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Introduction

Understandinginnovationisimportantasitisidentifiedtowhatmakessocietiesthrive.

Indeed,innovationandthegenerationofnewideasarecentralelementsinthetheoryof

endogenouseconomicgrowth(Romer,1990;AghionandHowitt,1992)andareviewedas

akeydriverofprosperity.Asacorollary,innovationisdeeplyetchedinpoliticalagendas:

forinstancetheEUprogrammeHORIZON2020underlinesthat“investmentinresearch

andinnovationisessentialforEurope’sfuture”EuropeanCommission(2014,p.5).

Amaincharacteristicofinnovationisthattheproductionofinnovationisoneofthe

mostgeographicallyconcentratedofeconomicactivities(e.g.,Glaeser,2011;Carlinoetal.,

2012).Thisfeature,thatinnovationtend“naturally”tobegeographicallyclustered,has

attractedasignificantamountofattentionfromscholars,toinvestigatewhatkindofrole

co-locationdidplayintheinnovationprocess(seee.g.AudretschandFeldman,2004;

FeldmanandKogler,2010;CarlinoandKerr,2015,forareview).

Animportantrationaleleadingtothisgeographicalconcentrationwasidentifiedby

agglomerationeconomies(Marshall,1890).Thespatialagglomerationofeconomicactiv-

ityisusuallyassociatedtothreemainbenefits:economiesofscalesintheprovisionof

intermediateinputs,jobmarketpooling,andknowledgespillovers(CarlinoandKerr,

2015).Thefirstandsecondelementsaredelineatedbythemarket,andbenefitingeneral

toeveryfirmbyraisingtheirproductivity(seeforinstanceDurantonandPuga,2004,

formicroeconomicrationales). Thelastelement,knowledgespillovers,ismorespecific

toinnovationasitconcernsthegenerationanddiffusionofideas. Yet,themeaningof,

andmechanismsinvolvedin,knowledgespilloversaremoreelusivethanforthetwoother

agglomerationeconomies.

Theterm“knowledgespillover”wascoinedinreferencetowhatMarshalldescribed

asasituationinwhich“[t]hemysteriesofthetradebecomenomysteries;butareasit

wereintheair,andchildrenmaylearnthemunconsciously”Marshall (1890,p.271).

Knowledgespilloverscanthenbesummarizedbytheideathattheknowledgeproduced

byfirmsisakintonon-rivalandnon-excludablegoodsavailabletootherfirmsintheir

geographicalvicinity.Geographicaldistancehereplaysacriticalrole,asthebenefitsfrom

thesespilloversisassumedtodecaywithdistance.Usingtheanalogyofafirm’sproduction

functionF(A,K,L),thepresenceofknowledgespilloversmeanthattheproductivityA

isincreasinginthefirm’sgeographicalproximitytootherfirms,andfornootherreason
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thangeographicaldistance. Theunderlyingrationaletoknowledgespilloversisthat

geographicalproximityallowstheworkerstocapturetheknowledgeproducedfromother

workersthankstonon-marketrelatedsocialinteractions.

Onemajordifficultyofidentifyingknowledgespilloversisthattheyshouldmostly

betheconsequencesofhumaninteractionsandinfluence,andthereforedonot“leavea

papertrail”(Krugman,1991b,p.53).Challengingthispuzzlingissue,Jaffeetal.(1993)

remarkedthatonespecifickindofinteractiondidleaveapapertrailforlegalreasons:

citationsinpatentdocuments.Indeed,inthepatentapplicationprocess,inventorsare

requiredtoreferencethepreviouspiecesofexistingknowledgeuponwhichisbuilttheir

novelidea. Thisisthereforeequivalenttoadisclosureoftheinspirationsthatledto

theirinvention,inspirationsthatcouldhavebeentriggeredbyinteractionsinthelocal

environment.Hence,Jaffeetal.(1993)didusepatentcitationsasaproxyforknowledge

flowsandasameansofidentifyinglocalizedknowledgespillovers. Theythenemploy

acase-controlmethodologytocontrolforthedistributionofthepatentingactivityper

sector. Theirstudyevidencedthatpatentcitationsweredisproportionatelylocalized:

inventorstendtocitepatentsoriginatingfromthesameareaatahigherfrequencythan

whatthespatialdistributionoftheindustrywouldpredict.Thisworkisconsideredas

theearliestevidenceoflocalizedknowledgespillovers.Despitethemethodologicalissues

raisedbyThompsonandFox-Kean(2005),themainresultsfromJaffeetal.(1993)were

laterconfirmedbyMurataetal.(2014)whodidimplementamoregeneralmethodology,

whichincludesthetwoformeronesasspecialcases.

Patentcitationstendtobemorelocalized,butwhatdoesitreallymeans,isitevid-

encethatknowledgeflowsare“intheair”?FollowingtheworkfromJaffeetal.(1993),

laterstudiescriticizedtheinterpretationofthisresultasasignoflocalizedknowledge

spillovers,andquestionedtheextenttowhichsuch“spillovers”wereexternaltomarket-

basedmechanisms(Zuckeretal.,1998;BreschiandLissoni,2001).Theprincipalsuspect

leadingtothispossiblyerroneousinterpretationisanessentialfactorinknowledgecre-

ation:socialnetworks.Indeed,BreschiandLissoni(2005,2009)andSingh(2005)have

demonstratedthatoncethesocialnetworkofinventors,measuredbyco-inventions,was

controlledforasachannelfordiffusion,therewerenoremainingsignoflocalizedknow-

ledgespilloversasmeasuredàlaJaffeetal.(1993).Itisasignthatinventorsdonot

citerandomlytheotherpatentsproducedinthearea,butrathercitetheonesproduced

byinventorsintheirsocialnetwork.Iflocalizedknowledgespilloverswereinfactthe

consequenceofthediffusionofknowledgethroughconnectionsintheco-patentnetwork,

itwouldnolongerbe“intheair”,i.e.availabletoallactorsinthearea.Rather,itwould

pertaintomarketinteractions,sinceco-patentsareformalrelationwhichcanbeshaped

bythemarket(forinstanceviajobmobility,orinter-firmcollaborations).

Althoughthesestudieschallengetheconceptofknowledgespilloversasbeingachannel

externaltothemarket,theydonotruleoutthepossibilitythatagglomerationisbeneficial

forinnovation,thankstothedevelopmentoftheinventorsnetwork. Thekeyelement
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hereisthatthedriverofinnovationcouldbetheinformationtheinventorscandraw

fromtheirsocialnetwork.Thusthesestudiesratherevidencethatsocialinteractionsare

predominantlylocalized.Yet,tounderstandwhywouldthesesocialinteractionsmatter

forinnovation,onehasgobeyondtheeconomiesofagglomerationandtodelvemore

specificallyintotheknowledgecreationprocess.

Whywouldthenetwork,definedbythecollaborationsbetweenknowledgeworkers,

matterforgeneratingnewknowledge?Totheimportanceofcollaborationsintheinnova-

tionprocess,Jones(2009)providesanappealingthesis.Hisstartingpointistheupward

increaseovertimeintheageoffirstinvention,inspecializationandinthesizeofteams

inscience(see,e.g.,RoyalSocietySciencePolicyCentre,2011)andinnovation(Jones,

2009). Hethenarguesthattheseobservationsareevidencethatknowledgeisgetting

hardertoproduce. Thecentralelementofhisargumentisthat,sincenewknowledge

iscontinuouslyproduced,thetimedevotedtolearninginordertoreachthefrontierof

existingknowledgenecessarilyaugmentsovertime.Therefore,toovercomethisproblem

innovatorscaneither:increasethetimedevotedtoeducation,ornarrowtheirdomainof

expertise.Theconsequenceisthatinnovationisgettinghardertoproduceandteamwork

isincreasinglyrequiredtoproducenewknowledge.

Thisexplanationprovidesacompellingrationalefortheincreaseofteamsizeover

time,andhenceunderlinestheincreasingneedtocollaboratetoproduceinnovation.In

addition,beyondJones’argument,collaborationsprovidemanybenefitswhichincreases

researchoutput.Forinstance,teamworkallowsresearcherstoquickenthetrialanderrors

process,allowtobettersiftwhicharethegoodideas,etc(seee.g.,KatzandMartin,1997;

SinghandFleming,2010;Freemanetal.,2014).4However,focusingoncollaborationalone

asthemainvectorofknowledgecreationwouldneglectanotherperspectiveoninnovation,

whichisthediffusionofinformationandideas.Thisperspectiverequirestotakeabroader

lookontocollaborations,tostepbackandconsiderthewholenetworkofinventorsand

howtheyareembeddedintheirsocialconnections.

Toillustratethatteamsizeisnotequivalenttotheconceptofnetwork,Figure1

representstheco-evolutionofboththeaveragenumberofinventorsperpatents(i.e.team

size)andtheaveragedegreeperinventorforFrenchpatents.Teamsizeischaracterized

byaslow,butsteady,increaseovertime:itstartsfrom1.79in1985toreachanaverage

of2in2002. Whatthefigureemphasizesisthattheconnectednessofinventorsovertime

clearlyoutpacestheincreaseinteamsize. Oneinventorhadanaverageof1.8different

collaboratorsin1985,thisnumberrosetomorethan2.5in2002.Inthis17yearsperiod,

whileteamsizegrewonlyby12%,inventorsconnectionsgrewbymorethan45%.Thus

thereisnotadirectconnectionbetweenthetwo,andinventorshaveahighernumberof

differentcollaboratorsovertime.

4Pointingtotheimportanceofcollaborationforcreation,themottooftheprolificHungarianmath-
ematicianPaulErdöswas“anotherroof,anotherproof”(Bakeretal.,1990,p.ix),emphasizingforhim
theimportancetomovetonewplacesandworkwithnewcollaborators.
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Figure1–Evolutionofthenumberofinventorsperpatents(teamsize)andofthenumber
ofconnectionsperinventor(degree).

Sourcesandnotes:ThepatentdataonFrenchinventorsstemsfromPatstat,andisdescribedinChapter3.
Theinventors’degreeiscomputedusinga5-years-window,i.e.,foreachtimeperiod,theco-patentnetwork
isconstructedfromt−4tot. Thedegreeisthendefinedasthenumberofdifferentcollaboratorsan
inventorhas.

Whywouldthenetwork,beyondthescopeofteamwork,matterforknowledgecre-

ation?Burt(1992,2005)hasemphasizedthatthepositionofagentswithincommunic-

ationnetworksinorganizationscanhaveagreatimpactontheirperformance.Specific

positionsinthenetworkenablestogatherabroadersetofinformationandtomakebetter

decisions.Inastudyonmicro-financeinIndianvillages,Banerjeeetal.(2013)showthat

thenetwork-positionofagentswhoinitiallyparticipatetoaloanprogramiscriticalto

thediffusionoftheadoptionofthisloanprogramtootherinhabitantsofthevillage.

Doesthisdiffusionpatternissimilarforknowledgenetworks?Theoretically,ifknow-

ledgecouldfreelyflowthroughsocialconnections,thisdiffusionpropertyofsocialnetwork

couldenhanceincreaseknowledgecreation.Inparticular,somekindofknowledgeisnot

codifiedandisspecifictoaparticularfirmorworker.Collaborationcanprovideanaccess

tothisspecific,tacit,knowledge(e.g.,CowanandForay,1997;Cowanetal.,2000).Once

anagentdisposeofit,he/shecanalsodisseminateitthroughhi/hercontacts.Nononly

someparticularsetofknowledgebutalsoideascancirculate.

Inthislineofthought,thedistributionofnetworkconnectionscouldbecriticalto

favourknowledgetodiffuse,andthereforebepivotalforthewholeperformanceofthe

network.Forinstance,innetworksinwhichagentsareataveryshortdistance,agood

ideageneratedbyoneagentcouldquicklyreachallotheragents. Onthecontrary,in

sparsenetworks,inwhichmostagentsarefarapartfromeachotherinthenetwork,good

ideascouldbeverydifficulttodiffusethroughthenetworkconnections.

CowanandJonard(2004)theoreticallyinvestigatethisissuebythemeansofanagent-

basedmodel.Theyshowthatthediffusionofinnovationisfacilitatedwhenthenetwork
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structureischaracterizedbyashortaveragenetwork-distancebetweentheagentsof

thenetwork. Therearetantalizingexplanationslinkingthenetworkstructuretothe

productionofinnovation. However,thereisonlylimitedempiricalevidencesupporting

thisview. Forinstance,studyingUSinventorsFlemingetal.(2007)andLoboand

Strumsky(2008)findonlyinconclusiveresultsregardingthenetworkstructureofinventors

andtheproductionofinnovation.

Thesispurposeandoutline. Thisthesisaimsatclarifyingthemechanismsinvolved

inknowledgecreation,byspecificallyinvestigatingtheroleofsocialnetworksinthis

process.Thisinvestigationrequirestobetterdefinethepositionofagentsinnetworksas

wellastoshedlightonthethelinkbetweennetworkpositionandperformanceinterms

ofknowledgecreation. Furthermore,sincetheactorsofknowledgecreationarehighly

concentratedinspace,thisthesisalsoaimsatbetterunderstandingtheinterplaybetween

geographyandsocialnetworks. Thethreechapterswillcovertheseissues,eachwitha

specificfocus.

Thefirstquestionthatisaddressedconcernsthedeterminantsofnewcollaborations.

Collaborationsplaysansignificantroleintheknowledgecreationprocessandalsoshape

thestructureofthenetwork.Therefore,itisimportanttounderstandwhatdoesdeterm-

inefuturecollaborations.Thefirstchapterwillcoverthisissuebyinvestigatingwhether

thenetworkofpastcollaborationscanexplainthepatternoffuturecollaborations.In

particular,thechapterwillassesstheinterplaybetweenthesocialnetworkandgeography

asdeterminantsofcollaborations.

Thesecondquestionregardsthepositionofregionsininnovationnetworks.Knowledge

creationdependsonthecombinationofdifferentsetsofknowledge(Fleming,2001).To

createandcombinenewsetsofknowledge,collaborationswithotherregionscanbecritical

torenewthelocalpoolofknowledge(Owen-SmithandPowell,2004).Theconnections

betweenagentsfromagivenregionwithagentsfromotherregionsformaninter-regional

networkofcollaborations. Furthermore,regionsarethelocusofpoliciesandthereis

anincreasingneedofunderstanding‘thepositionofregion[s]withintheEuropeanand

globaleconomy’(EuropeanCommission,2012b,p.18). Therefore,itisimportantto

knowwhethersomeregionsarewellpositionedornotinthenetwork.Inthesecond

chapter,wewilldiscusscriticallyhowtocharacterizethepositionofregionsininnovation

networks.

Last,welookatwhether,andhow,thenetworkstructurecanenhancetheinnovative

outcome. Asemphasizedearlier,thepositionofinventorsinthenetworkcanhavean

influenceonthediffusionofinformationandideas. Thethirdchapterthenaimsat

assessinghowthepositionofinventorsinthenetworkcaninfluenceregionalinnovation

performance.

Theremainderofthisintroductiondescribestheprecisepurposeofthethreechapters,
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alongwiththemethodologytheyemployandtheirmainfindings.

Chapter1. Thefirstchapterprovidesanassessmentoftheinfluence,andinterplay,of

bothgeographyandsocialnetworksontheformationofscientificcollaborations.First,

thechapterprovidesatheoreticaldiscussionofthecausesrootingscientificcollabora-

tions,withaspecialemphasisonnetwork-basedmechanisms.Inparticular,thepossible

consequencesoftheinteractionbetweensocialproximityandgeographyareexamined,

focusingontheconditionsinwhichtheycanbesubstituteorcomplement. Wearguethat

socialproximityshouldpositivelyinfluencenetworkformation,butweremainagnostic

onwhetheritsubstitutesorcomplementsgeographicproximity.

Second,anempiricalanalysisissetuptotestthehypotheseslaidoutbythetheoretical

discussion.Tothisend,weusedataonscientificcollaborationsinchemistry,infiveEU

countries(France,UnitedKingdom,Germany,Italy,Spain)between2000and2005. A

gravitymodelisusedtoassessthedeterminantsofinter-regionalcollaborationflows.Due

tothelackofexistingmeasurestoassesstheinter-regionalsocialproximity,thischapter

alsocontributesmethodologicallytotheliteraturebyintroducingsuchameasure.The

measureofinter-regionalsocialproximityweintroduceistheoreticallygroundedand

basedonmicro-leveldeterminants.

Theresultsdepictaclearsubstitutabilitypatternbetweengeographicproximityand

socialproximity.Socialproximitydoespositivelyinfluencetheformationofnewcollab-

orations,butitseffectismediatedbygeography. Whilebeingnon-significantforthe

regionsmostclosegeographically,thepositiveeffectofsocialproximityisincreasingwith

geographicdistance.

Chapter2. Thesecondchapterlooksathowtocope,inameaningfulway,withthe

notionofnetworkcentralityinthecontextofinter-regionalR&Dnetworks. Weprovidea

theoreticaldiscussionofthenotionofnetworkcentralityinthecontextofinter-regional

networks.ThisdiscussioniscomplementedwithaspecificfocusonthecontextofR&D

collaboration. Welayoutthepossibleapplicationsofexistingnetworkcentralitymeasures

toregionalnetworks. Wethenanalysecriticallythemeaningofthesecentralitymeasures

inthiscontext. Weshowthatmostofthetimetheycannotbeappliedtointer-regional

R&Dnetworkswithoutsufferingfromimportantflawstotheirinterpretation.Fromthis

theoreticalcontext,wethenintroduceanewmeasurementwhosedefinitionissuitedto

thecontextofinter-regionalR&Dnetworks.Finally,weusedataontheEUco-invention

networktoillustratethisnewcentralitymeasure,andtocompareittootherwell-known

existingmeasures.Despitesomesimilaritiesbetweenthedifferentmeasures,wepointto,

andcommenton,significantdifferences.

Chapter3. Thethirdchapteraimsatunveilingwhatkindofnetworkstructurefavours

themostregionalinnovation. Tothisend,wefirstintroduceasimplemodellinking

inventors’productivitytotheirnetworkofcollaborators.Thismodelcontainsthreekey
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parameters.One,referredtoasconnectivity,whichscalesthenetworkbenefits,andtwo

otherswhichrulethenetworkstructure:complementary(aninventormaybenefitmore

thepartner’sefforttoproduceknowledge),andrivalry(aninventormaybenefitless

fromhis/herpartnerifthepartnerhasmoreconnections). Themodelpredictsthatat

equilibrium,thenetwork-relatedproductionoftheagentsaredependentonthesquareofa

measureoftheirpositioninthenetwork.Thismeasureofnetworkpositionisanewformof

networkcentralitywhichdependsonthethreeelementsofconnectivity,complementarity

andrivalry.Furthermore,thisnetworkcentralitycanbeseenasageneralizedformof

networkcentrality,sinceitwhichencompasses,asspecialcases,severalwellknownforms

ofcentrality(Bonacich,Page-Rank,degree).

Followingthisinsight,regionsdisposingofinventorsbetterpositionedinthenetwork

shouldperformbetter.Yet,thenetwork’spositionwhichwillprovidethehighestcentral-

itywilldependontheparametersofcomplementarityandrivalry.Theempiricalanalysis

willthenconsistin1)estimatingwhetherinventors’centralityaffectregionalinnovation

performance,and2)whichparametersofthemodelbestfitthedata.Theestimatesof

complementarityandrivalrywouldthenprovidewhatkindofnetworkstructurefavours

themostregionalinnovation. Weestimatethemodel’sparameterswithPoissonregres-

sionsincludingavarioussetoffixed-effects.Theempiricalevidenceisbasedonpatent

co-authorshipsbetweenFrenchinventorsfortheperiod1981–2003. Weprovidetwomain

findings.

Themainoutcomeofthischapteristhat,whilethereisonlyaslightsignofcom-

plementarity,theempiricalresultsstronglyevidencethatthereisnorivalryeffectat

play:thismeansthatanynewnetworkconnectionbetweentwopreviouslyunconnected

inventorsisalwaysbeneficialforregionalinnovation.
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Chapter1

Networkproximityinthegeography

ofresearchcollaboration∗

1.1 Introduction

Theproductionofnewknowledgeislargelyviewedasessentialinenhancingcompet-

itivenessandproducinglong-termgrowth(AghionandHowitt,1992;Jones,1995).It

isthereforenowonderthatitisacentralissueforpolicymakers,attheregional,na-

tionalandevensupra-nationalscale.Thisinturnputsattheforefrontpoliciesthatdeal

withcollaborationinscience:indeed,asknowledgebecomesmorecomplexandharder

toproduce(Jones,2009),scientificactivityturnsouttobeincreasinglyreliantoncol-

laboration(see,e.g.,Wuchtyetal.2007;Jonesetal.2008;Adams2013ortheRoyal

SocietySciencePolicyCentre,2011forarecentreport).IntheEuropeanUnion(EU),

thepoliticalwilltowardsknowledgecreationisbeingsupportedbytherecentHorizon

2020programme,which‘shouldbeimplementedprimarilythroughtransnationalcollab-

orativeprojects’(EuropeanCommission,2013,Article23). Thispolicytoolaimsat

developingaEuropeanresearcharea(ERA)wherecollaborationsdonotsufferfromthe

impedimentsofdistanceornationalborders,sothatEUresearcherscanactasifthey

wereallworkinginoneandthesamecountry.SuchpoliciesarebackedbyalargeEU

budget:yetisfundinglong-distancecollaborationefficient? Tocomprehendthisissue,

oneneedsaclearunderstandingofthedeterminantsofcollaboration,andinparticular,

thefactorsthathelpbypassgeography.

Despitethetrumpeted‘deathofdistance’,duerecentdevelopmentsinthemeansof

communicationandintransportationtechnologies(Castells,1996),anunderstandingof

geographyisstillimportantinexplainingcollaboration. Co-locationfacilitatesface-to-

facecontact,easesthesharingoftacitknowledge(e.g.,Gertler,1995;StorperandVen-

ables,2004)andenhancesthelikelihoodofserendipitous,fruitfulcollaborations(Catalini,

2012).Furthermore,nationalborders,aby-productofgeography,alsoplayanimportant

role,asdifferencesinnationalsystemsrendercollaborationmoredifficult(Lundvall,1992).

∗Thischapterisbasedonasingleauthoredarticle.
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Arecentstreamofliteraturehasshownthatgeographicaldistanceandnationalborders

areindeedstrongimpedimentstocollaboration(e.g.,Hoekmanetal.,2009;Scherngell

andBarber,2009;SinghandMarx,2013).Temporalanalysesevenaddthattheirhinder-

ingeffectshavenotdecreasedovertime(e.g.,Hoekmanetal.,2010;Morescalchietal.,

2015). ReturningtotheERA,itseemsliketheEU’spolicieshavefailedtodevelopan

integratedarea,inwhichdistantcollaborationsareeased.However,geographyisnotthe

soledeterminantofcollaboration(Boschma,2005;TorreandRallet,2005;Frenkenetal.,

2009a;Giulianietal.,2010).Collaborationisasocialprocessandentailsthecreationof

bondsbetweenresearchers(KatzandMartin,1997;Freemanetal.,2014).Thosebonds

inturnformasocialnetwork,andonesalientfactaboutsocialnetworksisthattheyarea

driveroftheirownevolution(JacksonandRogers,2007).Consequently,analysesshould

notfailtoconsiderpotentialnetworkeffectsinfluencingthecollaborationprocess.

Thischapterisasteptowardabetterunderstandingoftheroleofnetworksinthe

geographyofresearchcollaboration. Whilethequestionconcerningthedeterminantsof

networkformationanditslinkwiththenotionofproximityhasattractedagrowingin-

terestovertherecentyears(e.g.,Ballandetal.,2013;Boschmaetal.,2014a;Balland

etal.,2015b),studiesfocusingonthedeterminantsofresearchcollaborationhavemostly

beendescriptive,a-geographic,orotherwisefailedtoweldthenetworktogetherwith

geography(e.g.,Newman,2001;Barabâsietal.,2002;WagnerandLeydesdorff,2005;Al-

mendraletal.,2007;Balland,2012;Fafchampsetal.,2010;Autant-Bernardetal.,2007a;

Maggionietal.,2007).Thus,thequestionofsubstitutability/complementaritybetween

geographyandthenetworkhasbeensetaside.Thereissomeevidenceonthisquestion

providedinothercontexts(e.g.,Batheltetal.,2004;Boschma,2005;Montobbioetal.,

2015),butempiricalfindingsonthisissueremainscarce.Yet,theanswertothisquestion

isimportantpolicy-wise.Ifgeographicandnetworkproximityreallyaresubstitutable,

thenheighteningthenetworkproximityofdistantagentswouldinturnhelpthemin

creatingnewlong-distancelinks,sincenetworkproximitywouldpartlycompensatefor

thelossofgeographicproximity. Onthecontrary,inthecaseofcomplementarity,‘for-

cing’distantcollaborationsmaybeinefficientsincedistantagentswouldbethosewho

benefittheleastfromnetworkproximity. Onlytheformercasewouldsupportcurrent

EUpolicies,andthatisassumingthatthenetworkmattersatall.

Thischapteralsocontributestotheliteraturebyintroducinganewmeasureofinter-

regionalnetworkproximity.Thismeasureisdefinedforeachregionaldyadandreflectsthe

intensityofindirectlinkagesbetweenregions. Moreover,thismeasurecanbeinterpreted

fromamicroperspectiveasitcanbederivedfromasimplemodelofrandommatching.

Foragivenregionalpair,thismeasurecanthenberelatedtotheexpectednumberof

indirectlinkagesbetweentheagentsofthetworegions.Thiskindofmeasureisinline

withtheincreasingneedtounderstand‘thepositionofregion[s]withintheEuropeanand

globaleconomy’(EuropeanCommission,2012b,p.18).

Toassessempiricallyhownetworkproximityaffectscollaboration,Ithenmakeuse
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ofEuropeanco-publicationdata. Thesedatarelatetoco-publicationsstemmingfrom

fiveEuropeanUnioncountries(France,Germany,Italy,Spain,theUnitedKingdom),

fromthefieldofchemistry,publishedbetween2001and2005. Theanalysisconsists

ofanestimationofthedeterminantsofflowsofcollaborationbetween17,292regional

dyadsfrom132NUTS21regions,bymeansofagravitymodel(Picci,2010;Cassietal.,

2015).Theresultsdemonstrateaninterplaybetweengeographyandnetworkproximity:

whilebeingnegligibleoronlyweaklybeneficialtoregionslocatedincloseproximity,the

importanceofnetworkproximitygrowswithdistance,reachinganelasticityof0.24for

adistanceof900km.Inotherwords,networkproximitymainlybenefitsinternational

collaborations.Thus,theseresultssupporttheclaimsofEUpolicy.

Theremainderofthischapterisorganizedasfollows:inSection1.2thedetermin-

antsofinter-regionalcollaborationsarediscussed,focusingontheroleofnetwork-based

mechanismsandtheirpossibleinterplaywithnon-networkformsofproximity;Section1.3

thenpresentstheestimationmethodologyanddescribesthemeasureofnetworkproximity

usedinthischapter,alongwiththemodelfromwhichitcanberetrieved;inSection1.4,

thedatasetispresented,aswellastheeconometricstrategy;theempiricalfindingsare

reportedanddiscussedinSection1.5;andSection1.6concludesthechapter.

1.2 Thedeterminantsofinter-regionalcollaborations

InthissectionIdescribethedeterminantsofscientificcollaboration. First,Idiscuss

thestaticones,whichdependonthecharacteristicsoftheresearchers,i.e.,thenodesof

thenetwork,anddonotevolveovertime.Second,Ipresentthemicro-determinantsof

collaborationstemmingfromthenetwork.Finally,Idiscusstherelationbetweennetwork

proximityandgeography.

1.2.1 Staticdeterminantsofcollaboration

Whenitcomestoanalysingthedeterminantsofcollaboration,theconceptofproximity

provestobeaveryusefulframework(Boschma,2005;TorreandRallet,2005;Kiratand

Lung,1999).Bydistinguishingseveraltypesofproximitybetweenagents(suchasgeo-

graphical,institutional,cognitiveororganizational),thisframeworkallowsonetoanalyse

eachofthemandtoeasilyassesstheirinterplay. Onecandistinguishtwomechanisms

throughwhichproximity,inwhateverform,favourscollaboration:1)proximityaug-

mentstheprobabilityofpotentialpartnerstomeetand2)reducesthecostsinvolvedin

collaboration.Inthisway,itsimultaneouslyincreasestheexpectednetbenefitsofthe

collaborationandthelikelihoodofitssuccess.

Theeffectofgeographicalproximityoncollaborationcanbedeconstructedinsucha

1TheNomenclatureofTerritorialUnitsforStatistics(NUTSistheFrenchacronym)referstoEU
geographicalunitswhosedefinitionattemptstoprovidecomparablestatisticalareasacrosscountries.
TheexhaustivelistofregionsusedinthisstudyisgiveninAppendix1.7.4.
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way,asfollows.First,thecontextofcollaborativeproductionofknowledgemayrequire

thatthepartnersshareandunderstandcomplexideas,conceptsormethods;thecollab-

orationmaytheninvolveacertainleveloftransferoftacitknowledge. Consequently,

face-to-facecontactmaybeimportanttotheeffectiveconductingoftheresearch,asa

wayofovercomingtheproblemofsharingtacitknowledge(Gertler,1995;Collins,2001;

Gertler,2003). Moreover,face-to-facecontactallowsdirectfeedback,easescommunica-

tionandthemitigationofproblems,andfacilitatescoordination(Beaver,2001;Freeman

etal.,2014).Alltheseelementsheightentheprobabilityofthesuccessofacollaboration.

Thus,geographicaldistance,byincurringgreatertravelcostsandfeweropportunitiesto

exchangeknowledgebymeansofface-to-facecontact,reducesthelikelihoodofasuccessful

collaboration(KatzandMartin,1997;Katz,1994).

Second,beingcloserinspaceenhancesthelikelihoodofpotentialpartnerstomeetin

thefirstplace.Indeed,attendanceofsocialeventswhereresearchersmeettoshareideas,

suchasconferences,seminarsoreveninformalmeetings,islinkedtogeographicaldistance,

andthusheightensthechancesoffindingaresearchpartneratalocalscale.Forinstance,

byanalysingdataonparticipantsatthecongressesoftheEuropeanRegionalScience

Association,vanDijkandMaier(2006)haveshownthatagreaterdistancetotheevent

negativelyaffectsthelikelihoodofattendingit.Inaddition,thesocialembeddednessof

researchersandinventorshasbeenshowntodecaywithgeographicaldistance(Breschi

andLissoni,2009),meaningtheywillhaveabetterknowledgeofpotentialpartnersata

closerdistance.

Consequently,theeffectofgeographicaldistanceshouldbeunderstoodasnegative.

Thisfacthasbeenevidencedbyvariousrecentstudies,indifferentcontexts:inthecase

ofco-authorshipinscientificpublications(Frenkenetal.,2009b;Hoekmanetal.,2010,

2009),inco-patenting(Hoekmanetal.,2009;Maggionietal.,2007;Morescalchietal.,

2015),andinthecaseofcooperationamongfirmsandresearchinstitutionswithinthe

EuropeanFrameworkProgramme(ScherngellandBarber,2009).

Anotherimpedimentrelatingtogeographyistheeffectsofnationalborders.Inthe

contextofinter-regionalcollaboration,nationalbordersareoftenlinkedtothenotion

ofinstitutionalproximity(Hoekmanetal.,2009).Institutionalproximityrelatestothe

factthat‘interactionsbetweenplayersareinfluenced,shapedandconstrainedbythe

institutionalenvironment’(Boschma,2005,p. 63).Indeed,severalfeaturesaffecting

knowledgeflowscanbeperceivedatthenationallevel(Banchoff,2002;Glänzel,2001).

Forinstance,fundingschemesaremorelikelytoexistatanationalscale,thus,facilitating

collaborationswithinasinglecountry.Inthesamevein,workersaremoremobilewithin

acountrythanacrosscountries,andsincetheymaymaintaintieswiththeirformer

partners,theirsocialnetworksappeartobemoredevelopedatthenationallevel(Miguélez

and Moreno,2014). Norms,valuesandlanguagearealsolikelytobesharedwithina

country,facilitatingcollaboration. Asaconsequence,theliteratureprovidesevidence

thatbelongingtothesamecountrysignificantlyeasesthecollaborationprocess(e.g.,
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Hoekmanetal.,2010;Morescalchietal.,2015).

1.2.2 Theroleofnetworksintheprocessofcollaboration

Thissectiondiscussesanumberofnetwork-relatedmechanismsthathelptriggercollabor-

ation.Thefirstmechanismplayingaroleinnetworkevolutionistriadicclosure,definedas

thepropensityoftwonodesthatareindirectlyconnectedtoformalink(Carayoletal.,

2014).Itmaybethecasethattriadicclosureoccursbecausetriads,inoppositionto

dyads,havecertainadvantages.Byreducingindividualpower,triadscanhelpmitigate

conflictsandenhancetrustamongtheindividuals(Krackhardt,1999).Thepossibilityof

negativebehaviouronthepartofoneoftheagentsismorelimited,sinceitcanbepun-

ishedbythethirdagent,whocansevertherelation.Thesestructuralbenefitsofferedbya

closedtriadmayinturnleadtotriadicclosure.Thiscanbeanadvantageparticularlyfor

internationalcollaborations,inwhichthereliabilityofdifferentpartnersmaybedifficult

toassess.Insuchcircumstances,relyingonthenetworkandformingatriad–thatis

tocollaboratewithapartnerofapartner–canbedesirable,asitlimitsopportunistic

behaviours,thusreducingtherisksassociatedwiththesunkcostsofengaginginacol-

laboration.InarecentstudyontheGermanbiotechnologyindustry,ter Wal(2014)has

shownthattriadicclosureamongGermaninventorshasbecomeincreasinglyimportant

overtime,asthetechnologicalregimehaschangedandmoretrusthasbeenneededamong

partners.Inadiition,byexaminingthebehaviourofresearchersatStanfordUniversity,

DahlanderandMcFarland(2013)haveshownthathavinganindirectpartnersignificantly

increasestheprobabilityofacollaboration.

Anotherfeatureofsocialnetworksthatmayinfluencetheirevolutionishomophily.

Homophilycanbeidentifiedasacompellingfeatureofsocialnetworks;itcanbeportrayed

as‘thepositiverelationshipbetweenthesimilarityoftwonodesinanetworkandtheprob-

abilityofatiebetweenthem’(McPhersonetal.,2001,p.416).Thischaracteristichas

beenanalysedbysociologistsinvariouscontexts–forexample,infriendshipsatschool

orinworkingrelationships–andithasbeenshownthatsimilarityamongindividualsis

aforcedrivingthecreationofties. AsMcPhersonetal.(2001,p.429)putit:‘Homo-

philycharacterizesnetworksystems,andhomogeneitycharacterizespersonalnetworks’.

Scienceisnoexception:forinstance,Blau(1974)hasstudiedtherelationshipsamong

theoreticalhighenergyphysicists,andshownthatthesimilarityoftheirspecializedre-

searchinterestsaswellastheirpersonalcharacteristics,areimportantfactorsdetermining

researchrelationships.

Homophilyisnotspecifictonetwork-relatedeffects.Indeed,theimportanceofthe

staticdeterminantsofcollaborationalsorelyonhomophily. Yet,oncetheproblemis

reversed,onecanseethatthenetworkcaninfluencenewconnectionsviahomophily.

Indeed,takeanytwoagentsalreadyconnected:theyarelikelytoshareatleastsome

similaritiesthathelpedthemsucceedincollaboration.Thismight,forinstance,involve

sharingasimilarresearchtopic,havingthesameapproachtoresearchquestionsorsimply
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beingcompatibleintermsofteamwork(i.e.,theyareagoodmatchwithrespecttotheir

ownidiosyncraticcharacteristics). Therefore,iftwoagentsareconnectedtothesame

partner,theyarelikelytobeinsomewaysimilartotheircommoncollaborator,and

consequentlytosharesomesimilaritiesthemselves.Thesesimilaritiesmayinturnfavour

theirfuturecollaboration.

Finally,thenetworkcanbeseenasaproviderofexternalitiesofinformation,andthus

bedecisiveindeterminingfuturecollaborations.Indeed,astheneedforcollaborationbe-

comesmoreandmoreacute(Jones,2009),findingtherightpartnersbecomesabsolutely

critical,butmayalsobetime-consuming.KatzandMartin(1997)pointoutthattime

isoneofthemostimportantresourcesforresearchers,evenbeforefunding. Asacon-

sequence,thenetworkcanactasareliablerepositoryofinformationinwhichresearchers

canfindtheirfuturecollaborators(GulatiandGargiulo,1999). Theroleofnetworks

mightthenbestbeviewedbyanalogytooptimizationproblems:despitenotgivingthe

bestglobalmatch,thenetworkhelpstoprovidethebestlocalmatch. Researchersare

timeconstrainedandarenotfullyrational,inthesensethattheydonotdisposeofallthe

requiredinformationnoroftheabilitytogaugeallpotentialmatchesinordertoselect

thebestone.Inthissituation,‘picking’thebestpartnerinthenetworkvicinitymay

bearationalandefficientchoice.Inthisvein,Fafchampsetal.(2010)havedevelopeda

modeldescribinghowresearchersobtaininformationoneachotherthroughthenetwork

ofsocialconnections.Theyshowthattheprobabilitytoaccessinformationonaspecific

researcherdecreaseswiththenetworkdistance.Theyalsofindempirically,usingdataon

co-authorshipamongeconomists,thatbeing‘closer’inthenetworkpositivelyaffectsthe

likelihoodofcollaboration.

Tosummarize,thenetworkregroupsvariousmechanismswhichfavourcollaboration,

thusaffectingitsevolution.Thisyieldsthefollowinghypothesis:

Hypothesis1 Networkproximitypositivelyaffectsthecreationofnewcollaborations.

Someprecisionneedstobeappliedtothenotionofnetworkproximitythatwillbe

usedthroughoutthischapter.Althoughthenotionoftriadicclosureappliesspecifically

toagentswhoarevery‘close’inthenetwork(i.e.,theyhaveacommonpartner),other

mechanisms,suchasinformationexternalitiesprovidedbythenetwork,donotrequire

suchproximityandcouldapplyatagreaterdistance.Thusthenotionofnetworkprox-

imityhereconcernsbeingconnectedbyindirectsocialties. Variousdistancesseparate

thepairsofagentsinthenetwork,andthehypothesisstatesthatthe‘closer’theagents

arewithrespecttonetworkdistance,themorelikelytheyaretoengageincollaboration,

asaresultofthediscussedmechanisms.

However,whilenetworkproximitymayinfluencetheformationofnewcollaborations,

canitseffectberegulatedbyotherfactors,likegeographicaldistanceornationalborders?

Oristheeffectofnetworkproximitymerelyindependentoftheseotherdeterminants?

Thisquestionneedstobeinvestigatedinordertounraveltheprecisemechanismshaping
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thelandscapeofcollaborationnetworks. Thenextsubsectiondiscusseshownetwork

proximityandotherformsofproximitymaybeintermingled.

1.2.3 Theinterplaybetweenthenetworkandotherformsof

proximity

Thissectionaimstolinknetworkproximitytootherformsofproximityandtounderstand

theirinterplayinthecollaborationprocess.Forthesakeofreadability,inthissectionI

willcomparenetworkproximityonlytogeographicproximity.Thatistosay,geographic

proximityishereintendedasashorthandfornon-networkformsofproximity.

Ifbothnetworkandgeographicproximityinfluencethecreationofnewcollaborations,

whatmightbethenetoutcomeofthesetwoeffects? Thefirstcaseonecouldconsider

wouldbethatnetworkproximitybenefitshomogeneouslyallprospectivepartners,mean-

inganindependencebetweentheeffectsofnetworkandgeographicalproximity.Inother

words,thegreaterthenetworkproximity,thehigherthelikelihoodofacollaboration,

atamagnitudeindependentfromgeography. However,thisindependencecouldonly

occurifgeographicalproximityandnetworkproximityfunctionedattwocompletelydif-

ferentlevels:thatis,iftheverymechanismsthroughwhichtheyaffectedcollaboration

wereunrelated.Assoonastheyareinfluencingcollaborationthroughthesamecommon

mechanisms(likeenhancingtrust,orfacilitatingthesearchforprospectivepartners),their

interplaywillnotbeindependent.Soifonedepartsfromthehypothesisofindependence,

oneisleftwithtwoopposingstandpointsincompetition.

Ontheonehand,networkproximitycanreinforcethebenefitsofbeinggeographically

close.Particularlyincaseswhereagentshavea‘tasteforsimilarity’,networkproximity

canfostercollaborationsinsituationsinwhichagentsalreadybenefitfromgeographical

proximity.Thistasteforsimilaritycanbeseenasaneedtobecloseindifferentrespects

inordertoconducteffectiveresearch.Forinstance,inacasewheretheresearchishighly

subjecttoopportunisticbehaviour,severalformsofproximitymayfunctioncomplement-

arilytomitigateit.

