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Abstract 

 

Empirical studies on the determinants of industrial location typically use 

variables measured at the available administrative level (municipalities, 

counties, etc.). However, this amounts to assuming that the effects these 

determinants may have on the location process do not extent beyond the 

geographical limits of the selected site. We address the validity of this 

assumption by comparing results from standard count data models with those 

obtained by calculating the geographical scope of the spatially varying 

explanatory variables using a wide range of distances and alternative spatial 

autocorrelation measures. Our results reject the usual practice of using 

administrative records as covariates without making some kind of spatial 

correction.  
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1) Introduction 
 

The determinants of industrial location have been widely investigated both 

theoretically and empirically (Hayter 1997, Arauzo et al. 2010). However, little is 

known about the geographical scope of these determinants (Rosenthal and 

Strange 2003, Jofre-Monseny 2009). Most empirical studies use dependent and 

explanatory variables measured at the available administrative level (provinces, 

regions, states, etc.) and therefore implicitly assume that the effects the 

covariates may have on the dependent variable are restricted to span over the 

geographical area defined by the administrative unit. This assumption, however, 

is at odds with the theoretical foundations of the New Economic Geography 

(Fujita et al. 1999, Fujita and Thisse 2002, Combes et al. 2008).  

 

What, then, is the (possibly optimal) level of spatial aggregation that should be 

used when investigating the determinants of industrial location? This is a central 

question in empirical studies because the use of spatial units that differ from 

those effectively used by agents may bias results to an unknown extent (see, 

for example, Amrhein 1995).1 This is also critical for the suitable design and 

implementation of local public policies aimed at supporting the creation of new 

firms (Lee 2008) since a misleading choice of the geographical unit may result 

in underperformance of a government’s investment and, ultimately, in a waste 

of public funds. Yet this issue has received scarce attention in the literature.  

 

Some studies have acknowledged the importance of accounting for the 

geographical scope of the covariates by including among them distances (for 

example, to a major city or infrastructure, as in e.g. Guimarães et al. 2000 and 

Figueiredo et al. 2002), spatial effects and/or spatially lagged variables (Autant-

Bernard 2006, Lambert et al. 2006, Alañón et al. 2007). The statistically 

significant coefficients they generally report indeed indicate that the assumption 

of no geographical scope in the determinants of industrial location does not 

hold. However, the question of what geographical extension these determinants 

may have remains unaddressed. 
                                                           
1 This can be seen as a particular case of the so-called “Modifiable Area Unit Problem” 
(henceforth MAUP) originally described by Openshaw and Taylor (1979).  
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In this paper we seek to (partially) fill this gap in the literature by examining the 

extent to which the establishment of new concerns in a particular site is driven 

by the characteristics of that particular site and/or by the (average) 

characteristics of the surrounding area. Specifically, we estimate standard count 

data models for the (per period) number of new concerns created in a particular 

site and compare the results obtained from using explanatory variables 

constructed from administrative records with those obtained by calculating the 

geographical scope of the explanatory variables that have spatial variation. In 

particular, we use different distances (some of which roughly define functional 

territorial units such as Travel-To-Work-Areas—TTWAs—and administrative 

territorial units such as counties) and spatial autocorrelation measures 

calculated at the global and local level to construct the spatially lagged 

variables. Results using data from Catalonia indicate that the usual practice of 

using administrative records as covariates without making some kind of spatial 

correction may provide misleading conclusions.2 

 

The rest of this paper is organised as follows. Section 2 reviews previous 

related studies and discusses the empirical strategy. Section 3 deals with the 

evidence: we first present the data set, then the spatial explanatory analysis 

and finally the main econometric results. Section 4 provides our conclusions. 

 

2) What do we know about the geographical scope of the 
determinants of industrial location and how can we empirically 
investigate it? 

 

2.1 Related studies 
When an individual entrepreneur or an established firm has to choose the 

location of a new establishment, do they look at the characteristics of just a 

narrow area (as defined, for example, by municipalities, TTWA or counties) or 

do they care more about the characteristics of a larger, broader area (as 

                                                           
2 Catalonia is an autonomous region of Spain that has about 7 million inhabitants (15% of the 
Spanish population), covers an area of 31,895 km2 and contributes 19% of Spanish GDP. The 
capital of Catalonia is the city of Barcelona. Counties in Catalonia are known as “comarques”. 
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defined, for example, by provinces, regions, or states)? For example, if the 

availability of skilled labour is one of the main determinants of location decisions 

(Coughlin and Segev 2000), where do new concerns look for it? Do they require 

skilled workers who live where they are planning to locate or is it enough for 

them to have this input scattered over a nearby area (perhaps with good 

commuting infrastructures)?  

