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Abstract: Why do industrial clusters occur in space? Is it because industries need to stay close 
together to interact or, conversely, because they concentrate in certain portions of space to exploit 
favourable conditions like public incentives, proximity to communication networks, to big 
population concentrations or to reduce transport costs? This is a fundamental question and the 
attempt to answer to it using empirical data is a challenging statistical task. In economic geography 
scientists refer to this dichotomy using the two categories of spatial interaction and spatial reaction  
to common factors. In economics we can refer to a distinction between exogenous causes and 
endogenous effects. In spatial econometrics and statistics we use the terms of spatial dependence 
and spatial heterogeneity. A series of recent papers introduced explorative methods to analyses the 
spatial patterns of firms using micro data and characterizing each firm by its spatial coordinates. In 
such a setting a spatial distribution of firms is seen as a point pattern and an industrial cluster as the 
phenomenon of extra-concentration of one industry with respect to the concentration of a 
benchmarking spatial distribution. Often the benchmarking distribution is that of the whole 
economy on the ground that exogenous factors affect in the same way all branches. Using such an 
approach a positive (or negative) spatial dependence between firms is detected when the pattern of a 
specific sector is more aggregated (or more dispersed) than the one of the whole economy. In this 
paper we suggest a parametric approach to the analysis of spatial heterogeneity, based on the so-
called inhomogeneous K-function (Baddeley et al., 2000). We present an empirical application of 
the method to the spatial distribution of high-tech industries in Milan (Italy) in 2001. We consider 
the economic space to be non homogenous, we estimate the pattern of inhomogeneity and we use it 
to separate spatial heterogeneity from spatial dependence. 
 
Some key words and phrases: Industrial clustering; K-function; spatial concentration; spatial 
dependence; spatial heterogeneity. 
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1. Introduction 
 
A series of recent papers (Arbia et al, 2008 and 2009; Marcon and Puech, 2009; Duranton and 
Overman, 2005) have introduced explorative methods based on Ripley’s K-function (Ripley, 1977) 
to analyse the micro-geographic patterns of firms. In particular, the proposed methods are 
characterized by the ability to detect the spatial dependence between economic activities while 
controlling for the heterogeneity of the territory where they are located. Although following 
different approaches, all these papers handle the spatial heterogeneity of the underlying generating 
process by referring to a case-control design. In such a setting, spatial clusters manifest themselves 
as a phenomenon of extra-concentration of one industry with respect to the concentration of the 
firms in the whole economy. Therefore a positive (or negative) spatial dependence between firms is 
detected when the pattern of a specific sector is more aggregated (or more dispersed) than the one 
of the whole economy. As a matter of fact, the tools proposed in the quoted papers are relative 
measures of the spatial concentration and hence are not straightforwardly comparable across 
different economies.  

In this paper we suggest a parametric approach based on the so-called inhomogeneous K-
function (Baddeley et al., 2000), a tool that produces an absolute measure of the industrial 
agglomeration which is also able to capture spatial heterogeneity. 

In order to show the potential advantages of the proposed method, we present here an 
empirical application to the study of the spatial distribution of high-tech industries in Milan (Italy) 
in 2001.  

In order to achieve this aim we structured the paper in the following way. In Section 2 we will 
introduce the basic concepts of spatial heterogeneity and spatial dependence. Section 3 will be 
devoted to develop the statistical framework and the appropriate parametric model for capturing the 
lack of homogeneity of the economic space. In this section we will discuss the inhomogenous K-
functions and their use in the analysis of the spatial distribution of firms. Section 4 contains an 
empirical application of the proposed methodology to the study of the spatial distribution of the ICT 
manufacturing industry in Milan (Italy). We will consider the economic space to be non 
homogenous, we will estimate the pattern of inhomogeneity and we will use it to separate spatial 
heterogeneity form spatial dependence. Finally Section 5 reports some general conclusions. 
 
2. Phenomena behind spatial concentration of firms: spatial heterogeneity and spatial 
dependence 

 
In a micro-geographical context the spatial distribution of economic activities is properly 
represented by a set of points in a planar map (formally a point pattern) where each point 
corresponds to the location of a single firm. 

A point pattern which exhibits spatial clusters of events can be originated by two distinct 
phenomena which can be traced back to the statistical categories of true contagion between points 
and apparent contagion (Arbia and Espa, 1996).   

