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The European regional conver gence process, 1980-1995:
Do spatial regimes and spatial dependence M atter ?

Abstract
We show in this paper that spatid dependence and spatid heterogeneity metter in the

esimation of the b-convergence process among 138 European regions over the 1980-1995 period.
Using spatial econometrics tools, we detect both spatia dependence and spatia heterogeneity in the
form of dructura indability across spatid convergence clubs. The edtimation of the agppropriate
gpatial regimes spatid error model shows that the convergence process is different across regimes.
We ds0 edimate a srongly sgnificant spatid spillover effect: the average growth rate of per capita

GDP of agiven region is podtively affected by the average growth rate of neighboring regions.
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| ntroduction

The convergence of European regions has been largely discussed in the macroeconomic and
the regiond science literature during the past decade. Two observations are often emphasized. Fird,
the convergence rate among European regions appears to be very dow in the extensve samples
consdered (Barro and Sda-l1-Martin, 1991, 1995 ; Sda-1-Martin, 1996a, 1996b ; Armstrong 1995,
Neven and Gouyette, 1995). Moreover, income or GDP disparities seem to be persstent despite the
European economic integration process and higher growth rates of some poorer regions as
highlighted in the European Commission reports (1996, 1999). These observations may indicate the
exigence of different groupings of regions as found in cross-country studies usng internationd data
sets (Baumol, 1986; Durlauf and Johnson, 1995; Quah, 1996a, 1997).

Second, the geographica digtribution of European economic disparities is studied by Lépez-
Bazo et d. (1999) and Le Gdlo and Ertur (2002) and a permanent polarization pattern between rich
regions in the North and poor regions in the South is found. This evidence can be linked to severa
results of new economic geography theories (Krugman, 1991; Fujita et d., 1999), which show that
locations of economic activities are patidly sructured by some agglomerative and cumulative
processes. As a result, we can say that the geographica didtribution of areas characterized by high
or low economic activities is spatidly dependent and tends to exhibit persstence. Moreover, the
economic surrounding of a region seems to influence the economic development perspectives for
this region: a poor (respectively rich) region surrounded by poor (repectively rich) regions will stay
in this state of economic development whereas a poor region surrounded by richer regions has more
probability to reach a higher state of economic development. These results are highlighted for
European regions by Le Gdlo (2001) who andyses the trandtiona dynamics of per capita GDP
over the 1980-1995 period by means of spatiad Markov chains gpproach: the cluster of the poorest

European regions in Southern Europe creates a great disadvantage for these regions and emphasizes

apoverty trap.



All these observations lead us to andyze the convergence and growth processes among
European regions over the 1980-1995 period in both a more dsaggregated and comprehensive way.
Indeed both economic and geographic disparities embodied in the European regiona polarization
pattern should be taken into account. Actudly, the purpose of this paper is to show tha the
introduction of spatid effects in the estimation of the b-convergence mode adlows doing it.

Following Ansdin (1988a), spatiad effects refer to both gpatia autocorrdation and spatiad
heterogeneity. On the one hand, we emphasize the link between the detection of a pogtive spatid
autocorrelaion of regiond GDPs and the regiond polarization of the economies in Europe.
Moreover, we show that modeing spatiad autocorreation in the b-convergence mode dlows
edimating geographic spillover effects On the other hand gpatid heterogeneity means thet
economic behavior is not dtable over space. Such a spatiad heterogeneity probably characterizes
patterns of economic development under the form of gpatiad regimes and/or groupwise
heteroskedadticity: a cluster of rich regions (the core) being disinguished from a cluster of poor
regions (the periphery).

From an econometric point of view, it is well known that the presence of spatia dependence
and/or spatia heterogeneity leads to unreiable statistical inference based on Ordinary Least Squares
(OLS) edimations. Concerning the spatid dependence issue, we use the appropricte spatia
econometric tools to test for its presence and to estimate the appropriate spatiad Specification.
Concerning the spatid heterogeneity problem, we define spatiad regimes, which are interpreted as
gpatia convergence clubs, usng Exploratory Spatid Data Analysis (ESDA) in order to capture the
North-South polarization pattern observed in European regions. Taking into account both of these
effects, we show two results. Firdt, the convergence process is different across regimes. Actudly
there is not such a convergence process for northern regions, wheress it is weak for southern
regions. Second, a significant geographic spillover effect gppears in the growth process in tha the
average growth rate for a given region is pogtively influenced by the average growth rates of

neighboring regions.



In a first section the convergence concepts used in this paper are presented: b-convergence,
club convergence and spatia effects are defined more precisaly. In the second section, the empirica
methodology and the econometric results are presented. In the firsd step, we define convergence
clubs usng ESDA. In the second step, we show that the globa and a-spatid unconditiond b-
convergence modd is misspecified and that a spatiad regime modd with spatidly autocorrelated
errors is more appropriate. In this model, a random shock affecting a given region propagetes to al
the region of the sample. Two smulation experiments based on a southern region and on a northern

region, illustrate this effect on the average growth rate of dl the regions of our sample.

| . Conver gence concepts and spatial effects

Since the rather informa contribution of Baumol (1986), and the more forma contributions
of Baro and Sda-i-Martin (1991, 1992, 1995) and Mankiw, Romer and Well (1992) among others,
the controversa convergence issue has been extensvely debated in the macroeconomic growth and
regiond science literature and heavily criticized on both theoreticd and methodologicd grounds.
The convergence hypothesis has been improved and made more precise and forma since Baumol’s
(1986) pioneering paper leading to b-convergence or s -convergence concepts. Alternative concepts
such as club convergence (Durlauf and Johnson, 1995; Quah, 1993a, 1993b, 1996a, 1996b) or
stochastic convergence (Bernard and Durlauf, 1995, 1996; Evans and Karras, 1996) have adso been
developed. In relation with the convergence concepts used, econometric problems, such as
heterogenaity, omitted variables, modd uncertainty, outliers, endogeneity and measurement erors,
are often rased and dternative techniques like pand data (Idam, 1995; Casdli, Esquive and
Lefort, 1996), time series (Bernard and Durlauf, 1995, 1996; Carlino and Mills, 1993, 1996a,
1996b; Evans and Karras, 1996) and probability transtion matrices (Quah, 1993a, 1996a, 1996b)
are proposed. We will not attempt here to discuss this huge literature: Durlauf and Quah (1999),

Idam (1998), Mankiw (1995) and Temple (1999) present outstanding surveys of this debate.



Spatid effects have recelved less atention in the literature athough magor econometric

problems are likey to be encountered if they are present in the standard b-convergence framework,

snce datigticd inference based on OLS will then be flawed. The firg sudy we are aware of that
takes up the issue of location and growth explicitly is De Long and Summers (1991, p. 456 and
appendix 1, p. 487-490):
“Many comparative cross-country regression have assumed there is no dependence across residual's, and
that each country provides as informative and independent an observation as any other. Yet it is difficult
to believe that Belgian and Dutch economic growth would ever significantly diverge, or that substantial
productivity gaps would appear in Scandinavia. The omitted variables that are captured in the regression

residuals seem ex ante likely to take on similar values in neighboring countries. This suggests that

residualsin nearby nationswill be correlated...”

However, they are dissppointed not to find evidence of spatid corrdation in their sample’.
Since then, the appropriate econometric treatment of these spatid effects is often neglected in the
macroeconomic literature, at best it is handled by the draightforward use of regiond dummies or
border dummy variables (Chua, 1993; Ades and Chua, 1997; Barro and Sala-I-Martin, 1995;
Easterly and Levine, 1995).

Mankiw (1995, p.304-305) adso points out that multiple regresson in the sandard

framework treats each country asif it were an independent observation:

“For the reported standard errors to be correct, the residual for Canada must be uncorrelated with the
residual for United States. If country residuals are in fact correlated, as is plausible, then the data most

likely contain less information then the reported standard errorsindicate”.

Temple (1999, p. 130-131) in his survey on the new growth evidence dso draws attention to
the error corrdation and regiona spillovers though he interprets these effects as mainly reflecting

an omitted variable problem:

“Without more evidence that the disturbances are independent, the standard errors in most growth

regression should be treated with a certain degree of mistrust”.

! More specifically, their result is based on regressions of normalized products of fitted residuals for all country pairs
obtained from a growth equation on different functional forms of the distance between country capitals: “We are quite
surprised at the apparent absence of a significant degree of spatial correlation in our sample...” (De Long and Summers,
1991, p. 489)
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It is therefore at least surprisng that these effects dthough acknowledged are not studied
more fully in the macroeconomic literature yet gppropricte datigtica techniques and econometric
models used for andyzing such spatial processes have been developed in the regiond science
literature (Ansdin, 1988a; Ansdin and Bera 1998; Ansdin, 2001). They provide relevant tools to
identify both “well defined” spatid dependence and heterogeneity forms involved in the regiond
growth process. Neverthdless just a few recent empirica <udies gpply the appropriate spatial
econometric tools as Moreno and Trehan (1997), Fingleton (1999), Rey and Montouri (1999) or

Maurseth (2001).

