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Preliminary introduced by Anselin, Varga and Acs (1997) spatial econometric tools are widely used in economic geography of innovation. Taking into account spatial autocorrelation and spatial heterogeneity of regional innovation, this paper analyzes how these techniques have improved the ability to quantify knowledge spillovers, to measure their spatial extent, and to explore the underlying mechanisms and especially the interactions between geographical and social distance. It is also argued that the recent developments of spatio-dynamic models opens new research lines to investigate the temporaldimensionofbothspatialknowledgeflowsandinnovationnetworks,twoissues thatshouldrankhighintheresearchagendaofthegeographyofinnovation.

Introduction

Spatialeconometricsisasubfieldofeconometricsthathasbeenfastlyexpandingsincethe end of the 80s. Spatial econometric tools deal with the spatial dimension of data and especially with the autocorrelation and heterogeneity that is inherent within localized dataset (Anselin 1988). From the seminal work of Paelinkand Klaasen(1979) and Anselin (1988) the set of available tools have developed fast, allowing us to test for spatial dependenceandtoestimateproperlyseveralspecificmodels,suchascountdatamodels, qualitativedatamodels,paneldatamodels. Spatial econometric tools have been used in various fields of applied economics (agriculturaleconomics,healtheconomics,growthconvergenceanalysis,marketingstudies, morerecentlyfiscaleconomics,etc),andinparticularintheanalysisofregionalinnovation andgrowth.Theuseofspatialeconomicsinthislastfieldissomethingratherobvious.The relationbetweenspaceandinnovationhaslongbeenpointedout (Marshall,1920).Inthis perspective,theuseofspatialeconometrictoolsreliesontwomainmotivations.

Firstly, as stressed by LeSage and Pace (2010), there is an "R&D-based motivation". The endogenous growth theory relies on the idea that knowledge is at least partly a public good, in the sense that it is only partially appropriated by the agent that produces it. In otherwords,knowledgecanbeusedbynewagentwithoutanycostoratalowercostthat theonethathasbeenrequestedtoproduceit.Thefactthattheseknowledgeexternalities would be spatially bounded is at the heart of the new geography and growth theories to explain agglomeration processes and uneven spatial distribution of economic activities.

These knowledge spillovers effects imply that spatial dependence when dealing with innovationdataattheregionallevel.

Thesecondmotivationforconsideringspatialdependenceintheinnovationprocesscomes from the very strong spatial polarization of economic activities in space i . This uneven distribution means that there is a high spatial heterogeneity in the innovation processes that should be accounted for. Indeed, this heterogeneity is very likely to lead to spatial dependencewithintherandomperturbationofeconometricmodel.

Forthesereasons,spatialeconometrictoolshavestartedtobemoreandmoreusedinthe analysisofregionalinnovationandgrowthsincetheendofthe90s.Theaimofthispaperis thereforetogiveanoverviewofthecontributionsprovidedbyspatialeconometrictoolsin this field, and to draw the main research perspectives, especially the ones resulting from thelatestdevelopmentsofspatio-dynamicmodels.Iwillarguethattheselatterprovideus with new tools allowing us not only to deal with the spatial dimension of knowledge diffusion,butalsotoinvestigatetheroleplayedbytimeintheinnovationprocess.

Tothisaim,thispaperisorganizedintothreeparts.Inthefirstsection,thefocusisonthe contribution provided by spatial econometric tools in the quantification of knowledge spillovers.Section2thenreviewsthestudiesusingspatialeconometricswhileexploringthe mechanisms underlying knowledge spillovers. In this part, special emphasis is put on the approaches investigating the role played by collaboration and networks in spatial knowledge diffusion. Finally, the last section details the most recent developments in spatial-dynamic econometric model and show how they could be used to analyze the spatio-temporal dimension of knowledge diffusion. In each of these three sections, a literature review is provided first, and then research perspectives are discussed. It is important to note that I do not necessarily provide a completely exhaustive literature reviewoneachspecificissue(whichwouldrequiremuchmorethanonepaper).Theaimis rather to put the stress on the main contributions and derive from them some new researchquestions.

