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Spatial Econometric Modelling of Regional Club
Convergence in the European Union®
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Abstract

This paper focuses on the testing of income coewvesr of the EU regions
using both non-spatial and spatial approaches. Thain motivation for
this analysis was the fact that the classical ineccnnvergence models suffer
from a misspecification due to omitted spatial dejmnce among regions. Our
empirical results provide support for the absolbigta-convergence modelling
from spatial econometric perspective in our sangl@52 NUTS 2 regions over
the period 2000 — 2011. Another serious findinth&t the assumption of a sin-
gle steady-state for all regions often mismatchik the reality. The club spa-
tial beta-convergence models we found to be moprogpiate for analysed
data.

Keywords: beta-convergence, club convergence, spatial ecommmaodels,
NUTS 2 regions

JEL Clasification: C21, R11

Introduction

During the last decades the issue of the regimmtalme convergence in the
European Union (EU) has become an important relsesmea, since it is com-
monly known that deepening and widening of thegra&on process is accom-
panied by the problem of regional disparities aodvergence. “The economic
and social development of the Union as a wholethadalanced development
of its regions” (EC, 2012, p. 133), “reducing o$plarities between the levels of
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development of the various regions and the backwessl of the least favoured
regions” (EC, 2012, p. 127), “achieving balancednemic growth* (EC, 2012,
p. 349) are some of the main goals of the EU.

Concerning the issue of regional income convergém¢he EU, which deals
with the question whether poor economies catcheupvéalthier economies,
wide range of empirical research on internatiomaljonal, state, county and
urban level has been conducted based on diffemarbaches (for an extensive
survey see e.g. Rey and Janikas, 2005). Although,denerally accepted that
regions with high economic growth are geographjcttaway from those with
a slow growth performance, majority of earlier mgil income convergence
studies does not consider the spatial aspect. Tolelgm of possibly biased
results and hence misleading conclusions with usingon-spatial empirical
analyses that have ignored the influence of spéitation on the process of
growth is pointed out by e.g. Carrington (2003)ngteton and Lépez-Bazo
(2006) and Paas et al. (2007).

In general the treatment of space in the growthlysrs can be considered
based on the distinction between the absolute aladive location. As men-
tioned by Abreu et al. (2005b), absolute locatigpresses the impact of being
located at a particular point in space and reldtieation reflects the impact of
being located closer or further away from anotlegiian, i.e. important is the
position of a region relative to another regiod(Byom the studies dealing with
the European regional convergence, income dispa@nd spillovers taking into
account spatial pattern we can mention e.g. Baurabiad. (2001), Paas et al.
(2007), Fischer and Stirbdck (2004), Debarsy andrER006), Paas and Schlitte
(2009), Feldkircher (2006), Battisti and DiVaio (&), Ramajo et al. (2005),
Chocholatd and Furkova (2015).

The aim of this paper is to verify the hypotheskabsolute and club income
convergence of the EU regions for the period 20@0H. using both non-spatial
and spatial approaches. GDP per capita in Euro WTS 2 (Nomenclature
of Units for Territorial Statistics) EU regions used as a proxy for the income
level of individual regions. The empirical evidenfme the absolute and also
the club convergence modelling with respect to gmplgjcal proximity of
the regions is out of the mainstream of regionabime convergence modelling.
Due to this reason and the scarce empirical evalefthe spatial convergence
modelling, we regard our empirical evidence as rardmution to the discussion
and to the empirical literature of the spatial cengence modelling at the
regional level.

2 The rest of the paper will concentrate on thetiraddocation.
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The rest of the paper is organized as followsti@ecl deals with general
specification of regional income convergence, sec is devoted to spatial
aspects of analysis, section 3 provides a desmnif the data, estimation re-
sults are presented and interpreted in sectiord4ranlast section concludes.

1. General Specification of Regional Income Convergence

In the literature we can distinguish three hypeéiseconcerning the regional
income convergence: the absolute (unconditionativegence hypothesis, the
conditional convergence hypothesis and the clutvexgence hypothesis (see
e.g. Galor, 1996; Paas et al., 2007; ava et al., 2010). The absolute (uncon-
ditional) convergence hypothesis is based on nssiclal growth theory and
assumes the convergence of all regions to the semgeie and globally stable
steady state equilibrium independently of theitiahiconditions. Concerning the
hypothesis of conditional convergence it is supgdbkat the equilibrium differs
by region and each region can approach its owmnbigiue equilibrium. Models
of conditional convergence include the explanat@wables that enable to cap-
ture different initial conditions. In case of clabnvergence hypothesis the re-
gions converge to steady state club equilibriuregi@ns with similar structural
characteristics and initial factors create “club&his hypothesis allows multi-
plicity of equilibriums and coexistence of sevestdady states (Paas et al., 2007;
Debarsy and Ertur, 2006).

