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Abstract

The main objective of this thesis is to summarize and possibly extend the ex-

isting methodology on correlation matrix filtering, hierarchical clustering and

topological classification in the economic networks. In the thesis we use classi-

cal MST/HT approach supplemented by edges stability analysis and centrality

measures analysis. Graphical objects MST and HT enable us to find relations

among the elements of the network. Centrality measures analysis helps us to

find the hubs in the network and stability analysis determines the reliability of

the resulting model. Presented methodology is then utilized for convergence

analysis in the EU and for analysis of clusters in the EU’s MSTs and HTs. We

detected large clusters of former communist countries for every economic indica-

tor, clusters based on geographical location such as Nordic, Baltic, BENELUX

or former ECSC countries and a cluster of PIGS countries. We also found that

Spain plays a role of a central node in debt/deficit indicator analysis which

made us to express our concerns about potential future problems.

JEL Classification C15, C38, E01, F15, F43

Keywords bootstrap, centrality, economic convergence, hi-

erarchical tree, minimum spanning tree
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Abstrakt

Hlavńım ćılem této práce je shrnout a rozš́ı̌rit již existuj́ıćı metodologii pro

filtrováńı korelačńıch matic, shlukovou analýzu a topologickou klasifikaci v
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ekonomických śıt́ıch. V práci využ́ıváme klasických postup̊u založených na

minimálńı kostře grafu a hierarchickém stromě, jež jsou doplněny o analýzu sta-

bility hran a analýzu mı́ry středovosti (centrality) jednotlivých uzl̊u. Grafické

objekty jako jsou minimálńı kostra a hierarchický strom, nám napomáhaj́ı v

nalezeńı vztah̊u mezi prvky śıtě. Analýza mı́ry středovosti (centrality) nám

umožňuje nalezeńı tzv. středových (centrálńıch) uzl̊u v śıti a analýza sta-

bility určuje mı́ru spolehlivosti výsledného modelu. Uvedená metodologie je

dále použita pro datovou analýzu ekonomické konvergence a analýzu shluk̊u

v minimálńı kostře a hierarchickém stromě EU. Detekovali jsme velké shluky

zemı́ bývalého sovětského bloku v př́ıpadě každého ekonomického indikátoru,

shluky založené na geografickém umı́stěńı jako jsou Severské a Baltské státy,

státy BENELUXu a p̊uvodńı státy ECSC, a shluk stát̊u skupiny PIGS. Dále

jsme zjistili, že Španělsko hraje roli centrálńıho uzlu v př́ıpadě analýzy státńıho

dluhu/deficitu, což nás vedlo k vysloveńı obav z možných budoućıch problémů.

Klasifikace JEL C15, C38, E01, F15, F43

Kĺıčová slova bootstrap, centralita, ekonomická konver-

gence, hierarchický strom, minimálńı kos-
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Chapter 1

Introduction

In the last fifteen years, since the pioneering work of Mantegna (1999), the

topic of topological properties of networks was as popular as ever. Not only in

economics and finance or social science in general but also in natural science,

computer science or medicine.

WWW is a complex system and thus attracts the attention of many re-

searchers. Pastor-Satorras et al. (2001) focus on topological properties of In-

ternet maps. Other examples of papers dealing with the topic of topological

properties in computer science are Albert et al. (1999), Albert et al. (2000) or

Capocci et al. (2001).

Xu et al. (2001) utilize MST approach for description of a new framework for

microarray gene-expression data clustering. Arita (2004) estimates the average

path length of metabolism of Escherichia coli1 and concludes that its metabolic

world is not small. Other authors deal with biological networks. Williams &

Martinez (2000) are one of them with their analysis of food webs.

Review of literature dealing with topological properties of networks in eco-

nomics and finance can be found in separate Chapter 2.

In our thesis we investigate networks which are used to visualize the struc-

ture of pairwise cross-correlations among time series. Every time series is

represented by one node in the network. We can easily determine the cross-

correlation coefficient between any pair of these time series. The weights of the

edges between nodes can be somehow connected to the cross-correlation coef-

ficients. Therefore we have completely connected network but it contains too

much information for easy interpretation. Our task is to filter out the network

in order to make it more readable. By filtering we mean the removal of the

1Bacterium which commonly lives in the intestine.
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weakest links. The output is minimal skeleton of links called the MST. However

the reduction of links has a serious drawback – we may loose very valuable in-

formation and the interpretation of results may neither be relevant nor precise.

The filtering procedures vary and the one chosen by us is the subject of the

following chapters.

In this thesis we apply similar methodology as in Mantegna (1999) on data

of selected economic indicators in order to find out whether there is an eco-

nomic convergence among the EU Member States. Methodology of MSTs and

HTs, described in Mantegna (1999), is used for uncovering the most important

connections in our networks. Presented methodology is supplemented by nodes

stability analysis described in Tumminello et al. (2005) and centrality measures

analysis used for determination of the central nodes.

The main objective of this thesis is to summarize and possibly extend ex-

isting methodology on correlation matrix filtering, hierarchical clustering and

topological classification in the economic networks. Another aim of the thesis

is to utilize presented methodology for convergence analysis and analysis of

clusters in the EU.

The thesis is structured as follows. In Chapter 2, we present a brief literature

review of clustering procedures, correlation matrix filtering methods and their

various applications in economics. The chapter is supplemented by a short

review of literature on economic convergence in the EU. Chapter 3 covers

methodology used throughout the thesis. It contains sections theoretically

dealing with MSTs, HTs, centrality measures or link stability. In Chapter 4,

the data choice and its description is given together with tests of stationarity

and normality. Chapter 5 presents the results of our analysis and provides

comments to them. Chapter 6 summarizes our findings.



Chapter 2

Literature Review

In this chapter, we first review recent research on clustering procedures, differ-

ent correlation matrix filtering methods and their various use in economics. In

the second part of Chapter 2 we shortly review literature concerning economic

convergence in the EU.

Anderson (1972) argues that the intention to model the complex systems

is linked to the ability to quantitatively describe the hierarchies of the system.

Anderberg (1973) comes with work on hierarchical clustering methods. Next

milestone in the study of data clustering is brought by Blatt et al. (1996).

Their new approach to data clustering is based on the physical properties of

an inhomogeneous ferromagnetic model. Here we can see the beginnings of

modern usage of physical concepts in economic and econometric modelling.

With the arrival of the new millennium physicists (mainly econophysicists)

start to develop new tools of multivariate data analysis. It begins with the

pioneering paper of Mantegna (1999) which is discussed later in the text. Then

Tumminello et al. (2005) continue with the introduction of the PMFG which is

an extension of the MST.

Mantegna (1999) investigates a hierarchical structure of stocks traded on

US stock exchanges. He analyzes the portfolio of stocks that are used to com-

pute Standard and Poor’s 500 (S&P 500) and Dow Jones Industrial Average

(DJIA). Mantegna (1999) quantifies a degree of similarity between each pair

of the daily time series of the logarithm of stock price differences using cor-

relation coefficient. Using this approach he obtains the matrix of correlation

coefficients. After a private communication with Didier Sornette, Mantegna

(1999) proposes a distance metric that is a nonlinear transformation of the

correlation coefficient. He also proposes a subdominant ultrametric space as a
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topological space associated with a graph consisting of the stocks analyzed as

vertices and distances between them as edges. Mantegna (1999) argues that

the chosen topological space associated with the graph forms a meaningful eco-

nomic taxonomy. Using the proposed procedure of constructing the MST/HT

Mantegna (1999) finds out that the investigated US stocks cluster according to

the industry sector they belong to. In the conclusion of the paper Mantegna

(1999) stresses that the taxonomy of stocks is obtained using time series of

stock prices only.

Mantegna & Stanley (2000) summarize current knowledge of statistical

physics used in the description of the financial systems. In chapter dedicated

to a taxonomy of a stock portfolio they describe more precisely and formally

the methodology used for determination of hierarchical structure of a stock

portfolio in Mantegna (1999).

Bonanno et al. (2000) extract meaningful and interpretable economic infor-

mation about the links between different world economies using sets of stock

index time series from all over the world. Bonanno et al. (2000), therefore,

implicitly prove the existence of links between different stock markets.

Bonanno et al. (2001) use methodology proposed by Mantegna (1999) on

a set of 100 stocks traded in US equity markets. They also observe that the

pairwise cross-correlations between stock returns vary with the time horizon

used to compute them.

Bonanno et al. (2003) compare the MST of stocks from the New York Stock

Exchange (NYSE) and the MST from artificial markets. They conclude that the

properties of an empirical tree cannot be approximated by a random market

model based on Random Matrix Theory(RMT)1 or by the one-factor model.

Tola et al. (2008) perform different filtering procedures to the original corre-

lation matrix. They use classical empirical methods such as Single Linkage

Clustering(SLC)2 and Average Linkage Clustering(ALC)3 and methods based

on RMT. Tola et al. (2008) conclude that classical clustering methods SLC and

ALC outperform RMT filtering methods with respect to the reliability of the

1Random Matrix Theory deals with the random matrices, i.e. matrix-valued random
variables, their properties (especially spectral properties) and their various use in probability
theory and in applied work.

2Single Linkage Clustering is one of several methods of hierarchical clustering. The dis-
tance between two clusters under SLC is computed as the minimal distance between elements
from the first cluster and elements from the second cluster. Detailed description of SLC is
given in Chapter 5 in Section 5.1.

3Average Linkage Clustering is one of several methods of hierarchical clustering. The dis-
tance between two clusters under ALC is computed as the average distance between elements
from the first cluster and elements from the second cluster.
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risk–return profile under the necessary condition that the size of the portfolio

satisfies the inequalities 50 ≤ N ≤ 500.

Topological properties of the MST are not only investigated in the US stock

markets but also in Brazil by Sandoval (2012) or in Korea by Eom et al.

(2006) or in Indonesia on Jakarta Stock Exchange by Situngkir & Surya (2005).

Situngkir & Surya (2005) observe the total length of MSTs vary over time. They

claim that higher length of the MST indicates the stock market stabilization af-

ter previous monetary crisis.

Bonanno et al. (2004) investigate the portfolio of stocks at different time

horizons and they extract important economic information from noise dressed

correlation matrices4. The concept of noise dressed correlation matrices is also

engaged in Laloux et al. (1999). They show that results from RMT is a key to un-

derstand the statistical structure of the empirical correlation matrices. Laloux

et al. (1999) claim that Markowitz’s portfolio optimisation scheme, which is

based on and only on historical determination of the correlation matrix, is

inadequate.

Onnela et al. (2002) show that the assets of the optimal Markowitz portfolio

are usually located on the periphery of the HT. They also demonstrate how

the HT shrinks during a stock market crisis.

Tabak et al. (2010) investigate the topological properties of commodities

networks. They find out that commodities strongly cluster according to a

sector they belong to. They also find out that commodities are homogenous

with respect to that sector (especially food, metal and energy).

Resovsky et al. (2013) apply the MST approach with the combination of

Sammon method in the currency market. They determine the crucial position

of Polish currency in the Central European region. Mizuno et al. (2006) find out

that clusters of currencies in the HT match accurately with geographical regions.

Naylor et al. (2007) utilize hierarchical methods to analyze foreign exchange

price influences. They construct two networks, one where New Zealand Dollar

(NZD) is the numeraire and the other where the numeraire is US dollar (USD).

They find out that in the MST where NZD was the numeraire the US dollar is

a central vertex and the MST has a starlike structure whereas when USD is the

numeraire the MST has a sparser structure. Keskin et al. (2010) study topology

of networks among main world currencies during the unstable period of 2007

– 2008. They use USD and Turkish Lira (TL) as numeraires. As expected

4Noise dressed financial correlation matrices are to a large extent random, i.e. the struc-
ture of the matrix is dominated by measurement noise, as claim Laloux et al. (1999).
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Keskin et al. (2010) find that the key world currencies are those showing major

economic activity.

Micciche et al. (2003) are engaged in volatility of stock return time series.

They argue that economically relevant information is hidden in a degree of the

MSTs. They find out a stability of the degree of the MST is lower for volatility

time series than for price return time series. Micciche et al. (2003) also show

that the dynamics of the degree of stocks is rather slow.

Apart from RMT and classical filtering procedures there exist another pro-

cedures to filter out a correlation matrix. Ledoit & Wolf (2003) introduce the

concept of the shrinkage of a correlation matrix5. Tumminello et al. (2007b)

apply Kullback-Leibler distance to measure the performance of the correlation

matrix filtering methods. They argue that the spectral filtering methods based

on RMT are slightly more efficient in filtering separable systems than hierarchi-

cal clustering methods.

Now we shortly review literature on economic convergence in the EU. Borsi

& Metiu (2013) investigate economic convergence in real per capita income

among EU27 between years 1970 and 2010. They find out some key empirical

results:

1. No overall real income per capita convergence in EU27 exists. The null

hypothesis of convergence is strongly rejected.

2. There exist subgroups of countries in the EU in within the convergence is

apparent. Borsi & Metiu (2013) argue that this fact proves the reality of

so-called multi-speed EU.

3. Subgroups of countries (clubs) are formed mainly on the basis of geo-

graphical regions they belong to. Clustering is not necessarily linked to

EMU membership.

A similar topic to Borsi & Metiu (2013) at the level of European regions is

studied by Bartkowska & Riedl (2012).

Vojinovic et al. (2009) analyze convergence for per capita income among

10 European economies joining EU in 2004. They show that the new (poorer)

countries grew faster than the old EU members and hence empirically prove

5The shrinkage of a correlation matrix is known from Bayesian statistics and stands for the
estimation of the covariance matrix by an optimally weighted average of the sample covariance
matrix and single-index covariance matrix. The resulting estimator is more efficient than any
of the two.
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the hypothesis of income convergence. They claim that the income conver-

gence was at the rate of more than 4 % on average during the period 1992 –

2006. Vojinovic et al. (2009) also argue that the income convergence acceler-

ated over this period. They predict the long-term GDP convergence of the new

EU members.

Kocenda et al. (2008) analyze fiscal convergence of the new EU countries

with respect to the old EU15. They find out that there exists large heterogeneity

in fiscal convergence. They highlight, however, that the sample size is very

limited and hence their findings need to be interpreted very carefully. Kocenda

et al. (2008) also state implications for policy makers. They advise that the

reform of public finance in EU Member States should continue (especially in the

new Member States). They also advise that EU countries should adopt fiscal

policy rules similar to those in Poland or in the Netherlands.

Marelli & Signorelli (2010) claim that the new Member States are catching

up with the rest of the EU in terms of productivity and the number of trade

links with Western Europe. They also claim that the recent world financial

and economic crisis harmed especially the converging countries and created

new challenges in terms of government deficits, debts and interest rates for

them. Marelli & Signorelli (2010) state that the converging countries were

provided a shield against the Crisis by the Eurozone. They find out that the

non-EMU countries were more slowed down in convergence than EMU members.

Busetti et al. (2006) analyze EMU Members States’ inflation rate conver-

gence and detect two groups of countries. These groups (clusters) are char-

acterized by relatively lower/larger rate of inflation. The first group contains

Germany, France, Belgium and Austria whereas the second group contains the

Netherlands, Spain, Greece, Portugal and Ireland. Busetti et al. (2006) claim

that Italy stands in between the two groups.

Warin (2005) deals with the question of fiscal convergence across the EMU

members. His results show solid convergence of public deficits across the EMU

members. He also comes up with implications for policy making. Warin (2005)

states that the objective of the EMU members should be to reduce the interest

of the debt in order to regain at least some fiscal stability and flexibility.

There are also authors who are convinced that the Maastricht Convergence

Criteria can bring disbalance and divergence instead of convergence. Paleta

(2012) stresses that we should not only take into account price stability but

we also ought to care about real indicators. He claims that if we do not do so,

then the EMU can accept absolutely unprepared countries and similar scenario
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as with Greece can be repeated. Paleta (2012) warns that the effectiveness and

usefulness of the single currency may be then largely invalidated.

Many other authors deals with convergence in the EU, e.g. Cuaresma et al.

(2002), Juknys et al. (2014), Miron & Alexe (2014), Arghyrou et al. (2009) or

Ramı́rez Carrera & Rodŕıguez (2009). The detailed description of their work

is beyond the scope of this text.



Chapter 3

Methodology

In this chapter we first explain basic notions and arrive at the distance metric.

Then we build graphical objects the MST and the HT. In penultimate section

of Chapter 3 we try to measure the stability of links in the MST and in the last

section we introduce the measures for classification of node centrality.

3.1 Introductory notions

Suppose we have n ∈ N objects. The term object here can represent a stock,

a country or a gene. In this thesis, however, we stick to the relation object –

country. These n objects are studied during the period T ⊂ N. Let ~Xi(t) :=

{ ~Xi(t) : t ∈ T ∧ i ∈ n̂}1, be a stochastic process. Later in the text we need to

estimate the correlation matrix of the time series. Thus we require the (weak)

stationarity of the stochastic process ~Xi(t). Let us properly define both notions

in Definition 3.1 and Definition 3.2 according to Wooldridge (2008, pg. 378).

Definition 3.1 (Stationarity). A stochastic process { ~X(t) : t = 1, 2, . . .} is called

stationary if ∀ (t1, t2, . . . , tm) ⊂ Tm : 1 ≤ t1 < t2 < . . . < tm and ∀h ≥ 1 it

holds that

D (X(t1), X(t2), . . . , X(tm)) = D (X(t1 + h), X(t2 + h), . . . , X(tm + h)) ,

where D(•) is joint distribution function.

Definition 3.2 (Weak Stationarity). A stochastic process { ~X(t) : t = 1, 2, . . .}
1The symbol of widehat in n̂ is interpreted as follows n̂ := {1, 2, . . . , n}.
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with a finite second moment or E
[
~X2(t)

]
< ∞ is called weak stationary if

all following conditions are satisfied simultaneously

1. E
[
~X(t)

]
is constant,

2. V ar
[
~X(t)

]
is constant,

3. (∀t, h ≥ 1) : Cov
[
~X(t), ~X(t+ h)

]
depends only on h and not on t.

Now we are able to define the correlation coefficient ρTij for a pair of stochas-

tic variables ~Xi(t) and ~Xj(t) over time period T as follows

ρTij :=
〈 ~Xi(t) ~Xj(t)〉T − 〈 ~Xi(t)〉T 〈 ~Xj(t)〉T√
〈 ~X2

i (t)− 〈 ~Xi(t)〉2T 〉T 〈 ~X2
j (t)− 〈 ~Xj(t)〉2T 〉T

, i, j ∈ n̂, t ∈ T, (3.1)

where the symbol 〈�〉T represents the average over the studied period T . We

can define the relative value of the correlation coefficient ρTij between a

pair of stochastic variables ~Xi(t) and ~Xj(t) over time period T as follows

δTij :=
ρTij − ρ̄Tkl

σ
, i, j, k, l ∈ n̂,

where standard deviation σ is used as the unit of measurement and ρ̄Tkl stands

for the average of ρTkl over all possible pairs k, l ∈ n̂ over time period T or

ρ̄Tkl =
1

n2

n∑
k=1

n∑
l=1

ρTkl.

Correlation between elements of time series can be measured by different

correlation coefficients. Here we use Pearson product-moment correlation

coefficient which measures the linear relationship between two elements of

time series. Possible alternatives are Spearman’s rank correlation coefficient

and Kendall tau rank correlation coefficient. Rank correlation coefficients are

able to measure nonlinear relationships between elements of time series and

hence are sometimes preferred to Pearson’s correlation coefficient.
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3.2 Derivation of the distance metric

Consider a stochastic variable ~X∗i (t) defined as follows

~X∗i (t) :=
~Xi(t)− 〈 ~Xi(t)〉T√
〈 ~X2

i (t)〉T − 〈 ~Xi(t)〉2T
, i ∈ n̂. (3.2)

It is the same variable as ~Xi(t) subtracted from its mean and divided by its

standard deviation, both computed over a given time period T . In other words

we normalize ~Xi(t) and hence obtain ~X∗i (t).

We suppose that ~X∗i (t) ∈ Rn, i.e. ~X∗i (t) is a real n-dimensional vector.