Ontheotherhand,thebenefitsofproximitymaysufferfromdecreasingreturns.In

thiscase,networkproximitywouldbeasubstituteforotherformsofproximity.Takethe

caseinwhichtwoprospectivepartnersaregeographicallyfarapart:forthem,network

proximitywillbecrucialtoengageinasuccessfulcollaboration,asitwillbetheirsole

sourceofproximity. Onthecontrary,iftheyarealreadyclosetoeachotherthen,asa

resultofthedecreasingreturns,havingclosenetworkproximitywouldmatterless,and

wouldthereforenotbedecisiveintriggeringeffectivecollaboration.Sucheffectswould

depictapatternofsubstitutability. Anotherpossibleinterpretationyieldingthesame

conclusionmightbethatthenetrewardsofcollaborationmayincreasewithdistance

(thisviewissupportedby,e.g.,Narinetal.,1991;Glänzel,2001;Frenkenetal.,2010;

Adams,2013).Inthiscase,andiftheprobabilityofsuccessisstilltiedtothelevelof

proximitybetweentheagents,thiswouldincreasethemarginalvalueofnetworkproximity
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fordistantcollaborations.Thus,thiswouldalsodepictasubstitutabilitypattern.

Theprecedingargumentthenyieldsthesetwofollowingcompetinghypotheses:

Hypothesis2.a Networkproximityisacomplementtootherformsofproximity.

Hypothesis2.b Networkproximityisasubstituteforotherformsofproximity.

Theinterplaybetweennetworkandnon-networkproximityhasnotbeencompletely

dealtwithintheliterature. Therehavebeenstudiesfocusingontheroleofnetworks

andtheroleofgeography,butfewthatunraveltheirinterplay.Forinstance,Maggioni

etal.(2007)havecomparedtheeffectofnetworkties(asopposedtopurelygeographical

linkages)asdeterminantsoftheregionalproductionofpatents. Anotherexampleis

Autant-Bernardetal.(2007a)whofocusoncollaborationsamongfirmsintheEU’s6th

FrameworkProgramme. Theyassestheeffectofnetworkproximityandgeographical

proximityontheprobabilityofcollaboration.Bothstudiesfindpositiveeffectforboth

geographicandnetworkproximity.

Inthesamevein,otherstudieshavetriedtorevealthedependencesamongdifferent

formsofproximity,butnotspecificallythenetworkform.Forinstance,Pondsetal.(2007)

andd’Esteetal.(2013)havestudiedtherelationbetweenorganizationalproximityand

geography. Whiletheformerstudyanalysesco-publicationsintheNetherlandsandfinds

asubstitutabilitypattern,thelatterfocusesonuniversity-industryresearchpartnerships

intheUKandfindsnointeractionbetweenthetwo.

Thisstudydepartsfromthepreviousliteraturebyspecificallyfocusingonnetwork

proximityand,moreimportantly,itsrelationtogeography.Inlinewithpreviousstudies,

thefocuswillbeoninter-regionalflowsofcollaborationsinEurope(e.g.,Scherngelland

Barber,2009;Hoekmanetal.,2009;Morescalchietal.,2015). Yetbeforeoutliningthe

data,Iwillfirstpresentthe modellingstrategyandspendsometimedescribingthe

measureusedtoapproximatethenotionofnetworkproximityinthispaper.

1.3 Empiricalstrategyandthe measureofnetwork

proximity

Thissectionintroducestheempiricalmodelusedintheeconometricanalysisandthen

developsthemeasurethatwillbeusedtoassessnetworkproximity.Aswillbeshown,the

measurecanbederivedfromamodelofrandommatchingbetweenagents,thusreflecting

theideaofamicro-levelmeasure.

1.3.1 Gravity model

Theobjectofthisstudyistoanalysethedeterminantsofinter-regionalcollaboration

flows. Thus,inlinewithpreviousresearchonthistopic,themethodologyusedwill
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bethegravitymodel.2Thegravitymodelisacommonmethodologicaltoolusedwhen

assessingspatialinteractionsinvariouscontexts,suchastradeflowsormigrationflows

(RoyandThill,2004;Anderson,2011),andhasbeenrecentlyappliedtothecontext

ofcollaboration(e.g.,Maggionietal.,2007;Autant-Bernardetal.,2007a;Maggioniand

Uberti,2009;Hoekmanetal.,2013).Inanutshell,thegravitymodelreflectstheideathat

economicinteractionsbetweentwoareascanbeexplainedintermsofthecombinations

ofcentripetalandcentrifugalforces: whilethemassesoftheregionalentitiesactas

attractors,thedistanceseparatingthemhamperstheattraction.Thiscanbewrittenas

follows:

Interactionij=Mass
α1
i Mass

α2
jF(Distancesij), (1.1)

withF(.)beingadecreasingfunctionofthedistances.Thedistancefunctionsareusually

oftheformF(x)=1/xγorF(x)=exp(−γx),dependingonthenatureofthedistance

variablex(RoyandThill,2004).Traditionally,MassiandMassjarerespectivelycalled

‘massoforigin’and‘massofdestination’.Inthecontextofthisstudy,Interactionijwill

representcollaborationflows. Withinthegravityframeworknetworkproximityactsasa

centrifugalforce.

Thisstudyfocusesspecificallyontheroleofnetworkproximityandthenquestions

howthepositionofaparticularpairofregionsinthenetworkmayinfluencetheirfuture

linkages. Variousstudieshaveappliednetworkanalysistoolstoassessthepositionof

regionswithinanetwork. Somestudiescopewiththepositionofregionswithinthe

networkbymakinguseofcentralitymeasures(see,e.g.,SebestyénandVarga,2013a,b;

Wanzenböcketal.,2015,2014). Otherstudiesmakeuseofthenetwork,bylinkingthe

performanceofagivenregiontotheperformanceoftheregionsconnectedtoit,ina

fashionsimilartothatofspatialeconometrics(see,e.g.,Maggionietal.,2007;Hazir

etal.,2014).

Tofitintothegravitymodelframework,andlaterintotheeconometricanalysis,a

measureofinter-regionalnetworkproximityshouldhavetwoproperties:first,itshould

bedefinedforeachpairofregion;andsecond,forthesakeofcopingwithpotential

endogeneityproblems,itshouldbeindependentofdirectcollaborations. Thus,before

describingthedataandtheempiricalmodel,Iwillfirstintroducesuchameasure.

1.3.2 Anew measureofinter-regionalnetworkproximity

Thissectionintroducesanewmeasureaimingtocapturetheeffectofnetworkproximity

inthecontextofinter-regionalcollaborations,inlinewiththegravitymodelframework.

Themeasurebeingintroduceddependsonlyoninter-regionalcollaborationflowsand

functionsbyaskingthefollowingquestion:Howmuchagentsfromtwodifferentregions

areconnectedtothesameagentsinotherregions?Althoughdefinedattheregionallevel,

2Foradiscussionofthedifferentmethodologiesusedtoempiricallyassessthedeterminantsofknow-
ledgenetworksattheregionallevel,seeforinstanceBroekeletal.(2013).
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Figure1.1–Illustrationofaregionalnetworkofcollaborationandofthenotionofbridging
paths.
Notes:Thefiguredepictsthreebridgingpathsformedbythefollowingpairsoflinks:(L1ik,L

1
jk),(L

1
ij,L

2
jk)

and(L2ij,L
3
jk).Sotheregionaldyads(i,j),(i,k)and(j,k)haverespectively1,2and0bridgingpaths.

Forinstance,thepairoflinks(L1ik,L
1
jk)formsabridgingpathbetweenregionsiandjviathebridging

regionkbecausetheselinksarebothconnectedtothesameagentinregionk,thuscreatinganindirect
connectionbetweenagentsfromiandj.Notethatalthoughregionsjandkhavethreedirectlinks,there
isnobridgingpathbetweenthemsincetheyhavenoagentindirectlyconnected.

themeasureactuallyreflectsamicro-levelnotion,thatof‘bridgingpaths’(i.e.,inter-

regionalindirectconnectionsatthemicrolevel). ThismeasureisreferredtoasTENB

(standingfor‘totalexpectednumberofbridgingpaths’).

Intheremainderofthissection,thenotionofbridgingpathsisfirstintroduced,

followedbyadescriptionofthemodelfromwhichthemeasureisderived.Then,Ishow

thatthemeasureisrobusttosomevariationinthemodel’sassumption.Finally,thelast

subsectiondiscussesthelinkbetweenthemeasureasdefinedatthemeso-levelandthe

notionofnetworkproximity.

1.3.2.1 Thenotionofbridgingpathsandsomenotations

Firstsomenotations,astheywillbeusefulfordefiningtheconceptofbridgingpathsand

willbeusedinthemodelinthenextsubsection.ConsiderNregions,eachpopulatedwith

niresearchers. Alinkbetweentworegionscanbedefinedasacollaborationoccurring

betweentworesearchers,onefromeachofthoseregions.Letgijbethetotalnumberof

linksbetweenregionsiandj.Thesetofregionstowhichiisconnected(i.e.,thathaveat

leastonelinkwithi),alsocalledtheneighboursofi,isrepresentedbyNi≡{k|gik>0}.

Finally,letLaijrepresentthea
thlink,a∈{1,...,gij},betweenagentsfromregionsiand

j,andletLbjkbetheb
thlink,b∈{1,...,gjk},betweenagentsfromregionsjandk.

Usingthesenotations,abridgingpathbetweenregioniandjviathebridgingregion

kisdefinedasasetoftwolinks(Laik,L
b
jk),suchthatbothlinksareconnectedtothesame

agentinregionk.Stateddifferently,abridgingpathexistswhenoneagentfromregion

iandonefromjhaveacommoncollaboratorinregionk.Theconceptisillustratedby

24



Figure1.1whichdepictsaregionalnetworkofcollaboration.Inthisexample,thepairof

links(L1ik,L
1
jk)formsabridgingpath,whileotherslikethepair(L

1
ik,L

3
jk)donot.

Bridgingpathsareseenasbeingamediumfornetworkproximity.Themaindriver

oftheideaisthatthemoretworegionshavebridgingpaths,theclosertheiragents

willbewithrespecttothenetwork,and,infine,theywillbemorelikelytoengagein

collaboration,thankstonetwork-basedmechanisms.

1.3.2.2 Derivingthe measurefroma modelofrandom matching

Thissubsectionshowshow,byassumingthatcollaborationbetweenagentsstemsfrom

asimplerandommatchingprocess,theexpectednumberofbridgingpathsbetweentwo

regionscanbederived.

Arandom matchingprocess. Therandommatchingprocessusedisbasedontwo

mildassumptions:1)acollaborationconsistsofamatchbetweentwoagentsonly;and2)

wheneveracollaborationoccursbetweentworegions,thetwoagentsinvolvedarematched

atrandom.

Thisfirstassumptionisratherfunctionalandisusedtomakethemodelsimplewithout

beingtoorestrictive.Indeed,theterm‘agent’hereisintendedtobetakenasabroad

term:itcouldbeeitheraloneresearcherorateamofresearchers,sinceteamscanbe

fairlyconsideredtobehavelikeuniqueentities(see,e.g.,Beaver,2001;Dahlanderand

McFarland,2013).Thesecondassumptionisinlinewithintuition,asitsimplyimplies

thatfortworegions,sayiandj,themoreobservedcollaborationstherearebetweeni

andj,themorelikelyarandomlypickedagentfromiwillhavecollaboratedwithone

fromj.3

Expectednumberofbridgingpaths(ENB). Usingtheinformationcontainedin

theflowsofinter-regionalcollaborations(i.e.,allthegij)alongwiththerandommatching

processassumptionspreviouslydefined,theexpectednumberofbridgingpathsbetween

tworegionsviaanotherone(knownasthebridgingregion)cannowbederived.

Proposition1. Undertherandommatchingprocess,theexpectednumberofbridging

pathsbetweenregionsiandjviathebridgingregionkis:

ENBkij=
gikgjk
nk
. (1.2)

Proof. SeeAppendix1.7.1.

Proposition1relatestotheexpectednumberofbridgingpathsstemmingfroma

specificbridgingregion. However,tworegionscanhavemorethanjustonecommon

3Forinstance,considerthenetworkinFigure1.1:ifoneselectsoneagentrandomlyfromregioni,it
ismorelikelythatshe/hehascollaboratedwithanotheragentfromjthanonefromk(becausethereare
twolinkswiththeformerandonlyonewiththelater).
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neighbour.Thetotalexpectednumberofbridgingpathsbetweentworegionsiandjis

thereforethesumofthebridgingpathsstemmingfromallotherregionstowhichiandj

arebothconnected:

TENBij=
k∈Ni∩Nj

gikgjk
nk

(1.3)

Themeasureofnetworkproximitythatwillbeusedinthisstudyisthetotalexpected

numberofbridgingpaths(TENB).ThelinkbetweentheTENBandthenotionofnetwork

proximityisdiscussedinSubsection1.3.2.4;howeverbeforethat,thenextsubsectionwill

elaborateupontheconsequencesofavariationintherandommatchingassumptionand

showthatthiswouldimplyonlyatrivialvariation.

1.3.2.3 Robustnessoftherandom matchingassumption:thecaseofprefer-

entialattachment

FormallyderivingtheTENBintheprevioussectionrequiredanassumptionofrandom

matching:yetwhatifanotherkindofmechanismhadbeenconsidered,likepreferential

attachment?

Preferentialattachmentisafeatureofsocialnetworksthatwasfirstevidencedand

modelledbyBarabásiandAlbert(1999).Itstatesthat,asthenetworkevolves,thenew

nodesthatenterthenetworktendtolinkthemselvestoalreadywell-connectednodes.In

actuality,thedistributionofthenumberoflinkspernodeinsocialnetworksisusually

veryskewed. Themechanismofpreferentialattachment,asdevelopedinthemodelof

BarabásiandAlbert(1999),yieldsanequilibriumdistributionoflinkssimilartoreal

socialnetworks:apowerlawdistribution.4Asavariationonthepreviouslydefinedran-

dommatchingprocess,Iinvestigatethecaseofamatchingprocessbasedonpreferential

attachment.

Aformofpreferentialattachment. Inthiscase,thematchingisnotdoneatrandom

anymore;insteadsomenodes(researchers)aremorelikelytocreatelinksthanothers.

Formally,thematchingmechanismisdefinedasfollows. Therearenagentsinagiven

regionandtheyareassumedtobesortedaccordingtotheirproductivitylevel,sothat

Agent1hasthehighestproductivitylevelandAgentnthelowest.LettheGreekletter

ι,ι∈{1,...,n},betheirlabel.Theprobabilitythatanewlinkinvolvesagentιisdefined

byι−0.5/ΓwithΓ= n
ι=1ι

−0.5.Forinstance,consideraregionpopulatedby10agents,

theprobabilityofbeingtiedtoanincominglinkis20%forAgent1,14%forAgent2,etc,

and6%forAgent10.Thiscanbecomparedtotherandommatchingprocess,whereby

eachagenthadthesamelikelihoodofbeingconnected:10%.

Thisso-definedmechanismisverysimilartothepreferentialattachmentmechanism,

exceptthattheprobabilityofcreatinganewlinkisexogenousinsteadofbeingdependent

4Thedistributionofthenumberoflinkspernode,i.e.,thedegree,isassumedtofollowapowerlaw
ofparameterγiftheprobabilityofhavingadegreekisequaltof(k)=c×k−γwithcbeingaconstant.
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onthenumberoflinksanagentalreadyhas.Notably,asshowninAppendix1.7.2.1,the

expecteddistributionoftheagents’degreesasaresultofthisprocessfollowsapowerlaw

ofparameterγ=3,asinBarabásiandAlbert(1999).

NowIturntothederivationoftheENBthroughsuchaprocess,andanalysethe

differencebetweenthismeasureandthemeasureobtainedthroughtherandommatching

processinequation(1.2).

Proposition2. Undertherandommatchingwithpreferentialattachment,andforlarge

enoughvaluesofnk,theexpectednumberofbridgingpathsbetweenregionsiandjvia

thebridgingregionkisasfollows:

ENBk,Prefij ENBkij×
log(nk)

4
.

Proof. SeeAppendix1.7.2.2.

Thisresultimpliesthat,evenwhenamorecomplexmatchingmechanismisused,the

resultisverysimilartoProposition1.Indeed,ENBk,Prefij ismerelyaninflationofENBkij.

Certainlytherearesomevariationsaslog(nk)varies,butthelogarithmicformflattens

mostofthese,meaningthatthecorrelationbetweenENBk,Prefij andENBkijisveryhigh.

Thisgoestoshowthatthemeasureisrobusttosuchvariationinitsassumptions.

1.3.2.4 ThelinkbetweentheTENBandthenotionofnetworkproximity

Thissubsectiondiscussesthelinkbetweenthenotionofnetworkproximityandthemeas-

ureusedtoapproximateit:theTENB.Inparticular,twopointsareaddressed:an

aggregationissueandatruncationissue.

Theaggregationissue. InSection2,thebenefitsofnetworkproximitywerediscussed

attheindividuallevel. However,themeasurecreatedtoapproximatethisnotion,the

TENB,isactuallydefinedatthe mesolevel. Howdoourinferencesconcerningthe

benefitsofnetworkproximityholdupwhentheconceptoftheTENBisused,which

considersonlyinter-regionalinformation?

Infact,theinter-regionalnetworkisonlyanaggregatedviewofmicro-economicde-

cisions. Regionsdonotcollaboratewitheachother,onlytheagentswithinthemdo.

Thus,itisconceptuallydifficulttoconsiderregionssimplyasindividualagents(see,e.g.,

ter Wal,2011;BrennerandBroekel,2011).Yetitwouldalsobeinexacttoassumethat

theaggregateflowsofcollaborationdonotconveyanyinformationabouttheirmicro-

structure.

Followingthislineofthought,theTENBhasaparticularmeaningasitisnotsimply

anaggregatemeasurebutrathercanbeinterpretedastheexpectednumberofindirect

tiesatthemicrolevel,undermildassumptions. Themeasureisinterpretedasfollows:
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TENBij>TENBjkmeansthattheagentsfromtheregionsiandjarelikelytobe

closer,withrespecttoindirectconnections,thantheagentsfromtheregionsjandk.

Thus,themeasureactuallyreflectsthelikelihoodofapatternatthemicrolevel,inline

withtheideaofnetworkproximity.Stateddifferently,ahighTENBvaluebetweentwo

regionsislikelytoreflectahighlevelofnetworkproximitybetweentheagentsofthese

tworegions.Consequently,ifthenetworkproximity,asmeasuredbytheTENB,hasany

effectontheinter-regionalflowsofcollaboration,theinterpretationshouldbethatthis

isduetomicro-levelmechanisms.

Thetruncationissue. Byconstruction,themeasureoftheTENBbetweentworegions

isbasedonlyontheindirectcollaborationsbetweenthem,andiscompletelyindependent

fromanydirectcollaboration.Thisimpliesthatthenetworkproximityreflectedbythe

TENBispartial,asitisbasedonatruncatednetwork.Thepurposeofthistruncationis

toavoidareversecausalityissue.

Onecouldarguethatthenetworkproximityoriginatingfromthedirectconnections

betweenagentsfromtworegionsmayalsobeimportantintriggeringnewcollaborations.

Yet,sincetheidentificationofnetworkproximityisbasedonnetworkconnections,direct

collaborationsbetweenthetworegionswoulddirectlyinfluencetheirlevelofnetwork

proximity.Asthequestionisaboutexplainingcollaborations,thiswouldcreateaproblem

ofreversecausality.Inconsequence,usingtheTENBmeansthisproblemisavoidedat

thecostofneglectingapossiblenetworkproximityoriginatingfromdirectlinkages.

1.4 Dataand methodology

Thissectionfirstexplainstheconstructionofthedatasetandallthevariables;Subsec-

tion1.4.3thengoesontopresentthefullmodeltobeestimated,aswellastheestimation

procedure.Finally,somedescriptivestatisticsaregiven.

1.4.1 Data

Tomeasuretheintensityofcollaborationbetweentworegions,Iwillmakeuseofco-

publicationdata.5 Collaborationishereapproximatedbyco-publicationsasinother

studies(e.g.,Hoekmanetal.,2009;Pondsetal.,2007).

Iextractedtheinformationonco-publicationsfromtheThomson-Reuters Webof

Sciencedatabase.Thisdatabasecontainsinformationonthepaperspublishedinthema-

jorityofinternationalscientificjournals,with,foreacharticle,alistofalltheparticipating

authorsalongwiththeirinstitutions.

5Publicationscanbeseenastheresultofsuccessfulcollaborationsandthereforebydefinitiontheydo
notreflectallcollaborationsoccurringwithinagivenperiod.Nonetheless,asDahlanderandMcFarland
(2013,p. 99)putit,inastudythatusedextensivedatafromresearchcollaborationsatStanford
University,‘publishedpapersaffordavisibletrailofresearchcollaboration’.
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Thedatawereextractedforatimeperiodrangingfrom2001to2005,andthegeo-

graphicalscalewasrestrictedtofiveEuropeanUnioncountries(henceforthEU5):Italy,

France,Germany,SpainandtheUnitedKingdom,asinMaggionietal. (2007).In

addition,toavoidtheproblemsthatcanarisewhenmixingseveraldisciplines,dueto

researcherbehaviourandpublishingschemesthatmaydifferbetweenfields,theanalysis

hasbeenrestrictedtoonespecificfield,chemistry,forwhichsomecharacteristicsare

presentedattheendofthissubsection.

Foreachpaper,thisdatabasereportstheauthors’institutionsintheirby-lines. As

thereisanaddressassignedtoeachinstitution,itispossibletogeographicallypinpoint

eachofthem. Thislocalizationwasmainlydoneusingthepostcodesavailableinthe

addresses,whichshouldbeaveryreliabledeterminantoflocation. Morethan85%ofthe

samplecouldbeassignedalocationusingthepostcodes;theremaining15%werelocated

usinganonlinemapservice,basedonthenameofthecityandthecountry.6 Inthe

end,99.6%ofthesamplewaslocated.7Oncelocated,eachinstitutionwasassignedtoa

NUTS2regionwithrespecttotheirlatitude/longitudecoordinates.AcrossalltheEU5

countries,therewere132NUTS2regionsinwhichatleastonepublicationinthefieldof

chemistryhasbeenpublished.

Whilethisstudyconcentratesoninter-regionalcollaborations,abouthalfoftheart-

icles(64,044)wereproducedwithinasingleNUTS2region.Focusingonthedistribution

ofinter-regionalcollaborations,therewere23,356articlesproducedbyinstitutionsloc-

atedexclusivelywithintheEU5.Thearticlesinvolvingatleastonenon-EU5institution

amountedto30%ofthesample(37,770articles),withthecountrycontributingmostto

thesenon-EU5collaborationsbeingtheUnitedStates(with7,602papers).Tocomplete

thepicture,6,859articlesinvolvedatleasttwoEU5institutionsaswellasatleastone

non-EU5institution.Intheremainingofthisstudy,whileallarticlesareincluded,only

thelinkswithintheEU5regionsareretained,meaningthatthelinkstonon-EU5regions

areignored.8

Tosumup,thedatabaseconsistedofallarticlesfromchemistryjournalsofwhichat

leastoneauthorwasaffiliatedtoaninstitutionbasedintheEU5,givingatotalof125,170

publicationsdistributedamong132NUTS2regionsandoverfiveyears.Theanalysiswill

consistofdeterminingthelevelofcollaborationbetweeneachpairofthese132NUTS2

regions.

6TheonlinemapserviceusedwasGoogleMaps©.
7Despiteitssimplicity,theaccuracyofthelocalizationbasedonlyonthenameofthecityandthe

countrywasquitehigh.Indeed,Ilocatedalltheaddressesusingjustthesetwomethods:city/country
andpostcodes. Whencomparingthetwo methods,onecanseethatlessthan1.5%oftheNUTS3
codesdifferedbetweenthetwomethodologies.Thisnumberfallstolessthan0.4%whenconsideringthe
NUTS2codes.
8Thistreatment–thedeletionofnon-EU5links–affectsthenetworkproximityvariable(theTENB).

Theconsequencesofthistreatmentareexaminedlater(inSection1.4.2),wheretheempiricalconstruction
oftheTENBisdescribed.
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Somecharacteristicsofthefieldofchemistry. Inthisstudy,Ifocusonthefield

ofchemistryforseveralreasons.Firstly,Iwanttomodelcollaborationsthroughtheuseof

publicationdata.Forsuchanapproximationtoberobust,thelinkbetweentheoutcome

ofchemistryresearchandpublicationsshouldbehigh.AsDefazioetal.(2009)mention,

‘internationalrefereedjournals[inchemistry]playanimportantroleincommunicating

results’meaningmostofthescientificactivitiesinchemistrythatprovideanykindof

result,includingcollaborations,shouldleaveapapertrail.Thus,scientificarticlesinthis

fieldshouldallowthebulkofcollaborationstobetrackeddown.

AnotherparticularityIwasinterestedinconcernstheproductivityoftheresearchers.

Indeed,aresearcher’sproductionshouldbehighenoughsothatnewpublicationscanbe

explainedbythebehaviourofexistingresearchers,ratherthanbytheactionsofnewly

activeones.Putdifferently,asthefocushereisonmodellingnewflowsofcollaboration

withrespecttopaststatesofthenetwork,thesenewlycreatedlinksshouldemanate

fromexistingresearchers.InthesampleIuse,themediannumberofpublicationsper

researcherisfiveintheperiod2001–2005,whichseemshighenoughtofitthispurpose.9

Authorsaffiliatedtomultipleinstitutionscouldconstituteabiasinthisstudy,as

somepaperscouldbeperceivedasinter-regionalcollaborationswhileactuallyinvolving

onlyoneauthoractiveinseveralregions.Toappraisetheextenttowhichthiscouldbe

anissue,Irandomlyselected100articlesfromthesampleandlooked,byhand,atthe

multi-affiliationstatusofeachauthor.Itappearedthatmulti-affiliationsaresomewhat

rare,asonly12%ofthepapershadamulti-affiliatedauthor.Inaddition,thecasesof

multi-affiliationthatwouldalterthespecificationofthisstudywouldbemulti-affiliations

withintheEU5(wheretheinter-regionalcollaborationsaretobemeasured),andthis

patternisevenmoreunusual,asonly1%ofthepaperswereaffected.

Lastly,mostoftheinter-regionalpapersinvolvedresearchersfromonlytworegions

fromtheEU5countries. AsFigure1.2shows,two-regionspapersaccountfor82%of

thesamplewhilethree-regionspapersrepresentashareof15%.Thispropensityfortwo-

regionscollaborationsinchemistryisinlinewithourrandommatchingprocesshypothesis

thatconsideredmatchesbetweenagentsfromtworegionsonly.

1.4.2 Variables

Yearrangeofthevariables. Astheanalysisiscross-sectional,Ihaveconstructed

theexplanatoryanddependentvariablesseparately,toavoidanysimultaneitybias.The

periodusedtoconstructtheexplanatoryvariablesis2001–2003. Thisthree-yearspan

isusedinordertocollectenoughinformationoncollaborationpatterns. Theperiod

9Inordertoinfersomestatisticsrelatingtothenumberofpublicationsperresearcher,Iconsidered
onlytheresearcherswhohadpublishedanarticlein2001,andthencountedtheirpublicationsinthe
range2001–2005. ToensuretheresearcherswereworkinginEU5institutions,Ionlyselectedtheones
whohadatleastonearticlewhoseinstitutionswereexclusivelywithintheEU5.Finally,theresearchers
wereidentifiedusingtheirsurnamesandtheinitialsoftheirfirstnames.Despitetheroughidentification
oftheresearchers,thismethodologyprovidesaninsightintothequestionofresearchers’productivityin
chemistry.
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Figure1.2–Distributionofthenumberofregions(fromtheEU5countries)perinter-
regionalarticleinchemistry.

2004–2005isthenusedtobuildthedependentvariable.

Dependentvariable. Copubijisdefinedasthenumberofco-publicationsinvolving

authorsfrombothregionsiandj,fromthetimeperiod2004–2005.Severalmethodscould

havebeenusedtobuildthisvariable:mostsignificantlythe‘fullcount’andthe‘fractional

count’methodologies.Theformergivesaunitaryvalueforanydyadparticipatingina

publication,whilethelatterweightseachpublicationbythenumberofparticipants,such

thatthehigherthenumberofparticipants,thelowerthevalueeachdyadreceives(for

instanceiftherearenparticipants,eachdyadreceives1/n).Asinotherstudies(Frenken

etal.,2009b;Hoekmanetal.,2010),Imakeuseofthefullcountmethodology,sinceit

relatestotheideaofparticipationinknowledgeproduction,ratherthannetcontribution

toknowledgeproduction(OST,2010,p.541).10

Networkproximity. Themainexplanatoryvariablecapturestheideaofinter-regional

networkproximity.Networkproximitybetweentworegionsishereapproximatedbythe

TENBdevelopedinSection1.3.2whichrelatestothenumberofindirectconnections

betweenresearchersofdifferentregions.Thisvariableisexpectedtopositivelyinfluence

futurecollaborations.

LetTENBijbetheempiricalcounterpartoftheTENBasdefinedinequation(1.3).

Asthemeasureistransposedfromthetheoreticalmodeltorealdata,twocomments

mustbemade.First,thetheoreticalmodelassumesthateachcollaborationinvolvesonly

twoagents.However,inthedata,somearticlesinvolvemorethantworegionsfromthe

EU5countries. Tosticktothephilosophyofthemodel,Ithereforeuseonlybilateral

10Usingthefractionalcountinsteadofthefullcountmethodologydoesnotaltertheresults. The
resultswithfractionalcountarereportedonTable1.5inappendix.
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co-publications,i.e.,two-regionsarticles,toconstructTENBij.
11 Thisinturnimplies

thatTENBijwillbeindependentfromanydirectcollaborationsbetweenregionsiandj

asitthendependsonlyonthestructureoftheirindirectbilateralcollaborations.Second,

themodelusesthenumberofagentsineachregion,yetthisinformationisnotdirectly

availableinthedata.12 Asanalternative,Ichosethetotalnumberofpublicationsof

agivenregionasawayofapproximatingitsnumberofresearchers.Indeed,according

tothelawoflargenumbersandforlargeenoughregions,thesetwovaluesshouldbe

proportional. Thus,inthecasewherethenumberofresearchersisproportionaltothe

numberofpublications,wewouldhaveResearchersk=a×total_publicationskforeach

regionk,withabeingthecoefficientofproportionality.Thisapproximationcircumvents

theproblemofresearchers’identificationandwillstillyieldareliablemeasureforthe

TENB,asitshouldonlybeproportionaltothetheoreticalvalue.

Finally,theempiricalvariablecanbedefined. Letbilateral_copub2001−2003ij bethe

numberofbilateralpublications(i.e.,articlesinvolvingagentsfromonlytwoEU5re-

gions)betweenregionsiandj,publishedbetween2001and2003. Inaddition,let

total_publication2001−2003k bethetotalnumberofarticlesproducedbyresearchersin

regionk. Moreprecisely,itcanbedefinedasthenumberofarticlespublishedbetween

2001and2003thathaveatleastoneauthorwhoisaffiliatedtoaninstitutioninregion

k.TheempiricalTENBcanthenbedefinedasfollows:

TENBij=
k∈Ni∩Nj

bilateral_copub2001−2003ik ×bilateral_copub2001−2003jk

total_publications2001−2003k

. (1.4)

Becauseoftheempiricalspecification,thisvariableisbestinterpretedasameasureof

theintensityofnetworkproximity,ratherthananexactmeasureofthenumberofbridging

paths.Itisworthnotingthattheapproximationofthenumberofresearcherswiththe

regionalmasshasnoeffectontheinterpretationofthevariable. Thisisbecausethe

interpretationofthecoefficientsassociatedwiththevariableTENBijintheeconometric

analysisisdoneintermsofelasticity,meaningthatitisunaffectedbya(thecoefficient

ofproportionality).

Furthermore,anotheradvantageoftheTENBisthatitsvariationcaneasilybein-

terpreted.Takingthecaseoftworegions,iandj,fromequation(1.4),wecanseethat

anincreaseof1%inthenumberofcollaborationsbetweentworegionsandtheircommon

neighboursleadstoanincreaseof2%intheTENBmeasure.13Conversely,anincrease

11RememberthatthelinkswithregionsthatarenotwithintheEU5areignored. Here,bilateral
collaborationmeansarticlesinvolvinginstitutionsfromtwo–andonlytwo–NUTS2regionsoftheEU5
(regardlessofwhethertherewerealsoinstitutionsfromnon-EU5countriesinvolvedinthearticle).
12Theinformationprovidedby WebofSciencedoesnotallowtheretrievaloftheaffiliationofresearch-
ers.Althougheacharticlerecorddoescontainalltheinstitutionsandresearcherswhoparticipatedinit,
researchersandinstitutionsarenotmatched.Therefore,whenevertwoormoreinstitutionsappearinan
article,itisnotpossibletoidentifytowhichinstitutioneachresearcherbelongs.
13Thisfootnoteshowshowtoderivethisresult. UsingthenotationsfromSection1.3.2.1,letgij
representthecollaborationsbetweenregionsiandj(asthevariablebilateral_copubij),andletnkbe
thenumberofresearchersinregionk(asthevariabletotal_publicationsk).TheTENBbetweenregionsi
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of1%intheTENBcanthenbeseenastheoutcomeofa0.5%increaseincollaborations

withcommonneighbours.

Finally,awordonthescopeofthemeasure:theTENBisconstructedusinginforma-

tionrestrictedtointra-EU5collaborationsandnotaccountingfornon-EU5collaborations

impliesadownwardbiasonthemeasure.TheTENBreflectstheextenttowhichresearch-

ersfromtworegionssharecommoncollaboratorsinanotherregion. Thus,bydeleting

non-EU5links,potentialcommoncollaboratorsfromnon-EU5regionsarenottakeninto

account:thisinturnmayleadtoapossibleunderestimationoftheTENBforsomepairs

ofregions.Soitshouldberememberedthattheinter-regionalnetworkproximitymeas-

uredinthisstudyissomewhatpartial,asitstemsonlyfrominter-regionalcollaborations

occurringwithintheEU5countries.14

Othercovariates. ThevariableGeoDistijwascreatedtocapturetheimpedingeffectof

geographicaldistance.Itisequaltothe‘asthecrowflies’distancebetweenthegeographic

centres(centroids)oftheregions,inkilometres. ThevariableCountryBorderijisa

dummyvariableofvalue‘1’whentheregionsiandjarefromdifferentcountriesand‘0’

otherwise.Tofurthertakeintoaccountthenotionofgeographicalproximity,avariable

ofregionalcontiguitywascreated. Thisvariableisaimedatcapturingtheeffectsof

geographythatarenotseizedbygeographicaldistancealone.ThevariablenotContigij

isthenofvalue‘1’whentworegionsarenotcontiguousandofvalue‘0’otherwise.

Aswithanyscientificdiscipline,thefieldofchemistryisnothomogeneousandcon-

tainsmanysub-fields.Thus,tworesearchersmayfacedifficultyincollaboratingifthey

arefromregionsspecializingintwodifferentsub-fieldsthatdifferinvariousaspects,such

asinmethodologyorresearchquestion.(Forinstance,someregionsmayspecializein

analyticalchemistryandothersinphysicalchemistry.)Suchdifferencesinsub-fieldspe-

cializationcanimplysignificantdifferencesintermsofcollaborativepatternsbetween

regionalpairs. Consequently,themodelincludesacognitivedistancevariable,which

referstothedistanceintermsof‘knowledgebaseandexpertise’(Boschma,2005,p.63)

betweenthetworegions.Thisvariableisintendedtoaccountforthedistancebetween

theresearchportfoliosofeachpairofregions. Thesub-fieldsareidentifiedbythe75

keywordsappearinginthechemistryarticlesofthesample.15Letsikbetheshareofart-

iclesproducedbyregionicontainingthekeywordk,sothatthevectorsi=(si,1,...,si,75)

characterizesregioni’sresearchportfolio.16 Thecognitivedistancevariableisdefined

andjisthendefinedasTENBij= k∈Ni∩Nj
gik×gjk/nk.Nowassumethatthereis,ceterisparibus,a

1%increaseinallcollaborationsbetweenregionsiandjandalltheircommonneighbours,sothatgnewik =
1.01×gikandg

new
jk =1.01×gjkforanycommonneighbourk.Thus,thenewTENBbetweenregionsi

andjisTENBnewij = k∈Ni∩Nj
gnewik ×g

new
jk /nk = k∈Ni∩Nj

((1.01×gik)×(1.01×gik)/nk) 1.02×

k∈Ni∩Nj
gik×gjk/nk =1.02×TENBij.

14Theextentofthiseffectislimitedbythefactthatthebulkofinter-regionalcollaborationsoccur
internallytotheEU5.
15Alistofallkeywords,alongwiththeirfrequency,isgiveninAppendix1.7.5.
16Notethat,asseveralkeywordscanappearinonesinglearticle,thesumoftheshares, ksik,may
begreaterthan1.
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as:CogDistij=1−cor(si,sj),wherecor(si,sj)isthecorrelationbetweentheresearch

portfoliosofregionsiandj. Thiscognitivedistancemeasureisbuiltsimilarlytothe

technologicaldistanceemployedinJaffe(1986).

Finally,collaborationsbetweenresearchersfromtopregions maydisplaydifferent

collaborativepatternsfromtherestofthesample. Presumably,theymaydisplaya

higherlikelihoodofcollaboration(Hoekmanetal.,2009). Tocontrolforthis,thein-

dicatorvariableTopRegionsijisincludedandtakesvalue‘1’whenbothregionsiand

jarefromthetop20regionsintermsofpublication(i.e.,withrespecttothevariable

total_publications2001−2003i ).

Theimportanceofregionaldummies. Inthegravitymodel,regionalmasses

areoneessentialfactordeterminingtheflowsofinter-regionalinteraction.However,the

typesofregionalmassaffectingthelevelofinter-regionalcollaborationcanbenumerous.

Themostobviousoneisregionalsize,asintrademodels,heremeasuredintermsof

thenumberofpublications. Atthesametime,relevantmassescouldalsoincludethe

numberofacademic‘stars’intheregion,thenumberofgraduatestudentsinchemistry,

thequalityofresearchfacilities,etc.Itisdifficulttocontrolforalltherelevantregional

massesbecauseoftheirgreatvarietyandthelimitedavailabilityofsomeofthedata.

Notproperlycontrollingforthemcouldleadtothemodelbeingmisspecifiedassuffering

fromanomittedvariableproblem. Oneconvenientwaytocopewiththisproblemisto

includeregionaldummies:thesedummieswouldcontrolforanycharacteristicspecificto

theregionaffectingthedependantvariable. Consequently,themodelincludesregional

dummieswhichareabletoencompassanykindofregionalmass.

1.4.3 Modelandestimationprocedure

AsthedependentvariableCopubijisacountvariable,anaturalwaytoestimateequa-

tion(1.5)wouldbeviaaPoissonregressionasinotherrecentstudies(e.g.,Agrawal

etal.,2014;Belderbosetal.,2014).InthePoissonregression,thedependentvariable

isassumedtofollowaPoissonlawwhosemeanisdeterminedbytheexplanatoryvari-

ables.Aninterestingfeatureofthisestimationisthattheconditionalvarianceisequal

totheconditionalmean. Hence,greaterdispersionisallowedastheconditionalmean

increases,thushamperingpotentialproblemsofheteroskedasticity. Furthermore,San-

tosSilvaandTenreyro(2006)haveshownthatPoissonregressionperformsbetterthan

otherestimationtechniques,suchasthelog-logOLSregression.Inparticular,theyshow

usingsimulations,thattheestimatesobtainedinPoissonregressionssufferfromlessbias

thanthoseobtainedusingothermethods.

Thestructureofthedataset,likethatoftrademodels,isdyadic.Thismeansthatthe

statisticalunit,i.e.,theregions,arebothontheleftsideandontherightside,i.e.,canbe

eithertheoriginorthedestinationoftheflow. Whenitcomestoproperlyestimatingthe

standarderrorsoftheestimators,thisdyadicstructureisproblematic.Indeed,inmost
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econometricmodels,notcontrollingforthestructureofcorrelationcanleadtoerroneous

standarderrorsthatoverstatetheprecisionoftheestimators(CameronandMiller,2015).

