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1 Intr oduction

Muchof theanalysisof regionalgrowth in Europein recentyearshasconcentratedon
theconcept of convergence,whetherin theneo-classicalmodel,or in alternative
formulations.Empirical work hasshiftedfrom moreconfirmatory non-spatial
estimationto theacknowledgement of theimportanceof spatialfactors,including
spillovers,andto exploratoryspatialdataanalysis.Thishasoccurred in conjunction
with similar work in NorthAmerica,andhasled to a betterunderstandingof the
difficultiesinvolvedin relyingsimplyon theconvergencemodelwithout
augmentations.

Thework discussedin thischapteris anearlyattempt to throw light onapparent
variability in regional convergencein relationto agriculture asasectorsubjectto
powerful political measures.We would like to explore thepossibilitythatsomeof the
observedspecificationissuesin current resultsarerootedin neglectingagricultural
policy interventions,within thelimitationsimposedby dataavailableat this stage.We
wouldalsolike to usethis asacasesettingfor evaluating theappropriatenessof
geographicallyweightedregressionasa techniquefor assessingcoefficientvariability,
over andabovefor instancecountry dummies,but possiblyreflectingmissing
variablesor otherspecificationproblems.

2 Convergence,agricultur e and agricultural policy

Ratherthanreview theconvergenceliteraturebroadly, we prefer to focus on
suggestions pointingup issuesto beexploredhere.We will thereforebetakingsome
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positionsasgiven, andwill only mentionthembriefly for clarity. We will be
concernedwith β-convergenceasrepresentedin empiricalstudiesin thefollowing
way:

1
T

log
� yi � T
yi � 0

���
α � β log

�
yi � 0 � � ui �

whereα andβ arecoefficients andu i is a disturbanceterm(Paci,1997, p. 617). Given
anestimateof β, thespeedof convergencemayberepresentedas:
θ
���

log
�
1 � T β

�
	
T , with 100θ expressingthisspeedin percentage points (Baumont

et al. 2001, p.8).

Theunderlyingregularity in this representationis thattherateof growth y i � T 	 yi � 0 of a
regional economy i in theperiodup to T is relatedto its initial conditionin period0
for somemeasure yi � 0. Themeasureto beusedhereis grossvalueaddedpercapita
measuredin EUR 1000at constant1990prices.Figure 1 shows theregional
distributionof this variable for 1989, theinitial period to beusedhereexceptwhere
stated.Detailsof thechoiceof period andregionswill begivenbelow in section2.2.
Thecontrastbetweenlowervaluesin mostof theIberianpeninsulaandsouthernItaly
andtherestof thestudyareais familiar, asaretheeffectsof regionaldefinition
artifacts1 in BeneluxandwesternGermany, with highurbanvaluescontrastingwith
apparently lowersurroundingruralvaluesdespitecommuting.

0 500 km

(4,10]
(10,12]
(12,14]
(14,15]
(15,16]
(16,27]

Figure1: Grossvalueaddedpercapita,EUR 1000, 1989(y i � 0).

1For example the underbounding of Hamburg is discussedby Fingleton, wherethe functional region of
theagglomerationis clearly larger thantheadministrative area(2001,p. 147).
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Figure2 appearsto fit well to theinitial conditions: regionssuchasthosein Spainand
Portugal with low initial condition valueshavehighgrowth rates,while French
regionshave low growth ratesandmedium initial conditions.However, closer
inspectionsuggeststhatthestoriesof particularregions,or clubsof regions,aremore
complex thanoursimpleconvergencemodel indicates.This is strengthenedby an
examinationof Table1, andby theinsignificanceof aχ 2 test(9.969, df = 9, p-value =
0.353) on therelationship.

0 500 km

(0.99,1]
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(1.16,1.21]
(1.21,1.26]
(1.26,1.5]

Figure2: Regionaleconomic change: GVA percapita1999 asproportion of GVA per
capita1989(yi � 1999

	
yi � 1989).

