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Abstract: Why do industrial clusters occur in space? Ibdtause industries need to stay close
together to interact or, conversely, because tloggentrate in certain portions of space to exploit
favourable conditions like public incentives, pmily to communication networks, to big
population concentrations or to reduce transpoststo This is a fundamental question and the
attempt to answer to it using empirical data idallenging statistical task. In economic geography
scientists refer to this dichotomy using the twtegaries ofspatial interactiorandspatial reaction

to common factors. In economics we can refer taséindtion betweerexogenousauses and
endogenougffects. In spatial econometrics and statisticsuae the terms adpatial dependence
andspatial heterogeneityA series of recent papers introduced explorativéhous to analyses the
spatial patterns of firms using micro data and abi@rizing each firm by its spatial coordinates.
such a setting a spatial distribution of firmseers as a point pattern and an industrial clusténes
phenomenon of extra-concentration of one industith wespect to the concentration of a
benchmarking spatial distribution. Often the benahamg distribution is that of the whole
economy on the ground that exogenous factors afieitte same way all branches. Using such an
approach a positive (or negative) spatial deperelbetween firms is detected when the pattern of a
specific sector is more aggregated (or more digg@rdhan the one of the whole economy. In this
paper we suggest a parametric approach to thessally spatial heterogeneity, based on the so-
calledinhomogeneous K-functiofBaddeleyet al, 2000). We present an empirical application of
the method to the spatial distribution of high-téctiustries in Milan (ltaly) in 2001. We consider
the economic space to be non homogenous, we estthm@pattern of inhomogeneity and we use it
to separate spatial heterogeneity from spatial ridgrece.
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1. Introduction

A series of recent papers (Arb& al, 2008 and 2009; Marcon and Puech, 2009; Durantoh a
Overman, 2005) have introduced explorative methizd®d on Ripley'&-function (Ripley, 1977)

to analyse the micro-geographic patterns of firrms.particular, the proposed methods are
characterized by the ability to detect the spalighendence between economic activities while
controlling for the heterogeneity of the territowhere they are located. Although following
different approaches, all these papers handlepghgat heterogeneity of the underlying generating
process by referring to a case-control designutihs setting, spatial clusters manifest themselves
as a phenomenon of extra-concentration of one tndugth respect to the concentration of the
firms in the whole economy. Therefore a positiver(egative) spatial dependence between firms is
detected when the pattern of a specific sectoraeeraggregated (or more dispersed) than the one
of the whole economy. As a matter of fact, the Sgmloposed in the quoted papers i@lative
measures of the spatial concentration and hencenaitrestraightforwardly comparable across
different economies.

In this paper we suggest a parametric approachdbasethe so-calleihhomogeneous K-
function (Baddeleyet al, 2000), a tool that produces afsolute measure of the industrial
agglomeration which is also able to capture sphggtrogeneity.

In order to show the potential advantages of thep@gsed method, we present here an
empirical application to the study of the spatistribution of high-tech industries in Milan (Itgly
in 2001.

In order to achieve this aim we structured the papthe following way. In Section 2 we will
introduce the basic concepts gppatial heterogeneity and spatial dependence. dde8tiwill be
devoted to develop the statistical framework ardappropriate parametric model for capturing the
lack of homogeneity of the economic space. In sieistion we will discuss the inhomogendUs
functions and their use in the analysis of theiapdlistribution of firms. Section 4 contains an
empirical application of the proposed methodolamthie study of the spatial distribution of T
manufacturing industry in Milan (ltaly). We will osider the economic space to be non
homogenous, we will estimate the pattern of inhoemegty and we will use it to separate spatial
heterogeneity form spatial dependence. Finallyi&e& reports some general conclusions.

2. Phenomena behind spatial concentration of firms. spatial heterogeneity and spatial
dependence

In a micro-geographical context the spatial distitn of economic activities is properly
represented by a set of points in a planar mapn@dtly a point pattern where each point
corresponds to the location of a single firm.

A point pattern which exhibits spatial clustersesents can be originated by two distinct
phenomena which can be traced back to the stafisiitegories ofrue contagionbetween points
andapparentcontagion(Arbia and Espa, 1996).

Applying these concepts to industrial agglomeraparblems, the case apparent contagion
arises if exogenous factors lead firms to locateearain specific geographical zones. For instance,
firms may group together in certain areas in otde¥xploit favourable local conditions, such as the
presence of useful infrastructures, the proximitytite communication routes or more convenient
local taxation systems.

The case otrue contagion on the other hand, occurs when the presence @&canomic
activity in a given area attracts other firms todte nearby. For instance, the presence of firrtts wi
a leading role encouraging the settlement of fipmlucing intermediate goods in the same area or
the incidence of knowledge spillovers driving intfizd agglomerations.

