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1. Introduction 

Decisions taken by firms about where to locate are of increasingly importance for the 

territories that receive these firms, as this is one of their main sources of growth of 

economic activity and job creation. It is obvious that these new firms may relocate or 

even exit markets, but these exits even given additional incentives to attract new 

economic activity in order to compensate them. 

 

Accordingly with the importance of these decisions in terms of spatial distribution of 

economic activity, scholars have been traditionally attracted to the analysis of these 

location processes since late XIXth century thanks to seminal contributions of Marshall 

(1890) about what explained location of new firms at nascent industrial districts. During 

most of XXth century contributions to location analysis have approached this 

phenomenon in a quite wide way, considering large geographical areas and with limited 

information about entering firms but, later, availability of richer datasets and 

implementations of more sophisticated econometric methodologies has allowed 

carrying out new studies that provide new insights about location determinants of 

entering firms. 

 

This paper aims to contribute to empirical location literature by trying to shed light into 

some areas that have not received enough attention until nowadays. Concretely, most of 

location analysis have used wider geographical areas as potential sites to be chosen by 

entering firms, have analysed entering firms grouping them without considering in a 

detailed way industry-specific characteristics that may influence their location 

preferences, have neglected influence of neighbour areas and, finally, have roughly 

analysed the influence of local socioeconomic structures over these location decisions. 

In this sense, we aim to help to solve these previous limitations i) by analysing firm 

location at intra-city level instead of considering cities as homogeneous areas, ii) by 

disaggregating industries and focusing only on certain types of industries, iii) by taking 

into account location dynamics and socioeconomic conditions of neighbour areas, and 

iv) by properly computing a detailed vector of local characteristics that may influence 

location decisions. 
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Concretely, in this paper we will analyse location determinants of a selection of high-

tech industries at urban level, for neighbourhoods of Barcelona. As for local 

characteristics that may influence these decisions, we will consider both economic and 

amenity-based characteristics operating in a two-stage process. In this sense, economic-

based characteristics obviously influence location decisions as they are about specific 

inputs required by firms (e.g., technological infrastructures, skilled labour, transport 

facilities, etc.), whilst amenity-based characteristics may act over quality of life of 

workforce of high-tech industries and, therefore, may influence ulterior capacity of 

these firms to recruit appropriate skilled labour. 

 

The structure of this paper is the following. Second section reviews location literature 

and addresses main points raised by scholars, third section details characteristics of 

dataset and provides some descriptive statistics, fourth section describes methods and 

discusses main results, and fifth section concludes and indicate directions of further 

analyses. 

 

 

2.  Literature review 

Location decisions of firms constitute an important topic on economics literature that 

has attracted a considerable amount of attention from researchers, as showed by the 

extensive review of Arauzo-Carod et al. (2010). These are important decisions as there 

are key implications in terms of competitiveness, market accessibility and firms’ 

performance and survival. To be more precise, nowadays firms are able to identify that 

space matters in terms of future performance and that, therefore, wrong decisions about 

where to locate may imply relevant sunk costs to be supported through long periods of 

time, whilst right decisions imply relevant positive networking benefits when locating 

close of other firms (Arzaghi and Henderson, 2008). Accordingly, firms try to select the 

best hotspots to their potential markets at the same time that they benefit from an 

innovative environment, have good accessibility to specialised workforce, operate in a 

prestigious area and enjoy from a large diversity of urban amenities (Frenkel, 2001). 
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Empirical contributions about location decisions of firms have approached this topic 

mainly from two perspectives: the point of view of the firm and the point of view of the 

areas where these firms may locate. This distinction implies as well that methodologies 

differ, as former analyses rely on discrete choice models, the later are mainly based on 

count data models. In view that we are interested the spatial asymmetries that determine 

firms’ decisions we will focus mainly on later approaches.  

 

In terms of analyses that explore how spatial specificities may influence firms’ location 

decisions there is one crucial point, the selection of the spatial unit to be used. In this 

sense, a medium-term analyses of research on this topic shows that spatial units have 

moved from large ones in the nineties to smaller ones in present days. Concretely, in 

papers published in the eighties and nineties it was common to use large geographical 

areas when analysing firm location decisions, as states in US (Head et al., 1995; 

Friedman et al., 1992; Coughlin et al., 1991; Bartik, 1985), although there were also 

analyse referred to smaller (functional) units as metropolitan areas in US (Carlton, 1983 

and 1979). Later, smaller administrative areas were introduced, as counties (List, 2001; 

Coughlin and Segev, 2000; List and McHome, 2000) and municipalities (Arauzo-

Carod, 2005; Holl 2004a, 2004b, and 2004c; Figueiredo et al., 2002; Guimarães et al., 

2000). Although currently there are mixing strategies as some researchers continue 

using metropolitan areas (Arauzo-Carod and Viladecans-Marsal, 2009) or 

municipalities (Buczkowska and de Lapparent, 2014; Jofre-Monseny and Solé-Ollé, 

2010) as spatial units, others use smaller areas focusing on what’s happening inside 

cities. Empirical applications at intra-urban level are mainly for Chinese cities, as those 

using sub-district offices of Nanjing (Li and Zhu, 2016), and postal zones of Beijing 

(Zhang et al., 2013) and Guangzhou (Wu, 1999). 

 

This shift from big areas to smaller ones has also generated some analyses in which 

scholars have empirically tested implications of using alternative spatial units. On that 

subject Arauzo-Carod and Manjón-Antolín (2004) analysed location decisions at 

province, county and municipal level in Catalonia and concluded that using alternative 

geographical aggregation may bias results. Similarly, Arauzo-Carod (2008) uses the 

same dataset and, additional to administrative units as municipalities and counties, 
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analyse also location decisions at functional units (i.e., travel-to-work areas). His results 

supports previous findings in terms of potential bias if using available data without 

discussing whether the geographical aggregation is appropriated, and concludes that fit 

is better for municipalities. Finally, Arauzo-Carod and Manjón-Antolín (2012) assume 

that using only administrative units (e.g., municipalities or counties) imply important 

restrictions and estimate firms location determinants at municipality level, but departing 

from this baseline specification they introduce spatially lagged covariates calculated at 

alternative distances (i.e., each 10 km from 10 to 100 km). They conclude that best fit in 

terms of neighbourhood criteria is achieved when considering characteristics of 

municipalities located up to 60 km. 

 

As showed by Arauzo-Carod and Manjón-Antolín (2012), when analysing location 

determinants of new firms it is necessary to take into account not only characteristics of 

the area where firms are located but also those of neighbouring areas. Surprisingly, 

these spatial issues have been introduced only recently in location analyses and are not 

yet hegemonic in location literature, but they are becoming increasingly popular. 

