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Abstract

This paper investigates whether structural fundscy@ffects the European economies in such a viay t
poorer regions catch up with the rich ones, estilgaa conditional convergence econometric modekhia
model, regional convergence depends on the paleatrhent and the regional economic structure, ptbRly
investment per capita and demographic growth fete. convergence model is specified in a dynamiepan
data form on a dataset of 191 NUTS Il EU14 regioioserved over more than 25 years (from 1980 to @05
Generalized Method of Moment estimation enablesinlbitg consistent estimates of the beta-paramétega
with estimates of the impact of the regional pekcand the regional economic structure on regigr@aith.
The analysis highlights that structural funds havesmall but significant impact on Objectivel region
convergence rate, whatever the impact model weydedi Moreover, considering for the spatial dimemsif

the panel leads a still significant, but less int@ot, impact of structural funds on convergence.
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Introduction

The main objective of the European cohesion pabcyhe reduction of the economic and social disigsri
between the levels of development of the Europegions. The policy aims at fostering the endogenous
development potential of European regions and sdvda focussed on lagging regions. The policy heenb
renewed in 2007 and a debate has just been idittateontinuously improve the policy, based on alipu
consultation about the budget review and abouttdtréorial cohesion strategy (European Commissii®8).

At this stage, it is important to evaluate the ictpaf past Structural Funds (SF) expenditure tesssvhether
structural policies are effectively leading to aroaing of disparities of wealth among EU regiomkis paper

investigates empirically such impact of SF on Eeapregions convergence.

The convergence and growth approach is particuksplyropriate to check if the Cohesion Policy affett
regions in such a way that lagging ones catch up thie rich ones. The large amount of empiricaréture
published in the last few years on the regionahentic convergence dilemma stress that the conveeggmeed
measurements strongly depend upon the model spmiifis, the data used and the estimation strdsagyfor
recent surveys: Arbiat al. (2008); Esposti and Bussoletti (2008)). The mesent convergence studies are
anchored on advances from linear dynamic panel-daidels, and use dedicated estimation techniques to
obtain a consistent Generalized Method-of-Mome@td 1) estimator (Arellano and Bond, 1991, Arellana
Bover, 1995, Blundell and Bond, 1998). Moreoverykirtg on regional data motivates a stream of liteeato
account for spatial dependence in regional groiitie spatial econometric literature is well docuredrgither
on cross-sections (Anselin and Kelejian, 1997, Ans001) or on static panel (Elhorst, 2003), buatpirical
methods for dynamic spatial panels that are reddoeregional convergence studies, are still atanty stage
of development. Working on a dynamic panel spedifin, Badinger (Badingest al, 2004) applied a GMM
estimator to spatially filtered variables. More eptty Elhorst (Elhorst, 2005) suggests a maximualilhood
estimation of models that are dynamic both in sga@ktime for regional analysis and Arbia and P{£895)

extend panel-data models with spatial error autetation for a convergence analysis of EU regions.



However, measuring a convergence rate is not serfiico analyse whether SF foster the developmeaib
lagging regions and we have to design an apprepeie@dnometric method to conduct such an impacysisal
Using space-time data is quite complex and thegdesf an accurate specification is not evident:iolsly,
leaving dynamic specification and spatial dependespecification aside would lead to misspecificatioit the
main difficulty is that we hava priori no reason to believe that one problem is more itapbthan the other.
Therefore, conducting an accurate impact analysssich a policy necessitates gathering and anaysiether
observations before the policy is implemented amdihg the policy implementation and thus long spéoe
series organised in panel data. Such space-tinaesdid require the design of an estimation strettegpnsider
together the dynamic specification and the spdtrakension of the panel. In our case, we have tobooenthis
estimation strategy with an accurate specification the impact analysis of structural funds insithés

framework.

In this paper, we estimated a per capita GDP cimdit convergence model that incorporates an explic
consideration of spatial dependence effects. Wg ol dynamic panel generalised method of moment

estimations that control for endogeneity, variabi@ssion and spatial dependence problems.

We concentrate on funds targeted towards Objec{i@d) regions, because they represent two thirthe@SF
expenditure (for the 2000-2006 programme). Thegs@mns are lagging behind in terms of GDP per capita
(lower than 75 % of the EU average) or populatiengity (below 8 inhabitants per KmThe analysis is on 191
EU14" regions over the period 1980-2005. This periodecewbservations on EU regions before (80-88) and
during (89-93, 94-99 and 2000-2006) the programnpagods of SF. Working on observations before the
policy applies can be helpful to apply impact easibn methods is a necessary condition for impeatuation

methods (Ravallion, 2005).

! Current NUTS 2 classification includes 212 regi¢b15). However, we had to eliminate some regiims to missing

data (see annex 1 for a description of the analsegidns) and we choose not to consider Luxembourg.



The analysis highlights that structural funds havesmall but significant impact on Objectivel region
convergence rate, whatever the impact model weydedi Moreover, considering for the spatial dimemsif

the panel leads a still significant, but less int@ot, impact of structural funds on convergences Tdst result
confirms that the GDP concentration over the regiends to hamper them exploiting their endogenous
development potentials and entail their convergeAsesuch, the cohesion policy that aims at cobalancing

the effects of activities concentration can atthia objective.

The reminder of the paper is organised as folloWe first Section develops some theoretical andirrap
considerations on the impact analysis of structfuatls on convergence. Section 2 presents the seztno
issues on spatial dynamic panel model.. Sectioesgribes the data and describes the specifici@lofegions

in Europe. Section 4 presents the results anddestconcludes.