Table1: Contingency tableof initial conditions (1989) by growth rates(1989-1999),
bothvariablescutat quartiles.

yi � 1999� yi � 1989
yi � 1989 0.999-1.11 1.11-1.17 1.17-1.23 1.23-1.45 sum
4.03-11.7 5 6 8 10 29
11.7-13.8 6 10 4 9 29
13.8-15.7 8 8 6 6 28
15.7-26.8 10 5 10 4 29
sum 29 29 28 29 115

To checkwhetherthis lackof aclearrelationshipis restrictedto thischoiceof 1989as
baseyear, andtheperiodto 1999to measure growth, similarχ 2 testsfor baseyears
from 1989to 1998, andgrowth ratesfrom thosebaseyearsto 1999, in total55 tests,
wereconducted.They confirmthatthis valueis notexceptional,andthatit is difficult
to sustainageneralrelationshipbetweenobservedinitial conditionsandgrowth rates
in Europeanregions during thisperiod.Only 14of the55relationshipspassasblunta
testasthis. Returningto earlierempiricalstudies,it is clearthatmany havealready
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pointedoutnot just thetheoreticaldifficulties of thesimpleconvergencemodel, but
heremore importantly theinterestingstructural features thatit choosesto neglect.

Amongothers,Paci notesthat"theobservedprocessof aggregateconvergencecan
hideimportantstructuralchangephenomena" (1997, p. 617). In analysing sectoral
labour productivity, Pacifindsthatwithout usinga "Southern"dummy or national
dummies,theconvergencerelationshipfor agriculture is notsignificant(1997,p.
627). Others,including Fagerberg etal. (1997),Pons-Novell andViladecans-Marsal
(1999), PaciandPigliaru(1999),andLópez-Bazoetal. (1999),alsodraw attentionto
thespecificstructural roleof agriculture in empiricalanalysesof convergencein
Europeanregions.There areof coursealsootherstructuralphenomena of interest,but
herewewill concentrateonagriculture.

2.1 The impact of agricultural policy

Thepotential impactsof agricultural policy in theEuropeanUniononcohesionhave
beencentral in changesin themeasuresandcomponent partsof theCommon
Agricultural Policy over thepastdecade. Cohesionis understoodasaccelerating
regional economicgrowth in thosepartsof theEU with regionGVA percapita
markedly below thatof developedregions,andthusmostregionsreceiving cohesion
support areagricultural regions,although notall agricultural regionsarecohesion
regions.Thebasicfeatures of thesemeasures,andchangestakingplace,including the
MacSharryreforms andAgenda 2000, haverecentlybeensurveyedby Colman
(2001), andlinks to regional policy arecoveredby Tondl (2001).

ThesecondEU report oneconomic andsocialcohesionstressestheroleof
convergence,andconcludesthatspecificmeasureswill beneeded to eliminate
regionaldisparities(DG REGIO,2001b). Thesewill addressdifferencesin underlying
conditions andfactorendowments,among which labourforceskills areseenas
central.In addition, a preliminarystudywasdevotedto theimpactof community
agricultural policiesoncohesion(DG REGIO,2001a). In thisstudy, andmore
generally in theeconomics of tariff systemstructures,attentionis drawn to difficulties
in adequately measuring economic assistance.

Agricultural policy couldbeexpectedto interactwith convergencein two ways.
Firstly, andfor practicalreasons theonly relationships to beexploredempirically, one
couldexpecttheproportionof subsidisedagriculturein a regionaleconomy, andthe
intensityof thesupport, to influencetheregion’s growth ratenegatively; for present
purposesweassumethatagriculturemaybetreatedasthough it wereuniformly
subsidised.Thereasonsfor thesenegative relationships arethatsubsidiesattenuate
themovementof labour andcapitalto othersectors(and/or regions)with higher
returns,conserving structuresof factorallocationat thecostof thosepaying for the
subsidies.Thesubsidiesmayalsoalsobeexpectedto reduceor to distortincentivesto
farmers to change theirmixes of productsand/ormethods of production.

In this sensethesubsidiesarecounterproductiveasthey hamper thegrowth in GVA.
However therecentdiscussionabouttheso-calledmultifunctionalityof agriculture
mayindicatethatagricultural activities producebenefits over andabove themarket
valueof agricultural production.In economic termsagricultural productionmayhave
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positiveexternal effectsonperceivedpublicgoods like theamenityvalueof the
culturallandscape.If this is thecase,andif agricultural subsidiesareusedasa means
to internalisetheseexternalities, growth is reducedonly becausewearemeasuring the
wrongthing,traditional GVA insteadof anextendedGVA including thewillingnessto
payfor suchamenities.Whetheror not this is thecaseis of courseof vital importance
for thepolicy implications of a negative relationbetweenagricultural support and
regional growth. For a recent paperaddressingthis questionseeBrunstadet al.
(1999).