AsCameronetal.(2011)demonstrate,bymeansofaMonteCarlostudy,using White’s

heteroskedasticity-robustcovariancematrixmaybeunreliable,asitcanleadtostandard

errorsseveraltimeslowerthantheproperlyclusteredones.Therefore,inthiseconometric

analysis,thestandarderrorswillbetwo-wayclustered,withrespecttothenaturalclusters

ofthisdataset:theregionsoforiginandtheregionsofdestination.

Basedonthegravitymodelandonthepreviouslydefinedvariables,themodelIwill

estimatehasthefollowingform:

E(Copubij|Xij) = di×dj×(TENBij+0.01)
α1×GeoDistα2ij (1.5)

×exp(α3notContigij+α4CountryBorderij+α5CogDistij+α6TopRegionsij),

whereXijrepresentsthesetofallexplanatoryvariables,whiledianddjaretheregional

dummiesofregionsiandj.Notethat0.01isaddedtothevariableTENBijasitsvalue

maybeequalto0.17Furthermore,unlikemostgravitymodels,themassesdonotappear

astheyarespecifictoeachregionandthereforeabsorbedbytheregionaldummies.

1.4.4 Descriptivestatistics

Thedatasetiscomposedofallthebilateralrelationsbetweenthe132NUTS2regions,

whichamountsto17,292(=132×131)observationsorregionalpairs. Table1.1shows

somedescriptivestatisticsonthedatasetandthemainconstructs. Lookingatthe

numberofcollaborations,onecanseethatthedistributionisuneven,withacoefficient

ofvariationof3.2.Figure1.3depictsthedistributionofthecollaborationsandconfirms

theskewnessofthisvariable.Themaximumof229isbetweentheregionsÎledeFrance

andRhône-Alpes. TheTENB,definedbyequation(1.4),isalsounevenlydistributed,

butlesssothanthenumberofco-publications,withacoefficientofvariationof2.3.Its

maximumvalue,28.4,isalsoobtainedbetweentheFrenchregionsofÎle-de-Franceand

Rhône-Alpes. Whenconsideringinternationaldyadsonly,themaximumisforCataluña

andÎle-de-France,withanexpectednumberofbridgingpathsof11.5.Table1.2shows

thecorrelationsamongtheexplanatoryvariables.Thehighestcorrelationisbetweenthe

geographicaldistanceandnationalbordervariables.

1.5 Results

TheresultsarereportedinTable1.3.First,Iwillfocusonmodel(1),thegravitymodel

whichincludesallvariablesbutthatofnetworkproximity.Consistentwiththeprevious

literature(e.g.,Hoekmanetal.,2009,2010;ScherngellandBarber,2009),geography

17Alowvalue,0.01,isaddedtoallowtheinterpretationintermsofelasticitytohold(asinFleming
etal.,2007).Addingothervaluesimplynoqualitativechangeintheresults.
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Table1.1–Descriptivestatisticsofthemainvariables.

Min Median 75thpercentile Max Mean SD
Co-publications 0 0 1 229 2.21 7.01
TotalPublications 1 521.0 909.2 5560 713.35 751.4
TENB 0 0.13 0.45 28.42 0.49 1.13
GeographicalDistance 1.09 868.1 1213.3 2595.5 894.4 476.9
Non-Contiguity 0 1 1 1 0.97 0.18
DifferentCountry 0 1 1 1 0.78 0.41
CognitiveDistance 0.01 0.16 0.29 1.06 0.23 0.20
Top20Regions 0 0 0 1 0.02 0.15

Notes:Co-publicationsarebasedontheperiod2004–2005whileallothervariablesarecomputedusing
theperiod2001–2003.

Table1.2–Correlationmatrixofthecovariates.

1 2 3 4 5 6

1 TENB(ln) 1.00

2 GeographicalDistance(ln) -0.33* 1.00

3 Non-Contiguity -0.15* 0.49* 1.00

4 DifferentCountry -0.39* 0.73* 0.32* 1.00

5 CognitiveDistance -0.59* 0.07* 0.04* 0.05* 1.00

6 Top20Regions 0.26* -0.00 0.00 0.02 -0.11* 1.00
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Figure1.3– DistributionofEU5inter-regionalcollaborationsinchemistryfortheperiod
2004-2005.
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greatlyaffectscollaboration.Themostimpedingeffectisthenationalbordereffect.All

elsebeingequal,iftworegionsarefromdifferentcountries,theircollaborationflowswill

sufferadecreaseof83%(1−exp(−1.801)). Althoughtheeffectofnationalbordersis

verystrong,theorderofmagnitudeisinlinewithotherestimatesintheliterature(e.g.,

Maggionietal.,2007;Hoekmanetal.,2009).Geographicaldistanceisalsoahindrance

tocollaboration: withanelasticityof−0.35,theestimatesshowthatincreasingthe

distancebetweentworegionsby1%decreasestheirlevelofcollaborationby0.35%.Seen

withalargervariation,whenthegeographicdistancedoubles,collaborationdecreases

by22%(1−2−0.35). Turningtothecontiguityeffect,aswithotherdistances,ithas

anon-negligibleeffectoncollaborations:beingnon-contiguousratherthancontiguous

reducestheexpectednumberofcollaborationsby17%. Thecognitivedistanceexerts

asignificantnegativeeffectwithanestimatedelasticityof−1%,meaningregionswith

differentresearchportfolioswillbelesslikelytocollaborate. Finally,contrarytothe

resultsonco-publishinginthestudyofHoekmanetal.(2009),researchersbelongingto

thetop20regionsdonotengageinmorecollaborations. Thismaybeduetothefact

thatthismodeltakesbetteraccountoftheregionalmasses,thankstotheuseofregional

dummies.

NowIwillturntotheanalysisoftheresultsprovidedbymodels(2)to(4),where

thevariableTENB(approximatingnetworkproximity)isintroduced,alongwithitsin-

teractionwithgeographicaldistance.Inmodel(2),onlytheTENBisintroducedinthe

regression.Itsestimatedcoefficientis0.244,positiveandsignificant,meaninga10%in-

creaseintheTENBwouldimplya2.4%increaseincollaboration.18Thisresultshows

thatnetworkproximitydoesseemtoinfluencenetworkformationingeneral. However,

thispositiveeffectmaynotbehomogeneousandcouldbemediatedbygeography.

Totestwhethernetworkproximityinteractswithgeography,theinteractionwiththe

geographicaldistanceisintroducedinmodels(3)and(4),respectivelyinasimpleand

aquadraticform.Inthesemodels,theelasticityoftheTENBdependsonthedistance

separatingtheregions. Theresultsofmodel(3)depictsignificantestimatesforboth

networkproximityanditsinteractionwithgeographicaldistance,withapositivesignfor

theinteraction. Model(4)showsthatthecoefficientoftheinteractionwiththesquared

logarithmofthedistanceisnegative. Theseestimateswouldseemtoimplythatthe

effectofnetworkproximityincreaseswithdistance,andpossiblydecreasesafteracertain

threshold. However,thosecoefficientscannotbestraightforwardlyinterpretedbecause

theydonotrepresentthetotaleffectoftheinteraction(seeBramboretal.,2006).The

interpretationishelpedbyFigure1.4,whichrepresentstheestimatedelasticityofnetwork

proximitywithrespecttothedistance,alongwithits95%confidenceinterval. While

networkproximitycanhaveanegativeimpactonco-publicationsforregionslocatedclose

toeachother,itsbenefitsgrowwithdistance,favouringthemostdistantregions.Asthe

figureshows,despiteanegativecoefficientforthequadraticterm,theelasticityofthe

18FromSection1.4.2,a10%increaseintheTENBbetweentworegionscanbeimpliedbya5%increase
incollaborationflowsbetweenthesetworegionsandtheircommonneighbours.
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Figure1.4–Graphoftheinteractionbetweennetworkproximityandgeographicaldistance.
Notes: ThegraphrepresentstheestimatedelasticityoftheTENBonco-publicationswithrespectto
geographicaldistance(solidline)alongwithits95%confidenceinterval(dashedlines). Thisgraphis
basedontheestimatesfrommodel(4)ofTable1.3.

TENBstrictlyincreasesfordistancesintherangeofthoseinthesample.Theestimates

indicatethattheeffectisevennegativeforregionslocatedatdistancesofbelow110km,

whiletheelasticityoftheTENBispositiveforregionsfurtherapart.Forinstance,the

effectstartstobesignificantlypositiveatthe5%levelforregionsatadistanceof233

km.Forregionsseparatedbythemediandistance,900km,theelasticityis0.24,meaning

thata10%increaseintheTENBwouldleadtoanincreaseinco-publicationsof2.4%.

Thisresultisinlinewiththehypothesisofsubstitutabilitybetweennetworkproximity

andgeographicalproximity.

Asgeographicaldistancepersedoesnotseizeallcharacteristicsinducedbygeography,

IwillnowdecomposetheeffectsoftheTENBwithrespecttothenationalborderdummy

andthecontiguitydummy.Thefirstdummycaptureswhetherregionslocatedindifferent

countriesbenefitmorefromnetworkproximity,alongwiththesubstitutionhypothesis.

Inaddition,inthecaseofsubstitution,theeffectofnetworkproximityshouldbegreater

fornon-contiguousregions.TheresultsoftheseregressionsarereportedinTable1.4.

Model(5)considersthesoledecompositionwithrespecttonationalborders:itshows

thatnetworkproximityinfluencesinternationalcollaborationswithanelasticityof0.23

(significantatthe0.001level),butdoesnotseemtoinfluencenationalonesasthecoeffi-

cientisnotstatisticallysignificant.Addingtheinteractionwithcontiguityyieldsamore

completepictureoftheinteractions,particularlyattheintra-nationallevel. Model(6)

revealsthattheeffectofnetworkproximityoncollaborationsstrictlyincreaseswiththe

lossofotherformsofproximity:allelsebeingequal,theelasticityoftheTENBishigher

whentworegionsarefromdifferentcountriesinsteadoffromthesamecountry,andwhen
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Table1.4–ResultsofthePoissonregressioninwhichtheTENBisinteractedwithnational
bordersandcontiguity.

Model: (5) (6)

Dependentvariable: Co-publications Co-publications

TENB(ln)∗1{SameCountry} 0.0731

(0.0488)

TENB(ln)∗1{DifferentCountries} 0.239∗∗∗

(0.0413)

TENB(ln)∗1{SameCountry}∗1{Contiguous} -0.0749

(0.0532)

TENB(ln)∗1{SameCountry}∗1{NotContiguous} 0.1315∗∗∗

(0.0443)

TENB(ln)∗1{DifferentCountries}∗1{Contiguous} 0.0456

(0.1412)

TENB(ln)∗1{DifferentCountries}∗1{NotContiguous} 0.2504∗∗∗

(0.0417)

GeographicalDistance(ln) -0.3191∗∗∗ -0.3035∗∗∗

(0.029) (0.0285)

1{NotContiguous} -0.2115∗∗∗ -0.4193∗∗∗

(0.0461) (0.049)

1{DifferentCountries} -1.6324∗∗∗ -1.5885∗∗∗

(0.0905) (0.0889)

CognitiveDistance -1.089∗∗∗ -1.0124∗∗∗

(0.2389) (0.2394)

Top20Regions 0.0465 0.0369

(0.0448) (0.0347)

Regionaldummies(Origin&Destination) yes yes

NumberofObservations 17292 17292

Adj-Pseudo-R2 0.71438 0.71581

BIC 45447.917 45246.692

Notes:Thedependentvariableisthenumberofco-publicationsbetweenpairsofNUTS2regionsforthe
period2004-2005.Theexplanatoryvariablesarebuilton2001-2003.Thefunction1{.}istheindicator
functionandisusedtorepresentthevariablesnotContigandCountryBorderdefinedinSection1.4.2.
ThevariableTENBapproximatesnetworkproximityandisdefinedasameasureofthestrengthofindirect
connectionsbetweenregions(seeSection1.3.2). Two-wayclusteredstandarderrorsinparenthesis(see
e.g.Cameronetal.,2011).Levelofstatisticalsignificance:∗10%,∗∗5%,∗∗∗1%.
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Figure1.5–Graphofthelinkbetweennetworkproximityandgeography-inducedproximity.
Notes:ThegraphreportstheelasticityoftheTENBonco-publicationswithrespecttodifferentdegrees
ofgeography-inducedproximity. Boththeestimatesoftheelasticities,aswellastheir95%confidence
intervals,arerepresented.Thisgraphisbasedontheestimatesfrommodel(6)ofTable1.4.Thelinear
fitoftheestimatesrepresentedbythedashedline,depictinganincreaseoftheelasticitywiththelossof
proximity,isonlyforvisualpurpose.

theyarenon-contiguousinsteadofcontiguous.19 Figure1.5representstheseestimates

withtheir95%confidenceintervals. Forthemostfavourablecase–thatis,whentwo

regionsarefromthesamecountryandarecontiguous–theestimatedelasticityisnegative

(−0.07)butnotstatisticallydifferentfrom0. Whenthetworegionslosethebenefitsof

contiguity,theelasticityoftheTENBbecomespositive,risingto0.13,whilebecoming

significantatthe1%level.Forcontiguousregionsfromdifferentcountriestheestimated

coefficientislow,0.04,withalargestandarderror.However,thepoorprecisionofthis

estimatorispossiblyduetotheverysmallnumberofregionalpairsinthiscategory(only

30).Finally,inthecaseofleastgeographically-inducedproximity,namelywhentwore-

gionsarefromdifferentcountriesandarenotcontiguouseither,thebenefitsinducedby

networkproximityarethehighest,withanestimatedelasticityof0.25. Theseresults

confirmHypothesis2.b,predictingsubstitutability.

Hence,themainconclusionsthatcanbedrawnfromtheresultsaretwofold.First,

theestimatesshowthatnetworkproximitydoesnothaveanoverallhomogeneouseffect,

butratheractsasasubstitutetogeographicproximity:theeffectofnetworkproximity

becomesstrongerwithdistance,whetherthisbepuregeographicdistanceoranotherform

ofgeographicaldistance(namelynationalbordersandnon-contiguity).Thisfactvalidates

Hypothesis2.b,predictingsubstitutability.Second,fortheregionalpairsthatbenefit

mostfromtheformsofproximityinducedbygeography,theeffectisnon-significant:

19Allcoefficientsofmodel(6)aresignificantlydifferentfromeachotherwithrespecttothet-test.
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networkproximityisnotalwaysbeneficial,soHypothesis1isonlypartiallyvalidated.

Finally,theTENBusedhereisameasureofnetworkproximitythatisratherconservative,

asitneglectsdirectlinkagesandisbasedonlyonintra-EU5collaborations:consequently,

theeffectsfoundinthischapterregardingnetworkproximityarelikelytobealower

bound.

1.6 Conclusion

Thischapterhasinvestigatedtheroleofnetworksintheformationofinter-regionalre-

searchcollaborations,aswellasitsinterplaywithgeography.Tothisend,anewmeasure

ofnetworkproximitywasintroducedandanempiricalstudywascarriedoutusinga

gravityframework.

Thefirststepwastocreateameasureofnetworkproximityattheinter-regionallevel.

Suchameasure,referredtoastheTENB,wasproposedinSection1.3.2.Thismeasure

fitsthegravityframeworkwellasitisindependentfromdirectlinkage(preventingany

endogeneityissue),andisdefinedforeachdyadofregions.Furthermore,thestrengthof

thismeasureisthatitcanbeinterpreted,undermildconditions,astheexpectednumber

ofbridgingpathsbetweentworegions(abridgingpathbeinganinter-regionalindirect

connectionatthemicrolevel).

Next,Iempiricallyassessedtheinfluenceofnetworkproximityonnetworkformation

usingdataonco-publicationsfrom132NUTS2regionsinthefieldofchemistry. To

thatpurpose,theTENBvariablewasembeddedwithinagravitymodelestimatedusing

Poissonregressions.Consistentwiththeexistingliterature,Ifoundasignificant,negative

effectofseparationvariables,suchasgeographicaldistanceandnationalborders. The

cognitivedistancewasalsofoundtohaveasignificanthamperingeffectoncollaboration.

Notably,aclearsubstitutabilitypatternwithgeographywasrevealed:thestrengthof

networkproximityriseswhenthebenefitsinducedbygeographicproximitywane.This

suggeststhatnetworkproximityalleviatestheimpedingeffectsofdistance.Inpartic-

ular,thisresultunderscorestheimportanceofnetwork-relatedeffectsininternational

collaborations. Thisfactbearsgreatsignificanceinthecontextofpolicymaking.In-

deed,animportantcharacteristicoflong-distancecollaborations,suchasinternational

ones,isthattheyprovideahigherqualityofresearchproduction(see,e.g.,Narinetal.,

1991;Adamsetal.,2005;Adams,2013).Fromthisviewpoint,theEUpoliciesaimingat

fosteringinternationalcollaborationscouldhaveasustainedpositiveeffectonknowledge

productionandeasefutureknowledgeflows.Asnewinternationalconnectionsarise,the

networkproximityofregionslocatedindifferentcountriesincreases.20Thisinturnmay

triggernewinternationalcollaborationsasaresultofnetworkeffects,implyingthatmore

20Considertworegionsindifferentcountries:iandj.Ifthesetwoweretohaveanewcollaboration,
newindirectconnections(measuredwiththeTENB)wouldconsequentlyarisebetweeniandallregions
connectedtojfromj’scountry,andviceversa.Thus,newinternationalcollaborationsdoindeedincrease
thenetworkproximitybetweenregionsinthetwocountries.
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distant/moreyieldingcollaborationsaremorelikelytobeestablished.

Thisstudyhasfocusedonthescientificfieldofchemistryandhasbeengeographically

circumscribedtotheEU5,twoelementsthatlimititsscope. Thus,naturalextensions

includetheapplicationtootherfieldsofscience,toassesswhethertheydisplaythesame

patternofsubstitutabilitybetweengeographyandthenetwork.Extensionstoothergeo-

graphicalareascouldalsobevaluable.Inparticular,acomparisonwithUSdatamaybe

worthwhiletobetterunderstandtheinterplaybetweennetworkproximityandgeograph-

icaldistance:asthereshouldbenocountry-bordereffectforintra-UScollaborations,do

distanceandnetworkproximitystillinteractthere?Itmightalsobeinterestingtotest

whetherthenetwork-creationforceofindirectconnectionshasevolvedovertime. This

dynamicanalysiscouldshedsomelightonthequestionofwhethertheimprovementof

communicationtechniqueshasenforcedthe‘networkproximity’channelforthecreation

ofnewlinks.

1.7 Appendix

1.7.1 Proofofproposition1

LetLaikrepresentthea
thlink,a∈{1,...,gik},betweenagentsfromregionsiandk,

andLbjktobetheb
thlink,b∈ 1,...,gjk,betweenagentsfromregionsjandk. By

definition,thepairoflinks(Laik,L
b
jk)formsabridgingpathifandonlyiftheyareboth

connectedtothesameagentinregionk(asdepictedbyfigure1.1).LettheGreekletter

ι,ι∈{1,...,nk},designateagentιfromregionk. Hence,fromtherandommatching

process,weknowthattheprobabilitythatagentιisconnectedtoanyincominglinkis

pι=1/nk.Thus,theprobabilitythatagentιisconnectedtobothlinksL
a
ikandL

b
jkis

p2ι=1/n
2
k.Therefore,thepair(L

a
ik,L

b
jk)isabridgingpathwithprobabilityp=

nk
ι=1p

2
ι=

1/nk(summingoveralltheagentsofregionk,becauseeachagentcanbeconnectedto

bothlinks).LetXabbethebinaryrandomvariablerelatingtheeventthatthepairof

links(Laik,L
b
jk)isabridgingpath. Thisrandomvariablehasvalue1withprobability

pand0otherwise,sothatitsmeanisE(Xab)=p. Therandomvariablegivingthe

numberofbridgingpathsbetweenregionsiandjviaregionkisthenthesumofall

variablesXab,aandbrangingover{1,...,gik}and 1,...,gjk,thatisrangingoverall

possiblebridgingpaths.ItfollowsthattheexpectednumberofbridgingpathsisENBkij=

E( gik
a=1

gjk
b=1Xab). Fromthepropertyofthemeanoperator,itcanberewrittenas:

ENBkij=
gik
a=1

gjk
b=1E(Xab)=

gik
a=1

gjk
b=1p=

gik
a=1

gjk
b=1(1/nk)=(gikgjk)/nk.

1.7.2 Preferentialattachment

InthissectionIconsiderthematchingmechanismdescribedinsection1.3.2.3. Thisis

asimplematchingmechanismwheretheprobabilitythatagentsgetanewlinkisbased

ontheirproductivitylevelthatisexogenous.Consideraregionwithnagents,allsorted
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withrespecttotheirproductivitylevel,thentheprobabilitythatagentιconnectstoan

incominglinkispι=ι
−0.5/ΓwithΓ= n

ι=1ι
−0.5.Inthisappendix,Iinvestigate:1)the

distributionoftheexpecteddegreeofeachagentand2)thederivationoftheexpected

numberofbridgingpathsbasedonthismatchingmechanism.

Ofcoursethefollowinganalysiscanbeextendedtothecasewheretheprobabilityof

connectionismoregenerallydefinedas:ι−α/Γ(α)withΓ(α)= n
ι=1ι

−α.Ifocusonthe

caseα=0.5astheexpecteddegreedistributioncorrespondstoapowerlawofparameter

γ=3asinBarabásiandAlbert(1999),whichisproveninnextsection.

1.7.2.1 Theexpecteddistributionofthematchingmechanismfollowsapower

law

Inordertounderstandwhatlawfollowstheexpecteddistributionoflinksalongthis

matchingmechanism,Iwillderivethecumulativedistributionfunction.Saythatthereare

Lincominglinks,thentheexpecteddegreeofanyagentissimplyitsprobabilitytogeta

linktimesthenumberoflinksL.Theexpecteddegreeofagentιisthenι−0.5/Γ×L.To

getthecumulativedistributionfunctionoftheexpecteddegree,F(k)=P(x<k),onehas

tocountthenumberofagentswhosedegreeisinferiortok,i.e.# ι|ι−0.5/Γ×L<k.

Asagentsaresortedwithrespecttotheirproductivitylevel,onehassimplytofindout

thelabelιsuchthatι−0.5/Γ×L=k.Indeed,agentshavingadegreeinferiortokshould

respectthefollowingcondition:

ι−0.5/Γ×L < k

ι−0.5 <
kΓ

L

ι >
L

kΓ

2

. (1.6)

Letι(k)=(L/Γ)2k−2,thenthenumberofagentshavingadegreeinferiortokisequalto

n−ι(k)asagentssuchthatι≤ι(k)donotrespecttheinequalitydefinedbyequation(1.6).

Theshareofagentshavingadegreelesserthankisthen:21

F(k) =
1

n
(n−ι(k))

= 1−
1

n

L

Γ

2

k−2. (1.7)

21Moreprecisely,thevalueoftheswingingagentisι(k)=(L/Γ)2k−2 where xisthelargestinteger

notgreaterthanx.Thenumberofagentswithadegreeinferiortokisnotexactlyn−ι(k),rather,as
thisnumbercannotbenegative,itsvalueismax(n−ι(k),0).Nowletk∗besuchthatι(k∗)=n,thenit
followsthatforeachk<k∗thecumulativeisP(x<k|k<k∗)=0.Thecumulativedistributionfunction
definedbyequation(1.7)isdefinedonlyfork≥k∗andis0otherwise.Allthesedetailswereskippedfor
readability.
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Fromthecumulativedistribution,onecanthenderivethedistributionbydifferentiating

withrespecttok,whichyields:

f(k)=
2

n

L

Γ

2

k−3.

Thisresultshowsthatfromasimpleconnectionmechanismbasedonexogenousprobab-

ilities,theexpecteddistributionoflinksfollowsapowerlawofparameterγ=3.

Abitofgeneralization. Inthesameveinaspreviously,ifoneconsidersthatthe

probabilityofconnectionisdefinedbyι−α/Γ(α)withΓ(α)= n
ι=1ι

−αandα>0,the

distributionoftheexpecteddegreeofthenodesisthen:

f(k)=
1

αn

L

Γ(α)

1
α

k−
1+α
α .

Expressingtheprobabilitiesofconnectionwithrespecttothepowerlawparameter,γ=
1+α
α ,yields:ι

− 1
γ−1/Γγ(γ)withΓγ(γ)=

n
ι=1ι

− 1
γ−1;andthedistributionfunctionisthen:

f(k)=
γ−1

n

L

Γγ(γ)

γ−1

k−γ.

Thedistributionofthedegreesfollowsapowerlawofparameterγ.

1.7.2.2 Thederivationoftheexpectednumberofbridgingpathswithpref-

erentialattachment

Thissectionstrivestoderivetheexpectednumberofbridgingpathsbetweenregions

fromthematchingmechanismwithpreferentialattachment.Thederivationoftheresult

isbaseduponavariationoftheproofofproposition1ofsection1.3.2.2.Consideraregion

kwithnkagents. Thenumberoflinksbetweenkandregionsiandjaregikandgjk

respectively.

LetLaikbethea
thlink,a∈{1,...,gik},betweenagentsfromregionsiandk,andL

b
jk

tobethebthlink,b∈ 1,...,gjk,betweenagentsfromregionsjandk.Bydefinition,

thepairoflinks(Laik,L
b
jk)formsabridgingpathifandonlyiftheyarebothconnected

tothesameagentinregionk.LettheGreekletterιdesignatetheagentιfromregionk.

Hence,theprobabilitythatLaikandL
b
jkarebothconnectedtoagentιisp

2
ι= ι

−0.5/Γ
2
.

Thenthepair(Laik,L
b
jk)isabridgingpathwithprobabilityp=

nk
ι=1p

2
ι.LetXabbethe

binaryrandomvariablerelatingwhetherthepair(Laik,L
b
jk)isabridgingpath.Ittakes

value1withprobabilitypandvalue0otherwise,sothatitsmeanisE(Xab)=p. The

randomvariablegivingthenumberofbridgingpathsisthesumofallvariablesXab,a

andbrangingover{1,...,gik}and 1,...,gjk,thatisrangingoverallpossiblebridging

paths.Then,theexpectednumberofbridgingpathsisENBk,Prefij =E( gik
a=1

gjk
b=1Xab).
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Fromthepropertyofthemean,itcanberewrittenas:

ENBk,Prefij =
gik

a=1

gjk

b=1

E(Xab)

= gikgjk×p.

Now,letusrewritep,theprobabilityforapairoflinkstobeabridgingpath:

p =
nk

i=1

p2ι

=
1

Γ2

nk

ι=1

1

ι
.

Further,noticethatΓ= nk
ι=1ι

−0.5 ńk
1 x

−0.5dx=2×(
√
nk−1),andthat

nk
ι=1ι

−1

ńk
1 x

−1dx=log(nk).Thereforepcanberewrittenas:

p
1

4

log(nk)
√
nk−1

2

1

4

log(nk)

nk
,

providingnkissufficientlyhigh.Fromthisitfollowsthattheexpectednumberofbridging

pathswithpreferentialattachmentisapproximatelyequalto:

ENBk,Prefij

gikgjk
nk

×
log(nk)

4

ENBkij×
log(nk)

4
.

whichendstheproofofproposition2.

1.7.3 Estimationwithfractionalcounting

SeeTable1.5.

1.7.4 Listofthe132NUTS2regionsusedinthestatisticalana-

lysis

CODE NAME CODE NAME CODE NAME

DE11 Stuttgart ES24 Aragón ITH2 ProvinciaAutonomadi

Trento

DE12 Karlsruhe ES30 Comunidadde Madrid ITH3 Veneto

DE13 Freiburg ES41 CastillayLeón ITH4 Friuli-VeneziaGiulia

DE14 Tübingen ES42 Castilla-La Mancha ITH5 Emilia-Romagna

DE21 Oberbayern ES43 Extremadura ITI1 Toscana

DE22 Niederbayern ES51 Cataluña ITI2 Umbria

DE23 Oberpfalz ES52 ComunidadValenciana ITI3 Marche
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CODE NAME CODE NAME CODE NAME

DE24 Oberfranken ES53 IllesBalears ITI4 Lazio

DE25 Mittelfranken ES61 Andalucía UKC1 TeesValleyandDurham

DE26 Unterfranken ES62 Regiónde Murcia UKC2 NorthumberlandandTyne

and Wear

DE27 Schwaben FR10 ÎledeFrance UKD1 Cumbria

DE30 Berlin FR21 Champagne-Ardenne UKD3 Greater Manchester

DE40 Brandenburg FR22 Picardie UKD4 Lancashire

DE50 Bremen FR23 Haute-Normandie UKD6 Cheshire

DE60 Hamburg FR24 Centre UKD7 Merseyside

DE71 Darmstadt FR25 Basse-Normandie UKE1 EastYorkshireand

NorthernLincolnshire

DE72 Gießen FR26 Bourgogne UKE2 NorthYorkshire

DE73 Kassel FR30 Nord-Pas-de-Calais UKE3 SouthYorkshire

DE80 Mecklenburg-Vorpommern FR41 Lorraine UKE4 WestYorkshire

DE91 Braunschweig FR42 Alsace UKF1 Derbyshireand

Nottinghamshire

DE92 Hannover FR43 Franche-Comté UKF2 Leicestershire,Rutlandand

Northamptonshire

DE93 Lüneburg FR51 PaysdelaLoire UKF3 Lincolnshire

DE94 Weser-Ems FR52 Bretagne UKG1 Herefordshire,

Worcestershireand

Warwickshire

DEA1 Düsseldorf FR53 Poitou-Charentes UKG2 Shropshireand

Staffordshire

DEA2 Köln FR61 Aquitaine UKG3 West Midlands

DEA3 Münster FR62 Midi-Pyrénées UKH1 EastAnglia

DEA4 Detmold FR63 Limousin UKH2 Bedfordshireand

Hertfordshire

DEA5 Arnsberg FR71 Rhône-Alpes UKH3 Essex

DEB1 Koblenz FR72 Auvergne UKI1 InnerLondon

DEB2 Trier FR81 Languedoc-Roussillon UKI2 OuterLondon

DEB3 Rheinhessen-Pfalz FR82 Provence-Alpes-Côte

d’Azur

UKJ1 Berkshire,Buckinghamshire

andOxfordshire

DEC0 Saarland FR83 Corse UKJ2 Surrey,Eastand West

Sussex

DED2 Dresden ITC1 Piemonte UKJ3 HampshireandIsleof

Wight

DED4 Chemnitz ITC3 Liguria UKJ4 Kent

DED5 Leipzig ITC4 Lombardia UKK1 Gloucestershire, Wiltshire

andBristol/Batharea

DEE0 Sachsen-Anhalt ITF1 Abruzzo UKK2 DorsetandSomerset

DEF0 Schleswig-Holstein ITF2 Molise UKK3 CornwallandIslesofScilly

DEG0 Thüringen ITF3 Campania UKK4 Devon

ES11 Galicia ITF4 Puglia UKL1 West WalesandThe

Valleys

ES12 PrincipadodeAsturias ITF5 Basilicata UKL2 East Wales

ES13 Cantabria ITF6 Calabria UKM2 EasternScotland

ES21 PaísVasco ITG1 Sicilia UKM3 South WesternScotland

ES22 ComunidadForalde

Navarra

ITG2 Sardegna UKM5 NorthEasternScotland

ES23 LaRioja ITH1 ProvinciaAutonomadi

Bolzano/Bozen

UKM6 HighlandsandIslands

1.7.5 Listofthekeywordsusedtoassesscognitiveproximity

Thetableliststhekeywordsappearinginthechemistrypaperspublishedbetween2001

and2003aswellastheirfrequency(exampleofreading:therehasbeen11,114papers

categorizedas‘chemistry,inorganic&nuclear’).
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Keyword Count Keyword Count Keyword Count

Chemistry,Physical 24721 Crystallography 743 ComputerScience,

ArtificialIntelligence

109

Chemistry,Organic 15243 Biophysics 721 Statistics&Probability 109

Chemistry,

Multidisciplinary

15089 PlantSciences 711 Education,Scientific

Disciplines

90

Chemistry,Inorganic&

Nuclear

11114 NuclearScience&

Technology

606 Agronomy 84

Chemistry,Analytical 10892 Thermodynamics 502 Acoustics 68

MaterialsScience,

Multidisciplinary

5889 Toxicology 498 Oceanography 66

Chemistry,Applied 5250 Biotechnology&,Applied

Microbiology

495 MaterialsScience,Ceramics 65

Physics,Atomic, Molecular

&Chemical

5191 Mathematics,

Interdisciplinary

Applications

404 Biology 56

Chemistry, Medicinal 4089 Geosciences,

Multidisciplinary

398 Mathematical&

Computational

56

Physics,Condensed Matter 3957 ComputerScience,

Interdisciplinary

Applications

384 Physics,Nuclear 41

BiochemicalResearch

Methods

3626 Nutrition&Dietetics 289 Dermatology 30

FoodScience&Technology 2833 Archaeology 268 MaterialsScience,

Characterization&Testing

28

Pharmacology&Pharmacy 2650 Engineering,Environmental 236 Immunology 27

Biochemistry& Molecular

Biology

2632 Mineralogy 234 Optics 22

Engineering,Chemical 2591 MaterialsScience,Textiles 222 Oncology 14

Physics,Applied 2007 SoilScience 191 Engineering, Manufacturing 5

Spectroscopy 1530 ComputerScience,

InformationSystems

179 Geochemistry&Geophysics 5

Agriculture,

Multidisciplinary

1493 Integrative&

Complementary Medicine

176 Medicine,Legal 4

Electrochemistry 1389 Art 169 Medicine,Research

Experimental

4

Nanoscience&

Nanotechnology

1107 Radiology,Nuclear

Medicine& Medical

Imaging

155 Engineering,Electrical&

Electronic

2

EnvironmentalSciences 1055 Energy&Fuels 143 Engineering,Petroleum 2

Metallurgy& Metallurgical

Engineering

1017 Physics, Multidisciplinary 143 Genetics&Heredity 2

MaterialsScience,Coatings

&Films

961 MaterialsScience,

Biomaterials

117 MaterialsScience,Paper&

Wood

2

PolymerScience 926 Mechanics 113 Fisheries 1

Instruments&

Instrumentation

770 Automation&Control

Systems

109 Marine&Freshwater

Biology

1
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Chapter2

CentralityofregionsinR&D

networks: Conceptualclarifications

andanew measure†

2.1 Introduction

Todayitiswidelyrecognizedthatexternalknowledgesourceshavebecomeanessential

componentforinnovatingorganisations. Boththeoreticalandempiricalliteratureover

thepastdecadeprovideevidencefortheincreasingimportanceofR&Dnetworksfor

successfulinnovation(see,e.g.,PowellandGrodal,2005;Wuchtyetal.,2007).Uptonow,

moststudieshaveemphasizedthecrucialroleoftheabilitytoadoptexternalknowledge

intheformoflearningcapabilities,suchastechnicalormethodologicalskills,enabling

innovatingorganisationstoapplytheexternallytappedknowledgeintheorganisational

innovationprocess. However,recentlytheimportanceofaparticularrelativenetwork

positioningtoaccessexternalknowledgehasbeenhighlightedandattractedincreasing

attention(see,e.g.,Ahuja,2000;Owen-SmithandPowell,2004).Itisassumedthatnot

onlytheabilitytolearn,butalsoafavourablepositionforamoreefficientaccessto

externalknowledgeiscrucial.

Fromanetworktheoreticalperspective,suchafavourablepositioningisreferredtoas

centralityofnetworkvertices(Borgatti,2005),where–intermsofR&D–thesevertices

representknowledgeproducingactorsinterlinkedviaedgesrepresentingknowledgeflows.

Actorsshowingamorecentralnetworkpositionwillmorelikelybenefitfromnetwork

advantages. Thisargumenthasbeentakenupattheregionallevelinrecentregional

scienceliterature,whereregions–constitutingtheaggregateofitsknowledgeproducing

organisations–aretreatedasrelevantunitsofobservation.Inthiscontext,thenotionof

inter-regionalR&Dcollaborationnetworkshascomeintouse(see,e.g.,Autant-Bernard

etal.,2007b)whereregionsarethenetworknodesrepresentingdistinctpoolsofknow-

ledge,whichareassumedtogetintomotionviatheR&Drelationsbetweentheseregions,

†Thischapterisbasedonapaperco-authoredwithIris WanzenböckandThomasScherngell.
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constitutingtheedgesinthenetwork.Suchanetworkrepresentationhasdevelopedto

ananalyticalvehiclethathasbeenappliedtoinvestigatethegeographyofR&Dnetworks

(Scherngell,2013),inparticularhowknowledgediffusesinamulti-regionalsystem(see,

e.g.,Maggionietal.,2007;Pondsetal.,2010).

GiventhisrecentfocusonregionalR&Dnetworks,networkanalyticmeasureshave

beenincreasinglyappliedattheregionallevelinordertocharacterizetheinter-regional

connectednessandcentralityofaregion,bycapturingalsothestructuralpropertiesofthe

network(see,e.g.,SebestyénandVarga,2013b;Wanzenböcketal.,2015).Forobserving

aregion’scentrality,uptonowthemostcommonanalyticalapproachesfromSocial

NetworkAnalysis(SNA)havebeenutilized,suchasdegreecentralityorbetweenness

centrality(Wanzenböcketal.,2014).However,thesestudiessomehowneglectconceptual

problemsthatarisefornetworksdefinedattheaggregatelevelofregions.Inparticular,

suchproblemsarerelatedwiththelossofinformationregardingthestructureofnetwork

relationsandwiththat,informationontherealchannelsthroughwhichknowledgeflows.

Inthiscontext,thequestionofhowtoadequatelyreflectregionsinweightednetwork

structuressuchasR&Dnetworksbecomeevenmoreimportant.

Asweargueinthischapter,thespecificcharacteristicsofregions–regardedasag-

gregateunits–havetobetakenintoaccountandreflectedinsomewaywhendesigning

analyticalmeasurementapproachesforregionalcentrality.Relevantquestionsinthiscon-

textare(i)howcanweconceivethecentralityofregionsinanetworkthatiscomposed

ofseveralresearchactorsinitsunderlyingstructure,and(ii)whatarethenthemain

buildingblocksthatmightcharacterizethecentralityofregions,inparticularwhenwe

talkaboutR&Dnetworks?

Thisstudyisoneofthefirstthatdealsexplicitlywiththedrawbacksandinsufficiencies

relatedwithconventionalapproachestorepresentnetworksandmeasurecentralityatthe

levelofregions.Againstthisbackground,theobjectiveistoproposeanewmeasurement

approachofregionalcentralitythatisexplicitlydesignedforaggregatednetworksatthe

regionallevel,basedontheconceptofinter-regionalbridgingpaths.Hereabridgingpath

isdefinedasanindirectconnectionbetweentworegionsviaathird‘bridgingregion’.From

asimplerandommatchingprocessthatmodelsthecollaborationsamongthemicro-level

actorsbasedontheinformationprovidedattheaggregatedlevel,wederiveaclosedform

oftheexpectednumberofbridgesbetweentworegionsstemmingfromaspecificbridging

region. Onthisbasisweareabletodefineanewmeasureofregionalcentralitythat

notonlydependsonthenumberoflinksoneregionhas,butalsoonthestructureand

intensityofitscross-regionalcollaborations.

Initsfundamentals,ourmeasureofregionalbridgingcentralitybuildsuponseveral

network-andknowledge-relatedarguments,referringtotheroleofbridgesandtherelev-

anceofbridgingpathbetweennetworkactors,orthegeneralimportanceofdiversified

knowledgesourcingandtechnologicalrecombinations(see,e.g.,KogutandZander,1992;

Fleming,2001;Singh,2005). Moreover,weshowhowsuchameasuredefinedforaggreg-
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atednetworkscanbemeaningfullyrelatedtotheregionaldimension. Wedemonstrate

howourmeasureofbridgingcentralityofaregioncanbeeasilyinterpretedasafunction

of(i)theparticipationintensityofaregionininter-regionalR&Dcollaborations,(ii)the

relativeoutwardorientationintermsofallestablishednetworklinks,and(iii)thediversi-

ficationofthenetwork-partner-regionsandknowledgerelationstothem.Hence,itviews

networkcentralityasamultidimensionalproblem,andintegratesdifferentregion-specific

aspectsoftheregionallinkingstructurethatmightonlytogetherdeterminethevisibility

andimportanceofregionsinR&Dnetworks.

Toillustrateourregionalcentrality measureweusealarge-scaledatasetonthe

Europeanco-patentnetworkintheyear2006attheNUTS2level. Thecomparative

analysiswiththreecommonSNA-basedmeasures(degree,betweennessandeigenvector

centrality)isbasedonbasicstatisticsondistributionandcorrelationsbetweenthefour

centralitymeasuresobservedfortheregionalnetwork. Despitestrikingsimilaritiesin

correlationsanddistributionalaspectsonamoregenerallevel,thein-depthanalysisof

regionalranksrevealsinterestingdifferenceswhichemphasizetheadvantagesofthere-

gionalbridgingcentralitymeasure,inparticularintermsofitsinterpretativepowerfor

region-levelanalyses.

