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Introduction en francais

L'existence et la pérennité des villes sont la preuve irelgéeide la tendance naturelle
de I'activité humaine a se concentrer spatialement. Ceghéne de concentration spa-
tiale s’observe également pour des secteurs d’activiticphers. L'étude de I'organisation
spatiale des secteurs d’activité, et plus particulieréneedétection des schémas de con-
centration spatiale, sont un sujet d’étude ancien pourdesdamistes, depuis les travaux
d’Alfred Marshall(1890 au moins.

Pour autant, I'agglomération de I'activité humaine gértbrda congestion, fait croitre
le prix des facteurs de production immobiles et, éventoadlat, accroit le degré de concur-
rence locale. Plusieurs questions sont donc d’intérét dets littérature: la concentration
spatiale est-elle propre a quelgues secteurs d’activitécpliers ou bien un phénomene
partagé par le plus grand nombre ? Quels sont les bénéficdesyaatreprises tirent de
cette concentration spatiale ? Dans quelle mesure ces tEnédint-ils plus que com-
penser les colts que I'agglomération ne manque pas de géhégaielle est I'étendue
géographique de ces externalités ? L'ensemble de cesangfdirme la toile de fond de
cette thése.

Sur les origines de la concentration spatiale

Le point de départ de I'analyse des phénoménes d’aggloimérast lethéoreme
d’'impossibilité spatialeprouvé paiStarrett(1978. Celui-ci énonce que si I'espace est ho-
mogene et gu'il n’existe pas d'invisibilités ou des rendataeroissants, alors tout équili-
bre concurrentiel en présence de codts de transport dodraetériser par une ensemble
de localisation en autarcie, ou chaque bien est produitite gathelle (voir Ottaviano et
Thisse, 2004, pour un commentaire détaillé).

A contrariq, il est possible d’observer des zones ou I'activité est@pgrée deés lors
gue l'espace est hétérogene ou bien qu'il existe une formeneuautre d'indivisibilités
ou de rendements croissants, sous I'hypothése que lesa®fitansport sont non nuls.
La notion d’espace hétérogéne renvoie a I'idée que chagtitite bénéficie de dota-
tions spécifiques (dotations naturelles, technologiesnoén#és) qui, au regard des dota-
tions des autres territoires, favorisent le développerdant type particulier d’activités.

Il s'agit la des avantages comparatifs analysés dans lesiekéraditionnelles du com-
merce international. Ce raisonnement est bien sOr valabl@veau mondial, mais peut

I\oir Combes, Mayer et Thisse (2008b, chapitre 2) pour unseuation détaillée de la prise en compte
de I'espace dans la pensée économique.
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également étre invoqué a une niveau géographique plud.ré€fitains territoires, au sein
méme d’un pays, peuvent bénéficier de dotations qui favari§astallation d’un secteur
d'activité particulier, comme les houilléres dans le Norst Be la France. Cependant,
lorsque I'échelle géographique considérée est plus edldst plus probable que I'espace
soit homogéne. Ainsi la théorie des avantages comparatése quand ceux-ci sont défi-
nis dans une acception large, ne suffit plus a expliquer d'efiide des phénomenes de
concentration observés au niveau d’'un pays par exemplegoor une illustration, Ellison
et Glaeser, 1999, pour les Etats-Unis).

Dans cette situation, des explications alternatives aglagération de I'activité
économique doivent étre mobilisées. En présence de codltechahge positif,
I'agglomération, suivanStarrett(1978, s’explique par I'existence de rendements crois-
sants, ou ddconomies d’agglomérationCes économies existent des que la productiv-
ité d’'un individu s'accroit lorsqu'il ou elle se trouve a pimité d’autres individus. Les
économies d’agglomération peuvent étre drternalités purgscomme par exemple des
externalités de connaissance. Ces économies d’aggloaméepsuvent également transiter
par le marché. Si un producteur et un fournisseur sont plashgs géographiquement,
il est possible qu’ils deviennent plus productifs, car laximité élimine un certain nom-
bre des colts de transaction liés a I'éloignement. Il n'y & ge@ns ce cas d’externalités
manifestes (voiGlaeser2008.

Les rendements croissants peuvent étre internes a I'eiseepg<rugman (1991 (et
la littérature qui a suivi en Economie Géographique) a aimsntré que les entreprises
pouvaient avoir tendance a se concentrer spatialementdesicodts de transport dimin-
uent. Dans ce schéma, les entreprises gagnent a se lodaiseiun marché plus large,
de sorte a pouvoir exploiter au maximum les rendementssais de leur technologie de
production (voir Combes, Mayer et Thisse, 2008b, pour uneaexhaustive de la littéra-
ture). Au contraire, 'Economie Urbaine traditionnelleppose I'existence d’externalités
de production entre des entreprises produisant avec ddsmamts constants (vditen-
derson1974. Ainsi, les rendements croissants en jeu sont externem@idprise. Dans ce
schéma, les entreprises bénéficient aussi d'un marchépaealarge ou de la proximité
d’entreprises exercant dans le méme secteur d’activit@sules types d’externalités en
jeu. Cette thése s’intéresse, avant tout, a ce second tygmdements croissants.

Quand les économies d’'agglomération ne sont pas cantomugesntreprises d’'un
secteur donné, elles permettent I'agglomération de limbée des secteurs et donnent
naissance aux villes. Elles sont alors nommé&asnomies d’urbanisationAu contraire,
guand ces économies ne concernent que les entreprisesedt@uisdonné, elles donnent
naissance a des poéles industriels spécialisés et sont reméc@nomies de localisation
Les économies d’'urbanisation, comme de localisation, @euggalement se comprendre
comme une maniere de réduire les colts de déplacement desdis hommes et des idées
(voir Glaeser 2008, et, par conséquent, accroissent la productivité indirlié, des tra-
vailleurs et des entreprises. Mettre en évidence I'exisgtatiéconomies d’agglomération
et évaluer leur ampleur sont des questions fondamentalds ld&rature en économie
urbaine et régionale, puisque, sans réponse, nous ne rsa@ipliquer I'existence des
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villes. Le premier chapitre de cette thése fournit une peeder I'existence des économies
d’agglomération, en comparant les schémas de concentigiatiale dans les secteurs de
services et dans les secteurs manufacturiers en France lé€3achapitre2 et 3, nous éval-
uons les gains de productivité des entreprises francaéseaux économies d’urbanisation
et de localisation.

Les sources de ces économies d’agglomération sont égalemsnjet largement dé-
battu dans la littérature. Plusieurs mécanismes ont éfgopés pour expliquer les rende-
ments croissants donnant naissance aux villes ou aux pilastiiels. Duranton et Puga
(2004) proposent une revue exhaustive de la littératuréessujet et classent les modéles
suivant trois types: les modéles basés sur le partage afegopent et I'apprentissage. Une
industrie de bien final plus concentrée spatialement aitirelus grand nombre de four-
nisseurs produisant des produits différentiés. Dans le en@wire d’'idées, un marché du
travail plus large permet ainsi le développement d'un plasmd nombre de taches et des
gains liés a une plus grande spécialisation. L'apparieraeme les employeurs et les em-
ployés est également supposé étre plus facile et de meilbualité dans un marché du
travail plus dense. Enfin, la proximité géographique entteeprises facilite la création,
la diffusion et I'accumulation de connaissances. Dans #pitle 4 de cette thése, nous
fournissons une preuve indirecte de I'accumulation de amsances lorsque les agents
économiques se concentrent. Nous étudions comment la oaiien spatiale des im-
migrés entre départements francais influence le commeemational de ces mémes dé-
partements vers le pays d’origine de ces immigrés.

Les économies d’'urbanisation et de localisation sont pi@mitdén localisées, limitées a
un petit espace géographique. La diffusion spatiale dasoéci@s d’agglomération est un
dernier axe important de recherche, comme 'ont récemnoerigné Rosenthal et Strange
(2004). Du fait de contraintes liées aux données, les charsifont souvent I'hypothése
que ces économies s’inscrivent dans des territoires défilmsnistrativement. Cependant,
mener des analyses empiriques suivant un découpage geéogmgrbitraire peut avoir des
conséquences importantes sur les résultats trouvés. pérelfaconclut cette thése en étu-
diant la sensibilité des exercices économétriques dépétogans les chapitres précédents a
un changement dans le découpage géographique utiliséerAeitt dit, nous étudions com-
ment la taille et la forme des unités spatiales influencentriesures de la concentration
spatiale, de I'ampleur des économies d’agglomération en tes déterminants spatiaux
du commerce.

La concentration spatiale : premiere preuve de l'existence
d’économies d’agglomération

Mesurer une concentration spatiale excessive d’'un sedtaativité est la premiére
preuve de I'existence au sein de ce secteur d’économiegldiagration. Mesurer la con-
centration spatiale consiste a décrire les inégalitésadpaten terme de production ou
d’emploi. Les économistes et les géographes ont dévelappégrtain nombre d’outils
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permettant de rendre compte de ces inégalités spatialasGembes, Mayer et Thisse,
2008h, chapitre 10).

Une premiére approche pour mesurer la concentration Epdtian secteur consiste a
comparer la distribution spatiale de son emploi a la distigm spatiale de I'emploi total.
Les mesures traditionnelles de concentration spatial®ne® I'indice de Gini, reposent
sur cette méthode. Cependant, Ellison et Glaeser (1991ysent le fait qu'au sein d'un
secteur, I'emploi est réparti entre un nombre limité d’ésslements. Ceci introduit une
forme de "granulosité" qui empéche que I'emploi sectord distribué de maniére iden-
tique a I'emploi total. Lintuition est simple : méme si le@Blissements d’'un secteur
étaient distribués de maniere parfaitement aléatoire Bessace, la distribution spatiale
de I'emploi sectoriel, du fait de cette granulosité, ne paitiétre parfaitement similaire a
la distribution spatiale de I'emploi total. lls proposewing un indice de concentration spa-
tiale qui corrige de la concentration industrielle de clegecteur, c’est-a-dire du nombre
d’établissements et de la distribution d’emploi entre ktabments. Leur indice remplit
au moins trois des six criteres listés par Combes et Over2@0%j pour définir un indice
idéal de concentration spatiale : I'indice est défini en carajson a une distribution spa-
tiale de référence bien établie, la significativité stijigt de la concentration spatiale peut
étre évaluée, l'indice est comparable d’'un secteur a Bauldéanmoins, leur indice re-
pose sur un découpage géographique donné du territoirali¢& est donc potentiellement
sensible a la taille, la forme et la position relative degémspatiales qui composent ce
découpage. Ces problémes sont dénommés Problémes des Sjpitigales Modifiablés
L'indice suggéré par Ellison et Glaeser (1997) échoue davart deux criteres: étre in-
sensible a un changement dans le découpage géographidue airéparable d'une zone
alautre’.

Pour répondre a ces deux limites, une seconde approchesteoagravailler en espace
continu. L'idée, initiée par Duranton et Overman (2005}, desconsidérer la densité des
distances bilatérales entre paires d'établissementsmad’se secteur d'activité. lls testent
si la densité observée est proche ou non d’'une densité @idaliis le cas ou les établisse-
ments du secteur seraient redistribués de maniére akataite territoire. lls évaluent la
significativité statistique de I'écart a I'nypothese detrilisition aléatoire en construisant
un intervalle de confiance global autour de cette densitditefé Les distances bilatérales
entre paires d’établissements sont calculées comme Endesta vol d’oiseau entre leurs
coordonnées géographiques. Cette méthode est donc v&ersimanipulation de don-
nées géo-localisées. Lindice proposé par Duranton et@aei(2005) remplit 'ensemble
des propriétés listées par Combes et Overman (2004), &ptra de la sensibilité & un
changement de nomenclature industrielle.

Dans le chapitrel, nous proposons une nouvelle méthode pour tester la caaeent
tion spatiale en espace continu. Nous montrons tout d’atpoeda méthode proposée par
Duranton et Overman (2005) dépend, de maniere implicitéa deructure industrielle de

2Nous décrivons en détail ce Probléme des Unités Spatialesfisties dans le chapiti®
3L’indice d’Ellison et Glaeser est également sensible & lamgement de nomenclature industrielle.
“Voir 'annexe 1.7 du chapitrel pour une présentation plus formalisée de ces concepts.
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chaque secteur, a savoir du nombre d’établissements etrdpddition de I'emploi entre
établissements. Ainsi, leur approche n’est pas parfaittaaptée a la comparaison inter-
sectorielle. Nous suggérons donc une approche alterrgiiveepose aussi sur la densité
des distances bilatérales entre établissements au seiselteur. Nous construisons notre
test de concentration spatiale sur la base d’une mesureveeyelince entre fonctions de
densité. L'idée est d’estimer la divergence entre la dérdiservée des distances au sein
du secteur et la densité des distances entre 'ensembleat#sgements de I'économie.
Cette mesure n’est a priori pas comparable entre secteursgzanémes raisons que celles
avanceées par Ellison et Glaeser (1997). C’est la raisonlpquelle nous nous inspirons de
leur méthode pour rendre cette mesure de divergence eantit comparable d'un secteur
a l'autre. Notre démarche reposant sur les distributiondistances, et non de I'emploi,
nous sommes en mesure de donner une information sur I'éephtiale des phénoménes
de concentration dans chaque secteur. Nous distinguortsleersecteurs ou cette con-
centration intervient principalement a tres courte distamoins de 4 km), & moyenne
distance (entre 4 et 40 km) et enfin a longue distance (ente¢ 280 km). On peut ainsi
proposer un tri des secteurs en fonction de la distancefspécia laquelle ils apparais-
sent concentrés. Notre intuition est que cette distancerdfde maniére prononcée du
type d’externalités d’agglomération sous-jacent. Aiesi $ecteurs dans lesquels les con-
tacts face-a-face et les spillovers technologiques sopbitants devraient se concentrer
dans une rayon spatial limité. Au contraire, lorsque lesderd’agglomération sont liés
au marché de I'emploi ou a la proximité de fournisseurs gastincentration spatiale peut
s'inscrire dans un espace géographique plus large.

On applique ensuite cette nouvelle méthodologie a la coamaar de I'organisation
spatiale des secteurs de services aux entreprises et daMrsamanufacturiers en France.
Nous montrons tout d’abord que les services divergent glugent de la distribution aléa-
toire que les secteurs manufacturiers. Ensuite, nous or@tju’'une majorité des secteurs
de services qui sont concentrés spatialement, le sont feadistance. Autrement dit, ces
secteurs s’organisent dans un petit nombre de péles imelagtpécialisés. Ceci est en ac-
cord avec l'intuition que certains de ces services aux prises ne se localisent que dans
le coeur des plus grandes villes.

Evaluer I'ampleur des économies d’agglomération

La concentration spatiale excessive de I'activité économiest un premier signe de
I'existence des économies d'agglomération. Mais queld BEnbénéfices que les en-
treprises tirent de cette agglomération ? La question est de quantifier 'ampleur des
économies d’'agglomérationPuga(2009 et Strange(2009 distinguent trois approches
dans la littérature.

La premiére consiste a comparer la croissance de I'empii@ eitles ou entre poles in-
dustriels. Lintuition est simple : si les entreprises splois productives dans les villes (ou
dans les poles industriels spécialisés), 'emploi doitajtee plus vite. Les papiers initiaux
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traitant de cette question, Glaeser, Kallal, Scheinkmadchteifer (1992) et Henderson,
Kuncoro et Turner (1995), relient la croissance a long tedmé'emploi sectoriel dans
les villes américaines au degré de spécialisation localen@mies de localisation) et a la
diversité du tissu économique local (économies d’urbainisp Glaeser et al. (1992) con-
cluent & une prédominance des économies d’urbanisationoetrant que la diversité du
tissu économique local est positivement corrélée avelasance de I'emploi sectoriel.
Au contraire, prenant en compte des effets dynamiques, éfson et al. (1995) montrent
gue les effets de la spécialisation locale sont les plus iitapts. Pour la Franc&ombes
(2000 et Combes, Magnac et Robin (2004) étudient la croissanmegatérme de I'emploi
dans des zones géographiques plus petites, les zones dieetalistinguent la croissance
de I'emploi dans les établissements existants (margesiviende l'installation de nou-
veaux établissements (marge extensive). lls montrenteguétablissements préalablement
existants croient plus vite dans les zones avec un nombreriamt d’établissements de
tailles différentiés, alors que les nouveaux établissésngnt plus généralement localisés
dans des zones avec un petit nombre d'établissements ks w@ifférentiées. Ces pa-
piers soulignent également le caractére dynamique deséses d’agglomération. Ainsi
Combes et al. (2004) montrent qu’en France les économiggldaération jouent a court
terme et sont donc plut6t statiques. Au contraifenderson(1997) trouvent un effet re-
tardé des économies d’agglomération sur la croissancesd®lbdi local, avec un retard
de 6 a 7 ans. Ces études sur la croissance de I'emploi locageapsur des hypothéses
fortes, notamment que toute croissance de la productigitéasluit par un accroissement
de I'emploi, ce qui n'est pas toujours le cas (voir Combes.e2@04, pour plus de détails).
Aussi les équations de croissance en emploi local ne slast4ghs forcément I'approche
la plus adaptée pour évaluer 'ampleur des économies daygiation.

La seconde approche consiste a étudier les différentieterdement des facteurs de
production - travail et capital foncier - entre villes ou @dlindustriels. Si les entreprises
gagnent a s’agglomérer, elles seront prétes a attirer deailleurs en leur offrant des
salaires (nominaux) plus élevés et a payer plus cher letainer Strange(2009 offre
une revue de littérature sélective suutban wage premiundla prime salariale urbaine),
a savoir I'impact de I'agglomération (et plus particulid@nt d’'une plus forte densité en
emploi) sur les salaires. Un contribution séminale esead# Glaeser et Maré (2001) qui
montrent que les travailleurs dans les villes de plus de BO0Habitants aux Etats-Unis
gagnent, en moyenne, des salaires 33% plus élevés queviadlaras des zones rurales.
Cette prime obtenue dans les grandes villes n’est plus qlierdee de 5 a 11% lorsque
que I'on contr6le par un nombre important de caractérissgindividuelles, et que l'on
s'efforce donc de comparer des individus identiques. Eetdfvantage des données sur
les salaires est de fournir au c6té de l'information sderian ensemble de caractéris-

5Ces zones d’emploi sont des unités spatiales construitesnscritére économique précis par I'lnstitut
National de la Statistique et des Etudes Economiques, cdianiié géographique qui minimise les déplace-
ments pendulaires domicile-travail transfrontalierstrAment dit, ce sont des zones dans lesquels la plupart
des actifs vivent et travaillent.
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tiques concernant les salafiée qui permet aux chercheurs de corriger un certain nombre
de biais éventuels. Utilisant des données longitudinalesrs échantillon représentatif des
salariés francais, Combes, Duranton et Gobillon (2008)treahque prées de la moitié des
disparités salariales entre les grandes villes et les ogineiges’explique par un tri spatial en
fonction des qualifications. Autrement dit, les grandelesiattirent les travailleurs les plus
qualifiés. Ce tri spatial biaise toute estimation naive darilme salariale urbaine, ce que
Combes, Duranton, Gobillon et Roux (& paraitre) nommenidis lde “qualité endogéne
du facteur travail”. Combes et al. (2008) développent unéhaublogie économétrique
complexe qui leur permet de soustraire aux données brutesaees I'effet de caractéris-
tiques individuelles observables et inobservables. Lgsadités résiduelles entre salaires
nets sont ensuite expliquées par des variables d’urbamiszttde localisation. Ils montrent
ainsi que les variables d'urbanisation (plus précisémenlehsité en emploi) influencent
fortement les salaires nets, alors que les variables dédatian, bien que positivement
corrélées, n'ont qu'un impact économique faible. Combeal.et(a paraitre) considere
également une autre source de biais, celui de “quantitégémdode travail”. Cette source
de biais est due & la simultanéité entre la déterminatiorsalages (ou plus généralement
de la productivité) et la densité. En effet, les zones les ptoductives attirent plus de gens,
et deviennent ainsi plus denses. Dans ce cas, il y a un déusatiulaire entre productivité
et agglomération. Pour rompre cette causalité circul@iombes et al. (a paraitre) utilisent
des instruments historiques et géologiques, valides doysothése gu’ils influencent les
choix contemporains de localisation des agents mais papieductivité. Contrairement
au “biais de qualité endogéne du travail”, le biais de sieméité (ou causalité inverse)
est de faible amplitude. Rosenthal et Strange (2008) dgpelt également une stratégie
d’identification par variables instrumentales sur des desnde salaires américaines, et
conclut aussi a un biais faible. La stratégie d’estimaties économies d’agglomération
a partir des données de salaires doit toutefois étre cowsidi/ec précaution. En effet,
dans un contexte d’équilibre spatial comme celui dévelqmrdrosen(1979 et Roback
(1982, les salaires sont déterminés de maniere endogéne pagiatimn des travailleurs.
Les forces agissant sur les salaires sont multiples. Sditgrament, si les entreprises
bénéficient d’externalités de production dans les villéssaelles poussent les salaires a
la hausse pour y attirer des travailleurs. Par ailleurgsstravailleurs bénéficient dans les
villes de certains avantages (aménités urbaines), ilssalars préts a accepter des salaires
moindres pour y résider. Au final, les salaires résultentdimlinteraction entre I'effet
des externalités de production et des aménités de consdaonniadir Glaeser2008 pour
plus de détails sur le concept d’équilibre spatial).

La stratégie la plus directe pour quantifier les économiagglomération est d’en
chercher I'effet sur la productivité des entreprises. Lesrpéres tentatives dans ce sens
ont cherché a lier une mesure locale agrégée de la prodacfpar exemple un PIB par
téte) a la taille du marché local (Moomaw, 1981 ; Nakamur&519Henderson, 1986 ;

SLes papiers considérant I'impact de I'agglomération suolét du capital foncier sont plus rares, notam-
ment du fait d’'un manque d’informations pertinentes surcksctéristiques de ce capital.
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Ciccone et Hall, 1996 ; Ciccone, 2002). Cependant, unedgplieoche macro-économique
se heurte aux problemes d'identification évoqués plus mmiamment a celui lié a une
répartition spatiale des travailleurs qualifiés non aléatdC’est la raison pour laquelle les
chercheurs ont rapidement utilisé des données indiviesiellentreprises pour mettre en
évidence les effets des économies d’agglomération supteductivité. Les données indi-
viduelles permettent en effet de contrdler d’'un certain betes déterminants individuels
et sectoriels du processus de productidendersor{2003 est le premier a introduire dans
une fonction de production au niveau des établissementyatieghles d’agglomération.
Ses données sont constituées d'un panel non-exhausti#bti&tements américains, ob-
servés tous les cing ans, dans les secteurs des machiilesebles secteurs high-tech.
lls disposent pour chaque établissement d’'une informatiora valeur ajoutée, le capital
et I'emploi. Il met en évidence I'existence d'économies dealisation dans les secteurs
high-tech mais pas les secteurs de machines-outils. En ééfies les secteurs high-tech,
les firmes profitent & s’installer dans une zone ou d’autEdsdissements exercent la méme
activité économique. Il montre aussi que les entreprisesorétablissements sont plus a
méme de générer et de profiter des externalités d’'aggloimémgiie les entreprises pluri-
établissements.

Dans le chapitre 2, nous quantifions 'ampleur des éconodi@glomération sur la
productivité des entreprises francaises, a I'aide de demim@ividuelles détaillées issues
des déclarations fiscales. Suivant Combes et al. (a paraitnes utilisons une méthodolo-
gie en deux étapes. Dans une premiére étape, nous estimerisnation de production
du type Cobb-Douglas, dont les résidus constituent nos reesie productivité individu-
elle. Dans un second temps, nous expliquons les dispaptémkes de productivité indi-
viduelle moyenne par des indicateurs pour les économiebahisation et de localisation.
Dans la premiére étape, la richesse des données indivaduetlisposition nous permet de
soustraire de la mesure de productivité I'effet d’'un nomibrportant de ces déterminants
individuels et sectoriels, non liés aux économies d’aggi@tion mais susceptibles de bi-
aiser nos estimations. Nous contrélons notamment de lééaal la main d’oeuvre dans
chaque établissement. Cela nous permet de nous prémunibidis liés a la répartition
géographique non aléatoire des travailleurs en fonctideutequalification, évoquée plus
haut. Nous soustrayons a cette mesure de productivitéidigile tout déterminant secto-
riel. La encore, certains secteurs, a priori plus prodsici€uvent avoir une tendance a se
localiser dans les zones les plus denses. Dans ce cashigatan spatiale non aléatoire de
chaque secteur pourrait créer une corrélation positivee eggglomération et productivité,
sans lien avec les effets que nous cherchons a mesurer. s@sdnde étape, nous mon-
trons que les entreprises localisées dans des territofogealensité en emploi (par exem-
ple dans le 9décile pour la distribution de densité en emploi) sont, egenae, 8% plus
productives que des entreprises comparables situées eaitardtoires a faible densité en
emploi (par exemple dans I€"1décile pour la distribution de densité en emploi). Cet effet
est économiquement important lorsqu’on le compare aux 2@#soissance de productiv-
itt moyenne annuelle enregistrée par les entreprisesaissas;sur la période 1993-1999.
Nous mettons également en évidence un effet bénéfiqgue dedsibilité d’'un territoire
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au reste du marché national pour la productivité des ergepgui y sont implantées. Par
contre, une fois contr6lé de la densité en emploi, la ditéeedi tissu économique local ne
semble joué que marginalement, et plutdét négativementaguoductivité des entreprises.
Concernant les économies de localisation, nous trouvoaedeguentreprises situées dans
les territoires les plus spécialisés (ceux dw8cile pour la variable de spécialisation) sont,
en moyenne, 5% plus productives que celles localisées darmohes les moins spécial-
isées (& savoir celles dans & Hécile pour la variable de spécialisation). L'impact de la
spécialisation locale est donc moins marqué que celui derait® en emploi mais reste
économiquement important. Nous mettons également enwexeme corrélation positive
entre le niveau de qualification des travailleurs dans uitdee et la productivité des en-
treprises qui y sont implantées. Mais cette variable n’adeggouvoir explicatif important
une fois contrélé de la qualité de la main d’oeuvre dans chamreprise, et de la densité
en emploi locale. Aussi, on ne rejette pas I'existence diaxlités de capital humain, mais
leur effet semble modéré une fois contrélé des variablestgentes.

Des développements théoriques récents (voir Melitz etiatia, 2008) suggérent que
les entreprises d’'une méme industrie peuvent ne pas étribdées de maniere aléatoire
sur le territoire. Les entreprises les plus productives sopriori plus enclines a sur-
vivre a la concurrence plus féroce a l'oeuvre dans les ¢éneit les plus denses. Suiv-
ant cette logique, les territoires les plus denses aceuadint les firmes les plus produc-
tives par sélection ou éviction des firmes les moins prodestiCe genre de mécanismes
de sélection est susceptible de biaiser nos estimations: d@origer partiellement de ce
phénomeéne, nous introduisons dans la deuxieme étape desfefés régionaux qui con-
trélent du niveau moyen de productivité dans chaque rédiaée est alors de comparer
des entreprises opérant dans des territoires différenta de&me région. Si le mécan-
isme de sélection s’effectue au niveau régional, la conmgmamantra-régionale est plus
raisonnable. Les résultats précédents restent robustag@duction de tels effets fixes.

Dans la seconde étape, nous expliquons les différencgsnnesle productivité entre
territoires par les variables d’agglomération. Cependamtsein méme d’'une industries,
les producteurs restent fortement hétérogénes, et le atenpent du “producteur moyen”
ne fournit qu’une information partielle sur 'ensemble dedistribution de productivité.
Dans le chapitré, nous considérons que les économies d’agglomération idfure non
seulement la productivité moyenne des entreprises, mademinduisent aussi des dé-
formations plus complexes dans la distribution locale dmdpctivité. Nous suggérons
donc que l'effet des économies d'agglomération ne peutpr&itement compris sans
considérer cette hétérogénéité entre producteurs. Pamvgmir, nous utilisons une méth-
ode par régressions quantiles qui nous permet de paraenétdgsmaniére parcimonieuse
'impact des économies d'urbanisation et de localisatiatif@rents points de la distri-
bution de productivité. La technique des régressions daanintroduites par Koenker et
Bassett (1978), peut étre utiliser pour caractériser l&waé@tions de la distribution condi-
tionnelle de productivité quand la valeur des régresseuaage. Les coefficients estimés
a différents points de la distribution peuvent s’interpré&omme la réaction différentiée
de la variable dépendante a un méme incrément des régresaalifférents points de la
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distribution conditionnelle. Dans notre situation, nowaléons comment les économies
d’agglomération influencent la productivité d’entrepsisatuées a différents quantiles de
la distribution conditionnelle, et pas seulement la mogede cette distribution. Deux
résultats émergent de notre analyse. Les entreprises aorgenlement plus productives
dans les territoires a forte densité en emploi, mais les@o@s d’'urbanisation induites
par cette forte densité profitent plus aux entreprises lgs ploductives. Les entreprises
sont également en moyenne plus productives dans les zanpkigespécialisées, et, con-
trairement aux variables d’'urbanisation, la spécalisaliicale joue de maniére uniforme
sur les entreprises, quelque soit leur niveau de prodtétides deux résultats n'ont pas a
priori d’'interprétations évidentes dans la littératurédtique existante. En effet, le nom-
bre d’études considérant I'hétérogénéité verticale etteprises reste restreint dans cette
littérature. Combes, Duranton, Gobillon, Puga et Roux @@t récemment offert une
interprétation a I'impact différentié de la densité en emnplr les entreprises. Dans leur
modéle, les producteurs sont initialement hétérogéndss étavailleurs sont d’autant plus
productifs qu'ils sont embauchés par une entreprise ptoduet cet effet est amplifié par
les interactions dont ils sont susceptibles de bénéficies da territoire a forte densité.
Dans ce modéle, I'hétérogénéité initiale est amplifiée desderritoires les plus denses
par l'intermédiaire des travailleurs. Malgré cette premipiste d’analyse, il nous sem-
ble que les résultats mis en exergue dans cette étude suseit&flexion théorique pour
comprendre I'effet différentié des variables d'urban@atet de localisation.

Sur I'importance de la diffusion locale d’information

Le chapitre4 s’intéresse a des problématiques de commerce internatid@epen-
dant, deux points de convergence avec les thématiques é®quécédemment peuvent
étre soulignés. Dans un premier temps, le partage local deatssances est souvent
évoqué dans la littérature théorique et empirigue commedes moteurs principaux du
développement local (voir Lucas, 1988, 2001). Pour le dimgpement, le stock local
de connaissances constitue un bien public local qui rendrigeprises plus productives.
Partant de la méme intuition, nous étudions dans le chapit@mment la concentration
spatiale des immigrés dans un territoire donné influencede®rmances commerciales
de ce territoire. En effet, des économistes, notamrRenich(2001), ont émis I'idée que
les immigrés possédaient une information spécifique supl@ys d’'origine qui pouvait fa-
ciliter la création de liens commerciaux entre leur teiéal’accueil et ce pays d’origine.
Ces connaissances particuliéres peuvent permettre deaéekicodts informationnels qui
empéche parfois aux opportunités d’échanges commerc@eg ttaliser. En effet, malgré
la démocratisation et la diffusion rapide des moyens de comication a échelle plané-
taire, les colts informationnels restent I'une des basiqrincipales aux flux commerci-
aux mondiaux, comme le soulignent by Anderson et Van Win¢@6p4).

Rauch(2001) évoque également deux autres dimensions suivant lesguell immi-
grés pourraient favoriser le développement commercialprieaniére est par I'existence,
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au sein des réseaux transnationaux, de mécanismes, saundicites, de sanctions et
d’exclusions, qui évitent les pratiques illégales et sessutent a un cadre Iégal frag-
ilisé dans le pays partenaire. Par ailleurs, les immigrésqm avoir une préférence par-
ticuliére pour les biens produits dans leur pays d'origice,qui développerait les flux
d'importations de leur région d’'accueil. Finalement, ptautes ces raisons, les réseaux
transnationaux peuvent se substituer a la proximité poduirg les colts a I'échange.
Ce chapitre s'intéresse donc plus aux économies de résdasixqpe les économies
d’agglomération proprement dites, mais les points de agevee entre les deux sont nom-
breux.

Un second point de rapprochement de ce chapitre avec ledrelsaprécédents est
d’ordre économétrique. Dans ce chapitre, nous étudionsidstipn de la simultanéité
entre les flux de commerce et d'immigration. Le rble promoide commerce des im-
migrés est bien établi empiriquement au niveau des payssi,ABould (1994, Head et
Ries (1998) et Girma et Yu (2002) montrent une corrélatiositp@ et significative en-
tre la présence d'immigrés et les flux de commerce vers etisiégur pays d'origine aux
Etats-Unis, au Canada et en Grande-Bretagne. Cependaéthalle nationale, il est a
craindre que la corrélation mise en exergue ne soit pas ltéudan effet, on peut penser
a un certain nombre de déterminants communs des flux de camreed’ immigration
qui, s'ils sont oubliés des régressions, peuvent étre laceodiune corrélation positive
trompeuse entre commerce et immigration. |l en va ainsi pesidiens coloniaux, le
partage d’'une langue ou d’une culture commune par exemecokrélation peut aussi
étre trompeuse s'il y a causalité inverse, c’est-a-direlguéstence de flux commerciaux
entre deux pays incitent les émigrés de I'un a immigrer dangre. Du fait de ces sources
de biais important, nous étudions dans ce chapitre le line @ammerce et immigration
a un niveau infranational, celui des départements franchisus contrélons des déter-
minants nationaux par l'introduction d’effets fixes prapgechaque pays. Les variations
dans les flux d’exportations et d'importations des dépagtgmfrancais mis en regard des
différences dans les stock d'immigrés qu'ils accueilleetnpet d’'estimer I'effet promo-
teur de commerce de ces immigrés. De maniére a évacuerfi@edtes sources de biais
évoquées plus haut, nous utilisons aussi une stratégieapables instrumentales. Du
fait d’'une forme d’hystérésis dans les choix de localisaties populations étrangeres par
nationalité, les stocks retardés de population immigrée festement corrélées au stock
présent. Pour autant, ces stocks n’influencent certainephemnles flux contemporains de
commerce. A ce titre, ces stocks retardés apparaissent eatarinons instruments. Nous
montrons ainsi que I'immigration a un effet positif et sigratif sur les flux de commerce.
Doubler le nombre d'immigrés dans un département francaioda de 7% les exportations
de ce département vers le pays d’'origine de ces immigrés, 4¥#dses importations.

Nous poussons ensuite I'exercice plus loin en étudiant festsedifférentiés de
immigration suivant deux dimensions: la complexité derbiéchangé, et la qualité des
institutions dans le pays d'origine des immigrés. Le faie ¢gs connaissances possédées
par les immigrés puissent étre plus valorisées pour le cooerde biens complexes est
suggéré par Rauch et Trindade (2002). Ces auteurs montrenés| pays d’Asie du Sud-
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Est qui accueillent la diaspora chinoise la plus importaai@mercent plus les uns avec
les autres. Ils montrent aussi que l'effet promoteur de ceramde la diaspora chinoise
est plus marqué pour les biens les plus différentiés, et gonc lequel le colt informa-
tionnel & I'échange est le plus marqué. Par ailleurs, Ammhest Marcouiller (2002) et
Berkowitz, Moenius, et Pistor (2006) montrent que la géaties institutions est élément
déterminant dans les volumes de commerce d’'un pays. Bekeival. (2006) montrent
gue l'importance des institutions est d’autant plus maeqdéns le commerce de biens
complexes, pour lesquels il est difficile de spécifier I'enbke des caractéristiques dans
un contrat. Il est donc possible que, par le jeu des sanctbesclusions propres aux
membres d’'un réseau transnational, les réseaux d’'imrograe substituent a la faiblesse
des institutions, notamment lorsque les contrats de comgrsamt difficile a écrire, c’est-
a-dire lorsque les biens a échanger sont plus complexess iouatrons en effet que les
immigrants ont un effet promoteur de commerce plus marquéisyortations de biens
complexes, et ce quelque soit la qualité des institutioms tpays partenaire. Par contre,
pour les biens les moins complexes, I'effet des immigrardstrsignificatif que lorsque
ceux-ci sont originaires de pays avec une faible qualitéimggutions. Les effets sont
moins différentiés pour les exportations. Néanmoinsfdtgfromoteur de commerce des
immigrés est plus marqué pour ceux venant de pays avec distioss faibles.

Quand la géographie s’en méle : Le Probleme des Unités Spa-
tiales Modifiables

Le dernier chapitre de cette thése apporte une contribaté&hodologique. Nous nous
concentrons sur le Probleme des Unités Spatiales Modifiablequé plus haut. Nous
avons souligné en présentant l'indicateur d’Ellison eteSé& que celui-ci reposait sur la
définition d'un espace discrétisé. Cet indicateur est datentiellement sensible a cette
définition. Considérons, par exemple, une industrie éépautie entre deux zones. Cette
industrie devrait apparaitre plus concentrée si ces dem@szeont contigiies, que si elles
sont fortement éloignées. Lindicateur d’Ellison et Gltese permet pas pour autant de
distinguer ces deux situations. Eviter ce genre d’effaistiéres est la raison premiére
pour laquelle Duranton et Overman préferent travailler gpaee continu. De la méme
maniere, de récentes tentatives ont été faites pour saestfun découpage géographique
arbitraire dans I'évaluation de I'ampleur des économi@ggfomération et ainsi travailler
en espace continu (voir Rosenthal et Strange, 2003, 2008).

Plus généralement, la plupart des travaux en économienagioeposent sur des don-
nées initialement individuelles et localisées comme déstpsur une carte. Ces points
sont ensuite, pour une raison ou pour une autre, agrégéssldaninités spatiales de taille
et de forme prédéfinies, comme les villes ou les régions. gegréinformation ponctuelle
en une information surfacique peut avoir des conséquencéasscapacités du chercheur a
mesurer correctement les phénoménes économiques seussjalca sensibilité des résul-
tats statistiques aux choix d’'un découpage géographiqtieydeer est dénommé Probléme
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des Unités Spatiales Modifiables. Dans le chaf@treous évaluons comment le change-
ment de taille (ou de maniére équivalente, du nombre) déguspatiales, et de leur forme

(ou de maniére équivalente, du dessin de leurs frontielEsg des résultats des exercices
économétriques menés dans les chapitres précédents. &llpamous comparons les

distorsions induites par le Probleme des Unités Spatialedifidbles a celles induites par

une mauvaise spécification des régressions.

Cet exercice est d’autant plus important que, dans la plujes travaux empiriques,
la maille géographique est contrainte par le disponibil#é données. Ainsi, de nombreux
travaux ont évalué I'impact de I'agglomération sur la pratddité des entreprises ou des
travailleurs au niveau des pays, des régions européenasstats ameéricains, ou bien
d’échelles spatiales plus petites comme les comtés anm&rioa bien les zones d’emploi
frangaises. Les effets mesurés different d’'une étude &¢auais il est difficile de dis-
tinguer entre la part qui revient au changement d’unitésiapa et celle qui revient aux
mécanismes économiques proprement dit.

Ainsi dans le chapitr®, nous commencons par évaluer comment le degré de concen-
tration spatiale varie entre trois types de zonages différ@un zonage administratif, un
zonage basé sur un carroyage, et un zonage aléatoire). Moysmmns également ces
différences a celles introduites, pour un zonage donné/ydisation d'un indicateur
de Gini plutdt qu'un indicateur d’Ellison et Glaeser. Nousupsuivons par des exerci-
ces économétriques. Nous estimons l'effet d’'un changeegiécoupage géographique
sur le lien entre productivité du travail et densité en eiinglone part, et sur I'estimation
d’équations gravitaires de commerce, d’autre part. Damieoger cas, nous nous concen-
trons sur les codts physiques et informationnels a I'échavpqués au chapitde

Tous ces exercices pointent vers la méme conclusion : tankeguiveau d’agrégation
n'est pas trop large, les effets du changement de taillenfgoeu, et ceux liés au change-
ment de forme jouent encore moins. Dans tous les cas, cés sffet du second ordre au
regard des biais introduits par une mauvaise spécificafiependant, lorsque I'agrégation
se fait a un niveau trop large, typiquement les régions emderdes résultats sont beaucoup
moins robustes. Nous en dérivons quelques conseils paailkea sur données spatiales.
Une attention particuliére doit étre apportée par les ¢teens aux points suivants : 1 - la
taille de la maille géographique au regard du processugypelrsous-jacent, 2 - la maniére
dont les données sont agrégées, par sommation ou moyenigeg@gré d’autocorrélation
spatiale dans les données initiales. Le Probléeme des Usjiasales Modifiables est, en
effet, plus marqué quand les variables de part et d’autmeddguation ne sont pas agrégées
de la méme maniéere. Dans les régressions gravitaires, pampds, les flux de commerce,
la variable dépendante, sont sommés, alors que les distanmgevariable explicative, sont
moyennées. Des trois exercices, ce dernier est le plusbéem@si Probleme des Unités
Spatiales Modifiables.

Enfin, nous suggérons que si un maillage a été dessiné spéaifeqt au regard d’'un
critere économique bien défini, comme les zones d’emploirande, il doit étre utilisé
de préférence. Nous arrivons a une conclusion plutt ogtamitant que I'agrégation en
s'effectue pas un niveau trop large, les problémes liés anggment d'échelle et de forme
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restent d’ampleur limitée en comparaison des problemegdgfication. Les chercheurs
devraient donc mettre I'accent sur ce dernier aspect.



Résumé long XV

Déterminants de la productivité et du commerce :
le réle de la proximité géographique

Résumé long:

L'existence et la pérennité des villes est la preuve indd#aide la tendance naturelle de
I'activité humaine a se concentrer spatialement. Ce phénende concentration spatiale
s’observe également pour des entreprises exergant leviteadians une industrie partic-
uliere, donnant naissance a des péles industriels. La mdsarcauses et les conséquences
de cette concentration spatiale sont un sujet d'étude mmtiez les économistes, depuis
les travaux d’AlfredMarshall(1890 au moins.

A une échelle infranationale, I'agglomération de I'adévéconomique, ou plus spéci-
figuement de certains secteurs d’activité, ne peut pas eeposquement sur I'existence
d’avantages comparés exogénes propres a chaque tertigtsrgu’ils sont mobilisés dans
les théories traditionnelles du commerce internationads &conomistes ont donc étudié
ces phénoménes en ayant recours a la notion d’externalagglomération. Ces exter-
nalités existent dés qu’'un agent voit sa productivité augerdorsqu’il est a proximité
d’autres agents. Les gains économiques a I'agglomérationasors endogenes. Plusieurs
guestions traversent la littérature quant a ces exteégalingglomération: la concentration
spatiale est-elle propre a quelques secteurs particalietsen un phénomeéne partagé par
le plus grand nombre ? Quels sont les bénéfices que les eésdiefirent de cette concen-
tration spatiale ? Dans quelle mesure ces bénéfices fopliitsque compenser les codts
gue l'agglomération ne manque pas de générer ? Quelle emtdiée géographique de
ces externalités ? Comment cette concentration spatidteligsur d'autres grandeurs
économiques, telles que les flux commerciaux ? L'ensembigedajuestions forment la
toile de fond de cette thése.

Dans le premier chapitre, nous développons une nouvelleadélogie statistique per-
mettant de rendre compte de la concentration spatiale éttewsr d’activité en considérant
le territoire national comme un espace continu. En effeat,iéthodologies précédentes
s’appuient pour la plupart sur un espace discrétisé, arssmoin ensemble d’entités géo-
graphiques prédéfinies. Or, il est possible que le choix dygieme particulier d’entités
géographiques (zones d’emploi, départements, régiofiaeite la mesure de la concen-
tration spatiale, ce que I'on nomme le Probléeme des Unitégi@es Modifiables. On
applique par ailleurs cette méthodologie pour comparegdoisation spatiale des secteurs
de services aux entreprises a celle des secteurs manidexttraditionnels en France.
Cette comparaison met en exergue une tendance plus lousdeedieurs de services aux
entreprises a se concentrer spatialement, et dans un périgédgraphique plus restreint.
Ces résultats sont en accord avec l'intuition que ces &&sivequiérent des contacts face a
face et un ensemble d’échanges informels facilités pardaimité géographique.

Dans les chapitreet 3, nous évaluons I'ampleur des gains a I'agglomération ender
de productivité pour les entreprises. Nous évaluons I'thpelatif des externalités dites
d’urbanisation qui dépendent de la taille totale du marché local, a celsiede¢ernalités
delocalisation qui dépendent quant a elles de la proximité aux entrepeges;ant leur
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activité dans le méme secteur. Dans le chagireous montrons que la taille globale du
marché local, mesurée par la densité en emploi, et sa efgi&cialisation sont deux déter-
minants importants des différences spatiales de prodidctivoyenne entre entreprises.
Nous avons bien entendu pris soin d’'éter de cette mesureatiugtivité I'ensemble de
ses déterminants non liés aux choix de localisation maigpquiraient biaiser nos esti-
mations. Ainsi, les entreprises dans les zones d'actilé®plus denses (i.e. celles du 9
décile de la distribution de densité en emploi) sont, en moge8% plus productives que
les entreprises dans les zones d’activité les moins densescélles du 1" décile de la
distribution de densité en emploi). Ceci équivaut a quatreing années de croissance de
la productivité (au regard des résultats de croissanceisinés sur la décennie 1990). Les
entreprises dans les zones les plus spécialisées (i.es dell9 décile de la distribution de
la variable de spécialisation) sont aussi, en moyenne, b%pbductives que celles dans
les zones les moins spécialisées (i.e. celles‘ddécile de la distribution de la variable de
spécialisation).

Dans le chapitré, nous poussons I'exercice plus loin en se demandant si¢dee
gain moyen, les résultats varient fortement d’un producéelautre. Pour ce faire, nous
utilisons les méthodes de régressions quantiles qui noosgtent d’évaluer I'impact de la
densité en emploi et de la spécialisation locale sur despges situées a différents quan-
tiles de la distribution conditionnelle de productivité.odé montrons que les firmes les
plus productives sont celles qui bénéficient le plus deseadies d’urbanisation. Au con-
traire, les externalités de localisation semblent jouemdaiere identique sur 'ensemble
des entreprises, indépendamment de leur productivité.

Le chapitre4 s'intéresse a un sujet connexe a ceux évoqués dans lesrebgpiécé-
dents. Nous étudions dans quelle mesure la concentratairalgpdes personnes immi-
grées influence le commerce international des départengemntigs accueillent avec les
pays d’origine de ces immigrés. Autrement dit, nous rellardistribution spatiale des im-
migrés entre départements francais a la distribution alpadies flux de commerce de ces
mémes départements avec les pays d’origine des immigrés Montrons que le réle des
immigrants dans la création de commerce est important. [Bolgs effectifs de personnes
immigrées dans un département induit une croissance dervfibogenne, de ses exporta-
tions et de 4% de ses importations avec le pays d’origine slemmigrés. Nous montrons
gue ce role est d’autant plus fort que la qualité des ingitstdans le pays d’origine des
immigrés est faible ou que le bien échangé est complexe.aCetadite I'idée que ces im-
migrés possedent une information spécifique sur leur payggdie qui permet de réduire
un certain nombre des déficits d’'information normalemergtamnts.

Enfin, le dernier chapitre de cette thése compléete I'anaysétudiant la sensibilité de
chacun des exercices statistiques précédents au choisystiéme d’'unités spatiales par-
ticulier. Nous étudions I'existence dans chacun des tixascices précédents - mesure de
la concentration spatiale, mesure de 'ampleur des exdiEmad’'agglomération et mesures
des déterminants spatiaux du commerce - d’une sensibilitichangement de la taille (ou
de maniére équivalente du nombre) ou bien de la forme dessusyiatiales qui constituent
le découpage géographique sous-jacent a I'analyse. Ceti@xérouve sa pleine justifi-
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cation dans le fait que, la plupart du temps, les économssiascontraints dans le choix
d’'une maille géographique particuliére, et ne peuvent gasctester la robustesse de leurs
résultats selon cette dimension. Nous montrons que lof&grégation n’a pas lieu a une
échelle géographique trop grande, la sensibilité au clmaegede taille reste modérée, et
la sensibilité a la forme des unités géographiques est enmoins prononcée. Ces deux
distorsions sont de toutes facons de moindre ampleur gles éedluites par une mauvaise
spécification de I'exercice statistique.