1. b-conver gence models

The prediction of the neoclasscal growth modd (Solow, 1956) is that the growth rate of an
economy will be postively rdated to the distance that separates it from its own seady date. This is
the concept known as conditiond b-convergence. If economies have different steady dates, this
concept is compatible with a persistent high degree of inequality among economies

The hypothess of conditiond b-convergence is usudly tested on the following cross

sectionad modd, in matrix form:

g, =aS+by, + Xf +e e ~ N(0,s 2I) (1)

where g, isthe (n” 1) vector of average growth rates of per capita GDP between date 0 and T; y,

is the vector of log per capita GDP levels a date O0; X isamatrix of variables, maintaining constant

the steady state of each economy, S is the unit vector and e is the vector of errors with the usud
properties. There is conditiond b-convergence if the esimate of b is dgnificantly negaive once

X is held congant. The speed of convergence and the hdf-life can then be recovered usng this

estimate’. This is the approach widely used in cross-country analysis, with more or less ad hoc

%2 The speed of convergence is then b=- In(1+Tb)/T . The time necessary for the economies to fill half of the
variation, which separates them from their steady state, is called the halfife: t = - In(2)/In(1+b) .



specifications to control for the determinants of the Steady State as discussed by Levine and Rendt
(1992) or with specifications formaly derived from gructurd growth models following Mankiw,

Romer and Well (1992).

If we assume that dl the economies are Sructurdly smilar, characterized by the same
deady dae, and differ only by ther initid conditions, we define the concept known as
unconditiond b-convergence: dl the economies converge to the same seady date. It is only in that
case that the prediction of the neoclassca growth mode that poor economies grow faster than rich

ones and eventudly catch them up in the long run holds true.

The hypothess of unconditiond b-convergence is usudly tested on the following cross
sectiond modd, in matrix form:

g, =aS+by, +e e ~ N(0,s 1) 2)

There is unconditiond b —convergence when b is dgnificantly negatiive. This gpproach is
advocated, for example, by Sda-1-Martin (1996a, 1996b) for within country cross-regiond andyss
together with an increesng emphass on the test of the s-convergence concept, which relates to
cross-sectiond disperson. There is s-convergence if the disperson - measured, for example, by the
sandard deviation of log per capita redl GDP across a group of economies - tends to decrease over
time. These two concepts are designed to capture conceptudly different phenomena b-convergence
relates to the mobility of per capita GDP within the same didribution and s-convergence relaes to
the evolution over time of the didribution of per capita GDP. Although closdly reated these two
concepts are far from being identicd. As is wdl known even unconditiond b-convergence is a

necessary but not a sufficient condition for s -convergence®.

% However we will not use this s-convergence concept in this paper because it is an aspatial concept. Note that
Maurseth (2001) has recently proposed a conditional s-convergence concept, which can be interpreted as a spatialized
mesure of dispersion.
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2. Club convergence

However, these convergence concepts and tests have been forcefully criticized in the recent
literature both on theoreticd and methodological grounds and severd econometric problems are
often raised. More precisdy, in regard with the heterogeneity problem, the concept of club
convergence used for example by Durlauf and Johnson (1995) seems gppeding. This concept is
consgent with economic polarization, persasent poverty and clustering. In case of unconditiond
convergence, there is only one equilibrium leve to which dl economies approach. In case of
conditional convergence, equilibrium differs by economy, and each economy approaches its own
but unique, globaly dable, steady dtate equilibrium. In contragt, the concept of club convergence, is
based on endogenous growth models that are characterized by the possibility of multiple, localy
dable, Seady date equilibria as in Azariadis and Drazen (1990). Which of these different equilibria
an economy will be reaching, depends on the range to which its initid conditions belong. In other
words, economies converge to one another if ther initid conditions are in the “basin of atraction”
of the same deady date equilibrium. In such a framework, as noted by Durlauf and Johnson (1995),
dandard convergence tests can have some difficulties to discriminate between these multiple steady
date modds and the Solow mode. Moreover, Bernard and Durlauf (1996) show that a linear
regresson agpplied to data generated by economies convergng to multiple steady states can produce
a negdive initid per capita GDP coefficient. The standard globa b-convergence result appears then
to be an artifact.

Durlauf and Johnson (1995), using the Summers and Heston data set over the 1960-1985
period and the Mankiw, Romer and Well (1992) framework, show that convergence is indeed
dronger within groups of countries once they ahitrarily solit the whole sample based on the initid
per cagpita GDP levd and the adult literacy rate a the beginning of the period. Moreover estimated
parameter values associated to conditioning variables differ dgnificantly across the groups. They
endogenize then the splitting using the regresson tree method and note the geographic homogeneity

within each group but fal to find evidence of convergence among the high-output economies, that



Is to say NorthrAmerican and European countries. This result if furthermore quditatively smilar to
that obtained by De Long (1988). They interpret the overdl parameter ingtability as indicative of
countries belonging to different regimes.

However, Gdor (1996) shows that multiplicity of deady date equilibria and thus club
convergence is even condstent with standard neoclassca growth models tha exhibit diminishing
margind productivity of capital and condtant return to scde if heterogenelty across individuds is
permitted. The problem is then to diginguish evidence of club convergence from that of conditiond
convergence.

The standard b —convergence concept and test are aso, more deeply, criticized by Friedman
(1992) and Quah (1993b) who raise the Gdton's fallacy problem. Moreover, Quah (1993a, 19963,
1996b, 1997) argues that convergence should be studied by taking into account the shape of the
entire distribution of per capita GDP and its intra-distribution dynamics over time and not by
edimating the cross section corrdaion between growth rates and per capita GDP levels or by
computing firs or higher moments. Usng an dternative empiricd methodology based on Markov
chains and probability trandtion matrices, Quah (1993a, 1996a, 1996b, 1997) finds evidence on the
formation of convergence clubs, the internationa income didribution polarizing into “twin-peaks’
of rich and poor countries. Quite surprisngly, Quah (1996c) does not find evidence supporting
“twin-peskedness’ in the European regiond income digtribution for a sample of 82 regions, indeed
excluding southern poor Portuguese and Greek regions, over the 1980-1989 period. Yet Le Galo
(2001), using the same empiricad approach, finds such evidence for an extended sample of 138
European regions over the 1980-1995 period.

In addition, Quah (1996c) raises another criticism concerning the neglected spatiad
dimenson of the convergence process. countries or regions are actudly trested as “isolated idands’
in sandard approaches while spatid interactions due to geographica spillovers should be taken into

account. Quah (1996c, p. 954) finds that: “[...] physicd location and geographicd spillover matter
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more than do national, macro factors’ and notes that: “[...] the results highlight the importance of

gpatid and nationd spillovers in understanding regiond income distribution dynamics’.

3. Spatial effects and polarization patterns

Following Ansdin (1988a), spatid effects refer to both spatial dependence and spatia
heterogeneity.

Spatid autocorrdation can be defined as the coincidence of vaue smilarity with locationd
amilaity (Ansdin, 2001). Therefore, there is podtive spaia autocorrdation when smilar vaues of
a random variable measured on various locations tend to cluster in space. Applied to the study of
income disparities, this means that rich regions tend to be geographicdly clustered as well as poor
regions.

Spatid heterogeneity means in turn that economic behaviors are not stable over space. In a
regresson modd, spatia heterogeneity can be reflected by varying coefficients, i.e. dructurd
ingability, or by vaying eror variances across observations, i.e. heteroskedadticity. These
vaidions follow for example specific geographica patterns such as East and West, or North and
South... Such a gspatid heterogeneity probably characterizes patterns of economic development
under the form of spatid regimes and/or groupwise heteroskedadticity: a cluster of rich egions (the
core) being distinguished from a cluster of poor regions (the periphery).

The links between spatia autocorrdation and spatial heterogeneity are quite complex. Firg,
as pointed out by Ansdin (2001), spatia heterogenaity often occurs jointly with spatid
autocorreation in gpplied econometric studies. Moreover, in cross-section, spatid autocorrelation
and gpatid heterogenety may be obsarvaiondly equivdent. For example, in polarization
phenomena, a spatia cluster of extreme resduds in the center may be interpreted as heterogeneity
between the center and the periphery or as spatid autocorrdation implied by a spatia stochastic
process yidding clugtered vaues in the center. Findly, spatid autocorreation of the resduas may

be implied by some spatid heterogeneity that is not correctly modeled in the regresson (Brundson
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et d., 1999 provide such an example). In other words, in a regresson, a spatia autocorrelaion of
errors may smply indicate that the regresson is misspecified.

Three kinds of issues arise from these complex links between spatid dependence and spatia
heterogeneity.

Frd, we mug identify spatid clugers of regiond wedth upon which a spdid regimes
convergence model could be based. Each spatia cluster contains dl regions connected by a spdtid
association criterion whereas the type of spatid association differs between clusters. Then both
spatial dependence and heterogeneity effects are associated in the construction of our spatia clubs.

Second, datisticd inference based on OLS when heterogeneity or spatid dependence is
present is not reliable. For example, if we try to edtimate a mode characterized by a specific form
of dructurd ingability, we cannot rey on dandard tesdts of dtructurd ingtability in presence of
spatid autocorrelation and/or heteroskedadticity. It is therefore necessary to test if both effects are
present. Furthermore when spatid  autocorreation and spatial  heterogeneity occur jointly in a
regresson, the properties of White (1980) and Breusch-Pagan (1979) tests for heteroskedasticity
may be flawed (Ansdin and Griffith, 1988). Therefore, it is necessary to adjust structura ingability
and heteroskedagticity tests for spatiad autocorrelation and to use appropriate econometric methods
as proposed by Anselin (1988b, 19903, 1990b).