Then we may define the distance between vectors ~X∗i (t) and ~X∗j (t) using the

Euclidean norm2 as follows

dTij := ‖ ~X∗i (t)− ~X∗j (t)‖e. (3.3)

From definition of the Euclidean norm, using standard scalar multiplication3,

we may rewrite Equation 3.3 as

‖ ~X∗i (t)− ~X∗j (t)‖e =
√
〈 ~X∗i (t)− ~X∗j (t) | ~X∗i (t)− ~X∗j (t)〉ss. (3.4)

We may further modify Equation 3.4 and obtain√
〈 ~X∗i (t) | ~X∗i (t)〉ss − 〈 ~X∗i (t) | ~X∗j (t)〉ss − 〈 ~X∗j (t) | ~X∗i (t)〉ss + 〈 ~X∗j (t) | ~X∗j (t)〉ss.

(3.5)

And finally we may rewrite Equation 3.5 as√
‖ ~X∗i (t)‖2e + ‖ ~X∗j (t)‖2e − 2〈 ~X∗i (t) | ~X∗j (t)〉ss. (3.6)

In the derivation of Equation 3.6 we used basic properties and axioms of the

scalar multiplication and the fact that all entries of the vectors ~X∗k(t), k ∈ n̂,

are real numbers. From Definition 3.2 of ~X∗k(t) we can immediately see that

(∀k ∈ n̂) : ‖ ~X∗k(t)‖e = 1. Therefore Equation 3.6 can be rewritten as

dTij =

√
2
(

1− 〈 ~X∗i (t) | ~X∗j (t)〉ss
)
. (3.7)

2We denote Euclidean norm as ‖ � ‖e.
3We denote standard scalar multiplication as 〈� | �〉ss.
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Finally, because 〈 ~X∗i (t) | ~X∗j (t)〉ss =
∑n

k=1X
∗
ik(t)X

∗
kj(t) = ρTij, we arrive at

dTij =
√

2
(
1− ρTij

)
, i, j ∈ n̂. (3.8)

Proposition 3.1. The mapping dTij : [−1, 1] 7→ [0, 2] introduced in Equation 3.8

defines a metric distance, i.e. it fulfills the following properties (axioms) of a

metric

1. identity of indiscernibles: (∀i, j ∈ n̂) : dTij = 0⇔ i = j,

2. symmetry: (∀i, j ∈ n̂) : dTij = dTji,

3. triangle inequality: (∀i, j, k ∈ n̂) : dTij ≤ dTik + dTkj.

Proof. We need to check whether the axioms defining a metric really hold.

1. (⇒) Supposing 0 = dTij =
√

2
(
1− ρTij

)
⇒ ρTij = 1⇒ i = j,

(⇐) Supposing i = j ⇒ ρTij = 1⇒ dTij = 0.

2. We start with checking the symmetry of ρTij. First we write both equations

ρTij =
〈 ~Xi(t) ~Xj(t)〉T − 〈 ~Xi(t)〉T 〈 ~Xj(t)〉T√
〈 ~X2

i (t)− 〈 ~Xi(t)〉2T 〉T 〈 ~X2
j (t)− 〈 ~Xj(t)〉2T 〉T

, (3.9)

ρTji =
〈 ~Xj(t) ~Xi(t)〉T − 〈 ~Xj(t)〉T 〈 ~Xi(t)〉T√
〈 ~X2

j (t)− 〈 ~Xj(t)〉2T 〉T 〈 ~X2
i (t)− 〈 ~Xi(t)〉2T 〉T

. (3.10)

We immediately see that Equation 3.9 and Equation 3.10 are equal.

Therefore from Equation 3.8 it holds that

dTij =
√

2
(
1− ρTij

)
=
√

2
(
1− ρTji

)
= dTji.

3. We utilize the derived equivalence of Equation 3.3 and Equation 3.8

dTij =
√

2
(
1− ρTij

)
= ‖ ~X∗i (t)− ~X∗j (t)‖e. (3.11)

We may add and immediately subtract ~X∗k(t) from the expression in the

norm in Equation 3.11

‖ ~X∗i (t)− ~X∗j (t)+ ~X∗k(t)− ~X∗k(t)‖e = ‖
(
~X∗i (t)− ~X∗k(t)

)
+
(
~X∗k(t)− ~X∗j (t)

)
‖e.

(3.12)
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Since we assume the validity of the following assertion(
∀~a,~b ∈ Cn

)
: ‖~a+~b‖e ≤ ‖~a‖e + ‖~b‖e,

we may estimate Equation 3.12 from above as follows

≤ ‖ ~X∗i (t)− ~X∗k(t)‖e + ‖ ~X∗k(t)− ~X∗j (t)‖e. (3.13)

Finally we use Equation 3.3 on Equation 3.13 and obtain

dTij ≤
√

2 (1− ρTik) +
√

2
(
1− ρTkj

)
= dTik + dTkj.

We cannot use only the correlation coefficient d̃Tij = ρTij as a distance metric

simply because the mapping d̃Tij does not define a metric (first axiom of a

metric is violated). We could use a suitable linear transformation of ρTij instead,

e.g. d̆Tij = ρTij − 1. However the nonlinear transformation dTij =
√

2
(
1− ρTij

)
proposed by Mantegna (1999) is the distance metric most commonly used in

literature.

To sum up we have obtained the distance dTij as a function of the correlation

coefficient, i.e. dTij = d
(
ρTij
)
, which defines a metric and hence forms a suitable

tool for proper measurement of the distance between two objects.

3.3 Properties of the matrix of the correlation co-

efficients and the distance matrix

Matrix of the correlation coefficients, denoted as CT , is of the following form

CT =
(
ρTij
)
i,j=1,...,n

=


ρT11 ρT12 · · · ρT1n

ρT21 ρT22 · · · ρT2n
...

...
. . .

...

ρTn1 ρTn2 · · · ρTnn

 =


1 ρT12 · · · ρT1n

ρT21 1 · · · ρT2n
...

...
. . .

...

ρTn1 ρTn2 · · · 1

 .

(3.14)

According to Equation 3.14

• CT is n×n square matrix, where n is the total number of observed objects,

• all coefficients on the main diagonal of CT are equal to 1,
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• CT is symmetric or CT = (CT )′ ⇔ (∀i, j ∈ n̂) : ρTij = ρTji as was shown in

the proof of Proposition 3.1,

• CT is completely characterized by
n · (n− 1)

2
correlation coefficients.

By definition ρTij ∈ [−1, 1]. Here we need to mention particular values of ρTij

which are important for the interpretation of results

ρTij =


1 if a pair of objects is completely correlated,

0 if a pair of objects is uncorrelated,

−1 if a pair of objects is completely anti–correlated.

Applying the distance transformation from Equation 3.8 on CT we obtain the

distance matrix DT

DT =
(
dTij
)
i,j=1,...,n

=


√

2 (1− ρT11)
√

2 (1− ρT12) · · ·
√

2 (1− ρT1n)√
2 (1− ρT21)

√
2 (1− ρT22) · · ·

√
2 (1− ρT2n)

...
...

. . .
...√

2 (1− ρTn1)
√

2 (1− ρTn2) · · ·
√

2 (1− ρTnn)


(3.15)

Because (∀i ∈ n̂) : ρTii = 1, we may rewrite Equation 3.15 as follows

DT =
(
dTij
)
i,j=1,...,n

=


0 dT12 · · · dT1n

d21 0 · · · dT2n
...

...
. . .

...

dTn1 dTn2 · · · 0


Analogic properties to those for CT can be derived also for DT . By defini-

tion dTij ∈ [0, 2]. Again we need to mention particular values of dTij which are

important for the interpretation of results

dTij =


0 if a pair of objects is completely correlated,
√

2 if a pair of objects is uncorrelated,

2 if a pair of objects is completely anti–correlated.

Distance dTij
(
ρTij
)

is a decreasing function with ρTij.
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3.4 Minimum spanning tree

The problem of finding a minimum spanning tree

Again suppose that we have n ∈ N objects – countries or stocks. Some of these

objects can be related to each other. In other words they are linked. In graph

theory we can represent a system of related objects by a graph G = (V,E),

where V is a set of vertices and E is a set of edges. In our thesis a set V is

equivalent to a set of n countries and a set E represents the relations between

them.

A graph G is said to be connected if there is a route of edges and vertices

between each two vertices. So if there is a country (stock) in our system such

that it has no relation with any other country (stock) then a graph describing

this system is not connected. If there exists a route in graph G which starts

and ends in the same vertex then there is a loop or cycle in G. We call the

graph acyclic when there is no loop in G. If we add the concept of acyclicity

to connected graph we end up with a structure defined in Definition 3.3.

Definition 3.3 (Tree). A connected acyclic graph G is called a tree.

Since we are interested in all vertices (countries) we need such a tree that

contains all vertices of the original graph G. Such property is satisfied by a

spanning tree from the following definition.

Definition 3.4 (Spanning tree). Let G = (V,E) be a graph. An arbitrary tree

T = (V, Ẽ) such that Ẽ ⊆ E is called a spanning tree of the graph G.

Therefore every tree that is a subgraph of G and contains all its vertices is

called a spanning tree of G. It is easy to show that a graph G is connected if

and only if it has a spanning tree.

Suppose we are given a connected graph G = (V,E) then we may be sure

that there exists a spanning tree. Usually there exist very many spanning

trees in G. We are interested in one particular such tree – minimum spanning

tree (MST). In order to properly define the problem of finding the MST of G

we need to expand on our assumptions. Let us suppose that there exists a

function w(ei) : E 7→ R that is defined ∀i ∈ |̂E|. Function w(ei) is called a

weight function and the edges to which the weights are assigned are called

weighted edges.

Now we are able to formulate the problem of finding the MST similarly as

in Matousek & Nesetril (2008, chap. 5).
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Definition 3.5 (Problem of finding the MST). Let G = (V,E) be a connected

graph with weight function w(ei) : E 7→ R+ defined on all its edges. To

determine the MST of G find a spanning tree T = (V, Ẽ) of G such that the

sum
|E|∑
i=1

w(ei) is minimal.

If we are given a set containing n elements then the MST is a graph with

n− 1 links. Other property of any MST is that it is a planar graph4.

The algorithms for finding the MST

There are a number of algorithms for finding the MST. The most frequently

used algorithms to identify the MST are Kruskal’s and Prim’s algorithms. Both

mentioned algorithms are based on a greedy heuristic. Greedy algorithm

builds the global solution by finding the local feasible solutions one at a time.

The heuristic in this context means a procedure used to determine the locally

optimal solution. For example the heuristic in Kruskal’s algorithm would be

choosing an edge with minimum weight.

Kruskal’s algorithm, named after its author Joseph Kruskal, first ap-

peared in 1956 (see Kruskal 1956). Today it is the most frequently used al-

gorithm for finding the MST. The algorithm can be explained similarly as in

Harris et al. (2008, chap. 1.3).

Definition 3.6 (Kruskal’s algorithm). Kruskal’s algorithm can be summarized into

3 consecutive steps.

Input Weighted connected graph G = (V,E).

Output MST = (V, Ẽ).

Step 1 Find an edge of minimum weight and mark it. If there is more

than one, choose one at random.

Step 2 Among all of the unmarked edges choose one with minimum

weight that does not form a cycle with any of the marked edges. Mark

this edge.

Step 3 If the set of marked edges form a spanning tree, then stop. Oth-

erwise go to Step 2.

In Figure 3.1 we present the UML diagram for Kruskal’s algorithm created

in Lucidchart.
4Planar graphs can be drawn in the plane without crossings of their edges.

https://www.lucidchart.com
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Figure 3.1: UML diagram for Kruskal’s algorithm

Source: author’s computations.

It is clearly visible from Step 1 of Algorithm 3.6 that a form of the resulting

MST is not uniquely determined whereas the value
|E|∑
i=1

w(ei) is the same for all

possible MSTs. Kruskal’s algorithm produces a spanning tree of minimum total

weight and thus solves the Problem 3.5 as was shown in Harris et al. (2008,

chap. 1.3) and in Matousek & Nesetril (2008, chap. 5).

The second widely used algorithm for finding the MST called Prim’s algo-

rithm can be explained similarly as in Harris et al. (2008, chap. 1.3).

Definition 3.7 (Prim’s algorithm). Prim’s algorithm can be summarized into 3

consecutive steps.

Input Weighted connected graph G = (V,E).

Output MST = (V, Ẽ).
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Step 1 Choose an arbitrary vertex v ∈ V as a starting vertex and mark

it.

Step 2 From all edges that have one marked end vertex and one un-

marked end vertex, choose the one with minimum weight. Mark this

edge and mark its unmarked end vertex as well.

Step 3 If all vertices from V are marked, then stop. Otherwise go to

Step 2.

In Figure 3.2 we present the UML diagram for Prim’s algorithm created in

Lucidchart.

Figure 3.2: UML diagram for Prim’s algorithm

Source: author’s computations.

Prim’s algorithm produces a spanning tree of minimum total weight and

thus solves the Problem 3.5 as was shown in Bondy & Murty (1982).

https://www.lucidchart.com
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3.5 Hierarchical tree

Suppose we have the MST of our n objects constructed and we want to investi-

gate the classification of the system. By classification here we mean the taxon-

omy of the objects or sorting the objects into several groups called clusters.

The clusters are created according to the property of similarity between the

objects. To obtain information about clusters in our network we can construct

the hierarchical tree(HT) from our already built MST. Our aim is to represent

the classification as the HT diagram or dendrogram (see Rammal et al. 1986).

Dendrogram is a visualisation of the taxonomy of the system. Dendrogram

is pictured as an inverted tree, where the objects (corresponding to the leaves

of the tree) are displayed horizontally on the bottom line. When we move from

the bottom up, several leaves merge into a branch, several branches merge in to

a higher branch, etc. The lower the branch the higher the degree of similarity

between the objects of a particular cluster. In order to construct such HT, Man-

tegna & Stanley (2000) advise us to introduce the concept of ultrametricity.

Mantegna (1999) makes the working hypothesis that a useful space for linking

n objects is an ultrametric space. He argues that this hypothesis is motivated

a posteriori by the fact that the associated taxonomy is meaningful from the

economic point of view. First we state the definition of an ultrametric distance.

Definition 3.8 (Ultrametric distance). We say that the distance d̂Tij is ultramet-

ric if it satisfies three axioms of an ultrametric distance

1. identity of indiscernibles: (∀i, j ∈ n̂) : d̂Tij = 0⇔ i = j,

2. symmetry: (∀i, j ∈ n̂) : d̂Tij = d̂Tji,

3. ultrametric inequality: (∀i, j, k ∈ n̂) : d̂Tij ≤ max {d̂Tik, d̂Tkj}.

The only difference between a distance in a classical Euclidean sense and

the ultrametric distance from Definition 3.8 is a replacement of the triangle

inequality by the ultrametric inequality. The ultrametric inequality is a stronger

property and it implies the triangle inequality. We say that a space with the

ultrametric distance is an ultrametric space (see Mantegna & Stanley 2000).

Mantegna & Stanley (2000) argue that the ultrametric space is a natural way to

describe hierarchically structured complex systems. They support the claim by

a direct connection of the concept of ultrametricity to the concept of hierarchy.

Out of all ultrametric distances we choose the largest one for our analysis.

This ultrametric distance is called a subdominant ultrametric distance. We
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want to arrive at the formal definition of the subdominant ultrametric distance.

Let us have a graph G = (V,E) and suppose that we have found its MST =

(V,E ′). We choose a vertex i ∈ V as a starting vertex and a vertex j ∈ V as

an end vertex. Now we construct the shortest path from i to j and denote it as

spi→j. Finally we are able to define the subdominant ultrametric distance

between i and j, denoted as d<Tij , as the maximum distance (maximum weight

of the edge) of two consecutive vertices that have to be visited when moving

from i to j along the shortest path spi→j. More formally we can write

d<Tij := max
(k,l)∈spi→j

{dTkl}, (3.16)

where (k, l) ∈ E ′ is an arbitrary edge from spi→j.

The knowledge of all subdominant ultrametric distances in our MST enables

us to construct the subdominant ultrametric distance matrix D<T . Since

we have only n−1 different weighted edges in our MST, the number of different

values in D<T is n− 1 at maximum.5

Mantegna (1999) states that by using above mentioned ultrametric space

we are now able to obtain a taxonomy of the investigated n elements. He also

argues that this taxonomy is uniquely defined without any further assumptions.

Let us illustrate the above mentioned procedure on the following example.

Assume that we have found the MST of 4 objects A,B,C and D such that

A
dTAB←→ B

dTBC←→ C
dTCD←→ D,

where dTAB = 0.25, dTBC = 0.5 and dTCD = 0.75. In order to construct the sub-

dominant ultrametric distance matrix D<T corresponding to our MST we need

to compute distances d<TAB, d
<T
AC , d

<T
AD, d

<T
BC , d

<T
BD and d<TCD. In order to do so we

utilize the definition of subdominant ultrametric distance expressed in Equa-

tion 3.16. We compute as follows.

D<T =


0 d<TAB d<TAC d<TAD
d<TAB 0 d<TBC d<TBD
d<TAC d<TBC 0 d<TCD
d<TAD d<TBD d<TCD 0

 =

5For comparison, there are
n · (n− 1)

2
different values in DT .
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=



0 max
(k,l)∈spA→B

{dTkl} max
(k,l)∈spA→C

{dTkl} max
(k,l)∈spA→D

{dTkl}

max
(k,l)∈spA→B

{dTkl} 0 max
(k,l)∈spB→C

{dTkl} max
(k,l)∈spB→D

{dTkl}

max
(k,l)∈spA→C

{dTkl} max
(k,l)∈spB→C

{dTkl} 0 max
(k,l)∈spC→D

{dTkl}

max
(k,l)∈spA→D

{dTkl} max
(k,l)∈spB→D

{dTkl} max
(k,l)∈spC→D

{dTkl} 0


=

=


0 max {dTAB} max {dTAB, dTBC} max {dTAB, dTBC , dTCD}

max {dTAB} 0 max {dTBC} max {dTBC , dTCD}
max {dTAB, dTBC} max {dTBC} 0 max {dTCD}

max {dTAB, dTBC , dTCD} max {dTBC , dTCD} max {dTCD} 0


After plugging in the distances dTAB, d

T
BC and dTCD we finally arrive at

D<T =


0 d<TAB d<TAC d<TAD
d<TAB 0 d<TBC d<TBD
d<TAC d<TBC 0 d<TCD
d<TAD d<TBD d<TCD 0

 =


0 0.25 0.5 0.75

0.25 0 0.5 0.75

0.5 0.5 0 0.75

0.75 0.75 0.75 0

 .

Eventually we are able to construct the HT. It has 3 branches, first branch is at

the level of d<TAB = 0.25 and connects A with B, second branch connects object

C with the lower branch of A,B at d<TAC = d<TBC = 0.5 and the third branch

connects the last object D with the lower branch of A,B,C at d<TAB = d<TAC =

d<TAD = 0.75. The corresponding dendrogram is depicted in Figure 3.3.

Figure 3.3: HT for model example
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3.6 Link stability

The simplicity of constructing the MST described in Section 3.4 has a large dis-

advantage – stability of the links between vertices. We cannot be sure whether

the link is present in the constructed MST because of its relevance for the

network or only by coincidence. To avert this issue we utilize the bootstrap

technique invented by Efron (1979) and described in Tumminello et al. (2007a).

Again suppose we have n ∈ N objects in our system. Further assume that

we have data available for these n objects for all t ∈ T , where T ⊂ N is again

the studied period or the length of time series. We represent the time series by

the matrix X.6 The matrix X has the size of n× |T |.
We estimate the correlation matrix CT from the original matrix X. Then we

construct the MST of the network. The core of the bootstrap technique lies in

the construction of k ∈ N bootstrapped matrices XBS
i from the original matrix

X. Each bootstrapped matrix of time series XBS
i is constructed by choosing

|T | rows from the original matrix X at random and placing these rows in the

matrix XBS
i . The length of the bootstrapped matrix of time series is fixed, i.e.

every XBS
i has the size of n × |T |. Since the choosing is done randomly and

the repetition is allowed, some rows from the original matrix X may be present

in the bootstrapped matrix XBS
i more than once and some rows may not be

present at all. For the built bootstrapped matrix XBS
i we construct the MST.

Therefore we have k MSTs at hand: MSTBV1 ,MSTBV2 , . . . ,MSTBVk .