 

These questions are key for economic policymakers because they ultimately 

determine the level of geographical aggregation that should be taken as 

reference in the design and implementation of local policies (Lee 2008). They 

are also important for researchers interested in the topic because omitting the 

geographical scope of the determinants may entail a severe specification error 

(Amrhein 1995). However, as Arauzo et al. (2010) show in their recent review of 

the literature on empirical industrial location, these questions have only been 

partially and/or indirectly investigated.3  

 

Among the studies that have partially investigated this issue (in the sense that 

they focus on a single determinant of the industrial location process) is the 

seminal contribution of Rosenthal and Strange (2003: 377) on “the geographic 

scope of agglomerative externalities”. These authors conducted a 

microgeographic analysis of agglomeration using ZIP codes as a geographical 

unit, therefore measuring the spatial extent of agglomeration economies in 

terms of mile-rings rather than administrative units. “The paper's most important 

finding is that agglomeration economies attenuate with distance”.4  

 

Among the studies that have indirectly addressed the issue, one strand of the 

literature has used distance (either in time or in km/miles) to link the sites where 

firms locate with the principal characteristics of the surrounding areas. We may 

therefore find extensive evidence on the role of distance to transport 

                                                           
3 In addition to the different strands of empirical industrial location literature, some related 
studies have investigated the MAUP (Openshaw and Taylor 1979). However, these studies 
were generally not concerned with the determinants of industrial location but with issues such 
as the spatial distribution of new concerns (Duranton and Overman 2005 and 2008) and the 
estimation of wage and gravity equations (Briant et al. 2008).  
4 See also Jofre-Monseny (2009) for a recent application to the same Spanish region that is 
investigated here. 
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infrastructures (e.g. Holl 2004a, 2004b), to main cities (e.g. Guimarães et al. 

2000 and Figueiredo et al. 2002), to Central Business Districts (e.g. Finney 

1994 and Wu 1999), to markets (e.g. Kittiprapas and McCann 1999 and van 

Dijk and Pellenbarg 2000), to suppliers (e.g. van Dijk and Pellenbarg 2000 and 

Klier and McMille 2008), to universities (e.g. Egeln et al. 2004 and Woodward et 

al. 2006), and to the home country in the case of FDI (e.g. Crozet et al. 2004 

and Disdier and Mayer 2004). Notice, however, that these studies implicitly 

assume that all the geographical scope that may exist in the determinants of 

industrial location is somehow embedded in the measure of distance. 

 

Other related studies have analysed how the results are affected by the 

selection of a particular territorial level. Arauzo and Manjón (2004), for example, 

compare results from different aggregation levels and conclude that firms seem 

to choose mainly between medium-size administrative units (“comarques”) 

rather than between small administrative units (municipalities). Arauzo (2008) 

extended this work by adding functional territorial units (TTWAs) to the analysis 

but found little differences in the determinants of industrial location across 

functional and administrative units. Notice, however, that both studies use 

dependent and explanatory variables measured at the same 

administrative/functional level, which means that, de facto, they cannot analyse 

the geographical scope of the determinants. In a different but complementary 

way, Mayer and Mucchielli (1999) approach such location decisions from 

different perspectives using several nested structures, namely centre-periphery 

and country-region.  

 

Finally, other studies have used spatial econometric techniques to control for 

the fact that industrial location data are georeferenced. Lambert et al. (2006), 

for example, assume that the marginal effects of the explanatory variables vary 

across locations due to unobserved specific factors in a Geographically 

Weighted Regression and a Poisson Spatial Generalized Linear Model, 

whereas Autant-Bernard (2006) and Alañón et al. (2007) find that the spatially 

lagged explanatory variables included in their Conditional Logit and (Bayesian) 

Probit specifications, respectively, help to explain the location decisions of firms. 
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Notice, however, that none of these studies concerns the level of geographical 

aggregation but the mere existence of spatial effects. 

 

All in all, we can conclude that there exists indirect evidence to show that some 

space-related measures are required in the study of industrial location. 

However, no previous study seems to have empirically addressed the question 

of what is the geographical scope of the determinants of industrial location 

(beyond the case of agglomeration economies). It seems necessary, therefore, 

to provide a brief discussion of how we intend to investigate the issue.  

 

2.2 Empirical strategy 
Our empirical strategy is similar to that used to study the MAUP (Duranton and 

Overman 2005 and 2008, Briant et al. 2008) and the geographical scope of 

agglomeration economies (Rosenthal and Strange 2003, Jofre-Monseny 2009). 

In essence, our idea is to compare results from a baseline specification that 

reproduces a widely used model in the literature (using variables measured at 

the smaller available functional/administrative unit) with those obtained when A) 

we replace the explanatory variables that have spatial variation by their spatially 

lagged versions, or B) we add to the baseline specification spatially lagged 

versions of the original spatially varying explanatory variables. Individually and 

jointly significant coefficients associated with these spatially lagged variables 

would provide the first evidence against the usual implicit assumption of no 

geographical scope in the determinants of industrial location. In addition, 

specification tests and model selection criteria should indicate that the extended 

specifications (i.e. with spatially lagged variables) perform better than the 

baseline specification.5   
                                                           
5 As is common in the industrial location literature, our empirical strategy implicitly assumes that 
the administrative unit to which variables refer is indeed the spatial unit that agents effectively 
use when taking location decisions. Since we are using municipalities data, we believe that this 
is a plausible assumption (see, however, Arauzo and Manjón 2004 and Arauzo 2008). One may 
still argue that this assumption may not hold for large municipalities and metropolitan areas, so 
we performed some robustness tests that essentially meant dropping from our data set 
municipalities with more than 250,000 people (in our case, the city of Barcelona) and those that 
are part of a metropolitan area (around the cities of Barcelona, Girona, Lleida, Manresa and 
Tarragona). Though results barely changed in the first case, we found that dropping the 
metropolitan areas from our sample provided different results from those reported below in 
terms of preferred specification and neighbourhood criterion (though not much in terms of value 
and significance of the marginal effects). This may be interpreted as evidence that the location 
processes in metropolitan and non-metropolitan areas are different (Arauzo and Viladecans 
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We implement this idea using count data models.6 In particular, since our data 

