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Abstract
The aim of this paper is to analyse co-location patterns of manufactures and service
industries at a microgeographic level using Spanish data from the Mercantile Regis-
ter. Our approach allows us to analyse joint-location and co-location patterns of firms
in different industries, and to overcome previous technical constraints in this type of
analyses, partially thanks to using homogeneous cells instead of administrative units.
This paper contributes to the empirical literature on industry location by develop-
ing a multisectorial co-location index computed by comparing differences between
observed data about firms’ location and randomly generated data. Multisectorial rela-
tionships are analyzed by transposing bilateral relations onto an n-dimensional space.
Our results show that dispersed industries tend to locate jointly and that industries
with lower joint-location patterns have spatial structures similar to those obtained
through input–output relationships, suggesting weak role of co-location patterns as
interindustry linkages are not the main location determinants.
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1 Introduction

It is important to accurately analyse firm location and co-location patterns in order
to better adapt public policies to decisions taken by firms in terms of where to locate
and what to do at those locations. Concretely, these patterns may illustrate firms’
preferences regarding the type of economic environment that they need, which may
be taken into account by policy makers aiming to provide these firms with what they
need at a local level. Given that location and co-colocation data may be used for
policy purposes, public organisations need access to sufficient and reliable data about
location strategies used by firms and industries, as clusters may play a key role in
local and regional development (Porter 1998). These data requirements highlight the
importance of accurate measurements, both in terms of the methodologies used to
identify clusters and the spatial aggregation levels used in this identification.

In terms of methodologies used for clusters measurements, there currently are two
main approaches:1 Industrial Districts and Clusters. The first ones arising mainly
from the Italian tradition of districts identified by Becattini in which supramunicipal
areas specialize in some activities and generate a strong interaction among all agents
involved in these industries (i.e., firms, workers, local banks, public administrations,
etc.), and the second ones coming from Porters’ contributions in which main interest
was on competitive advantages of given areas. Empirical applications arising from
them are not exactly of the same characteristics, being that whilst the former approach
is more popular mainly due to the standardization of the Sforzi-ISTAT methodology,
the latter is potentially easier to use because of its lower data requirements. On account
of the advantages and disadvantages of both approaches, in this paper we will use the
cluster one, due to both data availability and the shortcomings of the Sforzi-ISTAT
methodology (Boix and Galletto 2008; Sforzi and Lorenzini 2002; ISTAT 1996).

In terms of spatial aggregation levels, most analyses of spatial distribution of eco-
nomic activity have been carried out using extant administrative units (e.g. counties,
regions, etc.), but unfortunately, these analyses suffer from the major shortcoming that
administrative units vary greatly in size and shape, do not always coincide with real
economic areas and are sometimes arbitrary. To deal with these constraints, recent
research has started to use ad hoc units (usually smaller), as we do in this paper. These
units are created by equally dividing a space into homogeneous squared cells which
therefore do not exactly match any extant administrative unit.2

Accordingly, the methodology proposed in this paper aims to overcome previous
methodological constraints, to obtain more precise results regarding firms’ location
and co-location patterns and to improve public policy tools aiming to attract new
firms. Concretely, in this paper we identify manufacturing and service clusters (from

1 Nevertheless, apart from these methodologies there is as well an extensive list of alternative approaches
(see for instance Van Egeraat et al. 2016, for a review). The reason for the distinction between Clusters
and Industrial Districts was to use widely known concepts (Industrial Districts and Clusters) in order to
group contributions into those that consider some subjective determinants as trust among economic agents
(Industrial Districts), and those that only consider some objective characteristics (Clusters).
2 There are also other approaches such as those that use the stochastic Point Pattern methodology and those
that use Neuronal Networks for pattern recognition. However, these approaches are not able to perform the
multisectorial analyses that are the goal of this paper.
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all sectors) in Spain and we classify these clusters according to the reasons behind
clusterization processes; that is, (a) whether firms tend to locate together because they
look for the same types of site (regardless of the industry to which they belong to) (i.e.,
joint-location), or (b) whether firms look to be located close to their supplier/customers
in order to optimise commercial exchanges or, simply, for unknown reasons related
with interindustry linkages (i.e., co-location). In specific terms, by dividing Spain into
homogeneous cells we can check whether each industry follows a concentrated or dis-
persed pattern and subsequently, whether similar location exist for pairs of industries,
so that clusters formed by different industries can also be identified. Finally, once we
have identified these industry location patterns, we apply network theory to show the
local microstructure of clusters. This paper contributes to the literature by identify-
ing patterns of concentration of manufacturing and service industries in Spain using
highly disaggregated geographical data (i.e. the space is divided into 10 km * 10 km
cells) that enables it to fully account for location and co-location patterns of firms
in different industries. The methodology used in this paper allows us to overcome
previous technical constraints when analysing this geographical concentration of eco-
nomic activity, as well as the shortcomings caused by the definitions of administrative
borders. Additionally, although this is an empirical oriented paper focused in Spain,
its results are easily applicable into other institutional settings.3

To sum up, in order to properly analyse previously detailed joint-location and co-
location issues, themain hypothesis to be tested in this paper is the following: “Whether
industry location patterns can be explained in terms of relationships along the supply
chain (i.e., co-location) or by common location determinants shared by those industries
(i.e., joint-location)”.

This paper is organised as follows. In the next section we review the main literature
on the spatial distribution of economic activity and the spatial units used in empirical
analysis. In the third sectionwe explain the data set, we describe and analyse the spatial
distribution of firms in Spain and we define the methodology. In the fourth section
we present and discuss our main empirical results. In the final section we present our
conclusions.