In more formal termsspatial heterogeneityproduced by amapparent contagion is
represented through the first-order intensity gpatial point pattern which in turn is expressed by
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the so-calledntensity functionsay A(x), with x representing the geographic coordinates of an
arbitrary point. Intuitively,/l(x)dx expresses the probability that an event locatsgdenan
infinitesimal region centred at poimtand with a surface arefx (Diggle et al, 2007). If apoint
process(which is a stochastic mechanism generating pamgs pattern) is homogeneous, then the
intensity does not vary across the space a(uj = A for eachx. The constantd can then be
interpreted as the expected number of events anguwithin a unitary region (Diggle, 2003).

In contrast the case spatial dependencg@roduced by a trueather than apparenbntagion)
can be expressed by the second-order inten&g’(y(,y), wherex andy denote the geographic
coordinates of two distinct arbitrary points. We @so define/lz(x,y)dxdy as the probability that
two events locate inside two infinitesimal regiaentred inx andy and with surface areak and
dy respectively (Diggleet al, 2007). Therefore/lz(x,y) characterizes the expected additional

events located iy relative to a given event locatedxn Hence it represents a measure of spatial
dependence.

In real cases clusters of firms could be generhiethe joint action of spatial heterogeneity
and spatial dependence, with the second phenomeftem of paramount interest in economics.
Under the substantive point view therefore if iingortant to measure properly the concentration
of economic activities, it is fundamental to clgadistinguish between spatial heterogeneity and
spatial dependence. In other words, a statistamall that aims at detecting the genuine attraction
between economic activities (what we cgflatial dependengeshould be able to control for the
different opportunities offered by the territory evie firms are located which is what we refer to as
heterogeneityThis aim is accomplished in the next section.

3. The statistical methodological framework
3.1 Inhomogeneous-function

It is probably not an exaggeration to affirm thaplBy's K-function (Ripley, 1976 and 1977) is
currently the most popular measure to summarizesplagial distribution of micro-geographic data
where space is assumed to be homogeneous. Sugpraeh has been largely applied in various
fields like, e. g., geography, ecology, epidemigl@gmd, more recently, also economics (see Arbia
and Espa, 1996; Marcon and Puech, 2003). The tbttheoK-function can be conceived as a
measure of the second-order intensity,/geﬁ)(,y), of the underlying stationary point process which

generates the observed spatial pattern. It is etiim(usually denoted with the symb&l(d)) that
at every spatial distanak reports the expected number of additional pdmtated in a circle of
radiusd surrounding an arbitrary event. As a consequencihe case of geographic homogeneity
of the study area (wherl(x) = A1), theK-function quantifies the spatial dependence betvesemts
at each unit of distance.

However, if /](x) varies across the space, then the values oKthenction express the

magnitude of the spatial concentration pattern tweboth dependence between events and
geographic heterogeneity jointly without being atwedistinguish on an empirical basis the two

phenomena characterizing the spatial concentraidirms: interactions among economic agents

and exogenous features of the territory.

Baddeleyet al (2000) introduced in the spatial statisticalratere an instrument that enables
this distinction. It is a non homogeneous versibRipley’s K-function which can be used to assess
the endogenous effects of interaction among ewghile adjusting for the exogenous effects of the
characteristics of the study area. In an indusag@dlomeration context this tool can be properly
employed to test for the presence of genuine dpattaractions among economic activities
discounted of the effect of a heterogeneous gebgrapace.
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The inhomogeneouX-function, say K, (d) is essentially a generalization of Ripley's
function to the case of non-stationary point preessin which second-order intensity-reweighted
stationarity is assumed (Baddeletyal 2000). More precisely, a non-stationary pointcess is a
homogeneous Poisson process where the constansitgtd is replaced by an intensity function
varying over the space, sa})(x). By considering a hypothetical study regianvith a surface area
|A4 the class of inhomogeneous Poisson processésiliaaterized by the following two postulates

(Diggle, 2003):

(i) the n points located inA follow a Poisson distribution with expected valgaen by
J'A/l(x)dx; and

(i) then points located iA constitute an independent random sample from igtatoition onA
with probability density function proportional t@(x).