is characterised by “overdispersion” and an “excess of zeros” (see Mullahy 

1997 and Table 3 below), we estimate commonly used extensions of the 

standard Poisson regression model that deal with these characteristics: the 

Negative Binomial Model (henceforth NBM), the Zero Inflated Poisson Model 

(ZIPM) and the Zero Inflated Negative Binomial Model (ZINBM). As for the tests 

and information criteria, we follow Cameron and Trivedi (1998, 2005) in using 

the following statistics to determine which specifications perform better for our 

data: the value of the log-likelihood function (denoted by “Log L” in the tables of 

results), the Akaike Information Criterion (“AIC”), the Chi-Square Goodness-of-

Fit test (“GoF Test”), the Likelihood-Ratio test for the joint significance of the 

model (“LR Joint Test”), an LR-type test between the ZIPM in the ZINBM based 

on the null hypothesis of “equidispersion” (“LR Inflated Test”), and a non-nested 

testing procedure that discriminates between Poisson and Negative Binomial 

models and their respectively inflated specifications, ZIPM and ZINBM (the so-

called “Vuong Test”).  

 

Notice, however, that to address the central question of which level of spatial 

aggregation should be used when investigating the determinants of industrial 

location, we ultimately need to compare estimates obtained from using spatially 

lagged covariates constructed for different distances. Ideally, this would mean 

estimating alternative specifications for each combination of the set of 

explanatory variables with spatial variation that results from alternative spatially 

lagged values calculated over the range of possible distances (for example, 

from zero to the maximum distance between the spatial units of the 
                                                                                                                                                                          
2009). However, for the sake of simplicity we do not explore this possibility here but leave it for 
future research.   
6 One reason for using count data models is that they are probably the most popular 
specifications in recent empirical studies of industrial location (Arauzo et al. 2010). Another 
reason is that, at least in our empirical strategy, they have a comparative advantage over 
discrete choice models (the other specification used in this literature) when detecting 
misspecifications arising from a misleading definition of the geographical scope of the 
determinants. This advantage arises from the fact that as discrete choice models distinguish 
between location determinants related to the agent taking the decision and those related to the 
set of spatial units from which the choice is made, detecting such misspecifications would 
require correctly specifying the vector of entrepreneur/firm characteristics (otherwise the 
conclusions may be misleading). This is obviously not necessary in count data models because 
they only consider the characteristics of the spatial units.  
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geographical area we may have considered), but this is clearly unfeasible. For 

example, a vector of five explanatory variables in a setting where distances 

measuring the geographical scope are assumed to vary every 10 km in an area 

where the largest distance is 100 km would result in 105 alternative 

specifications. In fact, the problem becomes even more involved if one takes 

into account that alternative spatial correlation measures can be used to 

construct the spatially lagged variables. Consequently, we need to impose 

several restrictions if we want to compare a relatively small number of 

specifications. 

 

In this paper, therefore, we do not consider the possibility that different variables 

have different geographical scopes. This may seem a strong assumption but, 

given the number of explanatory variables with spatial variation in our data set 

(18), the number of possible combinations would make comparisons between 

specifications practically impossible. We have also limited comparisons across 

spatial correlation measures to a comparison between a measure calculated at 

the global level and one calculated at the local level. We have therefore used 

either the Global Spatial Autocorrelation (Moran’s I) or the Local Index of Spatial 

Association (LISA) developed by Anselin (1995) to compute the spatially lagged 

variables.7  

 

Within these two major constraints, we have considered a wide range of 

distances that are consistent with the characteristics of the region we are 

analysing (Catalonia). In particular, we have explored 10 km variations ranging 

from 10 km to 100 km. The lower limit of the range and the 10 km increments 

were given by the average distance (rounded to the first digit) between 

municipalities (5.8 km). Another reason for using 10 km variations was the fact 

that, since the average distance between TTWAs and between “counties” in 

Catalonia is 20.8 km and 27.9 km, respectively, this allow us to somehow 

                                                           
7 When using Moran’s I, we replace the value of the original variable with the value of the 
spatially lagged variable. When using LISA, we replace the value of the original variable with the 
value of the spatially lagged variable if there is a significant spatial autocorrelation in that 
particular municipality (otherwise the value of the original variable remains unchanged).  

 8



consider functional and administrative units.8 That is, we can interpret results 

obtained from 20 km and 30 km as being representative of functional and 

administrative units, respectively. Finally, the upper limit arises from calculations 

of Moran’s I, which becomes practically negligible for distances over 100 km 

(see Figure 1 below). 

 

In summary, our empirical strategy entails comparing results from alternative 

count data models (NBM, ZIPM and ZINBM) that use explanatory variables 

constructed from administrative records with those obtained by either replacing 

them with or adding to them spatially lagged variables calculated using different 

distances (10 km variations ranging from 10 km to 100 km) and alternative 

spatial correlation measures (Moran’s I and LISA). In particular, we estimate the 

following specifications: 

 

• Specification 1: Baseline model using municipalities data. 

• Specification 2.A: We replace the explanatory variables of the baseline 

model that have spatial variation with spatially lagged variables 

calculated using Moran’s I and a neighbourhood criterion varying from 10 

km to 100 km (10 km variation). 