Theremainderofthisstudyisstructuredasfollows:Section2discussesinsomedetail

theconventionalapproachtomeasurethecentralityofregionsinR&Dnetworks.Section

3introducestheconceptofbridgingpaths,constitutingthemainessenceofthemeas-

urementapproachproposedinthisstudy,beforeSection4formallyderivesthebridging

centralitymeasureforregions. Section5shiftsattentiontotheillustrativeexample,

applyingourmeasuretotheEuropeanco-patentnetworkandcomparingresultswith

conventionalmeasures,beforeSection6concludeswithasummaryofthemainresults

andsomeideasforfutureresearch.

2.2 Theconventional measurementapproach

ThenotionofthecentralityofregionsinregionalR&Dnetworkshascomeintouse

justrecently.Itisarguedthattheknowledgecreationabilitywithinaregiondepends

toalargeextentontheabilityoftheregion-specifcactorstoefficientlyaccessregion-

externalknowledge(see,e.g.,Batheltetal.,2004;Graf,2011).Inthisregard,inter-

regionalR&Dnetworksareregardedaseffectivemeans,sincenetworklinkscanrepresent

directchannelstoaspecific(region-external)sourceofknowledgethatactorsotherwise

wouldnothaveaccessto. Againstthisbackground,needhasbeenexpressedtoderive

analyticalapproachestomeasurearegion’scentralityinsuchnetworks,enablingthe

empiricalresearchertocharacterizewhetheraregionhasafavourablepositioninthe

network,whetherittakesaspecific–forinstance‘brokering’–rolefromaglobalnetwork

perspective,orhowaregion’snetworkpositioningchangesovertime.

However,theconceptofnetworkcentralitywasoriginallydefinedattheindividual

52



levelinhumancommunicationnetworksandtheimplicationsofusingthisconceptat

theregionallevelremainunclear. Therefore,thissectionintendstoclarifytheconcept

ofnetworkcentralityasappliedtointer-regionalknowledgenetworks. Westartwith

examiningtheorigin, meaning,andpurposeofnetworkcentrality(Subsection2.2.1),

andthenlayoutthemajorhurdlesfacingitstranspositiontoregionalR&Dnetworks

(Subsection2.2.2).Finally,thetwolastsubsectionsprovidedifferentwaystoadaptwell

knowncentralitymeasurestotheregionalcase,whileatthesametimekeepingfocuson

theirinterpretationintheR&Dcontextandpointingouttheirconceptuallimitations.

2.2.1 Ashortintroductiontothenotionandcontextofcentral-

ity measuresinsocialnetworks

Theinceptionoftheuseoftheconceptofcentralityinsocialnetworkanalysis(SNA)lies

ontheimpetusofBavelas’earlyresearches(Bavelas,1948). Hewasinterestedinlink-

ingtherelationalpositionofindividualswithinworking-groups–namelytheirnetwork-

centrality–totheirperformanceandinfluenceoverthegroup. Manyempiricalstudies

havefollowedtoinvestigateifsuchalinkexistedinthesetypesofnetworks,i.e.,human

communicationnetworks(e.g.,Bavelas,1950;Leavitt,1951;Faucheuxand Moscovici,

1960;Burgess,1969).Theconsequenceofthislineofworkwastounveilthepotentialof

theconceptofnetworkcentralityinSNA.

Astherepresentationofinteractionsinanetwork-formisnotlimitedtohumancom-

municationnetworks,thenotionofcentralitywassoonextendedandappliedtovarious

othertypesofnetworks.Indeed,thisideaofinvestigatingtheinfluenceofstructuralpo-

sitionwithinnetworkswaspromisingandhastriggeredmanystudiesinwhichtheunit

ofanalysistookdifferentforms.Suchstudiesincludetheapplicationofthenotionof

centralityon:inter-personalnetworkswithinorganizations(Beauchamp,1965),citiesin

transportationnetworks(Pitts,1965),thediffusionofinnovationininter-firminformal

communicationnetworks(Czepiel,1974),thespreadofdiseasesininfectionnetworks(Bell

etal.,1999),crimenetworks(Calvó-ArmengolandZenou,2004),etc.

Alongwiththesestudies,asetofcentralitymeasureshasalsoemerged.Indeed,

numerousmeasureshavespawnedeithertorefineexistingmeasuresortoadaptthemto

thenetworksunderscrutiny.Thosecentralitymeasuresinclude:thedegreecentrality,the

betweenness(Freeman,1977),thecloseness(Freeman,1979),theeigenvector(Bonacich,

1972),Katz’sprestige(Katz,1953),Bonacich’smeasureofpower(Bonacich,1987),etc.

Consequently,asawidevarietyofcentralitymeasureshasbeendeveloped,oneshould

expectthattheydifferinthemeaningtheypurportandinthecontextstheycanbe

appliedto.Thesedifferencesareinfacttiedtotheverydefinitionofnetworkcentrality.

Thegoalofacentralitymeasureistoassigntoeachagentofanetworkavaluerelated

toher/hispositionwithinthenetwork. Thevarietyofcentralitymeasuresthencomes

fromthefactthateachfavoursaparticularnetwork-patternoverothersandeachcarries

a‘view’ofwhatbeingcentralshouldbe.Thus,centralitymeasuresarenotneutral:they
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ranktheagentsalongsome–oftenhidden–normativeviewpointwhichshouldsupport

theaimofthestudyitself.Inotherwords,differentnotionsofcentralityimplydifferent

‘competing"theories"ofhowcentralitymayaffectgroupprocess’(Freeman,1979,p.238).

Then,thechoiceofacentrality measureshouldbedictatedbythepurposeitis

aimedtoserve(Borgatti,2005). Thispurposeisbroughtaboutbytheresearcherand

hisresearchstudyandisofcoursehighlycontextdependent.Forinstance,thekindof

centralitymeasureusedinthestudyofinfectionnetworksshouldbedifferentfromtheone

usedininter-firmcooperationnetworks.1Thisveryideaisalso,albeitslightlydifferently,

formulatedbyBonacich(1987,p.1181):

Therearedifferenttypesofcentrality,dependingonthedegreestowhich

localandglobalstructuresshouldbeweightedinaparticularstudyand

whetherthatweightshouldbepositiveornegative.[...] Thereisnopoint

insubsumingallthesesituationsunderonemeasure.

Therefore,thereisnouniqueand‘best’measureofcentrality,no‘onesizefitsall’centrality

measure.Onethenshouldremembertheimplicitchoicesunderlyingcentralitymeasures

andthecontexttowhichtheycanbeapplied.Therefore,wearenowgoingtodiscussthe

particularcontextofregionalR&Dnetworksandquestionwhethercentralitymeasures

canbeappliedtoit.

2.2.2 Cantheconceptofnetwork-centralitybeappliedtoR&D

networks?

Wenowdelineatetwokeyelementsimpedingthestraightforwardapplicationofnetwork-

centralitymeasurestoregionalR&Dnetworks. First,regionsarenotsingleentities.

Indeed,whilebeingatthecentreoftheanalysis,regionsarenotthe‘actors’takingpart

totheactionofthenetwork. Onlytheagentsthatcomposetheregionsareinvolved

inR&Dnetworks(andanykindofinter-regionalnetworkmoregenerally). Centrality

measuresarebestsuitedforsituationswheretheunitofanalysisisalsotheactorofthe

network.Infact,inthecaseofregionalcentrality,thereisastrongdualitybetweenthe

microstrata,wherelietheactorsofthenetwork,andthemesostrata,whereliesthefocus

ofthecentralitymeasure.Indeed,toassimilateregionsas‘actors’wouldimplytoassume

thatallagentswithinthemwouldactasoneandonlyoneentity;itwouldrequiretodo

‘asif’theregionwasasingleagent,likeforinstanceasingleresearcher.Ifthis‘asif’

hypothesismaybereliablewhenstudyingsmallgroupsinwhichinformationisquickly

sharedandwithoutdepreciation,suchasresearchteamsoreven–undersomeconditions

1Inthestudyofspreadingdiseaseininfectionnetworks,thenotionofeigenvectorcentralitycatches
besttheideathatthecentralagent,ifinfected,wouldspreadthefastestthediseaseacrossthenetwork
(Borgatti,1995). Whenstudyingflowsofinformationininter-firmcommunicationnetworks,thecloseness
centralityreportsthebesttheideathatthecentralagentwouldbethefirstto‘know’thenoveltiesand
bythenhaveatechnologicaledgeoveritscompetitors(Czepiel,1974;Freeman,1979).
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–organizations,itnolongerholdswhenlookingatcomplexstructuressuchasregions

whichareoftencomposedofheterogeneous,nonnecessarilyinteracting,agents.2

Second,thelinksinR&Dnetworksinvolveaparticularkindofflow.Forinstance,in

collaborationnetworks,alinkmaybethemediumofvarioustypesofexchangesandcould

thenbeinterpretedindifferentways.Ifwefocusspecificallyonthenotionofknowledge

production,thelinkscanrepresenttheaccesstoaspecificsourceofknowledgethatagents

wouldhaveotherwisenothaveaccessto,likethepossibilitytosharetacitknowledgewith

apartner(Collins,2001).Ifthefocusismoreonthedynamicsofthecollaboration

network,linkscanbeseenasvehiclesofinformation,onwhowouldbeasuitableanda

reliablepartnertocollaboratewith,particularlyacrossregionalborders(see,e.g.,Gulati

andGargiulo,1999;CassiandPlunket,2015).Thesetwosimpledifferentperspectiveson

howtointerpretnetworklinkshavedifferentimplications.Inthefirstcase,inwhichwe

considerflowsofknowledge,thebenefitsfromnetwork-distantagentsmaydecaymuch

moresteeplythanforthecaseofflowsofinformationwhichisacquiredandsharedmore

easily.Thesedifferencesinflows’natureandbehaviourarenotinnocuousregardingthe

interpretationofcentralitymeasures,asBorgatti(2005,p.69)haspointedout:‘the

importanceofanodeinanetworkcannotbedeterminedwithoutreferencetohowtraffic

flowsthroughthenetwork’. Hehasalsoshownthatdifferentcentralitymeasureseach

carryanimplicitdifferentassumptionaboutthekindofflowitissuitedfor,sothatthey

cannotbeappliedtoanynetwork.

Withthesedetailsinmind,thenextsubsectionconsidersthecaseinwhichregional

R&Dnetworksareseenasweightednetworks.Somewidelyusedcentralitymeasuresare

describedaswellas:1)theirclassicinterpretationinthecontextinwhichtheywere

originallydefinedand2)theirinterpretationwhenappliedtoregionalR&Dnetworks.

Finally,thelastsubsectioninvestigatesthecaseinwhicharegion’scentralityisinferred

byitsagentscentralities.

2.2.3 RegionalR&Dnetworksasweightednetworks

ThefirstmannertoadaptexistingcentralitymeasurestoregionalR&Dnetworksisto

considertheregionsasthenodesofthenetwork. Accordingly,theinter-regionalR&D

collaborationnetworkcanbedepictedbythematrixGoftypicalelementgijwhich

representsthenumberoflinksbetweentheagentsfromregionsiandj.Ascollaborations

arebilateralandtheirflowcanbehigherthanone,ityieldsanundirectedweightedmatrix

Goftypicalelementgij∈❘
+.

Wediscussthreeconventionalmeasurementinthiscase:thedegree-,theeigenvector-

andthebetweenness-centrality.Thepropertiesofthesecentralitymeasuresarediscussed

inlightofthecontextofR&Dnetworks.

Thefirstcentralitymeasure,isthedegree-centrality.Thenotionofdegree-centralityin

2ItistonotethatEverettandBorgatti(1999)proposeanextensionofcentralitymeasurestogroups
butwherewithin-grouphomogeneityisrequiredtoprovideaproperinterpretation.
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SNAwasprimarilydefinedasthenumberofconnectionsanagenthadincommunications

networksandisreviewedinFreeman(1979).AsFreemanmentions,earlyresearchersin

SNAevenconsidereditasthesolecentralitymeasure,abletosummarizetheimportance

ofanodeinanetwork.Inthecaseofregionalnetworks,thelinksbetweentwonodes

aretypicallyweighted,thedegreeofanodecanthenbedefinedasthesumofallthe

linksstemmingfromit.3Letdibethedegreeofnodei,itisformallydefinedasfollows:

di= jgij.
4Dependingonthekindofnetworkunderstudy,thedegreecanbeinterpreted

astheprobabilitytobereachedinanetworkbyarandomwalkortheabilitytoinfectother

agentsinaonetimeperiod(Borgatti,2005).However,thesetwointerpretationshardly

makesenseinthecaseofR&Dnetworks.Anothersimpleandunambiguousinterpretation

ofthedegreeisjustthedominanceofagivenregionoverotherregionsintermsof

R&Dcollaborations.Dependingonthepurposeofthestudy,thisinterpretationmaybe

relevant.However,inanycase,thismeasuresuffersfromamajorflaw:itdoesnotconvey

anyinformationonthestructureofthenetwork.

AnothercentralitymeasurewidelyusedinSNAistheeigenvectorcentrality. This

measurewasintroducedbyBonacich(1972)andstatesthattheimportanceofanodeis

relatedtotheimportanceofthenodesitisconnectedto.Contrarytothedegree-centrality,

theeigenvector-centralityofagivennodedependsontheinformationonallthelinksofthe

network,meaningthepositionofthenodeswithintheglobalnetworkhasaninfluenceon

theircentrality.Therefore,twonodeswiththesamedegreecanhavedifferenteigenvector

centralities.Formally,theeigenvector-centralityofanode,ei,isdefinedbytherelation:

λei= jgijej,withλ>0aproportionalityfactor.Thiscentralityisself-referentialand

canbesolvedbywritingitinamatrix-form:

λe=Ge, (2.1)

whereeisthevectorofallcentralities. Thevectorethatsolvesequation(2.1)isthe

eigenvectorofthematrixGassociatedtotheeigenvalueλ.5Theveryideareflectedby

thismeasureisrelatedtonodeinfluence. Themaindriveristhatanodewillbemore

influentialifithasinfluenceonveryinfluentialnodes(theinfluencebeingmeasuredby

thelinksbetweenthenodes). Whilebeinganappealingfeatureforstudiesonindividual’s

influence,thisinterpretationisstronglyimpededbytheproblemofthemicro/mesoduality

oftheregionalnetwork.Indeed,assumearegioniscentralthankstoconnectionsto

importantregions,doitsagents–whoaretheactorsofthenetwork–reallybenefit

fromtheirregion’scentrality?Itwouldimplythateveryagentwithinaregionwould

3Inthecasewherethenetworkisdirected,likeforinstanceinapatent-citationsnetwork,thenumber
oflinksemanatingfromanode(e.g.,referencesmadetootherpatents)iscalledtheout-degreewhilethe
numberoflinksreceived(e.g.,thenumberofcitationsreceivedfromotherpatents)iscalledin-degree.
Forundirectednetworks,suchascollaborationnetworks,thein-degreeisequaltotheout-degree.
4ThereisageneralizationofthedegreecentralityforweightednetworksgivenbyOpsahletal.(2010)

butwhoseinterpretationinthiscontextremainsunclear.
5Byconvention,itisstandardtousetheeigenvectorassociatedtothelargesteigenvalue(Bonacich,

1987;Jackson,2010).

56



homogeneouslybenefitfromtheinfluenceofallotheragentsoftheregion,whichseems

hardlythecase.Itthenhappensthatthismeasureishardlytransposabletotheregional

level.

AthirdmeasurecommonlyappliedinSNAisthebetweenness-centrality. Todefine

it,wefirstintroducethenotionofnetworkpathandshortestpath.Apathbetweentwo

nodesiandjisasequenceofKdistinctnodes{n1,...,nK}startingfromi(i.e.,n1=i),

endingwithj(i.e.,nK=j)andsuchthateachconsecutivepairofnodesisconnectedin

thenetwork.6Thelengthofapathisthenumberofnodescomposingthepath.Then,a

shortestpathbetweeniandjisapaththathasminimallength.Now,letSP(jk)tobe

thenumberofshortestpathsbetweennodesjandk,andSPi(jk)thenumberofshortest

pathsbetweenjandkwherenodeiappears. Thenthebetweenness-centralityofiis

definedbythefollowingequation:

Bi=
j=ik={i,j}

SPi(jk)

SP(jk)
,

theterminthedoublesumdepictingtheshareofshortestpathsbetweenjandkwhere

ilieson.

Thisformofcentralitywasoriginallydefinedinthecontextofcommunicationnet-

works,wherelinksbetweenagentsrepresentinformationflows. WhenFreemanintroduced

thismeasure,hedefinedcentralagentsas‘structurallycentraltothedegreethatthey

standbetweenothersandcanthereforefacilitate,impedeorbiasthetransmissionofmes-

sages’(Freeman,1977,p.36).Alternatively,betweenness-centralitycanbeseenashow

muchanodeisnecessaryforflowstoconnectallothernodesinthenetwork. Despite

beingcomputationallyeasytoapplyattheregionallevel,thismeasuresuffersfrommajor

flawswhenappliedtoregionalR&Dnetworks.Indeed,fortheimportanceofbeingin

the‘shortestpath’tohold,twoassumptionsarenecessary. Thefirstisthattheflows

necessarilyfollowtheshortestpath(whichmakesthe‘centralagent’abletoretainin-

formationandexertsomeinfluence).Ifinformation(ortheadequateflow)doesnotpass

onlythroughshortestpaths,thismeasurebecomesmuchlessrelevant.InR&Dnetworks,

thismaynotbethecase:forinstance,whenconsideringinformationoverpotentialpart-

nersobtainedviacollaboration,thatinformationmaynotbelimitedtoflowonlythrough

shortestpaths,justbecauseofthenatureofinformation.Thesecondassumptionisthat

flowsdonotsufferfromanydecay.Indeed,atthemomentwheretherelevanceofnetwork-

flowsarereducedwiththenetwork-distance,thenwhatistheuseofbeinginthemiddle

ofnetwork-pathsbetweenagents?Inthiscase,thebetweennessofaregion,beyondits

firstorsecondcircleofconnections,maybeoflittleuse. Forinstance,ifconnections

materializeaccesstoknowledgesources,itisquiteunlikelythatagentsfarapartwith

respecttothenetwork-distanceinfluenceeachother. Last,beyondthesetwolimiting

6Mathematically,{n1,...,nK}isapathbetweeniandjifgnknk+1>0forallk∈{1,...,K−1},with
n1=iandnK=j.
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Figure2.1–Illustrationofaregionalnetworkinwhicharegionhasastronginternal
structureyetnolinkwiththeoutside.

assumptions,thebetweennessmeasurehappenstobemuchbettersuitedfornetworks

composedofindividuals(beitfirmsorinventors).Similarlytotheeigenvectorcentrality,

itsinterpretationhardlyfitstheregionalscale,sincearegionwithahighbetweenness

doesnotnecessarilytranslateintoitsagentsbeingonshortestpaths.

Aswehaveshown,existingmeasurescanbeappliedtoregionalR&Dnetworks,when

takingregionsasthenodesofaweightednetwork.Buttheinterpretationofthemeasures

andtheirconceptualmeaningisfarfrombeingstraightforward,ifapplicableatall.In

thenextsectionweshowanddiscussanotherwayofaccountingforregionalcentrality.

2.2.4 Regionsastheaggregatecentralityoftheiractors

Adifferentwaytomeasureregionalcentralityistoassumethataregion’scentrality

actuallyreferstothecentralityofitsagents.Indeed,sinceregionalnetworkscanbeseen

astheaggregateinteractionsoftheagentsfromtheseregions,anaturalwaytoassessa

region’scentralitycouldbetolinkittothecentralityofitsagents.

Indoingso,thefirststepistofindtherelevantactorofthenetwork.Inco-patenting

networks,itcaneitherbefirmsorinventors.Thechoicedependsonwhetherwebelieve

thattheinformationandknowledgepooloffirmsissharedamongallitsinventors.If

so,thenfirmscanbeconsideredastherealactorsofthenetwork. Wewillcall‘agent’

theentityresultingofthischoice.Thus,theregionalnetworkcanthenbedepictedbya

micro-levelnetworkformedofthelinksbetweentheagents,eachofthembelongingtoa

region.Tobuildtheregionalcentrality,onehastochoosetherelevantcentralitymeasure

andcomputeitattheagent’slevel.LetcibethecentralityofagentiandletSrbethe
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Figure2.2–Sampleofaninter-regionalnetwork.Illustrationoftworegionswithexternal
links,differentiatedwithrespecttotheirinternallinks.

setofagentsbelongingtoregionr.Then,thecentralityofregionr,Cr,canbedefined

merelyasthesumofthecentralityofitsagents,asfollows:

Cr=
i∈Sr

ci.

Beyondtheproblemsinherenttothecentralitymeasuresdiscussedearlier(e.g.,linked

tothenatureoftheflows),thismethodology–aggregationofmicro-levelnetworkcent-

ralities–alsoinvolvesdrawbacks. Themainproblemstemsfromthelinksoccurring

internallytoregions.Indeed,shouldintra-regionallinksbecountedinthemicro-level

network?AnexampleofaproblematiccaseisillustratedbyFigure2.1.Inthisfigure,a

networkofthreeregionsisrepresented:regionAhasmanyagentsthatareallconnected

toeachotherbuthavenotanylinkwithotherregions;conversely,theagentsfromregions

BandChavenointra-regionallinkbutdohavecross-regionalcollaborations.Actually,if

thenetworkiscomputedatthemicro-level,whateverthemeasure,regionAwillhavethe

highercentrality,despitehavingnointer-regionallinkwhatsoever.Thisisfundamentally

problematic:ameasureofregionalcentralityshouldnotbeabletogiveahighrankingto

regionshavingnoexternallinks,simplybecauseitshouldsomewhatrelatetotheposition

withintheinterregionalnetworkwhichisnotthecasehere.

Astraightforwardsolutiontothisproblemwouldbeto‘cut’allintra-regionallinks:

thecentralitywouldthenbecomputedusinganetworkwhereallinternallinkswouldbe

severed.Yet,thisadjustmentwouldalsoleadtoconceptualproblems.Takeforinstance

theexampleillustratedbyFigure2.2.Thisfiguredepictsanetworkoftworegions,Aand

B,thatareverysimilar.Theybotharecomposedoffouragentsandeachhasalinkwith
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anotherregion. RegionAhasastronginternalstructure:allitsagentsareconnected.

Onthecontrary,noagentfromregionBhasalinkwithintheregion.Despitethat,the

agentsofthetworegionshavedifferentpositionsintheglobalnetwork,ifallinternallinks

arecuttocomputethecentralities,thenthetworegionswouldbeequivalent. Cutting

internallinkswouldinvolveadistortioninthenetworkstructure.

Consequently,themajorproblemraisedbytheaggregationofmicro-levelcentralities

isthatintra-regionallinkscannoteitherbekeptorremovedwithoutposingconceptual

problems.

Asdevelopedinthissection,thecentralitymeasuresdiscussedsofarallsufferfrom

conceptualdrawbackswhenappliedattheregionallevel. Giventheseconsiderations,

thereisaneedfordevelopingalternativecentralitymeasuresapplicableforregionalR&D

networksandrestingonmorerobustconceptualgrounds.Inwhatfollows,weprovidea

firstattemptforthedevelopmentofnovelmeasurementapproachesthatexplicitlyaddress

theconceptualproblemsdiscussedabovebytakingintoaccounttheunderlyingmicro

structureofregionalR&Dnetworks.

2.3 Theconceptofbridgingpaths

ThereisastrongneedforovercomingthedualityinanalysesofR&Dnetworksofregions

concerningthemicrolevelwhichencompassestheactorsparticipatinginR&Dcollabor-

ations,andtheaggregate,i.e.regional,levelwheretheanalysisfocuseson.Ashasbeen

discussedintheprevioussection,majorproblemsariseinapplyingandinterpretingcon-

ventionalSNA-basedcentralitymeasures.Thepurposeofthissectionistoprovideanew

conceptthatismeaningfulinthecontextofinter-regionalR&Dnetworks. Weintroduce

thenotionofabridgingpathdenotingaformofindirectconnectionbetweenregions,

i.e.regionsareindirectlyconnectedinthenetworkthankstotheirmicro-levelactors.

Wefirstdefinethisconceptbeforeprovidinganapproachtoderivetheexpectednumber

ofbridgingpathsfromaggregateflowsofR&Dinteractions. Theexpectednumberof

bridgingpathsbetweenregionswillbethemajorbuildingblockoftheregionalcentrality

measureweintroduceinthenextsection.

Tointroducetheconceptofbridgingpaths,consideranetworkwherethenodesarethe

regionsandtheconnectionsbetweentheregionsrepresenttheR&Dinteractionsbetween

theiragents. Thisrepresentsaweightednetworkwherewedefinegijasthenumberof

R&Dinteractions(i.e. micro-levellinks)betweenregionsiandj.Further,eachmicro-

levellinkbetweentworegionsisdenotedbyyaij,wherey
a
ijrepresentsthea

thlinkbetween

regionsiandjwitha∈{1,...,gij}. Abridgingpathisthenregardedasasetoftwo

linksatthemicrolevelconnectingthreeagentsfromthreedifferentregions.Speaking

insocialnetworkanalyticalterms,themicro-levelagentinoneregionactasa‘broker’

(Burt,1992)fortwoothernotdirectlyconnectedactors;he/shehasabridgingrolein

thenetworkofregionslinkingindirectlythemicro-levelagentsoftwootherregions.This
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triangulationbetweenactorslocatedinthreedifferentregionsleadstothenotionofan

inter-regionalbridgingpath. Formally,abridgingpathisdefinedasasetoftwolinks

fromtwodifferentregions,sayiandj,withathirdone,sayk,sothattheagentsfromi

andjarebothconnectedtothesameagentink.Thismeansthatapairoflinks(yaik,y
b
jk)

formsabridgingpathif,andonlyif,yaikandy
b
jkareconnectedtothesameagentinregion

k.Inotherwords,agentsiandjareindirectlyconnectedthankstooneagentofregion

k.

Thisnotionisdepictedbyfigure1whichrepresentsaregionalnetworkofthreeregions.

Inthisfigure,thepairoflinks(y2ik,y
1
jk)isabridgingpathbetweenregionsiandj

stemmingfromkbecausetheagentfromkmaintainsbothlinksy2ikandy
1
jk.Although

bothregionsjandkdohavelinkswithregioni,thereisnobridgingpathbetweenthem

becausetheagentsfromiofthelinksy1ikandy
2
ikareneitherconnectedtoy

1
ij,y

2
ijnor

y3ij.Hence,regioniprovidenotanybridgingpathbetweenregionsjandkinthisset-up.

Weseethatthenotionofbridgingpathisaboutindirectconnections.Accordingly,the

regionwithmostbridgingpathsisregionj,asitprovidestwobridgingpathsbetween

regionsiandk
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Region   

Region   

Region   

   
  

   
  

   
  

   
  

   
  

   
  

Bridging Path 

R&D interactions 

Agent 
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Figure2.3–Illustrationofthenotionofbridgingpaths

Notes:Thefiguredepictsthreebridgingpathsformedbythefollowingpairsoflinks:(y2ik,y
1
jk),(y

1
ij,y

2
jk)

and(y2ij,y
3
jk).Sotheregionaldyads(j,k),(i,k)and(i,j)haverespectively0,2and1bridgingpaths

stemmingfromregionsi,jandk,respectively.

Therelevanceofthebridgingpathsconceptcanbequitedirectlyunderlinedbymeans

ofbasictheoreticalconsiderationsininnovationresearch.Thecreationofnewknowledgeis

oftenviewedasarecombinationofexistingknowledge(see,e.g.,KogutandZander,1992;

Fleming,2001;CassimanandVeugelers,2006).Itimpliesthatthesourcefromwhichthe

agentsdrawtheirknowledgewillhaveanimpactontheirabilitytogenerateinteresting

ideasandnewknowledge.Inthecasewherearegionisisolated,wherecollaborations

occurmainlywithintheregion,theknowledgepoolmaybecomeredundantandeven

leadtolock-insituations(see,e.g.,David,1985;Arthur,1989). Collaborationswith

agentsfromotherregionsallowtobenefitfromdifferentknowledgebases(see,e.g.,Singh,

2005;BerliantandFujita,2012),helpmoderatetheproblemofredundancyandgenerate
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moreradicalinnovations.Fromthisviewpoint,bridgingpathsprovidebetterknowledge

opportunitiestoregions.Thenregionsfromwhichstemmanybridgingpathscouldbeseen

askeyplayersinthenetworkwithactorspotentiallybenefitingfromamorediversified

knowledgepool.

Moreover,bridgingpathsmayalsobeofsignificancewhenweconsidernetworkform-

ationprocesses.Indeed,severalrecentstudieshaveputattheforefronttheconsideration

thatthestructureofnetworklinksplaysanimportantroleinexplainingfuturestatesof

thenetwork(see,e.g.,Barabâsietal.,2002;JacksonandRogers,2007).Recentresearch

inthecontextofR&Dnetworkshasshownthattwoactorsaremorelikelytocollaborate

togetheriftheyshareacommoncollaborator(thatisiftheyareindirectlylinkedinthe

network,see,e.g.,Fafchampsetal.,2010;ter Wal,2014). Hence,bridgingpathcreate

networkproximityandopportunityfor(triadic)closuresothattherearegoodreasons

toassumethatbridgingpathsmatterfortheevolutionofthewholenetwork.Indeed,

ifbridgingpathsrepresentindirectconnectionsbetweenagentsfromdifferentregions,

thenwecanassumethatthoseregionswhichprovidethebridgingpathsareinaposition

tofacilitatetheconnectivitybetweenotherregionsinthenetwork.Bridgingpathscan

thenbeseenasimportantforregionsnotonlyinthecontextofaccessingadiversified

knowledgepool,butalsoinanetworkformationperspectiveasithelpstheformationof

inter-regionalconnectionsandwiththatinter-regionaldiffusionofknowledge.

2.4 Anew measureofregionalcentrality

Proposingthesignificanceofthebridgingpathconceptformeasuringregionalcentrality

inregionalR&Dnetworks,thequestionarisesatthispointhowthisconceptcanbein-

corporatedintoregionalcentralitymeasures. Usually,empiricalresearchersfocusingon

regionsasunitsofobservations,andbythis,onregionalR&Dnetworks,facetheproblem

thattheunderlyingmicrostructureofthenetworkmaybeeitherundefinedorunobserv-

able.Concerningthelatter,onemayconsidertheexampleofco-patentingnetworks(see,

e.g.,Lataetal.,2015),forwhichtherelevantactorsareindividualpersons(inventors)

thatarehardlyidentifiableashomogeneousnodesovertime.Thus,weintroduceamodel

ofrandommatching.Itallowsustoapproximatetheunderlyingmicro-structurebyde-

rivinganexpectednumberofbridgingpaths(ENB)betweentworegions,usingonlythe

aggregateflowsofcollaborationsbetweenregions.7

Ourrandommatchingprocessreliesontwobasicassumptions:(i)collaborationsoccur

betweentwoagents,and(ii)whenacollaborationoccurs,thetwoagentsarematchedat

random.Bythis,itreflectstheexpostprobabilitytobematched,i.e.theprobability

thattwoagentsfortwoparticularregionshavebeenmatchedconditionaltothestructure

oftheinter-regionalflowsofcollaborations.Theveryintentionistogiveabaselinefor

7ThismodelisanadaptationoftheoneinBergé(2015).Infact,themethodologyisverysimilarto
theoneusedbyBloometal.(2013),whichprovidesameasureoftechnologicalsimilaritybetweenfirms’
patentingactivityintroducingamodelwhichconsidersrandomencountersbetweenpairsofscientists.
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amicro-networkthatwaslikelytooccur,withrespecttowhatisobservableatthemeso

level.Thus,randommatchingisusedtoinferthestructureofthemicronetworkbyusing

onlytheinformationincludedthelinksbetweentheregions.

Onthisbasis,itisnowpossibletoderivetheexpectednumberofbridgingpaths

stemmingfromagivenregionbyusingdirectlytheaggregateflowsofcollaborations

occurringbetweenregions. First,denotebynithenumberofactorsactiveinR&D

collaborationinregioni.Thentheexpectednumberofbridgingpaths,ENBijk,between

thetworegionsjandkstemmingfromthebridgingregionialongtherandommatching

processis:8

ENBijk=
gijgik
ni
. (2.2)

Theexpressionrelatedbyequation(2.2)simplystatesthatthemoreconnectionstwo

regions,jandk,havewithathirdcommonregion,i,themorelikelytheywillhave

indirectconnectionsatthemicrolevel(bridgingpaths)thankstotheactorslocatedini.

Basedonthis,weareabletoconstructanewmeasureofthecentralityofregions

inR&Dnetworks,denotedasregionalbridgingcentrality(BC).TheBCisdefinedas

thenumberofbridgingpathsstemmingfromaregionbetweenalldyadsofthenetwork.

Formally,thismeansthattheBCofregioniisequalto:

BCi =
j=ik=i,j

ENBijk, (2.3)

whereENBijkisdefinedbyequation(2.2).

Theinterestingpointofourmeasureisthatitsdefinitioncanbeprettymuchsimplified

andinterpretedmeaningfullyinaregionalcontext. Assumethatthenumberofagents

(ni)isproportionaltothenumberofprojects(gi);thenequation(2.3)decomposestoa

notionofcentralityofaregionthatentailsacombinationofthreedifferentcomponents,

reflectingi)aregion’sparticipationintensity,ii)aregion’srelativeoutwardorientation

andiii)aregion’sdiversificationofnetworklinks.9Itisdefinedas

BCi = ḡisi(1−hi), (2.4)

where

ḡi isthenumberofoutercollaborations(i.e.outerdegree,thatis̄gi=gi−giiwhichis

thetotalnumberofcollaborationsofi,notedgi,excludingtheinternalones,noted

gii).Itreferstoaregion’sparticipationintensityininter-regionalcollaborations,

whichaffectspositivelythecentralityoftheregion.Itisageneralmeasureofhow

wellaregionisembeddedintheparticularR&Dnetwork. Notethataregion’s

8Foraformalproof,seeBergé(2015).
9TheformalproofisgiveninAppendix2.7.1.
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sizewillamplifytheprobabilityofyieldingmorebridgesbetweenotherregions.

Theparticipationintensitycouldthereforebeinterpretedasabroadmeasureof

therelationalcapacityoftheregionalnetworknodes,whichshouldbetakeninto

account.

si istheshareofoutercollaborationswithsi=̄gi/gi.Itcanberelatedtotherelative

outwardorientationofallestablishednetworklinkages,i.e.therelativedegreeof

externalR&Dinteractions.Itreferstotheopennessofaregionwithrespecttoknow-

ledgesourcingstrategies.GiventhefactthattheBCfocusesonthecapacityofone

regiontolinkotherregions,ahighnumberofregion-internalcollaborationswould

haveanegativeinfluenceasitpotentiallyreducesthenumberofactorsconnecting

differentregions.

hi referstotheHerfindahl-Hischman(HH)indexofthedistributionofi’soutercol-

laborationsdefinedashi= j=i(gij/̄gi)
2. Theterm1−hivariesbetween0and

1accordingtothedegreeofdiversificationofnetworklinkstootherregions,and

indicateshowaregion’scollaborationsaredistributedalongitsneighboringregions

inthenetwork.Inthiscase,themorethecollaborationsareconcentrated,theless

theregioniscentral.Thisisbecauseconcentrationoffsetsthebenefitsofoutercon-

nectionsasitreducestheactors’possibilitytobuildbridgesamongdifferentregions.

Alsoitrelatestothefactthatthemoretheoutercollaborationpoolisdiversified

overdifferentregions,themoretheregioncandrawitsknowledgefromdifferent

sources.

Onecentralpromisingpropertyofthemeasureisthatittakesaccountofthepeculiar

characteristicsofregionalnetworks.Indeed,regionalnetworksarecharacterisedbythe

structureofregion-internalandregion-externallinksandthisfeaturecannotbedealt

withadequatelybyusingasingle(a-spatial)SNAcentralitymeasure.Aregion’sability

tobenefitfromnewtiesintheR&Dnetworkorexploitexternalknowledgesourcesvia

thelinksmaybedeterminedbyallthreecomponentstogether.Outwardorientationand

higherdiversificationinparticularmayhelparegiontodevelopandrenewtheregional

knowledgebasefaster,orpreventlock-insituationsincertaintechnologies(see,e.g.,

BreschiandLenzi,2015).

2.5 Anillustrativeexample: anapplicationtothe

Europeanco-patentnetwork

Giventhepromisingfeaturesoftheregionalbridgingcentrality(BC)measureasdefined

intheprevioussection,anapplicationtoempiricalregionalR&Dnetworksisrequiredin

ordertoillustratethebehaviourofthemeasureascomparedtotheconventionalones.

Tothisend,wewillemployco-patentdata,comparingtheregionalBCwiththreeother
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commonlyusedcentralitymeasures,thatisdegree,eigenvectorandbetweennesscent-

rality.10WeusetheEuropeanco-patentnetwork,anetworkofinter-andintra-regional

collaborationsinpatentproductionobservedattheregionallevel.Aco-patent,thatisa

collaborationissuingapatentgrant,isavisibletrailofasuccessfulR&Dcollaboration

andisdefinedasaninventionimplyingatleasttwoinventors.Thisdataareextracted

fromtheREGPATdatabase(Marautetal.,2008)andconsistofallpatentsappliedfor

attheEuropeanpatentoffice(EPO)intheyear2006. Wemakeuseoftheinformation

containedineachpatentrecordtobuildtheco-patentnetwork.Particularly,weusethe

addresscontainedineachinventor’sbylinetomapeverypatenttoasetofNUTS2regions.

Thatis,theNUTS2regionsrepresenttheplaceofresidenceoftheinventorswhenthey

appliedthepatent. Weconsiderthattheflowofinter-regionalcollaborationsbetweentwo

regionsconsistsofallpatentshavingatleastoneinventorfromeachofthesetworegions.

Collaborationsoccurringstrictlywithintheregionsarecountedasintra-regionalpatent.

Thenetworkconsistsofcollaborationflowsbetween245NUTS2regions.Thiscross-

regionalco-patentingnetworkisbasedonatotalof40,142patents,ofwhich16,661are

inter-regionalcollaborationslinkingthe245NUTS2regions. Asastartingpoint,the

threecomponentsoftheBCaredescribedbytable2.1a. Theparticipationintensityis

onaverage237,whichmeansthattheregionsshowonaverage237co-patentlinksto

otherregionsinthenetwork.Thisismuchhigherthanthemedianof100,confirmingthe

right-skeweddistributionofthenumberofco-patentlinkstheindividualregionsholdto

otherregions.

Moreinterestinglyistherelativeoutwardorientation.Here,themedianis71%,mean-

ingthatforhalftheregions,morethan71%oftheirpatentsareofinter-regionalnature,

beinginventedwithatleastonepartneroutsidetheregions. Alsodiversificationisrel-

ativelyhigh,withanaverageat85%,meaningthattheco-patentsareratherdistributed

alongseveralregions. Hence,theregionsresort–onaverage–toarichportfolioof

partnerregionsleadingtoadiversifiedstructureofinter-regionalknowledgeexchanges

inpatenting.Incontrasttotheparticipationintensity,theothertwocomponents,the

relativeoutwardorientationandthestructure,areslightlyleftskewed,andcanbeseen

asmoderatorsofthescaleofaregion.Indeed,beingalargeregionwithahighnetwork

participationintensitydoesnotnecessarilyleadtoahighcentralityvalue,ifeitherthe

shareofintra-regionalcollaborationsisverylargeorinter-regionallinksareconcentrated

amongonlyafewregions.

Table2.1reportssomestatisticsontheBCmeasureascomparedtotheconventional

measures,andthecorrelationsamongthem. Notethatallmeasuresarenormalizedso

10Thedegreeisherecalculatedasthenumberofuniqueprojectstheagentsofaregionareinvolved
in.Theeigenvectorandthebetweennesscentralityarecomputedusingthepackageigraphavailablein
thestatisticalsoftwareR.Boththesetwomeasuresarebasedontheweightedregionalco-patentnetwork
wherethenodesaretheregionsandwherethelinkagesbetweenanytworegionsarethenumberofpatents
co-inventedbyagentsfromthesetworegions. Duetothenatureofthenetwork,weusedtheweighted
versionofboththebetweennessandtheeigenvectorcentrality.
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thatthehighestvalueisoneandthelowestzero.11Whilethereisnolargedifferencein

thesummarystatisticsprovidedbytable2.1b,itcanstillbenotedthattheeigenvector-

centralityisclearlythemoreskewedofthefourmeasures.Table2.1cfurthershowsthat

thecorrelationbetweenthebridgingcentralityandtheothermeasuresrangesfrom70%

to93%.ThosehighlevelsarereassuringastheyshowthattheBCdoesnotcompletely

reordertheregionalpositioning.Thedifferenceinthedistributionofthefourcentrality

measurescomparedisalsoillustratedbyfigure2whichreportsthecumulativedistribution

ofeachmeasure. Wecanseethattheeigenvector-centrality,exceptattheverybeginning

ofthedistribution,isonthetopofallothermeasureswhiletheBCliesbetweenthe

degreeandthebetweenness.Thedifferencesindistributionarehigheratthebeginningof

thedistribution(below0.50)thanattheendwherethedistributionoftheBC,thedegree

andthebetweennessaremuchcloser. Yet,thedifferenceswithexistingmeasurements

arerealanditisworthwhiletopointouttochangesoccurringtosomeparticularregions.