Thesecondapproachnot followeduphere,wouldbeto considertheimpactonspeed
of convergenceof changesin agricultural policy regimes; for suchanapproachto be
considered,regionalisedagricultural accounts wouldbeneeded. Sincethey arenot
availablein a systematicform at scalesandlevelsof detailneededfor Europe-wide
analysis,micro-level studieswouldprobablyberequired,suchaspanelstudies,to cast
light on thedetailedrelationshipsbetweendifferentsubsidyregimes andthe
embeddingof agriculture in regional economies.

While governmentsgranting subsidiesto producerscanaccount for themfrom public
expenditure,otherformsof subsidycannotbeasreadily measured. In particularthis
appliesto subsidiesbasedon tariffs, quota systems,importbans,etc.,wherethe
transferis carriedoutwith consumerswithin thetradebarrier systemsubsidising
producersby anamount equivalentto thedifferencebetweenthelocalpriceandthe
priceof thesamegooddeliveredto thatmarket from anexternal source at world
marketprices.Measurement complicationsandproductiondistortionsherealsoaffect
marketsin intermediategoods.

Themostcommonly adoptedapproachat thenational scaleis to estimateagricultural
assistanceusingproducersubsidyequivalents,anapproachusedin anumber of
internationalorganisations,anddescribedin detailby Cahill andLegg(1989). The
datarequirementsarehoweversubstantial,not just for priceandquantityseriesfor the
chosencommodities,but alsoinsight into theintermediateagricultural goodsinvolved
in regionally varying productionprocesses.Someof thework requiredto estimate
regional PSEserieshasbeencarriedout in theDG REGIOstudy(2001a),yetmorein
HeckeleiandBritz (2000). Sincethepresent studyis only intendedto flag the
importanceof theagricultural sector, it wasfound more appropriateto useless
adequatebut moreaccessibledata,rather thanfurtherreducethenumber of regions
under considerationor increaseuncertaintiesassociatedwith estimatingor
interpolatingvariables.

2.2 Sourcesof data in agricultur e

Europeanagricultural accountsareavailablein two versions,EAA 89/92 andEAA 97
REV.1.1,andregional versionsat thelevel of NUTS level 2 areavailablefrom
Eurostat2. Theaccounting datausedhereis for agriculture grossvalueaddedat
marketprices,subsidies,taxeslinkedto production(includingVAT balance),and

2Thedatausedherearetaken from Eurostattheme:theme1, domain:regio, collect: agri-r, table: a2acct.
We aregrateful to Lucy McKeever of RCADE, University of Durham,for help in accessingthis andother
EurostatandGISCOdatasets.
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Figure3: GVA in agriculture at factorcosts(average1988-90) aspercentage of total
GVA 1989.

grossvalueaddedat factorcosts,for theperiod1988-1998, in million ECU.Fromthe
middleof theperiod, thereareverymany missingvalues,andsomecountrieseither
only reportat NUTS level 1, or level 0. For this reason, Thestudyareadoesnot
includeIreland, Denmark, Greece,UK, Berlin andformer EastGermany, andalso
drops overseasdependenciesandAtlantic islands.It wasfurther foundnecessaryto
aggregatethreeregionsin Belgium(BE1Brussels,BE24VlaamsBrabant, andBE31
BrabantWallon) in orderto maintainthespatialseries.In order to smooththe
agricultural accountsdatasomewhat,andto accommodatefurthermissingdata
problems,thevariablesto beusedbelow areaverages of valuesreportedduring
1988-1990, in mostcasesbut notall, theaveragesof threevalues.3

Figure3 showsaverage agricultural GVA measured at factorcosts1988-90(in EAA
89/92nomenclature,GVA at factorcostsis GVA atmarketpricesplussubsidiesminus
taxeslinkedto production)asa percentageof totalGVA for 1989. Theunderlying
totalGVA andpopulationdatasetshavebeentakenfrom CambridgeEconometrics’
EuropeanRegional Databank, andaremeasuredin 1990mECU and1000 persons4.
Thetwo datasetshavebeenmergedafterdroppingNUTSlevel 2 regions thatcould
notbeusedbecauseof missingagricultural accounts data.Thereis apotential
problemof double-counting involved in usingregional GVA series,becausethey can
andmostoftendo includesubsidiesasa componentof grossvalue added. 5

3It is unfortunatethat thedataarenot morecomplete,becausethechoiceof init ial conditions meansthat
someolder memberswill appearto have higher supportthannewer members,andalsobecausesupportto
theoldermembersdeclinedduringthechosen period while supportto newer membersprobably rose.

