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Abstract

Do Structural Funds and Cohesion Fund contribute to the improvement of eco-
nomic performance across Slovak districts? In order to answer the question this
thesis explores the impact of EU funds invested within specific operational pro-
grammes over the programming periods 2007–2013 and 2014–2020 on the de-
crease in unemployment rate and on the increase in real wage and employment
rate. Besides the standard panel data regression technique we also apply a spa-
tial autoregressive model due to the presence of spillover effects between regions.
This thesis thus goes beyond the existing literature on the evaluation of the im-
pact of EU funds in Slovakia as it incorporates spatial effects in the analysis.
In comparison with the results of the baseline fixed effects model, the estimated
impact of EU funds in the spatial autoregressive model is smaller and in certain
cases even negative. Hence the results raise doubts about the efficiency of EU
funds. Furthermore, after including the spatial effects we find that the existence
and significance of the economic convergence across Slovakia depends not only
on the chosen economic indicator but also on the specification of regional units.
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Abstrakt

Prispievajú štrukturálne fondy a kohézny fond k zlepšeniu ekonomickej výkonnosti
naprieč slovenskými okresmi? Aby sme zodpovedali túto otázku, tak táto práca
skúma dopad eurofondov investovaných v rámci špecifických operačných pro-
gramov počas programových obdob́ı 2007–2013 a 2014–2020 na pokles miery
nezamestnanosti a na nárast reálnej mzdy a miery zamestnanosti. Popri štan-
dardnej regresnej metóde na panelové dáta aplikujeme z dôvodu pŕıtomnosti
efektov prelievania medzi regiónmi aj priestorový autoregresný model. Táto práca
tak presahuje existujúcu literatúru, ktorá hodnot́ı dopad eurofondov na Sloven-
sku, ked’že do analýzy zahŕňa priestorové efekty. V porovnańı s výsledkami
základného modelu s fixnými efektmi je v priestorovom autoregresnom modeli
odhadnutý dopad eurofondov menš́ı a v určitých pŕıpadoch dokonca záporný.
Tieto výsledky tak vyvolávajú isté pochybnosti ohl’adom efekt́ıvnosti eurofondov.
Okrem toho po zahrnut́ı priestorových efektov zist’ujeme, že existencia a signi-
fikancia ekonomickej konvergencie naprieč Slovenskom záviśı nielen na vybranom
ekonomickom ukazovateli, ale aj na špecifikácii regionálnych jednotiek.
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priestorová ekonometria, nezamestnanost’, reálna
mzda, regresná analýza
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Master’s Thesis Proposal

Author Bc. Michal Kotrč
Supervisor PhDr. Lenka Št’astná, Ph.D.
Proposed topic The Impact of Structural Funds and Cohesion Fund on

Convergence: The Case of Slovak Districts

Motivation More than €350 billion is allocated for the goals of the Regional policy of the
European Union (Cohesion policy) in the 2014–2020 programming period out of which almost
€14 billion is available for Slovakia. The three funds (European Regional Development Fund,
European Social Fund and Cohesion Fund) are used to finance projects which are intended
to meet the objectives of Cohesion policy such as the growth of employment and economic
convergence between European regions. The question of whether the objectives are met is
very important as Cohesion policy represents a substantial part of the budget of the European
Union. The topic has drawn attention of many economists who use various methodological
approaches ranging from sophisticated macroeconomic analyses (Bradley et al. 2003) through
regression discontinuity designs (Becker et al. 2008) to spatial econometric models (Ramajo
et al. 2008) on various scales ranging from regions across many countries (Dall’erba, Le Gallo
2007) to regional analyses within one country (Giua 2014). Mostly their estimates suggest that
Cohesion policy is successful at meeting its objectives.

Research concerning the impacts of Cohesion policy on Slovakia is highly relevant as Slovakia
belongs to the countries with very high regional differences. In terms of regional differences
measured by the unemployment and employment levels, the least developed region in Slovakia
belonged to the bottom 11% OECD regions whereas the most developed region in Slovakia
belonged to the top 28% OECD regions (Goliaš 2017). Also, the research is relevant for Slovakia
because Slovakia has already been involved in three programming periods (2004–2006, 2007–
2013, 2014–2020) and hence there is already a sufficiently long time span to measure the effect
of the implemented projects financed by the EU funds.

The approaches and conclusions of the analyses concerning Slovakia differ significantly.
Frank et al. (2016) use a sophisticated macroeconomic HERMIN model to conduct an ex-post
analysis of the effect of the funds on the development at the level of regions (there are 8 regions
in Slovakia) for the programming period 2007–2013. They conclude that the effects of the
funds were even greater than expected and the funds helped mitigate the negative impacts of
the financial crisis.

Sloboda (2012, 2007) uses simpler statistical methods to conclude that the funds from the
first programming period (2004–2006) did not help to reduce regional differences between Slovak
districts in terms of unemployment levels. He also stresses the negative aspects of the EU funds
such as a rise in corruption and a disturbance of the free market competition. Also, there are
direct costs related to the EU funds as the funds couple a non-negligible portion of local and
state finances due to co-financing of the projects.

Expected Contribution Although the EU funds have become the most important tool
to address the significant regional differences in Slovakia, the research measuring the effect
of the funds on the regional convergence in Slovakia is far from being extensive. Our thesis
will contribute to the current discussion in the academic literature in three aspects. Firstly,
we will provide the first analysis of the convergence at the level of Slovak districts which uses
more sophisticated panel data models. Secondly, it will be the first study which will include
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spatial effects in the assessment of the effect of the EU funds in Slovakia. Through the spatial
spillover effect, the EU funds invested in a particular district influence economic indicators
in the neighbouring districts. If this spatial dimension was not included in the model, the
estimates of the model could be either biased and inconsistent or inefficient. Thirdly, the thesis
will bring the first ex-post evaluation which will include the effect of the projects from the latest
programming period (2014–2020). The results may be used by the government of Slovakia in
order to adapt its national reform programme which is comprised in the National Strategic
Reference Framework for the next programming period.

Hypotheses
Hypothesis #1: EU funds contribute to the decrease in the unemployment rate in Slovak
districts.

Hypothesis #2: EU funds contribute to the increase in the average nominal wage in
Slovak districts.

Hypothesis #3: There is a convergence between Slovak districts in terms of unemploy-
ment rate.

Hypothesis #4: There is a convergence between Slovak districts in terms of average
nominal wage.

Hypothesis #5: EU funds spent in a given district influence the unemployment rate in
the adjacent districts.

Hypothesis #6: EU funds spent in a given district influence the average nominal wage
in the adjacent districts.

Methodology We will use panel data consisting of around seventy districts across fifteen
years. We will include a specification of the model in which we will aggregate the data by
five-year periods (2004–2008, 2009–2013, 2014–2018) to measure long-term effects of the EU
funds. We will be interested in the effect of the EU funds primarily on the unemployment rate.
Nevertheless, we will also work with the employment rate to test to what extent the convergence
between regions happens through labour migration from one region into another. With respect
to the Hypotheses #4 and #6 we will work with the average nominal wage as the dependent
variable. The baseline model will take the form of a β-convergence model (Dall’erba, Le Gallo
2007):

∆yit = δyi,t−1+αfundsit+xÍ
itβ+εi+uit i = 1, . . . , N ; t = 1, . . . , T ; ∆yit = yi,t−1−yit

where ∆yit denotes a decrease in the unemployment rate, α and δ are scalars, xÍ
it represents a

1 × K vector of independent variables, β is a K × 1 vector, εi denotes the unobserved time-
invariant effect and uit denotes the idiosyncratic error term.

As control variables we will use the level of infrastructure, share of elderly people, population
density, population growth etc. We will also split the projects based on the EU Operational
programme under which they are financed to see which category of projects contributes more
to achieving the objective. Our baseline model (and its extensions) will address the first four
hypotheses: the coefficient δ will be of an interest for the Hypothesis #3 whereas the coefficient
α will be of an interest for the Hypothesis #1. In case we find evidence for spatial spillover
effects (Hypothesis #5), an appropriate spatial panel data econometric model will be selected.

There could be some time invariant regionally dependent variables not included in the
model. The omitted variable bias will then result in endogeneity as the omitted variable is
highly correlated with the amount of structural funds and at the same time impacts the de-
pendent variable in the model. Hence the fixed effects model will be chosen as the baseline
model as it does not require zero covariance between the unobserved heterogeneity term and
the independent variables for the unbiasedness and consistence of its estimates. Nevertheless,
extensions or adjustments of the baseline model such as GMM will be applied as there is still
likely to be endogeneity left e.g. due to the serial correlation.
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Outline
1. Introduction: We will provide motivation for the thesis and a summary of the thesis with

the most important findings.
2. Regional Policy of The European Union: We will introduce Cohesion policy together

with its brief history, its budget and funds for the three programming periods (2000–
2006, 2007–2013, 2014–2020), its objectives and explain the administrative system behind
Cohesion policy (the formulation of National Strategic Reference Framework, system of
applying for the funds, system of payments etc.).

3. Literature Review: We will divide the research based on multiple criteria (unit of analysis,
scale, methodological approach, variable of interest) and show some conflicting conclu-
sions of the research. A special attention will be dedicated to the studies concerning
Slovakia.

4. Data: We will list sources of data (The Office of Deputy Prime Minister, Slovak Statist-
ical Office, Social Insurance Agency in Slovakia etc.) used in the analysis and provide
descriptive statistics for the data. We will explain choice of the particular variables using
the previous research on the topic. There will be maps showing the distribution of the
EU funds across districts for the particular programming periods. In this section we will
also introduce the spatial weighting matrix used in the spatial regression.

5. Methodology: We will explain the baseline model used in the analysis and the spatial
econometric model which will include the likely spatial effects. We will also explain the
Moran’s I test for spatial autocorrelation and other important tests used to evaluate
performance of the models.

6. Results: We will discuss our baseline regressions and spatial regressions.
7. Conclusion: We will summarize our findings and their implications for policy and future

research.
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Introduction

Although the process of political integration in Europe led by the European union is
historically a striking success, the process faces also several limitations. One of them
is the reduced ability of the poorer members of the EU to benefit from the economic
integration. Reducing economic disparities between EU members is thus one of the
basic goals of EU Cohesion policy to which the EU allocates one third of the total EU
budget. Although empirical research suggests that the poorer countries catch up the
richer ones, there are still significant regional disparities within EU countries. This is
also the case of Slovakia.

Even though Slovakia is a net beneficiary of EU funding, EU funds couple a non-
negligible portion of private and public finances due to co-financing of the projects
supported through cohesion policy. Due to these direct costs related to EU funds but
also indirect ones such as a rise in corruption and clientelism, there is a demand for
academic research which would rigorously analyse the impact of EU funds on the eco-
nomic convergence across Slovakia. This demand, however, is met only to a very limited
extent. One of the exceptions is the work of Frank et al. (2016) who perform an ex-post
analysis of EU Cohesion policy in the years 2007–2015 on the economic development in
Slovakia at the level of self-governing regions. For future research, Radvanský (2014) re-
commends to include spatial effects between regions and also suggests that an empirical
study at a more detailed level of districts might be useful due to significant intrare-
gional differences in Slovakia. Sloboda (2007) analyses to what extent the distribution
of EU funds across Slovakia in the period 2004–2006 reflected the unemployment rate
in the districts. Sloboda (2007) stresses that for the analysis of economic convergence
the division of Slovakia into the self-governing regions is inappropriate and thus the
analyses concerning EU funds should be conducted at the level of districts.

This thesis thus aims to incorporate spatial effects across districts and provide an
analysis of the impact of EU funds on reducing economic differences between districts.
To the best of our knowledge, this work is not only the first one applying a spatial
econometric technique to assess the impact of EU funding in Slovakia, but also the first
one to take into account the latest programming period 2014–2020 in which Slovakia
was eligible to draw EU funds.

We conduct our analysis using panel data for 79 districts across 10 years which com-
prise the period 2009–2018. As economic variables for measuring the regional economic
performance we choose unemployment rate, average real wage and employment rate.
As the influence of funds on the economic performance might depend on the type of
financed projects, we split EU funds with respect to the operational programme un-
der which they are invested. We also control for the socio-economic characteristics of
districts such as age structure, density of population and population growth.
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We apply two models in our thesis. In the first stage, we estimate an ordinary fixed
effects model. As we find a statistically significant evidence of spatial dependence in
our data, we estimate a spatial autoregressive model in the second stage. The results
of the baseline fixed effects model indicate economic convergence across Slovak districts
for all three economic variables. Also, with the exception of EU funds invested within
human resources, the estimated impact of EU funds on economic growth is positive
and statistically significant. However, these results are not confirmed by the spatial
autoregressive model.