Third, the role played by geographic spillovers in the convergence of European regions has
to be consdered. In a previous work, we showed that if spatid autocorreation is detected in the
unconditional b-convergence modd, then it leads to Specifications integrating potentiad geographic
soillovers in the convergence process (Baumont, Ertur and Le Gdlo, 2001). However, since spdtid
heterogenaity is now integrated in the edimation of the b-convergence modd, we must use
gopropriate specifications and tests if we want to obtain reliable estimates of geographic spillovers

on regiond growth in Europe.
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In the following section, we will define more precisdy and aoply our empiricd
methodology”, which extends the approach developed by Durlauf and Johnson (1995) by explicitly
taking into account the potential spatia effects previoudy defined, in the framework of the standard

b- convergence process.

1. Econometric results

In the fird sep of our andyds, we will look for the potential of spatial autocorrdation and
gpatid dructurd ingability in European regiond per cgpita GDP in logarithms using Exploratory
Spatid Daa Andyss (ESDA). ESDA is a st of techniques amed a describing and visudizing
goatiad digributions, a detecting patterns of globa and locad spatid association and a suggesting
goatid regimes or other forms of spatid heterogeneity (Haining 1990; Baley and Gatrel 1995,
Ansdin 1988, b). Moran's | ddidic is usudly used to test for globa spatid autocorrdation (Cliff
and Ord, 1981) while the Moran scatterplot is used to visudize patterns of loca spatial association
and gpatid ingability (Ansdin, 1996). In the second step, we will edimate an unconditiond b-
convergence mode by OLS and carry out various tests aming a detecting the presence of spatid
dependence and spatia heterogeneity. We will then propose the most appropriate specification in

respect to these two problems.

1. Data

Data limitations remain a serious problem in the European regiond context adthough much
progress has been made recently by Eurostat. Harmonized and religble data alowing congstent
regiond comparisons are scarce, in paticular for the beginning of the time period under sudy.
There is clearly a lack of gppropriate or easly accessble data, to include control and environmentd

vaiables and esimate a conditiond b-convergence modd, compared to the range of such variables

4 A similar empirical methodology is also used in the quite different context of criminology studies by Baller et al.
(2001).

13



avalable for international studies as in Baro and Sda-1-Martin (1995) or Mankiw, Romer and Wall
(1992) (Summers and Heston data set, 1988, also called the Penn World Table)®.

We use data on per capita GDP in logarithms expressed in Ectf. The data are extracted from
the EUROSTAT-REGIO database. This database is widdy used in empirica studies on European
regions, see for example LopezBazo et a. (1999), Neven and Gouyette (1995), Quah (1996), Beine
and Jean-Pierre (2000) among others. Our sample includes 138 regions in 11 European countries
over the 1980-1995 period: Belgium (11), Denmark (1), France (21), Germany (30), Greece (13),
Luxembourg (1), Itay (20), the Netherlands (9), Portugd (5) and Spain (16) in NUTS2 and the
United Kingdom (11) in NUTSL level7 (see the data appendix for more details).

It is worth mentioning that our sample is far more consstent and encompasses much more
regions than the one initidly used by Baro and Sda-I-Martin (1991, 73 regions, 1995, 91 regions)
and Sda-I-Marttin (1996a, 73 regions, 1996b, 90 regions) mixing different sources and different
regiona breskdowns 8. Moreover the smadler 73 regions data set is largely confined to prosperous
European regions belonging to Wesern Germany, France, United-Kingdom, Begium, Denmark,
Netherlands and Italy, excluding Spanish, Portuguese and Greek regions, which are indeed less
progperous. This may result in a sdlection bias problem raised by DelLong (1988). Armstrong
(1995a, 1995h) tries to overcome these problems by expanding the origind Barro and Sada-I1-Martin
(1991) 73 regions data set to southern less prosperous regions using a more condstent sample of 85
regions.

However, we ae aware of dl the shortcomings of the database we use, especidly
concerning the adequacy of the regiona breskdown adopted, which can rase a form of the
ecologica fdlacy problem (King, 1997; Ansdin and Cho, 2000) or “modifiable ared unit problem”

well known to geographers (Openshaw and Taylor, 1979, Arbia, 1989). The choice of the NUTS2

® Levine and Renelt (1992) discuss the wide range of variables (over 50) used in various studies.

® Former European Currency Unit replaced by the Euro since 1999.

" NUTS means Nomenclature of Territorial Units for Statistics used by Eurostat.

8 For example, for the sample of 91 regions used by Barro and Sala-I-Martin (1995): GDP data collected by Molle
(1980) for the pre-1970 period, Eurostat data for the recent period and personal income data from Banco de Bilbao for
Spanish regions for example. Button and Pentecost (1995) also report these problems.
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level as our spatid scale of analyss may appear to be quite arbitrary and may have some impact on
our inference results. Regions in NUTS2 level may be too large in respect to the variable of interest
and the unobserved heterogeneity may create an ecologica fdlacy, so that it might have been more
relevant to use NUTS3 leve. Conversdly, they may be too smdl so tha the gpatial autocorrelation
detected could be an atifact tha comes out from dicing homogenous zones in respect to the
variable congdered, so that it might have been more relevant to use NUTSL level. Even 1, idedly,
the choice of the spatid scale should be based on theoretical consderations, we are congdrained in
empirical sudies by data availability. Moreover, our preference for the NUTS2 leve rather than the
NUTSL levd, when daa is avalable, is based on European regiond development policy
consderations: indeed it is the levd a which digibility under Objective 1 of Structurd Funds ° is
determined since their reform in 1989 (The European regions. sixth periodic report on the socio-
economic gtugtion in the regions of the European Union, European Commisson, 1999). Our
empiricd results are indeed conditioned by this choice and could be affected by different levels of

aggregation and even by missng regions. Therefore, they must be interpreted with caution.

2. The spatial weight matrix

The spatid weight matrix is the fundamenta tool used to modd the spatid interdependence
between regions. More precisdly, each region is connected to a set of neighboring regions by means

of a purely spatial pattern introduced exogenously in this spatid weight matrix WA°. The dements
w, on the diagond are st to zero wheress the elements w; indicate the way the region i s
spatidly connected to the region j. These elements are non-stochastic, non-negaive and finite. In

order to normdize the outsde influence upon each region, the weight matrix is standardized such

that the eements of a row sum up to one. For the variable y,, this transformation means that the

® For regions where development is lagging behind (in which per capita GDP is generally below 75% of the EU
average). More than 60% of total EU resources used to implement structural policies are assigned to Objective 1.

10 As pointed out by Anselin (1999b, p.6): “Also, to avoid identification problems, the weights should truly be
exogenous to the model (Manski, 1993). In spite of their lesser theoretical appeal, this explains the popularity of
geographically derived weights, since exogeneity is unambiguous”.
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expresson Wy,, cdled the spatid lag variable, is smply the weghted average of the neighboring
observations. Various matrices can be conddered: a smple binary contiguity matrix, a binary
goatia weight matrix with a disance-based critical cut-off, above which spatid interactions are
assumed negligible, more sophigticated generalized distance-based spatia weight matrices with or
without a criticd cut-off. The notion of distance is quite generd® and different functiond form
based on distance decay can be used (for example inverse distance, inverse squared distance,
negative exponentid etc.). The critical cut-off can be the same for dl regions or can be defined to
be specific to each region leading in the latter case, for example, to k-nearest neighbors weight
matrices when the critical cut-off for each region is determined s0 that each region has the same
number of neighbors.

It is important to dress that the weights should be exogenous to the mode to avoid the
identification problems raised by Manski (1993) in socid sciences. This is the reason why we
congder pure geogrgphical distance, more precisdly grest circle distance between regiond
centroids, which is indeed drictly exogenous, the functiond form we use is amply the inverse of
squared distance which can be interpreted as reflecting a gravity function.

The generd form of the disance weight matrix W (k) we use is defined as following:

1w (k)=0ifi=]

}w}}(k):]/df ifd;, £ D(k) and V\{j(k)ZV\[j(k)/é w; (k) k=1..4 (3

1w (k) = 0if d, >D(K) ’
where d; is the great circle distance between centroids of regions i and j; D(1) =Q1, D(2) = Me,

D(3)=Q3 and D(4) = Max, where Q1, Me, Q3 and Max are respectively the lower quartile (321
miles), the median (592 miles), the upper quartile (933 miles) and the maximum (2093 miles) of the
great circle digtance didribution. This matrix is row dandardized so that it is reaive and not

absolute distance that matters. D(K) is the cutoff parameter for k =1,2,3 above which interactions

1 Weights based on “social distance” asin Doreian (1980) or “economic distance” asin Case et al. (1993), Conley and
Tsiang (1994), Conley (1999) have also been suggested in the literature. However in that case, as noted by Anselin and
Bera (1998, p.244): “... indicators for the socioeconomic weights should be chosen with great care to ensure their
exogeneity, unlesstheir endogeneity is considered explicitly in the model specification”.
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are assumed negligible. For k =4, the distance matrix is full without cutoff. We therefore consder
4 different gpatid weight matrices. It is important to keep in mind that dl subsequent andyses are
conditiond upon the choice of the spatid weight matrix. Indeed the results of datistica inference
depend on spatial weights. Consequently we use k=1,2,3,4 to check for robustness of our results.
Let us findly note firg thet, even when usng D(1) = Q1, some idands such as Sicilia, Sardegna,
and Baleares are connected to continental Europe so that we avoid rows and columns in W with
only zero vaues. Second, United-Kingdom is aso connected to continental Europe. Third, we note
that connections between southern European regions are assured so that eastern Spanish regions are
connected to Baeares, which are connected to Sardegna, which is in turn connected to Itdian
regions, which are finaly connected to western Greek regions. The block-diagond sructure of the
ample contiguity matrix when ordered by country is thus avoided and the spatia connections
between regions belonging to different countries are guarantied. In our opinion, these matrices have
therefore more gppeding features when working on a sample of European regions, which are less
closaly connected and less compact than US dates, than the smple but less agppropriate contiguity

matrix.