4Wewould like to thankCambridgeEconometricsandSashaThomasfor their help.
5In addition, changesintroduced in revisionsof the Systemof National Accounts,knocked on to EAA
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Figure4: Relative subsidylevels1988-90:agricultural subsidies(average1988-90) as
proportionof GVA in agricultureat marketprices(average1988-90).

Figure4 displays theothervariable to beusedto representtheinfluenceof agricultural
policy, agricultural subsidiesasa proportionof agricultural GVA atmarketprices.
This is necessarilya very inadequatesubstitutefor aproperly constructedmeasureof
producersubsidyequivalents,becauseit doesnotencompasstheeffectsof tariff
structures,whicharenotsimplyproportional to subsidypayments,but varyregionally
with producedquantitiesof commodities.It hasbeenchosento restricttheagricultural
variablesto the1988-90period,partlybecauseof missingdatain themid-1990’s in
agricultural accounts,but alsobecausethebaseyeardatefor theconvergencemodel is
1989- alsochosento matchtheyearswith leastmissingagricultural data.

3 Estimating convergence:specificationissues

Attentionhasbeendrawn in aseriesof studiesto specificationproblemsfound in
estimatingthestandardconvergencemodelusingOLS.Therootsof theseproblems
arepartly relatedto substantive spatialrelationships,suchasspillovers (Vayáet al.,
1998), but mayalsoinvolvemissingvariables,structuraldifferencesacrossthechosen
studyarea,andfunctional form. FingletonandMcCombie(1998) andFingleton
(1999a,2001) draw attentionto theclearneedto payattentionto specification,over
andabove theintroductionof spatialeconometric techniquesalsomadeby Vayáet al.

97,moving somesubsidies into thedefinition of basicprices(OECD2000);consequently theregional total
GVA seriesmayincludevaryingamountsof subsidiesdependingonwhether they arebasedonmarket prices
or basicprices.
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(1998), Baumont et al. (2001), andin theNorthAmericancontext by Rey and
Montouri (1999) andRey (2001). Detailsof theestimationmethods andtestsarenot
repeatedherefor brevity, andmaybefound in thecitedarticles.

Table2: Modelling convergence1989-1999(t-values or z-valuesin parentheses)

OLS ML lag OLS ML lag
Intercept 0.0346 0.0147 0.0400 0.0203

(6.56) (2.86) (5.52) (2.91)
log GVA pc 1989 -0.00725 -0.00288 -0.00987 -0.00498

(-3.55) (-1.61) (-3.99) (-2.24)
% speedof convergence 0.753 0.292 1.039 0.511
log % agriculture1988-90 -0.00200 -0.00133

(-2.19) (-1.68)
log subsidy/GVA 1988-90 -0.00138 -0.000699

(-1.90) (-1.11)
σ 0.00704 0.00597 0.00687 0.00591
log likelihood 407.8 421.1 411.7 422.8
AIC -809.6 -836.1 -813.3 -835.7
Chow F 3.772 1.284
p-value 0.026 0.281
RESETF 3.921 1.573
p-value 0.0226 0.187
Breusch-Pagan 0.0626 2.195
p-value 0.969 0.699
Moran’s I 0.332 0.308
Z 5.596 5.377
p-value < 0.00001 < 0.00001
RobustLM (err) 0.444 0.092
p-value 0.505 0.762
RobustLM (lag) 3.860 2.414
p-value 0.049 0.120
spatially laggeddependentvariable 0.546 0.512

(5.99) (5.41)
LM (err) 2.00 0.485
p-value 0.157 0.486

Resultsfrom theestimationof thestandardconvergencemodel, with theannuallog
GVA percapitagrowth rate(1989-1999) asthedependentvariableandlog GVA per
capitain 1989astheindependentvariable, arepresented in Table2. Thetablealso
shows theresultsof estimatingthesamemodelincludingthespatiallylagged
dependentvariable6 usingmaximumlikelihood, andof estimatinganaugmented
model including thetwo agriculture variablesdefinedabove in section2.2for both
estimationmethods.Thepercentage speedof convergencefor theOLS standard
model, 0.75%, is comparablewith thatreportedin Baumont etal. (2001, p. 26)of
0.84% for 1980-1995and138regions.