The empirical analysis is mostly concentrated estiig the validity of in-
come convergence hypotheses based on the so-gatledvergence (catching
up in per capita income levels). Also other measofeconvergence can be used,
e.g.o-convergence answering the question whether theseectional dispersion
of per capita incomes is becoming more equitableaamvergence dealing with
changes in the rankings of relative per capitanme¢Ramajo et al., 2005). Since
these measures are less appropriate to the questisessed in this paper, we
will furthermore deal only with thg-convergence framework (Arbia, 2006).

The analysis off-convergence is usually based on the cross-couvedigh
growth regression model suggested by Mankiw g1892) and Barro and Sala-
-i-Martin (1995):

1 [ VYir . 2
—In| — |= + & & ~1id|(0, o 1
T [yloj :ul,O,T i i ( 5) ()

where y, , and y, are the per capita incomes of the regi¢n=1, 2, ...,N) in

the base year 0 and in the final y&arespectively.
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The growth rate of theth region per capita income in the peri(mi,T) is

given byin (hj whereT denotes also the number of periods for which we

Yio
have data andll is the number of regions in the data set. Symfaol ; repre-
sents the systematic component of the model giwethé following formula
(Arbia, 2006):

1—ebT
M or =0 = @In(yﬁo) 2)

where
b - the speed of convergence,
& — a random disturbance term reflecting e.g. unetgoechanges in production

conditions.

Concerning the formula (2), the model (1) candwritten as follows:

o2 o= () o amisfor) @

Model (3) can be estimated either by nonlineastlsguares or alternatively

In(1+ B3)
—1

after reparameterizings = —(1—e"’T), i.e. b=- and a=Ta' with

ordinary least squares (OLS). In this context Abe¢wal. (2005a) pointed out
that there are no appreciable statistical discreipanbetween these methods.
The reparameterized version of model (3) is agvast

In(h}:a + Bin(y,) + & & ~iid(0,0?) )

Yio
wherea andg are unknown parameters.

The absolute convergence hypothesis can be accépthe estimateds
parameter is statistically significant and negativgch indicates not only that
poor regions grow faster than the rich ones, kaa tiat they all converge to the
same level of per capita income (Arbia, 2006).

Besides the speed of convergebcalso the second indicator for judging the
convergence of economy, the so called half-lifeetity,_,,, = % can be
calculated. The half-life time represents the timat it takes for half of the ini-
tial gap in the per capita income to be eliming#dbia, 2006).
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The conditional g-convergence hypothesis incorporates the variables
Xiior Xoi o - %i 0 Which enable the differentiation of the regionsl aiso

to capture different initial conditions, e.g. pagtibn growth rates, development
of foreign trade, degree of political instabilistock of the human capital, tech-
nologies, etc.:

Yi
In[ij =a+ ,Bln(yi,o) X0t Ve Xg ot e T UK 0T G

Yio
¢ ~iid(0, o?) (5)
wherea, g and y; (j=1, 2,..,k) are parameters assumed to be constant

across regions ang is a random disturbance term.

Concerning the club convergence hypothesis, Dglard Ertur (2006) dis-
tinguish between exogenous and endogenous waytefntieation of conver-
gence clubs. Firstly, they mention various critars®ed to create clubs exoge-
nously, e.g. the belonging to a geographical zanghoosing of threshold levels
of per capita GDP. On the other hand they alsoepites survey of several meth-
ods which can be used to endogenize the determmafi clubs. In this paper
the clubs will be created in exogenous way baseth@initial income levels.

Models presented above are based on the faced#udt region is treated as
a geographically independent entity without anytispanteractions. Since it is
clear that each region is likely to interact wits meighbouring regions, during
the last years these models have been modifiedder do capture the spatial
effects. Although literature distinguishes two slagffects, namely spatial auto-
correlation and spatial heterogeneity, it is natyet® determine whether the spa-
tial effects are in the form of spatial autocortiela or spatial heterogeneity.