• Specification 2.B: We add to the explanatory variables of the baseline 

model spatially lagged variables calculated using Moran’s I and a 

neighbourhood criterion varying from 10 km to 100 km (10 km variation). 

• Specification 3.A: We replace the explanatory variables of the baseline 

model that have spatial variation with spatially lagged variables 

calculated using Moran’s I and a neighbourhood criterion varying from 10 

km to 100 km (10 km variation) if LISA indicates a significant spatial 

autocorrelation (otherwise the value of the original variable remains 

unchanged).9  

 

                                                           
8 Counties, known as “comarques” in Catalonia, are territorial units formed by adjacent 
municipalities. The average area of the 41 “comarques” in Catalonia is 781 km2. As for the 
TTWAs, according to Boix and Galletto (2006) there are 74, with an average area of 433 km2.  
9 We did not consider Specification 3.B, i.e. one in which we would add (rather than replace the 
original variables by) the spatially lagged variables calculated as in Specification 3.B because 
the high correlation between the original variables and these spatially lagged variables (around 
0.95 in 6 of the 18 variables) resulted in severe multicollinearity. 
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3) Data, spatial exploratory analysis and econometric results 
 

3.1 Data 
To perform the empirical analysis described in the previous section, we use 

data on the location of new manufacturing establishments in the municipalities 

of Catalonia (provided by the Catalan Manufacturing Establishments Register) 

and data on several characteristics of these municipalities (provided by the 

Catalan Statistical Institute, the Catalan Cartographical Institute and Trullén and 

Boix 2005). Table 1 lists the definitions and descriptive statistics for both 

dependent and explanatory variables. In particular, the dependent variable for 

the count data models used in this study is the number of new manufacturing 

establishments (codes 12 to 36 of NACE classification) created in each Catalan 

municipality in 2002. Data for the explanatory variables refer to 2001 (except for 

residential population change, which is defined over the period 1991 to 2001) 

and cover most of the factors that have been investigated in the literature (see 

Arauzo et al. 2010). Below we list these factors and the variables used to proxy 

them: 

 

• Agglomeration economies. Residential population change between 1991 

and 2001 (RES_VAR), urbanisation economies (URB), disurbanisation 

economies (DISURB), jobs (JOB) and population density (DENS).  

• Industrial mix. Manufacturing concentration index (CONC), percentage of 

manufacturing jobs (JOB_IND) and percentage of jobs in services 

(JOB_SER). 

• Education. Percentage of population older than 10 years of age with 

technical secondary school (TEC_SEC), percentage of population older 

than 10 years of age with secondary school (SEC), percentage of 

population older than 10 years of age with a 3-year degree (DEG), and 

percentage of population older than 10 years of age with a 4-year degree 

or a PhD (DEG_PHD). 

• Transport infrastructures. Travel time to the capital of the province 

(TT_CP), dummy for rail station (RAIL), travel time to the closest airport 

(TT_AIR) and travel time to the closest port (TT_PORT).  
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• Knowledge. Jobs in high-tech industries (JOB_HT) and in high-tech 

manufacturing industries (JOB_HT_MA). 

• Commuting. Population working and living at municipality “j” over jobs at 

“j” (POP_JOB) and population working and living at “j” over population 

living at “j” and working at “j” or elsewhere (POP_JOB_E). 

• Population. Population aged between 20 and 44 (POP_20_44).10  

• Location. Dummies for the municipalities of each province (GIRONA, 

LLEIDA and TARRA, with Barcelona’s municipalities as the residual 

category), a dummy for the capitals of “comarques” (CAP_COM), a 

dummy for shore-line areas (COAST), distance (km) to the nearest city 

with at least 100,000 inhabitants (DIST_100), and distance (km) to the 

capital of Catalonia (DIST_CAT).  

• Firms. Percentage of small firms (FIRM_SMALL). 

 

 [INSERT TABLE 1 HERE]  

 

3.2 Spatial Exploratory Analysis 
We calculate the spatially lagged variables as W_X = WX, where X is a matrix 

containing the spatially varying explanatory variable and W is an appropriate 

(row standardised) spatial neighbour matrix. This spatial neighbour matrix is a 

symmetric matrix with 1/0 values (divided by its row sum) depending on whether 

every two sites are considered as neighbours (here neighbourhood is defined in 

terms of a predefined distance). In particular, we use 10 neighbour matrices, 

where the neighbourhood criterion ranges from 10 km to 100 km with 10 km 

variations. This means that, for example, two municipalities located within an 

area of 20 km are not considered neighbours according to the first criterion (i.e. 

they have a value of 0 in the corresponding 10 km spatial neighbour matrix) but 

are considered neighbours according to the second criterion (i.e. they have a 

value of 1 in the corresponding 20 km spatial neighbour matrix). These matrices 

are also used to calculate the Global Spatial Autocorrelation (Moran’s I) and the 

Local Index of Spatial Association (LISA) of each spatially varying explanatory 

                                                           
10 We use residential population as the only explanatory variable in the inflated part of the ZIPM 
and ZINBM. The coefficient associated with this variable was negative and statistically 
significant in all our specifications. 
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variable (except for those variables that are based on distances, since it would 

be meaningless to do so).  
 