The thesis is structured as follows: Chapter 1 presents an overview of the studies
assessing the impact of EU funds and divides the research with respect to the ap-
plied methodology. Chapter 2 introduces EU Cohesion policy together with its history,
budget and funds. In Chapter 3, we elaborate on the theory behind the ordinary fixed
effects model, spatial autoregressive model and tests for detection of spatial dependence
in the data and selection of the appropriate spatial model. Chapter 4 describes the data
which we use for our empirical analysis. Chapter 5 is devoted to the discussion of the
results of our baseline fixed effects model and spatial autoregressive model. The last
chapter concludes the thesis with a summary of the main findings and implications for
future research.
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Chapter 1

Literature Review

Structural Funds and Cohesion Fund which are in place for decades (European Social
Fund since 1957, European Regional Development Fund since 1975 and Cohesion Fund
since 1994) have become an important tool to address the regional differences in the
European Union. Given that they represent a substantial part of the budget of the EU,
many researchers have inspected how successful the funds are at meeting the objectives
of the regional policy of the European Union. Although most research is focused on
the countries in Western Europe, there are also studies analysing the impact of EU
funding in the countries of Eastern Europe. These include studies concerning Poland
(Modranka 2015), Slovakia (Frank et al. 2016), Bulgaria and Romania (Schoenberg
2018, Surubaru 2017) or the Czech Republic (Hr̊uza et al. 2019).

The applied methodology and also conclusions of the studies differ significantly. In
this context, an insightful study by Fratesi and Wishlade (2017) concludes that rather
than asking whether EU funding contributes to the economic growth in general, the
conditions under which cohesion policy is applied should be considered with respect to
the success or failure of the funding. Pointing to five different papers, they show the
relevance of the conditions for the discussion. The first paper by Dall’erba and Fang
(2015) represents a meta-analysis of almost twenty econometric studies in which the
impact of Structural Funds on growth is estimated. The authors find that the factors
such as data characteristics, estimation methodology and presence of specific regressors
such as human capital, corruption or institutional quality are essential for the estim-
ated impact on growth. Percoco (2016) uses regression discontinuity design (RDD)
to find high relevance of the economic structure of regions for the impact on growth.
He especially emphasises the decisive role of service sector in the economy with the
development of the sector negatively related to the effectiveness of the funds. Surubaru
(2017) compares Romania and Bulgaria in terms of the absorption rate of EU funds
which indicates the amount of actually paid financial resources divided by available
budget. He finds that the differences in the outcomes between the two countries can be
explained by a combination of reasons ranging from the level of institutional and bur-
eaucratic capacity through political stability and support to clientelism. Gagliardi and
Percoco (2016) focus on the geographical characteristics and the settlement structure
of the regions receving funds and find that the rural regions close to a city perform bet-
ter. Finally, Giordano (2016) also takes into account the geographical features which
determine the support from the EU and examines how the funds succeed at turning
the regional handicaps into regional assets.

On the sample of more than 2000 NUTS 3 regions, Becker et al. (2010) estimate
how the average annual GDP per capita growth changes given a change in the support
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from the Structural Funds and Cohesion Fund. They empirically test the theory on
the optimal proportion of the support from EU funds given the size of the regional
GDP. The work of Schoenberg (2018) looks at the regions in Romania and Bulgaria.
The author finds a positive impact of Cohesion Fund on GDP and employment despite
the existing problems with the absorption of the funds and a widespread preference
of the projects which are more easily implemented rather than the projects enhancing
convergence.

The significant economic heterogeneity between and in some cases even within the
countries which are beneficiaries of the Structural and Cohesion Funds enabled re-
searchers to conduct models with a quasi-experimental design. These studies exploit
the fact that only the regions with the GDP below 75% of the average of the European
Union receive most of the funds.1 The study of Becker et al. (2008) utilizes the fact that
the Objective 1 regions correspond to the NUTS 2 regional structures which comprise
such smaller economically heterogenous NUTS 3 regions whose GDP is slightly above
or slightly below the 75% threshold. The existence of such regions enables Becker et al.
(2008) to apply a regression discontinuity design which assumes that the treated and
non-treated regions differ only in terms of the treatment represented by the funding of
the EU. They find that EU funds have a positive effect on the GDP per capita growth
but Becker et al. (2008) do not find any significant impact with respect to the creation
of jobs.

Giua (2017) exploits existence of the regions in Italy with a common border where
one region has GDP per capita slightly above a critical value and the other one slightly
below. In this context, the critical value determines that one region satisfies the criteria
for Objective 1 regions whereas the other one is not an Objective 1 region. As a unit
of analysis, Giua (2017) works with municipalities. Using RDD approach and border
strategy framework she finds that EU funding helped creation of new jobs and the
effect was significant also within the sectors of economy which contribute most to the
stimulation of economic development. The advantage of this study in comparison with
Becker et al. (2008) is that Giua (2017) conducts the analysis on the regions within
one country which increases validity within the RDD design. Importantly, Giua (2017)
also includes a specification of the model in which she incorporates the spatial context
in order to balance the sample of treated and non-treated observations.

The work of Di Cataldo (2016) similarly with the work of Giua (2017) looks at the
impact of EU funding within one country. In the case of Di Cataldo (2016) it is the
two regions of South Yorkshire and Cornwall in England which are compared with
the synthetic control regions built from the regions which do not belong to the group
of Objective 1 regions. The results indicate a reduction of the unemployment in the
treated regions. However, in comparison with Giua (2017), Di Cataldo (2016) finds
that the economic development is not sustainable as the region of South Yorkshire
which lost its Objective 1 status experienced an economic downturn after the loss of
the status. However, Di Cataldo (2016) also admits that due to the way the synthetic
controls were calculated, the results should be given a careful interpretation.

The impact of EU funds is estimated also by the classical regressions. On one hand,
in comparison with the quasi-experimental designs such as regression discontinuity

170% of the total allocation of EUR 195 billion, i.e. EUR 136 billion, was allocated to Objective 1
in 2000–2006, and the share got even higher in the period 2007–2013 to around 82% (Gorzelak et al.
2017).
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designs the classical regressions are more prone to endogeneity issue. On the other
hand, the studies using the classical regressions enable a broader application as they
are not limited by the existence of similar characteristics for both treated and non-
treated regions. The study by Dall’erba and Le Gallo (2007) belongs to the group of
the studies which apply the classical regressions. First, the authors find a significant
evidence for spatial clustering with respect to rich and poor regions. In order to estimate
the spatial effects, they include a spatial weights matrix with the elements representing
the great circle distance between regional centroids. They look at the impact on both
the GDP growth and employment growth. Although their results differ for different
spatial clusters, they show no significant impact on either of the two economic indicators
in general.

Estimation of the spatial effects in the case of EU funding is highly relevant given
the nature of the projects it is used to finance. Especially in the case of transportation
projects it is clear that also nearby regions benefit from the funds. In this context, the
work of Dall’erba and Le Gallo (2007) is not the only one which considers the spatial
effects. The work of Breidenbach et al. (2016) incorporates the spatial context both in
terms of spatial heterogeneity suggesting a different economic behaviour for different
regions and in terms of spatial spillovers suggesting that one region impacts another.
As a spatial weights matrix they choose straight line distances from regional centroids
to each other. Counterintuitively, they find that the regions with higher EU funding
experience a worse GDP per capita growth than their neighbours with lower EU funding
due to negative spatial effects. This is possible when the technologies owned by the
less funded regions are used in the more funded regions which are structurally and
economically less developed. Similarly with Breidenbach et al. (2016), Ramajo et al.
(2008) look both at the spatial heterogeneity and spatial autocorrelation in the sample
of European regions with respect to the effect of EU funding. They find evidence
for a faster conditional convergence among the regions in Ireland, Greece, Portugal
and Spain in comparison with the other EU regions. A similar conclusion is made by
Maynou et al. (2016) who find evidence for conditional convergence in terms of GDP
per capita at the level of Eurozone countries using spatio-temporal econometric model.

A significant part of the literature concerning the impacts of EU funding consists of
the studies applying structural macroeconomic models such as HERMIN which is based
on a small open economy model. As Bradley et al. (2003) point out, the advantage
of the HERMIN model is its possibility to be adapted to fit the economy of a given
country. The model includes more equations reflecting the economy such as economic
openness, wage and price determination mechanisms, labour markets, public sector etc.
As Bradley et al. (2003) explain, the HERMIN model itself consists of four sectors:
manufacturing, market services, agriculture and government. National accounts data
is then used as input data. The authors estimate the ex-post effect of the funds on four
countries and two regions in the period 1994-1999. Although they find that Structural
Funds both increase GDP and reduce unemployment rates in general, the results differ
for different regions.

Due to the fact that the countries which became members of EU in 2004 and later
have not been beneficiaries of EU funding for such a long time span, many earlier stud-
ies omit these countries from their datasets. However, there is a growing number of
exceptions which consider Bulgaria and Romania (Schoenberg 2018, Surubaru 2017)
and also studies which analyse the effects of EU funding on Slovakia, Poland, and the
Czech Republic. Modranka (2015) stresses the importance of spatial concentration of
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the funds within regions for their effectiveness and then looks at the spatial autocorrela-
tion of the absorption of the funds within Polish regions. She finds that the significance
of the spatial autocorrelation increased over time although it is questionable whether
the concentration of the funds was connected to the least developed regions. In the
Czech Republic, the study of Hr̊uza et al. (2019) looks at the impact of EU funds on
the GDP growth at the level of Czech regions. Using a classical regression model estim-
ated by fixed effects but also using a more sophisticated spatial autoregressive model
they find that EU funds have a positive impact on the GDP growth of Czech regions.
Moreover, they find there is an economic convergence between the regions.

In Slovakia, the effect of EU funding on the regional convergence is a major topic
given the significant regional differences across Slovakia. Radvanský (2014) discusses
the analytical tools which can possibly be used to assess quantitatively the effect of the
funds not only ex-post but also ex-ante. He stresses the lack of relevant statistical data
in a sufficiently detailed structure in Slovakia. The discussion leads him to choose a
macroeconomic error-correction model used to predict basic aggregate macroeconomic
indicators. The later work of Frank et al. (2016) then applies HERMIN model for an
ex-post evaluation of Cohesion policy in the years 2007–2015 on regional development
in Slovakia. The authors conclude that the funds had a significantly positive impact on
the economy of Slovakia and also managed to reduce the negative impacts of the global
financial crisis. These findings are attributable to both GDP and employment growth.
Regarding the economic convergence at the level of regions, the authors conclude that
the funds contributed to the process of convergence in all regions apart from one in
which they helped mitigate the process of divergence. The work of Radvanský et al.
(2016) uses the same HERMIN model to predict the impact of EU funds. The authors
conclude that the funds have the potential to create both additional GDP and jobs.
Comparing alternative scenarios they estimate that a more balanced implementation
over the programming period would contribute to a greater sustainability of the created
jobs and a greater effectiveness of the used resources.

A quite different insight in the topic of EU funds and their impact on the Slovak
economy is offered by Dušan Sloboda (Sloboda 2007, Kuhn et al. 2012, Sloboda 2012).
Sloboda (2007) looks at the distribution of EU funding per capita across the Slovak
districts during the period 2004–2006 and to what extent the allocation of the funds
reflected the unemployment rate in the districts. Using a simple comparative analysis
he concludes that it is not the case that the funds are predominantly allocated to the
least developed regions experiencing the highest unemployment rate. Sloboda (2007)
also looks at the administrative process related to EU funds in Slovakia and concludes
that also due to lack of transparency and great complexity the funds create space for
corruption and clientelism. The study of Kuhn et al. (2012) is a similar but broader
analysis extended by the years belonging to the second programming period. The
authors enumerate specific corruption cases related to EU funds and also show that
the convergence process is not fulfilled as the difference in the unemployment rate
between the districts with the highest unemployment rate and average unemployment
rate increased over time. Finally, Sloboda (2012) uses similar approaches but extends
the research on the other EU countries and concludes that the effect of EU funds on the
unemployment rate in the net EU funds recipient countries is insignificant. Although
these studies provide an interesting insight, they face several limitations. These studies
are concerned only with the impact of funds on the unemployment rate and do not
consider other indicators such as wages. Also, Kuhn et al. (2012) and Sloboda (2012)
do not sufficiently take into account the effect of the global financial crisis.
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In our analysis, we focus only on Slovakia at the level of districts. Although we cannot
analyse the impact of EU funds on GDP at this level, the statistics on employment and
unemployment is available even on lower than regional level. Moreover, the geographical
level of districts seems especially relevant in the case of Slovakia with significant regional
differences within regions. In our model, we conduct a panel data analysis. We choose
the best estimator out of the pooled OLS, fixed effects and random effects to estimate
the model given the results of the F-test and the Hausman test. Similarly with Dall’erba
and Le Gallo (2003), we also analyse the significance of spatial effects. We include the
discussion of spatial effects in Chapter 3. In the same chapter, we also further elaborate
on the theory of both models.
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Chapter 2

Regional Policy of the European
Union

Regional policy of the European Union also known as cohesion policy (CP) represents a
policy which administers many projects across the European Union (EU) with the aim
of reducing economic disparities between European regions. Relevance of the issue of
economic disparities in Europe is high due to the significant regional differences across
the EU. Table 2.1 shows that in terms of real GDP per capita the richest country in
the EU is almost thirteen times richer than the poorest EU country whereas the richest
U.S. state is only about twice richer than the poorest U.S. state. Even Denmark as the
third richest EU state is still four times richer than Croatia as the third poorest EU
state.

Table 2.1: Comparison of economic disparities between EU states and U.S.
states in 2018.

