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Quantitative models of establishment location choices: Spatial
effects and strategic interactions

A

This thesis is breathing new life into the location choice models of establishments. The
need for methodological advances in order to more realistically model the complexity of es-
tablishment decision-making processes, such as their optimal location choices, is the key mo-
tivation of this thesis.

First, location choice models use geo-referenced data, for which choice sets have an explicit
spatial component. It is thus critical to understand how to represent spatial aspect in location
choice models. The final decision of an establishment seems to be related to the surrounding
economic landscape. When accounting for the linkage between neighboring observations,
the decision on the spatial weight matrix specification must be made. Yet, researchers over-
whelmingly apply the Euclidean metric without realizing its underlying assumptions and its
alternatives. This representationhas been originally proposed due to scarce data and low com-
puting power, rather than because of its universality. In areas, such as the Paris region, where
high congestion or uncrossable physical barriers problems clearly arise, distances purely based
on topographymay not be the most appropriate for the study of intra-urban location. There
are insights to be gained by mindfully reconsidering and measuring distance depending on
a problem being analyzed. Rather than locking researchers into a restrictive structure of the
weight matrix, this thesis proposes a flexible approach to intimate which distance metric is
more likely to correctly account for the nearby markets depending on the sector considered.
In addition to the standard Euclidean distance, six alternative metrics are tested: travel times
by car (for the peak and off-peak periods) and by public transit, and the corresponding net-
work distances.

Second, what makes these location choices particularly interesting and challenging to ana-
lyze is that decisions of a particular establishment are interrelated with choices of other play-
ers. These thorny problems posed by the interdependence of decisions generally cannot be
assumed away, without altering the authenticity of the model of establishment decisionmak-
ing. The conventional approaches to location selection fail by providing only a set of system-
atic steps for problem-solving without considering strategic interactions between the estab-
lishments in the market. One of the goals of the present thesis is to explore how to correctly
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adapt location choice models to study establishment discrete choices when they are interre-
lated.

Finally, a firm can open a number of units and serve the market from multiple locations.
Once again, traditional theory and methods may not be suitable to situations wherein indi-
vidual establishments, instead of locating independently from each other, form a large orga-
nization, such as a chain facing a fierce competition from other chains. There is a necessity
to incorporate interactions between units within the same and competing firms. In addi-
tion, the need to state a clear difference between the daytime and nighttime population has
been emphasized. Demand is represented by pedestrian and car flows, the crowd of poten-
tial clients passing through the commercial centers, train and subways stations, airports, and
highly touristic sites. TheGlobal Survey of Transport (EGT 2010), among others, is of service
to reach this objective.

More realistically designed location choice models accounting for spatial spillovers, strate-
gic interaction, and with amore appropriate definition of distance and demand can become a
powerful and flexible tool to assist in finding a befitting site. An appropriately chosen location
in turn can make an implicative difference for the newly-created business. The contents of
this thesis provide some useful recommendations for city planners, plan developers, business
owners, and shopping center investors. We asked a number of burning questions through this
thesis and attempted to open the door to possible answers or to stimulate further reflection
on location choice models.
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tors, within- and inter-industry interactions, daytime population, demand, multi-store firms,
nearest neighbor distance, rival- and same-chain stores, Paris region

xiii



Modèles quantitatifs de choix de localisation des établissements :
effets spatiaux et interactions stratégiques

R ́ ́

Dans un contexte de carenceméthodologique, cette thèse vise w apporter un nouveau souf-
fle auxmodèles de choix de localisation jusqu’ici incapables d’appréhender demanière réaliste
la complexité des processus décisionnels des établissements tels que leurs choix de localisation
optimale.

Les modéles de choix de localisation utilisent des données géoréférencées, pour lesquelles
les ensembles de choix ont une composante spatiale explicite. Il est donc essentiel de com-
prendre comment représenter l’aspect spatial dans les modèles de choix de localisation. La
décision finale d’un établissement semble être liée au paysage économique environnant. La
quantification du lien entre les observations voisines implique une prise de décision sur la
spécification de la matrice spatiale. Pourtant, la grande majorit des chercheurs appliquent la
métrique euclidienne sans considérer de les hypothèses sous-jacentes et ses alternatives. Cette
démarche a été initialement proposée en raison de données et de puissance informatique lim-
itées plutt que de sonuniversalité. Dans les régions comme la régionparisienne, oû la conges-
tion ainsi que les problèmes de barrières physiques non traversables apparaissent clairement,
les distances purement basées sur la topographie peuvent ne pas être les plus appropriées pour
l’étude de la localisation intra-urbaine. Il est possible d’acquérir des connaissances en recon-
sidérant et en mesurant la distance en fonction du problème analysé. Plutôt que d’enfermer
les chercheurs dans une structure restrictive de la matrice de pondération, cette thèse propose
une approche souple pour identifier la métrique de distance la plus susceptible de prendre en
compte correctement les marchés voisins selon le secteur considéré. En plus de la distance eu-
clidienne standard, six autresmesures sont testées : les temps de déplacement en voiture (pour
les périodes de pointe et hors pointe) et en transport en commun, ainsi que les distances de
réseau correspondantes.

Par ailleurs, les décisions d’un établissement particulier sont interdépendantes des choix
d’autres acteurs, ce qui rend les choix de localisation particulièrement intéressants et diffi-
ciles w analyser. Ces problèmes épineux posés par l’interdépendance des décisions ne peuvent
généralement être négligés sans altérer l’authenticité du modèle de décision d’établissement.
Les approches classiques de la sélection de localisation échouent en ne fournissant qu’un en-
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semble d’étapes systématiques pour la résolution de problèmes sans tenir compte des inter-
actions stratégiques entre les établissements sur le marché. L’un des objectifs de la présente
thèse est d’explorer comment adapter correctement les modèles de choix de localisation pour
étudier les choix discrets d’établissement lorsqu’ils sont interdépendants.

En outre, une entreprise peut ouvrir un certain nombre d’unités et servir le marché w par-
tir de plusieurs localisations. Encore une fois, la théorie et les méthodes traditionnelles peu-
vent ne pas convenir aux situations dans lesquelles les établissements individuels, au lieu de
se situer indépendamment les uns des autres, forment une grande organisation, telle qu’une
chaîne confrontée w une concurrence féroce d’autres chaînes. Lemodèle prend en compte non
seulement les interactions intra-chaînesmais aussi inter-chaînes. Aussi, la nécessité d’indiquer
une nette différence entre la population de jour et de nuit a été soulignée. La demande est
représentée par les flux de piétons et de voitures, la foule de clients potentiels passant par les
centres commerciaux, les stations de trains et de métros, les aéroports et les sites touristiques.
L’Enquête Globale Transport 2010 (EGT 2010), entre autres, est utile pour atteindre cet ob-
jectif.

Desmodèles de choix de localisation plus réalistes conçus pour expliquer les débordements
spatiaux, des interactions stratégiques et qui appliquent une définition plus appropriée de la
distance et de la demande peuvent devenir un outil puissant et flexible pour aider w trouver un
site adapté. Un lieu convenablement choisi peut également constituer un avantage pour les
nouveaux établissements. Le contenu de cette thèse fournit des recommandations utiles pour
les urbanistes, les promoteurs immobiliers, les propriétaires d’entreprises et les investisseurs
de centres commerciaux.

En somme, nous posons dans cette thèse un certain nombre de questions brûlantes w travers
lesquelles nous tentons d’ouvrir la porte w des questions possibles ou de stimuler la réflexion
sur les modèles de choix de localisation.
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1
General introduction

1.1 L

T into the location choice models of establishments.
The need for methodological advances in order to more realistically model the complexity
of establishment decision-making processes, such as their optimal location choices is the key
motivation of this thesis. A clear distinction between an establishment and a firm should be
made in the first place. An establishment is defined as a distinct economic unit that produces
goods or services at a single physical location. In contrast, a firm is a legal entity that consists
of one or more establishments or plants under common ownership and control (vanWissen,
2000).

This thesis is comprised of six chapters and is written in a form of essays. The general in-
troduction and the overall conclusion encompass four scientific papers entitled: (1) Location
choices of newly-created establishments: Spatial patterns at the aggregate level, (2) Euclidean
versus network distances: A mixture model of the intra-metropolitan location choice of es-
tablishments, (3) Location choices under strategic interactions: Interdependence of establish-
ment types, and (4) Locational strategies of multi-store firms: A daytime population. The
first paper has been published in the ”Regional Science and Urban Economics Journal”. The
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second paper is under the second review at the ”Networks and Spatial Economics Journal”.
Matthieu de Lapparent contributed to Chapter 2, 3, and 4. Nicolas Coulombel contributed
to Chapter 3 and 5.

The approach being proposed in this thesis is mostly computational. Techniques explored
in this thesis embody themodels which use aggregate data and account for the presence of ex-
cess zeros, namely count data models, such as zero-inflated or hurdle models, or Tobit model
which controls for the excess of zeros problem by means of an additional sample selection
equation. Discrete choicemodels havebeen applied to study the establishment location choices
at the individual level.

1.2 K q

A number of questions will be addressed within this thesis. First, location choice models
use geo-referenced data, for which choice sets have an explicit spatial component. It is thus
critical to understand how to represent spatial aspects in location choice models. Second,
there are insights to be gained by further reconsidering and measuring distance depending
on the problem being analyzed. To account for the linkage between neighboring observa-
tions, we will examine which distance metric is the most likely to correctly capture spatial
spillovers. Third, what makes these location choices particularly interesting and challenging
to analyze is that decisions of a particular establishment are interrelated with choices of the
others. These thorny problems posed by the interdependence of decisions generally cannot
be assumed away, without altering the authenticity of the model of establishment decision
making. The conventional approaches to location selection fail by providing only a set of
systematic steps for problem-solving without considering strategic interactions between the
establishments in the market. One of the goals of this thesis is to explore how to correctly
adapt location choice models to study establishments’ discrete choices when they are interre-
lated. Fourth, a firm can open a number of units and serve the market from multiple loca-
tions. Once again traditional theory and methods may not be suitable to situations wherein
individual establishments instead of locating independently from each other, form a large or-
ganization, such as a chain facing a fierce competition from other chains. There is a necessity
to incorporate interactions between units within the same and competing firms. Illustrative
questions that can be answered are: What is the nature and degree of competition for each
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analyzed chain? How does a situation of a firm change if there are already rivals established
in a particular market versus if a firm faces no local competition? How does a firm perceive a
rival store located in a direct vicinity and how if it is located farther away? Can it happen that
a chain concentrates its investment efforts in a particular geographical area and uses another
type of strategy in other places? How to more appropriately proxy the demand in decisions
of revenue-oriented sectors? An intensified research effort along the lines of location choices
is still desirable to provide answers to many such questions.

1.3 R

1.3.1 C 2 (P 1)

In this thesis, we concentrate our research on the Paris region, which exemplifies an appeal-
ing terrain to address for several reasons. The Paris region is a vibrant and innovative site with
over 5.6 million jobs, 37 percent of national executives, and 40 percent of national workforce
in research and development. It is the leading research and development hub in Europe and
the third worldwide. Over 19 percent of the country’s population, 11.7 million people, reside
in the area which occupies only 2.2 percent of the surface of France. The GDP of the region
amounts to 29 percent of total French GDP (IAU IdF, 2014). The Paris region is the third
world touristic destination (in 2013) (Global Destination Cities Index 2015) with 16 millions
of visitors from abroad.

Yet, the Paris region’s economy is spatially unbalanced (Combes et al., 2011). The region
is highly heterogeneous, especially regarding economic activity. While a few municipalities
host a large number of newly-formed establishments, others struggle to be chosen, and a large
group of municipalities is left with no new creation of establishments. When the observed
data display a higher fraction of zeros thanwould be typically explained by the standard count
data models, two types of models can be suggested: the hurdle (Mullahy, 1986) or the zero-
inflated model (Lambert, 1992). The hurdle model reflects a two-part decision making pro-
cess. It relaxes the assumption that the zero observations and the positive observations come
from the same data generating process.

Although much work has been done in the domain of location choice models, several is-
sues arise when analyzing involved phenomena, which scholars have yet to fully appreciate:
(1) addressing the excess of zeros problem in the location choice model in highly heteroge-
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neous geographic areas and (2) determining an appropriate way to accommodate spatial ef-
fects in locationdecisions. In the second chapter of this thesis (Paper 1)we respond to the com-
plaint voiced by Bhat et al. (2014) and Liviano-Solís and Arauzo-Carod (2013) that heretofore
the hurdle model technique has not been well investigated when analyzing location patterns.
These are the first challenges that we face in the second chapter of this thesis.

1.3.2 C 3 (P 2)

The third chapter extends the research on the hurdle model and the study presented in
the first part of this thesis. The final decision of an establishment seems to be related to the
surrounding economic landscape. When accounting for the linkage between neighboring ob-
servations, the decision on the spatial weight matrix specification should be made. Yet, since
there exists no solitary claims on the concept of space, the form of the weight matrix is largely
debated. One of the problems hides in the definition of distance usually based on the straight-
line segment connecting two locations. Euclidean distance is typically used in the empirical
literature and has also been utilized in the second chapter of this thesis to account for spatial
spillovers in location choice model. However, Euclidean distance is believed to be only one
simplistic possibility out of an infinite number of shortest path relations. Other alternative
distance metrics may be proposed when building the spatial distance weight matrices.

Geographic factors, such as terrain, land cover, infrastructure, and traffic congestion may
cause agents not to adhere to pure Euclidean relations. The Euclidean distancemight thus not
always be the most relevant depending on the given problem. Interest in this question dates
at least to the 1960s and research on network models in geography (Haggett, 1967). There are
insights to be gained by mindfully reconsidering and measuring distance. The third chapter
investigates establishment location decisions in the Paris region where high congestion, speed
limits, or physical uncrossable barriers, such as rivers or industrial corridors can diminish or
completely eliminate the linkage between neighboring areas. Rather than imposing a restric-
tive structure on the weight matrix, this research proposes a flexible toolkit to identify which
distance metric is more appropriate to correctly account for the surrounding economic land-
scape. A probabilistic mixture of two ”mono-distance” hurdle-Poisson models is developed.
Each model’s latent class uses a different distance representation to incorporate spillover ef-
fects in location choices of establishments from several activity sectors. In addition to the
standard Euclidean distance, six alternative metrics are considered: travel times by car (for the
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peak and off-peak periods) and by public transit, and the corresponding network distances.
This methodology allows one to capture the diversity of agents’ behavior, i.e., to distinguish
which establishments are more time- or more distance-oriented, given their location.

1.3.3 C 4 (P 3)

In the fourth chapter we further enhance the literature on the location choices, this time
incorporating strategic interactions among establishments. We shed light on strategic interac-
tions, fundamental in establishments’ location choices, which is still largely unheeded in the
empirical literature. If establishments acted in isolation, it would be a relatively simple task to
adapt existing discrete-choice models. Yet, being non-strategic means that an establishment
ignores other players’ decisions. Less is known about how to correctly adapt location choice
models to study establishments’ discrete choiceswhen they are interrelated. In very sparse em-
pirical applications, when locational choice models are developed for several activity sectors,
each model is typically run independently.

Whatmakes these discrete choices particularly interesting and challenging to analyze is that
decisions of a particular establishment are interrelated with choices of the others because an
establishment accounts for the actions of other agents when making its own decisions (Dra-
ganska et al., 2008). These thorny problems posed by the interdependence of decisions gener-
ally cannot be assumed away, without altering the authenticity of the model of establishment
decision making (Berry and Reiss, 2007). The conventional approaches to location selection,
i.e., traditional theory and methods, fail (Thill, 1997) by providing only a set of systematic
steps for problem-solving without considering strategic interactions between the establish-
ments in the market. An appropriately specified model of simultaneous entry or location
decisions needs to recognize this interdependence of profits (Berry and Reiss, 2007).

There is a need for more realistic studies of complex establishments’ decision-making pro-
cesses. Even though the computational burden imposed by thesemodels considering strategic
interactions is relatively high, it seems that the costs imposed are more than offset by the ben-
efits being accumulated (Draganska et al., 2008).

Strategic interactions have been largely unsung in the empirical analyses since the year 1929
when Hotelling (1929) brought the discussion in the industrial organization literature. Most
of the papers are less than a decade old (Bajari et al., 2013). This literature is in its infancy,
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in part, due to the complexity of expressions for the probabilities used in the models which
increases alongwith the number of locations and establishment types (Draganska et al., 2008).

We estimate a static discrete game of incomplete information to obtain a Bayesian Nash
equilibrium at the group level using data at the aggregate level. We permit asymmetries across
establishment types in the impact of interaction effects and exogenous market characteristics.
We develop one location choice model which embraces seven individual models for seven es-
tablishment types run simultaneously to account for interactions from all the types on each
other.

1.3.4 C 5 (P 4)

The motivation of the last chapter comes from the fact that most previous discussion on
locational decisions has one common feature of making unrealistic and restrictive assump-
tions and perceives the industry in terms of an independent store. The analysis of multi-store
competition has started already with the trailblazing work of Teitz (1968) who introduced the
idea that a firm can openmultiple facilities in the context of Hotelling’s linear city model and
serves the market from a number of locations. Yet, the subject of location of competing firms
with multiple component units seems to have been largely unsung in the spatial location lit-
erature (Peng and Tabuchi, 2007). This gap is surprising for the systems which dominate in
the market (Karamychev and van Reeven, 2009; Iida and Matsubayashi, 2011; Janssen et al.,
2005; Pal and Sarkar, 2002; Peng and Tabuchi, 2007). The conventional single-store location
theory may not apply to situations wherein individual stores are part of larger organizations
under common strategy, intuition, and control, and where centralization is applied to reach
global goals and consider the interest of a firm as a whole (Thill, 1997). Conceptually, a firm
selects a distribution of locations instead of choosing a point location (Chu and Lu, 1998).

We do not attempt for the innovative solution or an intricate model. Instead, we focus
on rectifying several misconceptions made in the existing papers. The proposed approach is
computational. First, we consider five asymmetric fast-food chains. Second, we incorporate
interactions between stores within the same firm and stores that belong to different chains.
Third, since firms search for the large sources of demand trying to attract the greatest number
of potential customers, we reconsider the list of variables usually used to capture the demand
level in amarket. It is particularly important to carefully definemarket segments and to select
potential customer groups by observing their characteristics, their mobility patterns and the
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purpose of their activities during the day and the week. We signal a clear difference between
a daytime and nighttime population. A combination of these elements can secure a more
realistic model of locational strategies.

1.4 L

1.4.1 C 2 (P 1)

Chapter 2 introduces the reader to the location choice models. The list of the key fac-
tors that potentially influence the locational decisions has been created based on the research
of Maoh (2005), Strotmann (2007), Liviano-Solís and Arauzo-Carod (2014), Rocha (2008),
Maoh and Kanaroglou (2005, 2007), Bondomi and Greenbaum (2007), Bodenmann (2011),
Duvereux et al. (2007), Neumark and Kolko (2010), De Bok (2004), Bodenmann and Ax-
hausen (2012, 2010), and the review of Arauzo-Carod et al. (2010). Chapter 2 also provides
a discussion of the first attempts to incorporate spatial effects into location choice models
starting with Bhat and Guo (2004) on modeling spatial dependence in residential locations
using a mixed Logit. Sener et al. (2011) propose the generalized spatially correlated Logit and
Miyamoto et al. (2004) themixed Logit with the error autocorrelation and an autocorrelated
deterministic component of utility to model the residential behavior. Garrido and Mahmas-
sani (2000) discuss a multinomial probit with spatially and temporally correlated error struc-
ture to analyze and forecast the distribution of freight flows.

Nguyen et al. (2012) discuss a three-stage firm relocationmodel wherein spatial correlation
between zones has been implemented in the error term and spatial interactions among firms
in the deterministic part. Klier andMcMillen (2008) provide a description of the generalized
method ofmoments spatial Logit tomodel the clustering of the auto supplier establishments.

1.4.2 C 3 (P 2)

Chapter 3 continueswith a discussion on further attempts to incorporate spatial effects into
establishments location choice models. It highlights the fact that, whenever a distance metric
has been used to implement a spatial aspect into the establishments location models (see the
research ofDubé et al., 2016; Bhat et al., 2014; Liviano-Solís andArauzo-Carod, 2013; Lambert
et al., 2010; andKlier andMcMillen, 2008), the Euclidean distance is employed. The debate in
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this chapter demonstrates that there are insights to be gained by mindfully reconsidering and
measuring distance depending on a given problem, such as a high congestion, speed limits,
or physical uncrossable barriers which can diminish or totally eliminate the linkage between
neighboring areas. Alternative distance metrices can be proposed and tested. Several articles,
including the ones by Miller (2004, 2003) and the sudies by Combes and Lafourcade (2005),
Graham (2007), Duran-Fernandez and Santos (2014), Weisbrod (2008), Faber (2014), Kwon
(2002), Boscoe et al. (2012), Chalasani et al. (2005), or Rietveld et al. (1999) encourage the use
of realistic distancemetric based on the transport network over geographical distancemetrics.

1.4.3 C 4 (P 3)

Most of the analyses on establishments location choices presented in two previous chap-
ters treat only one selected activity sector at a time, typically industrial or retail activities. Very
few empirical studies, e.g., Chatman et al. (2016) or Buczkowska and Lapparent (2014) de-
velop models for a number of various sectors, still, these models are analyzed independently,
without considering strategic interactions between the sectors. Literature revised in Chapter
4, especially works of Ellickson and Misra (2011, 2012), Aguirregabiria and Mira (2007), Zhu
and Singh (2009), Jia (2008), Seim (2006), Berry (1992), Bresnahan and Reiss (1991a), Dra-
ganska et al. (2008) help understand why it is worth considering within- and inter-industry
interactions. An excellent review of Draganska et al. (2008) gives a classification of possible
modeling choices along plural dimensions, in the informational, temporal contexts, consider-
ing the timing of moves, and the discrete, continuous, or mixed decisions of establishments.

Our context is a static discrete game of incomplete information. An establishment’s payoff
from choosing a particular location depends on its expectation of the optimal location choices
of its competitors and exogenous market characteristics (Zhu and Singh, 2009). Based on the
expected distribution of other agents across market locations, each establishment selects the
location that maximizes its payoff given its own type (Seim, 2006).

1.4.4 C 5 (P 4)

The literature of Chapter 5 starts with thework ofTeitz (1968)who introduces the idea that
a firm can serve the market from multiple locations in the context of Hotelling’s linear city
model. Since then other researchers, such as Thill (1997), Chu and Lu (1998), Pal and Sarkar
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(2002), Janssen et al. (2005), Karamychev and van Reeven (2009), Iida and Matsubayashi
(2011), Takaki and Matsubayashi (2013), Neven (1987), Peng and Tabuchi (2007), Granot et
al. (2010), or Nishida (2015) have been proposing multi-store firms location models.

The light is then shed on the research by: Yang (2015) and Igami andYang (2015), who study
Canada’s fast-food hamburger industry comprised of five substitutable chains; Toivanen and
Waterson (2005), who analyze fast-food restaurants in the UK; and Thomadsen (2005), who
focuses on two fast-food chains in California. For comparison, three other studies are men-
tioned inChapter 5: Nishida (2015) on convenience-store chains in Japan, Schiraldi et al. (2013)
and Holmes (2011) on the UK supermarket industry.

Chapter 5 pronounces the fact that store-locationmodels typically do not consider compet-
ing rival-chain stores and the strategic interactions between stores within the same chain. The
profitability is a function of player i’s entire network and the competitors’ networks (Nishida,
2015). The literature on business stealing and learning effects, cannibalization effects and
economies of scale described in Chapter 5 (see, e.g., Toivanen and Waterson, 2005; Aquirre-
gabiria and Suzuki, 2015) is not consistent in specifying which of these effects has a prevailing
influence on location decisions and depends on the store type. In addition,Nishida (2015) and
Toivanen andWaterson (2005) incorporate some form of spatial competition, demonstrating
that the store’s profitability is influenced by stores in the same location and by those in the
adjacent locations, incorporating the interdependence of markets.
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2
Location choices of newly-created

establishments: Spatial patterns at the
aggregate level

A This paper explores the problems associated with the location choice of newly-
created establishments at the aggregate level. Although much work has been done in this
domain, several issues arise when analyzing involved phenomena, which scholars have yet
to fully explore: (1) addressing the excess of zeros problem in the location choice model in
highly heterogeneous geographic areas and (2) determining an appropriate way to accommo-
date spatial effects for location decisions. We tested models that include both stocks of pre-
existing establishments and variables that represent measures of accessibility to the workforce
and population, proximity to shops, services, transport infrastructure, availability of land, as
well as prices and tax levels. We concluded that an establishment does not act in isolation dur-
ing its decision-making processes and that it is likely to be influenced by other establishments
located nearby. When selecting the appropriate location in which to set up in the market,
an establishment may consider not only the characteristics of a particular area, but also the
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characteristics of neighboring zones. Having estimated 84 nested and non-nested count data
models, we found that the hurdle models are preferred for taking into account the presence
of excess zeros. Hurdle models offer greater flexibility in modeling zero outcomes and relax
the assumption that the zero observations and the positive observations come from the same
data generating process. In addition, the paper finds that the models tested with the distance
matrix indicate that the incorporation of spatial spillovers leads to an enhancement in the
models’ performance.

Keywords: location choice model, count data model, hurdle model, spatial spillovers
JEL Classification: C35, D21, R12

2.1 I

The present paper explores the problems associated with the location choice of newly-
created establishments at the aggregate level within the Paris metropolitan area in the year
2007. Applications of disaggregate discrete choice modeling to analysis of birth, death, evo-
lution, and location of establishments in the Paris region have been carried out by de Palma
et al. (2008) and Motamedi (2008). We also refer the reader to the European SustainCity
Project1. Much work has been done in this domain. However, several issues arise when ana-
lyzing involved phenomena, which scholars have yet to fully explore, most notably the excess
of zeros problem in the location choice model in highly heterogeneous geographic areas and
determining an appropriate way to incorporate spatial effects into the model. For example,
spatial effects can be divided into two categories: the first considers the interactions between
establishments that do not act in isolation and are thus likely to be influenced by the decisions
of other players in themarket, while the second looks at correlations across alternative choices.
Inspired by spatial econometrics techniques, e.g., Anselin (1988), Lambert et al. (2010), Klier
and McMillen (2008), we seek solutions to these and related problems.

The proposed approach is descriptive, aggregate. For the purposes of the present research,
all data are gathered at the municipality level. In the first step, we estimate standard non-
spatial nested and non-nested count data models. In the second step, we run these count
data models that accommodate spatial spillovers for location decisions. We compare all the
obtained results and choose the best performing hurdle-Poisson model, after which a more

1See http://www.sustaincity.org/publications.
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thorough interpretation of its results is undertaken.
The need to specify the model becomes apparent when dealing with various types of lo-

cation choice models, which range from those focusing on employment location estimated
at the job level to those which focus on establishment or firm location and the associated
decision-making processes. Implementing the latter form of location choice models, we ac-
knowledge that the decision to open a new unit is made at the establishment or firm level. We
define an establishment as a distinct economic unit that produces goods or services at a single
physical location. In contrast, a firm is a legal entity that consists of one or more establish-
ments under common ownership and control (vanWissen, 2000). Thus, it is a newly-created
establishment that offers job opportunities to members of a given population provided they
possess the appropriate skills and desired characteristics. For this reason, the unit of analysis
on which we focus is that of the establishment.

The rest of the paper is organized as follows. In Section 2.2, we review the literature on
both location choice models and the initial attempts to incorporate spatial effects into such
models. In Section 2.3, we characterize the area of study, which is the Paris region. In Section
2.4, we detail our data along with their statistical sources and their harmonization in order
to carry out the empirical application. Descriptive statistics are presented in Section 2.5. We
give a brief overview of the count data models and develop our parametric statistical model
in Section 2.6, starting from the Logit-Poisson model, a type of hurdle-Poisson model, and
discuss how to extend it in order to meet the needs of the present research. In Section 2.7,
the results from our research are discussed. In the final section, we conclude and elaborate on
extensions of the proposed approach.

2.2 R

2.2.1 L

A number of empirical studies suggest variables that play a significant role in influencing
the establishment’s location choice. We briefly describe those which are most relevant. Ac-
cording to Arauzo-Carod (2005) and Maoh (2005), an establishment will decide to enter a
market if it detects a potential business opportunity and if the capital and human resources
are available. An establishment must choose a type of activity that reflects both its techno-
logical and organizational level and its minimum size. With these parameters in mind, the es-
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tablishment makes a decision as to where to locate. Since choosing a particular area in which
to locate is critical to the establishment’s success or failure (Strotmann, 2007), the main task
of the establishment is to identify the places which offer the highest possible potential profit.
Local economic climate in terms of its ability to attract new entrants, as well as the structure of
establishments at the local level are other factors that can influence the decision (Liviano-Solís
and Arauzo-Carod, 2014). Locations with lower input costs are also more likely to experience
a higher number of births of new establishments (Rocha, 2008).

Sutton (2007) notices that ranking sectors according to the degree of (entry-exit) turbu-
lence appears to offer similar results across countries, suggesting that there are some sector-
specific factors at work in molding this pattern. Rocha (2008) and Liviano-Solís and Arauzo-
Carod (2014) concur, finding that local employment density attracts new entrants in related
sectors and has a positive impact on the establishment’s productivity. However, when this
density is too high, the effect becomes negative due to congestion costs, including for ex-
ample, high land prices and costly commuting. This results in an inverted U-shape profile
between the effect of concentration of economic activity and site attractiveness. The rela-
tionship is initially positive, but becomes negative after a certain threshold is crossed. Maoh
and Kanaroglou (2005, 2007) state that agglomeration effects tend to be more significant in
particular activity sectors, such as retail and services.

Local authorities try to offer different incentives in a bid to attract establishments to less de-
veloped areas and accelerate the development of the whole region. These include, but are not
limited to, supply of infrastructure, designation of new building zones, and tax reductions.
Empirical results from various studies undertaken in different countries worldwide demon-
strate that these policies may have positive, negative, or neutral effects on the location choice
and activity distribution.

Special local fiscal arrangements are common practice for attracting establishments and
have received considerable attention fromeconomists (e.g., Bondonio andGreenbaum, 2007).
Offers of subsidies and tax reductions are popular yet controversial tools. Low taxes are an-
other common instrument to attract establishments. Tax reductions show positive effects
on activity development. Switzerland is a prime example (Bodenmann, 2011). Devereux et
al. (2007) show that in the UK the impact of subsidies is rather small on the location choice
but they are more effective in dense areas when a large number of establishments is already
present. Bondonio and Greenbaum (2007) show that in the US enterprise zone programs
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(EZ thereafter), which hope to convince establishments to locate in less developed zones by
offering them subsidies, have a significant positive impact on the creation of new establish-
ments. However, they also show that EZ policies tend to increase business closures. Neumark
and Kolko (2010) show that the overall impact of the EZ program in California is ineffective
and causes no positive impact on the number of jobs.

Providing special infrastructure is an effective but costly way to raise the attractiveness of a
region. De Bok (2004) shows that accessibility has a positive effect on business services. Bo-
denmann and Axhausen (2012) claim that this also holds for other sectors and demonstrate
that interventions regarding transport infrastructure have a larger impact in the densely pop-
ulated areas of Switzerland. Devereux et al. (2007) show that the effects of transport infras-
tructure projects are unequally distributed spatially. All actions have larger impacts in denser
regions. Siebert (2000) states that increasing accessibility has a relatively small effect on re-
gional development.

Bodenmann and Axhausen (2010) summarize how the significance of location factors has
changedover time. In the 1990s, themost critical location factorswere human capital, agglom-
eration effects, and accessibility. Currently, a positive economic climate and direct costs (earn-
ing levels, tax burdens, etc.) play larger roles. More curious readers are encouraged to acquaint
themselves with the referenced literature and the work of Arauzo-Carod et al. (2010). They
provide a review of over fifty papers on location choice modeling with a focus on the analyses
of location decisions of new industrial establishments or firms using appropriate econometric
models. They describe the establishment/firm location determinants, the econometric meth-
ods used in these investigations, and their principal results2.

2The most commonly used establishment/firm location determinants and the signs of their estimates used
in both discrete choice and count datamodels according to the review ofArauzo-Carod et al. (2010) are: agglom-
eration economies (+,-: positive or negative effect), previous entries in the own sector (+), existing plants (+),
own-industry employment (+), sectoral diversity (+,-), sectoral specialization (+,-), market size (+), establish-
ment/firm size (+), productivity (+), unemployment (+,-), industrial employment share (+), services employ-
ment share (+), business services (+), share of employees in R&D (+), human capital (+,-), knowledge spillovers
(+), skilled workforce (+), education (-), schooling (+), existence of high schools (+), overall R&D investment
(+), R&D facilities (+), high-ranking hotels (+), population density (+,-), distance to urban areas (-), land area
(+,-), land costs (-), entry costs (-), taxes (-), corporate tax rate (+,-), taxes on labor (-), labor costs (+,-), wages (+,-
), income per capita (+), purchasing power per inhabitant (+), GDP (+), poverty (-), local demand (+), supplier
accessibility (+), government spendings (+), promotional subsidies (+), labor and capital subsidies (+), economic
promotion (+), investment climate (+), infrastructure (+), transportation infrastructure (+), road infrastructure
(+), distance to highway (-), rail infrastructure (-), airports facilities (+), travel time to airport (-), energy costs
(+,-), and environmental regulation (-).
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2.2.2 F -

As underscored by Nguyen et al. (2012), an establishment does not act in isolation dur-
ing its decision-making process and is likely to be influenced by other establishments located
nearby. When choosing an appropriate place in which to set up in the market, an establish-
ment can take into account not only the characteristics of a particular area but also those of
its surroundings. The reason for doing so is the spatial dependence of neighboring areas. In
addition, the degree of spatial correlations is expected to be greater among choice alternatives
(the options available to the decision-maker) that are close to one another. Jayet (2001) proves
the existence of interactions among units located in space and demonstrates that their inten-
sity decreases with distance. Thus, two types of spatial effects may be considered: (1) interac-
tions between establishments and (2) dependencies among alternatives. Spatial effects can be
incorporated in location choice models when modeling the observable explanatory variables
and the unobservable components. However, most often, these spatial effects are either not
properly treated or are completely ignored in the analysis of the establishment’s location. An
example of the former can be seen in Bhat andGuo (2004)whomodel the spatial dependence
using the mixed Logit model, with an arbitrary spatial allocation instead of basing these spa-
tial effects on a systematic specification. Furthermore, even if spatial effects are present they
are not incorporated in traditional discrete choice models. For instance, multinomial Logit
models (MNL) are commonly used in location choice processes, yet they are based on several
simplifying assumptions, such as independent and identical Gumbel distribution (i.i.d.) of
random components of the utilities and the absence of heterogeneity and autocorrelation in
the model. These simplifying assumptions limit the ability of the model to represent the true
structure of the choice process (Mohammadian et al., 2005).

Traditional discrete choice modeling methods are often based on the assumption of inde-
pendence among choice alternatives, which according to Sener et al. (2011) is not appropriate.
Furthermore, Sener et al. (2011) claim that the estimations of the parameters of the standard
Logit models are biased and inconsistent. Instead, they suggest using the generalized spatially
correlated Logit (GSCL) to model the residential location choice behavior and they incorpo-
rate the correlations between the alternatives. Their model can be enhanced to accommodate
random taste variations across decision-makers. The authors compare the results obtained
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with their GSCLmodel against those obtained using the standardmultinomial Logit and the
spatially correlated Logit (for which only correlations between the adjacent alternatives are
considered). Moreover, they do not limit themselves to a few choice alternatives since GSCL
models eliminate the need for any kind of simulation and can be estimated by direct maxi-
mum likelihood techniques. They criticize prior studies that were carried out with a limited
number of alternatives in the choice set. Miyamoto et al. (2004) estimate amixedLogitmodel
with the error autocorrelation and an autocorrelated deterministic component of utility us-
ing residential location choice data for only four zones in the city of Sendai in Japan. Garrido
andMahmassani (2000) recommendusing amultinomial probit (MNP)modelwith spatially
and temporally correlated error structure to model (analyze and forecast) the distribution of
freight flows over space and time at the operational or tactical levels of planning. They use
Monte-Carlo simulation with a choice set of 31-41 location alternatives.

It isworthmentioning here the 2010 paper by Smirnov (2010), which develops a new spatial
random utility framework where individual decision-makers are spatially dependent in their
preferences. In addition, pseudo maximum likelihood estimator is consistent and computa-
tionally feasible for large datasets. The author discusses recent developments of spatial discrete
choice models and classifies them by the type of spatial effect and the way it is incorporated
in the model.

The literature is scarce on previous attempts to incorporate spatial effects in an establish-
ment’s or firm’s (re-)location decision process. Vichiensan et al. (2005) confirm that discrete
choice models are applied mainly in the field of transport choice analysis and have been con-
tinuously developed for years. However, less attention has been put into the research and
development of location choice models. Location choice models differ substantially from
transport choice models given that they use geo-referenced data, for which choice sets have an
explicit spatial component. For this reason, it is important to understand and represent spatial
correlation in location choice models. Nguyen et al. (2012) offer a three-stage firm relocation
process: a firm first takes a decision onwhether to stay in its actual location or tomove, it then
chooses the region and, finally, chooses the zone in which to relocate. The authors incorpo-
rate spatial interactions among firms in the deterministic part and spatial correlation between
zones in the error term (the generalized autoregressive term is used to explain the spatial corre-
lation between the zones). Nevertheless, certain aspects of their research paper can be further
improved: for instance, the accessibility of the region used in the analysis is estimated, fol-
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lowing Allen et al. (1993), as a linear function whereas a non-linear function could have been
proposed instead. Klier and McMillen (2008) use a GMM spatial Logit model that can be
applied to the large samples to account for the clustering of auto supplier establishments in
the US.

Thus, in spite of recognizing the importance of incorporating spatial interactions in loca-
tion choicemodels (and establishment location choicemodels in particular), research is insuf-
ficient on this topic due to lack of data at themicro level, to numerous alternatives in location
choice processes, and to difficulties in defining and representing the spatial effects and inmea-
suring spatial dimensions (Sener et al., 2011). Inspired by spatial econometrics techniques (e.g.,
Jayet, 2001 and Anselin, 1988, 2003) and drawing from a rich database, we try to find some so-
lutions to the above-stated problems and present our ideas in this paper. Wewish to combine
the methods used to produce location choice models with spatial econometric techniques by
examining the role of space in in these models. This is a new and challenging field of research.

2.3 S

In this paper, we concentrate our research on the Paris region, also known as ele-de-France.
ele-de-France is a vibrant and innovative region with over 5,6 million jobs, 37% of French ex-
ecutives, and 40% of national workforce in research and development3. Yet, the Paris region’s
economy is also spatially unbalanced (Combes et al., 2011). ele-de-France is divided into eight
départements - French administrative units consisting of 1300 municipalities that cover the
city of Paris and its suburbs4. While the Paris region represents only 2.2% of the surface of
France, over 19% of the country’s population reside in this area (11.7 million)5. The GDP of
the region amounts to 29% of total French GDP (IAU IdF, 2014). Large differences in pop-
ulation and employment densities are to be found between Paris and its outer periphery. As
illustrated during the 2011 OECD Meeting, many issues continue to stand in the way of im-
proving the situation in the suburbs (de Palma, 2011), such as poor access to public services
and infrastructure.

3See http://www.iau-idf.fr/lile-de-france/un-portrait-par-les-chiffres/lile-de-france-capitale-de-rang-
mondial.html.

4The Paris region consists of the Paris City, the inner ring with départements 92, 93, 94, and the outer ring
with départements 77, 78, 91, and 95.

5See http://www.iau-idf.fr/lile-de-france/un-portrait-par-les-chiffres/population.html. Data are for the
year 2009.
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The Grand Paris is a development project for the whole of the Paris metropolitan area.
It is designed to improve residents’ quality of life, address regional inequalities, and build a
sustainable city6. This project aims to link major territorial development contracts raising
the attractiveness of the entire Paris metropolitan region. Estimates are that it will attract 1.5
million people, create or relocate 1 million jobs by 2030 and cost around 32.4 billion euros.
Urban planners are likely to connect economically promising areas; yet, they could also use
transport infrastructure to link the physically deteriorated, poorly planned areas in a bid to
stimulate their development.

2.4 D

Many different data sources were compiled for the present study, drawn primarily from
the Census survey of establishments for the years 2003-20117. Changes in nomenclature and
definitions, as well as availability of data, meant that the year 2007was used to run themodels
and generate the descriptive statistics. Data are pooled across activity sectors and additional
data are drawn from other sources to build the final sample we used for estimation.

Local population and workforce are described by various characteristics, such as socio-
professional class and education level. These data were gathered by the General Census and
provided by the French National Institute of Statistics and Economic Studies (INSEE) for
the years 2006-2009. French National Census of Population (RGP) provides us with infor-
mation on the total number of trips made between work and home for the years 2006-2009.
The Public Finances General Directorate provided information on income imputation and
tax levels for 1998-2008. We also collected data on the rate of business and residence taxes for
the years 2002-2010. Data on business taxes were only available for about half of the analyzed
municipalities and the missing 563 out of 1300 values could not be implemented. For this rea-
son, information on business taxes was not used to run the models. On the other hand, data
on residence taxes paid per municipality were available for all the municipalities.

The Callon database enabled us to gather detailed information on the average price and
rent levels per square meter for new, renovated, and pre-existing non-renovated offices, for
first class shops (themost exclusive shops), for second and third class shops (the least exclusive

6See https://www.societedugrandparis.fr.
7The Census survey was carried out yearly until the year 2011 by the French National Institute of Statistics

and and Economic Studies.
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shops), as well as for individual industrial units and warehouses. Data on real estate prices
were collected for the years 2000-2009. The hedonic pricing method was used to impute the
missing values for some municipalities.

From the Sitadel2 database, managed by the Ministry of Ecology, Sustainable Develop-
ment and Energy, we drew information on housing construction (net floor area and number
of units for housing and professional offices) for the years 2002-2011. The numerical land use
database (Corine LandCover), alsomanaged by thisMinistry, was used to gather information
on urban and agricultural zones for 2000 and 2006. TheMOS database of theUrbanism and
Development Institute enabled us to obtain information on the portion of the municipality
areas dedicated to shops, services, industrial activities, universities and schools, hospitals and
clinics, and various other amenities, for example, parkings and parks. The same database gave
us the percentage of municipalities’ surface covered by residential areas or vacant land. In ad-
dition, the BPE equipment database of DSDS/INSEE provided us with information on the
location of individual services, education, health, social actions, transport services, sport and
leisure zones, etc. Finally, information on the public transport accessibility level and the prox-
imity to highways for 2005-2009 was obtained through the Regional and Interdepartmental
Directorate of Public Works and Planning.
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Table 2.1:Description of potential explanatory variables.