Usingspatialeconometrictoolstoquantifyspatialknowledgespillovers

Followingtheseminalliteratureonknowledgespillovers (Jaffe,1989,Jaffe,Trajtenbergand Henderson, 1993, Audretsch and Feldman 1996), spatial econometric tools have been introduced in the field of geography of innovation in two different frameworks. The first one is detailed below and relies on a knowledge production function. The second one, discussedinthenextsubsection,isbasedonaspatialinteractionmodeling.

Spatialknowledgeproductionfunction

Spatial econometric tools first enter into the analysis of regional innovation through the knowledge production function setting in which innovation in region is explained by the R&Dinputscarriedoutlocally.Inthisperspective,theveryfirstintroductionofspatialtools isduetoAnselin,VargaandAcs(1997)andconsistinintroducingnotonlytheregionalR&D inputs, but also the R&D carried out in the surrounding regions. Then, tests of spatial dependence in the random perturbation can be used to determine the correct level to consider for inter-regional spillovers [START_REF] Anselin | Local Geographic Spillovers Between University ResearchandHighTechnologyInnovations[END_REF]Acs, 1997, Maggioni, Nosvelli, Uberti,2007) The second contribution provided by the introduction of spatial econometric tools within the knowledge production function is the ability to analyze the spatial profile of impacts.

Withinthedifferenteffects,itispossibletodisentangletheeffectsarisingatthefirstorder neighbor, from those arising at the second order neighbor, third order and so on. The partial derivatives can indeed be used to investigate marginal impacts which show how spillovers decay with respect to order of the neighbors. From this point of view, spatial econometrictoolshelpustoquantifythespatialextentofknowledgespillovers.

Lastbutnotleast,thethirdcontributionisthecorrectcalculationofthemodelcoefficients.

If not accounted for, spatial dependence generates endogeneity leading conventional modeltoproducebiasedandinconsistentestimators (AnselinandLeGallo,2006).Spatial econometric tools therefore allow us to estimate properly the model parameters.

ComparingtheestimatedcoefficientsreportedbyAutant-BernardandLeSage(2010)using spatial econometric methods to the coefficients that would be computed thanks to conventional methods underlines the potential importance of the endogeneity bias. The BayesianestimatessuggesthigherprivateR&DspilloversandlowerpublicR&Dspillovers, and they also suggest less resistance of knowledge flows to distance. Spatial knowledge production function therefore produces substantially different results from the one producedbynonspatialmodels,givingamoreaccurateassessmentofspatialknowledge spillovers.Thesamephenomenonarisesfortheapproachesthatrelyonspatialinteraction modelsinsteadofspatialknowledgeproductionfunction.

Spatialinteractionmodel

Spatialinteractionmodelisthenamegiventogravitymodelswhentheyareappliedtothe field of regional sciences. The basic assumption of the model is that the interaction between two regions (or two agents) depends on the respective weight of each agent together with the distance between them. In this perspective, the analysis of spatial knowledgespilloversreliesonpatentcitations. SincetheseminalworkbyJaffe,Trajtenberg and Henderson (1993), patent citations have been considered as a proxy for knowledge spillovers. In spite of several limitations discussed for instance in Autant-Bernard et al.

(2010),referencemadetopreviouspatentscanbeconsideredasapapertrailofprevious knowledgeusedinthenewinvention.

In spatial interaction models, the strength of knowledge spillovers is assessed by introducingspatialdistanceasanexplanatoryvariableoftheintensityofthepatentcitation flows between regions (LeSage, Fischer, Scherngell, 2007[START_REF] Fischer | Modeling spatial autocorrelation in spatial interaction data: An application to patent citation data in the European Union[END_REF], BergmanandUsai,2009).APoisson(orbinomialnegative)modelisthusestimatedtotake intoaccountthespecificityofthedata(countdatawithalargenumberofobservations).