Mots clés: Concentration spatiale, Economies d’agglomération, @dté des
entreprises, Immigration et commerce, Probleme des USpésiales Modifiables






ECOLE DES PONTS PARISTECH

Doctoral School
ECONOMIE PANTHEON-SORBONNE

Laboratory
ParisTech PARIS SCHOOL OF ECONOMICS

PhD DISSERTATION

in ECONOMICS

Agglomeration
and the spatial determinants
of productivity and trade

Anthony BRIANT
Publicly defended on April 16, 2010

PhD Advisor: Pierre-Philippe @VBES
PhD Co-advisor: Miren RFOURCADE

Committee:

Dominigue BJREAU, Ingénieur général des Ponts et Chaussées, Professegé clear
cours a I'Ecole Polytechnique

Pierre-Philippe ©MBES, Directeur de recherche au CNRS, Université d’Aix-Mateell

Miren LAFOURCADE,  Professeur des Universités, Université de Paris-Sud Xl

Philippe MARTIN, Professeur des Universités, Institut d’Etudes Politioe Paris
(referee)

Henry OVERMAN, Reader, Department of Geography and Environment, London
School of Economics

Sébastien Rux, Administrateur INSEE, Centre de Recherche en Economie et
Statistique de I'INSEE

William STRANGE, RioCan Real Estate Investment Trust Professor of ReatéEsta

and Urban Economics, Rotman School of Management, Uni-
versity of Toronto (referee)






Contents

Introduction %

1 Location patterns of services in France: A distance-basedpproach 1
1.1 Introduction. . . . . . . . .. 1
1.2 Methodology . . . . . . . . . .. 4

1.2.1 Testing whether industrial location patterns sigaiitly diverge
fromrandomness . . . . ... ... L 5
1.2.2 A distance-dependent test for localization . . . . . . ... ... 7
1.2.3 Anindexofdivergence . . . . . ... ... ... ... 7
1.2.4 Employment-weighted testandindex. . . . .. ... ... ... 9
1.2.5 Comparisons with the previous literature. . . . . . . ... ... 10
1.3 Data. . . . . . e e 12
1.4 Cross-industryresults. . . . .. .. .. ... .. ... o 14
1.4.1 Result#1: Uneven patterns of location are more peevés busi-
ness services than for manufacturing industries . . . . . . . .. 14
1.4.2 Result #2: Services are localized at shorter distati@n manu-
facturing industries. . . . . . . ... Lo 16
1.4.3 Comparisons with alternative measures of locatimati . . . . . . 18
1.4.4 Robustnesschecks. . .. .. ... .. ... ... ... ... 21
1.5 Within-industry results. . . . . . . .. ... . 23
1.5.1 Result #3: Large plants in service industries are thm mrivers
of localization. . . . . .. ... .. ... ... ... . . ... ... 24
1.5.2 Result #4: For most service industries, new plantsaetbcaliza-
tion whereas exiters reinforce it . . . . . . . ... ... ... .. 26
1.6 Conclusion . . . . . . . ... 28
1.7 Appendix to chapter 1: On the consistency of the testif@rgence . . . . 30
1.8 Complementarytables . . .. ... ... .. ... .. .. ... ... 35

2 Agglomeration economies and firm productivity: Estimation from French in-

dividual data 37
2.1 Introduction. . . . . . . . ... 37
2.2 Related Literature . . . . . . . . ... . 39
2.3 Estimation strategy and econometricissues . . . . . . . ... ... .. 40
2.3.1 First step: estimating individual firm productivity. . . . . . . . . 40
2.3.2 Computing average productivipgrcluster . . . . . . .. ... .. 42
2.3.3 Second step: explaining disparities in average firatywtivity
acrossclusters. . . . . . ... 44

24

Proxies for urbanization and localization economies. . . . . . . . . .. 46



Contents

2.4.1 Urbanization economies . . . . . . . . ... ... ... 46
2.4.2 Localization economies. . . . . . . .. ... 48
25 Mainresults. . . . . . . 49
2.5.1 The magnitude of urbanization economies. . . . . ... .. .. 49
2.5.2 The magnitude of localization economies . . . . ... ... .. 51
2.5.3 Sectoral heterogeneity . . . . .. .. .. ... .. L. 53
2.6 Robustnesstests. . . ... ... ... ... 54
27 Conclusion . . . . ... 55
2.8 Appendixtochapter2:Data . . . .. ... ... ... .......... 57
2.9 Complementarytables . . ... ... ... ... ... ... ..., 59
Marshall's scale economies: A quantile regression appra 61
3.1 Introduction. . . . . . . . . ... 61
3.2 Firm TFP estimation: Modelanddata. . . . . ... ... ... .. ... 64
3.2.1 Firmand establishmentdata. . . . .. ... ........... 64
3.2.2 Production function estimatian. . . . . ... ... ... ..... 65
3.3 Agglomeration economies: the traditional linear-iean regression model 68
3.3.1 The traditional linear-in-mean regression madel. . . . . . . .. 68
3.3.2 Proxies for agglomeration economies. . . . . .. ... .. ... 70
3.3.3 Results for the traditional linear-in-mean reg@ssnodel . . . . . 71
3.4 Agglomeration economies: a quantile regression approa. . . . . . . . 73
3.4.1 Limitations of the traditional linear-in-mean reggmn model . . . 74
3.4.2 The quantile regressionmodel. . . . . .. ... ... ... ... 75
3.5 Results for the quantile regressionmodel. . . . . .. ... ... .... 77
351 ModelA . . . ... 77
352 ModelB . ... .. ... 79
353 ModelC . ... .. . 80
354 Resultsbyindustry . . . . ... .. ... ... ... .. .. ... 81
3.6 Conclusion . . . . .. . ... 83
3.7 Appendix to chapter 3: Complementary tables. . . . ... ... .. .. 86
Product complexity, quality of institutions and the pro-trade effect of immi-
grants 91
4.1 Introduction. . . . . . . . .. 91
4.2 Model specification, econometricsanddata . . . . ... ... .. ... 93
4.3 The pro-trade effect ofimmigrants. . . . . ... ... ... ....... 98
4.3.1 Benchmarkresults . . . ... ... .. ... ... ... ..., 98
4.3.2 Aninstrumental variable approach . . . . ... ... ... ... 99
4.4 Product complexity, quality of institutions and imnagon . . . . . . . .. 102
45 Conclusion . . . . . .. e 107
4.6 Appendix A to chapter 4: Data on trade and immigration . . . . . . .. 108

4.7 Appendix B to chapter 4: Matching the NST/R and Raucladssifications. 110



Contents ili

4.8 Complementarytables. . . . .. ... ... ... .. ........... 111

5 Dots to boxes: Do the size and shape of spatial units jeopdes economic ge-

ography estimations? 113
5.1 Introduction. . . . . . . . . . ... 113
5.2 The Modifiable Areal Unit Problem : AQuick Tour. . . . .. .. .. .. 114
5.2.1 Asimpleillustration ofthe MAUR . . . . . . ... ... ..... 115
5.2.2 Mean and variance distortions: a first illustratiothvgimulated datal6
5.2.3 Correlations distortions. . . . . . ... ... ... ... ... .. 119
5.3 Zoningsystemsanddata. . ... ... ... ... ... ... ...... 121
5.3.1 Administrative zoning systems. . . . . . ... ... ... ... 121
5.3.2 Gridzoningsystems . . . .. ... 122
5.3.3 Partly random zoning systems. . . . .. ... ... 123
5.3.4 Characteristics of zoningsystems. . . . .. ... ... ..... 123
5.4 Spatialconcentration . . . . .. .. .. ... .. . e 125
541 Giniindices. . . . . . . ... 125
5.4.2 Ellison and Glaeserindices. . . . . . . ... ... ... ..... 126
5.4.3 Comparison between the Giniandthe EG. . . . ... ... .. 127
5.5 Agglomeration economies . . . . . . .. ... oo 128
5.5.1 Awage-density simple correlatian. . . . . . ... ... ... .. 128
5.5.2 Controlling for skills and experience. . . . . . . ... ... ... 129
5.5.3 Market potentialasanewcontral . . . ... ... ... ... .. 130
5.5.4 An alternative definition of market potential. . . . . . .. .. .. 132
5.6 Gravityequations. . . . . . . . ... 133
5.6.1 Basicgravity. . . . . . . ... e 134
5.6.2 AugmentedGravity . . . . ... ... ... ... .. 0. 137
5.7 Conclusion . . . . . . ... 138
5.8 Appendixtochapter5:Data . . . ... ... ... ... ......... 140

Bibliography 141






Introduction

The tendency of human and economic activities to agglomesabbvious, as proved
by the existence of cities. This fact is also true for indiatlindustries. Studying the
patterns of spatial concentration (or localization), idetecting areas where firms in the
same industry tend to cluster, is an old subject of intemsefonomists, dating back at
least to AlfredMarshall(1890.

However, agglomeration creates congestion, bids up tlee jfi immobile factors of
production, and potentially exacerbates competition dast when the output market is
local). Several questions are thus of interest: is spatiatentration pervasive in all indus-
tries, or limited to a few anecdotal cases? What are the éayas for firms to cluster that
are able to offset extra costs due to agglomeration? How larg these advantages? How
fast do they decline in space? How do they shape the spastaibdition of trade? These
guestions make up the background picture of this dissentati

On the origin of agglomeration

The starting point to think about agglomeration is #matial impossibility theorem
proved byStarrett(1978. It states thdtwithout any heterogeneity in the underlying space,
and without indivisibilities or increasing returns, anyngoetitive equilibrium in the pres-
ence of transport costs will feature only fully autarkicdtions where every good will be
produced at small scale (s@&taviano and Thiss004 for a detailed discussion).

A contrarig, agglomeration can be observed as soon as space is hewagesr any
indivisibilities or increasing returns exist, under thewwsption that moving costs are not
null.2 Heterogeneity in space just points to the fact that placasfiidrom specific endow-
ments (natural endowments, technologies or amenitiesjatar their relative specializa-
tion in one type of economic activity, as in the classicatié&raheory. This is obviously
true at a global, world wild level, but remains valid even israall country like France.
Some places may enjoy endowments that attract specifictinekias the coalfields in the
north-east of France. However, space tends to be more hooge as the geographical
scale of analysis is reduced. Hence, this kind of local coatpe@ advantages, even when
widely defined, cannot explain industrial localization astele at the scale of a country
(see for instanc€&llison and Glaesed 999 for the US).

In this case, alternative explanations for the agglomeamadf economic activities have
to be found. In the presence of any moving costs, agglonoeratin be explained by the ex-

’I quote herePuga(2009.
8Combes, Mayer, and This§2008h chapter 2) provide some enlightening comments on the falpace
in economic thought.
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istence of increasing returns agglomeration economie$uch agglomeration economies
exist as soon as an individual’s productivity rises whenihghe is close to other individu-
als. Agglomeration economies may jpgre externalitiesas in the case where productivity
rises from being able to learn from or imitate a neighbor. SEh@gglomeration economies
can also work entirely within the market. If a supplier anduatomer get closer, they may
become more productive only by eliminating some kind of $eantion costs, but there is
no obvious externality (seBlaeser2008.

These returns to scale can be internal to the fkmugman(1991) (and the subsequent
New Economic Geography literature) shows how firms tendustet when transport costs
fall. In this setting, firms benefit from an endogenous langarket size, because they
grow larger by fully exploiting internal returns to scale¢Combes et al.2008h for a
complete overview). On the contrary, the traditional UrBamonomics posits the existence
of some production externalities between firms producinth wonstant returns to scale
(seeHenderson1974. Thus, local increasing returns, external to the firm, drplay.
Firms also benefit from a larger market size or a more speetlienvironment depending
on the type of externalities at work. This dissertation gl@ath this latter type of increasing
returns.

When external economies are not specific to firms within amstrgl, they tend to
agglomerate overall economic activity and give birth téesit Hence, they are called-
banization economie€n the contrary, when these economies are specific to firtigwi
an industry, they give birth to industrial clusters and aaked localization economiedUr-
banization and localization economies can be understo@dvesy to reduce any moving
costs for goods, workers, or ideas ($&aeser2008 and thus increase individual - firm or
worker - productivity. Finding evidence for the existené¢sach agglomeration economies
and quantifying their magnitude is the most fundamentalstioe in urban economics,
since without answering them we cannot understand theeexistof cities and industrial
clusters. Chaptet provides evidence for the existence of agglomeration enigs by
comparing the localization patterns of French service aadufacturing industries. Chap-
ters2 and 3 study the magnitude of both urbanization and localizatioonemies on the
productivity of French firms.

The sources of these agglomeration economies are also a daebeled issue in the
literature. Various mechanisms have been suggested taisxtpkese increasing returns to
scale in cities and industrial clusteruranton and Pugé004 provide an exhaustive
survey of these mechanisms under the headings: sharinghimgtand learning. A larger
final-good industry can sustain a wider variety of input digop as well as a thicker labor
market allowing for gains from a narrower specializationatbhing between employers
and employees are supposed to be easier and of better goaditthicker labor market.
Finally, proximity between firms may facilitate the gen@raf the diffusion and the accu-
mulation of knowledge. Chaptdrprovides an indirect proof for the accumulation of local
knowledge when economic agents agglomerate. More prgcigelstudy how the spatial
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concentration of immigrants across Frerdgpartementsimpacts on their international
trade flows toward the immigrants’ countries of origin.

Urbanization or localization economies are, by definitimtalized, geographically
limited to a small area. The spatial scope of agglomeratcmmemies is a last important
dimension in this literature, as recently surveyedRnsenthal and Strand2004). Due
to data limitations, researchers often assume that thasenakties exist between firms
within a administratively-defined area. However, relying a predefined zoning system
could affect statistical inference. Chaptewraps this dissertation up by considering the
sensitivity of the various econometric results shown irvianes chapters to the choice of a
specific zoning system. In other words, we study whether amdthe size and shape of
spatial units impact on the extent of spatial concentratio® magnitude of agglomeration
economies and the spatial determinants of trade.

Localization as an evidence of agglomeration economies

Measuring excessive spatial concentration of economivites, or individual indus-
tries, is the first sign of the existence of agglomeratiomeaaes. Measuring spatial con-
centration consists in describing spatial inequalitieims of production or employment.
Economists and geographers have developed a number oésntticaccount for spatial
inequality (seeCombes et al2008h chapter 10).

A first approach consists in measuring, for each industey,dviation of the cross-
regional distribution of industrial employment from thditloe overall employment. Tradi-
tional indices, as the Gini locational index, rest on thighmdology. HoweverEllison and
Glaeser(1997 emphasize that industriftimpinesscould corrupt these traditional mea-
sures of spatial concentration. The intuition is the follogv even if plants in an industry
were randomly distributed over space, the cross-regiassillition of industrial employ-
ment cannot exactly match the cross-regional distributiboverall employment, due to
the limited number of plants in that specific industry. Theggest an index apatial con-
centration comparable across industries with diffefedtistrial concentrations, i.e. with
different numbers of plants and different plant-size distions. Their approach fulfills at
least three of the six properties for an ideal index of spatiacentration listed bombes
and Overmar(2004): the index is defined with respect to a clear reference, thiEss-
cal significance for spatial concentration can be assefisedndex is comparable across
different industries. However, their approach relies onsaréte zoning system. Such an
index is thus potentially affected by the shape, size arativel position of discrete spatial
units. These problems are labelled Modifiable Areal UnittRrms (MAUP)C The index
suggested b¥llison and Glaesef1997 thus fails to meet two other criteria: not being
sensitive to a change in the spatial zoning system and beimgarable across arets.

®Continental France is mapped by 94 départements. See chdptdurther details on French administra-
tive zoning systems.

10Chapter5 describes the Modifiable Areal Unit Problem in details.

"Note that the Ellison and Glaeser index is also sensitivedoamge in industrial classificatio©ombes
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To circumvent these limitations, a second approach ansiwerlglAUP by considering
space as continuous. The idea, initiatedDayanton and Overmaf2009, is to consider
the density distribution of bilateral distances betwedrpairs of plants in each industry.
They test whether or not the observed density distributibbilateral distances in each
industry is close to the expected density distribution whlkamts are randomly allocated
over space. They assess the statistical significance ofeiiattbn from randomness by
building a global confidence interval around this expecisttidution!? In order to com-
pute bilateral distances, they use the spatial coordimdijgisnts. This methodology is thus
very data intensive. The index suggestedihyanton and Overmaf2005 meets all the
useful properties listed bgombes and OvermdgR004), except that it remains sensitive to
a change in industrial classification.

Chapterl builds on these two approaches and introduces a hew metigyd test
for localization in a continuous space. We first show thatrtfeghodology suggested by
Duranton and Overma(R005 is implicitly sensitive to the industrial structure, i.¢he
number and size distribution of plants within an industryenide, their index is not fully
comparable across industries. We suggest an alternatiy@agh that also relies on the
density distribution of bilateral distances between @awithin the same industry, but we
build our test for localization by relying on a measure ofdgence between density distri-
butions. The idea is to estimate the divergence betweerethgtgl distribution of distances
within an industry and the overall density distribution @tdnces. This measure of diver-
gence is not priori comparable across industries, due to the small number ofspia
each industry. Building on insights from ttglison and Glaese{1997's approach, we
compute an index of localization comparable across ingisstOur approach, relying on
distances instead of employment, allows us to provide tesul the spatial scope at which
localization occurs. More precisely, we quantify whether tivergence between the two
density distributions occurs mainly at short distances$oflee4 km), at medium distances
(between 4 and 40 km), or at rather long distances (betweemd@40 km). We can thus
sort out industries by the specific distance at which theyapfocalized. Our prior is that
this distance depends on the type of agglomeration ecosamitivating their clustering
scheme. As an example, industries where face-to-faceasraad technological spillovers
are the main drivers of location choices should be localaedtry short distances (at most
a few kilometers). On the contrary, when labor market paptininput sharing motives are
at work, localization patterns could occur at larger diséa but still within labor market
areas.

We then apply this new methodology on French data for busingented services and
manufacturing industries. A second interest of this chaist¢éo systematically compare
the localization patterns of service and manufacturingistiges. We first find that service
industries diverge more often from randomness than matwrfag industries. Second,
when we turn to our per-distance analysis, we show that therityaof diverging service

and OvermanZ004) suggest that an ideal index should not be sensitive to sablarge.
125ee appendit.7 of chapterl for a more technical presentation and discussion aboutdhstiiction of
the global confidence interval defined byranton and Overmaf20095.
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industries are localized at very short distances (beforet K his is consistent with the
fact that services are mainly located in the heart of a fewchigs.

Quantifying the magnitude of agglomeration economies

Excessive localization provides a first evidence for thestexice of agglomeration
economies. But how large are the benefits from agglomer#&tiofirms? The question
is to quantify the magnitude of agglomeration economiegya(2009 andStrangg(2009
distinguish three different approaches in the literature.

The first one consists in comparing employment growth aaribies or industrial clus-
ters. The intuition is simple: if firms are more productivecities or clusters, employ-
ment in these locations should grow more rapidly. SemingepabyGlaeser, Kallal,
Scheinkman, and Schleifdd992 and Henderson, Kuncoro, and Turnét995 link
the long-run growth of sectoral employment in American Mpulitan Statistical Areas
(MSA) to local sectoral specializatiofo¢alization economigsor local industrial diversity
(urbanization externalitigs Glaeser et al(1992 conclude that urbanization externalities
are prevalent and that local industrial diversity mattersectoral employment growth. On
the contrary, taking into account dynamic effe¢tgnderson et al1995 show that spe-
cialization effects prevail. For FrancEombes(2000 and Combes, Magnac, and Robin
(2004 study the long-run growth of employment at a smaller geplgjal scale, the em-
ployment area (‘zone d’emploi¥® and disentangle the growth of employment in existing
plants (the intensive margin) from the birth of new plantse(extensive margin). They
show that existing plants grow more rapidly in areas withrgdanumber of plants of vari-
ous sizes, whereas new plants are mostly located in arelagwinall number of plants of
various sizes. These papers also underline the dynamit effagglomeration economies.
Combes et al2004 show that static externalities are prevalent in Franceredstiender-
son (1997 finds that lagged effects still impact on sectoral growteradix to seven years.
Those early studies rely on the strong assumptions thatcaeagse in productivity due to
agglomeration economies induces employment growth. TEhisality is not as straightfor-
ward as these studies may claim. For example, it is possiblarf increase in productivity
to lead to a drop in regional employment (¥@embes et a].2004 for more details). In
this case, employment growth regressions are not wekkdd estimate the magnitude of
agglomeration economies.

The second approach consists in comparing input returngeswand land rents - across
cities or industrial clusters. If firms are more productimecities or clusters, they are ready
to attract workers with higher wages and to pay higher lantsr&trange(2009 provides
a selective literature review about the urban wage premiwem,the impact of agglom-
eration economies (especially employment density) on siageseminal contribution is

Employment areas are spatial units underpinned by cleatomtic foundations, being defined by the
French National Institute of Statistics and Economics @Epso as to minimize daily cross-boundary com-
muting, or equivalently to maximize the coincidence betvesidential and working areas.
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Glaeser and Maré2001) who find that workers in cities larger than 500,000 have wage
that are 33% higher than workers in rural areas. The urbar \wegmium shrinks to 5 to
11% when these authors carefully control for the unobsehatdrogeneity across work-
ers. Indeed, data on workers have the great advantage #yapitbvide, next to wages, a
bunch of individual characteristitsthat allow researchers to deal with a number of impor-
tant pitfalls. For instance, on a very rich French dataSembes, Duranton, and Gobillon
(20083 show that almost half of spatial disparities in wages aagas is explained by
the sorting of workers according to their qualification. i€4tattract more able workers.
This sorting mechanism corrupts any naive estimate of tharuwage premium, what
Combes, Duranton, Gobillon, and Ro(ferthcoming name the "endogenous quality of
labor" bias.Combes et al(20083 develop a complex two-way procedure to purge wages
from any individual observable and unobservable detemtgnaf wages, by using indi-
vidual fixed effects. Remaining spatial disparities in tiet wageare then explained by
proxies for urbanization and localization economies. Ty that urbanization proxies
(more precisely the density of total employment) are stipnglated to wages, while lo-
calization proxies (namely an index for local specializajiare statistically significant but
of a weak economic effectCombes et al(forthcoming extend their results by consid-
ering another source of bias, the "endogenous quantitybofuld. This source of errors
is due to simultaneity between wages (or more broadly pripdtyy and density. Indeed,
high productivity locations could attract more people, #meh being denser. In this case,
causality runs from productivity to agglomeration. Theg asedible geological and histor-
ical instruments explaining disparities in density acrassitions, but unrelated to labour
productivity. Contrary to the "endogeneous quality of kilmas, the simultaneity bias is
of small magnitude. Rosenthal and Strand@008 also develop an instrumental variable
approach to deal with the simultaneity problem on US wage,dad also conclude to
a small bias. A word of caution is needed when using wagestima&te the magnitude
of agglomeration economies. Indeed, accordin@Rtsen(1979 and Roback(1982), in

a context of spatial equilibrium, wages are endogenoudigraiéned by the migration of
workers. Broadly speaking, if firms benefit from producticteenalities in cities, they will
push wages up to attract workers. However, if workers enfmgesvaluable consumption
amenities in cities, they will be ready to accept lower wagilages then results from the
interplay between production externalities and consusnpiimenities (seGlaeser2008
for an enlightening discussion of the spatial equilibrivomeept).

The most direct way to quantify agglomeration economies isack their impact on
firm productivity. First attempts in this direction relatggregate local measure of pro-
ductivity to the size of the local markeMpomaw 1981 Nakamura 1985 Henderson
1986 Ciccone and Hall1996 Ciccone 2002. However, these macro-level studies are all
plagued by the problems highlighted in the previous pagagraspecially the sorting of
economic agents according to observable and unobservatgardnants of their produc-

Ypapers considering the impact of agglomeration econormidaral rents are scarcer, mainly due to the
fact that characteristics on commercial housing is morfécdif to obtain.
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tivity. This is the reason why researchers take benefit flioenrécent availability of firm
level datasets to track for direct evidence of agglomenagiconomies on their individual
productivity, controlling for a bunch of individual detemmants of productivity unrelated
to location. Hendersor(2003 is the first to introduce in a plant-level production fuocti
some proxies for agglomeration economies. His datasetstsris a non-exhaustive panel
of plants in the US, observed every five years in the machiaedyhigh-tech sectors, with
pieces of information on value-added, capital and emplayrfer each plant. He further
introduces individual fixed effects in his regression inesrtb capture any unobserved firm
characteristics. He finds evidence for localization ecdesms the number of other own
industry plants affects positively firm productivity in ligech sectors but not in machinery
ones. He also finds that single-plant firms benefit from anéigea more external benefits
than multi-plant firms.

In chapter2, we quantify the magnitude of agglomeration economies @mdtr firm
productivity using detailed data from the tax administmati Following Combes et al.
(forthcoming, we employ a two-step procedure. In the first step, we egtimaCobb-
Douglas production function whose residual is an indivigaraductivity. We then explain
disparities in average firm productivity across industdlisters by measures of urban-
ization and localization economies. In the first step, thigdaarray of individual con-
trols provided in the tax administration data files is useguaye individual productivity
from a number of its determinants unrelated to agglomearaamnomies, but whose omis-
sion could bias our estimates. Especially, we control fer gality of the labor force
in each plant. It prevents our estimates from being plaguyedriors due to the spatial
sorting of workers according to their qualification. We atsmtrol for any unobserv-
able sector-specific determinants of productivity by idtrong sector-specific dummies.
Indeed, some high-tech, high-productivity sectors tenid¢ate in larger and denser mar-
kets. This second type of spatial sorting would also makesfirmore productive in these
areas, even if any externality were absent. In the secompq st show that firms located
in the densest clusters (i.e. in th& decile of the employment density distribution) are,
on average, 8% more productive than firms located in the Wmsse areas (i.e. the!
decile of the employment density distribution). This effecsizeable when compared to
the 2.2% annual average productivity growth registered tiené&h firms over 1993-1999.
Not only does local density matter for firms, but also does @dgaccess to surrounding
markets, captured by market potentials. However, we only dirsmall, negative effect
of diversity on productivity, once density is accounted fdaken together, these results
suggest that urbanization effect are of primary importaiocethe productivity of firms.
Regarding localization economies, we show that firms latatereas of thé*” decile for
specialization are, on average, 5% more productive thars fiocated in areas of the first
decile for specialization. The impact of specializatiothiss less marked than the impact of
density but remains important. We also find a positive andit@nt correlation between
the quality of the labor force in a cluster and firm produdyivbut this variable does not
add to the explanatory power of the model. Hence, we canmyt tthe existence of human
capital externalities, but once controlled for the quatityhe labor input in each plant, this



Xii Introduction

variable does not impact on productivity, beyond the effdéaensity and specialization.

Recent theoretical developments (ddelitz and Ottavianp2008 suggest that firms
can be sorted over space according to productivity, evehiwihe same industry. This
sorting effect is due, for instance, to a tougher competititodenser markets that forces
the least productive firms to exit. In order to partially aaptsuch an effect, we introduce
in our second-step regression some regional dummies timatotdor the average firm
productivity at the regional level. In this setup, the esiiion relies on the comparison of
average firm productivity across clusters of the same redt@en with this inclusion, our
results remain robust.

In the second step of the previous procedure, we explaiadigs inaveragefirm pro-
ductivity by agglomeration proxies. Hence, in chafewe consider that agglomeration
economies impact on all firms in the same veayaverage However, even in a narrowly-
defined industrial cluster, producers are heterogeneousthe average firm productivity
provides only a partial information about the whole disitibn of productivities. The main
goal of chapteB is to question that implicit assumption. We do not only cdasithat ag-
glomeration economies can impact ugbe average firm productivitiput can also induce
some more complex shape shiftsfirm productivity distributionfrom one cluster to the
other. We thus claim that heterogeneity among producersaipe disregarded in order to
fully understand the impact of agglomeration economiesndiividual outcomes. To this
aim, we use a quantile regression approach that allows uartinponiously quantify the
impact of both urbanization and localization economiesiféérént points in the firm pro-
ductivity distribution. The semi-parametric techniquegoiantile regressions, introduced
by Koenker and Basse{l978 can be used to characterize the entire conditional distri-
bution of a dependent variable given a set of regressorsffi€ient estimates at distinct
guantiles may be interpreted as differences in the resportbe changes in the regressors
at various points in the conditional distribution of the dagent variable. Namely, in the
problem under scrutiny, we can assess the impact of botmizdizon and localization
economies on firm productivity at different quantiles of domditional productivity distri-
bution. Two important results stand out from our analysienk are not only more produc-
tive in denser areas, but the increase in productivity ieduzy agglomeration economies
is stronger for the most productive firms. Firms are also npoogluctive in more special-
ized areas, but localization economies, contrary to udagion economies, do not benefit
more the most productive firms. These two results questiethioretical literature on ag-
glomeration economies. Indeed, few papers in the litegabur agglomeration economies
consider vertical heterogeneity across produc€mnbes, Duranton, Gobillon, Puga, and
Roux (2009 stands as one of the exceptions. They suggest that wonkersae produc-
tive when they work for more efficient firm and that this effecenhanced by interactions
with other workers. In other words, initial heterogeneityass producers is magnified by
agglomeration economies through the interplay of labodpetivity. There is however no
doubt that the link between agglomeration economies artitaEheterogeneity deserves
further research, especially to understand the diffeadi results between urbanization
and localization economies put forward in this chapter.
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On the local stock of knowledge

Chapter4 deals with international trade issues. However, two imgrarpoints of con-
nexion with previous chapters can be highlighted. Firsg ofithe most crucial aspect
of agglomeration economies is about the importance of lkialvledge for growth (see
Lucas 1988 2007). To put it in a nutshell, the stock of local knowledge is adlopublic
good that makes firms more productive. Building on the sarpe bf intuition, chapted
studies whether the presence in a specific area of a lardedtonmigrants impacts on the
volume of international trade with their country of origimdeed,Rauch(2001) (among
others) suggests that immigrants have specific knowledget éleir country of origin that
they can share locally. This stock of knowledge can help aeduthe informational gap
between buyers and sellers in their hosting region and gpohbrigin, hence promoting
bilateral trade opportunities. Indeed, despite the widksh availability of modern com-
munication technologies, information costs still play acdal role in shaping world trade
patterns, as recently surveyed Agderson and VanWincoof2004).

Rauch(200]) underlines two other channels through which immigraries to their
home country may promote trade. Immigrant networks mayigeogontract enforcement
through sanctions and exclusions, which substitutes fakwestitutional rules and re-
duces trade costs. Immigrants can also bring their tastdidoreland products, which
should make their trade-creating impact even more salierimports. In other words,
transnational networks are a substitute for proximity iis tase. Hence, this chapter fo-
cuses on network economies rather than agglomeration Biesper se but the bridges
are humerous between the two approaches.

A second point of convergence between this chapter and thaimeng part of the dis-
sertation concerns the simultaneity problem highlightedhe previous section. In this
chapter, the question at hand concerns the simultaneityeleet trade flows and immi-
grants’ location choices. The trade-promoting effect ofmiigration is now well docu-
mented at the national level (s¥¢agner, Head, and Rig2002 for an extensive review).
For instanceGould (1994, Head and Rie$1998 and Girma and Yu(2002 find a sig-
nificant trade-creating impact of immigrants settled in ltheted States, Canada, and the
United Kingdom respectively. However, at the national lgtieere is a huge presump-
tion that the correlation between trade and immigratiorctbe spurious. The correlation
between trade and immigration might arise from omitted camrmdeterminants such as
colonial ties, language or cultural proximity, or reversaigality if immigrants prefer to
settle in countries that have good trade relationships théhr home country. To tackle this
source of bias, we study the relationship between traderarmdgration at a sub-national
level, and control for all country-specific determinantstraide by fixed effects. The in-
clusion of country fixed effects allows controlling for thensmon determinants of trade
and immigration at the national level. At the same time, sf®ectional variability in trade
and immigration at the Frenaépartemenlevel provides sufficient information to identify
the pro-trade effect of immigrants. We further resort toratrumental variable approach,
where lagged stocks of immigrants serve as instruments. tbaeme persistence in the
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location choices of immigrants, we can assume that laggedksiof immigrants partially
determine current stock, but that they do not impact on tfemes anymore. We do find
that immigration exerts a significant positive impact omlé&radoubling the number of im-
migrants settled in @épartemenboosts its exports to the home country by 7% and its
imports by 4%.

We then evaluate the heterogeneous impact of immigrantsaole along two inter-
twined dimensions: the complexity of traded goods and thaditguof institutions in the
partner country. The fact that immigrants matter more féfedéntiated or complex goods
can be taken as a support for the information-cost-saviraprdl of transnational net-
works, as suggested Bauch and Trindad€002. These authors find that South-Asian
country pairs with a higher proportion of Chinese immigsaimade more with each other.
They show that the trade-creating effect of Chinese netsvigRarger for differentiated
goods than for homogeneous or reference price goods. Besidgerson and Marcouiller
(2002 andBerkowitz, Moenius, and Pistg2006 show that the quality of institutions im-
pacts drastically on the volume of bilateral tra@®rkowitz et al.(2006 further point out
that the quality of institutions matters more for complexneoodities, which exhibit char-
acteristics difficult to fully specify in a contract. Thistise reason why good institutions
may reduce transaction costs when contracts are more ietanpHence, through sanc-
tions and exclusions, transnational networks could be atgute for weak institutions,
especially in the trade of complex products. Building orsthimsights, we disentangle the
pro-trade impact of immigrants across both the quality sfiiations in the partner country
and the complexity of traded goods. In this respect, we esipbawo main results. First,
immigrants especially matter for the imports of complex dmaegardless of the quality
of institutions in the home country. Turning to the importsionple products, immigrants
matter only when the quality of institutions at home is we8lecond, the trends are less
marked for exports. The pro-trade impact of immigrants qooets is positive only when
they come from countries with weak institutions, regarsliesthe complexity of products.

The tyranny of geography: The Modifiable Areal Unit Problem

The last chapter of this dissertation makes a methodolbgaaribution. It focuses
on the Modifiable Areal Unit Problem. We pointed earlier thetfthat the Ellison-Glaeser
index is defined in a discrete space and thus is sensitiveetahhbice of a specific spa-
tial zoning system. For instance, imagine that firms clustex specific area, but that an
administrative boundary of the underlying zoning systeosses this area. In this case,
the industry will not appear more localized according toElson-Glaeser index than the
same industry located in two spatial units at both ends otthatry. Avoiding this kind
of border effects is one of the main motivation of the diseabhased approach adopted by
Duranton and Overma(2005. Regarding the magnitude of agglomeration economies,
some recent attempts also try to avoid this issue by consglepace as continuous (see
Rosenthal and Strang2003 2008.
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More generally, most empirical work in economic geograpélies on scattered geo-
coded data that are aggregated into discrete spatial suith, as cities or regions. The
aggregation of spatial dots into boxes of different size simape is not benign regarding
statistical inference. The sensitivity of statisticaluks to the choice of a particular zoning
system is known as the Modifiable Areal Unit Problem (hessditAUP). In chapteb, we
investigate whether changes in either the size (equivglehe number) of spatial units, or
their shape (equivalently, the drawing of their boundarater any of the estimates com-
puted in previous chapters. Then, we address the importestign of whether distortions
due to the MAUP are large compared to those resulting fromifpation changes.

This exercise is all the more important because most emapiniork in regional and
urban economics relies on a predefined zoning system. Ranites much work has tried
to check empirically whether agglomeration enhances ananperformance at the scale
of countries, European regions, U.S. states or even snsplédial units such as U.S. coun-
ties or French employment areas. The magnitude of the dsndiiffers between papers,
but we do not know whether this reflects zoning systems ordiéfalences in the extent of
knowledge spillovers, intermediate input linkages, armbigpooling effects on firm pro-
ductivity.

On the contrary, in chapté&; we start by evaluating the degree of spatial concentration
under three types of French zoning systems (administragive and partly random spatial
units) and by comparing the differences between concémrateasures (Gini versus El-
lison and Glaeser) with those between zoning systems. Wiettine to regression analysis
as not only is the measure of any spatial phenomenon likebetsensitive to the MAUP,
but also its correlation with other variables. We estimatitmpact of employment den-
sity on labor productivity and compare the magnitude of aggdration economies across
zoning systems and econometric specifications. Finallyrumegravity regressions. We
study how changes in the size and shape of spatial unitd #ffeelasticities of trade flows
within France with respect to both distance- and infornmatielated trade costs.

All of these empirical exercises suggest that, when spaiés remain small, changing
their size only slightly alters economic geography estesaand changing their shape mat-
ters even less. Both distortions are secondary compargqzbtifisation issues. More cau-
tion should be warranted with zoning systems involving éaugits, however. The MAUP
is obviously less pervasive when data variability is preserfrom one scale to another.
When moving from dots to boxes, specific attention shouldeévekd to the following key
points: 1- the size of boxes in comparison with the originatisd2- the way data are ag-
gregated, i.e. averaging or summation, 3- the degree obspatocorrelation in the data.
The MAUP is less jeopardizing when data are spatially-aartetated and averaged, as is
the case in wage regressions. By way of contrast, the MAUPoie rohallenging when
variables in a regression are not computed under the samegagign process. In gravity
regressions for instance, moving from one scale to anodwgrines a summation of trade
flows on the left-hand side, whereas distance is averageleatight-hand side.

Finally, when zoning systems are specifically designed tivess local questions, as is
the case for French employment areas, we definitely arga¢hiiyashould be used. Those
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who are left with other administrative units should not wawo much however, as long
as the aggregation scale is not too large. We therefore esgarchers to pay attention in
priority to choosing the relevant specification for the dioesthey want to tackle.



CHAPTER1

Location patterns of services in
France: A distance-based approach

1.1 Introduction

In recent years, an increasing number of empirical studassdeen devoted to the de-
scription of industrial location patterns in various caiet, across different time periods.

Two main approaches have been followed so far. A first approaasists in measur-
ing the deviation of the cross-regional distribution of éoyment in each industry from the
distribution of the overall employmenkEllison and Glaese(1997) (hereafter EG) empha-
size that industrialumpinesscould corrupt traditional measures of spatial conceramati
as Gini locational coefficient. They propose an indesjtial concentration comparable
across industries with differeribdustrial concentrations, i.e. with different numbers of
plants and different plant size distributions. Howeveeitlapproach relies on a discrete
space® It is now well understood that such an index is affected byuhéerlying spatial
zoning system, i.e. the shape, size and relative positi@pafial units. These problems
are labelled Modifiable Areal Unit Problems (hereafter MAliHPthe regional science lit-
erature (see chapt&rfor more details).

A second approach answers the MAUP by considering spacentiawous. The idea
initiated byDuranton and Overmaf2005 (hereafter DO) is to consider the density distri-
bution of bilateral distances between all pairs of plantsdoh industry. They test whether
or not the observed density distribution of bilateral dists in each industry is close to
the expected density distribution when plants are randafibcated over space. They
assess the statistical significance of the deviation framlomness by building a global
confidence interval around this expected distribufion.

This paper is a joint work with Muriel Barlet (DREES-INSEH)dLaure Crusson (DARES-INSEE).

2Several surveys focus on this question in the last voluméetandbook of Urban and Regional Eco-
nomics: for North Americalolmes and Steven2004), for Europe Combes and Overma2004) and for
Japan and Chind(jjita, Mori, Henderson, and Kanemo&004).

3Along this route, other papers can be mentiondthurel and Sédillo(1999, Devereux, Griffith, and
Simpson(2004), andGuillain and Le Gallg2007) to name a few.

“The number of papers considering space as continuous five§Jsscarce, but increasinduranton and
Overman(2008 provide further results for the UK, aridlier and McMillen (2008 provide an application
to the US auto supplier industrjdarcon and PuecfR003, Marcon and Puecf2007) andArbia, Espa, and
Quah (2008 propose another approach in continuous space based anpadiern analysis¥iggle, 2003.
Arbia, Espa, Giuliani, and Mazzitel{009 study both the temporal and spatial scopes of agglomeratio

5See appendid.7 for a more technical presentation and discussion aboutdhstmction of the global
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In this paper, we continue along this second route. We shaivtkie test suggested
by Duranton and OvermaR005 suffers from a systematic upward bias and, more im-
portantly, that this bias increases with the number of glamtthe industry. The test is
thus implicitly sensitive to industrial concentration. ndée, it is less attractive for com-
parisons across industries. The first contribution of oyrepas to propose a new test for
localization in continuous space, which is fully compaeahtross industries. We apply
this new methodology to compare the location patterns ofi¢fréousiness services and
manufacturing industries, for which industrial concetitmas drastically differ.

We develop a two-step procedure to characterize locatitiarpa in continuous space.
We first pick out industries whose density distribution déatsral distances departs signif-
icantly from randomness, using a test based on a measureasfieince in the space of
density distribution§. We detect the so-labellediverging industriesfor which location
choices are not random but driven by agglomeration or disperforces. Among these di-
verging industries, we then disentantpealized industriesfrom dispersed onesBroadly
speaking, an industry is said to be localized if its planesaoser to one another than ran-
domly allocated plants of an hypothetical industry with aene industrial concentration.
This definition of localization implicitly depends on a sgecthreshold distancd. We can
thus sort out industries by the specific distance at whicl #ppear localized. Our prior
is that this distance depends on the type of Marshallianoaggitation forces motivating
their clustering scheme. As an example, industries wheetia-face contacts and techno-
logical spillovers are the main drivers of location choisesuld be localized at very short
distances (at most a few kilometers). On the contrary, whbarlmarket pooling or input
sharing motives are at play, localization patterns coulcup@t larger distances. In our
view, such a sorting of industries provides a first pass inidkatification of the specific
mechanisms underlying agglomeration economies. Firfallya large enough distanck
the industry is said to be dispersed, rather than localizddng distance. In this case,
dispersion forces overcome agglomeration ones.

The second contribution of this paper is to focus on the longtatterns of business-
oriented service industries. Services play an increasifgyin terms of employment and
value-added in modern economies. However, following a loadition dating back to
Marshall(1890 at least, the previous literature has almost exclusivielglisd the location
patterns of manufacturing industries. The main reasonhigrtiias is the belief that out-
put of service industries is highly non-tradable and thas¢hindustries are stuck in their
location choices to their customers. What remains cesptdinke for personal health care
services or retail activities is less obvious for businessnted services. As suggested by
Kolko (1999, the improvement in communication technologies can mhakedtlivery of

confidence interval.

®Note thatMori, Nishikimi, and Smith(2005 also use a measure of divergence to test for significaniepat
concentration in a discrete space. They compare the cegésaal distribution of sectoral employment to the
cross-regional distribution of surface areas.

"We use in this paper the conceptlotalizationin a continuous-space setting, and the concegpatial
concentrationn a discrete-space framework.



1.1. Introduction 3

digitalized service output easier. Freed from their phlsproximity to customers, these
industries can fully benefit from localization economiesttee sharing of a highly skilled
workforce or across-the-street networkingrZaghi and Henderser2008. These local-
ization economies are certainly all the more important fase industries because other
determinants of location choices, as local endowments aal limdivisible facilities, are
less prevalent. It is the reason why we focus our study ombsstoriented services.

The systematic comparison between the patterns of lotializaand dispersion of
business-oriented services (hereafter services) andfawnrng industries provides some
striking results. We first find that service industries diymore often from randomness
than manufacturing industries. Second, when we turn to eudjstance analysis, we show
that the majority of diverging service industries are latad at very short distances (before
4 km). This is consistent with the fact that services are tpdatated in the heart of a few
big citie$ and strongly benefit from very localized technologicallepiérs. This result has
not been emphasized in the previous literature, exceptieeraotal highly-localized indus-
tries as advertising activities in Manhattakr{aghi and Henderse2008 or casino hotels
in Las Vegas lolmes and Steven2004. Third, we show that the localization patterns
of services are mainly driven by the specific location cheiokthe largest plants. For a
majority of service industries, these largest plants areerfuzalized than the overall plants
in the industry. This is not true for manufacturing. Thisulegartially confirms findings
by Holmes and Steven(002. Fourth, when turning to dynamics, tendencies put forward
for manufacturing industriedDumais, Ellison, and Glaese2002 are far much stronger
for services. New plants tend to disperse service indsshyeocating outside of existing
clusters. On the contrary, the dispersion of exiting plaemsl to reinforce the localization
patterns of most service industries.

The few previous studies concerning services all rely orserdie-space approach us-
ing the EG index (see for instan&mlko, 1999 forthcoming Holmes and Steven2004).
However, services are most often located in the heart of tigsc where economic ac-
tivity is densely agglomerated and diversifiddori et al. (2005 argue that the EG index
undervalues the concentration of industries mostly latateénighly agglomerated and di-
versified area8.To support this argument, tablel provides moments for the distribution
of the EG index (computed at the employment-&éevel) for both French manufacturing

8Kolko (1999 shows that the share of business services employmenati/edy larger in the US big cities
than the share of manufacturing industries, and that tlzigedhas increased more rapidly in big cities between
1977 and 1995.

°In appendix A of their papelMori et al. (2005 develop an example to illustrate this point. The intuition
simple. If regions are not to small, it will be more difficuttrfan industry whose employment is mostly located
in dense regions to deviate from the overall employmentidigion. In other words, industries mostly located
in rural areas will register a higher value for the EG indest iRstance, it is the reason why agriculture almost
always appear concentrated according to the EG index.

®The French continental territory is partitioned into 341ptwyment areas. These spatial units are un-
derpinned by clear economic foundations, being defined byFtiench National Institute of Statistics and
Economics (INSEE) so as to minimize daily cross-boundamroating, or equivalently to maximize the
coincidence between residential and working areas.
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and service industries. Contrary to the results uncoveridd aur continuous approach,
services appear much less concentrated than manufactodogtries with the EG index
on averagé?! Our distance-based method does not suffer from the drawmaictorward
by Mori et al. (2009 and is thus better suited to extract meaningful featureseming the
location patterns of services.

Table 1.1- Distribution of the EG index for service and manufacturindustries

Mean Median Variance Min Max
Manufacturing Industries 0.040 0.019 0.003| -0.032 0.403
Service Industries 0.028 0.010 0.003| -0.189 0.238

Notes: The EG index is computed at the employment-area lsiet) the 407 4-digit
items of the French industrial classification (NAF700) tvatuse throughout
this paper. See sectidn3for further details.

Distance-based methods are data intensive. They requatésprinformation on the
geographical coordinates of plants, so as to accuratelypuatarbilateral distances and to
study location patterns at pretty short distances. In thidys we use a geo-referenced
dataset newly-developed by the French Statistical Inst{iiNSEE). It provides the precise
geographical coordinates for plants located in cities withre than 10,000 inhabitants.
When this information is missing, we consider that plantgehthe same geographical
coordinates as the city hall of their municipality of locati Municipalities constitute the
finest French spatial division. As an illustration, the Ffeoontinental territory is covered
by more than 36,000 municipalities. It allows us to reduceasneement errors in the
computation of the remaining bilateral distances.

The rest of the paper is organized as follows. In the nexi@gctve introduce our
new test for localization in continuous space. We then pries®re precisely the French
geo-referenced data at hand, before turning to our mairtsealsectionsl.4and1.5.

1.2 Methodology

In this section, we describe the setup for our analysis. VEe fiiesent a new way to
test whether the location choices of plants within an ingusignificantly diverge from ran-
domness. We then introduce a strategy to disentangle whtbibalivergence corresponds
to localization or dispersion. For the sake of simplicitg fivst present our methodology in
the unweighted case (i.e. by only considering the numbelaotin each industry), before
turning to the weighted case (i.e. when both the number oitpland the employment-size
distribution in the industry are taken into account).

Even the median and maximum values of the EG index for ses\dce lower than the corresponding
quantities for manufacturing industriesloimes and Steven@004 andKolko (1999 also register a lower
average value for the EG index (computed at the US county) freservice industries than for manufacturing
industries Kolko (1999 finds that the mean EG index for business service indugaiabe SIC 4-digit level)
(0.0064) is twice smaller than the mean EG index for manufag (0.0129).
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1.2.1 Testing whether industrial location patterns signiftantly diverge from
randomness

Consider an industrywith N; plants. We first compute th%% distances between
all pairs of plants in that industry. We estimate the derdiggribution of bilateral distances
between plants (hereaftebserved distributionf°**) within the industry under scrutiny.
Our goal is to evaluate how far this distribution is from aerehce distribution representing
randomness. For this purpose, we relyaomeasure of divergende the space of density
distributions.

Choice of a reference distribution

The first step consists in choosing the relevant referersteiaition (hereafterfe/),
i.e. the random benchmark against which divergence is sesdesNe consider the dis-
tribution of bilateral distances between pairs ofaadtive sites Following Duranton and
Overman(2005, we define the set afctive sitesas the whole set of locations where a plant
is currently located, regardless of its industry. In otherds, we compare the density dis-
tribution of bilateral distances within an industry to theemall distribution of bilateral
distances.

We implicitly assume that the set of potential locationsdgalant is limited to the set
of currently existing locations. It leads us to exclude adbbther alternatives. In their
discrete-space approachkori et al. (2005 choose as a benchmark teeonomic area
defined as the whole surface area minus marshes, mountainsvars. However, in a
continuous-space framework, it would lead us to considdreeian infinity of potential
points or to restrict the possibilities to an arbitrary setamdomly allocated points. The
set of active sites has, on the contrary, the main advantagerttrol for the observed
agglomeration of the overall economic activity in France.

Estimating the observed and reference distributions

The second step consists in obtaining an estimation of teersbd and reference den-
sity distributions. We rely on the 1-km bin density histagraln our data for France, the
maximum distance between two plants is equdllt@ km. Then, our density histograms
have 1110 bins of 1-km each frobnto 1109 km. We thus count the share of bilateral dis-
tances within the rang@, 1] km, [1, 2] km and so on, until1109, 1110[ km. The observed
density distribution is then estimated by:

N N
1 1 1
obs
f(d) = NN, =1)2 S Tacagjy<@sny (1.1)
i=1 j=it1

whereN; is the number of plants in the industry ad(, j) the distance between plants
andj. d lies betweerd and1109. Ij<y; j)<(a+1) IS @ dummy equal td if the distance
between plantg and j stands betweed andd + 1 kilometers. It is worth noting that
the width of the bin could have been smaller. However, errotscation prevent us from
getting a more accurate measure of distances. Definingwaritnns would have increased
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the errors in frequency counts without really adding moferimation. Moreover, over the
[0 — 1110[ km range, 1-km bins seem to be of sufficiently high precision.

A measure of divergence between density distributions

In order to assess how far the observed and reference digtris are, we use mea-
sure of divergencén the space of density distributions. Ommeasure of divergencg@r,
simply, divergence) betweeff® and f7¢/ is defined as:

1110
=g ) = [T ) = Y @) 1.2)

We define the operatdiy(z))™ so that(g(z))" = g(z) if g(x) > 0, and(g(z))* = 0
otherwise. In other wordd)"® is the area between the two densitj4* and f7¢/, when
the former is above the latter. Note that, as long@é and "¢/ are density distributions,
Db s also equal to half the sum of the absolute difference batviiee two distributions
computed over the whole set of distances:

1

1110 b f
3@ - @ 13)

Dobs —

This measure has two valuable properties for our purposst, Fr anyf°** and "¢/, this
metric has a lower bound)) and an upper bound). This matters to define oumdex of
divergence Second, it is asymmetri@l( £, fref) # d(fr¢f, f°b*)) when computed on

a subset of distances, let sy d]. This last property is necessary below to disentangle
localization from dispersion.

Testing for the significance of divergence

The last step consists in testing whether the observedgdinee D" is statistically
significant. We compare it with the value of divergence thausiry would register if its
plants were randomly allocated across all active sites. Mie tompute the divergence
between the reference distribution and the distributiobilateral distances for such an hy-
pothetical industry? We noteD*™ = d(f*™, fr/) the measure of divergence between
a simulated density distributiorf{*) and the reference distribution.

We repeat the random allocation procedure 1000 times arméssigely compute the
values of divergence for the 1000 simulated distributidif$‘(*)o...1000). Finally, for each
industry, we are able to define ampirical distribution for the measure of divergence
under the null hypothesis of random allocation of plantsogeractive sites

We then define the 95% percentile in this distribution. If tieergence between the
reference and observed distributiord3°f*) is above this cut-off point, then we conclude
that the industry significantly diverges from the referewligtribution. This procedure
provides a simple test for significance.