Catalan case has been widely analysed from different approaches, as those of Liviano 

and Arauzo-Carod (2015, 2013) focusing on the “zero problem” (i.e., the existence of a 

threshold in terms of whether a site can be chosen by a firm) and the role of spatial 

effects over extreme overdispersion of entry data. 

 

In a similar way, several authors have highlighted that when inferring firms’ location 

determinants, it is needed to take into account not only what happens at each potential 

site but, additionally, what happens at neighbour sites, as their characteristics also 

influence location decisions. These neighbouring effects have been analysed, among 

others, by Alamá-Sabater et al. (2011), showing that for entering firms characteristics of 

neighbouring municipalities have a similar importance than those of chosen 

municipalities in the Spanish region of Murcia. Similarly, using data for the Spanish 

Mediterranean Axis, Artal-Tur et al. (2013) identify how these externalities vary 

according to development level of municipalities, and Artal-Tur et al. (2012) observe 

that spatial spillovers are more relevant for location decisions of high-tech firms. All in 

all, previous empirical evidence suggests that it is important to control both for direct 
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and also for indirect effects (LeSage and Pace, 2009) coming from nearby sites when 

analysing location determinants of firms. 

 

According to our previous comments it seems obvious that next step in location analysis 

is to focus (when possible) inside big urban areas in order to take into account existent 

intra-muros heterogeneity. Unfortunately, from our knowledge contributions at intra-

urban level for European countries are quite scarce and include, among others, France 

(Moriset, 2003, for Lyon; Guermond, 1988, for Rouen) and Spain (Pérez and 

Marmolejo, 2008, for Barcelona; Suárez-Villa and Rama, 1996, for Madrid). Outside 

this continent, there are some papers for Turkey (Berkoz and Turk, 2008, for Istanbul), 

Canada (Maoh and Kanaroglou, 2007, for Hamilton), Japan (Arai et al., 2004, for 

Tokyo), Colombia (Moreno-Monroy and García Cruz, 2016 for Calí and Lee, 1981, for 

Bogotá), Israel (Frenkel, 2012, for Tel Aviv), U.S. (Walcott, 1999, for Atlanta; Shukla 

and Waddell, 1991, for Dallas), and most of contributions are about Chinese cities, 

especially in recent years (Yuan et al., 2017, and Li and Zhu, 2016, for Nanjing; Li et 

al., 2015, and Zhang et al., 2013, for Beijing; Huang and Wei, 2014, for Wuhan; Wu, 

1999, for Guangzhou). 

 

Unfortunately, most of empirical analyses about location decisions of high-tech firms 

rely on wide geographical areas (e.g., Arauzo-Carod, 2009, for Catalan counties, 

Woodward et al., 2006, for U.S. counties, or Autant-Bernard et al., 2006, for French 

regions) and, consequently, do not allow to account for firms’ preferences of urban 

cores. 

 

Traditionally high-tech activities have been located at urban cores looking for the 

specialised services, human capital and knowledge flows existent in these areas, being 

that peripheral areas cannot compete to attract and/or generate that type of firms 

(Cooke, 2004), although recent suburbanization processes may alter that distribution as 

monocentric distribution of economic activity moves into a polycentric one (Frenkel, 

2012)1. In this sense, in economies as the U.S. where suburbanization has started earlier, 

                                                 
1 There is plenty of evidence of suburbanization of high-tech activities. See, for instance, Nunn 
and Warren (2000) for computer services in metropolitan statistical areas of the U.S. or Guillain 
et al. (2006) for a wide range of industries for Paris region. 
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entries of high-tech firms (both for manufacturing and services) are higher at suburbs 

than at urban cores (Renski, 2009). Nevertheless, from an European perspective, cores 

of big metropolitan areas still satisfy key requirements by high-tech firms, as indicated 

by Suarez-Villa and Rama (1996, p. 1156): “locating in a central area of the 

metropolitan region, rather than in the periphery, may help to create and support 

networks of co-production or subcontracting that can be vital to R&D activities, through 

the resource savings that they provide”. 

 

 

3. Data   

3.1 Study area 

Barcelona is the capital of Catalonia, an autonomous region northeast Spain. The city 

has about 1,5 million inhabitants in an area of 101 km2, but the administrative 

metropolitan region of Barcelona has about 3,2 million inhabitants distributed into 36 

municipalities and 636 km2. This is a densely populated city (15,800 inhabitants / km2), 

especially if comparing with some other big European capitals as Rome (2,110), Berlin 

(3,852) or Warsaw (3,340). 

 

3.2 Datasets 

This paper uses two main data sources: the first one is Camerdata, a dataset that collects 

registers for Chambers of Commerce in Spain and provides information about firms 

(both entering and incumbent) and the second one is Statistical service of Barcelona city 

council and provides information about spatial units used, Barcelona neighbourhoods.  

 

Data from Camerdata includes detailed information at firm level as data of location, 

number of employees, legal form and sales, among others. Data is provided at 4-digit 

NACE level but instead 3-digit level is preferred in order to focus on a limited number 

of industries. In this paper we use a compilation made by Barcelona city council that 

does not provide microdata at firm level but for three geographical levels (census 

sections, neighbourhoods and districts). Concretely, we will analyse location 

determinants of the 5,510 registered entries between 2008 and 2012 for the following 

industries: Video & TV Production (NACE code 591), Wired Telecommunications 
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(611), Other Telecommunications (619), Computer Programming & Consultancy (620), 

Data processing & Hosting (631), Other Information Services (639), and R&D Natural 

Sciences & Engineering (721). 

 

Data from Statistical service of Barcelona city council is provided for several 

aggregation levels: the whole city, 10 districts, 73 neighbourhoods, 233 basic statistic 

areas and 1061 census districts. When selecting the level there is a trade-off between 

spatial disaggregation and availability of data, as higher is the disaggregation level 

fewer (and less reliable) is data collected by city council. Therefore, according to the 

purposes of this analysis (see section 2 for details) we have decided to work at 

neighbourhood level. 

 

3.3 Variables and estimation 

According from previous concerns, our dependent variable is the location of new firms 

from aforementioned industries between 2008 and 2012.  As we assume that 

competitiveness of urban cores (and, therefore, their attractiveness for new high-tech 

firms) come from a combination of social, economic, cultural and infrastructural factors 

(Kitson et al., 2004), we need to take into account both economic and amenity-oriented 

determinants as explanatory variables. Consequently, these variables include several 

vectors related to i) agglomeration economies, ii) knowledge-based infrastructures, iii) 

transport infrastructures, iv) population, v) socioeconomic conditions, vii) social and 

education and vii) retail, real estate and amenities. 