Concentratingfirst on theOLS estimatesof thestandard model, it is worthnotingthat
while theBreusch-Pagantestdoesnot rejecthomoskedasticity7, theRESETtest
(JohnsonandDiNardo,1997, p. 121)usingthesecond, third, andfourth powersof the
fittedvaluesasextravariablesindicatesthepresenceof somespecificationerror (the
sameresultis found for all T=1990-1999for baseyear1989, andoftenfor otherbase
years).Figure5 givesusa view of therelationship: it seemsthattheregions

6The spatially laggeddependent variablecanbe understood asthe averagevalue of neighboursof the
region examinied,for somedefinition of neighbourandrow-standardisedneighbourhoodweights.

7Testsof residualtermsin all estimatedmodelsfor non-normality werenot significant.
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Figure5: Plot of standardOLS convergencemodel (1989-1999) with regressionfitted
linesfor all regions,only SW Iberia,all withoutSW Iberia,andaLowessfit.

belonging to SouthWestIberia(thePortugueseregions andtheSpanishregionsof
ExtramaduraandAndalucia) differ structurally from theremainder. They havemuch
lower initial condition values andmuchhighergrowth rates,andtheslopesof
regressionlinesfor all regions,just SW Iberia,andall withoutSW Iberia arequite
different.TheplottedLowessfit (a robustlocal regressionfit passinga moving
window acrossthedataset,seeCleveland,1979) confirmsthattherearestructural
differencesin thedataset,whichcould bemodelledby includingthesquareof the
independentvariable,but maybetterbeconsidered in a Chow testcontext (Johnson
andDiNardo, 1997, p. 113-116).Subsettingthedatasetinto SW IberiaandnotSW
Iberia,wecanconduct a Chow testfor structural differencein bothslopeandintercept
coefficients,differencesfound to besignificant asshown in Table2. Again,this result
appliesto all T=1990-1999 for baseyear1989, andfor someotherbaseyears(1990,
1991, 1993, 1994and1995, andsomeT.

ThefactthattheSW Iberiaconstitutesa blockof outliersis alsoseenin Figure6, a
Moranscatterplotof theannual log growth rates1989-1999 (seealsoRey and
Montouri, 1999, p.150). Thisplot of thevaluesof thevariable in questiononthe
x-axisagainst its spatiallylaggedvalues on they-axisletsusseehow theinclusionof
thespatiallylaggedvariablemight givemoreinsightinto theconvergenceprocess,
wheregrowth rateswoulddependon theaverage of growth ratesacrossneighboursof
regions,possiblyrepresenting spilloveror perhaps underboundingof functional
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1
	
T log

�
yi � T 	 yi � 0 �

regions.Hereneighbours havebeendefined usinga sphereof influencegraph8 rather
thanboundarycontiguity (Vayá et al. 1998) or distance(Baumont et al. 2001). Given
a setof points representing theregions9, a row standardisedweightsmatrixwas
constructedandusedin all analysespresentedhere.

Thetestsfor spatialspecificationproblemsin thestandardmodel,Moran’s I (Clif f and
Ord,1981), andLM testsnot reportedhere,areall highly significant. In addition, the
robustLM testfor amissingspatiallylaggeddependentvariablein thepresenceof
spatialerror dependenceis significant,but not theotherway round(Anselinetal.
1996, AnselinandBera1998). It is not impossiblethatthis lackof clarity in the
resultsof thespatialspecificationtestsis relatedto Fingleton’s finding, thatMoran’s I
mayalsodetectspatialnon-stationarity(1999b).

Following theaugmentationof thestandardmodel with thetwo agricultural variables,
we canseethatthenon-spatialspecificationproblemsencounteredin thestandard
model andreflectedin theresultsof theChow testandtheRESETtestarealleviated
(column 3 in Table2). Neithervariable is strongly significant,but bothhavethe
expectedsigns,with bothhigherproportionsof agriculture in regionalGVA, and
higher ratiosof subsidiesto agricultural regional GVA beingassociatedwith lower
growth rates.Thepercentagespeedof convergenceis somewhatgreater, just over 1%.