12n the simulation procedure, plants also keep their empéayinsize. This is useful when one turns to an
employment-weighted test for divergence. See pad2t4 Note also that this procedure of simulation is the
same as the one used Byranton and Overmaf2005.
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1.2.2 A distance-dependent test for localization

The test we propose in the previous section is a test forfgignt divergence on the
whole set of distance$), 1110[ km. It is not a test for localization. In a continuous-space
framework, localization is a concept that can only be defiwittl respect to a specific
threshold distance. Broadly speaking, an industry is said to be localized ifpitsnts
are relatively more numerous than overall active sitesiwithis threshold distance. As
a consequence®® is above the reference distributiofi"¢/) for some distances smaller
than this given threshold. This implies that any positiveigeor the divergencé®s is
mainly driven by a positive gap between the observed andemrede distributions between
0 andd. On the contrary, dispersion occurs when the divergenceaislyndriven by a
positive gap beyond. We thus introduce in this paragraph a distance-dependshtar
divergence that disentangles localization from dispetsio

Let us define:

d
D (d) = /0 (o (2) — 7 ()" (1.4)

D% (d) is the area between the two densitig® and f™/, when the former is above
the latter on the range of distanci@sd] km. As previously, we can carry out a 5%-level
significance test for the divergence on fhed] km range.

An industry is said to be localized at distant# its divergence on0 — d] km is greater
than the 98' percentile of the distribution of divergences [n— d] km across the 1000
simulations. More generally, for any given threshold distd, an industry is said to be
localized at distancé if the null hypothesis of the corresponding distance-ddpantest is
rejected. On the contrary, an industry is said to be dispdssgondd if the null hypothesis
of the distance-dependent test is accepted (i.e. the adsbelistribution on the0, d] km
range is below the 95 percentile).

Our methodology is easy to implement and allow to test foaliaation at many dif-
ferent threshold distances In the empirical part, we are able to propose a sorting of
industries according to the specific distance at which tipgear localized.

1.2.3 Anindex of divergence

In some applications, one needs a scalar to quantitatieslgss how much an industry
diverge from randomnesgs. We build in this section such a scalar. The raw measure of
divergenceD®" is not comparable across industries with different numibgiants, only
the two previous significance tests are. In this paragraghbuwild upon this measure an
index of divergencéully comparable across industries. As made clear belowapproach
is close to the one proposed Bilison and Glaesg1997).

We define ouindex of divergencé as:

Dobs _ Drand

0= Dmax _ Drand’

(1.5)

13ee for instanc&llison, Glaeser, and Kef2010 for a recent use of the localization index proposed by
Duranton and Overmaf2005.
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whereD™* is the average divergence across the 1000 simulationsafter¢heaverage
divergence D™ = D( fsim)) and D™** is the achievable maximum value fdr°s.

Expected divergence under the null hypothesis of randomnss

By definition, the divergence betweefi¢/ and any simulated distributionf ™) is
positive. The average divergené®*"? s thus strictly positive. Intuitively, the smaller
the number of plants in the industry, the larger the averdagergence. Indeed, when
the number of plants in an industry is small, it is more difidar the observed density
distribution of bilateral distances to match the referedistribution. Figurel.1shows that
the average divergence decreases monotonically with timbeuof plants in the industry.
By construction, under the null hypothesiH) of randomnessp™*"¢ is the expected
value of D%, E(D*%) = D(fsim) = DT As a consequence, the raw measure of

Figure 1.1— D4 and D™“* as a function of the industry size
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divergenceD" is not a relevant measure for cross-industry comparisonghoat any
agglomeration forces at play, an industry with a small nunatbelants will register a large
value for D°**. A meaningful measure of divergence is thus a relative one.

Defining a relative measure of divergence

The quantityD°>s — Dred constitutes a first pass. However, such a measure still
depends on the number of plants in the industry. The expeateg of variation of°*s —
Drand g [0, pmar — prand] whereD™A is the achievable maximum value . We
prove below thatl is a good approximation fob™%* (whatever the number of plants in
the industry). Consequently, the expected range of varidtr D — D"**? depends also
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on the number of plants (through™®9). For instance, small industries with a larfge?

can not achieve a large value for the quanfity®* — D™, A way to define a relative

(i.e. unrelated to the number of plants) index of divergenade divide this quantity by the

whole range of admissible variation fér°*s, D™ — prend as in equatiord..5.
Equationl.5can be rewritten as follows:

Dobs _ Drand + 5(Dmam o Drand) _ (1 _ 5)Drand + §Dmax (16)

D% can then be understood as the barycenter between thelpiitt with weight (1 —6)
and the pointD™* with weightd. These weights (and thu$), are unrelated to the specific
number of plants in the industry under scrutiny.

More technically, a last important step is to asse8%” the achievable maximum value
for D°%. We argue that is a good approximation ab™?*  regardless of the number of
plants in the industry. We have already mentioned thistan upper bound ab. In
order to obtain a lower bound fdp™%*, we computeD° for a very localized industry.
For each industry with V; plants, we allocate th&; plants in the smallest possible circle.
The value of D% for that particular spatial configuration is very closeltoWe present
that value for the French industries under scrutiny on fidgule For France, 90% of the
industries have a number of plants sufficiently small to lmated in the same circle with
a one-kilometer diameter. For the largest industries, thmeter of the circle has to be
slightly increased, but the value of the empiridaf*** remains very close to one (see
figurel.1).

1.2.4 Employment-weighted test and index

So far, we have only considered the number of plants in thesiing and not their em-
ployment sizes. HoweveEllison and Glaesg1997) argue that both the number of plants
and the employment-size distribution have to be taken iotoant to properly control for
the industrial concentration.

In this part, we develop a test for divergence and an indexvafrgence taking into
account the employment-size distribution. In this new getite observed distribution does
not describe the distribution of bilateral distances betwgairs of plants, but between pairs
of employees in different plants (hereafeanployment-weightesbserved distribution). In
this case, large plants mainly drive the shape of the obdatgasity distribution. Indeed,
consider two large plants, the bilateral distance betwkeget two plants has a frequency
count equal to the cross-product of their employment si¥éisen we turn to the density,
the weight of a given distanaébetween two plants equal tg ~~At—— wherew;

kei Zul€il>k VEWI
(resp. wy,) is the employment in plarit (resp. k) in industryi. Except for this change,
the setup remains the same. We build as previously a meakdieeence between the
employment-weighted observed distribution and the refealistribution.

In this case, the average divergence across 1000 simudatioif"?) does not only
take into account the number of plants in the industry, kad #ie employment distribution
across plants within the industry. Indeed, each simulagos random allocation across
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active sites of plants for an hypothetical industry with faene number of plantnd the
same distribution of employment across plants. Thgpl* is an index of divergence
comparable across industries with different numbers afitpland different employment
distributions across plants.

1.2.5 Comparisons with the previous literature

In this section, we compare our approach with two importapigps in the literature on
location patterns: the papers Byranton and Overmaf2005 and byEllison and Glaeser
(1997.

A comparison with the methodology suggested bpuranton and Overman (2005

The main departure between our methodology and the one stieggeyDuranton and
Overman(2005 concerns our significance test for divergence. We argueotiraest and
index do not depend on the number of plants in the industrgl/Grthe employment size
distribution across plants in the case of the weighted ind&n the contrary, we empir-
ically prove in appendixl.7 that the DO test for localization suffers from a systematic
upward bias in small samples, and, more importantly, thatiias increases with the num-
ber of plants in the industry. This introduces in the DO apploa non-trivial dependency
to the number of plants. Our test does not suffer from suclag, lais proved in appendix
1.7. This point is crucial when one turns to the comparison oéfimn patterns for indus-
tries whose number of plants drastically differ. This is tase between French service
and manufacturing industries. The former industries tegian average number of plants
5-time larger than the average number of plants in the laties.

Let us emphasize that trying to purge any measure of loc¢alizdrom dependency
to industrial concentration is not a purely methodologiesércise, but is economically
meaningful. Indeed, some authors (see for instdtltison et al, 2010 regress the DO
measure of localization on proxies for Marshallian extétiea. In such an exercise, the
identification relies on the cross-industry variation ia theasure of localization onty. If
that measure depends on the number of plants in the indtfsryesults of such exercises
could be questioned. At least, this number of plants shoelohtioduced as a covariate in
the regression. However, as long as the size-dependency lis@ar, one would prefer to
use a measure of localization independent of any size effect

Second,Duranton and OvermaR005 estimate the density distribution of bilateral
distances in a given industry with a kernel smoothing praced la Silverman(1986.
They argue that smoothing is a way to erase plant locatiaoreein the computation of
distances. They choose a bandwidth based oSilverman(198’s rule of thumb® We
argue that such a method is not very well suited in the Freask ander scrutiny. First,

In the following, we distinguisld;; the unweighted index froriy the weighted index.

15See also chapter 10 Gombes et al(2008H for critics on such an empirical approach.

The Silverman(1986’s rule of thumbis given by0.9min(sd, R/1.34) N~°-2° wheresd is the standard
deviation andR the interquartile distance in the vector of bilateral dists, andV the number of bilateral
distances in the industry.
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in our case, the short distances are rather well measurednatle clear below (see part
1.3, errors in locations are limited. Hence, the measurementebetween the great
circle distance we compute and the real distance by the readelen two plants is very
small as long as these two plants are not too far away. At,l#a@sterror remains small
in comparison with the size of the bandwidth induced by $ilgerman(1988’s rule of
thumb. For instance, the bandwidth is greater than 20 km @86 6f our industries. For
larger distances, using a smoothing approach can be jdstifi@wever, approximations
introduced by such a smoothing procedure depends on the si#ige density distribution
(specifically its convexity) and are difficult to control foFhese are the two main reasons
why we rely on an histogram approach.

An analogy with the methodology suggested bEllison and Glaeser(1997)

To firmly confirm that our index of divergence is fully compbl@across industries, let
us develop an analogy with Ellison and Glaeser’s (1997) ceayir.

These authors emphasize that even if plants were randosthjbdited over space, the
cross-regional distribution of sectoral employment camxactly match the cross-regional
distribution of overall employment, due to the limited nuenlof plants in that industry.

To write it with their notation, under the null hypothesisrahdom distribution, the
expected value of their raw concentration ind&xs not equal to zerd but to a strictly
positive valug'1—S)H, whereH is the Herfindhal index in the industry aisd= Zf;l 7
if (x;)i=1..r is the vector of overall employment share acrossihegions. In our setting,
Drand plays the same role 4% — S) H in the EG approach, by taking into account the fact
that even under randomness, the density distribution afdyil distances cannot perfectly
match the reference distribution.

Furthermore, in the EG approach, the maximum value of thedrd measure of
concentratiorE(G) is equal tol — S. E(G) is maximum for a spatial configuration where
all the plants of a given industry are located in the sameoregrhis corresponds to the
case where the spillovers or natural advantages are s@dtrahall the plants choose to
locate in the same area. In this configuration, their indexooicentration (hereaftet,) is
equal tol. In our setting, we prove that for some agglomeration fostgfciently strong,
the measure of divergence between the observed and reded&tdbutions can be made
very close tal, the upper-bound of the metric.

Ellison and Glaesef1997) show that:

E(G)
(1-25)

=(1—-~vH+~v=H+~(1—-H). @.7)

By dividing equationl.6 by D™ we get:

Dobs Drcmd Drand
Dmaaﬂ = Dmaaﬂ +6(1 o Dmax

). (1.8)

YRecall thatG' = Zf:l(si — x;)? where(s;)i=1..r is the vector of industrial employment share across
the R regions, andx;):—1..r the vector of overall employment share across the sBmegions.
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The analogy is then obvious. In our set-up, the quar%%ayg plays the same role as the
Herfindhal indexH for Ellison and Glaesefl997. As already mentioned, the interpre-
tation is the same. The Herfindhal index corrects their mreasficoncentration for the
lumpiness of employment distribution across plants withmindustry. In our setting, the
quantity% also takes into account that an industry with a small numbetamts can
not exactly match the reference distribution under the myiothesis of random distribu-
tion.

1.3 Data

In this section, we present the data at hand to study theidocpatterns of service and
manufacturing industries. Results are presented in thetwexsections.

Raw data: location, industry and employment

Our approach relies on an estimate of the density distobutif bilateral distances
between pairs of plants in each industry. Distances betyésaris are computed as the
great circle distanc® We thus need to know the accurate spatial location of plaDts.
empirical analysis mainly uses two exhaustive plant-lelahsets available at the French
Institute for Statistical and Economic Studies (INSEE)tfa year 2005.

The first dataset, called the SIRENE repository, providesetipieces of information
for each plant: an identification number, its main industiradivity in the 4-digit French
industrial classification (NAF 700%, and third, its spatial location.

For plants located in a municipality with more than 10,00taibitants, the spatial loca-
tion consists in the geographical coordinates of the platihe Lambert 93yeo-referencing
system. Approximatively, 50% of the plants in our samplelacated in such a municipal-
ity. Geographical coordinates are thus available for tipémets. For the remaining plants,
the SIRENE dataset provides the complete address with mustbeet, municipality and
zipcode. We use a software allowing to recover the geogeapboordinates of a plant us-
ing its postal address. Finally, for the 10% remaining [gam¢ are not able to recover the
accurate geographical coordinates. These plants areynhadaited in rural municipalities.
We choose to consider that these plants are located at tlggagdnical coordinates of the
cityhall of their municipality. In French rural municiptés, economic activity is most of
the time organized around the cityhall. Moreover, the whaaletinental French territory
is covered by 36,247 municipalities, calledmmunes Thesecommunesre very small
spatial units, whose median surface area equal6.iokm?. We can thus consider that the
induced error in location is not a major source of bias in tgieical analysis.

The second dataset is built upon the Annual Social Data bs®™as files (DADS
files). These data are collected from all employers andesafftoyed in France for pension,

180f course, a more accurate measure of distance would hanealreal distance by road. However, such a
measure is unavailable. In the case of France, whose tgritonostly connected, the great circle distance is
a pretty good approximation for the real distance. Sembes and Lafourcad20095.

%We use the 2003 revision of this classification.
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benefits and tax purposes (8embes et al(forthcoming for further details). Neverthe-

less, for registration simplicity, multi-plant firms ardoabed to register all their employees
in the same plant. For these firms, the accurate locationeaf #mployment is unknown.

It is the reason why we use a modified version of this datasdleccthe CLAP dataset,

which is dedicated to the location of each employee to thetpla really works for. These

files provide us with the exact location of employment for ykar 2005.

We merge these two datasets by the plant identification nunvide only keep plants
with at least one paid employee in 2005. Finally, we keep rfaaturing industries (cor-
responding to the items B to F of the 1-digit French induktiassification (NAF36)) as
well as business-oriented service industries (correspgrad the items K, L and N of the
1-digit French industrial classification (NAF36)). We axd¢ from the dataset retail and
wholesale trade, real-estate services, as well as houssbolice®’. This allows us to
reduce the sample at hand, without losing relevant infaonatWe assume that the loca-
tion of those services is mainly determined by the locatiboomsumers, and thus not of
primary interest.

Industrial concentration for manufacturing and service industries

Finally, we get information for 518,036 plants, among whi@&v,652 belong to man-
ufacturing industries and 350,384 to service industrigsesE plants employed 3,160,055
workers for manufacturing industries and 4,230,229 warker service industries. Conse-
qguently, while our selection of service industries may appestrictive, service industries
under scrutiny represent a larger share of employment tharalb manufacturing indus-
tries.

We build our index such that it is not sensitive to industdahcentration. Such a
property is meaningful as service and manufacturing indasstirastically differ by their
industrial concentration. The main difference betweeriserand manufacturing indus-
tries is their number of plants. On average, manufactuniistries contain 540 plants
whereas this figure stands at 3650 for service industriedeela, the available industrial
classification is broader for service industries. There3dfemanufacturing and 96 service
industries.

The second main difference between service and manufagtumilustries is the mean
employment size of plants within industry. This mean sizbigger for manufacturing
plants which employ 19 workers on average against only 12dovices. However, what
really matters is not the average-employment per plantitaubhéterogeneity in plant sizes.
A relevant indicator of that heterogeneity is the percemtaigemployees hired by the 10%
largest plants. This figure stands at 55% for manufacturidgstries and 58% for service
industries?! This means that within service industries the plant sizgitligion is slightly
more heterogeneous than within manufacturing industries.

2These excluded items are more or less similar to the follgazinArts, Entertainment, and Recreation,
Accommodation and Food Services and Other Services in B2 2@ligit US NAICS classification.

2Lt we consider the 5% largest plants, the percent of empkogee 45% for service industries and 40% for
manufacturing industries. With the 20% largest plantsiegpectively 73% and 72%.
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1.4 Cross-industry results

In this section, we present results on the extent of loc@timeand dispersion across
service industries in France for the year 2005. We strescdhgparison between the
results for the manufacturing and service industries.

1.4.1 Result#1: Uneven patterns of location are more pervag for business
services than for manufacturing industries

We compute our test for divergence and index of divergencedoh industry in the 4-
digit French industrial classification (407 industrieg)tloe year 2005. Tablk.2reports the
results for both the weighted and unweighted approach. haef diverging industries

Table 1.2— Summary statistics

Unweighted Index Weighted Index
(6v) (6w)

Manuf.  Services| Manuf. Services
Share of significantly diverging industries...
...at the 5% level 68% 96% 58% 82%
...atthe 10% level 75% 97% 62% 82%
Employment-weighted share of significantly diverging stdes...
...atthe 5% level 89% 100% 76% 87%
...atthe 10% level 92% 100% 79% 87%
Moments of the index distribution
Mean ofd 0.083 0.103| 0.078 0.145
Median ofé 0.048 0.055| 0.043 0.086
Variance of§ 0.014 0.015 0.014 0.024
Min of § -0.104 -0.048| -0.099 -0.052
Max of § 0.578 0.876| 0.609 0.785

is larger among services than among manufacturing in@éssfar both the unweighted
and weighted tests (and at both the 5% and 10% levels). Wéthutlveighted test at the
5% level, 96% of service industries (92 industries) areiigantly diverging, while this
figure stands only at 68% for manufacturing industries (2tBistries). As first outlined by
Duranton and Overma2005, we notice that uneven patterns of location are less pgatal
for manufacturing industries than previously believetligon and Glaesed 997 Maurel
and Sédillot 1999 Devereux et a).2004. More importantly, a new fact comes up with
our data: uneven patterns of location are more pervasivdusiness services than for
manufacturing industries.

The number of manufacturing industries is much larger ingample than the num-
ber of service industries (311 against 96). We thus presetiiel second part of tabtk2
the employment-weighted share of service (respectivelyufaaturing) industries that di-
verge from randomness. Results are qualitatively the sdmaehare of workers employed
in diverging industries is larger for services than for nfasturing industries, in both the
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weighted and unweighted approach. However, the differenlass pronounced, suggest-
ing that non-diverging manufacturing industries are nagimeall in terms of employment.

Another result stands out from tahle2 The extent of divergence is also on average
larger for services than for manufacturing industries. aherage divergence across ser-
vice industries is almost twice larger than its value acroagufacturing industries for the
weighted index (0.145 against 0.078)This contrasts with what is found with an EG index
(see tabldl.1lin the introduction). The distance-based approach appearrs appealing to
study location patterns of business services than the Eetiisindex.

Which are the most diverging service and manufacturing indwstries?

Tablel.3lists service and manufacturing industries with the 10datgalue ob;;. The

10 most diverging service industries can be easily sortedtimo groups. The first group
consists in a set of industries for which technologicallspdrs or labor market pooling
can intuitively drive location choices. We find in this group-insurance industry (660F),
administration of financial markets (671A), market reskaaad public opinion polling
(741E), and data base activities (724Z). The second sedakiries consists in transport
activities which rely on large infrastructures as ports aigorts. In this case, natural
advantage (access to the sea) or indivisible facility sigadan be advocated to explain
their diverging location patterns.

Concerning manufacturing, 5 out of 10 of the most divergimgduistries correspond to
clothing industries, a result reminiscent of the findingsDayranton and Overmaf2005
for the UK 23 The best benchmark we get for France is the studiviayrel and Sédillot
(1999. Using their own index, they also point out that a majorifyttte most spatially
concentrated manufacturing industries in France areléenticlothing industries, as well
as media-related industrié The results with the weighted inde¥ ) are almost the same
(see tabldl.15in appendixL.8for a list of the 10 most diverging service and manufacturing
industries according téy,). The rank correlation between both indices stands at 0.72,
whereas the Pearson correlation equals 0.85.

Note finally that for both services and manufacturing indest the most diverging in-
dustries register a rather small number of plants in coraparwith the average number of
plants in each group (540 plants on average per industry &mufacturing industries and
3650 for services)Devereux et al(2004 andDuranton and Overmaf2005 put also for-
ward the the rather small number of plants in the most sphatiahcentrated manufacturing
industries in the UK.

22This conclusion remains valid when we remove the servicastrgi with the largest index, the reinsurance
industry, from our computation of the mean and the mediars fidsult is thus not driven by this outlier.

2|n their table 2, 6 out of the 10 most localized industriestaxdile industries.

ZMaurel and Sédillot1999 also outline that extractive industries are highly spigtieoncentrated. Lo-
cation choices in these industries are influenced by theaditity of raw materials, and thus less interesting
from an economic point of view. We disregard these industneour analysis because they are not classified
as manufacturing industries.



16 Chapter 1. Location patterns of services in France: A dise&xbased approach

Table 1.3— The 10 most diverging service and manufacturing industeording toy;

NAF700 | Industry | du | #ofplants
Service Industries
660F Reinsurance 0.876 38
6217 Scheduled air transport 0.434 320
671A Administration of financial market 0.374 38
741E Market research and public opinion pooling).331 1323
611B Coastal water transport 0.326 65
602C Cable cars and sport ski lifts 0.305 221
631A Cargo handling 0.281 130
611A Sea transport 0.256 173
632C Other supporting water transport activities 0.240 392
7247 Database Activities 0.239 654
Manufacturing Industries
351A Building of warships 0.578 24
172G Silk-type weaving 0.568 116
182E Manufacture of women'’s outerwear 0.559 2248
172C Woolen-type weaving 0.539 17
171E Preparation of worsted-type fibers 0.537 56
274A Precious metals production 0.518 32
1817 Manufacture of leather clothes 0.515 97
362A Striking of coins 0.505 24
153A Processing and preserving of potatoes | 0.487 106
221G Publishing of sound recording 0.481 868

1.4.2 Result#2: Services are localized at shorter distans¢han manufactur-
ing industries

Our second result concerns the spatial scope of localizaionanufacturing and ser-
vice industries. We disentangle localization from disfmrdor each industry, using the
distance-dependent test introduced in secligh2 As localization depends on a specific
threshold distance, we first propose a sorting of indusiniésur exclusive categories de-
pending on the threshold we consider. We then compare haiceeand manufacturing
industries are sorted into these categories. We put fortveatda larger share of service
industries are localized at short distances (below 4 knr) toemanufacturing industries.

1.4.2.1 Industry Sorting

We compute our distance-dependent test for the three fiolipthresholds:d = 4
km, d = 40 km andd = 180 km.2® The significantly diverging industriéscan then be

®Those values correspond respectively to the median radiemch municipalities fommunes em-
ployment areas ancégions The French continental territory is partitioned into 382#unicipalities, 341
employment areas and 24gions See chapteb for more details.

ZWe consider in the following a 5% level test for significantetjence.
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classified in one of these four exclusive categories:

e Case 1: f° already diverges from the reference distribution before 4 Home-
ters. Our interpretation is that industries localized at such alkscale are organized
around one or few highly localized clusters. We guess tregetindustries are the
one for which face-to-face interactions and informal cotgare the most valuable.

e Case 2: f° diverges from the reference distribution before 40 km, but rot be-
fore 4 km. Our interpretation is that these industries are spatiadiglized in a small
number of labor markets. Our prior is that these industries have some specific labor
requirements that force them to locate in specific localdabarkets. However, those
industries do not specifically require to be clustered attehalistances (contrary to
case-1 industries).

e Case 3:f° diverges from the reference distribution before 180 kiloméers, but
neither before 40km, nor before 4 km.Our prior is that input-output linkages are
the main drivers of the location choices for these industrie consider such large-
scale localization patterns becauderanton, Martin, Mayer, and Mayner{2008
note that vertically-linked industries co-localized atls@a distance. Moreoveayjau-
rel and Sédillo{1999 argue that, in France, some industries display spatiateron
tration at the regional level.

e Case 4: f°>s diverges from the reference distribution beyond 180 kilomeers.
This case corresponds to our definition of dispersion.

We emphasize here Marshallian externalities as the makerdrof localization. The
presence of local specific endowments or large indivisiblglifies can also be a strong
determinant of location. However, we remove from our sanaplg extractive industries
whose location choices are the most constrained by theabilii of raw materials. More-
over, we believe that underlining the differences in theiapscope of localization can give
some information on the specific mechanisms driving itstiooachoices. For instance,
enjoying technological spillovers is a sufficient, but netessary, condition for firms to
cluster in a small scale area.

It is worth noting that although this sorting does not dependhe (unweighted) index
of divergencejy;, industries with the larges; are mostly case-1 industries. As an illus-
tration, 70% of the case-1 industries belong to the uppertitpiaf the distribution ofy;;.
Conversely, 69% of industries in this upper quartile arechindustrie2® This suggests
that the most diverging industries are first of all industtiecalized at very short distances.

2In France, employment areas are defined so as to minimizeatass-boundary commuting. They more
or less enclose a self-contained local labor market. Thenrreedius of an employment area gives thus a good

benchmark for the size of a labor market.
BThese figures stand at 69% and 73% with one considers theteditgst for localization and the weighted

indexdw .
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1.4.2.2 Comparing localization and dispersion in manufaetring and service indus-
tries

Table 1.4 outlines the sorting of manufacturing and service indastin each of the
four previous mentioned cases. It clearly stands out thatcgeindustries mostly belong
to the first case. This means that a majority of service imthssare localized at very short
distances (before 4 km). On the contrary, the patterns alilzation in manufacturing in-
dustries are less distinctive. A large share of manufaggundustries register localization
at longer distances (between 40 and 180 km, or even beyond).

Not only do services diverge more often from randomnessthieytalso mostly diverge
at very short distances. The spatial scope of localizatosérvices is significantly smaller
than for manufacturing industries.

Table 1.4— Sorting of service and manufacturing industries

Unweighted Test| Weighted Test
Manuf. Service| Manuf. Service
Non-Diverging 32% 4% 42% 18%
Localized< 4km 16% 53% 18% 55%
Localized< 40km 9% 13% 6% 16%
Localized< 180km 18% 10% 13% 8%
Dispersed> 180km 26% 20% 22% 3%

An obvious explanation for this striking difference is tisatvice industries are mainly
located in the heart of a few French big cities. It echoesékalt byArzaghi and Hender-
son (2008 in the case of advertising activities in Manhattan, bueeid it to a bunch of
business-oriented service industries. Examples of sudistries are financial market ad-
ministration, reinsurance or market research and pubiliti@p pooling. These industries
are among the most diverging industries found in tdh8

Furthermore, if not localized at short distances, servickistries appear mainly dis-
persed. Once more thebannesof services, pointed out bjlolmes and Steven2004),
is at play. However, contrary to the previous case, planthése industries are not only
located in big cities, but also in small and medium citiesnary to manufacturing indus-
tries, the absence of these industries from most rural agalain why they nevertheless
remain significantly diverging. The main driver for thesevem industries is proximity
to consumers. Sewage and refuse disposal, banks, rentiagtahobiles, storage and
warehousing are examples of such services.

1.4.3 Comparisons with alternative measures of localizain

Before turning to a more detailed analysis of the pattern®aztion in services, we
compare our results with what is obtained with a DO approathbre hand and with an
EG approach on the other hand.
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A comparison with the DO index

In sectionl1.2.4 we argue that the two main differences of our setup with ti D
approach concern: 1/ the smoothing procedure in the estimat the density distribution
and 2/ the definition of the test for significance. We first testrobustness of our results to
the smoothing procedure, and then compare these resuftswvit is found with the DO
approach.

Tablel.5provides the same information as table2 and1.4when all the density dis-
tributions are estimated with a kernel smoothing proceduleSilverman(1986 instead
of a simple histogram estimator. The results are quamigtithe same and our two pre-
vious conclusions remain valid: 1/ service industries jeemore often from randomness
than manufacturing industries, 2/ in most cases, this gemre of services corresponds to
localization at very short distances (before 4 km).

Table 1.5— Summary statistics
Indices computed with a smoothing procedure
a la Silverman (1986)

Unweighted Weighted
Index @r) Index Ow)
Manuf. Services| Manuf. Services
Sorting of industries...
Diverging at the 5% leve 71% 93% 53% 83%
Non-Diverging 29 % 7%| 48% 19%
Localized< 4km 20% 43% 12% 59%
Localized< 40km 3% 9% 6% 9%
Localized< 180km 20% 9% 15% 5%
Dispersed> 180km 29% 31% 20% 7%
Moments of the index distribution
Mean of) 0.070 0.073| 0.092 0.144
Median of¢ 0.044 0.044| 0.056 0.074
Variance ofy 0.009 0.012| 0.016 0.024
Min of ¢ -0.046 -0.011| -0.167 -0.094
Max of § 0.578 0.899| 0.690 0.776

We then compare the results obtained with a smoothing puweeslith what is found
with a DO approach. From there, the remaining differencevbein both approaches stands
only in the way the test for significance is computed. Tdb&provides the share of glob-
ally localized industries (before 180 km) accordingDaranton and Overma(2009’s
definition and the share of localized industries before A80in our setting (sum of cases
1, 2 and 3 in tabld.5). It appears that the DO approach overestimates the extéotad-
ization in both cases by around 10%. We develop in appehdia longer comparison of
both approaches and conclude that the DO approach is upvesedh the reason why we
developped this alternative test. Note however that ourdosclusion remains valid when
using the DO approach.



20 Chapter 1. Location patterns of services in France: A dise&xbased approach

Table 1.6— A comparison with the DO approach
Localization beford 80 km

DO approach Our approach
Manuf. 53% 42%
Service 71% 61%

A comparison with the EG index

Let us compare our results (in the weighted approach) witatughfound with an EG
index. Tablel.7 in introduction provides moments for the distribution oétBG index
computed for both manufacturing and service industrieeeaetmployment-area level. We
already note that the extent of spatial concentration ismsuataller for services than manu-
facturing industries when considering an EG index. Tdb&shows that the reverse result
holds true with our methodology in the weighted approach. ths argue that the EG
index underestimate the extent of spatial concentratidiuginess services.

Surprisingly enough, the test for the significance of spatmmcentration originally
proposed byEllison and Glaese(1997 is rarely computed in the literature. Takle7?
provides the results from such a comparison. 76% of indasstare found spatially con-
centrated (at the 5% levéf)with an EG index computed at the employment-area level:
74% among manufacturing industries and 85% among servitesinies. These figures are
slightly larger than our results. As noted Byranton and Overmaf2005, the EG index
overestimates the number of industries which depart froamdam distribution. The gap
is more pronounced for manufacturing than for service itvtess Hence, we believe that
our distance-based approach which is not affected by the Riislbetter suited to extract
meaningful information about the extent and scope of laaéithn of service industries than
the EG index.

Table 1.7— A comparison with the EG index

Overall | Manuf. Services

% diverging industries 64 58 82

T % level . .
ests at 5% leve % concentrated industries (EG) 76 74 85
% diverging industries 67 62 82

0,
Tests at 10% leve 79 77 86

% concentrated industries (EG

~

Finally, the rank correlation between our weighted indgxand the EG index is 0.54,
whereas the rank correlation between the weighted DO infléocalization and the EG
index is only 0.26° Undoubtedly, our index is more correlated to the EG index tie
DO measure. A large part of this greater correlation is dubecanalogy we put forward
earlier.

2Results for significance are obtained from a test done at &8éh lusing the theoretical variance provided
by Ellison and Glaes€1997) (p 907).

%These figures stand respectively at 0.70 and 0.51 whenatestrio industries with strictly positive DO
index of localization.
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1.4.4 Robustness checks

To complete our cross-industry analysis, we test the rolegst of the two previous
conclusions to three arbitrary choices in our methodoldigg:choice of an industrial clas-
sification, of a set of active sites, and of threshold distanio the sorting of industries.

How does the industrial classification matter?

The 4-digit French industrial classification (NAF700) issedetailed for services than
for manufacturing industries, as proved by the mean numiyglaats in each group. Even
if our test for and index of divergence is comparable acnogdastries with different indus-
trial concentration, aggregation of different activitiwghin the same industry could still
affect the results beyond a systematic industry-size effadeed, it could be the case, for
instance, that someo-localizedindustries are gathered in the same item for services but
in separate items for manufacturing industries. Furtheemme@hen considered separately
these industries could display no distinctive patternscdlization, but appear as localized
when considered as only one industry.

To illustrate that point, we carry out the computation of owdex on a less detailed,
3-digit industrial classification (NAF220). That class#fion aggregates the 311 manufac-
turing industries into 105ectors Concerning services, we keep the 4-digit classification
(NAF700), with its 96 service industries. Our prior is thatk an aggregation of manufac-
turing industries makes manufacturisgctorsand servicesndustriesmore comparable.
Tablel.8 provides the results.

Table 1.8— Summary statistics: sectorsrsusindustries

Unweighted Index{y)
Manuf. (NAF220) Services
# sectors/industries 105 96
Sorting of sectors/industries...
Diverging at the 5% leve 88% 96%
Non-Diverging 12% 4%
Localized< 4km 21% 53%
Localized< 40km 10% 13%
Localized< 180km 30% 10%
Dispersed> 180km 27% 20%
Moments of the index distribution
Mean ofd 0.078 0.103
Median ofd 0.054 0.055
Variance of§ 0.007 0.015
Min of & -0.057 -0.048
Max of § 0.515 0.876

At the 5% level of significance, the share of diverging sexwieustries (96%) remains
larger than the corresponding figure for manufacturing $tides (88%). However, the
share of diverging manufacturing industries increasel séttoral aggregation, from 68%
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at the 4-digit level to 88% at the 3-digit level. Hence, pdrtt@ high share of diverging
services may be due to aggregation of different colocale&tities within the same 4-
digit item. However, this channel cannot explain the whaféetence between services
and manufacturing industries.

The second result is remarkably robust to the aggregatiomaoiufacturing industries.
Service industries remain more often localized at shotadies than manufacturing sec-
tors even if aggregation increases the share of manufagtaectors localized before 4 km
from 15% to 21%.

To conclude, both results 1 and 2 hold when we use classificaéms providing more
comparable details for service and manufacturing adawitiCo-localization of different
service activities within the same 4-digit NAF700 itemubh present, cannot explain the
whole difference between services and manufacturing tndssve put forward earlier.

How does the set of active sites matter?

The set of active sites is the whole set of plant locationsateder the industry this
plant belongs to. However, manufacturing and service plantld make very different
location choices, due to differences in the land intensittheir activities for instance. In
this section, we consider that plants in service indust@s only be allocated to active
sites where a service plant is actually settled, and reispictthat manufacturing plants
can only be allocated to active sites where a manufacturiagt s actually located. We
thus consider two different reference distributions. Téference distribution for service
industries consists in the density distribution of bilatedistances between all pairs of
service plantonly; and respectively for manufacturing. In other wordg, @@mpare the
location patterns for a given service (resp. manufactiiiimgustries to the overall location
patterns of service (resp. manufacturing) plantaithin-groupcomparison.

Table 1.9— Summary statistics: different sets of active sites

Unweighted
Index @y)
Manuf. Services
Sorting of industries...
Diverging at the 5% leve 77% 95%
Non-Diverging 23% 5%
Localized< 4km 30% 44%
Localized< 40km 11% 8%
Localized< 180km 15% 14%
Dispersed> 180km 21% 29%
Employment-weighted moments of the index distribution
Mean ofd 0.093 0.090
Median of¢ 0.048 0.047
Variance of§ 0.016 0.014
Min of § -0.121 -0.080
Max of § 0.610 0.865
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Tablel.9presents the same results as tatil@andl.4in this new set-up. Both results
1 and 2 hold, though in a lesser extent. Service industriesire more often diverging
(95%) than manufacturing industries (77%). Divergencetmaxcur at short distances
(before 4 km). The previous results do not completely relttenvery different location
choices of service and manufacturing industries. Even invihin-group perspective,
services present more uneven patterns of location than factoting industries. These
patterns of location are characterized by a stronger taydemward localization.

How do the threshold distances matter for the sorting of indwstries?

The sorting of industries we use in sectibd.2.1is pretty conservative. We define as
dispersed an industry whose distribution diverge signifiyafrom the reference distribu-
tion beyond 180 km. We test for the robustness of our resylidelareasing all threshold
distances by 25% (upper panel of tathléQ), or increasing these distances by 25% (lower
panel of tablel.10. None of our previous results are significantly affectedHiy change.
More than half of service industries are localized at veryrstlistances (between 3 and 5
km). The same figure stands only around 15% for manufactumidigstries. Manufactur-
ing industries appears mostly localized at very long distaor even dispersed.

Table 1.10— Sorting: sensitivity to the threshold distances

Unweighted Test Weighted Test

Manuf.  Service|| Manuf. Service

Non-Diverging 32% 4% 42% 18%
25% decrease in the threshold distances

Localized< 3km 17 % 53 % 18 % 58 %

Localized< 30km 6 % 11% 5% 12 %

Localized< 135km 16 % 7% 11% 6 %

Dispersed> 135km 29% 24 % 24 % 5%
25% increase in the threshold distances

Localized< 5km 16 % 53 % 15% 58 %

Localized< 50km 10% 14 % 8% 15%

Localized< 225km | 24 % 18 % 23 % 2%

Dispersed> 225km | 19 % 11 % 13 % 7%

1.5 Within-industry results

In this section we consider localization pattemishin industries. We focus on two
important questions. The first one, initiated Hplmes and Steven®002, concerns the
relationship between plant size and localization. The s#@cme, originated ilDumais
et al.(2002's work, is about the dynamics of localization.
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1.5.1 Result #3: Large plants in service industries are the ain drivers of
localization

A pervasive question in the literature concerns the loatibn patterns of the largest
plants in comparison with the localization patterns of thealest ones (see for instance
Holmes and Steven2002 Duranton and Overma008. There are several reasons why
the largest plants may be more localize@kubo, Picard, and Thiss008 embed a
Melitz-type model of monopolistic competition with hetgemeous firms in a new eco-
nomic geography framework. Given an exogenous distribudioplant productivity, they
show that, for some intermediate values of transport cakes,most productive plants,
and thus the largest ones, are concentrated in one regioortiagseffect. Holmes and
Steveng2002 argue that, in a dynamic setting, if plants benefit from aimyg lof localiza-
tion economies, they could be more productive, and henosy taster in areas where an
industry is concentrated than outside such areas.

We reconsider this question for both manufacturing andisefindustries. A first ap-
proach is to compare our weighted and unweighted indiceshbile 1.2 This comparison
suggests that the largest plants are more unevenly lodzdedhe other plants within most
service industries. The same is not observed for manufagtimdustries. Indeed, the
weighted index strongly depends on the location choiceh@fldrgest plants. It stands
out in tablel1.2 that the distribution of the weighted inde&y() for services is shifted to
the right in comparison with the distribution of the unwatigghindex §;,).3* Such a shift
in the distribution of§ is not observed for manufacturing industri8sThe mean and me-
dian values obyy are 1.5 times larger than the mean and median valués obncerning
services.

The previous comparison is a first proof that the largesttplanservices display un-
even patterns of location. However, the ultimate quessaio iunderstand whether or not
these plants are more localized than the overall plantamitiose industries? To further
investigate this question, we consider a slightly différpproach, inspired froduranton
and Overmar(2008. For each industry with more than 100 plants, we select 0% 1
largest plants. We first compute the distribution of bilatelistances between these largest
plants in each industry and assess its divergence agaiimaastry-specific reference dis-
tribution. In this case, the reference distribution is theeyiously-defined) observed dis-
tribution of bilateral distances between all pairs of ptaintthe industry under scrutiny. In
order to assess whether this divergence is significant grwmtandomly allocate these
largest plants across the whole set of active sites for tiaigstry. In other words, we con-
sider that, for each industry, the potential location chsiof the largest plants is the set
of sites where a plant from the industry is located whatetgesize. This is the simplest
way to handle anvithin-industrycomparison in the location choices of the largest plants.

31The shuffling of service industries within the distributisnquite limited. The rank correlation between
oy anddyw stands at 0.67 and the Pearson correlation at 0.84 for servic

%2The rank correlation betweeh andédy stands at 0.73 and the Pearson correlation at 0.88 for manufa
turing industries.
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As previously, we repeat this simulation step 1000 timesamdpute the 5% level test of
significance using the empirical distribution of diverges®btained through these simu-
lations. We are able to compute a test for divergence (on tiwenset of distances) and
distance-dependant tests for localization. Broadly sipgakve study whether the number
of large plants in the vicinity of a large plant is larger titae number of small plants: an
evidence of the localization of large plants.

Table 1.11 provides the share of service and manufacturing industoies/hich the
largest plants appear significantly diverging (upper pathe table), and detailed the spe-
cific threshold distancé at which localization occurs (lower part of the table). Alshy
feature is the high share (63%) of service industries whasgest plants are localized
at very short distances (before 4 km). On the contrary, withanufacturing industries,
largest plants are most of the time non-diverging.

Table 1.11- Location patterns of the largest plants

Manuf. Services

# industries 186 89

Sign. Diverging 43% 75%
Non-Diverging 57% 25%
Localized< 4km 25% 63%
Localized< 40km 4% 8%
Localized< 180km 3% 1%
Dispersed> 180km 11% 3%

Using a completely different approadiolmes and Stever{2002 find on US data for
service and manufacturing industries, that plants locetedeas where an industry is con-
centrated are on average larger than plants outside sua$ Hi@mes and Stevern(2002
emphasize their result for manufacturing industries. Herghe same holds true in their
study for services. For instance, in the 5% most specializegus regions, manufacturing
plants are 35% larger than their average size in the US. Asdhge time, plants in FIRE
(finance, insurance and real estate) and business ser@aespectively 29% and 20%
larger®* Our results give support tdolmes and Stever{2002's findings for services but
only partially confirm their findings for manufacturing irgtties. Moreover, we go one
step further by showing that the largest plants are not adgited in specialized areas, but
also surrounded by other large planfBuranton and Overma(2005 also note for UK
that the localization of the largest plants is not as wideagras suggested biolmes and
Steveng2002 for manufacturing industries.

At least two non-exclusive explanations can be given torttasked difference. Either
sorting/selection of the most productive plants is stromgeervices than in manufacturing
industries. Or, in a dynamic setup, if service plants enjogrger localization economies,
they can grow faster and larger. In their meta-analysis gfcageration economiedjelo,

*We keep here the thresholds from sectlof.2
See their table 7 page 689.
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Graham, and Nolanf2009 indeed suggest that agglomeration economies may be strong
for service industries.

1.5.2 Result #4: For most service industries, new plants rede localization
whereas exiters reinforce it

All the results presented so far are static, given for the §685. However, localization
patterns observed in a given year are the outcome of a corapégial industrial dynamics,
as initially highlighted byDumais et al(2002. Understanding how industrial dynamics
interacts with location choices is particularly relevamnh a policy perspective. For in-
stance, the success of cluster policies heavily dependsegpassibility for policy makers
to curb this dynamics. In this section, we detail the dynanuitlocalization patterns in
manufacturing and business service industries in Franeetbe period 1996-2005.

Plant turnover and the dynamics of localization

We study the impact of plant creations and destructions dusiny patterns of localiza-
tion. In a given year, we can split up the stock of plants ihi@é categories: new plants,
continuing plants, and future exiters. The stock of bilatelistances within an industry
can accordingly be divided into six categories: 1/ betweew plants only, 2/ between
continuing plants only, 3/ between exiters only, 4/ betweew and continuing plants, 5/
between new plants and exiters, and finally, 6/ betweenmang plants and exiters.

Within an industry, the flow of new plants modifies the dendistribution of bilateral
distances through its impact on categories 1, 4 and 5. Riésggcthe flow of exiters
impacts on categories 3, 5 and 6. The aim of this subsectitmdstect whether, within
each industry, the density distribution of bilateral digtas in each of this two sub-groups
significantly differ from the overall distribution of bilatal distances in the current year. In
other words, we test how new plants or exiters impact on tieeathdistribution of bilateral
distances within an indust?y.

More precisely, we consider the impact of new plants (plargated between 1996 and
2000), and exiters (plants disappearing between 2000 &%) 20 the density distribution
of bilateral distances in each industry for the year 200his section, due to data avail-
ability, all plants are located at the cityhall’s spatiabodinates of the municipality they
are located in. Recall that French municipalities are vemglsspatial units, and such an
error in location remains of second order concerns. To us@ravious approach, we first
compute the distribution of bilateral distances involvaitgeast one new plant (exiter) as
follows:

e

new — 1 - ..
G = (ne(ne —1)/2 + ne(n — ne)) ;j;lﬂdgd(l’])qd“)’ (-9

with n the total number of plants in the industry (new plants, cuaritig plants and exiters)
ranked so that the first. plants are new. As previously(i, j) stands for the distance

%Duranton and Overmaf2008 also study the one-year dynamics of plants and its impatmaatization.
They use a slightly different approach by considering s&eér category 1 and then categories 4 and 5.
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between the plantsandj. d lies between 0 and 1109. With this notation, we register
ne(ne — 1)/2 bilateral distances between new plants only (categoryrid,ma(n — n.)
bilateral distances between new and other plants (catsgdrand 5). We symmetrically
define a density distribution for exiters.

We then compute the divergence between this distributfdfi{) and the overall dis-
tribution of bilateral distances within the industry underutiny for the year 2000f§(’]’30 .
Note that the reference distribution in this setup is agadtustry-specific. Finally, we test
for the significance of this divergence by randomly reallimcaplants (whatever its type:
new, continuing or exiting) across all sites occupied byititistry in the year 2000. We
draw 1000 simulations for each industry.

To avoid noisy variations, we only consider industries witbre than 100 plants in
2000. We finally work with 182 manufacturing industries adds@rvice industries.

How does plant turnover impact on localization?
We sort new plants and exiters in the four cases describegttionl.4.2 Tablel.12
outlines the results for manufacturing and service indestrespectively.

Table 1.12— Turnover in manufacturing and service industries

New plants Exiters
Manuf. Service| Manuf. Service
Non Diverging| 46 % 14%| 54% 8%
Localized< 4km 2% 8% 3% 1%
Localized< 40km 7% 18 % 12 % 31 %
Localized< 180km 16 % 27 % 8 % 41 %
Dispersed> 180km 29 % 32%| 23% 18 %

First, new plants and exiters clearly more often impact @nldication patterns of ser-
vice industries than on the location patterns of manufamjundustries. The distribution
of bilateral distances involving any new or exiting plarg®ot significantly diverging from
the distribution of overall bilateral distances for abo0&& of manufacturing industries,
whereas this figure is only around 10% for service industries

Second, new plants and exiters are rarely localized at oyt slistances (before 4
km). It suggests that entries and exits take place outsigirex clusters. Otherwise,
entrants and exiters would be colocalized with continuitents of those clusters which
would increase the divergence of their distribution at stimtances. Nevertheless, this re-
sult is not sufficient to conclude that entrants decreasdif@tion whereas exiters increase
it. We need to take into account the distance at which theevindlustry appears localized.

We thus want to disentangle industries with a tendency talilcation from industries
with a tendency to dispersion. For each industry, we are @btketermine whether new
plants and exiters reinforce the industry localizationispdrsion by comparing the sorting
of new plants and exiters (tablel1? to the sorting of overall plants determined in the
previous sections (tablke4). For instance, for a given industry, if new plants are lzeal
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at a distance shorter or equal to the one determined for lbydaats, we can assert that
new plants increase localizatiéh. Table 1.13 outlines the results for manufacturing and

service industries.

Table 1.13- Increasing localization or increasing dispersion?

Service Manuf.
Entrants Entrants
c - S
5 2 i) =
= @© n @©
S 5 Xl 5 X
5 £ 58 & 8
5 [ o o o °
N2 NN BN
g dispersion| 3% 4% 15%| 4% 6% 10%
= noeffect| 1% 6% 1% | 9% 37% 9%
W ~localization | 59% 4% 6% | 19% 5% 1%

Clear dynamic location patterns can be read on the diagoh#ddble1.13 Regarding
manufacturing industries, in a large number of cag&%4), both new plants and exiters
have no significant impact on the dynamic patterns of lopatithis figure stands only at
6% for services. But, withis9% of service industries (againg1% only for manufacturing
industries) new plants tend to reduce localization wheesésrs reinforce it. However as
new plants are more numerous than exiters for most indestrige conclude that for those
industries plants are more and more scattered.

Dumais et al(2002 put forward using plant-level data for the US that spattaiaen-
tration is rather stable across time though a high degregaied mobility of each industry.
They further show that new plants tend to decrease localizals they mostly locate out-
side existing clusters. On the contrary, the probabilityadlfire is higher outside clusters,
and thus exiters tend to reinforce localizatfSn.Our results comfort their findings but,
once again, this tendency is far much stronger for servidediies than for manufacturing

industries.

1.6 Conclusion

This paper studies the location patterns of businesstedeservices and manufactur-
ing industries in France considering space as continuous.

The first contribution of the paper is to develop a new testdcalization fully compa-
rable across industries with different numbers of plantsenployment distribution across

3%As previously, we look to the three following distaneesto and180 km.
%"For 3/4 of industries under scrutiny the number of entrants excteelsumber of exiters and for half of

them the number of entrants is more th@® greater than the number of exiters.
%8Using the same methodologBarrios, Bertinelli, Strobl, and Teixeirt2005 find the same results for

Ireland and Portugal.
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plants. It is useful when comparing service and manufaoguindustries. We first prove
that the approach suggested Dyranton and Overma(2005 suffer from a systematic
upward-bias and that this bias increases with the numbetaotgin the industry. Our
methodology is free from such a bias. The intuition of the ied0 assess whether the
divergence between the observed density distribution lafdsal distances between pairs
of plants within an industry and a well-defined referencéritistion is significantly larger
than what would prevail under a purely random allocationr @pace of plants in that in-
dustry. Building on this measure of divergence, and foltayinsights fromEllison and
Glaesef1997), we also suggest an index of divergence with two desirafolpgsties: being
insensitive to the MAUP and independent of the industrialcemtration.