 

Concretely, dependent variable is defined as the count of new firms belonging to Video 

& TV Production (code 591), Wired Telecommunications (611), Other 

Telecommunications (619), Computer Programming & Consultancy (620), Data 

processing & Hosting (631), Other Information services (639), and R&D Natural 

Sciences & Engineering (721) (measured at 3-digit level at each one of Barcelona’s 73 

neighbourhoods) during the period 2008-2012. 

 

As for independent variables they are calculated as well at neighbourhood level, and the 

reference year differs depending on each covariate. 
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[INSERT TABLE 1 ABOUT HERE] 

 

First, agglomeration economies variables include lagged entries of the same industry 

(LOC_*_L). Second, knowledge-based infrastructure variables include dummies about 

22@ innovation district (DIST_22), existence of research centres (RC) and universities 

(UNI). Third, transport infrastructures variables include stops of bus, subway and 

tramway relative to population (PT), municipal underground garages (PKGP), and 

bicing stations (BICI)2. Fourth, population variables include population (POP), 

percentage of young population (aged between 15 and 24 years old: YOUNG), and 

percentage of population born abroad (ABR).  Fifth, socioeconomic conditions 

variables include income levels relative to those of Barcelona (INCO), and 

unemployment rate (UNE). Sixth, social and education variables include percentage of 

population with college degrees or equivalent (COLLE) and percentage of voters at 

local elections (ELEC). Seventh, retail, real estate and amenities variables include local 

police stations (POL_2008), municipal markets (MKT_2008), municipal sports centres 

(SPORT_2008), bars, restaurants and hotels (RERES_2010), and percentage of offices 

over land surface (OFI_2010).  

 

We assume that agglomeration economies matter for the location of new high-tech 

firms because they tend to benefit from efficiency gains arising from core locations 

(Arauzo-Carod and Viladecans-Marsal, 2009; Woodward et al., 2006). Knowledge-

based infrastructures are also relevant as new high-tech firms are hypothesized to locate 

close to universities and research centres in order to get better accessibility to 

knowledge spillovers (Stam, 2010; Audretsch et al., 2005). Transport infrastructures 

need to be taken into account, as firms need to have good accessibility to sites where 

they are located (Buczkowska and de Lapparent, 2014; Arauzo-Carod, 2005; Holl, 

2004). Role played by population is explained in terms of preference of high-tech firms 

to locate in densely populated areas (Egeln et al., 2004, and Bade and Nerlinger, 2000); 

similarly, diversity in areas where there is an important number of foreign born 

                                                 
2 Bicing is a public bicycle sharing system of city council of Barcelona with more than 400 
stations across the city. 
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population tend to be higher and that fosters innovation and creativity (Lee et al., 2004). 

Socioeconomic conditions also matter in view that attractiveness of an area is lowered 

by high unemployment rates (Egeln et al., 2004) and fostered by high-income levels 

(Guimarães et al., 2015; Buczkowska and de Lapparent, 2014; Egeln et al., 2004; Head 

et al., 1999). Social and education characteristics are of big relevance in view that i) 

social capital (proxied by participation in local elections) can have a positive effect over 

entries (Bauernschuster et al., 2010) and ii) literature suggests that availability of skilled 

labour is a key input for high-tech firms, although regardless of positive results obtained 

by most of empirical findings (Woodward et al., 2006; Egeln et al., 2004), there is still 

some controversy among researchers about whether there are also negative effects (see 

Arauzo-Carod, 2013, for a discussion). Finally, retail, real estate and amenities 

(Buczkowska and de Lapparent, 2014) may also attract new business as these 

infrastructures provide services to firms and to managers / workers. 

 

Consequently, we estimate the number of new high-tech firms in a neighbourhood as a 

function of the local specific characteristics previously described: 

 

 

 

where  is the number of new firms belonging to industry i located in a 

neighbourhood j, include the previously explained set of covariates,  include the 

spatially weighted average of neighbour areas of some of previous covariates and  is 

an error term. 

 

A first insight into dependent variable of each industry at neighbourhood level (firm 

entry) shows that there is an important heterogeneity in terms of number of firms 

entering at Barcelona’s neighbourhoods. Concretely, there are 5510 new firms 

belonging to selected high-tech industries entering between 2008 and 2012, and most of 

them (3555) belong to Computer Programming & Consultancy industry, being that rest 

of entries are quite homogeneously distributed among the six other industries. The 

concentration of entries in some districts is more important for Other Information 

Services (entries concentrate in 21 neighbourhoods), Wired Telecommunications (29) 
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and Data Processing & Hosting (35), whilst rest of industries have a pattern of entries 

more dispersed across a large number of neighbourhoods: R&D Natural Sciences & 

Engineering (41), Other Telecommunications (43), Video & TV Production (51) and 

Computer Programming & Consultancy (60). 

 

 

4. Empirical analysis 

Empirical analysis includes a spatial exploratory analysis intended to identify spatial 

patterns regarding entries of new firms and their expected determinants, and an 

econometric analysis in which causality relationships between entries and their 

determinants are identified. 

 

4.1 Spatial Exploratory Analysis 

Total entries of high-tech firms between 2008 and 2012 (see Figure 2) are clearly 

clustered around Barcelona main axe, Diagonal Avenue, and, especially, at central 

segments of this large street that crosses Barcelona. This pattern is due to high 

concentration of facilities, public services and firms around this area. 

 

[INSERT FIGURE 2 ABOUT HERE] 

 

There is also some path dependence in terms of neighbourhoods preferred by firms, as 

spatial distribution of previous entries (1995-2007) for the same industries are quite 

similar (see Figure 3). In general terms, both figures show that for high-tech firms 

central business oriented areas are preferred than peripheral ones, where high-tech 

entries are very scarce. These exploratory results corroborate those of Pérez and 

Marmolejo (2008) for the whole metropolitan area of Barcelona, but they differ from 

those found by Frenkel (2012) for Tel Aviv metropolitan region, but this is easily 

explained in terms of firms’ preferences for core areas, no matter if there is a single one 

core (e.g., Barcelona) or more than one (e.g., Tel Aviv).  