Union Bottom country GDP-Pca Top country GDP-Pca Ratio
EU Bulgaria 23.16% Luxembourg 295.16% 12.7
U.S. Mississippi 60.44% New York 128.95% 2.1

aThe values are stated in terms of the ratio of the real GDP per capita of the
country to the average of the particular union.
Source: Calculated by the author based on the data downloaded from STATISTA
for U.S. states and EUROSTAT for EU countries.

2.1 Overview

The origins of CP trace back to the Treaty of Rome (1957) which broke new ground for
cohesion policy.2 However, at the time cohesion was not a major topic as the members
of the European Community (EC) were economically on a similar level and hence there
was no need for the policy aimed at the disadvantaged regions. The situation changed
with the acceptance of Great Britain and Ireland as EC members in 1973 as both
countries consisted of several less developed regions. As a consequence, the European
Regional Development Fund was established in 1975 to address the regional differences
within the EC. Together with the already existing European Social Fund (ESF) and
the European Agricultural Guidance and Guarantee Fund (EAGGF), the foundations
of CP were laid down.

2Preamble to the Treaty of Rome (1957) states necessity “to strengthen the unity of their economies
(Belgium, Federal Republic of Germany, France, Italy, Luxembourg, Netherlands) and to ensure their
harmonious development by reducing the differences existing between the various regions and the
backwardness of the less favoured regions.” Source: European Union (1957).
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The issue of cohesion later became a competence of the EC by the Single European
Act (1986) which reacted to the acceptance of the southern European countries3 as EC
members.4 The GDP per capita of these countries did not even reach 50% of the GDP
of the other members (Kiss et al. 2013). Following the largest single enlargement of
the EU in 20045 CP became a more significant item of the budget of the EU (see Table
2.2).

As the twenty-first century brought new economic challenges through innovation
and globalisation of economic relationships, the aim of CP was not only reduction of
the economic differences across the union but also adaptation of the economies of the
EU members to the changing economic conditions (Gorzelak et al. 2017). The latest
document which governs the CP of the EU is the Treaty of Lisbon (2009). The treaty
strengthened the position of the European parliament with respect to the decision-
making concerning cohesion policy. It also added territorial cohesion to the already
existing social and economic cohesions.6 As a consequence, more attention was given
to the support of the cooperation at the transnational, cross-border and interregional
levels.

The cohesion policy framework is established for a period of seven years forming
a specific programming period. In the case of the countries which joined the EU in
2004, financial support was given to them only for the last three of the seven years
which comprised the 2000–2006 programming period. As Table 2.2 indicates, the 2004
enlargement of the EU was strongly reflected in the programming period 2007–2013
in which the total amount of funding provided by CP increased. In comparison with
the programming period 2007–2013, the overall amount of funding in the programming
period 2014–2020 decreased. Only eight countries (Bulgaria, Croatia, Cyprus, Ireland,
Italy, Poland, Romania and Slovakia) received more funding whereas the other countries
experienced a decline in the support through the CP.

3Greece joined the EC in 1981, Portugal and Spain joined the EC in 1986.
4Article 130A of the Single European Act (1986) states that “in order to promote its overall harmo-

nious development, the Community shall develop and pursue its actions leading to the strengthening
of its economic and social cohesion.” It also highlights the aim “at reducing disparities between the
various regions and the backwardness of the least-favoured regions.” Source: European Union (1987).

5It was the largest enlargement of the EU in terms of both the population size and the number of
countries. The Czech Republic, Estonia, Hungary, Latvia, Lithuania, Poland, Slovakia, Slovenia, Malta
and Cyprus joined the EU on 1 May 2004.

6Article 174 of the Treaty on the Functioning of the European Union (renamed by the Treaty
of Lisbon in 2009) states that “in order to promote its overall harmonious development, the Union
shall develop and pursue its actions leading to the strengthening of its economic, social and territorial
cohesion.” Source: European Union (2012).
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Table 2.2: The amount of funding through cohesion policy (bil-
lion EUR).

Country 2000–2006 2007–2013 2014–2020 Sum
Austria 1.78 1.204 0.978 3.961
Belgium 2.058 2.063 1.926 10.956
Bulgaria 0.0 6.674 7.311 24.565
Croatia 0.0 0.858 8.246 15.771
Cyprus 0.109 0.612 0.709 1.43
Czechia 2.553 26.54 21.501 50.594
Denmark 0.808 0.51 0.42 1.738
Estonia 0.684 3.403 3.499 7.586
Finland 2.124 1.596 1.31 5.03
France 16.432 13.449 13.977 43.858
Germany 31.216 25.488 18.269 74.973
Greece 26.393 20.21 15.774 62.377
Hungary 3.139 24.908 21.445 49.492
Ireland 3.854 0.751 0.887 5.492
Italy 31.541 27.923 31.827 91.291
Latvia 1.149 4.53 4.360 10.039
Lithuania 1.515 6.775 6.646 14.936
Luxembourg 0.082 0.05 0.04 0.172
Malta 0.086 0.84 0.708 1.634
Netherlands 2.826 1.66 1.021 5.507
Poland 12.588 67.186 76.342 156.116
Portugal 24.124 21.412 20.958 66.494
Romania 0.0 19.058 22.284 41.342
Slovakia 1.708 11.496 15.48 28.684
Slovenia 0.432 4.101 3.05 7.583
Spain 60.103 34.649 27.766 122.518
Sweden 2.186 1.626 1.654 5.466
UK 17.634 9.891 10.589 38.114
Suma 247.124 339.463 338.977b 740.213

aIt should be noted that we did not include the funds allocated from
the cohesion policy to the EU cross-border cooperation, EU internal
needs and EU interregional cooperation as they could not be attributed
to specific countries.
bFor the 2014–2020 programming period in the total CP financing
we did not include funding for the Youth Employment Initiative as
the initiative was only partially financed by the European Social Fund
(ESF) which represented one of the four funds used to finance CP.
Source: The amounts of EU funds for the particular countries were
obtained from the site of the European Commission (2002).

The significant economic heterogeneity within the EU countries did not allow to base
EU funding purely at the level of countries and hence a set of geospatial classifications
called NUTS7 was approved by the European Parliament in 2003 which set the basic
region for the application of the CP at the level of NUTS 2 (Kiss et al. 2013).8 As of
2018 there were 281 regions at NUTS 2 level in the EU with each of them comprising
population from 800,000 to 3,000,000 people.

7The NUTS instrument was created in the 1960s. The NUTS structure is split into three basic levels
starting from NUTS 1 to NUTS 3 territorial units with local administrative units (LAU) subdividing
NUTS 3 into one or two further levels of territorial units. Source: European Parliament and European
Council (2003).

8In some countries such as Slovakia NUTS 2 was created artificially. In the case of Slovakia there are
four NUTS 2 units: Bratislavský kraj (SK01), Západné Slovensko (SK02), Stredné Slovensko (SK03)
and Východné Slovensko (SK04) (Kiss et al. 2013).
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Regarding the management of cohesion policy, all three most important institutions
of the European union take part in it: European parliament, European Commission
and European Council. European Commission comes with a proposal regarding the
total budget of funds, its distribution and the rules concerning their use which is then
approved by the European Council and European parliament. Consequently, principles
and priorities of cohesion policy are set so that the goals of strategic EU documents can
be reached. The whole process is a subject to complicated negotiations and comprom-
ises. Each country which receives EU funding needs to prepare a strategic document
which describes the main development issues and goals of the country. For the program-
ming period 2000–2006 it was National development plan, for the programming period
2007–2013 it was National Strategic Reference Framework and for the programming
period 2014–2020 it was Partnership agreement. As Kiss et al. (2013) state, managing
the realization of the programmes is under control of the member states with governing
bodies at various levels ranging from national to regional.

Over the three programming periods (2000–2006, 2007–2013, 2014–2020) cohesion
policy was financed through five funds: European Regional Development Fund (ERDF),
European Social Fund (ESF), Cohesion Fund (CF), European Agricultural Guarantee
Fund (EAGGF), and Financial Instrument for Fisheries Guidance (FIFG). EAGGF and
FIFG became fully a part of the Common Agricultural Policy (CAP) of the EU after
the programming period 2000–2006 and are no longer considered to be a part of the
cohesion policy. ESF is the oldest fund created in 1957. It supports soft projects with
the investments aimed at various social projects. ERDF is the biggest fund established
in 1975. ERDF finances rather hard investment projects. CF is the youngest fund
created in 1992. CF similarly with ERDF supports hard investment projects such as
transportation infrastructure. The summary of the funds financing cohesion policy
with the amounts of funding can be seen in Table 2.3

Table 2.3: The distribution of EU funding through cohesion
policy across funds (billion EUR).

Fund 2000–2006 2007–2013 2014–2020 Sum
CF 28.212 70.04 63.28 161.532
ERDF 129.584 200.614 201.227 531.425
ESF 68.521 76.8 83.881 229.202
EAGGF 22.534 0.0 0.0 22.534
FIFG 3.936 0.0 0.0 3.936
Sum 252.787 347.454 348.389 948.63

Source: The amounts of EU funds for the particular funds were
obtained from the site of the European Commission (2002).

Over time cohesion policy was being gradually simplified in its structure. In the first
programming period 2000–2006 there were four objectives, four Community initiatives
(CIs) and the independently functioning Cohesion Fund (CF). CF financed projects
relating to the environment and trans-European transport networks.

The Objectives included (European Commission 2000):

• Objective 1: development and structural adjustment of regions with a develop-
ment lagging behind;

• Objective 2: supporting the economic and social conversion of areas facing struc-
tural difficulties;
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• Objective 3: adapting and modernising policies and systems of education, training
and employment;

• Beyond Objective 1: rural development and restructuring of the fishing sector.

The CIs included (European Commission 2000):

• Interreg III: cross-border, transnational and interregional cooperation intended
to encourage the harmonious and balanced development and spatial planning of
the European territory;

• Equal: transnational cooperation to promote new approaches to combating all
forms of discrimination and inequalities in connection with access to the labour
market;

• Urban II: the social and economic regeneration of towns and neighbourhoods in
crisis, with a view to promote sustainable urban development;

• Leader+: rural development via integrated programmes and cooperation between
local action groups.

Summary of the objectives together with the funding for the first programming
period 2000–2006 can be seen in Table 2.4. Regarding the eligibility for the funding,
the NUTS 2 regions whose GDP per capita was less than 75% of the Community
average were eligible for the Objective 1. Also the regions which had been eligible for the
regionalised objectives in the period 1994–1999 but exceeded the 75% of the Community
average in the period 2000–2006, were eligible to receive transitional support through
Objective 1 (phasing-out). The member states whose gross national income per capita
was below 90% of the Community average were entitled to be supported through the
CF. Industrial, rural, urban and fishing areas which met specific criteria were eligible
for the support through Objective 2 given that no more than 18% of the EC population
would become eligible for the funding. All European regions were eligible for Objective
3 funding whose aim was to reduce long-term unemployment (European Commission
2000).

Table 2.4: Summary of the objectives of the cohesion policy and its funding
(2000–2006).

Objectivesa Obj 1 CF Obj 2 Obj 3 CIs Beyond Obj 1
Funding ERDF CF ERDF ESF ERDF EAGGF

ESF ESF ESF FIFG
EAGGF EAGGF
FIFG

aIncluding Community initiatives (CIs) and Cohesion fund (CF).
Source: European Commission (2000).

In the programming period 2007–2013 FIFG changed to the European Fisheries
Fund (EFF). The CI Leader+ and EAGGF were replaced by the European Agricultural
Fund for Rural Development (EAFRD). Both EFF and EAFRD then received a new
legal basis which separated them from the CP. The CIs (apart from Leader+), CF,
Objective 1, Objective 2 and Objective 3 from the programming period 2000–2006
became a part of the following three objectives for the programming period 2007–2013
(European Commission 2007):

• Convergence: stimulating growth and employment in the least developed regions;
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• Regional competitiveness and employment (RCE): reinforcing the regions’ com-
petitiveness and attractiveness as well as employment, by anticipating economic
and social changes;

• European territorial cooperation (ETC): reinforcing cooperation at cross-border,
transnational and interregional level.

Summary of the objectives together with the funding for the programming period
2007–2013 can be seen in Table 2.5. The NUTS 2 regions whose GDP per capita was
less than 75% of the EU average were eligible for the convergence objective. Also the
regions which would have been eligible for the convergence objective if the threshold
75% had been related to the EU-15 and not the EU-25 average, were entitled to receive
funding through the objective (transitional support). The member states whose GNI
per capita was below 90% of the EU average were entitled to receive funding from the
CF. The eligibility for the CF was extended also to the member states which would
have been eligible for the funding had the threshold been measured with respect to the
average GNI of EU-15 and not EU-25 (transitional support).

All the regions not covered by the convergence objective or by transitional support
were eligible for the regional competitiveness and employment objective. For cross-
border cooperation belonging to the European territorial cooperation (ETC) objective,
the eligibility concerned the NUTS 3 regions along all the land-based internal bor-
ders and some external borders and along maritime borders separated by a maximum
distance of 150km. For transnational cooperation under the ETC objective, 13 cooper-
ation zones were identified. For interregional cooperation and for setting up networks
and exchanges of experience under the ETC objective, all the European regions were
eligible (European Commission 2015).