1. Theoretical and empirical considerations: impaetsis of structural funds on convergence
1.1. Impact evaluation of Structural Funds

The central question in the impact analysis ofcstmal funds is what would have happened to thénsg
receiving SF if they had not in fact benefited frdra scheme. Since, at any moment in time, a goajther in
the scheme under consideration or not, but not, laitthe hearth of this kind of policy evaluati@na missing
problem. Constructing a counterfactual (a groupctviis as similar as possible to those benefitimognf the
scheme) is the major issue that evaluation methddsess (for a review see Blundell and Costa [2862).
The design of such a counterfactual is hampereal $Blection bias because O1 regions are likelyffier drom

the other (untreated) regions for some unobserkadacteristics. As not all regions in Europe aigilgde to O1
scheme, we have to separate this selection effeat the treatment effect we specifically want talgse
(Ravallion, 2005). The average effect of the SHcpo(treatment effect on the treated) is measuredha

difference between the outcome value under treatarahthe counterfactual of no receiving treatment.



Traditionally, approaches aiming at evaluating ithpact of schemes in the presence of non-randdmanse

placement combine two types of data to elaboratstenfactual outcomes, observations on the nonetea

regions and observations on the treated regiomsctedl on periods preceding the scheme receptioese two

types of observations are analysed with variousessjpon approaches:

The before-after approach could be a solution i® tinobservable counterfactual problem in a non-
experimental context (Todd, 2006). A major drawbatkhis estimator is that it is sensitive to time
effects since O1 regions can have different ecoagaitliations between the two periods (cyclical hias
The cross-section uses information only on non €ions. It is affected by a selection bias for non
random placement.

Finally, the difference in difference approach hig tmost often used one. It requires pre and post-
programs data on participants and non participants measures the impact of the SF policy by the
difference in the before-after change in outcomesvbeen participants and non participants (Todd,
2006). It is based upon the hypothesis that theoowg difference over time for eligible regions in
absence of subsidy is the same as the outcomeetiffe over time for non eligible regions that will
never receive any subsfdyWe also assume that the control group regionsnateaffected by the
scheme that applies only in the treated regionsther words, we assume that there is no spillover
effect of the structural funds targeted to O1 regitowards the non treated ones. So we retairatstis

approach.

1.2. The growth approach

Once the impact analysis empirical approach dedanitith the associated selection bias controlled¢can turn

to the convergence issues that the cohesion paliog at. Many convergence studies stems from ipadit

neoclassical growth model (Solow, 1956, Swan, 19566)owing the “model based” specification of Mamk

et al, (1992) Barro and Sala-i-Martin (1992), we rely @f3-convergence model where the GDP per capita

(hereafter GDP p.c.) growth depends not only onirttiel GDP level, but also on other conditionimgriables.

2 This assumption can be considered as plausibleoth regions groups have similar trends prior togpam
implementation



Regions do not have the same structural charattsrend thus converge towards different steadye-gt@ome
levels. The further a region finds itself from @&n steady state, the faster its growth rate véll b this case,
convergence is denoted asnditional economies converge towards the same growth Aateordingly, the

following general model is in line with the empalgrowth literature:

Yi,
|n(_t j =By +BiInyi, +%:kak,i,t +X i HE
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where yi’t(i =1...,n;t =1...,T) is the GDP p.c. of region i at time t#, is an intercept termp, is the

convergence coefficient, X is a setlobxplanatory variables related to the growth maafeSolow (Solow,
1956) and Z is a set of variables that may affeet donvergence process but are not directly relatete
model of Solow (1956) (Durlawdt al, 2006).

We assume that the variables setg iandX; are independent (see Mankawal, 1992 for a discussion on this
point). It is now possible to extend Manket al. (1992) model towards an "equation a la Barro":a&a@lynamic
panel-data specification of the convergence matgtent output is regressed on lagged output amtralo

variables (Durlauf et al., 2006, Islam, 1995):

In( Y j=(1+ﬂl)ln{ Y j%ln( = ]w’sln{ PR ]+ai+ut+si,t )
pon, POR pon, POR 1

Yi,t Ii,t

ponm’ poRn

where are respectively the gross domestic product &edinvestment per capita and

0
In( POR. J is the demographic growth rate. We introduce iiatligl and time specific intercepts (respectively
poR 1

a, and L) in order to control for unobserved heterogenéityereby, B, measures the GDP convergence

conditionally of investment per capita and popolatyrowth rate.

1.3. Impact analysis in a convergence model

So far, none of the variables considers the stracpolicies. We need to extend the model towanasaict

evaluation of the policy, including additional dumes variables T and P to assess the policy impact o



conditional convergence. The regional projects hbeen designed in a bottom-up approach and thus we
assume in our analysis that not all the means haga activated in all regions at all time. Suclassumption

is translated in the estimation strategy by theaghof no specification for the way the policy frst regional
development. In other words, we shall not inveséigahether the EU Spolicy increases O1 regions' income
by mean of the investment rate. We shall concentvatassessing whether belonging to the O1 groablen

valorising projects dynamics that can result irhkigincome levels (OECD, 2006).

The difference-in-difference treatment effect apgiocan be obtained rewriting the equation (1) as:

Y Y. | pop
In| —*—|=(1+8)In| —=— |+ In[ . J+,8 In( : ]
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T and P are dummy variable, the first one indigatfrwe are or not in an O1 program (T=1 when tHestart
up (after 1989) and 0 otherwise) and the secondiradieating if the region under consideration igible at

this O1 program. These two variables allow coritiglon cyclical and selection bias: the averagecefbf O1
regions are measured by the coeffici@ptwhile 5, andf; capture respectively cyclical and selection bias.

Because of our aim is to predict O1 impact on negli@convergence, we also last introduce an interacerm

between the participation of O1 and the lagged @GP in equation (2):

In( Yi,t J:(l_l_ﬁl)ln( Yi,t—l ]'*'ﬂzln( Ii,t ]_l_ﬁgln( pon,t ]
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With D,,,=1 when the region i are eligible to O1 at timearid O otherwise. The interaction term tests if the

policy affects O1 regions convergence process.

To sum up, the first model (equation 1) explainsvewgence process without structural policy, theosd one

(equation 2) provides an average effect of thecgatin O1 regions ;) and the third analyses the marginal

impact of SF on O1 regions convergeng® ¢ 5. ).