 

[INSERT FIGURE 3 ABOUT HERE] 
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Data about entries trough a long period of time allows to calculate some indicators 

related to similarity / dissimilarity of neighbourhoods in terms of the type of industries 

that tend to locate there. Among these indicators we will concentrate over Dissimilarity 

Index (Wong, 1993), Gini Index (Duncan and Duncan, 1955) and Entropy Index (Theil, 

1972). Dissimilarity Index (D) allows to check whether distribution of entering firms of 

different industries across Barcelona’s neighbourhoods is similar across all of them or, 

by the contrary, there are some neighbourhoods where specific industries have weights 

significantly larger than for the whole city.  

 

Concretely, D ranges between 0 (perfect similarity across all areas) and 1 (perfect 

dissimilarity). Values for Barcelona are quite stable for both periods (0.3055 for 2008-

2012 and 0.3069 for 1995-2007) and indicate slightly differences across 

neighbourhoods when considering all high-tech industries included in this paper. Gini 

Index (G) allows a more detailed analysis as each industry is analysed in a separate 

way, being that we may obtain an indicator about whether a specific industry is equally 

distributed across a given number of areas (neighbourhoods). Interpretation of G is quite 

similar to that of D as it ranges between 0 and 1, being that values close to 0 indicate 

that industry x has roughly the same weight across all neighbourhoods, whilst values 

close to 1 indicate that the weight differs considerably across neighbourhoods. 

 

[INSERT TABLE 2 ABOUT HERE] 

 

Table 2 provides results of G for both periods and all industries. Main results suggest 

important heterogeneities in terms of industries (here is some persistence over time), as 

some of them tend to locate in a balanced way across neighbourhoods (Video & TV 

Production and Computer Programming & Consultancy), whilst others show a clear 

tendency to agglomerate in a few of them (Other Information Services and, specially, 

Wired Telecommunications). 

 

[INSERT FIGURE 4 ABOUT HERE] 
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Finally, Entropy Index (E) provides a different approach over spatial / industrial 

heterogeneity as it allows to identify whether a spatial unit (e.g., neighbourhood) is 

homogeneous or diverse. As usual, E ranges between 0 and 1, being that values close to 

0 indicate that in this area there is a predominant activity (e.g., industry), and values 

close to 1 indicate that relative weights of each activity are quite similar. In this sense, 

Figure 4 shows that results at neighbourhood level for both periods are pretty similar, 

although areas with lower entropy levels tend to be the peripheral ones (specially for the 

second period). 

 

Nevertheless, at industry level, there are some specificities that deserve a deeper 

analysis (see Figure 5). In general terms, all industries show a similar tendency to locate 

in areas close to Diagonal Avenue and, most of them tend to cluster around core 

neighbourhoods of Eixample district (Video & TV Production; Other 

Telecommunications; Computer Programming & Consultancy; Data Processing & 

Hosting; Other Information Services)3. Although they also locate mainly at core 

neighbourhoods Wired Telecommunications and R&D Natural Sciences & Engineering 

have a slightly more dispersed pattern. 

 

[INSERT FIGURE 5 ABOUT HERE] 

 

Although previous figures indicate that there is some kind of spatial clustering, it is 

necessary to check this phenomenon in a rigorous way. In this sense, results from 

spatial autocorrelation (Moran, 1948) of total entries show a Moran’s I of 0.429, which 

implies that there is some (moderate) spatial autocorrelation of entries of new firms, 

which means that number of entries at neighbourhood level are correlated with those of 

neighbour areas (see Figure 6a). Nevertheless, this spatial autocorrelation may exist 

only in certain areas but not for the whole city. This is why we have also calculated a 

Local Index of Spatial Association (LISA) (Anselin, 1995).4  

                                                 
3 In their analysis of the whole metropolitan area of Barcelona Pérez and Marmolejo (2008) 
found a similar pattern as entries were lower in peripheral neighbourhoods with low skilled 
population. 
4 In order to calculate local and global measures of spatial autocorrelation, as well as spatially 
lagged variables, and in view of size and proximity of neighbourhoods of Barcelona, we have 
decided to use a contiguity matrix as weight matrix. 
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[INSERT FIGURE 6 ABOUT HERE] 

 

Concretely, LISA results (see Figure 6b) show that spatial autocorrelation in Barcelona 

exists mainly at upper and lower areas in terms of entries. In this sense, in upper areas 

(i.e., central districts at geographical core of the city) there is a high-high significant 

local spatial autocorrelation (i.e., red areas at Figure 6b), whilst in lower areas (i.e., 

peripheral districts at North-East side of the city) there is a low-low significant local 

spatial autocorrelation (i.e., dark blue areas at Figure 6b). High-high local spatial 

autocorrelation indicates that neighbourhoods with high number of entries are 

surrounded by other neighbourhoods with similar high levels, whilst low-low local 

spatial autocorrelation indicates that neighbourhoods with low number of entries are 

surrounded by other neighbourhoods with similar low levels. Our results show that 

high-high areas are those with stronger levels of economic activity whilst low-low areas 

are mainly medium and low-income areas mainly residential and far away from urban 

core. 

 

[INSERT FIGURE 7 ABOUT HERE] 

 

We have also calculated local spatial autocorrelation for covariates used at the 

econometric regression (see Figure 7). Although results are quite dissimilar, some 

interesting patterns arise: i) regarding lagged entries at industry level, there is a similar 

high-high pattern at city centre and a low-low pattern at North-East periphery for all 

industries, although the high-high pattern for R&D Natural Sciences & Engineering 

extends upon Diagonal neighbourhoods where most of faculties are located, suggesting 

a strong spin off process from universities and research centres; ii) for some amenities 

(municipal underground garages and bicing stations) there is a high-high pattern at city 

centre that for the laters ranges until tourism oriented seaside areas, but in general terms 

local services are spread across the whole city; iii) in terms of socioeconomic 

characteristics it is easy to observe a noticeable divide, as there is a high-high area of 

population born abroad at historical city centre, a huge high-high area in terms of 

income at wealthy neighbourhoods at North-West of the city at a low-low area at 
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popular neighbourhoods located North-East (results are almost the same in terms of 

educated people and the opposite in terms of unemployment). 

 

4.2 Econometric model 

Most of recent contributions that analyse firms’ location determinants focusing on 

characteristics of sites potentially selected by new firms rely on Count Data Models 

(CDM). Family of CDM is quite large and, among the most used, there are the Poisson 

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

(ZIPM) and the Zero Inflated Negative Binomial Model (ZINBM).5  

 

Although Poisson models are the most popular specification of CDM, they suffer from 

two limitations that sometimes are not being taken into account by researchers. 