Since our main aim is to test the club convergdngmthesis is convenient
to mention some studies dealing with the eviderfcedtiple convergence re-
gimes. From the studies taking into account théiapzontext can be mentioned
e.g. Baumont et al. (2002) who focused on Europegional convergence pro-
cess considering convergence clubs among regiommsgdli980 — 1995 period.
The estimation of the appropriate spatial regintesws that the convergence
process is different across regimes. Fischer aimddgk (2004) analysed and
confirmed the club-convergendg/pothesis for 256 regions of the European
countries during the period 1995 — 2000. Ramajale(2005) estimated the
speed of convergence for a sample of 163 regiontfieofEU over the period
1981 — 1996. They identified two regimes (Cohesaod non-Cohesion coun-
tries) and proved a faster convergence in reldtigceme levels of the regions
belonging to Cohesion countries (5.3%) than inrdst of the regions of the EU
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(3.3%). Debarsy and Ertur (2006) investigated coysece processes in the
context of the enlargement of the EU to new merskees over the period 1993
— 2002 concerning the two spatial convergence cliibsy identified conver-
gence process in the group of “West” regions wieetkay did not find any con-
vergence process in the “East” spatial regime.

2. Spatial Aspects of Analysis

One of the crucial spatial effects is the spagsiatocorrelation. Although,
there exist many definitions of spatial autocottiets commonly known in this
context is the Tobler's first law of geography: H#ything is related to every-
thing else, but near things are more related thatart things” (see Tobler,
1970, p. 234). The ternspatial autocorrelatiohwas first developed in a statis-
tical framework by Cliff and Ord (1969) and canibegeneral characterized as
the correlation of a variable with itself throughase, i.e. the data from one re-
gion may influence the data from some other redioough spatial spillover
effects. The spatial interactions among regionspeeified by the spatial weight
matrix W of dimension ll x N), whereN is the number of regions in the data
set. The simplest and most commonly used is théguoty matrix W. Besides
this specification we can meet with the distanceebdaweights, combination of
contiguity and distance, ranked distandesiearest neighbours, etc. (for some
other schemes see e.g. Getis, 2010).

Spatial heterogeneity, on the other hand, canob&aled for e.g. by allow-
ing cross-region parameter variation in the formvafious spatial regimes
(clubs). In such a case the convergence procegsexfsts, could differ across
the considered clubs (Ramajo et al., 2005). Anofftessibility to capture the
region heterogeneity is to use the region dummies.

In order to examine the spatial structure of thdaulying data and to check
whether spatial patterns exist, the Exploratoryti@pBata Analysis (ESDA) can
be used. Besides mapping of observed values, tpianéips etc. also various
tests of spatial autocorrelation can be used. Tteste can be differentiated by
the scope of analysis into global and local categoiGlobal statistics provide
a measurement of the global spatial autocorrelati@nsingle value which ap-
plies to the entire data set, but they fail to aepthe local spatial pattern. Local
statistics usually assess the spatial autocomeldtr individual spatial units
(regions). The Local Indicators of Spatial Assdoiat(LISA) were published
by Anselin (1995) and are especially useful fomidfging of spatial clusters.
The most well-known and commonly used statisties the global and local
Moran’s| statistic (see e.g. Fischer and Getis, 2010).
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Concerning the econometric models, it is also s&agy to deal with the
problem of spatial autocorrelation in order to avpobssibly biased results and
hence misleading conclusions. After estimationhefmodel (4) or (5) using the
OLS, the spatial diagnostic statistics (e.g. theavis|), which indicate whether
there is spatial autocorrelation in the residusti@uld be calculated. In case that
the spatial autocorrelation is present, the Lageavgltiplier (LM) tests can be
used in order to decide whether a spatial autossye (SAR) or a spatial error
(SEM) model of spatial dependence is the most ggujate. If both statistics are
significant, robust modifications of these statistshould be used (see Arbia,
2006; Paas et al., 2007). Regarding the speciitat the SAR and SEM models,
it is not adequate to use the OLS method but hetbet models can be estimated
by the maximum likelihood (ML) method (for more did of ML procedure for
spatial models see e.g. Viton, 2010).