We continue by observing whether the links contained in the original MST

are also present in the MSTs created by bootstrapped matrices XBS
i , i ∈ k̂.

After this procedure a bootstrap value BVij ∈ R, i, j ∈ n̂, is be assigned to all

links of the original MST. BVij is the ratio of occurrences of the link between

ith node and jth node in the bootstrapped MSTs and number k or the quantity

of the bootstrapped matrices. Usually the bootstrapping is run 1,000 times or

k = 1, 000. From this definition it holds that BVij ∈ [0, 1]. The higher the

bootstrap value BVij, the more stable the link between i and j.

3.7 Centrality measures

A centrality of a vertex coincides with a property of how much influence the

vertex has in the network. Therefore centrality measures importance of a ver-

6We simply merge all time series to one matrix.
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tex within the network. Sandoval (2012) proposes to conduct an analysis of

centrality according to five different properties.

1. Vertex degree7 (see Matousek & Nesetril 2008).

Definition 3.9 (Vertex Degree). Let G = (V,E) be a graph and vi ∈ V be

an arbitrary vertex of G, i ∈ |̂V |. Then the degree of vi in the graph G

is the number of edges containing the vertex vi.

If we construct an adjacency matrix AMST for our MST or an arbitrary

graph G then we can define the degree of the vertex vi as

degG(vi) :=

|V |∑
j=1

aij, i ∈ |̂V |,

where for an arbitrary adjacency matrix A = (aij)i,j=1,...,n we have

aij =

1 if there exists an edge from ith vertex to jth vertex,

0 otherwise.

Vertices with high vertex degree in the network are called hubs. These

hubs are the most influential vertices within the network. Vertex degree

is not always the best measure of centrality. The problem with vertex

degree is that it only considers the number of neighbours of a vertex and

not how influential they are within the network.

2. Vertex strength. Let G = (V,E) be a graph and v ∈ V be an arbitrary

vertex of G. Let us have the MST of G. Denote the neighbouring vertices

of v in MST as nbr1, nbr2, ..., nbrdegMST (v)
8. Then the strength of the

vertex v in the MST SvMST is defined as

SvMST :=

degMST (v)∑
j=1

ρTvnbrj ,

where ρTvnbrj is the cross-correlation coefficient between vertex v and ver-

tex nbrj from the original matrix of correlation coefficients CT .

7Vertex degree is incorporated in R in igraph package as degree{igraph}.
8Subscript degMST (v) denotes the degree of the vertex v in the MST. This notation corre-

sponds to Definition 3.9. Number of neighbours of the vertex v is equivalent to degMST (v).

R
http://www.igraph.org/
igraph
http://www.inside-r.org/packages/cran/igraph/docs/degree
degree{igraph}
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3. Eigenvector centrality9.

Let G = (V,E) be a graph and let AMST be an adjacency matrix of the

MST of G. Suppose we have found a spectrum of the matrix AMST :

σAMST
= {λ1, λ2, ..., λ|V |}. From the spectrum σAMST

we choose the

maximum eigenvalue λmax := max{σAMST
} and we find the eigenvec-

tor ~xλmaxcorresponding to λmax. From the definition of the eigenvalue we

know that

AMST~xλmax = λmax~xλmax ⇒ ~xλmax =
1

λmax
AMST~xλmax .

We define the eigenvector centrality of the ith vertex ECi as

ECi := [~xλmax ]i =
1

λmax

|V |∑
j=1

[AMST ]ij [~xλmax ]j , i ∈ |̂V |. (3.17)

According to Equation 3.17 the eigenvector centrality of the ith vertex

is just the ith component of the eigenvector corresponding to tha largest

eigenvalue of AMST .

The eigenvector centrality is similar to the degree centrality because it

also favours vertices with higher cross-correlations with their neighbours.

Above that the eigenvector centrality takes into account whether the

neighbouring vertices are also central and hence removes the largest weak-

ness of the degree centrality.

4. Betweenness10.

Simply put betweenness centrality measures whether a vertex is frequent

intermediate between other vertices. We can compare it with the situation

when a country is transit11. Formally, let G = (V,E) be a graph. Then

we define betweenness centrality of the ith vertex BCi as follows

BCi :=
∑
k,l∈V
k 6=l 6=i

spk→l(i)

spk→l(�)
, i ∈ V,

where spk→l(i) is the number of all shortest paths from vertex k to vertex

9Eigenvector centrality is incorporated in R in igraph package as evcent{igraph}.
10Betweenness centrality is incorporated in R in igraph package as betweenness{igraph}.
11A transit country is a country through which goods are transported to the final destina-

tion.

R
http://www.igraph.org/
igraph
http://www.inside-r.org/packages/cran/igraph/docs/evcent
evcent{igraph}
R
http://www.igraph.org/
igraph
http://www.inside-r.org/packages/cran/igraph/docs/betweenness
betweenness{igraph}
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l passing through vertex i and spk→l(�) is the number of all shortest paths

from vertex k to vertex l. For clarity if BCi = 0 then no shortest path

between any two vertices passes through vertex i.

5. Closeness12.

Let G = (V,E) be a graph and let v ∈ V be an arbitrary vertex of G.

The closeness centrality quantifies the average of all shortest paths from

v to all other vertices. Formally we define closeness centrality of a

vertex v Cv as follows

Cv :=
1

|V |

|V |∑
i=1

spv→i, (3.18)

where spv→i is the shortest path from v to i. According to Equation 3.18

the value of Cv is small for the vertices which are near to their neighbours

and vice versa. Thus the definition expresses rather the farness than the

closeness of a vertex. Therefore the closeness centrality of v is intuitively

better expressed by the inverse of the definition given in Equation 3.18

C−1v =
|V |

|V |∑
i=1

spv→i

.

The intuition behind closeness centrality is that a vertex which is close

to all other vertices is more influential in the network since it is able to

communicate with other vertices.

12Closeness centrality is incorporated in R in igraph package as closeness{igraph}.

R
http://www.igraph.org/
igraph
http://www.inside-r.org/packages/cran/igraph/docs/closeness
closeness{igraph}


Chapter 4

Data

In this chapter we first describe the data chosen for our analysis and then state

motivation for our choice. Second we test whether the data is stationary. At

the end of the Chapter 4 we test the data for normality.

4.1 Data description

We select seven important economic indicators1 useful for our convergence/cluster

analysis. These indicators are presented together with their frequencies, first

and last analyzed periods and the total number of periods in Table 4.1.

Table 4.1: Analyzed indicators

Indicator Frequency Start End Periods

Government debt quarterly 2000Q1 2013Q4 56
Government deficit quarterly 2000Q1 2013Q4 56
Export quarterly 2000Q1 2013Q3 55
GDP growth rate quarterly 2000Q2 2013Q4 55
Inflation rate monthly 1999M01 2014M03 183
Long-term interest rate monthly 2002M01 2014M03 147
Unemployment rate monthly 2000M01 2013M12 168

Source: author’s computations.

Government debt2 or public debt is the total sum of money owed by the

central government. In ideal world governments are able to pay for all their

spending every period. However, in the real world governments issue debt in

order to spread their costs across several periods. Doepke et al. (1999, chap.

1All data for all indicators was downloaded from Eurostat database.
2The data descriptions were downloaded from Eurostat.

http://epp.eurostat.ec.europa.eu/portal/page/portal/statistics/search_database
http://epp.eurostat.ec.europa.eu/cache/ITY_SDDS/EN/ei_naga_a_esms.htm
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14) claim that the path of governmental debt is very closely related to events of

major historical importance such as wars, financial or economic crisis. Since the

crisis can only have the regional impact, it motivates us to place government

debt to our analysis as a possible tool for determination of regional or non-

regional (dis)similarities between EU members. As a unit for government debt

we choose a percentage of GDP. GDP ratios are based on quarterly GDP at

current market prices reported to Eurostat. In our dataset we lack Croatia as

only data for 2012 and on is available.

Government deficit3 is the difference between all government spending

and revenues from taxes or net lending/borrowing. The motivation for placing

government deficit to our analysis is analogic to the one stated above for gov-

ernment debt. As a unit for government deficit we choose percentage of GDP.

The data for government deficit is not seasonally adjusted. Here we also lack

Croatia since the data is available only for 2012 and on.

Export stands for all exports of goods and services. It is expressed as

a percentage of GDP in the particular period. Since Germany, France, the

Netherlands and the UK, respectively, are in the top ten world largest exporters

according to CIA, we assume them to be more closely interacting with other EU

members on export basis. We also assume that these countries may form the

hubs in the MST for export in the EU. Our next argument for placing export

to our analysis is based on a question whether former transition economies are

more similar to each other in export growth evolutions than to the Western EU

members. Our dataset lacks data for Greece which is unavailable from 2011

and on.

GDP growth rate is measured as a percentage change on previous period

(previous quarter). We use GDP at market prices and the data is seasonally

adjusted and adjusted by working days. Since the economic growth is the basic

concern of modern macroeconomics we could not omit it from our analysis. The

relevance of GDP growth rate for convergence theory in economics is obvious

and sometimes convergence theory in narrowed only to GDP growth. Again we

have to omit Greece as the data from 2011 and on is unavailable.

Inflation rate is indicated by HICP in the EU. Our data is constructed in

an annual rate of change manner and contains all HICP items. A stable price

level is maintained by the central banks of the non-euro EU members and by

the ECB for the EMU members. Our decision to place the inflation rate to the

analysis was motivated by the efforts of the EU central banks to converge in

3The data descriptions were downloaded from Eurostat.

https://www.cia.gov/library/publications/the-world-factbook/rankorder/2078rank.html
http://epp.eurostat.ec.europa.eu/cache/ITY_SDDS/EN/ei_naga_a_esms.htm
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inflation rate. Next argument for placing the inflation rate to the analysis is

the intuition that the EMU members should be more closely related in terms of

similarity distances.

Long-term interest rate is used as a convergence EMU criterion. Ac-

cording to ECB the rates are secondary market yields of government bonds

with a remaining maturity close to ten years. We have to restrict ourselves to

analyzing data from EU25 without Estonia (no data available).

Unemployment rate u is the number of people who are unemployed, ex-

pressed as a percentage of the total labour force. In our analysis an unemployed

person is a person aged 15 – 74 (16 – 74 in the UK, Spain and Italy) who cur-

rently does not have a job, searches for one and is able to start working in two

weeks’ time. An employed person is a person who works at least an hour during

the reference week or someone who is absent from such work only temporarily.4

The labour force L is then defined as the total number of employed people E

plus the total number of unemployed people U . Mathematically we can define

the unemployment rate as follows

u :=
U

L
=

U

U + E
.

Our motivation for placing the unemployment rate in our analysis comes from

the hypothesis that countries with similar levels of taxation of income or similar

minimum wage should be closer to each other, i.e. they can form clusters. Our

data is seasonally adjusted and both sexes are included.

Last but not least argument for the choice of our indicators is personified as

the Euro convergence criteria or Maastricht criteria. The Maastricht criteria

are based on Article 140 of the Treaty on the Functioning of the European

Union (see ECB). They can be divided into four main categories.

1. Price developments: EMU Member State has to maintain price sta-

bility, which is measured in HICP inflation. HICP inflation in candidate

state shall not exceed the unweighted average of the three best perform-

ing Member States in terms of HICP inflation by more than 1.5 %. In

our analysis the criterion of price stability is covered by the indicator

inflation rate.

2. Fiscal developments: EMU Member State must have a sustainable gov-

4Definitions of unemployed and employed people were taken from Eurostat.

http://www.ecb.europa.eu/stats/money/long/html/index.en.html
http://www.ecb.europa.eu/stats/money/long/html/index.en.html
http://epp.eurostat.ec.europa.eu/cache/ITY_SDDS/EN/une_esms.htm
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ernment financial position. This criterion can be subdivided into two

sub-criterions.

(a) Government budgetary position: The ratio of the planned or

actual government deficit to GDP at market prices of a Member

State shall not exceed 3 %. However there exist exceptions when the

ratio can be higher. This sub-criterion is covered by the indicator

government deficit.

(b) Government debt: The ratio of government debt to GDP shall not

exceed 60 % of GDP. The only exception is when the ratio has been

diminishing substantially and is approaching the reference value of

60 %. This sub-criterion is covered by the indicator government

debt.

3. Exchange rate developments: EMU candidates should maintain the

exchange rate stability and they should join the Exchange-rate Mecha-

nism II (ERM II).

4. Long-term interest rate developments: EMU candidate should have

had at least a year before the examination an average nominal long-term

interest rate that does not exceed by more than two percentage points

that of, at most, the three best performing Member States in terms of

price stability (see CNB). Interest rates shall be measured on the basis of

long-term government bonds. This criterion is covered by the indicator

long-term interest rate.

Basic descriptive statistics for government debt are presented in Table A.1,

for government deficit in Table A.2, for export in Table A.3, for GDP growth

rate in Table A.4, for inflation rate in Table A.5, for long-term interest rate

in Table A.6 and for unemployment rate in Table A.7.

4.2 Stationarity Tests

Since for the construction of the MSTs we need the distances between countries

and these distances are only transformed correlation coefficients, we need to

work with the stationary time series. For testing for stationarity we utilize the

combination of the two tests – augmented Dickey-Fuller test (ADF test)

and Kwiatkowski–Phillips–Schmidt–Shin test (KPSS test).

http://www.cnb.cz/en/about_cnb/international_relations/cr_eu_integration/eu_integrace_04.html
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ADF5 test is a test used for testing the unit root in the time series. The

null hypothesis in ADF test can be stated as follows

H0 : ~Xi(t) has a unit root.

We want to reject H0 and therefore reject the hypothesis that there is a unit

root in our time series ~Xi(t). ADF statistic is always negative. The more

negative the ADF statistic, the more evidence for rejecting the H0.

KPSS6 test was designed such that it complements the ADF test. According

to RTMath (2013) the null hypothesis in KPSS test can be stated as follows

H0 : ~Xi(t) is level (or trend) stationary.

H0 is tested against the alternative hypothesis

HA : ~Xi(t) is a unit root process.

In our analysis we compute KPSS of three kinds. Default one is KPSST ,

where the subscript T stands for a logical lshort=TRUE indicating that a short

version of the truncation lag parameter is used for the computation of KPSS

statistic. Analogically we have KPSSF , where the subscript F stands for a

logical lshort=FALSE indicating that a long version of the truncation lag pa-

rameter is used. Since we have over 50 observations for quarterly indicators

and over 140 observations for monthly indicators, we should utilize the setting

lshort=FALSE. Sometimes it is not the case and we use only the lshort=TRUE.

If a particular time series is stationary under lshort=TRUE setting then it is

automatically stationary under lshort=FALSE setting. The reverse implication

does not hold. Both KPSST and KPSSF are KPSS statistics for level station-

arity of the time series. In some cases we have to restrict ourselves to only

trend stationarity of the time series. This is indicated by the KPSSTR statistic,

where the subscript TR stands for the null hypothesis that H0 : ~Xi(t) is trend

stationary. To sum up using the R project language

KPSS• =


KPSST : kpss.test(x,null=c("Level"),lshort=TRUE),

KPSSF : kpss.test(x,null=c("Level"),lshort=FALSE),

KPSSTR : kpss.test(x,null=c("Trend")).

5ADF test is incorporated in R in tseries package as adf.test{tseries}.
6KPSS test is incorporated in R in tseries package as kpss.test{tseries}.

lshort=TRUE
lshort=FALSE
lshort=FALSE
lshort=TRUE
lshort=TRUE
lshort=FALSE
R
project
kpss.test(x, null = c("Level"), lshort = TRUE)
kpss.test(x, null = c("Level"), lshort = FALSE)
kpss.test(x, null = c("Trend"))
R
http://CRAN.R-project.org/package=tseries
tseries
http://finzi.psych.upenn.edu/R/library/tseries/html/adf.test.html
adf.test{tseries}
R
http://CRAN.R-project.org/package=tseries
tseries
http://lojze.lugos.si/~darja/software/r/library/tseries/html/kpss.test.html
kpss.test{tseries}


4. Data 31

Since government debt, government deficit, export, inflation rate, long-term

interest rate and unemployment rate are not stationary processes, we may

proceed to check at least the trend-stationarity of these processes. However

we arrive at the result that even these detrended processes are not stationary.

Therefore we have to utilize the first difference of the time series. Let us

denote X the matrix that contains time series of all countries for a specific

indicator, e.g. unemployment rate. Then X is a multiple time series or a

collection of n time series, where n is the total number of countries. Thus

each column of the matrix X corresponds to a single time series ~Xi(t) or to a

particular country and X =
(
~X1(t), ~X2(t), · · · , ~Xn(t)

)
. We can now easily call

the function diff{base}7 on every column of the matrix X. We arrive at the

matrix XDIFF such that

XDIFF =
(
diff( ~X1(t)), diff( ~X2(t)), · · · , diff( ~Xn(t))

)
,

where we define the first difference of ~Xi(t) at time t as

diff( ~Xi(t)) = ∆ ~Xi(t) := ~Xi(t)− ~Xi(t− 1), i ∈ n̂.

Now we present the stationarity tests results for all economic indicators.

As we have pointed out Government debt is not a trend/level stationary

process for most of the countries. Thus we have to utilize first differencing and

obtain diff(debt) or differenced government debt. ADF test cannot reject unit

roots for most of the countries. KPSSF rejects stationarity for some countries.

In case of Bulgaria and Spain KPSSF even strongly rejects stationarity with

p-value < 0.01. Therefore we are forced to work with detrended differenced

government debt. KPSSTR rejects stationarity only for 6 countries and mostly

on very high levels of p-value. Complete results are presented in Table B.1.

As we have pointed out Government deficit is not a trend/level stationary

process for most of the countries. Thus we have to utilize first differencing

and obtain diff(deficit) or differenced government deficit. ADF test rejects

unit roots for most of the countries with the exceptions of Denmark, Spain,

France, Slovenia and Finland. In case of Spain there is a serious suspicion of

unit root as the p-value for ADF test is very high (0.67). KPSST cannot reject

stationarity for all countries. Complete results are presented in Table B.2.

As we have pointed out export is not a trend/level stationary process for

7The diff{base} function is responsible for the first differencing in R project.

http://stat.ethz.ch/R-manual/R-patched/library/base/html/diff.html
diff{base}
diff
diff
diff
diff
diff
diff
http://stat.ethz.ch/R-manual/R-patched/library/base/html/diff.html
diff{base}
R
project
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most of the countries. Thus we have to utilize first differencing and obtain

diff(export) or differenced export. ADF test rejects unit roots for all the

countries except from Latvia. KPSST rejects stationarity only for Ireland and

Spain. Furthermore this rejection can be done only on 10 % significance level.

KPSSF statistics for Ireland and Spain guarantees that we cannot reject the

stationarity of the corresponding time series. Complete results are presented

in Table B.3 and Table B.4.

ADF test for GDP growth cannot reject unit roots for half of the countries.

KPSSF rejects level stationarity for Bulgaria, the Czech Republic, Ireland,

Spain, Cyprus, Hungary and Slovenia. Since the rejection levels for Ireland,

Spain and Cyprus are below 3 %, we are forced to work with detrended GDP

growth. KPSSTR solves our problems with stationarity of all mentioned coun-

tries with the exception of Cyprus. Complete results are presented in Table B.5.

As we have pointed out inflation is not a trend/level stationary process for

most of the countries. Thus we have to utilize first differencing and obtain

diff(inflation) or differenced inflation. ADF test rejects unit roots for all

countries (for most of them very strongly). KPSST is also very clear, we cannot

reject stationarity for all countries. Complete results are presented in Table B.6.

As we have pointed out interest rates is not a trend/level stationary process

for most of the countries. Thus we have to utilize first differencing and obtain

diff(interest) or differenced interest rates. ADF test rejects unit roots for

all countries (for most of them very strongly) with the exception of Portugal.

However the difference between the p-value for Portugal and the reference value

of 10 % is very small. KPSST is again very clear, we cannot reject stationarity

for all countries. Complete results are presented in Table B.7.

As we have pointed out unemployment rate is not a trend/level stationary

process for most of the countries. Thus we have to utilize first differencing

and obtain diff(unemployment) or differenced unemployment rate. ADF tests

reveal that for most of the countries we are not able to reject the unit roots.