Steppingbackto examine theML lagestimatesof thestandardmodel,wecanseethat
8Thanksto NicholasLewin-Koh for this suggestion - his implementation is releasedas ������������
������� in

theR contributedpackage ��� "!#�$����%� , available from http://cran.r-project.org.
9GISCONUTS2label pointsprojectedto LambertAzimuthal EqualAreausingEU standardparameters.
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theinclusionof thespatiallylagged growth ratereducesthepercentage speedof
convergencemarkedly, with theunderlyingcoefficient valuebecomingmuchless
significantlydifferent from zero.Thecoefficient of thespatiallylagged dependent
variable is itself highly significant,andnoresidualspatialautocorrelationwasfound
to remainin themodel.Furtherdetailsof estimationandtestingmethods maybe
found in Anselin(1988).

Introductionof theagricultural variablesin theaugmentedML lagmodelseesa
further, but muchlessmarkedimprovement in σ andlog likelihood;however thevalue
of theAkaike InformationCriterion(AIC) risesa little comparedto thestandardML
lagmodel,suggestingpossibleinteractionbetweenthespatiallylagged growth rate
andtheaddedvariables.Addingthespatiallylaggedindependentvariablesdid not
help,with AIC rising furtherto -831.2 (AIC for thestandardML lagmodelwith
spatiallylaggedinitial conditionswas-836.9).

4 Estimating convergence:exploring non-stationarity

As pointedout,Fingleton(1999b) hasindicatedthatMoran’s I maydetectspatial
non-stationarityin additionto residualautocorrelation. BecauseMoran’s I continues
to besignificantin theaugmentedmodel, perhapsimplying non-stationarity, andin
thepoorimprovement of theaugmentedML lagmodel over thestandardML lag
model, it seemsappropriateto explore thestandard andaugmentedmodelsusing
geographicallyweightedregression. Having originally beendevelopedasa tool to
exploratoryspatialdataanalysis,its statusis under revisionat present, andit hasbeen
suggestedthatit maybeusedto indicate thepresenceof spatialnon-stationarityin
moreformalways.Exploratorymethods havebeenusedin theanalysisof
convergencemodelsby Rey andMontouri (1999), Le GalloandErtur (2000), Rey
(2001) andArbia (2001).

4.1 Geographicallyweightedregression

Geographicallyweighted regression(GWR) is a techniquefor examining possible
variability in coefficientestimatesacrossstudyareascomposedof regionsrepresented
by points,andwasintroducedby Brunsdonet al. (1996, a full descriptionis found in
Fotheringhamet al. 2000). Insteadof simplyestimatingglobal coefficient valuesover
thewholedataset,localparametervaluesareestimatedfor eachregion/point in the
dataset:

yi
�

βi0 �
p

∑
k & 1

βikxik � εi

whereyi � i � 1 � n areobservationsof thedependentvariable, x ik � i � 1 � n � k � 1 � p are
observationsof the p independentvariables,ε i aredisturbanceterms,andβ

�
i
�

are
unknown parametervectorswhicharefunctions of locationi.
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Thelocalestimates,oneregressionfor eachregion, aremadeusingweighted
regression,with theweightsassignedto observationsbeinga functionof thedistance
betweentheregion for whichcoefficientestimatesarerequiredandall theother
regions.Thedistancefunctionis directlycomparableto thoseusedin kerneldensity
methods,andhereusehasbeenmade of a bisquare function:

w
�
i
�

j j
�'�

1
�(�

d2
i j
	
d2 ��� 2 � di j ) d

wherew
�
i
�

j j
�

0 whendi j * d; w
�
i
�

j j is theweightassignedto observation j in
estimatingtheparametersfor observation i. Theparameterd is termedthebandwidth,
andfor thebisquarefunction is themaximumdistancefor non-zeroweights;it maybe
found by cross-validationandthevalueusedhereis 563km, foundby cross-validation
for theaugmentedmodel. Theparametersareestimatedby weightedleastsquares:

β̂
�
i
�+�',

XT W
�
i
�
X -/. 1

XT W
�
i
�
y

whereW
�
i
�

is thediagonal weightsmatrix for observationi; X T W
�
i
�
X is assumedto

beinvertible.
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Figure7: Valuesof weightingfunctionsby distancefor bandwidthschosenby cross-
validationofr the augmentedmodel; bandwidth valuesshown by vertical lines. The
very similar areasunder thecurvesfor thebisquareandGaussianfunctions show that
cross-validationhasestablishedadequatebandwidthsin bothcases.