Table 2.5: Summary of the objectives of the
cohesion policy and its funding (2007–2013).

Objectives Convergence RCE ETC
Funding ERDF ERDF ERDF

ESF ESF
CF

Source: European Commission (2007).

The programming period 2014–2020 brought a further simplification in cohesion
policy based on Europe 2020 strategy. Europe 2020 strategy with respect to cohesion
policy developed two key goals which we summarised together with the funding in Table
2.6 (European Commission 2015). In terms of the eligibility for the ETC objective, the
only significant change concerned the transnational cooperation in which the number of
identified cooperation zones was increased to 15. In terms of the Investment for growth
and jobs objective, all EU regions became eligible for the support but to different
levels of intensity. As stated by European Commission (2015), the level of support
became dependent on the economic position of the region with respect to the average
per capita GDP of the EU. For cohesion policy the following three categories of regions
were specified:

• Less developed regions: those with GDP per capita lower than 75% of the average
GDP of the EU-27;
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• Transition regions: those with GDP per capita between 75% and 90% of the
average GDP of the EU-27;9

• More developed regions: those with GDP per capita higher than 90% of the
average GDP of the EU-27.

Table 2.6: Summary of the objectives of the cohesion policy and its funding (2014–
2020).

Objectives Investment for growth and jobs European territorial cooperation
Funding ERDF ERDF

ESF
CF

Source: European Commission (2015).

2.2 Regional Policy of the EU in Slovakia

In the case of Slovakia, projects across many objectives have been supported over the
three programming periods. Table 2.7 shows a distribution of the CP funding across
funds. In the first programming period 2000–2006, the overall amount of funding was
quite low as Slovakia due to its accession to the EU in 2004 was not able to participate
in the whole period (see Table 2.7). In terms of total amounts, most financing for the
CP projects was brought through ERDF followed by the CF.

Table 2.7: The distribution of EU funding through CP for
Slovakia.

Fund 2000–2006 2007–2013 2014–2020 Sum
CF 0.571 3.899 4.168 8.638
ERDF 0.611 6.1 9 252.15 963.
ESF 0.344 1.498 2.06 3.902
EAGGF 0.181 0.0 0.0 0.181
FIFG 0.0018 0.0 0.0 0.0018
Sum 1.708 11.496 15.48 28.684

Source: The amounts of EU funds for the particular funds were
obtained from the site of the European Commission (2002).

The projects supported through CP by the EU are also co-financed through public
or private financial resources. The amount of funding a project receives is given by the
size of the non-repayable financial contribution (NFC) which needs to be approved for
the project to receive the financing.

It should be stressed that the projects under the NFC contract can be financed either
by a deposit payment, an interim payment or a closing payment. Nevertheless, in our
analysis we only consider the overall financial support and do not take into account
the process of receiving the funds. The drawback of this approach is connected mainly
to the programming period 2014–2020 in which the data reflects the amount of funds
stated by the NFC rather than the actually drawn amount of funds. In reality, the
amount of funds can be subject to a change until it is actually drawn. Still, we assume
that the changes between the funds stated in the NFC and the actually drawn funds
are not significant and hence do not make our analysis invalid.

9This category replaced the phasing-in and phasing-out mechanisms applied in the 2007–2013 pro-
gramming period (European Commission 2015).
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Chapter 3

Methodology

Our empirical research is based on panel data which are in general very useful and
effective especially for the analysis of the effects of a government policy. Having data
for the same entities across time enables us to compare the variable of interest before
and after the policy change. From theoretical perspective, panel data consist of a time
series for each cross-sectional member in the data set (Wooldridge 2012).

Baltagi (2009) lists several benefits the panel data bring. First, they take into ac-
count the individual heterogeneity as they are able to control for the omitted variables
which do not vary across time. Second, they improve the statistical performance of
the estimated models as they bring more variability through larger samples, they also
provide higher degrees of freedom and less collinearity between the variables. Third,
panel data are suitable to analyse dynamic relations which is not possible in the case of
cross-sectional data. Panel data, however, face also several limitations. First, it is often
difficult to collect the data. Second, panel data often have a short time span which
increases the need to have a high number of individuals in the data set. Third, panel
data consisting of countries or regions need to take into account also spatial dependence
if the inference based on the data shall be valid. In our analysis we rely on some of
the mentioned benefits of the panel data but also have to deal with the issues they
incorporate.

In this chapter, we elaborate on the methodology behind the models we apply in
this study. We first describe the fixed effects model which uses panel data and intro-
duce the method of fixed effects used in our analysis to estimate the model. In the
next section, we introduce a spatial autoregressive model with a lagged dependent vari-
able which takes into account the spatial dependence in the data. We then show how
the spatial dependence makes the estimates using fixed effects biased and inconsistent
which leads us to the introduction of maximum likelihood estimator applicable in the
presence of spatially lagged term. We also present tests used to detect the presence
of cross-sectional dependence and tests used to choose statistically the most appro-
priate specification of a spatial model. Finally, we show how the coefficients in the
spatial autoregressive model should be interpreted. This chapter is thus devoted to the
theoretical basis of fixed effects model and spatial autoregressive model with a lagged
dependent variable.

3.1 Fixed Effects Model

Let us define a panel data regression model which in comparison with time-series or
cross-section models contains variables with a double subscript denoting two dimen-
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sions:

yit = αit + Xβ + Ôit , (3.1)

where i = 1, . . . , N denotes individuals, households, regions, companies etc., t =
1, . . . , T denotes time, α is a scalar, X is an NT × K matrix with its elements xit

denoting the itth observation on K explanatory variables, β denotes K × 1 vector of
parameters and Ôit denotes the composite error term such that:

Ôit = ai + uit , (3.2)

with ai capturing the unobservable individual-specific and time-constant effect and uit

denoting unobserved factors which change across time and affect yit. Hence ai is also
called unobserved or fixed effect and uit time-varying error or idiosyncratic error.

As Wooldridge (2001) states, we assume we have repeated observations on a cross
section of N entities in (3.1). We also assume that we have the same time periods
t = 1, . . . , T for each cross section observation. The underlying data of this nature
is called balanced panel. Regarding the asymptotic analysis of panel data models,
according to Wooldridge (2001) N sufficiently large in comparison with T should ensure
independence in the cross sections whereas N of the same order as T would require
further assumptions about the nature of the time series dependence.

Another important assumption for the panel data regression model states that the
K explanatory variables in (3.1) are exogenous as xt is uncorrelated with ut. The strict
exogeneity assumption can be stated formally in the following way:

E(xÍ
tut) = 0 . (3.3)

If there was also zero correlation between K explanatory variables and fixed effect a:

E(xÍ
ta) = 0 , (3.4)

then the pooled OLS would consistently estimate β. However, if a was correlated with
xt, then OLS would be biased and inconsistent. Wooldridge (2012) explains that the
correlation between xt and the fixed effect a leading to heterogeneity bias is actually
usually desired for two reasons. This bias is a result of omitting unknown time-constant
variables hidden in ai and it is easy to solve. Fixed effects transformation represents a
method to solve the bias.

Wooldridge (2012) illustrates the fixed effects transformation on a simple regression
model with uit independent and identically distributed IID(0, σ2

u) and t = 1, . . . , T in
which for each i the equation

yit = α + β1xit + ai + uit , (3.5)

is averaged across time. As a result we get the following equation:

ȳi = α + β1x̄i + ai + ūi , (3.6)

where ȳi = 1
T

qT
t=1 yit, x̄i = 1

T

qT
t=1 xit and ūi = 1

T

qT
t=1 uit. As α and ūi are constant

across time, their form in equations (3.5) and (3.6) is identical.
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Subtracting (3.6) from (3.5) gives:

yit − ȳi = β1(xit − x̄i) + uit − ūi , (3.7)

or

ỹit = β1x̃it + ũit , (3.8)

where ỹit = yit − ȳi denotes the time-demeaned data on y, x̃it = xit − x̄i is the time-
demeaned data on x and ũit = uit − ūi is the time-demeaned data on u.

Importantly, the fixed effect ai causing bias is not in the equation (3.8). Fixed ef-
fects estimator is now a pooled OLS estimator which can be used to estimate the model
specified by (3.8). Wooldridge (2001) states two crucial assumptions for OLS to con-
sistently estimate β1 in (3.7).

The first one is the rank condition expressed formally as

E(x̃Í
tx̃t) = K . (3.9)

This condition is satisfied only if there is some variation in x̃it across i. If there is a
variable which is constant across time or if there is a variable which changes by the same
amount across i, then the assumption (3.9) fails. Clearly, this excludes from the model
all the independent variables which might otherwise be relevant for cross-sectional ana-
lysis but due to their fixed nature cannot be used in a model which is estimated using
the fixed effects estimator.

The other one is the orthogonality condition described by the following expression:

E(x̃Í
tũt) = 0 , (3.10)

which can be further expressed after simple algebra:

E[(x2 − x1)Í(u2 − u1)] = 0 ,

E(xÍ
2u2) + E(xÍ

1u1) − E(xÍ
1u2) − E(xÍ

2u1) = 0 . (3.11)

Although the first two terms in (3.11) are equal to zero under the condition (3.3), the
same condition is not relevant for the other two terms. Hence we need to provide a strict
exogeneity assumption for fixed effects panel data model specified for all t = 1, . . . , T
and s = 1, . . . , T as follows:

Cov(xt, us) = 0 . (3.12)

It is clear that the fixed effects estimator assumes a well-specified model. Ideally, we
want our model to fulfil all OLS assumptions which make our estimates unbiased and
efficient. The full list of the assumptions can be found in Appendix A. Although this
model makes it possible to take individual heterogeneity into account, it is based on the
assumption of a random sample in the cross-sectional dimension which is violated once
there is a spatial dependence structure between the observations. One specific case
in which the fixed effects estimator becomes biased is the case of a model containing
spatially lagged dependent variable. This case can be treated using a different kind of
estimator which is discussed in the following section.
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3.2 Spatial Autoregressive Model

We continue with our previous panel data regression model (3.1) to which we add
a spatially lagged dependent variable in order to get a spatial panel fixed effects lag
model:

yit = λ
Ø
i Ó=j

wijyjt + xitβ + ai + uit , (3.13)

where wij is an element of an N ×N spatial weights matrix which defines neighbouring
relationships between the individuals i, λ is a parameter capturing the endogenous
effect of the spatially offset variable qi Ó=j yjt and uit is the idiosyncratic error assumed
to be independent and identically distributed IID(0, σ2

u).

The spatial weights matrix WN defining the nature of spatial dependence in (3.13)
has its diagonal elements wii set to 0. The matrix is generally row-standardized so
that the sum of its elements in each row is equal to 1. There are two common types of
matrices used to describe the nature of spatial interactions: weights matrices based on
distance and weights matrices based on common boundaries. Importantly, the spatial
weights matrix is usually constant across time as it is assumed that the nature of the
spatial relationships does not change in time.

The spatially offset variable qi Ó=j yjt is a source of global spillover effects in the
model (3.13). As the value of yit is not explained only by the values of the independent
variables for the observation i at time t but also by the values of the independent
variables for all j such that i Ó= j, spatial multiplier effect arises. Also, if there is a
shock in the observation j at time t, not only yjt is affected but also yit. As Le Gallo
et al. (2018) state, this is called a global spatial spillover effect.

If we pool data for each time period t, the model (3.13) can be specified in the
following way:

yt = λWN yt + Xtβ + a + ut , (3.14)

where yt is an N × 1 vector and Xt is an N × K matrix. If we pool the data also for
all individuals, we get

y = λ(IT ⊗ WN )y + Xβ + (νT ⊗ IN )a + u , (3.15)

where IN is an N × N identity matrix, where IT is a T × T identity matrix, IT ⊗ WN

is a Kronecker product of IT and WN such that the resulting IT ⊗ WN is an NT × NT
matrix specified in the following way:

IT ⊗ WN =

WN . . . 0
... . . . ...
0 . . . WN

 , (3.16)

νT ⊗ IN is a Kronecker product of a T × 1 vector νT of ones and the identity matrix
IN such that the resulting νT ⊗ IN is an NT × N matrix specified as follows:

νT ⊗ IN =

IN
...

IN

 . (3.17)
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If we conduct a fixed effects transformation by subtracting the across time averaged
equation (3.15) from the original equation, we get:

ỹ = λ(IT ⊗ WN )ỹ + X̃β + ũ , (3.18)

where ỹ = Q0y, X̃ = Q0X, ũ = Q0u and Q0 = (IT − JT
T ) ⊗ IN with JT defined as a

T × T variance-covariance matrix of ones.

Although the model (3.18) is similar with the model (3.8), it contains the spatially
lagged ỹ which makes the estimation using the fixed effects estimator (pooled OLS)
inappropriate. Anselin (2012) shows why OLS estimates are biased and inconsistent
in the simplest setting: a cross-sectional first-order spatial autoregressive model with
omitted independent variables. The conclusions can be despite the simple setting ex-
tended also to more complex models such as (3.18) without loss of generality.