Applying these concepts to industrial agglomeration problems, the case of apparent contagion 
arises if exogenous factors lead firms to locate in certain specific geographical zones. For instance, 
firms may group together in certain areas in order to exploit favourable local conditions, such as the 
presence of useful infrastructures, the proximity to the communication routes or more convenient 
local taxation systems. 

The case of true contagion, on the other hand, occurs when the presence of an economic 
activity in a given area attracts other firms to locate nearby. For instance, the presence of firms with 
a leading role encouraging the settlement of firms producing intermediate goods in the same area or 
the incidence of knowledge spillovers driving industrial agglomerations.   

In more formal terms, spatial heterogeneity (produced by an apparent contagion), is 
represented through the first-order intensity of a spatial point pattern which in turn is expressed by 
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the so-called intensity function, say ( )xλ , with x representing the geographic coordinates of an 

arbitrary point. Intuitively, ( )dxxλ  expresses the probability that an event locates inside an 
infinitesimal region centred at point x and with a surface area dx (Diggle et al., 2007). If a point 
process (which is a stochastic mechanism generating points in a pattern) is homogeneous, then the 
intensity does not vary across the space and ( )xλ  = λ  for each x. The constant λ  can then be 
interpreted as the expected number of events occurring within a unitary region (Diggle, 2003).  

In contrast the case of spatial dependence (produced by a true rather than apparent contagion) 
can be expressed by the second-order intensity ( )y,x2λ , where x and y denote the geographic 

coordinates of two distinct arbitrary points. We can also define ( )dxdyy,x2λ  as the probability that 
two events locate inside two infinitesimal regions centred in x and y and with surface areas dx and 
dy respectively (Diggle et al., 2007).  Therefore, ( )y,x2λ  characterizes the expected additional 
events located in y relative to a given event located in x.  Hence it represents a measure of spatial 
dependence. 

In real cases clusters of firms could be generated by the joint action of spatial heterogeneity 
and spatial dependence, with the second phenomenon often of paramount interest in economics. 
Under the substantive point view therefore if it is important to measure properly the concentration 
of economic activities, it is fundamental to clearly distinguish between spatial heterogeneity and 
spatial dependence. In other words, a statistical tool that aims at detecting the genuine attraction 
between economic activities (what we call spatial dependence) should be able to control for the 
different opportunities offered by the territory where firms are located which is what we refer to as 
heterogeneity. This aim is accomplished in the next section. 
 
3. The statistical methodological framework 
 
3.1 Inhomogeneous K-function  
 
It is probably not an exaggeration to affirm that Ripley’s K-function (Ripley, 1976 and 1977) is 
currently the most popular measure to summarize the spatial distribution of micro-geographic data 
where space is assumed to be homogeneous. Such an approach has been largely applied in various 
fields like, e. g., geography, ecology, epidemiology and, more recently, also economics (see Arbia 
and Espa, 1996; Marcon and Puech, 2003). The tool of the K-function can be conceived as a 
measure of the second-order intensity, say( )y,x2λ , of the underlying stationary point process which 

generates the observed spatial pattern. It is a function (usually denoted with the symbol ( )dK ) that 
at every spatial distance d, reports the expected number of additional points located in a circle of 
radius d surrounding an arbitrary event. As a consequence, in the case of geographic homogeneity 
of the study area (when ( ) λλ =x ), the K-function quantifies the spatial dependence between events 
at each unit of distance.  

However, if ( )xλ  varies across the space, then the values of the K-function express the 
magnitude of the spatial concentration pattern due to both dependence between events and 
geographic heterogeneity jointly without being able to distinguish on an empirical basis the two 
phenomena characterizing the spatial concentration of firms: interactions among economic agents 
and exogenous features of the territory. 

Baddeley et al. (2000) introduced in the spatial statistical literature an instrument that enables 
this distinction. It is a non homogeneous version of Ripley’s K-function which can be used to assess 
the endogenous effects of interaction among events while adjusting for the exogenous effects of the 
characteristics of the study area. In an industrial agglomeration context this tool can be properly 
employed to test for the presence of genuine spatial interactions among economic activities 
discounted of the effect of a heterogeneous geographic space. 
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The inhomogeneous K-function, say ( )dK I , is essentially a generalization of Ripley’s 
function to the case of non-stationary point processes in which second-order intensity-reweighted 
stationarity is assumed (Baddeley et al. 2000). More precisely, a non-stationary point process is a 
homogeneous Poisson process where the constant intensity λ  is replaced by an intensity function 
varying over the space, say ( )xλ . By considering a hypothetical study region A with a surface area 

A , the class of inhomogeneous Poisson processes is characterized by the following two postulates 

(Diggle, 2003):      
 
(i) the n points located in A follow a Poisson distribution with expected value given by  

( )∫A dxxλ ;  and 

(ii)  the n points located in A constitute an independent random sample from the distribution on A 
with probability density function proportional to ( )xλ . 