2. Econometric issues
2.1. Estimation in dynamic panel

The dynamic panel-data specification has beconwuémt in growth convergence empirical studies. Sthe
inclusion of the time lagged dependent variablethe equation might lead to inconsistent estimates,
instrumental variable estimators must be used.mbst commonly used estimator for dynamic panelén
literature is the GMM estimator (Arellano and Bord®91) adopted by Casedt al. (1996) in the growth
context. Lagged levels of the series are usedstoument lagged first differences (GMM-DIFF estiorat The
first step in the estimation procedure consistseliminating the individual effects via a first difence

transformation or forward orthogonal deviafiqas suggested by Arellano and Bover, (1995)). msg that

the error termsg,, are serially uncorrelated, the lagged differentéhe endogenous variable is instrumented
with the lagged difference of the endogenous bteigAy, _, ) with all lagged levels of the variable in questi

Y-, Starting with lag twoy,_, and going back to earlier lagged levels.

Unfortunately in the case of persistent data anéfemall number of time series observations, lddgeels are
only weak instruments for subsequent first diffeesand the GMM-DIFF estimator behaves poorly. The
system GMM estimator developed by Arelano and Boy&995) and Blundell and Bond (1998) allows the
removal of fixed effects via the first-differenceduation and to maintain the distance variablehi level
equation, besides the technical gains of addititanadl moment conditions and increased efficieraditional
assumptions about the initial conditions, not teetnictive in empirical growth frameworks, yieldoment
conditions still informative even for persistemhé series. The GMM-SYS estimator combines the stahset

of equations in first-differences with suitably ¢ggl first-differences as instruments, with an adidél set of
equations in levels with appropriate lagged filigtedences as instruments. In this stacked systhenstandard
set of equations in first-differences is instruneehwith suitably lagged first differences while thstruments

for the level equation are lagged differences efuhriables.

% First differencing and forward orthogonal deviatitransformation involve the same procedure (simitestrument
matrix) to estimate dynamic panel data specificatio



The choice between the two estimators (GMM-DIFF, 8YS) can finally be done according to a common
test of over identifying restrictions: the validity the additional instruments used by GMM-SYS tloe level

equation can easily be tested using difference étatests.

2.2. Spatial dependencits

Since the end of the 1990s various convergencéestbdve found evidence for serious model missigatibns
when spatial interdependencies of regions are orwsidered in the analysis (Abreu et al., 2005) dssussed

in Arbia et al. (2008) the application of spatial econometric rodthis an essential tool for proper statistical
inference on regional data. Spatial error modelspadial lag model are two different approachesdiress this
issue of spatial dependencies. The first one imdual spatial autoregressive process in the emror. {Ehe
second method captures spatial dependence witlgrasssr that is similar to a lagged dependent iviaria
which is often considered as a spatial autoregressiodel. In line with recent literature (Beck ¢t 2006,
Blonigen et al., 2007), we reckon that this lastalds more appropriate to quantify how the growvéte of a

region is affected by the growth rate in the sundng regions.

We adopted a space-time simultaneity specificaffamselin et al, 2007) and introduced a spatial lag term

p\NIn(%J in equations (1) to (3). The modified equationst (tletailed here) are quoted (4) to (6) in the
t

estimation section. The design of the models raies weight matrix W (k-nearest neighbours’ matrihe

way this matrix is designed is of importance siitcgefines how space is accounted for (see appeiodia

discussion of the construction of our weight matrikhe spatial lag coefficient captures the impaicthe

endogenous variable from neighbourhood locations.

* Spatial heterogeneity can also create low vatlester and lead to inconsistent estimates. Thisvésy difficult to
distinguish between spatial dependence and sgmitgirogeneity in cross section context. But in aepalata, spatial
heterogeneity can be treated by standard panebaeiffixed effect or first differencing transforriuwat).



As underlined by Anselin (2001) and Abreual. (2005) including a spatially lagged dependentalsde causes
simultaneity and endogeneity problems, which im toreans that this variable must be treated as endog
and thus proper estimation methods must accounthferendogeneity. There are only a limited numbker
available estimators for Dynamic Spatial lag Modal Panel Data. Assuming all explanatory variables a
exogenous beside the spatial lag ferdynamic spatial lag models are usually estimatsing the GMM
estimator (see for example, Madriaga and Ponc@@7g. The spatial lag term is instrumented bylatged
values, by lagged values of the dependent variadegell as by spatially weighted explanatory Jada. One
can check the robustness of this extended GMM eastinby proceeding successively to cross sectioesst

Squares Dummy Variables (LSDV), GMM dynamic pamel &MM spatial dynamic panel estimations.

3. EU structural funds and O1 regions

The European investments from the cohesion polioy @& improving the competitive position of regibna
policies by encouraging regions to provide pubbods, like networks of transport and energy, emvirental
quality, investments in education and researchidpweent. In other words, the convergence policyteiss
regional development by various means, like cortigetiess enhancement, infrastructure improvemetiy/ea
labour market facilities, innovation enhancemensustainable development. The public goods providedit
from public and private expenditure. The policylset add value beyond simple investments, withudtim
levels governance model to involve local and regiactors in the design and delivery of the polithis
governance model enables regions to activate the&t aqgpropriate drivers to foster their developmamd

design projects in a bottom-up approach.

From 1988 onwards, the cohesion policy relies @ game principles. The policy concentrates funds on
limited number of "objectives"”, with a focus on tleast developed regions; funding is based on raualtual

programming with ongoing analysis and evaluatidre tlesign and implementation of the programs irevolv

® As underlined by Kukenova and Monteiro KUKENOVA, 8 MONTEIRO, J. A. (2008) Spatial dynamic panel aeb
and system GMM: a Monte-Carlo investigatidviunich personnal RePEc archive paper n°1156&re is no currently
available estimator to consider this simultaneitpbpem in line with the potential endogeneity ohert explanatory
variables
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regional, national and EU actors, and additionadigures that EU expenditure is not substitutedatanal
investment. The focus on the least developed regoammcentrates funding on the Objective 1 regidimest
represent about 25 % of the European populatiod,bemefit from 64 % of the allocated funds (for thst

program).