Concretely, i) they assume that the mean and the variance are equal, but this situation is 

often violated when dealing with location phenomena, as concentration of entries in few 

areas makes variance larger than mean (i.e., overdispersion); and ii) they can manage 

phenomena in which there is a large number of zeroes (i.e., zero problem), that in 

location terms occurs when an area does not receive any entries. 

 

[INSERT TABLE 3 ABOUT HERE] 

 

As it is shown in Table 3, there is overdispersion for all industries and there is also zero 

inflation for almost all of them (the exception is the Computer Programming & 

Consultancy industry where neighbourhoods with zero entries are “only” 17.81%). 

Accordingly, it is needed to look for alternative CDM. In order to select procedure to be 

used it is important to take into account that different CDM involve as well different 

probability models. For instance, NBM assumes between-subject heterogeneity and that 

the process is the same for both zero and non-zero counts, but ZIPM and ZINBM have 

different probability models for zero and non-zero counts, and between-subject 

heterogeneity is not allowed in ZIPM, but it is in NBM.  

 

                                                 
5 There are recent innovative developments with models as a spatially dependent multivariate 
count model (Bhat et al., 2014) or a NBM with a spatially lagged dependent variable (Basile et 
al., 2010), among others. 
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In order to discriminate among alternative CDM we have carried out a test of the 

Poisson goodness-of-fit that provided large chi-square variables for all econometric 

estimations, confirming that PM is not appropriate. Then we estimated the same models 

again using a NBM and carrying out a likelihood ratio test of alpha=0 to decide between 

NBM and PM6. Results for most of industries suggested that alpha was significantly 

different from zero and that, consequently, PM was not the best choice. 

 

As detailed previously each estimation technique has some implications in terms of data 

characteristics (i.e., between subject heterogeneity and probability models for zero and 

non-zero counts). This is an important point because it is important to distinguish 

situations in which zeros may occur randomly than those in which zeros are structural 

(i.e., according to site characteristics it is almost impossible to receive new firms there). 

In this sense, zero inflated versions (ZIPM and ZINBM) imply separate processes for 

zero and non-zero counts. Therefore, we have carried out a Vuong test in order to 

discriminate between ZIPM and PM and between ZINBM and NBM. 

 

Finally, having compared pros and cons of several CDM, it seems clear that we should 

use different procedures for each industry. Concretely, results of previous tests suggest 

using NBM for Video & TV Production and Other Information services; ZIP for Wired 

Telecommunications, Other Telecommunications, Data processing & Hosting and R&D 

Natural Sciences & Engineering and ZINB for Computer Programming & 

Consultancy.7 

 

[INSERT TABLE 4 ABOUT HERE] 

 

Location of new firms of each one of the high-tech selected industries is explained in 

terms of the effects of covariates belonging to seven vectors (agglomeration economies; 

knowledge-based infrastructures; transport infrastructures; population; socioeconomic 

conditions; social and education, and retail, real estate and amenities). Our estimation 

                                                 
6 This is a test of the overdispersion of the alpha parameter. If alpha=0, the Negative Binomial 
distribution is equivalent to a Poisson distribution and there is no overdispersion (alpha 
determines the degree of dispersion). 
7 Results of these tests are available upon request. 
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strategy consists on separate regressions at industry level using the same set of 

covariates and has two stages: in the first one a baseline specification without spatial 

effects is calculated and, in the second one, spatial effects are introduced to previous 

specification. 

 

An initial look at results of Table 4 shows i) that there are industry-specific patterns in 

terms of location behaviour, as industries considered are not affected in the same way 

by selected covariates, ii) that locational determinants that act over location decisions 

are quite heterogeneous, as they include those related to agglomeration economies, 

knowledge-based infrastructures, transport infrastructures, population, socioeconomic 

conditions, social and education characteristics, and retail, real estate and amenities, and 

iii) that spatial spillovers matter for most of industries, although in a different way. 

 

In terms of specificities of location determinants of each industry, generally speaking 

results show that whilst for some of them (Wired Telecommunications and Other 

Information Services) the covariates are highly significant and help to explain location 

processes, for others (Other Telecommunications, Computer Programming & 

Consultancy, and Data processing & Hosting) explanatory power of the econometric 

specification is clearly smaller. 

 

In terms of the effect of each group of covariates, agglomeration economies and 

knowledge-based infrastructures have, in general terms, a positive effect over entries, 

although that for some industries (Other Telecommunications, Computer Programming 

& Consultancy, Data processing & Hosting, R&D Natural Sciences & Engineering) the 

effect is clearly smaller. Transport infrastructures are, by far, the group of covariates 

that seem to be less important for location decisions, with the only exception of R&D 

Natural Sciences & Engineering, which is positively attracted by existence of stops of 

bus, subway and tramway, municipal underground garages and bicing stations. 

Population variables have a mixed effect as, in general terms, size of neighbourhood 

population attracts new high-tech firms of all industries, but percentage of young people 

has practically no effects and the existence of foreign people limits entries, potentially 

because most of migrants in Barcelona are low-medium skilled. In terms of 
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socioeconomic conditions, both unemployment and income level act as a barrier to 

entries, the first one as it may discourage potential firms by signalling less dynamic 

neighbourhoods, and the second one as wealthy areas may imply stronger competition 

for available space and, therefore, higher prizes. Educational attainment of population 

has the expected positive effect for most of industries (the only exception is R&D 

Natural Sciences & Engineering). Finally, in terms of retail, real estate and amenities, 

results are quite mixed. In this sense, i) the existence of police stations has a negative 

effect because these facilities are located in areas with large crime data records; ii) 

public facilities that are expected to increase quality of life have the opposite results, as 

number of municipal markets has a (expected) positive effect, and the number of 

municipal sports centres has a (unexpected) negative effect; iii) number of hotels, bars 

and restaurants has a positive effect for Other Telecommunications, Data processing & 

Hosting and Other Information Services, but a negative one for Wired 

Telecommunications and R&D Natural Sciences & Engineering 8; iv) surprisingly, 

existence of offices does not act as important location determinant for most of 

industries. 

 

When spatially-lagged variables are introduced fit improves for all estimations and most 

of previous variables keep the same sign and signification. It is noticeable that i) 

although previous entries in adjacent neighbourhoods influence current entries in a 

positive way for almost all industries (the only exception is Video & TV Production), 

the effect is only significant for Wired Telecommunications, Other Telecommunications 

and Computer Programming & Consultancy; and that ii) spatially lagged availability of 

skilled labour only keep the same sign and signification for Video & TV Production 

(positive) and R&D Natural Sciences & Engineering (negative), but for Computer 

Programming & Consultancy there is a simultaneous positive effect of skilled workers 

at the same neighbourhood and negative effect for skilled workers at neighbour areas. 