Withinthisframework,spatialeconometrictoolsimprovetheabilitytomeasurethespatial dimension of knowledge spillovers in the sense that they permit to correct for spatial autocorrelationresultingfromheterogeneityoforiginanddestinationregions (LeSaceand Pace,2010).TheusefulnessofsuchacorrectionisclearlypointedoutbyFischer,LeSage, Scherngell (2007). In this paper, they compare the results obtained with their Bayesian spatial Poisson model with those obtained in a previous version of the model (Fischer, Jansenberger,Scherngell,2006)usingconventionalestimationmethods.Itcomesoutthat the Bayesian effects model produces smaller coefficient estimates for both distance and borders. As observed for the spatial knowledge production function approaches above mentioned, less resistance of knowledge flows to distance and borders is observed when unobservedheterogeneityiscontrolledforusingthemodelcontainingspatialeffects.

Researchperspectives

From the two previous sections, it appears clearly that using spatial econometric tools improves the way spatial knowledge flows and their spatial extent is measured.

Nevertheless, several research perspectives remain. The first one would be to exploit the informationcontainedinthematrixofdirectandindirectimpacts.Thismatrixcontainsall 

2.1.Whydoesdistancematter?

Theliteratureprovidestwomainexplanationstothepolarizationofknowledgediffusionin spacebothofthemrelyingoninterpersonalrelationship.Thecommonideaisthatdistance mattersbecauseitreducestheopportunityoffacetofaceinteractions,whichwouldbean importantvectorofknowledgediffusion,especiallywhenknowledgehasanimportanttacit component. These interpersonal relationships would in particular be favored by labor mobilityontheonehand,andbycollaborationnetworkontheother.Afirstsetofstudies explores the specific role played by labor mobility [START_REF] Zucker | Intellectual Capital and the Firm: the TechnologyofGeographicallyLocalizedKnowledgeSpillovers[END_REF], AlmeidaandKogut,1999,Balconi,BreschiandLissoni,2004ormorerecentlyBreschiand Lissoni,2009).Onceaccountedforlabormobility,thespatialdimensionbyitselfwouldno longermatter.Ideaswouldbeembodiedintopeopleandtravelwiththem.Inotherwords, distancewouldmatterduetothelackoflabormobilitythroughspace.

The second channel through which interpersonal relationship would impact on spatial knowledgediffusionistheabilitytoformcollaborationlinks.Johnsonetal.( 2006)actually show that collaborations are even more spatially focused than citation is. Two main distinct frameworks have been used to investigate the role played by collaborations in knowledge diffusion. The former relies on patent citations [START_REF] Singh | Collaboration networks as determinants of knowledge diffusion patterns[END_REF][START_REF] Sorenson | Complexity, networks and knowledge flow[END_REF][START_REF] Gomes-Casseres | Do alliances promote knowledge flows?[END_REF][START_REF] Agrawal | How do spatial and social proximity influence knowledgeflows?Evidencefrompatentdata[END_REF]. It demonstrates that if two regions(ortwoagents)haveco-inventedapatent,orifthesetworegionsaresufficiently closed in the co-invention network, they are more likely to cite each-other. The spatial clusteringofknowledgediffusionwouldthereforeresultfromthehigheropportunitiesof collaboration offered by co-location. More recently, several authors have adopted a slightly different framework to address this issue, based on collaboration models. The dependent variable is in this case the probability for two agents to collaborate, or the intensity of their collaboration. Using either individual [START_REF] Autant-Bernard | Social distance versus spatial distance in R&D cooperation. Empirical evidence from European collaboration choicesinMicroandnanotechnologies[END_REF], Frachisse, 2011) or regionally aggregated data (Ponds et al. 2007, Scherngell and[START_REF] Scherngell | Spatial Interaction Modelling of Cross-Region R&D Collaborations:EmpiricalEvidencefromthe5thEUFrameworkProgram[END_REF], they assess among the various determinants of collaboration, the specific role played by space. In this perspective, the introduction of spatial econometric tools is very promising.

