phenomenon
that has been observed in many countries around the world. While some argue
that this is due to the lack of opportunities for upward mobility, others argue
that it is a result of systemic inequalities in the education system. To address
this issue, we are including a ratio of "over-educated residents" in a particular
town. The relationship can be seen in the Figure 4.4.

After consideration, we decided to include the unemployment rate as an
important factor to be taken into account. This is because social background
plays a crucial role in determining educational achievement. By measuring
the unemployment rate, we aim to capture the socioeconomic status of the
environment of schools under study, which is highly relevant for understanding
educational outcomes. This can also be seen in the Figure 4.5.
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Figure 4.4: Over-performing primary and secondary schools with re-
spect to share of residents with university degree

Source: Statistical Office of the Slovak Republic

Figure 4.5: Under-performing primary and secondary schools with re-
spect to the unemployment rate

Source: Statistical Office of the Slovak Republic
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4.2.3 European Funding

Last, but not least, the European Funding variable is of main interest to us,
as the whole objective of this study is to determine its significance and, par-
ticularly, impact on the educational achievement of affected schools. We de-
scribe the variable itself in the Chapter 3. In Table 4.5, we provide descrip-
tive statistics about EU funding. Based on the data, approximately half of
the projects were allocated to education-related requests and the other half to
reconstruction-related requests. However, on average, reconstruction-related
projects require significantly more funding.

Table 4.5: European funding: descriptive statistics

Variable N Min Med. Mean Max

Reconstruction funding [th EUR] 647 201 729 835 2 960
Education funding [th EUR] 584 0.47 154 199 1 203

Source: Ministry of Investment, Regional Development and Informatization of the SR
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Methodology

In this chapter, we will provide a detailed account of the methods used to
analyze our data set. As discussed in the previous chapter, the data set we
used contained complex panel data about every primary and secondary school
in the Slovak Republic, which we matched with the European funding the
school received.

To begin our analysis, we implemented the Fixed Effect Model and the
Random Effects Model. As the model diagnostics clearly preferred the Fixed
Effect Model, we proceeded with that one. These models are a straightforward
choice when dealing with panel data, as they account for the individual hetero-
geneity of each observation. However, we encountered some limitations with
this model, which led us to explore other options.

Next, we applied Between Estimator Model, which is an extension of the
Fixed Effect Model. This model averages out the time component, resulting in
an equation that regresses the average scores of the schools on averages of other
variables using a standard Ordinary Least Squares (OLS) estimator. Although
this model provided us with more satisfactory results, we must acknowledge
that it has its limitations. For instance, it does not account for changes in time
and cannot estimate the direct impact of European funding on the educational
achievement of students in a particular school.

Therefore, we introduced the Difference-in-Difference model to investigate
the effects over time further. This model allowed us to examine how the treat-
ment group (i.e., schools that received European funding) differed from the
control group (i.e., schools that did not receive European funding) over time.
By comparing the differences in changes between the two groups, we were able
to isolate the effects of the treatment and estimate its impact more accurately.
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Overall, our analysis has provided us with valuable insights into the rela-
tionship between European funding and educational achievement in the Slovak
Republic.

5.1 Fixed effect model
The Fixed Effects Model is a method for analyzing panel data (longitudinal
data) in order to control for unobserved individual heterogeneity. This method
is particularly useful when dealing with unobservable variables that are con-
stant over time but may vary across individuals, such as innate ability, moti-
vation, or preferences (Wooldridge 2015, chap. 14).

In our case, the model should, in theory, control for each school’s regional
unobserved differences and other specific characteristics. For example, suppose
we are interested in the effect of class size on test scores. If we do not control
for individual heterogeneity, the estimated effect of class size may be biased due
to unobserved differences across students, such as where the school is located.
However, we can remove these biases and obtain more reliable estimates by
using the Fixed Effects Model. Consider a panel data regression model that
contains i schools (or cross-sectional units) and t time periods. The model can
be written as:

yit = β0 + βkXit + ai + uit (5.1)

where yit is the dependent variable for individual i at time t, Xit is a vector of
k independent variables, ai is the unobserved individual-specific effect, and uit

is the idiosyncratic error term.
To eliminate the unobserved individual-specific effects (ai), we can use the

within-individual (time-demeaned) transformation. For each variable, subtract
the individual’s mean over time:

yit − yit = β0 − β0⏞ ⏟⏟ ⏞
0

+βk(Xit − Xit) + ai − ai⏞ ⏟⏟ ⏞
0

+uit − uit. (5.2)

Here, yit, Xit, and uit represents the means of yit, Xit, and uit, respectively, for
individual i over the t time periods. To simplify,

yit¨ = βkẌit + üit (5.3)

where yit¨ , Ẍit and üit stands for transformed variables that were created as a
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subtraction from the original value minus the mean over all the time periods t,
as shown in the Equation 5.2.

After transforming the data, we estimate the parameters using Ordinary
Least Squares (OLS). The resulting estimates, βk, will be consistent and un-
biased, assuming that the independent variables Xit are uncorrelated with the
time-varying error term uit.

As fully listed in the Appendix A, where we provide a full list of assump-
tions as stated in Wooldridge (2015), we have a list of assumptions for a fixed
effects model, including assumptions about the model structure, the sample,
and the error terms. We will test those in the Chapter 6. These assumptions
include the expected value of the idiosyncratic error being zero, the explanatory
variables changing over time, and the idiosyncratic errors being uncorrelated,
independently, and identically distributed, while its variance is equal to σ2

u.

5.2 Between Estimator Model
The between estimator, also known as the "between-groups" or "cross-sectional"
estimator, is a method for analysing panel data using a cross-sectional variation.
The between estimator focuses on the variation between the schools rather than
within each school over time. We decided to include this model so that we can
show what the general pre-determinants of educational achievement are.