2 The spatial distribution of economic activity

If we review the empirical literature on the spatial distribution of economic activity,
most researchers agree that there is a high level of concentration, as is shown by
Duranton and Overman (2005), Devereaux et al. (2004), Maurel and Sédillot (1999)
and Ellison and Glaeser (1997), among others. The Spanish case is roughly the same
(i.e., firms tend to cluster in a few sites), as scholars such as Paluzie et al. (2004) and
Viladecans (2004) have demonstrated. This concentration pattern is usually explained
in terms of agglomeration economies (Marshall 1890), but additional knowledge is
needed to determine the motives behind them.

3 In this paperwe carry out an introductory analysis from a national (aggregated) point of view, and although
an alternative urban approach is also reasonable, we have left urban issues for further contributions.
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a Spatial distribution without any internal borders 

b Minimum concentration c Maximum concentration d Intermediate concentration 

Fig. 1 Modifiable area unit problem (MAUP). Source: Arbia (2001)

Firms therefore aim to be located both close to similar firms (e.g. firms from the
same industry) and to different firms (e.g. firms from another industry). However,
although firms look for neighbours, not all neighbours are equally useful, and some
could even be useless and harmful. This is why firms sometimes look to be located
close to other firmswithwhich they are vertically integrated, because they need to have
close linkages with their providers/suppliers. Spatial proximity4 therefore appears to
be a good enough argument for sharing the same location. There are additional reasons
that explain why certain types of firms are more likely to be located in the same area
than other types of firms. Even if they belong to different industries and have different
characteristics, they share the need for specific territorial inputs that push them to
the sites where those inputs are available (e.g. skilled human capital, access to main
markets, etc.).

Once having discussed firms’ location preferences it is important to properly mea-
sure them in order to avoid spatial bias, and it is at this point that theModifiable Area
Unit Problem (MAUP) appears.5 Arbia (2001) provides an excellent example of this
problem: he portrays a hypothetical distribution of firm location (Fig. 1) in which there
are four firms inside the spatial area under analysis (Fig. 1a). Arbia (2001) shows that
depending on how spatial borders are designed, this location could result in a mini-
mum concentration pattern (Fig. 1b), in a maximum concentration pattern (Fig. 1c) or
an intermediate concentration pattern (Fig. 1d).

Figure 1 shows that spatial aggregation really matters, but in the past this has not
been a major concern in empirical analysis mainly due to the lack of sufficiently

4 In this paper, “spatial proximity” means to be located in the same cell.
5 See Openshaw and Taylor (1979) for a detailed analysis and Wrigley (1995) for a further review.
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disaggregated data;6 recently, however, researchers have started to gain access to dra-
matically improved datasets with extended spatial disaggregation. This is the case with
our data set,which contains accurate individual information about the location of firms,
thus allowing us to technically address previous shortcomings and to freely decide on
the way in which a space is disaggregated, regardless of where the administrative (and
usually arbitrary) boundaries are. This is particularly important because “(…) any sta-
tistical measure based on spatial aggregates is sensitive to the scale and aggregation
problems” (Arbia 2001, p. 414). As Duranton and Overman (2005, p. 1079) point
out, “(…) any good measure of localization must avoid these aggregation problems”.
Unfortunately, MAUP is not the only problem about measuring spatial distribution
of economic activity, as Bickenbach et al. (2013) point out when discussing method-
ological challenges in order to obtain feasible indicators. In this sense, other issues as
industry aggregation and time-varying measures are also relevant.

Given these considerations, our goal is to empirically assess the location patterns
of both manufacturing and services firms in Spain, and try to determine if these firms
tend to locate close to other firms from the same industry, to firms with close industry
linkages (e.g. providers and suppliers, which implies co-location) or to firms that share
the same location requirements (e.g. accessibility to inputs, labour and infrastructures,
which implies joint-location). Previous contributions have taken a similar approach,
as Duranton and Overman (2008, 2005) when using microgeographic (postcode level)
data from the Annual Census of Production in the UK to analyse manufacturers. They
computed Euclidean distances between every pair of entering establishments, and
compared those results with the extant distances between incumbent establishments
in order to check for any possible similarities between the location patterns of entrants
and incumbent establishments.

The contribution by Duranton and Overman (2008) is the one that guided our
apoproach as they tried to identify two specific situations: the first occurs when firms
from different industries locate in the same areas (joint-localization);7 the second
occurs when firms from different industries also locate in the same areas because
there are certain inter-industry linkages between them (co-location). This distinction
is extremely important, because it allows us to better understand the location process
and therefore to advise firms as to which is the best type of environment (e.g. in terms
of spatial characteristics, firms, specialised services, inter-industry linkages, and so
on). Following on from this distinction, the term joint-localization means that there
are some firms (from different industries) that share the same spatial requirements
(i.e. they need access to the same type of inputs, services, infrastructures, etc.), which
means they tend to locate in the same areas. However, co-location is very different,
as it implies that firms need to be close to their suppliers/clients, with the result that
firms from different industries will cluster together. Even if final decisions in terms
of location of firms may be (apparently) the same, economic and policy implications

6 The influence of spatial units on the analysis of firm location has been studied in Arauzo-Carod and
Manjón-Antolín (2004) and Arauzo-Carod (2008). See Olsen (2002) for a discussion of the units to be used
in geographical economics.
7 Although Duranton and Overman (2008) use the terms joint-localization and co-location, for the sake of
simplicity, we will refer to them simply as joint-location and co-location.
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of joint-location and co-location are quite different and, consequently, deserve to be
analysed.