Following Baddeleyet al (2000), an inhomogeneous Poisson process issalsond-order
intensity-reweighted stationary

A, (x.y)= A(x)A(y)a(x-y)

where g(x— y) is a function which depends on the spatial lagl (@@nce on the interaction)

between thex andy arbitrary events. In this case, the second omtensity of the inhomogeneous
Poisson process, at the geographic locatioasdy, is the product of the first order intensitieat
andy multiplied by a spatial correlation factor. If theis no spatial interaction between the points
of the process at locationsandy then A,(x,y) = A(x)A(y) and g(x-y)=1. Furthermore, when

g(x-y)>1 we haveattraction while if g(x-y) <1 we haverepulsion(or inhibition) between the

two locations (Mgller and Waagepetersen, 2007).
In the case of isotropfvhen no directional bias occurs in the neighboadhof each point,
see Arbia, 2006),g([) depends only on the distance betweerand y, thus implying that

g(x—y):gq|x—y||), where |[J is the Euclidean norm. In spatial statistics &itare the term
9(/x-y])= 2, (xY)/A(x)A(y) is referred to as thesir correlation function

If A(x) is bounded away from zero, tiefunction of a second-order intensity-reweighted
stationary and isotropic spatial point processvusmgby (Baddelegt al, 2000; Diggle, 2003):

K,(d)= 27TJ: ug(u)du, withd > 0. (1)

For an inhomogeneous Poisson process without spatiaactions between events, we have
K, (d) = 7m2. On the other hand, whei, (d)> 7d? (or K, (d) < 7n?) the point pattern is more (or
less) aggregated than a point pattern drawn froml@amogeneous Poisson process with first-order
intensity A(x) and no spatial interactions (Diggteal, 2007).

Following Baddeleyet al. (2000), if /l(x) is known, a proper edge-corrected unbiased
estimator ofK, (d) is

(2)



where |A4 is the total surface of the study area, the tetmis the Euclidean spatial distance
between théth andjth observed points ar1(ﬂdij < d) represents the indicator function such that
1if d; =d and O otherwise. Due to the presence of edgetefégising from the arbitrariness of the
boundaries of the study area, the adjustment fagfois introduced thus avoiding potential biases
in the estimates close to the boundry.

The functional form of the first-order intensit)(x) is generally unknown and it has to be
estimated from the data. Following Diggle (2003% suggest thaﬂ(x) can be properly estimated

by means of a parametric regression model Whﬁ(né is specified as a function of a set of
geographically-referenced variables expressingapaterogeneityg.g. proximity to main roads,

presence of infrastructure, presence of publicritices and so on). A plausible specification of the
model for/l(x) to describe how the probability of hosting a ficmanges through space is the log

linear model:
A(x)=exp{i/3] z (x)} 3)

where z, (x) is thejth of a set ofn spatially referenced explanatory variables andfhis are the
regression parameters.

The logarithmic transformation allows to fit the d®b by maximizing the log-
pseudolikelihood (see Besag, 1975) ﬂ{lx) based on the observed poinsof the pattern under
study. At the current state of the spatial staisstiterature, the most efficient and versatile et
to maximize the log-pseudolikelihood and then ttaobthe estimates gf,'s parameters and, as a

result, /](x) is that proposed by Berman and Turner (1992).a&olear and detailed discussion of

the method we refer to Baddeley and Turner (2000).

As shown by Strauss and Ikeda (1990), in case Bbiason stochastic process, maximum
pseudolikelihood is equivalent to maximum likelillod herefore, it is possible to test for goodness
of fit of the model expressed in Equation (3) bingsstandard formal likelihood ratio criteria and

the x? distribution.
The estimation ofA thus obtained (sayl) can be used to replace the true valuedoin
Equation (2) in order to obtain the estimated f'umrctKI(d). For the ease of interpretation,

similarly to the case of Ripley’'s homogened{s$unction, also in the case of the inhomogeneous
function we can introduce the linearizing transfation proposed by Besag (1977) which is
characterized by a more stable variance. In thestationary case such a transformation function
assumes the following expression:

I:I(d)z\/kl(d)/” )

where the function is linearized dividing by and to stabilized in the variance by the squacg. ro
If we use such a normalization, under the null higpsis of absence of spatial dependence we have

L (d)=d.

% More specifically, the weight functionv; expresses the reciprocal of the proportion ofsdace area of a circle
centred on théh point, passing through thth point, which lies withimrA (Boots and Getis, 1988).
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3.2 Inference

In order to evaluate the statistical significané¢he values ofk, (d) (or I:. (d)), which measure
the strength of the spatial interactions among &verithin an inhomogeneous space, a proper
inferential framework needs to be introduced. Sitiee exact distribution oK, is unknown, its

variance cannot be evaluated theoretically andxaatestatistical testing procedure can be adopted.
Therefore, to construct confidence intervals foe thull hypothesis of absence of spatial
interactions, we will base our conclusions on Mdd#lo simulations (Besag and Diggle, 1977).