The second contribution of this paper is to highlight sonstilttive locational features
of services in comparison with manufacturing industriese $klow that a distance-based
approach is better suited than the traditional EG employthased index of spatial con-
centration to extract meaningful conclusions concernirglbcation patterns of services.
We highlight four main results: 1/ service industries djemore often from randomness
than manufacturing industries, 2/ a majority of divergimgvice industries are localized
at very short distances (before 4 km) whereas manufactumohgstries appear in majority
localized at larger distances or even dispersed , 3/ thesagants in service industries
are even localized (at short distances) in comparison \wihoterall location patterns of
plants in their own industry, 4/ within most service indiestr new plants reduce local-
ization whereas exiters reinforce it, which is observedoidy one fifth of manufacturing
industries.

We finally check the robustness of our two first results agdimge modifications.
First, we re-aggregate manufacturing industries in broadanufacturing sectors more
comparable in terms of plant numbers with service industri8econd, we consider al-
ternative random benchmarks in order to evaluate locaizatFinally, we modify the
thresholds distances used to establish our results. Quitgesmain valid to these modifi-
cations.
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1.7 Appendix to chapter 1. On the consistency of the test for
divergence

In this section, we give a brief overview of the test for lazafion developed b{pu-
ranton and Overmaf2005 and we empirically prove that this test is systematicalbsbd
in small sample. Furthermore, we show that the size of theibieases with the number
of plants in the industry. On the contrary, we show that ost fier divergence developed
is not biased.

A quick overview of the DO approach

The underlying idea of the test for localization suggestgdbranton and Overman
(2005 is to compare the density distribution of bilateral distes between plants within
an industry to the density distribution of bilateral distaa within a hypothetical industry
with the same number of plants randomly allocated acrosctile sites.

Their methodology can be reviewed in three major steps. mtezasted reader will
find more exhaustive details in the original papeiayranton and Overmaf2005.

1. They build the observed distribution of bilateral distes between all plants in a
given industry. This density distribution is estimated yaussian kernel-smoothing
estimator with a rule-of-thumb bandwidéhla Silverman(1986.

2. They build counterfactuals to which the observed derdigiribution is compared.
These counterfactuals are drawn from simulations. Theselations consist in ran-
domly reallocating plants of the considered sector acrbbggtive sites. The set of
active sites are locations where a manufacturing plantrieotly located, whatever
its sector. For each simulation, they are able to computelénsity distribution of
bilateral distances. They draw 1000 simulations.

3. Then, from this set of density distributions, they builtbeal and a global confi-
dence interval. Note thdduranton and Overmaf2005 do not consider the entire
range of bilateral distancef)(— 1109] km in our case) but only the range of dis-
tances until the median((— 392] km). Local confidence intervals are then build by
dropping from the sample of simulated densities the fivegurof the lowest and
greatest observatiorat each distanceTaken together, a large fraction (well above
5% percent) of the simulated densities are then dropped fhensample over the
range[0 — 392] km. These local confidence intervals are then too resteicnd do
not allow making any statements about the global locatidtepss of a sector. It is
the reason why they define a global confidence interval. Tl Ibiis interval, they
search for the local confidence threshold, common to eaténdis, so that only 5%
of all randomly generated densities are dropped from theksath

%The precise construction of global confidence intervalsireg a complicated step-by-step procedure
presented in details iDuranton and Overmaf2005 andKlier and McMillen (2008.
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Finally, an industry is said to be globally localized (at a 8®&#nfidence level) if the
observed density distribution of bilateral distances thits upper band of the global con-
fidence interval for at least one distance over the rdfige 392] km. On the contrary, a
sector is said to exhibit global dispersion (at a 5% confiddagel) if the observed density
of bilateral distances never hits the upper band and hitéotker band of the confidence
interval for at least one distance over the rafige 392] km.

The local test for significance is not questioned here. Wg oohsider the global
confidence interval. Obviously, their method would define dorrect envelope if they
were able to compute the whole set of possible simulatioeseMheless, we argue that it
suffers from an upward-bias in small samples. This smaliga upward bias is then of
primary interest because computing the whole set of sinaugis not tractable, the reason
why Duranton and Overmaf2005 compute only 1000 simulations.

Recall that if V is the number of active sites aid the number of plants in the industry
¢ under scrutiny, thenﬂﬁi is the total number of feasible simulations in the poputatio
Thus, 1000 simulations represent only a very small sampta the population. Moreover,
the larger the industry, the smaller the sample. Indé}%f, is firstly upward-sloping and
hits its maximum forV; = % well above the number of plants in any industry.

We note two other drawbacks in the constructiorf(qfd), the envelope of the global
confidence interval. Firsf:((d) does not belong to the space of density distributions. Thus,
it leads to compare two different kinds of mathematical otgie Second, whereas 5% of
the random simulations lie strictly abO\fé(d), there may not be 95% of them strictly
below. Indeedf((d) is an envelope of simulations, and then some simulationpateof
this envelope. In other words, whereas usual confidencedsdugave a zero measure, this
is not the case here.

In what follows, we prove that the method proposedaanton and Overmaf2005
really leads to an upward-biased test for global localirain small samples and, more
importantly, that this bias increases with the number ofslan the industry. The main
goal of this paper is to propose an alternative unbiasedfdedbcalization (see section
1.2.2.

Empirical evidence of an upward-bias in the DO test for glob&localization

If the test proposed bipuranton and Overmaf2005 were unbiased, any randomly
distributed industry should lie above if§(d) with a 5% chance. It is worth noting that
I:((d) depends only on the number of plants in the industry (3&yin the unweighted DO
approach.

We put forward the existence of a bias in the unweighted DOusiag the following
procedure. We compute confidence intervals correspondirT randomly-distributed
industries with numbers of plants, from 11 to 28,909 pldftsor each number of plants,
we computef((d) using the DO method, except that we draw only 500 simulafjimssead
of 1000)4*

4°These numbers of plants correspond to those of the Frenaktiies considered in the main text.
“IThis limitation is imposed by computer capacities.
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Then, for each of the 407 confidence intervals,

1. we create a fictive industry with the corresponding nundigulants by randomly
allocating them across active sites.

2. we then test whether this randomly-distributed industigcalized or not using the
corresponding confidence interval.

We repeat these two steps 500 times and count the numberdafrmayrdistributed indus-
tries that appear as localized. If the DO test were unbidgkednumber should, on average,
be equal to 25 (5% of 500) for each number of plants underisgru¥ioreover, it should
be independant of the number of plants.

Figure 1.2— Bias of the DO test for global localization
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Figurel.2 (left-hand graph) shows that none of this two assertiongpparted by our
test. The average number of localized industries is 38d#@usbf 25). The linear regression
of the number of localized industries on the log of the nunaf@tants in the industry gives
a coefficient equal to 1.8. This coefficient is significantret 1% level and the R-squared
of the regression equals to 8.4%. Consequently, we provehbd O global localization
test is upward-biased in small samples and that the biassisiyady correlated with the
number of plants in the industry.

One could argue that our results are due to the small numisenafations (500 instead
of 1000) used to build the global confidence interval. Fordimallest industries, we are
able to compute 1000 simulations, and 1000 randomly-akaocandustries to test for the
bias. Figurel.2 (right-hand graph) shows the number of randomly-distatuindustries
found to be localized as a function of the number of plantbéindustry for this subset of
small industries (80 industries).

If the DO test were unbiased, the average number of localimhastries should be 50
(5% of 1000), whatever the number of plants in the industrye fiid that the average
value is 63, and that this value is again increasing with timalver of plants in the industry
(slope of 4.7, significant at 1% level). We find on this subdetamdomly-distributed
industries that moving from 500 to 1000 simulations sligiidduces the bias in the DO
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Figure 1.3— Results for our test of divergence
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test, but does not eliminate it. This confirms that the DOigeasymptotically consistent,
but systematically upward-biased in small samples.

On the consistency of our test for divergence
We show in this section that our test for divergence is urdnia8Ve repeat the previous
test.

Figure1.3 shows the number of randomly-distributed industries fotmble diverging
with our test as a function of the number of plants for the 4@&¥ipus defined industries.
We compute the test using only 500 simulations. The meare\sthnds at 26 (instead of
25 (5% of 500¥*2 and the slope of the regression is 0.14 (non significant atisngl level).
This confirms that our test is neither biased, nor dependetheacnumber of plants in the
industry.

Does the bias matter?

The bias we put forward previously may appear relativelylsnide size of the bias
with 1000 simulations is, on average, 1 point but it is aln®ygbints for industries with the
largest number of plants. However, we cannot know in adv&oge many industries are
going to be affected. Even if the bias is low, it may mattersaftot of industries. Actually,
the bias affects the results of all industries whose obsetfeasity distribution lies slightly
above the upper bound of the confidence interval.

To give a concrete example, we compute on our data both theeBahd our test
for localization. Both tests are computed at the mediarades across all active sites in
our sample392km. Moreover we use in both cases the DO smoothing procedutteei
estimation of density distributions, so that only the testaffect the results.

Unsurprisingly, the DO test overestimates the number afistries considered as lo-
calized. On the whole sample, the DO test concludes that G3f@ostries are localized
whereas our test concludes to only 55%. The gap betweenghksef the two tests dra-
matically increases with the number of plants in the indugtor industries with more than

“2The discrepancy between the theoretical value (25) staitigwhe confidence interval of the estimated
value.
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Table 1.14— Comparing both tests for localization ¢22 km)
Industries sorted by number of plants

All industries | 10-100 plants  100-500 plants> 500 plants
Number of industries 407 132 131 144
Localized with the DO test 63% 36% 63% 87%
Localized with our test 55% 34% 56 % 72%

Notes: Our test is the 5%-level distance-dependent tesdated in sectiod.2.2where the distance
equals ta392 km. This distance corresponds to the median distance aaliasstive sites in
our sample.

500 plants, the DO test concludes that 87% of indutries aralilied whereas this figure
stands at only 72% with our unbiased test. This issue may tieyarly accurate when
broad industrial classification are used. In that case, mdastries will contain more than
500 plants. Finally, the fact that the share of localizedigtdes increases with the number
of plants with our test is an economic effect, and not any nagtatistical problem.
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1.8 Complementary tables

Table 1.15- The 10 most diverging service and manufacturing industa@eording tdy,

NAF700 | Industry | ow | #ofplants
Service Industries
660F Reinsurance 0.785 38
6217 Scheduled air transport 0.538 320
671C Security broking and fund management 0.452 1625
741E Market research and public opinion pooling 0.450 1323
671A Administration of financial markets 0.449 38
602C Cable cars and sport ski lifts 0.381 221
660A Life insurance 0.381 592
744B Planning, creation and placement of advertising actiwiti€.379 7379
7217 Hardware consultancy 0.374 7488
72472 Database Activities 0.361 654
Manufacturing Industries
172G Silk-type weaving 0.609 116
362A Striking of coins 0.544 24
221A Publishing of books 0.542 1360
221G Publishing of sound recordings 0.531 868
171E Preparation of worsted-type fibers 0.527 56
1817 Manufacture of leather clothes 0.518 97
221E Publishing of journals and periodicals 0.512 2182
351A Building of warships 0.505 24
172C Woolen-type weaving 0.500 17
286A Manufacture of cutlery 0.480 153







CHAPTER2

Agglomeration economies and firm
productivity: Estimation from
French individual datal

2.1 Introduction

The uneven distribution of economic activity across spacel, especially the spatial
concentration of some specific industries, is an old and-eathblished empirical fact,
observed across various countfesSome activities can be constrained in their location
choices by the presence of natural or man-made endowmeard&lson and Glaeser
1999. However, it cannot be the sole explanation. The persisterfi densely populated
clusters of activity requires that firms benefit from it. IsHad economists to acknowledge
the existence ofgglomeration economigsvhich exist as soon as an individual’s produc-
tivity rises when he or she is close to other individuals.

Agglomeration economies may pere externalitiesas in the case where productivity
rises from being able to learn from or imitate a neighbor. SEhegglomeration economies
can also work entirely within the market. If a supplier anduatomer get closer, they may
become more productive only by eliminating some kind of $eantion costs, but there is
no obvious externality. Sinddarshall(1890’s work, agglomeration economies are under-
stood as a way to reduce any moving costs for goods, workédeas (se&laeser2008.
However, agglomeration can also induce diseconomies,abaher costs for immobile
inputs, congestion or fiercer competition on input and outparkets (seMelitz and Ot-
taviang 2008 for instance). At the end, the net impact of agglomeratiorpmductivity
remains an empirical question. In this paper, we invesidiw agglomeration affects
average firm productivity by exploiting very detailed inidival level datafiles for France.

Agglomeration economies can affect productivity in a myrid ways that are difficult
to disentangle (seBuranton and Pug&004 for an exhaustive overview)In front of such

This paper is a joint work with Yoann Barbesol (INSEE-DEE#)blished agarbesol and Briar(2009.

2See chaptet for France Duranton and Overmaf2005 for the United Kingdom oEllison and Glaeser
(1997 for the US.

Duranton and Pugé004 provide an overview of the mechanisms through which prityimiffects pro-
ductivity under the headingsharing matchingandlearning Sharing inputs, be it raw materials or labor,
sharing new ideas, or sharing risks is the first way to expllanincentive for firms to cluster. Secondly,
matching job vacancies and job seekers is easier on thick talarket. The reduction in the cost of hiring
workers and the availability of a wider range of specialis&ils on the local labor market are indeed other
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complications, economists have paid more attention todtimation of total net effects of
agglomeration on productivity and have distinguished ketwurbanization economies
and localization econmies In the first case, firms benefit from the overall size of their
market, regardless of the identity of their neighbors. lngkcond case, firms benefit from
the closeness of neighbors operating in the same industrgoWse, these two categories
are not mutually exclusive.

In this paper, we estimate the magnitude of urbanizationlacalization economies
on individual firm productivity, using a large panel datasetrench firms in the manufac-
turing and service industries for the years 1994 to 2004ndfréndividual data on firms
are very rich and well-suited to study that question. Ouaskit is build upon adminis-
trative data files on firm tax declarations, providing us vattch array of individual firm
characteristics. Our estimation strategy relies on a ti@p-approach. In the first one, we
estimate individual firm productivity while controlling féhe quality of its labor force and
some sector-specific unobservables.

We then explain spatial disparities in average firm proditgtby proxies for urban-
ization and localization economies. Once controlled fouadh of location-specific char-
acteristics, the major part of those disparities is exgldiby differences in the density of
total employment, which captures urbanization economiag. find an elasticity of av-
erage firm productivity to employment density about 0.02 uin preferred specification.
This result proves to be robust to the individual produttivastimation technique, to the
level of sectoral aggregation and to the geographical scBllee economic effect is siz-
able when compared with the annual average productivitywirof French manufacturing
firms in the period under scrutiny. This elasticity is alsdiire with values found in the
international literature on the subject.

We also find evidence for localization economies, as we obstrat the more con-
centrated in a given area an economic activity, the higheratrerage firm productivity
engaged in that kind of business. Finally, we show that tlesists a quite strong het-
erogeneity across industries in the elasticity of proditgtiwith respect to employment
density and specialization.

The paper is built as follows. The next section surveys tletead literature. The third
section introduces our estimation strategy. Then, we pteae proxies for agglomeration
economies and their motives. The last two sections give #isellme results and provide
various robustness checks. The ultimate section concludes

arguments in favor of the agglomeration of firms. Finallghteological spillovers, be it the share of ideas or
good practices, which require proximity and face-to-facetacts, are also believed to come into play when
firms cluster together geographically.



2.2. Related Literature 39

2.2 Related Literature

In this section, we review the results on the magnitude adnidation and localization
economies on individual firm productivity.

Henderson(2003 is the first to introduce in a plant-level production fuoctisome
proxies for agglomeration economies. His dataset consistssnon-exhaustive panel of
plants in the US, observed every five years in the machinedyhégh-tech sectors. For
each plant, the author constructs two proxies for agglotisera&conomies. The number
of plants in the same sector and the same Metropolitan &tatig\rea (MSA) is assumed
to capture localization economies, whereas the overalbaurof plants in the same MSA,
outside its own sector, is assumed to proxy for the diversitpcal economic activity (or
urbanization economies). As his dataset contains piecasarmation on value-added,
capital and employment for each plant, he is able to run damasgon of the production
function at the plant level and to directly introduce thegexjes into the estimation. He
further introduces individual fixed effects in order to aaptany unobserved firm charac-
teristics. These fixed effects then prevents the estimétion being biased due to missing
variables. He finds evidence for localization economiefiasitmber of other own indus-
try plants impacts positively on firm productivity in higheth sectors but not in machinery
ones. He also finds that single-plant firms benefit from anéigea more external benefits
than multi-plant firms.

Cingano and SchivardR004) use a two-step approach on Italian data. They first esti-
mate a firm-level production function and calculate indidtfirm total factor productiv-
ity (hereafter TFP). Then, they compute a local sectoratipectivity as the employment-
weighted average of individual firm TFPs. They find that spiezation enhances local
sectoral productivity growth whereas diversity does not.

In a parallel line of researchyallace and Wall§2004) consider the role of agglomera-
tion economies in the production decisions of firms in thétiech computer clusters in the
US. Their main objective is to disentangle the effects ofmdl agglomeration economies
from scale economies internal to multi-unit firms. Follogidendersor(2003, they first
introduce in a firm-level production function some firm-sfieqroxies for internal and
external network relationships, expected to capture ipaiidn externalitiesWallace and
Walls (2004 further allow the coefficients of the production functighg elasticities of
output to labor and capital) to vary with the economic envinent of the firm. They con-
clude that these localization proxies significantly impaistthe choice of technology by
the firm.

Moretti (2009 studies how firms benefit from the existence of a large stédluman
capital in their vicinity. He incorporates in a plant-leyadoduction function the share
of college graduate in the city where the plant is located. fiHgs that the output of
plants located in cities experiencing a larger increaskarshare of collage graduates rises

“In the introduction of this dissertation, we have brieflygmeted two alternative approaches to quantify
the magnitude of urbanization and localization economiies:local employment growth regression and the
estimation of wage (or land rent) equations.
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more than the output of plants in cities experiencing a smaticrease in their stock of
human capital. He further shows that the output of plantsdsemesponsive to an increase
of human capital stock in economic-related activities, enéd by input-output flows,
technological specialization or the frequency of patetaticns.

In a recent studyCombes et al(fforthcoming investigate the magnitude of the simul-
taneity bias in the estimation of urbanization economied they label the ’endogenous
quantity of labor® If a place makes firms more productive, it will induce someansvmi-
gration, leading to more agglomeration. In this case, thisality runs from productivity
to agglomeration. Endogeneity due to reverse causalitymaritaneity has to be controlled
for. Following a two-step approach, they compute a localsueaof productivity, using
the same individual firm dataset as ours, that they regrekscahemployment density. In
order to correct for the simultaneity bias, they use somiiiisl and geological instru-
ments for employment density. They conclude to the exigtei@ small bias, supporting
the idea that the causality indeed runs from agglomeratioproductivity. The elastic-
ity of productivity to employment density ranges fra25 to 0.05 depending on their
specification. The next section details the two-step ambrese also use in this study.

2.3 Estimation strategy and econometric issues

In a first step, an individual firm productivity is estimatéithen, a location- and sector-
specific average firm productivity, named cluster proditgtivs computed. Disparities in
cluster productivities are explained by proxies for aggioation economies in a second
step.

2.3.1 First step: estimating individual firm productivity

In the first step, productivity is computed for each firm, whibntrolling for the qual-
ity of its labor force and sector-specific (unobserved) meigants of productivity. Firm

®In their study of worker wages, they also deal with anothere® of bias: the "endogenous quality of
labor'. It is due to the spatial sorting of workers accordingsome unobservable determinants of individual
productivity. In this case, some spatial disparities indoicivities occur but without the existence of any
externalities. To correct for this bias, they use individiseed effects and identify their model on inward and
outward migrations. Such a strategy is much more difficultiplement in the case of firms whose location
changes are less frequent and more difficult to track.

®In the literature, an alternative one-step strategy is siomes used, where proxies for agglomeration
economies are introduced in a firm- or plant-level produrcfienction, along with individual fixed effects.
Hendersorf2003 uses such a one-step strategy. In his setup, identificagii@s on time variation in individual
and cluster variables. It thus requires a long time spellbsfeovations. Such a one-step estimation strategy
is difficult to implement with our dataset for two reasonstsEiour time spell is rather short: 10 years from
1994 to 2004. During this period, variations in agglomematiariables, especially urbanization variables are
small. Second, the estimation of industry-specific elé@sifor inputs and, at the same time, the introduction
of individual fixed effects in the regression proves to bdidift to implement. So, we settle for a two-step
strategy to estimate the magnitude of agglomeration ec@msMartin, Mayer, and Mayneri€008 provide
results on French data using the one-step strategy.
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total factor productivity is predicted as the residual of@@-Douglas production function
estimation?

3
log(V Ait) = cst + Omuiti + aslog(Lit) + Bslog(Kit) + > qrshigr + wir,  (2.1)
q=2

where
e j indices the firmg the sector of main activity of the firm artdhe time.

e L; isameasure of employment. In our data, employment is medsigrthe number
of working hours.

e sh;q is the share of hours worked by employees of skill grgup/orkers are divided
up into groups according to their qualifications. This aimhs@ntrolling for the
quality of the labor force. Using the French occupation sifaation, we set up
three categories of skills: (Q3) for highly skilled workejengineers, technicians
and managers), (Q2) for skilled workers (skilled blue andtevtollars), finally (Q1)
for unskilled workers, interns and part-time workers.

e K is a measure of the capital stock. In our dataset, this measmsists in the book
value of tangible and intangible non-financial assets.

e 0.4 1S @adummy equal to 1 if the firm controls more than one plant.

e ¢y Is asector- and time-specific fixed effect. It captures antyogseand time-specific
determinants of productivity such as: 1/ a sector-specifimegndex for the value-
added® 2/ a sector-specific age and depreciation rate of the cagiitak? 3/ any
sector-specific macroeconomic shocks likely to affecteraldded and input choices.

Labor and capital elasticities are supposed to be sectmifagp Hence, we make the
assumption that the technology of production is the samalfdirms in the same sector.
We do not constrain the production function to have constenirns to scale. In other
words, any increasing returns to scale internal to the firencantrolled for, and do not
corrupt our measure of productivity.

A sector is defined as an item of the 3-digit French industiadsification (NAF220).
More details about the data are provided in appendix A. Binabte that, at this point,

"See for instancAubert and Crépoii2003 or Crépon, Deniau, and Pérez-Duaf2902) for other exam-
ples on French data.

8Indeed, in the production function, the dependent vari@blae real value-added of the firm, which is
equal to the observed nominal value-added deflated by argéu® specific price index. This latter term is
captured by our fixed effect.

°0ur book value measure of capital is imperfect. However, serappropriate measure of capital should
take into account the age and depreciation rate of capaek stpecific to each firm. This information is not
available in our dataset. Nevertheless, we assume that thesacteristics are sector-specific and taken into
account through these sector-time fixed effects.
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both single plant and multi-plant firms are present in ourgamHowever, productivity is
specific to each firm, and not to each plant.

Shocks of productivity and the choice of inputs: the bias ofisnultaneity

We first estimate specificatidh1 by ordinary least squares (OLS). It is however well-
known that production function estimation is plagued by enhar of econometric prob-
lems. Simultaneity between shocks of productivity and theiee of inputs is certainly
the most important problem, as emphasizeddifiches and Mairess€l995 and, more
recently,Ackerberg, Benkard, Berry, and PaKg907.1° Observed inputs (labor and capi-
tal) may be correlated with unobserved inputs (managebiéitya quality of land, capacity
utilization, etc.) or anticipated productivity shocks. iFiproblem, known at least since
Marschak and Andrewd 944, could bias simple OLS estimates.

The 10 literature suggests various solutions to cope widh pinoblem. In this paper,
we rely on the methodologies developed Giley and Pake$1996 (hereafter OP) and
Levinsohn and Petrii2003 (hereafter LP}! Olley and Pake$1996 suggest a consis-
tent semi-parametric estimator for input elasticities.isTéstimator solves the simultane-
ity problem by using firm investment decision to proxy unaled productivity shocks.
Broadly speaking, the estimator requires that, for a gieeellof capital stock, the current
level of investment is an increasing function of the unobseérproductivity component,
so that a higher value of current productivity shocks leadsdfito invest more, but that
this investment does not affect current stock of capital. @andrawback of this method
is that it can only be computed on firms whose investment istigtipositive every year,
which drastically reduces the number of observations. dieioto mitigate this limitation,
Levinsohn and Petrif2003 suggest using a specific raw material (e.g. electricihgtéad
of investment, as a strictly increasing function of prodlitst shocks.

2.3.2 Computing average productivityper cluster

The first step provides three measures of productivity (QRB, LP). We draw from
each measure an average productipiéy cluster, i.e. for each area)tsector §)-time (t)

%These authors put forward three other sources of errorsiestimation of productivity. Indogenous
selection:exits of firms from the market are not exogenoAskerberg et al(2007) note that smaller firms or
firms with higher labor/capital ratio are more likely to eafter a negative shock of productivitplley and
Pakeq1996 also correct for this source of bias. Measurement errors in output and inputie value-added
contains not only information on the amount of productiohdigso on the competitive structure of the market
in which it operates (seEoster, Haltiwanger, and Syversd?008. Datasets often lack information on the
quality of inputs (be it labor or capital). Capital is mostloé time measured at the book value, which is in fact
the way it is recorded in our dataset. So, we can control foorguality through the share of hours worked
by each skill group but the quality of capital is not contedllfor. However, we assume that sector-specific
part of the age or depreciation rate of the capital stockkisrtanto account through sector-time fixed effects,
which should somewhat reduce capital measurement errérSpeification problemswe assume that the
production function is a Cobb-Douglas function in which treue-added is the dependent variable. This
specification relies on a strong assumption of separaltiétyveen the labor and capital inputs from the raw
(or intermediate) inputs (sd&uss and McFadded978.

HseeAckerberg et al(2007) for details about alternative solutions.



2.3. Estimation strategy and econometric issues 43

cell. In the empirical part, the basic areal units are then€neemployment areagdgnes
d’emplo)). Continental France is covered by 341 employment areassevhoundaries are
defined on the basis of daily worker commuting patterns. @goapeaking, they corre-
spond to local labor markets.
The average firm productivity per cluster is computed as:
TFPy=— % i

N.
zst 1€(z,8,t)

with N, the number of firms per cluster aig the residual from the first-step regression.

In order to compute the average TFP, we have to know the exeatibn and produc-
tivity of each plant. However, in the case of multi-plant fimve only know productivity
at the firm level. Hence, we first compute cluster productiiy restricting our sample
to single-plant firms. We check in secti@ the robustness of our results to alternative
solutions.

The three econometric methods - OLS, OP and LP - do not acéoupbtential cor-
relation between individual inputs and the spatial deteamis of productivity. We thus
develop a fourth and last measure of cluster productivityintgoducing cluster-specific
fixed effects §,,,) in the first step. In presence of such a high number of dumr@iBsand
LP methodologies are difficult to implement, we thus estarthe following specification
by OLS:

3
log(V Ait) = cst + Omuiri + cslog(Lig) + Bslog(Kyt) + Z Ogtshigt + gt + uit. (2.2)
q=2
For the same reasons as previously, fixed effdcts, can only be defined for single-plant
firms, the reason why we estimate specificao®on this restricted sample.

Table 2.1— Correlation between cluster productivities

OLS-TFR,, OP-TFR,, LP-TFP. FE-TFP.,
OLS-TFR, 1.00
OP-TFR,, 0.83 1.00
LP-TFP.,; 0.92 0.80 1.00
FE-TFP. 0.96 0.79 0.88 1.00

Notes: (i) OLS-TFR,; is the average productivity of a firm located in the cluster
when computed by Ordinary Least SquarésP, L P andF'FE stand respec-
tively for Olley-Pakes method, Levinsohn-Petrin method &ixed Effect
estimation. (ii) All variables are in logarithm. The numhrobservations
stands at 242 178. (iii) All correlations are significant %i.1

None of our estimation strategies correct for the same blde consistency of our
results across econometric strategies can be taken asfd@rtwe robustness of our find-
ings. Note first that average cluster productivities arengity correlated across methods,
as suggested by tabRl Second, tabl@.2 suggests that these productivities have almost
the same distribution. Note also in talde that the number of observations is smaller for
Olley-Pakes and Levinsohn-Petrin methods.
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Table 2.2— Summary statistics for cluster productivity

# clusters| Mean St. Dev.|| Min Q25 Q50 Q75 Max

OLS-TFR.4 311,698| -0.04 0.35( -6.90 -0.17 -0.03 0.11 5.32
OP-TFR,; 242,209| -0.04 0.34| -7.78 -0.18 -0.03 0.11 5.13
LP-TFP.; 311,643| -0.05 0.38(| -7.28 -0.20 -0.04 0.12 4,78
FE-TFR.,, 311,698 0.00 0.36]| -7.35 -0.13 0.01 0.15 14.25

Notes: (i) The theoretical number of clusters is 181 indes341 employment areasll
years=678,931. (ii) All variable in logarithm. St. Dev.ag8tlard DeviationQ25, Q50,
Q75 are 28", 50" and 78" percentiles respectively.

2.3.3 Second step: explaining disparities in average firm pductivity across
clusters

The second step regression consists in explaining digsiit average productivity
across clusters by various agglomeration variables.

TFP,g = og + URthﬁ + LOCzst"Y + th-P + fhzsts (23)

whereTF' P, is the cluster productivity (in logarithm)UU RB.; are proxies for urban-
ization economies, namely the size of the market, its adutigsand the diversity of its
economic activity..OC', refers to proxies for localization economies: the degrdeaz
specialization, the quality of the labor force in the clustéind the degree of local compe-
tition. «,; are sector-specific fixed effects that control for the faet thigh productivity
sectors may have a propensity to locate in specific areaghér words, we compare the
average productivity of firms operating in the same sectdr|dzated in different areas of
France.

In this second step, we use weighted least square (WLS) wthereveights are the
number of plants by cluster. It allows us to give more weightlusters where average
productivity is more accurately estimated and make thisrsgstep regression more in
line with the individual level approach.

Note that parametefsand-y are the same for all sectors. According to this assumption,
urbanization and localization economies have the same itadgnin each sector. This
strong assumption is relaxed in the last section where vesvaihese elasticities to be
sector-specific.

Simultaneity bias

This second-step regression suffers from a number of IgitfaRs emphasized by
Combes et al(forthcoming, agglomeration and productivity may be simultaneously de
termined. Some areas benefit from specific features thaicafirms and enhance their
productivity. In that case, productivity in such locaticzwuld be higher even without any
production externalities. Some good proxies for theseufeatare difficult to find. We
introduce in our second-step regression five charactsispecific to employment areas
that can drive productivity and agglomeration at the same tiThese characteristics are:
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a dummy for being on a coast line, a dummy for being on a lakeynandy for being on a
mountain, a dummy for the presence of scenic points, a duromg fotorway access.

An alternative solution is to rely on an instrumental valgéaépproach. But, valid in-
struments for agglomeration proxies are hard to fildadmbes et al(forthcoming use ge-
ological and historical data to instrument density and reigplotential (see alsRosenthal
and Strange2008. They assume that geological instruments are valid onesuse they
do not impact directly on local productivity, beyond theffeet on employment density.
Their historical instruments consist in mid-nineteenthtaey density. Due to the persis-
tence in human location choices, these variables are higithglated with actual density,
but could be fairly considered as exogenous to actual localyztivity. Their main con-
clusion is that the simultaneity bias remains of small magld. These authors are able to
instrument area-specific determinants of productivityuidranization proxies), but do not
deal with the problem of area-sector-time determinantsh s$ specialization.

Selection and spatial sorting

Two further sources of errors have been put forward in tlegdture: spatial sorting
and selection. The first one deals with the spatial sortirfiof according to observed or
unobserved determinants of productivity. In this case bt entrepreneurs are prone to
be found in the same places. In return, these places registigher average productivity
although no agglomeration economies are at wallocke (2006 provides a theoretical
model for such a sorting mechanism. The rich array of indigldirm characteristics we
use in the first-step regression allows us to partially adrfor this bias. Combes et al.
(forthcoming suggest in their study on wages that the sorting of workeeeraling to their
observed and unobserved skills is an important source sf bighe empirical part, we are
able to control for the quality of the labor force in each pladdowever, we are unable to
control for sorting on unobservables.

The second source of errors concerns mechanisms of mat&etiee as emphasized
by Melitz (2003 and Melitz and Ottavianq2008. According to their model, in denser
market, competition is tougher and thus weaker competédogsmore prone to exit. This
mechanically leads to a rise in the local average prodiygtionce again without any ag-
glomeration externalities. The distinction between spatorting and selection is subtle.
Okubo et al(2008 develop a New Economic Geography-type model where firmsodo n
exit from the market in order to escape competition, butaatie. They also conclude to
the spatial sorting of firms according to their productivity

Distinguishing between agglomeration and selectiorifsprinechanisms is an hard
task, beyond the scope of this paper (€&mmbes et al.2009. However, we test the ro-
bustness of our findings to the introduction of region-siiediummies in the second step.
Agglomeration economies are thus estimated by comparing fin different employment
areas of the same region. The implicit assumption is to denshat selection and/or sort-
ing takes place at the regional level, making firms in the seeg®n the good comparison
point.
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2.4 Proxies for urbanization and localization economies

2.4.1 Urbanization economies

Proxies for urbanization economies are computed for eaghgmd each French em-
ployment area. We only consider the 341 employment areapingpgontinental France
and exclude Corsidé from the analysis. These proxies are computed using emoym
information for over 10 million plants.

The size of the market: the local density of employment

The first important question is to know whether or not prowitgtis higher in loca-
tions where economic activity is more agglomerated. Acogrdo various mechanisms
highlighted in the introduction, the extent of externallsoaconomies can be limited by
the extent of the market. Conversely, agglomeration ecag®ishould increase with the
size of the local market. We proxy the local market size bydiresity of total employment,
defined for an employment areat timet by:

eMpzt

density,; = (2.4)

surf,’
whereemp,; is the level of employment in area(number of full-time workers) at time
andsur f, is the surface area.

Table2.3provides summary statistics concerning urbanization acalization proxies
for the year 2004. In 2004, the average employment densithdstat 60 full-time workers
per square kilometer (to be compared with the populatiorsitiefor France, around 112
residents per square kilometer). Employment densityildigton is highly skewed. Half
of the employment areas register a density with less thamflil-time workers per square
kilometer.

As mentioned earlier, employment areas are defined acgptdimlaily commuting
patterns. By way of consequences, their surface areassarelisparate. Unsurprisingly,
the densest employment areas are the smallest ones. Te&tiorr between employment
density and surface area stands at -0.62. Then, for a givelogment density, differences
in the spatial extent of local market can be large, the reagonwe introduce, next to
employment density, surface area as control.

Market access andbetween-area interactions

Employment areas are not isolated islands, but they fornige leontiguous space.
Not only may firms benefit from the access to large input anguiunarkets in their area
of location, but they may also take advantage of the markethe neighboring areas.
Interactions could spill over the employment area bourdaleading to the existence of
between-arednteractions. A common proxy for thebetween-area externalitiés the so-
calledmarket potential In line with New Economic Geographijead and Maye(2004)

2Corsica is an island. Thus, location choices on this islamdchat react to the same forces as on the
continental territory.
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Table 2.3— Summary statistics for agglomeration proxies

Mean St. Dev|| Min Q25 Q50 Q75 Max
Employment (# workers) 31,675.43 57,021.71 1,892 9,047 16,895 33,174 693,284
# plants 3,069.65 524349 234 1,041 1,721 3,081 72,706
Urbanization Economies
Density (worker/km) 59.39 382.80| 0.94 6.91 12.09 24.38 6,577.65
Surface Area (kif) 1,569.75 986.68| 44.93 837.51 1,420.86 2,066.54 6,207.74
Market Potential 119.83 192.81| 34.06 53.72 67.83  103.83 1,948.07
Diversity (3-digit level) 29.06 8.59|| 5.69 23.99 29.99 35.27 51.52
Diversity (2-digit level) 12.40 2.58|| 3.88 10.95 12.53 14.25 18.74
Localization Economies (3-digit level)
Employment (# workers) 363.35 1,210.92 0.09 30.37 96.87 303.75 69,256.46
# plants 36.34 131.72| 1.00 3.00 9.00 28.00 8,340.00
Specialization 1.79 6.27|| 0.00 0.44 0.87 1.51 574.52
Share of highly-skilled workers 0.91 0.47|{| 0.00 0.64 0.87 1.10 11.81
Localization Economies (2-digit level)
Employment (# workers) 985.72 3,433.62] 0.10 75.70 264.89 844.20 183,433.80
# plants 96.22 339.79| 1.00 6.00 18.00 71.00 14,184.00
Specialization 1.25 2.25|| 0.00 0.42 0.82 1.33 101.37
Share of highly-skilled workers 0.87 0.38|| 0.00 0.65 0.85 1.04 5.55

Notes: (i) Summary statistics for the year 2004. (i) Vakésfor urbanization externalities are computed
across 341 employment areas. (iii) Variables for localiraexternalities (at the 3-digit level) are
computed across 27,943 clusters for the year 2004. Vasgdbidocalization externalities (at the
2-digit level) are computed across 10,809 clusters for &z 2004.

andHead and Maye(2006 (among others) show that market potential could impact on
worker wages and firm productivity.

Market potential is computed as the weighted sum of employmensity in the neigh-
boring areas, with weights equal to the inverse of distabheéafeen barycenters).

density,
Market Potential,; = Z pr 6?82 Ya't (2.5)
istance,

Average market potential stands at 120 for the year 2004thimivariable is also highly
skewed. Half of employment areas register a market poterdlaw 67.8, almost half of
the mean. Taking into account spatial interaction betwe&easais all the more important
that density is highly spatially autocorrelated. The datien of employment density and
market potential stands at 0.62, suggesting that denss arealose to each other. This
spatial autocorrelation is prone to induce an upward bidlsdrdensity elasticity if market
potential is not controlled for and externalities spill olveundaries. Indeed, firms in dense
areas can more easily benefit from surrounding markets.

Diversity of economic activity

Employment density takes into account the overall size efnttarket. However, for a
given employment size, the distribution of workers acressars can be very different from
one area to the other. Beyond the overall size of the markednization economies can be
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due to the relative diversity of activities in a given aremsaggested byacobg1969.%3
Suchbetween-industrexternalities are proxies by an (inverse) Herfindhal index:

1

Zs empgst/empgt 7

diversity,: = (2.6)
whereemp,; is employment (in full-time workers) in secter in areaz, at timet. This
proxy registers a minimum value equalltd local employment is only concentrated in one
sector and increases with the diversity of local economiwiac We consider as sectors
items of the 3-digit (NAF220) industrial classificatiéh.

2.4.2 Localization economies

Proxies for localization economies are computed for eaeh-aector-time cluster. In
the empirical section, sectors are items of the 3-digit (R2®) French industrial classifi-
cation. We consider 181 sectds.

Specialization andwithin-industry externalities

According to Marshallian theoriesyithin-industryexternalities (or localization exter-
nalities) could be of great importance in explaining prdolity variations across clusters.
For instance, sharing inputs (like labor inputs) or goocticas across firms, within both
the same sector and the same area could enhance their pritguSince seminal papers
by Glaeser et al(1992 andHenderson et a(1995), it is common to proxy these within-
industry externalities by an index measuring the relatpecglization of area in sector
s. This index is computed by the share of local employmentdustry s compared to the
same share at the national level.

empzst/empzt
empst /empy '

specialization g = (2.7)
whereemp., is the employment in the clusteg, emp.,; the total employment in areg
empg the nationwide employment in secter and emp; the nationwide employment at
timet.

This index of relative specialization is equalitavhen the share of local employment
in sectors is the same as the overall share of national employment frséwdor. When the
index stands abovg area: is relatively specialized in secter Note first that the denser
areas do not register specific specialization patterns.cohelation between density and
specialization stands at0.13, suggesting that specialized areas are mainly outsideesdens
areas.

Average specialization standsat9 in 2004, suggesting a relative specialization of
French employment areas. However, this average value aitdeghly skewed distribution

BFor a theoretical model where the diversity of economicvities in cities drives location choices, see
Duranton and Pugg001).

In section2.6 we use the 2-digit (NAF60) industrial classification to testrobustness.

5In the last section, we test for the robustness of our resulectoral aggregation.
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with a few employment areas registering very high valuestferspecialization index. Two
third of employment areas register a value beloi

Human capital externalities

Skills are unevenly distributed across space as recentphasized byCombes et al.
(20083. In the first step regression, we control for the quality leé tabor force in each
firm. We thus control for any sorting effect due to the higheductivity of highly skilled
workers. However, local sectoral productivity could ski# higher in areas where the
amount of skilled workers is large, due to the existencéwhan capital externalities
According toRauch(1993 andMoretti (2004 (among others), human capital externalities
arise if the presence of educated workers makes other vgorkere productive. These
externalities impact on the productivity of firms, beyon@ #kill composition of their
workforce. Hence, the share of skilled workers has to bedhiced in the second-step
regression to capture these human capital externalitibg imdex stands betweéhand
12, a further proof of the spatial sorting of workers accordtogtheir qualifications or
skills.

Competition and local industrial organization

Not only does specialization affect average productiiiy; also does the way local
sectoral employment is distributed across plan®osenthal and Stranggorthcoming
recently suggest that the smallest plants have the bigdfest eoncerning localization
economies. Itis the reason why we introduce the total nurabglants in the area-sector-
time cluster along with the index of relative specializatidrhe total number of plants is
also an easy way to control for local competition on input angbut markets.

2.5 Main results

2.5.1 The magnitude of urbanization economies

In our benchmark model, we regress cluster productivity mpleyment density and
surface area, along with the location-specific controlsseuor-time dummies. Tabk4
provides the results. In the bottom panel, some dummiesuatieef introduced in the
regression so as to partially control for selection/sgreffects at the regional level.

When regional dummies are absent, the elasticity of aveiiegegproductivity to em-
ployment density stands between 0.033 and 0.041 dependitigeavay the first-step pro-
ductivity is estimated. Once regional dummies are includeid elasticity stands at 0.025
(in the[0.022 — 0.03] range).

These results are in line witBombes et al(forthcoming. These authors find elas-
ticities ranging from 0.014 to 0.046 depending on the spetifin and instruments they
use. In their setup, individual firm productivity is averdgeithin employment areas only,
but not clusters. Hence, they do not consider the sectotatdgeneity. Reintroducing
this sectoral heterogeneity does not change the averagk. réforeover, we do not use
an instrumentation strategy. In conclusion, if a simulignieias is at work, its magnitude
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Table 2.4— Cluster productivity and employment density

Estimation | OLS-TFR; OP-TFR,; LP-TFR.y; FE-TFR
Without regional dummies
Density,, 0.033 0.035 0.041 0.036"
(0.004) (0.004) (0.005) (0.004)
Surface area -0.002 0.0004 0.001 -0.002
(0.004) (0.004) (0.005) (0.004)
Obs. 311,698 242,209 311,643 311,698
Adj. R? 0.129 0.127 0.16 0.205
Sector-time dummies yes yes yes yes
Location-specific controls yes yes yes yes
With regional dummies
Density.; 0.022 0.026' 0.03 0.025'
(0.003) (0.003) (0.004) (0.003)
Surface area 0.011r 0.014 0.018& 0.01%
(0.003) (0.003) (0.004) (0.003)
Obs. 311,698 242,209 311,643 311,698
Adj. R? 0.151 0.145 0.182 0.225
Sector-time dummies yes yes yes yes
Regional dummies yes yes yes yes
Location-specific controls yes yes yes yes

Notes: (i) Asymptotic robust, clustered (with area-setiocks) standard error in paren-
thesis. (ii)?, ?, ¢ : Significance at the 1%, 5% and 10% level respectively.

remains small. This point is highlighted in the meta-analy®nducted byMelo et al.
(2009.

From an economic point of view, firms located in the densasitels (i.e. in th&"
decile of the employment density distribution) are, on ager 8% more productive than
firms in the least dense areas (i.e. tié decile in employment density§. This effect
is sizeable when compared to the 2.2% annual average pigtiugrowth registered by
French firms over 1993-1999 (s€eépon and Duhautqi2003.

Furthermore, these findings are in line with previous findingthe literature on the
subject. In their extensive revieRosenthal and Stran@2004 report elasticities ranging
from 0.03 to 0.11. Results for France are in the bottom patiefange. This finding is not
surprising since part of urbanization externalities hdwesaly been internalized by French
firms.

We argue that comparing results with and without regionahwhies provides a credi-
ble magnitude range (0.02-0.04) for urbanization econspgieen in the presence of selec-
tion/sorting effects on unobservables. If location cheiaee partially driven by unobserv-
able determinants of productivity, the regression withregional dummies will be upward
bias. On the contrary, the introduction of regional dumneiegainly wipes out part of the

8The ratio of employment density at th€'@ecile and its value at theldecile, thep90/p10 ratio, stands
at 14.5. Therxp(0.03 * In(14.5)) — 1 ~ 0.08.
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productivity premium associated with a location in a densgion. Indeed, part of the
productivity premium can be explain by differences in dgnat the regional level. These
differences are captured by the regional dummies. Heneerefression with regional
dummies is certainly downward bias.

Note also that the impact of density on productivity is line&Ve try to introduce
without any success a square term for density. This varightet significant, suggesting
that French firms could still benefit, on average, from aggiation.

In table2.5 we add market potential to the regression. The elastioityensity is al-
most twice smaller when market potential is introduced.sThsult is expected due to the
high correlation between density and market potential. &l@x the explanatory power
(R?) of the regression increases, suggesting that market tiltenpacts on average firm
productivity beyond the impact of density. The coefficiehtrarket potential stands be-
tween 0.035 and 0.04. The introduction of market potentiduces a reduction in the
coefficient of density similar to the reduction induced by thtroduction of regional dum-
mies. This is not surprising when considering the high dati@n between market potential
and regional dummies. Th? of the regression of market potential on regional dummies
stands at 89%. Moreover in the bottom panel of tabfthe impact of market potential is
drastically reduced when the regional dummies are intreduc

Finally, in table2.5, we introduce the index of diversity in the regression. Thiex is
not significant in the regression without regional dummiies registers a small, significant,
negative value when regional dummies are introduced. kjestg that diversity has only a
minor negative impact on average firm productivity when dgrns controlled for.

2.5.2 The magnitude of localization economies

So far, we have considered proxies for urbanization ecoesonly. We now introduce
our variables for localization economies. The previousiltesare robust regardless of the
measure of productivity. For the sake of simplicity, in teenaining part, we only keep the
fixed-effect measure of productivity’(! — T'F P,).%’

In column (b) of table2.6, we add an index of specialization, while controlling fonde
sity, market potential, diversity, sector-time and regilodummies, and location-specific
characteristics. The impact of specialization is posiéiad significant. Its elasticity stands
at 0.02. Firms located in areas hosting a relative high sbhsmployment in their in-
dustry are, on average, more productive. Note that, cgntaamarket potential, local
specialization has no major impact on the other elastgitiiggesting that its effect is
quite orthogonal to urbanization proxies.

The p90/p10 ratio for specialization stands at 13.6 (on average aced®srs). For a
given sector, firms located in areas belonging todtfedecile for specialization are, on
average, 5% more productive than firms located in an areaediir$t decile for special-
ization. The impact of specialization is thus less markehtthe impact of density but
remains important.

"\We check that results are quantitatively the same with atteasures of productivity.
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Table 2.5— The magnitude of urbanization economies

Estimation | OLS-TFR,; OP-TFR,; LP-TFPR,y; FE-TFR.
Without regional dummies
Density.; 0.022 0.025 0.029 0.0253
(0.005) (0.004) (0.006) (0.005)
Surface area 0.016 0.018 0.019 0.018
(0.004) (0.004) (0.005) (0.005)
Market Potential; 0.037 0.0353 0.038 0.038
(0.005) (0.004) (0.005) (0.005)
Diversity,, -0.01 -0.008 -0.005 -0.009
(0.006) (0.006) (0.008) (0.007)
Obs. 311,698 242,209 311,643 311,698
Adj. R? 0.143 0.138 0.172 0.217
Sector-time dummies yes yes yes yes

1

Location-specific control yes yes yes yes

With regional dummies

Density,, 0.0 0.024 0.03" 0.023
(0.003) (0.003) (0.004) (0.003)
Surface area 0.018 0.019 0.021 0.019
(0.003) (0.003) (0.004) (0.003)
Market Potential, 0.019 0.016 0.006 0.018
(0.008) (0.008) (0.011) (0.008)
Diversity.; -0.013 -0.017 -0.009 -0.012
(0.005) (0.005) (0.006) (0.005)
Obs. 311,698 242,209 311,643 311,698
Adj. R? 0.152 0.145 0.182 0.226
Sector-time dummies yes yes yes yes
Regional dummies yes yes yes yes
Location-specific controls yes yes yes yes

Notes: (i) Asymptotic robust, clustered (with area-setliocks) standard error in paren-
thesis. (ii)?, ®, ¢ : Significance at the 1%, 5% and 10% level respectively.

In column (c) of table2.6 we introduce the share of highly skilled workers as a further
control. Firms located in clusters where the share of highlifed workers is larger are on
average more productive. The elasticity is significant bamds only at 0.007. Moreover,
this variable does not add to the explanatory power of theain@), suggesting that its
impact on productivity is limited. The introduction of tmew control slightly reduces the
coefficient of density, due to a positive correlation betwégese two variables. Hence,
even if the existence of human capital externalities carbeadenied, their magnitude is
rather small, at least beyond the impact of density and alieation.

In the last column of tabl2.6, the total number of plants in each cluster is introduced
as a new control. We fail to detect any significant impact & pmoxy for both competition
and the local industrial organization.
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Table 2.6— The magnitude of localization economies

Estimation | (a) (b) (c) (d)
Urbanization externalities
Density, 0.023 0.024 0.023 0.022
(0.003)  (0.003)  (0.003)  (0.004)
Surface area 0.019 0.021 0.02* 0.018
(0.003)  (0.003)  (0.003)  (0.004)
Market Potential, 0.018 0.012 0.013 0.012
(0.008)  (0.009)  (0.009)  (0.009)
Diversity., -0.012 -0.012 -0.012 -0.012

(0.005)  (0.005)  (0.005)  (0.005)

Localization externalities

Specializations; 0.021* 0.021 0.02¢
(0.002)  (0.002)  (0.003)
Sh. of highly-skilled workers;; 0.007 0.007
(0.002)  (0.002)
# plants 4 0.002
(0.003)
Obs. 311,698 311,698 311,698 311,698
Adj. R? 0.226 0.233 0.233 0.233
Sector-time dummies yes yes yes yes
Regional dummies yes yes yes yes
Location-specific controls yes yes yes yes

Notes: (i) Asymptotic robust, clustered (with area-sebtorcks) standard error
in parenthesis. (iif, ®, ¢ : Significance at the 1%, 5% and 10% level
respectively.