This estimator is not that widely used, so we fail to provide a source other
than by STATA, specification for a package that is used for the analysis of panel
data. The absence of a source can be explained easily, as the between-estimator
model is rather a straightforward model that averages the time component, as
will be shown in Equation 5.5 and uses OLS estimation.

We can obtain the regression model by averaging variables over time:

yi = β0 + βkXi + ai + ui (5.4)

where yi = 1
T

∑︁
t yit, k = 1, . . . , K, where K is the number of explanatory

variables, Xi = 1
T

∑︁
t Xit and ui = 1

T

∑︁
t uit. The coefficients will then be

estimated with the OLS estimator.
As the model does not deal with the unobservable individual-specific ef-

fect, we will include additional explanatory variables that do not change or do
not change in the time period observed, and we have them only as a single
observation. The final equation will therefore be:
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yi = β0 + βkXi + δjZi + ϵi, (5.5)

where yi = 1
T

∑︁
t yit, k = 1, . . . , K, where K is the number of time-changing

explanatory variables, Xi = 1
T

∑︁
t Xit, j = 1, . . . , J , J is the number of time-

invariant explanatory variables, Zi is a vector of additional time-invariant ex-
planatory variables and ϵi = ai + 1

T

∑︁
t uit.

For the ordinary least squares estimator to be unbiased, several assump-
tions must hold; we provide them listed in Appendix A. To summarize, the
assumptions that must hold for the ordinary least squares estimator to be
unbiased including linearity, independence, homoskedasticity, no perfect multi-
collinearity, and a zero expectation for the error term. If these assumptions are
met, the OLS estimator will provide unbiased estimates of the true population
parameters. We will provide details about the tests conducted in Chapter 6.

5.3 Difference-in-difference model
As discussed at the beginning of this chapter, we acknowledge the limitations of
the between-estimator model; specifically, it does not account for time effects.
On the other hand, the Fixed Effect Model does not provide a satisfactory
explanation of the variation in the dependent variable due to the limitations
and fluctuations of the NIVAM tests, as illustrated in the Figure 4.1.

In theory, we want to see whether the treatment group experienced some
effect that the control group did not. We will be looking at the existence or
non-existence of post-treatment effects difference, as can be seen in 5.1.

We define the difference-in-difference (DID) model (Wooldridge 2001, chap.
6) as

yi = δ0 + δ1posti + δ2treatmenti + δ3posti × treatmenti + βkXi + ui, (5.6)

where yi is the dependent variable, posti is the period dummy, which takes
the amount of 1 when the observation is from the after-treatment period,
treatmenti is the treatment dummy, which takes the amount of 1 if the i-th
observation was treated regardless of the period. Xi are additional explanatory
variables that have an effect on the overall value of the dependent variable; we
have to include those because, as mentioned in Wooldridge (2001), these ac-
count for the systematic different characteristics there are between individual
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observations. To fully assess whether the treatment group experienced some
effect on the educational achievement of their students, we will be looking at
δ̂3 and its significance. This is visually shown in the Figure 5.1.
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Figure 5.1: Graphical representation of DID model

We will be using the OLS estimator to estimate the equation; therefore,
traditional assumptions must hold, as stated in 5.2. Nevertheless, the unbi-
asedness of the DID estimator requires that the treatment cannot be related
to other Xi explanatory variables. In addition to that, we assume that the
trends are the same for both control and treatment groups. We delve further
into these assumptions in Chapter 6.



Chapter 6

Results

In this chapter, we will present the results of the analysis.
In the first part of this chapter, we provide an in-depth explanation of the

results obtained from the fixed effect model, which is a widely used method
in panel data econometrics. This model is known for its ability to account for
unobserved heterogeneity among individuals or groups, thus improving the ac-
curacy of the analysis. However, it did not work well with our data. Therefore,
we will discuss the limitations and identify what the issues are.

In the second part of the chapter, we present the results of the between-
estimator model analysis. This model is commonly used when the focus is
on the differences between groups rather than within-group differences. We
discuss the findings in detail, highlighting the strengths and limitations of the
between-estimator model.

Lastly, we conclude the chapter with a Difference-in-Difference model anal-
ysis, which is a powerful tool for evaluating treatment effects. We look into the
details of the analysis, discussing the assumptions and requirements for this
model to be valid. We then present the results and provide a comprehensive
discussion of their implications.

6.1 Fixed Effects Results
To measure the impact of EU funding on the educational achievement of the
schools in time, we start our analysis by estimating a panel data model as stated
below. We estimate the model individually for primary and secondary schools
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for data from 2014 on1. We provide results for two types of the eurofondseduc
it

and eurofondsrec
it variables − simple lags and continuous lags. The reason for

this is that we are uncertain about how these variables will affect educresultit

exactly.
The simple lag model includes eurofunds as a single observation in the year

when the school finished the project. The continuous lag model takes into
account that the money invested should have an impact beyond just the year
of use. Therefore, every year after the year when school finished, the project is
marked with the amount of money invested. We estimate the regression model
separately for primary school and for secondary school with the regression
model stated in 6.1. We include 3 lags as we believe that it takes some time for
the investment to influence schools’ test scores fully. We also ran a regression
with more than 3 lags, the results of that regression, which proved inefficient,
can be found Appendix C.

educresultit = β0 + β1pupilsit + β2pupilsSDBit + β3ICTit

+ β4teachersit + β5populationit + β6unemit

+ β7eurofondseduc
it + β8eurofondseduc

it+1

+ β9eurofondseduc
it+2 + β10eurofondseduc

it+3

+ β15eurofondsrec + β16eurofondsrec
it+1

+ β17eurofondsrec
it+2 + β18eurofondsrec

it+3 + ai + uit

(6.1)

First, we need to determine whether the model we selected is well-suited
for the type of data we want to estimate. To do so, we run two tests − the
F-test and the Hausman test - for all four models and provide the results in
Table 6.1. For all four models, the Fixed Effects (FE) model is superior to the
Pooled OLS model, as evidenced by the high p-value. The same can be said
of the Hausman test, which also found that the FE model is superior to the
Random Effects (RE) model with high p-values for all the models.