2.2.Twodistinctempiricalstrategies:Spatialknowledgeproductionfunctionand gravitymodels.

Theuseofspatialeconometrictoolstoexploretheroletheinteractionsbetweenspaceand formation of collaboration ties has followed two directions that address slightly different issues.

Based on the spatial knowledge production setting, a first set of papers studies to what extentgeographyisaby-productofsocialproximity (MaggioniandUberti,2007,Maggioni et al., 2009). To this aim, a relational weight matrix is introduced and test for spatial dependence are performed once controlled for controlled for social proximity. An alternative approach, not implemented yet to our knowledge, would be to compare different weight matrices using spatial econometric tools like those developed by LeSage andParent,2004).Thiswouldallowdeterminingwhetheraspatialweightmatrixorasocial weight matrix would be more relevant, or if combining both kinds of distance performs better.

Thesecondapproachreliesonthegravity-likemodels.Whereasinthepreviousapproach, networksenterintotheknowledgeproductionfunctionthroughthespatialweighmatrix, inthiscase,asMaggioniandUberti(2011)argue,spaceentersintothenetworkssetting.

The key issue then becomes "does spatial distance impact on collaboration and network formation?". The use of spatial econometric tools within this framework is suggested by ScherngellandBarber(2009)wherespatialdependencearisingforspatialheterogeneityis accounted for, making use of a Bayesian spatial interaction model developed in Fischer, LeSage,Scherngell(2007).Theempiricalresultsofthesestudiesunderlinetheroleofsocial ties as channels for diffusion of knowledge as well as the interplay between social and geographicalproximity.However,theintroductionofspatialtoolsremainsunusualandthis areaisratheranongoingresearchfield.

2.3.Perspectiveslinkingspatialeconometricsandnetworkanalysis

Theresearchperspectivesarenumerousanditisdifficulttoanticipateallofthem.There areatleastforareasinwhichspatialeconometrictoolsmightofferavaluablecontribution.

First of all of course, one can claim for a more systematic accounting for spatial dependence within collaboration gravity models. A part from the noticeable exception of ScherngellandBarber( 2009 Lastbutnotleast,theintroductionofspatialeconometricswithinnetworkanalysisisalso goingtobenefitfromtheinclusionofthetimedimension.Thispointisfurtherdiscussedin thesectionbelow.

Using spatial econometric tools to investigate the spatio-temporal dimension of knowledgediffusion

Within the growing field of spatial econometric techniques, one of the most active areas overthelastfewyearsiscertainlythepaneldatamodelswheretheobservationalunitsare regions.Thesenewdevelopments,summarizedinthenextsubsection,offerthepossibility todealatthesametimewithboththespatialandthetemporaldimension.Asdetailedin thelasttwosubsections,thiswillallowustoinvestigatethespatio-temporaldimensionof knowledgeflowsandknowledgenetworks.

3.1.Newdevelopmentsinspatio-temporalmodels

Spatio-temporal models belong to the broader category of spatial panel data models (an overviewisgivenbyAnselin,LeGallo,Jayet,2008andmorerecentlybyLeeandYu,2010). Thanks to the presence of an individual time lag, a spatial lag and a cross-product term reflectingthespace-timediffusion,thedynamicresponsesovertimeandspacethatarise from changes in the explanatory variables can be calculated [START_REF] Erthur | Interpreting Dynamic Space-Time Panel Data Models[END_REF]). These methods have been applied to the case of highway induced travel demand (LeSage and Parent,2009)ortothestate-leveldemandforcigarettes(Erthuretal.2010).Buttheyare alsoverypromisingtoinvestigatethespatio-temporaldimensionofknowledgeflows.