3 Data andmethodology

3.1 Data

Our data set refers to 2006 and comprises Spanishmanufacturing, services and agricul-
ture firms.8 The source of this database is the SABI (Sistema de Análisis de Balances
Ibéricos), which uses data from the Mercantile Register, including balance sheets and
income and expenditure accounts, and has been extensively used for locational pur-
poses.9 For each firm, we also know the number of employees, the industry to which it
belongs (the three-digit NACE code), and its sales and assets, among other variables.
We also have detailed information about the firm’s geographical location, information
which is particularly relevant for the purposes of this paper. Nevertheless, the SABI
dataset also has two important shortcomings. The first concerns the sample. Although
the number of firms is very high (e.g. 581,712 firms for the 2007 edition), microfirms
and self-employed individuals are not taken into account, despite that fact that it is
reasonable to assume that the spatial distribution of those activities is similar to that
of the firms that are included. The second concerns the nature of the units; SABI only
covers firms, not establishments,10 and the latter are more appropriate for analyzing
the spatial distribution of economic activity. In any case, since SABI covers most of
the economic activity carried out in Spain, these disadvantages are easily overcome.11

Additionally, in a similar way to Blöch et al. (2011) and Titze et al. (2011) we use
the Spanish input–output tables to determine whether the geographical proximity of
firms belonging to different industries can be explained by inter-industry linkages (i.e.
supply chains across industries) or by the need to access similar areas.12

3.2 Identification of joint-location and co-location patterns

The methodology proposed in this paper (X co-location index) partially follows the
contributions of Duranton and Overman (2005), Brenner (2004, 2006) and Ellison and
Glaeser (1997), but also improves on those approaches in several ways.

8 It is worth noting that the data set refers to firms (not establishments) and that each firm could have more
than one establishment. Nevertheless, not taking into account multi-plant firms is not a major problem, as
only around 1% of firms in Spain are multi-plant (see Jofre-Monseny et al. 2015, for details).
9 Albert et al. (2012) perform a quite similar analysis using the same dataset, which has also been used by
other scholars including Acosta et al. (2011) and Boix and Galletto (2008).
10 Other alternative statistical sources such as the Censo de Locales (INE) are not currently updated,
although having firms as observation units instead of establishments also provides useful information since
it highlights the role of municipalities when firms are choosing where to locate their headquarters.
11 There are alternative datasets such as DIRCE (INE) but the geographical location of the firms is highly
spatially aggregated.
12 The Spanish Input Output matrix is from 2000 and covers all economic industries at 2 digits of NACE
classification (Spanish National Statistics Institute).
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First, we divide the space into homogeneous 10 km * 10 km cells. This size was
decided in order to avoid computational constraints (smaller sizes entailed a huge
increase in computational capacity in order to deal with a larger amount of spatial
units) and to obtain a cell big enough to have several firms from different industries.
Although alternative sizeswere also feasible13 we considered that the selected sizewas
appropriate both from the computational (the calculations allowed) and the economic
(it enabled us to consider small and homogeneous areas regardless of the administrative
aggregations) point of view.14 This is quite different from the strategies followed by
other researchers, who have used administrative units (Brenner 2004, 2006; Ellison
and Glaeser 1997) or the distance between firms (Duranton and Overman 2005). As
López-Bazo (2006) points out, these strategies have several shortcomings, which are:
the inability to take into account the precise location of firms, the limitations resulting
from the specific administrative aggregation levels in each country, the difficulties
with comparing the results obtained for different levels of administrative aggregation,
the non-economic nature of those administrative units, the size differences across
administrative units,15 the modifiable areal unit problem (MAUP), which can create
spurious correlations between variables, and the fact that the administrative divisions
do not take into account neighbour effects across units. Using homogeneous cells
therefore permits researchers to analyse both large areas such as countries and smaller
areas such as cities. Nevertheless, this approach has some shortcomings, of which the
most important is the fact that we are only considering the areaswhere firms are located
without taking into account either the size or the number of firms located there.16

We could partially resolve this disadvantage by reducing the cell size to a certain
extent,17 although if the cell were so small that it contained only one firm, it would
not be possible to identify any agglomeration pattern. Consequently, our approach
allows us to compare the spatial distribution of firms with random simulations of
those distributions to check whether there are any concentrations in the former. There
are other alternatives, such as kernel-smoothing (see Barlet et al. 2009; Duranton and
Overman 2005 and Silverman 1986), but using kernels is not feasible when using units
such as 10 km * 10 km cells like those used in this paper; i.e. kernels could be a good
strategy for urban areas because they allow smooth contiguous areas (i.e., between
cells), but smoothing has already been performed with the cells for larger areas, and
additional smoothing could homogenise non-adjacent and heterogeneous areas. We
therefore decided not to use kernel-smoothing.