2.5.3 Sectoral heterogeneity

So far, we have considered the average impact of urbanizatid localization vari-
ables across all sectors. There is no reason why urbanizatid localization economies
should play with the same magnitude in each sector. In thiSBoge we turn to sector-
specific regressions. We focus on employment density araladigation that are the main
variables explaining spatial disparities in average pectidity.

So as to avoid listing 181 coefficients, we estimate the motieblumn (d) in table
2.6 for each of the 27 2-digit items of the French industrial sifisation. Results are
reported for density on the left-hand graph of fig@réand for specialization on the right-
hand graph of figur@.1 Three remarks are in order. First, urbanization and lpatitn
economies are positive in almost all industries, but sigaift only in a small subset of
industries. It can be partly due to the weak power of our teshé presence of a small
number of firms in each industry.

Urbanization effects do not seem to be more prevalent iniceimdustries than in
manufacturing ones. On the contrary, localization effectsalways positive for service
industries, and statistically significant for three (ousdd) service industries.
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Figure 2.1— Sectoral heterogeneity
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We fail however to find a interesting dimension of heteroggemiong which these
results could be interpreted. For instance, there is ndfgignt correlation between the
spatial concentration of an industry (as measured by asdaliGlaeser index for instance)
and the magnitude of localization economies.

2.6 Robustness tests

In this section, we test for the robustness of our resultsgate/o dimensions: the level
of sectoral aggregation and the introduction of multi-pf&ms in our sample.

Sensitivity to sectoral aggregation

In previous tables, proxies for urbanization and localarakeconomies are computed
at the 3-digit level of the French industrial classificatidF220). Table2.7 reports the
same results as tab®6 when urbanization and localization proxies are computetieat
2-digit level (NAF60). Indeed, externalities can work beem firms of not only the same
3-digit sector but also the same 2-digitdustry Results do not change drastically. Once
regional dummies are included, employment density andigipetion index remain the
first determinants of spatial disparities in average prtdityz. Productivity elasticity to
employment density stands between 0.018 to 0.023, andcélash specialization ranges
from 0.025 to 0.03. They are of the same order of magnitude ithprevious tables. Note
that the elasticity to the share of skilled workers is slighigher in this new setup.

Reintroducing multi-plant firms

In our sample, we only consider single-plant firms with mwant5 full-time workers.
Data on production, value-added and capital are unavailabthe plant level. Contrary
to Henderson(2003, we are only able to compute firm-level productivity. It istrclear
how to redistribute productivity across plants when a firmtoals more than one plant. In
order to assess the robustness of our results, we developalaocases. In the first case,
all plants of the same firm are assigned the same firm-levelugtivity (columnSame
productivity for all plant3. In the second case, plant-level productivity is equahtoftrm-
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level productivity cross the share of plant employment ia ¢iverall employment of the
firm (columnEmployment-weighted productivity

Results are consistent in both cases (see @&i@e The employment density and the
specialization index have the greatest explanatory po®kasticity to density is slightly
reduced to 0.015, and elasticity to specialization staetiwden 0.015 and 0.022.

2.7 Conclusion

In this paper, we quantify the magnitude of agglomeratioonemies on French firm
productivity using detailed data from the tax administiati We explain disparities in
average firm productivity across clusters by urbanizatiod lacalization variables. The
large array of individual controls provided in the tax adisiration data files allows us to
purge individual productivity from a number of its determirts unrelated to agglomeration
economies, but whose omission could bias our estimatesarticplar, we control for the
quality of the labor force in each plant and any unobservabtgor-specific determinants
of productivity.

We employ a two-step procedure. In the first step, we estim&@ebb-Douglas pro-
duction function whose residuals is an individual produtti purged from the aforemen-
tionned effects. We then explain disparities in average firoductivity across industrial
clusters by, on one hand, employment density, market patearid the diversity of eco-
nomic structure, and, on the other hand, an index of speat&dn and the share of local
skilled workers. We show that firms located in the densesitets are, on average, 8%
more productive than firms in the least dense areas. Thistaffesizeable when com-
pared to the 2.2% annual average growth in productivitysteged by French firms over
1993-1999. Not only does local density matters for firms, d8b does a good access
to surrounding markets. However, we only find a small, nggagiffect of diversity on
productivity, once density is accounted for.

Regarding localization economies, we show that firms latétean area of the
decile for specialization are, on average, 5% more prodeidtian firms located in an
area of the first decile for specialization. The impact ofcgéezation is thus less marked
than the impact of density but remains important. We also dipasitive and significant
correlation between the quality of the labor force in thestdn and firm productivity, but
this variable does not add to the explanatory power of theainothus, we cannot deny
the existence of human capital externalities. Howevergarantrolled for the quality of
the labor input at the plant level, this variable does notdotn productivity beyond the
effect of density and specialization.

Recent theoretical developments (dédelitz and Ottavianp2008 suggest that firms
can be sorted across space according to productivity ewhimtihhe same sector. This sort-
ing effect is due to a tougher competition in denser markkesforce the least productive
firm to exit. In order to partially control for such effect, iroduce in our second-step
regression regional dummies that control for the average fiiroductivity at the macro-
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level. In this setup, the estimation relies on the comparisbaverage firm productivity
across clusters of the same region. Even with this inclyusianresults remain robust.
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2.8 Appendix to chapter2: Data

In this study, we use three different administrative da&sfifor the years 1994 to 2004.
These administrative data files are:

e The SIREN Gysteme d’ldentification du Répertoire des ENtrep)ifiéss contain,
for each year and in all traded sectors, firm- and plant iflergi (SIREN and NIC
code respectively), the municipality code of location dfragistered plants, as well
as a code (in the 4-digit industrial classification, NAF760&) the main sector of
activity (at the plant and firm levels).

e The RSI Régime Simplifié d'Impositigrand BRN Bénéfices Régime réel Normal
files contain the account information declared to the taxiagnation by each firm
in the traded sector. These files provide all the useful mé&dion on the output, the
value-added (consisting in the output minus the value @rinediary goods), the
stock of capital (non-financial assets measured at the balole)at thdirm level

e The DADS (Qéclaration Annuelle de Données Socialdatasets contain employ-
ment information for each plant with at least one paid emgdoguring the year,
in the traded and non-traded sectors. This dataset resoitsthe aggregation of
individual-level data for each worker paid by the firm. Indgéhe original DADS
individual dataset is made upon mandatory employer redrte gross earnings
of each employee subject to French payroll taxes. This fidkides around 15 mil-
lion workers each year. Workers can be followed only throtigh adjacent years.
The files provide information on working days, working hqussges and various
characteristics of the employee (gender, age, occupdtom)l plants in the private
sector. This file has been collapsed so as to obtain infoomati theplant level and
by skill group.

The SIREN dataset contains information for around 3 millgants each year, the
DADS file about 1.6 million plants. When matching these twedfjlwe drop plants with
zero employees not included in the DADS, and converselytglia the finance and real-
estate sectors, not registered in the SIREN file. The RSI/BRNontains about 1.6 to 2
millions firms each year. When merging SIREN/DADS and RSIBfies, we drop firms
which do not pay taxes (as cooperatives or associationsiicioded in the RSI/BRN files.
The dataset contains about 900,000 firms and 1.2 milliortpkeach year.

A number of selection and correction have been made in oocdexkttact from those
raw data files a computationally tractable dataset:

e Aberrant or missing values have been suppressed for vdldeda capital and em-
ployment. Our unit of observation are not firper se Indeed, firms can enter or exit
the dataset for a number of unknown reasons. As soon as a tamspell of obser-
vations occurs, we consider that firms before the gap andtategap are different.
Thus, the identifier of a basic unit of observation is bothfthma identifier and the
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starting year of a continuous spell of observations. In ¢lewing, we continue, for
simplicity, to use the terrfirm but, strictly speaking, it corresponds to a continuous
spell of observations for a given firm.

e The main activity of some firms vary across time (even in amispell of obser-
vations), even at the 3-digit classification level. In orttecompute sector-specific
elasticities, we prefer that firms remain in the same seatorsa time. We thus
consider that the sector of a firm is the one observed duriedothgest period. If
during a continuous spell of observation, the code of agtfair a given firm changes
more than twice, we drop that spell of observation from theskt. At this point,
we keep 1,762,367 firms, 2,184,811 spells of observatioth,9%186,699 firm-year
observations.

Panel of plants

It is important to note that proxies for agglomeration ecuoies, especially density and
market potential, are computed on the whole dataset ofgptamitrolled by these 1,762,367
firms. There are more than 10 million plants (10,646,945)undataset to compute these
agglomeration proxies.

Panel of firms for productivity estimation

In the computation of TFP, we drop firms with strictly lessrtfisemployees. This is an
important choice, as it leads to the deletion of more than BB%ervations of the sample
each year. However, this selection eliminates noisy datadtition, it is a quite common
selection decision when using those data, see for instAnbert and Crépor§2003 or
Combes et alfforthcoming.

The Olley-Pakes and Levinsohn-Petrin methodologies reaiileast two consecutive
years of observation, we then drop firms that we observe amdyyear.

As emphasized in the main text, the second-step regressammiputed on the sample
of mono-plant firms. Indeed, productivity is computed at fihnm-level, and the affecta-
tion of productivity to plants in the case of multi-plant fisris more or less arbitrary (see
section2.6. Mono-plants firms account for around 90% of the stock of fjramsl 50% of
employment an value-added.

In the second-step sample, we only keep 181 sectors fromdigit3NAF220) French
industrial classification, with at least 100 firms each yeafe end with 465,981 firms,
corresponding to 3,242,626 firm-year observations.



2.9. Complementary tables

2.9 Complementary tables

Table 2.7— Sensitivity to sectoral aggregation

Estimation | (a) (b) (c) (d)
Urbanization externalities
Density,, 0.023 0.023 0.018 0.011
(0.003)  (0.003) (0.003) (0.007)
Surface area 0.018 0.018 0.014 0.006
(0.003)  (0.003) (0.003) (0.006)
Market Potential, 0.0 0.013 0.018 0.015
(0.007)  (0.008) (0.007) (0.009)
Diversity,; -0.02% -0.022¢ -0.026" -0.025

(0.008)  (0.008)  (0.007)  (0.008)

Localization externalities

Specializationy, 0.03 0.029 0.02%
(0.004)  (0.004)  (0.003)
Sh. of highly-skilled workers;. 0.04 0.042
(0.005)  (0.005)
# plants 0.008
(0.006)
Obs. 119,936 119,936 119,936 119,936
Adj. R? 0.387 0.403 0.408 0.408
Sector-time dummies yes yes yes yes
Regional dummies yes yes yes yes
Location-specific controls yes yes yes yes

Notes: (i) Asymptotic robust, clustered (with area-sebtocks) standard error
in parenthesis. (iiy, boe. Significance at the 1%, 5% and 10% level
respectively.
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Table 2.8— Sensitivity to the introduction of multi-plant firms

Same prod. for all plants

Employment-weighted prod.

Estimation @) (b) (c) (d) (e) ()
Urbanization externalities

Density,; 0.017 0.018 0.028 | 0.016* 0.01% 0.016
(0.003)  (0.003) (0.003) (0.002)  (0.002) (0.003)

Surface area 0.0183* 0.017 0.02% 0.01* 0.014 0.013
(0.003)  (0.003) (0.004) (0.002)  (0.002) (0.004)

Market Potential, 0.003 0.003 0.013 0.01°
(0.009) (0.009) (0.006) (0.006)

Diversity., -0.007 -0.008 -0.009¢  -0.009'
(0.004) (0.004) (0.004) (0.004)

Localization externalities

Specializations; 0.022 0.013

(0.003) (0.003)

Sh. of highly-skilled workers, -0.00007, 0.002

(0.003) (0.002)

# plants -0.012 -0.002

(0.003) (0.006)

Obs. 374,956 374,956 374,959@74,956 374,956 374,956

Adj. R? 0.302 0.302 0.30Y 0.147 0.147 0.154
Sector-time dummies yes yes yes yes yes yes
Regional dummies yes yes yes yes yes yes
Location-specific controls yes yes yes yes yes yes

Notes: (i) Asymptotic robust, clustered (with area-seblocks) standard error in parenthesis.
(i) ¢, %, © : Significance at the 1%, 5% and 10% level respectively.



CHAPTER 3

Marshall’'s scale economies: A
guantile regression approach

3.1 Introduction

Firms and workers are, on average, more productive in dearsgimore specialized
areas. This results holds even when we compare firms opgriatithe same narrowly-
defined industry. This is by now a well-established empirical fact, finding [soi in
various countries (seRosenthal and Strang2004 Melo et al, 2009 for surveys). In this
paper, we investigate whether this average effect hidge ldifferences across heteroge-
neous producers.

Figure3.1summarizes these results for France, adapted from chapter

Figure 3.1— Productivity, Density and Specialization
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On the left-hand graph, we plot the local sectoral (log) patitity,”> measured as the
average firm (log) productivity within each cluster, agaihe cluster (log) density of total
employment. A cluster is defined as a 3-digit sector in a specific employraeea We

1This result holds on average across sectors, but, in chiapterfind a large heterogeneity in the magnitude
of urbanization and localization economies across secgas sectiol.6 for further evidence.

2In the paper, we consider only productivity in logarithmrforThus, productivity means log-productivity.

3The cluster log density of employment is defined as the Itiyarbf employment density in the employ-
ment area centered around its sectoral mean. See s8c3i@for further details.

“We use throughout this paper the 3-digit (NES114) Frenchstréhl classification to define sectors. Em-
ployment areas are spatial units underpinned by clear ecicnfoundations, being defined by the French
National Institute of Statistics and Economics (INSEE) stcaminimize daily cross-boundary commuting, or
equivalently to maximize the coincidence between resideand working areas.
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find an elasticity of average firm productivity to total empttent density equal to 0.033.
The right-hand graph provides the relationship betweeallsectoral (log) productivity
and local specializatiohi.We find an elasticity to local specialization equal to 0.0B8th
results are in line with the literature on the subject, asreg byRosenthal and Strange
(2009.

The size of the dots in these graphs are proportional to thebeu of firms in each
cluster. The local sectoral (log) productivity, i.e. theege (log) productivity across firms
within the cluster, summarizes the whole firm (log) produttidistribution in each cluster.
Such a traditional approach thus considers that employdesrsity and local specialization
impact on all firms in the same wan average The aim of this paper is to question that
implicit assumption. We do not only consider that agglorieraeconomies can impact
uponthe average firm productivitiput can also induce some more complex shape shifts
in firm productivity distributionfrom one cluster to the other. Extending results from a
recent paper byombes et al(2009, we claim that heterogeneity among producers can
not be disregarded in order to fully understand the impaetggiomeration economies on
individual outcomes. To this aim, we use a quantile regoesapproach to parsimoniously
guantify the impact of both urbanization and localizati@omomies at different points in
the firm productivity distribution.

The semi-parametric technique of quantile regressiortspdaced byKoenker and
Bassett(1978 extends the notion of ordinary quantiles to a more gendaalsoof linear
models in which the conditional quantiles have a linear fors the linear-in-mean re-
gression model specifies the mean of a conditional distobus a linear function of a set
of regressors, the quantile regression model providesdaire gparametrization for other
moments of the conditional distribution. As recently highted byBuchinsky(1998, the
guantile regression model has several useful featurest chnibe used to characterize the
entire conditional distribution of a dependent variableegia set of regressors, 2 - it has
a linear programming representation which makes estimafiote easy, 3 - the quantile
regression objective function is a weighted sum of absalatéations so that the estimated
coefficients are not sensitive to outliers on the dependarmaive, 4 - when the error term
is non-normal, quantile regression estimators may be more efficient thast-squares
estimators.

Coefficient estimates at distinct quantiles may be intégores differences in the re-
sponse to the changes in the regressors at various poirfie gohditional distribution of
the dependent variable. Namely, in the problem under sgrutie can assess the impact
of both urbanization and localization economies on firm pooitity at different quantiles

SWe consider in this graph the partial correlation betwegrplmductivity and log density once controlled
for location-specific characteristics. See secB8@1for details.

%0Once again, we consider the partial correlation once chedrdor the overall size of the local market
(through employment density) and its accessibility (tigtomarket potential). Local specialization and market
potential are defined in secti@3.2

"This is especially true for models in levels. We only consiethis paper models in logarithm whose
distribution of error terms are closer to a normal distridit
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of the conditional productivity distribution.

Quantile regressions have been widely used to study chamgies wage distribution.
More specifically, several authors (sBechinsky 1998 for a survey) study the returns
to education, and their evolution across time, at diffepints in the wage distribution.
As far as we know, quantile regressions have not been useat $o $tudy the impact of
urbanization and localization economies on firm produstivi

This paper is related to a recent papedmmbes et al2009. Combes et ak2009 do
not only consider the impact of employment density on theae firm productivity but
also on the whole distribution of productivity. Relying sade models with heterogeneous
firms a la Melitz and Ottaviand2008, they try to discriminate between two competitive
explanations for a higher productivity of firms in denseragreagglomeration economies
or selection effects. In their theoretical model, agglaatien mechanisms induce a right
shift of the productivity distribution in denser areas (wngarison with the distribution
in sparser areas). By comparison, the selection mechanneés a left truncation in the
distribution. Developing an original quantile approadieyt are able to quantify the degree
of truncation and right-shifting of the firm productivitystiiibution in cities with more than
200,000 inhabitants in comparison with cities with lessnt@80,000 inhabitants. They
show that productivity distribution is indeed shifted te tight in denser areas but do not
find any evidence of left truncation. They also develop theddel one step further and
show that not only the productivity distribution is shiftemlthe right in denser areas, but
it is also more skewed to the right. This suggests that aggflation benefits relatively
more the most productive firms. In comparison wtbmbes et al(2009, the traditional
guantile regression model used in this paper allows us tsidenthe whole distribution of
cluster employment density (not only two subgroups), anextend the analysis to both
urbanization and localization economies. Indeed, theke leng tradition in urban and
regional economics to distinguish between these two forfrexternalities. In the first
case, a firm benefits from the overall size of its market, idigas of the identity of its
neighbors. In the second case, a firm benefits from the cleseiaeighbors operating in
the same industry. Of course, these two categories are rosityuexclusive.

We do find that the impact of employment density, a proxy ftwamization economies,
is larger at the right end of the conditional productivitgtdbution (the 9* decile) than at
the left end (the ¥ decile). More specifically, quadrupling employment deffsinduces
a 3.5% change in productivity for the less productive firmsr(§ in the first decile of the
conditional productivity distribution) against a 6.7% olga for the most productive ones
(firms in the last decile of the conditional productivity tdisution). In other words, the
impact of density on productivity is twice larger at the tigind of the firm productivity
distribution than at the left-end of that distribution, ahd difference is statistically signifi-
cant. Interestingly, the impact of localization econoniggsn contrast, rather stable across
the various quantiles of the firm productivity distributidQuantile elasticities are thus sim-
ilar to the OLS estimate, at 0.019. It suggests that thettoadil linear-in-mean regression

81t corresponds to the interquartile ratio in the employndmnisity distribution across clusters.
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model does a fairly good job in estimating the magnitude oélization economies but is
rather unable to uncover the complex shape shifts in logymtddty distribution induced
by a shift in total employment density.

These results further question the theoretical literatureagglomeration economies.
Indeed, as highlighted bfpuranton and Pugé004), external returns to scale rely on
heterogeneity across economic agents. But this heteritgémenly horizontal, like in the
workhorse monopolistic competition model. The previowsules need the introduction of
some kind of vertical heterogeneity into models to find iptetations. So far, the literature
on agglomeration economies and vertical heterogeneitysagoroducers has been quite
limited. One exception i€ombes et al(2009 in which workers are more productive
when they work for more efficient firms and that this effect iha@&nced by interactions
with other workers. In their model, initial heterogeneityr@ss producers is magnified by
agglomeration economies through the interplay of the prtidty of workers. This point
certainly deserves further research, especially to utetwisthe difference in results for
urbanization and localization economies put forward is thaper.

3.2 Firm TFP estimation: Model and data

Our empirical strategy relies on a two-step approach. Irsadtep, we compute indi-
vidual firm productivity controlling for the quality of itaabor force in each plant and cor-
recting for simultaneity bias in the choice of inputs by gsthe Olley and Pake$1999's
methodology. In a second step, we quantify how employmemgitieand market potential
- proxies for urbanization economies - and local specittina- a proxy for localization
economies - impact on the whole distribution of individuamfiproductivity by using a
guantile regression approach. We first present the datandtlbefore providing more de-
tails on the econometric procedure.

3.2.1 Firm and establishment data

Estimating individual productivity requires individuairfi and plant information. That
information is provided by three different administratidata files, for the years 1994 to
2004.

The SIREN Gystéme d’ldentification du Répertoire des ENtrepjifitss contain, for
each year and in all traded sectors, information about firmd- @ant identifiers (SIREN
and NIC code respectively), the municipality of plant leoat as well as the sector of
main activity (in the 4-digit French industrial classificat). These pieces of information
are available at the plant and firm levels, respectively.

The RSI Régime Simplifié d’'Impositigrand BRN Bénéfices Régime réel Normal
files contain the account information declared to the taxiatnation by each firm in the
traded sector. These files provide all the useful infornmatio the output, the value-added
(consisting in the output minus the value of intermediargdg), the stock of capital (non-
financial assets measured at the book value). This infooméiprovided at théirm-level
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only.

The DADS Qéclaration Annuelle de Données Socidlée contains employment in-
formation for each plant with at least one paid employeerdyiiie year, in the traded and
non-traded sectors. This dataset results from the aggvagait individual-level data for
each worker paid by the firm. Indeed, the original DADS indiial dataset is made upon
mandatory employer reports of the gross earnings of eacloge®subject to French pay-
roll taxes. This file includes about 15 million workers ea@arly The file provides infor-
mation on working days, working hours, wages and variousatheristics of the employee
(gender, age, occupation) for all plants in the privatesedthis file has been collapsed so
as to obtain information at thgant level and byskill group.®

The plant-level information (sector, location and hourswafrk) are used to create
proxies for urbanization and localization economies, itlgtebelow. This information is
also aggregated at the firm level so as to estimate the fegtpsbduction function. Indeed,
information about value-added and capital is only knownhat firm level. Production
function (and thus productivity) can only be estimated atfthm level. We now turn to the
estimation of individual productivity.

3.2.2 Production function estimation

We start by constructing the productivity distribution fesch location-sector cluster
from individual TFP regressions. We consider the 341 Frarwitinental employment
areas as basic geographical units. We further consider @4ofal 14)° 3-digit items of
the French industrial classification as sectors. A clustelefined as a 3-digit sector in a
specific employment area. There is 12,784 clusters (amo@g@2possible clusters) in our
sample. Indeed, all sectors are not present in each empitarea.

We estimate firm TFP for each sector separately. Note thausecinformation about
very small firms tends to be noisy, we only keep firms with mbeat5 full-time employees
in our sample. Firm TFP is predicted as the residual of a dbbglas production function

°The SIREN dataset contains information for about 3 millidenps each year, the DADS file about 1.6
million plants. When matching these two files, we drop plavits zero employee not included in the DADS
file, and conversely, plants in the finance and real-estaterse not registered in the SIREN file. The RSI/BRN
file contains about 1.6 to 2 million firms each year. When mey@IREN/DADS and RSI/BRN files, we drop
firms which do not pay taxes (as cooperatives or associafinasincluded in the RSI/BRN files.

owWe exclude from our sample banking and insurance becauaedatinavailable, as well as distribution
and consumer services.
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estimationt!

3
log(V Air) = cst + Oputi + aislog(Lit) + Bslog(Kir) + Z Ogtshige +uie,  (3.1)
q=2

wherei indices the firm, and the year. L;; is a measure of employment. In our
data, employment is measured as the number of working hebis.is the share of hours
worked by employees of skill group. Workers are divided up into groups according
to their qualification, which aims at controlling for the djtiaof the labor force. Using
the French occupation classification, we set up three cagsgof skills: (Q3) for highly
skilled workers (engineers, technicians and managers)) {@ skilled workers (skilled
blue and white collars), finally (Q1) for unskilled workeisterns and part-time workets.
This specification is justified ikellerstein, Neumark, and Trosk&999. Combes et al.
(20083 emphasize the spatial sorting of workers according ta tiglification in France.
Introducing this skill group in equatioB.1is a simple way to (partially) control for this
spatial sorting effect.K;; is a measure of the capital stock. In our dataset, this measur
consists in the book value of tangible and intangible noaramal assets. Unfortunately
we do not have access to details about the quality of capideks

We further introduce; sector-time fixed effects. They control for any sector-tgpe-
cific determinants of productivity, such as the sector-gjpgurice index for value-addet?,
the sector-specific age and depreciation rate of capitekdfoand, finally, any macroeco-
nomic shocks likely to affect value-added and input choinesspecific sectoi,,,,,;;; is a
dummy equal to one if the firm controls more than one plant.

We do not assume constant returns to scale in the produaamaology. For some
industries, the returns appear to be increa$mghis wipes out any differences in produc-
tivity due to internal returns to scale.

Equation3.1is firstly estimated by Ordinary Least Squares (hereafte8Olt is well
knownt® that input elasticities could be biased when estimated b$ Olhis is due to either

it agglomeration proxies were introduced in this first step, would get one elasticity per industry. We
thus prefer the two-step approach. Another justifications® a one-step strategy is the introduction of indi-
vidual fixed effects in the production function. In this caskentification relies on time variation for individual
and agglomeration variables. From an empirical point ofsysggglomeration variables are rather stable across
time and inference in a short panel is dramatically drivembige and errors in variables. From a theoretical
point of view, part of unobservable individual productvitomponent is also driven by agglomeration exter-
nalities, leading to a (potentially strong) downward biagHe estimation. This is the reason why we do not
introduce individual fixed effects.

125eeBurnod and Chen(2007) for details about this classification.

BIndeed, in the production function, the dependent variiblae real value-added of the firm, which is
equal to the observed nominal value-added deflated by argéuom specific price index. This latter term is
captured by the fixed effects.

The book-value measure of the stock of capital is imperf&ehore appropriate measure of capital should
take into account the age and depreciation rate of capaek stpecific to each firm. This information is not
available in our dataset.

5We do not report the exhaustive list of input elasticitiesdach industry. However, these coefficients are
in line with the previous literature on the subject (&diches and Mairessd.995.

1At least sinceVlarschak and Andrew@ 944).
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a missing (unobservable) individual determinant of praiditg (e.g. quality of managers)
or the simultaneity between input choices and productigtipcks. In that latter case,
part of the productivity shock, anticipated by the firm maaradput unobservable for the
econometrician, drives the choice of inputs. A lot of salng have been proposed in the
literature to cope with that issue (s&ekerberg et al.2007). In our empirical part, we rely
on the strategy developed Blley and Pake§1996 (see chapte®).t’

As agglomeration economies can take time to materializeodyztivity, we choose
to compute the average firm productivity over its period adervations as our individual
TFP measure. The average period of observations is betwaed 8 years in our sample.
Then,

T

1
TFP = ;eit, (3.2)

whereT denotes the number of years the firm is observedcarithe residual from equa-
tion 3.1

We are then able to construct not only the average firm praditycdbut also the whole
distribution of individual productivity for each clusteNote that in this second step, the
exact location of each firm has to be known. For multi-plamh$iy we know the exact
location of each plant but not their productivity. The firsés regression only provides
a firm-level productivity. This is the reason why we only keapthis second step the
136,474 single-plant firm¥ Table 3.1 provides basic summary statistics on individual

Table 3.1- Summary statistics for firm productivity

#0Obs.| Mean St.Dev.| Q10 Q25 @50 Q75 Q90 | QSC25 QSC10

TFP by OLS | 136,474 | 0.00 0.43| -0.43 -0.21 0.00 021 0.46 042 0.88

TFP by OP | 136,474| 0.00 0.45| -0.45 -0.22 0.00 0.23 0.4 0.45 0.94

Notes: {) QSC25 (QSC10) is a quantile-based scale measure at theégentile. (16 percentile
respectively.) When the variable is in lev€),SC25 = PT75/P25. When the variable is in
logarithm,QSC25 = P75 — P25.

firm log productivity when estimated by Ordinary Least Sgsafline "TFP by OLS") or
by theOlley and Pake§1996's methodology (line "TFP by OP"). These 2 methodologies
provide very similar results.

A major drawback of this method is that it can only be compuiadirms whose investment is strictly
positive every year, which reduces the number of obsemstidn order to keep as many observations as
possible, we use the estimated elasticities to predict tha@ygtivity of firms operating in sectereven if the
firm is not in the estimation sample.

8In chapter2, we test that this selection does not drastically impacthenresults in the linear-in-mean
regression setup.
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3.3 Agglomeration economies: the traditional linear-in-nean
regression model

In this section, we rapidly survey the traditional linearmean regression model and
give some benchmark results before turning to quantilesssipns.

3.3.1 The traditional linear-in-mean regression model

Basic assumptions

So far, the magnitude of urbanization and localization ecaes have been estimated
using a traditionalinear-in mean regression mod& Given an average cluster measure
of productivity, T F' P,; (wherez indices areas ansl sectors), and a set of covariates for
urbanization economie§/(R B, ;) and localization economied.QC.;), the traditional ap-
proach specifies the conditional-mean functit{ F' P, ;|U RB..s, LOC,,, X .s) as alinear
function of the covariates, while controlling for other @ehinants of local average firm
productivity (X.,), not related to agglomeration economies:

E(TFP.y|URB.,, LOC.s, X.;) = a + URB.,3 + LOC.sy + X..p. (3.3)

In such a model, all regressors have to be centered aroumdéutoral mean® In-
deed, in the first-step regression, sector-specific dumaies been introduced to wipe out
any sector-specific determinants of productivity. Theaespecific components of urban-
ization and localization proxies are then to be erased. herotvords, the magnitude of
agglomeration economies is estimated withinititea-sectoraldimension. The identifica-
tion relies on the comparison between average produesvitf firms operating in the same
sector but not located in the same area, and thus facingetiffelensities of total employ-
ment. Any differences across sectors do not impact on thma&tsbn, as for instance the
tendency of a specific sector to locate in denser areas.

The aggregate, cluster-levainodel can be estimated by Ordinary Least Squares as
followed:

TFP,;, =a+URB,;0+ LOC,sv + X, 5p + tss, (3.4)
with E(uss|URB,s, LOC,s, X,) = 0.

However, from an econometric point of view, mo@# is similar! to the following

1%SeeCombes et al(forthcoming and chapte® for instance on French data.

20An alternative solution is to introduce sector-specific chigs in this second step (see chagerHow-
ever, such a high number of dummies prevents the quantitessign model from being computed. For the
sake of homogeneity between the linear-in-mean and geaibroaches, we prefer to center all regressors
around their sectoral means.

2lFor the two models to be perfectly similar, the correct wesdtave to be introduced in the aggregate
model. Namely, the regression has to be estimated by Weidtgast Squares, with weights equal to the
number of firms in each clustes.



3.3. Agglomeration economies: the traditional linearrArean regression model 69

individual-levelmodel:

TFP;=a+URB.f+ LOC.sy + X.sp + u;, (3.5)
with E(ui|U RB,s, LOC,5, X,s) = 0.

These models describe how the location of the conditionadlysstivity distribution
behaves by only considering the mean of the conditionaliligion to represent its central
tendency. However, the mean of a distribution provides anpartial information on the
way the response variable distribution reacts to a shifiércbvariates. The linear-in-mean
regression model makes the implicit assumption that theativdistribution is shifted in
the same way as its mean when the covariates move.

In the most basic setting, the linear regression model iw@n homoskedasticity as-
sumption, namely tha¥ (u;|U RB.s, LOC.s, X ), the conditional variance of the distur-
bance term, is a constamt, independent of. However, a simple departure from this basic
setup allows considering heteroskedasticity, i.e. a #mithe scale of the distribution of
the dependent variable when the covariates move. Henceatlidonal linear-in-mean re-
gression model is able to deal with location (mean) and gwaléance) shifts in the shape
of the response variable distribution and not more. Withexample, the question at hand
is to understand whether or not a shift in density (or any rotlwariates) only induces
location and scale shifts in the local sectoral produgtidistribution.

Consistency

This second-step regression suffers from a number of IgitfaRs emphasized by
Combes et alforthcoming, agglomeration and productivity may be simultaneoustgide
mined. Some areas may benefit from specific features thatafirms and enhance their
productivity. In that case, productivity in such locatiawuld be higher even without any
production externalities.

Proxies for such endowments are difficult to find. We intradirc our second-step
regression nine location-specific characteristics (spwading to variableX',, in models
3.4and3.5: surface area, longitude, latitude, altitude, declivitydummy for being on a
coast line, a dummy for being on a lake, a dummy for being on antain, contiguity to a
national border. By lack of credible instruments, we do re# an instrumental approach
as the one proposed I§ombes et alfforthcoming.

Efficiency

Explanatory variables are not firm-specific but area- or-aezor-specific. This me-
chanically introduces a complex form of correlation betwgeoductivity for firms in
the same cluster in thimdividual-level model 3.5 (seeMoulton (1990, Pepper(2002),
Wooldridge (2003). In the traditional linear-in-mean regression modelreation pat-
terns can be easily controlled for by an asymptotic robughesor (with clustering) of the
variance. In the quantile regression approach, theselatore patterns are more difficult
to deal with. We rely on a block-bootstrap procedure, whéoeks are area-sectorq)
clusters.
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3.3.2 Proxies for agglomeration economies

Building on the results from chapt@ we only consider the three following agglom-
eration economies: employment density and market potdatiarbanization economies,
and local specialization for localization economies. Ehpsoxies are computed for the
year 19942 using information from the DADS files for the whole sample (tintand
single-plant firms) in all the 114 original sectors. As highted earlier, each variable is
centered around its sectoral mean.

The first important question is to know how employment dgnsitommon proxy for
the size of the local market, impacts on the distribution wh foroductivity. Employment
density is defined for a given clustes by:

In(Density.;) = In(Density.) — In(Density.)

with
Densit Employment,
ensity, = ———————
Yz Sur face Area,’

where Employment, is the level of employment in area(number of full-time work-
ers) andln(Densityz)s is the average employment density across areas where sastor
located in.

Employment areas are not isolated islands, but they fornige leontiguous space.
Not only may firms benefit from the access to large input anguiunarkets in the area
they are located, but they may also take advantage of theatsarkthe neighboring areas.
Interactions could spill over the employment area bouredarieading to the existence of
between-arednteractions. A common proxy for thesetween-area interactionis the
so-called market potential, computed as the weighted suemgiioyment density in the
neighboring areas, with weights equal to the inverse oadist (between barycenters).

In(Market Potential,) = In(Market Potential,) — In(Market Potential,)

with
Density,

Market Potential, = Z -_,
i distance,

where Market Potential,” is the average market potential across areas where sector
is located in. Note that this market potential only takes mtcount the relative position
of employment areawithin France. However, we know that the integration of European
markets can drastically impacts on firm productivity. TlsisHe reason why we introduce
different location-specific characteristics that captheelocation of each employment area
with respect to French borders (longitude, latitude, andigaity to a national border).
Finally, according to Marshallian theoriasithin-industryexternalities (or localization
externalities) could be of great importance in explainifgPvariations across clusters. We

22The time variation in these variables is very small, so tesuaption is benign. Still we do not average
proxies for agglomeration economies over time to mitigae@ossible reverse causality effect.
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introduce an index for the relative specialization of ar@asectors computed as the share
of local employment in industry compared to the same share at the national scale.

In(Specialization.,s) = In(Specialization Index.s) — In(Specialization Index )

with
Employment s/ Employment,

Specialization Index,s = ,
b = Employments/ Employment

where Employment.,s is the employment in the clusters, Employment, the to-
tal employment in area, Employment, the nationwide employment in sectey and
Employment the nationwide employmenin(Specialization I ndexzs)s is the average
local specialization across areas where sectsiocated in.

Table3.3 provides summary statistics for these three variables.ekoh of them, the
first two lines detail moments of the distribution for theigéte in level and in logarithm
respectively. The third line corresponds to the variablegarithm once the sectoral mean
is subtracted. In that case, all the variables are area- ectdrsspecific. There are 341
employment areas and 12,784 clusters. Note that employdesrsity and specialization
are the two variables with the largest variability. The &gt columns of table&.3 provide
two quantile-based scale measures: the interquartileeré@®$C25) and the difference
between the  and 9" deciles (QSC10). For employment density, these statistios at
1.29 and2.88, respectively. This means that a firm located in a clustdn aitemployment
density in the 9 decile faces an almost 18-time as dense environment as afiatet in
a cluster with an employment density in th# decile?® than a firm located in a cluster with
an employment density in the!1decile. For specialization, these statistics stantl %t
and3.20, respectively. Similarly, clusters in th&'@ecile are almost 25-time as specialized
as clusters in thesi decile.

3.3.3 Results for the traditional linear-in-mean regressin model

Table 3.3 provides the results for the traditional linear-in-meagression model for
both measures of productivity - Ordinary Least Squares (Ol Olley and Pakes
(1996's methodology (OP).

Results in both cases are very similar. Columns (A) provalts for the simplest
model, where (log) productivity is only explained by the doighm of total employment
density in each cluster. The elasticity of productivity tmmoyment density stands at
0.036, a result similar to the one in the left-hand graph afrB@.12* The densest clusters
(i.e. in the last decile of the employment density distiifmit register a 18-time larger
density than clusters whose density stands in the firstaldtiineans that firms located in
these latter clusters are, on average, 10.5%.036 x 2.88)%°> more productive than firms

ZIn this case, we compare density in levels180= exp(2.88).

24n figure 3.1, we plot the partial correlation between log productivinddog density once accounted for
other spatial determinants of productivity. This is thes@awhy the results are similar.

ZWe give here a first order magnitude of the productivity prami The real value stands atep(0.036 x
2.88) — 1 =0.109.
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Table 3.2— Summary statistics for urbanization and localizatiorx@®e

Variable | #0bs.| Mean St.Dev] Min Q10 Q25 Q50 Q75 Q90 Max | QSC25 QSC10
Urbanization proxies
Density 341 | 66.12 428.120 0.97 3.87 7.24 1257 2576 52.38 733226 3.56  13.53
In(Density) 341 2.71 1.22) -0.03 135 198 253 3.25 3.96 8.90 1.27 2.60
In(Density)* 12,784 0.00 1.25| -3.24 -1.35 -0.77 -0.16 0.52 1.52 6.19 1.29 2.88
Market Potential 341 | 118.64 143.22 35.95 47.47 57.21 73.02 118.16 218.32 124467 2.07 4.60
In(Market Potential) 341 4.48 0.65| 3.58 386 4.05 4.29 4.77 5.39 7.13 0.73 1.53
In(Market Potential)*| 12,784 0.00 0.69| -1.16 -0.66 -0.46 -0.20 0.30 0.94 2.70 0.76 1.59
Localization proxies
Specialization 12,784 1.72 5.33) 0.00 0.12 0.28 0.67 1.57 3.62 347.13 557 30.55
In(Specialization) 12,784 -0.41 1.34) -5.78 -2.13 -1.27 -0.40 0.45 1.29 585 1.72 3.42
In(Specialization)* | 12,784 0.00 1.27| -5.27 -159 -0.80 -0.01 0.77 1.61 541 1.58 3.20

Notes: {) Variables with a star (*) are centered around their settogan. (i) QSC25 (QSC10) is a quantile-based scale measure at thepgcentile.

(10" percentile respectively.) When the variable is in le@§C25 = P75/P25. When the variable is in logarithn@ SC25 = P75 — P25.
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Table 3.3— The spatial determinants of productivity:
A traditional OLS approach

Dependent Variable: Log of firm productivity
TFP by OLS TFP by OP
(A) (B) (© (») (8) (©
Density 0.03¢* 0.03®* 0.032 | 0.038 0.0322 0.03%
(0.002) (0.002) (0.002)  (0.002) (0.002) (0.002)
Market Potential 0.043  0.046 0.044  0.046
(0.005) (0.005) (0.005) (0.005)
Specialization 0.021 0.019
(0.002) (0.002)
# firms 136,474 136,474 136,474136,474 136,474 136,474
# clusters 12,784 12,784 12,784 12,784 12,784 12,784
Adj. R? 0.032 0.033 0.036 0.031 0.032 0.034

Notes: {) All variables are in logarithm. All variables are centemdund their sectoral
mean, and thus cluster-specific. Controls for area-spesifitowments are also
included (results not shown).ii{ Asymptotic robust, clustered (with area-sector
blocks) standard errors in bracketsi)(*, °, ¢: Significant at the 1%, 5% and 10%
levels respectively.

located in the least dense clusters.

The introduction of market potential in columns (B) reduttess coefficient of density
to 0.031, which remains a sizable effect. Productivity tidédyg to market potential stands
at 0.045. However the dispersion of this variable acrosstets is less marked than for
density (see tabl8.2). The QSC10 statistic only standsiaf9 (in logarithm). The pro-
ductivity premium for firms in areas of the last decile in caripon with firms in areas of
the first decile for market potential stands at 7%.

Finally, in columns (C), we add an index of local specialmatalong with density
and market potential. This proxy for localization econagrigeunsurprisingly significantly
positive, and stands at 0.021. Once more, the economid eff¢icis variable depends on
its variability. The average QSC10 statistic (across altas) stands at 3.20, suggesting
that, on average, firms in areas of the last decile for speatan are 7% more productive
than firms in areas of the first decile.

The traditional linear-in-mean regression model assuimasthese effects are, on av-
erage, the same for all firms, regardless of their produgtivh other words, the benefits
from agglomeration are homogeneous across firms. In theseetibn, we reconsider this
assumption by estimating models (A), (B) and (C) of taBlg@ by a quantile regression
approach.

3.4 Agglomeration economies: a quantile regression appraca

The traditional linear-in-mean model only considers thepact of agglomeration
economies on the mean of the conditional distribution. I8 gection, we use quantile
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regressions to assess this impact at different quantilé#seofonditional productivity dis-
tribution, and not only the mean. We first present the lirdtat of the linear-in-mean ap-
proach, before turning to a more detailed description ofjtemntile regression techniques.
Results are reported in secti8rb.

3.4.1 Limitations of the traditional linear-in-mean regression model

In order to illustrate the limitations of the linear-in-nmegegression model, let us con-
sider tables3.4 and3.5 Table3.4 provides moments of firm productivity distribution for
the whole sample (first line) and per quartile of cluster dgr{ines 2 to 5) for both the
OLS and OP measures of productivity.

The first line of table3.4 is similar to the first line of tabl&.1 except that individual
productivity is explained by sectoral dummies and locaspacific controls, in a first step.
Lines 2 to 5 provides the same moments for the productivitridiution when the sample is
restricted to firms located in clusters belonging to eachitdeaf the employment density
distribution?® The first column provides the number of firms. 12459 firms acated in
clusters with an employment density in th& guartile. This number obviously increases
from the T to the 4" quartile, from 12,459 to 74,764 firms.

The average productivity of firms located in areas of the {tsirtile of employment
density is of course larger than the average productivityrafs in the least dense clusters.
It is shown in the second column of talBed. The fourth to first quartile difference in
average productivity (line 6, column 2 of tabB4) stands at 10%. It is obviously of
the same order of magnitude as previously. Average firm mtodty increases with the
logarithm of employment density.

However, in this table, we do not only compare the average giwductivity but also
the 10", 25t", 50", 751" and 90" percentiles of the conditional productivity distribution
across clusters belonging to different quartiles of emmpiegt density. At the 10 per-
centile of the conditional log productivity distributiotihe density premium (corresponding
to a comparison of firms in clusters of the first quartile forpdmgment density to firms in
clusters of the last quartile) stands at 5% only (see lineolynan 4 of table3.4). At the
90" percentile of the conditional log productivity distriborti, the density premium stands
at 14%, almost three times larger (see line 6, column 8 oétald). It is a first evidence
that the impact of density on productivity is not the samedlibfirms, and is much larger
for firms at the right end of the conditional productivity tisution. The larger elasticity
to density in the right end than in the left end of the condgiloproductivity distribution
induces an increase in the scale of this distribution asityeimsreases. Proofs are given
in the last two columns of tabf&4through the quantile-based scale measures, QSC25 and
QSC10. These statistics increase across density quafiae that the shape shift in the
productivity distribution put forward in tabld.4 can not be taken into account by a tradi-

Z\We are interested in the partial correlation between dgasitl productivity, once controlled for sectoral
dummies and area-specific controls for endowments. Thustezlemployment density is firstly regressed on
these controls.
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Table 3.4— Summary statistics for the distribution of firm produdivi
Per quartile of density

| #Obs/Mean St. Dey] Q10 Q25 Q50 Q75 Q90|QSC25 QSCI0

TFP by OLS
Total 136,474 0.00 0.43-0.42 -0.20 0.00 0.21 045 041 0.87
1T quartile 12,459 -0.07  0.41-0.46 -0.25 -0.06 0.13 0.36 0.38 0.82
2nd quartile 20,109 -0.04  0.4(-0.43 -0.23 -0.03 0.17 0.39 0.39  0.82
3" quartile 29,142 -0.02  0.39-0.41 -0.20 -0.01 0.18 0.39 0.38  0.80
4th quartile 74,764 0.03  0.44-0.41 -0.18 0.03 0.25 0.50 0.43  0.91
A 4 qu./PBiqu. -] 0.10 J70.05 0.07 0.09 0.12 0.14 005 0.09

TFP by OP
Total 136,474 0.00 0.44-0.44 -0.22 0.00 0.22 0.48 0.44 0.92
15 quartile 12,459 -0.07  0.44-0.49 -0.27 -0.07 0.14 0.38 0.41 0.87
2nd quartile 20,109 -0.04  0.41-0.46 -0.25 -0.04 0.17 0.41 0.41 0.87
3" quartile 29,142 -0.02  0.41-0.43 -0.22 -0.02 0.19 0.42 0.41 0.85
4th quartile 74,764 0.03  0.46-0.43 -0.19 0.03 0.26 0.52 0.45 0.96
A 4 qu./Tt qu. [ 0.10 J170.06 0.08 010 0.12 0.15 0.04 0.09

Notes: {) We first regress individual productivity and employmentsigy on sectoral dummies and
area-specific controls. The reported values are the rdsittoa that regressions.

tional linear-in-mean regression model. Such a model ig ahle to deal with mean and
(symmetric) scale shifts.

The impact of density is all the more surprising when comgharéh the impact of
specialization. Tabl8.5 provides the same kind of information as taBld by quartile of
cluster specialization. Once more, we first regress firmuyxctidty and specialization on
sectoral dummies, controls for local endowments, employgrdensity and market poten-
tial so as to emphasize the partial correlation betweenuatidty and specialization.

Note first that the productivity premium due to local spezation stands at 6% when
we consider the average firm productivity (line 6, column 2adfle 3.5), a similar mag-
nitude as the one put forward in the previous section. Cpntaemployment density,
the productivity premium due to local specialization isheatstable at different points of
the productivity distribution, equal to the estimate foe tinean at 6 to 8% (see line 6 of
table 3.5). It means that an increase in local specialization indwecssnple right shift
in the productivity distribution, and that the traditionimlear-in-mean regression model is
well-suited to capture this kind of effects.

3.4.2 The quantile regression model

Quantile regressions are well-suited to analyze the kindoofiplex shape shifts in
distribution put forward in the previous section. Tdugantile-regression moddirst intro-
duced byKoenker and Basse{il978, allows exploring more detailed transformations of
the response variable distribution as covariates move.

Similarly to model3.4, Koenker and Bassettl978 define thequantile-regression
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Table 3.5— Summary statistics for the distribution of firm produdijvi
Per quartile of specialization

| #Obs/Mean St. Dey] Q10 Q25 Q50 Q75 Q90|QSC25 QSCI0

TFP by OLS
Total 136,474 0.00 0.47-0.42 -0.20 0.00 0.21 0.44 0.41 0.86
15T quartile 10,093 -0.05  0.44-0.49 -0.25 -0.03 0.18 042 043 0.91
2nd quartile 26,298 -0.01  0.40-0.42 -0.20 -0.01 0.19 0.41 0.39 0.83
3 quartile 50,205 -0.01  0.41-0.41 -0.20 -0.00 0.20 0.42 0.39  0.83
4th quartile 49,878 0.02  0.45-0.41 -0.18 0.02 0.24 0.49 0.42  0.90
A 4 qu./1t qu. -l 0.07 J70.08 0.07 0.05 0.06 0.47 -0.01 -0.01

TFP by OP
Total 136,474 0.00 0.44-0.44 -0.21 0.00 0.22 0.47 0.43 0.91
15t quartile 10,093 -0.04  0.45-051 -0.26 -0.03 0.20 0.46 0.46 0.97
2nd quartile 26,298 -0.01  0.41-0.44 -0.22 -0.01 0.20 0.43 0.41 0.87
3" quartile 50,205 -0.01  0.42-0.43 -0.21 -0.01 0.21 0.44 0.42 0.88
4th quartile 49,878 0.02  0.47-0.44 -0.20 0.02 0.25 0.2 0.45 0.96
A 4 qu./Tt qu. —[ 0.06 J170.07 0.06 0.05 0.05 0.6 -0.01 -0.01

Notes: () We first regress individual productivity and local speiziation on sectoral dummies, area-
specific controls, employment density and market poterifilaé reported values are the resid-
uals from that regressions.

modelwhere the conditionat*” quantile of the outcome is a linear function of the co-
variates:

Q- (TFPURB,s, LOC.s, X.s) = a(17)+URB,s (1) + LOC,sy(7)+ X.sp(7). (3.6)

Consistent estimates for parametexs), 5(7), v(7) and p(7) can be obtained by
estimating the followindirm-levelmodel:

TFP, = o(r) + URB.sB(1) + LOC.svy(1) + X.sp(T) + u;, (3.7)
with QT(ui|URst> LOC., Xzs) =0,

whereQ (u;|[URB.,, LOC.,, X.,) is the conditionat*” quantile of the residual. Param-
etersa(7), B(7), v(7) andp(7) are specific to the'" quantile and can be defined for any
guantile between 0 and 1, at least theoretically. It is wertiphasizing that contrary to
the linear-in-mean regression model there isaggregate, cluster-levehodel equivalent
to model3.7.