In practice, we generatesimulations of inhomogeneous Poisson processeditmmal upon
the same number of points of the observed pattewh &ith probability density function
proportional to the first-order intensityl,(x), estimated in the study area. Then for each siiounla

we can calculate a differenf_I (d) function. We are then able to obtain the approxima
n/(n+1)x100% confidence envelopes from the highest and lowaktes of theL, (d) functions

calculated from tha simulations under the null hypothesis. Finallythié observedA_I (d) falls, for

some value ofl, outside the envelopes — upward or downward —whiisindicate a significant
departure from the null hypothesis.

In the next section that contains the empiricalt pédrthis paper, in order to simulate the
conditioned inhomogeneous Poisson processes tgzanalferentially the empirical results, we will
follow the ‘thinning’ computational algorithm sugged by Lewis and Shedler (1979). First of all
we generate points following a homogeneous Poisson procestherstudy region and then we

delete each point, independently of other pointigh weletion probabilityﬁ(x)/)lo , Where A, is

equal to the maximum value of the estimated firsieo intensity function;l(x).

4. A case study: thedistribution of ICT manufacturing firmsin Milan (Italy)

For our empirical study we focus on a set of midata related to theCT* manufacturing industry
in the area of Milan (ltaly). A dataset was col&tin the year 2001 by the Italian National Insétu
of Statistics (ISTAT) reporting the full addressdathe number of employees of the 856
manufacturing plants operating in this area. Thetoseis dominated by small firms in that
approximately 85% olfCT firm located in Milan have less than ten employees

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

Due to the current scarcity of geo-referenced datzaut spatial heterogeneity, our dataset, as
said, contains only the geographic coordinates #re number of employees of the 856
manufacturing plants. As a consequence, for the tiging, in our analysis we can only estimate
A(x) referring to the spatial coordinates of firms asedement of heterogeneity by assuming a

spatial trend. More specifically, in order to esdbm the spatial intensity of the process we
considered the three following specifications @& thodel expressed in Equation (3):

Constant trend model(x) = exa}

Linear trend modelA(x) = exda + B,x, + B,%,}

* In this particular study we consider I&T firms the manufacturing plants which belong to #ECO classification
codes Manufacture of office machinery and computeasid “Manufacture of radio, television and communiceuti
equipment and apparatus”.
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Quadratic trend model (x) = exda + Bix, + B,X, + BXE + BXE + BsX X, }
where x, and x, are the Cartesian coordinates of location

Figure 1: Locations of 856CT manufacturing plants in Milan in 2001.

The constant model, which is actually a statiorfoisson process, represents the null model
of absence of spatial heterogeneity. The otherdgpexifications represent different ways to model
the spatial intensity producing spatial heteroggmeAll models have been estimated using the
method of Berman and Turner (1992) which is impletee in thespat st at package of statistical
softwareR®. The model selection, in terms of parsimony aretision of the estimates, has been
conducted through likelihood ratio tests; the ress@re summarised in Table 1. Thevalues
(denoted withP(>| x?|) in Table 1) for the likelihood ratio tests witihe constant trend model show

that both the linear trend model and quadraticdnerdel are significant, thus implying that there
is significant spatial heterogeneity in the pattefrfirms under study. Moreover, the result of the
test between the two models with spatial trendciaidis that the quadratic trend model has a better
fit.

Table 1: Model selection: results for the log-likelihoaatio tests

log LR test log LR test log LR test
Maximum with Constant  with Linear  with Quadratic

Model log-likelihood ~ trend model  trend model  trend model
P x°I) P> x°I) P> x°I)
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 $gadiad specification, rather than the
simpler linear, because it better captures the rfestures of the observed variation in the spatial
intensity. Higher-order specifications may haveedtdr fit but, on the other hand, they increase the
risk of introducing artificial patterns, as it isgaed in the literature on polynomial regression
models (see, e. g., Magee, 1988). The values céshmated spatial intensityl,(x), are then given
by the following estimated equation:

® The R Foundation for Statistical Computing. ISBN@051-07-0.
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7(x) = exf-2040780562+ 15322127, +894446378x,-421431%-9972483¢ +1366161,X, )

Figure 2 displays the map of points of Figure lesupposed on a grey scale map of the
guadratic trend. It is evident that the intensiha{ characterizes the probability of observingnhfsoi
in different zones of the study area) is greatethancentre of the city and lower in the periphery.
Apart from this core-periphery trend effect thabxes the effect of heterogeneity, through the
visual inspection of Figure 2 it is also evidene tpresence of clusters of firms in zones
characterized by low intensity. These clusters banthought as being generated by a spatial
interaction between points (spatial dependencay, ithby the genuine need of the firms to locate
close to one another to exploit positive exterresitand not simply to take advantage by a set of
favourable conditions that change smoothly ovecspa