3.2.Spatio-temporaldimensionofknowledgeflows

The introduction of the time dimension in the applied analysis of knowledge spillovers allows us to deal with several issues that have remained relatively unexplored so far regardingthelong-runknowledgeproductionprocess.Fromatheoreticalpointofview,the temporal dimension of knowledge diffusion has long been recognized as a key issue. A toughdebateframedbytheworkofRomer( 1990)andJones(1995)hasfocusedontime dependence in the flow of new ideas. However, if there is no doubt that knowledge accumulated by inventors at one period of time is used by new inventors at the next periods, the mechanisms by which this diffusion occurs has not been deeply investigated yet.Inparticular,somekeyissuesarisewhenitcomestoconsiderthespatialdimensionof thisprocess:Howlongdoesittakeforknowledgetoflowthroughspace?Towhatextent doesthenatureoftheagglomerationforceschangethroughtime?

From a more applied perspective, taking time into account is also important to better assess the specific role played by space. Indeed, the introduction of the temporal dimensionislikelytomodifytheresultsobtainedfromspatialestimationneglectingtime.A strong simultaneous spatialdependencecanresult fromastrongtimedependenceanda weakspatialdependence(LeSageandPace2010).

Several empirical approaches have been suggested to deal with these issues. In the agglomerationstudies (Glaeseretal.1992,Hendersonetal.1995,etc) 

Conclusion:

Two essential features characterize the geography of economic activities: considerable spatial concentration on the one hand and the industrial specialization of certain geographical zones on the other hand. Among these economic activities, innovation is no exception being highly concentrated in a small number of countries, and within these countries,inasmallnumberofregionsandofteninasmallnumberofmetropolitanareas within these regions. These agglomerative tendencies of innovative activities are hardly recent.Astudyofthegeographyofsuchactivitiesoverthepastonehundredyearsinthe

UnitedStates (Vertova,2002)showsthatthephenomenonislong-standingeventhoughit isnowtendingtointensify.

Combiningtheworkonendogenousgrowth (Romer,1990;GrossmanandHelpman,1995) and on economic geography [START_REF] Fujita | The Spatial Economy: Cities, Regions and InternationalTrade[END_REF] (BarbesolandBriant,2009;AnderssonandLööf,2009;Autant-Bernardetal.,2011;[START_REF] Martin | Spatial Concentration and Plant-Level ProductivityinFrance[END_REF]. Using a location choice model also show that the choices made by firms concerningthelocationoftheirR&Dlaboratoriesareaffectedbytheseexternalities,even thoughotheragglomerationforcesseemtobestronger (Autant-Bernard,2006).However,

  .Thespatiallagisspecifiedsothatspatialdependencenolongeroccursinthe perturbation.Insomecases,thepresenceofspatialautocorrelationisdirectlyinterpreted hasthe(GallieandLegros,2007forinstance),andspatiallylaggedexplanatoryvariablesis not introduction into the model, which is more questionable. Indeed, as explained in the nextparagraphs,suchspatialerrormodelsdonotreallydealwithspilloverseffectsindirect effectsbetweenregionsareexcludedfromthemodel. Building upon these preliminary approaches, more recent studies have elaborated a little moreonthespilloverseffects.MairesseandMulkay(2007)andAutant-BernardandLeSage (2010)usesaSpatialDurbinModel,consideringboththespatiallylaggedindependentand dependent variables. Autant-Bernard and LeSage (2010) provide an empirical motivation forthismodelresult from the introduction of these different spatial econometric tools. The first one is the ability to distinguish direct and indirect impacts thanks to the matrix of own-and cross-partial derivatives. The direct effects capture the responseoftheinnovationoutputtoachangeinR&Dinputwithinthearea.Thesedirect effects take into account the feedback loops that arise from the bidirectional nature of spatialdependence