Variable and its expected sign Description
Establishments from respective sector (+)a Number of pre-existing establishments from the analyzed sector within

a particular municipality divided by the surface of municipality (km )b
Large establishments from all sectors (+,-) Number of large pre-existing establishments with fifty employees or more

divided by the surface of municipality (km )
Employment density (+) Size of active employment (x1000) divided by the surface of municipality (km )
White-collar employees (+) Number of white-collar workers divided by the size of labor force
Blue-collar employees (+) Number of blue-collar workers divided by the size of labor force
Trips home-work (nl) Number of trips between home and work if municipality is both a place

of residence and a workplace to the total number of trips home-work
Population density (+,-) Size of population (x1000) divided by the size of residential area (km )
Income per person (+) Average income level per capita (euros)
Offices (+) Fraction of a municipality’s surface dedicated to offices
Shops (+) Fraction of a municipality’s surface dedicated to shops
Parkings (nl) Fraction of a municipality’s surface dedicated to parkings
Universities and schools (+) Fraction of a municipality’s surface dedicated to universities and schools
Hospitals and clinics (nl) Fraction of a municipality’s surface dedicated to hospitals and clinics
Vacant land (+) Fraction of a municipality’s vacant land available for new investments
Distance to highway (-) Distance to the nearest highway (km)
Public transport (+) Number of subway, train stations, and bus stops in a municipality
Residence tax (-) Average level of residence taxes
Price of offices (-) Average price level of offices per square meter (euros)
Price of shops (-) Average price level of shops per square meter (euros)

a(+) and (-)mean that the associated coefficient is expected to be positively or negatively statistically significant,
respectively. (nl) means that no literature treats this problem or that no literature was reviewed on this issue.

bThe data on stock of establishments are given for the 1st of January 2007. The range for the independent
variables is 2005-2009.
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Based on the reviewed literature, the paper ofArauzo-Carod et al. (2010) and theDREIF re-
port of de Palma et al. (2008) in particular, the available data, and our prior knowledge, we se-
lect the variables that can be used in themodels to explain the location choice of newly-created
establishments. We run themodels with variables that are expected to represent the structures
of the population and employment area, the measure of accessibility to specific populations
and employment characterized by certain relevant skills. We test whether the location choices
of newly-created establishments are influenced by the proximity of retail, services, universities
and schools, and other amenities. In addition, the proportion of a municipality’s vacant land
that can be available for new investmentsmay play a role as well as the proximity to residential
areas. The significance of price of shops and offices on the location choice of establishments
is tested. We also analyze, whether an easy access to a particular municipality by either public
or private transport influences the location choices, and for which sectors these accessibility
measures are most relevant.

When modeling the location choice of establishments, care should be taken to select ap-
propriate set of variables depending on the activity sector being analyzed. The expected signs
of the estimated parameters may differ accordingly. As seen in the review by Arauzo-Carod et
al. (2010) and the literature review presented in subsection 2.2.1, the focus has been, up to this
point, on themanufacturing/industrial and high-tech or R&D sectors. We here consider sev-
eral other sectors, such as construction, hotels and restaurants, and real estate activities. Thus,
the existing literature can be treated as a guide to motivate factors that may be studied in the
econometric models. One should be cautious, however, interpreting the models’ results, as,
for example, the signs of the obtained estimates depend on the sector analyzed.

The data used to estimate the models are gathered at the municipality level. We also used
these raw data to compute additional variables for our application. When constructing the
database,wepaid special attention to theproblemofdefinition changes, differenceswithin the
available periods and appropriate aggregation, interpolation, and extrapolation techniques.
Selected variables that have been tested in themodels alongwith their estimates expected signs
are summarized in Table 2.1.
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2.5 D

To carry out the present study, we accessed the Census data of establishments at the aggre-
gate level for the years 2003-2011. Due to changes in nomenclature, activities in 2003, 2005,
2007, 2009, 2010, and 2011 are based on the NAF nomenclature (the French classification of
activities) while activities in 2006 and 2008 are based on the NES nomenclature (the sum-
mary economic classification). There is no one-to-one correspondence that would allow us
for the comparison of all sectors or sub-sectors between these two classifications. Definitions
of some sectors used inNES andNAFnomenclatures change across time. In addition, onAu-
gust 4th 2008, theLoi de Modernisation de l’Economie (LME)8 was introduced in an attempt
to stimulate growth and employment creation. It gave small andmedium enterprises the best
opportunities to grow by reducing their payments, boosting competition (e.g., simplifying
the installation of supermarkets) and enhancing the attractiveness of the territory. On Jan-
uary 1st 2009, the definition of the auto-entrepreneur status was also modified9. Taking into
account all these modifications and data accessibility, we built the models for the year 2007.
Thus, 2007 is the year in which the dependent variable is measured.

Data are pooled across elevenmain activity sectors: (1) industry (Industr), (2) construction
(Constr), (3) commerce (Commer), (4) transport (Transp), (5) financial and insurance activ-
ities (Finan), (6) real estate activities (RealEst), (7) hotels and restaurants (HoteRes), (8) in-
formation and communication (InfoCom), (9) special, scientific and technical activities (Spec-
Sci), (10) education (Educ), (11) health and social actions (HeaSoc), and the additional category
”Others”10.

8More information on LME can be found on: http://www.toute-la-franchise.com/vie-de-la-franchise-
A3942-commerces-de-centre-ville-la-muta.html.

9It applies to the natural persons who set up or already possess a sole proprietorship, for the
purpose of exercising a commercial or artisanal activity or one of the professions (with the excep-
tion of certain activities), as a main or complementary activity, and whose sole proprietorship ful-
fills the conditions of the micro-enterprise fiscal category, and who opt for VAT exemption. Source:
http://www.insee.fr/en/methodes/default.asp?page=nomenclatures/liste-nomenclatures.htm.

10”Others” includes: administration services; public administration; arts, spectacles and recreation activities;
other service activities: activities ofmembership organizations, reparation of computers and personal and house-
hold goods, and other personal services; activities of households as employers of domestic staff and activities of
households as producers of goods and services for their own use; and extra-territorial activities.
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2.5.1 E ’

In 2007, the largest number of newly-created establishments (over 22%) belonged to the
commerce sector. The percentage of pre-existing commercial establishments among all estab-
lishments (also 22%) had been decreasing across time, when compared to 2003 and 2005. The
second biggest sector was the special, scientific and technical activities sector, with 17.4% of
newly-created units and 16.2% of pre-existing establishments. The percentage of establish-
ments in this sector increased across time. The third biggest sector was construction, with
13.8% of newly-created units and a much lower 9.2% of pre-existing establishments. We also
observed the smallest sectors: education (2% for newly-created establishments and 1.6% for
pre-existing establishments) and transport (3.5% for newly-created establishments and 3.9%
for pre-existing establishments).

2.5.2 R

Next, we analyze the numbers of newly-created establishments across all 1300 municipali-
ties. We compute themarket share of eachmunicipality as the number of newly-created estab-
lishments in a givenmunicipality froma given sectorsover the total number of newly-created
establishments from this sectors. This allows us to build the rankings ofmunicipalities based
on their share in themarket. This method enables us to see whichmunicipalities and départe-
ments are themost frequently chosen for a new location. From the rankings ofmunicipalities,
we select the municipality (one from each activity sector) which attracts the highest number
of newly-created establishments. We also determine the number of new units that locate in
the top 10, 20, 50, and 100 municipalities. This offers some insights on the concentration of
activities in the Paris region (see Table 2.2). For instance, the most frequently chosen mu-
nicipality, namely the 8th district of Paris, becomes home to over 14% of newly-created units
in the real estate sector and it also accounts for 13.4% of all newly-created financial establish-
ments. Approximately 9.3% of all new establishments in the special, scientific and technical
activities sector are also located in just one of the 1300 potentially available municipalities (the
8th district of Paris). On the other hand, we observe relatively low fractions of transport and
commerce newly-created establishments in the most frequently chosen municipality: only
2.3% and 2.7%, respectively. As a means of contrast, the average percentage of establishments
that locate in the topmunicipality is 5.1%. The first 20municipalities account for around half
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Table 2.2:Market share of top 1, 10, 20, 50, 100 municipalities in 2007.

#Municip. a Industrb % (#Estc) Constr % Commer % Transp % Finan % RealEst %
1 4.4 % (146) 4.2% (505) 2.7% (531) 2.3% (70) 13.4% (595) 14.4% (672)
10 25.6% (842) 21.8% (2644) 22.2% (4360) 17.6% (541) 39.9% (1772) 40.4% (1892)
20 37.9% (1249) 33.1% (4004) 34.7% (6815) 29.3% (900) 52.3% (2327) 52.9% (2478)
50 56.1% (1849) 51.7% (6266) 53.6% (10541) 52.1% (1600) 66.6% (2963) 68.2% (3195)
100 69.5% (2291) 67.8% (8211) 68.8% (13533) 70.8% (2175) 77.7% (3455) 78.0% (3654)
All municip. 3296 12115 19658 3072 4446 4683
Sector size 3.8% 13.8% 22.3% 3.5% 5.1% 5.3%

#Municip. HoteRes % InfoCom % SpecSci % Educ % HeaSoc % All %
1 3.6% (125) 5.4% (349) 9.3% (1427) 3.8% (66) 3.7% (149) 5.1% (4525)
10 25.4% (896) 31.7% (2048) 36.6% (5587) 26.9% (466) 24.7% (1008) 26.1% (23004)
20 38.6% (1359) 47.6% (3076) 52.4% (7984) 40.5% (702) 36.4% (1484) 38.6% (33996)
50 58.1% (2046) 67.4% (4349) 69.2% (10582) 58.3% (1011) 53.6% (2185) 56.9% (50026)
100 73.2% (2581) 79.3% (5120) 79.2% (12103) 72.2% (1251) 68.8% (2804) 70.2% (61780)
All municip. 3524 6457 15282 1733 4077 87974
Sector size 4.0% 7.3% 17.4% 1.97% 4.6% 100%

aNumber of top 1, 10, 20, 50, 100 municipalities which gather the highest number of newly-created establish-
ments from a particular activity sector in 2007.

bMarket share of topmunicipalities. Number of newly-created establishments from a particular activity sector
within these top municipalities given in the bracket.

c#Est: Total number of newly-created establishments in each sector in a particular municipality.

of all newly-created entities in the real estate, financial, scientific, special and technical activi-
ties, and information and communication sectors.

In addition, the top municipality in the case of the financial activities sector, namely the
8th district of Paris, gathers 2.6 times more newly-created establishments than the second top
municipality, the 16th district of Paris. Similarly, the same top municipality (the 8th district
of Paris) attracts 2.3 times more newly-created real estate units than the ”second best” munic-
ipality, the 16th district of Paris. A large difference in the number of newly-created establish-
ments between the two first municipalities from the ranking lists can also be observed in the
construction sector. In this sector, establishments tend to locate 1.7 more often in the 20th
district of Paris than in the ”second best” municipality, the 10th district of Paris. The topmu-
nicipalities (based on market share) are the ones that belong to Paris and to départements 92
and 93. However, some differences are observed across sectors. We summarize the results on
the maps in Fig. 2.1.
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............. Industr .................................... Constr ................................ Commer ................

............. Transp .................................... Finan ................................ RealEst ................

............. HoteRes .................................... InfoCom ................................ SpecSci ................

............. Educ ................................. HeaSoc ................

Figure 2.1:Newly-created establishments in 2007 - rankings based on the market share - focus on Paris and the
inner ring.
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Table 2.3:Ranking of top 10 municipalities based on the market share (#newly-created establishments to total #establishments in municipality)

Industr Constr Commer Transp Finan RealEst
Insee-Munica (#Estb) Insee-Munic (#Est) Insee-Munic (#Est) Insee-Munic (#Est) Insee-Munic (#Est) Insee-Munic (#Est)

1 Paris2 (146) Paris20 (505) Paris8 (531) Paris8 (70) Paris8 (595) Paris8 (672)
2 Paris8 (140) Paris10 (302) Paris17 (477) Paris20 (68) Paris16 (233) Paris16 (293)
3 Paris10 (111) Paris11 (279) Paris10 (475) 93005-Aulnay (64) Paris17 (162) Paris17 (199)
4 Paris11 (76) Paris18 (265) Paris18 (465) Paris18 (54) Paris9 (159) Paris9 (151)
5 Paris18 (73) Paris19 (251) Paris20 (455) Paris15 (52) Paris2 (128) Paris15 (121)
6 Paris9 (66) 93048-Montr. (232) Paris11 (442) 93066-SaintD. (50) Paris15 (125) 92051-Neuilly (108)
7 Paris17 (61) Paris17 (225) Paris16 (416) 75117-Paris17 (47) Paris1 (97) 92026-Courbe. (95)
8 93055-Pantin (61) Paris8 (224) 93001-Auber. (398) 94028-Créteil (47) Paris7 (96) Paris7 (88)
9 Paris20 (55) Paris12 (193) Paris15 (380) Paris13 (45) 92062-Puteaux (92) Paris1 (86)
10 92026-Courbe. (53) 93001-Auber. (168) Paris2 (321) Paris19 (44) 92051-Neuilly (85) 92012-Boulog. (79)

Totalc 3296 12115 19658 3072 4446 4683

HoteRes InfoCom SpecSci Educ HeaSoc All sectors
Insee-Munic (#Est) Insee-Munic (#Est) Insee-Munic (#Est) Insee-Munic (#Est) Insee-Munic (#Est) Insee-Munic (Total)

1 Paris18 (125) Paris8 (349) Paris8 (1427) Paris17 (66) Paris16 (149) Paris8 (4525)
2 Paris8 (118) Paris11 (229) Paris16 (960) Paris18 (55) Paris15 (146) Paris16 (2721)
3 Paris11 (113) Paris15 (226) Paris17 (676) Paris9 (49) Paris13 (133) Paris17 (2619)
4 Paris9 (93) Paris17 (218) Paris9 (447) Paris20 (49) Paris17 (103) Paris11 (2055)
5 Paris10 (87) Paris16 (195) Paris15 (447) Paris8 (48) Paris18 (89) Paris15 (2030)
6 Paris17 (87) Paris10 (177) Paris11 (414) Paris16 (47) Paris11 (85) Paris20 (1988)
7 Paris15 (78) 92012-Boulog. (174) 92012-Boulog. (317) Paris11 (44) Paris14 (84) Paris18 (1930)
8 Paris12 (68) Paris18 (169) Paris1 (305) Paris15 (37) Paris12 (77) Paris10 (1891)
9 Paris16 (66) Paris12 (157) Paris10 (301) Paris12 (36) Paris20 (75) Paris9 (1817)
10 Paris19 (61) Paris9 (154) Paris18 (293) Paris14 (35) Paris19 (67) Paris12 (1428)

Total 3524 6457 15282 1733 4077 87974

aInsee-Munic: INSEE code and the municipality name (note that Courbe. stands for Courbevoie, Montr. =
Montreuil, Auber. = Aubervilliers, Aulnay = Aulnay-sous-Bois, SaintD. = Saint-Danis, Neuilly = Neuilly-sur-
Seine, Boulog. = Boulogne-Billancourt).

b#Est: Total number of newly-created establishments in each sector in a particular municipality.
cTotal: Total number of newly-created establishments in the Paris region in a particular sector.
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2.5.3 C département

Our next step is to analyze the composition of establishments in each département by look-
ing at the ratio of establishments in sector s (where s=1, 2, ..., 11) in département j compared
to the total number of establishments in this département j (where j=1, 2, ..., 8). We compute
the number of establishments that belong to a particular sector in a département for both the
newly-created establishments and the establishments in stock. Since the purpose of this pa-
per is to analyze newly-created establishments, we describe in detail below how the structure
of newly-created establishments differs between Paris, the départements belonging to the in-
ner ring and the départements pertaining to the outer suburbs. Corresponding statistics for
pre-existing establishments can be found in Table 2.4.

Approximately 37% (32 767 units) of all newly-created establishments locate in Paris, 13%
(11 317 units) locate in dep 92 and 11% (9 825 units) locate in dep 93. Départements from the
outer ring seem to be the least attractive for new establishments.

We also observe the following: (1) The lowest ratio of establishments in the construction
sector (and equivalently the commerce sector) compared to the total number of establish-
ments are registered in dep 92 and Paris. On the other hand, the highest percentage of es-
tablishments that belong to these two sectors are observed in dep 93. (2) The lowest ratio of
establishments in the transport sector to the total number of establishments is registered in
Paris and the highest ratio is registered in dep 93. (3) Establishments in the financial, real es-
tate, and special, scientific and technical activities sectors gather the most frequently in Paris
and dep 92. For each of these sectors, ratios of roughly a third of the size are registered in dep
93. (4) The highest fraction of establishments in the information and communication sector
is located in dep 92 and in Paris, the lowest fraction in dep 77 and dep 93. (5) Similar percent-
ages of establishments that belong to the industry, hotels and restaurants, health and social
actions sectors are observed across almost all départements. (6) In the case of the education
sector, the ratio of establishments within this sector to the total number of establishments is
very low in each département and is particularly low in dep 93.

2.5.4 S - -

We concentrate now on the size of newly-created units compared to the size of pre-existing
entities (see Table 2.5). Around 60% of all pre-existing establishments are units with zero
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Table 2.4: Structure of newly-created establishments and existing establishments in each département in 2007; Comparison with 2003 and 2005

Newly-created establishments Depa Industrb Constr Commer Transp Finan RealEst HoteRes InfoCom SpecSci Educ HeaSoc
Paris 75 3.34% 9.49% 19.62% 1.73% 6.34% 7.01% 4.04% 8.89% 23.42% 2.03% 4.22%
Inner ring (dep 92, 93, 94)c 92 3.68% 9.00% 17.28% 2.92% 6.42% 6.49% 4.01% 10.14% 22.11% 2.27% 4.86%

93 4.22% 23.47% 29.51% 7.03% 2.54% 2.04% 4.35% 4.97% 7.19% 1.06% 3.36%
94 3.21% 15.94% 25.95% 5.41% 3.83% 3.94% 3.65% 6.66% 12.45% 1.81% 5.01%

Outer ring (dep 77, 78, 91, 95)d 77 5.01% 17.34% 25.30% 4.13% 4.14% 4.47% 4.50% 4.31% 10.06% 2.15% 5.42%
78 3.75% 13.41% 21.98% 2.77% 4.60% 5.26% 3.84% 6.25% 17.99% 2.77% 6.11%
91 3.79% 16.63% 24.33% 4.02% 4.29% 4.37% 3.64% 5.40% 12.99% 1.82% 5.56%
95 4.50% 20.84% 25.47% 5.47% 3.55% 3.15% 3.73% 5.10% 10.43% 1.75% 4.44%

Total 2007 3.75% 13.77% 22.35% 3.49% 5.05% 5.32% 4.01% 7.34% 17.37% 1.97% 4.63%
Total 2005 3.59% 12.76% 23.51% 2.85% 4.58% 6.05% 4.39% 7.35% 18.13% 1.85% 4.36%
Total 2003 4.39% 12.82% 25.17% 3.60% 4.22% 4.55% 4.95% 7.35% 17.57% 1.47% 3.83%

Establishments in stock Dep Industr Constr Commer Transp Finan RealEst HoteRes InfoCom SpecSci Educ HeaSoc
Paris 75 5.05% 6.02% 20.51% 1.98% 5.82% 6.66% 6.62% 7.63% 21.62% 1.57% 6.29%
Inner ring 92 5.40% 6.98% 18.51% 3.47% 6.56% 5.95% 5.83% 8.11% 18.35% 1.89% 8.42%

93 7.15% 14.44% 28.64% 7.62% 3.12% 3.95% 6.65% 3.89% 7.45% 1.05% 7.03%
94 5.92% 11.49% 24.01% 5.77% 4.02% 4.94% 6.02% 4.62% 11.70% 1.57% 9.39%

Outer ring 77 8.01% 13.64% 23.91% 6.01% 4.12% 4.86% 5.77% 2.83% 8.71% 1.68% 9.45%
78 6.04% 10.34% 21.67% 3.89% 4.79% 5.16% 5.36% 4.71% 14.54% 2.17% 10.60%
91 6.48% 12.95% 23.46% 5.13% 4.27% 4.65% 5.45% 4.11% 10.89% 1.61% 10.11%
95 7.07% 13.55% 24.45% 6.92% 3.74% 4.01% 5.56% 3.29% 9.49% 1.61% 9.62%

Total 2007 5.86% 9.16% 22.05% 3.93% 5.09% 5.64% 6.16% 6.03% 16.18% 1.63% 7.92%
Total 2005 6.37% 8.91% 22.92% 4.22% 5.07% 4.31% 6.32% 5.88% 15.85% 1.58% 8.16%
Total 2003 6.92% 8.69% 23.19% 4.26% 5.19% 4.09% 6.37% 5.66% 15.44% 1.53% 8.21%

aDep: Département number.
bSector names: industry; construction; commerce; transport; financial and insurance activities; real estate activ-

ities; hotels and restaurants; information and communication; special, scientific and technical activities; education;
health and social actions.

cThe inner ring of the Paris region consists of dep 92, dep 93, and dep 94.
dThe outer ring of the Paris region consists of dep 77, dep 78, dep 91, and dep 95.
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employees. An establishment with zero employees is an operating establishment with no em-
ployees other than the owner. Establishments with 0-9 employees (so called micro establish-
ments) account for 93% of all establishments. In comparison, these figures stand respectively
at 82% and 97% for newly-created establishments. Next, 7%of pre-existing units are registered
as establishmentswith 10 ormore employees, comparedwith only 2.8%of newly-created units
from the same size category. Interestingly, 1.4% of existing units have at least 50 employees,
whereas it is 7 times less frequent for newly-created establishment to be classified to this cat-
egory. Thus, a newly-created establishment will most probably be one with zero employees
and only very rarely it will have more than 10 employees. Stable units grow in size and hire
more workers.

Large differences in the typical size of newly-created units can be observed across sectors.
96% of all the newly-created establishments in health and social actions are the ones with 0
employees (92% for education and special, scientific and technical activities), in comparison
to only 57% for hotels and restaurants. Hotels and restaurants in 39% of cases, are units with
1-9 employees and this is the highest fraction across the sectors. Not surprisingly, the low-
est number of new establishments from the size category with 1-9 employees, is registered in
health and social actions (only 3%) and special, scientific and technical activities (7%). Rela-
tively high fractions of bigger establishments with more than 10 employees are registered in
construction and industry, 8.7% and 6.9%, respectively, comparing to rather low levels for
other sectors. The case of the new creation of very large units (with 50 employees or more)
is in general not common (from nearly zero percent for construction to 0.7% for industry),
and will themost probably happen for establishments in industry, financial activities, and the
transport sector.
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Table 2.5: Structure of newly-created and pre-existing establishments by size category.

New #Estab 0a (%) #Estab 1-9b (%) #Estab 10+c (%) #Estab 50+d (%) Total
Industr 2442 (74.1%) 628 (19.1 %) 226 (6.9%) 23 (0.70 %) 3296
Constr 8554 (70.6%) 2505 (20.7%) 1056 (8.7%) 3 (0.02 %) 12115
Commer 15472 (78.7 %) 3810 (19.4%) 376 (1.9%) 29 (0.15 %) 19658
Transp 2496 (81.3%) 491 (16.0 %) 85 (2.8%) 13 (0.42 %) 3072
Finan 3855 (86.7%) 503 (11.3 %) 88 (2.0%) 26 (0.58 %) 4446
RealEst 4049 (86.5%) 599 (12.8 %) 35 (0.7%) 7 (0.15 %) 4683
HoteRes 2013 (57.1%) 1384 (39.3%) 127 (3.6%) 8 (0.23 %) 3524
InfoCom 5812 (90.0%) 559 (8.7%) 86 (1.3%) 11 (0.17 %) 6457
SpecSci 14099 (92.3 %) 1040 (6.8%) 143 (0.9%) 23 (0.15 %) 15282
Educ 1589 (91.7%) 133 (7.7%) 11 (0.6%) 1 (0.06 %) 1733
HeaSoc 3916 (96.1%) 132 (3.2%) 29 (0.7%) 6 (0.15 %) 4077
Other 8028 (83.4%) 1380 (14.3%) 223 (2.3%) 31 (0.32 %) 9631
Total 72325 (82.2 %) 13164 (15.0 %) 2485 (2.8 %) 181 (0.21 %) 87974

Stock #Estab 0 (%) #Estab 1-9 (%) #Estab 10+ (%) #Estab 50+ (%) Total
Industr 20872 (46.6 %) 16800 (37.5 %) 7072 (15.8%) 1694 (3.79%) 44744
Constr 36390 (52.1 %) 28622 (40.9 %) 4896 (7.0%) 589 (0.84%) 69908
Comm 92715 (55.1 %) 63047 (37.5 %) 12473 (7.4%) 1930 (1.15%) 168235
Transp 19624 (65.4 %) 6213 (20.7 %) 4183 (13.9%) 1071 (3.57%) 30020
Finan 23853 (61.4 %) 11404 (29.4 %) 3590 (9.2%) 892 (2.30%) 38847
RealEst 31325 (72.8 %) 10567 (24.6 %) 1139 (2.6%) 195 (0.45 %) 43031
HoteRes 16837 (35.8 %) 24621 (52.3 %) 5577 (11.9%) 521 (1.11 %) 47035
InfoCom 30536 (66.4 %) 11121 (24.2 %) 4346 (9.4%) 1139 (2.48%) 46003
SpecSci 88778 (71.9 %) 28419 (23.0 %) 6268 (5.1%) 1189 (0.96%) 123465
Educ 9079 (73.2%) 2583 (20.8%) 749 (6.0%) 94 (0.76 %) 12411
HeaSoc 50789 (84.1 %) 8365 (13.8%) 1266 (2.1%) 371 (0.61 %) 60420
Other 47052 (59.6 %) 26490 (33.5 %) 5470 (6.9%) 1202 (1.52%) 79012
Total 467850 (61.3 %) 238252 (31.2 %) 57029 (7.5%) 10887 (1.43 %) 763131

a#Estab 0: Number of establishments with 0 employees.
b#Estab 1-9: Number of establishments with 1-9 employees.
c#Estab 10+: Number of establishments with 10 employees or more.
d#Estab 50+: Number of establishments with 50 employees or more.
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Large discrepancies in the typical size of newly-created units can be observed across sectors.
96% of all newly-created establishments in the health and social actions sector and 92% in the
education and special, scientific and technical activities sectors have zero employees. These fig-
ures can be compared to the 57% of newly-created hotels and restaurants with zero employees.
Relatively high figures of larger establishments with more than 10 employees are registered in
the construction and industry sectors (8.7% and 6.9%, respectively) in comparison to rather
low levels for other sectors. New creation of very large units (with 50 employees or more) is
in general not common (from nearly zero percent for construction to 0.7% for industry) and
is most likely to occur within the industry, financial activities, and transport sectors.

2.6 P

2.6.1 C

In an economic context, the dependent variable is often an integer or count with the dis-
tribution that places probability mass at nonnegative integer values only (unlike a regression
model). The Poisson regression is a very popular model and usually forms the starting point
for count data analysis. Such a model captures the discrete and nonnegative nature of the
data; it does, however, assume equidispersion (equality of the conditional variance and the
conditional mean). This assumption is found to be too restrictive given that the conditional
variance often exceeds the conditional mean. Large overdispersion leads to deflated standard
errors and inflated t-statistics in the maximum likelihood output. Thus, a statistical test of
the overdispersion should be performed after running the Poisson model. Overdispersion
can be modeled either by introducing an additional parameter as in the negative binomial
(NB) model (Consul and Jain, 1973), by allowing for an extra proportion of zeros using zero
inflated models or by combining zero inflated models with overdisperse distribution.

In addition, when the observed data display a higher fraction of zeros than would be typi-
cally explained by the standard count data models, two types of models can be suggested: the
hurdle model (Mullahy, 1986) or the zero-inflated model (Lambert, 1992). Where the Pois-
son model is used, the density function predicts the probability of zeros to be less than that is
actually observed.

The hurdle model, also called the two-part model, reflects a two-part decisionmaking pro-
cess. It relaxes the assumption that the zero observations and the positive observations come
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from the same data generating process. Maximum likelihood estimation of the hurdle model
involves separate maximization of the two terms in the likelihood, one related to the zeros
and the other to the positive values. Typically, the distribution of the second part has a zero-
truncated form of a standard discrete distribution such as Poisson or NB distribution, al-
though other distributions defined directly on the positive integers (e.g., the logarithmic) can
be also considered. The two-stage decision-making process is reflected through the hurdle
model interpretation. A zero-inflatedmodel assumes that there are two sources of zero counts
(not just one as in the hurdle model). For an extensive description of count data models
and their comparison and applications, see, e.g., Winkelmann (2003) or Cameron and Trivedi
(1986).

In the current paper, we run several models, namely: Poisson, zero-inflated Poisson (ZIP),
zero-inflated tau Poisson (ZIP τ 11), negative binomial (NB), zero-inflated negative binomial
(ZINB), and hurdle-Poisson models. All these models are run separately for selected activity
sectors12: (1) not incorporating spatial effects and (2) using distance matrix. The results are
then compared and the best performing hurdle model with incorporated spatial spillovers is
described in the next section.

We agree thatwemay have used othermodeling techniques by transforming the dependent
variable into a rate instead of a count, using, for instance, an aggregate Logit model. We, thus,
would have had to control for the excess of zeros problem (i.e., rate equals to 0) by means
of an additional sample selection equation (like a Tobit model applied to rates). We have no
prior about which approach fits best the data. We leave this aside for future research. Yet, we
have chosen to use an approach where it is easier to control for the excess zeros, as presented
in the next section.

2.6.2 H -P

We statistically describe the location of newly-created establishments that belong to a given
economic sectors in zonel at the aggregate level. Letyl,s models the count of newly-created
establishments from sector s that locate at l. By construction, yl,s takes nonnegative inte-
ger values. The rationale behind the choice of a hurdle-Poissonmodel is that observing a zero

11
τ is a scalar parameter.

12These seven selected sectors are: industry, construction, commerce, financial activities, real estate activities,
hotels and restaurants, and special, scientific and technical activities.
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outcomemeans that it is not possible to capture additional net profit at a given location l for
sector s provided set establishing conditions at the beginning of the year: there is no reason
to locate where there is no profit to make. New establishments will locate in a zone where
there remains profit to be captured. We agree that this is a debatable issue, as we do not ac-
count for behavioral dynamics (forward-looking behaviors) of establishments. However, we
prefer to stick to the following: no current additional profit, no new establishment. We also
understand that already installed establishments may increase in size and/or in production to
capture any additional profit.

We describe observations of these counts by independent variables xl,s. As our empirical
approach is a two-part model, these variables may be used in either of the parts. They may
also differ along withs. Our approach is parametric: let βs (hurdle part) andαs (conditional
count part) be the weights of the independent variables.

The contributionofoneobservation to the sample likelihood function iswritten as (Cameron
and Trivedi, 1986):

ℓ (αs, βs|yl,s; xl,s) =
Pr (yl,s = |xl,s; βs)I(yl,s= )×

(( − Pr (yl,s = |xl,s; βs))g (yl,s|yl,s > ; xl,s;αs)) −I(yl,s= ) .

(2.1)

We obtain an analytical formulation of the model by assuming that g is a truncated-at-zero
Poisson distribution:

g (yl,s|yl,s > ; xl,s;αs) =
µ (xl,s;αs)yl,s exp (−µ (xl,s;αs))
yl,s! ( − exp (−µ (xl,s;αs)))

, (2.2)

where the rate µ is defined as:

µ (xl,s;αs) = exp
(

x′l,sαs
)

. (2.3)

In addition, a logistic distribution is used to characterize the hurdle:
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Pr (yl,s = |xl,s; βs) =
exp

(

−
Π(xl,s;βs)

σ

)

+ exp
(

−
Π(xl,s;βs)

σ

) , (2.4)

where:
Π(xl,s; βs) = x′l,sβs. (2.5)

Equation 2.5 models the deterministic part of a latent profit function. The probability that
there is no establishment of type s which locates at l increases when the potential (latent)
profit decreases.

It is straightforward to derive that the expectation of the count variable is given by:

E (yl,s|xl,s;αs, βs) = Φ (xl,s;αs, βs)µ (xl,s;αs) (2.6)

and that the variance is equal to:

V (yl,s|xl,s;αs, βs) = Φ (xl,s;αs, βs)µ (xl,s;αs) ( + ( − Φ (xl,s;αs, βs))µ (xl,s;αs)) ,
(2.7)

where:
Φ (xl,s;αs, βs) =

− Pr (yl,s = |xl,s; βs)
− exp (−µ (xl,s;αs))

. (2.8)

Overdispersion occurswhenΦ (xl,s;αs, βs) < , underdispersionwhenΦ (xl,s;αs, βs) >
.
Another interesting feature of the model is that the total effect of an independent variable

on the count process passes through two channels. Looking at the elasticity of the expectation
of the count variableyl,s to any related variablexl,s, we find that it is equal to the sum of the
elasticity of the participation probability to this variable and the elasticity of the conditional
expected count to this variable:

ϵE(yl,s|xl,s;αs,βs)/xl,s = ϵ −Pr(yl,s= |xl,s;βs)/xl,s + ϵ
E(yl,s|yl,s> ,xl,s;αs)/xl,s . (2.9)

Given a sample of independently and identically distributed observations for l locations
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and s sectors, the log-likelihood function is written as:

ℓℓ (αs, βs|y; x) =
∑L

l=

∑S

s=
ln ℓ (αs, βs|yl,s; xl,s) . (2.10)

Note that we here assume that there are no unobserved correlations between different sec-
tors s. We also do not account for spatial errors and spatial lags. There is a need to fill this
gap in the further studies. The paper of Lambert et al. (2010) and their spatial lag model of
counts can give a hint.

2.6.3 S

Wediscuss here the structure of thematrix of observed explanatory variables. xl,s is actually
a generic notation used for the sake of conciseness in notations. Due to data availability and
our prior knowledge regarding the various expected effects, thismatrix has a specific structure:
it contains implicitly the number of pre-existing establishments from a respective sector s lo-
cated at l, the number of large pre-existing establishments from all sectors located at l, and
other explanatory variables directly concerning either location l or sector s. It is also possi-
ble to make this structure more specific by accounting for spatial interdependence: the stocks
of establishments from some sectors located in neighboring cities and locational-specific at-
tributes of neighbor cities.

Without going too deeply into the discussion, we will simply state that we make use of
the distance matrix to characterize spatial patterns13. Currently, there are two basic categories
that define neighbors: contiguity (shared borders) and distance. Contiguity-based weights
matrices include rook and queen matrices. A rook matrix defines a neighbor as an area with
a shared border while a queen matrix defines a neighbor as an area with a shared border and
a shared vertex (point) (e.g., on a grid); in addition to the four cells included under a rook
matrix, the four cells sharing a corner with the central location are also counted as neighbors.
Distance-based weights matrices include distance bands and k nearest neighbors14.

Spatial spillovers are simply modeled as:

xl,s = ln
(

∑L

j=
e−µdl,jzj,s

)

, (2.11)

13Rook or queen contiguity matrices could have been proposed as alternatives.
14Source: https://geodacenter.asu.edu/node/390.
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where zj,s is an attribute of the municipality that applies to sector s (the same attribute
may apply to several sectors) or is the number of pre-existing establishments from this sector.
µ is fixed to for our application. There is further work to carry out about values that µ
may take. As it models the range of spatial spillover effects, it may at least differ along with
sectors s. This work is left aside for the moment. dl,j is the distance between the centroids
of municipalities l and j.

No period-specific pattern is modeled. Nevertheless, we implicitly parameterize a dynamic
structure in our cross-sectional data by assuming that the location of newly-created establish-
ments during our period of observation is related to the stock of pre-existing establishments
at the beginning of said period. The interdependence between activity sectors can be included
by considering that newly-created establishments within one activity sector are related to the
stock of pre-existing establishments from both said and other activity sectors. As our geo-
graphical structure is based on zones, we need to consider that there may exist some spatial
patterns between them.

2.7 R

2.7.1 C

We run Poisson, zero-inflated Poisson, zero-inflated tau Poisson, negative binomial, zero-
inflated negative binomial, and hurdle models. Each model is run separately for each selected
activity sector. Each model is specified along two dimensions: (1) without accommodating
spatial effects and (2) using the distance matrix. We run the models with variables that are
expected to represent the municipality characteristics and the numbers of pre-existing estab-
lishments.

Some of the models we run are nested (e.g., Poisson and NB, Poisson and hurdle) while
others are non-nested (e.g., ZIP and Poisson, ZIP and NB, ZIP and hurdle). Two models
are nested if one can be reduced to the other by imposing a set of linear restrictions on the
parameter vector. Conversely, two models are non-nested (either partially or strictly) when
this condition is not met (Clarke, 2003). In the statistics literature, two methods are gener-
ally used to compare non-nested models: the Vuong test proposed by Greene (1994) and the
Clarke test (2003). Non-nested models can still be compared using information criteria, such
as AIC (Akaike Information Criterion) and BIC (Schwartz’ Bayesian Information Criterion)
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provided in most procedures using maximum likelihood estimation. Models with smaller
values of these criteria are considered better models. However, no statistical test comparing
criterion values is available.

The main conclusion we draw from our results is that incorporating spatial spillovers be-
tween location choice alternatives (municipalities) in the form of a distance matrix and for
each type of model and for all the activity sectors15 improves the estimates. Looking at the
models for which the distance matrix was used and postulating that the justification of best
model is solely based on statistical tests, it would be tempting to conclude that NB outper-
forms its counterparts for lowerAIC andBIC.TheNBmodel outperforms thePoissonmodel
for each activity sector, as it is characterized by a lower level of the absolute value of log-
likelihood (for nested models, the closer to zero the level of log-likelihood, the better the
model). Yet, hurdle and ZIP regressions offer greater flexibility in modeling zero outcomes
than do the other count data models that we run. The major difference between hurdle and
ZIP models is that the Logit component of the hurdle model estimates the probability of a
zero count, whereas the Logit component of the ZIPmodel describes the probability of a zero
count from two groups of either always zero and not always zero. Thus, the interpretation of
the hurdlemodel ismore straightforward andmore intuitive than that of the ZIPmodel. The
first part of the estimates in the hurdle model explains why no new establishments are created
in a given municipality, whereas the second part of the estimates describes the influence of
various determinants on the positive creation of units within the municipality. Having no
creation of establishments in a municipality happens when profit is exhausted (for instance
by other pre-existing establishments within the municipality) or when there is no space for
new units.

We observe that the ZIP model outperforms the ZIP τ model in all but one case16. The
hurdle model outperforms the ZIP τ model in all of the analyzed cases, with no exceptions.
Ahurdlemodel usually gives better results than aZIPmodel17. For these reasons, ZIP andZIP

15We test six types of count data models: Poisson, ZIP, ZIP τ , NB, ZINB, and hurdle models for seven se-
lected activity sectors with variables that represent the municipality’s characteristics, the density of pre-existing
establishments from the respective sector, and the density of large pre-existing establishments. Each model is
then run with and without incorporating spatial spillover effects between the municipalities. In this way, we are
able to obtain results from 84 models.

16This exception is the model run without the distance matrix for the industry sector.
17In the case of the ZIP model when no matrix is used, for the real estate and special, scientific and technical

activities sectors, not all parameters were estimated.
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τ models are not treated as rivals for the hurdle model. ZINB could have been suggested as an
alternative to the hurdlemodel since each sector is characterized by very low values of the AIC
and BIC criteria (lower than in the case of hurdle and ZIP models). However, when running
the ZINB model, whether using the quasi-Newton optimization method or not in the case
of many sectors, convergence could not be reached under the requirement of estimating all
parameters. Taking into account all of these considerations, we therefore chose to favor the
hurdle model.

2.7.2 H : -

In the highly heterogeneous Paris region, some municipalities find themselves home to a
large number of new establishments whereas others struggle to be chosen by any establish-
ment. The first part of the hurdle estimates shows the reasons for no newly-created establish-
ment in the municipality. Depending on the analyzed sector, the percentage of municipali-
ties left with no new creation ranges from 34% up to 69%. The number of municipalities left
with zero newly-created establishments in the industry sector equals to 734, in construction
439, commerce 440, transport 837, financial activities 799, real estate activities 738, hotels and
restaurants 792, information and communication 771, special, scientific and technical activi-
ties 569, education 890, health and social activities 794 out of 1300 possible municipalities. In
the subsection 2.7.2, we present an interpretation of the results from the first part of the hur-
dle models. In the following subsection (2.7.2), the reader can find an interpretation of the
results from the second part of the hurdle models with a positive number of establishment
creations occurring in the municipality.

Regarding the weight matrix, the spatial modeling accounts for the density of establish-
ments from the respective sector in neighboring areas, the employment density of white- and
blue-collarworkers, and also the existence of large employers fromall sectorswith fiftyworkers
ormore. These large establishmentsmight attract complementary upstream anddownstream
establishments (sometimes evenwithin the same firm), leading to positive autocorrelation, or
which might affect the labor market in such a way that it becomes costlier to hire employ-
ees and locate nearby, leading to negative autocorrelation. For this reason, it is necessary to
capture the possible influence of large establishments on the location choice of newly-created
entities.
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Large establishmentswith fifty employees ormore seemnot to addmuch in the explanation
of why there are no new establishment openings in the area, beside that they have a weak neg-
ative effect on the real estate sector and a positive effect on the financial sector. Amunicipality
is left with zero newopenings of industrial establishmentswhen there are no, or a fewother es-
tablishments from the industry sector and/or when the average level of real estate prices is too
high. Relatively few pre-existing construction establishments, low population density, high
office prices, and/or difficulties in accessing public transport do not seem to encourage the
creation of new establishments in the construction sector. There is a propensity for no new
commercial establishments to be created in municipalities that lack other commercial units
and/or when commercial rents are particularly high, both within the area and its surround-
ings. No new creation of hotels and restaurants can be observed in the areas characterized by
steep price level, not enough vacant land where a new investment could be made, and/or few
pre-existing units from this sector. No new financial establishments will be created when the
number of pre-existing establishments within that same sector is too low. Steep office prices
and limited access to white-collar workers, all beyond a certain threshold, may also lead to an
absence of new openings for financial units. Difficulties in accessing the potential location by
public transport may leave the municipality without any new openings of financial establish-
ments either. There are also various reasons behind amunicipality being left without any new
real estate sector establishments. It is most likely to happen when there are too few, or indeed
no pre-existing real estate units. It can also occur in case of high residential rate in the area,
and/or when access to shops and services is hampered. Finally, a lack of other pre-existing es-
tablishments in special, scientific and technical activities are themost significant variables that
cause zero new unit creation in this sector. In addition, difficulties for white-collar workers to
access the premises, excessive office prices, and difficult access by public transport appear not
to help to create a positive number of establishments in the special, scientific and technical
activities sector.

P -

Themodels presented in this subsection, aswell as themodels explained in subsection 2.7.2,
show the importance of interactions between establishments from a same activity sector. The
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number of new locations will be highly dependent on the quantity of competing establish-
ments in themunicipality and in its surroundings. Pre-existing establishments will encourage
new units to locate nearby. This effect is found to be strongest in the case of construction,
commerce, and special, scientific and technical activities. Overall, large establishments tend to
attract industrial units, yet, have a negative effect on other analyzed sectors.

Drawing from the results from the model that describes the location choice of industrial
establishments, we can observe that units tend to choose a location characterized by easy ac-
cess to blue-collar workers, large areas of vacant land that can be made available for new in-
vestments, and/or a conveniently located highway. Newly-created establishments in the con-
struction sector strongly prefer to locate in an area characterized by a high level of population
density. In order to create this variable, we computed the ratio of population size to mu-
nicipality surface zoned as residential area. We opted to consider only the surface zoned as
residential area (instead of the entire municipality’s surface) as a means to better express the
population density measure. These establishments in the construction sector would rather
choose areas with vacant land that could be used for new investments. Another important
factor that should be taken into account is close proximity to public transport services. The
distance to the highway does not seem to play a very significant role when the decision for a
new location is taken. In addition, establishments in the construction sector pay close atten-
tion to office prices and residence tax rates. Access to the potential location by cars and close
proximity to subway, train stations, or bus stops can be perceived as fundamental factors by a
commercial establishment when choosing its location. It is important for future commercial
establishments to be located in the vicinity of potential customers. Consequently, establish-
ments will try to reach areas characterized by a high number of populationwhowork and live
nearby. Relatively steep shop prices will discourage the opening of new commercial units.
Close proximity to subway, train stations, or bus stops seems to be very significant also in the
location choice model of hotels and restaurants. Being located at a short distance from the
highwaywill also play a positive, albeit weaker, role when deciding on the new location. Rela-
tively easy access to white-collar workers who can profit from the restaurant or hotel services,
availability of vacant land, and low real estate prices can also act as incentives in the location
choice.