 
Following Baddeley et al. (2000), an inhomogeneous Poisson process is also second-order 

intensity-reweighted stationary if  
 

( ) ( ) ( ) ( )yxgyxy,x −= λλλ2  
 

where ( )yxg −  is a function which depends on the spatial lag (and hence on the interaction) 
between the x and y arbitrary events. In this case, the second order intensity of the inhomogeneous 
Poisson process, at the geographic locations x and y, is the product of the first order intensities at x 
and y multiplied by a spatial correlation factor. If there is no spatial interaction between the points 
of the process at locations x and y then ( ) ( ) ( )yxy,x λλλ =2  and ( ) 1=− yxg . Furthermore, when 

( ) 1>− yxg  we have attraction, while if ( ) 1<− yxg  we have repulsion (or inhibition) between the 
two locations (Møller and Waagepetersen, 2007).          

In the case of isotropy (when no directional bias occurs in the neighbourhood of each point, 
see Arbia, 2006), ( )⋅g  depends only on the distance between x and y, thus implying that 

( ) ( )yxgyxg −=− , where ⋅  is the Euclidean norm. In spatial statistics literature the term 

( ) ( ) ( ) ( )yxy,xyxg λλλ2=−  is referred to as the pair correlation function.       

If ( )xλ  is bounded away from zero, the K-function of a second-order intensity-reweighted 
stationary and isotropic spatial point process is given by (Baddeley et al., 2000; Diggle, 2003): 
 

 
( ) ( )∫=

d

I duuugdK
0

2π , with d > 0.        (1) 

 
For an inhomogeneous Poisson process without spatial interactions between events, we have 

( ) 2ddK I π= . On the other hand, when ( ) 2ddK I π>  (or ( ) 2ddK I π< ) the point pattern is more (or 
less) aggregated than a point pattern drawn from an inhomogeneous Poisson process with first-order 
intensity ( )xλ  and no spatial interactions (Diggle et al., 2007).      

Following Baddeley et al. (2000), if ( )xλ  is known, a proper edge-corrected unbiased 

estimator of ( )dK I  is 
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where A  is the total surface of the study area, the term ijd  is the Euclidean spatial distance 

between the ith and jth observed points and( )ddI ij ≤  represents the indicator function such that I =  

1 if ddij ≤  and 0 otherwise. Due to the presence of edge effects arising from the arbitrariness of the 

boundaries of the study area, the adjustment factor ijw  is introduced thus avoiding potential biases 

in the estimates close to the boundary.3 
The functional form of the first-order intensity ( )xλ  is generally unknown and it has to be 

estimated from the data. Following Diggle (2003), we suggest that ( )xλ  can be properly estimated 

by means of a parametric regression model where ( )xλ  is specified as a function of a set of 
geographically-referenced variables expressing spatial heterogeneity (e.g. proximity to main roads, 
presence of infrastructure, presence of public incentives and so on). A plausible specification of the 
model for ( )xλ  to describe how the probability of hosting a firm changes through space is the log 
linear model: 
 

( ) ( )








= ∑
=

m

j
jj xzexpx

1

βλ                                                          (3) 

 
where ( )xzj  is the jth of a set of m spatially referenced explanatory variables and the jβ ’s are the 

regression parameters.  
The logarithmic transformation allows to fit the model by maximizing the log-

pseudolikelihood (see Besag, 1975) for ( )xλ  based on the observed points ix  of the pattern under 

study. At the current state of the spatial statistics literature, the most efficient and versatile method 
to maximize the log-pseudolikelihood and then to obtain the estimates of jβ ’s parameters and, as a 

result, ( )xλ  is that proposed by Berman and Turner (1992). For a clear and detailed discussion of 
the method we refer to Baddeley and Turner (2000). 