KPSST rejects stationarity for almost half of the countries. KPSSF rejects sta-

tionarity for Germany, Greece, Spain, Croatia, Italy, Cyprus and Slovenia. The

rejection for Italy and Cyprus is very strong. Detrending the unemployment

rate does not help. Complete results are presented in Table B.8.

Now we introduce another test for testing the unit roots of the time series.

It is called Phillips-Perron test8 (PP test). The null hypothesis in PP test

8PP test is incorporated in R in stats package as PP.test{stats}.

diff
diff
diff
diff
R
http://stat.ethz.ch/R-manual/R-patched/library/stats/html/00Index.html
stats
http://stat.ethz.ch/R-manual/R-patched/library/stats/html/pp.test.html
PP.test{stats}
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can be stated as follows

H0 : ~Xi(t) has a unit root.

We want to reject H0 and therefore reject the hypothesis that there is a unit

root in our time series ~Xi(t). PP statistic is always negative. The more negative

the PP statistic, the more evidence for rejecting the H0. However we should

emphasize that Davidson & MacKinnon (2004, pg. 623) report that PP test

has worse test properties than ADF test in finite samples. Using PP test on

our problematic countries – Germany, Greece, Spain, Croatia, Italy, Cyprus

and Slovenia, we eliminate the unit roots. Complete results are presented

in Table B.9.

The fact that sometimes the results are not as we would expect them to

be, should not be such a surprise to us. We have to stress that our series are

not long enough for perfect unit root testing. Both ADF and PP test require

large samples which we do not have. Vosvrda (2000) argues that the power of

the tests is low if the process is stationary but with a root close to the non-

stationary boundary. Let us illustrate it on an example. Let us consider AR(1)

process in the form
~Xi(t) = α + ρ ~Xi(t− 1) + ε(t),

then Vosvrda (2000) argues that both ADF and PP are poor at deciding if

ρ = 1 or ρ = 0.95 and their ability to decide correctly decreases with smaller

sample sizes. Another reason invalidating our results could be the non-normal

distribution of our series as is shown in Section 4.3. Since the problem of non-

stationarity occurs always only with a small part of the sample and bearing

in mind the abilities of ADF, KPSS and PP tests on finite samples and the

fact that the original series were not stationary, we consider the differences

stationary.

4.3 Normality Tests

For testing for normality of our time series we utilize the combination of the

two tests – Jarque-Bera test (JB test) and Shapiro-Wilk test (SW test).

JB9 test, named after Carlos Jarque and Anil Bera and introduced in 1987,

tests the normal distribution using third and fourth central moments or skew-

9JB test is incorporated in R in tseries package as jarque.bera.test{tseries}.

R
http://CRAN.R-project.org/package=tseries
tseries
http://lojze.lugos.si/~darja/software/r/library/tseries/html/jarque.bera.test.html
jarque.bera.test{tseries}
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ness and kurtosis (see Jarque & Bera 1987). JB test tests whether the skewness

and excess kurtosis match the normal distribution, i.e. whether they are equal

to zero. Symbolically written, we test the null hypothesis

H0 : data in ~Xi(t) comes from a normal distribution,

against the alternative

HA : data in ~Xi(t) does not come from a normal distribution.

Newbold et al. (2012, chap. 14.2) argue that the test is valid for large samples

whereas for the small samples it is only approximate.

SW10 test, named after S.S. Shapiro and M.B. Wilk and introduced in

1965, unlike the JB test is based on estimation of the variance and does not

require higher moments (see Shapiro & Wilk 1965). Shapiro & Wilk (1965)

argue that SW test is very sensitive even for small samples with less than 20

observations. This information is very relevant for us since we have sometimes

only over 50 observations. They also argue that the drawback of the test is

its behaviour with large samples with over 2,000 observations. The null and

alternative hypothesis can be symbolically written exactly the same as for JB

test.

Now we present the normality tests results for all economic indicators.

For differenced & detrended government debt we cannot reject the null hy-

pothesis of normality for Belgium, the Czech Republic, Spain, France, Italy,

Malta, Poland, Romania, Slovakia, Finland and Sweden at 5 % level for both

SW test and JB test. In total we reject the normality for 16 countries out of

27 countries. Complete results are presented in Table C.1.

For differenced government deficit we can reject the null hypothesis of nor-

mality for Belgium, Bulgaria, the Czech Republic, Ireland, Greece, France,

Hungary, Romania, Slovenia, Finland and Sweden at 5 % level for both SW

test and JB test. In case of Lithuania and the UK, the tests bring different

results. Since SW test is more sensitive to small samples, we can state that for

both Lithuania and the UK the normality is rejected at 5 % level. In total we

reject the normality for 13 countries out of 27 countries. Complete results are

presented in Table C.2.

For differenced export we can reject the null hypothesis of normality for

10SW test is incorporated in R in stats package as shapiro.test{stats}.

R
http://stat.ethz.ch/R-manual/R-patched/library/stats/html/00Index.html
stats
http://stat.ethz.ch/R-manual/R-devel/library/stats/html/shapiro.test.html
shapiro.test{stats}
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Belgium, Bulgaria, Germany, Estonia, France, Italy, the Netherlands, Austria,

Portugal, Slovenia, Finland and the UK at 5 % level for both SW test and JB

test. In case of the Czech Republic and Luxembourg, the tests bring different

results. Since SW test is more sensitive to small samples, we can state that for

both the Czech Republic and Luxembourg the normality cannot be rejected at

5 % level. In total we reject the normality for 12 countries out of 27 countries.

Complete results are presented in Table C.3.

For detrended GDP growth we cannot reject the null hypothesis of normality

only for Denmark, Ireland, Cyprus, Malta, Poland and Portugal at 5 % level for

both SW test and JB test. In case of the Netherlands the tests bring different

results. Since SW test is more sensitive to small samples, we can state that

for the Netherlands the normality cannot be rejected at 5 % level. In total we

reject the normality for 20 countries out of 27 countries. Complete results are

presented in Table C.4.

For differenced inflation rate we cannot reject the null hypothesis of nor-

mality only for Croatia and Cyprus at 5 % level for both SW test and JB test.

In case of Denmark, Germany, Lithuania, Austria, Slovenia and the UK the

tests bring different results. Since SW test is more sensitive to small samples,

we can state that for all mentioned countries the normality can be rejected at

5 % level. In total we reject the normality for 26 countries out of 28 countries.

Complete results are presented in Table C.5.

For differenced interest rate we can reject the null hypothesis of normality

for Belgium, Ireland, Greece, Spain, Italy, Cyprus, Latvia, Lithuania, Hungary,

Malta, Portugal, Slovenia and Slovakia at 5 % level for both SW test and JB

test. In case of Luxembourg and the UK, the tests bring different results.

Since SW test is more sensitive to small samples, we can state that for both

Luxembourg and the UK the normality cannot be rejected at 5 % level. In

total we reject the normality for 13 countries out of 24 countries. Complete

results are presented in Table C.6.

For differenced unemployment rate we can reject the null hypothesis of nor-

mality for all 28 countries at 5 % level due to the fact that SW test is more

sensitive to small samples. Complete results are presented in Table C.7.

Since the Pearson’s correlation is highly robust against non-normality (see

Good 2009) and the normality assumption is needed only for inference analysis

of the true correlation coefficient, we disregard the assumption. Although most

of the social science data suffer from non-normality, we should be very careful

when interpreting the results.



Chapter 5

Results

In this chapter we first present the computer implementation of methodology

from Chapter 3. Second we present the results for all analyzed indicators. At

the end of the Chapter 5 we introduce the overall statistics for all analyzed

indicators and we comment on the credibility of the models.

5.1 Computer implementation

For the construction and visualization of the MST in R project we utilize zoo

package, igraph package and corrplot package.

First we create so-called zoo objects of every time series we have such that

one zoo object corresponds to one EU country. For example for Slovakia on

GDP growth analysis we write

library(zoo)

Slovakia <- zoo(c(gdp[1:55,25]),yearqtr(seq(2000.25,2013.75,by=0.25)),frequency=4)

Second we create the matrix which incorporates all zoo objects created

above as its columns, i.e. columns of the matrix corresponds to the EU countries

we analyze. Using cor{stats} we compute the correlation matrix and plot the

correlogram1. Now we utilize the non-linear transformation introduced in Equa-

tion 3.8 and obtain the distance matrix already defined in Equation 3.15. Here

we present the corresponding R code2.

corr_matrix <- cbind(all countries(Belgium, Bulgaria,...))

corr_matrix <- cor(corr_matrix, method = "pearson") # Pearson correlation specified

library(corrplot) # for plotting the correlograms

plot <- corrplot(corr_matrix,...) # plot of the correlogram with optional settings

1An image visualizing the correlation matrix.
2The # symbol stands for a commentary in the code.

R
project
http://cran.r-project.org/web/packages/zoo/index.html
zoo
http://www.igraph.org/
igraph
http://cran.r-project.org/web/packages/corrplot/index.html
corrplot
zoo
zoo
zoo
http://stat.ethz.ch/R-manual/R-patched/library/stats/html/cor.html
cor{stats}
R
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Third we create a igraph object using graph.adjacency{igraph} and the

computed distance matrix. Then we call minimum.spanning.tree{igraph}

on the igraph object and thus obtain the MST.

library(igraph)

graph_adj <- graph.adjacency(dist_matrix,mode=c("directed"),

weighted=TRUE,diag=TRUE,add.colnames=NULL,add.rownames=NA)

mst_graph <- minimum.spanning.tree(graph_adj)

plot(mst_graph,...) # plot of the MST with optional settings

In order to construct and visualize the HT in R project we utilize igraph

package. Function get.shortest.paths{igraph} finds the shortest path be-

tween the source vertex i and the target vertex j in the universal graph G

using the Dijkstra’s algorithm3. From this shortest path we take the great-

est weight (distance) of two consecutive vertices. This weight constitutes the

subdominant ultrametric distance d<Tij and therefore it is the element of the

subdominant ultrametric distance matrix D<T . Following this manner we are

able to construct the whole matrix D<T . For that purpose we create bigweight

function, which constructs the matrix D<T for an arbitrary graph G, with the

help of Rowlingson (2014). We also utilize hclust{stats} function for hierar-

chical clustering of our dissimilarity matrix. For the hierarchical clustering we

choose the SLC which can be concisely summarized into three steps:

Step 1 Each vertex is in its own cluster.

Step 2 Combine vertices separated with the shortest distance to a larger

cluster.

Step 3 Are all vertices in only one cluster? If so, stop. Otherwise go to

Step 2.

The SLC is also called the nearest neighbour clustering for its resemblance with

the process of the construction of the MST.

We now introduce the R code for the construction/visualization of the HT

associated with the MST.

3In graph theory Dijkstra’s algorithm is a search algorithm that finds the shortest path
from the source vertex to all other vertices in the graph. The necessary condition is that
all edges must have non-negative weights. Since our distance matrices contain non-negative
elements only, we can safely utilize it. For more information on Dijkstra’s algorithm see
(Dijkstra 1959).

igraph
http://www.inside-r.org/packages/cran/igraph/docs/graph.adjacency
graph.adjacency{igraph}
http://www.inside-r.org/packages/cran/igraph/docs/minimum.spanning.tree
minimum.spanning.tree{igraph}
igraph
R
project
http://www.igraph.org/
igraph
get.shortest.paths{igraph}
bigweight
http://stat.ethz.ch/R-manual/R-patched/library/stats/html/hclust.html
hclust{stats}
R
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library(igraph)

bigweight = function(g){

Vectorize(function(i,j){

ifelse(i==j,0,max(E(g,path=get.shortest.paths(g,i,j)$vpath[[1]])$weight))

})

}

E(mst_graph)$weight <- runif(ecount(mst_graph))

A <- get.adjacency(mst_graph,attr="weight",sparse=FALSE)

B <- t(A) # t{base} transposes a matrix

mst_matrix <- A+B # MST is symmetric matrix

graph_mst_matrix <- graph.adjacency(mst_matrix,mode=c("undirected"),weighted=TRUE,

diag=TRUE,add.colnames=NULL,add.rownames=NA) # producing a graph to work with

max_paths <- outer(1:28,1:28,bigweight(graph_mst_matrix)) # bigweight call on the

colnames(max_paths) <- colnames(A) # the whole MST graph(

dist_max_paths <- as.dist(max_paths) # 28 = size(mst_matrix))

hc <- hclust(dist_max_paths,method ="single")

plot(hc,...) # plot of the clustering with optional settings

For bootstrapping an edge of the MST we utilize ape package. We first

construct a function theta which takes a matrix of the time series as an in-

put argument and creates the MST adjacency matrix using mst{ape}. Using

sample{base} we randomly resample our matrix of the time series (replacement

of rows is allowed). We then call the theta function on our resampled matrix

and thus obtain the corresponding MST. We repeat this procedure 1,000 times

and remember the MSTs in so-declared sum_matrix. From the sum_matrix we

find out how many times out of 1,000 resamplings was the concrete edge of

our original MST present even in the bootstrapped MSTs. The number of oc-

currences divided by the number of bootstrappings is the bootstrap value from

Section 3.6. We may now present the R code for bootstrapping our MST.

library(ape)

btstrp_matrix <- cbind(all countries(Belgium, Bulgaria,...))

theta <- function(X){

corr_m <- cor(X,method="pearson");

dist_m <- sqrt(2*(1-corr_m));

mst(dist_m)}

sum_matrix <- theta(btstrp_matrix)

for (k in 1:1000) {

temp_matrix <- btstrp_matrix[sample(nrow(btstrp_matrix),

size=nrow(btstrp_matrix),replace=TRUE),];

sum_matrix <- sum_matrix + theta(temp_matrix)

}

5.2 Government debt

In Figure 5.1 we present the correlogram for differenced & detrended govern-

ment debt. As can be seen from Figure 5.1 most of the pairwise correlation

http://cran.r-project.org/web/packages/ape/index.html
ape
theta
http://svitsrv25.epfl.ch/R-doc/library/ape/html/mst.html
mst{ape}
http://stat.ethz.ch/R-manual/R-patched/library/base/html/sample.html
sample{base}
theta
sum_matrix
sum_matrix
R
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Figure 5.1: Correlogram for differenced & detrended government debt
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Source: author’s computations.

coefficients are in the interval [−0.1, 0.3]. Therefore many of the pairwise rela-

tions between EU countries are quite near to be uncorrelated.

Following the Definition 3.9, Figure 5.2 and Table 5.1 we acquire three rele-

vant candidates for central nodes – Spain(6)4, France(5) and Belgium(4). Spain

and France are the most influential nodes when taking into account only eigen-

vector centrality introduced in Equation 3.17. On the other hand Belgium is

most frequent intermediate among other vertices whereas Spain with between-

ness centrality BCSpain = 0 is surely not a transit country. Since BCSpain = 0

the influence of Spain in the network is seriously violated. It is, however, partly

offset by by far the largest closeness centrality of Spain in the network as can

be seen in Table 5.1. Observing the bootstrapped edges in Figure 5.2 we state

that the stability of Spain’s edges is deep below the average listed in Table 5.8

with the exception of the Spain–France edge (almost 80 % stability). Table 5.1

also shows that the stability of the edges of France and Belgium is not much

better. Therefore we may state that there is no main central node in our MST

in Figure 5.2 but there are three influentially almost equivalent nodes (listed

above) supplemented by Italy, the UK and Slovenia.

4Number in the brackets represents the vertex degree defined in Definition 3.9.
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Figure 5.2: MST for differenced & detrended government debt
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Figure 5.3: HT for differenced & detrended government debt

Lu
xe

m
bo

ur
g

H
un

ga
ry

N
et

he
rla

nd
s

D
en

m
ar

k
P

ol
an

d
B

ul
ga

ria
A

us
tr

ia
Ita

ly
S

lo
va

ki
a

F
in

la
nd

G
re

ec
e

C
yp

ru
s

S
lo

ve
ni

a
C

ze
ch

E
st

on
ia

G
er

m
an

y
Li

th
ua

ni
a

S
w

ed
en

Ir
el

an
d

P
or

tu
ga

l
M

al
ta

S
pa

in
B

el
gi

um
F

ra
nc

e
U

K
La

tv
ia

R
om

an
ia

0.
0

0.
2

0.
4

0.
6

0.
8

hclust (*, "single")
dist_max_paths

H
ei

gh
t

Source: author’s computations.



5. Results 41

Table 5.1: Centrality measures for differenced & detrended gov. debt

Variable Degree Eigenvec. cen. Betweenness Closeness

Belgium 4 0.2760 20 1.5383 · 10−3

Bulgaria 1 0.0356 0 1.5355 · 10−3

Czech Republic 1 0.0021 0 1.4792 · 10−3

Denmark 3 0.1149 6 1.5974 · 10−3

Germany 1 0.2086 0 1.4245 · 10−3

Estonia 1 0.4164 0 1.4245 · 10−3

Ireland 2 0.1098 9 1.5973 · 10−3

Greece 1 0.2373 0 1.4245 · 10−3

Spain 6 1.0000 0 2.3594 · 10−3

France 4 0.5420 8 1.6662 · 10−3

Italy 3 0.0830 12 1.4798 · 10−3

Cyprus 1 0.2161 0 1.5350 · 10−3

Latvia 3 0.0169 7 1.8906 · 10−3

Lithuania 2 0.0060 0 1.4245 · 10−3

Luxembourg 1 0.0143 0 1.4245 · 10−3

Hungary 1 0.0145 0 1.4245 · 10−3

Malta 1 0.1739 0 1.7305 · 10−3

Netherlands 3 0.0418 0 1.8172 · 10−3

Austria 1 0.0211 0 1.4245 · 10−3

Poland 1 0.0357 0 1.6593 · 10−3

Portugal 1 0.3990 0 1.4245 · 10−3

Romania 1 0.0050 0 1.9649 · 10−3

Slovenia 3 0.5643 2 1.4788 · 10−3

Slovakia 1 0.3532 0 1.4245 · 10−3

Finland 1 0.0187 0 1.4245 · 10−3

Sweden 1 0.3969 0 1.4245 · 10−3

United Kingdom 3 0.0489 10 1.7327 · 10−3

Source: author’s computations.

Analyzing Figure 5.2 and Figure 5.3 we may draw several conclusions.

1. A belt of the old founding members of the ECSC5 can be detected in Fig-

ure 5.2. Therefore we may argue that the development of growth of debt

is linked among the countries of this belt.

2. A group of 4 newly EU-acceding countries – the Czech Republic, Lithua-

nia, Latvia and Romania, can be detected. We conclude that some post-

communist countries share the similar evolution of debt growth.

3. Spain is directly linked to France and France is directly linked to Ger-

5The founding members of the ECSC were the countries of BENELUX and Italy, France
and West Germany.
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many in Figure 5.2. These three countries cluster with the UK at very

low height which is clearly visible in Figure 5.3. We can conclude that

economically most important EU countries have similar debt growth evo-

lution.

4. Finland and Sweden do not belong to the same cluster and they are far

apart in the MST. This seems quite surprising as one would expect both

countries to have similar debt growth evolutions.

5. In Figure 5.3 we can see several clusters based on geographical location.

The Baltic states6 cluster together and BENELUX7 countries also belong

to the same cluster.

5.3 Government deficit

In Figure 5.4 we present the correlogram for differenced government deficit. As

Figure 5.4: Correlogram for differenced government deficit
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6The Baltic states or the Baltic nations are three EU countries east of the Baltic Sea –
Estonia, Latvia and Lithuania.

7BENELUX includes Belgium, the Netherlands and Luxembourg.
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can be seen in Figure 5.4, pairwise correlation coefficients vary in the whole

interval of [−1, 1] with one-to-one for pairwise correlated – anti-correlated.

Following the Definition 3.9, Figure 5.5 and Table 5.2 we acquire four

relevant candidates for central nodes – Latvia(5), Spain(4), Belgium(4) and

Sweden(4). Latvia, Sweden and Spain, respectively, are the most influential

nodes when taking into account only eigenvector centrality introduced in Equa-

tion 3.17, see Table 5.2. Latvia, Sweden and Belgium, respectively, are the

most frequent intermediates among other vertices, see Table 5.2. Sweden has

the largest closeness centrality in the network as can be seen in Table 5.2.