Establishments in the financial sector will look for municipalities easily accessible by cars.
Easy public transport access is also relevant, yet slightly less significant. Financial units favor
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areas occupied by white-collar workers. It is worth mentioning that office prices appear to
be weakly significant when financial activities choose a new location. Existence of shops and
offices in and around a chosen municipality seems not to accelerate the new openings in the
financial sector. The model for newly-created establishments in the real estate sector demon-
strates that a potential location should be easily accessible by public transport. Public transit
accessibility is the most significant explanatory variables in this model. A potential location
should be visible and frequently used. Establishments that belong to the real estate sector fa-
vor zones with easily accessible shops and services. Being located in zones that offer ”a good
image” is usually favoredwhen the establishment chooses its new location. It could be argued
that close proximity to wealthy clients attracts new real estate units. Low residence tax rates
and low prices seem to strongly encourage new openings in the real estate sector.

Finally, ease of access, be it by public or private transport are significant variables in the
model for special, scientific and technical activities. Access to thewhite-collarworkforcewithin
the close vicinitywill accelerate the number of newopenings in this sector. Yet, these establish-
ments tend to avoid overpopulated areas. Office prices does not play a critical role. Neither
the pre-existing offices attract the new establishments in the special, scientific and technical
activities sector, indicating that they will rather locate close to other pre-existing units within
the same sector. Tables 2.6, 2.7 summarize the results from these estimated hurdle models.

2.8 C

The following conclusions are based on both the descriptive statistics and the results from
the count data models that we have estimated. Questions, such as: Where in the Paris region
donew establishments decide to locatemost often? andWhat is the level of activity concentra-
tion? are now answerable based on rankings of municipalities’ market share. We found, that
the top municipalities are the ones that belong to Paris and to départements 92 and 93. Dé-
partements from the outer ring seem to be the least attractive for new establishments. About
14% of all newly-created establishments in the real estate and financial and insurance sectors
chose to locate in the 8th district of Paris. In contrast, there does not seem to be an ideal
municipality, nor one that particularly appeals to the transport and commerce sectors so as
to be very frequently chosen as a destination. After determining preference for municipality,
our next step consisted in analyzing the size of newly-created establishments in comparison
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to the size of pre-existing ones. We observed a strong contrast between the typical size of these
two types of establishments across various size classes. The most appealing conclusion rests
on the fact that 82% of newly-created establishments have no employees beside the owner
whatsoever, whereas this is the case for only 61% of pre-existing establishments. In addition,
we detect 7.5% of pre-existing establishments having at least 10 employees, in comparison to
the 2.8% of newly-created establishments of the same size. Just 0.2% of establishments that
launch their activity in the market have at least 50 employees; this percentage is 7 times higher
for establishments that have survived for some time in the market. Large differences in the
size of newly-created establishments can also be observed across activity sectors.

The principal and most relevant conclusion we present is drawn from the results from the
count data models that we have estimated. We have tested, for the purposes of the present re-
search, six types of count data models: Poisson, zero-inflated Poisson, zero-inflated tau Pois-
son, negative binomial, zero-inflated negative binomial, and hurdle-Poisson models. Each
type of model has been run with variables that represent: density of pre-existing establish-
ments in the respective sector, density of large pre-existing establishments, and variousmunic-
ipality characteristics. Care was taken to distinguish outcomes across different activity sectors.
We then checked if the results from each model could be improved by incorporating spatial
spillovers between municipalities in the form of the distance matrix. In this way, we were
able to obtain results from 84 models. In all the analyzed cases, the results from the models
runwith the distancematrix indicated that accommodating spatial spillovers significantly im-
proves the model’s performance. We suggest accounting for spatial spillovers when modeling
establishment location choice.

Hurdle models turned out to be preferred. These models offer greater flexibility in mod-
eling zero outcomes and relax the assumption that the zero observations and the positive ob-
servations come from the same data generating process. Themajor difference between hurdle
and zero-inflated Poisson models is that the Logit component of the hurdle model estimates
the probability of a zero count, whereas the Logit component of the zero-inflated Poisson
model describes the probability of a zero count from two groups of either always zero and
not always zero. Results also indicated that an establishment does not act in isolation and is
influenced by other pre-existing establishments. Overall, the greater the presence of establish-
ments from a particular sector, the greater the number of newly-created units observed locat-
ing nearby in themarket. Large establishments tend to attract other industrial units, yet, have
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a negative effect on other sectors. In addition, when choosing a location in the market, an es-
tablishment as a decision-makermay take into considerationnot only the characteristics of the
potential municipality but also the characteristics of its surroundings due to spatial spillovers
from neighboring areas. In addition, we found that new establishments tend to avoid areas
characterized by high real estate prices. Price levels for shops or offices play a strong significant
and negative role in location choice for units in construction, commerce, real estate, and for
hotels and restaurants. High rates of residence tax appear to discourage the creation of units
in the real estate and construction sectors. Establishments seek areas with high availability
of vacant land. The new establishments in the construction sector are prone to concentrate
on highly dense residential areas and commercial establishments tend to reach their potential
customers. Access to the intellectual workforce is important in the special, scientific and tech-
nical sector, in the financial sector as well as for hotels and restaurants. Finally, convenient
transport infrastructure seems to play a considerable role in the location choice decisions of
establishments.

The contents of the papermay be useful for researchers in the field and thosewho are inter-
ested in policy implications. An approach taken in this paper is aggregate and descriptive and
could be further extended in several ways: (1) Other measures beyond simple Euclidean dis-
tance (crow-fly distance)may be tested. Travel times by car (free-flow and for the peak period)
and by public transit, and the corresponding network distances at equilibrium during peak
hours for private vehicles and public transit may be proposed as alternative weight matrices
(see Buczkowska et al., 2016). (2) The strength of spatial decay of neighborhood effects could
be examined. (3) Care should be taken to control for spatial dependence. (4) A challenge
would be to develop a disaggregated establishment location choice model incorporating both
spatial and strategic interactions between establishments and spatial spillovers among choice
alternatives. As discerned by Lambert et al. (2010), accommodation of spatial effects for loca-
tion decisions may provide a richer, more explicit picture of the regional linkages supporting
local growth, industry clustering, and economic development.
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Table 2.6:Hurdle model with distance matrix: explanatory variables represent density of pre-existing establishments in the respective sector, density of large
pre-existing establishments, and various municipality characteristics.

Hurdle part I: Industra Constr Commer Finan RealEst HoteRes SpecSci
zero counts Est t-stb Est t-st Est t-st Est t-st Est t-st Est t-st Est t-st
Constant -18.330*** -6.51 -23.338*** -7.20 -23.420*** -6.76 -16.307*** -5.32 -9.949** -2.06 -24.271*** -6.72 -20.789*** -5.37
Estab., resp. sec.c -1.218*** -12.29 -0.663*** -5.31 -1.053*** -10.51 -0.580*** -6.27 -0.931*** -9.69 -1.374*** -12.59 -0.882*** -8.66
Large estab., all sec.d 0.053 1.10 0.049 1.16 0.003 0.06 -0.187** -2.42 0.108* 1.83 0.066 1.15 0.046 0.86
White-collar workers -0.283** -2.34 -0.155 -1.45 -0.205** -2.18
Blue-collar workers 0.070 0.62
Trips home-work -0.043 -0.20
Population density -1.043*** -4.13 -0.180 -0.79
Income per person 0.123 0.29
Offices -0.002 -0.12
Shops and offices 0.010 0.16 -0.098* -1.76
Vacant land 0.136 1.50 0.096 1.08 -0.032 -0.35 0.070 0.70 0.311*** 2.93
Distance to highway 0.114 1.28 0.117 1.36 0.006 0.06 -0.042 -0.41 -0.005 -0.05 0.057 0.62
Public transport -0.052* -1.84 -0.021 -0.73 -0.092** -2.39 -0.006 -0.16 -0.010 -0.28 -0.091*** -2.88
Residence tax 0.005 0.02 -0.181 -0.73
Price of offices 2.418*** 6.65 3.016*** 7.49 1.937*** 5.10 1.212* 1.86 2.485*** 5.22
Price of shops 2.814*** 6.81 3.102*** 7.09

aDependent variable: number of newly-created establishments in 2007.
b***, **, * represent statical significance at the 1%, 5%, and 10% level, respectively.
cThe data on stock of establishments used to construct the explanatory variables in the model are given for the

1st of January 2007. See Table 2.1 for description of potential explanatory variables.
dLarge pre-existing establishments from all sectors with 50 employees or more.
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Table 2.7:Hurdle model with distance matrix: explanatory variables represent density of pre-existing establishments in the respective sector, density of large
pre-existing establishments, and various municipality characteristics (continuation).

Hurdle part II: Industra Constr Commer Finan RealEst HoteRes SpecSci
positive counts Est t-stb Est t-st Est t-st Est t-st Est t-st Est t-st Est t-st
Constant 0.269 0.44 12.596*** 38.94 13.470*** 42.49 3.255*** 4.01 11.621*** 15.78 5.857*** 7.03 2.720*** 6.94
Estab, resp. sec.c 0.593*** 15.11 1.148*** 54.85 0.527*** 31.21 1.084*** 20.21 0.812*** 18.20 0.600*** 12.10 1.001*** 40.45
Large estab. all sec.d 0.087** 2.49 -0.128*** -9.37 -0.060*** -4.69 -0.760*** -16.18 -0.203*** -4.76 -0.228*** -4.89 -0.131*** -6.16
White-collar workers 0.771*** 19.17 0.307*** 6.14 0.154*** 5.70
Blue-collar workers 0.083** 2.08
Trips home-work 1.130*** 35.10
Population density 0.134*** 4.09 -0.865*** -29.34
Income per person 0.377*** 6.53
Offices -0.030*** -4.39
Shops and offices -0.050 -1.31 0.240*** 5.91
Vacant land 0.064** 2.30 0.072*** 5.01 0.049*** 4.43 0.227*** 10.07 0.146*** 5.11
Distance to highway -0.215*** -6.19 -0.010 -0.58 -0.311*** -24.67 -0.478*** -16.18 -0.112*** -3.39 -0.562*** -38.46
Public transport 0.225*** 18.84 0.260*** 27.82 0.313*** 12.25 0.251*** 10.32 0.501*** 16.47 0.430*** 31.39
Residence tax -1.312*** -30.47 -2.137*** -32.30
Price of offices 0.013 0.16 -1.154*** -29.53 -0.188* -1.80 -0.610*** -7.29 -0.072 -1.38
Price of shops -1.220*** -31.81 -0.576*** -5.41
Log-likelihood -2071.0 -4472.4 -5194.5 -2214.4 -2449.1 -1803.5 -4424.4
AIC 4169.9 8980.8 10421.0 4464.8 4930.2 3638.9 8884.7
AICC 4170.3 8981.3 10422.0 4465.3 4930.7 3639.3 8885.3
BIC 4242.3 9073.9 10504.0 4557.9 5013.0 3721.6 8977.8
Convergence crit. Yes Yes Yes Yes Yes Yes Yes
#Parameters 2x7 2x9 2x8 2x9 2x8 2x8 2x9

aDependent variable: number of newly-created establishments in 2007.
b***, **, * represent statical significance at the 1%, 5%, and 10% level, respectively.
cThe data on stock of establishments used to construct the explanatory variables in the model are given for the

1st of January 2007. See Table 2.1 for description of potential explanatory variables.
dLarge pre-existing establishments from all sectors with 50 employees or more.
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Near s a more flexible and powerful concept than com-
monly appreciated.

- H.J. Miller, ”Tobler’s First Law and Spatial Analysis”
(2004)

3
Euclidean versus network distances:

A mixture model of the intra-metropolitan
location choice of establishments

A This article investigates the issue of themetric choice in spatial models. Although
the Euclidean distance still prevails in the literature, more and more works advocate the use
of alternate metrics, be it economic or transport distances, which may be more relevant to
the problem considered. Geographic factors such as terrain, land cover, infrastructure, and
traffic congestion may cause agents not to follow pure Euclidean relations. Instead of impos-
ing a restrictive metric, this research proposes a flexible approach to point which alternative is
more appropriate to correctly account for the surrounding economic landscape. Aprobabilis-
tic mixture of two ”mono-distance” hurdle-Poisson models is developed. Each model’s latent
class uses a different distance representation to incorporate spillover effects in location choices
of establishments from several activity sectors. Seven metrics are considered: Euclidean dis-
tance, travel times by car (for the peak and off-peak periods) and by public transit, and the
corresponding network distances. Thismethodology allows to capture the diversity of agents’
behavior, i.e., to distinguish establishments which are more time- or more distance-oriented
given location. The distance measure being most likely to capture spatial spillovers varies de-

51



pending on the economic sector. This supports the choice of a ”meaningful” over ”more
abstract” metric in spatial econometric models. The peak travel time strongly predominates
for establishments from the construction and special, scientific and technical activities sectors,
while theoff-peak travel timeor theEuclideandistance (dependingon thepair ofmetrics used)
tend to prevail for the real estate sector, reflecting differences between sectors in operations
and location choice criteria.

Keywords: Euclidean distance, length-based distance, time-based distance, network dis-
tance, congestion, physical barriers, intra-region location, latent classes

JEL Classification: C31, C35, L22, R41

3.1 I

Numerous studies have attempted to determine which specification of the spatial weight
matrix (W) best fits their data and investigated the robustness of their results to different W
specifications (e.g., Bell and Bockstell, 2000; Kostov, 2010). Examinations cover the neighbor-
hood definition (rook or queenmatrix, k nearest neighbors, etc.), the specification of the dis-
tance decay function, or the bandwidth size. Getis and Altstadt (2004) summarize the typical
well-known schemes that researchers follow to find an appropriate Wmatrix. These schemes
are: (1) spatially contiguous neighbors, (2) inverse distances raised to some power, (3) lengths
of shared borders divided by the perimeter, (4) bandwidth as the k-th nearest neighbor dis-
tance, (5) ranked distances, (6) constrainedweights for an observation equal to some constant,
(7) all centroids within distance d, (8) k nearest neighbors, and so on. Some of the newer
propositions include: (1) bandwidth distance decay (Fotheringham et al., 1996), (2) Gaussian
distance decline (LeSage, 2003), and (3) ”tricube” distance decline function (McMillen and
McDonald, 2004). As yet, the definition of distance has attracted less attention. When the
spatial weight matrix is based on distance, the choice of the metric is often glossed over, with
ultimately a preponderating use of the Euclidean metric (exceptions include Nguyen et al.,
2012). The requirement that the weights should be exogenous to the model is usually called
upon to motivate the choice of the Euclidean distance, because the underlying geographical
structure is arguably exogenous inmost applications1. As noticed byMiller andWentz (2003),

1See Drukker et al. (2013) for a joint test of zero spatial interactions in the dependent variable, the exogenous
variables and the disturbances; Kelejian andPrucha (1998) for a feasible generalized spatial two-stage least squares
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many researchers adopt the Euclideanmetric without realizing its underlying assumptions or
its alternatives. This representation has been originally proposed due to scarce data and low
computational power at the time, rather thanbecause of its allegeduniversality. Yet, it remains
overwhelmingly applied to this day.

Corrado and Fingleton (2012) argue that the specification of the spatial weight matrix, in-
cluding the definition of distance, should be supported by economic theory. Let us imagine
two neighborhoods that are contiguous yet separated by some uncrossable physical barrier (a
transport axis, a river, etc.). One would indeed expect that spatial spillovers would be smaller,
if any at all, than that if the barrierwas not there. Tobler’s (1970) first lawof geography (”every-
thing is related to everything else, but near things are more related than distant things”) pro-
poses nearness as a main determinant of interactions among objects. As suggested by Miller
(2004), the problem lies in an appropriate definition of nearness, usually based in the empiri-
cal literature on the straight-line segment connecting two locations. Miller (2004) points out
that this is only one possibility out of an infinite number of shortest path relations. Natural
(e.g., rivers, lakes, mountains, steep hills) or artificial (e.g., parks, cemeteries, golf courses, land-
marks, transport infrastructures, industrial corridors) obstacles, in particular, require tomake
detours and expend additional energy and resources (see Fig. 3.2 and 3.3), something that is
usually minimized (Miller 2004; Boscoe et al., 2012). This tends to limit interactions between
the sundered territories (Jacobs, 1961), reducing the mobility of population nearby (Héran,
2011), restricting access to employment and population (Motte-Baumvol et al., 2015), andmit-
igating neighborhood externalities (Noonan, 2005). Physical features may even in some cases
imply a total non-contiguity (Chakravorty, 1996). Accordingly, there is a good reason to ex-
pect geographic factors such as terrain, land cover, infrastructures, and traffic congestion to
matter in human interactions.

The Euclidean metric might therefore not always be the most relevant one depending on
the problem considered. Interest in this question dates at least to the 1960s and the research on
network models in geography (Haggett, 1967). Talen and Anselin (1998) suggest that the dis-
tance can be computed in a variety of ways, and that when incorporating spatial externalities

procedure for estimating cross-sectional linear regressionmodels that contain a spatial lag of dependent variable
as a regressor or a disturbance term that is spatially autoregressive where the neighboring units can be those that
are close in some dimension, such as geographical or technological. This procedure accounts for the endogeneity
of y

−i by instrumental variables constructed as spatial lags of the exogenous characteristics xi as well as spatial
error correlation; Rincke (2010) for an application of Kelejian and Prucha’ (1998) procedure.
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the measure of access should be correlated with the socio-economic characteristics. Fingleton
and LeGallo (2008) state, for instance, that spillovers between areas are not a function of spa-
tial proximity and that ”it is more realistic to base it on relative economic distance”. Parent
andLeSage (2008)measure the level of regional technological proximity applying a number of
spatial weight matrices based on geographical, transportation, and technological proximity.
Another very stimulating approach is taken by Fingleton (2008)who proposes to use amatrix
Cij = −exp(δidij) which is a function of the straight-line distance dij between areas i
andj and an area specific coefficient δi which allows to account for varying levels of transport
infrastructures and commuting patternswithin the study area. More generally, several studies
have considered alternativemetrics that are not purely based on topography (e.g., Bodson and
Peeters, 1975; Aten, 1997; Duran-Fernandez and Santos, 2014; Conley and Ligon, 2002; Slade,
2005; Le Gallo and Dall’erba, 2008), including network distances and transport costs. All in
all, when considering alternative metrics to the Euclidean one, a comparison based on the rel-
ative performances of twomodels, one using the Euclidean distance, the other the alternative
distance, still largely prevails in the literature. Rather than locking researchers into a restrictive
metric choice, this research proposes a flexible approach, wherein several metrics may be used
within the same model, to point which alternative is more appropriate to correctly account
for the surrounding economic landscape. A probabilistic mixture of two ”mono-distance”
hurdle-Poisson models is developed. Each model’s latent class uses a different distance rep-
resentation to incorporate spillover effects in location choices of establishments from several
activity sectors. This methodology allows to capture the diversity of agents’ behavior, i.e.,
to distinguish establishments which are more time- or more distance-oriented given location.
We address the criticism of Rincke (2010), Vega and Elhorst (2013), and other authors that the
choice of the matrix used in the spatial models is usually quite arbitrary, while it refers to the
choice of the distance measure.

The methodology is applied to the establishment location choice problem. Because es-
tablishments are subject to interactions that are extremely varied by nature, spatial effects in
location choice models might not be correctly captured using a single metric. Accordingly,
this paper investigates the complementarity of the Euclidean distance and transport distances
in the case of the location choice of newly-created establishments in the Paris region. The
Paris region features high congestion levels as well as many physical barriers (including the
Seine river), so that the Euclidean distance might indeed not always well reflect nearness be-
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tween the zones. To test, compare, and mix various metrics, this paper enhances the location
choice model of Buczkowska and Lapparent (2014) by estimating a probabilistic mixture of
two ”mono-distance” hurdle-Poisson models. The hurdle-Poisson model reflects a two-step
decision making process. The hurdle model represents the establishments’ decision whether
to settle within a given area or not, based on the expected profitability. If an area is deemed
profitable by establishments of a given sector as awhole, then andonly then thePoissonmodel
aims to predict the (strictly positive) number of establishments that do so. The proposed
mixture of models uses two latent classes, each representing a different metric to capture spa-
tial spillovers in the location choice of establishments. This provides a direct and integrated
way of testing several metrics at a time. In addition to the standard Euclidean metric used
in Buczkowska and Lapparent (2014), six alternative metrics are considered: travel times by
car (for the peak and off-peak periods) and by public transit, and the corresponding network
distances2. To the best of our knowledge, this work is one of the first formulations and ap-
plications of spatial count data models of location choice in regional science, wherein various
metrics other than the Euclidean one are tested and associated to build the spatial distance
weight matrices3. The methodology allows to capture the heterogeneity of agents’ behavior,
and to distinguish establishmentswhich aremore time- or distance-oriented given a particular
location. Once the model is estimated, posterior class assignment probabilities may be com-
puted based on observed location choices, updating for each location the knowledge about
which spatial representation is most likely to correctly account for spatial spillovers.

Themixture of hurdle-Poissonmodels based on twometrics is found to performmarkedly
better than ”pure” hurdle-Poissonmodels based on a single metric (according to the Bayesian
Information Criterion). Parameter estimates for the mixture model are broadly consistent
with the literature and not overly sensitive to the model specification. Second, the combina-
tion of peak and off-peak road travel times (slightly) outperforms other pairs of metrics that
include the Euclidean distance. This supports the choice of economically meaningful metrics
over more neutral ones in spatial econometric models. As a corollary, considering both the
peak and off-peak travel conditions (rather than just one out of the two) proves worthwhile
to better understand establishment location choices. Last, the distance measure most likely

2See Nguyen et al. (2012) for a relocation choice model where an average travel distance is used to proxy the
distance among zones and firms.

3In the case of continuous data, spatial cross-regressive models have already been used to combine several
metrics (e.g., Kang and Dall’erba, 2016).
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to capture spatial spillovers varies depending on the economic sector. The peak travel time
strongly predominates for establishments from the construction and special, scientific and
technical activities sectors, while the off-peak travel time or the Euclidean distance (depend-
ing on the pair of metrics used) tend to prevail for the real estate sector, reflecting differences
between sectors in operations and location choice criteria.

The remainder of the paper is organized as follows. Section 3.2 reviews the literature first
on establishment locational decisions and spatial effects, then on the metrics that can be used
in these types of analyses. Section 3.3 describes the data. The econometric model is developed
in Section 3.4. Section 3.5 elaborates on the results. Section 3.6 concludes.

3.2 L

3.2.1 S

Establishment location choice has attracted considerable attention in the past decades (see,
e.g., a survey of Arauzo-Carod et al., 2010). The objective of the studies on location of estab-
lishments is the analysis of the determinants of how the choices are being made. Distance
plays usually only a secondary role in the estimation. Only recently has the importance of
spatial effects been emphasized in this context. Despite the existence of spatial effects, there
is a little mention in the literature of previous attempts to incorporate spatial effects in es-
tablishment or firm location decision-making processes (Bhat et al., 2014; Buczkowska and
Lapparent, 2014; Liviano-Solís and Arauzo-Carod, 2013; Liesenfeld et al., 2015; Lambert et al.,
2010; Klier and McMillen, 2008).

Klier and McMillen (2008) build a model with a spatially weighted dependent variable
to analyze location decisions of auto supplier plants in the US (discrete choice framework).
They account for the clustering tendency assuming that the location of a plant in a particu-
lar county depends on the location of plants in contiguous counties. Lambert et al. (2010)
develop the Spatial Autoregressive Poisson model and assess the use of a two-step limited in-
formation maximum likelihood approach. This model includes a spatially lagged dependent
variable as a covariate. The proposed estimatormodels the location events of start-up firms in
the manufacturing industry as a function of neighboring counts. Effects of location determi-
nants can be divided into direct, indirect, and induced effects thus providing information to
better understand regional patterns. Liesenfeld et al. (2015) propose a maximum likelihood
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(ML) approach based on the spatial efficient importance sampling applied to the spatial Pois-
son and negative-binomial models for manufacturing establishment location choices. ML
estimation of parameter-driven count data models requires high-dimensional numerical in-
tegration. Bhat et al. (2014) formulate a spatial multivariate model to predict the count of
new industrial businesses at a county level in the state of Texas. It allows for a better recog-
nition of the industry specific determinants. The authors accommodate overdispersion and
excess zero problems. They account for the unobserved factors that simultaneously affect the
county-level count of new businesses in different sectors and spatial dependence effects across
counties. Dubé et al. (2016) use a discrete choice model to describe the individual business lo-
cation choices in the nonmetropolitan area in Canada demonstrating that the final decision
of an establishment should be related to the surrounding economic landscape.

However, whenever a distance metric was used in the weight matrix to implement the spa-
tial effects in the location choice model, beside the work of Nguyen et al. (2012)4, no discus-
sion was provided on the choice of the distance definition itself. Starting with the research on
which this project has been based, Buczkowska and Lapparent (2014) test various nested and
non-nested countdatamodels implementing spillover effects as: xi,s = ln

(

∑I
j= e−µdi,jzj,s

)

,
where zj,s is a municipality attribute that applies to the activity sector s or the number of pre-
existing establishments from this sector, and di,j is the Euclidean distance between the cen-
troids of municipalities i and j. Liviano-Solís and Arauzo-Carod (2013) consider a distance
matrix such that wij = /dij, where dij is the Euclidean distance between the municipali-
ties i and jwhen implementing spatial spillovers in a number of distinct count data models.
Bhat et al. (2014) test different specifications of the weight matrix in their spatial multivari-
ate model, including inverse distance, inverse of the square of the distance, and inverse of the
cube of the distance between counties. Yet, they do not concentrate on the distance defini-
tion. Lambert et al. (2010) propose, among others, a row-standardized inverse distancematrix
based on the Euclidian distance between the nearest neighbors. Dubé et al. (2016) calculate
the Euclidean distance separating all the establishments introducing a cut-off criterion, i.e.,
a critical radius of influence. A number of models are estimated, each increasing the radius
of influence by 250 meters (from 0 to 2250 meters) to calculate the number of establishments
and total employment located in the direct vicinity of each establishment using a connectivity

4Nguyen et al. (2012) develops a relocation choice model using an average travel distance as a proxy for the
distance among zones and firms.
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matrix.
In light of these arguments, this paper seeks to contribute to the literature on location

choice modeling, entreating a discussion on new directions for empirical explorations using
more appropriate econometric tools and puttingmore consideration on the definition of dis-
tance itself.

3.2.2 D

The use of the Euclidean distance is widespread in economics (e.g., Duranton and Over-
man, 2005; Partridge et al., 2008). This metric is known to all and experienced by all in ev-
eryday life, hence a prime candidate to capture economic interactions. According to Guy
(1983), the use of straight-line distance to represent a travel function is unsatisfactory, how-
ever, though it does simplify computations. In the same line, Combes and Lafourcade (2003,
2005) claim that the Euclidean distance can only be regarded as a simplistic measure of the ac-
tual physical distance. The curvature of the Earth is the first source of systematic error. When
calculating the straight-line (crow fly) distance between two remote points, the Euclidean dis-
tance may be replaced by the great circle distance, which takes the Earth’s spherical shape into
account (Axhausen, 2003). The second source of systematic error comes from the fact that
in practice, people (or goods) rarely move from point A to point B along a straight line as
assumed in the Fetter’s ”Law of Markets” (1924). For instance, car users may only drive on
the existing road network, hence the well-known example of the Manhattan distance (Eaton
and Lipsey, 1980). As the road network plays a central role in most urban transportation sys-
tems around the world, the Euclidean metric would therefore be inappropriate for the study
of intra-urban location (Eaton and Lipsey, 1980; Perreur and Thisse, 1974).

Talen and Anselin (1998) suggest that distance can be computed in a variety of ways and
use the actual street network in their empirical study of public facilities locations. Distance
is measured by the means of a shortest path algorithm between the centroids of census tracts
and the coordinates of public facilities of interest. They consider the shortest path network
distance to be more relevant than the straight-line distance regarding the analyzed issue. Ac-
tual driving distances and travel times over a road network are perceived also by Boscoe et al.
(2012) to be superior and substantiallymore precise than the straight-line distance. Previously,
these metrics were considered as an expensive and labor-intensive to obtain. Nowadays, the
commercial websites, such as Google, Yahoo!, Mapquest, Bing, Rand McNally, Michelin of-
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fer precise driving directions between nearly all locations in the developed world (Boscoe et
al., 2012; Le Gallo and Dall’erba, 2008).

Given these considerations, an increasing number of works advocate the use of realistic dis-
tances based on a transport network over Euclidean and great circle alike (Combes andLafour-
cade, 2005; Graham, 2007; Duran-Fernandez and Santos, 2014; Weisbrod, 2008; Faber, 2014;
Kwon, 2002). This point is especially cogentwhen it comes to the location choice of economic
establishments, for which the role of transportation infrastructures is well-known (Arauzo-
Carod et al., 2010). In practice, several studies have compared whether and to what extent Eu-
clidean and great circle distances differ from realistic transport distances. Boscoe et al. (2012)
assess the extent to which travel time or network distance confers a genuine advantage over
straight-line distance and identify locations where differences between the two are most pro-
nounced. Chalasani et al. (2005) look at the differences between crow fly, shortest distance
path, shortest time path, mean user equilibrium path distances, and the distance reported by
the respondent, using data from three large-scale surveys carried in Norway and Switzerland.
Rietveld et al. (1999) carry out a similar analysis in the Netherlands. In the case of France,
Combes and Lafourcade (2005) compare the great circle distance, the network distance and
the travel time, as well as an ”economic distance”. All works find strong correlations between
transport distances and geographical distances for cross-sectional data (i.e., at a given time).
Yet, it is not a perfect correlation. This point will be carefully considered and will ultimately
lead us to restrict the set of metrics used in our analysis.

3.3 D

3.3.1 D

This research considers several metrics, namely the Euclidean distance and various trans-
port distances, to model establishment location choices. Distances are computed between
the 1300 municipalities of the Paris region5, hence matrices of size 1 690 000 (1300 by 1300).

5The Paris region, also called ele-de-France, is a vibrant and innovative region with over 5,6 million jobs, 37
percent of national executives, and 40 percent of the national workforce in research and development. It is the
1st R&Dhub in Europe and the thirdworldwide. 11.7million people representing over 19 percent of the country
population live in an area which covers only 2.2 percent of national grounds. The GDP of the region amounts
to 31 percent of total French GDP (http://www.grand-paris.jll.fr/fr/paris/chiffres-cles/) that is 612 billion euros
(2012). TheParis region is the 1st European region considering the number of firms classified in Fortune 500 (July
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The Euclidean distance matrix is computed between the centroids of eachmunicipality using
QGIS.

Transport matrices include the network distance and travel time matrices for the road net-
work and the public transit network. These matrices are computed by means of the assign-
mentmodels, one for each transport mode. Assignmentmodels simulate the route choice be-
havior of users on a transport network. Congestionplays amajor role in roadmodels. Asmore
drivers use the same road, it becomes more congested and travel time increases. Eventually,
the travel time becomes so long that some drivers turn to alternative routes, which increases
the traffic flow on the corresponding roads. This phenomenon develops until a traffic equi-
librium - called Wardrop’s equilibrium - is reached (Ortuzar and Willumsen, 2011). As far as
public transit models are concerned, travel conditions typically include access and egress time,
fare, waiting time, in-vehicle travel time, and transfer costs, which depend on the characteris-
tics of the services that are used, such as frequency or speed. For some transit lines, congestion
(Lapparent and Koning, 2015) and service reliability (Benezech and Coulombel, 2013) may
also represent a non-negligible share of the generalized cost of travel. These are seldom con-
sidered in standard transit assignment models however, as introducing either of these items
drastically increases themodel complexity. Assignmentmodels are primarily applied to deter-
mine the usage of road infrastructure or of transit routes for a given time period, typically the
morning or evening peak periods. They can also serve to derive the shortest path between any
origin-destination (O-D) pair to minimize the travel time, distance, and speed (Coulombel
and Leurent, 2013). The variable to minimize when computing the shortest path is defined
by the user. Unlike the shortest distance path, which only depends on the network geometry,
the shortest time path - the most frequently used and the one included here - also depends on
the network characteristics, firstly free-flow travel times and link capacities (Chalasani et al.,
2005).

The road traffic and public transit assignment models are based on original models devel-
oped by theDRIEA ele-de-France (DRIEA ele-de-France 2008) andwere adapted to runwith
the TransCAD software. Due to data availability issues, the two original assignment models
were calibrated for different years, 2008 for the road model and 2009 for the transit model6.

2014). The Paris region consists of 1300municipalities encompassing the inner city of Paris and its suburbs. Yet,
very large differences in population and employment densities are to be found between the Paris city and its
outer periphery.

6Transport matrices being relatively stable over time at a regional scale, especially in the Paris region where
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The road network, which comprises 65,692 links, includes all the main roads of the Paris re-
gion. The public transit network is even more radial than the road network, as most heavy
transit lines pass through Paris, and is relatively undeveloped in the most remote areas of the
Paris regions (Fig. 3.1), corroborating the observation of Chatman et al. (2016) that public
transit networks tend to be sparser than road networks.

For each transport mode, two matrices are derived: the shortest travel time matrix, i.e., the
minimum travel time between each O-D pair, and the associated network distance matrix.
Unlike Euclidean matrices, shortest travel time matrices are not symmetric. The time needed
to go from A to B may differ from that needed to go from B to A because of, e.g., one-way
roads, asymmetric congestion patterns, or asymmetric travel conditions (e.g., frequency) de-
pending on the line direction in the case of transit (Fransen et al., 2015). Since the fastest path
is not necessarily the shortest, the network distance computed is greater than the shortest path
distance.

The transport matrices are computed between the centroids of the 1300 municipalities for
themorningpeakperiod,which is defineddifferently dependingon the transportmode: from
6.50 a.m. to 9.10 a.m. for private vehicles and from 8 a.m. to 9 a.m. for public transit (DRIEA
ele-de-France 2008). In the case of the road network, we also compute the travel time and
network distance matrices under free-flow conditions, i.e., when there is no congestion at
all. The free-flow situation is used as a proxy for the off-peak period. We choose to consider
it based on the hypothesis that travel conditions might be more relevant to some industries
during the off-peak period ifmost of their deliveries and/or shippings are concentrated during
this period.

3.3.2 O

Various data sources were compiled for the present study, drawn primarily from the Cen-
sus survey of establishments carried out by the French National Institute of Statistics and
Economic Studies. Data on the stock of establishments are measured at the 1st of January
2007. In our sample, 763 131 establishments are registered on the market at this date. The
number of newly-created units amounts to 87 974 for year 2007. Data are pooled across ac-
tivity sectors. For clarity and concision, this paper focuses on three sectors: special, scientific,

the transport networks are already well developed, this one year difference should have a very limited impact on
our results.
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Figure 3.1:Road network (upper figure) and public transit network (lower figure) in the Paris region

and technical activities (SpecSci), construction (Constr), and real estate (RealEst). Among the
newly-created establishments for year 2007, 17.4% (15 282 units) belong to the special, scien-
tific and technical activities sector, 13.8% (12 115 units) to the construction sector, and 5.3% (4
683 units) to the real estate sector.

Detailed specification of other data used in themodels that represent, among others, popu-
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lation and employment structure, proximity to retail, services, universities and schools, pub-
lic transport and highways, and the levels of prices and taxes, along with their sources can
be found in Buczkowska and Lapparent (2014). For concision, their presentation has been
limited here to the summary Table 4.5.
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Table 3.1:Description of explanatory variables used in the final models.

Variable and expected sign Description
Establishments from respective sector (+)a Number of pre-existing establishments from the analyzed sector within

a particular municipality divided by the surface of municipality (km )b
Large establishments from all sectors (-) Number of large pre-existing establishments with fifty employees

or more divided by the surface of municipality (km )
Trips home-work (+) Number of trips between home and work if a municipality is both a place

of residence and a workplace to the total number of trips home-work
Trips home-work, intelectual workers (+) Number of trips between home and work if a municipality is both a place

of residence and a workplace to the total number of trips home-work
made by white-collar workers

Offices (+) Proportion of a municipality’s surface dedicated to offices
Shops (+) Proportion of a municipality’s surface dedicated to shops
Vacant land (+) Proportion of a municipality’s vacant land available for new investments
Residential area (+) Proportion of a municipality’s land dedicated to the residential area
Universities and schools (+) Proportion of a municipality’s surface dedicated to universities and schools
Hospitals and clinics (nl) Proportion of a municipality’s surface dedicated to hospitals and clinics
Distance to highway (-) Distance to the nearest highway (km)
Public transport (+) Number of subway, train stations, and bus stops in a municipality
Residence tax (-) Average level of residence taxes
Income per person (+) Log value of the average income level per capita (euros)
Price of offices (-) Log value of the average price level of offices per square meter (euros)
Price of shops (-) Log value of the average price level of shops per square meter (euros)

a(+) and (-)mean that the associated coefficient is expected to be positively or negatively statistically significant,
respectively. (nl) means that no literature treats this problem or that no literature was reviewed on this issue. See,
e.g., a survey of Arauzo-Carod et al. (2010) which summarizes location determinants and main fundings of over
fifty papers on establishment or firm location choice modeling.

bData on the stock of establishments are given for the 1st of January 2007. The range for the independent
variables is 2005-2009.
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3.4 M

3.4.1 M

The Paris region is highly heterogeneous, especially regarding economic activity. While
few municipalities host a large number of new establishments, others struggle to be chosen
by any, and a large group of municipalities is left with no new entries. Based on the data
for the Paris region aggregated at the municipality level, depending on the analyzed sector,
the percentage of municipalities left with no new creation ranges from 34% up to 61%. The
number of municipalities left with zero new entries in the construction sector equals to 439,
in the real estate activities sector to 738, and in the special, scientific, technical activities sector
to 569 out of 1300 possible municipalities that met no new establishments. These findings are
similar to the remarkmade by Liviano-Solís andArauzo-Carod (2014) based on the analysis of
the Catalan data. The authors state that the distribution of entries is heavily skewed: a small
group of municipalities meet the largest number of entries, while more than a half receive
no entries at all. Municipalities range from small isolated villages in rural areas to huge and
densely populated cities.

When the observed data display a higher fraction of zeros thanwould be typically explained
by the standard count data models, the zero inflated or hurdle models can be suggested. This
paper seeks to address the complaint voiced by Liviano-Solís and Arauzo-Carod (2013) and
Bhat et al. (2014)whonotice that heretofore scholars have not fully explored the hurdlemodel
technique when analyzing location phenomena. It is thereby in line with Liviano-Solís and
Arauzo-Carod (2013) and Buczkowska and Lapparent (2014). In contrast to the two previ-
ous works, which focus on determining which type of model (Poisson, negative binomial,
zero-inflated versions of thesemodels, hurdle-Poisson, and hurdle negative-binomial) best fits
their data, this paper focuses instead on the issue of which type(s) of spatial representation(s)
best characterizes spatial spillovers. Considering all these points, a discrete mixture of hurdle-
Poissonmodels is developed, wrapping the spatial metrics in a common statistical framework
of analysis.
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3.4.2 M

Contingently on a type m of spatial metric, the likelihood function is built up on a hurdle-
Poisson count data model:

ℓ (δl,yl|xl,m;θ ,m,θ ,m) =

( − p (yl > |xl,m;θ ,m))
−δl ×

(p (yl > |xl,m;θ ,m)h (yl|yl > ; xl,m;θ ,m))
δl ,

(3.1)

where

δl =

{

if yl =
otherwise

. (3.2)

∀l,yl ∈ N is the number of new establishments that locate at l. xl,m is a vector of inde-
pendent variables that characterize location l using spatial metric m. p and h are function
that will be defined below. θm :=

[

θ′
,m,θ

′
,m
]′ is a vector of parameters to estimate when the

spatial metric type is m.
The probability that at least one establishment settles in location l is based on a latent

profit variable: establishments locate at l as long as local profit is not exhausted. The local
profit function is defined as a linear combination of observed and unobserved variables:

Π(xl,m;θ ,m) = x′l,mθ ,m + εl,m. (3.3)

The error termsεl,m are assumed tobe iid according to a logistic distributionwith a location
parameter equal to and a scale parameter equal to . The probability to observe one ormore
new establishments locating at l is then given by:

p (yl > |xl,m;θ ,m) =
+ exp

(

−x′l,mθ ,m

) . (3.4)

When the number of new establishments that locate atl is strictly positive, the probability
to observe a number yl > of establishments at l is defined as a truncated-at-zero Poisson
distribution:

h (yl|yl > ; xl,m;θ ,m) =
λ (xl,m;θ ,m)

yl exp (−λ (xl,m;θ ,m))

yl! ( − exp (−λ (xl,m;θ ,m)))
, (3.5)
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where the rate of occurrence is parametrically defined as:

λ (xl,m;θ ,m) = exp
(

x′l,mθ ,m
)

. (3.6)

3.4.3 S

The observed explanatory variables relate to the location l and/or the sector s, including
the stock of (i.e., number of pre-existing) establishments in the sector s. To reduce notation
clutter, the argumentswill be omitted in the remainder of the text. According toDubé et al.
(2016), the final locational decision of an establishment should be related to the surrounding
economic landscape. Following this remark, the characteristics of the surrounding areas and
the stock of establishments located nearbywhenmodeling the spatial spillovers are accounted
for as follows:

xl,m = ln
(

∑L

j=
e−µdml,jzj

)

, (3.7)

where zj is a vector of attributes characterizing the municipality j (including the stock of
establishments in the considered sector s, as well as in the other sectors). The parameter µ
is fixed to one7 while dml,j is the distance between the centroids of municipalities l and j
according to the metric m.

The metric m influences how the surrounding economic landscape is considered through
the exponential decay function. The relative influence of a given zone j on the vector xl,m
varies depending on how close zone j is to zone l according to the metric m. For instance, if
access to zonej is made difficult during rush hour because of congestion, zonejwill have less
influence on the vector xl,m if m is the congested travel time metric than if m is the Euclidean
metric or the free-flow travel time metric.

3.4.4 F ( -)

Considering the M types of metrics together, the vector π = (π , · · · ,πM) defines the
probabilities to belong to each class associated to the corresponding metric. These proba-
bilites sum up to 1,

∑M
m= πm = . The full information maximum likelihood estimator

(FIMLE) is based onmaximizing the followingmarginal log-likelihood function with respect

7One can play with the parameter µ setting its value at the level smaller or larger than for more global or
more local spillover effects. This is left aside for the further research.
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to unknown parameters π and θ conditionally to observed data x·,l = (x ,l, · · · , xM,l):

ℓ (θ, π|y·, x·,·) =
∑L

l=
ln
(

∑M

m=
πmℓ (δl,yl|xm,l;θ ,m,θ ,m)

)

. (3.8)

3.4.5 P

For a discrete mixture of hurdle-Poisson models, partial effects are simply defined as the
discrete mixture of the conditional hurdle-Poisson partial effects. For instance, the expected
number of establishments that locate atl is a discrete mixture of the expectations of different
hurdle-Poisson models:

E (yl|xl,·;θ) =
∑M

m=
πm

p (yl > |xl,m;θ ,m)

− exp (−λ (xl,m;θ ,m))
λ (xl,m;θ ,m) . (3.9)

As in the standard hurdle-Poisson model, this allows for a straightforward decomposition
of the overall effect into an effect at the extensive margin and an effect at the intensive mar-
gin. Consider a variable zl that characterize l and that is then transformed using a metric m.
The effect on the expected number of new establishments that locate at l with respect to a
variation of it is defined as:

∂E(yl|xl,·)
∂zl

=
∑M

m= πm
∂p(yl> |xl,m;θ ,m)

∂zl,m
E (yl|yl > , xl,m;θ ,m)+

∑M
m= πmp (yl > |xl,m;θ ,m)

∂E(yl|yl> ,xl,m;θ ,m)
∂zl,m

.