Koenker and Basseft 978 show that under this linearity assumption, consister est
mators ofr-specific elasticities are obtained by minimizing tmymmetric absolute loss
functionor "check" function:

N

min ¢ (TFP, —a+URB +LOC..~+ X ’
a€R,(B,v,p)€(RK)3 ; ( L ZS/B 257 zsp)

where
cr(u) = (t1u > 0] + (1 — 7)1[u < 0])|u| = (7 — 1u < 0])u,
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Table 3.6— Employment density and productivity

Dependent Variable: Log of firm productivity
TFP by OLS
OLS| (Q10) (@25 (@50) @75 (@90)

Density 0.03¢ 0.02% 0.03 0.034 0.041 0.047
(0.002) |  (0.003) (0.002) (0.002) (0.002) (0.004)

Const. 0.000| -0.417 -0.198 0.003 0.2t 0.444
(0.002) |  (0.005) (0.002) (0.002) (0.003) (0.006)
TFP by OP

Density 0.038 0.027 0.033 0.037 0.043 0.048
(0.001) |  (0.005) (0.002) (0.002) (0.003) (0.005)

Const. 0.00| -0.442 -0.212 -0.0003 0.22 0471
(0.002) |  (0.005) (0.002) (0.002) (0.004) (0.006)
Obs. 136,474| 136,474 136,474 136,474 136,474 136,474

#cluster| 12,784| 12,784 12,784 12,784 12,784 12,784

Notes: {) All variables are in logarithm.ii) Bootstrapped, clustered (with area-
sector blocks) standard-errors in brackets, 20 replinati@2784 area-
sector clustersi{) ¢, °, ¢: Significant at the 1%, 5% and 10% levels
respectively.

with 1[e] the indicator function. Hence, every individual, firm-leedservation is used in
the computation procedure for elasticities at each quantil

The quantile regression model has the main advantage awdindar-in-mean regres-
sion model that it makes easy the analysis of the full comliti distribution of the response
variable. In the next section, we use this model to quantifdpctivity elasticities to ur-
banization and localization economies at different pointthe conditional productivity
distribution.

3.5 Results for the quantile regression model

3.5.1 Model A

Table3.6reports the results from quantile regressions for model f@)both estimates
of productivity (OLS and OP). The 3 quartilesq5, Q50 andQ75) are presented in the
table as well as the two extreme decileslQ) and ©90). Figure3.2 plots the results
for each decile between 1 and 9. In the table and the figure,epert results for the
constant of the regression, called tigpical setting(see left-hand graph of figu®2) and
the productivity elasticity to density (see right-handraf figure3.2).

The first column of table3.6 reports the results for the traditional linear-in-mean re-
gression model. These results are the same as the onestpdesetable3.3 (columnAa).
Note first that all variables in the regression are centeredral their sectoral means. It is
the reason why the constant term in the OLS regression id &mg0a

Thetypical setting(left-hand graph of figur8.2) provides a specific conditional quan-
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Figure 3.2— Employment density and productivity
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tile function for productivity, namely the one fitted at thevariate means. In our case,
these means are equal to zero. By definition, the fitted donditquantile function mono-
tonically increases with the quantilgs The distribution of productivities lies in the [-0.5,
0.5] range. More interestingly, the median is close to thamdt is due to the use of a
model in logarithm form. The log transformation tends to m#ie response variable more
symmetric around its mean. The steeper slopes at the bagilatrtop-end of the graph{
and9*" deciles) are an evidence of a larger dispersion in prodtictat both ends of the
distribution.

The effect of employment density (right-hand graph of figBr® can be described
as the change in the conditional productivity decile braughout by a shift in cluster
employment density. Note first that the density effect igigigantly positive at any decile,
because the confidence envelope at the 5% level (the shagkddaies not cross the zero
line?” Second, the right-hand graph of figuBe2 shows a clear upward-sloping curve
for the effect of density. The effect of a shift in employmeleinsity is positive for each
decile and steadily increasing with deciles. This meansfiimas at the upper-end of the
conditional productivity distribution (thé™* decile) benefit more from a shift in cluster
employment density than firms at the lower-end of the distigm (the1*! decile).

Z'This confidence interval is obtained by block-bootstrap.
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Table 3.2 provides the QSC10 statistic for cluster employment dgnsianding at
2.88. Firms in the first decile of the conditional produdtiviistribution and located in
clusters of the & decile for employment density are 7.2%:(z(0.025 x 2.88) — 1) more
productive than firms in the same decile of the conditionaldpctivity distribution but
located in clusters of the first decile for employment dgnsivhen we consider firms in
the last decile of the conditional log productivity, the guativity premium due to density
increases to 13.5% ¢z p(0.047 x 2.88) —1). The productivity premium is thus twice larger
for the most productive firms than for the least productivesoiT he difference between the
two values is statistically significant. These values areanfrse in line with the summary
statistics provided in tablg.4.

Interestingly, this results is in accordance w@lombes et al(2009, but of a lesser
magnitude. They show that cities with more than 200,000hitaats are, on average, 10.5
times as dense as cities with less than 200,000 inhabitéfitis.their estimated elasticities,
they find that firms in the bottom decile of the conditional legductivity distribution
register a 1% increase in productivity, against a 21% irsgdar firms in the top decile.
The difference can perhaps be explained by the fact@wahbes et al(2009 sort out
cities (with various employment densities) into only twogps (below and above 200,000
inhabitants), whereas we consider the whole distributibolaster employment density.
Furthermore, we do not use the same basic geographical (uriiign centers ilCombes
et al. (2009, employment areas in our case). FinalBombes et al(2009 only take
indirectly into account the spatial industrial structure, the tendency for specific sectors
to locate in high density areas. We highlight in secB8oBthat this effect is controlled for in
our setup because proxies for agglomeration economiesatered around their sectoral
means. We thus compare differences in productivity for fioperating in the same sector
but facing different densities. Due to their methodold@gmbes et al2009 cannot center
the employment density variable. It is the reason why thegypce results for each 2-digit
industry separatly. Under the assuption that locationag®Bcross sectors of the same
industry are homogeneous, they also indirectly controtlierspatial industrial structure.
Table 3.7 provides results for model (A) when we do not center explanyavariables
around their sectoral mean. Not only does the elasticityfeiconditional mean is lowered
from 0.036 to 0.03, but also is the difference between theeme deciles increased. This
result partially fills the gap between our results and the proposed byCombes et al.
(2009.

3.5.2 Model B

Table 3.8 and figure3.3 provide productivity elasticities to employment densityda
market potential estimated in model (B). Note first that thteoduction of market poten-
tial slightly reduces the coefficient of density for all qtiles. The impact of density on
productivity remains however statistically significantaditquantiles and increases mono-
tonically with the conditional productivity quantile. Tleeefficient of density ranges from
0.022 in the ¥! decile t00.043 in the last decile. On the contrary, the impact of market
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Table 3.7— Employment density and productivity

Without centering agglomeration proxies around their secheans

Dependent Variable: Log of productivity

TFP by OLS
OLS | (Q10) (Q25) (@50) (Q75) (Q90)
Density 0.03 | 0.009 0.02r 0.03 0.039% 0.048
(0.002) (0.004) (0.003) (0.001) (0.002) (0.004)
Const. -0.058| -0.219 -0.208  -0.031 0.008 0.134
(0.046) (0.114) (0.083) (0.056) (0.072) (0.117)
Obs. 136,474| 136,474 136,474 136,474 136,474 136,474
#cluster| 12,784| 12,784 12,784 12,784 12,784 12,784

Notes: {) All variables in logarithms. i() Bootstrapped, clustered standard-
errors in brackets, 20 replications, 12784 area-sectatas.iii) ¢, °,
¢: Significant at the 1%, 5% and 10% levels respectively.

Table 3.8— Employment density, market potential and productivity

Dependent Variable: Log of firm productivity
TFP by OLS
OLS| (Q10) (@25) (@50) @75 (@90)
Density 0.03* | 0.01» 0.024 0.029* 0.037# 0.041
(0.002) (0.004) (0.002) (0.002) (0.003) (0.004)
Market Potential| 0.043" | 0.047  0.044 0.04 0.03% 0.04%
(0.005) (0.008) (0.006) (0.005) (0.006) (0.014)
TFP by OP
Density 0.032 | 0.0222 0.027# 0.0327 0.038 0.043
(0.002) (0.003) (0.002) (0.002) (0.003) (0.005)
Market Potential| 0.044* | 0.046* 0.04% 0.043 0.038 0.038&
(0.004) (0.009) (0.006) (0.006) (0.009) (0.014)
Obs. 136,474| 136,474 136,474 136,474 136,474 136,474
# cluster 12,784 12,784 12,784 12,784 12,784 12,784

Notes: {) All variables in logarithms. i{) Bootstrapped, clustered (with area-sector
blocks) standard errors in brackets, 20 replications, 42#8a-sector clustersi |
a b e Significant at the 1%, 5% and 10% levels respectively.

potential on productivity is almost the same for all decil&é®r all deciles, the elasticity
to market potential stands around its OLS valu@45. This means that market potential
impacts upon the conditional productivity distributiomdahigh a simple right shift. In that
case, we see that the traditional linear-in-mean model daather good job in estimating
the elasticity to market potential.

3.5.3 Model C

Table 3.9 and figure3.4 provide elasticities to density, market potential and l@pee-
cialization estimated in model (C). The results for denstyery similar to the ones ob-
tained in model (B). Contrary to market potential, the idtrotion of local specialization
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Figure 3.3— Density, Market Potential and Productivity
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does not further impact upon the coefficient of density. Thpdct of specialization on
productivity is almost identical to its OLS value for all atitional deciles. However, this
impact is a bit larger for extreme deciles, even if the défere is not statistically sig-
nificant. The conclusion is fairly clear. Contrary to empt®nt density, the impact of

specialization is almost uniform across the whole proditgtdistribution.
Whereas localization economies uniformly shift the praty of firms, urbanization

economies (at least employment density) distort this itigion by a larger increase in
productivity at the right end of the distribution than at te& end. This means that firms
benefit almost equally from localization economies, butrttest productive firms benefit

relatively more from urbanization economies than the Ipestiuctive ones.

3.5.4 Results by industry

In this section, we turn to results by industry. In the secsteg, we estimate the mag-
nitude of urbanization and localization economies for ezcligit (NES60) industry sep-

arately?® We prefer the 2-digitndustry-levelclassification rather than the 3-digiector-

level classification because any estimation of urbanization aoalization economies at

2The first-step individual productivity estimation remagmnputed at the 3-digit sector level.
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Table 3.9— The spatial determinants of productivity: a quantile esgion approach

Dependent Variable: Log of firm productivity

TFP by OLS
OLS | (Q10) (Q25) (@50) (Q75) (Q90)
Density 0.032 | 0.019¢ 0.026 0.0 0.037 0.042

(0.001) |  (0.004) (0.003) (0.002) (0.002) (0.004)

Market Potential| 0.046 0.049 0.046 0.042 0.042 0.043
(0.005) (0.008) (0.004) (0.004) (0.006) (0.013)

Specialization 0.021 0.022 0.019 0.01¢ 0.019 0.021
(0.002) | (0.004) (0.002) (0.002) (0.003) (0.004)
TFP by OP

Density 0.03% 0.023 0.028 0.03% 0.038 0.044
(0.002) |  (0.004) (0.002) (0.002) (0.003) (0.006)

Market Potential| 0.046' 0.047 0.048 0.043 0.04* 0.036"
(0.004) (0.008) (0.006) (0.005) (0.007) (0.013)

Specialization 0.019 0.019 0.016 0.01% 0.019 0.024
(0.002) (0.003) (0.002) (0.002) (0.003) (0.004)
Obs. 136,474| 136,474 136,474 136,474 136,474 136,474
# cluster 12,784 12,784 12,784 12,784 12,784 12,784
Notes: {) All variables in logarithms. i{) Bootstrapped, clustered (with area-sector

blocks) standard errors in brackets, 20 replications, 42#8a-sector clustersi |
a b e Significant at the 1%, 5% and 10% levels respectively.

such a detailed level would certainly lead to insignificagults in most cases, due to the
small number of observations in each sector. In this sulbseatodel, we only consider
(C) where all proxies for agglomeration economies are el

Table3.10in appendix3.7 provides, for each 2-digit industry, the conditional mean
(column OLS) and the typical setting, i.e. the conditionatites for productivity at the
covariate means (equal to zero in our case). The last tworo@wf table3.10provide for
each industry the number of firms in the industry and the nurobelusters used in the
computation of standard errors. Each industry has a zerag&eroductivity. Dispersions
in productivity are very similar from one industry to the ethranging roughly between
—0.5 t0 0.5. It can be explained by the introduction of sector-specifimthies in the
first-step productivity estimation. Such dummies captursector-specific determinants
of productivity and wipe out any sector-specific componémis the residuals. Moreover,
we average individual productivity across years. This setuderase extreme values in
productivity.

Table3.11in appendix3.7 provides, for each industry, OLS and quantile estimates for
the coefficient of employment density estimated in model. (Mte first that OLS elas-
ticity to density is always positive, but changes a lot frone andustry to the other. The
impact of density on productivity ranges from 0.011 (sigmifit at the 10% level only) in
the electric and electronic equipment industry (E3) to at@092 in the ships, aircraft,
railroad equipment industry (E1). Broadly speaking, irides can be sorted out into two
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types. In the first one, the elasticity to density increasesatonically from the ¥ to the
9" decile, with a difference between the two extreme elaggiarger than 0.02 points.
This is the case for industry C1, C2, C4, DO, E1, F1, F3, F4 ag@d M these indus-
tries, the differential impact of density across decileshis largest one, suggesting that
the most productive firms reap more benefits from the oveizdl af the market than the
least productive firms. For the remaining industries (BO, E2, F2, F5), the elasticity
to density is rather stable across deciles, equal to the Gti®a&e. For these industries,
density impacts upon productivity uniformily across firnisnally, industry F6 - Electric
and Electronic components - has a specific pattern with aiaigsticity to density at the
median productivity, but lower values at both ends.

Table3.12in appendix3.7 provides, for each industry, OLS and quantile estimates for
the coefficient of market potential estimated in model (CoteNfirst that OLS estimate is
always positive (except for industry C3) but significanttfet 1% level) in a rather limited
number of cases (7 out of 16). When significant, the impact afket potential is rather
stable across quantiles (see for instance industries EEE£B3I2). In some industries (BO,
C1 and DO), the impact of market potential is larger at theeloend of the productivity
distribution, suggesting that the least productive firmsdfi€ more from the accessibility
to other markets than more productive firms in that specifitoss.

Finally, table3.13in appendix3.7 provides, for each industry, OLS and quantile esti-
mates for the coefficient of local specialization estimatetiodel (C). As already noted in
chapter2, the elasticity to specialization is positive and significen a very limited num-
ber of industries (6 out of 16). Localization economies ageeially strong in industry
BO- Food, beverages, and tobacco, E1- Ship, aircraft,oelrequipment, E3 - Electric
and Electronic equipment, N2- Consultancy, advertising lamsiness services, C4- Do-
mestic appliances, furniture and finally, E2- Machinery. naged on the pooled sample,
the elasticity to local specialization is rather stableoasrquantiles. In industry BO and E3
however, the elasticity to local specialization seems togiase monotonically with quan-
tiles.

3.6 Conclusion

In this paper, we assess the magnitude of urbanization aadization economies on
firm productivity, by using a quantile regression approaie mainstream approach relies
on a traditional linear-in-mean OLS approach. So, it is inithy assumed that agglomer-
ation economies raise the productivity of all firms by the eaamounton average The
guantile regression approach allows us to question thalidinpssumption and to test
whether agglomeration economies are not only related yostit but also individual pro-
ductivity. We are able to test for the differential impactass firms of both urbanization
and localization economies.

Two important results stand out from our analysis:

1. Firms are not only more productive in denser areas, buntitease in productivity
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induced by urbanization economfiéss stronger for the most productive firms. This
result is true in 9 out of 16 2-digit industries.

2. Firms are more productive in more specialized areas,daalization economies,
contrary to urbanization economies, do not benefit more thst productive firms.
This result is also true in all industries where localizateonomies are significantly
at work.

These results question the theoretical literature on aggtation economies. Indeed,
as highlighted bypuranton and Pugi@004), external returns to scale rely on heterogeneity
across economic agents. But this heterogeneity is onlgdiatal, like in the workhorse
monopolistic competition model. The previous results nidedntroduction of some kind
of vertical heterogeneity into models to find interpretasio So far, the literature on ag-
glomeration economies and vertical heterogeneity acnagfupers has been quite limited.
Combes et al(2009 stands as an exception. They suggest that workers are mumteg
tive when they work for more efficient firms and that this effieenhanced by interactions
with other workers. In other words, initial heterogeneityass producers is magnified by
agglomeration economies through the interplay of the prtidty of workers. There is no
doubt that the link between agglomeration economies artitakeheterogeneity deserves
further research, especially to understand the diffeaedi results between urbanization
and localization economies put forward in this paper.

2Contrary toCombes et a2009, our approach does not allow us to disentangle agglonoerationomies
from selection. However, we take for grant€dmbes et al(2009’s results that there is no significant differ-
ence across areas in the intensity of selection (at leasisdevel of sectoral aggregation).
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3.7 Appendix to chapter3: Complementary tables

Table 3.10- Typical setting: Details by industry

Dependent Variable: Log of firm productivity

TFP by OLS
OLS | (Q10) (@25) (@50) (@75) (Q90)| Obs. # clust.
BO. Food, beverages and tobacco 0.00 |-0.359" -0.173 0.002 0.176 0.373' (23191 1314
(0.005)| (0.006) (0.004) (0.003) (0.005) (0.008) _ _
C1. Apparel, leather 0.00 |-0.455" -0.211 0.007 0.2353 0.472'| 4860 466
(0.011)| (0.029) (0.021) (0.011) (0.011) (0.01f7) _ _
C2. Publishing, printing, recorded medig 0.00 | -0.43" -0.20%" -0.001 0.208 0.454"| 8948 334
(0.005)| (0.02) (0.012) (0.006) (0.009) (0.028) _ _
C3. Pharmaceuticals, perfumes, soap 0.00 | -0.57 -0.303" 0.002 0.296 0.646'| 804 271
(0.025)| (0.048) (0.024) (0.02) (0.016) (0.04B) _ _
C4. Domestic appliances, furniture 0.00 [-0.397" -0.191" 0.006 0.207 0.425'| 5945 949
(0.006)| (0.009) (0.005) (0.005) (0.008) (0.009) _ _
DO. Motor vehicles 0.00 | -0.4* -0.167* 0.008 0.194 0.398'| 1378 417
(0.011)| (0.028) (0.009) (0.009) (0.014) (0.019) _ _
E1. Ships, aircraft, railroad equipment | 0.00 [-0.454' -0.192' 0.02Z2 0.227" 0.482'| 965 271
(0.022)| (0.023) (0.014) (0.012) (0.016) (0.04B) _ _
E2. Machinery 0.00 | -0.36* -0.173' 0.003 0.184 0.384'|13896 1863
(0.003)| (0.006) (0.003) (0.003) (0.004) (0.006) _ _
E3. Electric and electronic equipment | 0.00 [-0.369" -0.186" 0.005 0.196 0.408'| 5341 950
(0.005)| (0.01) (0.005) (0.007) (0.006) (0.014) _ _
F1. Building materials, glass products | 0.00 | -0.4* -0.195" 0.002 0.21% 0.443'| 3967 776
(0.008)| (0.015) (0.007) (0.005) (0.009) (0.009) _ _
F2. Textiles 0.00 |-0.431 -0.214' -0.005 0.224 0.47 | 3005 466
(0.018)| (0.012) (0.015) (0.012) (0.016) (0.015) _ _
F3. Wood, paper 0.00 [-0.369" -0.174" 0.005 0.19 0.397"| 5819 649
(0.005)| (0.009) (0.006) (0.007) (0.005) (0.009) _ _
F4. Chemicals, rubber, plastics 0.00 |-0.439" -0.201" 0.008 0.22%1 0.454'| 4696 902
(0.006)| (0.014) (0.006) (0.007) (0.009) (0.01P) _ _
F5. Basic metals, metal products 0.00 {-0.347 -0.169" 0.003 0.178 0.363'|14085 1254
(0.006)| (0.009) (0.003) (0.006) (0.006) (0.007) _ _
F6. Electric and electronic components | 0.00 [-0.43T" -0.186" 0.012 0.219 0.447 | 2244 440
(0.008)| (0.013) (0.012) (0.012) (0.01) (0.01f7) _ _
N2. Consultancy, advertising, business 5e3-:00 (-0.522' -0.247* 0.006 0.262 0.551"|37330 1462
vices (0.006)| (0.007) (0.006) (0.005) (0.008) (0.01f7) — -

Notes: {) All variables in logarithm. i{) Bootstrapped, clustered (with area-sector blocks) staherrors
in brackets, 20 replicationsii( ¢, ?, ¢: Significant at the 1%, 5% and 10% levels respectively.
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Table 3.11- Elasticity to density: Details by industry

Dependent Variable: Log of firm productivity

TFP by OLS

OLS [ (Q10) (@25) (@50) (Q@75) (Q90)| Obs. #clust.

BO. Food, beverages and tobacco 0.033'[0.027* 0.028 0.03" 0.034" 0.041"|23191 1314
(0.005) (0.007) (0.006) (0.004) (0.004) (0.006) _ _

C1. Apparel, leather 0.023'| 0.004 0.02 0.024 0.034 0.064'| 4860 466

(0.009)| (0.015) (0.008) (0.011) (0.012) (0.017) _ _

C2. Publishing, printing, recorded medig 0.038' | 0.015 0.03 0.036"' 0.048" 0.069'| 8948 334
(0.006)| (0.01) (0.008) (0.007) (0.007) (0.01p) _ _

C3. Pharmaceuticals, perfumes, soap | 0.027/-0.033 0.013 0.0340.058 0.059| 804 271
(0.027)| (0.046) (0.03) (0.015) (0.031) (0.039) _ _

C4. Domestic appliances, furniture 0.041(0.032 0.033 0.037 0.05' 0.059"| 5945 949
(0.006)| (0.015) (0.007) (0.006) (0.005) (0.012) _ _

DO. Motor vehicles 0.035'| 0.011 0.03 0.032 0.048 0.05* | 1378 417
(0.013)[ (0.029) (0.01) (0.012) (0.012) (0.01B) _ _

E1. Ships, aircraft, railroad equipment [0.092'| 0.06 0.054 0.08" 0.05¥ 0.144'| 965 271
(0.018)| (0.047) (0.018) (0.016) (0.031) (0.04{1) _ _

E2. Machinery 0.029'|0.027* 0.03F 0.033 0.037 0.03* |13896 1863
(0.004)| (0.007) (0.003) (0.003) (0.004) (0.006) _ _

E3. Electric and electronic equipment |0.01F | 0.02* 0.019' 0.017 0.014 0.0Z | 5341 950
(0.007)| (0.007) (0.004) (0.004) (0.006) (0.01j1) _ _

F1. Building materials, glass products |0.027 | 0.01 0.019 0.02% 0.023 0.03%| 3967 776
(0.009)| (0.017) (0.011) (0.01) (0.01) (0.014) _

F2. Textiles 0.042|0.037 0.03* 0.038 0.04Z 0.04% | 3005 466
(0.012)[ (0.019) (0.007) (0.013) (0.013) (0.023) _ _
F3. Wood, paper 0.045'| 0.011 0.029 0.03%" 0.05' 0.066'| 5819 649
(0.006)| (0.011) (0.007) (0.009) (0.015) (0.015) _ _
F4. Chemicals, rubber, plastics 0.033'0.018 0.019 0.031* 0.04° 0.045 | 4696 902
(0.008)| (0.009) (0.007) (0.008) (0.011) (0.025) _ _
F5. Basic metals, metal products 0.023'[0.019 0.02 0.022" 0.023" 0.024'|14085 1254

(0.004)| (0.011) (0.005) (0.005) (0.006) (0.006) _ _

F6. Electric and electronic components |0.023 | 0.017 0.022 0.036' 0.031 0.0006 2244 440
(0.011)| (0.02) (0.011) (0.01) (0.011) (0.02f) _ _

N2. Consultancy, advertising, business s21034' 0.014 0.028 0.039" 0.043 0.043 |37330 1462
vices (0.004)| (0.007) (0.008) (0.004) (0.005) (0.0]) — -

Notes: {) All variables in logarithm. i{) Bootstrapped, clustered (with area-sector blocks) staherrors
in brackets, 20 replicationsi( ¢, ?, ¢: Significant at the 1%, 5% and 10% levels respectively.
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Table 3.12— Elasticity to market potential: Details by industry

Dependent Variable: Log of firm pro

ductivity

TFP by OLS

OLS | (Q10) (@25) (@50) (@75) (Q90)| Obs. #clust.
BO. Food, beverages and tobacco 0.052|0.07F 0.064* 0.056" 0.048 0.03 23191 1314
(0.013)| (0.016) (0.014) (0.009) (0.011) (0.014) _ _
C1. Apparel, leather 0.029(0.129* 0.067 0.029 -0.005 -0.06%44860 466
(0.041)( (0.036) (0.028) (0.028) (0.033) (0.062) _ _
C2. Publishing, printing, recorded medig 0.043'| 0.002 0.027 0.051 0.06%" 0.053| 8948 334
(0.015)[ (0.022) (0.017) (0.018) (0.013) (0.043) _ _
C3. Pharmaceuticals, perfumes, soap |-0.009| 0.034 -0.011 0.031 0.049 -0.065804 271
(0.071)[ (0.116) (0.072) (0.058) (0.06) (0.129) _ _
C4. Domestic appliances, furniture 0.031| 0.027 0.037 0.033 0.021 -0.0415945 949
(0.022)[ (0.035) (0.016) (0.016) (0.025) (0.031) _ _
DO. Motor vehicles 0.059'| 0.1 0.053 0.057 0.06Z 0.055| 1378 417
(0.022)| (0.055) (0.025) (0.031) (0.032) (0.0%) _ _
E1. Ships, aircraft, railroad equipment | 0.021| 0.06 0.079 0.009 0.03 0.109965 271
(0.05) | (0.116) (0.064) (0.04) (0.06) (0.15p) _ _
E2. Machinery 0.045'{0.023 0.041 0.039° 0.03%" 0.054'|13896 1863
(0.01) | (0.014) (0.009) (0.009) (0.014) (0.02) _ _
E3. Electric and electronic equipment |0.059" |0.054 0.062Z' 0.04F 0.03% 0.062 | 5341 950
(0.014)[ (0.025) (0.013) (0.013) (0.018) (0.028) _ _
F1. Building materials, glass products |0.062 | 0.017 0.068 0.052 0.058 0.094| 3967 776
(0.03) | (0.055) (0.036) (0.024) (0.021) (0.052) _ _
F2. Textiles 0.06° | 0.074 0.026 0.032 0.035 -0.02B005 466
(0.031)[ (0.057) (0.033) (0.028) (0.032) (0.04) _ _
F3. Wood, paper 0.021| 0.043 0.02 0.022 0.023 0.0245819 649
(0.026)| (0.028) (0.025) (0.014) (0.024) (0.043) _ _
F4. Chemicals, rubber, plastics 0.022| 0.043 0.025 -0.009 -0.041 0.0191696 902
(0.024)[ (0.036) (0.024) (0.021) (0.031) (0.047) _ _
F5. Basic metals, metal products 0.046'|0.044 0.05' 0.05 0.04% 0.032|14085 1254
(0.013)[ (0.021) (0.013) (0.009) (0.014) (0.022) _ _
F6. Electric and electronic components | 0.044| 0.056 0.044 0.035 0.018 0.032244 440
(0.031)[ (0.048) (0.034) (0.032) (0.042) (0.055) _ _
N2. Consultancy, advertising, business s21056' |0.056' 0.049" 0.051* 0.056' 0.08 |37330 1462
vices (0.009)| (0.018) (0.013) (0.009) (0.015) (0.024) — -

Notes: {) All variables in logarithm. i{) Bootstrapped, clustered (with area-sector blocks) staherrors
in brackets, 20 replicationsi( ¢, ?, ¢: Significant at the 1%, 5% and 10% levels respectively.
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Table 3.13- Elasticity to specialization: Details by industry

Dependent Variable: Log of firm productivity

TFP by OLS
OLS | (Q10) (@25) (@50) (Q75) (Q90)| Obs. # clust.
BO. Food, beverages and tobacco 0.066'(0.048" 0.05* 0.053" 0.068" 0.1* |23191 1314
(0.008)| (0.013) (0.005) (0.007) (0.008) (0.01) _ _
C1. Apparel, leather -0.006( 0.019 -0.006 -0.007 -0.0005 -0.012860 466
(0.008)| (0.016) (0.007) (0.01) (0.013) (0.01B) _ _
C2. Publishing, printing, recorded media 0.013| 0.014 0.008 0.006 0.005 0.013948 334
(0.011) (0.022) (0.009) (0.012) (0.009) (0.019) _ _
C3. Pharmaceuticals, perfumes, soap |[-0.008 0.026 -0.01 -0.013 -0.027 -0.021804 271
(0.019) (0.027) (0.019) (0.023) (0.028) (0.037) _ _
C4. Domestic appliances, furniture 0.026'|0.03* 0.026' 0.025" 0.022' 0.026'| 5945 949
(0.006)| (0.008) (0.006) (0.005) (0.006) (0.007) _ _
DO. Motor vehicles -0.007/-0.019 -0.001 -0.002 -0.014 -0.013378 417
(0.007) (0.013) (0.007) (0.008) (0.009) (0.014) _ _
E1. Ships, aircraft, railroad equipment |0.037|0.086¢ 0.032* 0.018 0.028 0.053'| 965 271
(0.014) (0.038) (0.011) (0.008) (0.013) (0.017) _ _
E2. Machinery 0.016'(0.018 0.02F 0.014' 0.018 0.017 (13896 1863
(0.003)| (0.005) (0.005) (0.003) (0.007) (0.007) _ _
E3. Electric and electronic equipment |0.031%(0.014 0.025' 0.02* 0.031* 0.032'|5341 950
(0.008)| (0.007) (0.004) (0.004) (0.006) (0.006) _ _
F1. Building materials, glass products |-0.005 0.013 -0.0002 -0.009 -0.02 -0.018967 776
(0.009) (0.014) (0.011) (0.008) (0.014) (0.01) _ _
F2. Textiles 0.017{0.032" 0.008 0.009 0.007 0.0083005 466
(0.011) (0.012) (0.009) (0.01) (0.009) (0.011L) _ _
F3. Wood, paper -0.03*|-0.032* -0.02%' -0.029" -0.03* -0.028|5819 649
(0.005) (0.012) (0.006) (0.006) (0.01) (0.01p) _ _
F4. Chemicals, rubber, plastics 0.0006 0.003 -0.00006 -0.007 -0.014 -0.0p8696 902
(0.009)| (0.012) (0.008) (0.005) (0.012) (0.0111) _ _
F5. Basic metals, metal products 0.006({0.015 0.006 0.007 -0.0002 -0.0024085 1254
(0.005) (0.008) (0.005) (0.005) (0.005) (0.007) _ _
F6. Electric and electronic components | 0.002| 0.026 0.015 0.009 0.002 -0.008244 440
(0.009) (0.017) (0.01) (0.008) (0.01) (0.014) _ _
N2. Consultancy, advertising, business §e626' 0.029 0.025 0.02Z 0.029 0.028 37330 1462
vices (0.006)| (0.013) (0.008) (0.007) (0.007) (0.016) — -

Notes: {) All variables in logarithm. i{) Bootstrapped, clustered (with area-sector blocks) staherrors
in brackets, 20 replicationsi( ¢, ?, ¢: Significant at the 1%, 5% and 10% levels respectively.






CHAPTERA4

Product complexity, quality of
Institutions and the pro-trade effect
of immigrants?

4.1 Introduction

Despite the widespread availability of modern communicatechnologies, informa-
tion costs still play a crucial role in shaping world tradétpans. As surveyed b&nderson
and VanWincoop(2004), these costs largely account for the puzzling persistefais-
tance and border impediments to trade.

According toRauch(2007), social and business transnational networks are likely to
alleviate some of these information failures. Cross-bonddworks are prone to substitute
for organized markets in matching international buyers seltbrs, and this is especially
true for differentiated products. In this respect, co-&thmetworks are of more particular
interest, as illustrated for instance by the modeCakella and Raucf2003. Immigrants’
ties to their home country may promote trade for at leasetheasons. First, immigrants
have a good knowledge of the customs, language, laws assalisiness practices in both
the host and home countries. Accordingly, their presentgsh®idging the information
gap between sellers and buyers on both sides, hence prgrokiteral trade opportu-
nities. Second, immigrant networks may provide contraébreement through sanctions
and exclusions, which substitutes for weak institutionédés and reduces trade costs. In
addition to the two previous channels, immigrants bringrttaste for homeland products,
which should make their trade-creating impact even moiergabn imports.

In this paper, we provide new evidence on the relationshiwéen trade and immigra-
tion building on regional data for France. We investigate pino-trade effect of foreign-
born French residents on the exports and imports of Frdapartementsvith around 100
countries in the world. The novelty consists in crossingetfiect of immigration with both
the quality of institutions in the home country and the coerfty of traded goods.

The trade-promoting effect of immigration is now well docmted (se&Vagner et a|.
2002 for an extensive review)Gould (1994, Head and Rie$1998 and Girma and Yu
(2002 find a significant trade-creating impact of immigrantsledtin the United States,
Canada, and the United Kingdom respectivelRauch and Trindad€2002 exhibit a

1This paper is joint work with Pierre-Philippe Combes (Urif.Aix-Marseille & GREQAM) and Miren
Lafourcade (Univ. of Paris XI- ADIS & PSE).
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diaspora-network rationale ruling this pro-trade phenoomeby showing that South-Asian
country pairs with a higher proportion of Chinese immigsainhde more with each other.

However, there are many reasons to suspect that, at thergdewel, the correlation
between trade and immigration might arise from omitted cammeterminants (such as
colonial ties, language or cultural proximity), or revecsisality if immigrants prefer to
settle in countries that have good trade relationships thigir home country.

Accordingly, a few recent attempts investigate the linknestn the spatial patterns of
trade and immigrants’ settlements within countrid&agner et al(2002 are the first to test
a causal relationship between trade and immigration atdhke ©f Canadian provinces.
The inclusion of country fixed effects allows controlling the common determinants of
trade and immigration at the national level. At the same tieness-sectional variability in
trade and immigration at the regional level provides sudfitinformation to identify the
pro-trade effect of immigrants. The authors confirm the fpasiand significant elasticity
of trade with respect to immigration, at the regional level.

Further evidence is provided for the US state expdrsrander and Saaved(2005
disentangle the impact of both in-state and out-state stotknmigrants. The outstanding
impact of in-state immigrants pinpoints the key role of logacial interactions as a major
source of technological externalities. Building on the sgmnevious data seDunlevy
(2009 further shows that the pro-trade effect of immigrants éases with the degree of
corruption and with language similarity in the partner doynFinally, Bandyopadhyay,
Coughlin, and Wal2008 explore the temporal scope of the data and regress the 1990-
2000 time variation in trade on the related time variatiorinimigrant settlements. This
approach bears the advantage of controlling for pair-§peahobserved characteristics.
The pro-trade effect of immigrants is found to exhibit a &atgterogeneity driven by a few
countries only. In a related strand of literatu&mbes, Lafourcade, and May@005
for France andillimet and Osang2007) for the US show that within-country migrations
also affect positively the volume of inter-regional tradanfé.

Our paper extends this literature in three directions. tFite relationship between
trade and immigration is studied at a lower geographicdesitean any previous North-
American study. Frenchépartementsire almost 30 times smaller than American states
and more than 100 times smaller than Canadian provinces. dffadl that immigration
exerts a significant positive impact on trade: doubling theber of immigrants settled in
adépartemenboosts its exports to the home country by 7% and its impor&by

Second, we address econometric questions endemic toygtgpé estimations. We
first tackle the issue of specification and selection biasestd zero flows, by using the
Quasi-Maximum Likelihood estimator recently proposedsad, Mayer, and Rig2009.
We then turn to the bias arising from possibly omitted commeterminants for immigra-
tion and trade or from reverse causality. To circumvent lsotlrces of endogeneity, we
include country- and region-specific fixed effects in theesgion, and we resort to an in-
strumental variable approach, where lagged stocks ofgoyeorn French residents serve
as instruments. The previous orders of magnitude remagmiakingly robust to these
econometric refinements.
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Finally, we evaluate the heterogeneous impact of immigranttrade along two inter-
twined dimensions: the complexity of traded goods and thaitguof institutions in the
partner country. IndeedRauch and Trindad€002 show that the trade-creating effect
of Chinese networks is larger for differentiated goods tftarhomogeneous or reference
price goods. The fact that immigrants matter more for déffitiated goods can be taken
as a support for the information-cost-saving channel afsmational networks. Besides,
Anderson and Marcouillef2002 andBerkowitz et al.(2006§ show that the quality of in-
stitutions impacts drastically on the volume of bilateratle.Berkowitz et al.(2006 point
out that the quality of institutions matters more for compé®@mmodities, which exhibit
characteristics difficult to fully specify in a contract. i$hs the reason why good insti-
tutions may reduce transaction costs when contracts are mocomplete. However, they
do not study whether transnational networks could be a isutesfor weak institutions,
especially in the trade of complex products, as suggestdrbiogh(2001).2

Building on these insights, we disentangle the pro-tradaaith of immigrants across
both the partner’s institution quality and the complexityraded goods. In this respect, we
emphasize two main results. First, immigrants especiadijtenfor the imports of complex
goods, regardless of institution quality in the home caunffurning to the imports of
simple products, immigrants matter only when the qualitynefitutions at home is weak.
Second, the trends are less marked for exports. The pre-tnagact of immigrants on
exports is positive only when they come from countries witrak institutions, regardless
of the complexity of products.

The remainder of the paper proceeds as follows. Sedtidpresents the augmented-
gravity specification we use to evaluate the trade-creatimgact of foreign-born French
residents, and discusses several econometric issuessoltlakcribes the trade and im-
migration data for French regions. Sectih8 presents the benchmark empirical results.
Sectiord.4disentangles the trade-creating impact of immigrationsesimple or complex
goods, and across countries with different quality of tn§ttns. Sectior.5concludes.

4.2 Model specification, econometrics and data

To investigate the pro-trade effect of social networks, eeca benchmark to evaluate
the amount of trade expected absent any immigrant settismEnllowingCombes et al.
(2009, we present the gravity norm we use to provide this benckmbhis section also
discusses some econometric pitfalls traditionally entenea in gravity estimations. The
following presentation draws on the expositiontigad, Mayer, and Rig008.

Model specification

The rationale behind the gravity model is that the valueadérbetween two locations
(v:5) is generated by the adjusted economic sizes of both thdysngocation: (S;) and
the demanding locatiof (1;), and inhibited by all sources of “trade resistance” betwee

2In this respectDunlevy (2008 is a noticeable exception. He shows that the impact of irmanitg on US
state exports is more important when institutions in the @a@ountry are weak.
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them @ij):
yij = GS;M;ij, (4.1)

whereG is a factor that does not vary across regiddead et al(2008 refer toS; and M
as the monadic terms, agg; as the dyadic term. The usual practice is to log-linearize th
equation and to find proxies for the monadic and dyadic terms:

lnyij zlnG+1nSi+lnMj+ln¢ij. (42)

Anderson and VanWincoof2003 provide clear-cut theoretical micro-foundations for
the monadic terms: they depend on nominal economic sizesndtance GDP), but also
on non-linear functions of all pairwise dyadic terms, ahltbe “Multilateral Resistance
Indices”. A proper control for these monadic terms in graeistimations is challenging.
The primary question we focus on is whether the spatialibigion of immigrants com-
ing from a country; affects trade flows from hostindépartementsoward that country.
Hence, we are not interested in the countrydépartemenspecific determinants of trade.
This is the reason why we adopt a fixed-effect appraaté Anderson and VanWincoop
(2003, and introduce two sets of dummies in the gravity equatidre inclusion of coun-
try fixed effects () is meant to control for all standard country-specific deieants of
trade: membership to a common trade or currency bloc (eegetino Zone or the European
Union), landlocked nature, colonial ties or common lan@sagrhe other set of dummies
(f3) controls for thedépartemenspecific determinants of trade, such as the density of eco-
nomic activity or any natural or man-made endowments. Binidis worth noting that, in
this two-way fixed-effect setting, only the dyadic deteramits (;;) of bilateral trade can
be identified.

Regarding this dyadic term, we follo@ombes et al(2005 and assume that trade
costs do not only depend on distance and contiguity. Thelaeinversely correlated
with the number of immigrants coming from countfysettled in regiori. We choosep;;
as a multiplicative function of: 1 - the great-circle distarbetweern andj, 2 - a dummy
indicating whether or not theéépartemenand the country are contiguofigind finally 3 -
the stock of foreign-born residentsdépartements originating from countryj, mig; ;:

bij = dislfj(l + mig;;)* exp(ycontig;; ). (4.3)

Head et al(2008 give a clear review of the state-of-art on the economefpeiication of the gravity
equation. Four solutions are encountered in the literafuire non-linear approach, proposedAryderson and
VanWincoop(2003, where Multilateral Resistance Indices are explicitlynputed, 2/ a fixed-effect approach,
also proposed bynderson and VanWincoof2003, where monadic terms are controlled for by a set of
importer and exporter dummies, 3/ thenus vetus OLSpproach, proposed tBaier and Bergstran(2009
and recently adapted bgehrens, Ertur, and KocfR2007) based on spatial econometrics, where first-order
Taylor expansions of Multilateral Resistance Indices ateoduced in the specification, and 4/ ttetrad
approach, proposed Byead et al(2008, where monadic terms are suppressed thanks to the conopubét
export ratios.

4This dummy is equal to one for only a small subsetiépartementsontiguous to Belgium/Luxembourg,
Germany, Switzerland, Italy or Spain.
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We add an error ternx(;) that controls for all unobservable dyadic terms uncoteela
with distance, contiguity or the stock of immigrants. Theddae specification we estimate
is thus the following two-way fixed-effect log-linearizeduation:

Inyi; = fi + f; — BIndist; + ycontig,; + aln (1 + migij) + €45 (4.4)

In what follows, we estimate this specification for exportsl @amports separately. We
expect parametg? to be negative, and parameteranda to be positive.

Econometric issues

Three major econometric problems are usually encountetezhvestimating gravity
models. The first problem deals with the treatment of zerodloe log-linearized speci-
fication @.4) can only be estimated on strictly positive flows. Varioudtmeéologies have
been proposed to control for the selection bias arising fkeeping positive flows only.
Dunlevy (2006 takes the logarithm of one plus the value of the flow as a digr@nvari-
able. He also estimates a Tobit model with an arbitrary zbrestiold. Herander and
Saavedrg2005 use the extended Tobit estimation first proposedElayon and Tamura
(1999, where the threshold is an ancillary parameter to estinfdiis technique, also used
by Wagner et al(2002, rests on a maximum likelihood estimation of the log-linzed
model.

A second issue concerns the heteroskedasticity of errorstén levels. In theoreti-
cal models, gravity equations take a multiplicative form raspecification4.1): hence,
if the error term in levels is heteroskedastic, OLS estiméte the log-linearized model
are biased. To simultaneously tackle issues arising from zero flows atdrioskedastic-
ity, Santos Silva and Tenreyf@006 initiated a novel approach by estimating the gravity
equation in levels. They propose a easy-to-implement QMasimum Likelihood (here-
after QML) estimation for the gravity equation, under thewsmsption that error terms in
levels are distributed according to a Poisson distributibmese authors find that the elas-
ticity of trade flows to distance is almost half the magnitedémated from OLS. However,
the Poisson specification builds on the assumption thatittonal variance equals condi-
tional mean in the dat&/(y;;|z;;) = E(y;;|z:;). Head et al(2009 provide a more robust
2-step Negative Binomial (hereafter 2NB) procedure thiained the conditional variance
to be a quadratic function of the med(y;;|x;;) = E(yi;|zij) + n*E(yij|zi;)?.° Hence,
in what follows, we compare baseline OLS and 2NB estimatesder to test whether the
pro-trade effect of immigrants is robust to these two preshignimportant biases: zero
flows and heteroskedasticity in levels.

5This is due to Jensen’s inequality, according to which theeeted value of the logarithm of a random
variable is not equal to the logarithm of the expected valuthis variable. Furthermore, the expected value
of the logarithm of a random variable depends not only on ¥peeted value of the variable, but also on the
other moments of its distribution, especially the variandeder heteroskedasticity in levels, this variance is a
function of explanatory variables, which generates endeig in the log-linearized model.

8Gourieroux, Monfort, and Trogno(l984 show that QML estimators are consistent as long as the ex-
pected value of the dependent variable is well specified ttams robust to an error in the specification of the
true data generating process for the error term.Gaaeron and TrivedR005 for further details.
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The third issue is endogeneity, which may arise from two msguoirces: omitted vari-
ables and reverse causality. At the national scale, onencagime that preferential links
between two countries (resulting from a common colonialonjsfor instance) generate
simultaneously trade and immigrant flows. Furthermore,ekistence of a strong trade
partnership may push people to migrate, creating a reverssality between trade and
immigration. Gould (1994 provides two reasons to believe that cross-section estinga
actually preclude the endogeneity bias, at the national.I&irst, migrations are expected
to be more exogenous than trade flows, because they are @egdrby family reunifica-
tions in the first place. As recently analyzed Blierry (2009, this is also a plausible
explanation for France. Second, in addition to family emteamotivations, immigration
inflows are conveyed by wage differentials and the pre-encs of a same native/speaking
community, rather than by trade opportunities. This is alsat suggests the analysis con-
ducted byBartel(1989 or Munshi (2003 for the US, and bylayet and Bolle-Ukrayinchuk
(2007 for France.

Furthermore, these two sources of endogeneity are pgniatigated when we turn to
infra-national data. In specificatiod.d), the country- and region-fixed effects control for a
large set of common observable and unobservable detertrif@rirade and immigration
flows. Nevertheless, it could be argued that reverse céysald omitted variables are
still likely to prevail at the infra-national level. In thestudy of Canadian province trade
flows, Wagner et al(2002 control, for instance, for the commonality of language, the
probability that a random citizen of a given region speakssime language as a random
citizen of the trading partner. We cannot compute such abkiin the French case. We
follow another route and instrument the current stock of igramts with past stocks in
1975, 1982 and 1990. These lagged stocks are valid institsrasriong as they determine
the current stock of immigrants, and do not determine ctrrade flows, beyond their
effect on the current stock of immigrants. We provide furthgpport for this view in what
follows. The instrumental variable approach has beenyarglemented in the literature.

Data

Trade data consists in exports and imports of the 94 Frentlopaitandépartements
with around 100 countries. French decentralized custom&ss record the value of trade
flows exclusive of transit shipments, as well as the origisfohation of shipments, i.e.
those where goods are actually produced/consumed. Althtrade values are available
since 1978, we focus exclusively on the recent period torerdata compatibility with im-
migrants’ stocks. Furthermore, in order to prevent noisyentations due to time-specific
shocks (as the euro adoption), we average trade flows ows flears (1998, 1999 and
2000) for eachdépartementountry pairs.

Trade flows are initially available at a very disaggregatedlstrial level, according
to the Standard Goods Classification for Transport StegigtNST/R classification). We
match this classification with the one proposedRauch(1999 to characterize the com-

"Combes et al(2009 stands as an exception.
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plexity or degree of differentiability of goods.

The 1999 French population census provides us with exivaustiormation on the
number of foreign-born residents dgpartemenand country pairs. We define immigrants
as residents born abroad with a foreign nationality. We klwe@n earlier version of this
paper that results are quantitatively the same when we d@nas immigrants residents
born abroad with a French or foreign nationality. In the aiopl part, we also use the
lagged stocks of immigrants to tackle the endogeneity isJinese figures are provided
by French population censuses for the years 1975, 1982 &t 2®pendix4.6 provides
further details on exports, imports and immigration data.

Itis worth stressing that most of the variability in the dedanes from the cross-country
dimension of the sample. For instance, the regression @é tflaws on country-specific
dummies returns an adjustétf- of 51% for exports, 61% for imports and 70% for im-
migration. We wipe out this cross-country variation withed ef country fixed effects.
We also includedépartementdummies to control for theépartementevel observable or
unobservable determinants of trade and immigration flowsnaon across all trading part-
ners.

Due to the introduction of these two sets of dummies, thetfade impact of im-
migrants is identified along the within-country and witliépartementdata variability.
Table4.1 depicts the within-country and withidépartementorrelation between exports,
imports, distance and immigratidn As expected, distance is negatively correlated with

Table 4.1— Within-country, within-départemebrrelations

Variables | Exports Imports Distance Immigrants
Exports 1.000
Imports 0.144 1.000
Distance -0.090 -0.137 1.000
Immigrants| 0.066 0.043 -0.090 1.000

Notes: All correlations are significant at the 1% level. Cor-
relations between residuals from the regressions of
each variable on the two sets of country-specific and
département-specific dummies.

exports and imports, the correlation being stronger forartgo By way of contrast, immi-
gration is significantly and positively correlated with baxports and imports. Distance
and immigration are also negatively correlated, as it id lwabwn that immigration flows
also share a gravity pattern. AppendiX provides further summary statistics on the data.

8See appendit.7for details.
®More formally, this is the correlation between the residwlthe regression of each variable on country-

specific anddépartemenspecific dummies.
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4.3 The pro-trade effect of immigrants

4.3.1 Benchmark results

Table 4.2 provides the basic results drawn from estimating spedificad.4). In
columns labeled OLS, we report the results drawn from thditegar form (null flows are
left out of the sample). We also estimate the same specdicatilevels (columns 2NB).
We run each specification twice: first on the sample resttitdepositive flows (columns
(3) and (7)), and second on the whole sample (columns (4) &nd \(Ve run two sets of
regressions, for exports and imports separately.