3.1. Data description

The analysed dataset has been designed accordimgptmmetric issues described in Section2. Becagse
address impact analysis, this dataset comprisesrfdlnon-O1 regions, including data collected betbiee
implementation of the policy. We use a panel data$el91 regions in 14 member states of EU-15 (see
appendix A which describes the set of regions mhetliand excluded in the sample). A small numbeegibns

are excluded due to missing data which severakbgéle on Objective 1 programs (New German Lander
French overseas etc...). Finally, our dataset semts 90% of overall EU-15 regions and 80 % of €hbjel

regions. The 191 regions are observed over ag&ri@5 years (1980-2005).

Data variables related to equations (1) to (6) cdrom the Cambridge Econometrics dataBa3ée gross

domestic product (GDP) and investment (providedClaynbridge Econometrics in 1995 constant euro) have

Y, .
been transformed into logarithm of per capita tét M|, In|—=—|) in order to consider the scale
POR POR

0]
effect. The demographic growth rate is measureth the total population data dynamidﬂ[( POR. J).

-1

For the estimation, we consider five aggregatee trariods (1980-84, 1985-89, 1990-94, 1995-99 #tD2
2005) to avoid short run variations in GDP growdkes due to business-cycle effects. The accuratdeuof
years required to avoid short-run variations i discussed in the literature (see Temple, 1980ah analysis).

Temple (1999) recommends 5 or 10 years long perlmaswe preferred to follow the approach from Beayeir

® the Cambridge Econometrics database is availatbiepa/www.camecon.com
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(2004) and chose quinquennial time periods to cbllgormation at least two periods before the beiig of

the policy. Thereby, we have a panel on 955 olgiems of 191 regions during 5 periods. Of couthke,

Y,
dynamic panel specification restricts this panel fgeriods because of the autoregressive téme—MJ).
PoR 4

The last variable, Objectivel eligibility, comesrft the Commission cohesion reparts

3.2. Income dynamics in European regions

Table 1: Descriptive statistics

Variable 1980-84 1985-29 1990-94 1995-0) 2000-05
fu[p:::'_r! ]
Total sample mean (std) 0.44(0.40)  9.54(0.39)  9.6300.39) 9.7L(0.3%)  9.81(0.37)
Ohbjective 1 regions mean (std)  9.01(0.32) 9.0H0.31) 9.18(0.28) 927(0.28)  9.41(0.29)
Non Itrea.tet! regions mean (std)  960(0.249)  9.71(0.27) O9.80(0.27) 98T(0.26) 9.096(0.26)
I ﬁ |
Total sample mean (std) T.82(0.47) T-O5(0.44)  T.99{0.41) 2.08(0.37) 8.21(0.34)
Objective 1 regions mean (std)  7.44(0.36) T.54{0.33) 7.62(0.30) 7.73(0.27) 7.93(0.28)
Non treated regions mean (std)  T.O6(0.43)  S11(0.36) S.1400.36) 22100300  8.32(0.30
Jrll:' Popyt .I

Pogy gy
Total sample mean (std) 2.84(1.39)  33T(1.19)  3.28(L24) 3.29 (L30)
Ohbjective 1 regions mean (std) 3.01(1.45)  2.73(1.26) 3.12(1.37) 3.42(1.34)
MNon treated regions mean (std) 2.TR(L36)  3A55(1.11) 33300200  3.26(1.29)
Win(5ist)
Total snm.ple mean (std) S9.46(0.34)  9.55(0.34) 9.64(0.34) 9.72(0.34) 9.83(0.32)
Objective 1 regions mean (std)  9.10(0.33) 9.18{0.33) 9.26(0.31) 9.35(0.32)  9.48(0.30)
MNon treated regions mean (std)  9.60(0.24) 9.70{0.22) 9.78(0.23) 9.86(0.21) 9.96(0.21)

Table 1 depicts the dynamics of GDP p.c., investmpen capita, demographic growth rate and spatiatiged

GDP for O1 regions and other regions in Europe.dvery time period, O1 regions exhibit a GDP pgiteafar

lower than the European average. The differenogdset O1 and non-O1 region increases from 1980-84¢e

to 85-89 on, and then slowly decreases till todayd graphical representation of this dynamickerrto figures

1 and 3).

" cohesion reports are available hérigp://ec.europa.eu/regional_policy/policy/objeudéx_gb.htm
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Investment par capita is lower in O1 regions desthie difference between O1 and non-O1 regions'simvent
is reduced in the last two periods. It is worthimgtthat non-O1 regions tend to concentrate incoroee than

O1 regions, for the all periods, but still the diffnce decreases along time.

10
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Figure 1: Dynamics of GDP and investment per capita average by treatment status (authors' calculation,

Cambridge Econometrics database)
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Figure 2: Evolution of income distribution for the set of 191 studied regions (authors' calculation, Cambridge

Econometrics database)

Figure 2 depicts the cross-sectional distributioh€£U-14 regions for each period, revealing a rmudiilal
structure of the distributions, less obvious at ¢iné of the period. The informations depicted de figure
suggest a very slow process of catching up of durgst regions with the richer ones and a prockshifting

away of a small group of very rich regions

14



10
06
1

9.8

02
1

4

9
GDP per capita growth rate

Log of GDP per capita {1995 euros)
0
1

9.2

; ™
@ o
1

1980 1985 1990 1995 2000 2005 1980 1985 1990 1995 2000 2005
year year

Objective 1 regions growth rate

Objective 1 regions GDP per capita

------- Mon treated regions GDP per capita -------- Mon treated regions growth rate

Figure 3: Annual versus Before/After intervention income and growth by treatment status (authors' calculation,

Cambridge Econometrics database)