  theresponsesoftheregionaloutputstoanychangeinregionalinputs.Aswearemostof the time interested in the global impacts, average direct and indirect impacts are computed.Themoredetailedinformationcontainedinthismatrixcouldhoweverinformus aboutregion-specificeffects.Inapolicyevaluationperspectiveinparticular,theimpactofa change in the input of one specific region on all the other regions could be assessed. Conversely,theinformationgivenbytheownpartialderivativesandcrosspartialderivative couldhelpustoevaluatethebenefitforeachspecificregionduetoaglobalincreaseinthe R&Dinput.Toourknowledge,nostudyhasbeencarriedoutinthisdirectionyet. The second research perspective is the introduction of the time dimension within the spatialapproachesofinnovationhave investigated the potential mechanisms that may explain the spatial bounding of knowledgediffusion.Inthisperspective,spatialeconometrictoolshavealsostartedtobe used,pavingthewayforfurtherresearch.Inthefollowingsub-sections,wefirstrecallthe mainargumentsdevelopedtoexplaintheroleplayedbyspatialproximity.Thewayspatial toolshavebeenintroducedisthenanalyzed,puttingspecialemphasizeontheinnovation networkanalysis,whilethelastsub-sectionarguesthatalotremainstobedone.

  ),spatialtoolsarenotyetintroducedinthistypeofsetting. Butbeyondthesespatialinteractionmodels,apromisinglineofresearchwouldrequireto reverse the causality. While most of the current approaches focuses on the impact of distanceoncollaborationandnetworkformation,itwouldbeinterestingtoinvestigateto what extent collaborations and networks structure impact on geography. In other words, doesnetworkpositioningofoneregionanditsneighborsimpacttheregionalinnovationor the spatial diffusion of knowledge? Spatial econometric techniques would here again be usefultoexplorethiskindofissue.Tothisregard,therecentcontributionbyMiguelezand Moreno(2010)providesafirstattemptinthisdirection.ThedatasetcoversNUTS2regions of17WesternEuropeancountries.InadditiontotraditionalR&Dinputs,thepropensityto patentineachregionisexplainedbythemobilityofinventorsandthemainfeatureofthe network to which they belong (strength of links, connectivity and density). A spatial lag model and the robust spatial the spatial heteroskedastic and autocorrelation consistent estimation of the variance-covariance matrix are implemented. The results underline the roleplayedbyregionallabormobilitybutunclearevidenceoftheroleplayedbynetworks isprovided.Theendogeneityproblemarisinginsuchasettingstillremainstobedealtwith. Another promising area lies on the refining of the relational weight matrix, using textual information.Indeed,mostoftheinnovationnetworkdatabases-beingtheycoinventions, copublications, R&D collaborative projects, and so on -contains, along with relational information,additionaldatasuchasabstracts,keywords,etc.Thislattercanbeusedtogo beyondthesimpledefinitionofsocialdistancebetweenagentsbasedontheparticipation toajoinresearch.Theanalysisofthesemanticproximitymayhelpustocharacterizemore precisely the scientific communities and to study how knowledge diffuses through innovation networks In this perspective, Maggioni et al. (2009) exploit the keywords information contained in scientific publications in order to measure the extent of a convergenceprocessofthevocabularyofscientistsworkinginthespecificfieldthe"cluster literature" from 1969 to 2007. This preliminary work does open the way for very fruitful analysesbasedontherecentdevelopmentsincomputersciences(seeMikaetal,2006for instance) which would allow us to consider cognitive distance as a key feature to understandtheinteractionsbetweenspaceandnetworks.