13 We tested several alternative cell sizes (5 km * 5 km, 20 km * 20 km, 25 km * 25 km, and 50 km *
50 km) but the results were essentially unchanged.
14 The cells’ size is obviously related to the total area analysed. A similar approach is used by Larsson and
Öner (2014) in their analysis of Swedish retail markets in metropolitan areas. Nevertheless, as they focus
on smaller areas the cells also become smaller, at 250 m * 250 m.
15 By way of an example, municipality sizes in Spain range from 5 to 1000 km2.
16 This is a (simple) starting point that could be easily improved by taking into account the intensity of
land use, considering certain indicators such as the number of jobs, the production value and levels of sales,
among others. This should allow the expected results to be compared with real results to determine the
number of jobs, for example. However, there are also some (potential) limitations regarding data accuracy.
17 Nevertheless, the main problems concern the heterogeneity of firm size, so it seems that a better solution
would be to use the size of firms (e.g. the number of employees) rather than just the number (or the existence)
of firms.
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Second, we create industry specific maps that depart from the firms’ georeferenced
data. This approach is similar to those usedbyDuranton andOverman (2005); however,
their maps consider distances between firms, whereas we focus on the areas occupied
by firms. Although our dataset (SABI) provides data at a 3-digit level, we have decided
to use data at a 2-digit level. Using alternative measures to the NACE code (i.e. in
terms of the number of digits to be considered) may obviously bias the results, as more
aggregated classifications may imply connections with almost all industries and more
disaggregated ones may imply a limited number of connections (see Hoffmann et al.
2016, for a discussion). In order to overcome this potential shortcoming, we decided
to use data from the 2-digit NACE code as this level enables better identification of
industry specificities and use of reliable sectorial data, to focus on smaller areas, and
to maintain enough interindustry linkages.

Third, we create multiple random industry specific maps with two conditions: i)
the total number of firms in each industry remains constant and ii) the total number
of firms in each cell remains constant.18 We thereby compare the observed spatial
distribution of firms at industry level with that one expected if firms would locate
using same location criteria than all industries. As a result, if the real data shows a cell
with only one firm, our simulations will also show this cell with one firm, although
the industry will appear as a random variable depending on industry distribution.

Fourth,we compare at industry level the actual number of cellswithfirms (according
to real data) with the expected number of cells with firms, and we obtain a concen-
tration index19 similar to that of Ellison and Glaeser (1997), but with some important
differences. In particular, our methodology does not focus on agglomeration issues,
which allows us to analyse industry distribution. Furthermore, whereas our index is
centred at 1 (values below 1 indicate concentration and values over 1 indicate dis-
persion), Ellison and Glaeser’s (1997) index ranges between zero and infinite, which
means that they arbitrarily define the concentration threshold.

Fifth, we generalize our approach to several industries. Methodologically, this is
quite similar to the approach with only one sector, but now this is no longer a concen-
tration index but instead a co-location index, as we analyse whether or not a group of
industries tends to locate together.

Sixth, network analysis is used to show the local microstructure of industries in a
similar way as what is called”equivalence” in social network analysis (e.g. whether
industries A and B have the same linkages, with industries C, D, etc.).20

18 This latter requirement implies that firms localise randomly inside “occupied” cells (i.e. areas where
real firms are located) as suggested by Duranton and Overman (2008). This approach means that firms are
expected to be located only in those places that are available for economic activity (as the real data shows).
Unfortunately, a major shortcoming of this approach is that it assumes that firms could be located elsewhere
with other firms, regardless of the industry they are involved in, which is not as realistic (especially at
a 2/3-digit level). An extension of this study (and a possible solution to this shortcoming) would be to
regard manufacturing, services and agricultural firms as being located with other firms from the fields of
manufacturing, services and agriculture, respectively.
19 A literature review of classical indexes used in regional analyses can be found in Isard (1960), whilst
notable recent approaches to the spatial distribution of industries are those by Hoffmann et al. (2016),
Bickenbach et al. (2013) or Mulligan and Schmidt (2005), among others.
20 The idea about “equivalence” was suggested by a reviewer of this paper.
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To sum up, we identify (i) how many cells (X) contain firms from industry y (i.e.
this is the “real” spatial distribution of firms); (ii) the expected number of cells (the
mean of simulations) where firms from industry y should appear if they were randomly
spatially distributed (according to the total number of firms in each industry); (iii) and a
co-location index (X co-location index) that relates these measurements to each other.
Concretely, we are especially interested in that X co-location index:

X co-location index

� Observed number of cells occupied by f irms of X industries

Mean of simulated number of cells occupied by f irms of X industries

This X co-location index has a structure similar to z-score but we prefer X co-location
index because it highlights the divergence with respect to non-normalized data, and
that this is of more interest from an economic point of view. Significance of divergence
should be approached with caution because baseline distribution is not theoretical and
is only a particular case referred to a specific place and time (according to that absolute
divergence seems to be more appropriate in order to make comparisons).

Thismethodology can complement previous approaches based on distribution com-
parisons (Brenner 2004, 2006; Ellison and Glaeser 1997) and on distance distributions
(Duranton and Overman 2005) and thus enable industry to better understand the deter-
minants behind the spatial distribution of firms.

4 Main results

Our main results show that the location of firms is driven by several industry-specific
determinants (i.e. whether the firm belongs to a manufacturing or services activity or
to a specific industry within these sectors) and also by their technological level. In
some vertically integrated industries (e.g. the automobile industry), reducing distance
to providers/suppliers is a key issue, whereas other types of industries do not need
such spatial proximity. Additionally, industries also differ in terms of whether they
are concentrated in a small number of areas or on the contrary, dispersed over a large
number of areas.