2.1. Spatial Autoregressive Model and Spatial Error Model

Model SAR, known also as spatial lag model, israppate if spatial auto-
correlation among neighbouring regions exists,ifi.the growth rate in a region
is related to those of its surrounding regions dmrdng on the initial level of
per capita income. In this case fheonvergence model (4) can be modified as
follows:

|n(ﬁj = a + Bin(y,) + p;wj[m[%ﬁ +¢, ¢ ~iid(0,0?) ()

yi,o j.0

where
p —the scalar spatial autoregressive parameter,

w; — the elements of matri% describing the structure and intensity of spafiglots,
¢, —arandom disturbance term and all other tererg\previously defined.

The model SEM is appropriate when it is suppokatithe spatial autocorre-
lation exists in the error term. In such a casenbe-spatial model (4) can be
modified as follows:

where
A — a scalar spatial error coefficient expressheyintensity of spatial autocorrela-
tion between regression residuals,
$ — arandom disturbance term.
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3. Data

The data used in this study were retrieved froemElrostat database (Gen-
eral and Regional Statistics). The explanatoryaldei is initial GDP per capita
(defined at current market prices in Euro) in 200@; dependent variable is the
growth rate from 2000 to 2011, both variables aqgressed in logarithms. Our
data set covers 252 NUTS 2 EU regions in 26 coestover the 2000 — 2011
period: Austria (9), Belgium (11), Bulgaria (6), é&h Republic (8), Germany
(38), Denmark (5), Estonia (1), Greece (9), Spab),(Finland (4), France (21),
Croatia (2), Hungary (7), Ireland (2), Italy (1®gatvia (1), Lithuania (1)l_ux-
embourg (1), Netherland (12), Poland (16), Port{§al Romania (8), Sweden
(8), Slovenia (2), Slovakia (4), United Kingdom Y3We considered NUTS 2
regions of EU corresponding to actual state in 2@idwever, it is necessary to
mention that the original data set contained 2'gores of 28 EU countries, but
due to the possible problems with isolated regiwashad to exclude 20 island
regions of Cyprus, Malta, France, Finland, SpaireeBe, Portugal and Italy.
These isolated regions were identified followinge thonnectivity histogram
based on the binary contiguity weight matrix of euease definition of neigh-
bours in which two units are considered as neighbduhey share any part of
a common border. This form of the spatial weightirirawas used in whole
analysis in order to capture spatial structurenaflysed regions.

The time span 2000 — 2011 was chosen becauseweeeeno reliable data
available for all analysed regions before 2000taedyear 2011 was the last year
of published statistics by Eurostat. The whole ysialwas carried out in the
software GeoDa (Geographic Data Analysis). Theesponding shapefile (.shp)
for Europe was downloaded from the web page of &ataand thereafter 252
NUTS 2 regions were selected in GeoDa.

4. Empirical Results

In this section we used Exploratory Spatial Datsalfsis, cross-sectional
non-spatial and spatial convergence econometricefaodriefly described in
previous parts in order to test absolute and carivergence of per capita GDP
hypotheses. The examination of the existence ofcppita GDP convergence
clubs is considered to be the main goal of ounstud

As the recent growth theories and empirical ressiliggest that the distribu-
tion of income per capita of countries (regionsyrdeplay convergence clubs;
the main aim of this paper is to test the club evgence hypothesis using both
non-spatial and spatial approaches. Our empiriaa pegins with the spatial
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dependence analysis of the per capita GDP grow#) ra. we try to evaluate
the fact that the per capita GDP growth rate in mwon may be associated
with the growth rate in neighbouring regions andctmfirm the existence of
spatial clustering. The main tool for this analysire global Moran’s$ statistic
(for formula see e.g. Viton, 2010) and local Mogahstatistic (for formula see
e.g. Feldkircher, 2006) based on a spatial weighttimW which was specified
as a binary contiguity weight matrix of queen cdsenition of neighbours. The
calculated value of global Moranlsstatistic was 0.8173 and it shows the exist-
ence of a strong positive spatial autocorrelatioocgss, confirming the visual
impression of spatial clustering given by the LISKister map based on local
Moran statistic (see Figure 1). The LISA clusterpnamables us to assess the
sign of spatial association of per capita GDP ghovates in different regions.
This map shows that there is a clear associatidrighf— high values in most of
regions of post-communist countries. On the otlardhlow — low values are
significant mainly in regions of United Kingdom. &high — highandlow —
low locations (positive local spatial autocorrelatiang typically referred to as
spatial clusters. Our analysis indicates positpatial association of 80 regions
(42 regions withhigh — high association and 38 regions witw — low associa-
tion), which means that similar values of per @a@DP growth rates tend to
cluster in space and the per capita GDP growthinatsme region is associated
with the growth rate in neighbouring regions. LIS#fap also provide us infor-
mation about so-called spatial outliers, i.e. lingh — low andlow — high loca-
tions (negative local spatial autocorrelation). ¥&m observe that regions with
low — high values are significant only for 3 regions and ¢hare no regions with
high —low association (see Figure 1).