  dynamic models.[START_REF] Baltagi | Testing for serial correlation, spatial autocorrelationandrandomeffectsusingpaneldata[END_REF] suggest spatial correlation tests and temporal correlation tests in a panel model with random effects.[START_REF] Kapoor | Panel data models with spatially correlatederrorcomponents[END_REF] extend estimation based on the method of moments to a spatial panel model with error componentswhiletheextentiontothecaseofadynamicpanelisprovidedbySuandYang approach.[START_REF] Yu | Quasi-Maximum Likelihood Estimators For Spatial Dynamic Panel Data With Fixed Effects When Both n and T Are Large[END_REF] investigate the asymptotic properties of the quasi-maximumlikelihoodestimatorsinastaticSARmodelandYuandLee(2010)extendit to the dynamic case. Bayesian approach is an interesting alternative to estimate such models that have correlation in the time dimension as well as spatial correlation across units.Parent and LeSage (2010 and 2011) estimate a model with random effects while Erthuretal.(2010)considerthemoreelaboratedcaseofadynamicspatialDurbinmodel.

  enables us to understandthisunequaldistributionofinnovationandtheresultinggrowthdynamics.This understanding is based upon the hypothesis of a local dimension of knowledge externalities.Thenotionofknowledgeexternalitiesisindeedatthebaseoftheconceptof increasing returns which is essential for understanding the impact that technological change has upon growth. The spatially bounded nature of these externalities would consequently appear to be at the origin of a geographical polarization of innovative activitiesandlocalizedgrowthdynamics. Thesetheoreticaladvanceshaveopenedthewayforanumberofempiricalstudieswhich aim to answer several research questions which are essential in terms of technological policies: What is the magnitude of these externalities phenomena? On what spatial scale cantheybefound?Whatarethereasonsforthespatialdimensionofexternalities?Does geographicalproximityalonesufficefortheretobeanybenefitfromthereturns?Inordertodealwiththeseissues,severalstudieshavefollowedtheseminalstudiescarried out by[START_REF] Jaffe | Real effects of academic research[END_REF],[START_REF] Jaffe | Geographic localization of knowledge spilloversasevidencedbypatentcitations[END_REF] andAudrestch and Feldman (1996).Inthisfieldofthegeographyofinnovation,theoreticalandempiricaladvancesgo handinhandandbuilduponthemethodologicalimprovementsofeconometrictools.Preliminary introduced by Anselin, Varga and Acs (1997) spatial econometric tools are widely used in economic geography of innovation. Taking into account spatial autocorrelation and spatial heterogeneity of regional innovation, these techniques have improvedtheabilitytoquantifyknowledgespillovers,tomeasuretheirspatialextent,and to explore the underlying mechanisms and especially the interactions between geographicalandsocialdistance. faced by frequentist approaches (heterogeneity, null observations, model comparison, etc.). Multinomial logit estimations used in location choice models require for instance estimating a large number of parameters, which is easier with Bayesian MCMC techniques. Indeed, the computational problems associated withtheHessiancalculationinthecaseoftheMaximumLikelyhoodestimationthatarise whenconsideringlargesampleorwhenthereisalargenumberofparametersinthemodel is overcome. Similarly, the spatial heterogeneity that characterizes in particular individual or relational data is better dealt with by Bayesian tools. Heteroscedasticity can be introducedinthefrequentistapproaches.However,asstatedbyAnselin(1988),itrequires muchmorerestrictivehypothesesabouttheformandtheoriginofthisheterogeneitythan intheBayesianapproach.Thislatteralsopermitstoidentifyoutliers.Inaddition,Bayesian estimates avoid to be locked into a local maximum which could arise with Maximum Likelyhood. Of course, it is worth noticing that bayesian approach assumes that the econometricianhasapriorknowledgethatallowshertoformulateapriordistributionfor the parameter, an idea usually not subscribe to by non-Bayesians. When the sample size increases, this prior information tends however to play a minor role in determining the characteroftheposteriordistribution.Inadditiontothesetechnicaladvances,recentresearchesmovetonewapproachesaiming at exploring the consequences of knowledge externalities at the individual level. More specifically, an important issue deals with the extent to which firms' location choices are influencedbytheirdesiretobenefitfromtheseknowledgeexternalities

including spatially lagged dependent variables only these approaches neglect part of the spatial dependence phenomena. The use of spatial econometrics is probably going to improvetheseresultsaswell.