Let us hence define the first-order SAR model with omitted independent variables:

y = λWN y + ε , (3.19)

which can be expressed after simple algebra also in the following way:

ε = y − λWN y ,

ε = y(I − λWN ) ,

y = (I − λWN )−1ε , (3.20)

where y is an N × N vector, WN is an N × N spatial weights matrix, ε is an N × 1
disturbance vector and λ denotes the autoregressive parameter.

The OLS estimate for λ would then be:

λ̂ = [(WN y)Í(WN y)]−1(WN y)Íy ,

λ̂ = [(WN y)Í(WN y)]−1(WN y)Í(λWN y + ε) ,

λ̂ = [(WN y)Í(WN y)]−1(WN y)Í(WN y)λ + [(WN y)Í(WN y)]−1(WN y)Íε ,

λ̂ = λ + [(WN y)Í(WN y)]−1(WN y)Íε . (3.21)

The expected value of the second term in (3.21) does not equal 0 due the inverse
term in (3.20) which has a complicated stochastic nature. The OLS estimate is then
unbiased only if λ in (3.22) is equal to 0:

E[(WN y)Íε] = E
î

[WN (I − λWN )−1ε]Íε
ï

. (3.22)

In terms of consistency, the OLS estimate is consistent if the following two conditions
hold:

lim
N→∞

P
î 1

N
[(WN y)Í(WN y)]

ï
= Z , (3.23)

lim
N→∞

P
î 1

N
[(WN y)Íε]

ï
= 0 . (3.24)

where Z is a finite square invertible matrix.
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According to Anselin (2012), the first condition (3.23) is fulfilled in case of appropriate
constraints on λ and the structure of WN . However, the second condition (3.24) is not
fulfilled in the model (3.19) unless λ equals 0. In case of spatial effects it is thus
necessary to search for alternatives to the OLS estimator.

An alternative to OLS estimator is the maximum likelihood estimator (MLE). In
comparison with OLS, MLE has better asymptotic properties relevant also for the
models with a spatially lagged dependent variable. Maximum likelihood estimates are
more likely to exhibit consistency, efficiency and asymptotic normality. One of the
necessary conditions for MLE to estimate a model is the existence of a log-likelihood
function for the estimated model.

Millo and Piras (2012) specify the log-likelihood function for the model (3.15) in the
following form:

L = −NT

2 ln(2πσ2
u) + T ln|IN − λWN | − NT

2σ2
u

eT e , (3.25)

where e = y − λ(IT ⊗ WN )y − Xβ and ln|IN − λWN | is the Jacobian determinant.

After transformation, two regressions of ỹ and (IT ⊗WN )ỹ on X̃ are performed. The
residuals (ẽ0 and ẽ1) from the two regressions are used to get a concentrated likelihood
which is then used to maximize (3.25). The concentrated likelihood function is defined
in the following way:

L = C + T ln|IN − λWN ln| − NT

2 ln[(ẽ0 − λẽ1)T (ẽ0 − λẽ1)] , (3.26)

where C is a constant not depending on λ. A further optimisation procedure is then
applied to get λ maximizing (3.26). Finally, if we replace λ in the likelihood function
with its estimated value from the maximum likelihood estimation, estimates for β and
σ2

u can be derived from the first order conditions of the likelihood function.

Although we get the estimates of β, these estimates do not have the same straight-
forward interpretation as the estimates of linear regression models. As Sage and Pace
(2008) note, the interpretation of the parameters in models containing spatial lags of
dependent variables becomes richer and more complicated as these models expand the
information set to include information from neighbouring regions.

Piras (2013) relates the impacts estimates to the matrix Sr(IN ⊗ W ) which is equal
to the following expression:

Sr(IN ⊗ W ) = [INT − λ(IN ⊗ W )]−1INT βr , (3.27)

where r = 1, . . . , K and the matrix Sr(IN ⊗ W ) takes the following form:

A =


Sr(IN ⊗ W )11 Sr(IN ⊗ W )12 . . . Sr(IN ⊗ W )1N

Sr(IN ⊗ W )21 Sr(IN ⊗ W )22
...

... . . .
Sr(IN ⊗ W )N1 Sr(IN ⊗ W )N2 . . . Sr(IN ⊗ W )NN


with its diagonal elements Sr(IN ⊗W )ii = ∂yi

∂xir
representing the direct impacts and the

off-diagonal elements Sr(IN ⊗ W )ij = ∂yi
∂xjr

representing the indirect impacts.
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In order to get the impact of independent variables over all regions, Sage and Pace
(2008) suggest to sum the total impacts over the rows of the matrix Sr(IN ⊗ W )
and then take an average over all regions which gives the average total impact to an
observation. Average direct impact is calculated as an average of the diagonal of the
matrix Sr(IN ⊗W ). The difference between the average total and direct impact is then
the average indirect impact.

3.3 Tests

We use two tests to detect the presence of cross-sectional dependence. The first one is
Pesaran’s local cross-sectional dependence (CD) test and the other one is Randomized
W test.

Pesaran’s local CD test also known as CD(p) test incorporates a suitable subset of
neighbouring cross-sectional units10 to test the null hypothesis of no cross-sectional
dependence against the alternative hypothesis of dependence between neighbours. In
order to get the CD statistic, pairs of neighbouring units are chosen together with the
pairs of observations which are not neighbours. Croissant and Millo (2018) then define
the test as follows:

CD =
ó

1qN−1
i=1

qN
j=i+1[w(p)]ij

A
N−1Ø
i=1

NØ
j=i+1

[w(p)ij ]
ñ

Tij ρ̂ij

B
, (3.28)

where [w(p)]ij denotes the ijth element of the p-th order proximity matrix and Tij is
the number of time series observations which the observations i and j have in common.

As the Pesaran’s local CD test does not tolerate serial correlation and can be sens-
itive to non-spatial types of dependence, Croissant and Millo (2018) suggest to use
Randomized W test (RW test). The RW test applies a permutation process to create
a high number of randomized neighbourhood matrices which are used to compute the
CD statistic. This CD statistic is then compared with the CD statistic for a matrix
representing the true spatial specification. It is not possible then to reject the null hy-
pothesis of no spatial dependence if there is not a significant difference between the CD
statistic for the true spatial specification and the CD statistic based on the randomiz-
ation process. The share of randomized statistics greater than the true CD statistic is
the pseudo-p-value of the test. The asymmetric version of the test takes the following
form (Croissant and Millo 2018):

p-value*(RWp) = 2 × min
AqB

h=1 1[τ∗
h ≤ τ̂ ]

B + 1 ,

qB
h=1 1[τ∗

h > τ̂ ]
B + 1

B
, (3.29)

where τ∗
h = CDp(W ∗

h |x) denotes a randomized statistic from the hth draw (h =
1, . . . , B) and τ̂ = CDp(W |x) is a randomized statistic under the true W given a
panel-indexed vector x.

Once the presence of cross-sectional dependence is confirmed, a spatial model should
be chosen. In order to test for the most appropriate specification, marginal spatial
Lagrange multiplier tests (LM test) for spatial autoregressive (SAR) model denoted as
LMλ and spatial error model (SEM) denoted as LMρ can be applied to choose between

10Croissant and Millo (2018) state the possibility to use not only a contiguity-based neighbourhood
matrix but also one which takes into account distance under a certain cutoff level.
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the two models. The tests have also their robust versions allowing for a limited deviation
from zero of the SEM coefficient ρ in case of LM test for SAR model (RLMλ) and SAR
coefficient λ in case of LM test for SEM (RLMρ).

Croissant and Millo (2018) explain that the original cross-sectional LM tests are
adjusted for the pooled cross sections by using a larger weights matrix which is a result
of replicating the cross-sectional WN over the diagonal so that WNT = IT ⊗ WN . The
pooled LMρ then takes the following form (Croissant and Millo 2018):

LMρ = [Ô̂T (IT ⊗ W )y/σ̂2
Ô ]2

J
, (3.30)

where Ô̂ are the OLS residuals and

J = 1
σ̂2

Ô

{[(IT ⊗ W )(α̂ + XT β̂)]T [INT − X(XT X)−1X(IT ⊗ W )(α̂ + XT β̂)]T + TTW σ̂2
Ô } ,

(3.31)
where TW is the trace of the WW + W T W specified as follows:

TW = tr(WW + W T W ) . (3.32)

The pooled LMλ is defined in the following way:

LMλ = [Ô̂T (IT ⊗ W )Ô̂/σ̂2
Ô ]2

TTW
. (3.33)

The locally robust spatial LM tests take the following form:

RLMρ|λ = [Ô̂T (IT ⊗ W )y/σ̂2
Ô ]2 − [Ô̂T (IT ⊗ W )Ô̂/σ̂2

Ô ]2
J − TTW

, (3.34)

and

RLMλ|ρ = [Ô̂T (IT ⊗ W )Ô̂/σ̂2
Ô ]2 − (TTW /J)[Ô̂T (IT ⊗ W )y/σ̂2

Ô ]2
TTW (1 − TTW /J

. (3.35)

The hypotheses for LM tests are summarized in Table 3.1.

Table 3.1: Hypotheses for spatial LM tests.
H0 H1

LMρ ρ = 0 ρ Ó= 0 assuming λ = 0
LMλ λ = 0 λ Ó= 0 assuming ρ = 0
RLMρ ρ = 0 allowing for λ Ó= 0 ρ Ó= 0
RLMλ λ = 0 allowing for ρ Ó= 0 λ Ó= 0
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Chapter 4

Data

In this chapter, we introduce data and weighting schemes used in our work. We have
79 districts in our dataset with the data sample covering the period 2004–2018 on a
yearly basis. First, we provide summary statistics for the dependent variables used in
our regression models: unemployment rate, employment rate and average real wage.
Then we introduce the variables which represent the overall amount of funding spent
on the projects supported through cohesion policy across districts. We also describe
the variables which we use as control variables in the regression models together with
the weights matrices used in spatial regression models. Finally, we list sources of our
data.

4.1 Dependent Variables

As a dependent variable we work primarily with unemployment rate across districts but
we also estimate the models with employment rate11 and average real wage12 as the
dependent variables (see Table 4.1). The average real wage experienced quite a steady
growth with a short interruption in the year 2009 caused by the global financial crisis
whereas the average unemployment rate experienced more fluctuations related to the
global financial crisis (see Figure 4.1). Figure 4.2 shows development of employment
rate13 over time which evolved in the opposite direction than unemployment rate.

Table 4.1: Dependent variables: descriptive statistics.a

Variable Mean Std. Dev. Min. Max.
unemployment rate 10.90% 2.74% 5.4% 14.30%
average real wage (in EUR) 609.21 64.22 488.73 723.96
employment ratec 51.1% 3.48% 46.2% 57.2%

aCalculated from the set of national statistics over the period 2004–2018.
11We decided to include also employment rate as it should be more correlated with the level of

regional development than unemployment rate. This is the case because employment rate is related
to the jobs executed in a particular region whereas unemployment rate is bound to the people with a
permanent address in a particular region who may do their jobs in other regions. We can illustrate
this using an example. An unemployed person with a permanent address in the district Michalovce
might find a job in the district Košice I. Although the unemployment rate in the district Michalovce
will change as a result, there will be no change in the employment rate in the district Michalovce but
there will be a change in the employment rate in the district Košice I.

12Real wage was calculated from nominal wage with the adjustment for inflation made by HICP with
the base year 2003.

13Employment rate was calculated as a number of insured employees over the population at the age
18-64 years old. The number of insured employees was provided by the Social Insurance Agency in
Slovakia which collects the statistics on the level of branch offices which cover social insurance contracts
in one to several districts.
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Figure 4.1: Development of average real wage and unemployment rate.
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Figure 4.2: Development of average employment rate.

Distribution and development of unemployment rate across districts in the post-
crisis period can be seen in Figures 4.3a and 4.3b. Although the unemployment rate
fell sharply, the significant spatial clusters from the year 2013 remained also in the year
2018 with the eastern districts and the districts in the southern part of central Slovakia
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experiencing the highest levels of unemployment rate.

(a) 2013. (b) 2018.
Figure 4.3: Unemployment rate (%).

In order to analyse dynamics of the change in the unemployment rate across Slovakia,
we measured location quotient of the decrease in the unemployment rate which shows
whether the decrease in a particular district was above or below the national average
(see Figure 4.4).14 Despite several exceptions, the decrease was generally greater in the
regions with higher unemployment rates in 2013 and smaller in the regions with lower
unemployment rates in 2013 which supports the case for economic convergence across
Slovakia.

Figure 4.4: Location quotient of the decrease in unemployment rate (2013–2018).

Regional specification for the employment rate is not available at the level of districts
but at the geographical level with 36 regional units covering several districts. Figure
4.5 shows the regional specification for the employment rate.15 In Appendix B we also

14We can illustrate the location quotient using the example of district Bratislava I. In the case of
Bratislava I, the unemployment rate in 2013 was equal to 4.93% and the statistics decreased by 2.27% to
2.66% in 2018. We also know that the national unemployment rate in 2013 was equal to 14.1% and the
statistics decreased by 8.7% to 5.4% in 2018. The location quotient for Bratislava I is then calculated
as a ratio of 2.27 and 8.7 which is equal to 0.26. It means that the decrease in unemployment rate in
Bratislava I between the years 2013 and 2018 was slower in comparison with the national average by
74%.