Moreover,itbecomesobviousfromthisbasicstatisticsthatthebridgingcentralityisa

combinationofthreecomponents.Itdependsnotonlythescaleofaregion,likeitmight

bethecaseforthedegreecentrality,orthequalityofpartners,i.e. whethertheyare

locatedattheverycoreofthenetwork,asfortheeigenvectorcentrality. Therefore,it

mightbeofparticularinteresthowdifferentlythethreecomponentsaredistributedacross

theindividualregions.

11Formally,thetransformationappliedtoeachcentralitymeasureis:(x−xmin)/(xmax−xmin).
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Table2.2–Centralitiesofthetop30regionsfortheco-patentnetwork,rankedbybridging
centrality.

NUTS2
Bridging
Centrality

Degree
Centrality

Eigenvector
Centrality

Betweenness
Centrality

value(rank) value(rank) value(rank) value(rank)
Karlsruhe DE12 1.00(1) 0.90(3) 1.00(1) 0.46(7)
Darmstadt DE71 0.85(2) 0.86(5) 0.79(3) 0.53(5)

Rheinhessen-Pfalz DEB3 0.80(3) 0.66(8) 0.89(2) 0.25(12)
Düsseldorf DEA1 0.80(4) 0.82(6) 0.62(4) 0.51(6)

Köln DEA2 0.78(5) 0.73(7) 0.59(6) 0.55(4)
Oberbayern DE21 0.57(6) 0.93(2) 0.39(7) 0.93(2)
Stuttgart DE11 0.51(7) 0.87(4) 0.59(5) 0.34(8)

NorthwesternSwitzerland CH03 0.50(8) 0.44(13) 0.18(16) 0.24(14)
Freiburg DE13 0.48(9) 0.55(9) 0.35(9) 0.20(20)
Arnsberg DEA5 0.42(10) 0.39(17) 0.31(10) 0.06(62)
Berlin DE30 0.40(11) 0.42(14) 0.22(13) 0.18(22)

Tübingen DE14 0.38(12) 0.47(12) 0.35(8) 0.15(31)
ÎledeFrance FR10 0.34(13) 1.00(1) 0.06(36) 1.00(1)

Münster DEA3 0.33(14) 0.29(19) 0.22(12) 0.16(28)
Mittelfranken DE25 0.33(15) 0.40(16) 0.16(18) 0.11(37)

Alsace FR42 0.30(16) 0.26(26) 0.13(19) 0.22(16)
Zurich CH04 0.30(17) 0.32(18) 0.11(22) 0.18(23)

Schwaben DE27 0.29(18) 0.28(20) 0.21(14) 0.06(58)
Brandenburg DE40 0.28(19) 0.23(29) 0.16(17) 0.03(92)
Hannover DE92 0.25(20) 0.25(27) 0.12(21) 0.08(50)

Unterfranken DE26 0.24(21) 0.26(24) 0.23(11) 0.05(64)
Rhône-Alpes FR71 0.24(22) 0.54(10) 0.06(37) 0.32(10)
Hamburg DE60 0.24(23) 0.21(35) 0.10(25) 0.09(47)

Prov.Vlaams-Brabant BE24 0.23(24) 0.19(38) 0.04(44) 0.13(33)
EspaceMittelland CH02 0.22(25) 0.26(25) 0.09(26) 0.06(60)

Koblenz DEB1 0.22(26) 0.18(40) 0.19(15) 0.07(57)
Schleswig-Holstein DEF0 0.22(27) 0.22(32) 0.10(23) 0.04(72)
Prov.Antwerpen BE21 0.21(28) 0.21(34) 0.04(42) 0.19(21)

Lüneburg DE93 0.20(29) 0.17(43) 0.07(34) 0.10(44)
RégiondeBruxelles,
BrusselsHoofdstede

BE10 0.20(30) 0.14(61) 0.02(56) 0.06(59)
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Figure2.4–Spatialdistributionofthefourcentralitymeasuresamongthe242NUTS2regions.
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Figure2.5–Cumulativedistributionsofthecentralitymeasuresinlog-log.

Table2.2representsthetop30centralitiesorderedbythebridgingcentrality. Wefocus

oncommentingthemostsalientdifferences.AshighlightedbyFigure2.4,therankingis

clearlydominatedbyGermanregionswhichrankhighestformostmeasures.Interestingly,

wefind13Germanregionsamongthe15bestrankedregionsforthebridgingcentrality.

Thisresultsfromthefactthattheyshowbothahighparticipationintensityaswellas

highopennessfromaninter-regionalperspective;theyshowahighabsoluteaswellas

relativenumberofinter-regionalco-patents. However,theconcentrationtendencyand

highclusteringofco-patentingactivitiesatthenationallevelofGermanymaypointto

thefactthateconomiclinkagesatthenationallevelprevail.Likelyexplanationsarelow

language/culturalbarriersaswellaslowertransactioncosts. Thesefactorsseemto

promotethehighregionalbridgingcentralityinGermanregions.

AnotherinterestingcaseistheregionofÎledeFrance(FR10)whichranksatthe13th

positionforthebridgingcentrality,whilebeingrankedfirstwithrespecttoitsdegree

centrality. Weseethatthemeasureofdegreecentralitymayoverstateitspositioninthe

inter-regionalco-patentnetwork.Despiteitshighlydistributedstructureofcollaborations

(ithasalowHHindexof0.04),thisregionishighlyreliantoninternalcollaborations(the

outershareofcollaborationsisonly45%)thatitfailstoprovidemuchbridgingpathsto

theinter-regionalR&Dnetwork.Bycontrast,theeigenvectorcentralitymayunderstate

theimportanceofFR10;itranksonly36asitislinkedtothenetworkcoreregionsat

alowerdegree.ForthesamereasonasforFR10,someregionsthatarerankedhighin
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thedegreecentralityendupmuchlowerintheBC;i.e.theyshowhighembeddednessin

theinter-regionalR&Dnetworkbutarelessopenanddiversifiedinthestructureoftheir

inter-regionalcollaboration,thusreceivinglowervaluesofbridgingcentrality.

Followingthecriteriaofopennessanddiversification,interestingisalsothecaseof

Brussels(BE10)whichranksafterthe56thplaceforallcentralitymeasuresotherthan

thebridgingcentrality. WiththeBC,BE10ranks30th,gainingatleast26placescom-

paredtoothermeasures.Yet,theSNA-basedcentralitymeasuresmayunderestimateits

positioningintheinter-regionalco-patentnetwork:duetoitsveryhighoutwardorienta-

tion(itsoutershareis94%)andahighlydistributedstructureofcollaborations(ithasa

lowHHindexof0.07),thisregionislikelytoprovidemanybridgingpathstothenetwork

andmaythereforebeanimportantbridgeforthewholenetworkandforinter-regional

knowledgediffusion.

Figure2.6–TheEuropeanco-patentnetwork
Notes:Nodesizecorrespondstotherelativeoutwardorientationofaregion,linewidthcorrespondsto
thenumberofco-patentsbetweentworegion.

Figure3illustratestheEuropeanco-patentnetworkfortheEuropeanNUTS2regions,

withthenodesizecorrespondingtotherelativeoutwardorientationofaregion.It

confirmstheverydensenetworkstructurebetweencoreregionsclusteredinGermany,

whichholdintensiveconnectionsamongeachother. Fromaregionalperspective,the

bridgingcentralityishighfortheseregions,i.e.theyyieldhighvaluesforallthree

components,despitethefactthatmostofthelinksareconfinedatthenationallevel.
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Furthermore,weobserveahighrelativeoutwardorientationofsomeSouthandEastern

Europeanregions.Intermsofestablishedco-patentlinkstheyseemtobehighlyopen,

whichcouldbeexplainedbythelackofinternalcollaborationstructures.Nevertheless,

inter-regionallinkagesaregenerallyweakfortheseregions.

2.6 Concludingremarks

ThenotionofcentralityisubiquitousindebatesontheroleofregionsinR&Dnet-

works.Quantitativeapproachestomeasureregionalcentrality,however,areoftenbased

onmicro-levelcentralitymeasuresasintroducedinsocialnetworkanalysis(SNA).Empir-

icalanalysisofregionalnetworksrequiresaccountingforthenetworkstructureoriginally

definedatthemicrolevelorbythelinkagesbetweendifferentorganisations,whichoften

limitstheusefulnessandconclusiveidentificationofregionsinthenetwork. Afurther

unavoidableproblemrelatestotheconsiderablelossofinformationregardingnetwork

structureandmeaningwhenregionsareregardedonlyasaggregateunits.Inthisstudy

weaddressthismicro/meso-leveldualityinhowweviewregionalnetworksandthe

region’sstructuralnetworkpositioningisusuallydefined,questioningtheconventional

measurementapproachesforregion-levelanalysis.

Byintroducingthenotionofregionalbridgingcentralitywesuggestanewapproach

forassessingthecentralityofregionsinR&Dnetworksthatisabletocopewiththere-

gionaldimensioninmeasuringthecentrality.Basedontheconceptofbridgingpaths,i.e.

asetoftwolinksconnectingthreeactorsinthreedifferentregions,wedevelopameasure

ofcentralitythatsatisfiestherequirementsofbothR&Dnetworksandregion-levelapplic-

ations:Abridgingpathbetweenregionscharacterizesasituationwhereregionalactors

representbridgesorbrokersinthenetworkofregionsastheyconnectindirectlytheactors

locatedintwootherregions.Suchatriangulationinregionalnetworks,asweargue,isa

keyissueforknowledgerecombinationsandtheextensionofaregion’sknowledgebase.

Wefurthershowthatcentralityintermsofbridgingcentralitycanbeviewedasa

functionof(i)theparticipationintensityininter-regionalcollaborations,(ii)itsopenness

tootherregions(i.e.therelativeoutwardorientationofnetworklinks),andiii)the

diversificationoflinkstootherregions. Withthesethreecomponents–whichareboth

intuitiveandcomputationallysimple–wearguethatregionalnetworkcentralityhasto

beviewedfromamultidimensionalperspective.Onlywithsuchanintegrativeperspective

wecanachieveabetterunderstandingoftheroleofcertainregionsininter-regionalR&D

networks.

ThecomparativeanalysiswiththreestandardSNA-centralitymeasuresconfirmsthe

performanceandusefulnessofourmeasureofregionalbridgingcentrality. Wechosethe

inter-regionalco-patentnetworkforEuropeanregionsasillustrativeexample. Despite

observingsimilarpatternsinbasicstatisticslikecorrelationsofthecentralitiesorthe

skewness,wewereabletoshowstrikingandinterestingdifferencesinthestructureofthe
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inter-regionalco-patentlinkagesacrossregions.Theresultsrevealthatthinkingonlyof

thedegreeofparticipationisnotenough.Rather,themostcentralregionsshowsimultan-

eouslyhighembeddedness,highrelativeoutwardorientationandhighdiversificationof

theirnetworklinks(e.g.Karlsruhe).Incontrast,regionsthatmaybestronglyembedded

(i.e.highparticipationintensity)mayshowlowopennessanddiversificationoflinks,thus

yieldinglowercentralityvalues(e.g.ÎledeFrance).Hence,aregion’soutwardorientation

andthediversificationofitsnetworklinksmoderatestheinfluenceofregionalscaleon

networkcentrality.Thisisamajorstrengthofthemeasureproposedinthisstudy,and

itpavesthewayforfuturestudiestoexaminetheroleofcertainregionsinnetworksof

inter-regionalknowledgeflows. Viewingnetworkpositioningofregionsintermsofre-

gionalbridgingcentralitymightfurtherelevateourunderstandingofwhichregionsare

themostcentral,showhighvisibilityandatthesametimearemostimportantforthe

networkandtheinter-regionaldiffusionofknowledge.

Furthermore,thebridgingcentralitymeasuremaycontributetothedevelopmentof

amulti-dimensionaltypologyofregions,basedonstructuralnetworkcriteriaaccording

totheirlevelsofembeddedness,opennessanddiversificationoflinksininter-regional

networks.Suchatypologymightenhanceourunderstandingofhowdifferenttherolesof

regionsinnetworksmightbe,andhowtheycontributetothearrangementandevolutionof

theinter-regionalstructure.Thisisoneofourmainpointsforafutureresearchagenda.

Moreover,itseemsnaturalthatanapplicationofthebridgingcentralitymeasureon

othertypesofknowledgenetworksaccordingtodifferenttechnologicalfieldsmightreveal

interestingpatternsofthemostcentralnetworknodes.Hence,themeasureofbridging

centralityisnotlimitedtothecontextofR&Dcollaborationsbutmayprovetobeuseful

alsofortheapplicationinothertypesofnetworkstructures,suchasinter-regionaltrade

flowsorinter-regionaleconomicvaluechains,alsoregardingtheirevolutionovertime.

2.7 Appendix

2.7.1 ObtainingtheBridgingCentrality

Assumethatthenumberofagentsofregioni,ni,andthenumberofprojectsofthatregion,

gi,areproportionalsothatni=αgi. Thenthebridgingcentralitycanberewrittenas

follows:
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ḡ2i
gi



1−
j=i

gij
ḡi
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Further,astheαiscommontoallregions,welosenogeneralitytosettingittoα=1.

Whichyieldstheresult.
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Chapter3

Howdoesthestructureofthe

inventorsnetworkaffectregional

inventiveperformance?Evidence

fromFrance‡

3.1 Introduction

Socialandeconomicnetworksareinvolvedinnumerousmechanismssusceptibletoground

agglomerationeconomies,andtheirroleappearstobereinforcedwhenrelatedtoinnov-

ation. Theliteraturesuggeststheyareatplayinthethreetypesofmechanismsthat

groundagglomerationeconomies(sharing,matchingandknowledgespillovers,according

totheclassificationdevelopedbyDurantonandPuga(2004)).Sharing:Localcompanies

arelikelytobenefitnotonlyfromsharinglargerlocalproductionfactormarkets,butalso

fromsharingdensersocialconnectionsbetweenagentsonthefactorsupplyside.Social

networksareknowntofacilitatethecirculationofinformationontheavailabilityofjobs

(Granovetter,1973;Calvó-ArmengolandZenou,2004),inparticularforfindinghighly

qualifiedjobs(Granovetter,1995).Concerningthecapitalmarketfactor,inter-individual

networksarealsoknowntobecrucialdeterminantsofthesyndicationbehaviourinthe

venturecapitalbusiness(SorensonandStuart,2001). Matching:Jobsearch models

suggestthatinterpersonalrelationsmayreducethecostsofacquiringinformationon

potentialmatchesandincreasethequalityofmatches.Hanakietal.(2010)showthat

inventorswhohadprofessionalrelationswiththeemployeesofhis/hernewemployerare

moreproductiveandhavelongertenure.Intermediariesinthenetworkmayalsoplay

theroleofreferencepersonstherebymitigatinginformationasymmetryproblemsprior

tothematches(Montgomery,1991). Knowledgespillovers:Itisprobablythemechan-

isminwhichsocialnetworkshavethemostprominentrole.Marshall(1890)explained

howlocallygeneratedideascanbediffusedthroughsocialandprofessionalinteractions

‡Thischapterisbasedonanarticleco-authoredwithNicolasCarayolandPascaleRoux.
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andtherebygaininbeingimprovedandcombinedwithothersuggestions. Knowledge

spilloversinlocalenvironmentsnearlyalwaysinvolvenon-marketsocialrelationsthrough

whichknowledgeactuallydiffuses.1

However,CarlinoandKerr(2015),whoreviewstudiesonagglomerationandinnov-

ation,arguethat“thereisverylittleinsightintohowknowledgeistransmittedamong

individualslivinginclosegeographicproximity. Presumablythisoccursthroughboth

professionalandsocialnetworks,butthishasnotbeenconfirmed”(CarlinoandKerr,

2015).Thoughmanycasestudieshaveemphasizedthatsocialnetworksgroundtheper-

formanceofclusters(Saxenian,1991;Porter,1998)andarelikelytosustainknowledge

spillovers(cf.Singh,2005;Agrawaletal.,2006;BreschiandLissoni,2009),onlyafew

largeempiricalstudieshaveinvestigatedtheroleofsocialnetworksonlocalinnovation

usingexplicitsocialnetworkdata. Toourknowledgetheonlyexceptionsare(Fleming

etal.,2007)and(LoboandStrumsky,2008),basedonnearlyidenticalUSpatentdata

fromthelateseventiesto2002.Theyregress,attheMSAlevel,patentscountsagainst

networkvariablesbuiltusingco-inventionpatternsandothercontrols.Bothstudiesfind-

ingsaresomewhatnegativeconcerningtheinfluenceofprofessionalnetworksonregional

innovativeperformancewhilemoretraditionalagglomerationfeaturesprovetobemuch

morerelatedtoinnovation.

Inthisstudy,weaimatreassessingwhetherinventorsnetworksdofavourregional

innovation,andifso,how.Buildingontheliteratureonnetworkcentrality(Katz,1953;

Bonacich,1972;BrinandPage,1998;Ballesteretal.,2006),weproposesimpleand

flexiblemicro-foundations,conceptualizinghowinventorsproductivitycanbeaffected

bytheirnetworkofsocialconnections. Thismodelcontainsthreekeyingredientsthat

willbetestedintheempiricalpartofthechapter:connectivity,complementarityand

rivalry.Connectivityisthemostbasicassumption.Itstatesthatinventorsproductivity

is(hypotheticallypositively)affectedbyconnectionstootherinventors.Complementarity

positsthataninventorefforts’productivitydependspositivelyontheeffortsthathis/her

partnersputintoknowledgeproduction.Thisassumptioncapturestheideathatallpart-

nersarenotthesame: moreactiveneighboursarecontributingmoretoego’sinventive

productivity.Rivalrypositsthatthebenefitonecandrawfromeachcollaborationisin-

verselyrelatedtothenumberofconnectionsofthatpartner.Thiscapturestheideathat

incomingknowledgeorinformationflowsarereducedwhenpartnersaremoreconnected.

Consequently,rivalryimpliesthatnewconnectionsincursomelocalnegativeexternality.

Aswewillshowinthischapter,thisverysimpleset-upimpliesthat,attheequilibrium,

inventorsproduceeffortsthatareproportionaltotheircentralityinthenetwork(asin

Ballesteretal.,2006).Theformofnetworkcentralityimpliedbythemodelisnewanden-

compassesexistingcentralitymeasuresasspecificcases,suchastheDegree,theBonacich

andthePage-Rank.Themaincharacteristicofthiscentralitymeasureisthatitisruled

1Otherwise,knowledgemayalsobetransferredthroughmarkettransactions(e.g.lobarmobility,
specializedbusinessservices),butthennetworksarebackintothepicturethroughmatchingmechanisms
(Porter,1990).
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bythechosenlevelsofconnectivity,complementarityandrivalry,whichwillestimated

inourempiricalexercise,highlightinghownetworkspresumablyaffectinnovation.In

particular,complementarityincreasestheimportanceofbeingdirectlyconnectedtomore

centralagentsinthenetworkandthereforecapturesthepositiveeffectofbeingconnected

tostarsinthenetwork.

OurempiricalevidenceisbasedonpaneldataofnearlyonehundredthousandFrench

inventorsandtheircollaborationsfortheperiod1981-2003previouslycleaned,disam-

biguatedandmatchedwithcompanymandatorysurveysdata(Carayoletal.,2015).

Theanalysisiscarriedoutattheregionallevel,identifiedbyFrenchemploymentareas

(EAs),combinedtoseventechnologicalfields. Ourmicro-foundedmethodologyallows

ustorefrainfromregressingregionalperformanceonseveralnetworkstatistics(often

highlycorrelated)inanad-hocmanner. Weestimateamodelinwhichthefuturepatent

productionofagivenemploymentarea×technologyisafunctionoftheaveragenetwork

centralityoftheinventorsofthisEA-technology.Thestructureofthedataallowsusto

includeavarioussetofcontrolssuchasEA-technologyandtime-technologyfixedeffects.

Theresultsshowthat,firstofall,theinventorsproductivityareindeedpositively

affectedbytheirconnectionsinthenetwork(connectivity):inventors’centralityhasa

positiveinfluenceonregionalinnovation.Thisfirstresultdemonstratesthatthecollab-

orationnetworkofinventorsarenotjustequilibriumpropertiesthatwouldbeshapedby

otherphysical,socialoreconomicconditions.Thisisforinstanceimplicitlyassumedin

economicgeographymodelssuchastheonedevelopedbyHelsleyandStrange(2004),in

whichagentsmeetrandomlyincitiesandthesemeetingsinturnsupportlearningoppor-

tunitieswithsomeprobabilityorknowledgeexchanges.Forthem,thearchitectureofthe

connectionsisnotrelevant,neitherformeetingprobabilitiesnorfortheexpectedbenefits

ofthesemeetings.Ourresultsshowinsteadthatthearchitectureoftheprofessionalcol-

laborationnetworksofinventorsarenotjustaby-productofagglomerationbutrelevant

statevariablesexplainingfutureinnovation.

Oursecondmainempiricalresultisnegative,inthatwefindnoevidenceofrivalry

inthewaynetworkssustaininnovation. Thisfinding,whichisrobusttoalonglistor

robustnesschecks,isinsupportofaninterpretationofthenetworkbenefitsintermsof

diffusionandcontactratherthanintermsofsharedtimeandeffortsincommonprojects

(whicharerival).Oneimplicationisthatnetworkconnectionsdonotimplyanynegative

externalityonneighbours.Thethirdmainresult,althoughlesssystematic,supportsthat

thereissomecomplementarityeffectatplayinthenetwork.Thiscomplementarityeffect

isverifiedonlywheneither:themostprolificinventorsareexcludedasrecipientsofthese

effects(top-fiveortop-onepercent),onlythemostinnovativeEA-fieldsareconsidered,

onlyintra-regionalnetworksareaccountedfor,orlargerspatialunitsofanalysisare

used(NUTS3insteadofEA).Lastly,wealsoshowthattheefforts-basedviewofour

microeconomicmodel,whichsustainsthecomplementarityofeffortsinterpretationof

previousresult,isjustified.Indeed,aslightmodificationofthemodel,notretainingthis
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feature,predictsarelationbetweenthenetworkandinventionwhichisnotsupportedby

thedata.

Thenextsectionreviewstheliteratureoncollaborationandthebenefitsprovidedfrom

thenetworkattheinventorandattheregionallevel.Section3.3presentsthemodelwhich

linksinventors’productivitytotheirnetwork.Thedata,variablesandtheeconometric

strategyaredescribedinSection3.4.TheresultsarepresentedinSection3.5.Thelast

sectionprovidesconcludingremarks.

3.2 Why wouldinventorsnetworks matterforre-

gionalinnovation

Inthissection,ourobjectiveistoexplainwhyandhowinventorsnetworkshouldmatter

forregionalinnovativeness. Researchershavehighlightedtheimportanceoflocalized

knowledgeflowsascrucialdriversoflocalinventivity. Thisisalsoconsistentwitha

strongassumptionmadeineconomicgeographyaccordingtowhichknowledgespillovers

groundtheformationofindustrialandinnovativeclusters(Section3.2.1). Knowledge

flowsthrough(various)interpersonalrelationsofresearchersand/orengineers,whichare

essentiallytiednearby(Section3.2.2).Finally,therearemanyreasonstothinkthat,asan

"invisiblecollege"ofacademicresearchersexist,communitiesofinventorswouldaccount

forinventiveness.Paradoxically,thefewstudiesthathavesoughttorevealthisinfluence

arenotconclusive(Section3.2.3).

3.2.1 Agglomeration,knowledgespilloversandregionalinnova-

tion

Whatexplainstheinnovativenessofaregion? Afirstresponsecanbeindirectlyfound

inMarshall (1890),followedbyJacobs(1961)andJaffe(1986),whodescribedthree

reasonsforwhichproductiveactivitiestendtoclusterinspace:theproximitytodedicated

suppliersandservices,thepresenceofalobarmarketpoolingandtheexistenceoflocalized

knowledgespillovers.Thosebenefitstoagglomerationseemtoplayfullyforinnovation

activitiessinceithasbeenprovedinmanywaysandindifferentcontexts(national,

sectoral)thatinnovative(R&D)activitiesandinnovationsareevenmoreconcentrated

thanaremanufacturingindustries(e.g.,AudretschandFeldman,1996;Carrincazeaux

etal.,2001;BuzardandCarlino,2013).

Recently,CarlinoandKerr(2015)surveytheoreticalmodelsexamininghowthese

mechanismscouldoperateforinnovation. UsingDurantonandPuga(2004)taxonomy,

theysetthereasonswhysharingcommoninputs(suchasskilledlabour,specialized

businessservices,entrepreneurialfinance),benefitingfromlabourmarketpooling(which

improvesthequalityofmatchesandthemobilityofworkers)andfromlearning(thanksto
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localinformationdiffusion)areeachrelevantforinnovativeactivities.Unfortunately,the

empiricalidentificationoftheoutcomeofeachofthesemechanismsintermsofknowledge

generationisproblematicandindeed,thereisaseverelackofempiricalevidenceonthese

issues(CarlinoandKerr,2015).

Amongthosemechanisms,knowledgespilloversareofcriticalimportanceinexplaining

localcreativityandinnovation.ThishasbeenalsopointedoutinNewGrowthTheory

models,whichemphasizetheroleofknowledgeflowsascrucialdriversofeconomicgrowth

(e.g.Lucas,1988;Romer,1990).Inparallel,abundantempiricalevidences,mostlyrelying

onknowledgeproductionfunctions,highlightthatsuchknowledgespilloversarespatially

andtechnologicallybounded(seeJaffe,1986;Anselinetal.,1997;Orlando,2000;Autant-

Bernard,2001;Feldman,1999,forareview).Jaffeetal.(1993)orAlmeidaandKogut

(1997)havetakenadifferentroutetoexaminehowknowledgeflowsinspace,usingpatents

data. Theyusepatentcitationstotracetheflowsofknowledgefromoneinventionto

another.Theycomputeandcomparetheprobabilitiesofpatentscitingpriorpatentswith

inventorsfromthesamemetropolitanareaagainstarandomlydrawncontrolsampleof

citedpatents.Theyshowthatcitationsare(accordingtosamples)two,threeorevensix

timesmorelikelytocomefromthesameareathancontrolpatents.

3.2.2 Inventors’relationshipsvs.co-location

Ifknowledgespilloversmainlyoccurlocally,ideasarenotcirculating“intheair”. Es-

peciallywhencomplex,tacitoradvanced,theirdiffusionimposeinterpersonalrelations

betweenresearchersand/orengineerswhichmayspanfirmorinstitutionsboundaries

(FlemingandMarx,2006). AccordingtoSaxenian(1996),thoserelationsareoftenin-

formal. Moreover,theSiliconValleywascharacterizedbyahighmobilityofworkers

acrosscompanies.Thisled,atleastpartly,toasuperiorandlastinginnovativeperform-

anceofthisregion,contrastingwiththedeclineoftheBoston-Route128cluster.Thus

co-locationisonlypartofthestory:thishasbeenprovenmoresystematicallythanks

totheavailabilityofpatentsandpublicationsdatawhichmake(atleastinpart)vis-

ibleboththeseflowsofinformation,throughcitations,andofcollaborationsbetween

inventors,throughco-patentingorco-publication.BreschiandLissoni(2003)andSingh

(2005),respectivelyforUSandEuropeaninventors,showthatinterpersonalconnections

arethesupportofsuchknowledgespilloversandthatknowledgeflowdecreasessharply

withsocialdistance.Theseauthorsfoundthatbeinglocatedinthesameareahaslittle

ornotsupplementaryimpactontheprobabilityofknowledgeflowbetweeninventorsthat

alreadyhaveclosenetworkties.Theimportanceofrelationsbetweeninventorsassupport

ofknowledgetransmissionwasalsoevidencedbyFlemingandMarx(2006)onthebasis

ofinterviewsofarepresentativesampleofU.S.patentinventors.

Indeed,itturnsoutthatinventors’relationshipsaremainlytiedlocally.UsingEuropean

patentdata,CarayolandRoux(2007)analysethegeographicdistanceseparatinginvent-
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orswhoco-inventapatent. Theyfoundthatmorethan75%ofsuchconnectionsare

achievedbetweeninventorsthatliveatlessthan50kmfromeachotherwhilelessthan

4%oftheconnectionsareformedbetweenagentswholiveatmorethan550kmfromeach

other2. Oneexplanationislinkedtothecostsofmaintainingconnectionswhichwould

increasewithdistance:closelylocatedagentsincurlowercoststoestablishcommunica-

tionsandtocoordinate,intermsoftransportingcostsandtime.Anotherexplanationis

thefactthatgeographicproximitybetweeninventorsandtheiragglomerationfavourthe

chanceofmeetingandmatching.Thus,geographicproximityorco-locationseemtobe

imperfectproxiesoflocalrelationshipswhichgenerateknowledgespillovers.Ontheother

hand,geographicspaceisnonneutralfortheprocessofrelationsformation.Insociology

andotherprofessionalcontexts,thereisevidenceofapositiveeffectsofgeographical

proximityoninter-organizationalrelationsformation(PowellandGrodal,2005;Sorenson

andStuart,2008).Thusrelationshipsandgeographyarelikelytooverlap.

Therearevariouschannelsthroughwhichtherelationsbetweeninventorsfostertheir

productivity.Innovationconsistsfundamentallyinarecombinationofexistingknowledge

thateventuallyleadstoanewdeviceorknowledge(e.g.NelsonandWinter,1982;Basalla,

1988;HendersonandClark,1990;SorensonandFleming,2004;Sorensonetal.,2006).

Fleming(2002,p.1072)considersaninnovationasanynew“combinationorrearrange-

mentofcomponents[...],regardlessof[...]itssuccess”,wheretheterm‘component’is

meanttohaveabroadmeaning,encompassingabstractideasandphysicalobjects.Thus,

theroleofcollaborationcanbeunderlinedbythisneedofrecombination.Asthesetof

knowledgearesearchermastersisbounded,collaborationmakespossible,bycombining

differentknowledgesets,toextendthesetofknowledgethatisaccessiblefortheteamand

wouldhavenotbeenattainablealone(seee.g.,AroraandGambardella,1994;Weitzman,

1998;Fleming,2002;Jones,2009;Leeetal.,2015).

Inaddition,collaborationmayhavealastingeffectoninventors’productivity.Inthe

collaborationprocess,inventorscanlearnnewskillsorbenefitfromthespecificknowledge

possessedbytheircollaborators(BercovitzandFeldman,2011).Forinstance,inasurvey

onscientists’incentivestocollaborate,Freemanetal.(2014,table4)reportthat,for

morethan85%ofthesample,“learningfromeachother”wasanessentialmotivationto

collaborate.Furthermore,socialinteractions,mainlyintheformoffacetofacecontacts,

aretheonlymediumtoallowthesharingoftacitknowledgeembodiedinscientistsandnot

existinginacodifiedform(DasguptaandDavid,1994;CowanandForay,1997).Thus,

onlysuchinteractionsallowtodrawfromaspecific,notavailabletoall,setofknowledge.

Thisechoestotheideathatsomespecificsetsoftacitknowledgeareakinto‘clubgoods’

sothattheonlypossiblewaytoaccessthisknowledgewouldbefromcollaborationwith

scientistsfromthisclub(BreschiandLissoni,2003).

Furthermore,whilethereareimmensepossibilitiesofknowledgerecombinations,only

2Theyalsofoundthatmostgeographicallymobileinventorsremaininthesamearea:nearly86%of
mobileinventorshaveamaximaldistancebetweentheirdifferentlocationswhichislessthan50km.
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afewmayyieldanyimportantcommercialoutcome.Fromtheinventor’sorfirm’sview-

points,asresearchiscostly,itisthenessentialtoefficientlyidentifywhichideamaylead

toavaluableinnovation.Inthissituation,interactionsplaysacriticalrolesincetheyal-

lowtheindividualstoenteraprocessofquickexchangeandassessmentofideasimplying

thatlowvalueideasaremoreefficientlyspottedandsiftedout(e.g.,Flemingetal.,2007;

SinghandFleming,2010;Leeetal.,2015).Stateddifferently,inventorsmuststeertheir

talentandenergytotherightdirection,otherwise,theireffortscouldleadtodeadends

ornewknowledgethatisnotvaluable(SinghandFleming,2010).

Learningeffectscombinedwithabetterselectionofideasbroughtaboutbycollab-

orationimplythatinventorsbenefitingfrommanysocialconnectionscanhaveabetter

knowledgeofwhichideasorfutureresearchpathscanbevaluable.Inotherwords,social

connectionsalsoallowtheinventorstobemoreawareofwhichdirectiontosailinthe

“unchartedseaoftechnologicalpossibilities”(Schumpeter,1943,p.103).Theseeffects

maybelastingbeyondthecollaborationterm.

Finally,thesocialconnectionsmayalsofostertheinventors’futureproductivitythrough

anotherchannel:theyalsoconstitutearepositoryofinformationinwhichindividualscan

drawinformationonpossiblepartners(e.g.,GulatiandGargiulo,1999;ter Wal,2014).

Thisinturnmayhelptheminfindingfuturepartnersthatarelikelytobegoodmatches,

andsubsequentlyincreasetheproductivityoftheirfuturecollaboration.

3.2.3 Inventorsnetworksandregionalinnovation

Someauthorshavestartedtoinvestigatetheoreticallytheimpactofthefullnetworkof

researchrelationsontheinnovationwithinregionsorsystems.Theyaimtoidentifywhich

networkcharacteristicsaremostrelevanttoexplainfirms’orregionalinnovativeperform-

ance,lookingatboththeirlocalandglobalstructuralproperties.Someofthemfocused

onthe“small-world”propertyofsocialnetworks(WattsandStrogatz,1998),whichis

thecoincidenceofhighlocalclusteringandshortglobalsocialdistanceseparatingagents.

CowanandJonard(2004)modelknowledgediffusionbetweenagentswhobarterdiffer-

enttypesofknowledge.Theyexaminetherelationshipbetweentheknowledgenetwork

architectureanddiffusionperformance. Theyfoundthattheefficiencyofknowledge

transmissionisaffectedbytheglobalarchitectureofconnectionsamongagents:diffusion

performanceismaximalwhenthenetworkexhibitsbothhighlocalclusteringwhilesome

fewrelationshipsarelongdistance.Itisgenerallyarguedthatthistensionbetweenin

theonehand,localclusteringwhichfosterscommunicationandenforcescooperation,and

ontheotherhand,distantconnectionswhichbringnon-redundantconnections,isatthe

coreofthecreativeoutcomesofsmallworlds(e.g.,FlemingandMarx,2006).

Usingtheanalogyofinnovationasarecombinationprocesshelpsustoseethispoint.

Inventorsofagivenregiondevelopinventionsbasedontheirsetofexistingknowledge.If

theydocollaborateonlyinternallytotheregion,thesetofknowledgetoberecombined
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mayenduptoberedundant,andthisinturnmayexhaustthesetofpossiblevaluable

innovations(BerliantandFujita,2008,2012).Thenetworkcancompensatethislackof

renewalofexistingknowledgeifsomeagentsdocollaboratewithotherregions(Bathelt

etal.,2004). Theseexternal(totheregion)connectionscanbringinnewpossibilities

ofinnovation,astheknowledgeavailableinotherregionsislikelytobedifferentiated.

BerliantandFujita(2012)theoreticallystudiedthedevelopmentofknowledgeembodied

inscientistsacrossregions. Theyshowthatinter-regionalconnectionsarecriticalto

enhancetheproductivityoftheeconomybycombiningdifferentknowledgesets.Thus,

theinventorsnetworkmattertoregionalproductivityaslinkagestootherregionsmay

renewtheknowledgebaseoftheregionandbenefitregionalinnovation.

Furthermore,thedensityoftheregionalnetworkisimportantsinceitcanhelpideas

toflowmoreeasilyacrosstheconnectionsofthenetwork,increasingregionalproductivity.

Indeed,collaborationsallowtheinventorstobemoreefficienttoselectvaluableideasand

tobemoreawareofthevaluabledirectionsofresearch.Thesetwobenefitsofcollaboration

candiffusealongsocialconnections(SorensonandFleming,2004;Sorensonetal.,2006)

andmakethewholenetworkmoreproductive.Allthemore,socialconnectionscanhelp

thescientiststobemoreawareofwhocouldbeagoodpartnerforthem.Inthisvein,

thedenserthenetwork,themoreeachscientistcandrawinformationontheirpossible

partners.Therefore,theallocationofinventorsacrossteamsmaybemoreefficientoverall

inregionswithdensenetworks,consequentlyincreasingfutureregionalproductivity.

Thoughwehavegoodreasonstoexpectthatthewholewebofrelationsmattersfor

regionalinnovation.Paradoxically,thefewempiricalstudiesexaminingthislinkhavenot

beenconclusive.Flemingetal.(2007)haveinvestigatedwhetherregionswhoseinternal

inventorsnetworkdisplayeda“small-world”structurearemoreinventivethanothers.

TheyrelyonUSpatentdatafromthelateseventiesto2002andregress,atthemetro-

politanstatisticalarea(MSA)level,patentscountsagainstnetworkvariablesandother

controls. Theyfindnoevidenceofsuchpattern:socialaveragedistanceisnegatively

correlatedwithinnovationwhileclusteringandtheinteractionbetweenthetwovariables

arenotsignificant.Onnearlyidenticaldata,(LoboandStrumsky,2008)moreexplicitly

studytheseparateeffectsofinventorsagglomerationandoftheircollaborationnetworks

onlocalpatentingbehaviour.TheyfindthatwhenagglomerativefeaturesoftheMSAare

controlledfor,structuralcharacteristicsofthenetworkhavesmalleffectsonmetropol-

itanpatenting. Moreover,theyfindaslightlysignificantnegativeeffectofdensityofthe

inventorsnetworkonregionalinnovation. Differentstudiesinothercontexts(scientific

orartisticproductionsforinstance)arenotmoreconclusive(e.g.,UzziandSpiro,2005;

Guimeraetal.,2005;Smith,2006).

Thosepuzzlingresultschallengethewaysocialnetworksandtheiroutcomesforindi-

vidualsareapprehended.Inthefollowingsection,wethusproposeamodelallowingus

togoinsidetheblackboxofsocialnetworksandtoexaminehowtheymatterforlocal

innovation.Thesemicro-foundationswillguideourempiricalinvestigations.
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3.3 A modelofpatentproductionattheinventor

level

Thissectionintendstoprovideasimpleviewofhowinventors’productivitymaybeaf-

fectedbytheirsocialconnections,andhencehowthenetworkstructuremayinfluence

innovation.FirstSection3.3.1describesthemodelandSection3.3.2illustratesitsim-

plications.

3.3.1 The model

ThemodeldevelopedinthissectionisclosetotheoneinBallesteretal.(2006),inwhich

eachagent’sproductivityislinkedtohis/hernetwork.Itisstylizedandintegratesonly

network-relatedcharacteristics. Weimplicitlyassumethattheeffectthenetworkhason

inventors’productivityisindependentfromanyotherdeterminantofproductivityand

arethusdiscardedfromthepresentanalysis.3Lateron,intheempiricalsection,other

factorsthatmayaffectinventor’sproductivitywillbecontrolledfor.

Consideranetworkofnnodes,wherethenodesrepresentinventorsandtheconnec-

tionslinkingthenodesareinteractionsbetweeninventors.Theseinteractionscanbeseen

asprofessionalconnectionsbasedonpastorpresentcollaborations.Thesetofallnodes

andlinkscanberepresentedbythesymmetricmatrixg,whichithlineandjthcolumn

entrygij=1ifinventorsiandjarelinked,andgij=0otherwise. Self-relationsare

excluded(gii=0).Further,ifgij=1,theninventorsiandjarereferredtoasneighbours

andNi≡{j|gij=1}representsthesetofalli’sneighbours.Further,thenumberoflinks

ofaninventorisnoteddi≡
n
j=1gij=#Niandisreferredtoasi’sdegree.