(3.10)

Derivation of direct and cross elasticities and other partial effects are in the same vein: they are
defined as discrete mixtures of the associated conditional elasticities and partial effects.

3.4.6 P

Once the model estimated, one may compute posterior class assignment probabilities, i.e.,
the probability of metric m contingently on location l:

ψj|l =
πjℓ (δl,yl|xj,l;θ ,j,θ ,j)

∑M
m= πmℓ (δl,yl|xm,l;θ ,m,θ ,m)

. (3.11)
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Bydoing so, onemay update the knowledge aboutwhich spatial representation is appropriate
(in the sense of correctly accounting for spatial spillovers) for each location l using observed
aggregate choices of establishments .

3.5 R

3.5.1 P

Figure 3.2: Example 1. Google map image: Possible barriers which require to make detours: a river, islands, a
lake, parks, a golf course, stadiums, highways, a national road, departmental roads, train routes. Euclidean (958
m) versus real distance (4.0 km and 12 min) from point A to B in the area of Boullereaux-Champigny, the Paris
region. Source: Google My Maps

Apreliminary analysis of correlationbetween the various distancemeasures (Table 3.2) con-
firms in the case of the Paris area the main findings from the literature review (subsection
3.2.2). The Euclidean distance (ED) is strongly correlated with road network distances, with a
correlation coefficient of 0.987 for the morning peak period (DistVhMph) and 0.988 under
free-flow conditions (DistVhFlow). By comparison, Combes and Lafourcade (2005) find a
correlation coefficient of 0.990 between the great circle distance and the road network dis-
tance, Rietveld et al. (1999) a value of 0.966 between the Euclidean distance and the road net-
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Figure 3.3: Example 2. Google map image: Possible barriers which require to make detours: a river, lakes, an
attraction island theme park, parks, a highway, departmental roads, train routes, electric and thermic cen-
ters, cemetery. Euclidean (2.66 km) versus real distance (8.2 km and 13 min) from point A to B in the area of
Champs-sur-Marne, the Paris region. Source: Google My Maps

work distance, and Duran-Fernandez and Santos (2014) find correlation levels between 0.838
and 0.977 depending on the considered metrics. Duran-Fernandez and Santos (2014) con-
sider twometrics based on the great circle formula and two othermetrics based on a restricted
and unrestricted road network distance (transit). The former twometrics are the average dis-
tance in kilometers between metropolitan area in a given state and between the geographic
centroids of each state. The latter two metrics are the transit network times along the route
with andwithoutmandatory rest after 11 continuous hours of service, and the network length
associated to the route that minimizes travel time.

The level of correlation falls markedly with distance, however. For municipalities distant
by less than 10 km (according to the ED), the correlation between ED and DistVhMph and
between ED and DistVhOph are equal to 0.869 and 0.868, respectively (Table 3.3). But the
same values drop to 0.541 and 0.586 for municipalities which are 40 to 50 km distant. The
mean detour factor - firstly defined by Cole and King (1968) as the ratio between the network
distance and the straight-line distance, with computations done by students tracing roadways
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on paper maps8 - is in our analysis equal to 1.287 when there is no congestion. It is slightly
higher for themorning peak period (1.294), reflecting the fact that individualsmake additional
detours to avoid congestion. Results are quite different regarding the public transit network.
The overall level of correlation with ED falls to 0.635, with a mean detour factor of 1.624.
This stresses the fact that the public transit network is both sparser than the road network,
especially in suburban and rural areas, and more radial (hence a higher detour factor).

The comparison of ED with travel times leads to similar conclusions. For the road net-
work, the correlation between the ED and travel times equals to 0.948 for the morning peak
period (TtVhMph) and 0.973 for free-flow conditions (TtVhOph), against 0.974 for Combes
and Lafourcade (2005) and 0.947 for Rietveld et al. (1999). For the public transit network,
the correlation coefficient is lower and equal to 0.708. Last, correlation coefficients are again
significantly lower when computed by increasing distance interval, and sharply decrease with
distance.

All in all, road transport distancemeasures (travel time andnetworkdistance alike) turnout
to be strongly correlated with the Euclidean distance at first glance, but less so when disaggre-
gatingO-D pairs by distance range. While the corresponding values are not reported here, for
brevity, road network distances (with and without congestion) are strongly correlated with
each other, even for a given distance interval, and are also relatively strongly correlated with
their associated travel times. On the contrary, congested and free-flow travel times are less
correlated between each other, especially so when considering distance intervals. Road net-
work distances are therefore discarded in the subsequent analysis. Similarly, public transport
distance measures (again, network distance and travel time alike) have been tested in several
model specifications. Cases involving public transit network for the sectors of construction,
real estate, and special, scientific, technical activities mix Euclidean distance with travel time
for public transit and travel time for private vehicles under road congestion with travel time
for public transit. These cases do not assure the convergence of the model or yield poor re-
sults. In all the cases, the optimization could not be completed or could not improve the
function value. Cases related to the public transit network have been hence discarded. Two
facts might account for the poor performance of the public transit network metrics. First,
establishments might focus on road travel conditions because it is the predominant transport

8Cole andKing (1968) report typical values of 1.2 to 1.6 for rural areas in various parts of Britain, while Boscoe
et al. (2012) find a nationwide detour index of 1.417.
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Table 3.2: Pair correlations between Euclidean distance and transport distances.

Basic statistics EDa DistVhMph DistVhOph DistTcMph TtVhMph TtVhOph TtTcMph
Mean 55.44 70.72 70.27 105.97 64.91 51.25 195.17
Std. dev. 28.28 34.92 34.55 68.16 28.10 21.85 145.28
#Observations 1690 000 1690 000 1690 000 1690 000 1690 000 1690 000 1690 000
Min 0 0 0 0 0 0 0
Max 157.56 195.29 195.96 239.28 156.05 126.03 509.77

Distance ED DistVhMph DistVhOph DistTcMph TtVhMph TtVhOph TtTcMph
ED 1

DistVhMph 0.987 1
(0.00002)b

DistVhOph 0.988 0.992 1
(0.00002) (0.00001)

DistTcMph 0.907 0.895 0.905 1
(0.00015) (0.00017) (0.00015)

TtVhMph 0.948 0.959 0.953 0.829 1
(0.00008) (0.00007) (0.00008) (0.00026)

TtVhOph 0.973 0.975 0.978 0.908 0.960 1
(0.00004) (0.00004) (0.00004) (0.00015) (0.00007)

TtTcMph 0.708 0.695 0.706 0.834 0.638 0.740 1
(0.00042) (0.00043) (0.00042) (0.00026) (0.00050) (0.00038)

aEuclidean distance (ED), travel times by car for the peak (TtVhMph) and off-peak periods (TtVhOph), travel
time by public transit during themorning peak period (TtTcMph), and the corresponding distances (DistVhMph,
DistVhOph, and DistTcMph, respectively).

bStandard errors reported in the parentheses.

mode for freight or for intrametropolitan business trips. Second, the strong spatial irregular-
ities of public transport metrics, in particular in the most distant parts of the metropolitan
area, might make them unsuitable to model spatial spillovers.

3.5.2 P

In order to demonstrate the relevance and usefulness of our approach, we proceed in two
main steps. First, we examine the parameter estimates in order to verify that the mixture
model does provide sensible results in light of the literature, and that said estimates are not
overly sensitive to the model specification. Second, we confirm that the mixture model does
perform better than ”pure”, mono-distance models.
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Table 3.3: Correlations between Euclidean distance and transport distances by increasing range intervals (in
km).

Distance 0-10 10-20 20-30 30-40 40-50 50-60 60-70
DistVhMph 0.869 0.776 0.676 0.599 0.541 0.510 0.486

(0.00116)a (0.00118) (0.00134) (0.00146) (0.00158) (0.00170) (0.00190)
DistVhOph 0.868 0.785 0.696 0.633 0.586 0.555 0.517

(0.00118) (0.00113) (0.00127) (0.00137) (0.00147) (0.00159) (0.00182)
DistTcMph 0.355 0.323 0.311 0.283 0.244 0.207 0.193

(0.00416) (0.00264) (0.00223) (0.00210) (0.00211) (0.00220) (0.00240)
TtVhMph 0.701 0.488 0.382 0.320 0.290 0.278 0.279

(0.00243) (0.00225) (0.00211) (0.00204) (0.00205) (0.00212) (0.00229)
TtVhOph 0.763 0.634 0.541 0.469 0.428 0.401 0.377

(0.00199) (0.00176) (0.00175) (0.00178) (0.00183) (0.00193) (0.00213)
TtTcMph 0.354 0.215 0.179 0.146 0.117 0.101 0.088

(0.00417) (0.00281) (0.00239) (0.00223) (0.00221) (0.00227) (0.00247)

aStandard errors reported in the parentheses.

The hurdle-Poisson mixture model with two latent classes is estimated for the three se-
lected sectors: (1) special, scientific, and technical activities, (2) construction, and (3) real es-
tate. Three various combinations ofmetrics are tested. The first mixture (case #1) uses the Eu-
clidean distance (ED) and the peak (road) travel time (TtVhMph) to capture spatial spillovers.
In the second mixture (case #2), the first class is based on the off-peak travel time (TtVhOph)
and the second class is again based on the peak travel time. In the third and last mixture (case
#3), the Euclidean distance (ED) is combined with the off-peak travel time (TtVhOph). For
concision, not all cases are discussed to focus on the most illustrative ones instead. Parameter
estimates of the probabilistic mixture of hurdle-Poisson models for the construction sector
are presented in Table 3.4. For the two other sectors (special, scientific, technical activities and
real estate) the parameter estimates for case #1 (EDwith TtVhMph), are reported in Table 3.6.

We first present the results for the truncated-at-zero Poisson parts of the mixture mod-
els. There is a perpetual debate in the literature about Jacobs externalities (Jacobs, 1969) ver-
sus Marshall-Arrow-Romer externalities (Marshall, 1920; Arrow, 1962; Romer, 1986), i.e., di-
versity versus specialization matter the most for the location choices of new establishments.
MAR externalities describe a set of positive economic externalities that arise from the con-
centration of activities belonging to the same industry. Certain industries benefit from eco-
nomic specialization (co-locationwithin an industry). Specialization allows establishments to
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lower transportation time and costs from suppliers, sharing infrastructures and equipment,
to benefit from knowledge spillovers, and to facilitate communication between them (Mar-
shall, 1920; Arrow, 1962; Romer, 1986; Dubé et al., 2016). For the present case study, marked
localization patterns are observed for all considered sectors. The greater the number of es-
tablishments from a given sector, the greater the number of newly-created units of this sector
locating within the same area, whatever themetric considered (Table 3.4, Table 3.6). As stated
by Jacobs (1969), some advantages can also arise through the clustering of different sectors
and economic activities. To limit the model complexity, the issue of diversity is not consid-
ered here, however9.

The presence of large establishments tends to repel new establishments. In the case of es-
tablishments that belong to special, scientific and technical activities sector, this result cor-
responds to the findings of Kang and Dall’erba (2016), that an exceeding presence of large
establishments lessens knowledge creation. This suggests that smaller establishments might
be more efficient at innovating (Acs et al., 1994).

Price levels for shops or offices can be treated as a proxy for the average price an establish-
ment needs to pay to set up on the market. High real estate prices (of either shops or offices
depending on the sector considered) also deter new establishments from settling in the area,
which is conform to economic intuition.

Transport accessibility seems to play a role in the location choices of newly-created estab-
lishments. Establishments from the construction and special, scientific and technical activities
sectors seek proximity to the highway network as well as to public transit stations. As far as
real estate establishments are concerned, close proximity to public transport is an important
criterion whereas proximity to the highway network did not turn out to be significant. One
possible interpretation is that the real estate establishments act more locally and settle prefer-
entially in dense areas with good access to public transit, with customers more prone to come
by foot or by public transit than using the highway.

Looking at sector specific effects, high rates of residence tax appear to discourage the cre-
ation of units in the construction and real estate sectors. These also seek to locate nearby shops
and offices. Establishments from the construction sector favor proximity to public amenities,
such as schools, universities, hospitals and clinics. They also prefer municipalities where peo-
ple both live and work assuring a fine level of vehicular and pedestrian traffic passing by the

9Readers interested in this issue may refer to Buczkowska and Lapparent (2017).
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site.
The role of intraregional knowledge spillovers is rarely explicitly explored in the literature.

The level of knowledge spillovers depends, among others, on close links between business,
academic, and government sectors (Kang andDall’erba, 2016). Private and university research
laboratories tend to be the main institutions of innovation and have a positive influence on
knowledge creation. Jaffe (1989) measures the coincidence between the location of a univer-
sity and of industrial research activities and uses his measurements as a proxy for knowledge
spillovers due to academic research. In this paper, private and academic knowledge stocks are
proxied by home-work flows of intellectual workers, universities, and offices. Good access
to the intellectual workforce, the presence of academic establishments and offices increases
the probability of new creation of establishments dedicated to special, scientific and technical
activities. This corroborates the findings of Kang and Dall’erba (2016).

Last, the presence of high-income households increases the probability of new establish-
ments from the real estate sector setting in the area, thus taking into account some of the
population features, such as the purchasing power. It may be worth having in mind that a
particular site may produce more total traffic, but another location which produces more of
the desired traffic will be chosen.

Next, the parameter estimates of the hurdle parts of themixturemodels are reported. They
describe which factors influence the fact that at least one new establishment settles in a given
municipality. As such, only sufficient number of nearby public amenities, a good enough
access to the public transport, and level of flows of people seem to assure an establishment en-
gaged in construction to locate in a particular municipality. The presence of establishments
from the same sector in the vicinity increases the probability that at least one establishment
settles in amunicipality. Conversely, large establishments or high real estate prices act as deter-
rents to the implantation of new establishments. One may expect that the amount of vacant
land increases the probability that at least one establishment in the construction sector locates
in the municipality. The sign of the associated parameter should consequently be positive,
which is the case for class #2 (TtVhMph) but not for class #1 (ED).

In case of the special, scientific and technical activities sector, economic specialization, a
good accessibility to the intellectual workforce, the presence of offices and universities in the
vicinity, and an easy access to the public transport turn out to increases the probability that at
least one establishment locates in a particular municipality. The estimates of the hurdle parts
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of the location choice model for units in the real estate sector confirm that co-location, the
mixture of shops and offices in a particular municipality and its surroundings, land dedicated
to the residential use play an important and positive effect and high real estate prices have a
negative influence on implantation of new establishments.

To check the robustness of our model, we investigate whether the parameter estimates are
sensitive to: (1) the choice of the other metric for a given metric and (2) to the fact of using a
mixture model, as opposed to a ”pure, mono-distance” model. To investigate point (1), the
parameter estimates of the positive count (or truncated-at-zero Poisson) parts for the con-
struction sector are compared for two mixture models: cases #1 and #2. Both share the same
metric - the congested travel time (TtVhMph) - for the second latent class. The first class is
based on the Euclidean distance in case #I, and on the off-peak travel time in case #II. The pa-
rameter estimates tend to behave in relatively similar ways for most model variables (Fig. 3.4).
This result is critical; otherwise, sensitivity of estimates could be a good reason to consider
spatial models as ill-conditioned. In particular, the parameter estimates for the second latent
class (TtVhMph) are very little sensitive to the metric choice for the other latent class (ED or
TtVhOph), again corroborating the robustness of the results.

To examine (2), two pure mono-distance hurdle-Poisson models are run independently
from each other. The first one uses the Euclidean distance to account for spillover effects,
while the second one uses the peak travel time. By comparing the results line by line in Ta-
ble 3.4, the parameter estimates are relatively similar for the mixture model and for the pure
models. Again, this tends to confirm the robustness of our results, and that using a mixture
model does not introduce any major misspecification of any sort.

Last, the Bayesian Information Criterion (BIC) is used to compare the performance of the
mixture model with that of the pure models. All models use the same set of variables and
the same number of observations (1300). However, the number of parameters does double
when using themixture of hurdle-Poissonmodels (48 parameters) in comparison to the pure
mono-distance HP models (24 parameters), hence the choice of the BIC to compare the rela-
tive performances of the various models. Whatever the sector considered, the mixture model
performs significantly better than the pure hurdle-Poisson models based on a single metric.
For the construction sector, the BIC is equal to 5692.37 for themixturemodel, against 7870.60
and 7856.60 for the pure models based on ED and TtVhMph, respectively (Table 3.4). For
the real estate sector, the BIC are respectively equal to 3628.71 for the mixture model, and to
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Table 3.4: Probabilistic mixture of hurdle-Poisson models for the construction sector that uses two latent
classes, case #1: ED (class #1) and TtVhMph (class #2) versus two ”mono-distance” models using first ED and
then TtVhMph.

Mixture of two HPmodels 1st mono-distance HP model
Estimate (t-st) Estimate (t-st)
Class #1, Matrix used: ED Matrix used: ED

Hurdle: Zero counts Hurdle: Zero counts
Constant -4.267 (-0.48a) 13.792 (7.19 ) ***
Same sector estab.b 1.341 (1.49 ) 0.287 (2.07 ) **
Large estab., all sectors 0.341 (1.05 ) -0.031 (-0.80)
Trips home-work -1.223 (-0.92) 0.984 (4.70 ) ***
Shops and oices -0.211 (-0.94) 0.066 (1.60 )
Vacant land -2.895 (-1.74) * 0.023 (0.27 )
Universities and schools 0.609 (1.06) 0.402 (4.88 ) ***
Hospitals and clinics -0.677 (-1.38) -0.029 (-0.98)
Distance to highway -2.77 (-1.76) * -0.21 (-2.31) **
Public transport 0.111 (0.48 ) 0.092 (3.01 ) ***
Residence tax 6.973 (2.06 ) ** 1.135 (4.53 ) ***
Price of shops (log) -7.331 (-1.72) * -4.266 (-6.98) ***

Poisson: Positive counts Poisson: Positive counts
Constant 23.194 ( 40.7 ) *** 22.375 ( 68.41 ) ***
Same sector estab. 1.296 ( 24.28 ) *** 1.553 ( 45.47 ) ***
Large estab., all sectors -0.114 ( -4.00 ) *** -0.256 ( -13.99 ) ***
Trips home-work 2.022 ( 30.07 ) *** 1.689 ( 46.49 ) ***
Shops and oices 0.115 ( 4.59 ) *** 0.355 ( 21.49 ) ***
Vacant land 0.077 ( 3.00 ) *** -0.04 ( -2.61 ) ***
Universities and schools 0.559 ( 12.96 ) *** 0.45 ( 18.28 ) ***
Hospitals and clinics 0.055 ( 3.13 ) *** 0.024 ( 2.44 ) **
Distance to highway -0.136 ( -4.96 ) *** -0.159 ( -10.06 ) ***
Public transport 0.098 ( 6.16 ) *** 0.222 ( 19.55 ) ***
Residence tax -0.381 ( -4.07 ) *** -0.185 ( -3.46 ) ***
Price of shops (log) -4.342 ( -26.63 ) *** -4.633 ( -53.34 ) ***

Convergence criterion Satisied
#Parameters 2 x 12
#Observations 1300

... continuation Log-likelihood -3849.25
of mixture AIC 7746.5
of HP models AICC 7747.4
below BIC 7870.6

2nd mono-distance HP model
Estimate (t-st)

Class #2. Matrix: TtVhMph Matrix: TtVhMph

Hurdle: Zero counts Hurdle: Zero counts
Constant 29.572 ( 4.28 ) *** 15.779 ( 3.30 ) ***
Same sector estab. 0.344 ( 2.18 ) ** 0.174 ( 2.63 ) ***
Large estab., all sectors -0.096 ( -2.03 ) * 0.009 ( 0.35 )
Trips home-work 1.53 ( 4.71 ) *** 0.778 ( 4.82 ) ***
Shops and oices 0.166 ( 3.59 ) *** 0.08 ( 3.10 ) ***
Vacant land 0.424 ( 4.05 ) *** 0.046 ( 0.74 )
Universities and schools 0.275 ( 3.14 ) *** 0.062 ( 1.54 )
Hospitals and clinics 0.103 ( 2.46 ) ** 0.008 ( 0.37 )
Distance to highway 0.046 ( 0.37 ) -0.167 ( -2.13 ) **
Public transport 0.135 ( 3.43 ) *** 0.072 ( 3.35 ) ***
Residence tax 0.135 ( 0.40 ) 1.124 ( 5.52 ) ***
Price of shops (log) -8.892 ( -2.89 ) *** -6.222 ( -2.84 ) ***

Poisson: Positive counts Poisson: Positive counts
Constant 19.842 ( 8.21 ) *** 16.471 ( 33.97 ) ***
Same sector estab. 1.14 ( 16.34 ) *** 1.147 ( 48.29 ) ***
Large estab., all sectors -0.092 ( -4.58 ) *** -0.087 ( -8.84 ) ***
Trips home-work 1.385 ( 24.88 ) *** 1.47 ( 53.28 ) ***
Shops and oices 0.245 ( 12.21 ) *** 0.166 ( 18.41 ) ***
Vacant land 0.002 ( 0.12 ) -0.001 ( -0.15 )
Universities and schools 0.476 ( 12.83 ) *** 0.432 ( 27.69 ) ***
Hospitals and clinics 0.056 ( 5.39 ) *** 0.039 ( 7.08 ) ***
Distance to highway -0.083 ( -4.94 ) *** -0.089 ( -9.73 ) ***
Public transport 0.08 ( 7.22 ) *** 0.101 ( 20.67 ) ***
Residence tax -0.213 ( -2.68 ) ** -0.229 ( -6.11 ) ***
Price of shops (log) -4.107 ( -3.96 ) *** -2.494 ( -11.79 ) ***

Pi = 0.322 ( 13.70 ) *** Convergence crit. Satisied
Convergence crit. Satisied #Parameters 2 x 12
#Parameters 2 x 12 x 2 #Observations 1300
#Observations 1300 Log-likelihood -3842.30
Log-likelihood -2790.61 AIC 7732.6
BIC 5692.4 AICC 7733.5

BIC 7856.6

a***, **, * represent statical significance at the 1%, 5%, and 10% level, respectively.
bSee Table 4.5 for the variables description.
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4497.30 and 5079.90 for the pure models. Last, for the special, scientific, and technical activi-
ties sector, the BIC of the mixture model is 5270.61, which is markedly lower than the BIC for
the pure models, being equal to 8839.90 and 9090.10, respectively. To conclude, for all three
considered sectors the mixture of hurdle-Poisson models performs significantly better than
pure hurdle-Poissonmodels that use a single distance matrix to incorporate spatial spillovers.
The significance and sign of the parameter estimates are generally conform to the literature,
corroborating that the methodology is sound and that the results are robust. The consider-
ation of alternative metrics to the Euclidean distance even improves the results of the hurdle
part in the case of the construction sector and of the special, scientific and technical activities
sector. On the other hand, for two variables, the availability of vacant land and the proximity
to residential areas, the signs turned out to be not always positive (if still significant) - as one
might expect them to be based on the literature review - depending on themetric used. These
variableswere found to have little effect on the objective function, however, and consequently
on the location choices of the establishments. Still, this point should be further investigated
in the future. Last, two sensitivity tests - relative to the choice of the other metric, and to the
mixture per se - have further corroborated the robustness of the results.

3.5.3 W ( ) ?: C

The relevance and soundness of the methodology being established, we may now tackle
our main research question, that is which distance measure(s) is/are the most appropriate to
capture spatial spillovers in the location choice of new establishments. Again, the focus is on
the same three sectors and the same three mixtures as in subsection 3.5.2.

⋆ Case #1. Probabilistic mixture of hurdle-Poisson models with two latent classes: Eu-
clidean distance (class #1, ED) and peak period road travel time (class #2, TtVhMph).

⋆ Case #2. Probabilistic mixture of hurdle-Poisson models with two latent classes: Off-
peak period road travel time (class #1, TtVhOph) and peak period road travel time (class
#2, TtVhMph).

⋆ Case #3. Probabilistic mixture of hurdle-Poisson models with two latent classes: Eu-
clidean distance (class #1, ED) and off-peak period road travel time (class #2, TtVhOph).
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For the construction sector, the estimated class assignment probabilityπ is equal to 0.322 in
case #1 (ED with TtVhMph) and 0.319 in case #2 (TtVhOph with TtVhMph). In case #3 (ED
with TtVhOph), optimization could not be completed. For this sector, the peak travel time
is the most likely to adequately capture spatial spillovers. A similar conclusion can be reached
for establishments dedicated to special, scientific and technical activities, withπ equal to 0.283
and 0.222 in case #1 and #2, respectively. In case #3, π is equal to 0.278which indicates that the
off-peak travel time prevails over the Euclidean distance. For the real estate sector, the value
of π is equal to 0.522 when the spatial weight matrices are based on ED and TtVhMph, 0.639
with TtVhOph and TtVhMph, and 0.525 with ED and TtVhOph.

Looking now at log-likelihoods, these are always minimized in case #2. The combination
of the two road travel time measures (peak and off-peak) outperforms the two other combi-
nations for all three sectors. Stated differently, the Euclidean distance would be less suited
to capture spatial spillovers than transport distances (namely travel times) in our case study.
As a corollary, our results tend to show that considering both the peak and off-peak travel
conditions proves worthwhile to better understand establishments’ location choices. Because
the differences in log-likelihood remain relatively minor, these findings should be considered
with caution, however, and ought to be confirmed with other case studies.

For the first two sectors, the predominance of peak travel time (as opposed to the off-peak
travel time or the Euclidean distance) most likely underlines the importance of road travel
conditions either for work operations, or to ensure a smooth commute to workers. On the
other hand, the slight predominance of the Euclidean distance and of the off-peak travel time
in real estate tends to emphasize that spatial spillovers are channeled not only through the
roadmode but also through othermodes, such as walk, public transit, or some other commu-
nication modes.

3.5.4 P

As indicated in the econometric model (Section 3.4), it is useful to compute the posterior
probabilities for each of the 1300municipalities of the Paris region. For the sake of concision,
case #1 (ED and TtVhMph) for all the three sectors, special, scientific and technical activi-
ties, construction, and real estate is reported. The results are presented in Fig. 3.5. Overall,
it is clear that the peak road travel time prevails in more municipalities for the construction
and special, scientific and technical activities sectors, while the situation is more mixed for the
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Table 3.5: Estimated posterior probability of belonging to class #1 (Pi): Comparison across cases and sectors.

Case #1a
Mixture of two HP models
Class #1, Matrix used: ED
Class #2, Matrix used: TtVhMph

Sectorb Convergence crit. πc Indication #Param. #Obs. Log-lik.
Constr Satisfied 0.322***d TtVhMph 2x12x2+1=49 1300 -2790.61
SpecSci Satisfied 0.283*** TtVhMph 2x9x2+1=37 1300 -2593.62
RealEst Satisfied 0.524*** ED 2x9x2+1=37 1300 -1772.71

Case #2
Mixture of two HP models
Class #1, Matrix used: TtVhOph
Class #2, Matrix used: TtVhMph

Sector Convergence crit. π Indication #Param. #Obs. Log-lik.
Constr Satisfied 0.319*** TtVhMph 2x12x2+1=49 1300 -2770.42
SpecSci Satisfied 0.222*** TtVhMph 2x9x2+1=37 1300 -2560.34
RealEst Satisfied 0.639*** TtVhOph 2x9x2+1=37 1300 -1754.76

Case #3
Mixture of two HP models
Class #1, Matrix used: ED
Class #2, Matrix used: TtVhOph

Sector Convergence crit. π Indication #Param. #Obs. Log-lik.
Constr Optimization cannot be completed - - 2x12x2+1=49 1300 -
SpecSci Satisfied 0.278*** TtVhOph 2x9x2+1=37 1300 -2582.04
RealEst Satisfied 0.525*** ED 2x9x2+1=37 1300 -1755.75

aThree other cases have been tested: ED with TtTcMph,TtVhMph mixed with TtTcMph, and ED with
DistTcMph. Yet, cases involving public transit network do not assure the convergence of the model or yield poor
results. In all the cases, the optimization could not be completed or could not improve the function value.

bConstr stands for the construction sector; SpecSci: special, scientific, technical activities; RealEst: real estate
activities.

cThe level of estimated probability Pi inferior to 0.5 indicates that the distance metric used in the second class
has a larger probability to be the appropriate representation to account for spatial spillovers as compared to the
distance metric of the first class.

d*** represents statical significance at the 1% level.

80



real estate sector. This being said, no clear spatial patterns appear at this stage. Proximity to
highway tends to be associatedwith the predominance of peak travel time. There are counter-
examples, especially in the vicinity of Paris. Densitymight also play some role: themost dense
areas are usually associated with the Euclidean distance, while the least dense ones are more
often associated with the peak travel time. One possible interpretation would be that if den-
sity is high enough, themarket size allows establishments to operate at a local scale, whereas in
low-density areas establishmentsmust increase theirmarket area and thus relymore heavily on
car use. AminimumEuclidean distance approachmay bemostwarrantedwhen the establish-
ments service area tends to be localized. Spatial spillovers would be more circumscribed since
the degree to which establishments in one location serve the needs of users in other locations
is fairly limited (Talen and Anselin, 1998). These points call for further investigation.

3.6 C

This article has exposed the need to further investigate the role of distancemeasures in spa-
tial models. We contribute to the literature on location choice modeling by proposing one of
the first formulations and applications of spatial count data models wherein various metrics
other than Euclidean distance are considered jointly - rather than separately - to account for
the linkage between neighboring observations. Themethodology was applied to the location
choice of new establishments in the Paris region. We show that the combination of peak and
off-peak road travel times were found to (slightly) outperform other combinations includ-
ing the Euclidean distance. This suggests that in areas where high congestion or uncrossable
physical barriers problems clearly arise, distances purely based on topography may not be the
most appropriate to capture interactions between neighboring observations. More generally,
this supports the use of economically meaningful metrics over more neutral ones in spatial
econometric models. The model specification proposed in the article, based on a mixture of
spatial countmodels, can easily be applied to other fields as well as to other forms of spatial de-
pendence that are not necessarily proximity- or transportation time-dependent, whenever the
phenomenon studied involves spatial interactions that are heterogeneous by nature. To cite
just a few, instances involving different forms of spatial dependence to which the method-
ology could be applied include interregional flows based on economic distance (Fingleton,
2008; LeSage and Pace, 2008), trade (Eliste and Fredriksson, 2004; Chen and Haynes, 2014),
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or innovation (Kang and Dall’erba, 2016).
To provide correct results, the various metrics used in the model must be both sufficiently

differentiated (i.e., not overly correlated) and regular enough. Public transport distances (travel
time and network distance alike) were found to yield poor results, which is most likely related
to the fact that they are quite irregular in suburban and rural areas. More generally, these
conditions on the metrics raise two questions. The first one is the role of scale in the results.
At the metropolitan level, variations between the Euclidean distance and transport distances
seem to be pronounced enough for the model to produce good results. Yet, this might not be
the case at a larger geographic scale. For instance, the studies of Le Gallo and Dall’erba (2008)
or Duran-Fernandez and Santos (2014), carried out at the level of European regions and of
Mexican states, respectively, find the difference between transport distances and geographical
distances to be modest. On the other hand, looking at the anamorphic maps for the travel
times by train for France and the UK, or by train or plane for the whole Europe10, the map
profiles are strongly deformed even in the case of long distances between cities or countries,
suggesting the opposite (Denain andLanglois, 1998). This issue calls for further investigation.
The second question is the role of network structure. The Paris network is strongly radial,
which leads to significant variations in the ratio between travel time and Euclidean distance
depending on the O-D configuration. Again, this might not be the case for other network
structures. For the Euclidean and transport distances not to be excessively correlated, there
must be sufficient spatial heterogeneities in the ratio of travel time (or network distance) to
Euclidean distance. The network structure is not the only relevant factor in this matter; one
must also consider speed limits, and congestion for the peak-period. This being said, all other
things being equal, the correlation between the Euclidean and transport distances is likely to
be greater for regular and dense transport networks (e.g., mesh, and to a lesser extent hub and
spoke, see Le Gallo and Dall’erba, 2007) than for sparser and unbalanced networks (e.g., lin-
ear, radial, circular). Accordingly, themethodology - if applied to the Euclidean and transport
distances - is likely to produce better results in cities of the latter category.

The Euclidean model remains useful in a number of contexts, such as cartography or nav-
igation to mention just a few (Miller and Wentz, 2003). Yet, its explanatory power may be
unable to fully capture many physical or human geographic phenomena and the impact of
geographic variations on their patterns. With the advent of powerful computers and of ”big

10See, e.g., http://www.mgm.fr/PUB/Mappemonde/M198/LangloisDenain.pdf.
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data”, these issues await to be explored further.
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Table 3.6: Probabilistic mixture of hurdle-Poisson models for spec., scien., tech. and real estate activities using
two latent classes for case #1: ED (class #1) with TtVhMph (class #2). Hurdle and truncated-at-zero Poisson
parts reported.

SpecSci Estimate (t-st) RealEst Estimate (t-st)
Class #1, Matrix: ED Class #1, Matrix: ED

Hurdle: Zero counts Hurdle: Zero counts
Constant 18.417 (3.20 ) ***a Constant 30.167 (4.89 ) ***
Same sector estab.b 0.139 ( 0.53 ) Same sector estab. 1.142 ( 2.51 ) **
Large estab. 0.064 ( 0.44 ) Large estab. 0.270 (0.95 )
Trips HW, intel. -0.320 (-1.27 )
Oices -0.051 ( -0.76 )

Shops. oices 0.652 (2.33 ) **
Resid. area 2.065 ( 2.80 ) ***

Univ., schools 1.126 (3.00 ) ***

Dist. highway -0.281 ( -0.81 )
Public transp. -0.017 ( -0.14 ) Public transp. -0.236 ( -1.28)

Residence tax 1.271 ( 1.57 )
Income (log) -0.609 (-0.64 )

Price of oices (log) -4.538 ( -2.52 ) **
Price of shops (log) -9.107 ( -4.56) ***

Poisson: Positive counts Poisson: Positive counts
Constant 14.043 ( 23.17 ) *** Constant 16.327 ( 20.49 ) ***
Same sector estab. 0.490 ( 8.17 ) *** Same sector estab. 1.729 ( 11.77 ) ***
Large estab. -0.185 ( -5.92 ) *** Large estab. -0.453 ( -7.41 ) ***
Trips HW, intel. 0.932 ( 22.98 ) ***
Oices 0.039 ( 3.10 ) ***

Shops. oices 0.598 ( 13.07 ) ***
Resid. area -0.173 ( -2.40 ) **

Univ., schools 0.323 ( 7.28 ) ***
Dist. highway -0.318 ( -11.14 ) ***
Public transp. 0.222 ( 10.31 ) *** Public transp. 0.425 ( 17.24 ) ***

Residence tax -0.573 ( -3.53 ) ***
Income (log) 0.688 ( 5.12 ) ***

Price of oices (log) -2.429 ( -15.74 ) ***
Price of shops (log) -3.085 ( -11.82 ) ***

Class #2. Matrix: TtVhMph Class #2. Matrix: TtVhMph

Hurdle: Zero counts Hurdle: Zero counts
Constant 20.338 ( 2.60 ) ** Constant 4.150 (0.40 )
Same sector estab. 0.259 ( 1.98) * Same sector estab. 0.148 ( 2.90 ) ***
Large estab. -0.072 (-1.40 ) Large estab. -0.057 (-0.86 )
Trips HW, intel. 0.734 (5.15 ) ***
Oices 0.103 ( 3.09 ) ***

Shops. oices 0.055 (1.10 )
Resid. area 0.762 (3.30 ) ***

Univ., schools 0.517 (4.37 ) ***
Dist. highway 0.010 (0.07 )
Public transp. 0.162 (3.87 ) *** Public transp. 0.070 ( 1.28)

Residence tax 0.401 ( 1.05 )
Income (log) 0.730 (1.18 )

Price of oices (log) -5.036 ( -1.39 )
Price of shops (log) -0.915 ( -0.19)

Poisson: Positive counts Poisson: Positive counts
Constant 12.419 ( 9.19 ) *** Constant 10.481 ( 8.05 ) ***
Same sector estab. 0.118 ( 1.74 ) * Same sector estab. 0.710 ( 3.02 ) ***
Large estab. 0.0004 ( 0.02 ) Large estab. -0.094 ( -2.09 ) **
Trips HW, intel. 0.638 ( 18.77 ) ***
Oices 0.080 ( 9.42 ) ***

Shops. oices 0.418 ( 6.65 ) ***
Resid. area 0.239 ( 2.67 ) **

Univ., schools 0.388 ( 14.71 ) ***
Dist. highway -0.00004 ( 0.00 )
Public transp. 0.078 ( 6.92 ) *** Public transp. 0.366 ( 5.55 ) ***

Residence tax -0.850 ( -3.47 ) ***
Income (log) 1.099 ( 5.61 ) ***

Price of oices (log) -2.423 ( -4.16 ) ***
Price of shops (log) -1.513 ( -12.58 ) ***

Pi =0.283 ( 9.12 ) *** Pi =0.522 ( 11.12 ) ***
Convergence crit. Satisied Convergence crit. Satisied
#Parameters 2 x 9 x2 #Parameters 2 x 9 x2
Log-likelihood -2593.621 Log-likelihood -1772.672

a***, **, * represent statical significance at the 1%, 5%, and 10% level, respectively.
bSee Table 4.5 for the description of variables.
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Figure 3.4: Selected example of the estimates of the truncated-at-zero Poisson parts of the mixture models for
the construction sector. Comparison of two cases for models that use two classes.
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Figure 3.5: Posterior probabilities of belonging to class #1 (ED) as opposed to class #2 (TtVhMph) at the mu-
nicipality level (each municipality can be treaten as an alternative in the decision-making process of an estab-
lishment): construction sector (upper figure), special, scientific and technical activities (central figure), and real
estate sector (lower figure)
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The complexity of the expressions for the probabilitis in-
creass in the number of locations and firm typs.

- K. Seim, ”An emprirical model of firm entry with
endogenous product-type choices” (2006)

4
Location choices under strategic
interactions: Interdependence of

establishment types

A The need for methodological advances in order to model more realistically the
complexity of establishment optimal location choices is the keymotivation of our present pa-
per. We shed light on strategic interactions, fundamental in establishment location choices,
yet largely unheeded in the empirical literature. Being non-strategic means that an establish-
ment ignores other players’ decisions. Less is known about how to correctly adapt location
choicemodels to study establishments’ discrete choiceswhen they are interrelated. When loca-
tional choicemodels are developed for several activity sectors, eachmodel is typically run inde-
pendently. We estimate a static discrete game of incomplete information to obtain a Bayesian
Nash Equilibrium. Ourmodeling approach includes several nice features. We account for the
spatial spillover effects from the neighboring zones using accessibility measures. We deal with
the price endogeneity issue. Location choice models are developed simultaneously for seven
various establishment types allowing us to explore strategic interactions between these types.
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Establishments are prone to account for the actual and potential presence of other players.
We find strong negative effects among inter-industry pre-existing establishments. Still, new
establishments are likely to enter themarket where other new establishments of the same type
are expected to locate. The influence of variables that capture market conditions, within- and
inter-industry economies at each location is found to be critical in establishment location de-
cisions, yet quite different depending on the establishment type being considered.

Keywords: location choice, strategic interactions, Bayesian Nash, discrete game, interde-
pendence of sectors, spatial spillovers

JEL Classification: D22, C57, C31, R15, C36

4.1 I

Many key strategic decisions establishments make, such as where to set up in the market,
involve discrete choices (Draganska et al., 2008). These decisions are fairly complex, yet par-
ticularly important since, unlike other marketing mix elements, they are less adjustable in the
short-run without incurring significant costs (Zhu and Singh, 2009). In the literature on es-
tablishment location choices, when locational choicemodels are developed for several activity
sectors, eachmodel is typically run independently (see, e.g., Chatman et al., 2016; Buczkowska
and Lapparent, 2014). An establishment chooses its optimal location that maximizes its pay-
offs given its own type. If establishments were making location decisions in isolation, exist-
ing discrete choice models can be of service to model their decisions. In concentrated mar-
kets, however, establishment decisions are interdependent, which considerably complicates
the formulation and estimation of market structure models (Berry and Reiss, 2007). These
thorny problems posed by interrelated decisions generally cannot be assumed away, without
altering the realism of the model of establishment decision making (Berry and Reiss, 2007).
The conventional approaches to location selection, i.e., traditional theory and methods, fail
(Thill, 1997) by providing only a set of systematic steps for problem-solving without con-
sidering strategic interactions between the establishments in the market. Being non-strategic
would mean that an establishment ignores other players’ decisions (Toivanen and Waterson,
2005).

However, less is knownabout how to correctly adapt location choicemodels to study estab-
lishment discrete choiceswhen they are interrelated (Draganska et al., 2008). Strategicmotives
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are widespread phenomena and they are fundamental in establishments’ location choices, in
particular. Yet, the small amount of attention the topic has received is surprising. Bajari et al.
(2010a), Anselin (2010), and Blume (1993) believe that it is as an important oversight. Strate-
gic interactions have been largely unsung in the empirical analyses since the year 1929 when
Hotelling (1929) brought the discussion in the industrial organization literature. Most of the
papers are less than a decade old (Bajari et al., 2013). This literature is in its infancy, in part,
due to the complexity of expressions for the probabilities used in the models which increases
along with the number of locations and establishment types (Draganska et al., 2008). The
study of interrelated discrete decisions poses several methodological challenges, such as large
state spaces. Often, there is a very large number of location configurations and hence signifi-
cant computational challenges can be involved in modeling these decisions (Draganska et al.,
2008).

Whatmakes these discrete choices particularly interesting and challenging to analyze is that
decisions of a particular establishment are interrelated with choices of the others because an
establishment accounts for the actions of other agents when making its own decisions (Dra-
ganska et al., 2008)1. A discrete game strictly generalizes a standard random utility model, but
does not impose the often strong assumption that agents act in isolation. A static game is a
generalization of a discrete choice model which allows the actions of a group of agents to be
interdependent (Bajari et al., 2010a). Moreover, unlike in a standard discrete choice model,
the actions of other players in the game enter the utility of a particular establishment. Thus,
the utility depends on the possible actions of other agents (Bajari et al., 2010a).

In our application, we therefore develop a framework which allows payoffs to be interde-
pendent. We insist on the fact that an appropriately specified model of simultaneous loca-
tion choices needs to recognize the interdependence of actions and profits (Berry and Reiss,
2007). We focus on incorporating strategic interactions between several establishment types
at once. We distinguish seven establishment types based on their activity sector2. These are:
commercial establishments in the retail sector and units in wholesale, hotels and restaurants,
establishments involved in transport and storage, manufacturing establishments, financial es-
tablishments, and units dedicated to professional, scientific and technical activities. Decisions

1The goal of the survey by Draganska et al. (2008) is to illustrate how a game-theoric framework can aid in
construction and estimation of interrelated choice models.

2Similarly, establishment types can be based on their sector and size.
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of establishments of various types are determined simultaneously, thus not as it has been pos-
tulated in a standard location model. Establishments are prone to account for the actual and
potential presence of other players. Thus, we choose to include both, pre-existing establish-
ments and units expected to set up in the market, since they seem to play a critical role in
location choices. In addition, an establishment’s profit seems to depend on the actual type
rather than just on the total number of other establishments in the market.

We estimate a static discrete game of incomplete information to obtain a Bayesian Nash
Equilibrium. We develop a baseline model at a group level. Our modeling approach includes
several nice features: (1) We incorporate strategic interactions between several establishment
types and represent them in a form of a matrix to show how dependent each establishment
type is on every other type at the level of regional economy of the Paris region. (2)We account
for the spatial spillover effects from the neighboring zones using accessibilitymeasures. (3)We
deal with the price endogeneity issue.