Figure 3 highlights the difference in GDP p.c. amdwth rate between Objective 1 regions and Noatece
regions before and after the implementation ofdbleesion policy. Even if the GDP per capita gapaias
only slowly decreases Before and After interventiome can see that the growth rates are slightlgrdint and
much more important for treated regions and thigeeislly at the end of the period considered, ssiyyg that
the catching up process is at work within a caodél convergence framework : regions seems to exgev
towards country specific steady-state GDP levelss Process is liable to spread out first in theginieour
regions and then disseminate over the whole Europpace. Observed spatial correlations highlighatanous

spatial dimension of regional convergence (seerEigi
Figure 4 graphs the GDP-per-capita geographic npatidative to the EU-14 average GDP level for the

periods. The regions are split into 6 classes, fo@ow 50 % of the European average to more th&%a of

this average. For the first period, regions wittoime below 50% of the EU average can be found sairthe

15



southern periphery and most of them are in Gree€@odugal. A few number (7) of these regions h&PG.c.
below 50% of the EU average over the whole perddre precisely these are in Spain (1), Greece (@) a
Portugal (3). Except these particular regions,phecapita GDP spatial pattern between 1980-19842800-
2005 is more dynamic in the periphery, indicatingnaall catching process. Most regions in Spain.eCGee
Ireland or Portugal experienced growth rates alibeeaverage EU-14 growth rate but one can noteftinat
regions in Spain, Greece and Portugal the avera@®00-2005 is still below the EU-14 1980-1984 awger;

while the most spectacular result is for Irelangreif only two regions are concerned.

1980-1984 1985-1989 1990-1994

1995-1989 2000-2005

Relative log of GDP

per capita (% of the EU-14
average)

Over 150 %

125 % to less than 150 %
100 % to less than 125 %
75 % to less than 100 %
50 % to less than 75 %
Below 50 %

Figure 4: Geographic pattern of the GDP per capita relative to the EU-14 average GDP level for the 5 periods

(authors' calculation, Cambridge Econometrics database)
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4. Estimation results: impact analysis of structuualds on regional convergence

Table 2 and 3 report respectively estimates of itimmél convergence model over 1980-2005 periods Time
lag has been split into 5 periods (1980-84, 19851890-94, 1995-99 and 2000-05) that includes tdiéerent

policy programs (1989-93, 1994-99 and 2000-06).

Because the presence of spatial dependenciesisittuals leads to misleading estimates and testsyilvfirst

analyse the spatial properties of the residuals tlaen present the estimation results and valtdiys.

Table 2: Results: estimation of model (1) to (3 with: traditional to dynamic panel data estimators

POLE LEDW GMM-DIFF
i (1) (2] {3} (1} (2} [EX {1} (2) (3}
T p;'n': :: 05a3=*=  8TE=*" OATT**™ 0,700 O646%*= 646" 0700 [halsee 0a2q*
(0.01) FLLE ey (002} (002 (UK TS [{LETEY [0 [0 {0,085
J-rll: _p::ﬁ ] 0_{}95!#- D-l]flﬁ'" Q.M-i"‘ D_z;u-i‘ [._2-44#‘- ‘}_2_1_.1!" L'L]_Hiii |:.1 'Ir_iiit [}_21:]'.""
{0.0L) (001} (0001} {02y {0z (02} [} [00002) {0.0:3)
Ir.(%' OLG=*=  [O06=** (L.OHGY** =0, 00N -0.002 -0.012 -1 =001 0,003
{0,00) [LLRIT] (0.0} {000y {000y {000} [ 0.100) (0000 {0,100
1y R SR ] 0.0Le* .01 5* =010k -0.028%
{01} (0L} (0L} {01y (0L0L) {0LIL)
) TS R b I &5 R
[LXID] [LLALIN
5. (025 0017 (005 0,005 (0L 008G
) (i) [LLAN {00L) {001} [0n01) {0.03)
¢ inf j:,r',':' |__I n ) 0001 .00 -0L016%
{0001 [{LX1113] {0.01)
CopLmE 0.330%*  (.&017** 0502 L0307**  L511%*  L514***
0.0} (03 (0.0} (15 (0.22) (.23}
N GO BaE A 548 ] Gas 405 405 405
2 [ha83 0,983 0983 412 0915 0.915
arl =300 -4.549 =4 165
arl{pw.) (0,000 {000y {00007
ark 0.041 1.020 1.542
ardipwv.) (0.347) {0304 (0.123)
hansen 20635 18,656 G486
lansen (pov.) (0L 000y LIy {0011y
hansen-diff 2511 11.55 Q5T
hansen-diff{p.v.) [ 0] (1000 10.0k2])
b of instrurments 5 T T
""/'Nl:'rﬂ"l
Z oat—5n 0612 0ATE 13161
Hoas—salpr.) (0. 00 (10.00) {0,080
Heon-o4 #5.702 0273 12,130
Fan—palp]) (.00 (LX) {0060
Zeat—pn 15.221 15.726 19,300
Ean—pnlpa) [ (k. 1D¥) (00000 {10,106
& eon—o4 6,982 T.516 16,237
Hean—nalpy.) b0} (00,00 {10,061

Notes: POLS: Pooled Ordinary Least Squares; LSDV: Least Squares Dummy Variable; GMM-DIFF: Generalized Method of Moments on
forward orthogonal deviation equation. *, ** and *** indicate significance at the 1%, 5% and 10% level. Robust standard errors are displayed
in parentheses. GMM-DIFF estimations are obtained by a forward orthogonal deviation transformation with instrument set composed by
Yi,T—2

Y, Y,
1 2 . .
I , In I In| ———— ) and the overall set of other explanatory variables (considered as exogenous) .

pop Pop , Pop

(In
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4.1. Spatial correlation of residuals

Spatial error model and spatial lag model are tiffergnt approaches to address the issue of spatial
dependencies. Spatial dependencies of residuals aden the spatial lag term is omitted in the esgion, or
if the spatial autocorrelated component is ignotedhe first case, the estimates are biased (edhitariable
bias) and all statistical inferences are invalitheveas ignoring the error spatial autocorrelatiorthe second
case, leads to inefficient estimates (unbiasednpeter estimates but overall statistical tests avalid). The
presence of spatial correlation has been testedyube Moran's statistics on the GMM residuals (@ram,
Table 2 and 3). This test is the most commonlydusedetect spatial correlation and its applicatias been

extended to residuals regression in Anselin anejiéel (1997).