Letyibetheinventiveproductivityofagenti,alsoconsideredasequaltoi’sgross

payoffs.Itismodelledinasimplefashion,relyingontheonehandupontheeffortshe/she

exertstoproduceinventions,notedei,and,ontheotherhand,upontheproductivityof

theseefforts,notedψi. Weconsiderthemostsimpleandintuitiveformtocombinethese

twocomponentsintoyi,amultiplicativeform,sothat:

yi=ei·ψi. (3.1)

Turningtotheutilityfunction,weassume,asinBallesteretal.(2006),thatthe

amountofeffortexertedhasanegativeandconvexeffectonutility.4Thisleadstothe

followingutilityfunction:

u(ei,ψi)=eiψi−
e2i
2
. (3.2)

3ThisapproachiscomparabletotheonedevelopedbyCalvó-Armengoletal.(2009),who,studying
peer-effectsatschool,assumedthatpupilscouldproducetwokindofefforts:network-relatedeffortand
non-network-relatedeffort.Similarly,weareinterestedinnetwork-relatedeffortsonly.
4Notethatincludingaparameterintheutilityfunctionwhichsetsthenegativeeffectofeffortwould

implynochangeintheresults,asshowninAppendix3.7.2.
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Themainingredientofthemodelistheproductivitycomponent,whichrelyuponthe

inventor’snetwork.Asseenintheprevioussection,networkconnectionsarebeneficialto

producinginnovationthroughvariousmechanisms.Thewayweconceptualizeproductiv-

ityisbasedontwomainideas. First,productivitycanbeincreasingwiththeefforts

oftheconnectedagents. Whateverthetypeofspilloverinvolved–beitthelearning,

diffusionorselectionofideas–theincreaseintheconnectedagents’effortsininvention

generationenhancesthereturnsfromone’sownefforts.Thisimpliesthateffortswould

becomplementary.Second,thebenefitsgainedfromcollaborationcanbedecreasingwith

thepartner’sdegree.Thisideaisverysimilartotheoneintheco-authormodelofJackson

and Wolinsky(1996).Intheirmodel,becauseoftimeconstraint,eachauthoreffortsare

dividedamongalltheprojectshe/sheisinvolvedin.Thuseachnewconnectioninvolves

anegativeexternalityonpartners. Weassociatethisideatothenotionofrivalry.

Finally,weintegratethosemechanismsinthisfollowingsimpleexpressionforpro-

ductivity:

ψi(g,e)=1+λ
j∈Ni

eαj

dβj
, (3.3)

whereeisthevectorofallefforts,andλ,αandβareparameters. Wesupposethat,

whennotconnectedtoanyoneinthenetwork,anyinventorhasthesameproductivity

level,normalizedtotheunity.5 Theparametersλ,αandβeachhasaninfluenceon

inventors’productivityandeachcarryadifferentmeaning. Weherebysummarizethe

threeparameterswiththeperspectiveofwhichkindofnetworkstructuretheyunderlie:

λ(Connectivity):scalesthebenefitstoproductivitystemmingfromthenetwork.If

λ=0,theinventor’snetworkhasnoeffectonhis/herproductivity.Thehigherλ,

thehigherthebenefitsdrawnfromthenetworkascomparedtotheautonomous

partnormalizedtoone.

α(Complementarity):scalesthebenefitstoproductivitystemmingfromthecomple-

mentarityofefforts.Thehigheritis,themoreonewillbenefitfromthepartner’s

effort.Itshouldbenotedthattheeffortofoneagentmay‘spread’itsexternalbene-

fitsfurtherthanhis/herdirectconnections.Indeed,anincreaseintheeffortofone

inventorwillrisetheproductivityofhisdirectconnections,whichwillleadthemto

increasetheireffortswhichwillinturnrisetheproductivityoftheirneighbours,etc.

Ifα=0,thenthepartner’spositioninthenetworkdoesnotmatterwhatsoever.It

wouldimplythatthebenefitstemmingfromanypartnerwouldbeidentical.

β(Rivalry):scaleshowmuchtheaccesstoone’seffortisrival. Ahighvalueofthis

parametermeansthatthebenefitsstemmingfromthenetworkareinfactrival,so

thathighlyconnectedagentswillonlyslightlybenefittotheircolleagues. Onthe

contrary,inthecasewhereβislow,forinstanceβ=0,thenthereisnorivaleffect:

5Notethatsettingthedefaultproductivityleveltoanyothervaluehasnotimplicationontheresults,
asshowninAppendix3.7.2.
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theexternaleffectwillfullybenefittoeachofhis/hercollaborators.Inthislineof

thought,alowvalueofβcouldbeinterpretedasiftheflowsinvolvedinnetwork

connectionsweremorerelatedtothediffusionofinformationandcontactprocesses

thanreallyinvolvingsharedtimespenttogether.

Wenowlookattheequilibriumeffortsandsubsequentinventors’productivity.Ifeachin-

ventormaximizeshis/herutilitywhiletakingtheeffortofallotherinventorsasgiven,then

theNashequilibriumyieldsthefollowingequilibrium:e∗i=ψi(g,e
∗),∀i,andnetwork-

relatedproductiony∗ithusequalsy
∗
i=ψ

2
i(g,e

∗).Itturnsoutthat6

y∗i(g,λ,α,β)=c
2
i(g,λ,α,β), (3.4)

whereci(g,λ,α,β)isacentralitymeasurethatdependsonlyonthepositionoftheinventor

withinthenetworkandonthethreeparametersλ,αandβ.Thisnetworkcentralityis

definedbythefollowingrelation:

ci(g,λ,α,β)=1+λ
j∈Ni

cαj(g,λ,α,β)

dβj
. (3.5)

Thisformofcentralitylinksthecentralityofitothecentralityofhis/herpartnersina

fashioncloselyrelatedtotheBonacichcentrality.Infact,thecentralitymeasuredefined

byEquation(3.5)isageneralizedformofcentralitythatincludesvariousformsofclassical

centralitymeasures. Dependingonαandβ,thiscentralityrelatestoeitherthedegree

centrality(Bavelas,1948),theBonacichcentrality(Bonacich,1987)orthePage-Rank

centrality(Katz,1953;BrinandPage,1998). Therelationwiththeexistingformsof

centralityisgivenbyTable3.1.Theseexistingcentralitymeasurescanbeobtainedfor

differentvaluesofparametersαandβ:forinstance,thedegreecentralitycanbeseenasa

situationinwhichthereisnocomplementaritynorrivalryatplay,whileattheotherend

thePage-Rankcentralityreferstoasituationinwhichbothcomplementarityandrivalry

occur.

Finally,aninterestingpropertyofthecentralitydefinedbyEquation(3.5)isthat,

contrarytotheBonacichorthePage-Rankwhicharedefinedonlyforalimitedsetofλ,7

wheneverα<1,thiscentralityisdefinedforanyλ≥0.8

Themaininsightstemmingfromthemodelisthat,ifthereisanyeffectfromthe

network(λ>0),inventorsshouldbeinfluencedbytheirnetworkcentrality.Thiscentrality

inturncanfavourdifferentkindsofnetworkpositioningdependingontheparametersα

andβ.Themainendeavouroftheremainingofthechapterwillbetousethesemodel’s

6TheproofisgiveninAppendix3.7.1.
7MoredetailsontherestrictiononλaregiveninSection3.4.3,describingtheempiricalconstruction

ofthevariable.
8TheproofisgiveninAppendix3.7.3.
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Table3.1–Summaryoftheexistingcentralitymeasurestowhichthecentralitydepicted
byEquation(3.5)isequivalent,dependingonthevaluesoftheparametersαandβ.The
lastcolumnprovidestheformulaofthecentralitywhentheparametersαandβareset
asinthefirstcolumn.

(α,β) Centralityname Relatedformula

(0,0) Degreecentrality ci=1+λdi,∀i

(1,0) Bonacichcentrality ci=1+λ
j∈Ni

cj,∀i

(1,1) Page-Rankcentrality ci=1+λ
j∈Ni

cj
dj
,∀i

resultstotest:1)iftheinventorsnetworkaffectregionalinnovationandifso2)which

kindofnetworkstructuremostfavoursinnovation.

Nextsubsectionillustratesthelinkbetweenα,β,andnetworkposition.

3.3.2 Illustrations

Inthissectionwefirstillustratewhichtypeofindividualnetwork-positionisranked

highestalongdifferenttypesofcentrality.Then,usingdataonco-inventions,thecentrality

ofregionalnetworksisillustrated.

Toillustratethedifferencesinnetworkstructureimpliedbytheparameters,wenow

comparethecentralityvaluesoftheagentsofthenetworkrepresentedinFigure3.1.This

figuredepictsanetworkconsistingof7agents,fourofwhicharefullyconnectedwitheach

others(agents2,3,4and5)andtwoofwhichhaveonlyoneconnection(nodes6and7).

Agent1isconnectedtothesetwogroups.

Wenowdiscussthecentralitymeasureswithrespecttothevaluesof αandβ,consid-

eringthefourtypesofagents:1,2,3and6.Thecentralitiesarecomputedwithλ=0.2

andarereportedinTable3.2a.Assume(α,β)=(0,0),sothatthereisnocomplementarity

norrivalryinthenetwork,i.e.,thebenefitsstemmingfromanyconnectionisthesame.

Thecentralityoftheagentsthenrelyonlyontheirnumberofconnections.Inthiscase,

agents1and2havefourconnectionsandthereforehavethehighestcentrality,followed

byagents3and6.

Nowconsiderthecaseofcomplementaritywithnorivalry: (α,β)=(1,0).Inthis

situation,one’sproductivitydependspositivelyonthepartner’seffort,andastherise
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Figure3.1–Stylizedexampleofaninventornetwork.

inproductivityspursone’seffort,thisneweffortwillinturnincreasethepartner’spro-

ductivity,whichwillincreasethepartner’seffort,etc.Therefore,complementarityimplies

thatinterconnectedagentsaretheoneswhobenefitthemorefromthistypeofcentrality.

Thismeansthat,despitehavingthesamenumberofconnectionsasAgent1,Agent2will

havethehighestcentralitybecausehe/sheliesinaclique(afullyconnectedsubnetwork).

Finally,takethecaseinwhichbothcomplementarityandrivalryoccurs: (α,β)=

(1,1).Althoughthereiscomplementarity,therivaleffectmeansthatthebenefitfromthe

networkdecreaseswiththedegreeofthepartner.Thus,rivalryimpliesthatconnections

toisolatedagentsaremorebeneficialthanconnectionstoagentsinaclique.Hence,Agent

1willhavethehighestcentralityinthissituation.

So,astheexampleshows,thenetworkpositionwhichprovidesthehighestbenefit

fromthenetworkisruledbytheparametersαandβ.Thequestionwewillaskinthis

studythereforeis: Whatisthetypeofpositionwhichfavoursthemostinnovation?The

ideaistoassesswhetheraregionwhichhasmoreinventorsinagivennetwork-position

performsbetterthanothers.

LetusnowconcretelyillustratethispointwithFigure3.2,whichdepictsthreeregional

innovationnetworks.Thesenetworkarebasedonco-inventionsinthetechnologicalfieldof

‘chemicals’fortheperiod1991–1995.9Theinventorsarethenodesofthenetwork;theones

fromtheregionarecolouredinred.Allthelinkstotheinventorsofthearea-technology

arerepresented.Inventorsfromothertechnologicalfieldsarepicturedastriangles.

Inthesimplemodelweintroducedearlier,thenetwork-relatedproductionofeach

inventorwasequaltotheirsquaredcentrality.Thus,foreachgeographicarea,wecompute

theaveragesquaredcentralityoftheirinventors.Thiscentralityreferstothepositionof

9Formoreinformationonthedata,seeSection3.4.1.
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Figure3.2–Illustrationofthreeregionalnetworks.
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Table3.2–Centralitymeasures.

(a)Centralitymeasures,asdefinedbyEquation(3.5),for
thenodesdepictedinFigure3.1.Thevalueofλissetto
0.2.

AgentType Degree Bonacich Page-Rank
1 1.8 3.05 1.56
2 1.8 3.51 1.30
3 1.6 3.00 1.21
6 1.2 1.61 1.07

(b)AveragesquaredcentralityoftheregionalnetworksdepictedinFig-
ure3.2.Thevalueofλissetto0.04.

Region Inventors Degree Bonacich Page-Rank
Poissy 40 1.69 2.86 1.10
Nantes 33 1.45 3.44 1.07
BethuneBruay 31 1.51 1.81 1.11

theregionalinventorsintheglobalnetwork,whenallthelinksbetweenallinventorsare

takenintoaccount.ThecentralityforthethreeregionsaregiveninTable3.2b.

Asshownbythetable,eachoftheseareasfavoursadifferenttypeofcentrality.The

areaof‘Poissy’hasthehighestdegree,thehighestBonacichisfoundin‘Nantes’while

inventorsfrom‘BethuneBruay’havethehighestPage-Rankcentrality.

3.4 Dataandeconometricstrategy

3.4.1 Data

OurempiricalevidenceisbasedontheFrenchco-inventionnetwork. Thedataconsist

ofallEuropeanpatentapplicationsofwhichatleastoneinventordeclaredanaddress

inFrance,andwhichwerefirstappliedforbetweenJanuary1981andDecember2003.

Usingpatentdataraisesacleaningissueduetohomonymyproblemsoninventors’names

ortospellingerrors.Indeed,theproperidentificationofinventorscannotbeneglected

sincesmallidentityerrorsarelikelytoimplysignificantchangesinnetworkmeasures.For

instance,homonymyerrorsleadingtoconsiderthattwodifferentpersonsarethesamecan

leadtoerroneouslylinkdifferentcommunitiesofinventors.Severalmatchingalgorithms

havebeendevelopedtocopewiththeproblemofinventors’identification(forareview,

seeMiguélezandGòmez-Miguélez,2011). Theinventors’disambiguationisdoneusing

themethodologydevelopedbyCarayolandCassi(2009). TheyintroducedaBayesian

89



methodologyforestimatingtheprobabilitythattwoinventorsarethesamegivenaseries

ofobservablesprovidedbythedata,andthencalibratedtheirmodelusingabenchmark

ofinventorssurveyedonebyone.

Networkfrompatents. The modelofpatentproductionisbasedoninteractions

betweenknowledgeworkers. However,theseinteractionscannotbedirectlyobserved.

Instead,asroutinelydoneinnetworkstudiesusingpatentdata(seee.g.,Singh,2005;

Agrawaletal.,2006;CarayolandRoux,2007;Flemingetal.,2007;LoboandStrumsky,

2008;BreschiandLissoni,2009),thenetworkofsocialinteractionsisindirectlydrawn

fromthepatentrecords.Theunderlyingassumptionisthatallinventorsappearingina

patentrecorddidinteractwitheachother;orstateddifferently,co-inventionsnecessarily

implyinteractions. Thus,twoinventorswillbeconnectedinthenetworkiftheyboth

appearinapatentrecord.Thetwodrawbacksofthisassumptionare:1)falsenegatives:

interactionsoccurringwithknowledgeworkersthatarenotinthepatentdocumentare

ignoredand2)falsepositives:twoinventorsmayappearinapatentdocumentwithout

havingsignificantlyinteracted.Inparticular,thecaseofverylargepatentingteamsisa

concernforthesecondproblem. Whileassuming‘interactionsfromco-inventions’seems

aplausiblestanceforinventionsinvolvingafewinventors,thisismuchmoreproblematic

forpatentsinvolvinglargeteams. Becausethenumberofconnectionsevolveswiththe

squareoftheteamsize(aseverypairofinventoroftheteamisconnected),thenlarge

teamsimplyaverylargenumberofconnections,andbythenislikelytointroducemany

falsepositiverelations.Inconsequence,largeteamsmayartificially(andwrongly)inflate

thedensityofthenetwork. Todealwiththisproblem,wedecidedtowithdrawfrom

thesampleeverypatenthavingstrictlymorethan8inventors.Allthemore,verylarge

teamsisapeculiarpatterninoursample:bydoingso,weexcludelessthan0.2%ofall

patents.10 Finally,thepatentsdatabaseconsistsof124,825patentsand97,287unique

inventors.

Spatialunit. Asweareinterestedininvestigatinglocalinventiveperformance,thespa-

tialunitrequirestobedefined.ThemostaccurateregionalaggregationunitistheFrench

‘zonesd’emploi’whichcorrespondstoemploymentareas(EA).Theseareasarestatistical

constructsandarenotlimitedbyadministrativeboundaries.Theyareconstructedsuch

astomaximizetheshareofinhabitantswholiveandworkincompanieslocatedinthe

sameEA.11Theyusuallytaketheformofanareasurroundinglargetownsandcanbe

relatedtoU.S.metropolitanstatisticalareas,althoughbeingmuchsmallerintermsof

geographicalareaandpopulation.12Asinventorspersonaladdressesaregiveninpatent

data,wewereabletoassociatetoeachinventorineachpatentametropolitanFrench

10Intotal,only227patentshadmorethan8inventorsandwerethusexcluded.
11ContinentalFranceissplitin297‘zonesd’emploi’.In2012,theaverageshareofinhabitantsworking
inthesameareaasdefinedbythe‘zoned’emploi’was77.5%. Moreinformationonthosestatisticalareas
canbefoundinJayet(1985).Inthischapterweusethe2010definitionofthe‘zonesd’emploi’.
12TheaverageareaoftheEAsis1,818km2,andtheaveragepopulationis82,05.(INSEE,2010)
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town,andthentoanemploymentarea.Thoughsomeinventorsaregeographicallymo-

bile(abouttwelvethousand),theyhowevermostlyremaininthesameareas:nearly79%

ofmobileinventorshaveamaximaldistancebetweentheirdifferentlocationsoflessthan

20km. WheninventorsaremobileacrossEAs,theyareassumedtobefullyassociated

toeacharea.

Technologicalfields. Inordertoaccountforspecificpatentingschemesdependingon

thetechnologicalfield,theempiricalanalysiswillbecarriedoutcontrollingfortechnolo-

gicalfields. WhenfilingapatenttotheEPO,thepatentholderhastoassignittoone

orseveraltechnologicalclasseswhichcorrespondtoaninternationalpatentclassification

(IPC)code. TheIPCcodesarethentransformedinto7aggregatetechnologicalfields

accordingtotheObservatoiredesSciencesetTechniques(OST).13

Thestatisticalunitofanalysisisthearea-field,i.e.theEAcombinedtothetechno-

logicalfield.

3.4.2 Empirical modelandestimationprocedure

3.4.2.1 Anaggregatedarea-fieldproductionfunctionapproach

Theproductionofinnovationsofeacharea-fieldisassumedtofollowsimilarpatterns.As

instandardregionalknowledgeproductionfunctionapproaches,theinnovativeoutcomes

areobtainedfromacommonproductionfunctionwithsimilarelasticitiesacrossunitsof

observation(Flemingetal.,2007;LoboandStrumsky,2008).Themaininputconsidered

hereisthecontributionofinventorswhichisassumedtoconstitutethebackboneof

innovationproduction.Thebasicrelationdescribingthearea-fieldinnovationproduction

isthusgivenbythefollowingequation:

Ya,f=Aa,f·l
γ
a,f, (3.6)

inwhichYa,fisthearea-fieldinnovationoutput,Aa,fcontainsallspecificfactorsaffecting

regionalproductionandla,fisthesumofthecontributionsofallinventorsassociatedto

thearea-field.γisapositiveparameter.

IfweletinvSeta,f(resp.Inva,f)denotetheset(resp.thenumber)ofinventors

associatedtoareaaandtechnologicalfieldf,weareabletointroducetheindividual

inventivecontributionsoflocalinventorsasdefinedintheprevioussection,asfollows:

la,f=
i∈invSeta,f

eiψi(g,e). (3.7)

Theeffortsagentsexertandthedirectinfluenceoftheirneighboursarehowevertypically

13The7categories,referredtoasOST7,are:‘Electronics’,‘Instruments’,‘Chemicals‘,‘Drugs,Medi-
cine‘,‘Industrialprocess‘,‘Machinery,Transport‘,‘Consumergoods,Construction‘. Moreinformationon
thetransitionbetweenIPCtoOST7canbefoundinOST(2010).
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notobservableinthedata. Ourmicro-foundationssuggestthattheyareaffectedby

theirnetworksothat,intheequilibrium,theyareequaltothesquareofagentsnetwork

centrality(cf.Equation3.4),whichdependsontheinventorsnetworkandonthethree

parametersofconnectivity,complementarityandrivalry.Intheequilibrium,wethus

have:

la,f=
i∈invSeta,f

c2i(g,λ,α,β) (3.8)

Inthisequation,itisclearthatvariablela,fisinfactthecombinationoftwoelements:

1)asizeeffect,sinceitisthesumoverallinventorsassociatedtotheare-field,and2)

anetworkeffect,sincetheproductionofeachinventorisassumedtodependontheir

networkposition. However,asBettencourtetal.(2007)haveshown,thenumberof

inventorsisamajordeterminantofpatentproductionandistightlylinkedtoregional

size.Ifonewantstoidentifythenetworkeffect,itshouldbeseparatedfromthesizeeffect.

Inconsequence,thevariablela,fisbrokendownastheproductofthenumberofinventors

inthearea-fieldInva,fandtheiraverageequilibriumcontribution,notedc
2
a,f(g,λ,α,β),

andbothareassumedtohavedistinctexponentsinthearea-fieldinnovationproduction

function,asfollows:

Ya,f=Aa,f·Inv
σ
a,f·c

2
a,f(g,λ,α,β)

τ
. (3.9)

3.4.2.2 Estimationprocedure

Asdescribedinthenextsection,regionalproductionwillbemeasuredintermsofpatent-

citations,whichisacountvariable.AnaturalwaytoestimatethemodelistouseaPoisson

model.Indeed,contrarytolinearmodelswhichleadtobiasedcoefficientestimateswhen

dealingwithcountdata,aPoissonmodelcopessuitablywiththisissueandalsoallows

dealingwithover-dispersionissues(seee.g.,SantosSilvaandTenreyro,2006).Further,to

limittheproblemofomittedvariablesandsoastofullyexploitthepaneldatastructure

ofourevidence,weemployafixedeffectPoissonestimationwheretheunitofobservation

isthearea-field,sothateveryunobservableeffectspecifictotheareaandthetechnology

willbecontrolledfor.Further,time-fielddummiesarealsoaccountedfortocopewith

systematictimechangesintheproductionpatternsofeachtechnologicalfieldovertime.

Toavoidendogeneityissues,thedependentvariableisint+1sothattheexplanatory

variablesexplaintheproductionofthesubsequentyear(asinFlemingetal.,2007).

Finally,theequationthatwillbeestimatedis:

E Ya,f,t+1 =da,f·df,t·Controlsa,f,t·Inv
σ
a,f,t·c

2
a,f(gt,λ,α,β)

τ
, (3.10)

whereYa,f,tisthedependentvariable,andda,fanddf,tarearea-fieldandtime-fielddum-

miesfortheEAa,thetechnologicalfieldfandtheyeart. Thedummiesallowusto

controlforanyeffectspecifictothearea-fieldandforanyyearlyvariationrelatedtothe

technologicalfields(seeAgrawaletal.,2014;Menon,2015).ThevariablesinControlsa,f,t

92



areallotherdeterminantsofregionalpatentproduction,andincludeagglomerationeco-

nomiesvariablesaswellasothernetwork-relatedcontrols.Astheexplanatoryvariablesof

themodelenterthePoissonregressioninalogarithmicform,weadd0.01tothevariables

whosevalueis0(similarlytoFlemingetal.,2007). Wehaveintroducedthetimerefer-

enceinregressorsInva,f,tandc
2
a,f(gt,λ,α,β)whicheffectsareestimatedseparately.The

preciseempiricalconstructionofthesevariablesisdetailedfurtherinthenextsubsection.

3.4.3 Variables

First,aforewordonsomegeneralfeaturesofthedataset. Thedependentvariableis

createdsuchastonotoccursimultaneouslytotheexplanatoryvariables.Indeed,inthis

study,theaimwillbetopredictthefutureregionalinnovationproductionbasedonpast

characteristics. Turningtotheexplanatoryvariables,thenetwork-basedvariableswill

beconstructedusingafive-year-window,fromt−4tot. Thisperiodoftimeisused

togatherenoughinformationonthenetworkpatternsofthearea-fields,aspatenting

canbeconsideredasarareevent(LoboandStrumsky,2008).Last,thedatasetwillbe

composedofallarea-fieldsandallyears.Forsomearea-fields,itispossiblethatthere

isnopatentproducedinthefive-year-window,suchthatsomenetwork-basedvariables

cannotbecreated. Whenthisoccurs,wesetthesevariablesto0(seeFlemingetal.,

2007).

Dependentvariable. Themeasureofaregion’sinnovationoutputwillbedrawnfrom

patentdata.However,patentcountalonemaynotbesufficienttoaccountforinnovation

asthevalueofpatentsisofgreatvariability(seee.g.,Trajtenberg,1990;Lanjouwetal.,

1998;Halletal.,2005).Awaytoaccountforpatentqualityistomeasurehowmuchthe

knowledgeembodiedinapatenthasbeenusedinlaterinnovations. Whenapatentis

appliedfor,ithastoreferencethesourcesofknowledgethatwerenecessarytoproducethis

innovation(seee.g.,CriscuoloandVerspagen,2008,forareview).Inconsequence,those

referencestoearlierwork(citations)revealwhichpatenthasbeenusefulingenerating

newinnovations. Further,thepositiverelationshipbetweenpatentvalueandcitations

receivedhasbeendemonstratedinvariousstudies(seee.g.,Trajtenberg,1990;Harhoff

etal.,1999;Halletal.,2005).Thus,inordertohaveafinergrainedmeasureofinnovation,

eachpatentwillbeweightedby1plusthenumberofcitationsitreceives,inlinewith

variousstudiesdealingwithregionalinnovation(e.g.,Agrawaletal.,2014;Kaiseretal.,

2015b).

Afiveyearswindowisusedtoconstructthenumberofcitationsapatentreceives,

allowingthisnumbertobecomparableacrosspatentsfromdifferentyears.Asthemost

recentpatentsfromoursamplearefrom2003,weneedinformationonciting-patentsuntil

2008.Further,astheaimistodepictapatent’squality,theciting-patentsshouldnot

berestrictedtoFrenchpatentsonly. Thecitations-relateddataisdrawnfromanother
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dataset:theCRIOS-PatstatdatabasewhichcompilesdataonallEPO-filedpatents(see

CoffanoandTarasconi,2014,foradescriptionofthedatabase).

Thenumberofcitationsapatentfiledinyeartreceives(thecited-patent)isdefinedas

thenumberofEPO-patentswhoseapplication-dateliesbetweentandt+5andthatcites

theapplicationnumberofthecited-patent.14Further,inordertoavoidcitationsthatdo

notstemfromthe‘usefulness’ofthepatentbutratherfromotherfactorsunrelatedto

quality,wewithdraweverycitationcomingfrompatentseitherfromthesameinventor

orfromthesamecompany.15 Thelocationofthepatentsisbasedontheinventors’

addresses,sothatthedependentvariableforareaaandtechnologicalfieldfwillbethe

numberofcitation-weightedpatentsfiledinyeart+1intechnologicalfieldfthathave

atleastoneinventorlocatedinareaa.

Centrality. Inthemodel,theequilibriumproductionoftheinventorsdependontheir

squaredcentrality. Thiscentralityinturndependsonthreeparameterswhichprovide

informationonhowthenetworkinfluenceinventors’productivity. Regionalcentrality

measureswillbecomputedfordifferentvaluesofthoseparameterstounveilwhichnetwork

patternmostfavoursinnovationinthearea-field.

Thevariablesofcentralityattheregionallevelarebuiltintwosteps.Inthefirststep,

thecentralityofallinventorsiscomputedbyusingthewholeco-inventionnetworkona

5yearswindow.Thisdefinesgtthenetworkbetweenalltheinventorshavingpatented

betweenyeart−4andt,nomatterthetechnologicalclasstheypatentedin,builtby

assigningalinkbetweentwooftheseinventorsifthepatentedtogetherduringthatperiod.

Then,fromthisnetworkandaftersettingtheparametersα,βandλ,wecomputethe

centralityofeachinventorci(gt,α,β,λ)accordingtoEquation(3.5).

Dependingonthevalueofα,weusetwodifferentmethodstocomputethecentrality.

When α=1,thecentralityhasaclosed-formandcanbeobtainedas:

c(g,λ,α=1,β)=I−λ̃G(β)
−1
1,

where1isanvectorofones,nbeingthenumberofinventors;c(g,λ,α=1,β)isthe

vectorofallcentralities;andg̃(β)isthematrixoftypicalelement̃gij(β)=gij/d
β
j,where

gijequals1ifiandjareconnectedand0otherwise. Forinstance,g̃(β)isequalto

theadjacencymatrixfortheBonacichcentralityandthecolumnstandardizedadjacency

matrixforthePage-Rankcentrality.Further,whenα=1,thereisarestrictiononλ,as

thecentralityisnotdefinedwhenλisgreaterthantheinverseofthelargesteigenvalue

14The5yearswindowisaccuratetotheday.Astheday,monthandyearofapplicationareavailable
foreachpatent,weareabletokeeponlytheciting-patentswhichwerefilednolaterthan1,825(365×5)
daysafterthecited-patents.
15ThankstothealgorithmfromPezzonietal.(2014),eachpatentoftheCRIOS-Patstatdatabasehas
anidentificationnumberfortheinventorswhofileditandthecompanieswhichownit.The‘self-citations’
werecleanedthankstothoseidentificationnumbers.
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ofthematrixg̃(β).16

When α∈[0,1[,thecentralitiesarecomputedusinganiterativealgorithm.Letckito

denotethecentralityofinventoriatiterationk(theparametersα,βandλareomitted

forreadability).Eachcentralityisfirstinitializedto1,suchthatc0i=1,∀i. Thenthe

followingcalculusisperformeduntilnumericalconvergence:17

ck+1i =1+λ
j∈Ni

ckj
α

dβj
.

Attheendoftheprocess,eachinventor’scentralityrespectsthedefinitionofEqua-

tion(3.5)uptoanegligiblenumericalerror. Contrarytothepreviouscase,theonly

restrictiononλisthatλisonlyrequiredtobepositive.

Thesecondstepistoaggregatetheseinventors’centralitiesattheregionallevel.Each

inventorisassumedtocontributetothecentralityofeacharea-fieldhe/shehaspatented

in.Sotheequilibrium‘network-relatedproduction’producedbytheinventorsofanarea-

fieldwillbeequaltotheaveragesquaredcentralityofeveryinventorhavingpatentedat

leastonceoverthe5-years-windowperiod.Formally,theregionalaverage‘network-related

production’isgivenby:

c2a,f(gt,α,β,λ)=
1

Inva,f,t
×
i∈invSeta,f,t

c2i(gt,α,β,λ),

whereinvSeta,f,t(resp.Inva,f,t)betheset(resp.number)ofinventorshavingpatented

inareaa,technologicalfieldfandyeart. Notethatforarea-fieldswithnoinventor,

thecentralityisnotdefined. Wethusassignthecentralitytothevalueof1forthese

area-fields,as1istheminimalvaluepossiblyattainedbythecentrality.

Covariates. Themaininputofpatentgenerationiscreativeindividuals,andinthis

subsetofthepopulation,theinventorsthemselves.Thevariableinventorsisthenumber

ofuniqueinventorshavingpatentedatleastonepatentinthearea-fieldoverthe5years

period(Inva,f,t).Thisvariableaimsalsoatcapturingthepureagglomerationofinnovative

activityeffects.

Patentsarenotlocallybounded,theycanbetheoutcomeofinter-regionalcollabor-

ations.Ifso,thenumberofinventorsofaregionasacontrolmaybenotsufficientto

capturetheinputstoknowledgecreationasitwouldneglecttheinventorsoutsidethe

regionwhohavealsocontributedtoproducethepatentsofthearea.Tocontrolforthis,

16Thecentrality measure makessenseonlyifeverycentralityispositive. Further,the matrix

I−λ̃G(β)
−1
isnon-negative(implyingthatitsproductwith1ispositive)onlyifλ<1/swheres

isthelargesteigenvalueofthenon-negativematrix̃G(β)(remindthatthismatrixcontainsonlypositive
elementsasitisavariationoftheadjacencymatrix).SeetheoremIII∗ofDebreuandHerstein(1953)
foraformalproof.
17Thealgorithmstopswhenthe maximumabsolutedifferencebetweentwosuccessivecentralities
(maxi{c

k+1
i −cki})issmallerthan0.0001.
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weincludetheshareofoutsidecollaboratorswhichisthenumberofexternal(tothearea)

inventorsdividedbythetotalnumberofinventorshavingparticipatedtothepatentsof

thearea.

Thedistributionofthepatentresourcesalongdifferenttechnologiesmayinfluencethe

efficiencyofknowledgeproduction.Ifagglomerationeconomiesareatwork,theconcen-

trationofpatentsinsomeparticulartechnologicalfieldsmayenhancetheproductivityof

researchinthosefields. ThusweincludethevariabletechnologyHerfindahl,definedas

theHerfindahlindexofthepatentsproducedintheareadistributedamong30technolo-

gicalclasses.18Thisvariableisdefinedatthearea-yearlevelanditsformaldefinitionis
30
c=1s

2
c,wherescistheshareofpatentsinthe30-categories-technological-classc.

Theeconometricanalysiswillcontrolforthespecificityofthetechnologicalfieldswith

area-fielddummies.Yet,evenwhencontrollingforatechnology,someregionsmaystill

bespecializedindomainswithinthistechnologywhicharemorerecentandmorefertile

innewideas,andthusinnewpatents. Thosetechnologiesarepossiblylesslikelyto

citeoldknowledge(LoboandStrumsky,2008).Tocontrolforthiseffect,weincludethe

technologyagevariable,whichistheaveragenumberofreferencescitedbythepatents

producedinthearea-field.

Oneimportantissuethatneedstobecontrolledforstemsfromthenatureofthe

collaborationnetwork. Thecollaborationnetworkisbasedonabipartitegraph:only

theconnectionsbetweeninventorsandpatentsareobservedwhileconnectionsbetween

inventorsarenotdirectlyavailable.Inter-inventorconnectionsarethenreconstructed

fromthisbipartitegraph,wheretwoinventorswillbeconnectedwhenevertheyco-author

apatent.Inthiscontext,teamsizehasalargeinfluenceonthenetworkstructurebecause

allinventorswithinateamareconnected.Eventhoughtheinventorsnetworkstructure

andteamsizesaretwodifferentconcepts,theincreaseinteamsizemaystillriseinventors’

averagecentralitybyincreasingtheirnumberofconnections.Inconsequence,iflarger

teamsproducemorepatents,andiflargerteamsalsoimpliesmorecentrality,thenthe

effectcapturedbythecentralityvariablemaybespurious. Whataimstobeunveiledin

thisstudyistheeffectofindividualnetworksonregionalinnovationandnotthemere

poolingofinputsascharacterizedbylargeteamsizes.Therefore,themodelincludesthe

averageteamsize,definedastheaveragenumberofinventorsperpatentproducedinthe

area-field-year.

Finally,wealsointegrateeconomicvariables.Todoso,weuseplant-leveldatastem-

mingfromFrenchannualbusinesssurveysovertheperiod1985–2003.19Thesemandatory

surveysprovideinformationregardingemploymentforallmanufacturingfirmsofmore

than20employees. Allthemore,itreportsthepreciselocationalongwiththelevelof

18Theclassificationleadingto30technologicalclasses,referredtoasOST30,isbasedontheIPC
codeofthepatentsandisafinergrainedversionoftheOST7classification.SeeOST(2010)formore
information.
19Thesourcesarethedatafromthe‘enquetesannuellesd’entreprises’,whicharecollectedbytheFrench
ministryofindustryjointlywiththeFrenchinstitutefornationalstatistics(INSEE).
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employmentofeachFrenchplantofthesefirms. Wecreate,foreachEA,thevariables

ofthenumberofworkersandofthenumberofplantsofmorethan200employees. At

last,wecreateanindexofemploymentdiversityintheEA.Thisindexofemployment

diversityisbasedonanHerfindahlindexatthe3-digitssectorallevel(noteds).Itis

definedbythefollowingequation:

Employment_diversityat=ln



1/
s

#employeess,at
#employeesat

2


,

with#employeess,at thenumberofemployeesinsectors,areaaandyeart,and#employees
a
t=

s#employees
s,a
t.

3.4.4 Descriptivestatistics

Thedataiscomposedof297EAs,7technologicalfieldsand18years(1985–2002forthe

explanatoryvariablesand1986–2003forthedependentvariables).Somearea-fieldsdo

nothaveanypatentwhatsoeverduringthewholetimeperiodandarethereforediscarded

fromthesample.20Thesampleendsupconsistingof1,940area-fields.Table3.3apresents

thesummarystatisticsforthemainvariables.Theaveragearea-fieldisrathersmall,as

itproduces4patentsayearandcontainsanaverageof16uniqueinventorsina5-years-

window. Wecannoticethatthedistributionisskewedasthemedianarea-fieldproduces

only1patentperyearandincludesonly3inventorsina5-years-window. Lookingat

thespatialdistributionofcollaborations,weseethatinter-regionalcollaborationsisa

commonfeaturesincetheshareofnon-regionalinventorsparticipatingtotheregional

patentsisonaverage28%.Theteamsofinventorsproducinginnovationsarerathersmall

astheaverageteamsizeisof1.75onaverageatthearea-fieldlevel.

ThecorrelationbetweenthevariablesarereportedinTable3.3b.Thehighestcorrela-

tion,of98%,isbetweenthenumberofworkersandthenumberoflargeplants.Asthese

variablesaresimplyusedascontrols,wekeepthembothinthesample.

3.5 Results

Doesthenetworkinfluenceregionalperformance,andifso,how? Thesimplemodel

developedinSection3.3providesarationaleforsuchaneffectmotivatedbyamicro

levelperspective.Asinventorscollaboratetoproducepatents,theyexertaninfluenceon

theircollaborators,influencethatwillshifttheirpartners’productivity.Themodelthen

predictsthattheproductivityshiftswilldependonaformofnetworkcentrality. This

centralityisruledbythreeparameterseachofwhichcarriesaspecificmeaningonhow

thenetworkmayinfluenceinnovation. Weprovide,inafirstsubsection,aninvestigation

assessingtheinfluenceofsocialnetworksoninventors’productivityassumingdifferent

20Notethatduetothepresenceofarea-fieldfixed-effects,theywouldhavebeendroppedintheestim-
ation.
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typicalformsofinfluence(differenttypesofcentralities).Secondly,weintroduceanon-

linearestimationprocedureallowingustoinvestigatetheissueofhowinventorsnetworks

areaffectinginvention.

3.5.1 Assessingtheinfluenceofnetworkcentralityonregional

patenting

Thefirststepofthisstudyistotestwhethernetworkcentralityhasanyeffectonlocal

innovation. Asthiscentralityvarieswithitsparameters,theanalysiswillfirstbecon-

ductedbysettingtheseparameterstoad-hocvalues.Threewellknowformsofcentrality

willbeused:theDegree,theBonacichandthePage-Rank. Theseformsofcentrality

areencompassedbythegeneralformstemmingfromthemodelandcanbeconsideredas

limitingcases:nocomplementaritynorrivalry(α=0,β=0);complementaritybutno

rivalry(α=1,β=0);andcomplementarityandrivalry(α=1,β=1).FortheBonacich

andthePage-Rankcentralities,thereisarestrictiononλ,becausewhenα=1thecom-

plementarityeffectcanbeexplosivewhenλistoohigh.Themostrestrictivecaseisthe

Bonacichcentralityasitisnotdefinedwhenλisgreaterthantheinverseofthehighest

eigenvalueoftheadjacencymatrix.Inthecollaborationnetworkdefinedbyoursample

themaximumvalueforλisλmax=0.05.Forthesakeofcomparability,wethensetλto

0.04forthethreemeasures.Aftercreatingthesevariables,whosesummarystatisticsare

reportedinTable3.3a,weestimatePoissonregressionswithfixed-effects.

TheresultsofthePoissonestimationarereportedinTable3.4. Wefirstfocuson

Model(1)whichisabenchmarkmodelexcludingnetworkcentralityvariables,before

goingontocommentthemainresultsin Models(2)to(4)onthenetworkcentrality

variables.Asusualinstudiesonregionalpatenting,thenumberofinventorshasastrong

positiveeffect. Wefindthata10%increaseofthenumberofinventorsleadstoa2.7%

increaseinthenumberpatents(plusthenumberofcitationstheyhavereceived). More

intriguingisthenegativeeffectoftheaveragepatentingteamsize.Theestimatessuggest

thata10%increaseoftheaverageteamsizeintheEA-fieldwouldimplyadecreaseof

1.8%inpatenting.Thisresultisnonethelessinlinewithotherestimatesintheliterature

(e.g.,LoboandStrumsky,2008findanegativeeffect,BreschiandLenzi,2012findanon

significanteffect).Havingaccesstoknowledgefromoutsidetheregionshouldbevaluable

sinceitcreatesnewpossibilitiesofknowledgecombination.Accordingly,theshareofnon-

regionalinventorstakingparttoregionalpatentshasapositiveandsignificantcoefficient.