As shown by Strauss and Ikeda (1990), in case of a Poisson stochastic process, maximum 
pseudolikelihood is equivalent to maximum likelihood. Therefore, it is possible to test for goodness 
of fit of the model expressed in Equation (3) by using standard formal likelihood ratio criteria and 
the 2χ  distribution.   

The estimation of λ  thus obtained (say ̂ λ ) can be used to replace the true value of λ  in 

Equation (2) in order to obtain the estimated function ( )dK̂ I . For the ease of interpretation, 
similarly to the case of Ripley’s homogeneous K-function, also in the case of the inhomogeneous 
function we can introduce the linearizing transformation proposed by Besag (1977) which is 
characterized by a more stable variance. In the non-stationary case such a transformation function 
assumes the following expression: 

 
                                                        (4) 

 
where the function is linearized dividing by π  and to stabilized in the variance by the square root. 
If we use such a normalization, under the null hypothesis of absence of spatial dependence we have 

( ) ddL̂I = .    
 

                                                 
3 More specifically, the weight function ijw  expresses the reciprocal of the proportion of the surface area of a circle 

centred on the ith point, passing through the jth point, which lies within A (Boots and Getis, 1988). 
 

( ) ( ) πdK̂dL̂ II =
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3.2 Inference 
 

In order to evaluate the statistical significance of the values of ( )dK̂ I  (or ( )dL̂I ), which measure 
the strength of the spatial interactions among events within an inhomogeneous space, a proper 
inferential framework needs to be introduced. Since the exact distribution of IK  is unknown, its 
variance cannot be evaluated theoretically and no exact statistical testing procedure can be adopted. 
Therefore, to construct confidence intervals for the null hypothesis of absence of spatial 
interactions, we will base our conclusions on Monte Carlo simulations (Besag and Diggle, 1977).  

In practice, we generate n simulations of inhomogeneous Poisson processes conditional upon 
the same number of points of the observed pattern and with probability density function 
proportional to the first-order intensity, ( )xλ , estimated in the study area. Then for each simulation 

we can calculate a different ( )dL̂I  function. We are then able to obtain the approximate 

( ) %nn 1001 ×+  confidence envelopes from the highest and lowest values of the ( )dL̂I  functions 

calculated from the n simulations under the null hypothesis. Finally, if the observed ( )dL̂I  falls, for 
some value of d, outside the envelopes – upward or downward – this will indicate a significant 
departure from the null hypothesis. 

In the next section that contains the empirical part of this paper, in order to simulate the 
conditioned inhomogeneous Poisson processes to analyze inferentially the empirical results, we will 
follow the ‘thinning’ computational algorithm suggested by Lewis and Shedler (1979). First of all 
we generate n points following a homogeneous Poisson process on the study region and then we 

delete each point, independently of other points, with deletion probability ( ) 0λλ xˆ , where 0λ  is 

equal to the maximum value of the estimated first-order intensity function ( )xλ̂ .  
 
4. A case study: the distribution of ICT manufacturing firms in Milan (Italy)  
 
For our empirical study we focus on a set of micro data related to the ICT4 manufacturing industry 
in the area of Milan (Italy). A dataset was collected in the year 2001 by the Italian National Institute 
of Statistics (ISTAT) reporting the full address and the number of employees of the 856 
manufacturing plants operating in this area. The sector is dominated by small firms in that 
approximately 85% of ICT firm located in Milan have less than ten employees.  

The map reported in Figure 1 displays the spatial distribution of the 856 manufacturing plants. 
It is clear from a first visual inspection of the graph the marked tendency of the firms to cluster and 
to concentrate in the south part of the city. 

Due to the current scarcity of geo-referenced data about spatial heterogeneity, our dataset, as 
said, contains only the geographic coordinates and the number of employees of the 856 
manufacturing plants. As a consequence, for the time being, in our analysis we can only estimate 

( )xλ  referring to the spatial coordinates of firms as an element of heterogeneity by assuming a 
spatial trend. More specifically, in order to estimate the spatial intensity of the process we 
considered the three following specifications of the model expressed in Equation (3): 
 
Constant trend model: ( ) { }αλ expx =   
 
Linear trend model: ( ) { }2211 xxexpx ββαλ ++=   
 

                                                 
4 In this particular study we consider as ICT firms the manufacturing plants which belong to the ATECO classification 
codes “Manufacture of office machinery and computers” and “Manufacture of  radio, television and communication 
equipment and apparatus”.     
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Quadratic trend model: ( ) { }215
2
24

2
132211 xxxxxxexpx βββββαλ +++++=  

                                                                                       
where 1x  and 2x  are the Cartesian coordinates of location x. 
 