[INSERT FIGURE 1 HERE]  

 

In Figure 1 we graphically report Moran’s I for each of these spatially varying 

explanatory variables. Spatial autocorrelations are non-negligible for variables 

related to population, education and agglomeration economies, which means 

that, at least for these variables, using values measured at the municipality level 

may lead to biased estimates due to the omission of their geographical scope 

(Amrhein 1995). Also, Moran’s I estimates are generally small and diminish with 

distance. In fact, estimates for distances of over 100 km are practically zero.  

 

[INSERT FIGURE 2 HERE]  

 

However, as the Global Spatial Autocorrelation is the result of simultaneous 

measurements for many locations, it is often useful to compare its values with 

those obtained using local measures of spatial autocorrelation. In this way we 

can assess the extent to which the results are driven by spatial autocorrelation 

phenomena occurring in specific areas of the analysed territory. To illustrate the 

problem, let us consider the urbanization economies. As this variable has the 

highest Moran’s I (0.4399) when the 10 km neighbour matrix is used, one could 

conclude that this variable is spatially correlated across all the municipalities in 

Catalonia.  

 

[INSERT FIGURE 3 HERE]  

 

This conclusion would be misleading, however. As Figure 2 shows, urbanization 

economies are in fact not spatially correlated for a great deal of municipalities. 

Also, Figure 3 shows that a wider definition of neighbourhood (in this case, 

municipalities within a 40 km range) implies lower values of the local spatial 

autocorrelation and a higher number of positively autocorrelated municipalities. 

This example illustrates the importance of comparing results across different 

neighbourhood criteria.  
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3.3 Model Selection and Estimates 
The large number of specifications (99) and explanatory variables (47 in 

specification 2.B, and 29 in the baseline model and specifications 2.A and 3.A) 

we consider makes it unfeasible to report the whole set of econometric results. 

We will therefore compare and select some of the specifications in terms of their 

fit and report detailed results for these only. In Table 2 we therefore report the 

values of the log-likelihood function (Log L), the Akaike Information Criterion 

(AIC) and the Chi-Square Goodness-of-Fit test (“GoF Test”) for the various 

specifications (baseline, 2.A, 2.B and 3.A), models (NB, ZIP and ZINB) and 

distances (10km to 100km).  

 

[INSERT TABLE 2 HERE] 

 

Several trends can be observed for the figures in Table 2.11 First, the inflated 

versions of the count regression (ZIPM and ZINBM) perform better than the 

NBM in terms of log-likelihood and AIC. Second, the baseline model provides a 

good fit but is generally beaten by the specifications that account for the 

geographical scope of the determinants (particularly by specifications 2.B and 

3.A). Third, the best fit seems to be obtained in the 40 km–80 km range. Fourth, 

except for specification 2.A with a neighbourhood criterion of 60 km (and less 

clearly for a neighbourhood criterion of 70 km), the GoF Test indicates that most 

specifications are likely to be misspecified.  

 

However, this exercise of model comparison and selection may be subject to a 

pre-testing bias. For our purposes this means that we cannot categorically 

conclude that the geographical scope of the determinants of industrial location 

spans a range of exactly 60 km. However, we can confidently reject the usual 

practice of using covariates measured at the available administrative level. This 

                                                           
11 Note that although we have experimented with alternative sets of explanatory variables (e.g. 
we have dropped some of the variables related to the agglomeration economies, knowledge 
and commuting) and computed the GoF tests using different numbers of cells (see Manjon 2009 
for details on the computation of this test), these general trends are largely unaffected. 
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conclusion is further supported by the individual and joint statistical significance 

of the spatially lagged variables.12  

 

Bearing in mind these caveats, we then concentrate on analysing the baseline 

specification and the models that provide a good fit while appearing to be well 

specified. In Table 3, therefore, we only report tests and estimates of the 

marginal effects obtained from the baseline model and specification 2.A, in 

which we replaced the explanatory variables of the baseline model that have 

spatial variation with spatially lagged variables calculated using Moran’s I and a 

neighbourhood criterion of 60 km. We focus on Negative Binomial and Zero 

Inflated Negative Binomial models because, although the latter shows signs of 

misspecification according to the GoF Test, results from the Vuong Test 

(reported at the bottom of Table 3) indicate that it fits the data better. 

 

[INSERT TABLE 3 HERE] 

 

The estimated marginal effects of the baseline model were as expected (see 

Arauzo et al. 2010). They show the importance of agglomeration economies, 

the industrial mix, knowledge, population and institutional and geographical 

characteristics as determinants of industrial location. In contrast, education, 

commuting and the presence of small businesses were not statistically 

significant. Interestingly, most of these results hold when the geographical 

scope of these determinants is considered. However, there are also several 

important differences. First, agglomeration economies are no longer relevant. 

Second, the effect of the industrial mix variables is the opposite. Third, proxies 

for commuting and, to a lesser extent, education now become significant. 

Finally, marginal effects differ, sometimes considerably. All in all, these 

estimates show that using the baseline specification to make inferences about 

the determinants of industrial location may be misleading. 

 

4) Conclusions 

                                                           
12 Although some variables were not statistically significant individually, the Wald Test for their 
joint significance was generally well above standard critical values (results available on 
request). See Table 3 for an illustrative example of this general trend.  
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Consistent with the main tenets of the New Economic Geography, this paper 

shows that there is some geographical scope in the determinants of industrial 

location. Whereas previous empirical studies have typically resorted to 

explanatory variables measured at the available administrative level, in this 

study we explored the use of spatially lagged variables. Specifically, we 

estimated count data models on the number of new establishments created in 

each municipality of Catalonia (Spain) using covariates calculated for different 

distances and alternative spatial autocorrelation measures and compared these 

estimates with those obtained with variables measured at the municipality level.  