Observing the bootstrapped edges in Figure 5.5 we state that

• Latvia’s edges are rather unstable compared to the average in Table 5.8,

• Spain’s edges are exceptionally stable (3 out of 4 with over 90 % stability),

• Belgium’s edges are average stable with the exception of Belgium–France

edge (100 % stability),

• Sweden has two exceptionally stable edges – with Finland (100 % stabil-

ity) and with Luxembourg (98 % stability).

Even though Latvia has the largest node degree, Spain, Belgium and Swe-

den are more stable. We conclude that there is no main central node in our

MST in Figure 5.5 but there can be found four influentially almost equivalent

nodes (listed above) supplemented by France and Lithuania which both are

very common intermediates.

Analyzing Figure 5.5 and Figure 5.6 we may draw several conclusions.

1. A group of 7 newly EU-acceding countries – the Czech Republic, Slo-

vakia, Romania, Malta and the Baltic states, can be detected. Thus we

may conclude that at least some post-communist (disregarding Malta)

countries share the similar evolution of deficit growth. We can also argue

that these countries have not converged to the old EU countries in terms

of deficit growth evolution. By old countries we mean a group of coun-

tries consisting of BENELUX, Germany, Denmark, France and Austria

depicted in Figure 5.5.

2. In Figure 5.6 we can see several clusters based on geographical location.

The Baltic states cluster together and BENELUX countries also belong

to the same cluster alongside with France and Denmark.
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Figure 5.5: MST for differenced government deficit
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Figure 5.6: HT for differenced government deficit
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Table 5.2: Centrality measures for differenced government deficit

Variable Degree Eigenvec. cen. Betweenness Closeness

Belgium 4 0.2391 21 1.6029 · 10−3

Bulgaria 1 0.2240 0 2.5611 · 10−3

Czech Republic 1 0.4539 0 1.4245 · 10−3

Denmark 2 0.2886 16 1.6653 · 10−3

Germany 1 0.0943 0 1.6658 · 10−3

Estonia 2 0.4371 8 1.4787 · 10−3

Ireland 1 0.0131 0 1.4790 · 10−3

Greece 1 0.1420 0 1.4786 · 10−3

Spain 4 0.5099 8 2.0034 · 10−3

France 3 0.0632 16 1.5389 · 10−3

Italy 3 0.2188 0 1.8241 · 10−3

Cyprus 1 0.1551 0 1.4245 · 10−3

Latvia 5 1.0000 25 1.7407 · 10−3

Lithuania 3 0.6690 14 1.5357 · 10−3

Luxembourg 2 0.3916 15 1.7278 · 10−3

Hungary 1 0.1145 0 1.4245 · 10−3

Malta 1 0.2548 0 1.4245 · 10−3

Netherlands 1 0.0328 0 1.4245 · 10−3

Austria 2 0.0260 0 1.4245 · 10−3

Poland 2 0.2070 0 2.2129 · 10−3

Portugal 1 0.1158 0 1.4245 · 10−3

Romania 1 0.2572 0 1.5957 · 10−3

Slovenia 1 0.1308 0 1.4245 · 10−3

Slovakia 1 0.3704 0 1.4245 · 10−3

Finland 1 0.1216 0 2.5918 · 10−3

Sweden 4 0.6294 24 2.4550 · 10−3

United Kingdom 2 0.2396 0 1.4245 · 10−3

Source: author’s computations.

5.4 Government export

In Figure 5.7 we present the correlogram for differenced export. As can be seen

in Figure 5.7 almost all countries are (positively) correlated. This results in

shorter distances in the constructed MST.

Following the Definition 3.9, Figure 5.8 and Table 5.3 we acquire three rel-

evant candidates for central nodes – France(5), Austria(5) and Italy(4). These

three countries are the most influential nodes in the network when taking into

account only eigenvector centrality introduced in Equation 3.17, see Table 5.3.

Italy and Austria, respectively, are the most frequent intermediates among

other vertices whereas France’s betweenness centrality is half of Italy, see Ta-
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Figure 5.7: Correlogram for differenced export
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ble 5.3. The closeness centrality of France is above 2 · 10−3 whereas that of

Austria and Italy is below this value. This makes France more influential than

Austria and Italy. Observing the bootstrapped edges in Figure 5.8 we state

that

• France’s edges are average stable with the exception of exceptionally sta-

ble edge France – the Netherlands (92 % stability),

• Austria’s edges are average stable,

• Italy’s edges are rather below average stable compared to the average

in Table 5.8.

We conclude that France is the most central and stable node in our MST in Fig-

ure 5.8 but Austria and Italy are only bit less central and stable than France.
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Figure 5.8: MST for differenced export

Austria

Belgium

Bulgaria

Croatia

Cyprus

CzechDenmark

Estonia

Finland
France

Germany

Hungary

Ireland

Italy

Latvia
Lithuania

Luxembourg

Malta

Netherlands

Poland

Portugal

Romania

Slovakia

Slovenia

Spain

Sweden

UK
0.463

0.4880.414

0.924

0.328

0.411

0.782

0.280

0.459
0.409

0.395

0.455

0.698

0.515

0.423

0.343

0.262

0.634

0.344

0.301 0.251

0.632
0.498

0.563

0.278

0.385

Source: author’s computations.

Figure 5.9: HT for differenced export
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Table 5.3: Centrality measures for differenced export

Variable Degree Eigenvec. cen. Betweenness Closeness

Belgium 2 0.1173 2 1.5369 · 10−3

Bulgaria 2 0.4188 0 1.4245 · 10−3

Czech Republic 1 0.1595 0 1.4245 · 10−3

Denmark 1 0.2902 0 1.9790 · 10−3

Germany 2 0.2899 8 1.9825 · 10−3

Estonia 2 0.5763 12 1.8034 · 10−3

Ireland 1 0.2812 0 1.4245 · 10−3

Spain 2 0.5095 0 2.4267 · 10−3

France 5 1.0000 30 2.1897 · 10−3

Croatia 1 0.5271 0 1.4245 · 10−3

Italy 4 0.8533 60 1.7380 · 10−3

Cyprus 1 0.4090 0 1.4245 · 10−3

Latvia 2 0.3488 7 1.8711 · 10−3

Lithuania 1 0.1662 0 1.9399 · 10−3

Luxembourg 2 0.0588 2 1.4794 · 10−3

Hungary 1 0.2003 0 1.4794 · 10−3

Malta 1 0.4024 0 1.4245 · 10−3

Netherlands 2 0.2975 0 2.7828 · 10−3

Austria 5 0.8097 56 1.9003 · 10−3

Poland 2 0.2520 0 1.4245 · 10−3

Portugal 2 0.4351 39 1.5984 · 10−3

Romania 1 0.1278 0 1.4791 · 10−3

Slovenia 2 0.5189 32 1.9830 · 10−3

Slovakia 3 0.3754 28 1.5386 · 10−3

Finland 1 0.0265 0 1.4245 · 10−3

Sweden 1 0.1101 0 2.0633 · 10−3

United Kingdom 2 0.6748 0 2.4112 · 10−3

Source: author’s computations.

Analyzing Figure 5.8 and Figure 5.9 we may draw several conclusions.

1. In Figure 5.9 and mainly in Figure 5.8 we can see several clusters based on

geographical location. The Baltic states cluster together and their edges

show higher than average stability as can be seen in Table 5.8. BENELUX

countries also belong to the same cluster alongside with France. There is

also a cluster of post-communist central European countries – the Czech

Republic, Poland and Slovakia. This may indicate that countries belong-

ing to the same European region (listed above) share the same exporting

strategy and thus have similar export growth.

2. A group of 6 newly EU-acceding countries – the Czech Republic, Slovakia,
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Malta and the Baltic states, together with Italy and Portugal can be

detected in Figure 5.9. We can conclude that newly EU-acceding countries

have not converged to the hard core of the old EU states yet in terms of

export growth. However an exception may be found – Slovenia.

3. Surprising as it may seem, Sweden and Finland neither belong to the

same cluster, nor they are near to each other in the MST. This indicates

different export strategies or different evolution of export growth. It may

also show that Finland and Sweden are not linked in the export matters.

5.5 GDP growth

In Figure 5.10 we present the correlogram for detrended GDP growth. As can

Figure 5.10: Correlogram for detrended GDP growth
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be seen in Figure 5.10 all countries are (positively) correlated and many of

them quite highly. This results in very short distances in the constructed MST.

Following the Definition 3.9, Figure 5.11 and Table 5.4 we acquire four

relevant candidates for central nodes – Spain(5), Italy(4), Lithuania(4) and

Belgium(4). Spain is also the most influential node whereas Italy and Lithua-

nia are among the least influential in the network when taking into account
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only eigenvector centrality introduced in Equation 3.17, see Table 5.3. Bel-

gium and Spain, respectively, are the most frequent intermediates among other

vertices whereas Italy with betweenness centrality BCItaly = 0 is surely not

a transit country. Since BCItaly = 0 the influence of Italy in the network is

seriously violated. It is, however, partly offset by largest closeness centrality

of Italy in the network as can be seen in Table 5.4. The closeness centrality of

Spain, Belgium and Lithuania is standard. Observing the bootstrapped edges

in Figure 5.11 we state that

• Spain’s edges are average stable with the exception of Spain – Estonia

edge (only 17 % stability),

• Italy’s edges are below average stable compared to the average in Ta-

ble 5.8 with the exception of Italy – Germany edge (85 % stability),

• Belgium’s edges are below average stable compared to the average in Ta-

ble 5.8 with the exception of Belgium – Austria edge (82 % stability),

• Lithuania’s edges are rather below average stable compared to the average

in Table 5.8.

We conclude that Spain is the most central node in our MST in Figure 5.11.

But the difference in centrality between Spain and Belgium is rather small.

Italy and Lithuania drop behind the two.

Analyzing Figure 5.11 and Figure 5.12 we may draw several conclusions.

1. A group of 6 newly EU-acceding countries – Romania, Bulgaria, Lithua-

nia, Slovakia, Croatia and Latvia, can be detected in Figure 5.11. The

group of predominantly poorer EU countries has not converged yet in

terms of GDP growth to the rest of older EU countries. The exceptions

are obviously expectable – Poland, Slovenia, Estonia or the Czech Re-

public. Slovenia and the Czech Republic are long the most successful

post-communist countries in terms of GDP per capita (see Eurostat) and

Estonia is maybe the most successful Baltic Tiger8.

We would probably expect the Baltic countries to cluster together since

their GDP growth evolutions during the economic crisis in 2008 – 2009

were remarkably linked, see Eurostat. This relation could be found using

8The Baltic Tigers refer to the Baltic countries – Estonia, Latvia and Lithuania, since
they experienced a large economic boom like Asian Tigers or a Celtic Tiger.

http://epp.eurostat.ec.europa.eu/cache/ITY_PUBLIC/2-19062013-BP/EN/2-19062013-BP-EN.PDF
http://epp.eurostat.ec.europa.eu/tgm/table.do?tab=table&init=1&plugin=1&language=en&pcode=tec00115
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Figure 5.11: MST for detrended GDP growth
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Figure 5.12: HT for detrended GDP growth
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the MST for only that period. However the MST we analyze covers much

longer period and therefore the relation is not present.

The reason why Poland does not cluster with the remaining post-communist

countries and converges to the old EU countries such as Belgium, France

or Austria (see Figure 5.11) is a mix of effective post-communist reforms

(see Faris 2013), good policy making during the Crisis and the determi-

nation of the Poles.

2. Lithuania can be classified as regionally central node in our MST in Fig-

ure 5.11. It can be also marked as a leading country in detected cluster

(discussed above) in terms of GDP growth. The position of Lithuania is

not surprising since it is one of the Baltic Tigers. Same argument can

be stated for Estonia and the Czech Republic. Their centrality measures

in Table 5.4 indicate relatively large influence.

3. In Figure 5.11 we observe very tight and stable (over 75 %) relations

among the old EU countries – Italy, Germany and France. It indicates

that their GDP growth rates are linked. BENELUX countries also cluster

with the three as can be seen in Figure 5.11.

4. Sweden and Finland neither cluster together, nor they are near to each

other in the MST. So we conclude that the GDP growth evolutions of

Sweden and Finland vary substantially as can be seen in Figure 5.13.

Figure 5.13: Time series of |Sweden− Finland|
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Table 5.4: Centrality measures for detrended GDP growth

Variable Degree Eigenvec. cen. Betweenness Closeness

Belgium 4 0.3452 9 1.6045 · 10−3

Bulgaria 2 0.0068 0 1.6722 · 10−3

Czech Republic 3 0.7337 0 1.9146 · 10−3

Denmark 1 0.3686 0 1.4245 · 10−3

Germany 3 0.0763 6 1.8227 · 10−3

Estonia 3 0.8226 4 1.4791 · 10−3

Ireland 1 0.4549 0 1.4245 · 10−3

Spain 5 1.0000 8 1.6720 · 10−3

France 2 0.1423 8 1.6698 · 10−3

Croatia 2 0.0064 0 1.6726 · 10−3

Italy 4 0.0668 0 2.2357 · 10−3

Cyprus 1 0.1030 0 1.4795 · 10−3

Latvia 1 0.0025 0 1.4245 · 10−3

Lithuania 4 0.0182 4 1.5399 · 10−3

Luxembourg 1 0.0334 0 1.4245 · 10−3

Hungary 1 0.0272 0 1.4245 · 10−3

Malta 1 0.3992 0 1.4245 · 10−3

Netherlands 1 0.3466 0 1.7409 · 10−3

Austria 1 0.1117 0 1.4245 · 10−3

Poland 2 0.2164 0 1.4245 · 10−3

Portugal 1 0.0335 0 1.4245 · 10−3

Romania 1 0.0029 0 1.4245 · 10−3

Slovenia 2 0.4375 0 1.4245 · 10−3

Slovakia 1 0.0067 0 1.4245 · 10−3

Finland 2 0.0328 0 1.4245 · 10−3

Sweden 1 0.3304 0 1.5370 · 10−3

United Kingdom 1 0.3720 0 1.4245 · 10−3

Source: author’s computations.

5.6 Inflation rate

In Figure 5.14 we present the correlogram for differenced inflation rate. As can

be seen in Figure 5.14 almost all countries are (positively) correlated. This

results in shorter distances in the constructed MST.

Following the Definition 3.9, Figure 5.15 and Table 5.5 we acquire three rel-

evant candidates for central nodes – France(7), Italy(3) and Poland(3). France

is the most influential node in the network when taking into account only eigen-

vector centrality introduced in Equation 3.17, see Table 5.5. France is also the

most frequent intermediate among other vertices. Slovenia’s betweenness cen-

trality is also very large, almost 80 % of that of France. Since the closeness
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Figure 5.14: Correlogram for differenced inflation rate
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Source: author’s computations.

centrality for France is also large we can set a hypothesis that France forms a

significant central node in our MST in Figure 5.15. Let us prove the hypothe-

sis with bootstrapping method. As the bootstrapped edges are average stable

(see Table 5.8) we may declare the hypothesis as proven.

Analyzing Figure 5.15 and Figure 5.16 we may draw several conclusions.

1. Cluster of all Nordic 9 countries which are members of the EU – Sweden,

Finland and Denmark, is clearly observable in both Figure 5.15 and Fig-

ure 5.16. It suggests that the evolution of growth of the inflation rate is

similar in countries located in Northern Europe.

2. We recognize two groups of post-communist countries in Figure 5.15. The

first one consists of the Baltic countries (geographical clustering) and the

Czech Republic and the second one consists of Poland, Romania and

Hungary.

3. Slovakia and Bulgaria are on the periphery of the MST and so are Croatia,

Malta and Cyprus. Since France is without doubt the leading country in

9Nordic countries are countries located in Northern Europe which share similar culture
and history. The group consists of Norway, Sweden, Finland, Denmark and Iceland.
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Figure 5.15: MST for differenced inflation rate
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Figure 5.16: HT for differenced inflation rate
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terms of inflation rate growth influence and all post-communist countries

and newly EU-acceding countries are situated on periphery, we may argue

that the inflationary convergence has not been reached. On the contrary

we clearly see a belt of France, Germany and Spain in Figure 5.15. These

countries form the backbone of the EU in terms of inflation growth and

largely influence other countries including post-communist countries (see

cluster of France – Poland in Figure 5.16).

Table 5.5: Centrality measures for differenced inflation rate

Variable Degree Eigenvec. cen. Betweenness Closeness

Belgium 2 0.0244 1 1.3719 · 10−3

Bulgaria 2 0.0109 0 1.4788 · 10−3

Czech Republic 1 0.0248 0 1.5337 · 10−3

Denmark 3 0.1811 0 1.4812 · 10−3

Germany 2 0.3466 10 1.4231 · 10−3

Estonia 3 0.0714 3 1.4794 · 10−3

Ireland 2 0.4166 0 1.3228 · 10−3

Greece 1 0.3793 0 1.3228 · 10−3

Spain 3 0.1514 8 1.3719 · 10−3

France 7 1.0000 40 2.0377 · 10−3

Croatia 1 0.1502 0 2.1897 · 10−3

Italy 2 0.1944 12 2.1859 · 10−3

Cyprus 1 0.1675 0 1.3714 · 10−3

Latvia 2 0.0284 0 1.3228 · 10−3

Lithuania 1 0.0091 0 1.3719 · 10−3

Luxembourg 2 0.3655 5 1.3715 · 10−3

Hungary 1 0.2301 0 1.4215 · 10−3

Malta 1 0.0814 0 2.2459 · 10−3

Netherlands 1 0.0711 0 1.3228 · 10−3

Austria 3 0.0643 0 1.3228 · 10−3

Poland 3 0.5837 6 1.3714 · 10−3

Portugal 1 0.1393 0 1.3228 · 10−3

Romania 1 0.2421 0 1.3228 · 10−3

Slovenia 3 0.4347 33 2.1157 · 10−3

Slovakia 1 0.0043 0 1.3228 · 10−3

Finland 2 0.3893 0 1.3228 · 10−3

Sweden 1 0.0654 0 1.3228 · 10−3

United Kingdom 1 0.0231 0 1.3717 · 10−3

Source: author’s computations.
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5.7 Interest rates

In Figure 5.17 we present the correlogram for differenced interests rates. As can

Figure 5.17: Correlogram for differenced interest rate
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Source: author’s computations.

be seen in Figure 5.17 the situation is not so clear. Even though Cyprus is pair-

wise anti-correlated with most of other countries, Greece, Latvia and Lithuania

are in most cases very near to be uncorrelated, the rest of the countries are

(positively) correlated with each other. The degree of (positive) correlation,

however, varies substantially. For example Austria, Belgium, Denmark, Fin-

land, France and Germany show large portions of (positive) pairwise correlation

that even approaches complete correlation.

Following the Definition 3.9, Figure 5.18 and Table 5.6 we acquire five rele-

vant candidates for central nodes – Germany(5), the Netherlands(4), France(3),

Ireland(3) and Portugal(3). The eigenvector centrality introduced in Equa-

tion 3.17 is very small for Germany, the Netherlands and France whereas for

Ireland and Portugal it is the largest in the network, see Table 5.5. The Nether-

lands, France and Germany, respectively, are the most frequent intermediates

among other vertices in the whole network. For Ireland and Portugal it holds

that BCIreland = BCPortugal = 0, which indicates that both countries are not

transit. Germany, the Netherlands, Portugal and France, respectively, reach
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the reference value 2 · 10−3 of closeness centrality. Observing the bootstrapped

edges in Figure 5.18 we state that

• Germany’s edges are exceptionally stable with the exception of Germany

– Malta edge (only 32 % stability),

• the Netherlands’ edges are exceptionally stable (95 % stability with Lux-

embourg, 93 % stability with Finland),

• France’s edges are exceptionally stable (90 % stability with Belgium, 100

% stability with Austria),

• Ireland’s edges are rather below average stable compared to the average

in Table 5.8,

• Portugal’s edges are rather below average stable compared to the average

in Table 5.8.

We conclude that Germany is the most central node in our MST in Figure 5.18.

But the difference in centrality and stability between Germany and the Nether-

lands is rather small. France can be classified as exceptionally stable regionally

central node. Portugal and Ireland are neither central, nor they are stable.

Analyzing Figure 5.18 and Figure 5.19 we may draw several conclusions.