Figure 2: Location ofICT firms in Milan (ltaly) in 2001 and a quadratic nick of the intensity.
White = high intensity; darker grey = low intensity

Having derived an estimate of(x) we can then estimate, (d) by using Equations (2) and
(4). The inhomogeneous function thus obtained measures the effects cfteting due to spatial
dependence at each spatial distance discountéx dfeterogeneity effects proxied by the quadratic
trend. To formally assess the significance of themeate thus obtained, we derived approximate
99.9% confidence envelopes from 999 simulated satiiins of a conditioned inhomogeneous
Poisson process. More specifically, at every stethe simulation sequence, an inhomogeneous
Poisson process with the same number of pointeeastiserved pattern was generated and used to

estimateﬂ, (d) Repeating this step 999 times and taking, foh epatial distancd, the maximum

and minimum values of the resulting sequenceﬂp(fd) obtained, we are able to build up the
confidence envelopes for the null hypothesis ofspatial interactions (or dependence) within an
inhomogeneous space.

The graph in Figure 3 displays the behaviour offtimetional L, (d) at the various spatial

distancesd for the ICT manufacturing industry. The same figure also repdine confidence
envelopes referretb the null hypothesis of absence of spatial depeoe at a significance level
a =0.01. In the graph points outside the envelop highlgjgnificant extra concentration if they
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lay above the envelop upper limits or significartr@ dispersion if they are observed below.
Observing the graph it is evident a significant apidvdeviation of the estimated function at very
small distances (below 0.4 kilometers). This sutgtwtICT firms in Milan are characterized by a
very small-scale aggregation phenomenon

Figure 3. Behaviour of the estimated inhomogenedudgunction &olid line and of the
corresponding 99.9% confidence envelopes undemthiehypothesis dashed lines of the ICT
manufacturing plants.

0.4 1.0 1.5
distance & (in Em)

The empirical tool used help us to disentangle englly spatial heterogeneity from the
spatial dependence observed in the pattern of@demanufacturing industry in Milan. Thie-
function reported in Figure 3 shows clearly hovosy is the tendency for plants to cluster because
of a genuine interaction among economic agentsedddthel-function identifies situations of
overconcentration with respect to a non constamteriying intensity explained in terms of a
guadratic trend. In this way it clearly quantiftae amount of spatial concentration which cannot be
simply ascribed to exogenous factors which changeothly over space like, e. g., traffic
accessibility, factor endowments, law and environtalelimits. These factors (here approximated
by a spatial trend) could be better identified tlylo a set of explanatory variables if these were
available.

Despite this lack of information, we can argue ttiedé economic theories on industrial
agglomerations may have an important role herjmaiing thelCT industrial distribution of the
Milan area. Our empirical findings may have a jicsdtion in the theoretical models explaining the
industrial agglomeration as a phenomenon primatilyen by the presence of spatial interactions
between economic activities. The expectation ofteling ofICT firms within the big metropolitan
areas, such as Milan, can be ascribed to the $eddakit knowledgephenomenon (Nonaka and
Takeuchi, 1995; Polanyi, 1966) which assumes thatkinowledge is transferable only through
directface-to-facanteraction (Storper and Venables, 2003). Knowesigjllovers should indeed be
more easily present in cities, where many speedliworkers are concentrated into a relatively
small and limited space and where the transmissiomew knowledge tends to occur more
efficiently by direct human interaction (Glaes¢ral, 1992; Henderson, 2003; Dumaital,, 2002;
Van Oort, 2004; Lambooy and Van Oort, 2005). THe of geographical and cultural proximity for
tacit knowledgeexchange has been discussed extensively in theatlire on high-technology
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clusters (Saxenian, 1994; Storper, 1997, 2002ePdr998; Keeble and Wilkinson, 2000; Yeletg
al., 2007) andnnovative milieuXCapello, 1999; Rallet and Torre, 1999) and regmethe basis to
explain our findings.

5. Conclusions

One of the more controversial issues in the geducapanalysis of plant location is the possibility
of disentangling spatial dependence and spatiarbgeneity or, in other words, to be able to
discern whether firms tend to locate close to amatteer because they need for physical interaction
(spatial dependence tnue contagioh or because of the varying opportunity offereddifferent
locations that made more efficient to locate in ecameas with respect to others (heterogeneity or
apparent contagion In the analysis presented here we employed teststal model to estimate
separately spatial heterogeneity allowing to testthe presence of absolute spatial aggregation
while controlling for the effect of exogenous fastdhat can be at the basis of diverse location
opportunities.