1This is mainly due to the fact that most of the important explanatory variables are
available from the year 2014 on.
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Table 6.1: Fixed Effects: diagnostics for choice of the model

Primary schools: Secondary schools:

Test Stat. df p-value Stat. df p-value

Simple lags

Pooled OLS vs FE:
F test 7.1 6853 (1425) 2.2 × 10−16 12.7 2406 (665) 2.2 × 10−16

RE vs FE:
Hausman test 730.1 8 2.2 × 10−16 48.3 8 8.5 × 10−8

Continuous lags

Pooled OLS vs FE:
F test 7.1 6853 (1425) 2.2 × 10−16 12.7 2406 (665) 2.2 × 10−16

RE vs FE:
Hausman test 764.5 8 2.2 × 10−16 102.5 8 2.2 × 10−16

We test the assumptions of the FE estimator, as stated in Appendix A. We
estimated the model using a dataset consisting of all primary and secondary
schools in Slovakia. Therefore, the assumption of a random sample, as out-
lined in FE.2, holds. Next, we tested for the presence of multicollinearity in
our dataset, as stated in FE.3. To do so, we used the "vif" package in R and
found no significant correlation between explanatory variables, with the excep-
tion of the understandable correlation between lagged variables eurofondseduc

it

and eurofondsreconstr
it in models with continuous lags. Since our primary inter-

est was to estimate the overall effect of eurofunds on the dependent variable,
multicollinearity may not be a significant issue as long as the model can produce
accurate predictions. We keep this in mind when interpreting the results.

The original assumption FE.4 only holds when strict exogeneity holds.
However, our model includes lagged variables, which automatically violates
the strict exogeneity assumption. Therefore, only weak exogeneity may hold.
Thus, we can achieve asymptotic unbiasedness of our estimator by having a
sufficiently large sample size. Fortunately, our dataset includes 1425 primary
schools and 665 secondary schools so this assumption will be satisfied.

In Table 6.2, we present the results of tests for the assumptions FE.5 and
FE.6 regarding heteroskedasticity and serial correlation. We use the Breusch-
Godfrey test for serial correlation and the Studentized Breusch-Pagan test for
heteroskedasticity, and as can be seen, both are present. To address these
issues, we use the "Arellano" robust covariance matrix specification method.
Adjusted standard errors are, therefore, used in the Table 6.3 to account for
the presence of serial correlation and heteroskedasticity.
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Table 6.2: Fixed Effects: model diagnostics

Primary schools: Secondary schools:

Test Stat. df p-value Stat. df p-value

Simple lags

Breusch-Godfrey 1044.00 8 2.2 × 10−16 586.28 8 2.2 × 10−16

S. Breusch-Pagan 913.61 14 2.2 × 10−16 64.72 14 1.7 × 10−8

Continuous lags

Breusch-Godfrey 1044.40 8 2.2 × 10−16 590.64 8 2.2 × 10−16

S. Breusch-Pagan 924.89 14 2.2 × 10−16 67.63 15 5.2 × 10−9

In conclusion, under the assumptions FE.1-4, the fixed effects estimator
would be unbiased and consistent. We use robust estimation to deal with het-
eroskedasticity and autocorrelation; therefore, the estimator is not efficient.
The estimator will not be unbiased as it includes lagged variables, which vi-
olate strict exogeneity, and only contemporaneous exogeneity can hold. Our
estimator, therefore, given our large sample size, will be consistent but not Best
Linear Unbiased Estimator (BLUE), as FE.5 and FE.6 are violated.

Table 6.3: Fixed Effects: Results

Dependent variable:
educresulti

Primary schools: Secondary schools:

(1) Simple lags (2) Cont. lags (3) Simple lags (4) Cont. lags

pupilsit 0.016∗∗∗ (0.004) 0.017∗∗∗ (0.004) −0.0001 (0.004) 0.0003 (0.004)
pupilsSDBit −0.030∗∗ (0.015) −0.030∗∗ (0.015) 0.084 (0.049) 0.078 (0.057)
ICTit 0.023∗∗∗ (0.005) 0.021∗∗∗ (0.005) −0.024∗∗∗ (0.007) −0.022∗∗∗ (0.007)
teachersit 0.113 (0.110) 0.110 (0.110) 0.013 (0.019) 0.014 (0.019)
populationit −1.01∗∗ (0.314) −1.02∗∗ (0.311) 0.360 (0.427) 0.303 (0.426)
unemit −0.018 (0.039) −0.027 (0.037) −0.598∗∗∗ (0.074) −0.587∗∗∗ (0.074)
eurofondseduc

it −0.003 (0.003) −0.009 (0.005) 0.002 (0.008) −0.601 (0.091)
eurofondseduc

it+1 −0.007 (0.003) 0.003 (0.005) 0.008∗∗∗ (0.008) 0.006∗∗∗ (0.002)
eurofondseduc

it+2 −0.049∗ (0.003) −0.004 (0.007) 0.006∗∗∗ (0.008) −0.001 (0.002)
eurofondseduc

it+3 −0.038 (0.002) 0.002 (0.003) 0.015∗∗ (0.008) −0.002 (0.001)
eurofondsrec

it −0.002 (0.001) −0.002 (0.001) −0.001 (0.004) 0.005 (0.004)
eurofondsrec

it+1 −0.0004 (0.001) −0.005 (0.007) −0.001 (0.003) 0.004 (0.006)
eurofondsrec

it+2 0.005 (0.001) −0.002 (0.008) −0.001 (0.002) −0.006 (0.007)
eurofondsrec

it+3 −0.0002 (0.0003) 0.003 (0.005) −0.001 (0.002) 0.002 (0.004)

Observations 8,301 8,301 3,093 3,093
R2 0.014 0.014 0.063 0.063
Adjusted R2 −0.193 −0.193 −0.205 −0.204
F Statistic 6.934∗∗∗ 7.004∗∗∗ 7.290∗∗∗ 7.390∗∗∗

(df = 14; 6861) (df = 14; 6861) (df = 14; 2413) (df = 14; 2413)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 6.3 presents the results of the four models we estimated using fixed
effects estimation. These models consider only observations from 2014 on. The
two models for primary and secondary schools differ in the type of effect we
assume the eurofunds variable has on the dependent variable, as explained at
the beginning of this section.