 

Our results show that the best fit was achieved when we used spatially lagged 

variables defined by a neighbourhood criterion of 60 km. Admittedly, this figure 

may be subject to a certain pre-testing bias. Also, it may be different in 

geographical areas that have different characteristics (institutional, physical, 

legal, etc.)  from the one investigated here. We will leave for future research the 

question of whether our conclusions hold for alternative settings (for example, if 

they are derived from discrete choice models and/or different correlation 

measures). In any case, our estimates soundly reject the usual practice of using 

administrative records as covariates without making some kind of spatial 

correction. This calls into question some of the conclusions from previous 

studies while supporting those based on microgreographic data.  
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Table 1. Variables: definition, sources and descriptive statistics. 
 

Variable Typology Definition Source (1) Mean Std dev Min Max 
        

ENTRY Dependent New manufacturing establishments (2001-2003) REI and OC 4.093 14.338 0 258 
        
RES_VAR Agglomeration eco. Residential population change between 1991 and 2001 TB2005 0.154 0.344 -0.863 3.043 
URB Agglomeration eco. Jobs per km2 TB2005, IDESCAT and OC 263.737 4055.124 0.137 124000 
DISURB Agglomeration eco. URB2 OC 1.65×107 5.00×108 0.019 1.54×1010 
JOB Agglomeration eco. Jobs IDESCAT 2977.260 22267.150 12 645682 
DENS Agglomeration eco. Residential population per km2  TB2005 and OC 380.107 1520.855 0.765 21020 
CONC Industrial mix Manufacturing concentration index TB2005 1.196 1.002 0 3.896 
JOB_IND Industrial mix Percentage of manufacturing jobs IDESCAT 0.222 0.116 0 0.609 
JOB_SER Industrial mix Percentage of jobs in services IDESCAT 0.473 0.259 0 1 
TEC_SEC Education % of population older than 10 with technical secondary school TB2005 10.043 3.225 0.585 23.585 
SEC Education % of population older than 10 with secondary school TB2005 9.593 3.482 1.695 28.226 
DEG Education % of population older than 10 with 3 years degree TB2005 5.397 2.196 0 24 
DEG_PHD Education % of population older than 10 with 4 years degree and PhD TB2005 4.657 2.534 0 21.062 
TT_CP Transport infrast. Travel time to capital of the province TB2005 87.010 23.943 0 190 
RAIL Transport infrast. Dummy for rail station TB2005 0.107 0.309 0 1 
TT_AIR Transport infrast. Travel time to the closest airport TB2005 48.872 33.086 0 190 
TT_PORT Transport infrast. Travel time to the closest port TB2005 62.182 33.187 0 197 
JOB_HT Knowledge Jobs in high-tech industries TB2005 824.479 12214.780 0 371269 
JOB_HT_MA Knowledge Manufacturing jobs in high-tech industries TB2005 16.652 159.379 0 4303 
POP_JOB Commuting Population working and living at j / Jobs at j TB2005 43.444 14.681 0 89.401 
POP_JOB_E Commuting Population working and living at j / Population living at j and working at j or elsewhere TB2005 178.869 1730.163 0 52107.410 
POP_20_44 Population Population aged 20-44 OC 29.983 4.596 0 43.050 
RES Population Residential population (only used in inflated models) TB2005 6705.190 51711.210 26 1503884 
GIRONA Location Province of Girona IDESCAT 0.234 0.424 0 1 
LLEIDA Location Province of Lleida IDESCAT 0.243 0.429 0 1 
TARRA Location Province of Tarragona IDESCAT 0.194 0.396 0 1 
CAP_CO Location Dummy for the capitals of the ”comarques” IDESCAT 0.043 0.204 0 1 
COAST Location Dummy for shore-line areas OC 0.074 0.262 0 1 
DIST_100 Location Distance (km) to the nearest city with at least 100,000 inhabitants CCI 47.073 29.829 0 13.588 
DIST_CAT Location Distance (km) to the capital of Catalonia (Barcelona) CCI 86.965 39.671 0 199.590 
FIRM_SMALL Firms Percentage of small firms (less than 50 workers) TB2005 83.701 23.671 0 100 
 
Note (1): REI stands for “Register of Industrial Establishments”, OC for “Own Calculations”, TB2005 for Trullén and Boix (2005), IDESCAT for “Catalan Statistical 
Institute” and CCI for “Catalan Cartographical Institute”. 
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Table 2: Log L, AIC and Gof Test. 
 