3. Exploratory Spatial Data Analysis. detection of spatial clubs

We firg test for globa gpatid autocorrdation in per capita GDP in logarithms using
Moran’s | datigic (Cliff and Ord, 1981), which is written in the following matrix form, for each

year t of the period 1980-1995:

lt(k)=1-m t=0,.16 k=1,..,4 (4)
S z'%

where z is the vector of the n observations for year t in deviaion from the mean and W(k) isthe
goatid weght marix. Vdues of | lager (rep. gmdler) than the expected vdue

E[l,(K] =-1/(n- 1) indicate postive (resp. negative) spatial autocorreation. Inference is based on
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the permutation approach with 10000 permutations (Anselin, 1995)'2. It appears that, with W(1),
per capita regiond GDP is podtivey spaiadly autocorrelated since the datistics are sgnificant with
p=0.0001 for every year. This result suggests that the null hypothess of no spatial autocorration
is rgected and that the digtribution of per capita regiond GDP is by nature clustered over the whole
period under sudy. In other words, the regions with reatively high per cepita GDP (resp. low) are
locdized close to other regions with rdatively high per capita GDP (resp. low) more often than if
their locdizations were purdy random. A smilar result holds for the average growth rae of
regionad per capita GDP over the whole period. Moreover these results are extremely robust in
respect to the choice of the spatia weight matrix W(K) , k =1,...,4%.

Spdid ingability in the form of spatid regimes is then investigated by means of a Moran
scaterplot (Ansdin, 1996). Given our context of b-convergence andyss, we choose to define such
local spatial association on the logarithm of the initial level of per capita GDP. As noted by Durlauf
and Johnson (1995) the use of split variables, which are known a the beginning of the period are
necessary to avoid the sample selection bias problem raised by De Long (1988).

The Moran scaterplot displays the spatid lag Wy, agang Y, , both standardized. The four
different quadrants of the scatterplot correspond to the four types of loca spatid association
between a region and its neighbors (HH) a region with a high vaue surrounded by regions with
high vadues, (LH) a region with a low vaue surrounded by regions with high vaues (LL) a region
with a low vaue surrounded by regions with low vdues (HL) a region with a high vaue
surrounded by regions with low vaues. Quadrants HH and LL refer to postive spdid
autocorrelation indicating spatiad clusering of smilar vaues wheress quadrants LH and HL
represent negetive patid  autocorrdation indicating patid clustering of dissmilar vaues. The
Moran scatterplot may thus be used to visudize atypicad locdizations in respect to the globd

pettern, i.e. regions in quadrant LH or in the quadrant HL. A four-way split of the sample based on

12 All computations were carried out using SpaceStat 1.90 software (Anselin, 1999a).
13 |n addition, the results are also robust to the use of a k-nearest neighbors spatial weight matrices, fork =10,15,20,25.
Compl ete results are avail able from the authors upon request.
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the two control variables, initid per capita GDP and initid spatidly lagged per capita GDP,
alowing for interactions between them, can therefore be based on this Moran scatterplot.
[Figure 1 about here]

Figure 1 displays this Moran scatterplot computed with W(1) for log per capita GDP in
1980. It reveds the predominance of high-high and low-low dustering types of regiona per cepita
GDP. amog dl the European regions are characterized by postive spaid association snce 90
regions are of type HH and 45 regions of type LL. The Moran scatterplot confirms the clear North-
South polarization of the European regions. northern regions are located in the HH quadrant while
southern regions are located in the LL quadrant. Only three regions show a spatid associaion of
dissmilar vdues Wades, and Northern Irdand (United Kingdom) are located in the LH quadrant,
which indicates poor regions, surrounded on average by rich regions, conversely Scotland is located
in the HL quadrant.

This suggests some kind of gspatid heterogeneity in the European regiond economies, the
convergence process, if it exigs, could be different across regimes. We consder therefore two
spatid clubs condtituted by HH and LL regions, which we cadl North and South. Since Waes,
Scotland and Northern Ireland are deleted™®, our new sample contains 135 regions, which belong to
North and South as following:
i North={France, Gemany, Neherlands, Bedgium, Denmak, Luxembourg, United
Kingdom (excepted Wales, Scotland and Northern Irdland) and northern Italy (Piemonte, Vdle
d Aoda, Liguria, Lombardia, Trentino-Alto Adige, Veneto, Friuli-Venezia Guiliaz Emilia-Romagna
and Toscana)} .
2/ South = {Portugd, Spain, Greece and southern Italy (Umbria, Marche, Lazio, Abruzzo,
Molise, Campania, Puglia, Badlacata, Cdabria, Siciliaand Sardegna)}.

Not surprisngly, regions belonging to the South regime correspond to the Objective 1

regions and mainly belong to the “cohesion countries’ defined by the European Commisson.

14 The spatial clubs (LH) and (HL) containing only 2 regions and one region respectively are omitted due to the small
number of observationsin each and lack of degrees of freedom for the second step of our analysis.
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The Moran scaterplots computed with the other spatiad weight matrices W(2), W(3) and
W(4) lead to sengbly the same clubs the only difference is the presence of Scotland in the North
regime. This highlights again the robusiness of our results in regard to the choice of the gpatid
weight matrix®>. Moreover the observed polarization seems to be persistent over the whole period
snce the compostion of the clubs defined by the Moran scatterplots computed for each year
remains globaly unchanged.

The Moran scaterplot is illudtraive of the complex interrdations between globa spatia
autocorrelation and gpatid  heterogenaty in the form of <spaid regimes Globd —spatid

autocorrelation is reflected by the dope of the regresson line of Wy, againgt y,, which is formally

equivalent to Moran's | datistic for a row-standardized weight matrix. It seems to be inherent to the
layout of the spatia regimes corresponding to a clear North- South polarization pattern.

These exploratory results suggest that great care must be taken in the second step of our
andyds concerning the edimation of the standard b-convergence modd due to the presence of
goatial autocorrdation and spatid  heterogeneity. Standard  edtimation by OLS and datidticd
inference based on it are therefore likely to be mideading. Moreover, in respect to the smulation
results presented by Ansdin (1990a) on size and power of traditiond tests of dructurd ingability in
presence of spatidly autocorrdated errors, we are potentidly in the worst case postive globa
goatial  autocorrelation and two regimes corresponding to  closdy connected or  compact
observations. These dandard tests are dso likdy to be highly mideading. Concerning the
methodologicad gpproach to be taken in empirica studies we will follow Ansdin's suggestion: “...it
is prudent to dways carry out a test for the presence of spatid error autocorrdation... If there is a
drong indication of spatid autocorrdation, and particulaly when it is podtive and/or the regimes
correspond to compact contiguous observations, the standard techniques are likely to be unrédigble

and a maximumtlikelihood approach should be taken” (Ansdin, 1990a, p. 205). We are aware that

15 Using k-nearest neighbors spatial weight matrices, we obtained the same North-South polarization result. The
completeresults are available from the authors upon request.
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this empirical approach raises the wel known pretest problem invaidating the use of the usud
asymptotic digtribution of the tests, but the smulation results presented by Ansdin (1990a) indicate
that this problem may not be so harmful in this case.

Findly, the determinaion of the different regimes or clubs should, idedly, be endogenous
as, for example Durlauf and Johnson (1995) in a nonspatid framework. However, to our
knowledge, such an attempt has ill not been made in a setting that also takes into account spatidl

dependence'® and remains beyond the scope of this paper.

4. Estimation results

We fird edimate the mode of unconditiond b-convergence by OLS and carry out various
tes aming a detecting the presence of spatiad dependence usng the spatid weight matrices
previoudy specified and spatid heterogeneity in the form of groupwise heteroskedasticity and/or
dructurd ingability across the spatid regimes previoudy defined. However, testing for one effect
in presence of the other one requires some caution (Ansdin and Griffith, 1988, Ansdin 1990a,
1990b). We then edtimate the appropriate specifications integrating these spatia effects separately.
Two kinds of econometric specifications can be used to ded with the problem of spatia dependence
(Ansin, 1988a, Ansdin and Bera, 1998, Ansdin, 2001): the gpatid error modd (spatia
autoregressve error or SAR modd) and the spatid lag modd (mixed regressve, Spdid
autoregressve modd). The way these modds are estimated and interpreted in the context of b-
convergence models is presented in detall for example in Rey and Montouri (1999) and Baumont,
Ertur and Le Galo (2001). The way we integrate spatid heterogeneity is rather standard: we smply
estimate a groupwise heteroskedastic model by FGLS and a two-regimes model by OLS. However
taking into account dl effects jointly and edimating an agpproprigte econometric  pecification
appears to be less graightforward: we overcome the problem by estimating a spatia regimes model

with spatially autocorrelated errors.