Figure 1: Locations of 856 ICT manufacturing plants in Milan in 2001. 

 
 

The constant model, which is actually a stationary Poisson process, represents the null model 
of absence of spatial heterogeneity. The other two specifications represent different ways to model 
the spatial intensity producing spatial heterogeneity. All models have been estimated using the 
method of Berman and Turner (1992) which is implemented in the Spatstat package of statistical 
software R5. The model selection, in terms of parsimony and precision of the estimates, has been 
conducted through likelihood ratio tests; the results are summarised in Table 1. The p-values 
(denoted with P(>| 2χ |) in Table 1) for the likelihood ratio tests with the constant trend model show 
that both the linear trend model and quadratic trend model are significant, thus implying that there 
is significant spatial heterogeneity in the pattern of firms under study. Moreover, the result of the 
test between the two models with spatial trend indicates that the quadratic trend model has a better 
fit. 
 
Table 1: Model selection: results for the log-likelihood ratio tests   

Model 
Maximum 

log-likelihood 

log LR test 
with Constant 
trend model 

P(>| 2χ |) 

log LR test  
with Linear  
trend model 

P(>| 2χ |) 

log LR test  
with Quadratic  

trend model 
P(>| 2χ |) 

Constant trend 7998.531 - - - 
Linear trend 8104.360 0.000 - - 
Quadratic trend 8692.956 0.000 0.000 - 

 
As a consequence, we opted for the quadratic spatial trend specification, rather than the 

simpler linear, because it better captures the main features of the observed variation in the spatial 
intensity. Higher-order specifications may have a better fit but, on the other hand, they increase the 
risk of introducing artificial patterns, as it is argued in the literature on polynomial regression 

models (see, e. g., Magee, 1988). The values of the estimated spatial intensity, ( )xλ̂ , are then given 
by the following estimated equation: 

                                                 
5 The R Foundation for Statistical Computing. ISBN 3-900051-07-0. 
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( ) { }21
2
2

2
121 6161136248399743194216378894442127153215622040780 xx.x.-x.-x.x..-expxλ̂ +++= . 

    
Figure 2 displays the map of points of Figure 1 superimposed on a grey scale map of the 

quadratic trend. It is evident that the intensity (that characterizes the probability of observing points 
in different zones of the study area) is greater in the centre of the city and lower in the periphery. 
Apart from this core-periphery trend effect that proxies the effect of heterogeneity, through the 
visual inspection of Figure 2 it is also evident the presence of clusters of firms in zones 
characterized by low intensity. These clusters can be thought as being generated by a spatial 
interaction between points (spatial dependence), that is by the genuine need of the firms to locate 
close to one another to exploit positive externalities and not simply to take advantage by a set of 
favourable conditions that change smoothly over space. 
 
Figure 2: Location of ICT firms in Milan (Italy) in 2001 and a quadratic trend of the intensity. 
White = high intensity; darker grey = low intensity. 
 

 
 

Having derived an estimate of ( )xλ  we can then estimate ( )dL̂I  by using Equations (2) and 
(4). The inhomogeneous L function thus obtained measures the effects of clustering due to spatial 
dependence at each spatial distance discounted of the heterogeneity effects proxied by the quadratic 
trend. To formally assess the significance of the estimate thus obtained, we derived approximate 
99.9% confidence envelopes from 999 simulated realisations of a conditioned inhomogeneous 
Poisson process. More specifically, at every step of the simulation sequence, an inhomogeneous 
Poisson process with the same number of points as the observed pattern was generated and used to 

estimate ( )dL̂I . Repeating this step 999 times and taking, for each spatial distance d, the maximum 

and minimum values of the resulting sequence of ( )dL̂I  obtained, we are able to build up the 
confidence envelopes for the null hypothesis of no spatial interactions (or dependence) within an 
inhomogeneous space.     