1. In Figure 5.19 we can see several clusters based on geographical location.

The first to mention is a cluster of the countries of the Visegrad Group10.

The group is accompanied by another Central European country – Aus-

tria. Second cluster based on geographical location is a small cluster of

Latvia – Lithuania. The edge between these countries is exceptionally

stable (almost 97 %).

2. In Figure 5.19 there is a clearly visible cluster of PIGS11 countries or

PIIGS12 countries.

10The Visegrad Group or Visegrad Four is an alliance of four Central European formerly
communist countries – the Czech Republic, Slovakia, Poland and Hungary.

11Acronym which refers to Portugal, Italy, Greece and Spain. The key problem which
connects these four countries is an economic instability and high unemployment rate.

12Acronym for PIGS countries plus Ireland. Ireland was added to the PIGS countries
during the Eurozone crisis in 2009.
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Figure 5.18: MST for differenced interest rates
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Figure 5.19: HT for differenced interest rates
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Table 5.6: Centrality measures for differenced interest rates

Variable Degree Eigenvec. cen. Betweenness Closeness

Belgium 2 5.4176 · 10−2 0 2.2872 · 10−3

Czech Republic 2 7.1881 · 10−4 0 1.8116 · 10−3

Denmark 1 5.9224 · 10−5 0 2.8905 · 10−3

Germany 5 4.0481 · 10−4 8 2.7256 · 10−3

Ireland 3 9.9048 · 10−1 0 1.8116 · 10−3

Greece 1 5.0837 · 10−1 0 1.8116 · 10−3

Spain 2 4.4368 · 10−1 0 2.0699 · 10−3

France 3 1.0230 · 10−2 10 1.9785 · 10−3

Italy 3 1.5822 · 10−1 2 1.8904 · 10−3

Cyprus 1 5.8470 · 10−1 0 1.8116 · 10−3

Latvia 1 3.3293 · 10−1 0 1.9705 · 10−3

Lithuania 2 7.1631 · 10−1 1 1.8892 · 10−3

Luxembourg 1 6.1340 · 10−4 0 1.8116 · 10−3

Hungary 1 1.6086 · 10−4 0 1.8116 · 10−3

Malta 1 1.7168 · 10−4 0 1.8116 · 10−3

Netherlands 4 2.1356 · 10−3 12 2.1768 · 10−3

Austria 2 1.6411 · 10−3 6 1.8910 · 10−3

Poland 3 4.0686 · 10−4 0 2.0712 · 10−3

Portugal 3 1.0000 0 2.0683 · 10−3

Slovenia 1 6.6832 · 10−2 0 1.8116 · 10−3

Slovakia 1 1.8220 · 10−4 0 1.8116 · 10−3

Finland 1 2.7005 · 10−4 0 2.2890 · 10−3

Sweden 1 6.2121 · 10−5 0 1.8116 · 10−3

United Kingdom 1 9.8649 · 10−5 0 1.8116 · 10−3

Source: author’s computations.

5.8 Unemployment rate

In Figure 5.20 we present the correlogram for differenced unemployment rate.

As can be seen in Figure 5.1 most of the pairwise correlation coefficients are

in the interval [−0.1, 0.3]. Therefore many of the pairwise relations among EU

countries are quite near to be uncorrelated.

Following the Definition 3.9, Figure 5.21 and Table 5.7 we acquire five rele-

vant candidates for central nodes – Poland(5), Finland(5), Spain(4), Ireland(4)

and Lithuania(4). The eigenvector centrality introduced in Equation 3.17 is the

largest for Finland, Spain and Ireland, respectively, in the whole network. It is

standard for Lithuania and for Poland it is rather small, see Table 5.7. Finland,

Spain, Ireland and Lithuania, respectively, are the most frequent intermediates

among other vertices in the whole network. For all five countries the closeness

centrality is standard. Observing the bootstrapped edges in Figure 5.21 we
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Figure 5.20: Correlogram for differenced unemployment rate
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Source: author’s computations.

state that

• Poland’s edges are below average stable compared to the average in Ta-

ble 5.8 with the exception of Poland – Slovakia edge (99 % stability),

• Finland’s edges are below average stable compared to the average in Ta-

ble 5.8 (Finland – Austria and Finland – Slovenia edges have slightly

more than 20 % stability),

• Spain’s edges are rather below average stable compared to the average

in Table 5.8 with the exception of Spain – Ireland edge (95 % stability),

• Ireland’s edges are rather stable compared to the average in Table 5.8,

• Lithuania’s edges are stable compared to the average in Table 5.8.

We conclude that Finland is the most central node in our MST in Figure 5.21.

Due to the instability of Poland’s edges and its bad centrality indicators, Poland

cannot be classified as a central node, only regionally central. Spain, Lithuania

and Ireland can also be classified as regionally central.

Analyzing Figure 5.21 and Figure 5.22 we may draw several conclusions.
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Figure 5.21: MST for differenced unemployment rate
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Figure 5.22: HT for differenced unemployment rate
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Table 5.7: Centrality measures for differenced unemployment

Variable Degree Eigenvec. cen. Betweenness Closeness

Belgium 1 0.0940 0 1.3228 · 10−3

Bulgaria 1 0.0875 0 1.6640 · 10−3

Czech Republic 2 0.4679 0 1.6655 · 10−3

Denmark 2 0.1630 0 2.0462 · 10−3

Germany 2 0.1185 2 1.3713 · 10−3

Estonia 1 0.1246 0 1.9424 · 10−3

Ireland 4 0.5438 32 1.8148 · 10−3

Greece 2 0.3838 0 1.7266 · 10−3

Spain 4 0.8174 35 1.5947 · 10−3

France 1 0.3639 0 1.3228 · 10−3

Croatia 1 0.1541 0 1.3715 · 10−3

Italy 1 0.3307 0 1.6497 · 10−3

Cyprus 1 0.0431 0 1.3228 · 10−3

Latvia 1 0.1331 0 1.9397 · 10−3

Lithuania 4 0.3500 27 1.8782 · 10−3

Luxembourg 1 0.0498 0 1.3228 · 10−3

Hungary 1 0.2109 0 1.3228 · 10−3

Malta 1 0.1095 0 1.3228 · 10−3

Netherlands 2 0.1135 0 1.3228 · 10−3

Austria 2 0.5073 10 1.3713 · 10−3

Poland 5 0.2514 5 1.6055 · 10−3

Portugal 2 0.2224 0 1.4238 · 10−3

Romania 1 0.2130 0 1.3228 · 10−3

Slovenia 2 0.4851 0 1.3228 · 10−3

Slovakia 2 0.2603 0 1.3228 · 10−3

Finland 5 1.0000 36 1.5387 · 10−3

Sweden 1 0.0711 0 1.3228 · 10−3

United Kingdom 1 0.1922 0 1.3228 · 10−3

Source: author’s computations.

1. We can see Italy, Greece and Spain cluster together with Ireland in Fig-

ure 5.22. In Figure 5.21 it is also observable that the UK neighbours with

Ireland. We conclude that our analysis is able to link 3 out of 4 countries

of PIGS, 4 out of 5 countries of PIIGS or 5 out of 6 countries of PIIGGS13.

The only country which is not linked and should be is Portugal. Andrade

(2009) analyzes the existence of the PIGS group and divides the PIGS

into 2 subgroups. First subgroup contains Portugal, Italy and Greece.

The unemployment rate in the first subgroup can be normalized in five

years time as Andrade (2009) claims, whereas the situation in the second

13Acronym for PIGS countries combined with Ireland and Great Britain.
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subgroup formed by Spain is much more serious.

2. In Figure 5.6 we can see several clusters based on geographical location.

The Baltic states cluster together. The Czech Republic clusters with

Slovakia and both are linked to Poland in the MST. Then we can see very

stable (80 %) link between Ireland and the UK. We also observe a cluster

of the countries of the Baltic Sea Region (BSR)14. The situation on labor

market in BSR is analyzed by Homann et al. (2011).

5.9 Overall statistics

In Table 5.8 we present the average bootstrap value per edge in the MST for

all analyzed indicators. This value serves as a measure of stability of our MSTs

and hence it represents the reliability of our model and all drawn conclusions.

We can see that the most reliable is the analysis of interest rates with almost

72 % link stability. Analysis of government deficit is also quite reliable (65 %

stability of edges). The average bootstrap value for export and GDP growth

is rather small (46 %). This finding limits the reliability of both models since

some nodes may be present in the corresponding MSTs only by coincidence.

Table 5.8: Average bootstrap value per edge in MST for all indicators

Indicator Avg. bootstrap value

Diff. & detr. gov. debt 0.498
Diff. gov. deficit 0.648
Diff. export 0.459
Detr. GDP growth 0.459
Diff. interest rates 0.717
Diff. inflation rate 0.504
Diff. unemployment rate 0.541

Source: author’s computations.

In Table 5.9 we present the average centrality measures for all analyzed

indicators. Node degree is omitted from Table 5.9 because in graph theory for

a given undirected graph G = (V,E) it holds so-called Handshaking lemma

(see Bondy & Murty 1982, pg. 10)∑
v∈V

deg(v) = 2|E|.

14The Baltic Sea Region (BSR) is a region where the Baltic countries, Denmark and Sweden
are situated.
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The largest average influence per vertex in the corresponding MST has ex-

Table 5.9: Average centrality measures for all indicators

Indicator Avg. eigen. c. Avg. between. Avg. closeness

Diff. & detr. g. debt 0.198 2.741 1.583 · 10−3

Diff. g. deficit 0.274 5.444 1.682 · 10−3

Diff. export 0.379 10.222 1.762 · 10−3

Detr. GDP growth 0.241 1.444 1.555 · 10−3

Diff. interest rates 0.203 1.625 2.005 · 10−3

Diff. inflation rate 0.209 4.214 1.515 · 10−3

Diff. unem. rate 0.281 5.250 1.517 · 10−3

Source: author’s computations.

port indicator when taking into account only eigenvector centrality introduced

in Equation 3.17. Export indicator has also the largest average betweenness

centrality per node and thus its vertices are (on average) the most common in-

termediates among other vertices. The average betweenness centrality is rather

small for GDP growth and interest rates indicator. This means that there are not

many paths in the MST and the whole network is not transit and hence vertices

do not communicate much with their (distant) neighbours. Especially for GDP

growth and interest rates indicator the previous statement can be supported by

low average eigenvector centrality (see Table 5.9). Closeness centrality ranges

from 1.5 · 10−3 to 1.75 · 10−3 for most indicators. The only exception is in-

terest rates indicator. To sum up the most central MST is differenced export

MST in Figure 5.8. Results for interest rates indicator may be little biased

since the data set lacks data for 4 countries and hence the comparison should

be carefully interpreted.

Table 5.10 shows all the nodes classified as central for all indicators. Some

countries quite commonly appear as central vertices – 3× Belgium, 3× France,

3× Spain. For all indicators but for differenced unemployment rate is present

at least one former country of ECSC as central node. The latter fact only

demonstrates the tremendous influence that the former countries of ECSC have

within the EU. The presence of only one newly EU-acceding country between

central nodes for all indicators in Table 5.10 (Latvia) indicates that new mem-

bers of the EU have not acquired greater influence within the whole EU in

studied indicators. Last but not least aspect of Table 5.10 is large centrality

of Spain. Table 5.10 shows that Spain plays a role of a central node in both

government debt and deficit and also GDP growth. Spain is an unstable country
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Table 5.10: Central node(s) in MSTs for all indicators

Indicator Node

Diff. & detr. gov. debt Spain, France, Belgium
Diff. gov. deficit Latvia, Spain, Belgium, Sweden
Diff. export France, Austria, Italy
Detr. GDP growth Spain, Belgium
Diff. interest rates France
Diff. inflation rate Germany, the Netherlands
Diff. unemployment rate Finland

Source: author’s computations.

in terms of debt/deficit and a member of infamous PIGS club. Since Spain has

very large influence in terms of debt/deficit, its potential future problems may

jeopardize the whole EU.



Chapter 6

Conclusion

The main goal of this thesis was to filter out less important information from

the correlation matrix and using the already filtered correlation matrix then

construct graphical objects (correlograms, dendrograms, MSTs) which can more

easily represent the complex system. These objects facilitates us the interpreta-

tion of the complex system and enables us to find relations between the objects

of this system (network). The core of this thesis is Chapter 3 where the method

is theoretically explained. The method from Chapter 3 is then applied to data

on seven important economic indicators – government debt and deficit, export,

GDP growth, inflation, interest and unemployment rate for EU Member States.

First we analyzed the stationarity of time series for every indicator. When

necessary we detrended or differenced them in order to make them stationary

as described in Section 4.2. Then we tested the normality. The majority of

the time series were not normally distributed as can be seen in Section 4.3.

By sequences of steps theoretically described in Chapter 3 and implemented

in Chapter 5 we obtained the MSTs corresponding to the differenced/detrended

time series. From the constructed MSTs we created HTs according to the pro-

cedure described in Section 3.5. For every edge in every MST we determined

the bootstrap value according to Section 3.6. The bootstrap value can be in-

terpreted as a stability of a link. We also utilized several measures of centrality

of a node in network theoretically described in Section 3.7.

Eventually we obtained seven bootstrapped MSTs and seven HTs with cor-

responding centrality measures as can be seen in Chapter 5. We interpreted

the results, commented on possible clusters and central nodes and made final

analysis of the created models as can be seen in Section 5.9.
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Here we mention five findings arising from this thesis, we consider the most

important.

1. We detected large clusters of newly EU-acceding countries when analyzing

all indicators. It means that in most respects the majority of all post-

communist countries has not converged to the old EU Member States.

It can also mean that the old links between post-communist countries

preserved. According to the bootstrap analysis the links are sometimes

very stable.

2. In interest rates and unemployment rate analysis we managed to find

PIGS, PIIGS and even PIIGGS clusters and hence empirically proved

the existence of such groups for some indicators.

3. We found out that Spain plays a role of a central node in both government

debt and deficit and also GDP growth. Thus Spain as an unstable country

and a member of an infamous PIGS club in terms of debt/deficit has very

large influence and its potential problems may jeopardize the whole EU.

4. We found out that among all central nodes for all analyzed indicators

only once there was a country from former Soviet bloc. This finding

indicates that the new EU members have not acquired larger influence

within the EU. On the other hand for all analyzed indicators but for

unemployment rate there was at least one former ECSC country present

(most often France and Belgium) as a central node. This indicates how

large influence the former ECSC countries have within the EU.

5. We managed to detect clusters based on geographical location. Very often

we found clusters of Baltic countries, Nordic countries, BENELUX coun-

tries, former ECSC countries or Central European states. On the other

hand rarely did Finland cluster with Sweden, Romania with Bulgaria or

Portugal with Spain.

There are many possibilities for further research and extensions of our work.

The most natural one for us appears the observation of dynamics of the MSTs

according to the different time windows. We expect constructed MSTs and cor-

responding HTs to vary substantially during the Crisis period and the periods

of relative stability. Next we could also quantify the degree of convergence for

given indicators according to different time windows.
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Further we could include other relevant countries in our analysis. In case of

export indicator we could include non-EU members with which the EU has the

largest exports such as the USA, Russia or China. Since the financial market

is more global than regional we should probably include the biggest players

in the financial world in interest rates analysis. Moreover the unemployment

rate in the EU is also co-determined by the unemployment rate in neighboring

non-EU countries such as Ukraine, Turkey or North African countries. We

could also include Norway, Iceland or Switzerland and observe whether these

countries cluster geographically (Norway and Iceland with Nordic countries and

Switzerland with former ECSC countries) and whether they can play a central

role in the network.

Regarding methodology it would be possible to utilize different clustering

procedures such as ALC or methods based on RMT. We could compare them

with the SLC algorithm used in our thesis. We could also extend our MSTs to

PMFGs similarly as in Tumminello et al. (2005). This would, however, produce

more complex and interpretatively more difficult models than the current one

(especially methods based on RMT).
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Appendix A

Summary Statistics

Table A.1: Summary statistics for debt

Variable Mean Std. Dev. Min. Max. Skewn. Kurt. N

Belgium 99.746 7.561 84.0 115.7 –0.116 2.336 56
Bulgaria 32.777 21.232 13.4 79.2 0.916 2.402 56
Czech Republic 31.180 8.200 16.0 47.8 0.392 2.541 56
Denmark 43.539 8.321 23.9 56.9 –0.671 2.538 56
Germany 69.264 7.542 58.7 82.5 0.401 1.860 56

Estonia 5.743 1.702 3.4 10.0 1.227 3.948 56
Ireland 55.000 34.290 24.5 125.5 0.972 2.336 56
Greece 120.539 24.061 97.3 175.1 0.991 2.506 56
Spain 55.420 15.425 35.5 93.9 1.010 3.370 56
France 71.048 11.978 56.7 94.1 0.644 1.986 56

Italy 113.146 8.204 103.3 133.1 1.014 2.952 56
Cyprus 67.852 12.448 48.9 111.7 1.656 6.508 56
Latvia 22.400 13.425 8.8 44.8 0.716 1.683 56
Lithuania 25.727 8.892 14.3 42.3 0.635 1.903 56
Luxembourg 11.305 6.877 5.6 27.7 0.781 1.972 56

Hungary 68.350 10.731 52.7 85.5 0.156 1.566 56
Malta 64.639 5.946 52.7 76.1 –0.167 2.332 56
Netherlands 56.873 8.047 45.3 74.0 0.607 2.271 56
Austria 69.514 3.959 60.2 77.4 –0.438 2.799 56
Poland 47.966 6.249 36.0 58.3 –0.036 2.074 56

Portugal 76.564 24.422 50.4 131.3 0.998 2.718 56
Romania 23.229 8.511 11.4 39.2 0.426 2.173 56
Slovenia 33.189 11.625 22.0 71.7 1.533 4.558 56
Slovakia 41.229 8.794 25.8 58.3 –0.007 2.002 56
Finland 43.243 6.141 29.9 57.3 0.305 2.864 56
Sweden 45.311 6.841 36.0 61.2 0.285 1.732 56
United Kingdom 54.293 19.900 36.5 90.6 0.794 1.886 56

Source: author’s computations.



A. Summary Statistics II

Table A.2: Summary statistics for deficit

Variable Mean Std. Dev. Min. Max. Skewn. Kurt. N

Belgium –1.910 6.237 –18.39 9.08 –0.259 2.229 56
Bulgaria –0.013 6.812 –19.51 12.79 –0.643 3.791 56
Czech Republic –3.788 2.959 –12.22 3.80 –0.279 3.523 56
Denmark 0.791 3.190 –5.61 7.31 0.066 2.217 56
Germany –1.895 2.619 –8.61 7.43 0.440 4.753 56

Estonia 0.384 3.785 –11.12 7.03 –0.534 3.644 56
Ireland –4.844 10.290 –40.24 11.38 –1.630 5.955 56
Greece –8.108 5.478 –30.40 2.05 –1.221 6.157 56
Spain –3.429 5.995 –21.08 6.25 –0.834 3.213 56
France –3.932 3.057 –10.32 1.60 –0.054 2.251 56

Italy –3.322 2.698 –9.41 2.23 –0.286 2.477 56
Cyprus –3.426 5.090 –14.69 8.64 –0.015 2.942 56
Latvia –2.541 5.176 –16.34 4.62 –0.893 3.255 56
Lithuania –3.157 3.606 –12.67 3.57 –0.574 2.630 56
Luxembourg 1.501 3.619 –5.78 9.02 0.330 2.567 56

Hungary –4.579 6.958 –18.18 38.83 4.157 28.589 56
Malta –4.292 3.081 –13.29 1.90 –0.614 3.536 56
Netherlands –1.872 3.066 –9.09 4.07 –0.178 2.731 56
Austria –2.185 3.149 –10.61 4.62 –0.149 2.869 56
Poland –4.656 2.778 –13.05 1.45 –0.754 4.357 56

Portugal –5.227 3.534 –13.10 2.94 0.084 2.602 56
Romania –3.465 3.766 –12.32 4.71 –0.481 2.786 56
Slovenia –4.116 5.493 –39.99 1.25 –5.089 33.801 56
Slovakia –4.939 3.486 –14.84 1.42 –0.765 3.190 56
Finland 1.939 5.171 –10.35 11.74 –0.468 3.033 56
Sweden 0.728 3.022 –5.42 7.20 –0.068 2.615 56
United Kingdom –4.276 4.441 –13.85 5.39 0.097 2.852 56

Source: author’s computations.