16 This matter of fact is also noted by Anselin and Cho (2000, p.11). This issue is much more complex than in the
standard non-spatial framework due to the spatial weight matrix and the spatial ordering of the observations.
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OL S estimation of the unconditional b-conver gence model and tests

Let ustake as agarting point the following modd of unconditiona b-convergence:
Or =aS+by,, te e~N(O1S:|) ®)

where g, is the vector of dimenson n = 135 of the average per capita GDP growth rates for each

region i between 1995 and 1980, T =15, Yiogo IS the vector containing the observations of per
cgpita GDP in logarithms for dl the regions in 1980, a and b are the unknown parameters to be
estimated, Sisthe unit vector and e isthe vector of errors with the usua properties.

In this context, the choice of the cutoff for the distance-based spatid weight matrix W can
be based on the OLS resdud corrdogran with ranges defined by minimum, lower quartile,
median, upper quartile and maximum greet circle distances as suggested for example by Fingleton
(1999). With the sample of 135 regions we consder now, Ql, Me, Q3 and Max are modified as
fdlowing. Q1 = 312 miless Me= 582 miles, Q3 = 928 miles and Max = 1997 miles. The
determingtion of the cutoff that maximizes the absolute value of dgnificant Moran's | test datistic
adapted to regresson residuds (Cliff and Ord, 1981) or Lagrange Multiplier test dtatistic for spetial
error autocorrelation (Ansdin, 1988a, 1988b) leads to Q1. we retain a cutoff of 312 miles for the
distance based weight matrix (see Table 1).

[Table 1 about here]

The results of the estimation by OLS of this modd are then given in Table 2. The coefficient
asocigted with the initid per capita GDP is sgnificant and negative, b = -0.00797, which
confirms the hypothess of convergence for the European regions. The speed of convergence
associated with this estimation is 0.85% (the hdf-life is 87 years), far beow 2% usudly found in

the convergence literatiure, but closer to about 1% found by Armstrong (1995a). These results
indicate that the process of convergenceisindeed very weak.

[Table 2 about here]
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Evidence in favor of normdity is rather week according to the Jarque-Bera test (1987) with

a p-vaue of 0.014. We dso note that the White (1980) test clearly rejects homoskedasticity as does

the Breusch-Pagan (1979) test versus the explanatory varigble vy,.,. Versus D, which is the

dummy varigble for the northern regime, the regection is dightly wesker with a p-value of 0.015.
Further congderation of spatia heterogenaty is therefore needed: we could think of some generd
form of heteroskedadticity, a more specific heteroskedadticity linked to the explanatory variddle

Yiego 1IN the regresson or groupwise heteroskededticity possibly associated to structurd ingtability

across regimes.

Five spatid autocorrdation tests are then carried out: Moran's | test adapted to regression
resduas (Cliff and Ord, 1981) indicates the presence of gspatid dependence. To discriminate
between the two forms of spatid dependence — spatid autocorrdation of errors or endogenous
goatid lag - we peform the Lagrange Multiplier tests respectivdy LMERR and LMLAG and their
robus versons (Ansdin, 1988b; Ansdin etd., 1996). The two robust tests R-LMLAG and
R-LMERR have a good power againg ther specific dternative. The decison rule suggested by
Ansdin and Forax (1995) can then be used to decide which specification is the more appropriate. If
LMLAG is more dgnificant than LMERR and R-LMLAG is ggnificant but R-LMERR is nat, then
the appropricte modd is the spatia autoregressve modd. Conversdy, if LMERR is more
dgnificant than LMLAG and R-LMERR is dgnificat but R-LMLAG is not, then the appropriate
specification is the spatia error modd. Applying this decison rule, these tests indicate the presence
of spatid eror autocorrdation rather than a spatid lag variable: the spatid error modd gppears to
be the appropriate specification. The LM tex of the joint null hypothess of absence of
heteroskedagticity and resdua spatiad autocorrdation is highly sgnificant whatever the form of the
heteroskedasticity assumed (Ansdin, 1988a, 1988b).

In addition to the apparent non-normadity of the resduds we ae faced with two
interconnected problems, which we have to ded with: gpaid heterogenety and spatid

autocorreation. A direct implication of these results is that the OLS edtimator is inefficient and that
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al the gatistical inference based on it is unreigble. In addition, as pointed out earlier, we must keep
in mind that in presence of heteroskedadticity, results of the spatid autocorrdation tests may be
mideading and conversdly results of the heteroskedadticity tests may aso be mideading in presence
of spatid autocorrdation (Ansdin 1988a; Ansdin and Griffith, 1988; Ansdin 1990ab). Therefore
they must be interpreted with caution. More precisely, dthough the tests indicate heteroskedadticity
this may not be a problem because it can be due to the presence of spatid dependence (McMillen,
1992).

The unconditiond b -convergence modd is strongly mispecified due to the spatid
autocorrelation and heteroskedadticity of the errors. Actudly, each region cannot be consdered as
independent of the others. The modd must be modified to integrate this spatiad dependence
explictly and to take into account spatid heterogeneity. Moreover, these two aspects may be
linked.

Spatial dependence

We first ded with the spatid dependence issue. We saw that the decison rule suggested by

Ansdin and Florax (1995) indicates a clear preference for the spatiad error model over the spatia

lag modd. We then estimate the following SAR modd:
g, =aS+by, +e e=IWe+u u~N(0,s?l) (6)
Edimation results by ML ae presented in Table 3. The coefficients are dl drongly
sgnificant. From the convergence perspective, b s higher than in the unconditiona
b- convergence model estimated by OLS. the convergence speed is 1.2 % and the haf-life reduces
to 63 years once the spatia effects are controlled for. The convergence process appears then to be a
little Sronger but it remains actually wesk.

[Table 3 about herel

It is as well important to note that a sgnificant postive spatid autocorreaion of the errors

is found (IA =0,788). The LR and Wad common factor tests (Burridge, 1981) indicate that the
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redricion g+1b =0 cannot be rgected so the spatid eror mode can be rewritten as the
condrained spatia Durbin modd:

g; =a(l - | W)S+b y g+ WG, +gWy g, +U )
with g=-1b, but this coefficient is not sgnificant. From the convergence perspective, this
expresson can be interpreted as a minima conditional b -convergence mode integrating two
goatid environment variables (Baumont, Ertur and Le Gdlo, 2001). This reformulation has adso an
interesting interpretation from an economic perspective: the average growth rate of a region i is
postivey influenced by the average growth rae of neighboring regions, through the endogenous
soatid lag varidble Wg, . However, it doesn't seem to be influenced by the initid per capita GDP of
neighboring regions, through the exogenous spatiad lag varidble Wy,,,,. This spillover effect
indicates that the gpatiad association patterns are not neutra for the economic performances of
European regions. The more a region is surrounded by dynamic regions with high growth rates, the
higher will be its growth rate. In other words, the geogrephica environment has an influence on
growth processes.

The LMLAG test does not reect the null hypothesis of the absence of an additiond
autoregressive lag variable in the spatid error modd. According to information criteria this modd
seems to peform better than the preceding one (Akaike, 1974; Schwarz, 1978). Moreover
estimation of this modd by GMM as suggested by Kddjian and Prucha (1999)'" leads to dmost the
same results on the parameters of interest. However this estimation method does not provide
additiond inference for the spatid autoregressive parameter, which is conddered as a nuisance
parameter.

The spatidly adjusted Breusch-Pagan test (Ansdin, 1988a, 1988b) is no more ggnificant
( p-value of 0.08), indicating absence of heteroskedadticity Versus VY,q,, - If this test was the only one

caried out to detect heterokedadticity in the gpatid eror mode, we could say that

7 Avoiding the normality hypothesis of the error term and the problems linked to the accurate computation of the
eigenvalues of W required by the ML estimator.

25



heteroskedasticity found in the previous mode is not a problem and was due to the presence of
spatiad dependence. However, the spatidly adjusted Breusch-Pagan test remains dgnificant versus
D, (p-value of 0.04). We can deduce from these results that only a part of the heteroskedadticity
found in the previous modd is due to the gpatid autocorrelation of the eror term and that

groupwise heteroskedagticity remains a problem that must be taken into account.

Spatial heterogeneity: groupwise heter oskedasticity and/or structural instability

Let us turn now to the spatid heterogeneity issue, which can be conddered from two points
of view. The fird one redaes to the heteroskedadticity problem in the form of groupwise
heteroskedadticity across the regimes previoudy defined. The second one relates to the structurd
ingability problem across the two regimes and furthermore may be associated to groupwise
heteroskedadticity.

We estimate the following modd to take account of groupwise heteroskedadticity:

L
& 67l 0 uo

O =aS+byg, te e~ Ngqe eo s2 | uz 8

e e,2'45 OE

Edimation results by FGLS ae displayed in Table 4. The coefficients are dl strongly significant.
b is smaler than in al the preceding models leading to a convergence speed of 0.71 % . The half-
life rases to 102 years indicating a very weak convergence process. The difference between
regimes variances doesn't seem to be sgnificant (p-value of 0.052) as assessed by the Wald test.
However, this result should be interpreted with caution due to the presence of spatid dependence
detected by the LMERR and LMLAG tests with a dight preference for gspatialy autocorreated
erors. Taking into account groupwise heteroskedadticity does't seem to diminate the spaid
dependence and globally leadsto unrdiable results.
[Table 4 about here]
Let us congder more closdy the posshility of structura ingability. We estimate a spdid

regimes modd of unconditiond b -convergence, which can be specified asfallowing:
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g, =apD, ta,D, + b1D1y1980 + szz Yiogo + € e ~N(0s ezl ) )
where D, and D, are dummy variables quaifying the two spatia regimes previoudy defined. More
precisdly, D,; equds 1 if region i belongs to the North and O if region i belongs to the South; D,

equas O if region i belongs to the North and 1 if region i belongs to the South. This model can dso

be formulated in matrix form as following:

&, 0
7 ~ 7 e u )
g T'llﬁl: gsl 1980,1 l]? 104 +a L'J p = Xd +e (10)
égT,ZO eO O Sz y1980 Oia' lfl @ 0
6. u
60,0

with e'=ge, e and e~N(Osl), the subscribe 1 sanding for the north regime and the

subscribe 2 for the south regime.