Our objective is to answer questions, such as: (1) What are the push and pull factors that
play a critical role in location processes and how does the significance of these factors vary
depending on the establishment type? (2) Which types of establishments attract the others
and which push them out from locating nearby? (3) How strong are these effects? (4) How
important are competitive effects across establishments? (5) How do competitive effects vary
depending on the establishment type?

We report results for location choice models run simultaneously for seven establishment
types. We notice that establishment locational choices differ by type. Overall, all establish-
ments exert a strong negative impact on their pre-existing competitors of the same type. Yet,
new establishments prefer to enter the market where other newly-formed establishments of
the same type are expected to locate. We observe impact of asymmetries in strategic effects
for establishments of different types. The influence of variables that capture market condi-
tions at each location, such as demand and cost factors, availability of dedicated space, access
to public transit networks or road networks, access to amenities, physical qualities of facilities,
within-industry and inter-industry economies is found to be critical in establishment location
decisions, yet quite different depending on the establishment type being analyzed.

The rest of the paper is organized as follows. We explain why it is critical to incorporate
strategic interrelations in location choice models and how these interactions are formed. We
give a brief description of possible push and pull factors that can be considered in location
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choice models and present our data. Then we explain the concept of matrix of strategic inter-
actions. We shed light on possiblemodeling approaches and develop our parametric statistical
model. We discuss the results. Conclusions are drawn in the final section.

4.2 W - -

An establishment does not seem to act in isolation during its decision-making processes
(Nguyen et al., 2012). Jayet (2001) proves the existence of interactions among units located
in space. Interactions of agents may occur in various forms and with various levels of mag-
nitude. A long discussion on within-industry economies (own-industry competition effects
versusMarshallian agglomeration economies, i.e., own-sector collocation), and inter-industry
economies (Jacobsian agglomeration economies, i.e., economic diversity) can be found in the
existing literature. A number of empirical methods to quantify and characterize the tendency
of individual establishments or industries to cluster or disperse in space have been proposed.
These measures can be divided into three groups: (1) empirical measures, such as Herfindahl
or Gini indices which do not take space into account (see, e.g., Krugman, 1991); (2) indicators,
such as Ellison andGlaeser index (Ellison andGlaeser, 1997) which uses space as being discrete
(administrative units); and (3) measures that treat space as being continuous (e.g., Duranton
and Overman, 2005; Casanova et al., 2017).

Yet, instead of analyzing spatial distribution of economic activities, e.g., concentration or
dispersion tendencies of pre-existing establishments that belong to two industries, horizon-
tally or vertically linked, we rather opt to explain how the actual and potential presence of
other establishments from both, the same and other sectors, influence the location decisions
of newunits. The interrelated nature of locational decisions suggestsmodeling them as strate-
gic games to recognize the interdependence of payoffs and actions.

The impact on payoffs due to the behavior of other establishments is a vector that con-
tains the number of establishments in each location in the market (Seim, 2006). In addition,
since establishments have different costs, sell different products, they seem to care about the
actual identities of other players rather than simply the total number of establishments. It
is therefore important to explore how these potential heterogeneities might affect estimation
(Berry and Reiss, 2007). In the paper by Seim (2006), profits depend only on the number
of entrants at every location and not on the entrants’ identities. Seim (2006) maintains sym-
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metry for computational reasons suggesting that more heterogenous payoff functions can be
proposed instead. To cope with this problem, Zhu and Singh (2009) propose a modeling
approach that explicitly allows for asymmetries related to identity of establishments. Clearly,
allowing for such establishment asymmetries is notwithout cost since it leads to a significantly
larger number of parameters to be estimated (Zhu and Singh, 2009).

We estimate a static discrete game of incomplete information to obtain a Bayesian Nash
Equilibrium at the group level using data at the aggregate level. We permit asymmetries across
establishment types in the impact of interaction effects and exogenous market characteristics.

4.3 W ?

There are several relevant reasons why incorporating strategic interactions may turn out to
be necessary. If strategic effects matter and are ignored, other factors included in the payoffs
will be estimated with a bias (Draganska et al., 2008). The magnitude of such a bias will
depend on the degree to which strategic effects matter. In some cases, this bias can be severe
and even go as far as changing the sign of the effects of interest. Without strategic effects,
counterfactuals and policy experiments become difficult to evaluate. Reduced form models
can give us only some insights into the effects of market and establishments’ characteristics
on decisions, yet nothing beyond that. In addition, incorporation of strategic effects often
allows for the inclusion of other players’ characteristics (such as sector or size) via excluded
variables and fixed effects into the payoff function. Without strategic effects, there would be
no particular reason why the characteristics of other establishments would enter the payoff
function of a particular agent. The main purpose of such exclusions is to aid identification.
These strategic interactions also improve the fit to the data and the predictions.

There is a need for more realistic studies of complex establishment’s decision-making pro-
cesses. Even though the computational burden imposed by thesemodels considering strategic
interactions is relatively high, it seems that the costs imposed are more than offset by the ben-
efits that accumulate (Draganska et al., 2008).

4.4 P

Whendecidingwhere to locate in themarket, establishments account for a variety of factors
including demand, proximity to and size of their consumer or user base, cost conditions, and

98



logistical issues (Zhu and Singh, 2009). Yet, the influence of variables might be quite different
depending on the establishment type considered. As highlighted by Min (1987), the retail,
service sector, and professional location analyses are likely to be highly sensitive to the demand
and revenue-generating factors. Whereas cost factors should play a critical role rather in the
locational strategies of, e.g., warehouses or goods-producing establishments.

In case of revenue-demand oriented establishments, location is amajor determinant of rev-
enue. High customer- or user-contact issues or higher traffic counts seem to be critical. Costs
are relatively constant for a given area, therefore the revenue function is important. Revenue-
demandoriented establishments tend to carefully consider thepurchasingpowerof customer-
drawing area and tomake sure that their proposed services and image are compatible with de-
mographics of potential clients. Physical qualities of facilities, such as parking places, access,
security and lighting may also be tested whether they play a role3.

Considering that, in case of cost focused establishments, such as manufacturing establish-
ments, low customer contact allows to concentrate on the identifiable costs and most major
costs can be identified explicitly for each site. These establishments tend to pay a particular at-
tention to transport cost of rawmaterials, shipment cost of finished goods, energy and utility
cost, accessibility to labor and materials, or the level of taxes4.

While favorable market conditions encourage establishments’ choices, such markets are
also likely to attract competitors. In the long-run, the interaction of described different push
and pull factors determines the observed location patterns by establishments (Zhu and Sing,
2009). Opposing forces drive profits. The trade-off between the proximity to competitors
and the desirability of certain location characteristics should be pondered (Zhu and Singh,
2009; Seim, 2006). Yet, establishments’ behavior also depend on the choices of others because
increased competition at a given location adversely affects profits (Seim, 2006). Therefore, es-
tablishments should consider competitive pressure (Draganska et al., 2008) and the actual and
potential presence of competitors (Zhu and Singh, 2009; Seim, 2006).

Site-specific operating costs are often neglected in the location choices of establishments
(Nwogugu, 2006). Costs consist of a rent and a fixed set-up cost (ChuandLu, 1998). Location-
specific costs of running an establishment mainly take a form of property costs and lease pay-
ments (Seim, 2006). Set-up costs do not depend on the location site and are exogenously

3See http://fr.slideshare.net/Joanmaines/location-strategy.
4See http://fr.slideshare.net/Joanmaines/location-strategy.
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given. A fixed set-up cost is paid by every player entering themarket (Granot et al., 2010; Peng
andTabuchi, 2007). Cost determinants are typically proxied by rent and operational policies,
such as wage rates or the number of hours worked, and the management caliber. According
to Chang and Hsieh (2014), a proportion of rent expenses against sales should be carefully
calculated. As the authors claim, ”value for money” locations are usually hard to find due to
the fact that most of this kind of sites are already being rented or that rent expenses of good
locations, such as in the downtown or newly developed areas, are extremely high eliminating
the profit. Aquirregabiria and Suzuki (2016) highlight the fact that attractive locations are
typically expensive and can be associated with stronger competition. To illustrate this logic,
let us use the example of Seim (2006). The placement out of the edge of the city may have
a small set of adjacent locations and consequently a lower demand, yet be characterized by
smaller number of competitors. Placements in the central parts of the city with many close-
by competitors are exposed to a stronger competition. Yet, from a demand perspective, they
will be more attractive if it grants an easy accessibility and convenience to consumers or users
living in the neighboring locations (Seim, 2006). Establishments should thus consider the
trade-off between being accessible to many potential consumers or users, higher land prices,
and ferocious competition when deciding where to open a new store.

4.5 D

In the present paper, we implement strategic interactions in establishment location choices.
Seim (2006) believes that the insufficient empirical literature in the strategic interactions field
is due to the complexity of the expressions for the probabilities used in the models which
increases alongwith the number of potential locations and establishments (in our application,
thesewould be the number of locations and establishment types). Empirical implemention of
strategic interactions in the models is computationally complicated and difficult to estimate.
As explained by Bajari et al. (2010a, b), the set of possible alternatives that the decision-maker
has at its disposal plays a critical role in the location decisions. In addition, when making a
choice, individuals try to restrict the number of alternatives by eliminating the unsatisfactory
alternatives (Tversky, 1972). The reduction of the size and complexity of entropy of the choice
set can be done by following some hierarchical process of simplification: by elimination or
grouping (Genesh and Svestka, 1979; Pooler, 1994), or by comparing a weighted average of
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Table 4.1: Selected types of newly-created establishments

Establishment type #Newly-created establishments
Type 1: Manufacturing 3 296
Type 2: Retail 10 899
Type 3: Wholesale 8 572
Type 4: Transport, storage 3 072
Type 5: Financial activities 4 446
Type 6: Hotels, restaurants 3 524
Type 7: Professional, scientific and technical activities 15 282
Other newly-created establishments 38 883
Total 87 974

payoffs across locations (Seim, 2006). Similarly, by a suitable augmentation of extension of
the notion of state, it is possible to create several types of agents by classifying players into
distinct groups (Aoki, 1995). In the following subsections 4.5.1 and 4.5.2, we explain how we
group the establishments and the alternative choices these establishments are choosing from.

4.5.1 P

Different data sources were compiled for the present study, drawn primarily from the Cen-
sus survey of establishments carried by the French National Institute of Statistics and Eco-
nomic Studies (INSEE) between the years 2003 and 2011. The survey includes information on
both, newly-created establishments and stocks of pre-existing establishments.

We distinguish seven groups of newly-created establishments that set up in the market in
2007, based on information containing their activity sector (see Table 4.1). These are: (1) re-
tail and (2) wholesale establishments, (3) hotels and restaurants, (4) establishments involved
in transport and storage, (5) manufacturing, (6) financial establishments, and (7) entities ded-
icated to professional, scientific and technical activities. We assume that within a group, these
establishments have similar multivariate profiles and can therefore be grouped together5.

We analyze the behavior of newly-created establishments created in the year 2007, these are
87 974 units in total and 49 091 establishments that belong to the selected categories. A newly-
created establishment chooses one zone from the set of 109 alternatives. The Paris region has

5It can be suggested to introduce some level of heterogeneity. E.g., using data at the individual establishment
level, establishments could be distinguished based on their activity sector, size, age, number of establishments
per firm, location of its headquarter, distance to the distribution center.
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been divided into 109 zones following the way it was done by STIF-OMNIL-DRIEA for the
purpose of the Global Survey of Transport EGT 2010 of the Paris region (see Fig. 4.1).

Figure 4.1: 109 EGT zones of the Paris region

We also observe 763 131 pre-existing establishments in the market in the beginning of 2007.
Pre-existing establishments are pooled across eleven sectors: industry; construction; com-
merce; transport; financial and insurance activities; real estate activities; hotels and restaurants;
information and communication; special, scientific and technical activities; education; health
and social actions, and the additional category ”Others” and several size classes: establishments
with zero employees6; establishments with 0-9 employees (so calledmicro establishments); es-
tablishments with 10 or more employees; and entities with at least 50 employees.

The percentage of pre-existing commercial establishments among all the establishments is
as high as 22%. The second biggest sector is the special, scientific and technical activities sector,
with 16.2% of pre-existing establishments. The third most numerous sector is construction,
with 9.2% of entities already set up in the market for some time. We also observe the smallest
sectors, namely education and transport with 1.6% and 3.9% of all pre-existing units, respec-
tively. Around 60% of all pre-existing establishments are entities with zero employees. Estab-
lishments with 0-9 employees account for 93% of all establishments. Next, 7% of pre-existing

6An establishment with zero employees is an operating entity with no employees other than the owner.
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Table 4.2: Structure of pre-existing establishments by activity sector in the beginning of 2007

Category Stock: #Pre-existing establishments (%)
Main sectors:
Manufacturing 40 258 5.275
Construction 69 908 9.161
Commerce (wholesale, retail) 16 8235 22.045
Transport, storage 30 020 3.934
Accommodation, food 47 035 6.163
Information, communication 46 003 6.028
Financial, insurance activities 38 847 5.090
Real estate activities 43 031 5.639
Professional, scientific, tech. 123 565 16.192
Administrative, support service 39 385 5.161
Arts, entertainment, recreation 12 701 1.664
Other service activities 26 898 3.525
Other sectors:
Agriculture; Mining 4 486 0.588
Public admin., defence 72 859 9.547
Total 763 131 100

Table 4.3: Structure of pre-existing establishments by size category in the beginning of 2007

Category Stock: #Pre-existing establishments (%)
Est with 0-9 employees 706 102 92.527
Establishments with 10-49 employees 46 142 6.046
Establishments with 50 or more employees 10 887 1.427
Total 763 131 100

units are registered as establishments with 10 or more employees and only 1.4% with at least
50 employees.

4.5.2 Z ’

An establishment chooses one zone from the set of 109 alternatives - 109 EGT zones of
the Paris region. These zones are described by variables that represent measures of demand,
cost, availability of vacant land and of floor space, accessibility to shops, services, universities
and schools, transport infrastructure, as well as real estate prices, wages, income, tax levels,
and competitive factors. The complementary data sources cover several categories described
below.

Various proxies can be suggested to capture the level of demand in a particular market and
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Table 4.4: Pre-existing establishments’ location across the Paris region in the beginning of 2007

Category Stock: #Pre-existing establishments (%)
Paris department 75 289 416 37.924

Inner ring department 92 85 133 11.156
department 93 62 538 8.195
department 94 53 157 6.966

Outer ring department 77 48 186 6.314
department 78 58 396 7.652
department 91 45 215 5.925
department 95 42 078 5.514

Total 763 131 100

in its surroundings. In the current paper we test: (1) The measure of accessibility to popula-
tion with some specific characteristics. Population living within a particular market area can
be described by income, family status, age, education level (Seim, 2006; Chatman et al., 2016)
as well as a socio-professional class. (2) The number of trips including its origin and destina-
tion and their purpose, such as shopping, restaurant, leisure, or social activities. Depending
on the establishment types being analyzed, these variables can be treated as accessibility to the
potential customers or users7.

Data on characteristics of local population were gathered through the General Census of
INSEE. Information on income imputation was prepared by the Public Finances General
Directorate (DGFiP) and available through INSEE. Information on the total number of trips
came from the Global Survey of Transport EGT 2010 of the Paris region (STIF-OMNIL-
DRIEA).

Next, cost canbeproxiedusing: (1) detailed informationon the average value and rent levels
per square meter for new, renovated, and non-renovated offices, for the most exclusive shops,
the second class shops, and the least exclusive shops, as well as for the individual industrial
units and warehouses, (2) the level of wages of white-collar workers, managers, technicians,
and blue-collars, (3) professional and housing taxes. The Callon database enables us to gather

7In our current paper, we propose limited number of proxies to capture the demand level since our analyses
treat seven different establishment types and we do not want to go too much in details. Yet, we extend this
interesting topic in the fourth paper of this thesis. For the detailed discussion on the proxies of demand for the
establishments highly sensitive to the demand and revenue-generating factors, such as retails and services, see the
paper by Buczkowska and Coulombel (2017).
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detailed information on the real estate prices. Wages were provided through the Annual Dec-
laration of Social Data of INSEE. The tax levels were gathered by DGFiP.

We alsomeasure: (1) net floor area andnumber of units for housing andprofessional offices,
(2) availability of vacant land that can meet new projects, (3) accessibility to skilled workforce
(white-collar workers and managers), blue-collar workers, employment in the industrial sec-
tor, commerce, services, construction sector, health, eduction, public administration, etc., (4)
number of trips with the purpose of a professional meeting or a meeting in academia. Data
on housing and offices construction are drawn from the Sitadel2 database managed by the
Ministry of Ecology, Sustainable Development and Energy (MEDDE). Information on avail-
ability of vacant land can be found in the MOS database of IAU. The characteristics of local
workforce were gathered through the General Census and supplied by INSEE.

Three sources of the numerical land use databases are considered. These are MOS (IAU)
and Corine Land Cover (MEDDE), and the BPE equipment database provided by INSEE
through the Demographic and Social Statistics Directorate. These databases allow us to ac-
count for the proximity to shops, services, industrial and commercial zones, zones dedicated
tomaterial extraction, construction sites, universities and schools, hospitals and clinics, zones
dedicated to sport and leisure activities, and various other amenities, for example, parks, green
spaces, and parking places, road network, rail terminals, and airports.

Information on transport infrastructures, e.g., access to the train, subway, tramway sta-
tions, buss stops, airports, and distance to highways, was obtained through the Regional and
Interdepartmental Directorate of Public Works and Development (DRIEA) of the French
National Institute of Geographic and Forest Information (IGN).

When running themodels, we test all of thementioned variables. Different sets of variables
are used depending on the establishment type being analyzed. In Table 4.5, we present the list
of variables selected in the final stage of models construction.
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Table 4.5: Final list of variables used in the models (EGT zones characteristics dictionary)

Variable Description
Geographical position:
Paris/La Défense/New Cities/Outer suburbs 1 if a zone is located in Paris/La Défense/New Cities/the outer suburbs excl. New Cities
Stocks of pre-existing establishments:
Entities that belong to the same estab. type (INSEE) Stock of pre-existing establishments of the same type (within-industry) to the zone surface (km2)a
Estab. from other sectors (INSEE) Stock of pre-existing establishments that belong to the commerce, hotels, restaurants, financial, insurance

activities, professional, scientific, technical activities, real estate activities, transport and storage, and
manufacturing sectors (inter-industry) divided by the zone surface (km2)

Access to workforce:
Labor force density (/1000) (INSEE) Total active population divided by the zone surface (km2) (accessibility measure)
White-collar workers ratio (INSEE) Number of white-collar workers divided by the size of labor force (accessibility)
Access to population (demand):
Population density (/1000) (INSEE) Total population divided by the zone surface (km2) (accessibility)
Trips (EGT/STIF-OMNIL-DRIEA) Total number of trips with the purpose of doing shopping, restaurant visit, professional or academic

meeting (accessibility)
Land availability:
Dedicated land (MOS/IAU) Fraction of a zone’s surface dedicated to commerce/universities or schools (%) (accessibility)
Dedicated land (Corine Land Cover/MEDDE) Fraction of a zone’s surface (/100) dedicated to industrial and economic activities, extraction of materials (%)

(accessibility)
Surface Log value of total zone surface (km2)
Transport infrastructures:
Distance to highway (DRIEA/IGN) Distance to the nearest highway (km) (accessibility)
Public transport (DRIEA/IGN) Number of subway, train stations, and bus stops in a zone (log)
Roads, rail terminals (Corine Land Cover/MEDDE) Fraction of a zone’s surface (/100) dedicated to the road and rail networks in 2006 (%) (accessibility)
Airport (Corine Land Cover/MEDDE) Fraction of a zone’s surface (/100) dedicated to airports in 2006 (%) (accessibility)
Rents and wages:
Rent (or value) of offices or shops (Callon database) Log value of the average rent (price) level of offices or shops per square meter (euros)
Wage of blue-collar workers (INSEE) Average wage of blue-collar workers (euros)
Instruments used to predict rentsb:
Pop/Emp (INSEE) Population/Employment level in 1999 (log)
Rev (DGFiP/INSEE) Average net revenue per household in 1990 (log)
In,Co/Le,Sp (Corine Land Cover/MEDDE) Fraction of a zone’s surface (/100) dedicated to industry, commerce/leisure, sport facilities in 1990 (%)

aStock of establishments is given for the 1st of January 2007. The range of the explanatory var. is 2005-2010.
bProposed instruments present the situation in the years 1990 and 1999.
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4.6 M

4.6.1 M

The interrelated nature of locational decisions advocatesmodeling them as strategic games.
The specific structure of the gamewill clearly dependon theparticular application. Draganska
et al. (2008) categorize themodeling choices that affect the econometric specification, identifi-
cation, and estimation along plural dimensions: (1) In the informational context, information
can be complete or private. (2) In the temporal context, games can be static or dynamic. (3)
Considering the timing of moves, games can involve simultaneous or sequential moves. (4)
In addition, the choice may be discrete, continuous, or mixed.

I : C

Before estimation proceeds, the researcher must specify how variable profit depends on
what is observable to the establishments and to the researcher (Berry and Reiss, 2007). In
general, the less the economist knows about potential entrants, establishments’ expectations,
agents’ profits, etc., the less the researcher is able to infer from the data on market structures
and the more he has to rely on untestable modeling assumptions (Berry and Reiss, 2007).
The discussion can examine how empirical predictions about market structure depend on
observable and unobservable economic variables.

In case of receiving imperfect information about other players’ profitabilities or when the
errors constitute private information for each player, each agent must form beliefs about the
choices of other players. Establishments base their decisions on what they expect other play-
ers will do, where they will locate, and vice versa (Draganska et al., 2008). Due to imperfect
information about other players’ profitability, an establishment can only form expectations
of the others’ optimal location choices. Overall, an establishment’s payoff from choosing a
particular location depends on its expectation of the optimal location choices of its competi-
tors and exogenous market characteristics (Zhu and Singh, 2009). Modeling establishments’
discrete decisions requires describing establishments’ beliefs. The indicators of other players
choices are then replaced by their expectations - the probabilities of such choices (Draganska
et al., 2008).

Based on the expected distribution of other agents across market locations, each establish-
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ment selects the location that maximizes its payoff given its own type (Seim, 2006). Seim
(2006) solves the large choice set problem (dimensionality problem) by allowing establish-
ments to possess private information about their own profitability. Seim (2006) sets up the
model by using an imperfect information (incomplete information game) framework where
players privately observe their own location-specific potential profits, but observe only the
distribution of the other players’ profitability.

There is often information that is a commonknowledge to all the players but unobserved to
the researcher. If players have common information about the discrete choices, e.g., a location,
then ignoring such common unobservables may create a simultaneity bias in estimating the
effect of strategic interactions among these players on their payoffs from the revealed choice
data. For example, establishments may all choose to enter a given market because they know
of a favorable (but unobserved to the researcher) demand condition.

T : S

Most researchers will agree that strategic interactions between establishments occur over
time. Yet, while dynamic games are more realistic, static games are usually econometrically
less complicated to estimate. It is an open question, how well static games approximate the
outcomes of dynamic games (Draganska et al., 2008). The static model is assumed to approx-
imate the repeated establishment interaction that characterizes the evolution of an industry,
in part because dynamicmodels of industry evolution are computationally complex and diffi-
cult to estimate for markets with many product types and many establishments (Seim, 2006)
or as in our case, many establishment types.

To date, there have been relatively few attempts at estimating dynamic models (Berry and
Reiss, 2007; Bajari et al., 2010a). One reason for this is the ”curse of dimensionality” thatmakes
computation take a long time. To compare static and dynamic approaches, we suggest to
follow several excellent surveys: (1) the review on emerging literature on econometric analysis
of static and dynamic models of strategic interactions by Bajari et al. (2013), (2) the survey on
dynamic discrete choice structural models by Aguirregabiria and Mira (2010), (3) the survey
on dynamic models on strategic interactions by Doraszelski and Pakes (2007), or (4) on static
models by Berry and Reiss (2007).

Dynamic approach would require to model the behavior of players as forward-looking es-
tablishments that maximize some form of discounted profits. In general, establishments ei-
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ther know the choices that other players will make or they have to form conjectures about the
other players’ actions.

T : G q

Each player needs to form conjectures about the reaction of the others. If players move
sequentially and the sequence of moves is observed, then that information can be used to
inform the parameters. Otherwise, the researcher needs to integrate over all possible sequence
combinations causing the problem to be more pronounced (Draganska et al., 2008).

P

A number of methods can be applied to model strategic interactions. In the literature,
structural models are often estimated using the nested fixed-point algorithm. While it is a
useful approach, it often requires considerable central processing unit time and numerical so-
phistication on the part of the econometrician (Bajari et al., 2013). In the review of Draganska
et al. (2008), we read that the computational cost of the nested fixed-point algorithm has
prompted the development of alternativemethods, such as the two-step approach of Bajari et
al. (2007) and the nested pseudo likelihood by Aguirregabiria and Mira (2007). Alternatives
to the likelihood-based approaches are generalized method of moments estimators. These
estimators rely on the specification of moment conditions based on a structural game.

The approach proposed by Bajari et al. (2007) or Bajari et al. (2013), the two-step approach,
has the disadvantage of being inefficient as compared to the nested fixed-point. However, it
has a practical advantage of being much simpler and more accurate numerically. In addition,
the two-step approach solves the multiplicity problem by letting the data tell us which equi-
librium is played if the model generates multiple outcomes.

In our current application, we set up the model using an imperfect-information (incom-
plete information game) framework in a static profit maximizing context (see Seim, 2006)
where players privately observe their own location-specific potential profits, but observe only
the distribution of the other players’ profitability. We develop a baseline model at the group
level estimating a Bayesian Nash Equilibrium. We will describe this approach in details in the
model subsection 4.6.3.
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4.6.2 U q

Our modeling approach is a combination of ideas proposed by Ellickson and Misra (2011,
2012), Aguirregabiria and Mira (2007), Zhu and Singh (2009), Jia (2008), and Leontief and
includes several nice features: (1) We incorporate strategic interactions between several estab-
lishment types and present them in a form of amatrix. (2)We account for the spatial spillover
effects from the neighboring zones. (3) We correct for the price endogeneity.

M

In the present paper, we draw from the concept of a matrix w la Leontief8. A great deal
of empirical work has been done to identify coefficients at the level of regional and national
economies. Leontief’s input-output model is a quantitative economic technique that depicts
inter-industry relationships within an economy, showing how output from one sector may
become an input to another sector. In the inter-industry matrix, column entries typically
represent inputs to an industrial sector, while row entries represent outputs from a given sec-
tor. This format therefore shows howdependent each sector is on every other sector, both as a
customer of outputs fromother sectors and as a supplier of inputs. Each columnof the input-
output matrix shows the monetary value of inputs to each sector and each row represents the
value of each sector’s outputs.

In our current application, we draw from the concept of Leontief in a way, that we repre-
sent interdependencies between various establishment types in a form of amatrix. Yet, due to
the lack of information on sales values, purchases, inventories, or production levels, we do not
represent them in a form of monetary relations. Our focus is to rather understand the linear
relationship between two different establishment types, thus how these two types behave as
a pair, whether the relation is positive, negative, or whether there is no linear relationship be-
tween a particular pair of establishment types. We provide the direction of influence between
the establishment types, the level of magnitude of these strategic interrelations, and establish
possible asymmetries in establishments’ decisions. These effects are analyzed at the regional
level for the Paris region economy.

8Wassily Leontief earned the Nobel Prize in Economics for his development of the input-output model.
An understanding of the economy as consisting of linked sectors goes back to the French economist François
Quesnay and was fully developed by Walras in 1874 (Walras, 1874).
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S

The structure of a matrix of observed explanatory variables summarized in Table 4.5 is de-
scribed next. Spatial spillovers are modeled using a definition of accessibility measure. Poten-
tial accessibility measures (called gravity-basedmeasures) have been widely used in urban and
geographical studies since late 1940s (see, e.g., Stewert, 1947; Hansen, 1959; Ingram, 1971; Vick-
erman, 1974). The potential accessibility measure estimates the accessibility of opportunities
in zone i to all other zones in which more distant opportunities provide diminishing influ-
ences. The negative exponential distance has been the most often used (Geurs and van Wee,
2004), yet, various other impedance functions, such as power, Gaussian, or logistic functions
can be also proposed. Publications advocating the use of the logsum have also appeared (see,
e.g., Cochrane, 1975; Williams, 1977).

We represent spatial spillovers in the following form:

xl,s = ln
(

∑L

j=
e−µdl,jzj,s

)

(4.1)

assuming a negative exponential distance function to indicate that some amount of inter-
action intensity falls with each unit of distance. This matrix contains variables zj,s directly
concerning either location l or establishment type s and the number of pre-existing estab-
lishments. In the current application, we fix µ to one. The value of µ <1 would denote more
global spillovers and the value of µ >1 more local spillovers9. In addition, as it models the
range of spatial spillover effects, the value of µ may differ along with establishment types.
The values that the parameter µmay take is left aside for further investigation. dl,j is the Eu-
clidean distance between the centroids of the EGT zones l and j. Other distance measures,
such as travel time, could be proposed (see Buczkowska et al., 2016)10.

9See the example of distance decay coefficient of minus 0.1 used in the application by Chatman et al. (2016).
10Buczkowska et al. (2016) investigate this issue in the case of establishment locational choices. The authors

suggest that high congestion, speed limits, or physical uncrossable barriers can diminish or totally eliminate
the linkage between neighboring areas challenging the choice of the Euclidean distance in representing spatial
spillovers. They develop a probabilisticmixture of hurdle-Poissonmodels for several activity sectors. Sevenmet-
rics are considered: Euclidean distance, the travel times by car (for the peak and off-peak periods) and by public
transit, and the corresponding network distances.
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We extend the baseline model by accounting for the endogeneity of business real estate
prices. Topredict urbanprices, studies, such as the ones ofChakir andParent (2009) orChakir
and Le Gallo (2013) propose to use, e.g., the population density, per capita income, or the
distance to the closest major urban centers.

We use Feasible Generalized Least Square method considering the following variables as
instruments for the urban prices of offices and shops: (1) average net revenue per household
from the year 1990 (DGFiP/INSEE), (2) population and employment levels from 1999 (IN-
SEE), (3) land use proxies using the Corine Land Cover database of MEDDE from the year
1990 which include the fraction of a zone dedicated to the industrial and commercial activi-
ties, road and railway network, airports, materials extraction sites, construction sites, urban
green areas, and leisure and sport facilities.

In case of revenue oriented establishments, such as retail, service, or entities dedicated to
professional activities, we predict the urban prices and rents. Being more precise, for the pro-
fessional, scientific, technical activities, financial activities, and hotels and restaurants, office
rents are predicted and further used in the location choice models. In case of the commerce
and transport and storage industries, we predict the shop rents. In case of goods-producing
establishments, such as entities involved in the manufacturing industry, the focus is put on
cost. Thus, a labor cost is supposed to be generally more significant than the level of rent. For
this reason, we decide to predict the wage of blue-collar workers to be included in the location
models of manufacturing establishments.

To correctly construct a model for each sector, we test various possible combinations of
instruments among the ones just described. Variables indicating the level of population and
employment in a particular EGT zone in 1999, average income per person from 1990, land
dedicated to the industrial and commercial use, and land purposed for the leisure and sport
activities in the year 1990 turn out to be the most appropriately working instruments in our
application.

An indirect expected profit function now writes as:

E (πis,l) = Vs,l (xs,l,θ)− γs,lpl
+
∑S

j= ñj
∑L

m= αs,j,l,mE
(

yij,m
)

+ ηl + εis,l.
(4.2)
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A long-run pure and perfect competition in price between locations is represented as:

pl = mcl + νl, (4.3)

E (ηlνl) = ση,ν . (4.4)

4.6.3 M

We assume that there are S establishment types. In our application, an establishment type
is equivalent to a particular sector or a part of it. The stock of establishments in sector s
is known and defined as ns. We also assume a static and simultaneous move setting at the
disaggregate level. We refer to Ackerberg et al. (2005) and Aguirregabiria and Mira (2010) for
a detailed review of how type of strategic games are affecting choices and resulting equilibria.
An establishmenti from sectors locating atl is endowedwith the following profit function:

πs,is,l = Vs,l +
∑

k

∑

ik ̸=is
αs,kE (yik,l = ) + ξs,l + εs,is,l. (4.5)

This paper discusses a strategic game with incomplete information, i.e., a Bayesian Nash
game, assumingwithin-grouphomogeneity andheterogeneity between groups (Ellickson and
Misra, 2011). The specification of the profit function considers that all establishments from
one sector have, up to εs,is,l, the same profit function. As stated by Aguirregabiria andMira
(2007), they are defined as ”global players”, i.e., they are assumed to be homogeneously de-
fined within an industrial sector (or a part of it) s. We recognize that it is a stringent assump-
tion as it constrains to define homogenous groups, which is not here really the case. We are
limited, however, by the available data and our application might be considered as a first step
towards a more realistic representation of location choices while accounting for strategic lo-
cation choice behaviors. Establishments are assumed to have different behaviors along with
sectors s. We also might extend our framework to account for intra-group heterogeneity by
better modeling the taste heterogeneity. Yet, again, we do not have available sub-group a pri-
ori known probabilistic descriptions of such behaviors.
Vs,l is the systematic part of the profit function. Vs,l is modeled as a linear in parameters

function of covariates x that only depend on s and l, e.g., rents of offices, shops, market
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potential (client attraction), land uses:

Vs,l = x′s,lθ. (4.6)

∑

k
∑

ik ̸=is αs,kE (yik,l = ) ismodelinghowanestablishment anticipates how its profit
is likely to be affected by location choices of other establishments. Since each establishment
has no perfect information about what the decisions of others will be, it is a function of their
expected choices. Note that in case of perfect information, there is no need to anticipate loca-
tion choices and cumulated sums just recognize the actual number of installed establishments
by sector. As it will be explained in the application, we consider focusing on behaviors of
newcomers conditional to already existing establishments.

ξs,l is an unobserved (by the modeler) component that captures sector and location ef-
fects. It is not establishment specific. It canbe correlated to real estate location-specific rents or
prices. Itmight be the case that prices/rents (or any relatedmeasures) are not the only endoge-
nous variables of the main estimation problem. We here assume that real estate prices/rents
are the only endogenous variables. We first estimate a set of auxiliary price regressions from
which we compute estimated prices that we further use as exogenous variables in the location
choice model.

In addition, it is assumed that these unobservables are correlated across sectors but not
across locations. It is a specific assumption since there is no spatial correlation arising from
sector-location specific unobservables. We recognize that it is an important topic which is left
aside for future research. Unobservables are assumed to be normally distributed as follows:

∀s,l, ξs,l
iid
−→ N

(

, σs
)

(4.7)

and

∀s,m,l,k,Cov (ξs,l, ξm,k) =

{

σs,m if l = k
otherwise.

(4.8)

Finally, εs,is,l is an establishment specific error term independent fromV and ξ. Assuming
that εs,is,l are iid Gumbel distributed and that establishments choose locations to maximize
profits at the same time, the (unconditional to ξ unobservables) probability that an establish-
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ment of sector s locates at l is defined as:

Prs,l (θ,α,σ|n, x, Pr) =
∫

D(ξs)

exp(x′s,lθ+(ns− )αs,s Prs,l +
∑

k̸=s nkαs,k Prk,l +ξs,l)
∑L

m= exp(x′s,mθ+(ns− )αs,s Prs,m +
∑

k̸=s nkαs,k Prk,m +ξs,m)
f (ξs|σ) dξs,

(4.9)

where Prs,l ≡ Prs,l (θ,α,σ|n, x, Pr). Such expressions also define ”market shares” of lo-
cations. Note that these are best response probability functions which map expected profits
(conditional on beliefs characterized by Pr) into (ex ante) choice probabilities (Ellickson and
Misra, 2011). ANash equilibrium (Nash, 1951) is a strategy profile in which each player’s strat-
egy is a best reply to the others’ strategies (see Bicchieri, 1995).

We observe vectors of locations of establishments ds, , · · · ,ds,L,
∏

l ds,l = ns, ∀s =

, · · · ,S. The likelihood function is defined as:

ℓ (d|θ,α,σ, n, x, Pr) =
∏

s
∏

l Prs,l (θ,α,σ|n, x, Pr)ds,l . (4.10)

We maximize the log-likelihood function subject to the fixed point problem:

maxθ,α,σ ln ℓ (d|θ,α,σ, n, x, Pr)
s.t. Prs,l (θ,α,σ|n, x, Pr) =
∫

D(ξs)

exp(x′s,lθ+(ns− )αs,s Prs,l +
∑

k̸=s nkαs,k Prk,l +ξs,l)
∑L

m= exp(x′s,mθ+(ns− )αs,s Prs,m +
∑

k̸=s nkαs,k Prk,m +ξs,m)
f (ξs|σ) dξs.

(4.11)

As stated by Ellickson and Misra (2011):

”[...] ths system [...] of nonlinear equations s guaranteed to have a solution by
Brouwers fixed point theorem. Moreover, ths fixed point representation provids
a direct method of solving for equilibria: the method of successive approximations
(i.e. fixed point iteration). Ths, one possible estimation stratey (originally pro-
posed by Rust (1994)) s another full solution approach that first solvs ths system
of equations (for a given set of parameters) and then matchs the predicted condi-
tional choice probabilitis to the choics observed in the data. Ths s essentially a
static gams version of Rust’s nested fixed point (NFXP) algorithm (Rust, 1987)”.

We implement anested fixedpointmaximum likelihood estimator. The estimation routine
requires solving the fixed point problem. It is carried out by successive approximation. We
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keep in line with most of the existing literature in that we are not searching for all possible
fixed points. We presume that only one equilibrium is played in the data. Aswe use estimated
prices as explanatory variables, we have to adjust standard errors. We do so by bootstrap.

4.7 R

This section reports estimation results for seven location choicemodels run simultaneously
for seven establishment types. Establishments are divided based on their activity sector into
the following groups: (1) retail establishments of all size classes, (2) wholesale establishments,
(3) hotels and restaurants, (4)manufacturing establishments, (5) entities involved in transport
and storage, (6) financial establishments, and (7) establishments dedicated to professional,
scientific and technical activities.

4.7.1 R : E

Strategic interactionmodels can become a powerful tool for location analysis. The right lo-
cation choice can make a big difference for the newly-created business. To test which factors
are the most critical in the location choices of establishments, we include a variety of variables
that capture demand, cost, local agglomeration measures, such as access to the workforce, de-
mographic characteristics, physical quality, availability of vacant land, availability of dedicated
floor space, accessibility to transport infrastructures (access to public transit networks, road
networks, or proximity to airports), access to other amenities, such as universities, services and
commerce, within-industry economies (own-industry competition effects versusMarshallian
agglomeration economies, i.e., own-sector collocation), and inter-industry economies (Jacob-
sian agglomeration economies, i.e., economic diversity).

Depending on the analyzed establishment type, location can be a major determinant of
revenue or cost. In the case of services or commerce, location is amain determinant of revenue
and costs will be relatively constant for a given area. To boost the revenue, a focus should be
laid on thehigh customer- or highuser-contact issues, high traffic flows, the level of purchasing
power, and finally the compatibility of products or services with demographics of a drawing
area. In our empirical application, a proximity to customers or users is reflected by the level
of high population density which is likely to boost the revenue of commercial establishments,
hotels and restaurants. In addition, high traffic flows have been proxied by the number of
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trips with the purpose of both everyday and occasional shopping. Areas where their potential
customers do their shopping turn out to be critical for the entities in the retail industry. The
areas with a high number of population traveling with the purpose of visiting a restaurant
seems to positively influence the successful prospering of restaurants and the hotel industry.

Next, the physical quality, such as facilities or access also play a role. Convenient transport
infrastructures seem to play a considerable role in the location decision of establishments in
general. In our application, we proxy the access to the transport infrastructure. For the units
in retail, hotels and restaurants, the professional, scientific, technical activities sector, and the
financial industry, a good access from and to the subway stations and bus stops are of a very
high value. Access to public transport plays also a positive role in case of the manufacturing
andwholesale sectors. In themain, a good road network (car accessibility), accessibility to rail
stations, and airports seem to have a strong positive influence on the location choices of estab-
lishments in the transport and storage sector. For themore detailed discussion on the relation
between access to transport infrastructure (transit accessibility, road transport infrastructure,
etc.) and the new establishments’ formation and location in the US, Spain, and Portugal, see
works of Chatman et al. (2016), Holl (2004a, b), Melo et al. (2010), andMejia-Dorantes et al.
(2012).

Other physical qualities, such as facilities and neighboring businesses, security, or image are
generally relevant in the location choices of establishments. For example, availability of space
dedicated to the commercial use is important in the retail sector. Manufacturing, wholesale,
and transport, storage opt for the proximity to the areas dedicated to extraction of materials.
Units involved in manufacturing appear to avoid zones highly dedicated to economic or in-
dustrial activities. Yet, we acknowledge that two separate variables could be proposed instead
which would better proxy the economic and industrial activities.

Paris tends to give incentives to establishments frommost of the analyzed sectors. Paris ap-
pears to have a negative influence on the establishments involved in manufacturing and have
no particular effect on retail and hotels and restaurants. La Défense attracts establishments
from all the sectors, beside wholesale. In addition, retail establishments seem not to have a
preference over a particular zone of the Paris region. New Cities are prone to faze a nega-
tive effect on the entities involved in professional, scientific and technical activities, and hotels
and restaurants, whereas New Cities have a positive effect on other sectors. Establishments
in the manufacturing, transport, storage, and retail sectors seem not to mind locating in the
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outer suburbs of the Paris region. This is not the case for financial units, establishments in
professional, scientific and technical activities, wholesale, and hotels, restaurants.

The cost determinants themselves are rents, management quality, and operation policies,
such as wage levels. We observe that overall, all new establishments tend to evade paying high
real estate prices. For all the sectors being analyzed, this effect is significant and negative.

In the further analysis of establishments whose strategy is based on innovation or special-
ized knowledge, the key attributes that could be tested are mixture of critical mass of infor-
mation, ready supply of skilled, educated workforce with large pool of engineers and man-
agers, high-quality and specialized inputs, an environment that encourages investment and
local rivalry, a sophisticated local market, and a local presence of related and supporting in-
dustries. In our application, financial establishments and units dedicated to the professional,
scientific, technical activities seem to strongly prefer sites that provide an easy access to white-
collar workers andmanagers. Also the zones and their surroundings where professionalmeet-
ings take place relatively often tend to strongly attract the financial establishments. Similarly,
higher number of professionals and persons involved in the academic activities positively in-
fluence the decisions of units in the professional, scientific, technical activities sector.

Labor availability, i.e., labor force sources, proxied by a high density of total active popula-
tion can also raise the profit of manufacturing establishments, which is in line with the results
obtained by, e.g., Chatman et al. (2016). Labor availability seems to increase the efficient func-
tioning and to have a positive effect on the prosperity of establishments in the transport and
storage sector.

As Zhu and Singh (2009) highlight, significant asymmetries across players in their response
to market conditions and interactions are recognized. We control thus for within-industry
establishments. We observe that an establishment does not seem to act in isolation. We ac-
knowledge that all establishment types exert a strong negative impact on the pre-existing es-
tablishments of exactly the same type. In our analysis, in case of the transport and storage,
and hotels and restaurants sectors this effect is insignificant. We thus validate the findings of
Chatman et al. (2016), who demonstrate that the presence of competitive establishments in a
particular industry (establishments in the same industry category) seems to negatively predict
the number of new establishments’ formation in that industry. According to Chatman et al.
(2016), the fact that the number of establishments in the same sector category tends to nega-
tively predict the number of establishment births in that sector suggests that the own-industry
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competition effect overrides any localizedMarshallian agglomeration economies. We can rat-
ify the result of Seim (2006) and Zhu and Singh (2009) that the competitive effects have a
negative influence on the agent’s situation.