 10 Km 20 Km 
(TTWAs) 

 

30 Km 
(Counties)

 

40 Km 50 Km 60 Km 70 Km 80 Km 90 Km 100 Km 
Baseline 

Log L            

2.A (Moran's I)
-1051.52 
-1089.98 
-971.41 

-1052.41 
-1112.43 
-974.78 

-1056.99 
-1110.54 
-978.07 

-1048.56
-1112.00
-971.10 

-1045.38
-1082.59
-963.55 

-1047.05
-1116.40
-971.59 

-1050.72
-1115.92
-973.39 

-1053.30
-1099.11
-969.03 

-1065.68
-1119.40
-978.68 

-1056.63
-1117.42
-974.26 

2.B (Moran's I)
-986.96 
-945.26 
-913.25 

-985.74 
-970.97 
-921.15 

-988.40 
-974.22 
-919.42 

-987.12 
-978.89 
-918.57 

-987.54 
-968.03 
-918.50 

-988.38 
-969.99 
-918.62 

-987.45 
-980.33 
-921.79 

-987.07 
-977.08 
-917.48 

-1000.46
-977.89 
-926.01 

-996.86 
-982.31 
-923.49 

3. (LISA) 
-1028.45 
-1077.88 
-964.63 

-1008.58 
-1020.70 
-942.47 

-1012.81 
-1057.93 
-950.28 

-1012.28
-1060.04
-950.43 

-1014.39
-1064.74
-953.38 

-1036.59
-1081.06
-964.73 

-1005.62
-1051.76
-950.99 

-1002.60
-1040.65
-971.72 

-950.19 
-1047.40
-1092.15

-1002.61
-1053.82
-954.63 

 
-1015.65 (NBM) 
-1003.58 (ZIPM) 
-935.79 (ZINBM) 

 

AIC            

2.A (Moran's I)
2072.04 
2147.95 
1909.83 

2073.83 
2192.86 
1916.56 

2082.97 
2189.07 
1923.14 

2066.11 
2192.00 
1909.21 

2059.75 
2133.18 
1894.10 

2063.10 
2200.79 
1910.17 

2070.44 
2199.83 
1913.78 

2075.61 
2166.22 
1905.06 

2100.35 
2206.80 
1924.36 

2082.26 
2202.84 
1915.53 

2.B (Moran's I)
1924.92 
1840.52 
1775.50 

1922.49 
1891.95 
1791.30 

1927.80 
1898.43 
1787.85 

1925.23 
1907.78 
1786.14 

1926.08 
1886.06 
1786.00 

1927.76 
1889.97 
1786.24 

1925.90 
1910.67 
1792.58 

1925.15 
1904.15 
1783.96 

1951.93 
1905.79 
1801.02 

1944.72 
1914.63 
1795.98 

3. (LISA) 
2025.89 
2123.76 
1896.26 

1986.17 
2009.40 
1851.94 

1994.62 
2083.86 
1867.56 

1993.57 
2088.09 
1867.87 

1997.77 
2097.48 
1873.76 

2042.19 
2130.12 
1896.47 

1980.25 
2071.51 
1868.98 

1974.20 
2049.29 
1867.38 

2063.80 
2152.30 
1910.44 

1974.23 
2075.64 
1876.25 

 
2000.29 (NBM) 
1975.15 (ZIPM) 

1838.59 (ZINBM) 
 

GoF Test            

2.A (Moran's I)
94.76*** 

106.72*** 
299.50*** 

48.93*** 
88.36*** 

264.80*** 

52.61*** 
105.81*** 
250.06*** 

57.96*** 
93.01*** 

219.90***

43.87*** 
83.66*** 

211.02***

12.39 
86.63*** 

220.61***

19.52** 
104.67*** 
227.02***

20.95*** 
97.75*** 

256.56***

20.92*** 
99.06*** 

266.82***

20.53*** 
97.65*** 

222.45***

2.B (Moran's I)
150.57*** 
153.01*** 
272.22*** 

128.66*** 
140.06*** 
263.97*** 

143.70*** 
156.78*** 
262.17*** 

146.04*** 
148.57*** 
245.41***

133.21*** 
140.62*** 

197.44***

128.94*** 
142.97*** 
234.48***

123.51*** 

145.73*** 
262.60***

142.02*** 
148.72*** 
296.25***

140.87*** 
148.12*** 
272.68***

132.17*** 
149.56*** 
260.76***

3. (LISA) 
56.09*** 
88.54*** 

252.22*** 

50.17*** 
65.43*** 

180.99*** 

52.80*** 
79.45*** 

215.84*** 

62.31*** 
70.41*** 

240.16***

62.65*** 
67.74*** 

229.11***

82.88*** 
94.43*** 

305.56***

68.97*** 
59.95*** 

111.56***

71.50*** 
67.85*** 

202.62***

87.92*** 
111.48*** 
315.12***

90.28*** 

70.53*** 
235.63***

 
122.76*** (NBM) 
138.15*** (ZIPM) 

295.93*** (ZINBM) 
 

 
Note: Log L is the value of the log-likelihood function, AIC is the value of the Akaike information criterion and GoF Test is the value of the Chi-Square 
Goodness-of-Fit test computed using 10 cells (see Manjón 2009 for details on the computation of this test). As indicated in the Baseline column, each 
cell reports values obtained for the NBM (first line), the ZIPM (second line) and the ZINBM (third line). 
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Table 3. Econometric results. 
 