This type of specification takes into account the fact that the convergence process, if it
exigs, could be different across regimes. Actudly this approach can be interpreted as a spdtid
convergence clubs approach, where the clubs are identified usng a spatid criterion with the Moran
scatterplot as described above. Our agpproach extends the empirica methodology eaborated by

Durlauf and Johnson (1995) to take into account explicitly the spatial dimension of data.

The estimation results by OLS are displayed in Table 5. We see that 61 does not have te

expected sgn and is not dgnificant for the North. However, 62 has the expected sgn and is
sgnificant for southern regions leading to a convergence speed of 2.8% and a hdf-life of 30 years.
The convergence process for southern regions seems to be stronger then the one in the initid
model*®. This result is consistent with those obtained by Durlauf and Johnson (1995) The Chow test
of ovedl dability strongly rgects the joint null hypothess. The individud coefficient Sability tests
rgect the corresponding null hypotheses. The convergence process seems therefore to be quite

different across regimes.

18 Thisresult is similar to that obtained by Beine and Jean-Pierre (2000) using a sample of 62 NUTSL1 regions over the
1980-1995 period with an endogenous determination of convergence clubsin an a-spatial framework.
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[Table 5 about here]

It is worth mentioning that the Jarque-Bera tet (1987) doesn’'t rgect normality (p-vaue of
0.82) in clear contrast to the result on the initid modd: the rdiability of al subsequent testing
procedures and the use of Maximum Likdihood edimation method ae then drengthened.
Concerning the Breusch-Pagan test versus D,, we note that the rgection of groupwise
heteroskedadticity is weeker than in the initid modd with a p-vadue of 0.045. The diagnogtic tests
for gspatiad dependence dill indicate a preference for spatialy autocorredated errors as in the
preceding modd. However dl these tests should be interpreted cautioudy due to the potentid

presence of spatialy autocorrelated errors and of groupwise heteroskedadticity.

Spatial dependence and spatial heter ogeneity

To teke into account spatid error autocorrdation in conjunction with sructurd ingability,
we edimae the following spatid regimes modd, in which we assume tha the same gpatid
autoregressive process affects dl the errors:

gT :alDl +a2D2 + lel y1980 + b2D2 y1980 te (11)

with e =I We +u and u ~ N(O,s ?I) . Or equivaently in matrix form:

e, U
ég; U & 0 0 igb,{ éeu
égT,ll:I:éSl Yies0.1 0e 10y +e ' b 7=Xd+e (12)
&% 20 éo 0 S, Yies02 (1€, l:' &0

e u

&, ¢

withe'=ge, ep; e=l We+uandu~N(@Os ).

The subscribe 1 gtands for the north regime and the subscribe 2 for the south regime. This
specification dlows the convergence process to be different across regimes and in the same time
deds with spatidly autocorrelated errors previoudy detected. However, spatid effects are assumed
to be identicd in northern regions and southern regions but dl the regions are dill interacting

spatidly through the gpatid weght matrix W. In addition, it ssems meaningless to edimate
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spaady the two regressons dlowing for different spatia effects possbly based on different
goatid weight matrices across regimes. This would imply that northern and southern regions do not
interact spatialy and are indegpendent. In addition, there is no obvious reason to consder different
spatid weight matrices across regimes. Since the weight matrix contains the pure distance based
gpatid pattern, which is completely exogenous, this assumption would appear to be even more
unlikely.

The estimation results by ML are presented in Teble 6. First we note that b, and b, now

~

have both the expected sign but 61 is dtill not sgnificant for the North. For southern regions, b, is
grongly sgnificant and negative. The convergence speed and the hdf-life are dightly improved,
compared to the preceding OLS model, once the spatid effects are controlled for (respectively
2.94% and 29 years). The spatially adjusted Chow test (Anselin, 1988a, 1990a) strongly reects the
joint null hypothess of dructurd dability and the individuad coefficient dtability teds regect the
corresponding null hypotheses. These results clearly indicate that the convergence process differs
across regimes. Furthermore, if there is a convergence process among European regions, it mainly
concerns the southern regions and does not concern the northern regions.
[Table 6 about here]
The second aspect of these results we want to stress in this paper refers to spatia spillover

effects We fird note that a dggnificant podtive spatid autocorrdaion is found under this
assumption (IA =0,788). Recdl that the spatia error model can adso be expressed as the constrained

gpatia Durbin mode, which can be formulated here as

Or :al(l - W)Dl +a2(| - W)Dz + le1y1980 + szz Yioso + I WgT + (13)
OWD, Yiea0 +I MWD, Y1060 + U
with u~N(0,s 2I) and the two nonlinear restrictions g, =-1b, and g, =-1b,. The LR and Wad

common factor tests (Burridge, 1981) indicate that these redrictions cannot be regected.
Neverthdess these two coefficients do not seem to be dgnificant. We saw previoudy that this

reformulation of the spatid eror mode has an interesting interpretation from the spetia spillover
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perspective. It appears therefore that, whatever the regime, the average growth rate of a region i is
postively influenced by the average growth rates of neighboring regions, through the endogenous
spodid lag variable Wg, . However, it doesn't seem to be influenced by the initid per capita GDP of
neighboring regions, through the exogenous spatid lag variable Wy, oq, .

The LMLAG test does not reect the null hypothesis of the absence of an additiond
autoregressve lag varidble in the spatid error modd. The gspatidly adjusted Breusch-Pagan
heteroskedadticity test versus D, is not sgnificant p-vaue of 0.065) indicating thet there is no need
to further dlow for groupwise heteroskedadticity in the modd. According to information criteria
(Akake, 1974; Schwarz, 1978) this modd seems to perform better than dl the preceding ones.
Moreover estimation of this modd by GMM (Kegian and Prucha, 1999) leads to dmost the same
results on the parameters of interest.

Findly, the spatid regimes spatia eror specification has an interesting property concerning
the diffuson of arandom shock. Indeed, model (11) can be rewritten as following:

g, =aD, +a,D, +b,D Vg + D,D, Vi + (1 - T W) *u (14)

Concerning the error process, this expresson means that a random shock in a specific region
does not only affect the average growth rate of this region, but dso has an impact on the average

growth rates of dl other regions through the inverse spatid transformation (1 - | W) ™.

We present some simulation results to illugtrate this property with a random shock, set equa
to two times the resdud <sandard-error of the edtimated spatid regimes spatia error modd,
afecting lle de France beonging to the North regime (Figure 2) and Madrid beonging to the South
regime (Figure 3). This shock has the largest relative impact on lle de France (resp. Madrid), where
the estimated mean growth rate is 21.22% (resp. 20.90%) higher than the estimated average growth
rate without the shock. Nevertheess, in both cases, we observe a clear spatial diffuson pattern of
this shock to dl other regions of the sample. The magnitude of the impact of this shock is between
1.57% and 3.74% for the regions neighboring Ile de France and gradudly decreases when we move

to periphera regions (Figure 2). For Madrid, the magnitude of the impact of this shock is between
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3.76% and 8.53% for the regions neighboring Madrid. As Madrid is not centrdly located in Europe,
the magnitude of the shock strongly decreases when we move to northern periphera regions (Figure
3). The impact of the shock appears sronger in the South regime than in the North regime due to
non-ggnificance of the convergence parameter in the North. Therefore the spatidly autocorrdated
errors specification underlines that the geographica diffuson of shocks are a least as important as
the dynamic diffuson of these shocks in the anadlys's of convergence processes.
[Figure 2 and 3 about here]

Differentiated spatial effects

Findly, we invedigae the potentid for differentiatled spatid effects in modding cdub
convergence, i.e. a different | coefficient for each regime and a North-South interaction coefficient,
applying the methodology proposed by Rietveld and Wintershoven (1998) in a quite different
context. In the previous mode we assumed that spatid effects are identicd across spatid clubs.
This assumption should be tested. We dso noted that running two separate regressions alowing for
different spatid effects seems unsatisfactory because it implies that northern regions do not interact
with southern regions.

An interesting way to overcome these problems isto consder the following specification:

0; =apD, +ta,D, +b,D Y050 + b0, Vie + €

e=(1 W+ LW, +1 W,)e+u u~N(0,s2l) (15)
where we teke into account jointly structurd ingability and differentiated spatid effects within and
between spatia clubs. The spatid weight matrix W is now it in three part: W, includes only the
gpoatial  interconnections between regions beonging to the North regime, W, includes only the
spatial interconnections between regions belonging to the South regime and W, includes only the
spaid interconnections between regions belonging to the North regime and regions beonging to
the South regime. These matrices can be filled usng two different goproaches. The first one is

based on the split of the previous standardized W mdirix leading to non-standardized W, matrices
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(j =1,2,3). The main advantage of this approach is tha the homogeneity test of the patid effects
can be carried out in a sraightforward manner snce the model (11) is then the constrained model

under the null hypothess of equa | coefficients The drawback is the use of non-standardized

matrices in the maximum likelihood edimation of modd (15), which can be problematic since usud

regularity conditions might not be met. In addition the interpretation of the |, coefficients as spatid

autocorrelation coefficients becomes ambiguous. The second approach is based on the split of the

non-standardized W matrix, the W, matrices being then standardized. The major drawback is then

that model (11) can no more be considered as the constrained model for the homogeneity test.