As shown by the results of the F test, all of the models are statistically
significant at a 1% significance level. However, the models only account for 1.4%
of the overall variability for primary schools and 6.3% of the overall variability
for secondary schools in the educresult variable. The remaining variability
can be attributed to unknown and difficult-to-track effects, such as changes in
management or simply cases of randomness, where some grades have better or
worse-performing pupils. To ensure accurate hypothesis testing, we use robust
standard errors for estimation.

The coefficient on the number of pupils is statistically significant at a 1%
significance level for primary schools but insignificant for secondary schools.
This means that when primary schools gain a pupil, their expected educresult

score increases by only 0.016 points. The relationship between these variables
may indicate that student competition motivates other students to perform
better and that schools with larger class sizes tend to outperform schools with
smaller class sizes. Another reason might be that bigger schools are associated
with more clever pupils. The relationship itself is rather weak. For example,
if the school gained 100 students, it would only be expected to gain 1.6 points
on the educresult.

Similarly, the share of pupils from socially disadvantaged backgrounds is
statistically significant at a 1% significance level for primary schools but in-
significant for secondary schools. When the share of socially disadvantaged
students increases by 1%, the overall primary school score is expected to de-
crease by approximately −0.03. This follows logical reasoning, as students from
socially disadvantaged backgrounds usually underperform in schools, especially
in Slovakia. The insignificant effect of this variable on secondary school models
may be due to the fact that not many socially disadvantaged students continue
studying at the secondary school level.

The only variable that is jointly significant at a 1% significance level for
both primary and secondary schools is ICT - the usage of Information and
Communication Technologies in the educational process. However, the rela-
tionship differs between primary and secondary schools. In primary schools,
the relationship is positive, while in secondary schools, it is negative. When



6. Results 33

the share of ICT usage increases by 1%, the overall primary school score is
expected to increase by approximately 0.02, while the overall secondary school
score is expected to decrease by approximately −0.02. Although it is quite
straightforward to explain the positive effect of ICT usage in primary schools,
the opposite effect in secondary schools is less clear. One possible explanation
is that technical and specialised secondary schools may have adopted ICT more
quickly, which could have created a negative effect because these schools tend
to underperform.

For primary schools, an increase of 1000 citizens in the city’s population
had a negative effect of −1.01 at a 5% significance level. This could be due to
problems with adjusting school capacities in cities with increasing populations,
which negatively impacted educational results. However, this variable proved
insignificant for secondary schools.

On the other hand, an increase of 1% in unemployment had a negative ef-
fect of −0.59 on the test scores of secondary schools, while this variable was
insignificant for primary schools. High unemployment rates often lead to finan-
cial instability for families. This can affect students’ ability to access essential
resources such as books, study materials, and tutoring services, which are usu-
ally more expensive and also needed for secondary school students. As a result,
their academic performance may suffer.

Now, we turn to the variables of our primary interest: the coefficients of
eurofondseduc

it and eurofondsreconstr
it and their lags. Although some lags were

significant, the relationship was very weak for most variables. We are unable
to interpret the significant variables reliably, and we believe that if there is an
effect, it would be close to 0 or not positive. Only Model (3) exhibits signs of
some effect of 0.006 − 0.015 for lags 1−3 at a 1 to 5% significance level. That
would mean the effect of the average education-related eurofund in those years
on educresult would be from 1.2 to 3 points.

After carefully analyzing and examining all the relevant factors and aspects,
we have arrived at the conclusion that the FE model, which has a low R2 and
mostly weak relationships, is not a reliable predictor of educational achievement
in this case. It is important to consider the limitations of the model, such as the
lack of sufficient data before the year 2014, the limited number of explanatory
variables and the complexity of the subject matter. Given these limitations, we
cannot confidently draw any conclusions from the model and further research
is needed to develop a more accurate and comprehensive understanding of
educational achievement, as will be discussed later.
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6.2 Between Effects Results
Due to the lack of accountability of the fixed effects model, to fully assess the de-
terminants of educational achievement, we decided to include a between-effects
(Between Effects (BE)) estimator that will investigate the effects of various
variables on educational achievement. BE is an extension of the fixed effects
estimator, and we include it as we believe it provides insightful information
about schools’ educational achievement in general rather than just the change
over time. We, therefore, estimate 6.2 by the OLS method.

educresulti = β0 + β1pupilsi + β2pupilsSDBi + β3ICT i

+ β4teachersi + β5populationi + β6unemi

+ β7eurofondseduc
i + β8eurofondsrec

i

+ β9rompopi + β10universityi + β11districti

+ β12Bratislavai + β13churchi + β14privatei

+ β15hungariani + β16bilinguali + ϵi

(6.2)

We test the assumptions for the OLS estimator, as listed in Appendix A. First,
we assess the Multiple Linear Regression (MLR).1 assumption of a linear rela-
tionship by plotting the "Residuals vs Fitted" graph in R. In both models, the
line is horizontal and without serious distinct patterns, which should indicate a
linear relationship. MLR.2, a random sample assumption, holds for both mod-
els as we include a large enough sample of all primary and secondary schools in
Slovakia. We checked MLR.3, which requires an expected value of 0 for the er-
ror term ui, by plotting residuals against independent variables and finding no
pattern. We checked for collinearity using the "vif" package in R and removed
any variables above 2.5, so no multicollinearity should be present in our model.
Next, we ran the Breusch-Pagan test for heteroskedasticity (MLR.5) and the
Durbin-Watson test for serial correlation (MLR.6), and discovered both (except
for secondary school model and autocorrelation), as can be seen in Table 6.4. In
Table 6.5, we use adjusted standard errors that we created using the "Arellano"
method of the robust covariance matrix. To finalize our assumptions testing,
we created a histogram and a Q-Q plot. The histogram showed a normal distri-
bution and the Q-Q plot showed that all the points approximately fall alongside
the reference line. Therefore, we can assume normality. Under MLR.1-MLR.4,
according to Wooldridge, the estimator will be unbiased, but not BLUE, as
assumptions MLR.5 and MLR.6 are violated, so it is not efficient.
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Table 6.4: Between Effects: model diagnostics