Figure7 shows thespatialrange of this weighting scheme,andfor comparisonthe
Gaussianschemeandits equivalentcross-validatedbandwidth (310 km). In current
GWR techniques,bandwidth is first establishedglobally, meaningthatregions in
denserpartsof thestudyareahavea largernumber of weightedneighbours
contributing to theirestimatesthanin lessdenseparts.Thebandwidth usedhereis
about twice thegreatestnearestneighbourdistancein thedataset(278 km), and
betweenthelowerquartile(420 km) andmedian(773km) of all inter-region
distances.

Figure8 shows therangeof coefficientvaluesestimatedfor thepercentagespeedof
convergenceby GWR for thestandardandaugmentedmodels, plottedwith vertical
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Figure 9: Percentage θ (speedof convergence)coefficient estimatesfrom standard
GWR model.Bandwidth 563km, bisquareweighting function.
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linesmarking theglobalparameterestimatesfrom theOLS models describedabove.
As canbeseen,in neither casedo theGWR estimatesgroup tightly or symmetrically
around theglobal estimates.This is in itself notnecessarilyanissue,sincesome
variationbetweenmultiplesof standarderrors is expected, but theextentandshapeof
thedispersionis worrying. For this weightingscheme(bisquare,bandwidth =
563km), it seemsclearthatin thestandardmodelthereis evidenceof structural
instability, with apeakjustabovezero,anda shelfcentredat 1, with theglobal
estimateat therootof theshelf. In theaugmentedmodel, thedistribution is centredon
zero,with many negativeestimates,anda longright tail - theglobal estimatedoesnot
givea gooddescription of thedistribution atall. Of courseheregrowth is alsobeing
driven (or ratherrestrained)by thevaluesof theagricultural variables,but evensoit is
difficult to avoid theimpressionthatnon-stationaritymaybepresent.

0 500 km

(−2,−0.5]
(−0.5,−0.04]
(−0.04,0.04]
(0.04,0.4]
(0.4,1.2]
(1.2,6.4]

Figure10: Percentageθ (speedof convergence)coefficient estimatesfrom augmented
GWR model.Bandwidth 563km, bisquareweighting function.

Mapping thestandardGWR percentagespeedof changeestimates(Figure 9), wecan
seethatour tentativeconclusionof structuraldifferencesis sustained.Thebanded
West-Eastpatternis evenmorepronouncedin themappedvaluesof estimatesfrom
theaugmentedGWR model whenagricultural variable havebeentakeninto account
(Figure10). Introducingtheagricultural variableshasa majorimpactin Germany, for
whichvalues of theagricultural subsidiesvariablearerelatively high (seeFigure4).
In bothcases,hadthemapsnotdisplayed spatialpatterning, we couldhaverisked
concluding thatthevariability seenin Figure8 wasof little importance.Whatremains
is to try to establishwhethertheGWR estimatesaddsubstantiallyto theglobalresults
from Table2.
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4.2 Testingstationarity using geographicallyweightedregression

Sofar, very few testsfor GWR modelshavebeenpublished. Two, basedontheuseof
analysisof variance,usegeneraliseddegreesof freedom (no longer integer becauseof
thevarying weights sumsperestimate)to compare theimprovedsumof squares
accountedfor by theGWR estimatesascomparedwith theglobal OLS estimates.
BothBrunsdonet al. (1999) andLeung etal. (2000a)establishthata hatmatrixmay
beconstructedfrom rows from theGWR model, eachrow usingits appropriate
weights.Thetwo F-teststhey derive differ in thatBrunsdonet al. (1999) compare the
differencein theresidual sumsof squares of theOLSandGWR modelswith the
residualsumof squares of theGWR model, while Leunget al. (2000a)compare the
samedifferencewith theresidualsumof squares of theOLSmodel,choosinga
differentdenominatorfor theF-ratio,aswell asslightly differentdegreesof freedom
Resultsof thesetestsareshown in Table3, from whichwecanseethattheGWR
estimatesfor bothstandard andaugmentedmodelssignificantlyreducetheresidual
sumof squaresover andabove theOLS estimates.