We will use the first gpproach as Rietveld and Wintershoven (1998) and estimate modd (15)
by Maximum Likelihood, the results are presented in Table 7*°. The results are in line with those
previoudy obtained concerning the convergence parameters with spatia clubs.

We can note that 1", for the Northern regions and 1, for the Southern regions are strongly
sgnificant and postive, while 1, representing the North-South interactions is surprisingly not
gonificant (p-value 0.924). However this might be explaned by the sparsty of the W, matrix,
which contains too much zero vaues. We then carry out the LR test for the homogeneity of spatid
effects under the maintained hypothess of spatid clubs, it gopears tha the null hypothess of
equaity of spatid effects cannot be rgected (p-value 0.793). We carry out aso the LR test for
spetiad clubs under the maintained hypothesis of differentiated spatia effects?®. The null hypothesis
of no spatid clubs is srongly reected (p-vaue 0.003). These results confirm the fact that model
(11) with spatiad regimes but non-differentiated spatid effects is indeed the most appropriate

Specification.

19 The Gauss code is available from the authors upon request.
20 The ML estimation results of the constrained model are presented in Table 8.
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Conclusion

The am of this pgper was to assess if gpatid dependence and spatia heterogeneity redly
metter in the esimation of b-convergence processes. Based on a sample of 138 European regions
over the period 1980-1995, we showed that they do matter. In front of the well-known theoretica
inadequacy and econometric problems faced by the standard b-convergence model, we improved t
on both aspects.

Firg, from the econometric point of view, the unrdiability of Satigtical inference based on
OLS edimation in presence of nonsphericd errors is wdl known. Using the appropriate
econometric tools, we detected spatia autocorrelation and overcame the problem by estimating the
appropriate gpatiad error modd that can be interpreted as a minima conditional b-convergence
modd. Concerning spatia heterogeneity, it appeared that the problem was essentidly due to
dructurd ingability in the form of spaiad regimes. These spatid regimes, interpreted as Spatid
convergence clubs, were defined usng Exploratory Spatiad Data Andyss (ESDA), more precisdy a
Moran scaterplot. We therefore took into account spatial autocorrelation in conjunction with
dructurd ingtability. The estimation of the gppropriate spatia regimes spatid error model showed
that indeed the convergence process is different across regimes. Furthermore it agppeared that
actudly there is no such a process for northern regions, but only a wesk one for southern regions.
This non convergence result is consstent with that obtained for rich countries by De Long (1988)
and Durlauf and Johnson (1995) using international data sets. It might be due to resdud intra
regime heterogendity not taken into account. Incluson of additiona variables in a conditiond b-
convergence framework might lead to a convergence result for the North regime using the Mankiw,
Romer and Well (1992) framework for example. Unfortunately, data for doing this are not available
in the EUROSTAT-REGIO database. The globa week convergence found in the estimation of the
standard b-convergence mode appears then as an artifact.

Second, from the economic point of view, we estimaed a spatiid spillover effect in the

framework of spatid convergence clubs. This effect appeared to be strongly sSgnificant indicating
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that the average growth rate of per capita GDP of a given region is pogtively affected by the
average growth rate of neighboring regions. The geographic environment plays then an important
role in the sudy of growth processes. The spatid diffuson process implied by this modd is dso

highlighted by a smulation experiment.
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Data Appendix

The data are extracted from the Eurostat- Regio database.

Eurodat is the Statidtica Office of the European Communities. Its task is to provide the
European Union with gatistics at European leve that enable comparisons between countries and
regions. These datistics are used by the European Commisson and other European Inditutions so
that they can define, implement, and andyze Community policies. The Regio database is the
officia source of harmonized annua data a the regiond level throughout the 1980-1995 period for
the European Union and per capita GDP is likdy to be one of the most reiable series in this
database.

We use the Eurogtat 1995 nomenclature of Stetigticd territoria units, which is referred to as
NUTS (Nomenclaure of Teritorid Units for Statigics). The am is to provide a sngle uniform
breskdown of territorid units for the production of regiona datistics for the European Union. In
this nomenclature NUTSL means European Community Regions while NUTS2 means Basic
Adminigrative Units. For practicd reasons to do with data availability and the implementation of
regiond policies, this nomenclaiure is based primaily on the inditutiond divisons currently in
force in the Member Staes following “normative criteria’. Eurodat defines these criteria as
follows “normative regions are the expresson of political will; thar limits are fixed according to
the tasks dlocated to the territoridl communities, according to the size of population necessary to
cary out these tasks efficiently and economicaly, and according to historica and culturd factors’
(Regio database, user's guide, Methods and Nomenclatures, Eurostat, 1999, p.7). It excludes
territoria  units specific to cetain fidds of activity or functiona units (Cheshire and Carbonaro
1995) in favor of regiond units of a genera nature. The regiona breskdown adopted by Eurostat
appears therefore as one of the mgor shortcomings of the Regio database, which can have some
impact on our spatid weight matrix and estimation results (scae problems).

We use the series E2GDP measured in Ecu per inhabitant over the 1980-1995 period for 138
regions in 11 European countries mentioned in the text. Nationd GDPs according to the ESA 1979
(European System of Accounts) are broken down in accordance with the regiond didribution of
gross vaue added a factor cost or, in some case a market prices (Portugd). For the United
Kingdom, the use of NUTSL leve is used because there is no officid counterpart to NUTS2 units,
which are dravn up only for the European Commission use as groups of counties. This explans
data non-avalability aa NUTS2 level throughout the period for this country. Luxembourg and
Denmark may be considered as NUTS2 regions according to Eurostat. Our preference for NUTS2
levd rather than NUTSL level, when data is available, is based on European regiond development
policy condderations indeed it is the levd a which digibility under Objectives 1 and 6 of
Structura Funds is determined (The European regions. sixth periodic report on the socio-economic
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gtuation in the regions of the European Union, European Commission, 1999). Our empirical results
are indeed conditioned by this choice and could be affected by missng regions and different levels
of aggregation. They must therefore be interpreted with caution.

We exclude Groningen in the Netherlands from the sample due to some anomalies related to
North Sea Qil revenues, which subgantidly increase its per capita GDP (Neven and Gouyette
1995). We dso exclude the Canary Idands and Ceuta y Mdlila (Spain), which are geographicaly
isolated. Corse (France), Audlria, Finland, Irdand and Sweden are excluded due to data non
availability over the whole 1980-1995 period in the Eurodtat-Regio databank. Berlin and East
Germany are dso excluded for wel-known higtorica and political reasons.

Tablesand Figures

Spatial lag of log per capita GDP 1980 (standardized)

'-3,5 -30 25 -20 -15 -10 -05 0,0 0,5 1,0 1,5 2,0 2,5
Log per capita GDP 1980 (standardized)

Figure 1. Moran scatterplot for log per capita GDP in 1980
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Range (Km) [Min;Q1[ [QLMe] [MeQ3[ [Q3Max]
[8; 312 [312;582] [582;928] [928;1997[

Moran’'sl| 1554 -3.35 -1241 10.99
p-value 0.000 0.001 0.000 0.000
LMERR 157.38 1045 91.74 2993
p-value 0.000 0.001 0.000 0.000
R-LMERR 4497 0.0097 34.92 0.0138
p-value 0.000 0.922 0.000 0.907

Table 1. Resdual Correlogram

Notes: Q1, Me, Q3 and Max are respectively the lower quartile (312 miles), the median (582 miles), the upper quartile
(928 miles) and the maximum (1997 miles) of the great circle distance distribution between centroids of each region.
For each range, we estimate the absolute b -convergence model and we perform the Moran's | test, the Lagrange
multiplier test and its robust version for residual spatial autocorrelation based on the contiguity matrix computed for that
range.