We also observe the impact of asymmetries in competitive effects across locations when
competing establishments that belong to different types collocate. The result of Zhu and
Singh (2009) that establishments care about the actual identities of their competitors rather
than simply the total number of competitors can be confirmed. We notice the effects of neg-
ative inter-industry competition of the professional, scientific, technical activities sector on
the financial sector. Similarly the pre-existing establishments in the commercial sector tend
to push out entities dedicated to transport, storage and manufacturing to locate their new
units nearby. Whereas, the positive inter-industry economies are identified in case of pre-
existing manufacturing entities attracting new commercial units (both retail and wholesale)
and newly-created establishments in the transport and storage industry. Units dedicated to
real estate tend to attract the financial establishments to locate nearby. Zones occupied by
higher number of pre-existing hotels and restaurants are often chosen also by new entities in
commerce and manufacturing.

To control for the size of a zone, we include a variable indicating its surface which turns out
to be significant and positive for all the analyzed types. In addition, it seems that establish-
ments account for the spatial spillover effects from the surrounding zones when looking for
the place to locate in the market.

One clarification should be made at this point. In some industries, such as the call center
industry, neither face-to-face contact normovement ofmaterials are required. Thus, this type
of establishmentsmay have very broad location options. Traditional variables would be prob-
ably no longer relevant and cost and availability of labor may be driving in this case location
decisions. We do not include this kind of establishment types in our analysis. Nor the units,
such as schools, universities, hospitals, or public administration are considered. We prefer in-
stead to focus on a large variety of establishments whose decisions will be relatively strongly
steered by the market forces.

4.7.2 R : M

We incorporate strategic interactions between several establishment types andpresent them
in a form of a matrix to show how dependent each establishment type is on every other type.
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Table 4.6:Models estimates: Seven location choice models run simultaneously

Retail HoRes Finan ProSci Whole TranSt Manuf
Est t-st Est t-st Est t-st Est t-st Est t-st Est t-st Est t-st

Paris 0.0012 0.36 -0.0003 -0.04 0.3662 90.19 0.1673 36.06 0.1369 293.58 0.3098 50.50 -0.0680 -13.39
La Défense 0.0904 11.68 0.1160 86.65 0.3814 432.02 0.0284 8.14 -0.0135 -3.77 0.0908 34.37 0.2694 288.35
New Cities 0.0592 11.02 -0.0658 -28.05 0.0433 18.57 -0.1664 -40.99 0.0747 34.56 0.2056 82.67 0.1246 160.80
Outer suburbs (excl. New Cities) 0.0370 5.55 -0.0393 -30.88 -0.0456 -13.52 -0.0353 -9.24 -0.0120 -3.33 0.0396 8.49 0.1572 48.41
Zone’s surface (log) 0.1659 22.37 0.4644 895.97 0.1592 18.29 0.1554 81.79 0.3782 81.02 0.2797 58.36 0.4943 140.15
Stock: The same estab. type -0.0004 -8.66 -0.0001 -1.28 -0.0032 -24.13 -0.0005 -41.31 -0.0006 -11.25 <.0001 0.13 -0.0005 -2.87
Stock: Commerce (G) -0.0001 -1.23 -0.0003 -4.02 -0.0003 -4.17
Stock: Hotels, restaurants (I) 0.0002 1.71 0.0008 8.15 <-.0001 -0.08 0.0006 9.62
Stock: Finance, insurance (K) -0.0001 -0.84
Stock: Pro., scien., tech. (M) -0.0007 -3.66
Stock: Real estate (L) 0.0018 4.75
Stock: Manufacturing (C) 0.0005 6.54 0.0008 8.05 0.0007 4.69
Active density (labor force)/1000 0.2929 41.46 0.4722 262.70
White-collar/manager (%tot emp) 0.5029 90.90 0.5967 284.72
Trips: Prof. meeting 0.1549 33.71
Trips: Prof. meeting/university 0.0825 17.17
Total pop. density/1000 0.1241 17.10 0.3855 246.60 0.3191 298.98
Trips: Shopping purpose 0.2557 187.95
Trips: Restaurant visit 0.0712 14.26
Land: Shops (%zone) 0.0426 16.82 -0.0004 -0.18
Land: Industrial. economic act. -0.0002 -0.03 -0.0184 -2.78
Land: Extraction of materials 0.0099 5.85 0.0177 4.37 0.0098 23.50
Road. rail terminal (%zone) 0.0109 5.28
Airport (%zone) 0.0073 9.94
Access to public transport (log) 0.0371 16.73 0.0859 15.95 0.1410 21.16 0.1655 28.32 0.0136 3.63 0.0370 10.37
Predicted rent (offices or shops) -0.0387 -18.10 -0.1113 -63.76 -0.2468 -117.43 -0.2753 -454.27 -0.1560 -64.55 -0.0733 -19.15 -0.0322 -6.07
Instruments to predict rentsa Pop Rev Emp Rev Emp Rev Emp Rev Pop Rev Emp Rev Emp Rev

In,Co Le,Sp In,Co Le,Sp In,Co Le,Sp In,Co In,Co Le,Sp In,Co

aProposed instruments: Pop/Emp: Population/Employment level in 1999 (log); Rev: Average net revenue per
household in 1990 (log); In,Co/Le,Sp: Fraction of a zone’s surface/100 dedicated to industry, commerce/leisure,
sport facilities in 1990 (%).



Three results merit being highlighted: (1) Location choices of newly-formed establishments
seem to be interrelated with the choices of other new establishments that are expected to in-
stall their activities in the market. (2) As shown in the subsection 4.7.1, all the newly-formed
establishments of one type exert a strong negative impact on their pre-existing competitors
of the same type beside the transport and storage sector. Yet, we also observe that all the new
establishments prefer to enter the market where other new establishments of the same type
are expected to locate. Values on the diagonal of matrix 4.7 indicate the positive intra-sectoral
reactions between the newly-created establishments. (3) Once again, when analyzing the in-
teractions between the newly-created establishments of different types, an impact of asymme-
tries in establishments’ decisions can be acknowledged which allows us to validate the results
of Zhu and Singh (2009) or Jia (2008). Detailed relations can be read through the values off
diagonal of matrix 4.7. In addition, the results of the variance-covariance matrix of residuals
are reported in Table 4.8. Variances are given along the main diagonal and covariances are the
off-diagonal elements of the matrix.

When looking closer at the reaction of each type on every other type, we notice that inten-
sified openings of transport and storage units seem to be positively influenced by decisions
of retail andmanufacturing establishments, and negatively by new creation of establishments
involved in financial and professional, scientific and technical activities. A decision of setting
up a new retail store seems to be positively influenced by potential openings of both establish-
ments involved in transport and storage and in professional, scientific and technical activities.
Yet, retails tend to keep at a respectful distance from the sites that are about to be selected
by manufacturing entities. Hotels and restaurants seem to follow the ideas of establishments
involved in commerce (retail and wholesale alike) and tend to choose locations where new
manufacturing units will potentially set up their units. Hotels and restaurants tend to get
discouraged from choosing the sites which are about to be occupied by the financial units and
establishments in professional, scientific and technical activities, and transport and storage.
Overall tendencies of entities dedicated to the financial activities indicate that these units are
prone to be discouraged by most of the sectors beside transport and storage. On the other
hand, units in the wholesale or in the professional, scientific and technical activities sector
tend not to exhibit strong concerns over the type of establishment which are expected to lo-
cate in a zone. Finally, newly established commerce seems to have a negative influence on the
locational decisions of manufacturing entities, so do the professional, scientific and technical
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services. Zones to be chosen by hotels and restaurants, as well as new financial establishments
tend to send a positive signal to enforce the decision of manufacturing units to locate nearby.
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Table 4.7: Strategic interactions matrix: How the decision of one establishment type affects the decision of other establishment types.

Retail HoteRes Finan ProSci Whole TranSto Manuf
Retail 0.0067a 0.0022b -0.0004 0.0006 0.0017 0.0015 -0.0036

(15.22) (3.54 ) (-1.92) (5.42 ) (5.38 ) (3.15 ) (-5.62)
HoteRes -0.0006 0.0182 -0.0025 0.0006 0.0005 0.0003 0.0024

(-0.61) (36.62) (-4.49) (3.59 ) (0.51 ) (0.11 ) (2.21 )
Finan 0.0005 -0.0114 0.0225 0.0051 0.0010 -0.0038 0.0031

(0.63 ) (-5.96) (29.03) (4.69 ) (2.04 ) (-3.28) (3.27 )
ProSci 0.0019 -0.0042 -0.0057 0.0085 0.0005 -0.0056 -0.0019

(6.61 ) (-6.63) (-10.58) (107.56) (2.84 ) (-10.00) (-3.66)
Whole -0.0004 0.0013 -0.0009 0.0005 0.0102 0.00003 -0.0029

(-0.73) (1.99 ) (-2.10) (3.48 ) (26.49) (0.06 ) (-3.11)
TranSto 0.0035 -0.0059 0.0023 0.00002 -0.0021 0.0253 0.0002

(5.93 ) (-13.47) (6.82 ) (0.21 ) (-6.59) (18.54) (0.15 )
Manuf -0.0021 0.0048 -0.0058 0.0015 0.0029 0.0020 0.0206

(-2.79) (5.04 ) (-7.92) (5.38 ) (4.66 ) (1.73 ) (13.17)

aInfluence from type 1 on type 1. Upper value stands for the estimate and the lower value for t-ratio.
bInfluence from type 1 on type 2. etc.
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Table 4.8: Variance-covariance matrix of residuals.

Retail HoteRes Finan ProSci Whole TranSto Manuf
Retail 0.0079a 0.1027 -0.2133 0.3612 0.0426 -0.2226 -0.0436

(0.84) (75.97) (-54.04) (51.69) (22.09) (-84.28) (-7.31)
HoteRes 0.3843 -0.6597 -0.0166 0.4869 0.3828 0.2404

(69.72) (-298.43) (-4.82) (331.50) (104.04) (180.10)
Finan -0.0930 0.3484 -0.0707 -0.5531 0.6444

(-13.55) (370.16) (-30.80) (-283.17) (458.93)
ProSci 0.1504 0.2502 -0.0871 -0.2066

(132.77) (198.17) (-44.43) (-42.76)
Whole -0.3201 -0.3220 0.1287

(-164.49) (-619.88) (20.10)
TranSto -0.0471 0.4491

(-87.42) (82.98)
Manuf -0.3043

(-109.98)

aUpper value stands for the estimate and the lower value for t-ratio. Variances are given along themaindiagonal.
The off-diagonal elements of the matrix provide the covariances.

124



4.8 C

We found it necessary to vitalize the still deficient empirical literature on strategic inter-
actions in establishment location choice models. By observing real-world-like examples, we
focused on finding characteristic patterns in several establishment types’ placements.

The main objective of this paper was to implement the strategic interactions between the
newly-created establishments regarding their location choice relative to their activity sector.
We estimated a simultaneous discrete game between seven types of establishments. Develop-
ment of a simple baseline model at the group level was our starting point. We accounted for
the spatial spillovers and dealt with the endogeneity of business real estate prices issue.

We reported that establishment location choices differ by type and that all establishments
exert a strong negative impact on their pre-existing competitors of the same type. Yet, all the
new establishments prefer to enter the market where other new establishments of the same
type are about to locate. This is a new and stimulating finding. We observe an impact of asym-
metries in strategic interactions between establishment types across locations. Variables that
capture demand and cost factors, local agglomeration measures, such as access to the work-
force, demographic characteristics, availability of dedicated space, access to amenities, and ac-
cess to transport infrastructure turn out to be relevant in establishment location decisions.

The level of analysis has not reached the high methodological level. There is a need for
methodological advances in order to be able to model realistically the complexity of estab-
lishment decision-making processes. Draganska et al. (2008) provide a broad discussion of
the problems and opportunities that exist in this research domain and hope that their review
will spur new developments in the years to come. There is still a scope for further research
and many fertile fields yet to be cultivated in a number of areas, such as dynamic aspects of
strategic interactions.

Interaction models and strategic interaction models, in particular, provide a powerful tool
for location analysis (Ghosh and McLafferty, 1987). Interaction modeling can be potentially
used in a wide variety of geographical problems and situations (Pooler, 1994). Also game
theory has strongly influenced some fields, such as industrial organization, where it helps to
transform the analysis of market interactions (Bajari et al., 2010a).

In theoretical models in industrial organization, game theory is by far the most common
tool used tomodel industries. Game theory can be used tomodel a very broad set of economic
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problems (Bajari et al., 2013). Yet, the domain of applicability is not limited to industrial orga-
nization. These models could be applied to estimate seemingly complicated structural mod-
els in other fields, such as macroaconomics, labor, public finance, or marketing (Bajari et al.,
2013). The continued use of spatial interactions and relative locationmodels by city planners,
transport analysts, retail location firms, shopping center investors, plan developers, and urban
social theorists is without precedent (Haynes and Fotheringham, 1984). Our method, once
developed to account for the strategic interactions in location choice model, can be furthered
applied to, e.g., the housing choices or driving behavior.
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France - the land of haute cuisine, fine wine and cheese -
would be the last place you would expect to find a thriving
fast-food market.

- L. Fancourt, B. Lewis, and N. Majka, ”Born in the
USA, Made in France: How McDonald’s Succeeds in

the Land of Michelin Stars” (2012)

5
Locational strategies of multi-store firms: A

daytime population

A This paper examines competing firmswithmultiple component units. Most pre-
vious discussion on locational decisions has one common feature of making unrealistic as-
sumptions and perceives the industry in terms of independent store. Yet, the conventional
single-establishment location theory, which assumes that a firm can choose only one store site,
may not apply to situations wherein individual outlets are part of larger organizations under
common strategy and intuition. The approach used in this paper is computational. Rather
than proposing an innovative solution or striving for an intricate model, we focus on rectify-
ing several misconceptions made in other papers. First, we consider five asymmetric fast-food
chains. Further, we insist on including intra- and inter-chain pre-existing stores. Finally, we
propose to reconsider the list of variables commonly used to capture the demand level in a
market. Firms, such as fast-food chains, search for major sources of demand trying to attract
the greatest number of potential customers. Yet, some restrictive assumptions about customer
behavior are still present in the existing models. Commonly applied population and income
might inadequately represent the demand. Population statistics usually reflect the number
of residents but not necessarily the real daytime population. It is particularly important to
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carefully define market segments and to select potential customer groups by observing their
characteristics, their mobility patterns and the purpose of their activities during the day and
the week. Proxies used in the models presented in this paper, include flows of people do-
ing shopping, going out to eat in restaurants, or making trips for a leisure purpose; flows of
middle- and low-income persons; crowds of potential clients passing through the commercial
centers, train stations, airports, or touristic sites.

Ourmain contributions are to demonstrate that the observed location patterns of analyzed
fast-food chains are prone to diverge. Fast-food chains react distinctively to market character-
istics and market structure making existing papers rethink their assumption on homogenous
firms. Imposing symmetry upon firms’ profit functions might be incorrect, even if they seem
similar upon first inspection. Contrary to what some researchers found, demand, when care-
fully accounted for, turns out to be very significant for all chains being studied. In addition,
different demand characteristics may be proposed to proxy demand depending on the chain.
Our results caution against the simplistic representation of demand. Ourmethod adds behav-
ioral realism to the existingmodels that are typically based on static, nighttime representations
of population.

Keywords: location patterns, multi-store firm, asymmetric players, inter- and intra-chain
competition, market structure, flows, daytime population

JEL Classification: D22, C57, C33, C31, L22, L14

5.1 I

The subject of location of competing firms with multiple component units seems to have
been largely ignored in the spatial location literature (Peng andTabuchi, 2007). This gap is in-
quisitive for the systems which dominate in the market (Karamychev and van Reeven, 2009;
Iida and Matsubayashi, 2011; Janssen et al., 2005; Pal and Sarkar, 2002; Peng and Tabuchi,
2007). Chu and Lu (1998) note that most previous discussion on locational decisions has one
common feature of making unrealistic and restrictive assumptions and perceives the industry
in terms of independent store. The conventional approaches to location selection, i.e., tra-
ditional theory and methods, fail (Thill, 1997) by providing only a set of systematic steps for
problem-solving without considering strategic interactions between the stores in the market.
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Being non-strategic means that a firm ignores other players’ decisions (Toivanen and Water-
son, 2005). Pal and Sarkar (2002) show that when a firm has several stores, each store’s be-
havior influences the choices of other stores in the market. The correct identification of real
competitors provides critical information for the managing team. From the practical point
of view, stores draw a bigger attractiveness among potential customers when more compet-
itive facilities locate in their close surrounding. For the customer, it means a wider range of
homogeneous products, plenty of opportunities, and a reduced search cost (Min, 1987; Wat-
son, 2009). Yet, a new store will not only compete with pre-existing, previously opened ri-
val firms but may also cannibalize demand from stores that belong to its own chain (Igami
and Yang, 2016; Holmes, 2011; Iida and Matsubayashi, 2011; Granot et al., 2010; Schiraldi et
al., 2012; Toivanen and Waterson, 2005)1. As a consequence, the results for the independent
single-store firms and the multi-store ones are prone to diverge. Conceptually, a firm selects a
distribution of locations instead of choosing a point location (Chu and Lu, 1998).

Major modern international brands, particularly those in the convenience stores, super-
markets, coffee shops, fast-food restaurants, and fast fashion retailing industries sell their goods
through chain stores (Takaki andMatsubayashi, 2013; Peng andTabuchi, 2007). Examples in-
clude Starbucks,McDonald’s, Zara, orH&M.These chains aremarked by their well-designed
networks of stores. Expansion of the chain stores allows players to boost recognition among
potential consumers and ensure greater visibility, increase bargaining power, lower costs in
distribution, and reduce wastage of resources (Takaki and Matsubayashi, 2013; Janssen et al.,
2005; Chang andHsieh, 2014). All that to maximize their market power or their profits, or to
secure sustainable markets.

Typically, stores within a chain reflect a single concept of identity or image (Thill, 1997;
Takaki and Matsubayashi, 2013; Toivanen and Waterson, 2005) and thus typically share the
same facade, shop format, employ similar design and product offering. The conventional
single-store location theory may not apply to situations wherein individual stores are part of
larger organizations under common strategy, intuition, and control, where a centralization is
applied to reach global goals and consider the interest of a firm as a whole (Thill, 1997).

Chains are usually globally active and well-known by almost every potential client who
nowadays is becoming more mobile and consumes repeatedly. The standardization of ap-

1For examples of clustering of storeswithin the same firm, see also Iida andMatsubayashi, 2011; Pal and Sakar
(2002); de Palma et al. (1985).
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pearance or operations of the chain stores allows the consumers to expect the same type of
products, quality, and service within a chain. The created reputation can be relatively easily
spread over various markets (Loertscher and Schneider, 2011). Thus, when moving from one
location to the other, buying from a chain store decreases the risk of purchasing unknown
products and using unfamiliar service.

Interestingly, albeit the products offered by various chains may be technically considered
as close substitutes, from the customers’ perspective it may not be the case and their psycho-
logical attachment to specific brands or chains, their individual taste will rather play a role.
The store format and its strategy is supposed to fit well the targeted customer groups identi-
fied by their desires, interests, buying requirements, and their expectations (Thill, 1997). Thill
(1997) believes that appropriate stores’ locations along with relevant brand characteristics cre-
ate a powerful combination which allows a chain to succeed and tominimize the competitive
threat. Very similar firms may have to compete for the same customers (Thill, 1997).

This paper examines locationpatterns of five competing fast-food firmswithmultiple com-
ponent units. The approach used in this paper is computational. Rather than proposing an
innovative solution or striving for an intricate model, we focus on rectifying several miscon-
ceptions made in other papers. First, we consider a number of asymmetric chains. Second,
we insist on including intra- and inter-chain pre-existing stores which are potentially critical,
yet have been largely unsung in location analysis literature. Finally, since firms search for large
sources of demand trying to attract the greatest number of potential customers, we propose
to reconsider the list of variables usually use to capture the demand level in a market. It is
particularly important to appropriately define market segments and to select potential cus-
tomer groups by observing their characteristics, their mobility patterns, and activities’ pur-
poses during the day and the week. We emphasize the need to state a clear difference between
the daytime and nighttime population. Igami and Yang (2016) claim that typically used pop-
ulation and income might not adequately proxy demand. Population statistics usually re-
flect the number of residents but not necessarily the real daytime population, which might
be much more critical in the fast-food industry. Instead, we test a number of proxies to more
appropriately represent demand in a market, namely car flows, pedestrian or all active modes
flows (walk, bike and other active modes aggregated), and flows of people using public trans-
port by income level (low, medium, high income classes), age (18-25, 25-34, and plus), or pur-
pose of the trip (restaurant, shopping, leisure, professional meeting) along the day and week;
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flows of tourists visiting the most attractive sites of the Paris region; proportion of a zone
dedicated to commerce, offices, universities and high schools, hospitals, cultural and leisure
equipment, congress and exposition centers. Beside the level of flows of people estimated
through theGlobal Survey ofTransport EGT2010 of the Paris region, we add variables which
proxy the crowds of potential clients passing through the commercial centers, train, express
underground and subway stations, and airports.

Ourmethod addsbehavioral realism to the existingmodels that are typically basedon static,
nighttime representations of population. We believe that the incorporation of these elements
can secure a more realistic model of locational strategies. Illustrative questions that can be
answered using the proposed approach are: What is the nature and degree of competition
for each analyzed chain? How strong are cannibalization effects within a chain and business
stealing or learning effects among the rivals? How does a firm perceive a rival store located in
a direct vicinity and how if it is located farther away? How does a situation of a firm change if
there are already rivals established in a particularmarket versus if a firm faces no local competi-
tion? Can it happen that a chain concentrates its investment efforts in a particular geograph-
ical area and uses another type of strategy in other places? How to more appropriately proxy
the demand in decisions of revenue-oriented sectors? An intensified research effort along the
lines of multi-store locational choices is still desirable to bring the answers to many questions
of this type.

To open the door to possible answers, we review the literature on the topic, we introduce
the reader to our database and we give a brief synopsis of the fast-food market focusing on
the Paris region. We show some basic statistics presenting the multiple-store firms. We next
compute the Average Nearest Neighbor Distance index to determine if the chains’ point pat-
terns are random, disperse, or clustered. We present the reduce-form model and describe the
empirical results. Finally, we draw to the concluding section and possible extensions of this
paper.

5.2 L

5.2.1 M -

Chu and Lu (1998) note that most previous discussion on location decisions has one com-
mon feature of making unrealistic and restrictive assumptions and perceives the industry in
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terms of independent stores. The conventional approaches to location selection, i.e., tra-
ditional theory and methods, fail (Thill, 1997) by providing only a set of systematic steps
for problem-solving without considering strategic interactions between the stores within the
same firm and stores that belong to different chains. Being non-strategic means that a firm
ignores the rivals’ decisions (Toivanen and Waterson, 2005) and decisions of other establish-
ments within a firm. In reality, the location decisions of multi-store firms are dependent on
each other (Peng and Tabuchi, 2007).

Scant academic research has been conducted to develop empirically tractable models of
multiple-store firms’ choices, as summarized byNishida (2015), it is due to the fact that solving
and estimating an equilibriummodel of store-network choice pose substantial computational
challenge. Pal and Sarkar (2002) show that when a firm has several stores, each store’s behav-
ior influences the decisions of other stores in the market. The results for the independent
single-store firms and the multi-store ones are prone to diverge. Conceptually, a firm selects
a distribution of locations instead of choosing a point location (Chu and Lu, 1998). The first
work that considers the multi-store firms dates back to 1968 and the work of Teitz who intro-
duced the idea that a firm can open several facilities in the context of Hotelling’s linear city
model and serves the market from multiple locations.

5.2.2 R - -

Existing location-store models typically do not consider pre-existing competing stores2,
which may indicate the level of competitive threat in a particular area, nor the potential re-
actions of these direct-competitor stores, nor the strategic interactions between stores within
the same chain are clearly analyzed. The entry of new stores seem to harm the profitability
of pre-existing outlets. Thus, there is a necessity to incorporate strategic interactions between
stores within the same firmwhichmay capture the cannibalization effects (see, e.g., Igami and

2Possible business categories mentioned by Chang et al. (2015) are: same chain stores; rival stores; famous
stores, such as Apple or Nike, which can provide a crowd flow and certain customers because of their customer
attraction; complementary stores which sell complementary goods or services; mutually exclusive stores which
might resent or block potential customers from frequenting a store. Schiraldi et al. (2012) differentiate stores
depending on their size/format into small and big. In addition, local business activity can be proxied by using
the number of entertainment establishments (e.g., theaters, swimming pools), speciality establishments (e.g.,
pawn shops, pet shops), amenities and services (car rental, hair salons, laundry, or parking), and malls as was
proposed in Yang (2016).
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Yang, 2016; Holmes, 2011; Iida and Matsubayashi, 2011; Granot et al., 2010; Aquirregabiria
and Suzuki, 2016) and among stores that belong to different chains and the accompanying
business-stealing effects between them (see, e.g., Watson, 2009).

Having more rivals in a market may decrease the probability of sale (Watson, 2009). The
profitability is a function of player i’s entire network and the competitors’ networks (Nishida,
2015). Firm i’s total profit is the sumof themarket-level profits across all themarkets (Nishida,
2015). Igami andYang (2016) find that the presence of both same-chain stores and rivals lessens
an outlet’s profitability. Based on the interviews with store-development officers of several
fast-food chains in Canada, Igami and Yang (2016) discover that cannibalization is one of their
most prominent concerns. A higher number of same-chain stores tend to dampen the chance
of further entry, whereas the influence of the rival-chain shops seems to be rather subtle and
highly nonmonotonic (Igami and Yang, 2016).

Firms face business stealing effects but also incentives to collocate so that the relative mag-
nitude of these two effects varies substantially across store types (Aquirregabiria and Suzuki,
2016). Yang (2016) who studies Canada’s hamburger fast-food industry of five major substi-
tutable with one another chains, A&W, Burger King, Harvey’s, McDonald’s, and Wendy’s,
explains that clustering (when stores systematically choose the same locations) can be pro-
voked by several drivers, such as learning, demand externalities3, or unobserved heterogene-
ity4. Toivanen and Waterson (2005) emphasize that while traditional industrial organization
theories cannot explain the positive effect of rival presence on own entry, learningmodels can.
They are contrary to what would be observed from an entry prevention strategy. They indi-
cate positive spillovers to both firms from the presence of the rival in a given market. These

3Anexpanding cluster of rival chainsmayboost demandof other active firms through the increased customer
traffic or higher goodwill towards similar products (Yang, 2016). Yet, Yang (2016) demonstrates that demand
externalities do not appear to be significant in retail clustering.

4Retailers can make decisions based on information unobservable to researchers which therefore will not
be included in the models (unobserved heterogeneity) and may be leading to biased estimates and subsequent
counterfactual analysis (Yang, 2016; Igami and Yang, 2016; Orhun, 2013). Unobserved heterogeneity, if ignored,
may also attenue competition effects (Arcidiacono andMiller, 2011; Igami andYang, 2016). Igami andYang (2016)
discover that their data on hamburger fast-food chains in Canada feature puzzling patterns of firms favoring the
presence ofmore rivals caused unobservably bymore lucrativemarkets. Toivanen andWaterson (2005) state that
if unobserved market specific factors are positively correlated between firms, an estimated positive effect of rival
presence on the probability of entry could be counterfeit. We suggest readers particularly interested in issues of
unobserved heterogeneity, to acquaint themselves with thework of Igami andYang (2016) whose purposewas to
explicitly assess and address the endogeneity problem caused by unobservedmarket heterogeneity in the context
of a dynamic entry game among fast-food multi-store firms.
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spillovers are best explained as the product of learning. Toivanen and Waterson (2005) show
that the rival presence increases the probability of entry due to the firm learning, yet, profits
are decreasing in the number of rival stores and are increasing in the number of own outlets.
The Toivanen and Waterson’ (2005) results further suggest that learning effects are strong
enough to dominate any negative effects that competition between firms may have on entry
decisions.

In addition, learning turns out to be the most prominent and plays the largest role in re-
tail clustering according to Yang (2016). Observation of other stores in the market could send
positive or negative signals to update beliefs about the profitability of the market. More at-
tractivemarkets could be considered the oneswhich host well prospering firms in comparison
with the markets where others have failed. In some past studies, several authors (e.g., Acker-
berg, 2001) postulate that learning should matter only to firms which lack information or are
inexperienced. Yang (2016) claims that learning helps resolve the uncertainty firms face in the
market by observing the past decisions of their informed rivals. He finds that Burger King
and McDonald’s seem to take advantage of information externalities via learning from each
other. Interestingly, two other analyzed chains, namely aCanadianHarvey’s andA&Wwhich
entered the Canadian market long before Burger King and McDonald’s seem to already have
a necessary knowledge about market profitability so that they exhibit the smallest difference
between being uninformed and informed. Toivanen and Waterson (2005) also suggest that
a substantial amount of clustering of fast-food restaurants (McDonald’s and Burger King) in
the UK can be explained by informational spillovers from the pre-existing firms to the poten-
tial entrants.

Aquirregabiria andSuzuki (2016)highlight that cannibalization and the economies of scope
between same-chain stores are important factors in location choices ofmulti-store firms. Economies
of scopemay lead to the reduction of some operating costs, such as advertising, inventory, per-
sonnel, or distribution costs, whichwill be shared between the stores of the same chain in case
of the chain expansion into new markets.

5.2.3 A

The analysis of multi-store competition has started with the trailblazing work of Teitz
(1968)who introduces the idea that a firmcanopen several facilities in the context ofHotelling’s
linear city model and serves the market from multiple locations. Since then infrequent pa-
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pers tried to treat complex decisions of multi-store firms proposing two- or three-stage mod-
els wherein firms choose, e.g., stores’ locations and their qualities or value positions (Thill,
1997); the number and locations of stores along the geographic line, and optimal mill prices
charged by these outlets (Chu and Lu, 1998); locations of stores and quantities in Hotelling’s
linear city using the Cournot competition (Pal and Sarkar, 2002); simultaneously or sequen-
tially the number and locations of their stores, and prices accounting for consumers prefer-
ences, consumers identity, the identity of two analyzed firms, and the identity of the stores
within these chains (Janssen et al., 2005); the number, locations of their facilities, and then
the level of prices at every store where heterogeneous products are offered in the context of
the Salop’s circular product space (Karamychev and van Reeven, 2009); the number of their
stores and their locations, and the number of varieties by two retail firms showing that the
location-then-varietymodel can better describe the retail sector in the real world, such asmar-
ket segmentation, interlacing, sandwich, or enclosure. The work of Iida and Matsubayashi
(2011) examines a number of store openings of two firms offering identical products and their
locations on a linear street under financial constraints. An exogenously given brand power
ascribed to each store and the distance necessary to reach its location site allows consumers to
differentiate between stores. Takaki andMatsubayashi (2013) analyze a sequential multi-store
Stackelberg competition between two symmetric firms that choose a number and locations
of their outlets given current financial constraints, a fixed opening cost, and uniformly dis-
tributed consumers. Neven’s (1987) model allows for a sequential entry of up to five firms in
the retail industry, claiming that the problem solved for five firms covers a sufficient variety of
strategies and that amore extensive simulationwould not yieldmanymore insights, yet it also
assumes the uniform distribution of consumers’ tastes. In the paper by Peng and Tabuchi’
(2007), consumers are assumed to be uniformly distributed. To deal with the problem of the
uniformdistribution of the clients, Granot et al. (2010) propose instead a sequential locations
in Hotelling’s linear city and a graph city at a fixed cost assuming the demand intensity to be
strictly decreasing in distance. Nishida (2015) incorporates some form of spatial competition,
showing that a store’s revenue is influenced not only by other stores in the same location but
also by those in adjacent locations. Yet, he builds his model in a static framework where two
firms compete. Seim’s (2006)model features several distance bands, yet it is static and assumes
the independence of locations, and the symmetry across the analyzed chains.

What emerges from the cited examples is that even the most recent papers still keep on
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making some unrealistic assumptions, such as: a linear market, no more than two firms com-
peting in a market5, zero level costs, a constant density and elasticity of demand, uniformly
distributed consumers, a static approach, or an independence between the markets. Several
papers examine consequences of relaxing some of these assumptions individually. In addi-
tion, most of the papers considering the multi-store firm location are theoretical.

5.2.4 D

Teitz (1968) claims that distance influences a consumer’s selection of a firm and branch as-
suming that this distance is measured from the consumer to the nearest branch of either firm
and that the cost of travel is linear with distance and borne by the consumer who behaves as a
distance minimizer. Yet, Nwogugu (2006) finds the issue with distance measure particularly
disturbing. The author claims that existing store-location models do not incorporate the dis-
tance element appropriately, erroneously assuming that all residents of each community travel
the full length of the distance between their community and the store location each time they
visit a store. However, in reality most potential buyers do not work in their immediate com-
munities and tend to stop over a store on their way to other destinations and so will prefer
locations that are on the route to destinations that they regularly visit. Most people drop in
on the store before going to work, during lunch, after work, or on weekends. Thus, there is
a need to use data about potential customers activities performed in a given area and to well
understand the process of chaining behavior. Fransen et al. (2015) demonstrate that the intro-
duction of trip chaining behavior into the accessibility analysis has a significant impact on the
resulting accessibility pattern. Considering more complex travel behavior by accounting for
daily mobility patterns results in significantly distinct spatial patterns of accessibility. Fransen
et al.’ (2015) method adds a behavioral realism to the existing metrics that are typically based
on static, nighttime representations of population. For these reasons, we keep in mind the
fact that visiting a fast-food restaurant can often be combined with other activities.

In addition, the limitations of the ”isolated small towns” approachwhich assumes no coor-
dinated decisions across markets, have motivated the development of more appropriate em-
pirical models. Determinants of the multiple-store firms’ network choice make location de-
cisions across markets interdependent, unlike a standard location model (Nishida, 2015; Jia,

5See, e.g., Granot et al. (2010) who propose characterization that can deliver robust results for an arbitrarily
large number of players.
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2008). The work of Seim (2006) is the first study which endogenizes store locations and in-
troduces the concept of spatial competition in an entry game framework. Seim (2006) shows
how the market power and profits change depending on stores’ locations of one firm in re-
lation to competitors’ locations. Her idea was to capture stronger effects of closer stores and
a decreasing profit in case of decreasing distances from competing stores. A particular sur-
face can be divided into dozens, hundreds, or thousands of contiguous blocks or locations,
yet, these locations should not be isolated, allowing the model, for example, for competition
effects between the stores at different locations. Nishida (2015) and Toivanen and Waterson
(2005) incorporate some form of spatial competition, showing that a store’s revenue is influ-
enced not only by other stores in the same location but also by those in adjacent locations.
We notice that in the papers by Igami and Yang (2016), Ellickson et al. (2013), Beresteanu et al.
(2010), the authors rule out the interdependence between the markets.

Inourwork,we insist on including interdependentmarkets (Holmes, 2011). Within-market
and across-markets effects should be analyzed (Nishida, 2015). The neighboring characteristics
of each site-location and surrounding businesses will be included in our model (see e.g., Seim,
2006; Chang et al., 2015; Schiraldi et al., 2013). For any given location l, Schiraldi et al. (2013)
define a set of neighboring locations within some distance, whose payoffs affect firm’s profits
at this site l. Thus, variables the total number of same-chain and rival stores could all affect
the profit of a store at l. This way, for example, Schiraldi et al. (2013) allow business stealing
and cannibalization effects to operate not only within the boundary of a particular location,
but also across locations which may be the source of the spatial competition. Igami and Yang
(2016) notice the future need to include the shops’ distances within geographical market stat-
ing that closer shops seem to compete more fiercely. Thus, the Seim’s (2006) model which
tests several distance bands should be further extended to enable exploration of spatial pat-
terns of, e.g., the fast-food competition.

Also Aquirregabiria and Suzuki (2016) highlight the importance of distance from a store to
potential customers, wholesales, and competitors which appear to have a substantial effects
on demand and costs and consequently on profits or consumer welfare. Firms are expected
to carefully choose locations to ease the access to the highest number of spatially dispersed
potential customers.

Interestingly, Igami and Yang (2016) observe that fast-food stores seem to compete within
relatively small markets concentrating their efforts on a micro-level location. Their results in-
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dicate a highly localized nature of competition among fast-food stores. The authors state that
a distance criterion equal or greater than a mile (1,61 kilometer) would appear to be useless
for an empirical analysis of competition among fast-food stores. According to calculations
of Thomadsen (2005) for the fast-food market (McDonald’s and Burger King) in Santa Clara
County, only outlets within 0.5 mile (800 meters) will compete as close substitutes, even in
car-obsessed California. Toivanen andWaterson (2005) emphasize that people in the UK, for
example, are not willing to travel far to satisfy their fast-food needs, seldomly traveling out-
side their districts in search of fast-food outlets. In the case of the convenience-store chains,
Nishida (2015) notices that convenience store demand is more localized in Japan than other
types of service industries, such as supermarkets or gas stations, with 70% of customers’ vis-
its on foot or bicycle and 30% by car. Nishida’s (2015) findings indicate that a trade area for
a typical convenience store has a radius of about 500-700 metres and the consumer’s average
travel time to a convenience store is about 10 to 20minutes bywalking. The author states that
the convenience-store industry invests heavily in sophisticated distribution networks because
stores usually do not have much inventory space and because 70% of the sales are perishable,
so that a store needs to preserve the freshness of food, such as sandwiches and lunchboxes,
which delivery tracks replace two or three times a day. On the other hand,Walmart and other
supercenters seem to compete in the efficiency of purchasing and distribution logistics on a
relatively larger geographical scale. Schiraldi et al. (2013) indicate that the radius of 10 kilo-
meters needs to be taken to define the neighboring locations of a particular site l in the UK
supermarket industry. Moreover, Holmes (2011) shows a systematic geographical pattern of
Walmart’s entry that radiates from the headquarters.

5.2.5 D

As highlighted by Min (1987), the retail and service sector location analyses, such as in-
vestigation of the fast-food stores’ locational decisions, are likely to be highly sensitive to the
demand and revenue-generating factors, whereas cost factors should play a critical role rather
in the location choices of, e.g., warehouse locational strategies. These remarks line upwith the
work of Fransen et al. (2015) andWang (2012). Fransen et al. (2015) notice that the demand for
services needs to be differentiated. Yet, some unrealistic assumptions about customer behav-
ior are still present in existing models. Interestingly, Fransen et al. (2015) suggest that not the
entire working population should be treated as potential customers for a simple reason, that
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not every person commuting to workmake use of a particular facility (in our application, ser-
vice or store). This can lead to an overestimation of the facility’s (service’s or store’s) demand.
Integrating non-spatial factors such as demographic and socio-economic variables that impact
the access to a particular facility/store is an important challenge (Wang, 2012). The accessibil-
ity for specific population groups, such as those with a higher income or without a privately
owned vehicle could be examined. As well stated by Jerry W. Thomas (2007), the CEO and
the founder of Decision Analyst, ”Segmentation studies tend to be large and complicated, so
it is easy for errors to be made. Thus, one of the most common mistakes is targeting people
instead of targeting money. A market segment may represent a large percentage of popula-
tion, but a small part of the market. There is always a need to look at the money potential of
market segments, not just the number of people in the segments”. Thus, one of the results of
Chu and Lu (1998) seems not to tell the full story when indicating that more populated areas
will encourage the player to establish more stores.

Demographic and socio-economic characteristics of potential customers who reside in a
particular area and its surrounding alongwith their traveling and shoppingboundaries should
be determined and implemented into the model (Min, 1987). The demand faced by a partic-
ular outlet according to Karamychev and van Reeven (2009) and Thomadsen (2007) consists
of only consumers who fix on buying at that store, of consumers who patronize a particular
outlet.

Communities form and disperse at various times of the day within a given trade area. Peo-
ple travel to other communities for work, leisure, and for other purposes. For any given trade
area, there are several time-dependent, transport-dependent communities: communities of
people before they leave to work, communities during the peak-hours period when people
travel to work6, communities of people at work before the lunch time, communities of peo-
ple having their lunch, communities when children and teens leave schools for their homes,
communities during the evening peak-hours7 when people travel from work to their homes
and for recreation, and communities after the evening peak-hours period when people are
resting at home. These activities and times change during the weekend.

Gira Conseil company specialized in analyzing the Parisian consumption market explains
6That is from 6.50 a.m. to 9.10 a.m. for private vehicles and from 8 a.m. to 9 a.m. for public transit for the

Paris region (DRIEA ele-de-France, 2008).
7That is from 5 p.m. to 7 p.m. for private vehicles and from 5 p.m. to 6 p.m. for public transit for the Paris

region (DRIEA ele-de-France, 2008).
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how important it is for a firm to understand and well define the customer catchment area,
its clients’ stratums, consumption moments, such as an ”empty fridge”. In addition, Gira
Conseil evaluates that a potential customer is willing to walk 10-12 minutes or drive a car for
5-7 minutes to reach a particular restaurant.

Thomadsen (2007) shows that firms will choose to locate near large sources of demand.
Thus, it is particularly critical to correctly capture the demand level, to define market seg-
ments and to select potential customer groups by observing their characteristics, such as age
or occupation (Chang et al., 2015), their mobility patterns, their chaining behavior, and ac-
tivities’ purposes during the day and during the week. Influx of cars and pedestrians will be
also analyzed in ourmodel (see Chang et al., 2015). Consumers are heterogeneous considering
their preferences over the brands proposed by various sellers. Firms tend to setmore locations
where consumers are more prone to buy from that firm (Janssen et al., 2005). Janssen et al.
(2005) claim that firms openmore stores where more consumers agglomerate. Yet, Igami and
Yang (2016) show that typically used population and income might not adequately capture
the demand. Population statistics usually reflect the number of residents but not necessarily
the real daytime population, which might be much more critical in the fast-food industry.
Therefore, other alternative measures should be tested. Igami and Yang (2016) propose they
use the size of office or commercial floor space, among others. Yet, thesemeasures were unfor-
tunately not recorded in the publicly available statistics and were not available to Igami and
Yang. Another solution that they suggest is to test instead the number of traffic lights. Fol-
lowing the remark of Nishida (2015), a clear distinction between a daytime versus nighttime
population present in a particular area is to be made.

In addition, people tend to have psychological attachments to specific brands or chains
and can drive or walk a couple of additional minutes to reach their preferred store (Kuo et
al., 2002). According to Karamychev and van Reeven (2009) consumer’s utility depends on
both real transport costs and on their preferences or tastes. Another type of segmentation dis-
tinguished by Thomas (2007), which can also be significant in defining a potential customer
group, is a psychographic or lifestyle segmentation. It is based upon multivariate analyses of
consumers’ attitudes, values, behaviors, emotions, perceptions, beliefs, and their interests8.

8A definition of a market segmentation given by Thomas (2007): ”The purpose of segmentation is the con-
centration ofmarketing energy and force on the subdivision or themarket segment to gain a competitive advan-
tage within that segment. It is analogous to the military principle of ”concentration of force” to overwhelm an
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An identification of the store market area boundaries is critical in determining the aggregate
demand and potential market share (Min, 1987).

5.3 D

Min (1987) proposes to divide factors possibly considered in locational strategies analyses
into three broader categories: (1) locations of the nearest pre-existing competitor stores, (2) an
accessibility to public amenities. (3) an average profitability of a particular site. We add to this
list some other factors that will be described in the following subsections.