The graph in Figure 3 displays the behaviour of the functional ( )dL̂I  at the various spatial 
distances d for the ICT manufacturing industry. The same figure also reports the confidence 
envelopes referred to the null hypothesis of absence of spatial dependence at a significance level 

010.=α .  In the graph points outside the envelop highlight significant extra concentration if they 
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lay above the envelop upper limits or significant extra dispersion if they are observed below. 
Observing the graph it is evident a significant upward deviation of the estimated function at very 
small distances (below 0.4 kilometers). This suggests that ICT firms in Milan are characterized by a 
very small-scale aggregation phenomenon  
 
Figure 3: Behaviour of the estimated inhomogeneous L-function (solid line) and of the 
corresponding 99.9% confidence envelopes under the null hypothesis (dashed lines) of the ICT 
manufacturing plants.  

 
 

The empirical tool used help us to disentangle empirically spatial heterogeneity from the 
spatial dependence observed in the pattern of the ICT manufacturing industry in Milan. The L-
function reported in Figure 3 shows clearly how strong is the tendency for plants to cluster because 
of a genuine interaction among economic agents. Indeed, the L-function identifies situations of 
overconcentration with respect to a non constant underlying intensity explained in terms of a 
quadratic trend. In this way it clearly quantifies the amount of spatial concentration which cannot be  
simply ascribed to exogenous factors which change smoothly over space like, e. g., traffic 
accessibility, factor endowments, law and environmental limits. These factors (here approximated 
by a spatial trend) could be better identified through a set of explanatory variables if these were 
available.  

Despite this lack of information, we can argue that the economic theories on industrial 
agglomerations may have an important role here in explaining the ICT  industrial distribution of the 
Milan area. Our empirical findings may have a justification in the theoretical models explaining the 
industrial agglomeration as a phenomenon primarily driven by the presence of spatial interactions 
between economic activities. The expectation of clustering of ICT firms within the big metropolitan 
areas, such as Milan, can be ascribed to the so-called tacit knowledge phenomenon (Nonaka and 
Takeuchi, 1995; Polanyi, 1966) which assumes that the knowledge is transferable only through 
direct face-to-face interaction (Storper and Venables, 2003). Knowledge spillovers should indeed be 
more easily present in cities, where many specialized workers are concentrated into a relatively 
small and limited space and where the transmission of new knowledge tends to occur more 
efficiently by direct human interaction (Glaeser et al., 1992; Henderson, 2003; Dumais et al., 2002; 
Van Oort, 2004; Lambooy and Van Oort, 2005). The role of geographical and cultural proximity for 
tacit knowledge exchange has been discussed extensively in the literature on high-technology 
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clusters (Saxenian, 1994; Storper, 1997, 2002; Porter, 1998; Keeble and Wilkinson, 2000; Yeung et 
al., 2007) and innovative milieux (Capello, 1999; Rallet and Torre, 1999) and represent the basis to 
explain our findings. 
 
5. Conclusions 
 
One of the more controversial issues in the geographical analysis of plant location is the possibility 
of disentangling spatial dependence and spatial heterogeneity or, in other words, to be able to 
discern whether firms tend to locate close to one another because they need for physical interaction 
(spatial dependence or true contagion) or because of the varying opportunity offered by different 
locations that made more efficient to locate in some areas with respect to others (heterogeneity or 
apparent contagion). In the analysis presented here we employed a statistical model to estimate 
separately spatial heterogeneity allowing to test for the presence of absolute spatial aggregation 
while controlling for the effect of exogenous factors that can be at the basis of diverse location 
opportunities.  

The empirical analysis revealed a strong tendency for plants to cluster at very small distances 
because of a genuine interaction between them, which cannot be explained simply by exogenous 
factors such as accessibility, endowments and other institutional elements.  

In this paper we limited ourselves to prove this conclusion on empirical basis without trying 
to validate any theoretical behavioural model. Indeed, in order to propose a theoretical model to 
properly explain the observed situation, it would be necessary to avail a larger information set on 
structural variables other than just the mere geographic location, such as, for instance, the 
characteristics of the local demand and the workforce skill. For this reason this purpose is not 
undertaken in the present study and is left to future refinements. 

However, in the present work we were able to perform the important task of verifying 
empirically the presence of an endogenous location phenomenon leading to spatial clusters. 
Furthermore, the statistical testing procedure we applied is based on an absolute measure of spatial 
dependence. The advantage of this approach is that the results obtained here can be 
straightforwardly compared with other geographic areas and industrial situations.   
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