15This regional specification is almost identical with the district structure which was valid in Slovakia
in the period 1990–1996 when there were 38 districts. It is still relevant for the Social Insurance Agency
in Slovakia with two exceptions. The regional unit Bratislava surroundings is merged with Bratislava
and the regional unit Košice surroundings is merged with Košice.
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provide a complete list of the branch offices of the Social Insurance Agency in Slovakia
together with the districts they cover. However, due to an unavailable polygon structure
for this regional specification, we do not map employment rate.

Figure 4.5: Regional units for the employment rate.

Distribution of average real wage across Slovak districts in 2009 and 2018 can be
seen in Figure 4.6a and Figure 4.6b. Especially the regions in the north-western part
of Slovakia experienced a significant rise in the average real wage. Location quotient of
the increase in average real wage can be seen in Figure 4.7. In terms of the increase in
average real wage the poorest regions performed worse than the national average. One
of the possible explanations why the development of average real wage across Slovakia
does not follow the trend of unemployment rate is labour migration. Unemployment
rate in the less developed regions might fall sharply as locals find jobs in the more
developed regions. Although the unemployment statistics in the less developed regions
then fall down, there is no upward pressure on real wages in these regions.

(a) 2009. (b) 2018.
Figure 4.6: Average real wage in EUR.
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Figure 4.7: Location quotient of the increase in average real wage (2009–2018).

4.2 EU Funding

The variable of a crucial interest to our analysis is the amount of money allocated to
the projects financed through EU funding.16 In our regression models we apply four
variables measuring EU funding: total amount of funding allocated to the projects con-
cerning human resources, industry and services, rural development and environment.17

It should be noted that due to changes in the operational programmes (OPs) between
programming periods we created OPs to which we then attributed several OPs from
the programming periods 2007–2013 and 2014–2020 (see Table 4.2). In our analysis we
did not include OP Bratislava region, OP Cross-border cooperation, OP Fisheries, OP
Informatisation and OP Technical assistance as their funding was negligible in compar-
ison with the funding of the four selected OPs (OP Environment, OP Human resources,
OP Industry and services, OP Rural development). Despite its overall budget we did
not include OP Transportation because it was used to fund only a small number of
projects in several districts.

16We did not include the projects whose area of realization could not be specified on a district level
as they covered several districts (e. g. several transportation projects). It is important to stress that
we work with the total financial value of the projects which is a sum of the non-returnable EU grants
and private or state financial contributions.

17The total amount of funding is adjusted for inflation.
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Table 4.2: Summary of operational programmes.
Created OPs 2007–2013 OPs 2014–2020 OPs
Bratislava region Bratislava region -
Cross-border coop Cross-border coop Cross-border coop AUT&SVK

Cross-border coop CZE&SVK
Environment Environment Quality of environment
Fisheries Fisheries of Slovakia 07-13 Fisheries
Human resources Education Human resources

Employment and social inclusion
Healthcare

Industry&services Competitiveness&econ growth Research&innovation
Research&development

Informatisation Informatisation of society Effective public administration
Rural development Regional OP Integrated regional OP

Rural development
Technical assistance Technical assistance Technical assistance
Transportation Transportation Integrated infrastructure

Development of the overall costs of projects per capita over time can be seen in Figure
4.8. Figure 4.9 shows the development for private and public projects18. Development
across different operational programmes over the period 2009–2018 can be seen in Figure
4.10. We look only at the period 2009–2018 as we do not have information on the end
and duration of the projects from the first programming period in which the projects
might have lasted until 2008. The year 2009 as the beginning year for the analysis
has also the advantage that the global financial crisis already manifested itself in the
unemployment and employment rates.
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Figure 4.8: Development of total per capita spending (2009–2018) in EUR.
18As public projects we chose all the projects whose applicants were either budget organizations (e.

g. Office of Labour, Social affairs and Family of the Slovak Republic, Ministry of Finance of the Slovak
Republic) or state-subsidized entities (e. g. self-governing regions, municipalities, universities). All the
rest were private projects.
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(a) Private projects.
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(b) Public projects.
Figure 4.9: Development of per capita spending on private and public projects (2009–2018) in
EUR.
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(a) OP Human Resources.
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(b) OP Industry and Services.
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(c) OP Rural Development.
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(d) OP Environment.
Figure 4.10: Development of per capita spending across OPs (2009–2018) in EUR.

Clearly, there is an increasing tendency in the overall cost of the projects as a pro-
gramming period comes to an end and even two years after its end (the peaks in 2015).
This observation of accelerating rate of drawing EU funds is consistent with the obser-
vation of Hr̊uza et al. (2019) for the Czech Republic who mention the so-called “n+2
rule” which enables the countries to finance their projects from EU funding even two
years after the end of a particular programming period. In our analysis we work with
a variable which aggregates the overall funding for the past three years and hence the
peak in 2015 is averaged out.

In terms of spatial distribution, the funds are split heterogeneously across the country
with a slightly greater amount allocated in the north-east of Slovakia and in southern
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regions of central Slovakia. Distribution of the overall costs of the projects per capita
across districts can be seen in Figure 4.11. Clearly, the least spatial heterogeneity is
in case of OP Rural development with a quite uniform distribution across Slovakia.
The western parts of Slovakia relating to Bratislava region have the lowest per capita
spending on projects funded by EU.

(a) OP Human Resources. (b) OP Industry and Services.

(c) OP Rural Development. (d) OP Environment.
Figure 4.11: Per capita spending on projects funded by EU (2009–2018) in EUR.

Figure 4.12: Total per capita spending on projects funded by EU (2009–2018) in EUR thou-
sand.

4.3 Control Variables

Similarly with Giua (2017) who controls for the age structure in terms of old population
ratio, we also expect age structure of the population to have an impact on the dynamics
in the labour statistics. Hence we consider age structure in terms of the share of older
people at the age 65 years and older (“older”) and in terms of the share of young people
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at the age 17 and younger (“young”). Inspired by Giua (2017), we also control for
the population density (“denskmsq”) which indicates the number of people per square
kilometre. Similarly with Di Cataldo (2016) we control for the population growth rate
(“popgrowth”) given in percentage terms. Summary for the variables can be seen in
Table 4.3.

Table 4.3: Control variables: descriptive statistics.a

Variable Mean Std. Dev. Min. Max.
older 13.9 1.32 12.26 16.04
young 18.67 0.26 18.42 19.23
denskmsq 110.67 0.30 110.20 111.15
popgrowth 0.15 0.05 0.09 0.23

aCalculated from the set of national statistics over the
period 2004–2018.

Correlation matrix for the control variables together with graphs showing their de-
velopment across time can be found in Appendix C. Maps showing spatial distribution
of the control variables as of 2009 and 2018 can be found in Appendix D.

In the analysis we also include a dummy variable indicating whether a particular
district belongs to the group of least-developed districts. The conditions for the status
of least-developed districts are specified in the Law on Support of Lagging Regions.
The districts under this status are a subject of Action Plans created by governing
authorities with the purpose of achieving specific goals such as development of transport
infrastructure or improvement of labour mobility. These districts are then supported
not only through EU funding but also through national funding. Due to the additional
support they receive we decided to control also for their status. Figure 4.13 shows
which districts possess the status.

Figure 4.13: Districts in Slovakia with the least-developed status.

4.4 Weighting Schemes

For the estimation of spatial effects we need a weighting scheme reflecting interactions
between our observations. As a weighting scheme we work with a distance matrix
measuring travel distance between the district towns in kilometres and the first-order
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contiguity matrix. Both of these matrices are 79×79 matrices, have zero diagonals and
are symmetric.

The first-order contiguity matrix considers two districts as neighbours if they share
a border. If we have an n × n first-order contiguity matrix W with elements wij such
that i = 1, ..., n and j = 1, ..., n; then the matrix W is defined in the following way:

wij =
I

1 for the districts i and j (i Ó= j) which share a border,
0 otherwise .

(4.1)

Summary of first-order contiguity matrix for both the district regional specification
(79 × 79) and the regional specification for employment (36 × 36) can be seen in Table
4.4. District with the highest number of neighbours is Brezno with 10 neighbours. In
the case of regional specification for employment, Banská Bystrica with 8 neighbours
is a region with the highest number of neighbours.

Table 4.4: Summary of first-order contiguity matrices.
Matrix Matrix
79×79 36×36

min 0.0 0.0
min > 0 1.0 1.0
mean 0.061529 0.123457
max 1.0 1.0

In the case of travel distance matrix, we assume that more weight and thus higher
values should be put on the district towns which are closer to a given district town.
Hence, we must also create an inverse version of the distance matrix.

If we have n × n matrix where i = 1, ..., n; j = 1, ..., n and where dij is a specific
distance in the distance matrix, then the inverse-distance matrix is defined in the
following way:

wij(dij) =
I

1/dij for i Ó= j,

0 for i = j,
(4.2)

where wij(dij) denotes weights in the inverse-distance matrix. The weights will thus
become a decreasing function of distance. Summary of distance and inverse-distance
matrix for both the district regional specification (79×79) and the regional specification
for employment (36 × 36) can be seen in Table 4.5.

Table 4.5: Summary of spatial weights matriced based on travel distances.
Dist. matrix Inv.-dist. matrix Dist. matrix Inv.-dist. matrix

79×79 79×79 36×36 36×36
min 0.0 0.0 0.0 0.0
min > 0 10.9 0.002056 26.4 0.002187
mean 188.5 0.0088 182.1994 0.007808
max 486.3 0.091743 457.2 0.037879

In the case of district regional specification, the longest travel distance equal to
486.3km can be found between the district towns Malacky and Snina. In the case of
regional specification for employment, the longest travel distance equal to 457.2km can
be found between Bratislava and Humenné. It should be noted that in the case of
the five districts with their centres lying in Bratislava and in Košice, we set distances
between the coinciding centres of the regions arbitrarily to 11km.
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We also work with a truncated travel distance matrix with the truncation level equal
to 100 kilometres as we assume that above a certain distance the spatial interactions
become negligible. Summary statistics for the spatial weights matrices is given in Table
4.6.

Table 4.6: Summary of truncated spatial weights matrices based on travel distances.
Dist. matrix Inv.-dist. matrix Dist. matrix Inv.-dist. matrix

79×79 79×79 36×36 36×36
min 0.0 0.0 0.0 0.0
min > 0 10.9 0.01 26.4 0.01
mean 60.71794 0.004991 58.56061 0.003925
max 100.0 0.091743 99.9 0.037879

4.5 Data Sources

Data used in the analysis were obtained from several sources. The data regarding EU
funding were provided by the Deputy Prime Minister’s Office. The socio-economic con-
trol variables were downloaded from the site of the Statistical Office of Slovak Republic.
The travel distance matrix used in the spatial regression was downloaded from the web-
site of prof. Ing. L’udmila Jánoš́ıková, PhD. (Žilinská univerzita v Žiline) under the
Section “Mapy” under the name “Matica vzdialenost́ı”. The maps and graphs together
with the first-order contiguity matrix were created by the author in R software using
the polygon structures downloaded from the Slovak Geo-Portal.
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Chapter 5

Results

In this chapter, we present results of the analysis of the impact of EU funding on
economic performance across Slovak districts. In the first part, we use standard panel
data methods to estimate the baseline model. In the other part, we take into account
spatial spillovers between the districts and estimate a spatial regression model. All the
calculations were conducted in R software using its embedded packages and functions.

5.1 Baseline Panel Regression Results

In order to measure the impact of EU funding on economic growth we estimate a model
in which we first take a change in the unemployment rate as the dependent variable
while controlling for the starting level of unemployment rate and other factors. In
other model specifications we then substitute the unemployment rate with average real
wage and employment rate, respectively. The independent variables are in a lagged
form in order to avoid reverse causality causing endogeneity which leads to the bias in
estimates. The model takes the following form:

∆y = β0 + β1yit + β2olderit + β3youngit + β4

tØ
n=t−2

indservin+

β5

tØ
n=t−2

humanresin + β6

tØ
n=t−2

envin+

β7

tØ
n=t−2

rurdevin + β8denskmsqit + β9popgrowthit,

(5.1)

where t = 2011, . . . , 2018 denotes the year and the subscript i denotes the district or the
region, ∆y denotes logarithmic change in unemployment rate ln( unrateit

unratei(t+1)
),19 average

real wage ln( realwagei(t+1)
realwageit

) or employment rate ln( emplratei(t+1)
emplrateit

) in a district i, olderit

share of the people at the age of 65 and older, youngit denotes share of the people under
18 years of age, denskmsqit denotes the number of inhabitants per square kilometre,
popgrowthit is the growth of population per capita, indservin characterises the amount
of EU funding per capita invested in industry and service projects, humanresin in
human resources, envin in environmental projects and rurdevin is the amount of EU
funding per capita invested in rural development projects. We decided to take a sum
of the funds invested in the three previous years for two reasons: in order to capture a

19We estimate the impact of EU funds on the improvement of economic performance and hence in
the case of unemployment rate we take as a dependent variable a decrease in the unemployment rate
as opposed to average real wage and employment rate where we take an increase in the variables.
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long-term effect of EU funding and in order to average out the increased rate of drawing
EU funds towards the end of a programming period.