Strong significant spatial correlation can be detton GMM residuals of models (1) to (3) that ignepatial
lag variables (Table 2). This result confirms theesence of spatial effects in the European regiona
convergence. As expected, the introduction of diaplag term in the models (4) to (6) reduces aermbly
the spatial correlation of residuals. Moran's fedtto reject the null hypothesis of no spatialretation for
1990-1994, 2000-05 and for 1985-89 respectivelyhveit 10% and 5% significance level (Table 3). We

therefore proceed with the spatial lag model.

These results confirm the presence of spatial digeries which leads to inconsistent results antficrent
validity tests in model (1) to (6). Hence, we axg loboking on the remaining tests in Table 2 andwié

concentrate on Table 3 tests results.

4.2. Validity tests

The consistency of the GMM estimator depends onthdrelagged values of the autoregressive and $patia
autoregressive terms are valid instruments for rdgression. In the estimation process, we are uging

orthogonality conditions between the error terrfinist difference and lagged values of the dependariables.
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In order to test these conditions, we report tEstéirst and second-order serial correlation (Aaeb and Bond,

1991) and we consider three specification test {ARAR(2) and Hansen tests).

AR(1) and AR(2) tests provides further supportite todel and its estimation since this statistds to reject
this hypothesis of no second order correlation evigject no first-order serial correlation (TabjeThe overall
validity of the instruments can be tested by th@déa test of over-identifying restrictions. Thistteonfirms

the overall validity of the instrumental variable&ble 3). The Hansen test can be also informaiivehe
validity of additional instruments by comparing tlifference of Hansen statistic between two sets of
instruments. The Hansen-diff reported in Table &8ckhthe validity of additional instruments useddygtem-
GMM. We report first-differenced GMM results becausiansen-diff rejects the validity of additional

instruments used by system-GMM for the level equmati

We assume that the explanatory variables are erogeusing the Hansen-diff test between exogenods an
predetermined set of instruments (as suggestedhy B2001). Overall validity tests do not indicateblems
with instrument validity and orthogonality condit® used by first-differenced GMM estimators. Wengdo use

system-GMM because additional instruments of tkiellequation are not valid.

4 .3. Results

Within the framework of a dynamic panel specifioatithat considers the spatial dimension of GDPcpeita,
we find empirical evidence that cohesion policytéos the endogenous development of Objectivel megio
Europe and contributes to narrow GDP disparitiesr &U regions. The results are presented in lirh thie
specifications already exposed in the previous@a®oive examine first the dynamic model estimatasdel (1)
to (3,) Table 2) that we got by pooled least sqaI@ROLS), least squares dummy variables (LSDV)@kti

estimations. Then, we examine the estimates wittemidlual spatial dependencies (model (4) to (&pld 3).

19



Table 3: Results of estimation of models (4) to (6): dynamic spatial GMM

S-GMM-DIFF

v (4) (5) (6)
In(_—ti=l) 0.468*** 0.429*+* 0.440%**
\Topi i1
(0.11) (0.11) (0.12)
In(ooat) 0.175%+* 0.177+** 0.197***
(0.03) (0.03) (0.04)
In( pgfiﬁl ) 0.001 0.001 0.002
(0.00) (0.00) (0.00)
Win(o2bt) 0.355%* 0.385%* 0.405**
(0.12) (0.12) (0.13)
T: 0.003 -0.005
(0.01) (0.01)
F;
P Ty 0.001 0.032
) (0.01) (0.02)
Dy o1 dn( il -0.007*
(0.00)
N 405 405 405
arl -1.924 -1.734 -2,122
arl(p.v.) (0.054) (0.083) (0.034)
ar2 0.878 0.806 0.790
ar2(p.v.) (0.380) (0.420) (0.430)
hansen 13.109 13.386 10.722
hansen(p.v.) (0.158) (0.203) (0.295)
hansen-diff 30.41 16.10 31.70
hansen-diff(p.v.) (0.00) (0.00) (0.00)
nb of instruments 13 16 16
Zmoran
Zem5—z0 1.496 1.209 1.680
Z x5 —so(pv") (0.07) (0.113) (0.046)
Z vo0—04 -0.313 -0.646 0.561
Zeao—a4(p-v.) (0.377) (0.259) (0.287)
Ze95—99 0.988 0.373 1.691
Z 95 —99(p-v.) (0.162) (0.355) {0.045)
Z e00—04 -0.707 -0.876 -0.477
Zeoo—0a(pv.) (0.240) (0.191) (0.317)

Notes: *, ** and *** indicate significance at the 1%, 5% and 10% level. Robust standard errors are displayed in parentheses. GMM-DIFF

Y.
1
estimations are obtained by a forward orthogonal deviation transformation with instrument set composed by ( In !
pon,
Y, Y, Y, Y, Y,
2 T-2 1 2 T-2
.In ! . In ! ‘W n ! CWiIn| —==— |, .., WIn| —=="—1 ) and the overall set of other
PoQ , Pop 1, pon ; Pon , Pop 1,

explanatory variables (considered as exogenous) .

As explained above, the GMM estimator controlsldoth endogeneity and other econometric problems; it

expected to address the inconsistency of POLS &M estimators which provide however upper and fowe
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bounds for the autoregressive parameter (Bond ,e2@015. For Model (1) and (2), LSDV values are around
0.7 (0.70 and 0.64) and grow to values of arou®® ©0.89 and 0.88) when the POLS estimator is u&ed.
expected, for these 2 models, the estimated autssige parameters, lying close to 0.8 (0.79 aBd)(all
between these bounds. Unfortunately, this is net ¢ase in model (3) where the GMM autoregressive
parameter (0.92) exceeds POLS coefficient (0.88paisly due to a misspecification bias (omitted alalgs).
These results are in line our previous residudiapzorrelation analysis (section 4.1): it is ionfant to include

a spatially lagged variable in our specificatiorithAugh Table 2 provides biased and inefficientultss it

makes a benchmark for dynamic spatial panel datiehresults.