Table 4.2— Benchmark results

Exports Imports
In log In levels In log In levels

OLS OLS |[2NB>0 2NB>0| OLS OLS |[2NB>0 2NB>0

1) ) ®3) 4) (%) (6) (@) (8)

Distance |-0.81" -0.777| -0.963 -0.961"|-1.488 -1.480"| -1.612 -1.63%&
(0.089)  (0.085 (0.1) (0.104) (0.128) (0.127 (0.143) (0.157)
Contiguity | 0.452 0.273 0.123 0.099 0.44% 0.34Z 0.029 -0.0009
(0.167)  (0.163 (0.163) (0.169) (0.198)  (0.201 (0.205) (0.237)

Immigrants 0.102*| 0.091 0.109 0.054| 0.094 0.089
(0.018)|  (0.019) (0.021 (0.027)|  (0.035) (0.041)
Obs. 9033 9039 9033 9400 8110  811d 8110 9494

Adj. R? 0.844 0.844 0.8 0.8

Notes: Country andépartemenfixed effects are not reported here. Robust standard emors i
brackets, witlf, > and® denoting significance at the 1%, 5% and 10% levels respégctive

Log-linear specification

In columns (1) and (5), trade impediments are proxied byadist and contiguity only.
Elasticities have expected signs. Exports, as well as impdecrease with distance and
increase with contiguity. The elasticity of exports to diste is half the value for imports.
Although there is not any obvious reason for such a phenomeiig worth recalling that,
in this two-way fixed-effect setting, elasticities are estied on the within-variability of
the data. Hence, identification relies drastically on closentries for which distance dif-
ferentials across regions remain high in comparison witmtries located further away.
For instance, Paris and Marseille are almost equally distam the United States, but not
from Germany. For more distant countries, the variabilitydistance is reduced. Never-
theless, the variability in trade flows remains fairly highsmall difference in distance can
be associated with a large difference in trade values.

In columns (2) and (6), we add the stock of immigrants in thecHfzation in logs.
Contrary to most of the previous regional studies, we are &blassess separately the
impact of immigration on exports and imports. Immigrantsena strongly significant
impact. They promote exports as well as imports: doublirgjrthumber yields a 7%
(20102 ~ 1.07) increase in the value of exports and a 4%%* ~ 1.04) increase in the
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value of imports. The pro-trade effect of immigration on ong is almost half the effect
on exports. This casts doubt on the existence of a preferagraenel. However, we will

see later that such a difference, which is barely signifitene, is in any case not very
robust.

The impact on exports is also almost half the value prevoimind for U.S. state ex-
ports. We argue that previous estimations could be taintddam upward omitted variable
bias that can be controlled for by using country fixed-effedthe impact of distance and
contiguity is reduced when the stock of immigrants is actedirfor. Contiguity is only
significant at the 10% level. Immigrants coming from neigfiigp countries, such as Bel-
gium, Germany or Italy, locate according to a gravity patteonsequently, the share of
immigrants originating from these neighboring countreesiuch higher in the regions near
the border than anywhere else in France.

Specification in levels

We push further the evidence by testing the robustness akethdts to two kinds of
possible biases: specification and selection due to nagezero flows in the log-linear
specification.

Columns (3)-(4) and (7)-(8) in tabke.2 report the results of the 2-step negative bino-
mial estimation procedure (equatiof.4) in levels). The positive and significant impact
of immigrants is confirmed. Furthermore, it is of the sameso@ magnitude than in the
specification in levels: doubling the number of immigramtenf a country yields a 6.5%
increase in both the values of exports and imports with tiaidet partner. Hence, the re-
sults do not change drastically when moving to a specifindtidevels. Furthermore, they
are not driven by the zero-flow truncation. In columns (4) &d where null flows are
included in the sample, results remain barely the same.

Finally, we provide further robustness checks based oaréiftt estimation techniques
(see tabled.11in appendix4.8). The orders of magnitude are virtually the same in all
procedures but the Poisson QML estimation. This is probdbly to the assumption that
conditional mean equals conditional variance, which wawgltbe valid in our data. There-
fore, the pro-trade effect of immigration is robust to bgtedafication and selection biases.
We now turn to the endogeneity problem in the log-linear Bgation.

4.3.2 Aninstrumental variable approach

Despite the inclusion of fixed effects and the use of a fine ggabdcal scale, our results
could still be plagued by the endogeneity of immigrantstko We use an instrumental
variables approach to circumvent this issue within theliogar modef:® We choose the
lagged stocks of immigrants for the years 1975, 1982 and 4990struments.

Relevance of instruments

%Non-linear models, as the negative binomial model, remaitedpard to instrument, as reviewed Wnd-
meijer (2006. Instrumenting is all the more challenging in our settihgttwe include numerous dummies.
This is the reason why, in this section, we exclusively faoushe log-linear specification.
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In order to be relevant, instruments have to be correlatéd thie current stock of
immigrants. Hence, we should observe some persistence igetbgraphy of immigrants’
settlements within France, by country of origin. This is dlskaown empirical fact. For
instanceJayet and Bolle-Ukrayinchuf2007) find that, in France, past settlements strongly
determine the location of new immigrants, due to the exestesf social networks or to
family motives. Tablet.3reports the pairwise correlations between past and custecks
of immigrants. We see that these correlations are indeely faigh, even though they
decrease as time-lag raises. This is a first support forataligl instruments.

Nevertheless, strict relevance depends on the partiatlation between the endoge-
nous variable and the instruments, once the other exogamgusssors have been con-
trolled for. Table4.4 reports the OLS estimates of the traditional first step ofatstep
instrumented regression. We further report the F-test@fdmt significance of excluded
instruments, as well as tf&ound, Jaeger, and Bakgr995 partial B (BJB R herafter).
As shown byBaum, Schaffer, and Stillmaf2003, in the case of a single endogenous
explanatory variable, these tests are sufficient to askes®kevance of instruments. Ac-
cording to theStaiger and StockL997) rule of thumb!! our instruments are relevant. Nev-
ertheless, in regression (4), the elasticity of the 1968kstd immigrants is not significant.
The weakness of instruments being often worse that the enddty bias itself, we choose
to remain parsimonious, and leave this instrument out ofishe

Table 4.3— Pairwise correlations for instruments

In(1+Immigrants 1999)
Correlation Nb. obs.
In(1+Immigrants 1990 0.92 8011
In(1+Immigrants 1982 0.92 5697
In(1+Immigrants 1975 0.87 4366
In(1+Immigrants 1968 0.79 4162

Note: All correlations are significant at the 1% level.

Supporting the validity of instruments

In what follows, we estimate two instrumented models. Infthet one, we use the
stock of immigrants in 1990 as the only instrument. Thisalale is actually the most
highly correlated with the endogenous regressor, and ibismissing for most of the
observations. Consequently, the model is just-identifiegithe validity of the instrument,
which cannot be tested, must be assumed. In the second meeleyn a GMM-type
instrumentation by introducing simultaneously the laggtmtks of immigrants in 1975,
1982 and 1990. Even though the number of missing obsergtiastically increases, the
model is now over-identified. Hence, we can test for ovendifieation restrictions. We
follow the suggestion oBaum et al.(2003 in the presence of heteroskedasticity, and run
the Hansen-J test. A rejection of the null hypothesis ingplieat the instruments do not

in the case of a single endogenous explanatory variablestatitic below 10 is of concern. All our
F-statistics are far greater than 10.
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Table 4.4— Relevance of the lagged stocks of immigrants as instrusnent

Dependent variable: In(1+ Immigrants 1999)
1) ) ®) (4)
In(1+Immigrants 1990) 0.5668" 0.503 0.488 0.508
(0.007) (0.01)  (0.012)  (0.013)
In(1+Immigrants 1982 0.218 0.242 0.24
(0.01)  (0.012)  (0.013)
In(1+Immigrants 1975 0.043 0.06T
(0.011)  (0.013)
In(1+Immigrants 1968 -0.012
(0.011)
Distance -0.055 0.106 0.153 0.146
(0.047)  (0.041)  (0.038)  (0.036)
Contiguity 0.854* 0.663 0.573 0.534
(0.112)  (0.094) (0.08)  (0.075)
Obs. 8011 5471 4038 3558
Adj. R? 0.934 0949 0.961 0.965
F(Ny, No) 6069.6 3969.4 2886.1 2285.2
N 1 2 3 4
Ny 7805 5306 3881 3400
BJB R? 0.44 0.6 0.69 0.73

Notes: Country andépartemenfixed effects are not reported here.
Robust standard errors in brackets, witf? and® denoting
significance at the 1%, 5% and 10% levels respectively.

fulfill the orthogonality conditions. Regarding exporthetstatistic is equal tq?(2) =
0.45 with a p-value at 0.8, whereas for imports, the valugi&) = 1.25, with a p-value
at 0.53. In both cases, we thus fail to reject the null hypgither he fail of the rejection of
the null is a further proof of the validity of instruments.

Results from instrumented regressions

In the columns (1) and (5) of tabk5, we estimate the log-linear specification for all
the observations for which the stock of immigrants in 199Ada-missing. This slightly
reduces the sample. The pro-trade effect of immigrantsaadly the same for exports
and imports, with an elasticity at 0.112. Doubling the stotkmmigrants yields a trade
increase of 8%. This is the new benchmark against which wesatke endogeneity bias.

In columns (2) and (6), we report the estimates drawn fronjuseidentified model.
Instrumentation confirms the significant and positive intgéiémmigration on exports and
imports. Even though the elasticities are slightly redyeddch means that benchmark es-
timates were plagued by a small upward endogeneity biagrthers of magnitude remain
fairly stable, around).095. To the best of our knowledge, no such a formal robustness
check had been proposed in the literature.

Columns (3) and (7) provide OLS estimates for the log-lingaecification, based on
the country-pairs for which all past stocks of immigrants eon-missing. This reduces
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drastically the number of observations. However, instnt@e regressions reported in
columns (4) and (8) provide estimates that are not signitfiigaifferent from OLS results.
This confirms that, even on this small sub-sample, the pesithpact of immigration on
trade is not driven by a reverse causality or an omitted bhibias.

Table 4.5— Instrumented regressions at té&partementevel

Export Imports
Just-identified | Over-identified Just-identified | Over-identified
OLs| v [os] IV oS | IV [oLs | IV

1) @ B 4 (5) (6) (7) (8)
Distance |-0.704 -0.711|-0.62* -0.62*|-1.533" -1.541|-1.318 -1.312
(0.083)  (0.083] (0.074) (0.072) (0.128) (0.127] (0.117) (0.115)

Contiguity 0.322 0.357|0.274 0.28F| 0.167 0.204 0.18 0.081
(0.161)  (0.164) (0.142) (0.141) (0.196) (0.2) (0.192) (0.191)

Immigrantg 0.113* 0.094'|0.162 0.159*| 0.12* 0.099| 0.186" 0.239
(0.018)  (0.026] (0.021) (0.025] (0.029) (0.041) (0.035) (0.042)
Obs. 7833 7833 4022 4022 7097 7097 3880 3880
Adj. R? 0.854 0.854 0.882 0.882 0.809 0.809 0.843 0.843
Notes: Country andépartementixed effects are not reported here. Robust standard errors

in brackets with?, * and ¢ denoting significance at the 1%, 5% and 10% levels
respectively.

To sum up, immigrants do have a positive and significant impadoth exports and
imports. A doubling of the stock of immigrants increasesvaleie of exports by 7 to 12%,
depending on the sample and the estimation procedure. Tgactron imports, between 7
and 18%, is slightly more variable but of the same order ofmitade. We further find that
these results are robust to specification and selectioedasd that endogeneity introduces
only a slight upward bias in OLS estimates.

4.4 Product complexity, quality of institutions and immigration

In this last section, we study the pro-trade effect of imtidgr along two intertwined

dimensions: the degree of complexity (or differentiatiofjraded products, and the quality
of institutions in partner countries.

The complexity of traded goods

Rauch(1999 is the first to argue that trade impediments would dependerdégree
of differentiability of traded products. He distinguishéi$ferentiated goods from those
sold on an organized market or possessing a reference price gravity-type model of
international trade, he provides convincing evidence pihatimity, common language and
colonial ties matter more for the former than for the latldsing the same classification,
Rauch and Trindadé002 even argue that the trade-creating impact of immigratiba,
Chinese diaspora in their study, is much more salient fdewiftiated than for homoge-
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neous goods. Hence, transnational networks would bridgenfiormation gap between
international sellers and buyers in a more salient way &atdrin differentiated goods.

We investigate a similar conjecture for Frengépartementsand their international
trade partners. We first match the NST/R industrial claggifio with the 4-digit SITC
classification of Rauck We consider two types of goods only: simple and complex goods
Simple goods are either those exchanged on an organizecehwrkhose possessing a
reference price. Complex goods are all the other onesfotasty Rauch as differentiated
goods!® We estimate now:

Inyrij = fri + fry — BIndist; + ycontig,; + ag In (1 + mig,;) + x4j, (4.5)

wherek indices the type of goods, with € (simple, complex). Exports and imports,
as well as country andépartementlummies, are now commaodity-specific. Whereas we
assume that the distance and contiguity effects do not vemsa goods? the elasticity
of trade with respect to the stock of immigrants is also cowlitgespecific. Contrary to
Rauch and Trindad@002, we run two separate regressions for exports and imports.

Table 4.6— Product type and immigration

Exports Imports
In log In levels In log In levels
OoLS 2NB> 0 OoLS 2NB> 0
Simplel Complex Simple Complex Simpld Complex Simplel Complex
Distance -0.778 -0.951 -1.492 -1.603
(0.072) (0.086) (0.099) (0.124)
Contiguity 0.371 0.19 0.4258 0.082
(0.143) (0.134) (0.155) (0.181)
Immigrantg 0.14% 0.074*|0.123* 0.09%'| 0.029 0.073| 0.05 0.113
(0.025)  (0.018] (0.025)  (0.022) (0.035)  (0.027) (0.044) (0.043)
Obs. 17711 18800 15396 18988
Adj. R? 0.809 0.766

Notes: Country andiépartemenfixed effects are not reported here. Robust standard erors i
brackets, witH, ® and® denoting significance at the 1%, 5% and 10% levels respégtive

Table4.6reports the OLS estimates for specificatidrg) in log (columns OLS) and the
2-step negative binomial QML estimates for specificatid®)(in levels (column 2NB- 0).
A first striking feature is that the trade-creating effectrafmigration is now different for
exports and imports. Recall that, when the type of goods veadaken into account,
the pro-trade effect of immigrants was of the same order ajnitade for exports and
imports. By way of contrast here, immigration boosts theangof complex commodities

12See appendi®. 7 for further details.

13Berkowitz et al.(2006 follow the same dichotomy. Results are not drasticallyngfeal if we consider
three categories separately.

HAllowing these elasticities to be commodity-specific does change the estimates of the impact of im-
migrants. However, it reduces the precision of the dist@amzbcontiguity estimates but, as noted above, this
remains difficult to interpret.
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(with an elasticity at 0.113), whereas it has no significamtact on the imports of simple
productst® This is consistent with the idea that social networks, byising market
information and supplying matching or referral servicesulél matter more for the imports
of complex products. Regarding exports, migrants haverafgignt impact on both simple
and complex goods. The effect would be even slightly strofgesimple goods, even if
the difference is not significant.

Such average elasticities could hide another source ofdggreity, depending on the
partner country characteristics, as recently suggestdsbhibgyopadhyay et a{2008. In
the following, we disentangle further the pro-trade impafdmmigration according to the
rule of law in partner countries, on aggregate flows first &t by type of goods.

The quality of the trading partner’s institutions

Some recent papers study the impact of institution qualityhe volume of bilateral
trade. In a matching model of international tradeyrini and van Ypersel¢2009 pro-
vide new evidence on the deterrent impact of legal asymesetm bilateral trade between
OECD countries, as well as between French regions. Besideerson and Marcouiller
(2002 establish that good institutions would reduce predaticheborder. They find that
a 10% rise in a country index of transparency and impantigiilds a 5% increase in its
import volumes, other things equil.

Berkowitz et al.(2006 add that the quality of the exporter’s institutions matteven
more. They argue that, if some common contracts (as lettergdit, counter-trade agree-
ments and pre-payment) exist to offset the exporter’s rigslobgetting paid, such devices
are scarcer to offset the importer’s risk of late deliveryl gmoduct defects. Therefore,
formal institutions, such as courts and arbitration trédsrfor seeking compensation, are
of primary interest for importers. Most of the time, the dsuor arbitration tribunals in
the export country are indeed the last fallback for resgivisputes, the reason why the
quality of institutions is more important in the export ctryn

Rauch(2001) puts forward the idea that transnational networks coul@ lsebstitute
for weak institutions or weak mechanisms of arbitration.t,Bis far as we know, this ef-
fect has only been empirically studied Bynlevy (2006, who restricts the focus to U.S
state exports. We further investigate the conjecture afstrational network as a substi-
tute for weak institutions on both the international exp@md imports of Frenctiéparte-
ments According toAnderson and Marcouillef2002, the impact of immigration should
be greater for exports, as immigrants mitigate any preddighavior at the border of the
importing country. According tdBerkowitz et al.(2006, this should be the reverse as
immigrants substitute for weak arbitration tribunals ie #xporting country.

Crossing the effects of migrants and institutions may all@ato identity which one
of the two previous views is the most salient. We usertiie of law index (hereafter
RL) provided byKaufmann, Kraay, and Mastruz¢2007 as a measure of the quality of

¥In the remaining, we comment the results associated wiimasgons in levels only, differences with
estimates in logs being most of the time insignificant.
83ee alsale Groot, Linders, Rietveld, and Subraman(a@04 andRanjan and Le¢2007).
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institutions. This index measures “the extent to which &geave confidence in and abide
by the rules of society, and in particular the quality of cant enforcement, the police and
the courts, as well as the likelihood of crime and violencHiis variable is thus very close
to the reality we want to descrildé.

We proceed with the following estimation:

Iny;; = fi+ f;j— BIndist; +~contig,; +an (1 4 mig;;) + pRL; *In (1 + mig,;) +eij,
(4.6)

where the (log of the) stock of immigrants is crossed withRhendex in country; (RL;).

In line with Rauch(2001), we conjecture that immigrants from partner countriefwieak

institutions have a larger impact on trade flows, in whiclecse expect a negative sign for

p-

One could argue that the quality of institutions is endogenim trade openness, and
thus to the volume of trade. If this assertion is certaingtiin general, we can forcefully
argue that France remains a marginal trading partner forge lanajority of countries in
the sample. Hence, bilateral flows with France do not deterttie quality of its trading
partners’ institutions. Moreover, the largest tradingtpers of France are high-income
countries, where the quality of institutions is alreadyhhig

Table 4.7— Immigration and the quality of the partner’s institutions

Exports Imports

Inlog | Inlevels | Inlog | Inlevels

OLS | 2NB>0| OLS | 2NB>0
Distance -0.839  -1.014 | -1.510 -1.678

(0.086) (0.108)|  (0.127) (0.16)
Contiguity 0.449 0.265| 0.457 0.18

(0.172) (0.176)|  (0.206) (0.235)
Immigrants 0.08% 0.096' | 0.047 0.078

(0.018) (0.02)| (0.027) (0.04)
RL*Immigrants | -0.067 -0.053 | -0.042 -0.05¢

(0.009) (0.013)| (0.014) (0.02)
Obs. 9033 9400 8110 9494
Adj. R? 0.845 0.8

Notes: Country andépartemenfixed effects are not reported here.
Robust standard errors in brackets, witH and® denoting
significance at the 1%, 5% and 10% levels respectively.

Table 4.7 reports the estimates of specificatighg). Note first that the direct trade-
impact of institution quality is captured by the countryesific dummy and thus, it cannot
be separately identified. Due to the normalization of the-nftlaw index to a zero mean,

Kaufmann et al(2007) provide six different measures of the quality of instiouis. Due to the strong cor-
relation between these measures, we restrict the focus tolérof-law index. However, results are unchanged
when another index is chosen. The index is decreasing inualty) of institutions and stands betweer2.5
and2.5. We proceed to a simple normalization so that our sample mweatd be zero and standard deviation
would be one.



106 Chapter 4. Product complexity, quality of institutions ghd pro-trade effect of immigrants

the average impact of immigrants is taken into account véalittmigrantsvariable. It
is almost the same as in sectidtB. The interacted ternRL*Immigrantsaccounts for
an heterogeneity in the immigrant effects that depends stitlition quality in partner
countries. Our results support the conclusioDahlevy(2006. The coefficient is negative
for exports: immigrants matter more when the quality ofitatibns is weak in the home
country. We compute that the elasticity of exports to immiigm ranges between 0.16, for
the country with the lowest rule of law (Congo) to an insigrafit 0.01 for the country with
the highest value (Netherlands).

In addition toDunlevy (2006, we also provide the related estimates for imports. The
impact of immigration also presents a high heterogeneihe dlasticity ranges from 0.15
for the first decile of institution quality to a zero effectrfthe last decile. Finally, the
above-mentioned mechanisms by which weak institutiondddoupact on trade flows are
not exclusive. However, immigrants mitigate the tradadoioly impact of weak institutions
in both directions.

Complex products, quality of institutions and immigration

According to our previous discussion, the pro-trade eftédmmigrants depends on
both the type of goods and the quality of institutions. Heritenakes sense to study
the triple interaction. In the following, we evaluate th@ss effect of institutions and
immigrants for simple and complex goods separately. Resud reported in tabi.8.

Table 4.8— Product type, quality of institutions and immigration

Exports Imports
In log In levels In log In levels
OLS 2NB> 0 OoLS 2NB> 0
Simple| Complex Simple] Complex Simpld Complex Simple] Complex

Distance -0.856' -1.008 -1.527 -1.654

(0.072) (0.089) (0.098) (0.126)
Contiguity 0.601 0.389 0.554 0.299

(0.151) (0.143) (0.16) (0.183)

Immigration 0.118 0.058| 0.10# 0.084| 0.023 0.07| 0.038 0.108
(0.025)  (0.018) (0.026)  (0.022) (0.035)  (0.027) (0.044)  (0.042)

RL*Immigration|-0.111* -0.06%'|-0.073* -0.05*|-0.08" -0.023|-0.116" -0.024
(0.013) (0.01) (0.015)  (0.012) (0.019)  (0.013) (0.02)  (0.021)

Obs. 17711 18800 15396 18988
Adj. R? 0.806 0.766

Notes: Country andépartemenfixed effects are not reported here. Robust standard emors i
brackets, witlf, ® and® denoting significance at the 1%, 5% and 10% levels respégtive

For exports, immigrants enhance trade for both types of goeden more when the
quality of institutions is low, which matches aforemengdrintuitions. However, the direct
effect is slightly stronger and more heterogenous acrdss-nf-law for simple goods.

Regarding the imports of complex goods, the role of immitgaoes not depend on the
quality of institutions. Since for complex goods immigraate a real conduit for informa-
tion, they matter regardless of institution quality. Fangle goods conversely, immigrants
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do not matter on average, because trading such goods doesynot further information
enhancement: hence, the direct effect is not significanis f@sult holds unless the qual-
ity of institutions is low. In that case, immigrants, who stitute for institutions, play an
important role, as shown by the negative significant efféth® interacted variable.

4.5 Conclusion

The positive impact of immigration on trade is a well-estti®d result. We add to
the literature by assessing the cross-effect of immignatimods complexity and institu-
tion quality. Even though numerous theoretical models dimgethis possible interaction,
evidence remains very scarce.

When we do not disentangle the pro-trade effect of immigrantoss goods and insti-
tutions, we find that the trade-creating impact of immigsaistslightly smaller than that
found in the previous literature. This might be due to ouefidrestimation strategy, in
which we consider variables in levels, country fixed-efeatd instrumentation. However,
these average effects hide a large heterogeneity acradsgisand across trading partners.

The trade-enhancing impact of immigrants is more salienérwthey come from a
country with weak institutions. Doubling the stock of immagts from countries with the
weakest institutions increases exports and imports by 12%. Conversely, the impact
of immigrants is barely significant for countries with besgtitutions.

Furthermore, immigrants substitute for weak institutiboisthe exports of both sim-
ple and complex goods. Regarding the imports of complex codities, i.e. those for
which the information conveyed by immigrants is the mostighle, the pro-trade effect
of immigrants overrides institution quality in the partreauntry. Conversely, even though
immigrants do not enhance the imports of simple goods orageethey play an important
role in interaction with the quality of institutions.
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4.6 Appendix A to chapter4: Data on trade and immigration

Trade flows

Trade flows come from the SITRAM dataset provided by the Fréviimistry of Trans-
port. It reports the value of imports and exports of 94 Fremelropolitandépartements
with around 200 trading partners all around the world. Fnedépartementsire adminis-
trative units of much smaller and more regular size than W&Stor Canadian Provinces.
The mean area of Frendépartementss 5,733 kni, with a coefficient of variation at 0.34
(when Corsica and overseas French regions are excludedjeasthe related figures are
162,176 km (with a standard deviation at 0.77) for US states (when Adastd Washing-
ton DC are included), and 606,293 krfwith a standard deviation at 0.82) for Canadian
provinces (when Nunavut, North-West and Yukon territoess excluded).

These flows are available for the years 1978 to 2002. Howéverset of countries
fluctuates over time. The instrumentation strategy requhat countries remain compara-
ble across time. And the decade 1990-2000 has seen a largef aeadifications in the
drawing of countries with, for instance, the disaggregatbthe former Soviet Union and
of Ex-Yugoslavia. Hence, we recover those entities as thexgWwefore the separation:

e Four former single countries have been divided during tf#09 In order to match
the data set in 1999 with our explanatory variables, we tlyggemate Armenia,
Azerbaidjan, Belarus, Estonia, Georgy, Kazakhstan, Kstgh, Lettonia, Lituania,
Moldova, Ouzbekistan, Russia, Tadjikistan, Turkmenisaad Ukrainia in a sin-
gle former Soviet Union Czech Republic and Slovakia are aggregatetbimer
CzecholovakiaBosnia, Croatia, Serbia, Montenegro, Slovenia and Mauadio
former Socialist Republic of Yugoslayiarythrea and Ethiopia iformer Ethiopia

e We also aggregate three countries that have been reunifiedydbhe 1990’s: Ger-
many (former DDR and former GDR), Yemen (former South andiNgemen), and
the Emirates.

We further consider as a single country: 1/Belgium and Lubxeung, 2/Italy, San
Marin and Vatican, 3/Denmark and Feroe Islands, 4/Swdnperland Lichtenstein. Af-
ter this manipulation, 161 countries remain in the datawsith at least one positive flow
towards or from a Frenctiépartement

As noted in the main text, the value of trade flows is generelglusive of transit
shipments. Petroleum products are however a noticeabéptan. Hence, we leave them
out of the sample. We also neglect postal, pipers and otbesgecific shipments.

The distributions of exports and imports across countriesight-skewed, with a set of
few countries accounting for the largest amount of tradedlavine countries only account
for more than 70% of the value of exports and of imports (GegnBelgium/Luxembourg,
Spain, Italy, the Netherlands, United-Kingdom, Unitedi8s, Switzerland and Japan). It
is also worth noting that half of the sample (80 countriegoaats for 98% (99%) of the
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value of exports (imports). Furthermore, import and expotintries are very similar: the
Spearman rank correlation between importers and expatansls at 0.86.

Immigration

The 1999 French population census, from the French Nat®tadistical Institute (IN-
SEE), provides us with exhaustive information on the nunabéoreign-born residents by
départementFor each foreign-born resident, we know the country ohbitte nationality
at birth, and the nationality at the time of the census. Welaa able to distinguish be-
tween 1/French citizens born abroad, 2/foreign citizers loo France, 3/foreign citizens
born abroad but having acquired the French nationality,fiswadly 4/foreign citizens born
abroad with a foreign nationality at the time of the census.

As the place of birth is more important in the constructionaagocial network than
the current nationality, we consider the narrower concépioigrant The French Sta-
tistical Institute disentangles fareigner, i.e. a person whose current nationality is not
French, from aimmigrant i.e. a person born abroad with a foreign nationality, reges
of his/her nationality at the time of the census. Hence, ihamigrant acquires the French
nationality, he/she cannot be considered a foreigner arginboit remains an immigrant.
Note that for a few countries, it is necessary to sort apaméh citizens born abroad from
foreign-born French citizens. The Algerian case is verjgaitgning in this respect. Eigh-
teen Frenchdépartementgount more than 10,000 French citizens born in Algeria, who
are not immigrants (Algeria was a settlement colony of Feamttil 1962). The settlement
pattern of French citizens born in Algeria and Algeriantbaitizens is not completely
similar, with a correlation at 0.64 only.

The distribution of immigration across countries is alsghty right-skewed. Eight
countries account for more than 70% of immigrants to FraAdgefia, Morocco, Portugal,
Italy, Spain, Tunisia, Germany and Turkey). Most of theagntides do not stand in the top-
9 French trading partners. The geography of trade and inatidgr is thus quite different.
The correlation between immigration and exports (impostands at 0.65 (0.56). This
correlation is only 0.22 (0.20) when we restrict the sampleduntries belonging to the
upper-median part of the distribution.

To prevent the results from being driven by noisy observatiand the skewness of
our three variables of interest, we restrict the sample pbex, imports and immigration
stocks to the upper-median distribution countries. Thégl$eus to consider a sample of
100 countries for exports and a sample of 101 countries fpoits.

Description of the instruments

The French population censuses of 1968, 1975, 1982 and 189@l@ us with a fur-
ther reliable information on the number of immigrantsd@partementaind by country of
origin, used as instruments to tackle the endogeneity .is#uis worth noting that, for
earlier censuses (1968 and 1975), information is not exivauas it is extracted from a
representative sample (1/4 of the whole French populatidhdreover, for these years,
we only know the nationality of the residents (and not thentiquof birth) for a limited
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number of countries. Hence, the number of observationscesddrastically when we use
these variables as instruments. The 1982 and 1990 census@ephe nationality of the
respondent, as well as his/her country of birth. We are thés ta recover an instrument
variable closer to the endogenous explanatory variable.

Summary statistics

Table 4.9 depicts further summary statistics on the distributiongxgorts, imports,
distance and immigration over tdépartementountry pairs. In the panel of exports, there
are 9033 pairs (among 9400 possibilities) of strictly pesiflows, against 8110 (among
9494 possibilities) for imports, with a slightly greateirpaverage value (31,980 thousands
of euros against 30,443 for exports). The frequency of nolVdlis then quite limited here,
in comparison tdHelpman, Melitz, and Rubinste{2008 for instance (half of the sample).

Table 4.9— Summary statistics

| Mean Std.Dev]| Min| Q25 Q50 Q75| Max
Strictly positive exports (9033/9400)
Exports 30,443.2 134,961.7 0.2| 311.4 12,1225 12,621.Y3,500,597.5
Distance 5,321.9 3,758.0| 110.6| 1,956.8 4,608.3 8,358.1 19,839.1
Immigrants 470.6 2,224.0 0.0 7.0 29.0 140.0 56,540.0
All exports (9400)
Exports 29,254.6 132,431.9 00| 234.1 1,848.3 11,694.13,500,597.5
Distance 5,338.8 3,712.9| 110.6| 2,021.2 4,638.2 8,325.4 19,839.1
Immigrants 452.8 2,181.9| 0.0 6.0 27.0 131.00  56,540.0
Strictly positive imports (8110/9494)
Imports 31,079.7 151,225.4 0.1 54.9 890.0 9,076.8 4,451,061.5
Distance 5,626.0 3,933.6| 110.6| 1,912.3 4,983.7 8,908.9 19,839.1

Immigrants 519.2 2,341.7 0.0 7.0 34.0 170.0 56,540.0
All imports (9494)

Imports 26,549.0 140,197.3 0.0 7.2 392.2 6,335.9 4,451,061.5

Distance 5,577.7 3,704.2| 110.6| 2,2385 4,954.2 8,615.1 19,839.1

Immigrants 448.1 2,171.6| 0.0 5.0 26.0 128.00  56,540.0

Notes: Exports and imports are in thousands of euros, inantgrin number of foreign-born French
residents. Distance is the average number of kilometersdagt capital cities, weighted by
their population size.

4.7 Appendix B to chapter4: Matching the NST/R and Rauch’s
classifications

The NST/R classification consists in a 3-tier nomenclatdi@ chapters 52 groups
and 176positions We match each of thegmsitionswith the nomenclature built bRauch
(1999, who classifies the 1089 goods of the 4-digit SITC (rev. 2tey into three broad
categories: the goods sold on an organized market, theernefeprice goods or neither of
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the two.Rauch(1999 provides a conservative and a liberal classification. étlain text,
we use the conservative one, but we check that the result®asensitive to the alternative
classification. We cannot define a one-to-one mapping betweecategories of Rauch,
and the NSTR classification. Therefore, we measure how jgasitiondistributes across
these three broad categories.

To this aim, we use a correspondence between the 6-digit étdaped Standard (HS6)
and the NST/R classifications on one side, and between theaH&€he classification of
Rauch(1999 on the other side. The distribution of egabsitionacross the three Rauch’s
categories is computed as the ratio of the number of HS6 ibaiaging to each category
over the number of HS6 items composing a gipesition

To compute a correspondence table between the NST/R and leSS$fications, we
first use the correspondence table between the 8-digit Gmdtilomenclature (CN8) and
the NST/R classifications provided by the European Stedististitute (EUROSTAT). We
then use another correspondence table provided by EUROf®TAfe year 1988 to match
each CN8 item with only one item of the HS6 classification.

In order to compute a correspondence between the HS6 anthfisification ofRauch
(1999, we use a correspondence table between the 4-digit SIMCZjeand the 10-digit
Harmonized Standard (HS10) classifications provide&d&gnstrg1996.

Table 4.10 provides the distribution of each NST/&hapter across the three broad
categories defined by Rauch. As expected, differentiatedgmainly appear in chapter
9 (Machinery, transport equipment, manufactured arficlaad homogeneous goods in
chapters 0 and 4.

Table 4.10- Distribution of the 9 NST/R chapters across Rauch’s caiegdin %)

Chapters| Label n r w
0 | Agricultural products and live animals 19.69| 25.87| 54.44
1 | Foodstuffs 19.26| 67.6| 13.13
2 | Solid mineral fuels 13.77| 86.23 0
4 | Ores and metal waste 0 | 60.54| 39.46
5 | Metal products 29.91| 63.56| 6.53
6 | Crude and manufactured minerals 66.6| 33.4 0
7 | Fertilizers 3.82| 96.18 0
8 | Chemicals 59.42 40| 0.58
9 | Machinery, transport equipment and mgn-96.5| 3.17| 0.34

ufactured articles

Notes: n = Differentiated Goods, r = Reference Price Goods,Gwnods sold on an orga-
nized market. Chapter 4 (petroleum products) is left ouhefanalysis.

4.8 Complementary tables

The first column of tablet.11 reports OLS estimates equivalent to those presented
in table4.2 The second columrLS(y + 0.1) gives the related estimates for the log-
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linearized model, where the dependent variable has beéacegpby the logarithm di.1
plus the flow (in thousands of euros). This methodology has lbsed bybunlevy (2006,
Bénassy-Quéré, Coupet, and May2007) among others. The third colum®& T — Tobit)
gives the gravity estimates building on a modified Tobitreator, as suggested IBaton
and Tamurg1994). This method has been used Hgrander and Saaved{2005.

The three following columns report QML estimates. The fidumn QN B) depicts
the results of a 2-step Negative Binomial procedure sintdahat of table4.2 The sec-
ond column GPM L) presents another QML estimator, where we assume that toe er
term follows a Gamma distribution. The third columidf? M L) depicts the Poisson QML
estimates used gantos Silva and Tenrey(@006.

Table 4.11- Results from different specifications

In Log In Levels

OLS OLSy+0.1) ET-TOBIT 2NB GPML PPML

Exports ¢ 0) | 0.102 0.101 0.082 | 0.092 0.09F® 0.24
0.018 0.018 0.014  0.019 0.019 0.035

Exports ¢& 0) - 0.133 0.077 | 0.109 0.113 0.241
0.021 0.013| 0.021 0.021 0.035

Imports 0) | 0.054 0.05% 0.068 | 0.094° 0.093" 0.208
0.027 0.026 0.024  0.035 0.035 0.035

Imports¢ 0) - 0.032 0.057 | 0.089 0.120° 0.208
0.027 0.021| 0.041 0.047 0.035

Notes: Robust standard errors in brackets, With and® denoting significance at the 1%, 5%
and 10% levels respectively.



CHAPTERDS

Dots to boxes: Do the size and shape

of spatial units jeopardize economic
geography estimations?

5.1 Introduction

Most empirical work in economic geography relies on scattageo-coded data that
are aggregated into discrete spatial units, such as citis=gmns. However, the aggrega-
tion of spatial dots into boxes of different size and shap®tshenign regarding statistical
inference. The sensitivity of statistical results to theich of a particular zoning system is
known as the Modifiable Areal Unit Problem (hereafter MAUB)rprisingly, economists
paid little attention to this problem up until recentlyDur main objective here is to assess
whether differences in results across empirical studieseally sparked by economic phe-
nomena in the process under scrutiny, or rather just byrdiftezoning systems. We first
investigate whether changes in either $iire(equivalently the number) of spatial units, or
their shapeg(equivalently the drawing of their boundaries) alter anthef estimates that are
usually computed in the economic geography literatureoS@owve address the important
question of whether distortions due to the MAUP are large mamed to those resulting
from specification changes.

Disentangling these two effects is essential for policyr iRstance, much work has
tried to check empirically whether agglomeration enharemsomic performance at the
scale of countries, European regions, U.S. states or evaltesrapatial units such as U.S.
counties or French employment areas. The magnitude of tiraagss differs between
papers, but we do not know whether this reflects zoning systameal differences in the
extent of knowledge spillovers, intermediate input linkegand labor-pooling effects on
firm productivity. The resulting economic policy prescigpis regarding cluster-formation
strategies will be affected accordingly. In the same veitgrge body of literature has
evaluated the degree of spatial concentration, but doeshemk whether the conclusion
that some industries are more concentrated than otherisréiam the chosen zoning
system or from more fundamental differences in the size gfaageration and dispersion
forces across industries at different spatial scales.

This paper is a joint work with Pierre-Philippe Combes (UmizAix-Marseille & GREQAM) and Miren
Lafourcade (Univ. of Paris 11- ADIS & PSE), forthcomingBwsant, Combes, and Lafourca2010.
2Two noticeable exceptions aHpImes and Legforthcoming andMenon(2008.
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This paper is based on three standard empirical questioesoimomic geography, al-
though many others could have been considéralfe start by evaluating the degree of
spatial concentration under three types of French zonisteBys (administrative, grid and
partly random spatial units) and by comparing the diffeesnicetween concentration mea-
sures (Gini vs. Ellison and Glaeser) with those betweenmgpeystems. We then turn
to regression analysis as not only is the measure of anyaspdtenomenon likely to be
sensitive to the MAUP, but also its correlation with otheriables. We estimate the impact
of employment density on labor productivity and comparentiagnitude of agglomeration
economies across zoning systems and econometric spegifaFinally, we run gravity
regressions. We study how changes in the size and shapetiaf sjpits affect the elas-
ticities of trade flows within France with respect to bothaige- and information-related
trade costs.

All of these empirical exercises suggest that, when spaiés remain small, changing
their size only slightly alters economic geography est@saand changing their shape mat-
ters even less. Both distortions are secondary compargzbtifisation issues. More cau-
tion should be warranted with zoning systems involving éaugits, however. The MAUP
is obviously less pervasive when data variability is preseérfrom one scale to another.
When moving from dots to boxes, specific attention shouldeévewkd to the following key
points: 1 - the size of boxes in comparison with the origiratkd?2 - the way data are ag-
gregated, i.e. averaging or summation, 3 - the degree abspatocorrelation in the data.
The MAUP is less jeopardizing when data are spatially-aartetated and averaged, as is
the case in wage regressions. By way of contrast, the MAUPoi rohallenging when
variables in a regression are not computed under the samegagign process. In gravity
regressions for instance, moving from one scale to anodwrines a summation of trade
flows on the left-hand side, whereas distance is averageleatight-hand side.

The remainder of the paper is organized as follows. Se&igprovides a simple il-
lustration of the possible size- and shape-dependencyatibgtatistical inference, along
with a data simulation exercise. Sectibr8 lists the zoning systems for which our esti-
mations are carried out. As a first sensitivity test, seciahis dedicated to the study of
French spatial concentration patterns. Sectmbsnd5.6 investigate the extent to which
changing econometric specifications and zoning systerastdffe size and significance of
wage and trade determinants respectively. Se&idroncludes and suggests further lines
of research.

5.2 The Modifiable Areal Unit Problem : A Quick Tour

The Modifiable Areal Unit Problem is a longstanding issuedeographers. In their
seminal contributionGehlke and Bieh(1934 were the first to emphasize that simple
statistics such as correlation coefficients could vary &etously across zoning systems.

3For comparison purposes, we use the same specificationssss tifpically found in the literature (see
Combes et al20083, even though we do not necessarily think that they are thet ajt.
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Figure 5.1— The size and shape issues
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They note that, in the United States, the correlation batwaele juvenile delinquency
and the median equivalent monthly housing rent increase®tanically with the size of
spatial units.Openshaw and Tayldd979 pursued this line of investigation and, drawing
on correlations between the percentage of Republicansvated the percentage of the
population over 60, standardize what they called the “Madl& Areal Unit Problem*,

5.2.1 A simple illustration of the MAUP

Spatial statistics may vary along two dimensions: firstig tevel of aggregation, or
the sizeof spatial units, and secondly, at a given spatial resalutibe drawing of their
boundaries, or theishape Figure5.lillustrates these two related issues via the employ-
ment density-labor productivity relationship. Black psimlisplay the location of skilled
workers, whose individual productivity is denotgdwhile empty dots stand for unskilled
workers, with productivityy < 7. In the top figure, space is divided into four rectan-
gles, each consisting of three skilled and two unskilledkems. The spatial distribution
of workers across units is uniform and average productigitthe same across units. To
illustrate the shape effect, consider the bottom-left iguBpatial concentration emerges
here, with two clusters of six high-skilled workers and twasters of four low-skilled
workers. Average productivity is higher in the former duehe spatial sorting of labor
skills. Hence, agglomeration economies, defined here agasitive correlation between
productivity and employment density, are zero in the firstimg system but positive in the
second. We now turn to the size effect. In the bottom-righirég we consider smaller
rectangles with the same proportions as in the top figure.tidmancentration is also
found here, but the relationship between productivity agsity is less marked than in the
bottom-left case. Indeed, the difference in productivisgeen low- and high-productivity

4SeeFotheringham and Won@.991) for an extended review of the earliest MAUP contributions.
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regions remains the same (except for empty boxes), whereaensity gap is higher in the
bottom-right case. Hence, the extent and scope of aggldimer@conomies change with
the size and shape of units, even though the underlyingapattbormation - the location
and productivity of workers - remains the same.

The question we pursue in this paper is hence twofold. Howmdlees moving from a
particular zoning system to another alter the perceptianafconomic phenomenon? And
how does this alteration vary accordingly to whether infation is summed or averaged
under this aggregation process? Sechdh2provides a first clue to these questions, drawn
from a simple simulation exercise.

5.2.2 Mean and variance distortions: a first illustration with simulated data

A number of authors have provided detailed analyses of th&JRlBased on simulated
data. According t@rbia (1989, both size and shape distortions are minimized (although
never eliminated) under two restrictive conditions that @rely met in practice: the exact
equivalence of sub-areas (in terms of size, shape and raigglstructure) and the absence
of spatial autocorrelation. In a subsequent wakigrhein (1995 carries out a simulation
exercise where he drawig), 000 values from a randomly-generated variable and allots
randomlyeach of these values to a Cartesian address within a unitesguadoing so, the
value at one address is independent of the values at consgardresses and there is no
spatial autocorrelation.The author then divides the unit-square into, respectivglg, 49
and 9 equally-sized sub-squares. Finally, he aggregagemfitrmation by averaging the
values assigned to each sub-square. In line Withia (1989, he concludes that, under
the strong assumption of random allocation, means do nptagisany pronounced size
and shape effects and the changes in variances are only digviie fall in the number of
units® Based on Canadian Census d&erhein and Reynold§1997) further show that
the distortions of simple statistics, such as the mean arianee, do not only depend upon
the spatial organization of raw data, as reflected for exarmgheir spatial autocorrelation
coefficient, but also on the aggregation process, namelytather information is either
averaged or summed.

To get insights from more realistic data configurationsukeextend this literature and
compare the distortions arising from both a random and @dqmocess of spatial assign-
ment of simulated data. Consider a unit segment Witt000 equally-spaced addressks.
Each address is given the occurrence of a log-normallyitolised variablé To study size
distortions, we aggregate the addresses so as to formlgmait& that constitute a parti-

*More technically,Amrhein (1995 considers that the Cartesian coordinates of addressedisarieuted
either uniformly or normally, and that the generated vaedbllows either a normal or an uniform distribution.

8Under the same assumption of randomnéssit, Steel, Tranmer, and Wriglefl996 are able to jus-
tify theoretically the findings oAmrhein (1995. Note thatReynolds(1998 generates more realistic data
configurations allowing for spatial autocorrelation.

A two-dimension analysis of the MAUP would be more informaafibut it is largely beyond the scope of
the paper.

8The logarithm of the variable has a mean equdl émd a variance equal to 1.
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Figure 5.2— Aggregation with identically-shaped spatial units
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tion of the unit-segment. First, we choose equally-shapetial units. Then, we consider
randomly-shaped spatial units, that do not include the saimaber of addresses. To see
whether size distortions depend on how information is agpexl, we study four polar
cases: data summation or averaging over the addressestobgaitial unit, with either
perfect or no data sorting over address values. In the wiboanfiguration, the value at
a given address is independent of surrounding addressisshascase iimrhein (1995.

In the perfectly sorted configuration, the addresses ai@daby increasing order of their
assigned values before aggregation. Figu2compares the log-distribution of the sim-
ulated data (tight line) with their log-distribution whepatial units are equally-shaped
(thick line)® Three main conclusions emerge:

1. Mean and variance can be almost perfectly recovered afigregation when data
are spatially sorted, regardless of whether data are aa@@gsummed (top graphs).
The support of the distribution is only slightly reducedeafhiggregation. In the case
of summation, the distribution is shifted to the right by astant that depends on
the number of aggregated addresses.

2. More information is lost when data are not sorted. Whikeriiean is more or less
correctly inferred after aggregation (up to the above @ni}tthe variance is greatly

®We define units such that they include 100 contiguous adelsess
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Figure 5.3— Aggregation with randomly-shaped spatial units
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reduced (by a 10-fold factor with our parametrization).

3. In any case, the distribution form remains more or less#émee, and keeps its single
peakness.

Subsequently, with lowvithin-unit heterogeneity (e.g. spatial sorting) and Ibetween-
unit heterogeneity (e.g. identically-shaped units), the firstmants of the distribution are
not too much distorted by aggregation and changes in thebirgts. By way of contrast,
with strongwithin-unit heterogeneity (e.g. unsorted data), aggregation yielass of
information, even if units are shaped homogeneously.

Figure 5.3 shows that aggregation is likely to raise more concerns vepatial units
are randomly-shaped:

1. When data are both sorted and averaged (top left gragbjiation can be partially
recovered.

2. This is not the case anymore when data are unsorted (btafograph). As before,
the variance is drastically reduced.

3. Summation is more problematic with randomly-shapedsym®iten if data are per-
fectly sorted (top right graph): it does not only shift thetdbution to the right (so
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as equally-shaped units), but it also enlarges the disiibsupport, thereby yield-
ing an increasing dispersion of the variable.

To put it in a nutshell, when spatial units do not have the sahape, averaging is less
sensitive to changes in size than summation, though paheoinformation is lost when

data are not spatially-sorted. Conversely, if spatialsuaie randomly-shaped, summation
is more distorted by a shift in their size. Distortions arereworse than data are unsorted.

5.2.3 Correlations distortions

Clear theoretical underpinnings are more difficult to compddr correlations, would
they be univariate or multivariaté=otheringham and Won.991), who consider a multi-
variate analysis of the determinants of mean householdriedor various zoning systems,
come to an alarming conclusion: “The MAUP [...] is shown togce highly unreliable
results in the multivariate analysis of data drawn from buedts”. They also find a siz-
able range for correlation and regression coefficientschvhie positively (or negatively)
significant for certain data configurations, but insignifickor others, suggesting that cor-
relation inference is not robust to the aggregation procAssrhein (1999 is the first to
suggest separating aggregation effects from other typeisofepancies, such as model
mis-specification in multivariate settings. In his simidatexercise, he shows that bivari-
ate regression coefficients and Pearson correlations aséige to changes in the size and
shape of spatial units, even if we know the data generationgsss and if we force the
correlation between the two randomly-generated variablég zero. However, he reaches
a less alarming conclusion th&wotheringham and Won@L991), and suggests that, for
well-specified models, such asnrhein and FlowerdewWl1992, aggregation does not pro-
duce too many distortions, whereas for others, Faheringham and Won(L997), the
estimates are contaminated by size and shape.

Let us come back to our simulation exercise and turn to thi/siseof regression co-
efficients. If aggregation distorts the explanatory ancedéjent variables in the same way,
the size effect should be small. This is the case when, ftarmeg, both the explanatory and
dependent variables are spatially autocorrelated andgedr(top-left graph of figure.3).

In sharp contrast, the size issue is more prevalent whendpendlent and explanatory
variables are not aggregated under the same process or dghibit the same degree of
spatial autocorrelation.

As for shape distortion, it can be considered as a standestsdn-variables issue. Let
us consider the relationshig = Gy + f12* + i, wherey™ andz* are two random variables,
Bo and 5, two parameters, and an error term uncorrelated witki, and assume that the
relationship is valid for a particular zoning system. Thelmange the shape of spatial units
so as to havg = y* + ¢ andxz = x* + ¢ for the new spatial units. It is straightforward
to show that, under this new zoning system, regresgirg Bo+ iz +v gives a biased
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estimator off;:

cov(z*,e) — Prcov(z*, e) + cov(e, e) — F1V]e]

b=+ V[e] + Ve + 2co0(a*, e)

(5.1)

bias

Note that there is no reason why the second right-hand teregudétion $.1) should be
zero, except for knife-edge spatial configurations. Caselgr if the aggregation process
generates random errors only and heroe(z*, e) = 0, cov(z*,¢) = 0 andcov(e,e) = 0,

the bias tends towards zero wh&:*| grows faster thai[e]. The larger the changes in
borders, the larger the errarsande and thereby, the shape effect. Importantly, under the
weaker condition that: is exogenous in the OLS regressionyobn z, the bias is also
zerol? In this respect, correcting the endogeneity:pfor instance with instrumental vari-
ables techniques, should alleviate the MAUP issue. Alterglg, improving specification
should also reduce shape distortions, by making the exjoigneariables more exogenous.