Primary schools: Secondary schools:

Test Stat. df p-value Stat. df p-value

Durbin-Watson 1.768 − 4.0 × 10−6 2.0497 − 0.6837
Breusch-Pagan 181.19 15 2.2 × 10−16 35.931 15 0.0018

Table 6.5: Between Effects: Results

Dependent variable:
educresulti

(1) (2)
Primary schools Secondary schools

pupilsi 0.002 (0.001) 0.003 (0.002)
pupilsSDBi −0.390∗∗∗ (0.030) −0.247∗ (0.226)
ICTi 0.015 (0.011) 0.074∗∗∗ (0.020)
teachersi −0.039 (0.135) 0.004 (0.058)
populationi −0.001 (0.005) −0.004 (0.008)
unemi −0.120∗∗∗ (0.034) −0.0001 (0.065)
eurofondseduc

i 0.004∗∗ (0.002) −0.004∗∗ (0.002)
eurofondsrec

i 0.001∗∗ (0.0003) 0.002 (0.001)
rompopi −0.020 (0.016) 0.004 (0.034)
universityi 0.027 (0.021) 0.001 (0.044)
districti 2.382∗∗∗ (0.468) 0.929 (1.034)
Bratislavai 1.745∗∗ (1.021) 2.499∗ (1.494)
churchi 1.430∗∗ (0.701) 5.049∗∗∗ (0.963)
privatei 4.276∗∗∗ (1.787) −0.812 (0.940)
hungariani 3.484∗∗∗ (0.657) 3.891∗∗ (1.836)
bilinguali 2.594∗ (1.948) 6.760∗∗∗ (0.897)
Constant 58.361∗∗∗ (1.833) 45.317∗∗∗ (2.301)

Observations 1,403 648
R2 0.400 0.191
Adjusted R2 0.392 0.188
Residual Std. Error 6.119 (df = 1387) 8.233 (df = 632)
F Statistic 61.325∗∗∗ 9.758∗∗∗

(df = 15; 1387) (df = 15; 632)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 6.5 shows the results of the two models estimated using between-
effects estimation. The F-test results indicate that all of the models are statis-
tically significant at a 1% significance level. Model (1) accounts for 40% of the
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overall variability, while Model (2) accounts for 19.1% of the overall variability
in the educresult variable.

The share of pupils from socially disadvantaged backgrounds has a sta-
tistically significant effect on primary and secondary school test scores, with
significance levels of 1% and 10%, respectively. A 1% increase in the share
of socially disadvantaged students is associated with a decrease of −0.390 in
overall primary school test scores and −0.247 in overall secondary school test
scores. This can be attributed to the lack of support that students from disad-
vantaged backgrounds receive, which leads to underperformance in the school
setting.

The use of ICT is also significant for secondary schools, with a significance
level of 1%. A 1% increase in the use of ICT is associated with an average
increase of 0.074 points in overall test scores. This makes logical sense, as
innovative education is expected to produce better results. However, it could
also indirectly reflect better management, as schools with higher ICT usage
are likely to have better teachers who know how to work with technology. This
is contradictory to the previous FE model, where the increase in ICT was
associated with a negative effect on educresult at secondary schools. We are
unable to explain this discrepancy rationally.

Higher unemployment has a negative effect on primary school test scores,
with a significance level of 1%. A 1% increase in unemployment is associated
with a decrease of −0.12 points in overall primary school test scores. However,
this effect is not significant for secondary schools now, contrary to the FE
model. As mentioned previously, this may be a regional difference that may be
an indirect indicator of the financial well-being of families of students that can
influence their educational achievement.

The variables eurofondseduc
i and eurofondsrec

i are mainly informative in
terms of which types of schools received funding. We observe that primary
schools with marginally better performance received reconstruction-related eu-
rofunds and education-related eurofunds, while marginally worse secondary
schools received education-related eurofunds. However, the relationship is
weak, so it is not necessary to delve deeper into it.

What is interesting are the significant dummy variables. For primary schools,
we see that being located in the district capital leads to a likely increase in score
of 2.38 at a 1% significance level, while being located in Bratislava leads to a
1.75 increase at a 5% significance level. If the school is private, the increase is
4.28 at a 1% significance level. If the school teaches in the Hungarian language,
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the increase is 3.45 at a 1% significance level, while being bilingual leads to an
increase of 2.59 at a 10% significance level. The establisher being the church
leads to an increase of 1.43 at a 5% significance level.

For secondary schools, we see that being located in Bratislava leads to a
2.49 increase at a 10% significance level. If the school teaches in the Hungarian
language, the increase is 3.89 at a 5% significance level, while being bilingual
leads to an increase of 6.76 at a 1% significance level. The establisher being the
church leads to an increase of 5.05 at a 5% significance level. This may be due
to the fact that better and more clever students tend to attend schools where
the establisher is the church or where the language of instruction is bilingual.
Not necessarily are those better primary or secondary schools.

We consider this model interesting because it provides insight into what
the main educational determinants are for primary and secondary schools in
Slovakia. It, however, has its limits, as it is not that accounting for time trends.