Table 1 illustrates the expected spatial distributions of firms across regular cells21

(according to the number of firms in each industry) and the real (observed) spatial
distribution of such firms. In this table X�1 because it refers to single industries (it
would be X�2 in case of pairs of industries, X�3 in case of trios of industries, and so
on). This index can be understood in the following way: if the X co-location index is
significatively <1, this means that the industry y appears in fewer cells than expected
(i.e. this industry is spatially concentrated in a smaller number of cells); and if the X
co-location index significatively >1, this means that the industry y appears in more
cells than expected (according to the mean of random distributions), which means that
this industry is spatially dispersed. This indicates that there is a certain location pattern
that should be analyzed in order to determine whether or not it is a cluster (i.e. whether
or not firms from industry y tend to locate together). It is important to note that this

21 These regular cells have an area of 100 km2 (10 km * 10 km).
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index has asynthotic properties, given that with a small number of cells the variability
could be quite important and the results could consequently be easily biased.

On a technological level, it seems that the lower the technological level of the
industry, the higher the spatial dispersion (Table 1). High-tech firms therefore tend to
bemore spatially concentrated than low-tech firms.22 This is logical, since the markets
and resources of such firms tend to be concentrated in a few areas, which means there
is no logical reason for a dispersion pattern.

Our results for the differences between manufacturing and services (Table 1) are
even clearer than those of previous studies, and show that whereas most services
activities show high concentration levels (e.g. Financial intermediation, Education,
Business services, etc.), manufacturing activities are more dispersed (Agriculture and
fishing, Food, beverages and tobacco, etc.). These results reflect the spatial distribution
of population and economic activity and the production and distribution requirements
of manufacturing and services. In specific terms, most services need face-to-face inter-
actions and their location decisions are therefore strongly motivated by the previous
locations of their customers (both firms and individuals) who typically tend to con-
centrate in a small number of locations. By contrast, manufacturers can transport
their goods easily, which means that those interactions are not essential and that these
firms can locate elsewhere. To sum up, Table 1 provides empirical evidence at a
single-industry level for how industry specificities (i.e. manufacturing vs. services
and high-tech vs. low-tech) helps us to understand firms’ location patterns.

However, this situation becomes more complicated if we take into account the
location patterns of more than one industry. The next step is therefore to check for
the existence and extent of industry clusters by checking whether pairs of industries
(or groups of three or four industries) tend to be located close to each other (X2 co-
location index). Table 2 summarises the main findings, and shows a selection of all
the possible combinations of pairs of industries, but given that there are 378 possible
combinations of industry pairs, here we only show the results for the 10 pairs with
the lowest X2 co-location index values, for the 10 pairs with the highest index values,
and for 10 intermediate cases. The data from this table is similar to that in Table 1
and for each of these pairs we include: the codes of industries y and i respectively;
the number of times (X) that firms from industry y and industry i appear together
inside the same cell; the expected number of times (Mean) that firms from industry
y and industry i should appear together inside the same cell if they were randomly
spatially distributed (according to the total number of firms for both industries); and
the X2 co-location index that relates these measurements to one another (i.e., Index�
X/Mean of simulations). This Index can be understood in the following way: if the X2
co-location index is significanty<1, this means that this industry combination (y and
i) appears fewer times than expected and (for reasons that we will analyze later) this
pair of firms tends not to be located in the same areas; and if the X2 co-location index
is significantly >1, this means that this industry combination appears more times than
expected, so this pair of industries locates in the same areas (they cluster together).

22 As an example, indices of high-tech industries such as Office machinery, computers and medical equip-
ment, Precision and optical instruments (0.644) and Electrical machinery and apparatus (0.664) are clearly
lower than those of some low-tech industries such as Food, beverages and tobacco (1.452) and Agriculture
and fishing (1.424).
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Spatial distribution of economic activities: a network…

High values of the X2 co-location index therefore suggest that there is a cluster (the
two industries locate together because they have strong inter-industry linkages) or it
could be an example of co-location (the two industries locate together because they
need the same type of economic environment but do not have any kind of inter-industry
relationship). The procedure to be followed is first to identify such location patterns,
and second to distinguish between the aforementioned proximity explanations.

The 28 industries can be distributed into 378 potential pairs. Most of these (324)
show a X2 co-location index<1, which means that these pairs of industries appear
fewer times than expected. In contrast, only 54 pairs show a X2 co-location index>1,
which indicates a cluster or a significant co-location. In any case, it is important
to note that dispersed industries (with a high X1 co-location index) tend to locate
together, while the concentrated industries (those with lower X1 co-location index val-
ues) tend not to be located together. Consequently, concentration/dispersion patterns
should also be taken into accountwhen analysing (potential) cluster sites. Interestingly,
highly co-located pairs of industries very often include mature manufacturing activ-
ities as Agriculture and fishing; Food, beverages and tobacco; Extraction activities;
Wood, furniture and other manufacturing activities; Non-metallic mineral products;
Construction; and Trade and repair. Meanwhile, low co-location industries include
regularly service skilled industries as Financial intermediation and Education.

As we have assumed that interindustry linkages may be potential determinants
of strong co-location levels, it is important to analyse data from input–output tables
in order to identify the (potential) interindustry linkages behind co-location patterns.
Table 3 shows the top 10 andbottom10pairs of industries in termsof theX2co-location
index, but including inter-industry linkages (i.e. through input–output tables) for inter-
mediate consumption between pairs of industries in order to distinguish between a
co-location and a co-location pattern. We assume that if two pairs of industries are
linked by such inter-industry intermediate consumption and they are closely located,
then there is a co-location pattern, whilst if there is no such relationship but they
are also closely located, then their location patterns can be explained in terms of
joint-location.