Regionalspecialization,asmeasuredbythetechnologyHerfindahl,hasapositiveand

significanteffectonregionalinnovation. Theageofthetechnologydevelopedinthe

EA-field,asmeasuredbyaveragenumberofreferencestoolderpatents,hasanegative

andsignificanteffect.ThismeansthatEA-fieldsthatbecomespecializedinto‘younger’

technologiesarelikelytoproducemoreinnovations. Economicvariablessuchasthe

numberoflargeplantsorthediversityindexoftheworkforceseemnottoinfluence
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regionalpatenting.Ontheotherhand,thenumberofworkerswithintheEAdoesfoster

regionalpatenting(asthenumberworkersishighlycorrelatedtothenumberoflarge

plants,theinterpretationislimited).

Turningtothecentralitymeasures,in Models(2)to(4),thenetworkcentralityof

regionalinventorsseemstopositivelyinfluenceregionalpatentproductionasthethree

haveapositiveandsignificantcoefficient.Theonlydifferencebetweenthethreemeasures

isthattheyarebasedondifferentvaluesofαandβ. Forinstance,thePage-Rank

centralityistheonlyoneofthethreemeasureswhichaccountsforrivalryamonginventors’

connections.Basedonthemodels’fitstatistics,suchastheBIC,thisformofcentrality

(inModel(4))istheonewhichistheleastwell-fittedtothedata,ascomparedtoModels

(2)and(3).Thishintsthatthereispossiblynorivalryeffectoccurring,butneedstobe

furtherinvestigated,asitwillbeinthenextsubsection.

Toconcludethefirstpartoftheempiricalstudy,thoseresultstellusthattheposition-

ingofregionalinventorsintheglobalnetworkmattersforregionalinnovation.However,

thesedifferentformsofnetworkcentralitytelldifferentstoriesabouthowthenetwork

maybenefittoinventors.

3.5.2 Howdoesnetworkstructureaffectinnovation?

Inthissection,wefirstintroduceamethodologytoestimatethestructuralparametersof

themodel,i.e.λ,αandβ.ThebasicresultsobtainedarethenprovidedinSection3.5.2.2,

complementedwithextensionsandrobustnesschecksinSection3.5.2.3.

3.5.2.1 Estimationprocedure

Asseenintheprevioussection,localinventors’networkcentralitypositivelyinfluences

innovation.Now,ourgoalistoestimatetheparameterswhichtellthestorybehindthe

network(α,β,λ). Unfortunately,theseparameterscannotbeobtainedbytraditional

lineartechniques.Indeed,changingthevalueofanyoftheseparametersimplynontrivial

changesoneveryinventor’snetworkcentrality.Stateddifferently,thenetworkcentrality

variablecannotbeexpressedasalinearcombinationofitsparameterswithsomeother

exogenousvariables. Tocopewiththisproblem,wethenapplynon-linearestimation

techniques.

Similarlytomodelswithlinearright-handsides,theestimatedcoefficientsaresimply

thesetofparametersthatmaximizesthelikelihoodasfollows:

argmax
θ,λ,α,β

L(Y|X,θ,λ,α,β),

whereListhelikelihoodofthePoissondistribution,Xisthesetofallcontrols(including

thedummies)andθtheircoefficients.Themaindifferencewithlinearestimationslieson

therelationthethreeparametersλ,αandβhavetogether.Thiscanbeseenbywriting
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Table3.4–PoissonestimationsattheEAlevel.

DependentVariable Citations-WeightedNumberOfPatents(t+1)
Model: (1) (2) (3) (4)

Area-Field-SpecificVariables
#Inventors(ln) 0.2684∗∗∗ 0.2692∗∗∗ 0.2709∗∗∗ 0.2671∗∗∗

(0.0205) (0.0204) (0.0204) (0.0205)
AverageTeamSize(ln) -0.1774∗∗∗ -0.2446∗∗∗ -0.2189∗∗∗ -0.2092∗∗∗

(0.0341) (0.0359) (0.0352) (0.0351)
ShareofOutsideCollaborators 0.1393∗ 0.0931 0.1139 0.1181

(0.0756) (0.0769) (0.0763) (0.0763)
TechnologyAge(ln) -0.0666∗∗∗ -0.0314 -0.0454∗∗ -0.0532∗∗

(0.0204) (0.0215) (0.0211) (0.0208)
Area-SpecificVariables
TechnologyHerfindahl(OST30) 0.2975∗∗ 0.2448∗ 0.258∗ 0.2854∗∗

(0.1352) (0.136) (0.1356) (0.1366)
#Plantsof200+Employees(ln) -0.011 -0.0128 -0.0126 -0.0114

(0.0259) (0.0257) (0.0258) (0.0258)
# Workers(ln) 0.3551∗∗∗ 0.3537∗∗∗ 0.3566∗∗∗ 0.3558∗∗∗

(0.0561) (0.056) (0.056) (0.056)
EmploymentDiversity(3-digits) -0.0259 -0.0277 -0.0351 -0.023

(0.036) (0.0359) (0.0359) (0.0359)
NetworkCentralityVariables
SquaredDegreeCentrality(ln) 0.6767∗∗∗

(0.1246)
SquaredBonacichCentrality(ln) 0.3033∗∗∗

(0.0715)
SquaredPage-RankCentrality(ln) 1.333∗∗∗

(0.4166)

Dummies
EA×Tech YES YES YES YES
Time×Tech YES YES YES YES

Fitstatistics
Observations 34920 34920 34920 34920
Adj-pseudoR2 0.87339 0.87353 0.87348 0.87343
BIC 177240.109 177072.242 177136.811 177192.555

Notes:Fixed-effectsPoissonestimation.Thedependentvariableisint+1whilethevariablesbasedon
patentdataarebuiltusinga5yearswindowfromt−4tot. Thethreesquaredcentralityvariables:
Degree,BonacichandPage-Rankrefer,respectively,tothefollowinggeneral-formcentralityvariables

c2a,f,t(λ,α=0,β=0),c
2
a,f,t(λ,α=1,β=0)andc

2
a,f,t(λ,α=1,β=1). Theyaretheaveragesquared

centralityoftheinventorsofthearea-fieldandwerecomputedalongthe methodologydescribedin
Section3.4.3andusingλ=0.04. Whiteheteroskedasticity-robuststandard-errorsinparenthesis.Level
ofstatisticalsignificance:***,**,*meanssignificanceatthe1%,5%and10%level.
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therelationbetweenthedependentandtheexplanatoryvariables,asfollows:

E(Ya,f,t)=exp





k

θklnX
k
a,f,t +ln c

2
a,f(gt,λ,α,β)



,

where,contrarytoanyθk,thecentralityparametersarenotlinearlyassociatedtoa

variable.Asusualformaximumlikelihoodmodels,theestimatesareobtainedbyusinga

maximizationalgorithm.Inthiscontext,differentfromanyexogenousvariableXka,f,t,the

variablec2a,f(gt,λ,α,β)needstobecomputedanewateachiterationofthemaximization

process.Notethattoavoidestimationissues,theelasticityofc2a,f(gt,λ,α,β)issetto1.
21

Indeed,wearenotinterestedinestimatingthepreciseelasticityofthenetworkeffect,

butratherinthevalueofthestructuralcoefficients. Theidentificationofthenetwork

effectdoesnotsufferfromtheconstraintontheelasticity,sincethekeyelementλ,which

representsconnectivity,canbeproperlyestimated. Thestatisticalsignificanceofλis

crucialasifλisequalto0,thenthereisnoeffectwhatsoeverofthenetworkandthe

othertwoparameters,αandβ,cannotbeinterpreted.

TheinterpretationoftheparametersalongthemodeldefinedinSection3.3isvalid

onlyforpositivevaluesoftheseparameters.Further,thevalueofαcannotbegreater

than1,sincewhenα≥1thecentralityisnotdefinedforanypositiveλ.Consequently,

theestimationwillberunwiththefollowingconstraints:λ≥0,α∈[0;0.99],β≥0.

Finally,eventhoughtheseparametersenterthemodelinanon-linearform,they

enduptobeasymptoticallynormallydistributed(seeWooldridge,2010,theorem12.3,

p. 407)andtheirheteroskedasticity-robustcovarianceisdefinedastheHuber-White

sandwichvarianceestimator(Wooldridge,2010,p.416). Tomakethisestimation,we

usedthestatisticalsoftwareRincombinationwiththepackage‘FENmlm’whichestimates

maximumlikelihoodmodelswithfixed-effectsandallowsfornon-linearrighthandsides.22

21Thisisratherapurelytechnicalpointandliesontheapproximationln(1+)≈ when islow.In
thecaseinwhichλhasalowvalue,theapproximationappliesandyieldsanidentificationissueifthereis
alsoacoefficientofelasticityinthemodel.Forinstance,assumeforsimplicitythatweareonlyinterested
inestimatingλ,sothatαandβaregiven.Further,takethecaseofaregionwithonlyoneinventor,then
thesquaredcentralityofthisregioncanbewrittenas1+2λ̃c(λ)+λ2̃c(λ)2,with̃c(λ)= j∈Ncj(λ)

α/dβj
anN thesetofcollaboratorsofthisinventor. Forλlowenough,wehaveln[1+2λ̃c(λ)+λ2̃c(λ)2]≈
λ[2̃c(λ)+λ̃c(λ)2]≈2λ̃c(λ).Nowassumeweincludeγ,anelasticitycoefficient,tothenetworkcentrality
variable.TherelationtobeestimatedbecomesE(ya,f,t)=exp{ kθkln(X

k
a,f,t)+γln[̃ca,f,t(λ)

2]}which

canbesimplified,whenλislowenough,toE(ya,f,t)=exp{ kθkln(X
k
a,f,t)+2γλ̃ca,f,t(λ)]}.Thusthe

twoparameterscannotbeproperlyidentified,asforanyestimatedsetofparameter(γ,λ),thereexists
anotherset(γ,λ)yielding–atleastnumerically–thesamefit.Indeed,takeλ=λ+τ,forτnottoo
large.Notingthat̃ca,f,t(λ+τ)−c̃a,f,t(λ)isincreasingwithλ(thusislowerforlowervaluesofλ),then
settingγ=γλ/λsuchthatγλ=γλwouldyieldthesamelikelihooduptoanegligiblenumericalerror.
Toconclude,ifthe‘real’λ(theonetobefoundbytheestimation)iscloseto0,thenthenumerical
estimationfacesanidentificationissuewhencombinedwithanelasticitycoefficientγ.
22ThispackageisavailableinthecomprehensiveRarchivenetwork(CRAN),atthefollowinglink:
https://cran.r-project.org/web/packages/FENmlm/.
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3.5.2.2 Results

ThebasicresultsofthisestimationonourdataarereportedinTable3.5. Weexpectto

findapositivecoefficientoftheconnectivity,λ,asthefirstresultshaveshownthatboth

theDegreeandtheBonacichcentralityhaveapositiveandsignificanteffect.Indeed,the

generaleffectofthenetworkispositiveandsignificant,withtheestimatedvalueofλ

beingcloseto2%. Thisfirstresultmeansthatthelevelofinteractionoftheinventors

intheglobalnetworkdoesincreaseregionalinnovation.Now,whataboutthestructural

parameters,rulingthenetworkshape?

First,theresultstendtosuggestthatthereisnorivalryeffectatplay.Theestimated

coefficientofrivalryβ,isatitslowerbound:0,evenifnotsignificant. Thissuggests

thatconnectionsinthenetworkinflictnonegativeexternality. Stateddifferently,the

interactionsarenotmorebeneficialwhenmoreexclusive.Turningtotheestimatedvalue

ofcomplementarityα,itispositive,yettheprecisionoftheparameterisweakasthe

standard-errorishighandfailstobesignificant. Thistellsusthatcomplementarityis

notsignificantlyaffectinginvention.

Allinall,itappearsthatitmattersforinventionthatagentsareconnectedtoother

agents(λispositiveandsignificant),butitdoesnotmatterwhethertheyhavetoshare

theseconnectionswithothers(βisnull),northatareconnectedtomorecentralagents

ornot(αispositivebutnotsignificant).Thisresulttendstosuggestthatthenetwork-

positionoftheinventorsintheglobalnetworkdoesmatterforinnovation. Whatismost

importantisjusthowmanyconnectionstheyhave.Uptothispoint,towhominparticular

inventorsareconnected,includinghowmanyandwhichconnectiontheirpartnershave

seemstobemuchlessimportant.

3.5.2.3 Robustnesschecksandextensions

Wenowproposeseveralextensionsofthesefirstinvestigationsaimingat:

•checkingtherobustnessofthefirsttworesultsobtainedsofar(networkconnectivity

effectandnorivalry),

•testingwhethertheabsenceofcomplementarityeffectisalwaysverified,

•checkingwhethertheefforts-basedmodelweintroducedisjustified.

Otherdependentvariables Toensurethattheresultsdonotrestuponthechoice

ofthecitations-weightednumberofpatentsasthedependentvariable,weruntheeco-

nometricanalysisonothermeasuresofregionalinnovation.Infact,webreakdownthe

measureofthecitations-weightednumberofpatentsintwo:1)thenumberofpatentsand

2)thecitations-only-weightednumberofpatents,sothatpatentswithnocitationshavea

nullweight. Whiletheformervariablereflectstheideaofquantityofregionalinnovation

production,thelatterseizesmoretheideaofqualitywhiletheoriginaldependentvariable
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Table3.5–Non-linearPoissonestimationstodeterminethevalueofthecentralitypara-
meters.Threedifferentdependentvariables.

DependentVariables: Citations-Weighted NumberOf Citations-Only-Weighted
NumberOf Patents(t+1) NumberOf
Patents(t+1) Patents(t+1)

Model: (5) (6) (7)

NetworkCentralityParameters
λ(Connectivity) 0.024∗∗∗ 0.0215∗∗∗ 0.0271∗∗

(0.0089) (0.007) (0.0134)
α(Complementarity) 0.4166 0.1061 0.5738

(0.4637) (0.3142) (0.4715)
β(Rivalry) 0 0 0

(0.2294) (0.1916) (0.2958)
Area-Field-SpecificVariables
#Inventors(ln) 0.2701∗∗∗ 0.2771∗∗∗ 0.2617∗∗∗

(0.0205) (0.0173) (0.0299)
AverageTeamSize(ln) -0.2436∗∗∗ -0.2686∗∗∗ -0.2194∗∗∗

(0.0355) (0.0285) (0.0561)
ShareofOutsideCollaborators 0.097 0.1844∗∗∗ -0.0132

(0.0767) (0.0595) (0.1228)
TechnologyAge(ln) -0.0322 -0.0182 -0.0479

(0.0213) (0.0173) (0.0332)
Area-SpecificVariables
TechnologyHerfindahl(OST30) 0.2452∗ 0.3604∗∗∗ 0.1589

(0.1357) (0.1142) (0.1954)
#Plantsof200+Employees(ln) -0.0128 -0.0163 -0.0108

(0.0257) (0.0201) (0.0407)
# Workers(ln) 0.3546∗∗∗ 0.3998∗∗∗ 0.2856∗∗∗

(0.0559) (0.0456) (0.0827)
EmploymentDiversity(3-digits) -0.0276 -0.0325 -0.0385

(0.0358) (0.0298) (0.0517)

Dummies
EA×Tech YES YES YES
Time×Tech YES YES YES

Fitstatistics
Observations 34920 34920 31230
Adj-pseudoR2 0.87353 0.84427 0.82428
BIC 177086.341 118655.115 129716.266

Notes:Fixed-effectsPoissonestimation.Thereisonly31,230observationsinModel(7)sincethefixed-
effectsstrategyimpliesthatarea-fieldsforwhichthedependentvariableis0forthewholeperiod1985–
2002aredropped.Thedependentvariableisint+1whilethevariablesbasedonpatentdataarebuilt
usinga5yearswindowfromt−4tot. Whiteheteroskedasticity-robuststandard-errorsinparenthesis.
Levelofstatisticalsignificance:***,**,*meanssignificanceatthe1%,5%and10%level.
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wasamixofthetwo.TheresultsoftheseestimationsarereportedintheModels(6)and

(7)ofTable3.5.

Forbothdependentvariablesthecoefficientofconnectivity,λ,ispositiveandthe

coefficientofrivalry,β,remainsequalto0. Themaindifferenceisthatin Model(6),

forpatentcounts,thecomplementaritycoefficientisequalto0whilethecoefficientof

complementarityinModel(7)isequalto0.5.Althoughthecoefficientisnotsignificant

in Model(7),itsuggeststhatcomplementaritymaybemorerelevantwhenlookingat

morequalitativemeasuresofinnovationssuchasthepurenumberofcitations.

Dynamic model Thelevelofregionalinnovationcanbelastingovertimesothat

pastlevelsofthedependentvariablemayinfluencefutureoutcomes.Tocopewiththis

possibleissue,weintroduceadynamiccomponentinthemodel(seee.g.,Windmeijer,

2008).LetYa,f,ttorepresentthelagofthedependentvariableforareaaandtechnological

fieldf(remindthatthedependentvariableintheestimationisYa,f,t+1).Followingthe

methodologyinCréponandDuguet(1997),weassumetwoseparateeffectsofYa,f,ton

lateroutcomes. Namely,whenYa,f,tisequalto0,theeffectonYa,f,t+1issupposedto

bedifferentthanwhenYa,f,tisstrictlypositive. Accordingly,weincludeln(Ya,f,t)asa

regressorwhenYa,f,tisstrictlypositiveandincludeadummytakingvalue1whenYa,f,t

iszero. Theresultsareprovidedin Model(8)ofTable3.6andpresentnoimportant

differencewiththemainresults. Theauto-regressivetermsbothhaveapositiveeffect

andthecoefficientofconnectivityislowereventhoughstillstatisticallysignificant.

Spatialdependence Nowweconsiderthepossibilitythattheproductionofpatents

maybespatiallyautocorrelatedacrossEAs.Spatialdependencewouldimplythatthe

patentinginoneEAiscorrelatedtothepatentingintheneighbouringEAs. Thuswe

performeda MoranI’stestforeachyear-technologyinthesample. Thecoefficientof

spatialcorrelationis0.2,althoughnothigh,itisyetstatisticallydifferentfrom0. A

closerlooktothedatashowsthatthesmallsignofspatialcorrelationpatternisdriven

bytheFrenchregionofÎledeFrance(IDF).WhenwithdrawingtheEAscontainedinthe

regionofIDF,thecoefficientofspatialcorrelationdropsto.06andisnolongersignificant.

Ideally,theanalysisshouldtakecareofthisspatialauto-correlationpatterninthe

estimationframework.However,becauseofthespecificfunctionalformtoestimate,this

isnotpossible. Therefore,weredotheeconometricanalysiswhenomittingtheEAs

containedintheregionofIDF,leavingasamplefreeofanyspatialcorrelation.23 The

resultsofthisestimationarereportedinModel(17)ofTable3.9.Theresultspresentno

differencewiththebaselinemodel.Thisisasignthattheinitialresultsarenotdriven

bythissmallspatialauto-correlationpattern.

23TheregionofÎledeFrancecontainsthefollowingEAs:Cergy,Coulommiers,Créteil,Etampes,Evry,
Meaux,Melun,Nemours,Orly,Paris,Poissy,Provins,Rambouillet,Saclay,Versailles.
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Table3.6–Robustnesschecks:introducingadynamiccomponentinthemodeland
changingthesample.

DependentVariable(Ya,f,t+1): Citations-WeightedNumberOfPatents(t+1)
Sample: Full Mean(#Inventors Mean(#Inventors

peryear)≥5 peryear)≥10
Model: (8) (9) (10)

NetworkCentralityParameters
λ(Connectivity) 0.0168∗∗ 0.019∗∗∗ 0.0252∗∗∗

(0.008) (0.005) (0.0064)
α(Complementarity) 0.4621 0.9481∗∗∗ 0.9423∗∗∗

(0.5681) (0.2621) (0.1493)
β(Rivalry) 0 0 0

(0.2782) (0.1362) (0.1125)
Area-Field-SpecificVariables
#Inventors(ln) 0.153∗∗∗ 0.4901∗∗∗ 0.5952∗∗∗

(0.0211) (0.034) (0.046)
AverageTeamSize(ln) -0.1069∗∗∗ -0.3276∗∗∗ -0.3585∗∗

(0.0356) (0.105) (0.1472)
ShareofOutsideCollaborators -0.0567 0.404∗∗ 0.7213∗∗∗

(0.0763) (0.1597) (0.2409)
TechnologyAge(ln) -0.041∗∗ 0.0356 -0.0183

(0.0206) (0.0569) (0.0794)
Area-SpecificVariables
TechnologyHerfindahl(OST30) 0.0859 1.0892∗∗∗ 1.1898∗∗

(0.1327) (0.3935) (0.5024)
#Plantsof200+Employees(ln) -0.0107 0.0346 0.1117

(0.0256) (0.0608) (0.0743)
# Workers(ln) 0.3348∗∗∗ 0.2351∗∗∗ 0.1784∗

(0.0545) (0.081) (0.0942)
EmploymentDiversity(3-digits) -0.0296 0.0076 -0.0209

(0.0347) (0.045) (0.054)
DynamicComponent
log(Ya,f,t) 0.1496∗∗∗

(0.0108)
1Ya,f,t=0 0.0611∗∗

(0.0272)

Dummies
EA×Tech YES YES YES
Time×Tech YES YES YES

Fitstatistics
Observations 34920 5346 2682
Adj-pseudoR2 0.87446 0.89573 0.91419
BIC 175935.457 54812.618 31357.63

Notes:Fixed-effectsPoissonestimation.Thedependentvariableisint+1whilethevariablesbasedon
patentdataarebuiltusinga5yearswindowfromt−4tot. Whiteheteroskedasticity-robuststandard-
errorsinparenthesis.Levelofstatisticalsignificance:***,**,*meanssignificanceatthe1%,5%and
10%level.
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Restrictingto mostactivearea-fields Intheeconometricmodel,weestimatethe

networkeffectbylookingattheaveragesquaredregionalcentrality.Smallregions,in

termsofnumberofinventors,maysufferfromahighervariabilityofthenetworkcentrality

variableaseachinventorhasahigherinfluenceontheregionalvariable.Tostymiethis

possibleproblem,weruntheanalysisonthesampleofarea-fieldswhicharethemost

innovativeandthussuffermuchlessfromthis‘limitednumberofinventors’problem.

Intherestrictedsamples,wewanttokeepmoreactivearea-fields,theoneshaving

asufficientnumberofinventorsperyear. Theselectionofthesearea-fieldsisbasedon

theiryearlyaveragenumberofinventors.Table3.6reportstheresultswhenthesampleis

restrictedtoarea-fieldswithayearlyaverageof,inModel(9),morethan5inventors(192

area-fields),and,inModel(10),morethan10inventors(149area-fields). Consistently

withthepreviousresults,thenetworkeffectispositiveandtherivalrycoefficientisequal

to0. However,thecoefficientofcomplementarity,inbothestimations,isnowcloseto

1(.95and.94respectively)andisstatisticallysignificant.Thus,inthemostinnovative

area-fields,itseemsthatthereisacomplementarityeffectatplaysothattheinventors

benefitofbeingconnectedtomorecentralpartners.

Further,thesetworestrictedsamplesaremuchlesssubjecttothehighvariabilityin

termsofaveragesquaredcentralitybroughtaboutbysmallarea-fields,inwhichthereis

onlyahandfulofinventorsoverthewholeperiodofanalysis.Therefore,theresultsmay

bemorerobustwiththeserestrictedsamplesthanwiththefullsample.

Controllingforstars Withthetypeofcentralityindexesweareusing,thedistribution

ofcentralityinthepopulationmightbeveryskewed. Weareworriedthattheresultscould

bedrivenbyaspecificsetofinventors:starinventorsthatwouldalsobeoutliersinterms

ofcentrality. Whilethisisnotaproblemperse,itwouldraiseanissueintermsof

interpretationoftheresults.Indeed,wehereassesstheshapeoftheregionalnetworkand

theinterpretationisdoneintermsoftheoverallproductivityofregionalinventors.Thus,

ifonlythecentralityofstarsledtheresults,thiswouldpartlyflawthisinterpretation.To

controlforthis,werunanewanalysisinwhichtheaveragenetworkcentralityiscomputed

excludingstarinventors.24

Moreprecisely,thenewcentralityvariableisobtainedintwosteps.Inthefirststep,

thecentralityofallinventorsiscomputedusingthewholenetwork,starsincluded.The

differencewiththeoriginalvariableliesonthesecondstepwhereweaveragethesquared

centralityofonlynon-starsinventorsatthearea-fieldlevel.Formally,letInvSetno_Stara,f,t

bethesetofinventorsofthearea-fieldthatarenotdefinedasstars.Thenthenon-stars

24The‘averagesquaredcentrality’forarea-fieldsinwhichonlystar-inventorsresideissetto1(which
istheminimumvalueforthisvariable),asforarea-fieldsinwhichthereisnoinventoratall.
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regionalaveragenetworkcentralityisdefinedas:

cno_Stara,f,t

2
=

1

Invno_Stara,f,t

×

i∈InvSetno_Stara,f,t

c2i,t.

Starinventorsaredefinedanewforeachyeart,basedontheirproductionbetweent−4

andt.Aninventorisdesignatedasa‘star’ifthenumberofpatentshe/sheproducedina

given5-years-windowisstrictlygreaterthanthetop5%percentile,Model(11),ortop1%

percentile,Model(12).25TheresultsoftheseestimationsarereportedinTable3.7. We

findthattheestimatedconnectivityλ,isstillpositiveandsignificantandtheestimated

rivalryisstillequalto0.Interestingly,theestimatedcomplementaritybecomespositive

andsignificantinthetwoestimations.Thiscoefficientisnow,inbothestimations,close

to1(.89and.94respectively). Thesevaluesareveryclosetowhatwehaveobtained

whenexcludinglessactivearea-fields.Itimpliesthatbeingconnectedtocentralagents

isbeneficialtothenon-starinventors.

Adifferentspatialaggregationunit Acommonissuearisingwhendealingwith

discretegeographicalunitsisthemovingarealunitproblem(MAUP).Becausespace

iscontinuousandgeographicalunitsarediscretepernature,theresultscanbereliant

onthechoiceofthesegeographicalunits.Tolimitthisissueandassuretherobustness

ofourresults,theeconometricanalysisofthebaselinemodelisreplicatedusingNUTS3

geographicalunits.InFrance,theNUTS3regionscorrespondtothe‘départements’which

weredefinedbytheFrenchadministration.TheyarelargeraggregatesthantheEA:there

are94continentalFranceNUTS3regionsasopposedto297EA.26

TheestimatesforthisgeographicalunitarereportedinModel(16)ofTable3.9.The

resultsaresimilartothemainresultsattheEAlevel. Thecoefficientofconnectivity,

λ,ispositiveandsignificantwithanorderofmagnitudealmostidenticaltothebaseline

model.Similarly,thecoefficientofrivalryisfoundtobeequalto0.Themaindifference

withthebaselineresultsconcernsagainthecomplementaritycoefficient,α,whichhasa

valueof0.92andisstatisticallysignificant.

Restrictingtoregionalnetworks Thepreviousinvestigationshavefocusedonthe

inventorspositionsintheglobalnetworkandshownthatinventors’networkconnections

areindeedbeneficialtolocalinnovation.Nowwetackleaslightlydifferentquestion:Does

theinternalregionalnetworkstructureaffectsinnovationperformance?

Toaddressthisquestion,weemploythesamemethodologyaspreviously.Theonly

differenceisthattheinventors’centralitywillbecomputedusingtheintra-regionallinks

25Thecut-offforbeinginthetop5%inventorsis4patentsfortheperiod1985-1988,5patentsfor
1989-1999and6patentsfor2000-2002.Thecut-offforbeinginthetop1%inventorsincreasesgradually
from8patentsin1985to12patentsin2002.
26Theaverageareasinsquaredkilometresare:5,745fortheNUTS3regionsand1,818fortheEA.
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Table3.7–Robustnesscheck:averagesquarednetworkcentralityofnon-starsonly.

DependentVariable: Citations-WeightedNumberOfPatents(t+1)

StarDefinition: Top5%Inventors Top1%Inventors
Model: (11) (12)

NetworkCentralityParameters
(RegionalSquaredCentralityOf
Non-StarsOnly)
λ(Connectivity) 0.0251∗∗∗ 0.0201∗∗∗

(0.0079) (0.0062)
α(Complementarity) 0.8908∗∗∗ 0.944∗∗∗

(0.2694) (0.3415)
β(Rivalry) 0 0

(0.1678) (0.1738)
Area-Field-SpecificVariables
#Inventors(ln) 0.2659∗∗∗ 0.2677∗∗∗

(0.0204) (0.0204)
AverageTeamSize(ln) -0.2409∗∗∗ -0.2331∗∗∗

(0.0366) (0.0361)
ShareofOutsideCollaborators 0.0861 0.1001

(0.0774) (0.0769)
TechnologyAge(ln) -0.0297 -0.0355

(0.022) (0.0216)
Area-SpecificVariables
TechnologyHerfindahl(OST30) 0.2733∗∗ 0.2716∗∗

(0.1352) (0.1355)
#Plantsof200+Employees(ln) -0.0135 -0.0128

(0.0257) (0.0257)
# Workers(ln) 0.3606∗∗∗ 0.3625∗∗∗

(0.056) (0.0559)
EmploymentDiversity -0.0274 -0.0269

(0.0357) (0.0358)

Dummies
EA×Tech YES YES
Time×Tech YES YES

Fitstatistics
Observations 34920 34920
Adj-pseudoR2 0.87348 0.87347
BIC 177149.191 177165.616

Notes:Fixed-effectsPoissonestimation.Thedependentvariableisint+1whilethevariablesbasedon
patentdataarebuiltusinga5yearswindowfromt−4tot. Whiteheteroskedasticity-robuststandard-
errorsinparenthesis.Levelofstatisticalsignificance:***,**,*meanssignificanceatthe1%,5%and
10%level.
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only.Thismeansthat,tobeconnectedintheintra-regionalnetwork,twoinventorsmust

appearatleastinonepatentrecordinwhichtheybothhavetheiraddressesinthesame

EA.Forinstance,ifaninventorhasonlycollaboratedwithinventorsoutsideofhis/her

region,he/shewillbeconsideredasisolatedintheintra-regionalnetwork.

Table3.8presentstheresultswiththeintra-regionalnetwork. Model(13)reportsthe

mainregression,Model(14)restrictsthesampletothemostinnovativearea-fields,and

Model(15)excludesthetop5%inventorsfromthecalculationoftheaverageregional

centrality.Consistentlyacrossallthreeestimations,connectivityisfoundtobesignific-

antlypositiveandrivalrycoefficientisnull,asinthemainmodel.Itshouldbenoted

that,inallthreeestimations,thecomplementaritycoefficientisnowequaltoitsmaximal

value(.99)anditissignificant.

3.5.2.4 Analternative modelwithoutefforts

Wewouldnowliketotestthedependencyofourresultstooneimportantassumption

ofthemodelwhichisnotdirectlytestedempirically.Inthesimplemodelintroducedin

Section3.3,agentsareassumedtoexertefforts,thereturnsofwhichareaffectedbytheir

networkconnections.However,theseeffortsarenotobservableinthedata. Wethushere

proposeasimpleandalternativemodelwithoutsuchefforts.Letusratherassumethat

theinventivecontributionofagentiisdirectlyequaltohis/herproductivity:yi=ψi,and

letusassumethatproductivityhasanautonomousandanetworkbasedcomponent(in

averysimilarfashionasinthemainmodel),givenbythefollowingequation:

ψi(g)=1+λ
j∈Ni

ψj(g)
α

dβj
, (3.11)

Nowαreceivesaslightlydifferentinterpretation:itscalestheextenttowhichanagent’s

productivityincreaseswiththeoneofher/hispartners. Withoutanyformofmaximiz-

ation,agents’productivitiesareagainobtainedasfixed-point,solutionofthesystemof

equationsinducedbyEquation3.11,foralli.Itturnsoutthat,asinthemainmodel,we

obtain:

ψi(g)=ci(g,λ,α,β), (3.12)

whereciisacentralitymeasurethatdependsonlyonthepositionoftheinventorwithin

thenetworkandonthethreeparametersλ,αandβ.Inthissimplemodelwithoutefforts,

agents’productivitiesareequaltotheiroutcomesy∗i.Therefore,weobtainthattheonly

differencebetweenthemainmodel,basedonefforts,andthisone,isthathereinventors’

productivitiesareequaltotheircentralitywhereasinthemainmodel,theyareequalto

thesquareoftheircentrality. Wehavethustested,inModel(18)(Table3.9),thesame

modelasModel(5)butusingtheaveragecentralityinthearea-fieldinsteadoftheaverage

squaredcentralities. Wefindthatnoneoftheparametersaresignificant,thusjustifying

theuseofthefullmodelbasedonagents’efforts.
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Table3.8–Poissonregression.Thecentralityisbasedontheintra-regionalnetworkonly.

DependentVariable: Citations-WeightedNumberOfPatents(t+1)
Sample: Full Mean(#Inventors Full

peryear)≥10
Otherinformation: – – Top5%Inventors

AreExcluded
Model: (13) (14) (15)

NetworkCentralityParameters
λ(Connectivity) 0.0387∗∗∗ 0.041∗∗∗ 0.0401∗∗∗

(0.0103) (0.0138) (0.0106)
α(Complementarity) 0.99∗∗∗ 0.99∗∗∗ 0.99∗∗∗

(0.0674) (0.0987) (0.0661)
β(Rivalry) 0 0 0

(0.0939) (0.0661) (0.0594)
Area-Field-SpecificVariables
#Inventors(ln) 0.2502∗∗∗ 0.5733∗∗∗ 0.2516∗∗∗

(0.0203) (0.0462) (0.0206)
AverageTeamSize(ln) -0.2466∗∗∗ -0.4347∗∗ -0.2411∗∗∗

(0.0373) (0.1754) (0.0391)
ShareofOutsideCollaborators 0.3204∗∗∗ 1.0637∗∗∗ 0.3042∗∗∗

(0.0824) (0.3036) (0.087)
TechnologyAge(ln) -0.0198 -0.002 -0.0228

(0.0225) (0.0789) (0.0239)
Area-SpecificVariables
TechnologyHerfindahl(OST30) 0.2436∗ 1.2165∗∗ 0.2765∗∗

(0.1355) (0.4932) (0.1359)
#Plantsof200+Employees(ln) -0.0148 0.0938 -0.0128

(0.0256) (0.0742) (0.0256)
# Workers(ln) 0.3739∗∗∗ 0.2108∗∗ 0.3691∗∗∗

(0.0555) (0.0928) (0.056)
EmploymentDiversity(3-digits) -0.0262 -0.0001 -0.0264

(0.0356) (0.0537) (0.0358)
Dummies
EA×Tech YES YES YES
Time×Tech YES YES YES
Fitstatistics
Observations 34920 2682 34920
Adj-pseudoR2 0.87354 0.91419 0.87348
BIC 177069.361 31357.643 177150.686

Notes:Fixed-effectsPoissonestimation.Thedependentvariableisint+1whilethevariablesbasedon
patentdataarebuiltusinga5yearswindowfromt−4tot. Whiteheteroskedasticity-robuststandard-
errorsinparenthesis.Levelofstatisticalsignificance:***,**,*meanssignificanceatthe1%,5%and
10%level.
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Table3.9–Otherrobustnesschecks.

DependentVariable: Citations-WeightedNumberOfPatents(t+1)
Information: NUTS3 EAsFromIDF CentralityIs

AreExcluded NotSquared
Model: (16) (17) (18)

NetworkCentralityParameters
λ(Connectivity) 0.025∗∗∗ 0.0234∗∗ 0.0572

(0.0054) (0.0102) (0.0501)
α(Complementarity) 0.9291∗∗∗ 0.5501 0.4893

(0.1377) (0.5219) (0.6833)
β(Rivalry) 0 0 0

(0.1008) (0.2618) (0.5836)
Area-Field-SpecificVariables
#Inventors(ln) 0.3699∗∗∗ 0.2428∗∗∗ 0.2693∗∗∗

(0.0288) (0.0215) (0.0205)
AverageTeamSize(ln) -0.3612∗∗∗ -0.2153∗∗∗ -0.2553∗∗∗

(0.0553) (0.0369) (0.0366)
ShareofOutsideCollaborators 0.0501 0.0456 0.0875

(0.1058) (0.0791) (0.0776)
TechnologyAge(ln) -0.0077 -0.0335 -0.0253

(0.0336) (0.0219) (0.0217)
Area-SpecificVariables
TechnologyHerfindahl(OST30) 1.2874∗∗∗ 0.3132∗∗ 0.2374∗

(0.3392) (0.1354) (0.1355)
#Plantsof200+Employees(ln) -0.0009 -0.0337 -0.0134

(0.0707) (0.0256) (0.0257)
# Workers(ln) 0.271∗∗∗ 0.1478∗ 0.358∗∗∗

(0.0909) (0.078) (0.0558)
EmploymentDiversity(3-digits) -0.0597 -0.1184∗∗∗ -0.0272

(0.0367) (0.0457) (0.0357)
Dummies
EA×Tech YES YES YES
Time×Tech YES YES YES
Fitstatistics
Observations 11772 33030 34920
Adj-pseudoR2 0.88406 0.75243 0.87355
BIC 92206.806 160704.023 177062.564

Notes:Fixed-effectsPoissonestimation.Thedependentvariableisint+1whilethevariablesbasedon
patentdataarebuiltusinga5yearswindowfromt−4tot. Whiteheteroskedasticity-robuststandard-
errorsinparenthesis.Levelofstatisticalsignificance:***,**,*meanssignificanceatthe1%,5%and
10%level.
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3.6 Conclusion

Thisstudyaimstounveilwhethertheinventor’snetworkhasaninfluenceonlocalin-

novationand,mostofall,howdoesnetworkstructureaffectinventivity.Departingform

theexistingliterature,weintroducedastylizedmodellinkinganinventor’sproductivity

tohis/hernetworkconnectionswhichassociatesinventors’productivitytothesquareof

theircentralityinthenetwork.Centralityisformulatedgenericallysothatthenetwork

canaffectinventivityindifferentways.Theseformshavebeenempiricallyestimatedon

longitudinalFrenchinventorsandcompanydataovertwentyyears.Thankstofixedef-

fectpanelPoissonregressionsattheemploymentarea–technologicaldomainleveland

tonon-linearregressiontechniques,weshowthatnetworkconnectionsdoindeedmatter

forregionalinnovation. Wealsoshowthatdirectconnectionsbenefitagentsinanonrival

manner.Therefore,itseemsthatthebenefitsprovidedbynetworkconnectionsarelikely

tobesimilarinnaturetoinformation.Thatistosay,theyarerelativelyeasilytransfer-

ablewithoutimpairingtheuseofotherneighbours.Forinstance,suchinformation-related

network-benefitcouldconsistinthetransferofvaluableideasandofpromisingresearch

paths. Moreover,wefindsomeformofcomplementaritysothatagentsaremoreinnovat-

ivewhenconnectedtomorecentralpartners.Thiscomplementarityeffectisempirically

verifiedwhenthemostprolificinventorsareexcludedasrecipientsoftheseeffects(top-

fiveortop-onepercent),whenonlythemostinnovativeEA-fieldsareconsidered,when

onlyintra-regionalnetworksareaccountedfor,orwhenlargerspatialunitsofanalysisare

used(NUTS3insteadofEA).Non-rivalryofconnectionsandcomplementarityinnet-

worksprovideanew,network-based,justificationforknowledgespillovers.Italsotends

tohighlighttheroleofstarinventorssincetheirnumerouspartnersbenefit,inanonrival

manner,fromtheircentralposition.

Thisstudyhaslimitations. Firstofall,theempiricalanalysisiscarriedoutusing

dataonFrenchinventorsonly.Itispossiblethatthepatternsofcollaborationsand

thenatureoftheexchangesinvolvedincollaborationsvaryacrosscountries. Natural

extensionsofthisworkincludetheapplicationtoothercountriesandgeographicalscales.

Inaddition,themodelintroducedinthischapterisverystylizedandconsidersonly

thebenefitsaninventorcangainfromthenetwork.Thereforeitneglectsotherrelevant

determinantstoregionalinnovationthatarelatercontrolledforintheeconometricstudy.

Furthertheoreticalworkcouldintegrateinthemodelother,nonnetwork-related,factors

ofinventors’productivity.