Next, we proceed with the estimation of the incomo@vergence models.
The models defined by equations (6) and (7) accfarrdpatial dependence and
as our previous empirical part confirmed that tiee gapita GDP growth rate
is spatially correlated, we regard spatial laggadable as inevitable part of
the income convergence model. By means of spat@hametrics techniques,
we do no start with the estimation of the spatialdai directly, but we started
with the estimation of the traditional absolgteonvergence model (4) in which
the effects of spatial dependence are not consldéris important to emphasise
that first we consider whole data set, i.e. 252 ISUZ EU regions which
are involved into the estimation of the model. Bséimation of this model was
done by OLS and thereafter the tests aiming atctlatethe presence of spatial
dependence were carried out using a spatial cattigieight matrix of queen
case definition of neighbours. The estimation rssate summarized in Table 1
(Linear model).
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Figure 1
Moran’s | Statistic and LISA Cluster Maps for the for the GDP Growth Rate in
2011 (in %, initial level 2000)
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The parametef of the model (Linear model — Table 1) associatét the
initial per capita GDP is significant and negatiwdich confirms the hypothesis
of absolute convergence for the EU regions. Thiamaethat the regions with
lower per capita GDP grew at a higher speed duhageriod 2000 — 2011. The
Moran’s | test adapted to the OLS regression residuals roamfa presence of
spatial dependence but does not allow testing thsepce of the two possible
forms of spatial dependence. For this reason wéwséM tests as well as their
robust counterparts. Robust LM tests show that ahsolute f-convergence
model is misspecified due to spatial autocorretatind more appropriate model
is model SAR because the robust LM (lag) statitistatistically significant
while the robust LM (error) statistic is not. Thiene the linear model of abso-
lute s-convergence should be modified to integrate thisnfof spatial depend-
ence explicitly and we follow SAR model defined éguation (6). The estima-
tion results by ML for SAR model are given in TalileThe parameters are all
strongly statistically significanfj coefficient is again negative confirming abso-
lute f-convergence hypothesis. The statistical signifieaof spatial autoregres-
sive parametep confirms the existence of spatial effects amonighi®uring
regions. The statistical adequacy of the spatgahtadel also confirms low value
of Moran'sl statistic applied on spatial residuals (see Tahle

Table 1
Estimation Results off-convergence Models — 252 NUTS 2 Regions
Linear model SAR model
Estimation oLS ML
o 3.240%** 1.459***
p —0.300*** —0.136***
p - 0.584***
A — —
R? 0.692 0.814
Convergence characteristics
Speed of convergence 0.0324 0.0133
(3.24%) (1.33%)
Half-life 21.417 52.148
Tests
Moran'sl (error) 9.265*** -
LM (lag) 103.470*** -
Robust LM (lag) 23.295%** -
LM (error) 80.783*** -
Robust LM (error) 0.607 -
Moran'sl (spatial residual) - —0.062

Note: Symbol *** indicates statistical significance @level of significance.

Source:Own calculations.
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From the estimation of the parameter can be derived the characteristics of

In(1+ B)
=

the -convergence process: the speed of convergénee- , Where

T denotes the number of periods and the half-litkcator t, ;. = sz) The

speed of convergence associated with this estimadfothe linear model is

3.24% per year and half-life is 21 years. In spatigoregressive model, we can
notice that the convergence process appears toeb&ewif spatial effects are
taken into account, i.e. speed of convergence38%.per year and half-life

increased to 52 years. Similar results were redeeg. in study of Carrington

(2003) who pointed out that income convergence wagiced in the spatial

specification in the analysis of 110 EU regionsimithe period 1989 — 1998.
Arbia and Pirras (2005) on the sample of 92 Itapaovinces in the period 1951
— 2000 detected lower speed of convergence estimatang the spatial lag

model. Also Rey and Montouri (1999) found a slowate of convergence in

incomes for the US states over th& 2@ntury in case of spatial models.