5.3.1 S ’ ’

The consolidation of businesses into a few large multiple-store corporations has been a
documented evolution of trade in Western countries after the World War II (Hollander and
Omura, 1989). In the fast-food industry, there are several brands, such as McDonald’s and
Quick which according to the French daily newspaper ”Le Figaro” seem to dominate and set
the rules in theFrenchmarket9. For thepurpose of the current project, we construct a database
for the following chains: McDonald’s, KFC,Quick, Paul, Pomme de Pain. We have chosen to
investigate the fast-food industry considered as an archetypical chain business for which the
provision of homogenous goods and services is one of the main purposes (Igami and Yang,
2016). The scope of the product differentiation is limited among stores. The production
of identical products have been so effectual that the Big Mac index, based on the premise of
purchasing-power parity, is being used across different countries to analyze foreign-exchange
rates10. Beside the three best performing fast-food chains in the French market, namely Mc-
Donald’s, Quick, andKFC, we examine Paul and Pomme de Pain. Ourmotivationwas based
on the fact that France is the countrywhere people consumemore traditional sandwiches than
burgers. A 2009 study carried by the French restaurant industry consulting firm Gira Con-
seil revealed that the French population consumes nine times more traditional sandwiches

enemy. Market segmentation is the conceptual tool to help achieve this focus”. Source: ”Market Segmentation”,
Decision Analyst.

9Source: ”Le Figaro”, Geraldine Russell, September 28, 2015, ”Burger King-Quick, l’alliance qui rebat les
cartes de la restauration rapide”.

10See ”The Big Mac index: Bunfight”, ”The Economist”, February 2, 2013.
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than hamburgers and that more than 70% of all sandwiches consumed in France are made on
baguettes11.

For the active stores, information is based on the SIRENE/INSEE database and includes
the year of the store’s creation, its size class, its exact address, and the address of its headquar-
ter. For the previously closed stores, not active any more in the market, the exact date of the
store’s closure is also available. The BAN database - a collaborative national database of geo-
referenced addresses in France - created in the cooperation of the FrenchNational Institute of
Geographic and Forest Information (IGN), themail service of France - La Poste, and the Pub-
lic FinancesGeneral Directorate (DGFiP)was used to geo-code all the addresses, to obtain the
longitude-latitude coordinates of each store. Based on the X-Y coordinates, we further com-
pute the Euclidean distance between the stores and between each store and its headquarter12.
Nowadays, also other commercial websites, such asGoogle, Yahoo!,Mapquest, Bing, orRand
McNally offer precise driving directions between nearly all locations in the developed world
(Boscoe et al., 2012)13.

Wehave further verified the consistency of the SIRENE/INSEEdatabase comparing itwith
the official websites of each fast-food chain14, so that some small number of missing addresses
were added to our database. In this way a unique database has been created, which has been
never used in any other application.

5.3.2 A

The considered area is the Paris region. When choosing a location for a new fast-food
restaurant, one needs to identify feasible sites with respect to various factors. Following the
remarks of Nwogugu (2006) who identifies several major mistakes of existing store-location

11See, e.g., ”Born in the USA, Made in France: How McDonald’s Succeeds in the Land of Michelin Stars”,
Jan 03, 2012, http://knowledge.wharton.upenn.edu/article/born-in-the-usa-made-in-france-how-mcdonalds-
succeeds-in-the-land-of-michelin-stars/.

12See Toivanen and Waterson (2005) for the use of distance from the market to the headquarters of two ana-
lyzed firms, namely McDonald’s and Burger King with the application to the UK market.

13See the following website: http://adresse.data.gouv.fr/csv/;
http://batchgeocodeur.mapjmz.com/; http://www.doogal.co.uk/DrivingDistances.php;
http://mondeca.com/index.php/en/any-place-en.
14See https://www.restaurants.mcdonalds.fr; http://www.kfc.fr/#/restaurants_storelocator;
https://www.quick.fr/fr/localisation; http://www.paul.fr/fr/nos-boutiques;
http://pommedepain.fr/accueil/nos-adresses/paris-2.
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of people, crowd flow rate in front of a store, target customer number within a particular
area16, customers preferences, their lifestyles, their demographics, the shopping habits of the
crowd, customer purchasing characteristics, and their purchasing frequency. Moreover, their
commute tools, traffic patterns in the area should be rather considered.

Other explanatory factors that will be included in our analysis are: land-use characteris-
tics, the transport convenience, the proximity to public transport system, roads and highways
traits, and parking spots (see works of Chatman et al., 2016; Holl, 2004a, b; Melo et al., 2010;
and Mejia-Dorantes et al., 2012; Chang et al., 2015), proximity to schools, universities, offices,
shops, etc. (Min, 1987). All this to assure that location is convenient and accessible for poten-
tial customers (Chang and Hsieh, 2014).

5.3.3 D ’

We include here a short description of data used in the present project along with their
sources. Our data set covers variables that represent measures of demand, availability of floor
space, and accessibility measures.

Data about characteristics of local population were gathered through the General Census
of INSEE. Information on income imputationwas prepared byDGFiP and available through
INSEE. Information on the total number of trips were available through the Global Survey
of Transport EGT 2010 of the Paris region. The movements and activities’ purposes, such as
shopping, restaurant, leisure or social activities of groups of potential customers characterized
by various socio-economics features were being observed during the day from Monday to
Sunday. The origin and destination points of each trip, the day of theweek and the exact time
when the activity was performed, and the mode of transport used have been registered. Data
about the potential customers’ activities performed in a given area including their mobility
patterns can be extracted from the EGT database, so as the car and pedestrian flows.

To account for the proximity to various amenities, for example, schools, hospitals, parks
and parking places we considered two sources of numerical land use databases, these areMOS
(IAU-IDF). Information on the transport infrastructure, e.g., access to the train, subway,
tramway stations, buss stops, airports, and distance to highways, was obtained through the
Regional and Interdepartmental Directorate of Public Works and Planning of IGN.

16According to Chang and Hsieh (2014), generation of consumption power is caused by crowd flow, popu-
lation, households, and workforce.
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5.4 M

We epitomize here the fast-food restaurants market in France and the Paris region, in par-
ticular, and its most important players. The commercial restaurant food service market is
composed of traditional and fast-food restaurants17. The amount of money spent on the
commercial restaurant food services in France in the year 2012 was as high as 35.9 milliard
euros (Roux, 2014)18. A very dynamic evolution of the fast-food market has been observed
since the year 2000, with a slight slow down in 2012. According to the analysis performed
by the French Ministry of Economy, Finance and Industry19, the overall turnover value of
the fast-food restaurants market was for the first time higher than the value of the traditional
restaurantmarket in 2010, while the discrepancy between these twomarketswere significantly
large back to the year 1995 (see Fig. 5.2). Along with the fast-food market turnover growth, a
significant number of new fast-food store openings was registered.

Figure 5.2:Monthly turnover index value in million euros for the fast-food and traditional restaurants over
time. Situation for the metropolitan France from January 1995 until August 2015. Reference period: 2010.
Source: INSEE, DGFiP

McDonald’s has unquestionably conquered France (Wile, 2014)20 and France became to
this chain the most profitable country outside the US. The McDonald’s company has stayed

17Toivanen andWaterson (2005) emphasize also the dissimilarities between the two everydaymarkets services,
namely the local counter-service market and table service market which are significantly different in view of time
element, for example, and the transit market. In the examination of the transit market, which assumes that
outlets operate from airports or motorways, the passenger flows are most likely to be involved.

18Source: DGCCRF ECO.
19Source: DGCCRF ECO.
20Source: Rob Wile, 2014, Business Insider, ”The True Story of How McDonald’s Conquered France”.
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the leader in the fast-food industry for decades, dominating fast-food culture on the world
stage (Carlsen, 2010)21. The company hires now 3 000 employees per year, has more than 69
000 workers in France (Wile, 2014), and more than 1 200 locations across France, including
locations such asLouvre, Sorbonne, orChamps-Elysées. In 2013,McDonald’s announced that
it was going to invest 200 million euros in the further expansion (Wile, 2014). However, the
beginning was rather tough for the McDonald’s chain in France. The company installed its
first French store in Créteil in the suburbs of Paris, back in 1972, yet, at this time McDonald’s
did not experience success as the French population was opposed to the Americanization of
their country (Carlsen, 2010). McDonald’s was obliged to close its franchise. The company
official history dates to 1979 when it was trying again slowly to synthesize its American DNA
with the French culture.

Figure 5.3:How the best performing fast-food chains in the Paris region share the market between each
other over time. Accumulated monthly number of newly opened stores in the Paris region between 2001
and 2015, including the stock of stores registered before January 2001. Source: Calculations based on the
SIRENE/INSEE database

McDonald’s company gained 80% of the ground in France, yet, it is not immune to other
competitors which do not stay unresponsive according to information provided by the Mc-
Donald’s website considering its commercial strategies22. Many companies try to integrate
into the market constantly challenging McDonald’s and provoking its managing board to
rethink its strategy and renew its ideas. The biggest McDonald’s competitor is the Belgian
chain, Quick who entered the French market in the year 1980. It proposes similar style and

21Source: https://uramericansinparis.wordpress.com, Lindsey Carlsen (2010), ”Americans in Paris, McDon-
ald’s in France”.

22Source: http://mcdofrance.e-monsite.com.
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alike products, yet remains far behind. The third player is Kentucky Fried Chicken (KFC), an
American restaurant specializing in products based on the chicken23. Interestingly, a burger
operator Quick which is successful in France and other countries has failed to set up in the
UK market (Toivanen and Waterson, 2005). According to ”Le Figaro”, the sales of McDon-
ald’s reached 4.097 billion euros24 and were about 826 million euros for Quick. KFCwas not
willing to provide this kind of information25.

For the purpose of the current project, we construct a database for the following asym-
metric chains: McDonald’s, Quick, KFC, Paul, and Pomme de Pain. Beside the three best
performing fast-food chains, we also add two more players, namely, Paul26 and Pomme de
Pain - the pioneers of sandwiches ”w la française”. Pomme de Pain proposes to French people
to discover ”the good taste of sandwich”27. It opened its first bakery in 1980 at rue de Rivoli
in Paris. Paul was founded as far as in 1889, and it opened its first tea salon in 1987, it expands
internationally and is nowadays present in 30 countries around the world, opening its stores
at the train stations and airports. Paul is known as the most famous bakery in the world. Our
motivation to choose Paul and Pomme de Pain alongwithMcDonald’s, Quick, andKFCwas
the fact, that France is the country where people consume more traditional sandwiches than
burgers. For this reason, we want to examine how also these two players compete with each
other and other fast-food best performing players. Moreover, these firmsmay attract different
customer types.

We investigate further the locational tendencies across the Paris region. We observe where
across the region each fast-food chain concentrates its efforts. We examine the location choices
of each chain year by year. We accumulate over time the number of newly-formed stores
opened in the Paris city, Paris region closer and outer suburbs and show the locational tenden-
cies of store openings between 2001 and the year 2015 (see Fig. 5.5). We notice that recently,

23Notes: According to the analysis of the Xerfi Groupe which provides the market and firms’ analyses, major
groups that dominate the fast-food market in France include: McDonald’s, Quick, Duff, Subway, Domino’s
Pizza, Yum! Brands (KFC, Pizza Hut), Speed Rapid Pizza.

24Source: Le Figaro, Geraldine Russell, September 28, 2015, ”Burger King-Quick, l’alliance qui rebat les cartes
de la restauration rapide”. According to Wile (2014), the McDonald’s sales reached 4.46 billion euros in 2013.

25McDonald’s sales share is estimated at 40% of the burger fast-food market in the UK in 1994. The UK
market is dominated by three players, namely McDonald’s, Burger King, and Wimpy. These three chains were
estimated to have 45% of fast-food outlets in the UK (Toivanen and Waterson, 2005).

26Source: http://www.paul125ans.fr/saga125ans/index.php.
27Source: http://pommedepain.fr/en/home/the-brand/our-history/.
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next compute the Average Nearest Neighbor Distance index, the ANN statistic. The Average
Nearest Neighbor Distance index uses the distance between each store (each point) and its
nearest neighbor’s location, i.e., its closest neighboring point in a layer (Ebdon, 1985). The
Nearest Neighbor Analysis determines if the point pattern is random, disperse, or clustered.

The ANN tool averages the nearest neighbor distances. If the average distance, computed
this way, is less than the average distance that would be obtained in case of a hypothetical
random distribution, the distribution of the stores is considered clustered. In case of average
distance being greater than a hypothetical random distribution, the stores are considered dis-
persed. The index is expressed as the ratio of the observed distance divided by the expected
distance:

ANN =
D̄
D̄E
, (5.1)

where D̄ is the observedmeandistancebetween each studiedpoint and its closest neighbor:

D̄ =

N
∑

i=

di

N , (5.2)

and D̄E is the expected mean distance between the points given the random pattern:

D̄E =
.5

√

N
A

, (5.3)

where di equals the distance between store i and its nearest neighboring outlet, N is the
number of studied points and A is the studied area.

Expected distance is based on a hypothetical random distribution with the exactly same
number of stores covering a particular area. This ratio permits to valuate competitionof stores
locating over some selected terrain. This tool is most appropriate when the study area is fixed.

We analyze in detail three cases, concretely, the area of Paris, Paris along its closer suburbs,
and the Paris region. The surface of these areas equals to 105 km , 762 km , and 12 012 km ,
respectively. We investigate whether stores which belong to the same chain cluster with each
other andwhat are the pairwise tendencies of stores which belong to different chains. Fig. 5.9,
5.6, and 5.8 visualize the location choices of stores that belong to each of the five chains being
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Table 5.1: The pairwise ANN index. Case #1: Paris

Case #1:
Paris

McDo - McDo McDo - Quick McDo - KFC McDo - Paul McDo - Pomme
SumDist 42.75 61.90 85.16 78.97 92.14
N 66 91 76 90 98
ANN 1.03 0.47 0.71 0.60 0.67

Quick - Quick Quick - KFC Quick - Paul Quick - Pomme
SumDist 23.99 38.59 38.18 44.01
N 25 35 49 57
ANN 0.94 0.47 0.40 0.42

KFC - KFC KFC - Paul KFC - Pomme
SumDist 16.02 45.77 78.61
N 10 34 53
ANN 0.99 0.57 0.78

Paul - Paul Paul - Pomme
SumDist 17.53 30.90
N 24 56
ANN 0.70 0.30

Pomme - Pomme
SumDist 18.74
N 32
ANN 0.65

analyzed.
Table 5.3 presents the level of ANNpairwise index. The ANN ratio allows to quantify and

compare patterns in distributions for stores within- and inter- different fast-food chains. If
the index is less than 1, the pattern exhibits clustering. If the index is greater than 1, the trend
is toward dispersion. The index of around 1 suggests that the pattern is random.

⋆ Case #1. Paris

We first focus on inter-chain stores’ location tendencies in the case of Paris. The stores of all
chains considered pair-wisely, appear to cluster together in Paris, yet, this is happening with
different levels ofmagnitude. In particular, the lowestANNratio of 0.2992 has been obtained
in case of pairwise relations between the stores of Paul and Pomme indicating the strongest
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Table 5.2: The pairwise ANN index. Case #2: Paris and its closer suburbs

Case #2:
Paris and its
closer suburbs

McDo - McDo McDo - Quick McDo - KFC McDo - Paul McDo - Pomme
SumDist 175.74 309.11 318.59 306.06 468.73
N 164 212 191 221 207
ANN 0.99 1.54 1.67 1.49 2.36

Quick - Quick Quick - KFC Quick - Paul Quick - Pomme
SumDist 84.09 124.45 158.20 179.91
N 48 75 105 91
ANN 0.88 1.04 1.12 1.37

KFC - KFC KFC - Paul KFC - Pomme
SumDist 74.90 140.02 149.32
N 27 84 70
ANN 1.04 1.11 1.29

Paul - Paul Paul - Pomme
SumDist 92.42 168.90
N 57 100
ANN 0.89 1.22

Pomme - Pomme
SumDist 47.06
N 43
ANN 0.52
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Table 5.3: The pairwise ANN index. Case #3: The Paris region

Case #3:
The Paris region

McDo - McDo McDo - Quick McDo - KFC McDo - Paul McDo - Pomme
SumDist 672.57 1251.77 1260.17 1518.48 1709.62
N 305 380 356 386 364
ANN 0.70 1.17 1.22 1.41 1.64

Quick - Quick Quick - KFC Quick - Paul Quick - Pomme
SumDist 279.16 390.72 407.89 541.51
N 75 126 156 134
ANN 0.59 0.64 0.60 0.85

KFC - KFC KFC - Paul KFC - Pomme
SumDist 258.88 491.21 440.55
N 51 132 110
ANN 0.66 0.78 0.77

Paul - Paul Paul - Pomme
SumDist 258.43 439.58
N 81 140
ANN 0.52 2.69

Pomme - Pomme
SumDist 142.26
N 59
ANN 0.34
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clustering effects between these two firms. In addition, stores of Quick tend to herd quite in-
tensively with all other outlets (Paul, Pomme,McDonald’s, and KFC) setting the index levels
between 0.3952 and 0.4726. The ratio for the KFC-Paul pair is at the level of 0.5687 indicat-
ing some level of clustering. The McDonald’s-Pomme and McDonald’s-Paul ratios equal to
0.6744 and 0.6031, respectively, suggesting also some forms of herding. In addition, outlets
ofMcDonald’s and KFC seem to cluster together in Paris, yet, the index of 0.7078means that
this process is not very intense. TheKFC andPomme chains do not express strongwillingness
to accrue (index of 0.7823).

⋆ Case #2: Paris and its closer suburbs

Contrary to what is being observed in Paris, stores of McDonald’s and outlets that belong
to all other chains analyzed pair-wisely seem to disperse when we enlarge the considered area
to Paris along with its closer suburbs. This effect is particularly strong for McDonald’s and
Pomme, and McDonald’s and KFC, resulting in the index at the high level of 2.3604 and
1.6702, respectively. Stores which belong to Quick and Pomme tend to disperse as well (the
ANN index is at the level of 1.3664). For various pairwise relationships the index is close to 1
indicating random mutual locations between the following pairs of chains: Quick-KFC and
Quick-Paul. Interestingly, note that this is not the case when only the area of Paris alone is
being analyzed. In addition, the index forKFC-Paul in case of establishments locating in Paris
or its surrounding territory indicates a uniform distribution of the stores (1.1069). Stores of
KFC and Pomme, and Pomme and Paul seem to rather avoid each other (1.2931 and 1.2237,
respectively) in this enlarged territory.

⋆ Case #3: The Paris region

Only two out of five analyzed chains, namely McDonald’s and KFC, opt to locate almost
half of their units in the outer suburbs. For other chains, this fraction is at the level of 16%-
27%. McDonald’s and other stores seem to disperse from each other when the area of the Paris
region is taken into account. It is especially pronounced in case of McDonald’s compared to
Pomme andMcDonald’s compared to Paul. The stores ofQuick still appear to locate in close
proximity to other rival chains (ratios are between 0.5959 - 0.8536). When the Paris region
area is taken into consideration, KFC outlets do not display strong tendencies. The highest
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levels of ANN index, 2.6917 and 1.6352, are obtained in case of pairwise relationships between
Pomme and Paul, and McDonald’s and Pomme. Again, it should be highlighted that the
Pomme chain concentrates its efforts mainly in the city of Paris.

We look next at the behavior of same-chain stores. Interestingly, the ANN index for most
of the same-chain outlets located in Paris or in the area of Paris extended to its closer suburbs
is nearly one indicating that these chains try to uniformly distribute their stores over these
two markets. The strategy of opening stores at equidistant locations throughout the market
has been used by McDonald’s, Quick, and KFC in case of the city of Paris and McDonald’s
and KFC in case of the area of Paris along with its inner ring. Only stores of Paul and Pomme
express tendencies to cluster their stores within Paris focusing their efforts on some specific
zones, and does so Pomme in the ”Paris and its closer suburbs” case.

Twobrands, namely,KFCandMcDonald’s seem tomaster the equidistant location strategy
over the Paris market and the area of Paris together with its closer suburbs, where every store
is opened at equidistant locations. Themost pronounced difference is in the number of stores
established by McDonald’s and KFC. Interestingly, McDonald’s opens 6 times more outlets
than KFC in the area of Paris along with its closer suburbs (164 versus 27) or 5 times more
stores in case of the Paris region (305 versus 51 in total). Overall, KFC is the weakest player
considering the number of openings compared to all other chains. Finally, when the area of
the Paris region is studied, it can be observed that stores of Paul strongly cluster (0.3380) and
do so the outlets of other chains, yet, the magnitude is relatively lower (index takes the value
between 0.5240-0.7028).

Overall, visualization of exact locations of stores and the ANN analysis permit to discover
that some chains tend to asymmetrically segment the market and use different location pat-
terns in different zones of the studiedmarketwhich confirms the observationsmade byTakaki
and Matsubayashi (2013) on differentiations of strategies depending on the area considered.
To summarize, the strongest tendencies to cluster in Paris are observed between the stores of
Pomme and Paul, as well as stores of Quick and all other chains taken pair-wisely. This sug-
gests that these pairs of chains opt for the head-to-head locations keeping only very small dis-
tances from each other and exhibiting a special type of interlacing (Takaki andMatsubayashi,
2013). In the extended area of Paris along with its closer suburbs, all of the chain pairs of both
same-chain and inter-chain stores, beside the Pomme company, disperse or display a perfectly
uniform distribution. In addition, the obtained results suggest that Pomme is prone to con-
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centrate its efforts on a particular confined area by opening many stores covering relatively
small surface, as compared with its competitors, whereas this firm seems to opt for another
strategy in the outer suburbs of the Paris region. Finally, when the whole Paris region area is
investigated, two chains, concretely McDonald’s and KFC seem to keep relatively the longest
distances between their establishments. Another very interesting example of strategy diversi-
fication is presented by Quick. This chain locates its stores in very close proximity to outlets
of other chains in Paris, yet, it does not appear to be the case when the area of Paris along with
its closer suburbs is analyzed.

To visualize different locational strategies of all chains being analyzed, interactivemaps have
been created using Google My Maps29. We investigate next the possible incentives which at-
tract establishments to locate in some particular areas in the subsection 5.6 introducing a lo-
cation choice model for multi-store firms.

5.6 M : R -

In the literature, structural models are often estimated using the nested fixed point algo-
rithm. While this is a useful approach, it often requires considerable central processing unit
time and numerical sophistication on the part of the econometrician (Bajari et al., 2013). In
the review ofDraganska et al. (2008), we read that the computational cost of the nested fixed-
point algorithm has prompted the development of alternative methods, such as the two-step
approach of Bajari et al. (2007) and the nested pseudo likelihood by Aguirregabiria andMira
(2007). Alternatives to the likelihood-based approaches are method of moment (generalized
method of moments) estimators. These estimators rely on the specification of moment con-
ditions based on a structural game.

As highlighted by Seim (2006), the complexity of the expressions for the probabilities in-
creases in thenumber of locations and firm types. Simulation evidence suggests, however, that
the result from simplermodel carries over. Scant academic research has been conducted to de-
velop empirically tractable models of multiple-store firms’ choices, as summarized byNishida
(2015), it is due to the fact that solving and estimating an equilibriummodel of store-network
choice pose substantial computational challenge.

29Visit https://www.google.com/maps/d/edit?mid=1PZpVCQB6SR7-hqhecsEjzm93k90 to see examples of
interactive maps.
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We empirically analyze the behavior of five, potentially asymmetric, chains in the Paris re-
gion, which is economically a highly heterogenousmarket. Asmentioned in the introductory
Section 5.1, even the most recent papers still keep on making some unrealistic assumptions,
such as: no more than two (symmetric) firms competing in a market, a linear market, or uni-
formly distributed consumers. Moreover, most of the papers considering themulti-store firm
location are theoretical. In this project we do not strive for the most elaborate or economet-
rically sophisticated model. Instead, we try to rectify several misconceptions made in other
papers considering the problems of, e.g., demand representation, daytime versus nighttime
population, or the distance to the store. We apply the reduced-form model suggested first by
Bresnahan and Reiss (1991) and further explored by Mazzeo (2002), Toivanen and Waterson
(2005), Reiss (1996), and Berry (1992), Bresnahan and Reiss (1991).

π = Xmβ + g(θ;−→N ) + ϵm. (5.4)

The first term stands for the market demand characteristics that influence firm payoffs. It
should be mentioned that the effect of Xm varies by chain, so it is firm specific. The term
g(θ;−→N ) represents the part of the payoffs which captures the competitive effects. The vector
−→N stands for the stocks of within- and inter-chain competitors. The competitive effects may
differ by type. The error term is assumed to vary with type in a given market and represents
unobserved payoffs from operating as a particular brand in a given market. The error term is
assumed additively separable, independent of the observables, including the number of mar-
ket competition, and identical for each chain of the same type in a given market. This profit
function specification makes the estimation tractable. We leave the extension of this model
for the future research.

To extend this model, for instance, Bajari et al., (2013) apply the two-step estimator. In the
first step, the econometrician estimates the reduced-form of themodel and in the second step,
the structural parameters take the reduced form. The reduced form is the distribution of the
dependent variable given the exogenous variables in the model. The authors find that with
large sample sizes, results are reasonably robust to the specification of the first stage so long as
it is sensibly and flexibly specified.

We use the conditional Logit technique to model the location decisions of newly-formed
stores, i.e., opened in or after the year 2001. In addition, since the distributions of our depen-
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dent variables are relatively skewed, we test also the Tobit - equivalent to the left-censored -
model. The skewness of fast-food chains data has beennoticed also byToivanen andWaterson
(2005), who analyze theMcDonald’s and Burger King data for London. Toivanen andWater-
son (2005) admit that there is an issue of sample for estimation since a substantial proportion
of markets has no outlets of either firm.

To remind, in our application, fast-food chains can choose between 175 alternative markets
to locate their stores. These are 80 districts of Paris and 95 EGT zones. We observe no new
outlets ofMcDonald’s in 103 out of 175 ofmarkets of the Paris region. Itmeans that 125 newly-
created outlets of McDonald’s can be found in 72 zones. Moreover, 139 out of 175 alternative
markets are left with no newly-formed stores of Quick, 133 with no KFC outlets, 158 with no
points of Paul, and finally, POM leaves 134 out of 175 proposed zones with none of its newly-
created stores. The fact that a substantial proportion of markets has no outlets of any firm
can be also observed through the location pattern maps presented in Fig. 5.9.

5.7 E

5.7.1 M

Demand, cost, and competitive factors contribute to profits of firms. The profit function
includes both, market characteristics and market structure. We first study how market char-
acteristics influence the behavior of five chains analyzed. We present the results of the condi-
tional Logit and compare it with the Tobit model’s recommendations. A number of papers
analyze the fast-food chains’ behavior (Toivanen and Waterson, 2005; Igami and Yang, 2016;
Thomadsen, 2007) or the coffee shops locations (Iida andMatsubayashi, 2011). Yet, the focus
in this paper is to reconsider the list of variables taken to proxy the demand level in the mar-
kets. Ourmotivation has been clearly put over in subsection 5.2.5. In the survey byDraganska
et al. (2008), the authors call for a more realistic representation of demand in location choice
models. Later on, other authors including Fransen et al. (2015), Wang (2012), Nishida (2015),
Igami and Yang (2016), Chang and Hsieh (2014), and the founder of Decision Analyst, Jerry
W.Thomas (2007), still express this burning need. These works have substantailly stimulated
the choice of our approach.

Some restrictive assumptions about customer behavior are still present in the existingmod-
els. One of the most common mistakes is targeting people instead of targeting money. Not
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all residents of each community travel the full length of the distance between their commu-
nity and the store location each time they visit a store. Not the entire population should be
treated as potential customers. Igami and Yang (2016) state that usually applied population
and income might not adequately capture the demand. Population statistics usually reflect
the number of residents but not necessarily the real daytime population, potentially criti-
cal in the fast-food industry. For instance, Toivanen and Waterson (2005) use the absolute
number of population, proportion of young population under 16-year old, the proportion
of pensioners, and unemployed rate. The authors state that population is likely the leading
determinant of market size. They add the age group controls since different age groups may
display different tastes for eating hamburgers. Yet, in the reducedmodel of Toivanen andWa-
terson (2005), population turns out to be insignificant in case of Burger King and significant
positive for McDonald’s. A clear distinction between a daytime versus nighttime population
present in a particular area is to be made. To better represent demand, for instance, Igami
and Yang (2016) propose other alternative measures, such as the size of office or commercial
floor space. However, these measures turn out to be out of reach to Igami and Yang. Another
solution they suggest is to test instead the number of traffic lights.

Taking into account all these remarks, we test the following demand proxies:

1. Car flows, pedestrian or all active modes flows (walk, bike and other active modes),
and flows of people using public transport by income level (low, medium, high income
classes), age (18-25, 25-34, andplus), or purpose of the trip (restaurant, shopping, leisure,
professional meeting), hour by hour along the day, and day by day along the week.

2. Flows of tourists visiting themost attractive sites of the Paris region, such asDisneyland
Paris orMuséeduLouvre. These are theplaceswhichhost over 0.5million and 1million
tourists per year.

3. Proportion of a zone dedicated to commercial centers, commerce, offices, universities
and high schools, hospitals, cultural and leisure equipment, congress and exposition
centers. Thus, the proxies suggested by Igami and Yang (2016), i.e., the size of office or
commercial floor space, have been successfully obtained and tested in the models.

4. Number of train, express underground and subway stations.
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5. Train stations: Gare St-Lazare,GareduNord,Garede l’Est,GaredeLyon,Gared’Austerlitz,
Gare Montparnasse.

6. Airports of Charles de Gaulle and Paris Orly.

Firms search for large sources of demand (Thomadsen, 2007). Beside the flows of peo-
ple computed through the EGT Survey, we add variables which proxy the mass of potential
clients passing through the commercial centers, train, express underground and subway sta-
tions, and airports. These are also the places where the fast-food chains declare to locate their
stores (see, e.g., the official website of Paul for details). Fig. 5.1 gives one example of data
representation. This figure identifies, among others, the location points of the most famous
touristic sites and all the train stations in the Paris region. All these proxies have been exam-
ined and the followingones have been eventually selected: flows of people doing shopping,
going to restaurants, or making trips for a leisure purpose; flows of people characterized by
low and medium income; and others which represent the crowds of potential clients passing
through the commercial centers, train, express underground and subway stations, airports,
touristic sites, highways, and nearby high schools, universities, and offices.

When comparing the first part of the results, i.e., how market characteristics influence the
behavior of fast-food chains, especially with the fundings of Toivanen and Waterson (2005)
forMcDonald’s andBurgerKing locating inLondon,wenotice that overall, the variables used
to proxy the demand are highly significant in the fast-food chain location choice models.

We testify that the results of conditional Logit and Tobit models provide very similar re-
sults. For the comparison purposes, we present both model estimations through Tables 5.4 -
5.8. Later on, we focus our attention on the estimation of discrete choice model’s recommen-
dations.

R : A -

We first look at the behavior of the market leader. McDonald’s aims at catching a large
number of people in airports, commercial centers, or in the proximity to universities or high
schools. Moreover, flows of people doing their shopping, spending their time on some leisure
activities or going out with a purpose of eating in a restaurant seem to significantly attract
McDonald’s to establish its businesses nearby their sources.
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We further notice thatQuick opts for locating inside the commercial centers, on highways,
or nearby sites where it can catch a large number of tourists andmiddle-income persons. The
variable ”Tourists” becomes much less significant in the Tobit model. KFC seems to be a
quite particular fast-food chain for whom sufficiently high flows of middle-income people
send the positive sign to locate its stores nearby. In case of this firm, other variables tested do
not turn out to significantly influence its behavior. In case of Paul, a variable that represents
flows of people from lower-income categories carries a negative sign. On the contrary, rather
middle-income people display a tendency to buy in the outlets of Paul. This chain tends to
locate nearby large aggregations of people passing through the train, express underground and
subway stations. In addition, a variable ”Airports” shows a positive, yet, not very significant
effect on the locational decisions of Paul (probability is at the level of 0,2723) according to the
results of the conditional Logitmodel. This positive effect becomes slightlymore pronounced
in the Tobit model (probability equals to 0,1530). We finally observe, that Pomme tends to
locate its outlets in the commercial centers and nearby offices and famous touristic sites, and
other places where flows of medium income people is elevated.

In addition, contrary to the results of Toivanen andWaterson (2005), we obtain the signifi-
cant and positive effect of variable area in all chains being analyzed beside Paul. Toivanen and
Waterson (2005) notice that in both, reduced and structural, models, the variable area carries
insignificant coefficient for fast-food chains.

Finally, by looking at the results from all the models presented in this paper, it seems true
that firms openmore storeswheremore potential consumer agglomerate, which is in linewith
the paper by Janssen et al. (2005). We also notice that consumers seem to be heterogeneous
considering their preferences over various firms (Janssen et al., 2005). For instance, Paul tends
to avoid flows of people from lower-income class. Another example shows that Pomme tries
to locate nearby offices, whereas McDonald’s goes, among others, after younger generation,
establishing its outlets in close proximity to high schools and universities. Overall, firms are
likely to set more locations where their potential consumers are prone to buy from them, as
it was shown in Janssen et al. (2005).

Our main contributions, after analyzing the first part of the model results, are to demon-
strate that, contrary to the paper of Toivanen and Waterson (2005), demand, when properly
accounted for, turns out to be very significant for all the chains studied. Yet, different demand
characteristics shall be used depending on the chain being analyzed. In addition, it should be
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Table 5.4: Location choices of McDonald’s: Focus on market characteristics

MCD: cLogit MCD: Tobit
Est Pr > ChiSq Est Pr > |t|

Constant -16.7196 <.0001 -16.2145 <.0001
Area (log) 1.3227 <.0001 1.8530 <.0001
Airports (dummy) 0.9486 0.0252 1.9920 0.0981
Commercial centers (% of zone) 22.9299 0.0004 46.6546 0.0171
High schools, universities (% of zone) 7.2468 0.0348 14.4959 0.0251
Flows: Shopping, restaurants, leisure (log) 1.0444 <.0001 1.4404 <.0001
Sigma 2.0467 <.0001

Log-likelihood -729.01 Log-likelihood -205.64
Full log-likelihood -729.01 AIC 425.27
AIC 1470.01 Schwarz crit. 447.42
AICC 1470.02
BIC 1517.97

clarified that fast-food firms react differently to market characteristics. Thus, different sets
of variables are finally selected to build the models of five fast-food chain location decisions,
confirming the results of, e.g., Toivanen and Waterson (2005). Assumptions that firms are
symmetric made in several papers (e.g., Takaki andMatsubayashi, 2013; Seim, 2006) seem not
to be valid. Our results caution against the use of simpler representation of demand. Our
method adds behavioral realism to the existing models.

5.7.2 M

Other factors of interest in this paper influencing the location decisions are the market
structure variables. We include the same- and inter-chain stocks of outlets. We test a few dif-
ferent forms of variable which expresses the pre-existing stocks of establishments, concretely,
number of establishments of a chaini; logarithmic values of stocks; densities of stocks (num-
ber of units over the zone’s surface); and we introduce the market structure dummies. In the
latter case, dummies for a particular chain i take a value of one (1) if a particular chain i lo-
cates more of its stores in a market than there are stores of another chain j, where i,j are
McDonald’s, Quick, KFC, Paul, or Pomme and i ̸= j or (2) if a market is dominated by the
leader. Based on the descriptive statistics presented in subsection 5.4, we assume McDonald’s
to be the leader. Only one pre-existing establishment of Pomme was registered before the
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Table 5.5: Location choices of Quick: Focus on market characteristics

Quick: cLogit Quick: Tobit
Est Pr > ChiSq Est Pr > |t|

Constant -17.0206 <.0001 -11.7786 0.0009
Area (log) 0.6870 0.0123 0.5847 0.0215
Commercial centers (% of zone) 23.0050 0.0415 29.4570 0.0761
Flows of medium income people (log) 0.8742 0.0010 0.7920 0.0039
Tourists (log) 0.8660 0.0408 0.6841 0.1983
Highways (log) 0.3113 0.1057 0.3165 0.1129
Sigma 1.5718 <.0001

Log-likelihood -249.92 Log-likelihood -114.84
Full log-likelihood -249.92 AIC 243.68
AIC 511.85 Schwarz crit. 265.83
AICC 511.86
BIC 553.40

Table 5.6: Location choices of KFC: Focus on market characteristics

KFC: cLogit KFC: Tobit
Est Pr > ChiSq Est Pr > |t|

Constant -19.5181 <.0001 -13.7269 <.0001
Area (log) 1.1000 <.0001 0.9690 <.0001
Flows of medium income people (log) 1.0700 <.0001 0.9772 0.0001
Sigma 1.3676 <.0001

Log-likelihood -273.58 Log-likelihood -120.76
Full log-likelihood -273.58 AIC 249.53
AIC 553.15 Schwarz crit. 262.19
AICC 553.16
BIC 574.20
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Table 5.7: Location choices of Paul: Focus on market characteristics

Pau: cLogit Pau: Tobit
Est Pr > ChiSq Est Pr > |t|

Constant -19.8548 0.0018 -15.5490 0.0246
Area (log) 0.1715 0,6543 0.0958 0.8095
Airports (dummy) 1.1941 0.2723 1.9193 0.1530
Flows of low income people (log) -1.2455 0.0348 -1.1765 0.0571
Flows of medium income people (log) 2.2547 0.0063 2.0741 0.0199
Train, subway stations (log) 0.8802 0.0872 0.9723 0.0912
Sigma 1.7637 <.0001

Log-likelihood -107.03 Log-likelihood -63.06
Full log-likelihood -107.03 AIC 140.12
AIC 226.07 Schwarz crit. 162.27
AICC 226.09
BIC 262.72

Table 5.8: Location choices of Pomme: Focus on market characteristics

Pomme: cLogit Pomme: Tobit
Est Pr > ChiSq Est Pr > |t|

Constant -11.7071 <.0001 -7.7669 0.0266
Area (log) 0.3651 0.0226 0.3726 0.0768
Commercial centers (% of zone) 20.0631 0.0015 43.4724 0.0116
Offices (% of zone) 3.2602 0.0103 5.5614 0.0187
Flows of medium income people (log) 0.4885 0.0197 0.4831 0.0828
Tourists (log) 0.9377 0.0004 1.1758 0.0290
Sigma 1.7841 <.0001

Log-likelihood -337.34 Log-likelihood -134.38
Full log-likelihood -337.34 AIC 282.76
AIC 686.69 Schwarz Crit. 304.92
AICC 686.70
BIC 730.04

Table 5.9:Number of newly-created and existing stores

McDonald’s Quick KFC Paul Pomme Total

New (created in or after 2001) 125 43 47 19 58 292
Stock 180 32 4 62 1 279
Total 305 75 51 81a 59 571

aThe headquarters of Paul is located in Belgium.
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year 2001. We therefore remove the variable stock of Pomme from the analysis. One should
be careful about the stock of KFC, since only four stores of KFC were registered before 2001
(see Table 5.9).

Following the idea of Toivanen and Waterson (2005), we add dummies to control for the
omitted market structure, i.e., markets where there are no pre-existing stores established in
a market. We test two variables. The first dummy being considered, builds on the stocks of
all the analyzed chains taken together. This variable demonstrates whether chains locate their
outlets in the new, unfrequentedmarkets, where none of the firms has yet arrived. The second
dummy takes one if there is no stock of a particular chain.

In addition, to control for market specific unobservables, Toivanen and Waterson (2005)
suggest that the number of own and rival outlets in neighboringmarkets be used. Since some
characteristics of potential customers are correlated among neighboring markets, firms may
use information they learn in adjacent markets to update their knowledge of market size in a
particularmarket. We account for the outlets located in the proximity of the analyzedmarkets
using the accessibility measure.
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Table 5.10: Location choices of McDonald’s: Focus on market structure (cLogit)

MCD: MCD: MCD:
Example #1 Example #2 Example #3
Est Pr > ChiSq Est Pr > ChiSq Est Pr > ChiSq

Constant -16.3160 <.0001 -16.1744 <.0001 -17.5760 <.0001
Area (log) 1.3083 <.0001 1.3189 <.0001 1.4424 <.0001
Airports (dummy) 0.9666 0.0235 1.0043 0.0219 1.0760 0.0129
Commercial centers (% of zone) 23.7378 0.0004 21.2073 0.0019 20.2887 0.0020
High schools, universities (% of zone) 7.4543 0.0317 6.2167 0.0844 6.3634 0.0660
Flows: Shopping, restaurants, leisure (log) 1.0012 <.0001 1.0180 <.0001 1.1473 <.0001

Same-chain stores (spillovers) -0.0299 0.0731
Inter-chain stores (spillovers) 0.0179 0.1467

At least 1 McDonald’s in a market (dummy) - 0.5285 0.0223
At least 1 Quick in a market (dummy) - 0.0266 0.9143
At least 1 KFC in a market (dummy) 0.1754 0.6974
At least 1 Paul in a market (dummy) 0.5071 0.0175

McDonald’s dominates Quick (dummy) -0.3453 0.1094

Log-likelihood -726.90 -724.32 -727.76
Full log-likelihood -726.90 -724.33 -727.76
AIC 1469.81 1468.65 1469.52
AICC 1469.81 1468.66 1469.53
BIC 1533.75 1548.58 1525.48
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R : T

First, we present the results from a number ofmodels describing the behavior of the leader,
McDonald’s. These models test different combinations of market structure variables. For in-
stance, the first model presented in Table 5.10 (example #1) includes information on previous
location choices of its own stores (within-chain effects) and past decisions of all its competi-
tors (inter-chain effects). In this model, we apply an accessibility measure to compute the
within-chain and inter-chain effects to account for spatial spillovers from the nearby markets
to control for market specific unobservables. We observe thatMcDonald’s avoids to locate its
new stores in the markets where it has already entered. This can indicate the negative canni-
balization effects. On the other hand,McDonald’s is willing to open its stores where the other
fast-food firms are already active. This effect is positive, yet rather weak.

The secondmodel presented in Table 5.10 (example #2) builds on information on previous
location choices of within-chain stores and past decisions of all its competitors (inter-chain
effects) considered individually. We introduce dummies to control for the omitted market
structure, i.e., markets where there are no pre-existing stores of a particular chain. We notice
that McDonald’s tends to avoid markets where its stores have been already established, possi-
bly keeping in mind the negative effects from cannibalization. McDonald’s is likely to search
for the markets where at least one store of Paul can be found nearby.

The third selected model shown in Table 5.10 (example #3) indicates how the leader reacts
to its potentially main rival, Quick. This model introduces a dummy, which takes one if Mc-
Donald’s dominates over Quick in a particular market. The results of model in Table 5.10
suggest that McDonald’s tries to stay clear from the sites, where the domination of McDon-
ald’s over Quick has been already established.

It is also worth highligting that the market characteristics variables stay quite insensitive to
further extensions using the market structure variables.

R : A -

We look now into the behavior and location tendencies of all five chains being studied.
Based on themodel estimations, the statistics presented in subsection 5.4, and the levels of the
ANNindex computed in subsection 5.5, it becomes visible, that the observed locationpatterns
of analyzed fast-food chains vary significantly confirming the observations of Toivanen and
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Waterson (2005). The firms’ profit functions seem to be heterogenous. Fast-food chains are
prone to react differently to market characteristics and market structure. The set of variables
ultimately selected to build a location choice model for each fast-food chain diverges between
the firms. In this case, imposing symmetry upon firms’ profit functions might be incorrect,
even if they seem similar upon first inspection.

The leader, McDonald’s, enters into the market more frequently than its rivals and it op-
erates over half (305 out of 571) of all shops which belong to five biggest players in the Paris
region. In addition, around 43% of the newly-created stores, i.e., stores opened in or after the
year 2001, belong to McDonald’s.