Table3: Comparisonof standard andaugmentedOLS andGWR convergencemodels.

standard augmented
OLS GWR OLS GWR

σ 0.00704 0.00562 0.00687 0.00501
AIC -809.6 -853.9 -813.3 -884.6
Brunsdonet al. ANOVA 2.85 2.16
p-value 0.0000 0.0003
Leunget al. F(2) ANOVA 2.20 1.64
p-value 0.0002 0.0102
Moran’s I 0.332 0.122 0.308 0.062
Leunget al. p-value < 0.00001 < 0.00001 < 0.00001 0.00148
Z underrandomisation p-value < 0.00001 0.0365 < 0.00001 0.2624

Table3 alsocontains estimatesof σ andtheAkaike InformationCriterion,basedon
work in progressreportedin Brunsdon et al. (2000). Hereagainthepropertiesof the
GWR hatmatrixareusedto derive theresidual sumof squaresof theGWR model,
andtheappropriatedegreesof freedomfor theAIC measure. Thereportedvalues
suggestthatthelevel of non-stationaritypresent in thedataunder analysis is suchthat
GWR doesprovide amoreadequaterepresentation thanglobalparameterestimates,
evenwhenstructurally-varying agricultural variablesareincluded.Finally, following
Brunsdon etal. (1998), thespatialautocorrelationof theGWR residualsis reported.
Theresultsof thetestproceduredescribedby Leungetal. (2000b),a three-moment
χ2 approximation, is shown, togetherwith theprobability valuesof Moran’s I under
randomisationignoring thefactthatwearetestingregressionresiduals.Both tests,
andtheestimatedvaluesof Moran’s I statistic,suggestthattheGWR modelsdisplay
lessglobalspatialautocorrelationin their residualsthantheOLSmodels,andthatthe
GWR modelaugmentedwith agricultural variablesperformsbest.

5 Conclusionsand dir ectionsfor further research

Following up theimpactsof agricultural policy on theestimationof empirical models
of regional convergencedoesseemworthwhile, becauseonbalancemoreof the
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varianceof theaverage annual regional growth ratesis accountedfor in the
augmentedmodelthanthestandardmodelestimatedby OLS,ML lag,andGWR.
Sinceit is possiblethatthenon-stationarityis relatedto furthermissingvariables,
including theinadequacy of theway in whichagricultural subsidiesarerepresented, it
will beimportantto try to replacetheagriculturevariableswith betterestimatesof
producersubsidyequivalentsfor thebaseyear. An issuethatdeservesfurther
attentionis how to handlechangesin agricultural policy regime occurring between
years0 andT. Onbalancehowever, we wouldargue thatthis exploratoryanalysis
doesgivesupport to theroleof agricultural subsidiesin accounting for variations in
regional growth. Coefficientestimatesfor theagricultural variablesin theOLSand
ML lag global modelshadtheexpectednegativesigns,andwereeithersignificant or
almostsignificantat conventional levels.

On thetechnicalside,somefurther testsfor specificationproblemsin thespatial
context arebecoming available,but havenotbeenappliedto convergencemodelsyet
(BaltagiandLi, 2001, deGraff et al., 2001). ThetestsonGWR estimatesalsoneedto
bemorefirmly established,althoughsomeMonteCarlostudieson theconvergence
models reportedabove did notgivecausefor concernthattheconclusions drawn were
inappropriate.TheGWR resultsalsoneedto betestedfor spatialautocorrelation,and
if necessaryto accommodatea spatiallylaggeddependentvariable in someform,
although GWR doesalreadyinvolvea spatialweighting of theobservations
themselves.

It is clearthataddressingconcernsabout non-stationarityis oneof themajortasks
whichhasto betackledin orderto promotespatialeconometrics;it mayalsobethe
casethatpanelestimationtechniquesor multi-level modelling will provide further
toolsthatmaybeemployedto testfor specificationadequacy. It doesseemto beclear,
though, thatthefull spatialeconometricstoolbox, including bothexploratoryand
confirmatorytechniques,needsto beapplied to theunravelling of thestoriesinvolved
in Europeanregional growth.
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