In order to control for possible convergence clutssde the EU, we decided
to estimate income convergence models not onl%@ EU regions as a whole
but also for the three possible convergence clifilbegional economies differ in
e.g. growth parameters or knowledge spilloverssgcregions are weak, region-
al economies may not converge to a common peraapmbme, but to different
economic-specific equilibrium levels of per capitaome (spatial heterogenei-
ty). Thus, there might be convergence among simgl@mups of economies,
i.e. club convergence. Economic theory does notigeounique rule neither for
the number of clubs nor variable which determiabs However, as was men-
tioned before, some authors distinguish betweegenaus and endogenous way
of determination of convergence clubs. Our decid@mnpossible three conver-
gence clubs was based on the exogenous way ofubealetermination, i.e. we
set threshold levels of per capita GDP in 2000 ettpp by GDP quantile map
(see Figure 2) in order to divide the regions imghly, middle and weak devel-
oped ones. Consequently, the convergence chasidemf the models will be
the main tool for verification of the club convenge hypothesis. If the speed of
convergence is significantly higher for those thgeeups compared to the EU
regions as a whole, we can conclude that diffecenvergence clubs exist. The
maps of club 1, club 2 and club 3 are depictedhenRigure 2. For the econo-
metric analysis the isolated regions of the paldicalubs were excluded from
the consideration and after this modification timalf numbers of regions in in-
dividual clubs were as follows: club 1 — 76 regiocisib 2 — 80 regions and the
club 3 — 82 regions.
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Figure 2

Quantile Map for GDP in 2000 (at current market prices by NUTS 2, in Euro
per inhabitants)

[ ] [7.17:9.65] (83) —Club3
[] [9.67:10] (85) —Club2
[ (10:11.2](84) -Club1

Source:Own calculations.

The estimation results gi-convergence models with corresponding spatial
convergence models for the particular clubs argigedl in Table 2. As for club
1 results, we can notice that the paramgtef the model is not statistically sig-
nificant, hence the hypothesis of absolute convergealuring the period 2000 —
2011 was not confirmed within this group of regioathough there was an
overall regional income convergence in the EU negias a whole. This means
that each region does not move towards club spesifiady state equilibrium,
which depends on the initial position of the regio@n the other hand, as for the
results indicating spatial dependences, we carthegethe spatial dependences
extension of the absolufeconvergence model is inevitable modification. Con-
sequently, we proceed with the estimation of theleh®&EM defined by equa-
tion (7). The estimation results now yield sigrafit but still positive parameter
for the starting income level such that the hypsighef absolutg-convergence
was not confirmed within this club of regions. Témtistical significance of
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spatial autoregressive parametaronfirms the existence of spatial effects among
neighbouring regions within the club 1 and this adosion is also supported by
low value of Moran's statistic applied on spatial residuals (see Taple

In contrast to estimation results of club 1, thicomes of the regressions of
the two remaining clubs (club 2 and club 3) confithe hypothesis of absolute
S-convergence within these two clubs (see resulf@abile 2). Also the appropri-
ateness of the spatigiconvergence models was detected based on theogiagn
tics for the presence of spatial effects. ThereaB&R models for both clubs
were estimated. The principal finding resultingnfrthe club convergence point
of view is that spatial interactions and spillovaraong regions do matter and
we found out that the convergence process appedes weaker if spatial effects
are taken into account (the club 1 is excluded ftbenconsideration due to the
detected process of divergence). The convergeramacteristics for the club 2
and the club 3 are only slightly different; theuks imply the annual conver-
gence rate of 3.32% for regions within the clutn@ ¢he rate of 3.77% per year
for those in club 3. As we have already mentiortgala, spatial income conver-
gence models for the club 2 and the club 3 estinvatgker convergence charac-
teristics (speed of convergence: club 2 — 2.16%h 81— 1.96%).