 

These results help to illustrate how the location decisions of high-tech firms are shaped 

by characteristics of neighbourhoods of Barcelona. Nevertheless, covariates used in this 

                                                 
8 This variable may also proxy competition with tourism activities and, therefore, higher real 
estate prizes that may deter entries. 
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paper do not fully explain the whole decision process as some variables may be omitted 

and there are random processes potentially affecting these location decisions. 

 

 

5. Conclusions 

This paper is about location determinants of high-tech firms but instead of most of 

previous analyses that rely on bigger areas as metropolitan areas or municipalities, 

analysis is carried out at intra-urban level. Concretely, we use data from high-tech firms 

entering at neighbourhoods of Barcelona and we contribute to empirical literature by 

identifying that these firms tend to agglomerate in core areas of the city rather than to 

homogeneously distribute across most of neighbourhoods. Our main results indicate 

that the seven high-tech industries considered have some locational specificities, that 

location decisions of firms are driven by a heterogeneous pool of covariates (including 

amenities and economic-oriented neighbourhood characteristics), and that spatial 

spillovers are relevant for some industries. 

 

Departing from our results there are some interesting policy implications that arise. 

Firstly, that intra-urban level is appropriate for analysing firms’ entry decisions. This is 

an important point as it implies that neighbourhood characteristics matter, so public 

administrations may take them into account when designing firm attracting policies. 

Secondly, that both amenity-oriented and economic-oriented neighbourhood 

characteristics are important. Therefore, to provide appropriate economic conditions is 

an important requirement, but quality of life is also relevant and should be considered. 

 

We will leave for future research the question of whether the effects of covariates may 

vary across each neighbourhood. If the answer is yes, that would lead to explore 

alternative estimation techniques as Geographically Weighted Regressions (GWR). 
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Tables 
 

Table 1: descriptive statistics of covariates 

Code Definition Min Max Mean Std Dev Moran’

s I 
Agglomeration economies 

LOC_591_
L 

Previous entries of industry 591 8 74 12.753 10.734 0.3251 

LOC_611_

L 

Previous entries of industry 611 0 38 2.164 5.196 -0.0212 

LOC_619_

L 

Previous entries of industry 619 0 64 8.904 12.840 0.3296 

LOC_620_
L 

Previous entries of industry 620 0 844 67.561 123.660 0.3893 

LOC_631_

L 

Previous entries of industry 631 0 56 6.041 9.956 0.3661 

LOC_639_
L 

Previous entries of industry 639 0 56 5.110 10.657 0.3970 

LOC_721_

L 

Previous entries of industry 721 0 64 5.616 11.303 0.3309 

Knowledge-based infrastructure 

DIST_22 22@ innovation district (dummy) 0 1 0.082 0.277 0.6649 

RC Research centres (dummy) 0 1 0.137 0.346 0.1321 

UNI Universities (dummy) 0 1 0.247 0.434 0.2407 

Transport infrastructures 

PT Stops of bus, subway and tramway relative to 

population 

0.000 0.057 0.003 0.007 0.0391 

PKGP Municipal underground garages 0 10 1.986 2.024 0.0975 

BICI Bicing stations 0 28 5.726 6.095 0.6419 

Population  

POP Population (2007) 445 58146 21803.9 14560.08 0.3386 

YOUNG Percentage of young population (15-24) 5.3 13.3 9.667 1.353 0.1935 

ABR Percentage of population born abroad 6.6 52.3 19.003 8.118 0.2134 

Socioeconomic conditions 

INCO Income levels (2008) (relative to Barcelona) 49.928 214.74
1 

95.327 34.374 0.6698 

UNE Unemployment rate 4.4 17.85 10.605 2.908 0.6898 

Social and education 

COLLE Percentage of population with colleges degrees or 
equivalent 

2.185 49.688 21.279 12.132 0.6815 

ELEC Percentage of voters at local elections 26.220 63.290 48.138 6.978 0.4462 

Retail, real state and amenities 

POL Local police stations (dummy) 0 1 0.630 0.486 0.6127 

MKT Municipal markets 0 2 0.548 0.554 -0.1527 

SPORT Municipal sport centres 0 2 0.507 0.604 -0.0439 

REST Bars, restaurants and hotels 0 835 97.164 171.976 0.5089 

OFF Percentage of offices over land surface 0 18.2 3.519 3.758 0.5706 

Source: author. 
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Table 2: asymmetries of entries (Gini index) 

Code Definition Gini index (2008-2012) Gini index (1995-2007) 
LOC_591 Entries of industry 

591 
0.3761 0.4018 

LOC_611 Entries of industry 

611 

0.8372 0.8096 

LOC_619 Entries of industry 

619 

0.5205 0.500 

LOC_620 Entries of industry 
620 

0.3131 0.3045 

LOC_631 Entries of industry 

631 

0.4488 0.4612 

LOC_639 Entries of industry 
639 

0.6146 0.5174 

LOC_721 Entries of industry 

721 

0.4984 0.5152 

Source: author using Geo-Segregation Analyzer (Apparicio et al., 2014). 
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Table 3: descriptive statistics of dependent variables 

Code Definition Mean Std Dev Min Max % of zeros 
LOC_591 Entries of industry 

591 
7.959 13.517 0 65 30.14 

LOC_611 Entries of industry 

611 

3.110 5.959 0 29 60.27 

LOC_619 Entries of industry 

619 

4.220 7.409 0 38 41.10 

LOC_620 Entries of industry 
620 

48.699 89.062 0 609 17.81 

LOC_631 Entries of industry 

631 

4.808 9.907 0 57 52.05 

LOC_639 Entries of industry 
639 

1.767 3.953 0 22 71.23 

LOC_721 Entries of industry 

721 

4.918 8.209 0 42 43.84 

Source: author. 