A. Summary Statistics III

Table A.3: Summary statistics for export

Variable Mean Std. Dev. Min. Max. Skewn. Kurt. N

Belgium 79.829 4.352 72.7 87.6 0.169 1.881 55
Bulgaria 55.091 8.783 37.9 72.4 0.156 2.016 55
Czech Republic 65.616 6.513 55.4 79.2 0.612 2.488 55
Denmark 49.982 3.639 43.1 56.1 0.003 1.701 55
Germany 42.947 6.374 31.6 52.3 –0.130 1.570 55

Estonia 76.871 9.131 61.3 94.3 0.386 1.866 55
Ireland 91.864 10.224 78.6 109.8 0.243 1.543 55
Spain 27.844 2.721 23.0 34.8 0.915 3.267 55
France 26.722 1.375 23.2 29.8 –0.610 4.057 55
Croatia 41.815 1.966 36.2 45.2 –1.444 4.945 55

Italy 27.025 2.059 23.2 30.5 0.067 1.891 55
Cyprus 47.567 4.707 40.0 58.0 0.579 2.615 55
Latvia 47.676 7.263 40.4 63.2 0.929 2.314 55
Lithuania 60.082 12.773 42.9 91.4 0.996 2.911 55
Luxembourg 162.195 15.263 133.6 188.9 –0.237 1.792 55

Hungary 76.980 11.355 58.8 97.2 0.175 1.957 55
Malta 86.758 8.907 72.9 105.0 0.177 1.935 55
Netherlands 73.352 8.113 61.7 89.0 0.588 2.211 55
Austria 53.287 4.425 44.5 60.3 –0.153 1.649 55
Poland 37.896 6.670 25.6 48.5 –0.436 2.118 55

Portugal 31.100 4.098 26.8 41.2 1.062 2.991 55
Romania 34.682 3.796 28.6 43.2 0.378 2.175 55
Slovenia 63.689 8.181 51.1 78.6 0.281 1.798 55
Slovakia 80.378 9.138 67.2 98.2 0.488 2.023 55
Finland 41.716 3.020 35.4 49.1 0.315 2.815 55
Sweden 48.135 2.930 43.0 55.1 0.213 2.302 55
United Kingdom 28.211 2.437 24.7 32.6 0.312 1.713 55

Source: author’s computations.



A. Summary Statistics IV

Table A.4: Summary statistics for GDP growth

Variable Mean Std. Dev. Min. Max. Skewn. Kurt. N

Belgium 0.315 0.604 –2.1 1.4 –1.823 8.225 55
Bulgaria 0.831 1.227 –6.0 2.1 –3.611 19.666 55
Czech Republic 0.669 0.996 –3.4 2.3 –1.426 6.784 55
Denmark 0.145 1.166 –2.4 3.9 0.379 4.032 55
Germany 0.282 0.891 –4.1 2.0 –2.245 12.509 55

Estonia 0.960 2.245 –9.7 4.7 –2.233 10.800 55
Ireland 0.536 1.805 –3.6 5.2 0.409 3.110 55
Spain 0.355 0.684 –1.7 1.3 –0.866 3.177 55
France 0.271 0.530 –1.7 1.1 –1.706 7.271 55
Croatia 0.422 1.142 –5.5 2.1 –2.536 14.142 55

Italy 0.018 0.751 –3.5 1.1 –2.076 10.141 55
Cyprus 0.369 0.992 –1.8 2.7 –0.385 2.602 55
Latvia 1.022 2.542 –9.4 4.6 –2.102 8.699 55
Lithuania 1.102 2.236 –13.1 4.2 –4.733 30.876 55
Luxembourg 0.564 1.641 –5.5 3.0 –1.073 4.813 55

Hungary 0.416 0.964 –3.3 2.0 –1.712 6.614 55
Malta 0.460 1.463 –3.6 4.0 –0.461 3.561 55
Netherlands 0.260 0.708 –2.1 1.6 –0.919 4.339 55
Austria 0.380 0.634 –1.8 1.4 –1.326 5.449 55
Poland 0.880 0.611 –0.4 2.2 –0.002 2.361 55

Portugal 0.038 0.879 –2.4 2.2 –0.273 3.360 55
Romania 0.916 1.547 –5.6 3.5 –1.309 7.138 55
Slovenia 0.505 1.272 –4.5 2.3 –1.816 7.842 55
Slovakia 1.009 1.690 –8.5 6.1 –2.899 20.869 55
Finland 0.335 1.324 –6.4 3.3 –2.342 13.853 55
Sweden 0.553 1.082 –3.7 2.5 –1.543 6.880 55
United Kingdom 0.393 0.765 –2.5 1.3 –1.777 7.053 55

Source: author’s computations.



A. Summary Statistics V

Table A.5: Summary statistics for inflation

Variable Mean Std. Dev. Min. Max. Skewn. Kurt. N

Belgium 2.110 1.187 –1.7 5.9 0.195 4.420 183
Bulgaria 5.176 3.754 –2.2 14.7 0.343 2.570 183
Czech Republic 2.363 1.756 –0.6 7.9 0.757 3.497 183
Denmark 1.969 0.877 0.1 4.8 0.087 3.257 183
Germany 1.622 0.780 –0.7 3.5 –0.111 3.040 183

Estonia 4.094 2.595 –2.1 11.6 0.698 4.694 183
Ireland 2.230 2.032 –3.0 6.0 –0.678 3.161 183
Greece 2.760 1.580 –2.9 5.7 –1.022 4.114 183
Spain 2.691 1.243 –1.3 5.3 –1.043 4.201 183
France 1.755 0.824 –0.8 4.0 –0.340 3.818 183

Croatia 2.987 1.473 –0.2 8.0 0.644 3.393 183
Italy 2.242 0.825 –0.1 4.2 –0.223 3.213 183
Cyprus 2.412 1.603 –1.6 6.3 –0.099 2.862 183
Latvia 4.328 4.311 –4.3 17.7 1.145 4.439 183
Lithuania 2.741 3.061 –1.9 12.7 1.374 5.000 183

Luxembourg 2.618 1.322 –1.5 5.8 –0.613 3.549 183
Hungary 5.738 2.629 0.2 11.4 0.280 2.373 183
Malta 2.400 1.248 –1.1 5.7 –0.153 3.186 183
Netherlands 2.216 1.171 –0.1 5.5 0.870 3.755 183
Austria 1.945 0.901 –0.4 4.0 0.022 3.186 183

Poland 3.558 2.551 0.1 11.7 1.157 4.071 183
Portugal 2.382 1.417 –1.8 5.1 –0.865 3.438 183
Romania 15.036 14.771 1.1 56.7 1.345 3.508 183
Slovenia 4.242 2.648 –0.6 9.9 0.528 2.080 183
Slovakia 4.795 3.740 –0.2 16.8 1.236 4.465 183

Finland 1.992 1.066 –0.4 4.7 0.172 2.504 183
Sweden 1.560 0.900 –0.4 4.2 0.622 3.181 183
United Kingdom 2.193 1.074 0.5 5.2 0.782 2.991 183

Source: author’s computations.



A. Summary Statistics VI

Table A.6: Summary statistics for interest

Variable Mean Std. Dev. Min. Max. Skewn. Kurt. N

Belgium 3.829 0.748 2.04 5.38 –0.554 2.962 147
Czech Republic 3.918 0.917 1.67 5.55 –0.589 2.787 147
Denmark 3.451 1.119 1.07 5.42 –0.557 2.308 147
Germany 3.286 1.057 1.20 5.17 –0.509 2.196 147
Ireland 4.937 1.740 3.04 12.45 1.996 6.988 147

Greece 7.761 5.825 3.30 29.24 1.909 6.003 147
Spain 4.408 0.734 3.09 6.79 0.876 3.615 147
France 3.610 0.796 1.80 5.26 –0.362 2.540 147
Italy 4.474 0.656 3.29 7.06 1.181 5.225 147
Cyprus 5.273 0.992 3.96 7.55 0.749 2.107 147

Latvia 5.901 2.687 3.10 13.76 1.614 4.700 147
Lithuania 5.555 2.721 3.33 14.50 2.596 8.788 147
Luxembourg 3.275 1.037 1.41 5.19 0.074 1.920 147
Hungary 7.355 1.065 5.08 11.65 1.016 4.919 147
Malta 4.523 0.629 2.96 6.18 0.028 3.750 147

Netherlands 3.495 0.939 1.56 5.30 –0.471 2.329 147
Austria 3.628 0.885 1.64 5.37 –0.545 2.657 147
Poland 5.716 0.952 3.28 8.33 0.290 3.684 147
Portugal 5.513 2.440 3.19 13.85 1.842 5.456 147
Slovenia 5.114 1.470 3.56 9.81 1.566 5.039 147

Slovakia 4.529 1.013 2.45 7.83 0.956 5.291 147
Finland 3.505 0.976 1.51 5.40 –0.472 2.372 147
Sweden 3.472 1.091 1.33 5.69 –0.155 2.223 147
United Kingdom 3.818 1.166 1.46 5.49 –0.627 2.093 147

Source: author’s computations.



A. Summary Statistics VII

Table A.7: Summary statistics for unemployment

Variable Mean Std. Dev. Min. Max. Skewn. Kurt. N

Belgium 7.735 0.630 6.3 8.9 –0.300 2.148 168
Bulgaria 11.798 4.066 5.1 19.8 0.354 2.315 168
Czech Republic 7.114 1.160 4.2 9.3 –0.885 3.429 168
Denmark 5.424 1.459 3.1 7.9 0.307 1.701 168
Germany 8.148 1.804 5.2 11.5 0.041 2.072 168

Estonia 10.323 3.566 4.0 18.7 0.085 2.434 168
Ireland 7.872 4.462 3.7 15.1 0.615 1.512 168
Greece 12.755 5.902 7.2 27.7 1.574 4.037 168
Spain 14.551 6.010 7.9 26.4 0.763 2.093 168
France 8.848 0.740 7.1 10.4 –0.011 2.816 168

Croatia 13.187 2.745 7.9 18.0 –0.317 2.059 168
Italy 8.511 1.599 5.8 12.7 0.731 3.156 168
Cyprus 6.129 3.510 3.2 16.9 1.843 5.314 168
Latvia 12.470 3.891 5.6 20.8 0.081 2.508 168
Lithuania 12.049 4.374 4.1 18.4 –0.459 2.074 168

Luxembourg 4.226 1.158 1.8 6.1 –0.874 2.589 168
Hungary 8.017 2.118 5.5 11.4 0.371 1.558 168
Malta 6.873 0.504 6.0 8.0 0.355 2.329 168
Netherlands 4.198 1.123 2.5 7.0 0.532 2.774 168
Austria 4.389 0.516 3.4 5.5 –0.120 2.268 168

Poland 13.557 4.663 6.8 20.4 0.146 1.369 168
Portugal 9.430 3.692 4.1 17.5 0.585 2.478 168
Romania 7.012 0.579 5.6 8.6 –0.214 2.962 168
Slovenia 6.748 1.504 4.2 10.7 0.713 3.285 168
Slovakia 15.167 3.077 8.7 19.7 –0.179 1.970 168

Finland 8.239 0.885 6.2 10.0 –0.466 2.532 168
Sweden 7.075 1.036 4.9 9.3 0.012 1.835 168
United Kingdom 6.077 1.306 4.6 8.4 0.522 1.499 168

Source: author’s computations.



Appendix B

Stationarity Tests

Table B.1: Stationarity tests for differenced government debt

Variable ADF p-value KPSSF p-value KPSSTR p-value

Belgium –1.9541 0.5931 0.8912 0.0809 0.0764 > 0.1
Bulgaria –3.7865 0.0257 0.8098 < 0.01 0.1119 > 0.1
Czech Republic –2.0254 0.5643 0.1237 > 0.1 0.1255 0.0881
Denmark –2.2353 0.4797 0.2458 > 0.1 0.0827 > 0.1
Germany –2.9929 0.1744 0.0938 > 0.1 0.0874 > 0.1

Estonia –3.2436 0.0896 0.3406 > 0.1 0.0513 > 0.1
Ireland –1.1951 0.8989 0.6350 0.0195 0.1092 > 0.1
Greece –4.0923 0.0121 0.4970 0.0423 0.0515 > 0.1
Spain –2.0992 0.5346 0.7587 < 0.01 0.1219 0.0946
France –1.9186 0.6073 0.2526 > 0.1 0.0638 > 0.1

Italy –2.3876 0.4184 0.4767 0.0469 0.0416 > 0.1
Cyprus –2.6518 0.3119 0.3820 0.0849 0.1849 0.0217
Latvia –1.9401 0.5987 0.1271 > 0.1 0.0970 > 0.1
Lithuania –1.8382 0.6398 0.2563 > 0.1 0.0865 > 0.1
Luxembourg –4.1650 < 0.01 0.2951 > 0.1 0.0999 > 0.1

Hungary –3.8609 0.0221 0.1284 > 0.1 0.1219 0.0947
Malta –2.5936 0.3354 0.1104 > 0.1 0.0941 > 0.1
Netherlands –3.6469 0.0374 0.4470 0.0569 0.0626 > 0.1
Austria –3.7049 0.0325 0.1182 > 0.1 0.0511 > 0.1
Poland –2.7878 0.2571 0.0582 > 0.1 0.0575 > 0.1

Portugal –2.1683 0.5067 0.5399 0.0327 0.0820 > 0.1
Romania –1.9460 0.5963 0.3792 0.0861 0.1184 > 0.1
Slovenia –2.3046 0.4518 0.6266 0.0202 0.1466 0.0495
Slovakia –2.9842 0.1779 0.4918 0.0435 0.1293 0.0810
Finland –2.6441 0.3150 0.4212 0.0680 0.0636 > 0.1
Sweden –2.9975 0.1726 0.3221 > 0.1 0.0680 > 0.1
United Kingdom –1.7670 0.6684 0.4481 0.0564 0.1049 > 0.1

Source: author’s computations.



B. Stationarity Tests IX

Table B.2: Stationarity tests for differenced government deficit

Variable ADF p-value KPSST p-value

Belgium –4.7532 < 0.01 0.1032 > 0.1
Bulgaria –5.6895 < 0.01 0.0135 > 0.1
Czech Republic –5.2299 < 0.01 0.0243 > 0.1
Denmark –3.0311 0.1591 0.0724 > 0.1
Germany –3.3747 0.0690 0.0277 > 0.1

Estonia –4.9663 < 0.01 0.0172 > 0.1
Ireland –3.8310 0.0234 0.0431 > 0.1
Greece –5.5524 < 0.01 0.0349 > 0.1
Spain –1.7591 0.6716 0.0576 > 0.1
France –2.8860 0.2175 0.0906 > 0.1

Italy –5.9968 < 0.01 0.0249 > 0.1
Cyprus –4.4181 < 0.01 0.0570 > 0.1
Latvia –4.5309 < 0.01 0.0187 > 0.1
Lithuania –3.2713 0.0853 0.0314 > 0.1
Luxembourg –5.8028 < 0.01 0.0251 > 0.1

Hungary –5.9977 < 0.01 0.0235 > 0.1
Malta –5.6060 < 0.01 0.0380 > 0.1
Netherlands –3.4109 0.0634 0.0212 > 0.1
Austria –5.7707 < 0.01 0.0591 > 0.1
Poland –4.0804 0.0126 0.0460 > 0.1

Portugal –4.5582 < 0.01 0.0402 > 0.1
Romania –5.3080 < 0.01 0.0226 > 0.1
Slovenia –2.6767 0.3019 0.02931 > 0.1
Slovakia –3.2933 0.0818 0.0526 > 0.1
Finland –2.9789 0.1801 0.0188 > 0.1
Sweden –3.2137 0.0943 0.0238 > 0.1
United Kingdom –3.3324 0.0757 0.0747 > 0.1

Source: author’s computations.



B. Stationarity Tests X

Table B.3: A Stationarity tests for differenced export

Variable ADF p-value KPSST p-value

Belgium –3.3816 0.0681 0.0490 > 0.1
Bulgaria –5.2661 < 0.01 0.0496 > 0.1
Czech Republic –3.4448 0.0582 0.1106 > 0.1
Denmark –4.5463 < 0.01 0.0542 > 0.1
Germany –3.4804 0.0526 0.1041 > 0.1

Estonia –3.8101 0.0244 0.1167 > 0.1
Ireland –4.3578 < 0.01 0.3537 0.0971
Spain –3.4549 0.0566 0.4446 0.0579
France –4.8216 < 0.01 0.0886 > 0.1
Croatia –4.1525 < 0.01 0.0552 > 0.1

Italy –3.7642 0.0276 0.1173 > 0.1
Cyprus –3.7646 0.0276 0.2041 > 0.1
Latvia –2.5990 0.3333 0.1600 > 0.1
Lithuania –4.1920 < 0.01 0.0843 > 0.1
Luxembourg –4.2244 < 0.01 0.0727 > 0.1

Hungary –4.0361 0.0146 0.2072 > 0.1
Malta –3.7786 0.0264 0.0834 > 0.1
Netherlands –4.5197 < 0.01 0.1564 > 0.1
Austria –3.9559 0.0181 0.1459 > 0.1
Poland –3.5987 0.0414 0.1255 > 0.1

Portugal –3.2746 0.0849 0.3115 > 0.1
Romania –4.3107 < 0.01 0.1491 > 0.1
Slovenia –3.4407 0.0588 0.0850 > 0.1
Slovakia –3.4464 0.0579 0.0650 > 0.1
Finland –3.6705 0.0355 0.0525 > 0.1
Sweden –3.6327 0.0387 0.2148 > 0.1
United Kingdom –4.6539 < 0.01 0.0397 > 0.1

Source: author’s computations.

Table B.4: B Stationarity tests for differenced export

Variable KPSST p-value KPSSF p-value

Ireland 0.3537 0.0971 0.2724 > 0.1
Spain 0.4446 0.0579 0.3399 > 0.1

Source: author’s computations.



B. Stationarity Tests XI

Table B.5: Stationarity tests for GDP growth

Variable ADF p-value KPSSF p-value KPSSTR p-value

Belgium –3.5580 0.0448 0.1738 > 0.1 0.0613 > 0.1
Bulgaria –2.8342 0.2384 0.4407 0.0596 0.0907 > 0.1
Czech Republic –2.5940 0.3352 0.3702 0.0900 0.0985 > 0.1
Denmark –2.6334 0.3193 0.1563 > 0.1 0.0662 > 0.1
Germany –3.5156 0.0484 0.0449 > 0.1 0.0428 > 0.1

Estonia –2.6119 0.3280 0.2077 > 0.1 0.0688 > 0.1
Ireland –2.8772 0.2210 0.5611 0.0279 0.0696 > 0.1
Spain –3.7016 0.0328 0.6531 0.0178 0.0797 > 0.1
France –3.4896 0.0510 0.1890 > 0.1 0.0528 > 0.1
Croatia –2.6023 0.3318 0.6284 0.0201 0.0874 > 0.1

Italy –4.0918 0.0121 0.3389 > 0.1 0.0456 > 0.1
Cyprus –2.5746 0.3430 0.6179 0.0210 0.1694 0.0305
Latvia –2.2866 0.4591 0.2274 > 0.1 0.0872 > 0.1
Lithuania –2.6310 0.3203 0.2540 > 0.1 0.0744 > 0.1
Luxembourg –2.8683 0.2246 0.1594 > 0.1 0.0699 > 0.1

Hungary –4.3538 < 0.01 0.4866 0.0447 0.0982 > 0.1
Malta –4.9032 < 0.01 0.0612 > 0.1 0.0609 > 0.1
Netherlands –3.0195 0.1637 0.2158 > 0.1 0.0737 > 0.1
Austria –3.0610 0.1470 0.1184 > 0.1 0.0594 > 0.1
Poland –3.4501 0.0572 0.1564 > 0.1 0.1544 0.0430

Portugal –2.9742 0.1819 0.2848 > 0.1 0.0535 > 0.1
Romania –3.6168 0.0399 0.2902 > 0.1 0.0981 > 0.1
Slovenia –2.7916 0.2556 0.3608 0.0940 0.0686 > 0.1
Slovakia –2.4409 0.3969 0.2492 > 0.1 0.1030 > 0.1
Finland –3.0046 0.1697 0.2172 > 0.1 0.0533 > 0.1
Sweden –3.4629 0.0552 0.0791 > 0.1 0.0524 > 0.1
United Kingdom –3.1279 0.1200 0.2564 > 0.1 0.0840 > 0.1

Source: author’s computations.