Overall, the estimation of the spatial income @gence models showed that
the spatial dependence among regions does matteordingly, our club con-
vergence hypothesis of three possible convergelutxs evas confirmed in our
sample of NUTS 2 regions. This conclusion is basethe convergence charac-
teristics of the particular models (see Table 2) #re model as a whole (see
Table 1). As far as the club 1, there was confirmiedrgence process instead of
convergence process observedpioonvergence model of the EU regions as
a whole. With reference to the conventional defnitof the club convergence
(see Fischer and Stirbock, 2004), i.e. each rebeonging to a club moves
from a disequilibrium position to its club specifiteady-state positon, our club 1
is not a club. Although, in this sense club 1 doetsfulfil this definition because
of detected process of divergence, we see thispgodLcountries as separate
club. This conclusion supports significant differenbetween the convergence
parameters in club 1 (divergence) and the parametiethe model as whole.
Also, we consider the hypothesis of three groupgaasible convergence clubs
confirmed as the rates of convergence for the 2l@nd the club 3 are higher
that for the EU 252 as a whole. It is necessamgmoind that we made this deci-
sion according to the convergence characterisficspatial models because of
the approved appropriateness of the spatial laighlas in the income conver-
gence models.
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Table 2
Estimation Results of g-convergence M odelsfor Individual Clubs
Club1 Club1 Club 2 Club2 Club3 Club 3 Club 2+Club 3 | Club 2+Club 3

(Linear model) | (SEM model) | (Linear model) | (SAR model) | (Linear model) | (SAR model) | (Linear model) | (SAR model)
Estimation oLS ML oLS ML oLS ML oLS ML
a —-0.203 -0.372 3.258%** 2.162%* 3.593%** 18*** 3.574%* 2.199%*
B 0.0397 0.058* —0.306** —0.211%** —0.340*** —Qo*** —0.337*** —0.209%**
p - - - 0.696*** - 0.482%** - 0.422%*
A - 0.731%** - - - — — _
R? 0.004 0.724 0.0751 0.699 0.583 0.696 0.737 0.802

Convergence characteristics
Speed of convergence - - 0.0332 0.0216 0.0377 0.0196 0.0374 0.0214
(3.32%) (2.16%) (3.77%) (1.96%) (3.74%) (2.14%)
Half-life - - 20.9043 32.1390 18.369 35.320 18.521 32.428
Tests

Moran'sl (error) 7.8863*** - 7.7783%* - 3.568%** - 5.807** -
LM (lag) 57.9865%* - 58.3780** - 19.6360*** - 38895*** -
Robust LM (lag) 0.0541 - 2.6424 - 10.9597*** - 74857*** -
LM (error) 58.1893** - 55.7379%* - 10.0274** - 3.6233%* -
Robust LM (error) 0.2569 - 0.0023 - 1.3511 - 08195 -
Moran'sl (spatial residual) - —0.100 - —0.195 - —0.040 - 0.005

Notes: Symbols *** ** * indicate statistical significareat 1%, 5% and 10% level of significance, respebti

Concerning the adequacy of spatial models, furtegnostics based on Breusch-Pagan test and LakelifRatio (LR) test were checked and the testdtsesulicate that the
heteroscedasticity is not present and the spati@carrelation has disappeared in case of cludub 2 and club 3. However in case of joint club Zlub 3 appeared the
heteroscedasticity which could be solved by indnsif appropriate additional variables to captheeheterogeneity of analysed regions.

Source: Own calculations.
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Recall, three different convergence regimes haenhdentified, however if
we look more closely over the estimation resultshef club 2 and the club 3
(club 2 — SAR model and club 3 — SAR model), we patice that there is no
apparent difference between the convergence pagenet each of the two
clubs. Subsequently, we dealt with the question pbssible merger of these two
clubs. Map of joint club is depicted in Figure heTestimation results (given in
Table 2) imply proper structure of the joint cliggeing that all the estimated
parameters of all models are strongly statisticalgnificant, parametef has
expected negative sign and once again LM testuo®bS specifications indi-
cated a clear spatial dependence.

Figure 3
Maps of Club 1 and Club 2 + Club 3*

|:| Club2 +Club 3
- Club 1

Note * Isolated regions were excluded after the cotior®f the club 2 and club 3.