We summarize next the results from the models which try to answer two following ques-
tions: Are fast-food firms prone to locate in the new markets? Does the situation from the
nearby markets is being considered when choosing a site? We verify the hypothesis made by
Toivanen and Waterson (2005), that location in new markets is less likely than location in
markets where at least one of the analyzed players is already present. We use a variable which
represents new markets and a variable which proxies the overall situation in the nearby mar-
kets. A control variable for the surface of a zone has been equally added.

It turns out (see Table 5.11), that the observation made by Toivanen and Waterson (2005)
seems to be only partially correct in the application to the Paris region since for two out of five
chains, a variable which demonstrates whether chains locate their outlets in the newmarkets,
carries a negative coefficient and for the rest the effect is insignificant. KFC tends to strongly
avoid locating in new markets. Paul’s reaction is similar.

The included control variable which proxies the overall situation in the nearby markets
plays a role in the decision processes of some fast-food chains. In case of all the chains be-
ing studied, the fact that nearby markets are quite busy already hosting some stores, sends a
positive sign to locate in their proximity. Yet, this effect is particularly strong only for Quick
meaning that it carefully considers the situation in the nearby markets when making its deci-
sions. Pomme is also prone to do so, yet, this effect is almost inaudible.

176



Table 5.11: Location choices of all chains: Focus on new market and nearby markets variables (cLogit)

MCD Quick KFC Paul Pomme
Est Pr > ChiSq Est Pr > ChiSq Est Pr > ChiSq Est Pr > ChiSq Est Pr > ChiSq

Constant -5.5617 <.0001 -6.0216 <.0001 -5.3962 <.0001 -5.0817 <.0001 -5.3197 <.0001
Area (log) 0.1734 0.0007 0.2692 0.0053 0.1811 0.0240 -0.1533 0.2376 -0.0084 0.9186
All chain stocks in nearby markets 0.0012 0.9529 0.2656 0.0894 -0.0198 0.6352 0.5058 0.2027 0.1276 0.1542
New market (dummy) -0.1368 0.6375 0.4415 0.4317 -1.3596 0.0437 -1.3061 0.1149 0.4336 0.2453

Log-likelihood -759.88 -257.80 -279.59 -111.49 -353.95
Full log-likelihood -759.88 -257.80 -279.59 -111.49 -353.95
AIC 1527.76 523.60 567.19 230.98 715.89
AICC 1527.76 523.60 567.19 230.99 715.90
BIC 1559.73 551.30 595.25 255.42 744.79
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We study now in more details the variables that proxy the influence from the same- and
inter-chain stores (see Table 5.12). Existing same-chain stores tend to decrease the probability
of location choice in a particular market, indicating possible negative cannibalization effects
in case of MDonald’s. This effect is also negative for Quick and KFC, yet, very weak or not
significant. On the other hand, we further observe very weak positive spillovers of Pomme on
its stores and Paul on its outlets indicating some level of clustering.

We observe positive learning effect, e.g., of Paul onMcDonald’s and negative stealing effect
in case of other pairs of fast-food firms, e.g., Quick seems to avoid locating in the direct prox-
imity to the leader, McDonald’s, indicating a potential fear of the stealing effects, confirming
the fundings of Neven (1987) that profits tend to decrease along with a more intense com-
petition. KFC tends to collocate with Quick and seem to select different markets than Paul.
Quick has a tendency to follow KFC and Paul, yet, this effect is rather negligible (significance
is at the level of 0.2241 and 0.2845). Pomme is also prone to collocate with Paul and KFC.

According to Toivanen and Waterson (2005), traditional industrial organization theories
cannot explain the positive effect of rival presence on own entry, learning models can. The
most plausible explanation of the results is therefore firm learning from each other. Their
results suggest that learning effects are strong enough to dominate any negative effects that
competition between firms may have on entry decisions.

In addition, the significance of dummies for Paris and the outer suburbs (keeping the closer
suburbs as a reference) has been tested. When extending the models using the dummies for
markets within Paris and in the far away suburbs, these variables turn out insignificant for
McDonald’s, Quick, Paul, and Pomme, whereas in case of KFC, its decisions are towards the
faraway suburbs. This effect, however, is relatively weak.

It has been demonstrated again that the market characteristics variables stay quite insensi-
tive to extending the models using the market structure variables.

The charts presented in Fig. 5.5 only partly confirm the fundings ofNeven (1987) that early
entrants tend to locate around the center and with more numerous firms, successive entrants
locate inmore distant slots of themarket. It seems to be true in case ofMcDonald’s and KFC.
Yet, e.g., Pomme concentrates its efforts in the very central parts of the Paris region. Based
on the ANN ratio in case of Pomme, we confirm the observations made by Thomas (2007)
that numerous fast-food restaurants chains typically focus on a limited geographic area to
achieve consolidation/concentration of force. This is called a geographic segmentation. Firms
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Table 5.12: Location choices of all chain stores: Focus on same- and inter-chain effects (cLogit)

MCD Quick KFC Paul Pomme
Est Pr > ChiSq Est Pr > ChiSq Est Pr > ChiSq Est Pr > ChiSq Est Pr > ChiSq

Constant -16.1350 <.0001 -16.5392 0.0002 -19.8657 <.0001 -21.2135 0.0050 -10.5210 0.0007
Area (log) 1.3046 <.0001 0.8004 0.0105 1.0614 0.0004 0.1556 0.7134 0.4034 0.0329
Commercial centers (% of zone) 21.3492 0.0018 19.3344 0.0960 16.3810 0.0168
Offices (% of zone) 4.0846 0.0035
High schools, universities (% of zone) 6.2851 0.0816
Flows of low income people (log) -1.2949 0.0311
Flows of medium income people (log) 0.8348 0.0083 1.0609 0.0010 2.3195 0.0108 0.4405 0.0562
Flows: Shopping, restaurants, leisure (log) 1.0193 <.0001
Tourists (log) 0.8442 0.0519 1.0201 0.0001
Airports (dummy) 0.9996 0.0226 1.6257 0.1465
Train, subway stations (log) 0.9526 0.0716
Highways (log) 0.2968 0.1416

At least 1 McDonald’s in a market (dummy) -0.4544 0.1219 -0.8055 0.1544 0.4743 0.4236 -0.2471 0.7504 -0.2958 0.4829
At least 1 Quick in a market (dummy) -0.0189 0.9396 -0.5978 0.1814 0.5190 0.1542 -0.3009 0.6488 -0.4777 0.2376
At least 1 KFC in a market (dummy) 0.1556 0.7324 0.8372 0.2241 -0.6398 0.5433 -0.5878 0.6183 0.9619 0.1031
At least 1 Paul in a market (dummy) 0.5177 0.0162 0.4035 0.2845 -0.5547 0.1571 0.6190 0.3242 0.4935 0.1418
New/Unfrequented market (dummy)
Stocks in nearby markets (all chains) -0.0086 0.6759 0.1737 0.1704 -0.0204 0.6235 0.5655 0.2484 0.0612 0.3908

Log-likelihood -724.24 -245.92 -271.47 -104.19 -334.23
Full log-likelihood -724.24 -245.92 -271.47 -104.19 -334.23
AIC 1470.48 513.84 558.94 230.38 690.47
AICC 1470.49 513.88 558.96 230.46 690.49
BIC 1558.40 590.03 615.06 297.58 769.94
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segment the market by attacking a restricted geographic area.

The outcomes of studying maps in Fig. 5.8 and Fig. 5.9 are in line with the observations
made by Takaki andMatsubayashi (2013), that a leader may be using two opposing locational
strategies: (1) a segmentation strategy where the leader opens its outlets at small and equal
distances to prevent the entry of its rivals. Yet, at the same time, the cannibalization of sales
between stores is probable. Thus, the segmentation strategy is likely to decrease the surplus
of firms, (2) an equidistant location strategy which consists of opening stores equidistantly
throughout the market.

Peng and Tabuchi (2007) believe that firms hardly establish stores at edges of our outside
consumer distributions. Interestingly, when observing the decisions of KFC, this remarkmay
not be telling the true story described by the maps Fig. 5.8 and Fig. 5.9.

5.8 C

This paper shed light on competing firms with multiple component units. Rather than
striving for a very sophisticatedmodel, we attempted to remedy certainmisconceptionsmade
in other papers. First, we considered five asymmetric fast-food chains. Further, we insisted on
including intra- and inter-chain pre-existing stores, which are usually unsung in the literature.
Finally, we proposed to reconsider the list of variables commonly used to capture the demand
level in a market.

Firms, such as fast-food chains, search for major sources of demand trying to attract the
greatest number of potential customers. Yet, some unrealistic assumptions about customer
behavior are still present in the existing models. Usually applied population and income
might not adequately capture the demand. One of the most common mistakes is targeting
people instead of targeting money. Not all residents of each community travel the full length
of the distance between their community and the store location each time they visit an outlet.
Not the entire population should be treated as potential customers. Motivated by works by
Draganska et al. (2008), Fransen et al. (2015), Wang (2012), Nishida (2015), Igami and Yang
(2016), Chang and Hsieh (2014), and suggestions made by the founder of Decision Analyst,
Jerry W. Thomas (2007), among others, we found it particularly relevant to carefully define
market segments and to select potential customer groups by observing their characteristics,
their mobility patterns, and purpose of their activities during the day and week. We empha-
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sized the need to state a clear difference between the daytime and nighttime population. We
tested a number of proxies to capture more appropriately the demand level, to eventually se-
lect the following ones: flows of people doing shopping, going to restaurants, or making trips
for a leisure purpose; flows of people characterized by low and medium income; and others
which represent the crowds of potential clients passing through the commercial centers, train,
express underground and subway stations, airports, touristic sites, highways, and nearby high
schools, universities, and offices.

Our main contributions were to demonstrate that the observed location patterns of ana-
lyzed fast-food chains vary significantly. Fast-food chains react differently to market charac-
teristics and market structure. Thus many papers which assume that firms are homogenous
maybe incorrect. Contrary to some existing literature, demand,whenproperly accounted for,
turned out to be very significant for all chains being studied. In addition, different demand
characteristics shall be used to capture demand depending on the chain being analyzed.

For the purpose of this paper, a unique database has been created. Detailed information on
five Parisian strongest players in the fast-food industry has been manually drawn (using the
SIREN code of each firm) from the SIRENE/INSEE websites and its consistency has been
verified with the official websites of each fast-food chain, so that some missing addresses were
added to our database, not existing any more establishments deleted, or some coordinates of
several entities adjusted. In this way a unique database has been built, which has been never
used in any other application.

We acknowledge that the reduce-formmodel proposed in this paper is not a very advanced
solution from the methodological and econometrical point of view. We wish to extend it
further in a close future, for instance, treating it as a base for the two-stage structural model.
Yet, we believe, that a necessary call for the more realistic representation of the demand and a
clear difference between the daytime and nighttime population have been made and certain
misconceptions made in other papers have been rectified. Our results caution in particular,
against the use of simpler representation of demand. Our method adds behavioral realism to
the existingmodels that are typically based on static, nighttime representations of population.
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6
Concluding remarks

The level of establishment location analysis in the existing literature has not yet reached the
highest methodological standard. In this thesis, we focused on accommodation of spatial as-
pects and strategic interactions for location choices to provide a more realistic, more explicit,
and richer picture of the regional linkages reinforcing local growth and economic develop-
ment. In addition, we tried to rectify several false assumptions and misconceptions made in
the existing literature, such as the use of Euclidean distance to capture interactions between
neighboring observations no matter the terrain analyzed, establishments acting in isolation
and ignoring others players’ decisions, perception of the industry in terms of independent
store, or finally a static, nighttime representation of demand in decisions of revenue-oriented
sectors for which high customer- or user-contact seems to be critical. We believe that this the-
sis delivers a number of novel solutions and demonstrates the need to reconsider some critical
aspects of location choices.

This thesis has concentrated on the Paris region, which typifies an interesting site for an-
alyzing business location decisions in an intra-metropolitan context, as it is characterized by
a sufficient level of spatial and industrial heterogeneity. First, the Paris region is a vibrant
and innovative site with over 11.7 million residents and 5.6 million jobs. It is the leading re-
search and development hub in Europe. Yet, its economy is spatially unbalanced, especially
regarding economic activity. Some of its markets continually accommodate newly-formed

187



establishments whereas a large group of municipalities is left with no new creation of estab-
lishments. Second, the Paris region is an appealing territory to address, where the problems
of high congestion, speed limits, or uncrossable physical barriers (such as rivers or industrial
corridors, that can diminish or completely eliminate the linkage between neighboring areas)
clearly apply. These arguments strongly suggest the need to derive advantages from several
disciplines, namely, spatial econometrics, industrial organization, transport economics, along
with land use planning or real estate studies to secure more realistic models of establishment
locational choices.

Four papers of which this thesis is comprised, sought to open a dialoguewith numerous re-
searchers, who voiced in their works some complaints and burning needs to be accomplished.
For instance, the first paper (Chapter 2) is the return toBhat et al. (2014) andLiviano-Solís and
Arauzo-Carod (2013), who acknowledge that heretofore scholars have not fully inquired into
the specifics of the hurdle model method when analyzing location phenomena. In addition,
the first paper responds to the remarkmade byDubé et al. (2016) that the existing literature of
location choices relies on aggregate geographic entities (e.g., municipalities) with the implicit
consequence of limiting patterns to choices occurring only between these administrative ar-
eas. Our second paper (Chapter 3) is a reaction to the discontent expressed by Miller and
Wentz (2003) that with the advent of powerful computers and ”big data” many researchers
still overwhelmingly apply the Euclideanmetric without realizing its underlying assumptions
or its alternatives. The third paper (Chapter 4) takes into consideration the suggestion made
in the survey by Draganska et al. (2008) on how a game-theoric framework can aid in con-
struction and estimation of interrelated choice models. In the literature on location choices
of establishments, one can find industry-specific regressions, i.e., where only one activity sec-
tor, typically an industrial or a retail sector, is considered at a time. In very sparse empirical
applications, when locational choice models are developed for several activity sectors, each
model is typically run independently. The last paper (Chapter 5) is the answer to Draganska
et al. (2008), Fransen et al. (2015), Wang (2012), Nishida (2015), Igami and Yang (2015), Chang
and Hsieh (2014), and the founder of Decision Analyst, Jerry W. Thomas (2007), who iden-
tify that some unrealistic assumptions about customer behavior are still present in existing
models and that usually applied static, nighttime representations of population and income
might inadequately capture the demand. In addition, when writing this this we kept in mind
a request made by Chatman et al. (2016), to further explore the relationship of establishment

188



and firm births to transportation services.

6.1 M

All research objectives outlined in the introduction have been fulfilled. We inscribe the
individual contributions of each chapter in the following.

Chapter 2 (Paper 1) addressed the excess of zeros problem in the location choice model
in highly heterogeneous geographic areas. In addition, since the final decision of an estab-
lishment seems to be related to the surrounding economic landscape, it proposed a way to
accommodate spatial spillovers in location decisions. The approach was twofold. In the first
step, we estimated standard non-spatial nested and non-nested count data models. Six tech-
niques of count data models, namely Poisson, ZIP, ZIP tau, NB, ZINB, and hurdle-Poisson
model, have been tested. Each model type has been run with variables that represent: access
to the workforce, demographic characteristics, physical quality, availability of vacant land,
availability of dedicated floor space, accessibility to transport infrastructure (access to pub-
lic transit networks, road networks), access to other amenities such as universities, services
and commerce, pre-existing large establishments and within-industry entities, and prices and
tax levels. Particular attention was paid to distinguish outcomes across different activity sec-
tors. In the second step, we ran these count data models accommodating spatial spillovers
for location decisions. In this way, we obtained results from 84 models. We compared all
the obtained results and chose the best performing hurdle-Poisson model. In all the analyzed
cases, the results from themodels runwith the distancematrix indicated that accommodating
spatial spillovers significantly improves the model’s performance. We thus suggest account-
ing for spatial spillovers when modeling establishment location choice. In addition, when
the observed data display a higher fraction of zeros than would be typically explained by the
standard count data models, the use of hurdle models can be advocated.

Chapter 3 (Paper 2) explored further the hurdle model technique and establishment lo-
cation decisions in relation to both the characteristics of their immediate economic environ-
ment as well as their relative position to surrounding economic landscape. This chapter con-
tributed to the literature on location modeling entreating a discussion on new directions for
empirical explorations using more appropriate econometric tools and putting more consid-
eration on the definition of distance itself. Chapter 3 proposed one of the first formulations
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and applications of spatial count data models of location choice in regional science, wherein
various metrics other than Euclidean distance are investigated to account for the linkage be-
tween neighboring observations. Rather than locking researchers into a restrictive structure
of the weight matrix, this study proposed a flexible approach to intimate which distance met-
ric is more appropriate to correctly account for the nearby markets. Seven metrics have been
considered: Euclidean distance, travel times by car (for the peak and off-peak periods) and
by public transit, and the corresponding network distances. A probabilistic mixture of two
”mono-distance” hurdle-Poisson models has been developed by means of this chapter. Each
model’s latent class used a different distance representation to incorporate spillover effects in
location choices of establishments from several activity sectors.

This chapter suggested that in areas where high congestion or uncrossable physical bar-
riers problems clearly arise, distances purely based on topography may not be the most ap-
propriate for the study of intra-urban location to capture interactions between neighboring
observations. For all economic sectors considered, themixture of hurdle-Poissonmodels per-
formed markedly better than the ”pure” mono-distance models, emphasizing the usefulness
of our approach. This corroborated that spatial spillovers are indeed channeled by different
means, hence best represented using several metrics. Second, the combination of peak and
off-peak road times (slightly) outperformed other combinations including the Euclidean dis-
tance. This supported the choice of meaningful over more abstract metrics in spatial econo-
metric models. The distance measure being most likely to capture spatial spillovers varied
depending on the economic sector. The peak travel time strongly predominated for estab-
lishments from the construction and special, scientific and technical activities sectors, while
the off-peak travel time or the Euclidean distance (depending on the pair of metrics used)
seemed to prevail for the real estate sector, reflecting differences between sectors in operations
and location choice criteria.

Themodel specification proposed in the third chapter, based on amixture of spatial count
models, can easily be applied to other fields as well as to other forms of spatial dependence
including interregional flows based on economic distance, trade, or innovation.

Chapter 4 (Paper 3) had for themain objective to further improve the location choicemod-
els by implementing the strategic interactions between the newly-created establishments re-
garding their location choice relative to their activity sector. It discussed a strategic game with
imperfect information, i.e., it employed a Bayesian Nash game, assuming within-group ho-
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mogeneity and heterogeneity between groups. In the literature on location choices of estab-
lishments, one can find industry-specific regressions, i.e., only one activity sector, typically an
industrial or a retail sector, is considered at a time. In very sparse empirical applications, when
locational choice models are developed for several activity sectors, each model is typically ex-
ecuted independently. The novelty of this paper was to simultaneously run location choice
models for a number of establishment types, so that decisions of newly-created establishments
on other establishments’ births could have been examined.

We found the impact of asymmetries in strategic effects for establishments of different
types. The influence of variables that captured market conditions at each location, such as
demand and cost factors, local agglomeration measures, or within-industry economies (own-
industry competition effects versusMarshallian agglomeration economies), and inter-industry
economies (Jacobsian agglomeration economies) were found to be critical in establishments’
location decisions, yet quite different depending on the establishment type. Strategic interac-
tions between seven various establishment types have been represented in a form of a matrix.
We found strong negative effects among pre-existing establishments of the same type con-
firming the results of, e.g., Chatman et al. (2016), who suggested that the fact that number of
establishments in the same industry category tends to negatively predict the number of estab-
lishments in that industry may indicate that the own-industry competition effect overrides
any localized Marshallian agglomeration economies. What has not been yet demonstrated in
the literature, is that new establishments were likely to enter the market where other newly-
created establishments of the same type have just located.

Chapter 5 (Paper 4) aimed to carefully reconsider the list of variables usually used to cap-
ture the demand level in a market in the case of services or commerce for which location is a
main determinant of revenue and the high customer- or user-contact is indispensable. Stores,
such as fast-food restaurants, which are the focus of this chapter, as well as coffee shops, su-
permarkets, bank branches, do have a direct impact on demand and can be cited as examples.

For the purpose of this chapter, a unique database has been created. Detailed information
on five Parisian strongest players in the fast-food industry has been manually drawn (using
the SIREN code of each firm) from the SIRENE/INSEE source and its consistency has been
compared with the official websites of each fast-food chain, so that some missing addresses
were added to our database or someother coordinatesmodified. In thisway a unique database
has been created, which has been never used in any other application.
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Theneed to state a clear difference between the daytime andnighttimepopulationhas been
emphasized. Demand proxies used in the models included flows of people doing shopping,
going out to eat in restaurants, ormaking trips for a leisure purpose; flows ofmiddle- and low-
income persons; and other variables which represent the crowd of potential clients passing
through the commercial centers, train, express underground and subways stations, airports,
highly touristic sites, highways, and themass of potential clients coming from the nearby high
schools, universities, and offices.

Conditional Logit and Tobit models have been applied to model the locational choices of
fast-food chains. We acknowledged that the reduce-formmodel to explain the location strate-
gies of multi-store fast-food firms, proposed in this chapter, was not the most sophisticated
solution from themethodological and econometrical point of view and canbe treated as a base
for the two-stage structural model to be extended in the future. Yet, the outcomes from this
chapter demonstrated that the observed locational patterns of analyzed fast-food chains were
prone to diverge. Fast-food chains reacted distinctively to market characteristics and market
structure making existing papers rethink their assumption on homogenous firms. Contrary
to some existing literature, demand, when properly expressed, turned out to be very signif-
icant for all chains investigated. In addition, different demand characteristics were used to
capture demand depending on the chain being examined. Our results cautioned against the
simplistic representation of demand. Our method added behavioral realism to the existing
models that are typically based on static, nighttime representations of population.

6.2 P

More realistically designed location choice models accounting for spatial spillovers, strate-
gic interaction, price endogeneity, and with a more appropriate definition of distance and
demand can become a powerful and flexible tool. This tool assists in finding a befitting site,
which in turn canmake an implicative difference for the newly-created business. The contents
of this thesis provide some useful recommendations for city planners, transport analysts, real
estate agents, plan developers, urban social theorists, for entrepreneurs, business owners, and
shopping center investors.
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6.3 F

We asked a number of burning questions through this thesis and attempted to open the
door to possible answers or at least to stimulate further reflection on location choice models.
We recognize that substantial work remains in dealing with important limitations of this the-
sis itself. Specifically, we call for the robustness check of results produced by the means of the
hurdle, zero-inflated, or Tobit models to account for the excess of zeros problem. A number
of papers cited in this thesis, demonstrated that in the similar cases to ours, the distribution
of newly-formed establishments is heavily skewed. Examples include the paper of Liviano-
Solís and Arauzo-Carod (2014) who studied the Catalan establishment entries and Toivanen
and Waterson (2005) who carried fast-food chain data analysis for London. When the ter-
rain being analyzed is highly heterogeneous, few sites host a large number of newly-formed
establishments, whereas a large group of sites are left with no new entries.

First, using the data for the Paris region, it has been demonstrated in the first paper of this
thesis, that a proportion of municipalities left with no new creation ranges from 34 % up to
61 % depending on the sector being analyzed. Second, the skewness of newly-formed fast-
food stores data was acknowledged in the fourth paper. In our application of fast-food data
in the case of the Paris region, each outlet of five fast-food chains was choosing one out of
175 alternative markets, these were 80 districts of Paris and 95 EGT zones for the rest of the
Paris region. We observed no newly-formed outlets of McDonald’s in 103 out of 175 of sites.
Moreover, 139 out of 175 alternativemarkets were left with no new stores ofQuick, 133with no
KFC outlets, 158 with no points of Paul, and finally, POM left 134 out of 175 proposed zones
with none of its newly-created stores.

We spur the researchers to further investigate how to distinguish the zeros in the data to
be the ”true” zeros or the ”false” zeros. For instance, ”true” or ”structural” zeros occur if es-
tablishments have a possibility, yet, have no incentives to locate in some particular sites of
the terrain being studied, whereas the ”false” zeros are due to design, survey, or observer er-
rors. Additional tests should be proposed. The number (or proportion) of zeros depends on
the length of the observed period, and that the robustness of the results could be tested, for
example, by reducing this period.

Other fertile fields yet to be cultivated include: (1) more investigations using continuous
or spatial micro-data on individual establishments (see Dubé et al., 2016), (2) vertical in addi-
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tion to the traditional horizontal location choices (see Liu et al., 2016), (3) further analysis on
strategic games and complex questions about dynamics in location strategies of multi-store
heterogenous firms, in particular (see various works of Aguirregabiria), (4) and finally incor-
poration of spatial dependence in discrete choice and count data models (see Liesenfeld et al.,
20161). We hope to respond to some of these issues in the near future.

1Two papers that propose some solutions to these problems and have not been listed in the references of this
thesis are: (1) Liu, C.H., S.S Rosenthal, and W.M. Strange (2016). The Vertical City: Rent Gradients, Spatial
Structure, and Agglomeration Economies. Working Paper and (2) Liesenfeld, R., J.-F. Richard, and J. Vogler
(2016). Likelihood-Based Inference and Prediction in Spatio-Temporal Panel CountModels for Urban Crimes.
Journal of Applied Econometrics, http://dx.doi.org/10.1002/jae.2534.
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Appendix

Code Activity sector, NAF nomenclature - Rev. 2
Section A AGRICULTURE, FORESTRY AND FISHING
01 Crop and animal production, hunting and related service activities
01.1 Growing of non-perennial crops
01.2 Growing of perennial crops
01.3 Plant propagation
01.4 Animal production
01.5 Mixed farming
01.6 Support activities to agriculture and post-harvest crop activities
01.7 Hunting, trapping and related service activities
02 Forestry and logging
02.1 Silviculture and other forestry activities
02.2 Logging
02.3 Gathering of wild growing non-wood products
02.4 Support services to forestry
03 Fishing and aquaculture
03.1 Fishing
03.2 Aquaculture
Section B MINING AND QUARRYING
05 Mining of coal and lignite
05.1 Mining of hard coal
05.2 Mining of lignite
06 Extraction of crude petroleum and natural gas
06.1 Extraction of crude petroleum
06.2 Extraction of natural gas
07 Mining of metal ores
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Code Activity sector, NAF nomenclature - Rev. 2
07.1 Mining of iron ores
07.2 Mining of non-ferrous metal ores
08 Other mining and quarrying
08.1 Quarrying of stone, sand and clay
08.9 Mining and quarrying n.e.c.
09 Mining support service activities
09.1 Support activities for petroleum and natural gas extraction
09.9 Support activities for other mining and quarrying
Section C MANUFACTURING
10 Manufacture of food products
10.1 Processing and preserving of meat and production of meat products
10.2 Processing and preserving of fish, crustaceans and molluscs
10.3 Processing and preserving of fruit and vegetables
10.4 Manufacture of vegetable and animal oils and fats
10.5 Manufacture of dairy products
10.6 Manufacture of grain mill products, starches and starch products
10.7 Manufacture of bakery and farinaceous products
10.8 Manufacture of other food products
10.9 Manufacture of prepared animal feeds
11 Manufacture of beverages
11.0 Manufacture of beverages
12 Manufacture of tobacco products
12.0 Manufacture of tobacco products
13 Manufacture of textiles
13.1 Preparation and spinning of textile fibers
13.2 Weaving of textiles
13.3 Finishing of textiles
13.9 Manufacture of other textiles
14 Manufacture of wearing apparel
14.1 Manufacture of wearing apparel, except fur apparel
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Code Activity sector, NAF nomenclature - Rev. 2
14.2 Manufacture of articles of fur
14.3 Manufacture of knitted and crocheted apparel
15 Manufacture of leather and related products
15.1 Tanning and dressing of leather; manufacture of luggage, handbags, saddlery and

harness; dressing and dyeing of fur
15.2 Manufacture of footwear
16 Manufacture of wood and of products of wood and cork, except furniture; manu-

facture of articles of straw and plaiting materials
16.1 Sawmilling and planing of wood
16.2 Manufacture of products of wood, cork, straw and plaiting materials
17 Manufacture of paper and paper products
17.1 Manufacture of pulp, paper and paperboard
17.2 Manufacture of articles of paper and paperboard
18 Printing and reproduction of recorded media
18.1 Printing and service activities related to printing
18.2 Reproduction of recorded media
19 Manufacture of coke and refined petroleum products
19.1 Manufacture of coke oven products
19.2 Manufacture of refined petroleum products
20 Manufacture of chemicals and chemical products
20.1 Manufacture of basic chemicals, fertilizers and nitrogen compounds, plastics and

synthetic rubber in primary forms
20.2 Manufacture of pesticides and other agrochemical products
20.3 Manufacture of paints, varnishes and similar coatings, printing ink and mastics
20.4 Manufacture of soap and detergents, cleaning and polishing preparations, per-

fumes and toilet preparations
20.5 Manufacture of other chemical products
20.6 Manufacture of man-made fibres
21 Manufacture of basic pharmaceutical products and pharmaceutical preparations
21.1 Manufacture of basic pharmaceutical products
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Code Activity sector, NAF nomenclature - Rev. 2
21.2 Manufacture of pharmaceutical preparations
22 Manufacture of rubber and plastic products
22.1 Manufacture of rubber products
22.2 Manufacture of plastics products
23 Manufacture of other non-metallic mineral products
23.1 Manufacture of glass and glass products
23.2 Manufacture of refractory products
23.3 Manufacture of clay building materials
23.4 Manufacture of other porcelain and ceramic products
23.5 Manufacture of cement, lime and plaster
23.6 Manufacture of articles of concrete, cement and plaster
23.7 Cutting, shaping and finishing of stone
23.9 Manufacture of abrasive products and non-metallic mineral products n.e.c.
24 Manufacture of basic metals
24.1 Manufacture of basic iron and steel and of ferro-alloys
24.2 Manufacture of tubes, pipes, hollow profiles and related fittings, of steel
24.3 Manufacture of other products of first processing of steel
24.4 Manufacture of basic precious and other non-ferrous metals
24.5 Casting of metals
25 Manufacture of fabricated metal products, except machinery and equipment
25.1 Manufacture of structural metal products
25.2 Manufacture of tanks, reservoirs and containers of metal
25.3 Manufacture of steam generators, except central heating hot water boilers
25.4 Manufacture of weapons and ammunition
25.5 Forging, pressing, stamping and roll-forming of metal; powder metallurgy
25.6 Treatment and coating of metals; machining
25.7 Manufacture of cutlery, tools and general hardware
25.9 Manufacture of other fabricated metal products
26 Manufacture of computer, electronic and optical products
26.1 Manufacture of electronic components and boards
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Code Activity sector, NAF nomenclature - Rev. 2
26.2 Manufacture of computers and peripheral equipment
26.3 Manufacture of communication equipment
26.4 Manufacture of consumer electronics
26.5 Manufacture of instruments and appliances for measuring, testing and navigation;

watches and clocks
26.6 Manufacture of irradiation, electromedical and electrotherapeutic equipment
26.7 Manufacture of optical instruments and photographic equipment
26.8 Manufacture of magnetic and optical media
27 Manufacture of electrical equipment
27.1 Manufacture of electric motors, generators, transformers and electricity distribu-

tion and control apparatus
27.2 Manufacture of batteries and accumulators
27.3 Manufacture of wiring and wiring devices
27.4 Manufacture of electric lighting equipment
27.5 Manufacture of domestic appliances
27.9 Manufacture of other electrical equipment
28 Manufacture of machinery and equipment n.e.c.
28.1 Manufacture of general-purpose machinery
28.2 Manufacture of other general-purpose machinery
28.3 Manufacture of agricultural and forestry machinery
28.4 Manufacture of metal forming machinery and machine tools
28.9 Manufacture of other special-purpose machinery
29 Manufacture of motor vehicles, trailers and semi-trailers
29.1 Manufacture of motor vehicles
29.2 Manufacture of bodies (coachwork) formotor vehicles; manufacture of trailers and

semi-trailers
29.3 Manufacture of parts and accessories for motor vehicles
30 Manufacture of other transport equipment
30.1 Building of ships and boats
30.2 Manufacture of railway locomotives and rolling stock
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Code Activity sector, NAF nomenclature - Rev. 2
30.3 Manufacture of air and spacecraft and related machinery
30.4 Manufacture of military fighting vehicles
30.9 Manufacture of transport equipment n.e.c.
31 Manufacture of furniture
31.0 Manufacture of furniture
32 Other manufacturing
32.1 Manufacture of jewelry, bijouterie and related articles
32.2 Manufacture of musical instruments
32.3 Manufacture of sports goods
32.4 Manufacture of games and toys
32.5 Manufacture of medical and dental instruments and supplies
32.9 Manufacturing n.e.c.
33 Repair and installation of machinery and equipment
33.1 Repair of fabricated metal products, machinery and equipment
33.2 Installation of industrial machinery and equipment
Section D ELECTRICITY, GAS, STEAM AND AIR CONDITIONING SUPPLY
35 Electricity, gas, steam and air conditioning supply
35.1 Electric power generation, transmission and distribution
35.2 Manufacture of gas; distribution of gaseous fuels through mains
35.3 Steam and air conditioning supply
Section E WATER SUPPLY; SEWERAGE, WASTE MANAGEMENT AND REMEDIA-

TION ACTIVITIES
36 Water collection, treatment and supply
36.0 Water collection, treatment and supply
37 Sewerage
37.0 Sewerage
38 Waste collection, treatment and disposal activities; materials recovery
38.1 Waste collection
38.2 Waste treatment and disposal
38.3 Materials recovery
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Code Activity sector, NAF nomenclature - Rev. 2
39 Remediation activities and other waste management services
39.0 Remediation activities and other waste management services
Section F CONSTRUCTION
41 Construction of buildings
41.1 Development of building projects
41.2 Construction of residential and non-residential buildings
42 Civil engineering
42.1 Construction of roads and railways
42.2 Construction of utility projects
43 Specialised construction activities
43.1 Demolition and site preparation
43.2 Electrical, plumbing and other construction installation activities
43.3 Building completion and finishing
43.9 Other specialised construction activities
Section G WHOLESALE AND RETAIL TRADE; REPAIR OF MOTOR VEHICLES

AND MOTORCYCLES
45 Wholesale and retail trade and repair of motor vehicles and motorcycles
45.1 Sale of motor vehicles
45.2 Maintenance and repair of motor vehicles
45.3 Sale of motor vehicle parts and accessories
45.4 Sale, maintenance and repair of motorcycles and related parts and accessories
46 Wholesale trade, except of motor vehicles and motorcycles
46.1 Wholesale on a fee or contract basis
46.2 Wholesale of agricultural raw materials and live animals
46.3 Wholesale of food, beverages and tobacco
46.4 Wholesale of household goods
46.5 Wholesale of information and communication equipment
46.6 Wholesale of other machinery, equipment and supplies
46.7 Other specialised wholesale
46.9 Non-specialised wholesale trade
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Code Activity sector, NAF nomenclature - Rev. 2
47 Retail trade, except of motor vehicles and motorcycles
47.1 Retail sale in non-specialised stores
47.2 Retail sale of food, beverages and tobacco in specialised stores
47.3 Retail sale of automotive fuel in specialised stores
47.4 Retail sale of information and communication equipment in specialised stores
47.5 Retail sale of other household equipment in specialised stores
47.6 Retail sale of cultural and recreation goods in specialised stores
47.7 Retail sale of other goods in specialised stores
47.8 Retail sale via stalls and markets
47.9 Retail trade not in stores, stalls or markets
Section H TRANSPORTATION AND STORAGE
49 Land transport and transport via pipelines
49.1 Passenger rail transport, interurban
49.2 Freight rail transport
49.3 Other passenger land transport
49.4 Freight transport by road and removal services
49.5 Transport via pipeline
50 Water transport
50.1 Sea and coastal passenger water transport
50.2 Sea and coastal freight water transport
50.3 Inland passenger water transport
50.4 Inland freight water transport
51 Air transport
51.1 Passenger air transport
51.2 Freight air transport and space transport
52 Warehousing and support activities for transportation
52.1 Warehousing and storage
52.2 Support activities for transportation
53 Postal and courier activities
53.1 Postal activities under universal service obligation
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Code Activity sector, NAF nomenclature - Rev. 2
53.2 Other postal and courier activities
Section I ACCOMMODATION AND FOOD SERVICE ACTIVITIES
55 Accommodation
55.1 Hotels and similar accommodation
55.2 Holiday and other short-stay accommodation
55.3 Camping grounds, recreational vehicle parks and trailer parks
56 Food and beverage service activities
56.1 Restaurants and mobile food service activities
56.2 Event catering and other food service activities
56.3 Beverage serving activities
Section J INFORMATION AND COMMUNICATION
58 Publishing activities
58.1 Publishing of books, periodicals and other publishing activities
58.2 Software publishing
59 Motion picture, video and television programme production, sound recording and

music publishing activities
59.1 Motion picture, video and television programme activities
59.2 Sound recording and music publishing activities
60 Programming and broadcasting activities
60.1 Radio broadcasting
60.2 Television programming and broadcasting activities
61 Telecommunications
61.1 Wired telecommunications activities
61.2 Wireless telecommunications activities
61.3 Satellite telecommunications activities
61.9 Other telecommunications activities
62 Computer programming, consultancy and related activities
62.0 Computer programming, consultancy and related activities
63 Information service activities
63.1 Data processing, hosting and related activities; web portals
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Code Activity sector, NAF nomenclature - Rev. 2
63.9 Other information service activities
Section K FINANCIAL AND INSURANCE ACTIVITIES
64 Financial service activities, except insurance and pension funding
64.1 Monetary intermediation
64.2 Activities of holding companies
64.3 Trusts, funds and similar financial entities
64.9 Other financial service activities, except insurance and pension funding
65 Insurance, reinsurance and pension funding, except compulsory social security
65.1 Insurance
65.2 Reinsurance
65.3 Pension funding
66 Activities auxiliary to financial services and insurance activities
66.1 Activities auxiliary to financial services, except insurance and pension funding
66.2 Activities auxiliary to insurance and pension funding
66.3 Fund management activities
Section L REAL ESTATE ACTIVITIES
68 Real estate activities
68.1 Buying and selling of own real estate
68.2 Renting and operating of own or leased real estate
68.3 Real estate activities on a fee or contract basis
Section
M

PROFESSIONAL, SCIENTIFIC AND TECHNICAL ACTIVITIES

69 Legal and accounting activities
69.1 Legal activities
69.2 Accounting, bookkeeping and auditing activities; tax consultancy
70 Activities of head offices; management consultancy activities
70.1 Activities of head offices
70.2 Management consultancy activities
71 Architectural and engineering activities; technical testing and analysis
71.1 Architectural and engineering activities and related technical consultancy
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Code Activity sector, NAF nomenclature - Rev. 2
71.2 Technical testing and analysis
72 Scientific research and development
72.1 Research and experimental development on natural sciences and engineering
72.2 Research and experimental development on social sciences and humanities
73 Advertising and market research
73.1 Advertising
73.2 Market research and public opinion polling
74 Other professional, scientific and technical activities
74.1 Specialised design activities
74.2 Photographic activities
74.3 Translation and interpretation activities
74.9 Other professional, scientific and technical activities n.e.c.
75 Veterinary activities
75.0 Veterinary activities
Section N ADMINISTRATIVE AND SUPPORT SERVICE ACTIVITIES
77 Rental and leasing activities
77.1 Renting and leasing of motor vehicles
77.2 Renting and leasing of personal and household goods
77.3 Renting and leasing of other machinery, equipment and tangible goods
77.4 Leasing of intellectual property and similar products, except copyrighted works
78 Employment activities
78.1 Activities of employment placement agencies
78.2 Temporary employment agency activities
78.3 Other human resources provision
79 Travel agency, tour operator and other reservation service and related activities
79.1 Travel agency and tour operator activities
79.9 Other reservation service and related activities
80 Security and investigation activities
80.1 Private security activities
80.2 Security systems service activities
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Code Activity sector, NAF nomenclature - Rev. 2
80.3 Investigation activities
81 Services to buildings and landscape activities
81.1 Combined facilities support activities
81.2 Cleaning activities
81.3 Landscape service activities
82 Office administrative, office support and other business support activities
82.1 Office administrative and support activities
82.2 Activities of call centres
82.3 Organization of conventions and trade shows
82.9 Business support service activities n.e.c.
Section O PUBLIC ADMINISTRATION AND DEFENCE; COMPULSORY SOCIAL

SECURITY
84 Public administration and defence; compulsory social security
84.1 Administration of the State and the economic and social policy of the community
84.2 Provision of services to the community as a whole
84.3 Compulsory social security activities
Section P EDUCATION
85 Education
85.1 Pre-primary education
85.2 Primary education
85.3 Secondary education
85.4 Higher education
85.5 Other education
85.6 Educational support activities
Section Q HUMAN HEALTH AND SOCIAL WORK ACTIVITIES
86 Human health activities
86.1 Hospital activities
86.2 Medical and dental practice activities
86.9 Other human health activities
87 Residential care activities
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Code Activity sector, NAF nomenclature - Rev. 2
87.1 Residential nursing care activities
87.2 Residential care activities formental retardation,mental health and substance abuse
87.3 Residential care activities for the elderly and disabled
87.9 Other residential care activities
88 Social work activities without accommodation
88.1 Social work activities without accommodation for the elderly and disabled
88.9 Other social work activities without accommodation
Section R ARTS, ENTERTAINMENT AND RECREATION
90 Creative, arts and entertainment activities
90.0 Creative, arts and entertainment activities
91 Libraries, archives, museums and other cultural activities
91.0 Libraries, archives, museums and other cultural activities
92 Gambling and betting activities
92.0 Gambling and betting activities
93 Sports activities and amusement and recreation activities
93.1 Sports activities
93.2 Amusement and recreation activities
Section S OTHER SERVICE ACTIVITIES
94 Activities of membership organizations
94.1 Activities of business, employers and professional membership organizations
94.2 Activities of trade unions
94.9 Activities of other membership organizations
95 Repair of computers and personal and household goods
95.1 Repair of computers and communication equipment
95.2 Repair of personal and household goods
96 Other personal service activities
96.0 Other personal service activities
Section T ACTIVITIES OF HOUSEHOLDS AS EMPLOYERS; UNDIFFERENTIATED

GOODS- AND SERVICES-PRODUCING ACTIVITIES OF HOUSEHOLDS
FOR OWN USE

207



Code Activity sector, NAF nomenclature - Rev. 2
97 Activities of households as employers of domestic personnel
97.0 Activities of households as employers of domestic personnel
98 Undifferentiated goods- and services-producing activities of private households for

own use
98.1 Undifferentiated goods-producing activities of private households for own use
98.2 Undifferentiated service-producing activities of private households for own use
Section U ACTIVITIESOFEXTRATERRITORIALORGANIZATIONSANDBODIES
99 Activities of extraterritorial organizations and bodies
99.0 Activities of extraterritorial organizations and bodies

Table 6.1: Explanation of French classification of activities (NAF nomenclature - Rev. 2)
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h .......................h..................................

Modeling location problems requirs an understanding of the real-world operations that are to be
reflected in the model. Models need not to reflect every aspect of the real-world operations. In fact,
parsimonios models are generally better than complex inscrutable models. The ability to know what
must be incorporated into a model and what can safely be treated s exogenos s both an ART and
a SCIENCE. [...] The purpose of modeling s to identify the tradeofs between the objectivs while
capturing s much of the richness of the real-world problem s s necessary to ensure the credibility of
the modeler and model itself.

........... - M.S. Daskin, ”Network and Discrete Location: Models, Algorithms, and Applications”
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A LATEXtemplate that can be used to format a dissertation with this look and feel has been released
under the permissive AGPL license, and can be found online at github.com/asm-products/Dissertate
or from its lead author, Jordan Suchow, at suchow@post.harvard.edu.
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