The estimated autoregressive parameter are clogwse obtained in other studies (Caselli et &96). Its
value points out that there is a significant Euaspeegional convergence, conditionally to investhpem capita
(which have a significant positive impact on regibdevelopment). The non significant impact of dgraphic
growth suggests that the evolution of labour fatoes not affect regional development. Last, wergze that
in model (3) the treatment effect has a very sn#l016) but significant effect on Objective 1 @up

convergence.

The results from the dynamic spatial panel dataaisodre displayed in Table 3. The introduction pdtilly

lagged variable leads to significantly differensults. The autoregressive parameter (0.47) in m@getirops
sharply regarding to model (1) indicating that weasure a faster regional convergence when we orisid
impact of neighbouring income on regional developm&patial lagged income coefficient (0.35) sutges
strong significant impact of spill over effect be®n European regions on their development dynarhios.
development of the European regions is stronglgcaéid by their spatial interdependence, thus stiggethat

the convergence process is not only a "temporaless but also a spatial process. The introduofienspatial

8 With fixed T, POLS gives an estimate of the ca@diit of the lagged income that is biased upwarth@npresence of
individual specific effects (Hsiao, 1986) and LSIgWes an biased downwards estimate for the sanféicgests (Nickell,

1981).
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|
lag does not affect the impact of investment pgitaspending on regional development{*— coefficients
POR,;

keep significant and values around 0.18). The deapddgc growth rate has still no still significantpact in this

specification.

Y,
Model (6) results provide evidence of policy impact Objective 1 convergence. THg, t_1.In[ L J
' PoR 4

coefficient assesses weak but significant impa@bprograms on European convergence of treatéoinseg

It is now possible to use the estimation resultddpict the impact of the structural funds on tieome for the
Objectivel regions. Results are depicted in Figufer models (3) and (6) for the periods 85-89u€ore the
policy applies), 90-94 (1), 95-99 (2) and 2000-2@% Figure 5 depicts the log difference for Olipexl
regions between the predicted value of GDP p.c.wthe policy applies and its counterfactual. If gradicy
impact pattern is similar between the two estimatexdel (3) provides an upward biased measures afmipact
because this model doses not consider a spatiateguessive term. Moreover, the figure 5 highligtitat
policy has affected Objective 1 regions convergdicehe first two programming periods (periodsrid,
1990-94 and 1995-99). Although European Union egpeed a slow income growth during the first
programming period, policy has supported Objecliveegions development. Last, the difference betw@&n

predicted income and its counterfactual is condtarthe third period, between 1999 and 2005 (adoi25).
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— Spatial dynamic GMM estimates (model (6))
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Figure 5: Average of policy impact on convergence of Objective 1 regions for the periods 85-89 (0, before the

policy applies), 90-94 (1), 95-99 (2) and 2000-2005 (3 (Authors' calculation, Cambridge Econometrics data)

5. Conclusion

The aim of this paper is to investigate empiricale impact of cohesion policy on European regional
convergence. Using a dynamic panel dataset of é§ibms over the period 1980-2005, including infaiora
before the policy applies, we extent the curretgrditure by considering together spatial dependenaid

impact analysis inside a dynamic panel specificafidhe broadness of our datasets enables sucldeostson.

We focussed on Objectivel regions, that receivethivd of the structural funds. Because developrpeojects
have been designed with a bottom-up approach andsaemed that not all drivers are activated instimae

way in all Objectivel regions. As such, we retaiaegpecification that does not explicit the way plodicy can
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foster regional development. Of course, the grawibact does not appear immediately and we congidere

years time lag in our analysis.

Within the framework of a dynamic panel specifioatthat considers the spatial dimension of GDPcpeita,
we find empirical evidence that cohesion policytéos the endogenous development of Objectivel megio
Europe and contributes to narrow GDP disparitiesr d&U regions. Moreover, our results confirm tha t
cohesion policy, that aims at counterbalancingettiects of GDP concentration over the richest negli@ttains
this objective as considering for the spatial diswen of the panel still leads to a significant effef the

structural funds on regional convergence.

Such insights confirm that the bottom-up desigpmfects, along with the involvement of regionational
and EU actors in the design, implementation anduatian of the programs, has the capacity of fastethe
endogenous development potential of the laggingnsgin Europe. As such, it may not be that impdrta

concentrate on the specific drivers in each re@ian overall convergence analysis.

Analysing the spatial dimension of the panel dagafiwd that regional spillover do have an impactegional
development. The cohesion policy counterbalanaesgative effect on regional development when tbleest
regions concentrate income and activities. It isvéx@er our opinion that improving regional spilloseran
contribute to foster the endogenous developmemegibnal clusters, as has been demonstrated wighrédigy
programs. The last point stresses that the cohgmitiay is implemented along with other EU policigike

agricultural policies, industrial regulations) thetn favour or hamper the effects of this policyteading our
analysis towards national redistributive effect@tional pensioning strategies and regional clusgecian help

designing more efficient policies toward regionavelopment.
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Appendix A

Name Objective 1 Code Name Objective 1 Code Name Objective 1

Cantabria 1989-2006 IE02 Southern and Eastern 1989-2004 UKD4 Lancashire

Pais Vasco ITC1 Piemonte UKD5 Merseyside 1994-2006

Comunidad Foral de Navarra ITCc2 Valle d'Aosta UKE1 East Riding and North Lincdtire

La Rioja ITC3 Liguria UKE2 North Yorkshire

Aragon ITC4 Lombardia UKE3 South Yorkshire 2000-06

Comunidad de Madrid ITD1 Provincia Autonoma Bolzano-Bozen UKE4 West Yoriksh

Castillay Leén 1989-2006 ITD2 Provincia Autonoma Trento UKF1 Derbyshire and tghamshire

Castilla-la Mancha ~ 1989-2006 ITD3 Veneto UKF2 Leicestershire, Rutland and Northants