6.3 Difference-in-Difference Results
We finish the results section by presenting DID model we used because it is able
to capture the time-variant, time-invariant and impact of eurofonds we want to
assess the effect of. We use two periods in time, averaged years 2012-2014 and
2017-2019, to reduce the fluctuations of the educresult variable and estimate
them using Equation 6.3.

educresulti = β0 + δ1posti + δ2treatmenti + δ3posti × treatmenti

+ β1pupilsi + β2pupilsSDBi + β3ICTi

+ β4teachersi + β5populationi + β6unemi

+ β7rompopi + β8universityi + β9districti

+ β10Bratislavai + β11churchi + β12privatei

+ β13hungariani + β14bilinguali + ϵi,

(6.3)

To ensure the validity of our analysis, we first test the assumptions for the
OLS estimator, as listed in Appendix A. We assess the MLR.1 − MLR.4 and
MLR.7 assumptions with the same method as in the previous chapter with
very similar results. We also run the Breusch-Pagan test for heteroskedasticity
(MLR.5) and the Durbin-Watson test for serial correlation (MLR.6), discov-
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ering both, except for the secondary school model and autocorrelation. We
present the results of these tests in Table 6.6. To fix this, we use adjusted
standard errors created using the "Arellano" method of the robust covariance
matrix. To conclude, under MLR.1-MLR.4, according to Wooldridge, the esti-
mator will be unbiased, but not BLUE, as assumptions MLR.5 and MLR.6 are
violated, so it is not efficient.

Table 6.6: Difference-in-Difference: model diagnostics

Primary schools: Secondary schools:

Test Stat. df p-value Stat. df p-value

Education-related funding

Durbin-Watson 1.66 − 2.2 × 10−16 2.10 − 0.9336
Breusch-Pagan 240.8 17 2.2 × 10−16 61.3 17 2.4 × 10−6

Reconstruction-related funding

Durbin-Watson 1.67 − 2.2 × 10−16 2.09 − 0.9226
Breusch-Pagan 256.31 17 2.2 × 10−16 62.29 17 4.3 × 10−7

Table 6.7 displays the results of the four models that were estimated using
difference-in-difference estimation. The F-test results indicate that all of the
models are statistically significant at a 1% significance level. Models (1) and
(2) together account for 34% of the overall variability, while Models (3) and
(4) account for 21% of the overall variability in the educresult variable.

We observe a decrease in the educresult variable in both primary and sec-
ondary schools for both model types, with significance levels of 1%. Specifically,
the decrease is around −4 for primary schools and −6.4 for secondary schools.
This may be a result of a slight decrease in the requirements of the educa-
tional curriculum over the years but unchanged tests. Additionally, in general,
primary schools that received eurofunds achieved 1.1 better results than those
that did not, with a significance level of 1%. This does not violate our assump-
tion of control and treatment groups as long as the schools are similar to each
other in terms of characteristics. This requirement was checked by comparing
means of dependent and independent variables before the treatment, and they
are not significantly different. We assume that this assumption holds.

We did not find a statistically significant coefficient for the variable treatment

×post. Therefore, we believe that the effect of eurofunds on educational achieve-
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ment is not present. We will discuss why this is the case and examine possible
limitations at the end of this chapter.

The number of pupils has a statistically significant impact on test scores in
both primary and secondary school models. While it was insignificant for BE
model, here, the effect is present, and we really cannot explain this discrepancy.
The significance levels are 1% and 10%, respectively. Adding one more pupil is
associated with an increase in the school’s score by approximately 0.04 - 0.05
points in primary school and 0.03 points in secondary school. This result is
logical because larger schools have more resources to support their students
and can achieve better results on national tests, or better students naturally
choose to attend bigger schools.

Additionally, the share of pupils from socially disadvantaged backgrounds
has a significant effect on primary school test scores, with a significance level of
1%. A 1% increase in the share of socially disadvantaged students is expected
to result in a decrease of approximately −0.318 in overall primary school test
scores for both models. This can be attributed to the lack of support that
students from disadvantaged backgrounds receive, which leads to underper-
formance in the school setting. This is aligned with findings from previous
sections, where pupilsSDB is almost always significant.

According to the analysis, the use of Information and Communication Tech-
nologies (ICT) has a significant impact on both primary and secondary schools,
with a significance level of 10% and 1%, respectively. A 1% increase in the use
of ICT is associated with an average increase of 0.015 - 0.016 points in overall
test scores for primary schools and 0.064 - 0.065 points for secondary schools.
These findings support the notion that innovative education leads to better
outcomes and are aligned with the BE model and partly with the FE model
(apart from the secondary schools model where the ICT was associated with
a negative coefficient).

Higher unemployment has a negative effect on primary school test scores,
with a significance level of 1%. Specifically, a 1% increase in unemployment is
associated with a decrease of -0.112 points in overall primary school test scores.
However, this effect is not significant for secondary schools, and this is aligned
with findings from BE model.

Additionally, the educational achievement of a school is influenced by the
Roma population share in the city. For every additional 1% increase in the
Roma population share, the educational achievement of the school decreases
by −0.023, with a significance level of 10%.
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What is interesting are the significant dummy variables. For primary schools,
we see that being located in the district capital leads to a likely increase in score
of 2.51 - 2.74 at a 1% significance level, while being located in Bratislava leads
to a 1.885 - 2.194 increase at a 1% significance level. If the school teaches in
the Hungarian language, the increase is 2.86 - 2.87 at a 5% significance level,
while being bilingual leads to an increase of 3.04 - 3.2 at a 5% significance
level. The establisher being the church leads to an increase of 1.7 - 1.8 at a 1%
significance level.

For secondary schools, we see that being located in Bratislava leads to a
2.272 - 2.489 increase at a 10% and 5% significance level for different models.
If the school teaches in the Hungarian language, the increase is 5.533 - 5.828
at a 1% significance level, while being bilingual leads to an increase of 7.101 -
7.158 at a 1% significance level. The establisher being the church leads to an
increase of 5.31 - 5.42 at a 1% significance level.