First, we need to choose one of the three estimators which are then applied to estimate
the corresponding models (pooled OLS, random effects, fixed effects). Based on the
F test we find that fixed effects model is superior to the pooled OLS model. In the
next step, based on the Hausman test we choose the fixed effects model as superior
to the random effects model. Hence we estimate all the models using fixed effects.20

Finally, we detect the presence of heteroskedasticity and serial correlation (see Table
5.1). Hence we use adjusted standard errors.

Table 5.1: Model diagnostics.
TEST statistic df p-value
Pooled OLS vs Fixed Effects:
F test 1.3415 468 (79) 0.05
Random Effects vs Fixed Effects:
Hausman test 150.31 6 2.2e-16
Testing for serial correlation:
Breusch-Godfrey test 287.04 8 2.2e-16
Testing for heteroskedasticity:
Studentized Breusch-Pagan test 48.742 9 1.855e-07

Table 5.2 summarizes results of the estimations using fixed effects. In Model (1) yit

denotes unemployment rate, in Model (2) average real wage and in Model (3) employ-
ment rate. It should be noted that the number of observations in Model (3) is smaller
due to the nature of data which led us to use regional units comprising several districts.
In the reduced versions of the models we dropped the following districts: Bratislava I,
Bratislava II, Bratislava III, Bratislava IV, Bratislava V, Pezinok, Malacky and Senec.
We dropped these districts as they do not fulfill the Objective 1 eligibility criteria and
might thus bias the regression results. In all the models adjusted standard errors are
used in order to take into account the serial correlation and heteroskedasticity.

Table 5.2: Regression results.
Model (1) Model (2) Model (3)

ln( unrateit

unratei(t+1)
) ln( realwagei(t+1)

realwageit
) ln( emplratei(t+1)

emplrateit
)

Full Reduced Full Reduced Full Reduced

yit 0.0126∗∗∗ 0.0164∗∗∗ -0.00058∗∗∗ -0.00074∗∗∗ -0.0087∗∗∗ -0.0132∗∗∗

(0.00295) (0.0032) (0.0001) (0.00009) (0.0026) (0.0013)

olderit 0.0643∗∗∗ 0.0511∗∗∗ 0.0372∗∗∗ 0.0371∗∗∗ 0.026∗∗∗ 0.039∗∗∗

(0.0114) (0.012) (0.0061) (0.00586) (0.0062) (0.0039)

youngit -0.044∗ -0.1553∗∗∗ -0.011 -0.03∗∗∗ -0.046∗∗∗ -0.0397∗∗∗

(0.019) (0.022) (0.0074) (0.0078) (0.0079) (0.009)

indservit 0.0005∗∗∗ 0.00039∗∗∗ 0.00002 0.00002 0.0001∗∗ 0.00012∗∗∗

(0.00008) (0.00007) (0.000016) (0.000016) (0.000031) (0.000034)

humanresit 0.00039 0.00015 -0.00008∗ -0.00003 0.00017 0.00067
(0.00024) (0.0002) (0.00004) (0.00004) (0.000073) (0.000066)

20Due to the choice of fixed effects estimator we cannot include in the model (5.1) the time-invariant
dummy indicating whether a particular district belongs to the group of least-developed districts.
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envin 0.00052∗∗∗ 0.00055∗∗∗ 0.00005 0.00003 0.000006 0.0000012
(0.00012) (0.00013) (0.000026) (0.00002) (0.000029) (0.000038)

rurdevin -0.0003 0.00022∗ -0.00005 -0.00006 0.00016∗∗ 0.00023∗∗

(0.00017) (0.00011) (0.000042) (0.00004) (0.000057) (0.000075)

denskmsqit -0.00002 0.00002 0.000002 0.0000002 0.00235∗∗ 0.00296∗∗∗

(0.00006) (0.00006) (0.000013) (0.000013) (0.000795) (0.00076)

popgrowthit 8.4190 5.5 3.9∗∗ 1.798 -1.785 0.708
(4.674) (5.121) (1.415) (1.327) (2.605) (2.59)

R2 0.3156 0.3709 0.3728 0.4555 0.455 0.518
F 27.8767 31.9618 30.7 38.72 19.2 24
N 632 568 553 497 252 145
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

The estimate of the initial level of unemployment rate has a positive sign suggesting
that the higher the unemployment rate in the region, the bigger the reduction in the
unemployment rate in the given region in the future. The estimates of the initial average
real wage in Model (2) and employment rate in Model (3) are negative and significant
which means that the economic growth in terms of both indicators is smaller in the
regions with higher employment rate and average real wage.

Most importantly, the estimated coefficient for EU funds per capita invested in the
regions is positive and significant in Model (1) for both industry and services projects
and for human resources projects and in Model (3) for both industry and services
projects and rural development projects. The estimated coefficients with the value
0.0005 in Model (1) for both industry and services and for environment suggest that
EU funding within industry and services contributed to the decrease in unemployment
rate on average by 5.75 p. p. annually and within environment by 3.8 p. p.21 The
impact of rural development projects on the decrease in unemployment rate in Model
(1) is significant only in the version of the model with a reduced sample. Although
the estimated effect of human resources projects on the increase in real wage in Model
(2) is negative, this effect is not confirmed in the reduced version of the model. In
general, the estimated coefficients for EU funding in the reduced versions of the models
are in comparison with their full counterparts both statistically and practically more
significant.

Regarding control variables in the estimated models, the estimate for the variable
older is positive and statistically significant across all the models. The effect of the
variable young is opposite as the share of young people has a negative impact on the
economic growth. Population density and population growth are not significant across
most of the estimated models.

The assumption behind the models estimated in Table 5.2 is that the observations
are isolated entities. However, this is not likely to be the case as multiple evidence (such

21These numbers were calculated based on a formula for the interpretation of estimates in log-level
regressions: %∆y = 100 · (eβ1 − 1). The result was then multiplied by the average amount of EU
funding (three year sums) invested in industry and services projects (115€ p. c.) and environment
projects (76€ p. c.).
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as Ramajo et al. 2008, Breidenbach et al. 2016) suggests that there are spillover effects
stemming not only from EU funding from which the neighbouring regions benefit. In
order to test for the presence of spatial effects and their form in the model, we run tests
for local cross-sectional dependence (CD).

More specifically, we run Pesaran’s local CD test on residuals in FE model to test
for cross-sectional dependence which takes a subset of neighbouring units and tests the
null hypothesis of no cross-sectional dependence against the alternative hypothesis of
dependence between neighbours. We also run Randomized W test for spatial correlation
to determine whether the cross-sectional dependence confirmed by CD test is truly a
result of spatial interactions. The spatial relationships are defined using two matrix
specifications: a row-standardized contiguity-based neighbourhood matrix and a row-
standardized truncated inverse travel distance matrix. Results of both tests for all
three models can be seen in Table 5.3.

Table 5.3: Model diagnostics for cross-sectional dependence.
Contiguity matrix Distance matrix

TEST z-statistic p-value z-statistic p-value
Model (1)
ln( unrateit

unratei(t+1)
)

Full Pesaran’s local CD 14.638 2.2e-16 30.825 2.2e-16
Randomized W - 0.3754 - 0.9917

Reduced Pesaran’s local CD 13.328 2.2e-16 22.655 2.2e-16
Randomized W - 0.4974 - 0.0214

Model (2)
ln( realwagei(t+1)

realwageit
)

Full Pesaran’s local CD 9.6328 2.2e-16 19.151 2.2e-16
Randomized W - 0.6669 - 0.2928

Reduced Pesaran’s local CD 7.623 2.478e-14 12.76 2.2e-16
Randomized W - 0.8665 - 0.08219

Model (3)
ln( emplratei(t+1)

emplrateit
)

Full Pesaran’s local CD 1.0558 0.2911 1.9597 0.05
Randomized W - 0.06999 - 0.0278

Reduced Pesaran’s local CD 2.9765 0.002916 4.3994 1.085e-05
Randomized W - 0.8393 - 0.9735

Clearly, the spatial interactions are better described by the inverse travel distance
matrix than the contiguity-based neighbourhood matrix. Also from the practical per-
spective given the mountainous character of the Slovak landscape, travel distance mat-
rix is a more appropriate matrix for the specification of spatial interactions. In the case
of Model (1) and Model (2) with reduced samples, we can reject the null hypothesis of
no spatial correlation in the residuals at 10% significance level. In the case of Model
(3), the null hypothesis in Randomized W test can be rejected in the version of the
model with a full sample. Given also that in comparison with Model (1) and Model (2)
the estimates in case of Model (3) do not differ significantly between the reduced and
full version of the model (see Table 5.2), we estimate the full version of Model (3) in
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the following part. Hence in the following part of the analysis we estimate the reduced
versions of Model (1) and Model (2) and the full version of Model (3).

5.2 Spatial Panel Regression Results

As we found evidence for the presence of spatial dependence in our baseline models,
prior to the estimation of the spatial models it is necessary to test for the appropriate
way of incorporating the spatial dimension. Similarly with Le Gallo et al. (2018) we run
first Hausman test in order to find whether fixed effects is the appropriate estimator also
in the case of spatial models. Results of the test with the inverse travel distance weights
matrix given in Table 5.4 lead us to a rejection of the null hypothesis of no correlation
between independent variables and individual effects and hence a fixed effects model is
chosen as the appropriate one for the rest of the spatial analysis.

Table 5.4: Diagnostics for the choice of fixed effects using Hausman test.
Spatial error Spatial lag

chisq df p-value chisq df p-value
Model (1)
ln( unrateit

unratei(t+1)
)

Reduced 165.49 9 2.2e-16 264.76 9 2.2e-16

Model (2)
ln( realwagei(t+1)

realwageit
)

Reduced 30.652 9 0.0003395 119.5 9 2.2e-16

Model (3)
ln( emplratei(t+1)

emplrateit
)

Full 83.11 9 3.887e-14 91.517 9 8.073e-16

In the next step, we perform LM tests to decide between spatial lag model (SAR),
spatial error model (SEM) and spatial autoregressive lag and error model (SARAR)
which incorporates both spatial lag and spatial error term. Results of the tests can be
seen in Table 5.5 and 5.6.

Table 5.5: Diagnostics for the choice between SAR, SEM and SARAR models using LM test.
LM-ERR LM-LAG

LM df p-value LM df p-value
Model (1)
ln( unrateit

unratei(t+1)
)

Reduced 354.1 1 2.2e-16 430.16 1 2.2e-16

Model (2)
ln( realwagei(t+1)

realwageit
)

Reduced 80.996 1 2.2e-16 135.51 1 2.2e-16

Model (3)
ln( emplratei(t+1)

emplrateit
)

Full 2.9689 1 0.08488 31.851 1 1.665e-08
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Table 5.6: Diagnostics for the choice between SAR, SEM and SARAR models using LM test.
LM-ERR LM-LAG

LM df p-value LM df p-value
Model (1)
ln( unrateit

unratei(t+1)
)

Reduced 354.1 1 2.2e-16 430.16 1 2.2e-16

Model (2)
ln( realwagei(t+1)

realwageit
)

Reduced 80.996 1 2.2e-16 135.51 1 2.2e-16

Model (3)
ln( emplratei(t+1)

emplrateit
)

Full 2.9689 1 0.08488 31.851 1 1.665e-08

Results of the basic LM test favour the choice of SAR model. Although the robust
versions of the test for Model (1) and Model (3) do not clearly suggest the preference
of SAR over SEM, Le Gallo et al. (2018) suggest that in such a case one can either
estimate a SARAR model or choose one of SAR or SEM with the highest LM statistic.
We apply the latter approach and thus choose SAR model. We also believe that there is
an economic justification for the choice of SAR model in which the dependent variable
is spatially autocorrelated. It is likely that the economic performance in one region is
affected not only by EU funds invested in the given region but due to spillover effects
also by EU funds invested in the neighbouring regions. Hence we estimate Model (1),
Model (2) and Model (3) taking spatial autocorrelation into account in the form of a
spatial lag of the dependent variable.22 However, as the estimated spatial coefficient
in the case of Model (2) is insignificant, we do not provide regression results for this
model.

In order to see whether the differences in the estimated coefficients in Model (1) in
comparison with Model (3) are not just a result of a different regional specification, we
adjust the Model (1) and also estimate the adjusted Model (1-ADJ). In Model (1-ADJ)
we keep the decrease in unemployment rate as the dependent variable and we exclude
the Bratislava region but instead of districts we use the geographical specification of
Model (3) in which the geographical units cover several districts.23 Regression results
of the fixed effects models with ML estimation method can be seen in Table 5.7.

Table 5.7: Spatial regression results.
Model (1) Model (1-ADJ) Model (3)

ln( unrateit

unratei(t+1)
) ln( unrateit

unratei(t+1)
) ln( emplratei(t+1)

emplrateit
)

Reduced Reduced Full

yit -0.00638∗∗∗ 0.0183∗∗∗ -0.0096∗∗∗

(0.0015) (0.0033) (0.00138)

olderit 0.0311∗∗∗ 0.074∗∗∗ 0.0325∗∗∗

22When we estimated SARAR model, the coefficient of the spatially autocorrelated error term was
insignificant which also suggests the choice of SAR model is more appropriate.