The empirical analysis revealed a strong tendeacylants to cluster at very small distances
because of a genuine interaction between them,hwtaoinot be explained simply by exogenous
factors such as accessibility, endowments and atlsgtutional elements.

In this paper we limited ourselves to prove thisatosion on empirical basis without trying
to validate any theoretical behavioural model. Bwein order to propose a theoretical model to
properly explain the observed situation, it wouldriecessary to avail a larger information set on
structural variables other than just the mere ggugc location, such as, for instance, the
characteristics of the local demand and the wodeaskill. For this reason this purpose is not
undertaken in the present study and is left toreutafinements.

However, in the present work we were able to perfdhe important task of verifying
empirically the presence of an endogenous locagibenomenon leading to spatial clusters.
Furthermore, the statistical testing procedure p@iad is based on an absolute measure of spatial
dependence. The advantage of this approach is ttnat results obtained here can be
straightforwardly compared with other geographigagrand industrial situations.

References

Arbia G. (2006)Spatial econometrics: with applications to regiosahvergenceSpringer, Berlin.

Arbia G., Espa G. (199@tatistica economica territoriaj&Cedam, Padua.

Arbia G., Espa G., Quah D. (2008) A class of spattanometric methods in the empirical analysis
of clusters of firms in the spadempirical Economics34, 81-103.

Arbia G., Espa G., Giuliani D., Mazzitelli A. (20p€lusters of firms on an inhomogeneous space:
the high-tech industries in Milaiconomic Modellingto appear).

Baddeley A., Turner R. (2000) Practical maximum yolsdikelihood for spatial point patterns,
Australian and New Zealand Journal of Statist43, 283—-322.

Baddeley A., Mgller J., Waagepetersen R. (2000) -Nand semi-parametric estimation of
interaction in inhomogeneous point patte®ististica Nederlandigeb4, 329-350.

Berman M, Turner T.R. (1992) Approximating pointopess likelihoods with GLIMApplied
Statistics 41, 31-38.

Besag J. (1975) Statistical analysis of non-lattiaea, The Statistician24, 179-195.

Besag, J. (1977) Contribution to the discussionDof Ripley’'s paper,Journal of the Royal
Statistical SocietyB, 39, 193-195.

Besag, J., Diggle, P.J. (1977) Simple Monte Caekist for spatial patter\pplied Statistics26,
327-333.

Boots B.N., Getis A. (198&oint pattern analysisSage Scientific Geography Series, Vol. 8, Sage
Publications, London.



Capello R. (1999) Spatial transfer of knowledgehigh technology milieux: learning versus
collective processeRegional Studies33, 4, 353—365.

Diggle P.J. (2003)Statistical analysis of spatial point pattern2nd edition, Edward Arnold,
London.

Diggle P.J., Gomez-Rubio V., Brown P.E., ChetwyndsA Gooding S. (2007) Second-order
analysis of inhomogeneous spatial point processexcase—control dat&iometrics 63,
550-557.

Dumais G., Ellison G., Glaeser E.L. (2002) Geogmamoncentration as a dynamic proceBkse
Review of Economics and Statistigd, 193—-204.

Duranton G., Overman H.G. (2005) Testing for Iaatiion using micro-geographic daReview of
Economic Studieg2, 1077-1106.

Glaeser E., Kallal H., Scheinkman J., Schleifer(2092) Growth of cities,Journal of Political
Economy 100, 1126-52.

Henderson J.V. (2003) Marshall’'s scale economiesirnal of Urban Economics3, 1, 1-28,
January.

Keeble D., Wilkinson F. (200@¢)igh-Technology Clusters, Networking and Collectiearning in
Europe Ashgate, Aldershot.

Lambooy J.G., Van Oort F.G. (2005) Agglomerationequilibrium?, in S. Brakman and H.
Garretsen (edsDocation and competitigrRoutledge, London, 60-80.

Lewis P.A.W., Shedler G.S. (1979) Simulation of fmmmogeneous Poisson processes by thinning,
Naval Research Logistics QuarterB6, 403—413

Magee, L. (1998) Nonlocal Behavior in PolynomialgRessionsThe American Statisticiarb2, 1,
20-22.

Marcon E., Puech F. (2003) Evaluating the geogmapbncentration of industries using distance-
based methoddpurnal of Economic Geograph$, 409-428.

Marcon E., Puech F. (2009) Measures of the geograggncentration of industries: improving
distance-based methodsurnal of Economic Geographgioi: 10.1093/jeg/lbp056.

Mgller J., Waagepetersen R.P. (2007) Modern staistor spatial point processes (with
discussion)Scandinavian Journal of Statistjc34, 643—711.