Our results showno clear pattern in terms of inter-industry linkages as inter-industry
linkages are randomly found between pairs of industries. This type of data therefore
cannot be used to explainfirmco-location behaviour (or the absence thereof) in termsof
such linkages; that is, it seems that intermediate consumption is not driving co-location
patterns. In particular, the bottom of the table shows that some pairs of industries have
important linkages (e.g. 34.51% of the intermediate consumption of Agriculture and
fishing comes from Food, beverages and tobacco, and 15.84% of the intermediate
goods sold by this industry go to Agriculture and fishing) whereas others do not have
such linkages or that those linkages are much weaker (e.g. Extractive activities and
Food, beverages and tobacco, Extractive activities and Non-metallic mineral products,
etc.). Finally, the top of the table presents a similar picture: while some of the pairs of
industries achieve important inter-industry linkages (e.g. Financial intermediation and
Business services, Trade and repair and Financial intermediation, etc.) others are less
well linked (e.g. Machinery and equipment and Education, Electrical machinery and
apparatus and Education, etc.). We should consequently look for other joint-location
explanations apart from classical inter-industry linkages.
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Tables 4 and 5 summarise the main results for co-location patterns from the data
portrayed in Tables 2 and 3 about pairs of industries. Specifically, Table 4 shows
linkages of each industry in terms of the X2 co-location index. The first three columns
(1, 2 and 3) have an X2 co-location index lower than 1 and show (for each industry)
the number of industries that do not tend to co-locate. This behaviour ranges from
strong aversion (row 1) to neutrality (row 3). Finally, row 4 indicates the number of
industries for which there is joint-location evidence.

Table 4 shows that the main industries with a strong tendency not to co-locate are
Office machinery, Computers and medical equipment, precision and optical instru-
ments, Electrical machinery and apparatus, Financial intermediation and Education.
As these are all high-tech industries, it seems that inter-industry spillovers are of little
importance for these knowledge-intensive industries and therefore do not drive firms
to locate in nearby areas. This is a surprising result, as these innovative industries
need to interact with other firms, although our data suggests that these interactions
are mainly intra-industrial rather than inter-industrial. The industries that show low
joint-location levels23 are quite heterogeneous and include bothmedium and high-tech
activities and finally, there is a small number of low-tech industries with strong levels
of co-location (i.e., Agriculture and fishing; Extractive activities; Food, beverages and
tobacco and Non-metallic mineral products).

Table 5 summarises information regarding potential industry co-colocation into
four types of industrial co-location relationships (i.e., according to X2 co-location
index). In specific terms, types 1, 2 and 3 include combinations of two industries
which do not tend to be located together, whilst type 4 is for co-located pairs of indus-
tries. These results show that co-location is particularly important for some mature
manufacturing industries (Non-metallic mineral products and Fabricated metal prod-
ucts), Construction and most low and medium-tech services, whilst it is rare for most
high-tech services.

In previous sections, we have presented empirical evidence for concentration pat-
terns at a single industry level (Table 1), and for joint-location and co-location for
pairs of industries (Tables 2, 3, 4, 5), but inter-industry relationships are sometimes
more complex and involve more than a couple of industries. In these cases, the inter-
industry linkages are quite difficult to understand using the previous indexes and other
quantitative measures. “Direct relationships” (e.g. vis-à-vis) can be easily checked,
but situations such as “the friends of my friends are also my friends” (e.g., “indirect
relationships”) are much more complex. That is why we have decided to approach
joint-location and co-location from a multidimensional perspective, rather than from
a vis-à-vis one. This approach provides a better understanding of previous location
indexes and a more realistic approach to joint-location and co-location patterns.

Concretely, we defined an n-dimension Euclidean space in which industries are
located using their X2 co-location index as coordinates.24 Using these coordinates,
we carried out a cluster analysis using the Ward procedure (Ward 1963) to identify

23 Specifically, Textiles, leather clothes and shoes, Paper and publishing, Rubber and plastic products,
Machinery and equipment, Business services and Health and veterinary activities.
24 If an industry is joint-located with the same industry the value of the index is 1. In terms of the novelty
of this proposal, it is similar to Correspondence Analysis, but the approach proposed by this paper is
more appropriate because there are no information loses linked to dimensionality reduction. Among other
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Table 4 Co-location relationships by industries (X2 co-location index). Source: own research

Code Industry (1) (2) (3) (4)
Below median
(0.787)

Between
median (0.787)
and mean
(0.840)

Between mean
(0.840) and 1

Over 1

1 Agriculture and fishing 5 2 9 11

2 Extractive activities 2 2 11 12

3 Food, beverages and tobacco 4 2 9 12

4 Textiles, leather clothes and
shoes

18 3 5 0

5 Wood, furniture and other
manufactures

5 6 6 10

6 Paper and publishing 21 4 2 0

7 Chemical products 9 4 14 0

8 Rubber and plastic products 17 5 5 0

9 Non-metallic mineral
products

2 4 9 12

10 Basic metals 6 4 17 0

11 Fabricated metal products 7 6 7 7

12 Machinery and equipment 16 4 7 0

13 Office machinery, computers
and medical equipment,
precision and optical
instruments

26 1 0 0

14 Electrical machinery and
apparatus

26 0 1 0

15 Transport and
communications

5 3 18 1

16 Recycling 1 0 24 2

17 Construction 12 1 5 9

18 Electricity and water
distribution

5 4 9 9

19 Trade and repair 12 1 8 6

20 Hotels and restaurants 10 3 8 6

21 Transport and
communications

10 3 7 7

22 Financial intermediation 23 2 1 0

23 Real estate activities 14 4 6 3

24 Business services 18 2 7 0

25 Public administration 12 12 3 0

26 Education 24 2 1 0

27 Health and veterinary
activities, social services

17 4 6 0

28 Other services 15 4 7 1
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Fig. 2 Co-location groups of industries. Source: own calculations

different typologies of industries based on their proximity, and our results show that
industries with similar characteristics tend to be grouped.25

The results obtained are shown in Fig. 2 using a dendogram that identifies four
groups (I, II, III, and IV respectively).