6.4 Discussion
As previously mentioned, none of the models indicates a significant effect of
eurofunds on the educational achievement of Slovak students. The only excep-
tion is the FE model (3), but its low R2 value limits its accountability. Upon
careful consideration, there are several reasons that may be the root cause of
the insignificance of these variables. Firstly, we believe that our observation
time may not have been long enough. For the FE model, we used data only
from 2014 to 2019, which was cut short due to the COVID-19 epidemic and the
cancellation of the NIVAM test. With the DID model, we were only allowed
to use a 2-year gap between the before and post-treatment period, which may
have influenced our results.

Another possibility is that the effect is simply not present. As seen in the
Figure 3.2, a large proportion of schools received funding, which suggests that
resources may not have been used efficiently and thus may not have had an
effect on overall educational achievement. It’s possible that due to the avail-
ability of a lot of financial resources, poor-quality applications were accepted,
resulting in unnecessary spending that did not have much of an impact.

Another way to improve our model would be to make the educational
achievement variable, educresult, more complex and collect more information
about the schools. This would help eliminate fluctuations in the dependent
variable over time. Additionally, an interesting path to consider would be to



6. Results 42

give this research an international setting, estimating the effect of EU funds on
educational achievement (PISA or TIMMS tests) as an increase in spending on
education per student and comparing it to countries without such funding.

Other findings about determinants of educational achievement, such as the
significance of specific explanatory variables, align with previous literature,
such as in Kreisman & Steinberg (2019). Specifically, larger schools located in
district capitals or major cities, such as Bratislava, tend to have better academic
results than smaller schools in rural areas. Additionally, schools with a higher
rate of ICT use have been in most cases shown to perform better. On the other
hand, schools located in regions with a higher rate of unemployment and more
socially disadvantaged pupils are associated with worse academic outcomes.
This highlights the importance of addressing the root causes of socioeconomic
disparities in order to improve education for all students.



Chapter 7

Conclusion

This bachelor’s thesis examines the impact of education-related EU funds that
were channelled into Slovak primary and secondary schools during the 2007-
2013 programming period. This time frame was selected to allow for the effects
to settle and assess schools’ test scores in subsequent years. We use test scores
from national standardised tests and incorporate other explanatory variables
related to the characteristics of the school and its location. We divide EU fund-
ing into two categories: education-related funding and reconstruction-related
funding. The former includes building maintenance to ensure that students
can learn in a safe and comfortable environment. The latter mostly aims to
improve teacher training or ensure specific curriculum-related tools are avail-
able for students. We first used the Fixed Effects method of estimation for
panel data. However, the results were not satisfactory. Therefore, we moved
on to apply the Between Effects Estimator, which is an extension of the Fixed
Effect method and averages out the time component. Lastly, to assess both the
time effects and time-invariant explanatory variables, we used the Difference-
in-Difference model.

After conducting a thorough analysis, it has been determined that there
is no concrete evidence to suggest that receiving EU funds has a direct rela-
tionship with educational achievement. While some lags related to education
funding may show positive significance in the Fixed Effects Model, the model’s
low R2 value casts doubt on the reliability of these results. Furthermore, the
DID model has also similarly found no relationship between test scores and the
additional resources provided to schools through these funds, indicating that
there may be other factors at play which are influencing educational achieve-
ment in these regions.
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While the relationship with EU funds was absent, we were able to assess
other determinants of test scores that were significant in multiple models and
are associated with having an impact on the test score. The most impactful
across models was the number of primary school pupils from a disadvantaged
background, with an effect of −0.316 to −0.39 for an additional 1% increase in
the share of these pupils. Both primary and secondary schools being located
in Bratislava are associated with an influence of 1.75 to 2.5, while the primary
schools being located in the district capital are associated with 2.38 to 2.74.
Similarly, a higher unemployment rate by 1% is associated with a −0.112 -
−0.12 decrease in test scores for primary schools. Interestingly, the frequency of
usage of interactive and communication technologies in educational processes,
while mostly positive, was not uniform and varied across different models.

This thesis makes a valuable contribution to the existing research on the
impact of EU funds. No similar study has been conducted in Slovakia or
within the area of practice of studies on EU funds. Despite the lack of a
direct relationship between European funding and educational outcomes in
schools, it is important for researchers to continue exploring and investigating
the potential benefits of EU funds on education. Additionally, conditioning
factors that contribute to the success of these funds should be examined further.
This is important because Structural Funds and Cohesion Policy are not to end
and are financially more ambitious than previous programming periods.
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Appendix A

Assumptions

A.1 Assumptions for Fixed Effect Model
We provide a list of assumptions for the fixed effect estimator as summarized
in Wooldridge (2015, chap. 14):
Assumption FE.1
For each i, the model is yit = β0 + β1xit1 + · · · + βkxitk + ai + uit, where the βj

are the parameters to estimate and t = 1, . . . , T .
Assumption FE.2
We have a random sample in the cross-sectional dimension.
Assumption FE.3
For each t, the expected value of the idiosyncratic error given the explanatory
variables in all time periods and the unobserved effect is zero E(uit|Xi, ai) = 0.

Assumption FE.4
Each explanatory variable changes over time (for at least some i), and there
are no perfect linear relationships among the explanatory variables.
Assumption FE.5
For all t = 1, . . . , T : V ar(uit|Xi, ai) = V ar(uit) = σ2

u.

Assumption FE.6
For all t ̸= s, the idiosyncratic errors are uncorrelated (conditional on all ex-
planatory variables and ai): Cov(uit, uis|Xi, ai) = 0.

Assumption FE.7
Conditional on Xi and ai, the uit are independent and identically distributed
IID(0, σ2

u).
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A.2 Assumptions for BE Model and DID Model
We provide a list of assumptions for OLS estimator as summarized in Wooldridge
(2015, chap. 14):
Assumption MLR.1
The model in the population can be written as

yi = β0 + β1xi1 + · · · + βkxik + ui

where the β0, β1, . . . , βk are the unknown parameters of interest, and u is an
unobservable random error or random disturbance term.
Assumption MLR.2
We have a random sample of n observations from the population model de-
scribed above.
Assumption MLR.3
The error u has an expected value of zero, given any values of the independent
variables. In other words,

E(ui|Xi) = 0.