23Hence the number of geographical units in Model (1-ADJ) is equal to 35 which is the same as in
the reduced version of Model (3).
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(0.00549) (0.0142) (0.0051)

youngit 0.019∗∗∗ -0.0026 0.0036
(0.00465) (-0.0244) (0.0091)

indservit 0.00007 -0.000013 0.000045
(0.000055) (0.00008) (0.000032)

humanresit -0.00011 -0.00046∗ 0.000167
(0.00017) (0.00022) (0.000087)

envit 0.0001596∗ 0.00034∗∗∗ 0.000013
(0.000078) (0.0001) (0.000041)

rurdevit -0.00053∗∗∗ -0.000296∗ 0.000049
(0.000098) (0.000145) (0.000057)

denskmsqit 0.000011 -0.000518 0.0026∗

(0.000025) (0.0033) (0.0012)

popgrowthit -2.55 -2.678 -1.256
(2.72) (6.59) (2.55)

λ -0.2627∗∗∗ 0.697∗∗∗ 0.403∗∗∗

(0.12641) (0.0518) (0.0796)
N 497 245 252
Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

The coefficient λ reflecting the spatial dependence inherent in our sample data
measures the average impact on regions from their neighbours. We may see that the
coefficient is highly significant in all three models which confirms the presence of spatial
spillover effects. Interestingly, in Model (1) the coefficient λ is negative indicating
the presence of negative spatial effects which may be explained by a competition for
the unemployed people between districts. However, the competition does not seem
to happen between larger geographical units as suggested by the positive sign of the
estimated λ in Model (1-ADJ).

Due to simultaneity caused by the spatially lagged dependent variable, the estimated
coefficients of the independent variables in Table 5.7 cannot be directly interpreted as
the effects. In order to be able to interpret the effects we need to look at the direct and
indirect impacts of the estimated variables. Direct impact is related to the effect of a
change in the independent variable in a region i on the dependent variable in the given
region yi whereas the indirect impact also takes into account the influence of yi on the
dependent variable yj of iÍs neighbours which in turn feeds back into yi. Summary of
direct and indirect impacts for the statistically significant variables of our main interest
together with simulated standard errors can be seen in Table 5.8. Summary of total
impacts is then provided in Table 5.9.
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Table 5.8: Direct and indirect impacts for the estimates in spatial regression models.
Model (1) Model (1-ADJ) Model (3)

ln( unrateit

unratei(t+1)
) ln( unrateit

unratei(t+1)
) ln( emplratei(t+1)

emplrateit
)

Direct imp Ind imp Direct imp Ind imp Direct imp Ind imp

yit -0.0064∗∗∗ 0.00136∗ 0.021∗∗∗ 0.0395∗∗ -0.0099∗∗∗ -0.0062∗∗

(0.00153) (0.00064) (0.004) (0.0135) (0.0014) (0.0022)

humanresit -0.000529∗ -0.001∗ 0.00017∗ 0.00011
(0.00026) (0.00056) (0.000092) (0.000069)

envit 0.00016∗ -0.000034 0.00039∗∗∗ 0.00074∗∗

(0.000077) (0.00002) (0.00012) (0.00029)

rurdevit -0.00054∗∗∗ 0.00011∗ -0.00034∗ -0.00064
(0.000097) (0.000051) (0.00017) (0.00037)

Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 5.9: Total impacts for the estimates in spatial regression models.
Model (1) Model (1-ADJ) Model (3)

ln( unrateit

unratei(t+1)
) ln( unrateit

unratei(t+1)
) ln( emplratei(t+1)

emplrateit
)

Total imp Total imp Total imp

yit -0.0051∗∗∗ 0.06∗∗∗ -0.016∗∗∗

(0.0013) (0.0167) (0.0031)

humanresit -0.0015∗ 0.00028∗

(0.00079) (0.00015)

envit 0.000126∗ 0.00113∗∗

(0.000063) (0.00039)

rurdevit -0.000422∗∗∗ -0.00098
(0.000082) (0.00053)

Standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Results for the variable yit in Model (3) corresponding to the employment rate
confirm the catching-up effect estimated in the baseline model with the estimate even
slightly greater. However, in comparison with the baseline Model (1), yit corresponding
to the unemployment rate in the spatial Model (1) has a negative coefficient. The
decomposition of the effect into direct and indirect effect in Table 5.9 shows that a
decrease in the unemployment rate in a district is likely to slow down the decrease
in the neighbouring districts in the next period. This dynamics is confirmed also by
the negative sign of the coefficient λ for Model (1) in Table 5.7. This rather counter-
intuitive result might be explained by the existence of a competition for labour. Ramajo
et al. (2008) find that the growth in more developed regions is negatively influenced
by their neighbours with low unemployment rates as a result of the competition for
labour. In our case the unemployed people in peripheral regions might compete with
the unemployed people in the regions closer to the most developed ones.
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We decided to check whether the estimated effect of yit in Model (1) is not only a
result of the regional specification and hence we estimated Model (1-ADJ) in which we
work with a sample of regional units covering several districts. The estimated direct
and indirect impacts for yit in this case confirm the catching-up effect estimated in
the baseline Model (1). The opposite effects in Model (1) and Model (1-ADJ) might
suggest that the competition for labour is relevant for smaller regional units such as
districts but it is not relevant for larger regional units covering several districts.

Results for the impact of EU funding on the economic development after taking the
spatial context into account are rather sobering. It is clear that to a certain extent the
effect of EU funding on economic growth is a result of spatial spillover effects. Hence
similarly with Hr̊uza et al. (2019) we find that the impact of EU funding becomes
insignificant and in some cases even negative which is a result consistent with the
results of Dall’erba and Le Gallo (2007). Breidenbach et al. (2016) explain the negative
impact of EU funding using the concept of a poaching effect where the non-funded
regions poach input factors from their neighbouring funded regions. This seems to be
the case with the variable rurdev in Model (1) where the direct impact of the funding
on the funded region is negative whereas the indirect impact on the surrounding regions
is positive. However, the variable env in Model (1) is likely to enhance economic growth
as its direct impact is positive. Nevertheless, its effect is four times lower than in the
baseline model.

The effects of EU funds invested within environment and rural development on the
decrease in unemployment rate from the Model (1) are confirmed by Model (1-ADJ).
In comparison with Model (1), the variable humanres in Model (1-ADJ) is statistically
significant with a negative effect on the decrease in unemployment rate. As opposed
to this finding, the impact of EU funds within human resources on the increase in
employment rate is found to be positive and statistically significant. This difference is
likely to stem from the different nature of the variables unrate and emplrate. The vari-
able emplrate takes into account the number of employed people performing economic
activity in a specific region whereas the variable unrate takes into account the region
in which the previously unemployed people have their permanent address. Hence an in-
crease in the employment rate in the funded region might be fuelled by newly employed
workers coming from the neighbouring regions who thus decrease unemployment rate
in the regions they come from.

Overall, the results show that spatial effects in the estimation of regional economic
growth in Slovakia are present and significant and hence should be included in the
empirical analysis. The geographical level at which these spatial effects are specified
is crucial as the regional specification significantly influences the estimates. Finally,
we find that after including the spatial effects in the model the impact of EU funding
becomes negligible.
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Conclusion

In this thesis, we analysed the impact of EU funds on economic growth across 79
Slovak districts over 10 years comprising the period 2009–2018. The economic growth
was measured as a change in unemployment rate, real wage and employment rate. As
we believed that the effect of EU funds may depend also on the type of operational
programme to which they belong, we split EU funds into several categories with respect
to the operational programmes. From the methodological perspective, we first used an
ordinary fixed effects model. Spatial diagnostics for the baseline model capturing spatial
dependence based on a truncated inverse travel distance matrix provided a significant
evidence for the presence of cross-sectional dependence. Hence, in the second stage we
applied a spatial autoregressive model.

We found that the impact of EU funds on economic growth depends not only on the
operational programme and on the chosen measure of economic growth, but also on
the regional specification and on the inclusion of spatial effects in the analysis. Res-
ults of the baseline model showed that EU funds invested within industry and services
and within environment have the most significant impact on economic growth across
Slovakia. The former one was estimated to have impact in terms of both reduction
in unemployment rate and increase in employment rate whereas the latter one only
in terms of increase in employment rate. The estimated coefficients for EU funding
suggest that within industry and services EU funds contributed to the decrease in un-
employment rate on average by 5.75 p. p. annually and within environment by 3.8
p. p. However, once we incorporated the spatial spillover effects in the analysis, these
results were not confirmed. The effect of EU funds invested within industry and ser-
vices became insignificant and the impact of EU funds invested within environment was
estimated to be four times lower in comparison with the baseline model. Moreover, the
statistically significant estimate of impact of EU funds invested within rural develop-
ment on a decrease in unemployment rate became negative. The negative impact of
EU funding may be a result of a poaching effect where the non-funded regions poach
input factors from the adjacent funded regions. Decomposition of the estimate into
direct and indirect impacts confirmed this theory as the direct impact of the funding
on the funded region was estimated as negative whereas the estimate of indirect impact
on the surrounding regions was positive.

After we incorporated spatial effects in the analysis, in case of unemployment rate the
significant estimate of catching-up process from the baseline model was not confirmed.
The estimated coefficient in the spatial autoregressive model had an opposite sign which
might be explained by the existence of a competition for labour. As a consequence of
the competition, the growth in more developed regions is negatively influenced by their
neighbours with low unemployment rates. However, further estimations showed that
the competition for labour seems to happen only between smaller regional units such
as districts and is not relevant for larger regional units covering several districts.
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By all these findings we have significantly contributed to the currently available
literature. Nevertheless, we believe that EU funding should be a subject of future
research given also the financially ambitious plans of the EU for the period 2021–2027.
Prior to the estimation of the impacts of EU funds, it might be interesting to assess
the relevance of political and economic factors in the distribution of EU funds across
regions. The global financial crisis which is likely to strike in 2020 might also provide
insightful data for the analysis of asymmetric economic responses of the regions in
Slovakia to the symmetric shock represented by the crisis and thus deeper structural
reasons may be found for the ineffectiveness of EU funds.
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Appendices

A Appendix

Summary of the assumptions for fixed and random effects estimation as summarized
by Wooldridge (2012):

Assumption FE.1
For each i, the model is

yit = β1 + 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 Ó= s, the idiosyncratic errors are uncorrelated (conditional on all explanatory
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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B Appendix

The following table shows which districts are covered by specific branch offices of the
Social Insurance Agency (SIA) in Slovakia:

SIA branch office Covered districts
Bratislava Bratislava I

Bratislava II
Bratislava III
Bratislava IV
Bratislava V
Malacky
Pezinok
Senec

Dunajská Streda Dunajská Streda
Galanta Galanta

Šal’a
Trnava Trnava

Hlohovec
Piešt’any

Senica Senica
Skalica
Myjava

Komárno Komárno
Nitra Nitra

Zlaté Moravce
Nové Zámky Nové Zámky
Topol’̌cany Topol’̌cany

Partizánske
Bánovce nad Bebravou

Trenč́ın Trenč́ın
Nové Mesto nad Váhom

Levice Levice
Žiar nad Hronom Žiar nad Hronom

Žarnovica
Banská Štiavnica

Prievidza Prievidza
Považská Bystrica Považská Bystrica

Púchov
Ilava

Zvolen Zvolen
Krupina
Detva

Banská Bystrica Banská Bystrica
Brezno

Martin Martin
Turčianske Teplice

Žilina Žilina
Bytča

Čadca Čadca
Kysucké Nové Mesto

Lučenec Lučenec
Poltár

Vel’ký Krt́ı̌s Vel’ký Krt́ı̌s
Liptovský Mikuláš Liptovský Mikuláš

Ružomberok
Dolný Kub́ın Dolný Kub́ın

Tvrdoš́ın
Námestovo

Rimavská Sobota Rimavská Sobota
Rožňava Rožňava

Revúca
Spǐsšká Nová Ves Spǐsšká Nová Ves

Gelnica
Levoča

Poprad Poprad
Kežmarok

Stará L’ubovňa Stará L’ubovňa
Košice Košice I

Košice II
Košice III
Košice IV
Košice-okolie

Prešov Prešov
Sabinov

Trebǐsov Trebǐsov
Michalovce Michalovce

Sobrance
Vranov nad Topl’ou Vranov nad Topl’ou
Humenné Humenné

Snina
Medzilaborce

Svidńık Svidńık
Stropkov

Bardejov Bardejov
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C Appendix

Correlation matrix for the control variables.
Variable older younger denskmsq popgrowth

older 1.00 -0.66 0.25 -0.20
young -0.66 1.00 -0.21 0.38
denskmsq 0.25 -0.21 1.00 0.17
popgrowth -0.20 0.38 0.17 1.00
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(b) Share of young people.
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(c) Density of population.
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(d) Population growth rate.
Development of control variables over time.
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D Appendix

(a) Share of older people. (b) Share of young people.

(c) Density of population (thousands of people
per km2). (d) Population growth rate (%).

State of control variables as of 2009.

(a) Share of older people. (b) Share of young people.

(c) Density of population (thousands of people
per km2). (d) Population growth (%).

State of control variables as of 2018.
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