3.7 Appendix

3.7.1 Network-relatedproductionattheNashequilibrium

ThissectionshowshowtoderivethemainresultofSection3.3.1,beingthattheequilib-

riumnetwork-relatedproductionofinventorsareequaltotheirsquaredcentrality.Atthe
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Nashequilibrium,eachinventormaximizeshis/herutilitytakingthebehaviourofother

inventorsasgiven.Theysettheireffortsuchastomaximizetheirutility,asfollows:

argmax
ei
eiψi(g,e−i)−

e2i
2
,

withe−ithevectorofalleffortsexceptthatofi.Atequilibrium,thefirstordercondition

musthold,yieldingthefollowingequations:

ψi(g,e−i)−ei=0,∀i,

⇔1+λ
j∈Ni

eαj

dβj
−ei=0,∀i,

whichprovidestheformulaspecifyingtheeffortatequilibrium:

e∗i=1+λ
j∈Ni

e∗j
α

dβj
,∀i.

ThisequilibriumeffortisexactlythedefinitionofthecentralitydefinedbyEquation(3.5):

e∗i=ci(g,λ,α,β).

Nowthatwehavetheequilibriumeffort,welookattheequilibriumnetwork-related

production.Thefirstorderconditionholdsatequilibrium,implyingthefollowingequality:

e∗i=ψ
∗
i g,e

∗
−i,∀i.

Thatistosay,atequilibrium,aninventor’seffortequalshis/herproductivity. Thus,

thenetwork-relatedproductionisequaltothesquaredcentrality,fromthefollowing

equivalences(anddroppingtheindices):

y∗i=e
∗
iψ
∗
i g,e

∗
−i=(e

∗
i)
2=c2i,∀i.

3.7.2 A moregeneralformofthe model

ThissectionfollowsthemodeldevelopedinSection3.3.1andshowsthattheintroduction

ofnewparametersinthismodelimplynosignificantchangetotheresults.

Considerthefollowingnewproductivityandutilityfunctions:

ψi=γ1+λ
j∈Ni

eαj

dβj
,

ui=eiψi−
γ2
2
e2i,

whereγ1istheinventor’sownproductivitywithoutanycollaboratorandγ2isaparameter

scalingthedisutilityoftheeffort.Thosemodificationsimplynosignificantchangetothe

result.
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Indeed,withthosenewparameters,theequilibriumeffortofeachinventor,e∗i(g,λ,α,β,γ1,γ2),

mustrespectthefollowingsystemofequations:

e∗i=
γ1
γ2
+
λ

γ2j∈Ni
e∗j
α
d−βj ,∀i.

Denotingγ=γ1/γ2anddividingbyγyields:

e∗i
γ
=1+

1

γ
×
λ

γ2j∈Ni
e∗j
α
d−βj ,

⇔
e∗i
γ
=1+γ−(1−α)

λ

γ2j∈Ni

e∗j
γ

α

d−βj .

Notethatbywritingẽ∗i=e
∗
i/γ,̃e

∗
irespectsthecentralitydefinedbyEquation(3.5)and

thuscanbewrittenas̃e∗i=cig,γ
−(1−α)λ/γ2,α,β.Thisshowsthatwehavethefollowing

equivalence:

e∗i(g,λ,α,β,γ1,γ2)=γci g,γ
−(1−α)λ

γ2
,α,β.

Thusincludingthetwoparameters,γ1andγ2,totheproductivityandtheutilityfunctions

wouldmerelyleadtotheintroductionofaproportionalitycoefficienttothecentrality

measureatequilibriumwithoutprovidinganydistributionalchange.

3.7.3 Existenceofthecentralitywhenα∈[0;1[

Inthissectionwedemonstratethefollowingproposition:

Proposition1. When α∈[0;1[,thecentralitydefinedbyEquation(3.5)hasa

positivesolutionforanyλ≥0. Thatistosay,thereexistsastrictlypositivevector

c∈ ❘+∗
n
,suchthatEquation(3.5)holds.

Aswhenλ=0,andwhenα=0,theproofistrivial,inwhatfollowsweconsideronly

λ>0andα∈]0;1[.Thedemonstrationofthepropositionisbasedonthreelemmas.

Definition1. Letthefunctionf:❘n→❘nbedefinedby

f(x)=1+λGxα,

wherex∈❘n,1isan-vectorofones,λ>0andα∈]0;1[arefixedscalars,andGisa

n×nmatrixoftypicalelementgijsuchthatgij≥0,∀i,j.Finally,x
αisdefinedasthe

vectorwhoseelementsare(xα)i=x
α
i.

Definition2. Letct∈❘
nbethesequencesuchthatc0=1andct+1=f(ct).
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ToproveProposition1,wejustneedtoshowthatthefunctionfhasapositivefixed

point,i.e.,thereexistsx∗>0(with0then-vectorofzeros)suchthatf(x∗)=x∗.27And

showingthatfhasafixedpointissimilartoshowingthatthesequencectisincreasing

andconvergent.

Lemma1. Thesequencectisincreasing.

ProofofLemma1. Wedenote xithei
thelementofxandfi(x)thei

thelementof

f(x).Letuslookatthefistderivativeoff:

∂fi(x)

∂xj
=αλgijx

−(1−α)
i ,∀i,j. (3.13)

Asα,λandgijarepositive,thenαλgij≥0.Consequently,foranyx>0,thefunctionf

isincreasing(asanypartialderivativedefinedinEquation(3.13)ispositive).Further,the

firstelementofthesequence,c0,isstrictlypositivebydefinition.Thus,c1=f(c0)≥c0.

Bymathematicalinduction,wehavect+1=f(ct)≥ct,∀t. Hence,thesequencectis

increasing.

NowletJ=11bethen×nmatrixofones, ĝ=max{gij}andĜ=̂g·J. Thatis

tosay,thematrixĜisthen×nmatrixcomposedonlyofthemaximumelementofG.

Thus,bydefinitionĜ≥G.28Inaddition,bythedefinitionofĜ,wehavêG·x=n̂g·̄x·1

wheren̂gisascalarand̄x= ixi/nisthemeanofthevectorx.

Letthefunctionh:❘n→❘nbedefinedby

h(x) =1+λ̂Gxα

= 1+λn̂g·̄xα·1,

withx̄α= ix
α
i/n.

Thefunctionhisdefinedsuchthatforanyx>0,h(x)≥f(x).Indeed,notethat

h(x)−f(x) = 1+λ̂Gxα −(1+λGxα)

= λĜ−G xα

≥ 0.

Lemma2. Foranyλ>0,thesequencedefinedbys0=1andst+1=h(st)converges

toafixedpointofh.Thatistosay,thereexistss∗>1suchthats∗=h(s∗).

27Thecomparisonx>y,xandytwovectors,means:xi>yi,∀i.
28ThecomparisonA≥B,withAandBtwomatrices,means:Aij≥Bij,∀i,j.
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ProofofLemma2. Thevectorsisafixedpointofhifandonlyif:

s= h(s)

= 1+λ̂G·sα

= 1+λn̂g·̄sα·1.

Assumesisafixedpointofh.Letuslookattheithelementofs:

si = 1+λn̂g·̄sα

= 1+λn̂g·
j

sαj/n

= 1+λ̂g·
j

sαj,∀i.

Asthisequationistrueforalli,itimpliesthatallelementsofsareequal(aseachelement

ofsisidenticallydefined).Assumethefixedpointexistsandletybetheuniqueelement

ofs(i.e.,si=y,∀i),thepreviousequationsimplifiesto:

y=1+λn̂g·yα. (3.14)

Thus,provingthatsisafixedpointofhisequivalenttoshowthatEquation(3.14)has

asolution.

Letg(y)=y−λn̂g·yα−1,thefirstandsecondderivativesofgare:

∂g(y)

∂y
=1−αλn̂g·y−(1−α),

∂2g(y)

∂2y
=α(1−α)λn̂g·y−(2−α).

Remindthatα∈]0;1[,andλ,n,̂garepositives. Asg(1)<0,toshowthatthereisa

solution,wejustneedtoshowthatthereexistsvaluesofysuchthatg(y)>0. Note

thatthefirstderivativeofgispositivewhenevery>(αnλ)1/(1−α)andisincreasingas

thesecondderivativeofgisstrictlypositive.Thisimpliesthatgcrossesthex-axisjust

oncein❘+.(Similarly,notethatlimy→+∞g(y)=+∞.)So,necessarily,thereexistsone

uniquey∗suchthatg(y∗)=0andg(y)>0,∀y>y∗. Hence,thevectors∗,definedby

s∗i=y
∗,∀i,isafixedpointofh.

ThetwofirstlemmasareusedtoproveLemma3.

Lemma3. Thefunctionfhasapositivefixedpoint. Thatistosay,thereexists

x>0suchthatf(x)=x.

ProofofLemma3. Bythedefinitionofst,wehavest≥ct,∀t.Indeed,s0=c0=1

and(h(s0)=)s1≥c1(=f(c0))becauseh(x)≥f(x),∀x>0,sothatst≥ct,∀tfollowsby
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mathematicalinduction.FromLemma2,thesequencestconvergestothefixedpoints
∗

ofh.Itimpliesthats∗isanupperboundofct.

Thesequencectisincreasing(Lemma1)andisupperboundedbys
∗,thereforeitis

convergent.Letc∗bethepointtowhichthesequencectconverges.Thevectorc
∗isa

fixedpointoff.

Wecannowturnbacktotheproofoftheproposition.

ProofofProposition1. Thecentrality,asdefinedbyEquation(3.5),isequalto:

ci(g,λ,α,β)=1+λ
j∈Ni

cαj(g,λ,α,β)

dβj
,∀i.

LetG̃(β)bethematrixoftypicalelement G̃(β)
ij
=d−βifnodesiandjareconnected

inthenetworkandG̃(β)
ij
=0otherwise.Droppingtheparameters,thecentralitycan

berewritteninmatrixform:

c=1+λ̃G(β)cα, (3.15)

withcthevectorofallcentralities.Definethefunctionfcsuchthatfc(x)=1+λ̃G(β)x
α.

Sinceλ>0,α∈]0;1[,andeveryelementof̃G(β)isgreaterthanorequalto0,thefunction

fcrespectsthedefinitionofthefunctionfgiveninDefinition1.Therefore,fromLemma3,

thefunctionfchasapositivefixedpoint.Itimpliesthatthereexistsc>0thatsolves

Equation(3.15),cisthecentrality.
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Conclusion

Themainobjectiveofthisthesisistoclarifythemechanismsinvolvedinknowledgecre-

ation,byspecificallyinvestigatingtheroleofsocialnetworksinthisprocess.Tothisend,

theliteratureonsocialnetworksiscombinedtothebroadliteratureonthedeterminants

ofinnovationandonthesociology,anddeterminants,ofcollaboration.Thesocialnetwork

underscrutinyisthenetworkbasedonformalcollaborationsforknowledgeproduction,

beitpatentsorscientificarticles.

Althoughthisthesisfocusesonaspecificdeterminantofknowledgecreation,social

networks,italsoconsiderstheroleofgeography.Indeed,sincetheactorsofknowledge

productionarehighlyconcentratedinspace,wethentrytofurtherunderstandtheinter-

playbetweengeographyandsocialnetworks.Inthisvein,socialnetworksareameansto

getintothemechanismsinvolvedin“knowledgespillovers”.

Wearguethatsocialnetworksareavectorofdiffusionofinformationandideas,and

astrongfactorinfluencingknowledgecreationandtheformationofnewcollaborations.

Toolsoriginatingfromsocialnetworkstheoryaredrawntohelptodefinenewmeasures

andtoassesstheroleofsocialnetworksasdriversofknowledgecreation.

Thethreechaptersofthisthesiscontributeto: i)betterunderstandthedetermin-

antsofcollaborationinknowledgeproduction,ii)provideathoroughassessmentofthe

network-positionofregionsinknowledgenetworks,andiii)investigatethelinkbetween

aninventor’spositionwithinanetworkandtheproductionofnewknowledge.

Eachofthesechaptersprovidemethodologicalcontributions,andtwoincludeanem-

piricalstudytocopewiththesequestions. Wefirstdetailthecontribution,limitationand

follow-upresearchcontainedineachchapter.Intheendofthisconclusion,somefuture

pathsofresearchrelatingtothisthesisaresketched.

Mainresults,limitationsandfollow-upresearch

Chapter1. Thefirstchapterassessestheroleofthesocialnetworkasadeterminant

ofinter-regionalcollaborations.Asgeographyisalsoacompetingelementdrivingcollab-

orations,thischapterevaluatestheinterplaybetweenthesocialnetworkandgeography

indrivingnewcollaborations. Thischapterisacontributiontotheliteratureonthe

determinantsofcollaborations(Maggionietal.,2007;MaggioniandUberti,2009).In

particular,itisanchoredinthedebateopposinggeographyversussocialnetworks(e.g.,
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Batheltetal.,2004;Boschma,2005;Rodríguez-PoseandCrescenzi,2008). Toempir-

icallyevaluatetherelationbetweengeographyandsocialnetworksasdeterminantsof

newcollaborations,weemploydataonscientificcollaborationinchemistryintheperiod

2000–2005.Toanswertothisquestion,wefirstintroduceanewmeasureofinter-regional

networkproximity. Thismeasureisusedtoapproximatethelevelofsocialproximity

betweenregions. Wethenestimatethenumberofcollaborationsbetweenregionswith

respecttogeographicalfactorsandthismeasureofsocialproximity. Firstofall,the

resultsshowthatsocialproximitypositivelyaffectsthecreationofnewcollaborations.

Furthermore,theresultsdepictaclearsubstitutabilitypatternbetweensocialproximity

andgeographicalproximity.Thismeansthatthebenefitstosocialproximitydoincrease

withgeographicaldistance.Concretely,theelasticityofthesocialproximityvariablein-

creaseswiththegeographicaldistanceseparatingtheregions.Thisisevidencethatsocial

proximityhelpstobypassthebarrierofgeography.

Thisstudyhasbeenlimitedinscope.First,ithasfocusedonscientificcollaborationsin

thespecificfieldofchemistry.Therefore,itisanopenquestiontoknowiftheresultshold

forotherkindofscientificfields. However,thepatternofsubstitutabilityseemsstrong

enoughtoberobusttootherfields,providedthecollaborationbehaviourinthesefields

isnottoodifferentfromtheoneinchemistry.Therefore,anaturalextensionwouldbeto

applythemethodologyofthisstudytootherscientificfields.Second,theempiricalstudy

wasgeographicallycircumscribedto5countriesoftheEuropeanUnion.Naturalextension

ofthisstudyincludestheapplicationofthemethodologytolargergeographicalzones.In

particular,itcanbeworthwhiletoextendtheanalysistotheUS,toassesstheinterplay

betweengeographicaldistanceandsocialnetworksinalargeareawhichdoesnotsuffer

fromcountrybordereffect.Third,theempiricalanalysisisbasedononepointintime.

Therefore,itdoesnotcopewiththeevolutionofthesubstitutability/complementarity

patternbetweensocialandgeographicproximity. Furtherresearchcanusethesame

methodologytoinvestigatewhetherthesubstitutabilitybetweennetworkandgeography

hasevolvedovertimeduetothedevelopmentinthemeansofcommunication.

Chapter2. Thesecondchapterintendstoclarifythenotionofnetworkpositionofre-

gionsinsocialnetworks.Thereisagrowinginteresttocharacterizethepositionofregions

ininter-regionalnetworks(MaggioniandUberti,2011;Scherngell,2013). However,the

questionofhowtomeasuretherelativepositionofregionsinnetworksremainsunclear.

Therefore,thischaptercriticallyassessesthequestionofthemeasurementofregional

networkcentralityinthecontextofR&Dnetworks.Itdemonstratesthedrawbacksof

existingcentralitymeasurestocopeinameaningfulwaywithinter-regionalR&Dnet-

works,afterdescribinghowtoapplytheminthiscontext. Mainly,therearetwoways

toapplyexistingnetworkcentralitymeasurestoregionalR&Dnetworks.Eitherconsider

theinter-regionalnetworkasaweightednetwork(i.e.anetworkinwhichlinksbetween

thenodescanbevaluedmorethanone)inwhichtheregionsaretheactorsofthenetwork,

andthenapplyexistingcentralitymeasuressuitedforweightednetworks. Orcompute
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thenetworkcentralityofeachmicro-levelagent(e.g.,thefirmsortheresearchers)and

thenaggregatethesecentralitiesattheregionallevel. Thesetwomethodologiessuffer

fromthedrawbackdrivenbythelinksinternaltotheregions. Wefurtherevidencethe

problemofthedualitybetweenthemeso-level,forwhichthecentralityistobecomputed,

andthemicro-level,inwhicharetheactorsofthenetwork.

Afterthisdiscussion,anewmeasure,thebridgingcentrality,isintroduced. This

measureisbasedonhowmucharegiondoesindirectlyconnectsotherregions.Inthe

contextofR&Dnetworks,thiskindofpositionisimportantfortworeasons. Forthe

regionitself,asitisthesignthattheagentsfromthisregionareconnectedtoavariety

ofotherregionswhichcandiversifytheregionalpoolofknowledge(Batheltetal.,2004;

BerliantandFujita,2012).Secondly,inanetworkformationperspective,regionswhich

areinthemiddleofotherscanbeseenassomerepositoryofinformationandcanfacilitate

futureconnectionsbetweentheseregions.Anotheradvantageofthemeasureweintroduce

isthatitwasspecificallydesignedforregionalR&Dnetworks.

Wethenusedataonco-patentsintheEUtocomparethenewcentralitymeasure

withtheexistingones. Despitesomesimilarpatternsbetweenthevariouscentrality

measures,thebridgingcentralityshowssomedifferences.Forinstance,theregion“Îlede

France”hasalowerrankwiththebridgingcentralitythanwithothermeasuresbecause

theshareofconnectionswhichareinternaltotheregionisveryhigh,thusprovidingless

interconnectionsbetweenotherregions.

Thisnewmeasureisanattempttoincorporatemeaningfullythenotionofcentrality

inthiscontext. However,itisonlyafirststeptowardsintegratingamulti-dimensional

approachtocharacterizethepositionofregionsinknowledgenetworks.Anextstepwould

betocomplementthisapproachbyincludingotherregionalcharacteristics,suchas,for

instance,todefinehowmucharegionisabridgebetweenothernationalandnon-national

regions.

Chapter3. Thethirdchapterinvestigatesthelinkbetweentheproductionofknow-

ledgeandthepositionofinventorsintheco-patentnetwork.Followingtheliteratureon

knowledgeproduction,thenetworkstructureshouldhaveaninfluenceonthediffusionof

ideasandontheproductivityofinventors(CowanandJonard,2004;SinghandFleming,

2010). Weintroduceasimplemodelinwhichtheproductivityofinventorsisassumed

tobedependentontheircollaborator’sbehaviour.Thismodelcontainsthreeelements:

connectivity,complementarityandrivalry.Thefirstelement,connectivity,simplystates

thatthereisapositiverelationbetweenaninventor’sproductivityandher/hisnetwork

ofcollaborators(i.e. withoutconnectivity,theproductivityofinventorsisindependent

oftheirnetwork). Thetwootherelementsrelatetohowtheinventor’snetworkaffect

theirproductivity.Inventorsareassumedtoexerteffortstoproducenewknowledge.The

complementaritystatesthataninventorcanbemoreproductiveifhiscollaboratorsexert

moreefforts.Finally,rivalrymeansthataninventormaybenefitlessfromveryconnected

collaborators,astheywouldhavelesstimetodevotetotheircollaboration.Themodel
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predictsthatatequilibrium,thenetwork-relatedproductionoftheagentswouldbede-

pendentonameasureoftheirpositioninthenetwork.Thismeasureofnetworkposition

isanewformofnetworkcentralitywhichdependsonthethreeelementsofconnectivity,

complementarityandrivalry.

Toempiricallyassessifthenetworkinfluencesregionalinnovation,weusedataonthe

Frenchco-patentnetworkfortheperiod1981–2003. Weestimatearegion’sproduction

ofinnovationwithrespecttoregionaldeterminants,avarioussetoffixedeffectsand

theaveragenetworkcentralityoftheagentsintheregion. Theaimistoestimatethe

parametersofthenetworkcentrality,theseparameterstellwhetherthenetworkhasany

influenceonregionalproduction,andwhatkindofstructurefavoursmostinnovation.

Theresultsfirstshowthattheconnectivityofinventorsaffectspositivelytheregional

productionofinnovation. Moreover,wefindasignificantsignofcomplementary,meaning

thatconnectionstoinventorsbetterpositionedinthenetworkincreasetheperformance

ofagents.Finally,theresultsdepict,consistentlyacrossallestimations,nosignofrivalry

occurringinthenetwork. Thisabsenceofrivalrymeansthatnewnetworkconnections

arealwaysbeneficial.

Themainpolicyrecommendationstemmingfromtheseresultsaimatincreasingthe

networkconnectivityofinventors. Onewaytoattainsuchagoalistoenable/facilitate

more movementofinventorsacrossfirms,sincetheywillthereforebeabletoaccess

newsetsofpossiblepartnerstocollaboratewith. Thisrecommendationisveryinline

withrecentworksonnon-competeagreementsintheUSwhichdemonstratethecounter-

productiveeffectofnon-competeagreementsonregionalinnovation(e.g.,Marxetal.,

2009,2015).

Althoughthisstudyisasteptowardsabetterunderstandingofhowthesocialnetwork

canaffectinnovationperformance,itsuffersfromlimitations.Thefirstlimitationisits

scope.Indeed,theempiricalevidenceisonlybasedondataonFrenchinventors.Therefore

theimplicationsoftheresultsarenotuniversalandmustbetakenwithcare. Anext

stepistoimplementthismethodologytoothergeographicalareas.Inparticular,theUS

couldprovideanicepointofcomparison,whichthenetworkofinventorshasbeenthe

subjectofmany(ifnotmost)innovationstudies.

Anotherlimitationisthatthenetworkistakenasgivenandthequestionofnetwork

formationisnotdealtwith.Indeed,theformationoftheinventorsnetworkmaybe

endogenous,sothatcollaborationsarenotrandombutmayratherbetheoutcomeofa

selection(seee.g.,Carayoletal.,2015).Inthiscase,thefactthatthereisconsistentlyno

signofrivalryintheresultsmaybeinpartdrivenbythisselectionprocess.Anavenue

ofinvestigationwouldbetointegratethenotionofnetworkformationtothestudyofthe

network-relateddeterminantsofinnovation.
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Researchpaths

Oneessentialmechanismtakingpartintheproductionofnewknowledgeisthediffusion

ofinformationandideas,inwhichthesocialnetworkplaysacriticalrole.However,the

causaleffectofdiffusiononthecreationofinnovationischallengingtosingleout.The

evidenceonthisissuearemostlyindirect:somearticlesdocumentthatinventorstendto

citeotherpatentsbasedontheirsocialnetwork(BreschiandLissoni,2005,2009;Singh,

2005),butwhatremainsuncleariswhethertheknowledgediffusionmechanismispivotal

tothegenerationofinnovations.

Anavenueforfurtherresearchconcernstheintegrationofthenotionofcausality

tothequestionofdiffusionininnovationnetworks,basedontheveryrecentworkof

Atheyetal.(2015).Atheyetal.(2015)describehowtoimplementtestsofcausalityin

networks.Thetypeofquestionforwhichitissuitedis:Howtheaccessofoneagenttoa

treatment(e.g.,somespecificinformation)cancausallyaffectitspartnersbehaviour(e.g.,

thecollaborators)?Thiskindofmethodologycanthenbeusedtoinferthecausaleffect

betweentheaccessofsomeagenttosomeknowledgeandhowitcanpropagatethrough

itsnetwork.

Anotherpromisingareaofresearchoninnovationliesonthecombinationofdifferent

levelsofinnovationnetworksbytakingadvantageofthetwo-modesnetworknatureof

innovationnetworks.Forinstance,inthecaseofpatentdata,onepatentprovidesinform-

ationontheauthors,thetechnologicalclass,theassignee,etc,whicharepossiblenodes

ofthenetwork. Thesenodescanbeconnectedinanetworkperspectiveinwhichthe

‘network-link’isidentifiedwiththepatent.SincethebreakthroughresearchofHidalgo

andHausmann(2009),thereisgrowingresearchonthisissue,withalargesetofapplic-

ations.Forinstance,recentlyBallandandRigby(2014)applyHidalgoandHausmann’s

methodologytocharacterizethetechnologicalspecializationofcities.Thereisroomfor

interestingresearchoninnovationusingthisperspective.
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SummaryinFrench–Résuméen

français

Lebutprincipaldecettethèseestdeclarifierlesmécanismesimpliquésdanslacréation

deconnaissance,ens’intéressantparticulièrementaurôledesréseauxsociauxdansce

processus.Acettefin,lalittératuresurlesréseauxsociauxestcombinéeàlalittérature

surlesdéterminantsdescollaborations,etsurlasociologie,etdéterminants,descollabo-

rations.Leréseausocialconsidéréiciestceluibasésurleréseauformeldecollaborations

pourlaproductiondeconnaissance(parexemplelesbrevetsoulesarticlesscientifiques).

Bienquecettethèseportespécifiquementsurundéterminantdelacréationdeconnais-

sance,leréseausocial,elleprendaussiencomptelerôledelagéographie.Eneffet,comme

lesacteursdelacréationdeconnaissancesonttrèsconcentrésdansl’espace,cettethèse

proposedemieuxcomprendrel’interactionentrelagéographieetlesréseauxsociaux.

Ainsi,leréseausocialestunmoyend’investiguerleslesmécanismesimpliquésdansles

“externalitésdeconnaissanceslocalisées”.

Lepointdevueportéparcettethèseestquelesréseauxsontunvecteurdediffusion

d’informationetd’idées,etestunvecteurimportantdelacréationdeconnaissanceetde

laformationdecollaborations.Laquestionderechercherequiertd’évaluerprécisément

lapositiondesagentsdansleréseau.Defait,desoutilsissusdelathéoriedesréseaux

sociauxsontutiliséspourdéfinirdenouvellesmesuresetafind’évaluerlerôleduréseau

socialcommeunvecteurdecréationdeconnaissance.

Lestroischapitresdecettethèsecontribuentà:i)mieuxcomprendrelesdéterminants

descollaborationsdanslacréationdeconnaissancesenmettantenavantlarelationentre

réseausocialetgéographie,ii)apporteruneévaluationcritiquedelapositiondesrégions

danslesréseauxdeR&D,etiii)étudierlelienentrelapositiondesinventeursdansle

réseauetlaproductionrégionaledeconnaissance.

Chacundeceschapitresapportedescontributionsthéoriquesetméthodologiques,et

deuxincluentuneétudeempirique.Lasuitedécritlesquestionsposéesparchaquechapitre

ainsiqueleursméthodologiesetrésultats.

Chapitre1. Danslepremierchapitreilestquestiond’évaluerlerôleconjointduréseau

socialetdelagéographiedanslaformationdescollaborationsscientifiques.Cechapitre
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s’inscritàlafoisdanslalittératuresurlesdéterminantsdecollaborations(Maggioni

etal.,2007;Hoekmanetal.,2010;Morescalchietal.,2015)etdansledébatopposant

lagéographieauréseausocial(Batheltetal.,2004;Boschma,2005;Rodríguez-Poseand

Crescenzi,2008).Dansunpremiertemps,cechapitrediscutedefaçonthéoriquedes

causesaffectantlacollaborationentrechercheurs,enfocalisantprincipalementsurles

mécanismesimpliquésparleréseausocial.Enparticulier,lespossiblesconséquencesde

l’interactionentrelaproximitéderéseauetlaproximitégéographiquesontdiscutées,en

mettantenavantdansquellesconditionsellespeuventêtrecomplémentairesousubstituts.

Danscechapitre,noussoutenonsl’idéequelaproximitéderéseauaffectepositivementles

collaborations.Parcontre,nousrestonsagnostiquessurlaquestiondelacomplémentarité

/substituabilitédel’effetdesproximitésgéographiqueetderéseau.

Dansundeuxièmetemps,uneanalyseempiriqueestmiseenplaceafindetester

leshypothèsesdéveloppéesdansladiscussionthéorique.Àcettefin,nousemployons

desdonnéessurlescollaborationsscientifiquesdansledomainedelachimie,ayantlieu

danscinqpaysEuropéens(France,Allemagne,Royaume-Uni,EspagneetItalie),entre

2000et2005.Unmodèlegravitaireestemployépourévaluerlesdéterminantsdesflux

decollaborationsinter-régionales.Deparl’absencedemesureexistantepourévaluerla

proximitésocialeentrerégions,cechapitrefaitaussiunecontributionméthodologique

enintroduisantunetellemesure.Cettemesuredeproximitésocialeinter-régionalese

basesurlesconnexionsindirectesentrechercheursets’appuiesurdesfondementsmicro-

économiques.

Lesrésultatsdémontrentuneffetpositifdelaproximitésocialecommedéterminant

descollaborations.Deplus,lasubstituabilitéentrelesproximitéssocialeetgéographique

estclairementmiseenévidence.Celaveutdirequelaprobabilitédecollaborationdue

àlaproximitésocialecroîtavecladistancegéographiqueséparantlesrégions.C’estune

miseenavantquelaproximitésocialepermetdepasserlesbarrièresliéesàlagéographie.

Chapitre2. Ledeuxièmechapitreseproposedecaractériserlepositionnementdes

régionsdanslesréseauxsociaux,enparticulierlesréseauxd’innovation.Eneffet,ilya

uneimportancecroissanteestdonnéeàl’évaluationlapositiondesrégionsdanslesréseaux

inter-régionaux(MaggioniandUberti,2011;Scherngell,2013).Néanmoins,laquestionde

lamesuredelapositionrelativedesrégionsdanslesréseauxn’atoujourspasderéponse

claire.Lebutdecechapitreestdoncd’évaluerdefaçoncritiquedelanotiondecentralité

deréseaudanslecontextederéseauinter-régionaldeR&D.

Toutd’abord,cechapitremetenavantlespossibilitésd’appliqueràcecontexteles

centralitéderéseauexistantes.Principalement,ilexistedeuxapproches.Lapremière

possibilitéestdeconsidérerleréseauinter-régionalcommeunréseaupondéré.Lesnœuds

composantsleréseaureprésententalorschaquerégionetlesliensentrechaquenœud

mesurentl’intensitédesfluxdecollaborationsentrerégions.Danscecas,ilsuffitalors

d’employerlesversionspondéréesdesmesuresdecentralitéexistantes.Ladeuxièmeap-

procheconsisteàconsidérerlacentralitérégionalecommelasommedescentralitésdeses
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agents.Danscecas,ilfautcalculerlescentralitésauniveauindividuel(i.e.auniveaudu

réseaudeschercheursoudesfirmes),puisagrégerlescentralitésauniveaurégional.La

discussionthéoriqueportantsurcesméthodesmetenavantdeslimitesclairesentermes

d’interprétation.Eneffet,lesmesuresdecentralitésontenpremierlieudéfiniesàl’échelle

desréseauxindividuels,ornousmontronsdanscechapitrequecesdernièresperdentl’es-

sentieldelepouvoirexplicatiflorsquel’onpasseàunniveauagrégé.Unproblèmemajeur

résidedansladualitéentreleniveaumeso(i.e.,régional)pourlequellacentralitédoit

êtrecalculée,etleniveaumicro,oùinterviennentlesvraisacteursduréseaux(i.e.,les

chercheursoulesfirmes).

Alasuitedecettediscussion,unenouvelle mesure,quel’onnommerabridging-

centrality,estintroduite.Cettedernièreestbaséesurlapropensiondesagentsd’une

régionàêtredes“ponts”entreagentsd’autresrégions,i.e.àêtredesagentsconnectésà

plusieursrégionsdifférentes.DanslecontextedesréseauxdeR&D,cetypedeposition

revêtunrôleimportantpourdeuxraisons.Dansunpremiertemps,celajoueunrôle

importantpourlarégionensoi.Eneffet,ils’agitd’unsignequesesagentssontconnectés

àunevariétéd’autrerégions,cequipermetdediversifierlefondsdeconnaissancerégio-

nal(e.g.,Batheltetal.,2004;BerliantandFujita,2012)Ensuite,cettepositionestaussi

bénéfiquepourlesautresrégions.Eneffet,dansuncontextedeformationderéseau,une

régionsquieninterconnected’autrespeutêtrevuecommeunrépertoired’information,et

ainsipeutfaciliterlesconnexionsfuturesentrecesautresrégions.Finalement,unautre

avantagedecettemesureestqu’elleaétécrééespécifiquementpourlesréseauxrégionaux

etprendencompteladualitédesniveauxmicro/meso.

Pourillustrercettemesureetlacompareravecd’autresmesuresexistantes,desdon-

néessurlesdépôtsdebrevetEuropéensontétéutilisées.Malgrédessimilaritésentreles

différentesmesuresdecentralité,labridging-centralitymontredesdifférencessignificatives

aveclesautres.Parexemple,pourlecasdelarégionÎledeFrance,lerangqueluidonne

labridging-centralityestinférieuràceluicalculéparlesmesuresstandardcarlapartdes

connexionsinternesàlarégionestsigrandequ’aufinallesagentsinterconnectentpeules

autresrégions.

Chapitre3. Letroisièmechapitres’intéresseàlarelationexistanteentrelaposition

desagentsdansleréseaud’inventeuretlaproductionrégionaled’innovation.Selonla

littératuresurlaproductiondeconnaissance,lastructureduréseaudevraitinfluencerla

diffusiond’idéeetlaproductivitédesinventeurs(e.g.,CowanandJonard,2004;Fleming

etal.,2007;SinghandFleming,2010).Cechapitreproposedetestercetteassertionavec

uneméthodologieoriginale.Pourcela,unmodèleestintroduitdanslequellaproductivité

desinventeursestreliéeaucomportementdeleurcollaborateurs.Cemodèlecontienttrois

éléments:connectivité,complémentaritéetrivalité.Lepremierélément,laconnectivité,

relatesimplementqu’ilyaunlienentrelaproductivitéd’uninventeuretsonréseau.

Lesdeuxautresélémentsrendentcomptedecommentleréseauaffectelaproductiondes

inventeurs.Lacomplémentaritéstipulequelaproductivitéd’uninventeurseraaugmentée
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s’ilcollaborentavecd’autresinventeursquisontplusproductifs.Enfin,larivalitérelate

l’idéequ’uninventeurpeutbénéficiermoinsd’uncollaborateurquiesttrèsconnecté,car

ilpourramoinsconsacrerdetempsàlacollaboration(seee.g.,Jacksonand Wolinsky,

1996).Cesimplemodèlestylisépréditqu’àl’équilibre,laproductiondesinventeursest

dépendantedeleurpositiondansleréseau.Cettepositiondansleréseaucorrespondà

unenouvelleformedecentralitéderéseauquiestbaséesurlesvaleurde:connectivité,

complémentaritéetrivalité.

Pourévaluerempiriquementsil’influenceduréseausurlaproductionrégionaled’in-

novation,desdonnéessurleréseaudebrevetsfrançaissontutilisées,de1981à2003.

Laproductionrégionaled’innovationestestiméeenfonctiondedéterminantsrégionaux,

d’effetsfixespourcontrôlerpourlesvariationstemporellesetinter-régionales,etdela

centralitéderéseaudesagentsdecesrégionsfrançaises.Lebutétantd’estimerlespa-

ramètresdumodèle.Cesdernierspermettentd’appréhenderquelletypedestructurede

réseauestlaplusfavorableàl’innovationrégionale.

Dansunpremiertemps,lesrésultatsmontrentqueleréseaud’inventeurinfluence

positivementlaproductiond’innovations(i.e.,laconnectivitéestpositive).Ilyaaussi

dessignesdecomplémentaritédansleréseau,cequisignifiequelesinventeurssontplus

productifsquandilscollaborentavecdesindividusbiensplacésdansleréseau.Cerésultat

corroborel’importanceaccordéeparlalittératureau"star-inventors"dansladiffusion

desidéesauseind’unréseau(Zuckeretal.,1998;Menon,2015).Enfin,lesrésultatsne

permettentpasdemontrerdessignesderivalitéauseinduréseau.Ainsi,chaquenouvelle

connexionentredeuxinventeursquin’étaientpasdéjàconnectésrestetoujoursbénéfique

pourl’innovationrégionale.
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Lerôledesréseauxsociauxdanslagéographiedel’innovationetdela
collaboration:Troisessais

Resumé:Cettethèseportesurlacréationdeconnaissancesscientifiquesettech-
nologiques,etsonlienaveclagéographieetleréseausocial.Encesenslathèses’attache
àmieuxidentifierlerôleduréseausocialdanslaproductiondeconnaissance,etàéclairer
lelienentreréseausocialetgéographiedanslaformationdescollaborations,enmettant
enavantdansquellesconditionsleréseaupermetdes’affranchirdecettedernière. A
cetégard,cettethèseapporteplusieurscontributionsthéoriques,méthodologiquesetem-
piriques.L’essentieldelathèses’appliqueàassemblerlesmécanismesquilientleréseau
socialàlaproductiondeconnaissances.Ladiscussionthéoriqueestensuiteappuyéepar
uneanalyseempiriquedansdeuxcontextesliéslacréationdeconnaissances.D’unepart
lathèseanalyselaformationduréseaudescollaborationsscientifiquesenEuropedans
ledomainedelachimie,mettantenavantl’interactionréseauversusgéographiedans
laformationdescollaborations. D’autrepart,elleévaluelerôleduréseaud’inventeur
danslaperformancedeszonesd’emploifrançaisesentermesdeproductiond’innovation,
ensefocalisantsurletypedestructurederéseauquifavoriseleplusl’innovation.Les
résultatsprincipauxsontquel’expansionduréseausocial–mesuréparlaconnectivité
desinventeurs–auneffetbénéfiquesurl’innovation.Deplus,ilestmontréqueleréseau
socialpermetenpartiedes’affranchirdelabarrièregéographiquepourcollaborer.Ces
résultatsapportentdeséclairagessurlerôleduréseaudansl’ogranisationspatialedes
activitésscientifiquesettechnologiques.

Mots-clefs:innovation;collaboration;formationderéseau;économiegéographique

Socialnetworksandthegeographyofinnovationandresearchcollaboration:
Threeessays

Thisthesispertainstounderstandinghowsocialnetworksandgeographyaffectthe
creationofnewknowledge. Moreprecisely,thisthesiswillquestionhowthesocialnetwork
ofcollaborationcaninfluencetheproductionofknowledge,howdogeographyandthe
socialnetworkinteract,andwhetherthesocialnetworkcanhelptobypassgeography.An-
sweringthesequestionsrequiredtomakesometheoretical,methodologicalandempirical
contributions.Onepartofthethesisgathersthemechanismslinkingthesocialnetworkto
knowledgecreation,whileanotherfocusesontheinterplayofgeographyandthenetwork
intothecollaborationprocess.Followingthistheoreticaldiscussion,twoempiricalstudies
arelaidout.First,itassessestheformationofscientificcollaborationsinEuropeinthe
fieldofchemistry.Thisstudyfocusonthecompetingrolebetweenthesocialnetworkand
geographytoshapingnewcollaborations. Then,thethesiscomestoevaluatehowthe
networkofinventorsinfluencetheinnovationperformanceofFrenchemploymentareas.
Inparticular,aspecificmethodologyissetuptoaddresswhatkindofnetworkstructure
favoursthemostcollaboration. Themainresultsofthisthesisarethatanincreasein
theconnectednessofinventorsisalwaysbeneficialtourbaninnovationperformance. We
alsoshowthatsocialnetworkactasasubstitutetogeographicdistance,sothatsocial
networkallowstoalleviatetheburdenofdistance.Theseresultsshedlightontheroleof
thenetworkinshapingthespatialdistributionofthescientificandtechnologicalactivity.

Keywords:innovation;researchcollaboration;networkformation;economicgeography


	Introduction
	Network proximity in the geography of research collaborationThis chapter is based on a single authored article. 
	Introduction
	The determinants of inter-regional collaborations
	Empirical strategy and the measure of network proximity
	Data and methodology
	Results
	Conclusion
	Appendix

	Centrality of regions in R&D networks: Conceptual clarifications and a new measureThis chapter is based on a paper co-authored with Iris Wanzenböck and Thomas Scherngell.
	Introduction
	The conventional measurement approach 
	The concept of bridging paths
	A new measure of regional centrality 
	An illustrative example: an application to the European co-patent network
	Concluding remarks 
	Appendix

	How does the structure of the inventors network affect regional inventive performance? Evidence from FranceThis chapter is based on an article co-authored with Nicolas Carayol and Pascale Roux.
	Introduction
	Why would inventors networks matter for regional innovation
	A model of patent production at the inventor level
	Data and econometric strategy
	Results
	Conclusion
	Appendix

	Conclusion
	Summary in French – Résumé en français