However, this exogeneity condition is not fulfilled if thelwa of z* in one unit affects
the outcome of the surrounding units (and therefarg* ande). The bias definitively
increases withvov(z*, €) and cov(e, €), i.e. with spatial correlation betweeti andy*.
By way of contrast, own spatial autocorrelation, reflectedov(x*, ), has a mixed ef-
fect on the magnitude of the bias. This is due to the spatidingpeffect highlighted in
section5.2.2 which mitigates the negative impact of non-random errors.

In what follows, we build on these intuitions to extend the WRliterature in a number
of ways. First of all, we systematically assess the magaitfcsize and shape distortions
relative to mis-specification biases. Secondly, we exawiffierent aggregation processes
to test the sensitivity of economic inference to the MAUR~vBge-density regressions, raw
information is averaged over spatial units, while for giavegressions it is either summed
or averaged. In light of the above discussion, the formeukhbe associated with less
distortions than the latter and thereby, the distributibwages and density variables should
be barely unmodified by changing zoning systems. In conttastrade dependent variable
might well experience an enlargement of its distributioppsrt, whereas the dispersion of
most of the trade explanatory variables should shrink. &floee, MAUP distortions should
be more salient in gravity regressions. Finally, we extdérework of Fotheringham and
Wong (1991 by comparing the estimates from six different administeatind grid zoning
systems to those from a hundred equivalent random systems.

OWe havey* = fBo + friz* + 1 = y = Bo + Biz + p + € — Bre. Variablex is exogenous if and only if
cov(z, pp+ e — fre = 0) & cov(z™,e) — Bicov(z™, e) + cov(e, ) — S1V]e] = 0.

n this respect, our study echoes the workHafimes and Ledforthcoming, who investigate the preva-
lence of a Zipf’s law for the U.S., based on an arbitrarilgwin grid zoning system. It is also closely related
to Menon (2008, who uses randomly-generated zoning systems equivalethietcommuting-defined Core
Based Statistical Areas to study industrial agglomeratidhe US.
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Figure 5.4— Small zoning systems

341 Employment Areas@) 341 Small squaresf)

5.3 Zoning systems and data

The first zoning system we consider is that composed of 34hlsfad “Employment
areas” (hereaftegA). These spatial units are underpinned by clear economitdations,
being defined by the French National Institute of Statistiod Economics (INSEE) so as to
minimize daily cross-boundary commuting, or equivalentlynaximize the coincidence
between residential and working areas. This zoning systemently composed of 341
areas, was designed to reduce the statistical artifactalbeundaries, which is why it is
widely used in France. As can be seen on the left-hand sideyafefb.4, the average
employment area is fairly small, covering 1570 %mwhich is equivalent to splitting the
U.S. continental territory into over 4700 units.

Shape distortions can be identified from spatial units tfe@similar in size (or number)
to employment areas. Conversely, size distortions can diaighted with partitions of
France involving units that are larger than #hes. Hence, to disentangle the two faces of
the MAUP, we appeal to three other sets of zoning systems.

5.3.1 Administrative zoning systems

The first set refers to French administrative units. ComntigleFrance is partitioned
into 21 administrative “Régions’RE), depicted on the left of figurb.5 which are them-
selves split into 94 “Départementsig), shown on the left of figur&.6. All such units
are aggregates of municipalities, the finest spatial diwigor which data are available in
France'?

It can nonetheless be argued that administrative bourdddeot capture the essence
of economic phenomena that often spill over boundariesghvisi one of the reasons why
EAS were created. To circumvent this drawback, some authepgcally geographers,

12The French metropolitan area is covered by 36,247 munitigsl
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prefer to work with (often arbitrarily-drawn) checkerbdagrids. The rationale is that,
even if they do not necessarily better match the “true” bawied of economic phenomena,
grid zoning systems provide a greater degree of spatial genty than do administrative
zoning systems$?

5.3.2 Grid zoning systems

We therefore construct a second set of zoning systems ploaslyd on grid units. We
first enclose France into the smallest possible rectangéethéh divide this rectangle into
lattices of squares (based on longitude and latitude). Asd& is more or less hexago-
nal, several squares jut out into the sea and we obviouglyhisfout. We obtain the final
grid by aggregating all municipalities which have their treiu into the same square. The
resulting units are not perfect squares as their boundtoiiesv those of real municipali-
ties. We choose the size of the squares to produce threeetiffzoning systems analogous
to administrative ones: 22 (non-empty) large squars$, @1 medium squaresv§) and
341 small squaressg). It is worth noting that the largest zoning systems &ndms in
figures5.5and 5.6) include several squares which are partially truncatedtduerench
national boundaries. The finest grid suchsagfigure 5.4) circumvents this pitfall at the
expense of geometry, since the units boundaries becomeasingly ragged at the very
fine scale. Therefore, overtly enlarging or tightening thé@sualters both their symmetry
and regularity.

Figure 5.5— Large zoning systems

21 RéQIONSRE) 22 Large squares.§)

A comparison of the results obtained under respectirelypE andeA or LS, MS and
ssgives a flavor of any size distortions. We capture the impashape by comparing the
results obtained across zoning systems involving uniténofar size Reto LS, DE to MS,
andEeA to s9). While these comparisons tell us whether MAUP distortierist, they do

BAnother argument is that grid zoning systems do not changetiowe, while administrative areas may do
s0. SeeESPON(2006 for an overview of this issue.
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Figure 5.6— Medium zoning systems

94 DépartementDE) 91 Medium squaresvs)

not indicate whether the differences in the results areegyatic and significant, however,
which is why we propose a third set of zoning systems.

5.3.3 Partly random zoning systems

Our third set of zoning systems involves arbitrarily-draggatial units. We define a
set of 100 different partitions of France, by randomly aggtag the 4662 French “Can-
tons” 4 into zoning systems that have a number of units strictly et to those of
administrative ones (341 units fan, 94 for DE and 21 forRE): we call theseREA, RDE
andRRE respectively. These are constructed using the followiggrihm. We randomly
draw one canton, called the seed, within each administraiiit. We then aggregate each
seed to a second canton randomly drawn from those contigiooitis We continue with
a third canton and so on, until all existing cantons have lirawn. We run the algo-
rithm 100 times at each scale. Broadly speaking, this puaeeproduces, for each scale, a
partition of France with jiggling borders.

5.3.4 Characteristics of zoning systems

Our empirical analysis builds on sectoral time-series dathe municipal level. The
aggregation into the aforementioned larger zoning systeetds a three-dimension panel
of employment, number of plants and wages for 18 years (witheé 1976-1996 period)
and 98 industries (at the two-digit level for both manufaciy and services). For 1996,
we match this panel to a trade data set for manufactured d8ods

As can be seen in tabk 1, zoning systems differ sharply in their economic features.
The spatial variation in land area is smaller for small gniétaithan for employment areas,

We use this intermediate grouping of French municipaliteseduce the computational time without
losing too much spatial variability in the randomizatioogess.
5More details on the data are providedsit8.
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Table 5.1- Summary statistics

Zoning system | (EA) (s9 (pE) (ms) (RE) (Ls)
Number of units 341 341 94 91 21 22
Land Area (kn) Av. | 1569.8 1580.4 5733.3 5922.3 25663.4 24496.7
Cv. 0.63 0.35 0.34 0.5 0.43 0.53
Employment (workers) Av.| 2012 2019 7300 7541 32678 31193
Cv. 2.45 3.73 1.28 2.37 1.16 1.33
Employment density (workers/ki ~ Av. 4.6 15 12.3 1.7 1.8 13
Cv. 8.7 3.1 6.3 1.7 1.8 0.8
Aggregate Market Potential Av 2910 2432 2956 2161 2137 1791
Cv. 0.6 0.3 0.8 0.3 0.3 0.2
Municipality-level Market Potential ~ Av.| 3300 2758 3585 2705 3097 2736
Cv. 0.7 0.4 0.9 0.4 0.5 0.3
(Gross) Wage Av. 1.3 1.2 1.3 1.3 1.3 1.3
Cv. 0.2 0.2 0.1 0.1 0.1 0.1
Aggregate Distance (km) AV 393 419 384 445 371 448
Cv. 0.49 0.48 0.5 0.49 0.52 0.52
Municipality-level Distance (km) Av. 394 417 386 435 381 420
Cv. 0.49 0.48 0.49 0.49 0.49 0.49
Trade Flow (tons< 1000) Av. | 91.05 102.22 382.83 496.8 5956.48 5839.38
Cv. 6.6 6.5 5.6 6.2 3.1 3.2

Notes: {) (EA): employment areass§): small squaresDE): DépartementsMS): medium squares,
(RE): Régions, [S): large squares.iij Averages over 18 years, except for trade flows (1996
value). (i) Av. is the mean. Cv is the Coefficient of variation (standdediation divided
by mean). i) No unit for wage because detrended and centered aroundduadi mean. No
unit for market potential.

a property that does not hold for larger administrative aunit his reflects two opposite

effects. On the one hand, grid units are more regular, whecliges the variance. On
the other hand, the share of truncated grid units increagbssize, which increases the
variance. The latter effect dominates for medium and larges uA clear drawback of the

grid strategy is that, when units are not small enough, tivesgs reducing the variance of
land area cannot be attained due to the irregularity of natiborders. Conversely, this also
shows that the French authorities were fairly successfdesigning quite homogeneous
administrative units.

Regarding the other variables, an important distinctionceons the way in which in-
formation is aggregated. Some variables, such as empldyandrirade flows, arsummed
whereas others, such as job density and wages\amged The former increase with the
size of the units, which is straightforward. By way of costrahe overall picture vary less
for averaged information. For instance, employment derdiffers only little across grid
zoning systems, regardless of the size of their units, wiilaries more for administrative
units, which reflects that the design of administrative mgriystems was not based on this
variable. Average wages are little affected by both adriviatise and grid zoning systems.
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The suspicion that the MAUP could still bias the estimatehefitnpact of agglomeration
economies motivates the exercise carried out in se&ian

However, there are two variables, distance and market pakeior which information
is neither summed nor averaged. Consider first distancenlbe computed either as the
great-circle distance between the centroids of spatidkufhggregate Distance” in ta-
ble5.1), or as the average distance between the municipalitieaatf enit (“Municipality-
level Distance” in tablé.1). In the former case, there is no obvious link from one zoning
system to the other, whereas in the latter, less informa#idost through aggregation.
The same argument holds for market potential. It can be teeage of market potentials
over municipalities or the aggregate market potential. nEfe¢he two first moments of
both couples of variables do not differ drastically, the MAdould be more severe when
variables are computed at the aggregate level. This sofidistortions is investigated in
sectionss.5and5.6.

5.4 Spatial concentration

Before turning to regression analysis, we carry out the iipasic exercise in economic
geography, which consists in measuring the extent of dpatentration, an issue widely-
covered in the literature. Apart from a small number of amndius approaches, such as
Duranton and Overma(2009, work in this area is based on discrete zoning systems.
While some work has focused on the comparison of spatialertretion across industries,
such asEllison and Glaesef1997), only little has assessed the legitimacy of comparing
results across zoning systems that differ in the size angdesbé spatial units. In this
section, we compare the variability in concentration du¢ht zoning system with that
from different concentration indices.

5.4.1 Giniindices

We compute the spatial Gini index associated with everyrampsiystem for 98 indus-
tries and 18 years (sé&e8). The moments of the index distribution are provided ing&h?.
Every moment of the distribution, in particular the meafisfaith aggregation level. The
rationale is straightforward: smallers units have moraseith no registered employment
for certain industries, which raises the Gini index mecbailhy for each industry.

We then rank industries by spatial concentration and coemBpearman rank correla-
tions across zoning systems. The results are shown in%able

Rank correlations across zoning systems that are simizénEA andss, DE andMms,
andRrRE andLs) are very high, with values of at least 0.98 (see the subedialgelements
in table 5.3). The ranking of industries is therefore virtually unatfet by changes in
the shape of units. Size has a slightly greater effect onarttration. For instance, the
rank correlation betweesA andRE is 0.95, which remains high. Making shape more
homogeneous across scales leads to similar results, \eittotinelation betweeasandLs
zoning systems being 0.96.
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Table 5.2— Summary statistics for the Gini index

Mean St. Dev. Min P25 P50 P75 Max

(ze) | 0.587 0.224(| 0.134 0.410 0.597 0.767 0.994
(s9 | 0.553 0.220|| 0.111 0.370 0.560 0.720 0.992
(DE) | 0.481 0.217|| 0.098 0.299 0.465 0.637 0.980
(ms) | 0.439 0.213|| 0.072 0.260 0.415 0.582 0.971
(Re) | 0.338 0.187|| 0.051 0.184 0.321 0.443 0.947
(Ls) | 0.327 0.185|| 0.043 0.181 0.300 0.433 0.891

Note: Computed on 1764 observations (98 industxiel3 years).

Table 5.3— Spearman rank correlations between Gini indices
Averages over 18 years

(EA) (s9 (0E) (ms) (RE) (Ls)
(EA) 1 099 099 099 095 0.95
(s9 1 098 099 096 0.96
(DE) 1 0.99 0.97 0.97
(mMs) 1 0.98 0.98
(RE) 1 0.98
(Ls) 1

5.4.2 Ellison and Glaeser indices

It is well known that the spatial Gini index is contaminatgdrdustry structure. Given
total industry employment, industries with fewer plantdl Wave higher Ginis, even with
random plant locationEllison and Glaesg{1997) develop a measure of concentration that
is purged of this plant size effect. Talleldescribes moments of the EG index distribution.

Table 5.4— Summary statistics for the Ellison-Glaeser index

Mean St. Dev. Min P25 P50 P75 Max

(ze) | 0.017 0.027|| -0.015 0.004 0.009 0.019 0.396
(s9 | 0.021 0.037|| -0.065 0.004 0.012 0.027 0.365
(pE) | 0.022 0.034|| -0.014 0.005 0.012 0.025 0.407
(ms) | 0.031 0.051)| -0.067 0.004 0.014 0.039 0.364
(RE) | 0.042 0.059|| -0.062 0.006 0.023 0.051 0.434
(Ls) | 0.040 0.056|| -0.116 0.005 0.018 0.052 0.326

Note: Computed on 1764 observations (98 industxiel3 years).

Contrary to the Gini coefficient, the EG index monotonicdligreases with the ag-
gregation scale, which gives further support to well-knawsult already put forward by
Ellison and Glaesg{1997), or Maurel and Sédillof1999 andDevereux et al(2004), for a
slightly modified index. It can be taken as evidence thabwarindustrial spillovers play at
different scales. If we turn to the Spearman rank correfatiove have the results depicted
in table5.5.
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Table 5.5— Spearman correlations between EG indices
Averages over 18 years

(En) (s9 (DE) (MS) (RE) (LS)
(EA) 1 083 094 084 0.83 0381
(s9 1 079 0.87 085 0.84
(DE) 1 085 0.85 0.82
(ms) 1 0.93 0.90
(RE) 1 094
(Ls) 1

The rank correlations are generally lower than those foiGhe indices. Hence, any
distortions due to the MAUP are more pronounced when spaiiatentration is measured
via the EG index. In particular, size distortions are sliglatggravated, even though the
rank correlations remain fairly high (0.83 for instancevmgneA andRE).

5.4.3 Comparison between the Gini and the EG

The success of the EG index over the Gini coefficient liessialieviation of concentra-
tion due to the location of big plants. In this respect, theifd&x should be favored. The
crucial question we address here is whether the zoningmyaftects the ranking of indus-
tries more than does the choice of the index itself. To answetturn to a between-index
rank correlation analysis.

Table 5.6 shows that the between-index Spearman rank correlationgdefinitely
smaller than their within counterparts. Even within eachizg system (the diagonal ele-
ments of tablé.6), the rank correlation is 0.81 at best (®E), with the lowest correlation
being 0.56 (fors9).

Table 5.6— Spearman rank correlations between Gini and EG indices
Averages over 18 years

Gini index

(EA) (s (pE) (vms) (RE) (Ls)

(EA) | 0.65 0.53 0.70 0.61 0.67 0.64
(s99 | 0.65 0.56 0.70 0.63 0.69 0.66
(bE) | 0.69 056 0.75 065 0.71 0.67
(ms) | 0.68 0.58 0.74 0.67 0.73 0.69
(RE) | 0.73 0.65 0.78 0.74 0.81 0.76
(Ls) | 0.73 0.65 0.78 0.73 0.79 0.78

EG index

There is considerable evidence that index choice, whichameconsider as a specifica-
tion issue, produces greater distortions than the choieemihg system, in terms of both
size or shape. It should thus be of greater concern than thdmMA
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5.5 Agglomeration economies

While the MAUP only slightly distorts spatial concentratipatterns, it might have
a greater effect on the explanation of the spatial distidbubf economic variables. We
therefore now consider the incidence of the MAUP in the cdnté multivariate regres-
sion analysis. In this section, we focus on the estimatioaggflomeration economies.
Evaluating the magnitude of the benefits reaped from spait@iimity is important for
policy, and much work, such &iccone and Hal(1996, has been devoted to the esti-
mation of the productivity gains resulting from dense a&ustof activities. The benefits
from proximity to large markets and the local compositionlaidor skills are generally
simultaneously estimatéd.

We regress local wages, a frequently-used measure of klwait productivity,on local
employment density. Leb,; denote the wage in areeat datet, computed as thaverage
earnings of all workers located im at datet (hereafter the “gross” wage), anden,;
employment density (per square-kilometer). The benchrspdcification we run is the
following:

log Wat = & log Denat + 'YXat + €at; (52)

where X; is a vector of control variables. We compare the estimatastielty of wages
to employment density across zoning systems. In this esesrgie consider the average
wage and employment density per areal unit. In light of theukations performed in
section5.2, we expect the MAUP to be mitigated in this setting. As for @amtration
indices, we then check whether the choice of zoning systeatters less for the magnitude
of agglomeration economies than the biases from choicerdfas in the wage equation,
which is a specification issue.

5.5.1 A wage-density simple correlation

In order to have a benchmark, we first look at gross wage/tyeosirelations. Given
the panel structure of the data, we estimate equdi@nvith no controls other than time
dummies. Tabl&.7 reports on the resulting elasticities.

The elasticity of wages with respect to employment dengity ih the usual range of
[0.04, 0.10] found for U.S. and European data (€senbes et al.20083. Even though
some differences result from the move to a larger scale hhpeseffect remains small.

Size differences do not really matter when moving from srt@mlinedium units, al-
though larger differences occur as we move to the largess.uim bothea andDE, the
value is about 0.07. However, the aggregation fiomto RE induces a 20%-increase in
the coefficient estimate. As for the grid zoning system, tstinated elasticity is more
sensitive to scale.

It is worth noting that the explanatory power of employmeansity is significantly
lower (almost halved) for checkerboard grids than for adstriative units. Therefore,

83ee for instanc€ombes et al(forthcoming.
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Table 5.7— Gross wages and density
Simple correlations

Dependent Variable: Log of gross wage
(pooled years)
Zoning system|  (EA) (s9 (DE) (ms) (RE) (Ls)

Density 0.07® 0.07¢* 0.073 0.050* 0.090* 0.099
(0.001)  (0.002)  (0.001)  (0.002)  (0.003)  (0.006)

Time dummies yes yes yes yes yes yes
Obs. 6138 6118 1692 1638 378 396
R? 0.468 0.237 0.729 0.376 0.762 0.549

Notes: {) All variables in logarithms.i{) Standard errors in brackets.
(i) %, b, ¢: Significant at the 1%, 5% and 10% levels, respectively.

boundaries which do not reflect administrative/economnmadities do actually generate mea-
surement errors, possibly in both the left-hand and rigintehside variables. However, the
good news is that these errors seem to be largely randonthjbdied: even though den-
sity loses explanatory power, the overall picture with ee$po elasticity is one of stability.
In line with the intuitions provided i5.2.3 this corroborates the OLS consistency in the
presence of random measurement errors and exogenousaxpjavariables.

As a second step, we compare the two MAUP distortions to tla@gés induced by
including skills controls (SectioB.5.2 and market potential (Sectidn5.3 into the wage
equation.

5.5.2 Controlling for skills and experience

Our empirical analysis uses rich individual wage informatirom a large panel of
workers followed across time and jobs. We are hence ableply apsophisticated proce-
dure to control for observed and unobserved individualskio as to check whether the
greater productivity observed in dense areas is partly altieet spatial sorting of workers
and whether the MAUP affects these magnitudes. In a firsestag calculate individual
wages net of individual skills and experience, as follows:

logwit = 0; + v 1) + XitB + €it, (5.3)

wherew; is the wage of workei at datet. This is a function o#;, an individual fixed-
effect capturing the impact of both time-invariant obsereed unobserved skillsy;; ),

an effect specific to the firm wherei is employed at date, and X;; a set of controls for
worker’'si experience at date(age, age-squared, and number of previous jobs interacted
with gender). Based on the estimates provideflhowd, Creecy, and Kramaf2002, and
following Combes et al(forthcoming, we define a wage net of any individual observed
and unobserved skills and experience effets;; — 0; — XZ-tB . We then compute the
average of this net wage over all individuals living in thengaareau, at datet (hereafter

net wage). This yields a measure of local labor productipityged of individual skills and
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experience. We proceed by regressing net wages on employlaesity. The results are
shown in tables.8.

Table 5.8— Net wages and density
Simple correlations

Dependent Variable: Log of net wages
(pooled years)
Zoning system|  (EA) (s9 (DE) (ms) (RE) (Ls)

Density 0.033 0.028 0.029° 0.023* 0.048 0.052
(0.001)  (0.001)  (0.001)  (0.002)  (0.003)  (0.004)

Time dummies yes yes yes yes yes yes
Obs. 6138 6118 1692 1638 378 396
R? 0.220 0.098 0.338 0.238 0.619 0.570

Notes: {) All variables in logarithms.i{) Standard errors in brackets.
(i) %, b, ¢: Significant at the 1%, 5% and 10% levels, respectively.

The elasticity of net wages with respect to employment deiishalf of that for gross
wages. Hence, the specification issue induces a differencedfficient of an order of
magnitude greater than that due to the MAUP. We thereforehréiee same conclusion as
for the analysis of spatial concentration: differences tuthe size and shape of spatial
units are small compared to the upward bias induced by thesiom of workers’ skills
and experience in the wage equation, especially when dat@oaaggregated at a too large
scale. Moreover, shape and size distortions are slightiynaated in many cases (between
DE andMs, andrRE andLs, for instance), once these controls are included.

5.5.3 Market potential as a new control

Not only local density and skill composition affect laborfoemance, but so does the
proximity to large economic centers outside the area. A mdjawback of the above
wage specifications is that there are no controls for thdivelposition of the area within
the whole economy. For instance, wage equations derivea fudy-specified economic
geography models, such Redding and Venablg2004) andHanson(2005, account for
spatial proximity via structural demand and supply accessbles. It is beyond the scope
of this paper to replicate such a sophisticated and difficuitnplement approach. Here
we only include, as well as densityHarris (1954 market potential variable based on the
employment accessible from any given area, divided by thtawce necessary to reach
them'’:

. Y,
Market Potentiak=  ° (5.4)
#

S
. Distg o

whereY,, is employment in area and Dist, ./, the great-circle distance between the
centroids of areas anda’. The results for gross and net wages are listed in tahi@s

The literature shows that this atheoretic market potenfteh has an explanatory power similar as the one
of structural market potential.
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and5.10respectively.

Table 5.9— The spatial determinants of gross wages

Dependent Variable: Log of gross wage

(pooled years)
Zoning system (EA) (s9 (DE) (ms) (RE) (Ls)
Density 0.058" 0.068° 0.059° 0.050* 0.090* 0.098
(0.001)  (0.002)  (0.002)  (0.002)  (0.003)  (0.006)

Market Potential| 0.100* 0.099 0.062* 0.079 0.024 -0.009
(0.004)  (0.008)  (0.005)  (0.008)  (0.011)  (0.020)

Obs. 6138 6118 1692 1638 378 396
R? 0.521 0.256 0.753 0.411 0.765 0.549

Notes: {) All variables in logarithms.i{) Standard errors in brackets.
(i) ¢, b, ¢: Significant at the 1%, 5% and 10% levels, respectively.

Once market potential is accounted for, the impact of dgmsitgross wage is atten-
uated. This is even more salient for low-scale and admatige zoning systems. The
elasticity of gross wages to market potential is slightlpisger for medium squares than
for their administrative counterparts, Départements.sThiconsistent with the intuition
that cross-boundary discrepancies should be more satiegrifi units that were not de-
signed to minimize them in the first place.

Regarding the size issue, the impact of market potentialatomically decreases with
the aggregation scale (for both the administrative and zpining systems). As for den-
sity, size distortions are more prevalent & or LS, and market potential becomes either
insignificant or even negative. This is due to an importass lof information in the aggre-
gation process, that we detail below.

Table 5.10- The spatial determinants of net wages

Dependent Variable: Log of net wage

(pooled years)
Zoning system (EA) (s9 (DE) (ms) (RE) (Ls)
Density 0.027 0.026 0.021 0.023 0.048 0.052
(0.001)  (0.001)  (0.002)  (0.002)  (0.003) (0.004)

Market Potential| 0.037 0.043* 0.0368° 0.044* 0.023 -0.0002
(0.004)  (0.007)  (0.006)  (0.007) (0.01)  (0.012)

Obs. 6138 6118 1692 1638 378 396
R? 0.232 0.104 0354 0.256 0.624 0.570

Notes: {) All variables in logarithms.i{) Standard errors in brackets.
(iii) ¢, °, ¢: Significant at the 1%, 5% and 10% levels, respectively.

In table5.10where skill controls are accounted for, shape and size aittigrslightly
the estimates at the lowest scales. It confirms our previesidtrthat specification is of pri-
mary concern when working with small spatial units. Diffeces due to size and shape are
much less pronounced than those resulting from a changeaifisation. For instance, the
elasticity of density is only.027 at the small-unit levels, once skills and market potential
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are controlled for, while the baseline estimates were abdt Similar conclusions are
reached for the market potential elasticities, with sliglrger differences at the largest
scales RE andLs). To gain further insights on the underpinnings of suchdasgale dis-
crepancies, we turn to an alternative definition of markeétipial.

5.5.4 An alternative definition of market potential

If we use the average of municipality-level market potdstiastead of the aggregate
market potential, we obtain the results reported in tablééand5.12

Table 5.11- The spatial determinants of gross wages:
Municipality-level market potential

Dependent Variable: Log of gross wage

(pooled years)
Zoning system (EA) (s9 (DE) (Ms) (RE) (Ls)
Density 0.050* 0.06 0.051 0.038 0.063 0.069
(0.001)  (0.002)  (0.002)  (0.002)  (0.004)  (0.006)

Market Potential| 0.101* 0.094 0.077# 0.120¢ 0.091* 0.1283
(0.004)  (0.008)  (0.005)  (0.007) (0.01)  (0.014)

Obs. 6138 6118 1692 1638 378 396
R? 0.520 0.254 0.761 0.464 0.808 0.624

Notes: () All variables in logarithms.i{) Standard errors in brackets.
(i) ¢, b, ¢: Significant at the 1%, 5% and 10% levels, respectively.

In this second set-up, the aggregation process conservesinformation and, as ex-
pected, the elasticity of market potential is less seresttivchanges in the shape and size of
units, and even less at the largest scales. InterestihglyyIAUP is also less salient regard-
ing employment density, and the explanatory power of theehiodreases, in comparison
with tables5.9and5.10

Table 5.12— The spatial determinants of net wages:
Municipality-level market potential

Dependent Variable: Log of net wage

(pooled years)
Zoning system (EA) (s9 (DE) (ms) (RE) (Ls)
Density 0.023 0.024 0.017 0.0168© 0.032 0.038
(0.001)  (0.002)  (0.002)  (0.002)  (0.004)  (0.004)

Market Potential| 0.038° 0.044 0.042* 0.063 0.056" 0.059
(0.004)  (0.006)  (0.006)  (0.007)  (0.009)  (0.009)

Obs. 6138 6118 1692 1638 378 396
R? 0.232 0.105 0.357 0.278 0.652 0.611

Notes: {) All variables in logarithms.i{) Standard errors in brackets.
(iii) ¢, °, ¢: Significant at the 1%, 5% and 10% levels, respectively.

As for net wages (see tabtel?), the coefficients of both density and market potential
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are more than halved compared to gross wages, whereas stthpea@are clearly not big
issues.

Figure 5.7, that displays the density and market potential estimatasr from the
three partly random zoning systems, provides further suppthis conclusion. For a given
size, the dispersion of estimates is much lower than thaiced by a shift of specification,
which confirms the absence of shape effects. Once againntiiesignificant difference
due to size regards density for the largest units. Even sodistortion almost vanishes in
the best specification (net wages), as do the differencdseimipact of market potential.
These conclusions clearly echo the finding&nofrhein and Flowerde1992 and suggest
that a good specification is actually an efficient way to aimgant the MAUP.

Figure 5.7— The size- and shape-dependency of wage determinants
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In line with the simulations provided in secti@n2.3 the loss of information incurred
when variables are aggregated is the primary source of thdRIA can be mitigated (but
never completely eliminated) when the process of aggmgasi of the average-type and
when the raw information is not too much heterogenewithin-unit, which is the case
for spatially autocorrelated data at small scales. If se MAUP is of secondary concern
compared to modeling issué&s.

5.6 Gravity equations

So far, we have investigated MAUP distortions for aggregegiprocesses that are of
the average-type only. We now turn to gravity regressioas tleed both averaged and
summed information.

180ne important concern is not tackled here. In the above wagsity analysis, we inevitably face the
major difficulty that causality could run both ways since therker’s location is also determined by their
earnings anticipations. We leave this issue aside, as ilneady been extensively discussed in the literature,
and is orthogonal to the MAUP.
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5.6.1 Basic gravity

The gravity model has been widely used to investigate thera@ants of trade. A
basic specification explains the trade fléyy,/, originating from area and shipped to area
a’, by various proxies for the proximity betweenanda’. These include the great-circle
distance between the centroidssoéinda’, Dist,, and, often, a dummy variable stating
whether the areas are contiguoG®ntig,, .2° Finally, the “border effect” (sebcCallum,
1995 is captured by a dummy variable for within-area flowWigithin,—, . As a first step,
we estimate the following two-way fixed-effect specificatio

In(Foy) =04+ 0y — pln (Distyy) + ¢Contigey + vWithing—q + €qar,  (5.5)

whered,, andf’ are destination and origin fixed effects, respectively, apdis an error
term. This fixed-effect approach has the attractive prgp#ibeing structurally compatible

with many trade models (based on comparative advantage lhasnenperfect competi-
tion).2°

Table 5.13- Basic gravity
Aggregate distance

Dependent Variable: log of positive flows
(Year 1996)

Zoning system| (EA) (s9 (DE) (Ms) (RE) (Ls)
Distance -0.99¢" -1.17% -1.608 -1.912 -1.602" -1.900'

(0.022) (0.024) (0.056) (0.048) (0.075) (0.113)
Within 1.738 1.040° 1.39% 0.221 1.460 0.448

(0.063) (0.066) (0.111) (0.135) (0.151) (0.211)
Contiguity 0.967 1.093 0.959 1.044 0.728 0.89%

(0.041) (0.044) (0.063) (0.077) (0.087) (0.118)
Obs. 24849 22189 6600 5069 441 443
R? 0.516 0.541 0.706 0.752 0.941 0.928

Notes: {) All variables in logarithms.i{) Standard errors in brackets.
(iii) ¢, °, ¢: Significant at the 1%, 5% and 10% levels, respectively.

Table5.13reports on the related estimates under both the admimstratd grid zon-
ing systems. The great-circle distance elasticity is syatially larger for grid than for
administrative zoning systems, at a given scale. The shf@et en distance increases
with the scale of aggregation. Contiguity is less affectedlape. Again, size effects are
slightly more salient at the largest scales, especiallynwheving from theeA-ssto either
the DE-MS or RE-LS zoning systems. The magnitude of the distance effect (iolates
value) increases with size (for the administrative and gading systems). The border
effect is always lower for grid zoning systems, which is gt evidence of the economic
consistency of administrative units.

19A for grid zoning systems, we assume that two units are coatig if they share a common edge.
2seeFeenstrg2003.
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If we use the average of inter-municipality distance indtebaggregate distance (see
table5.14), results remain virtually the same, but the border effechagnified.

Table 5.14— Basic gravity
Municipality-level distance

Dependent Variable: log of positive flows
(Year 1996)

Zoning system (EA) (s9 (DE) (ms) (RE) (Ls)

Weighted Distanceg -1.009* -1.182 -1.64%3" -1.909 -1.710" -1.96&
(0.022)  (0.024)  (0.058)  (0.047)  (0.088)  (0.096)

Within 2.139% 1547 1938 1.138¢ 1.900" 1.39%
(0.058)  (0.056)  (0.099)  (0.097)  (0.146) (0.21)
Contiguity 1.031* 1.139 1.02¢ 1.058 0.768 0.863
(0.04)  (0.044)  (0.062)  (0.069)  (0.082)  (0.094)
Obs. 24849 22189 6600 5069 441 443
R? 0.517 0.544 0.709 0.757 0.942 0.933

Notes: () All variables in logarithms.i{) Standard errors in brackets.
(iii) ¢, %, ¢: Significant at the 1%, 5% and 10% levels, respectively.

In sharp contrast with market potential in wage equationsalgernative measure of
distance does not alleviate the MAUP. Gravity regressisasance more sensitive to the
MAUP. The rationale is found in the simulations depictedant®n5.2.3 The dependent
variable, trade flows, is summed over units, whereas theaeafbry variable, distance, is
averaged. The process of aggregation shifts to the righditebution of the former and
raises its dispersion (which finds support in tabl#). By way of contrast, since distance
is a highly autocorrelated averaged variable, it is lessitea to aggregation. The rise
(in absolute value) of the distance coefficient reflects #exrto reconciliate an increasing
dispersion of trade flows with a stable support of the distatistribution.

Figureb5.8illustrates the way in which both size and shape affect theegaand stan-
dard errors of estimates from partly random zoning systé&ask dots in the top-left figure
stand for the elasticity of distance (and for contiguity drwider effects in the top-right
and bottom figures, respectively). Th&% confidence interval is shown by the surround-
ing lighter dots. Random zoning systems are ranked by isgrgaestimated values. For
all three proximity measures, we find that the variabilityeBtimates raises with scale (as
reflected by the increasing slope of dark curves), sugggstiare shape-dependency in
larger zoning systems. Nonetheless, this variability isoafer magnitude than the dif-
ferences due to moving from one scale to another (frEn to RDE or RRE, regarding
distance and border effects). The shape-dependency ef laoming systems (especially
RRE) is due to two joint phenomena. First, coefficient estimai®more likely to suffer
from finite-sample bias for larger (and hence less numeronig$. Second, the random
process of aggregation is likely to produce more distinctizgp systems when data are
aggregated over larger units.
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Figure 5.8— The size- and shape-dependency of the impact of spatigihpity on trade
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5.6.2 Augmented Gravity

Barriers to trade do not only concern proximity. Other tr&itdgions result from costs
unrelated to distance (such as trade policy, exchangevadddility, delivery times, and
inventory or regulation costs), and from more subtle foici due to the need to acquire
information on remote trading partners or to enforce catgtaas emphasized Wauch
(200)). To tackle these, the literature extends the basic gravitglel by making trade costs
depend not only on spatial proximity but also on cultural aridrmational proximity. For
instanceWagner et al(2002 report that migrations between two countries enhance thei
bilateral trade by around 50%. To evaluate the trade-crg@atipact of social and business
networks within countriesCombes et al(2005 estimate:

In(Foe) = 0440y —pln(Distey) + ¢Contigay + YWithing—q (5.6)
+aln (1 + Migyw) + BIn (1 + Migya) +vIn (1 + Plantay) + €qar,
where Dist,,s is municipality-level distanc& Mig,, is the number of people born in
areaa’ and working in areau, called (relative to area) immigrants, Mig,, are anal-

ogously emigrants, ané’lant,, is the number of financial connections between plants
belonging to the same business group &8p

Table 5.15— Augmented Gravity

Dependent Variable: log of positive flows
(year 1996, Municipality-level distance)
Zoning system (EA) (s9 (DE) (ms) (RE) (Ls)

Weighted Distance -0.616" -0.698" -1.231* -1.294 -1.291 -1.340'
(0.023)  (0.027)  (0.062)  (0.061)  (0.103)  (0.102)

Within 1.20 0.92% 0.8* 0.338 0517 0.436
(0.064) (0.06)  (0.126)  (0.095)  (0.171)  (0.241)
Contiguity 0.31% 0.40%3 0.3668 0.317 0.296° 0.42%
(0.049)  (0.049)  (0.068)  (0.072)  (0.072)  (0.119)
Emigrants 0.228 0.2268° 0.237 0.244 0.281* 0.24@
(0.014)  (0.013)  (0.028)  (0.034)  (0.088)  (0.104)
Immigrants 0.24¥ 0.256 0.209 0.286° 0.257 0.268

(0.014)  (0.015)  (0.037)  (0.035)  (0.086)  (0.134)

Business networks 0.043 0.013 0.24 -0.021 0.225 0.646
(0.016) (0.019) (0.072) (0.064) (0.173) (0.161)

Obs. 24849 22189 6600 5069 441 443
R? 0.538 0.568 0.723 0.772 0.953 0.945

Notes: () All variables in logarithms.i{) Standard errors in brackets.
(iii) ¢, °, ¢: Significant at the 1%, 5% and 10% levels, respectively.

It can readily be seen from talel5that, controlling for networks reduces the distance
elasticity by about one-third, whereas the contiguity @ffs three to four times smaller.
The border effect is reduced even further, and disappeanpletely at theRe-LS scales.

Z1Results are virtually unchanged with the alternative mesmstidistance, i.e. aggregate distance.
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The MAUP distortions are subsequently far larger than tlodmerved in tablé.13 and
5.14

It is worth noting that the trade-creating effect of migsaig robust to the shift of
zoning system, in terms of both size and shape. Migrant asthéss network variables
are indeed summed from one scale to another, and this agigregaocess increases both
their mean and dispersion. Their elasticity is not very gisesto the MAUP because
the dependent variable, trade, is aggregated under the sameation process. By way
of contrast, even though the trade-creating impact of lessimetworks increases slightly
with the scale of administrative units, it is no longer stitally significant for grid zoning
systems.

Figure5.9displays the estimated immigrant and emigrant coefficientise same way
as in figure5.8. Both groups of estimates monotonically increase with évellof aggre-
gation.

Figure 5.9— The size- and shape-dependency of the trade-creatingirapaigrants
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We therefore continue to find that size matters more thaneshHdpreover, the magni-
tude of this distortion is definitely larger than in our pras exercises. The explanation
is that gravity regressions involve variables aggregateden different processes. Since
the MAUP is fundamentally linked to whether the distributiof variables is preserved, it
jeopardizes gravity estimations more than wage equat®tils. MAUP distortions remain
of smaller magnitude than mis-specification biases.

5.7 Conclusion

The overall picture is fairly clear. The use of different cifieations to assess spa-
tial concentration, agglomeration economies, and tratierménants produces substantial
variation in the estimated coefficients. In most cases,rthpmvides a clear explanation
of such variations. Although the size effect of the MAUP ntigtill be important, espe-
cially at large scales, it is of second-order compared taifipation at lower scales. Shape
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distortions remain of only third-order concern. On the othand, when zoning systems
are specifically designed to address local questions, &g isase for French employment
areas, we definitely argue that they should be used. Thosareheft with other adminis-
trative units should not worry too much however, as long asggregation scale is not too
large. We therefore urge researchers to pay attention damiyrito choosing the relevant
specification for the question they want to tackle.

We also want to draw attention on the fact that the aggregaiiocess conditions
the magnitude of the MAUP distortions. If these distorti@me negligible when both the
dependent and explanatory variables are averaged, thelearty more jeopardizing when
the aggregation processes are not consistent on both $ithesregression, and even more
that we work with large-scale spatial units. For instanbe, MAUP could be of greater
concern with U.S. data aggregated at the State level.

We do not of course claim that the various specifications us#ds paper are actually
the best. They are simply those frequently found in the exoo@eography literature.
Many other empirical questions can be considered. We foouthm@e simple exercises
because they are quite different in spirit, and cover a watge of estimations. This
makes us fairly confident that our conclusions are robusthercexercises, even though
this remains to be shown.

Finally, the French economical and institutional designynba particularly well-
designed to minimize MAUP problems. For instance, the @ini®f France into Départe-
ments, was adopted simultaneously with the first Frenchtitotisn in 1790 to replace
the old “provinces”, which more or less represented dicee3dese latter exhibited sig-
nificant variation in tax systems, population and land graad the new division aimed to
create more “regular” spatial units under a common cerggitlation and administration.
Their size was chosen so that individuals from any point e Btépartement could make
the round trip by horse to the capital city in no more than tagsd which translated into
a radius of 30-40 km. Hence, it might well be that the Frenamiastrative zoning sys-
tems are less sensitive to the MAUP by definition. We theeetarcourage researchers to
replicate the exercises carried out here in the contextraratountries.
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5.8 Appendix to chapter5: Data

Economic variables for all zoning systems are obtained lgreggting information
over the 36,247 French municipalities (“communes”).

First, over the 1976-1996 period, the composition in terfresstablishments (employ-
ment size, and number of establishments) and workers (yelgslace of birth, age, gender,
occupation, and wage, among others) is available at thgitiddustrial level. The data
come from the INSEE surveyDéclaration Annuelle de Données Socidl3ADS), which
collects matched employer-employee information in FraQog analysis builds on a panel
extract covering people born in October of all even-numthgrears, excluding civil ser-
vants, which is a representativg24‘" of the French population. No survey was carried out
in 1981, 1983 or 1990, producing a final sample of over 12.8aniplant - individual year
observations, which are then re-aggregated by spatigl ygatr (18 points), and industry
(98 two-digit sectors covering both manufacturing and ises)?? As the key parameter
of the sampling process is the date of birth, there is no alsvieason to believe that the
sample is geographically biased.

For 1996, the above data are matched with information onrtdtketvolumes shipped
by road, both within and between municipalities, which wgragate into different larger
zoning systems. The data comes from the French Ministry ahgport, which annually
surveys a stratified random sample of trucks.

Regarding social and business networks, we compute migtarks based on the num-
ber of natives from one area who moved to work in another &r&usiness networks are
captured via the number of financial connections betweentplaelonging to the same
business group. For each business group, we count the nwhpkmts located in each
area. We then compute for each pair of areas the sum oversafidas groups of the prod-
uct of the two counts. The data source here is the INSEE suiMeysons FInancieres
(LIF1), which defines a business group as the set of all firmgrotied either directly or
indirectly (over 50%) by the same parent firm, which is itslf controlled by any other
firm.24

22As in Abowd et al.(2002), part-timers are retained and outliers (over five standemats above and below
the mean) are dropped. The selection of industries and theva of sampling errors at the smallest scale
follows Combes et al(forthcoming.

BThis figure is also calculated using the DADS survey.

24SeeCombes et al(2005 for more details on the network variables.
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Agglomeration
and the spatial determinants of productivity and trade

Long Abstract:

The tendency of human and economic activities to agglomésatbvious, as proved by
the existence of cities. This fact is also true for individinalustries. The measure, causes,
and consequences of the spatial concentration of firms tipgiia the same industry are
an old subject of interest for economists, dating back at lewAlfred Marshall(1890.

These patterns of agglomeration cannot be explained bytbterce of local compar-
ative advantages only, as in the classical trade theorgsltdd economists to acknowledge
the existence of agglomeration economies. Such econoxigsas soon as an individual's
productivity rises when he or she is close to other indivislu&everal questions are thus
of interest: is spatial concentration pervasive in all stdes, or limited to a few anecdotal
cases? What are the advantages for firms to cluster that lertoadifset extra costs due to
agglomeration? How large are these advantages? How fabegalécline in space? How
do they shape the spatial distribution of trade? These igussimake up the background
picture of this dissertation.

In chapterl, we develop a new methodology to test for the spatial conatomh of
industries in a continuous space. Considering space asugons prevents the measure of
spatial concentration from being corrupted by statistaréifacts endemic to the use of a
discrete spatial zoning system, the so-called ModifiabkaMNUnit Problem. We emphasize
in this chapter the specific patterns of concentration ofiserindustries in comparison
with the more traditional manufacturing industries in Fr@an Service industries appear
more localized than manufacturing industries and at shdrs¢ances. This result supports
the intuition that, in these industries, very localized laggeration economies are crucial,
as face-to-face contacts or off-the-street networking.

In chapters2 and 3, we quantify the magnitude of agglomeration economies en th
productivity of firms. More specifically, we assess the redastrength of urbanization
and localization economies. In the former case, firms befnefit the overall size of their
market, whatever the identity of their neighbors. In thdéelatase, firms benefit from
the closeness of neighbors operating within the same indubt chapter2, we rely on
a traditional linear-in-mean OLS approach and show thatleyngent density and local
specialization are of primary importance to explain digjes in average firm productivity
over space. Firms located in areas of the upper decile fosityeare about 8% more
productive than firms located in areas of the lower decileis T$1 equivalent to a four-
to five-year growth in productivity. In comparison, firms ireas of the upper decile for
specialization are, on average, 5% more productive thars finmareas of the lower decile.

In chapter3, we use a quantile regression approach to assess whetseraherage
results hide large differences across heterogeneous gersiundeed, we find that urban-
ization economies benefit more the most productive firms. prbductivity premium for
firms located in areas of the upper decile for density ranges 6% for the least produc-
tive firms to almost 14% for the most productive ones, in canispa with firms located in
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areas of the lower decile for density. In comparison, theaichpf specialization is rather
stable across the conditional productivity distribution.

Chapter4 studies another aspect of spatial concentration. We iigatetwhether and
how the spatial distribution of immigrants across Frengbadements shapes the interna-
tional trade flows of these areas with the immigrants’ caestof origin. We show that
immigrants exert a positive impact on exports and importsulifing the number of im-
migrants settled in @épartemenboosts its exports to the home country by 7% and its
imports by 4%. This impact is larger when immigrants origgnilom a country with weak
institutions or when the traded good is more complex. In loages, it sustains the fact that
immigrants hold specific knowledge about their country ddiorthat eases the creation of
trade links.

Chapters wraps this dissertation up by considering the sensitiviityhhe various econo-
metric results shown in previous chapters to the ModifiableahUnit Problem. We study
how changing the shape (equivalently, the drawing of theumalaries) and size (equiv-
alently, the number) of spatial units impacts on the degfegpatial concentration, the
magnitude of agglomeration economies and the spatialrdetants of trade. We compare
these distortions with those due to misspecification. Tkésa@se is all the more important
because most empirical work in regional and urban econoneitss on scattered geo-
coded data that are aggregated into discrete spatial soith, as cities or regions. All of
these empirical exercises suggest that, when spatial nemitain small, changing their size
only slightly alters economic geography estimates, andging their shape matters even
less. Both distortions are of secondary concern comparspegcification issues.

Keywords: Spatial concentration, Agglomeration economies, Firmdpotivity,
Immigration and Trade, Modifiable Areal Unit Problem.
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Déterminants de la productivité et du commerce : le réle de Igproximité géographique

Cette thése s'intéresse a la maniére dont les économiegldiagration fagonnent I'organisation
spatiale des secteurs d’activité en France et agissenaquotluctivité des entreprises. Dans le
premier chapitre, nous développons une nouvelle méthoderpesurer la concentration spatiale
a partir de données géo-localisées. Nous I'appliquons ar@araison de la concentration spa-
tiale dans les secteurs de service et dans les secteursantumigrs. Nous soulignons, entre autres,
une tendance plus forte des secteurs de service a se cancgdtialement. Dans les deuxieme
et troisieme chapitres, nous évaluons I'impact des extiggaal’'urbanisation et de localisation sur
la productivité des entreprises. Nous montrons dans leitthapque les entreprises gagnent, en
moyenne, a étre localisées dans une zone a forte densité @oi @na proximité d'entreprises
opérant dans le méme secteur d’activité. Le chapitre 3 @tcoinment ces effets sont différen-
ciés entre entreprises hétérogénes. Nous soulignong tpufaies entreprises les plus productives
sont aussi celles qui bénéficient le plus des externalitébdhisation. Le chapitre 4 se concentre
sur les problématiques de commerce international. Nougnomsique plus le nombre d'immigrés
est grand dans un département francais, plus ses échamgeeeotaux avec le pays d'origine de
ces immigrés sont importants. Enfin, le dernier chapitr@pse une contribution méthodologique.
Nous étudions comment le choix particulier d’'un découpagmggaphique, avec des unités spa-
tiales de taille et de forme données, influence les résudedsxercices statistiques des chapitres
précédents. Nous concluons a un biais faible lié au ProbtieaéJnités Spatiales Modifiables, au
regard du biais introduit par une mauvaise spécification.

Mots clés: Concentration spatiale, Economies d’agglomération, rtité des entreprises,
Immigration et commerce, Probleme des Unités Spatialesfidbtks

Agglomeration and the spatial determinants of productivity and trade

This PhD dissertation studies how agglomeration econostiape the patterns of spatial concen-
tration in French industries, and impact on French firm pobigtity. In the first chapter, we develop
a new methodology to assess spatial concentration withorgieographic data. This methodology
is then applied to compare localization patterns in Fremehise and manufacturing industries. In
particular, we find that service industries tend to be mocalieed than manufacturing ones. In
the second and third chapters, we assess the magnitudeasfizattion and localization economies
on French firm productivity. Chapter 2 proves that, on averfigns benefit from a larger density
of employment in their vicinity and a more specialized eomment. Chapter 3 considers the dif-
ferential impact of agglomeration economies across hge&reous producers. We emphasize that
urbanization economies benefit more the most productivesfihapter 4 focuses on international
trade issues. We find that the larger the stock of immigrangsspecific French département, the
larger its trade flows toward the immigrants’ country of arig-inally, chapter 5 makes a method-
ological point by considering whether and how the choice gecific zoning system, with spatial
units of given size and shape, impacts on the statisticateses of the previous chapters. We find
that distortions due to the Modifiable Areal Unit Problem afsecondary concern in comparison
with problems due to misspecification.

Keywords: Spatial concentration, Agglomeration economies, Firnmdpodivity, Immigration
and Trade, Modifiable Areal Unit Problem.
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