Estimation results OL S-White Tests
0.130 850
alpha (0.000) B (0.014)
beta -0.00797 Moran 1294
(0.002) (0.000)
0,
Conv. speed (%%508 LMERR (1048(%
Half-life 87 R-LMERR (é%g(l))
R’-adj 014 LMLAG (1023%
LIK 44635 RLMLAG (8'2%
-888.69 1457
AlC BP/ In(Y,gg0) (0.000)
BIC 86288 BP/D1 ((f'(i%)
~A 2 -5
s. 79410 White test ]
155.25 4653
JLM1 (0.000) M2 (0.000)

Table 2: Estimation resultsfor the unconditional b-conver gence model

Notes: Rvalues are in parentheses. OLS-White indicates the use of the White (1980) heteroskedasticity consistent
covariance matrix estimator for statistical inference in the OLS estimation. LIK is the value of the maximum likelihood
function. AIC is the Akaike (1974) information criterion. BIC is the Schwarz information criterion (1978). JB is the
Jarque-Bera (1987) estimated residuals Normality test. MORAN is the Moran's | test adapted to OLS residuals (Cliff
and Ord, 1981). LMERR is the Lagrange multiplier test for residual spatial autocorrelation and R-LMERR is its robust
version. LMLAG is the Lagrange multiplier test for spatially lagged endogenous variable and R-LMLAG is its robust
version (Anselin and Florax, 1995; Anselin et al., 1996). BP is the Breusch-Pagan (1979) test for heteroskedasticity.
White is the White (1980) test of heteroskedasticity. JLM1 is the LM test of the joint null hypothesis of absence of
heteroskedasticity linked to In(y,q,) and residual spatial autocorrelation, JLM2 is the LM test of the joint null

hypothesis of absence of heteroskedasticity linked to D1 and residual spatial autocorrelation (Anselin 1988a, 1988b).
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Estimation results ML GMM Tests
0.156 0.157 74.15
alpha (0.000) (0.000) LR-SED (0.000)
-0.0110 -0.0110 " 0.808
beta (0.000) (0.000) LMLAG (0.369)
0788  0.828 0177
lambda (0.000) LR-comfac (0674)
12% 0.185
Conv. speed (0.000) Wald-comfac (0.667)
. 0.0084
Half-life 63 gamma (0.871)
Sq. Corr. 014 014 SBP/In( Y,4) 3.06
LIK 483.42 (0.080)
AlC -962.85 SBP/D1 4.27
BIC -957.03 (0.039)
~ 2
S, 4078.10°

Table 3: Estimation resultsfor the spatial error model

Notes: P-values are in parentheses. ML indicates maximum likelihood estimation. GMM indicates iterated generalized
moments estimation (Kelgjian and Prucha, 1999). Sq. Corr. is the squared correlation between predicted values and
actual values. LIK is value of the maximum likelihood function. AIC is the Akaike (1974) information criterion. BIC is
the Schwarz information criterion (1978). LR-SED is the likelihood ratio test for spatial error autocorrelation, LMLAG
is the Lagrange multiplier test for an additional spatially lagged endogenous variable in the spatial error model (Anselin
1988a). LR-comfac is the likelihood ratio common factor test; Wald-comfac is the Wald common factor test
(Burridge, 1981). SBP is the spatially adjusted Breusch-Pagan test for heteroskedasticity (Anselin 1988a, 1988b). The
gamma coefficient is not estimated but computed using the accepted restriction; its significance is assessed using the
asymptotic delta method.

Estimation results FGLS Tests
0.120 2 6.228.10”
alpha (0.000) ot (0.000)
-0.00677 2 11.141.10°
beta e2
(0.000) (0.000)
0.71% 378
Conv. speed (0.000) Wald het. test (0.052)
. 129.59
Half-life 102 LMERR (0000)
119.20
Sq. Corr. 014 LMLAG (0.000)

Table 4. Estimation resultsfor the groupwise heter oskedastic model

Notes: P-values are in parentheses. FGL S indicates feasible generalized |east square estimation. Sqg. Corr. is the squared
correlation between predicted values and actual values. sﬂf‘1 and SASZ are respectively the estimated variances for the

north and south regimes. Wald het. test is the Wald test for different variances across regimes. LMERR and LMLAG
are respectively the Lagrange multiplier tests for residual spatial autocorrelation and endogenous spatial lag.
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OLS-White North 1 South 2 Tests
-0.000825 0.252 N 18.64
alpha (0.981) (0.000) Ind. stability test (0.000)
0.00663 -0.0228 N 18.39
beta (0.093) (0.000) Ind. stability test (0.000)
Conv.speed - 2.80% Chow - Wald test 18.86
5P (0.000) overall stability (0.000)
Half-life i 30
R%-adj 0.25 Moran 11.95
LIK 457.81 (0.000)
AIC -907.62 LMERR 10957
BIC -896.00 (0.000)
~ 2 ] 12.59
S S _
e 6.840.10 R-LMERR (0.000)
0.395 97.48
B (0:821) LMLAG (0.000)
4,015 0512
BP/D1 0045) R-LMLAG (0474)

Table5: Estimation resultsfor the spatial regimes model

Notes. P-values are in parentheses. OLS-White indicates the use of the White (1980) heteroskedasticity consistent
covariance matrix estimator for statistical inference in the OLS estimation. LIK is the value of the maximum likelihood
function. AIC is the Akaike (1974) information criterion. BIC is the Schwarz information criterion (1978). JB is the
Jarque-Bera (1987) estimated residuals Normality test. BP is the Breusch-Pagan (1979) test for heteroskedasticity. The
individual coefficient stability tests are based on asymptotic Wald statistics using adjusted White (1980) covariance

matrix, distributed as c¢?2 with 1 degree of freedom. The Chow — Wald test of overall stability is also based on an

asymptotic Wald statistic using adjusted White (1980) covariance matrix, distributed as ¢? with 2 degrees of freedom.

MORAN is the Moran's | test adapted to OLS residuals (Cliff and Ord, 1981). LMERR is the Lagrange multiplier test
for residual spatial autocorrelation and RLMERR is its robust version. LMLAG is the Lagrange multiplier test for
spatially lagged endogenous variable and RLMLAG is its robust version (Anselin and Florax, 1995; Anselin et a.,

1996).
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ML North 1 South 2 Tests
ML GMM | ML  GMM
00798 00837 | 0263 0280 - 1288
apha (0014) (0009 | (0000) (0000) | 'Md-Stabilitytest | 500
-0.0026 -0.0030 | -0.0238 -0.0261 - 1257
beta (0438) (0408) | (0000) (0000) | 'Md-St@dIlitytest |
b 0.788 (ML) 0.793 (GMM) Chow-Wald test 1306
(0.000) Overall stability (0.001)
- 2.94% 6368
Conv.speed (0.000) LR-SED (0.000)
) 5 ; 0.032
Haf-life 29 LMLAG (0857)
Sq. corr. 0.22 (ML) 0.25 (GMM) LR com. fac. 5.38
LIK 48965 (0.068)
AIC 97131 (k=4)  -969.31 (k=5) SBP/D1 3.39
BIC 05068 (k=4)  -954.78 (k=5) (0.065)
s’ 3719.10°
I 0.002 00187
9 (0.970) (0.729)

Table 6: Estimation resultsfor the spatial regimes spatial error model

Notes. P-values are in parentheses. ML indicates maximum likelihood estimation. Sg. Corr. is the squared correlation
between predicted values and actual values. LIK is value of the maximum likelihood function. AIC is the Akaike (1974)
information criterion. BIC is the Schwarz information criterion (1978). The information criteria are computed both for 4
and 5 parameters, as lambda may be considered as nuisance parameters. The individual coefficient stability tests are
based on spatially adjusted asymptotic Wald statistics, distributed as ¢2 with 1 degree of freedom. The Chow — Wald

test of overall stability is also based on a spatially adjusted asymptotic Wald statistic, distributed as ¢? with 2 degrees
of freedom (Anselin, 1988a). LR-SED is the likelihood ratio test for spatial error autocorrelation, LMLAG is the
Lagrange multiplier test for an additional spatialy lagged endogenous variable in the spatial error model (Anselin
19883, 1990a). LR-comfac is the likelihood ratio common factor test; Wald-comfac is the Wald common factor test
(Burridge, 1981). SBP is the spatially adjusted Breusch-Pagan test for heteroskedasticity (Anselin 1988a, 1988b). The
gamma coefficients are not estimated but computed using the accepted restrictions; their significance is assessed using
the asymptotic delta method.
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ML North 1 South 2
0.0853 0.259
alpha (0007) (0.000) LIK 489.89
beta -0.0032 -0.0234 AlC -971.78 (k=4)
(0.350) (0.000) -965.78 (k=7)
BIC -960.16 (k=4)
-945.44 (k=7)
0.871 > 5
lambdal (0.000) s, 365310
0.704 : 1184
lambda2 (0.000) LR-regime (0.003)
-0.0914 : 0.464
lambda3 (0.924) LR-spatial effects (0.799)
2.89%
Conv. speed - (0.000)
Half-life - 29

Table 7: Estimation resultsfor the spatial regimes spatial error mode with
differentiated spatial effects

Notes. P-values are in parentheses. ML indicates maximum likelihood estimation. LIK is value of the maximum
likelihood function. AIC is the Akaike (1974) information criterion. BIC is the Schwarz information criterion

(1978). The information criteria are computed both for 4 and 7 parameters, as lambdas may be considered as
nuisance parameters.

Estimation results ML
0.159
alpha (0000) LIK 483.97
beta -0.0114 AlIC -965.94 (k=2)
(0.000) -957.93 (k=5)
BIC -958.13(k=2)
-943.41 (k=5)
0.871 > 5
lambdal (0.000) s, 4.007.10
0.714
lambda2 (0.000)
-0.488
lambda3 (0595)
1.25%
Conv. speed (0.000)
Haf-life 61

Table 8. Estimation resultsfor the spatial error model with differentiated spatial effects

Notes. P-values are in parentheses. ML indicates maximum likelihood estimation. LIK is value of the maximum
likelihood function. AIC is the Akaike (1974) information criterion. BIC is the Schwarz information criterion
(1978). The information criteria are computed both for 2 and 5 parameters, as lambdas may be considered as
nuisance parameters.
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Figure2

Diffusion in the spatial regimes spatial error model using the Q1-distance weight matrix
Per cent variation of average growth ratesdueto a shock in Ile de France 1980-1995 (North)
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Figure3
Diffusion in the spatial regimes spatial error modd using the Q1-distance weight matrix
Per cent variation of average growth ratesdueto a shock in Madrid 1980-1995 (South)
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