Nonaka |., Takeuchi H. (1995yhe Knowledge-Creating Compan@xford University Press,
Oxford.

Polanyi M. (1966)The Tacit DimensigrRoutledge, London.

Porter M.E. (1998) Clusters and the new economicompetitivenessHarvard Business Review
December, 77-90.

Rallet A., Torre A. (1999) Is geographical proxiynitecessary in the innovation networks in the era
of global economy?GeoJournal 49, 4, 373-380.

Ripley B.D. (1976) The second-order analysis ofi@tary point processespurnal of Applied
Probability, 13, 255-266.

Ripley B.D. (1977)Modelling Spatial Patterngwith discussion),Journal of the Royal Statistical
Society B, 39, 172-212.

Saxenian A. (1994Regional Advantage: Culture and Competition in 8iti¢/alley and Route 128
Harvard University Press, Cambridge, MA.

Storper M. (1997The regional world: territorial development in aoflal economyGuilford Press,
New York.

Storper M. (2002) Institutions of the learning eocmy, in M. Gertler and D. Wolfe (eds.)
Innovation and social learning: institutional adam in an eraof technological change
Palgrave, Basingstoke.

Storper M., Venables A.J. (2003) Buzz: face-to-facatact and the urban econondgpurnal of
Economic Geographw, 4, 351-370.

Strauss D., lkeda M. (1990) Pseudolikelihood edimnafor social networksJournal of the
American Statistical Associatip85, 204—-212.

-10 -



Van Oort F.G. (2004Yrban Growth and InnovatiarAnalysis of spatially bounded externalities in
the NetherlandsAshgate, Aldershot.

Yeung H.W., Coe N., Kelly P. (2007&conomic geography. Introduction to contemporary,
Blackwell Publishing.

-11 -






Elenco dei papers del Dipartimento di Economia
pubblicati negli ultimi due anni

2008.1 A Monte Carlo EM Algorithm for the Estimation of a Logistic Auto-
logistic Model with Missing Data, by Marco Bee and Giuseppe Espa.

2008.2 Adaptive microfoundations for emergent macroeconomics, Edoardo
Gaffeo, Domenico Delli Gatti, Saul Desiderio, Mauro Gallegati.

2008.3 A look at the relationship between industrial dynamics and aggregate
fluctuations, Domenico Delli Gatti, Edoardo Gaffeo, Mauro Gallegati.

2008.4 Demand Distribution Dynamics in Creative Industries: the Market
for Books in Italy, Edoardo Gaffeo, Antonello E. Scorcu, Laura Vici.

2008.5 On the mean/variance relationship of the firm size distribution:
evidence and some theory, Edoardo Gaffeo, Corrado di Guilmi, Mauro
Gallegati, Alberto Russo.

2008.6 Uncomputability and Undecidability in Economic Theory, K. Vela
Velupillai.

2008.7 The Mathematization of Macroeconomics: A Recursive Revolution,
K. Vela Velupillai.

2008.8 Natural disturbances and natural hazards in mountain forests: a
framework for the economic valuation, Sandra Notaro, Alessandro Paletto

2008.9 Does forest damage have an economic impact? A case study from the
Italian Alps, Sandra Notaro, Alessandro Paletto, Roberta Raffaelli.

2008.10 Compliance by believing: an experimental exploration on social
norms and impartial agreements, Marco Faillo, Stefania Ottone, Lorenzo
Sacconi.

2008.11 You Won the Battle. What about the War? A Model of Competition
between Proprietary and Open Source Software, Riccardo Leoncini,
Francesco Rentocchini, Giuseppe Vittucci Marzetti.

2008.12 Minsky’s Upward Instability: the Not-Too-Keynesian Optimism of
a Financial Cassandra, Elisabetta De Antoni.

2008.13 A theoretical analysis of the relationship between social capital and
corporate social responsibility: concepts and definitions, Lorenzo Sacconi,
Giacomo Degli Antoni.

2008.14 Conformity, Reciprocity and the Sense of Justice. How Social
Contract-based Preferences and Beliefs Explain Norm Compliance: the
Experimental Evidence, Lorenzo Sacconi, Marco Faillo.