 BASELINE SPECIFICATION  EXTENDED SPECIFICATION 
 NEGBIN  ZINB   NEGBIN  ZINB  
RES_VAR 0.0973 -0.1278 W_RES_VAR -2.2858 -2.1450 
 (0.0806) (0.1574)  (1.7514) (3.2912) 
URB 0.0004 0.0007 W_URB -0.0071 -0.0148 
 (0.0001)*** (0.0002)***  (0.0098) (0.0187) 
DISURB -0.0000 -0.0000 W_DISURB 0.0000 0.0000 
 (0.0000)*** (0.0000)***  (0.0000) (0.0000) 
JOB 0.0000 0.0000 W_JOB 0.0003 -0.0003 
 (0.0000)*** (0.0000)***  (0.0005) (0.0009) 
DENS -0.0001 -0.0003 W_DENS  0.0010 0.0040 
 (0.0000)*** (0.0000)***  (0.0027) (0.0052) 
CONC 0.2270 0.6511 W_CONC -5.0481 -6.0459 
 (0.0547)*** (0.1595)***  (1.2531)*** (2.2933)*** 
JOB_IND 1.0801 1.0445 W_JOB_IND -0.3051 -9.6818 
 (0.3510)*** (0.7779)  (7.2852) (13.986) 
JOB_SER 0.5187 2.0673 W_JOB_SER -10.8250 -17.1200 
 (0.2074)** (0.6165)***  (2.9130)*** (5.3560)*** 
TEC_SEC -0.0002 -0.0000 W_TEC_SEC -0.0827 -0.3255 
 (0.0107) (0.0241)  (0.1873) (0.3490) 
SEC 0.0131 0.0511 W_SEC 0.6707 1.6596 
 (0.0106) (0.0252)**  (0.3118)** (0.6191)*** 
DEG -0.0211 -0.0335 W_DEG -0.3594 -0.2558 
 (0.0185) (0.0440)  (0.4597) (0.9161) 
DEG_PHD -0.0132 -0.0377 W_DEG_PHD -0.7816 -2.4021 
 (0.0150) (0.0343)  (0.5538) (1.0735)** 
TT_CP 0.0072 0.0130  -0.0130 -0.0015 
 (0.0047) (0.0094)  (0.0060)** (0.0125) 
RAIL 0.1215 0.0155  0.4341 0.4661 
 (0.0870) (0.1231)  (0.1334)*** (0.1751)*** 
TT_AIR -0.0015 -0.0058  0.0051 0.0081 
 (0.0031) (0.0061)  (0.0046) (0.0088) 
TT_PORT -0.0109 -0.0160  -0.0016 -0.0100 
 (0.0047)** (0.0093)*  (0.0063) (0.0125) 
JOB_HT -0.0000 -0.0001 W_JOB_HT -0.0004 0.0004 
 (0.0000)*** (0.0000)***  (0.0008) (0.0015) 
JOB_HT_MA 0.0002 0.0003 W_JOB_HT_MA 0.0152 0.0308 
 (0.0003) (0.0004)  (0.0265) (0.0477) 
POP_JOB 0.0019 0.0052 W_POP_JOB -0.0813 -0.0556 
 (0.0019) (0.0037)  (0.0635) (0.1223) 
POP_JOB_E -0.0000 -0.0000 W_POP_JOB_E 0.0007 0.0016 
 (0.0000) (0.0000)  (0.0006) (0.0010) 
POP20_44 0.0158 0.0315 W_POP20_44 0.4544 0.6780 
 (0.0065)** (0.0130)  (0.1514)*** (0.2800)** 
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Table 3 (Cont.). Econometric results. 
 

GIRONA -0.1326 -0.3365  -0.1316 -0.4798 
 (0.1310) (0.2389)  (0.1715) (0.2804)* 
LLEIDA -0.1969 0.0010  -0.2360 -0.3248 
 (0.1230) (0.3487)  (0.1473) (0.3506) 
TARRAG -0.3142 -0.1677  -0.0889 -0.1170 
 (0.0803)*** (0.2505)  (0.1659) (0.3454) 
CAP_CO 1.6672 1.6281  2.6987 3.2037 
 (0.4493)*** (0.4189)***  (0.6654)*** (0.6805)*** 
COAST 0.2398 -0.0309  0.0019 -0.0568 
 (0.1323)* (0.1532)  (0.1029) (0.1636) 
DIST_100 -0.0054 -0.0067  -0.0161 -0.0232 
 (0.0024)** (0.0051)  (0.0036)*** (0.0075)*** 
DIST_CAT 0.0034 0.0021  -0.0071 -0.0219 
 (0.0020)* (0.0041)  (0.0059) (0.1174) 
FIRM_SMALL -0.0021 0.0012 W_FIRM_SMALL 0.0585 0.1098 
 (0.0013) (0.0029)  (0.0450) (0.0831) 
      
LR Joint Test 588.17*** 403.40***  525.37*** 331.82*** 
LR InflatedTest  297.96***   475.91*** 
Vuong Test  6.27***   6.30*** 
Wald Joint Test on the Spatially Lagged Variables (W_) 80.03*** 47.08*** 
   

 
Note: 946 observations. Standard errors in brackets. Details on the covariates can be 
found in Table 1 (those starting with “W_” are spatially lagged variables constructed as 
explained in Section 3.2 using Moran’s I and 60 km as neighbourhood criterion). 
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Figure 1. Global Spatial Autocorrelation (Moran’s I) with neighbour matrices of 10 km to 100 km. 
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Figure 3. Local Index of Spatial Association (LISA) of the Urbanization Economies with 

neighbour matrix of 40 km. 

Figure 2. Local Index of Spatial Association (LISA) of the Urbanization Economies with 
neighbour matrix of 10 km. 

 

 

 

 