B. Stationarity Tests XII

Table B.6: Stationarity tests for differenced inflation

Variable ADF p-value KPSST p-value

Belgium –4.3297 < 0.01 0.0600 > 0.1
Bulgaria –4.7767 < 0.01 0.1378 > 0.1
Czech Republic –4.6434 < 0.01 0.0538 > 0.1
Denmark –4.7641 < 0.01 0.1067 > 0.1
Germany –5.5161 < 0.01 0.0973 > 0.1

Estonia –3.8654 0.0173 0.0778 > 0.1
Ireland –4.0885 < 0.01 0.1111 > 0.1
Greece –5.1195 < 0.01 0.1535 > 0.1
Spain –4.1796 < 0.01 0.1326 > 0.1
France –4.7399 < 0.01 0.1067 > 0.1

Croatia –4.7659 < 0.01 0.0595 > 0.1
Italy –3.7778 0.0216 0.1527 > 0.1
Cyprus –5.1063 < 0.01 0.0660 > 0.1
Latvia –3.2565 0.0805 0.1586 > 0.1
Lithuania –3.4402 0.0050 0.1215 > 0.1

Luxembourg –4.5887 < 0.01 0.1600 > 0.1
Hungary –4.9226 < 0.01 0.0613 > 0.1
Malta –4.8476 < 0.01 0.0260 > 0.1
Netherlands –4.4208 < 0.01 0.1146 > 0.1
Austria –5.0056 < 0.01 0.0910 > 0.1

Poland –4.2236 < 0.01 0.0898 > 0.1
Portugal –4.5942 < 0.01 0.0943 > 0.1
Romania –5.2500 < 0.01 0.1770 > 0.1
Slovenia –5.0148 < 0.01 0.0619 > 0.1
Slovakia –5.8556 < 0.01 0.0467 > 0.1

Finland –5.1744 < 0.01 0.1063 > 0.1
Sweden –5.5925 < 0.01 0.1761 > 0.1
United Kingdom –5.8577 < 0.01 0.0720 > 0.1

Source: author’s computations.



B. Stationarity Tests XIII

Table B.7: Stationarity tests for differenced interest rates

Variable ADF p-value KPSST p-value

Belgium –4.7364 < 0.01 0.0766 > 0.1
Czech Republic –4.7567 < 0.01 0.0739 > 0.1
Denmark –5.2693 < 0.01 0.0570 > 0.1
Germany –5.7576 < 0.01 0.0509 > 0.1
Ireland –3.3562 0.0646 0.1487 > 0.1

Greece –3.5404 0.0412 0.1289 > 0.1
Spain –4.6450 < 0.01 0.1185 > 0.1
France –5.7706 < 0.01 0.0492 > 0.1
Italy –4.9607 < 0.01 0.0902 > 0.1
Cyprus –4.1036 < 0.01 0.3023 > 0.1

Latvia –3.7195 0.0249 0.1974 > 0.1
Lithuania –4.0060 0.0109 0.0809 > 0.1
Luxembourg –4.7179 < 0.01 0.1475 > 0.1
Hungary –4.8577 < 0.01 0.0778 > 0.1
Malta –5.8055 < 0.01 0.1199 > 0.1

Netherlands –5.2593 < 0.01 0.0616 > 0.1
Austria –5.6282 < 0.01 0.0724 > 0.1
Poland –3.9515 0.0136 0.1170 > 0.1
Portugal –3.1263 0.1074 0.1978 > 0.1
Slovenia –5.2901 < 0.01 0.3105 > 0.1

Slovakia –4.7783 < 0.01 0.1242 > 0.1
Finland –5.3960 < 0.01 0.0625 > 0.1
Sweden –5.5711 < 0.01 0.0455 > 0.1
United Kingdom –6.0553 < 0.01 0.0517 > 0.1

Source: author’s computations.



B. Stationarity Tests XIV

Table B.8: A Stationarity tests for differenced unemployment

Variable ADF p-value KPSST p-value KPSSF p-value

Belgium –5.2018 < 0.01 0.0456 > 0.1 0.0669 > 0.1
Bulgaria –3.2246 0.0861 0.7453 < 0.01 0.3118 > 0.1
Czech Republic –3.0174 0.1517 0.2464 > 0.1 0.1228 > 0.1
Denmark –3.7574 0.0228 0.2229 > 0.1 0.1448 > 0.1
Germany –2.6696 0.2968 1.1150 < 0.01 0.4393 0.0602

Estonia –2.9319 0.1874 0.2882 > 0.1 0.1322 > 0.1
Ireland –2.0957 0.5364 0.4625 0.0502 0.2183 > 0.1
Greece –2.0536 0.5539 2.4242 < 0.01 0.9175 < 0.01
Spain –1.7665 0.6737 1.4927 < 0.01 0.5607 0.0278
France –3.3614 0.0633 0.4101 0.0728 0.2419 > 0.1

Croatia –6.0075 < 0.01 0.6321 0.0197 0.5033 0.0409
Italy –4.5693 < 0.01 1.9803 < 0.01 0.9796 < 0.01
Cyprus –3.2304 0.0851 1.8843 < 0.01 0.8569 < 0.01
Latvia –2.1648 0.5075 0.3272 > 0.1 0.1269 > 0.1
Lithuania –2.6200 0.3175 0.3957 0.0790 0.1646 > 0.1

Luxembourg –2.9291 0.1885 0.1789 > 0.1 0.0855 > 0.1
Hungary –2.2450 0.4740 0.4241 0.0668 0.2281 > 0.1
Malta –5.1555 < 0.01 0.0400 > 0.1 0.0575 > 0.1
Netherlands –2.7567 0.2605 0.5819 0.0243 0.2491 > 0.1
Austria –4.9005 < 0.01 0.0658 > 0.1 0.0582 > 0.1

Poland –2.2035 0.4914 0.7316 0.0107 0.2789 < 0.01
Portugal –2.2385 0.4767 0.1749 > 0.1 0.0939 > 0.1
Romania –4.8008 < 0.01 0.0551 > 0.1 0.0436 > 0.1
Slovenia –4.5698 < 0.01 0.4423 0.0589 0.3489 0.0992
Slovakia –3.5967 0.0357 0.3348 > 0.1 0.1677 > 0.1

Finland –3.0998 0.1173 0.5934 0.0232 0.2396 > 0.1
Sweden –4.0760 < 0.01 0.0734 > 0.1 0.0542 > 0.1
United Kingdom –3.3081 0.0722 0.3470 > 0.1 0.1877 > 0.1

Source: author’s computations.

Table B.9: B Stationarity tests for differenced unemployment

Variable PP p-value

Germany –80.9202 < 0.01
Greece –182.1575 < 0.01
Spain –48.0312 < 0.01
Croatia –37.1367 < 0.01
Italy –301.3053 < 0.01
Cyprus –185.8300 < 0.01

Source: author’s computations.



Appendix C

Normality Tests

Table C.1: Normality tests for differenced & detrended gov. debt

Variable SW p-value JB p-value

Belgium 0.9768 0.3536 1.2050 0.5474
Bulgaria 0.9022 < 0.01 21.0945 < 0.01
Czech Republic 0.9633 0.0863 3.9928 0.1358
Denmark 0.9150 < 0.01 46.8464 < 0.01
Germany 0.7541 < 0.01 424.1660 < 0.01

Estonia 0.8353 < 0.01 159.0105 < 0.01
Ireland 0.9537 0.0314 10.6964 < 0.01
Greece 0.5539 < 0.01 2109.0410 < 0.01
Spain 0.9829 0.6099 2.9148 0.2328
France 0.9888 0.8800 0.1858 0.9113

Italy 0.9907 0.9424 0.0451 0.9777
Cyprus 0.9346 < 0.01 21.3610 < 0.01
Latvia 0.7181 < 0.01 208.6598 < 0.01
Lithuania 0.9292 < 0.01 14.2995 < 0.01
Luxembourg 0.6381 < 0.01 215.4896 < 0.01

Hungary 0.9209 < 0.01 31.4527 < 0.01
Malta 0.9886 0.8733 0.1439 0.9306
Netherlands 0.7297 < 0.01 749.8018 < 0.01
Austria 0.9267 < 0.01 23.7390 < 0.01
Poland 0.9874 0.8246 0.7940 0.6723

Portugal 0.8720 < 0.01 103.2264 < 0.01
Romania 0.9612 0.0691 2.4230 0.2977
Slovenia 0.9296 < 0.01 14.5668 < 0.01
Slovakia 0.9885 0.8698 0.0923 0.9549
Finland 0.9631 0.0845 1.6179 0.4453
Sweden 0.9699 0.1731 3.1616 0.2058
United Kingdom 0.9296 < 0.01 12.8387 < 0.01

Source: author’s computations.
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Table C.2: Normality tests for differenced government deficit

Variable SW p-value JB p-value

Belgium 0.8712 < 0.01 4.5915 0.1007
Bulgaria 0.9495 0.0218 6.5254 0.0383
Czech Republic 0.9564 0.0444 7.4127 0.0246
Denmark 0.9723 0.2340 1.8381 0.3989
Germany 0.9739 0.2739 1.1504 0.5626

Estonia 0.9668 0.1321 2.9303 0.2310
Ireland 0.8844 < 0.01 33.131 < 0.01
Greece 0.9144 < 0.01 56.5715 < 0.01
Spain 0.9636 0.0943 1.6757 0.4326
France 0.8693 < 0.01 6.0636 0.0482

Italy 0.9717 0.2185 1.4003 0.4965
Cyprus 0.9778 0.4009 0.9916 0.6091
Latvia 0.9727 0.2433 0.1864 0.9110
Lithuania 0.9393 < 0.01 3.7348 0.1545
Luxembourg 0.9827 0.6089 1.6215 0.4445

Hungary 0.6799 < 0.01 439.5586 < 0.01
Malta 0.9897 0.9191 0.1688 0.9191
Netherlands 0.9875 0.8347 0.5594 0.7560
Austria 0.9680 0.1488 2.8559 0.2398
Poland 0.9884 0.8726 0.2773 0.8705

Portugal 0.9839 0.6666 0.7559 0.6853
Romania 0.9417 0.0101 9.3305 < 0.01
Slovenia 0.4876 < 0.01 2614.5740 < 0.01
Slovakia 0.9645 0.1038 3.3616 0.1862
Finland 0.8955 < 0.01 5.6768 0.0585
Sweden 0.8905 < 0.01 5.8431 0.0539
United Kingdom 0.9496 0.0221 3.4318 0.1798

Source: author’s computations.
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Table C.3: Normality tests for differenced export

Variable SW p-value JB p-value

Belgium 0.7570 < 0.01 317.5260 < 0.01
Bulgaria 0.8687 < 0.01 110.8817 < 0.01
Czech Republic 0.9612 0.0776 6.1071 0.0472
Denmark 0.9670 0.1426 8.3266 0.0156
Germany 0.9056 < 0.01 43.1408 < 0.01

Estonia 0.9337 < 0.01 19.1337 < 0.01
Ireland 0.9842 0.6933 1.2798 0.5273
Spain 0.9686 0.1666 4.3945 0.1111
France 0.9077 < 0.01 32.7894 < 0.01
Croatia 0.9798 0.4910 0.8635 0.6494

Italy 0.8443 < 0.01 160.3722 < 0.01
Cyprus 0.9809 0.5399 1.1494 0.5629
Latvia 0.9634 0.0974 2.3828 0.3038
Lithuania 0.9827 0.6201 1.5625 0.4578
Luxembourg 0.9625 0.0896 12.6872 < 0.01

Hungary 0.9809 0.5388 0.7295 0.6944
Malta 0.9804 0.5195 0.6676 0.7162
Netherlands 0.8804 < 0.01 34.1513 < 0.01
Austria 0.7877 < 0.01 144.2227 < 0.01
Poland 0.9846 0.7105 0.2094 0.9006

Portugal 0.8564 < 0.01 72.2456 < 0.01
Romania 0.9804 0.5176 0.7430 0.6897
Slovenia 0.8767 < 0.01 70.2571 < 0.01
Slovakia 0.9703 0.1992 2.8093 0.2455
Finland 0.9521 0.0308 9.6517 < 0.01
Sweden 0.9935 0.9921 0.2071 0.9016
United Kingdom 0.9193 0.0014 54.1059 < 0.01

Source: author’s computations.



C. Normality Tests XVIII

Table C.4: Normality tests for detrended GDP growth

Variable SW p-value JB p-value

Belgium 0.8470 < 0.01 91.2481 < 0.01
Bulgaria 0.5960 < 0.01 1088.5340 < 0.01
Czech Republic 0.9061 < 0.01 63.3352 < 0.01
Denmark 0.9797 0.4733 2.8272 0.2433
Germany 0.8136 < 0.01 260.0427 < 0.01

Estonia 0.8162 < 0.01 198.4657 < 0.01
Ireland 0.9693 0.1719 2.1407 0.3429
Spain 0.9017 < 0.01 28.3368 < 0.01
France 0.8641 < 0.01 68.9143 < 0.01
Croatia 0.6542 < 0.01 1213.4000 < 0.01

Italy 0.8296 < 0.01 202.1357 < 0.01
Cyprus 0.9793 0.4595 1.0020 0.6059
Latvia 0.7914 < 0.01 113.7988 < 0.01
Lithuania 0.5375 < 0.01 2206.2260 < 0.01
Luxembourg 0.9231 < 0.01 20.3124 < 0.01

Hungary 0.8473 < 0.01 85.2863 < 0.01
Malta 0.9772 0.3767 2.6276 0.2688
Netherlands 0.9621 0.0805 8.6131 0.0135
Austria 0.9071 < 0.01 28.1411 < 0.01
Poland 0.9846 0.7017 0.8668 0.6483

Portugal 0.9872 0.8233 0.7883 0.6743
Romania 0.9200 < 0.01 55.1756 < 0.01
Slovenia 0.8435 < 0.01 106.9128 < 0.01
Slovakia 0.6440 < 0.01 826.2369 < 0.01
Finland 0.7921 < 0.01 344.2329 < 0.01
Sweden 0.8976 < 0.01 51.5685 < 0.01
United Kingdom 0.8405 < 0.01 66.5465 < 0.01

Source: author’s computations.
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Table C.5: Normality tests for differenced inflation

Variable SW p-value JB p-value

Belgium 0.9541 < 0.01 55.7149 < 0.01
Bulgaria 0.9700 < 0.01 26.2738 < 0.01
Czech Republic 0.9394 < 0.01 120.1541 < 0.01
Denmark 0.9849 0.0477 1.6145 0.4461
Germany 0.9833 0.0284 2.1789 0.3364

Estonia 0.9617 < 0.01 60.6862 < 0.01
Ireland 0.9766 < 0.01 8.8285 0.0121
Greece 0.9770 < 0.01 8.6718 0.0131
Spain 0.9218 < 0.01 212.4552 < 0.01
France 0.9790 < 0.01 12.4094 < 0.01

Croatia 0.9873 0.1024 3.5895 0.1662
Italy 0.9408 < 0.01 77.8827 < 0.01
Cyprus 0.9871 0.0951 3.5507 0.1694
Latvia 0.9846 0.0423 6.2051 0.0449
Lithuania 0.9779 < 0.01 4.3596 0.1131

Luxembourg 0.9757 < 0.01 13.5654 < 0.01
Hungary 0.9711 < 0.01 28.2962 < 0.01
Malta 0.9843 0.0397 6.4987 0.0388
Netherlands 0.9139 < 0.01 248.1458 < 0.01
Austria 0.9755 < 0.01 2.7493 0.2529

Poland 0.9795 < 0.01 9.3331 < 0.01
Portugal 0.9669 < 0.01 36.2432 < 0.01
Romania 0.8310 < 0.01 405.6571 < 0.01
Slovenia 0.9821 0.0199 3.0384 0.2189
Slovakia 0.6105 < 0.01 6249.0470 < 0.01

Finland 0.9655 < 0.01 38.2853 < 0.01
Sweden 0.9828 0.0245 6.7355 0.0345
United Kingdom 0.9831 0.0264 2.8935 0.2353

Source: author’s computations.
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Table C.6: Normality tests for differenced interest rates

Variable SW p-value JB p-value

Belgium 0.9804 0.0351 8.4720 0.0145
Czech Republic 0.9909 0.4673 1.5343 0.4643
Denmark 0.9920 0.5834 1.0049 0.6050
Germany 0.9910 0.4818 0.6611 0.7185
Ireland 0.7770 < 0.01 1927.2560 < 0.01

Greece 0.6329 < 0.01 3282.3590 < 0.01
Spain 0.9572 < 0.01 41.0756 < 0.01
France 0.9936 0.7686 0.5929 0.7435
Italy 0.9298 < 0.01 151.4632 < 0.01
Cyprus 0.4751 < 0.01 3005.0940 < 0.01

Latvia 0.6882 < 0.01 1641.9450 < 0.01
Lithuania 0.3983 < 0.01 10070.38 < 0.01
Luxembourg 0.9833 0.0730 8.8902 0.0117
Hungary 0.9558 < 0.01 63.9704 < 0.01
Malta 0.9322 < 0.01 100.8798 < 0.01

Netherlands 0.9940 0.8107 0.4785 0.7872
Austria 0.9915 0.5283 1.0376 0.5952
Poland 0.9873 0.2019 2.9960 0.2236
Portugal 0.9224 < 0.01 36.7762 < 0.01
Slovenia 0.8389 < 0.01 453.0033 < 0.01

Slovakia 0.9390 < 0.01 60.5605 < 0.01
Finland 0.9938 0.7872 0.7448 0.6891
Sweden 0.9834 0.0751 4.4441 0.1084
United Kingdom 0.9831 0.0698 10.7843 < 0.01

Source: author’s computations.



C. Normality Tests XXI

Table C.7: Normality tests for differenced unemployment

Variable SW p-value JB p-value

Belgium 0.9504 < 0.01 20.8909 < 0.01
Bulgaria 0.9573 < 0.01 20.5819 < 0.01
Czech Republic 0.9430 < 0.01 35.7343 < 0.01
Denmark 0.9567 < 0.01 8.4100 0.0149
Germany 0.9000 < 0.01 2.7428 0.2537

Estonia 0.9814 0.0246 4.5131 0.1047
Ireland 0.8899 < 0.01 178.2382 < 0.01
Greece 0.8939 < 0.01 68.9286 < 0.01
Spain 0.9010 < 0.01 83.8925 < 0.01
France 0.9308 < 0.01 1.7746 0.4118

Croatia 0.9325 < 0.01 53.8431 < 0.01
Italy 0.9329 < 0.01 10.7663 < 0.01
Cyprus 0.9722 < 0.01 1.6424 0.4399
Latvia 0.5795 < 0.01 1427.1020 < 0.01
Lithuania 0.9319 < 0.01 17.4909 < 0.01

Luxembourg 0.9121 < 0.01 1.1781 0.5549
Hungary 0.8926 < 0.01 111.2621 < 0.01
Malta 0.9499 < 0.01 0.9478 0.6226
Netherlands 0.9206 < 0.01 1.5417 0.4626
Austria 0.9218 < 0.01 70.0815 < 0.01

Poland 0.9638 < 0.01 4.6474 0.0979
Portugal 0.9636 < 0.01 1.3774 0.5022
Romania 0.8344 < 0.01 734.9276 < 0.01
Slovenia 0.9553 < 0.01 8.1701 0.0168
Slovakia 0.9518 < 0.01 24.2285 < 0.01

Finland 0.8191 < 0.01 46.2235 < 0.01
Sweden 0.9670 < 0.01 15.7347 < 0.01
United Kingdom 0.8998 < 0.01 9.7512 < 0.01

Source: author’s computations.



Appendix D

Content of Enclosed CD

There is a CD enclosed to this thesis which contains empirical data and R

project source codes.

• Folder 1: Empirical data

• Folder 2: R source codes

R
project
R
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