Assumption MLR.4
In the sample (and therefore in the population), none of the independent vari-
ables is constant, and there are no exact linear relationships among the inde-
pendent variables.
Assumption MLR.5 - Homoskedasticity

V ar(ui|Xi) = σ2.

Assumption MLR.6 - No serial correlation

Cov(ut, us|X) = 0

for any given t ̸= s.
Assumption MLR.7 - Normality
The residuals are independent and identically distributed.



Appendix B

Specification for models used in
the analysis

To avoid confusion, we provide a full specification of the model used in this
bachelor’s thesis.

Fixed Effect Model

educresultit = β0 + β1pupilsit + β2pupilsSDBit + β3ICTit

+ β4teachersit + β5populationit + β6unemit

+ β7eurofondseduc
it + β8eurofondseduc

it+1

+ β9eurofondseduc
it+2 + β10eurofondseduc

it+3

+ β15eurofondsrec + β16eurofondsrec
it+1

+ β17eurofondsrec
it+2 + β18eurofondsrec

it+3 + ai + uit,

(B.1)

where t = 2014, . . . , 2019, denotes the year and the i subscript denotes the
school. The variable educresultit denotes the results of the school in the NI-
VAM tests, pupilsit denotes the number of pupils, pupilsSDBit denotes the av-
eraged percentage of pupils from a socially disadvantaged background in respect
to the overall number of pupils, ICTit denotes the usage of Information and
Communication Technologies in the educational process, teachersit denotes the
number of teachers per 100 students,populationi denotes the number of citizens
in thousands living in the town where i-th school is located, unemit denotes
unemployment in the district where the i-th school is located, eurofondseduc

it

denotes the amount of education-related EU funds used in the i-th school in
thousands of EUR and eurofondsrec

it denotes the amount of reconstruction-
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related EU funds used in the i-th school in thousands of EUR. 1 Subsequently,
eurofondseduc

it+1...3 and eurofondsrec
it+1...3 are the first to seventh lags, cumulative

lags or cumulative effects of education and reconstruction-related EU funding
in thousands of euros, respectively.

Between Effect Model

educresulti = β0 + β1pupilsi + β2pupilsSDBi + β3ICT i

+ β4teachersi + β5populationi + β6unemi

+ β7eurofondseduc
i + β8eurofondsrec

i

+ β9rompopi + β10universityi

+ β11districti + β12Bratislavai + β13churchi

+ β14privatei + β15hungariani + β16bilinguali + ϵi

(B.2)

where the variable educresulti denotes averaged 2 results of the school in the
NIVAM tests, pupilsi denotes the averaged number of pupils, pupilsSDBi de-
notes the averaged percentage of pupils from a socially disadvantaged back-
ground in respect to the overall number of pupils, ICT i denotes the aver-
aged usage of Information and Communication Technologies in the educational
process, teachersi denotes the averaged number of teachers per 100 students,
populationi denotes number of citizens living in the town where i-th school is
located, unemi denotes average unemployment in the district where the i-th
school is located, eurofondseduc

it denotes the amount of education-related EU
funds used in the i-th school in thousands of EUR, eurofondsrec

it denotes the
amount of reconstruction-related EU funds used in the i-th school in thousands
of EUR, rompopi denotes the percentage of Roma population in the town where
i-th school is located and universityi denotes the percentage of the population
with university-degree in the town where i-th school is located. Subsequently,
we add dummy variables which take the value of 1 if: districti for schools
located in capitals of districts (Bratislava excluded), Bratislavai for schools
located in Bratislava, churchi for schools with the church as the establisher,
privatei for schools with private establisher, hungariani for schools with the
Hungarian language of instruction, bilinguali for schools with the bilingual
language of instruction.

1We use a year when the school stopped receiving EU funding as year 0. We decided to
take the last year of receiving the EU Funds because the custom usually is to use most of
the money towards the end of the absorption period.

2We averaged all the available years between 2009-2019 for all the variables.
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Difference-in-Difference Model

educresulti = β0 + δ1posti + δ2treatmenti + δ3posti × treatmenti

+ β1pupilsi + β2pupilsSDBi + β3ICTi

+ β4teachersi + β5populationi + β6unemi

+ β7rompopi + β8universityi

+ β9districti + β10Bratislavai + β11churchi

+ β12privatei + β13hungariani + β14bilinguali + ϵi,

(B.3)

where the variable educresulti denotes averaged 3 results of the school in the
NIVAM tests, posti is the period dummy, which takes the amount of 1 when
the observation is from the post-treatment period, treatmenti is the treatment
dummy, which takes the amount of 1 if the i-th observation was treated regard-
less of the period, pupilsi denotes the averaged number of pupils, pupilsSDBi

denotes the averaged percentage of pupils from a socially disadvantaged back-
ground with respect to the overall number of pupils, ICTi denotes the aver-
aged usage of Information and Communication Technologies in the educational
process, teachersi denotes the averaged number of teachers per 100 students,
populationi denotes number of citizens living in the town where i-th school is
located, unemi denotes average unemployment in the district where the i-th
school is located, rompopi denotes the percentage of Roma population in the
town where i-th school is located and universityi denotes the percentage of
the population with university-degree in the town where i-th school is located.
Subsequently, we add dummy variables which take the value of 1 if: districti

for schools located in capitals of districts (Bratislava excluded), Bratislavai for
schools located in Bratislava, churchi for schools with the church as the estab-
lisher, privatei for schools with private establisher, hungariani for schools with
the Hungarian language of instruction, bilinguali for schools with the bilingual
language of instruction. We estimate the model individually for reconstruction-
related and education-related funding.

3We averaged years between 2012-2014 to create the pre-treatment observation and 2017-
2019 for the post-treatment group. This was done for all the variables.
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models
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