Source:Own calculations.
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Conclusion

In this paper we considered the problem of redianeome convergence
among EU regions for the period 2000 — 2011. GDP gagita in Euro of
NUTS 2 was used as a proxy for the income leveihdividual regions and
S-convergence approach was applied. At the beginoiribe empirical part the
whole data set, i.e. 252 NUTS 2 EU regions weresiciened for the model esti-
mation. The results showed the negative correldbetween per capita GDP
levels and subsequent growth rates for regions shaérceived as an evidence
of absolute convergence among EU regions for thi®ge&000 — 2011. This
allow us to conclude that on average, regions leithinitial per capita GDP are
growing faster than those with higher initial pepita GDP and they all con-
verge to the same level of per capita GDP. Thidiffig is in line with many oth-
er studies dealing with the absolute incofreonvergence of the European re-
gions. Unlike most of these studies, we have adogtspatial econometric per-
spective to allow for spatial interactions andlsp#rs among regions as mecha-
nisms that may lead to convergence. Our decisiondorporate spatial factor
into income convergence models was supported byagland local versions
of Moran’s | statistic. The results of SAR model also confirnibd absolute
p-convergence hypothesis, appropriateness of theabkptects and weaker con-
vergence process when spatial effects are takeractount. These results are
in accordance with the findings of several othedigs e.g. Arbia and Pirras
(2005), Carrington (2003) or Baumont et al. (2002).

Another factor which differs this paper from thainmstream in this field is
the relaxation of the implicit assumption of a gtbwingle stable steady-state,
i.e. we supposed multiple convergence regimes bsclQur club convergence
hypothesis was verified following the convergenbaracteristics and our find-
ings have implied the existence of two final cluBtib 1 consists of the regions
with the best performance (based on the per c&ita in 2000) and the remain-
ing middle and weak developed regions (based ompénheapita GDP in 2000)
have created the joint club (club 2 + club 3). Asthe structure of the joint club
in more details, we can notice that this club maicbnsists of the regions of
post-communist countries which had similar econodggelopment. In almost
all post-communist countries in the early 90°s tethreconomic reforms to
change the planned economy to the market orierdgedoeny. The second sub-
stantial group of the regions which have been wewlto the joint club are all
regions of Spain, Portugal, Greece and south regibritaly. These regions are
in the EU economic context considered as “pooregians. Also these countries
are associated with the term “PIGS” which refershi® economies of these EU
member states that were unable to refinance tlmiergment debt during the
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debt crisis. Surprisingly, joint club contained mo&French regions. As regards
the structure of the club 1, it consists mainlythe regions of Austria, Germany,
Sweden, United Kingdom and north ltaly. These negifrom the long term
point of view exhibit best economic performance agthe EU regions.

Empirical procedure had identified the treatingspftial effects in income
club convergence models as appropriate, thuscomsenient to deal only with
results from the spatial econometric perspectivepissingly, we observed that
the sample of regions belonging to club 1 exhibé& process of divergence.
On the other hand, incomgconvergence process has been confirmed for the
joint club. The estimated speed of convergencdisfjbint club was 2.14% per
year what implies that it will take more than 42agsefor half of the distance
between the initial level of income and the steathte of this club to be van-
ished. Although, these characteristics are in alzore with the previous studies
(e.g. Fischer and Stirbdck, 2004), the speed ofemence about 2% per year is
considered to be very weak. In addition, if we ignolub convergence consider-
ing only the whole data set, i.e. 252 NUTS 2 EUaes, corresponding speed
of convergence is even lower. The speed of conwem@associated with the
estimation of the spatial absolyteconvergence model as a whole was 1.33%
per year and the corresponding half-life was 52s/eBut it is necessary to keep
in mind that different groups of regions are coredaand the different steady
states are considered.

The empirical evidence for the club convergencaokiyesis is rather scarce
and in addition, the studies dealing with the spatiub convergence hypothesis
are even less common. From this point of view plaiper can be an asset in the
field of f-convergence modelling.

The two major contributions of this paper couldsbenmarized as follows. If
the spatial dependence among the spatial unigkéntinto account, we are able
to improve the reliability of the estimates of #ypeed of convergence among the
European regions. This highlights that the classioavergence models suffer
from a misspecification due to omitted spatial dejsnce. We also found that
taking spatial effects into account reduces coremeg (e.g. Rey and Montouri,
1999; Lim, 2003; Arbia et al., 2005). The secondosss finding is that the as-
sumption of a single steady-state for all regiofteromismatches with the reali-
ty. Thus, we refer to a differentiation of converge regimes.

The results of spatial econometric analysis ctnéldised as a support tool in
decision making of the EU authorities in order tstribute its limited resources
more effectively to encourage the “proper” regiares, such regions the higher
prosperity of which can contribute in case of pesitspatial autocorrelation to
the higher prosperity of their neighbouring regions
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