 

 

 



Table 4: Negative Binomial (NBM), Zero Inflated Poisson (ZIP) and Zero Inflated Negative Binomial (ZINB) regression estimates 
  NBM 

LOC_591 

ZIP 

LOC_611 

ZIP 

LOC_619 

ZINB 

LOC_620 

ZIP 

LOC_631 

NBM 

LOC_639 

ZIP 

LOC_721 Variables 

Agglomeration economies 

LOC_OWN_L 0.0313** 0.0364*** 0.0811*** 0.0538** -0.0121 -0.000751 0.00192* 0.00210* -0.00663 -0.0267 -0.0416** -0.0395*** 0.0221*** 0.0252*** 

 

(0.0127) (0.0121) (0.0215) (0.0249) (0.00818) (0.00914) (0.00111) (0.00116) (0.0162) (0.0166) (0.0186) (0.0151) (0.00685) (0.00761) 

Knowledge-based infrastructures 

DIST_22 1.721*** 1.759*** 1.457* 1.383 0.974** 1.161*** 1.396*** 1.458*** -0.0255 -0.0241 5.454*** 6.828*** 0.122 0.478 

 

(0.413) (0.388) (0.833) (1.425) (0.382) (0.443) (0.262) (0.241) (0.518) (0.520) (1.107) (1.176) (0.395) (0.393) 

RC_dum 0.556* 0.617** 0.799 -0.430 0.308 0.264 0.228 0.266 -0.228 -0.628** 0.650 0.475 0.546** 0.299 

 

(0.296) (0.285) (0.581) (0.661) (0.284) (0.305) (0.213) (0.204) (0.228) (0.298) (0.537) (0.594) (0.217) (0.267) 

UNI_dum 0.0356 -0.0521 -1.288** -0.0633 0.296 0.0706 -0.281 -0.323* 1.045*** 1.237*** -0.853 -0.914 0.0522 0.160 

 

(0.320) (0.301) (0.518) (0.618) (0.287) (0.376) (0.202) (0.190) (0.255) (0.277) (0.555) (0.605) (0.192) (0.209) 

Transport infrastructures 

PT_2008_R -126.9 -358.1* -6.723 57.78 23.16 20.78 35.57** 37.30** 2.123 36.05 62.58 101.6** 16.58 37.47* 

 

(145.3) (182.7) (32.68) (41.42) (27.19) (27.58) (15.86) (16.77) (31.18) (32.12) (43.65) (44.79) (19.33) (20.26) 

PKGP_2008 0.0964 0.0809 0.224*** 0.272** 0.0396 0.0687 0.0440 0.0785* -0.0842 -0.0995* -0.0707 -0.0433 0.135*** 0.187** 

 

(0.0679) (0.0623) (0.0862) (0.127) (0.0517) (0.0548) (0.0439) (0.0424) (0.0550) (0.0569) (0.122) (0.111) (0.0488) (0.0794) 

BICI_2008 -0.0319 -0.0405 -0.243** -0.171 -0.000310 -0.0158 -0.00755 -0.0133 0.0917** 0.128*** -0.104 -0.214** 0.0507* 0.0936*** 

 

(0.0323) (0.0341) (0.0992) (0.169) (0.0306) (0.0353) (0.0224) (0.0265) (0.0382) (0.0430) (0.0669) (0.0848) (0.0268) (0.0344) 

Population  

POB_2007 4.63e-05*** 4.35e-05*** 9.41e-05*** 7.04e-05* 3.08e-05*** 3.02e-05** 4.26e-05*** 4.04e-05*** 6.27e-06 -2.90e-06 0.000121*** 0.000115*** 3.35e-05*** 2.44e-05*** 

 

(1.15e-05) (1.16e-05) (2.99e-05) (4.05e-05) (1.09e-05) (1.43e-05) (7.52e-06) (6.97e-06) (1.11e-05) (1.21e-05) (2.71e-05) (2.80e-05) (6.81e-06) (7.97e-06) 

AGE_2008 0.0462 0.122 -0.274 -1.154*** 0.121 0.138 0.00139 -0.0160 -0.00478 -0.201 1.152*** 1.200*** -0.0541 -0.0271 

 

(0.121) (0.118) (0.209) (0.386) (0.135) (0.149) (0.0954) (0.0916) (0.179) (0.189) (0.280) (0.274) (0.102) (0.111) 

EST_2008 0.0332 0.0115 -0.0249 0.00443 -0.0608** -0.0489* 0.00898 0.0198 -0.0776*** -0.0650** -0.211*** -0.251*** 0.00454 0.0214 

 

(0.0242) (0.0234) (0.0516) (0.0619) (0.0255) (0.0290) (0.0184) (0.0177) (0.0260) (0.0277) (0.0499) (0.0471) (0.0222) (0.0245) 

Socieconomic conditions 

RFD_2008 -0.0297*** -0.0282*** -0.0829*** -0.0905*** -0.00804 -0.00523 -0.00861 -0.00830 -0.00788 -0.0173** -0.0409** -0.0437*** 0.00565 0.00367 

 

(0.0108) (0.00955) (0.0295) (0.0327) (0.00707) (0.00733) (0.00708) (0.00655) (0.00738) (0.00838) (0.0196) (0.0156) (0.00670) (0.00700) 

UNR_2011 -0.292*** -0.231** 0.214** 0.0753 0.0872 0.119 -0.174** -0.146* 0.0941 -0.123 -0.351 -0.343* -0.164* -0.145 

 

(0.107) (0.100) (0.107) (0.112) (0.107) (0.114) (0.0764) (0.0753) (0.116) (0.133) (0.241) (0.200) (0.0836) (0.0918) 

Social and education 

EDUSUP_2010 0.0963*** 0.117*** 0.219*** 0.111 0.0198 0.0156 0.0583*** 0.0637*** 0.0224 -0.0342 0.248*** 0.247*** -0.0214 -0.0400* 

 

(0.0275) (0.0280) (0.0841) (0.0979) (0.0288) (0.0284) (0.0178) (0.0203) (0.0348) (0.0438) (0.0488) (0.0493) (0.0193) (0.0212) 

ELT_2007 -0.0409 -0.0605* -0.0408 -0.00400 -0.0139 -0.0210 -0.0306 -0.0307 0.0713** 0.102*** -0.147** -0.0403 -0.00190 0.0269 
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(0.0343) (0.0327) (0.0671) (0.0961) (0.0344) (0.0346) (0.0208) (0.0216) (0.0284) (0.0326) (0.0679) (0.0635) (0.0271) (0.0302) 

Retail, real estate and amenities 

POL_2008 -0.542* -0.425 0.892 -2.018* -0.436* -0.630** 0.117 0.0487 0.439 -0.454 -0.673 -0.695 0.256 -0.0939 

 

(0.278) (0.262) (0.687) (1.157) (0.258) (0.272) (0.182) (0.176) (0.312) (0.445) (0.513) (0.576) (0.219) (0.255) 

MKT_2008 0.0978 0.287 0.658* 1.228** 0.388** 0.436** 0.107 0.0584 0.743*** 0.567*** 0.445 0.260 -0.307* -0.552*** 

 