In specific terms, group I includes Office machinery, computers and medical,
precision and optical equipment, Electrical machinery and apparatus, Financial inter-
mediation and Education. These are concentrated industries with X1 co-location
indexes lower than 0.66 that are not especially attracted by any other industry.

Group II includes Textiles, leather clothes and shoes, Paper and publishing, Rubber
and plastic products, Machinery and equipment, Business services, Public adminis-
tration, Health and veterinary activities, social services, and Other services. These
industries have concentration levels slightly lower than the previous group (i.e.,
between 0.67 and 0.79), except for Paper and publishing, which is more concentrated

Footnote 24 continued
advantages, we may highlight that there are no random biases in measures derived from criteria used for
histogram construction given that spatial position is unique.
25 One reviewer suggested that our method could be similar to that of correspondence analysis, but we
consider that though there are some similarities our proposal is more appropriate because there are no
information loses linked to dimensionality reduction. Among other advantages of our proposal, we may
highlight that there are no random biases in measures derived from criteria used for histogram construction
given that spatial position is unique. Consequently, although if this is not a correspondence analysis in that
case we would prefer Hellinger distance rather than Chi2 (Rao 1995).
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(i.e., 0.63). They tend not to locate with other industries. Generaly speaking, when
analysing joint-location patterns for pairs of industries there is no evidence of these col-
locations, but for groups of three and four industries (X3 and X4 co-location indexes)
Business services and Other services tend to locate jointly with group IV industries.

Group III includesChemical products, Basicmetals, Transportmaterials, Recycling
and Real estate activities. Most of these industries are not concentrated (the indexes
range between 0.87 and 0.97) and do not show significant joint-location patterns. The
exception is Real estate activities, which has stronger concentration values (0.70) and
tends to locate jointly with industries in group IV.

Finally, group IV includes Agriculture and fishing, Extractive activities, Food, bev-
erages and tobacco, Wood, furniture and other manufactures, Non-metallic mineral
products, Fabricated metal products, Construction, Electricity and water distribution,
Trade and repair, Hotels and restaurants and Transport and communications. This is a
large group of mainly dispersed industries (only Fabricated metal products and Trade
and repair have indexes lower than 1, i.e. 0.99 and 0.95, respectively), but in spite of
their dispersed patterns, industries from group IV tend to be strongly locatedwith other
industries, and particularly those in the same group. In specific terms, 95.4% of X2
joint-locations are within industries from this group, 80.5% are for X3 joint-locations
and 43.8% are for X4 joint-locations. The main reported co-locations with industries
not belonging to group IV are with Business services, Other services ans Real estate
activities.

There are important similarities between the results obtained from high X
co-location indexs (3 and 4) and those obtained using clusters of positions in amultidi-
mensional space. Concretely, the previous grouping roughly indicates an inverse rela-
tionship between the technological level of industries and their joint-location patterns,
in a similar way to the one we identified for pairs of industries: high-tech industries
do not show joint-location patterns whilst medium and low-tech industries do.

By using the positions of each industry in an n-dimensional space it is possible
to establish a network, taking into account the distance between them. Considered in
detail, this is a complete network inwhich all nodes (i.e., industries) are interconnected
and where short (long) distances imply similar (different) joint-location structures.
We use distances between industries instead of the X2 joint-location index because it
avoids problems related with the different behavior of the index for values higher and
lower than 1, in a similar way to networks with negative weights.

Figure 3 shows the relationship between bilateral joint-location indexes (horizontal
axis) andmultidimensional distances (vertical axis). The star colors indicate the groups
to which each pairs of industries belong (a circle is used instead of a star when both
industries belong to the same group). This figure is closely linked with Fig. 2, as the
red dots are group I industries in Fig. 2, the yellow dots are group II industries, the
green dots are group III industries and the purple dots are group IV industries. The
group IV industries are those with a joint-location pattern (i.e., values of X2 joint-
location index larger than 1) and minimal distances between them (small distances).
The negative slope of these dots indicates that the higher the X2 joint-location index,
the greater the similarity between location patterns.

Given that we are dealing with a complete network, graphically illustrating
interindustry linkages is a difficult task and we need to seek alternative strategies.
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In this sense, Minimum Spanning Trees (MST) (Graham and Hell 1985) enables us
to connect all the nodes in the network without any cycles, and to minimise the total
edge weight.

Figure 4 shows that industries are closely positioned around four industries in group
I (Office machinery, computers and medical equipment, precision and optical, Elec-
trical machinery and apparatus, Financial intermediation and Education). Concretely,
Office machinery is linked with dispersed primary and manufacturing activities with
high joint-location levels, Education is linked with concentrated manufacturing indus-
tries that do not locate jointly, Financial intermediation is mainly linked with service
and final demand industries (which includes industries from groups II and III that are
jointly located with group IV). Finally, Electrical machinery and apparatus is mainly
isolated, but links the groups centered around Education and Financial intermediation.