Extremadura 1989-2006 ITD4 Friuli-Venezia Giulia UKF3 Lincolnshire

Catalufia ITDS Emilia-Romagna UKG1 Herefordshire, Worcestershind Warks

Comunidad Valenciand989-2004 ITEL Toscana UKG2 Shropshire and Staffordshire

lles Balears ITE2 Umbria UKG3 West Midlands

Andalucia 1989-2006 ITE3 Marche UKH1 East Anglia

Region de Murcia 1989-2006 ITE4 Lazio UKH2 Bedfordshire, Hertfordshire

Canarias (ES) 1989-2006 ITF1 Abruzzo 1989-96 UKH3 Essex

Ita-Suomi 1995-2006 ITF2 Molise 1989-2006 UKI1 Inner London

Etela-Suomi ITF3 Campania 1989-2006 UKI2 Outer London

Lansi-Suomi ITF4 Puglia 1989-2006 UKJ1 Berkshire, Bucks and Oxfordshire

Pohjois-Suomi 1995-2006 ITF5 Basilicata 1989-2006 UKJ2 Surrey, East and West Sussex

Tle de France ITF6 Calabria 1989-2006 UKJ3 Hampshire and Isle of Wight

Champagne-Ardenne ITG1 Sicilia 1989-2006 UKJ4 Kent

Picardie ITG2 Sardegna 1989-2006 UKK1 Gloucestershire, Wiltshire and North Somerset

Haute-Normandie NL11 Groningen UKK2 Dorset and Somerset

Centre NL12 Friesland UKK3 Cornwall and Isles of Scilly 2000-06

Basse-Normandie NL13 Drenthe UKK4 Devon

Bourgogne NL21 Overijssel UKL1 West Wales and The Valleys 2000-06

Nord - Pas-de-Calais 1994-2004 NL22 Gelderland UKL2 East Wales

Lorraine NL23 Flevoland 2000-06 UKM1 North Eastern Scotland

Alsace NL31 Utrecht UKM2 Eastern Scotland

Franche-Comté NL32 Noord-Holland UKM3 South Western Scotland

Pays de la Loire NL33 Zuid-Holland UKM4 Highlands and Islands 1994-2006

Bretagne NL34 Zeeland UKNO Northern Ireland 1989-2006

Poitou-Charentes NL41 Noord-Brabant Excluded regions (21)

Aquitaine NL42 Limburg (NL) DE30 Berlin

Midi-Pyrénées PT11 Norte 1989-2006 DE41 Brandenburg - Nordost 1991-2006

Limousin PT15 Algarve 1989-2006 DE42 Brandenburg - Stidwest 1991-2006

Rhéne-Alpes PT16 Centro (PT) 1989-2006 DE80 Mecklenburg-Vorpommern 1991-2006

Auvergne PT17 Lishoa 1989-2004 DED1 Chemnitz

Languedoc-Roussillon PT18 Alentejo 1989-2006 DED2 Dresden

Provence-Alpes-Cote d'Azur PT20 Regido Auténoma dos Agore 1989-2006 DED3 Leipzig

Corse 1989-2004 SEO1 Stockholm DEE1 Dessau

Anatoliki Makedonia, - 1989-2006 SE02 Ostra Mellansverige DEE2 Halle

Kentriki Makedonia ~ 1989-2006 SE04 Sydsverige DEE3 Magdeburg

Dytiki Makedonia 1989-2006 SE06 Norra Mellansverige DEGO Thuringen 1991-2006

Thessalia 1989-2006 SE07 Mellersta Norrland 1995-2006 ES63 Ciudad Auténoma de Ceuta (ES) 1994-2006

Ipeiros 1989-2006 SE08 Ovre Norrland 1995-2006 ES64 Ciudad Auténoma de Melilla (ES) 1994-2006

lonia Nisia 1989-2006 SE09 Sméland med Garna FI20 Aland

Dytiki Ellada 1989-2006 SEOA Véstsverige FR91 Guadeloupe (FR) 1989-2006

Sterea Ellada 1989-2006 UKC1 Tees Valley and Durham FR92 Martinique (FR) 1989-2006

Peloponnisos 1989-2006 UKC2 Northumberland, Tyne and Wear FR93 Guyane (FR) 1989-2006

Attiki 1989-2006 UKD1 Cumbria FR94 Reunion (FR) 1989-2006

Kriti 1989-2006 UKD2 Cheshire GR41 Voreio Aigaio 1989-2006

Border, Midlands and 1989-2006 UKD3 Greater Manchester GR42 Notio Aigaio 1989-2006
PT30 Regido Auténoma da Madeira (PT) 1989-2006
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Appendix B. Spatial weight matrix specification
The spatial weight matrix is used to evaluate theadance of characteristics across region locatidvihile a
variety of weighting matrix may be constructed,oirder to allow spatial interaction, the empiriciérature
chooses weights based on Euclidean distance orgDdgtbetween regions (Abreu et al., 2005).

Thus, we have chosen a geographical definitioreafhibourhood based on Euclidean distance betwegonse
in order to theV- matrix. More precisely we have chosek anearest neighbours weight specificatim,(k)
represents the element\8f matrix in rowi and column :

Wi (K)=0ifi=]

wi (K) = Lif d; =d (k)

w'i (K) = Oif d; =d (k)

d; is the distance between the regidnsand j centroids, andd, (k) is a cutt-off distance based on the
distance ofk -nearest neighbour for regidn The interactions are assumed to be negligiblealius distance.

Although we have constructdf with k=10, the results are similar with=5, 15 and 20.

W*ij (k)

ZW*ij (k)

]

So, the matrix is row-standardised, (k) = to provide easier interpretation (each weight rnay

interpreted as the region's share in the totaliapatfect of the sample) and make parameter egtsnanore
comparable.

Kk -nearest neighbours' weight matrix has the mosdfito representing spatial interaction of our damihis

specification lead to each region has the same aumbneighbouring regionsk() including islands on our

sample and reduce the heterogeneity problem obmafisuperficies (Anselin, 2002).
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