(0.232) (0.220) (0.387) (0.587) (0.176) (0.193) (0.149) (0.144) (0.192) (0.210) (0.454) (0.424) (0.170) (0.205) 

SPORT_2008 -0.0685 -0.0853 -0.458** -0.805** -0.708*** -0.623*** -0.311*** -0.285** -0.292** -0.440*** -0.0414 0.287 -0.278* -0.265* 

 

(0.206) (0.183) (0.227) (0.331) (0.191) (0.201) (0.118) (0.111) (0.133) (0.147) (0.372) (0.351) (0.146) (0.151) 

RERES_2010 -3.58e-05 -2.79e-06 -0.00757*** -0.00487*** 0.00265*** 0.00199* -0.000517 -0.000880 0.00193** 0.00287*** 0.00794*** 0.0132*** -0.00229** -0.00125 

 

(0.00105) (0.00101) (0.00150) (0.00166) (0.000901) (0.00109) (0.000811) (0.000834) (0.000783) (0.000936) (0.00283) (0.00279) (0.000969) (0.00104) 

OFI_2010 -0.0368 -0.0328 0.488*** 0.0681 0.0170 0.0453 0.0235 0.0294 -0.0110 -0.0269 -0.0652 -0.107 -0.0256 -0.120** 

 

(0.0567) (0.0512) (0.153) (0.226) (0.0489) (0.0499) (0.0408) (0.0363) (0.0653) (0.0679) (0.102) (0.0991) (0.0431) (0.0542) 

               

Spatially lagged variables 

W_LOC_L  -0.0482**  0.510***  0.0385***  0.00387***  0.0167  0.0415  0.0258 

  (0.0218)  (0.143)  (0.0140)  (0.00115)  (0.0249)  (0.0449)  (0.0293) 

WRFD_2008  -0.0297***  0.0141  0.00513  0.00318  0.0142  0.0348  0.0105 

  (0.0111)  (0.0236)  (0.0131)  (0.00809)  (0.0115)  (0.0218)  (0.00996) 

WEDUSU2010  0.0985***  -0.0343  -0.0786**  -0.0622***  -0.000379  -0.0572  -0.0532* 

  (0.0345)  (0.0453)  (0.0344)  (0.0222)  (0.0293)  (0.0667)  (0.0304) 

WUNR_2011  0.0126  -0.203  -0.193  -0.112  -0.0175  0.400***  -0.116 

  (0.116)  (0.193)  (0.152)  (0.0912)  (0.0935)  (0.143)  (0.0868) 

Constant 4.712* 5.559* 4.674 18.90** 0.668 2.913 4.558** 6.035** -2.579 1.622 -2.228 -13.66*** 2.512 2.561 

 

(2.630) (3.059) (4.539) (9.020) (2.408) (2.952) (2.054) (2.508) (2.838) (3.904) (4.530) (5.114) (2.388) (2.869) 

Inflate               

POB_2007   -4.48e-05** -4.52e-05** -7.10e-05*** -6.77e-05*** -0.000216*** -0.000215*** -5.59e-05*** -5.39e-05***   -5.32e-05** -5.02e-05** 

 

  (2.16e-05) (2.03e-05) (2.41e-05) (2.41e-05) (6.82e-05) (6.69e-05) (2.14e-05) (2.06e-05)   (2.32e-05) (2.11e-05) 

Constant   1.157* 1.147** 0.907* 0.825 1.202 1.228* 1.089** 1.079**   0.649 0.650 

 

  (0.608) (0.552) (0.531) (0.552) (0.736) (0.734) (0.552) (0.530)   (0.539) (0.518) 

lnalpha -1.359*** -1.807***     -1.772*** -2.034*** -16.98 -17.83 -1.528 -16.62   

 

(0.374) (0.479)     (0.239) (0.257) (550.0) (596.8) (0.974) (804.1)   

Observations  73 73 73 73 73 73 73 73 73 73 73 73 73 

Pseudo R-squared 0.263 0.285         0.279 0.362   

ll -156.3 -151.6 -112.7 -104.2 -141.3 -135.1 -261.9 -256.5 -123.6 -119.4 -74.81 -66.21 -141.6 -137.0 

Source: author’s estimates, standard errors in parentheses, *** p<0.01, ** p<0.05, * p<0.1 
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Figures 
 

Figure 1: Count of entries at industry level (2008-2012) 

 

 
Source: author. 
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Figure 2: Total entries (2008-2012) 

 
Source: author with data from CAMERDATA. 
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Figure 3: Previous total entries (1995-2007) 

 
Source: author with data from CAMERDATA. 
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Figure 4: Entropy index for entries (2008-2012 and 1995-2007) 
 

Entries 2008-2012 

 

 

Entries 1995-2007 

 

 
Source: author using Geo-Segregation Analyzer (Apparicio et al., 2014).
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Figure 5: Entries at industry level (2008-2012) 
 

591: Video & TV Production 

 

611: Wired Telecommunications 

  
 

619: Other Telecommunications 

 

620: Computer Programming & Consultancy 

  
Source: author with data from CAMERDATA. 
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Figure 5: Entries at industry level (2008-2012) (cont.) 
 

631: Data Processing & Hosting 

 

639: Other Information Services 

  

 

721: R&D Natural Sciences & Engineering 

 

 

 

 

Source: author with data from CAMERDATA. 
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Figure 6: Spatial Autocorrelation for Total entries (2008-2012) 

 
6a. Global Spatial Autocorrelation: Moran’s I 

                
6b. Local Spatial Autocorrelation: LISA 

                   

 

 

 

 

 

 

 

 

 

 

 

 

 

  

Source: author with data from CAMERDATA. 
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igure 7: Local Spatial Autocorrelation (LISA) of independent variables 
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Source: author with data from CAMERDATA. 
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Figure 7: Local Spatial Autocorrelation (LISA) of independent variables (cont.) 
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Source: author with data from CAMERDATA. 
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Figure 7: Global and Local Spatial Autocorrelation (LISA) of independent variables (cont.) 
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Source: author with data from CAMERDATA. 
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Figure 7: Local Spatial Autocorrelation (LISA) of independent variables (cont.) 
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Source: author with data from CAMERDATA. 
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Annexes 

 
Table A.1: Industries 

Code Definition 
591 Video & TV Production 

611 Wired Telecommunications 

619 Other Telecommunications 

620 Computer Programming & Consultancy 

631 Data processing & Hosting 

639 Other Information Services 

721 R&D Natural Sciences & Engineering 

Source: author. 

 

 

 

 
 