2008.15 The macroeconomics of imperfect capital markets. Whither saving-
investment imbalances? Roberto Tamborini

2008.16 Financial Constraints and Firm Export Behavior, Flora Bellone,
Patrick Musso, Lionel Nesta and Stefano Schiavo

2008.17 Why do frms invest abroad? An analysis of the motives underlying
Foreign Direct Investments Financial Constraints and Firm Export
Behavior, Chiara Franco, Francesco Rentocchini and Giuseppe Vittucci
Marzetti

2008.18 CSR as Contractarian Model of Multi-Stakeholder Corporate
Governance and the Game-Theory of its Implementation, Lorenzo Sacconi

2008.19 Managing Agricultural Price Risk in Developing Countries, Julie
Dana and Christopher L. Gilbert

2008.20 Commodity Speculation and Commodity Investment, Christopher
L. Gilbert

2008.21 Inspection games with long-run inspectors, Luciano Andreozzi

2008.22 Property Rights and Investments: An Evolutionary Approach,
Luciano Andreozzi

2008.23 How to Understand High Food Price, Christopher L. Gilbert

2008.24 Trade-imbalances networks and exchange rate adjustments: The
paradox of a new Plaza, Andrea Fracasso and Stefano Schiavo

2008.25 The process of Convergence Towards the Euro for the VISEGRAD
— 4 Countries, Giuliana Passamani

2009.1 Income Shocks, Coping Strategies, and Consumption Smoothing. An
Application to Indonesian Data, Gabriella Berloffa and Francesca
Modena

2009.2 Clusters of firms in space and time, Giuseppe Arbia, Giuseppe
Espa, Diego Giuliani e Andrea Mazzitelli

2009.3 A note on maximum likelihood estimation of a Pareto mixture,
Marco Bee, Roberto Benedetti e Giuseppe Espa

2009.4 Job performance and job satisfaction: an integrated survey, Maurizio
Pugno e Sara Depedri

2009.5 The evolution of the Sino-American co-dependency: modeling a
regime switch in a growth setting, Luigi Bonatti e Andrea Fracasso

2009.6 The Two Triangles: What did Wicksell and Keynes know about
macroeconomics that modern economists do mnot (consider)? Ronny
Mazzocchi, Roberto Tamborini e Hans-Michael Trautwein



2009.7 Mobility Systems and Economic Growth: a Theoretical Analysis of
the Long-Term Effects of Alternative Transportation Policies, Luigi Bonatti
e Emanuele Campiglio

2009.8 Money and finance: The heterodox views of R. Clower, A.
Leijonhufoud and H. Minsky, Elisabetta de Antoni

2009.9 Development and economic growth: the effectiveness of traditional
policies, Gabriella Berloffa, Giuseppe Folloni e Ilaria Schnyder

2009.10 Management of hail risk: insurance or anti-hail nets?, Luciano
Pilati, Vasco Boatto

2010.1 Monetary policy through the "credit-cost channel". Italy and
Germany pre- and post-EMU, Giuliana Passamani, Roberto Tamborini

2010.2 Has food price volatility risen? Chrisopher L. Gilbert and C. Wyn
Morgan

2010.3  Simulating copula-based distributions and estimating tail
probabilities by means of Adaptive Importance Sampling, Marco Bee

2010.4 The China-US co-dependency and the elusive costs of growth
rebalancing, Luigi Bonatti and Andrea Fracasso

2010.5 The Structure and Growth of International Trade, Massimo
Riccaboni and Stefano Schiavo

2010.6 The Future of the Sino-American co-Dependency, Luigi Bonatti and
Andrea Fracasso

2010.7 Anomalies in Economics and Finance, Christopher L. Gilbert

2010.8 Trust is bound to emerge (In the repeated Trust Game), Luciano
Andreozzi

2010.9 Dynamic VaR models and the Peaks over Threshold method for
market risk measurement: an empirical investigation during a financial
crisis, Marco Bee e Fabrizio Miorelli

2010.10 Creativity in work settings and inclusive governance: Survey based
findings from Italy, Silvia Sacchetti, Roger Sugden e Ermanno Tortia

2010.11 Food Prices in Six Developing Countries and the Grains Price Spike,
Christopher L. Gilbert

2010.12 Weighting Ripley’s K-function to account for the firm dimension in
the analysis of spatial concentration, Giuseppe Espa, Diego Giuliani,
Giuseppe Arbia



2010.13 I Would if 1 Could: Precarious Employment and Childbearing
Intentions in Italy, Francesca Modena e Fabio Sabatini

2010.14 Measuring industrial agglomeration with inhomogeneous K-
function: the case of ICT firms in Milan (Italy), Giuseppe Espa, Giuseppe
Arbia e Diego Giuliani






The Discussion Paper series provides a means for
circulating preliminary research results by staff of or
visitors to the Department. Its purpose is to stimulate
discussion prior to the publication of papers.

Requests for copies of Discussion Papers and address changes should be sent to:
Dott. Luciano Andreozzi

e-mail: luciano.andreozzi@unitn.it

Department of Economics

University of Trento

via Inama, 5 - 38122 Trento (IT)