As highlighted previously, multilateral comparison of joint location and co-location
indexes is a complicated task as their potential determinants are not the same. Nev-
ertheless, as it is reasonable to asume that interindustry linkages may have a key
role, we have compared industries’ ranks in co-location terms with their position in
terms of interindustry linkages using data from input–output tables. In specific terms,
we defined two n-dimension spaces where the industries are positioned on each axis
according to their percentage of interindustry sales/purchases relationships with the
other industries. For comparison purposes, we recalculated theX2 co-location indexes,
fitting values between 0 and 1. After performing these calculations, we computed the
distances between the position of each industry in joint-location terms and the position
in terms of sales/purchases, and we then selected the shorter distance as co-location
may be caused by advantages of proximity to a customer/supplier.

Figure 5 shows that industries whith no significant joint-location pattern have a
similar pattern in terms of interindustry linkages (i.e. they have an even distribution
in both cases26 ). Meanwhile, among industries that tend to locate jointly with other
industries, there are fewer similarities between their locational structure and their
industry mix. Whilst the shortest distances are found on group I, the longest distances
are found on group IV. This result confirms our previous findings, and suggests that
there is no clear empirical evidence of col-location as interindustry linkages are not
the main determinants of joint-location, although further research should carry out
robustness checks for alternative spatial and industry aggregation levels.

Our results suggest that inter-industry knowledge spillovers among high-tech firms
may not be transmitted through physical proximity but by alternative means, as firms
in high-tech industries are those with the lowest joint-location levels. Nevertheless, as
these industries are highly concentrated, it seems that face-to-face knowledge flows
come from firms belonging to the same industry. At the same time, there are some
low and medium-tech-industries that locate in a dispersed way and jointly with firms
from other industries. All in all, joint-location and co-location patterns indicate that
most high-tech firms benefit mainly from specialised environments, whilst medium
and low-tech firms prefer diversified ones. These results may seem counterintuitive,
but they are reasonable if we take into account i) the medium knowledge level of most

26 Using a geometric perspective, they are close to the bisectriz.
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Spanish firms, and ii) the empirical evidence for the role of skilled human capital and
knowledge spillovers in firms’ location decisions (see Arauzo-Carod 2005, 2013).

5 Conclusions

This paper has contributed to the extant literature on joint-location and co-location by
designing a procedure for identifying groups of industries that tend to locate together
and analysing whether this behaviour can be explained in terms of relationships along
the supply chain (i.e., co-location) or by common location determinants shared by
those industries (i.e., joint-location). This distinction enables a detailed analysis of
firm location determinants, and our results show that there are strong industry-level
determinants that guide location decisions, favouring sites around firms in the same
industry or on the contrary, favouring joint-location with firms from other industries.
Additionally, there are also industry determinants that result in concentration in few
locations or on the contrary, to dispersion over a large number of areas. Likewise,
these results indicate that proximity to other (the same) economic activities matters
and that firms need “specific” neighbours in order to maximise their performance, as it
seems reasonable to argue that if location patterns are rationally driven they may exert
a positive effect over firms’ performance. Nevertheless, we leave the specific analysis
about performance for future research.

The methodology proposed in this paper provides a better explanation of the proce-
dures drivingfirms’ locationpatterns, butmuchmoreworkneeds to bedone in this area,
particularly on identifying cluster size and improving the capture of cluster borders.
As this methodology involves dividing spaces into homogeneous cells of equal size, it
is important to handle it with care, because cell size influences the number and charac-
teristics of the identified clusters. Specifically, bigger cells are more likely to contain
a cluster, whereas smaller cells are more likely to have fewer inter-industrial clusters
because the number of firms in each cell will be smaller. Given that in this paper we
have assumed equal land areas for all the areas, it would appear that using flexible sizes
is a better strategy and is therefore a promising line for future research, but that is obvi-
ously beyond the scope of this paper. In any event, putting aside administrative borders
allows us to concentrate on proximity and its effects on firms’ location decisions.

This is merely an initial attempt to better identify the forces behind firms’ location
patterns at an industry level that may be them towards cluster formation. However, this
is just a starting point and further work needs to be done, in particular to cover industry-
specific characteristics that influence the location decisions of firms.We therefore plan
to extend our analysis of specific types of clusters (both specialised and diversified) and
to cover several types of urban/rural environments that are hypothesised to influence
such agglomerative behaviour. Finally, as we mentioned above, industry aggregation
is also important and despite the computational constraints that make it unfeasible to
work with such disaggregate industry-levels, we need to carry out further research to
accurately determine whether our results are robust at different industry aggregation
levels (e.g. the 3-digit level).
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Appendix

See Table 6.

Table 6 List of industries.
Source: SABI

Code Industry

1 Agriculture and fishing

2 Extractive activities

3 Food, beverages and tobacco

4 Textiles, leather clothes and shoes

5 Wood, furniture and other manufactures

6 Paper and publishing

7 Chemical products

8 Rubber and plastic products

9 Non-metallic mineral products

10 Basic metals

11 Fabricated metal products

12 Machinery and equipment

13 Office machinery, computers and medical
equipment, precision and optical instruments

14 Electrical machinery and apparatus

15 Transport materials

16 Recycling

17 Construction

18 Electricity and water distribution

19 Trade and repair

20 Hotels and restaurants

21 Transport and communications

22 Financial intermediation

23 Real estate activities

24 Business services

25 Public administration

26 Education

27 Health and veterinary activities, social services

28 Other services
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