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Abstract. In the present article we propose a spatial micro econometric approach
for studying the geographical concentration of economic activities. We analyse
the incentives to use this approach rather than the traditional one based on re-
gional aggregates. As an example, we present our prototypical theoretic model
– to be seen as a continuous space version of Krugman’s concentration model
– that includes birth, survival and growth components. We present a numerical
estimation of the birth model for a set of data referring to the concentration of
the manufacturing industries in the San Marino Republic.
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1 Introduction

Until relatively recently, location and physical geography characteristics have
been regarded as irrelevant factors in many economic theoretical studies. Most
economists have behaved as if all economic agents are concentrated in one sin-
gle, dimensionless point in space, and as if transportation and communication
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costs are zero. Such topics as spatial location, interaction between agents, spa-
tial pricing, etc., have typically been left to a small group of scholars (regional
economists), and considered as unimportant from a macro-dynamic point of view.

However, this scenario is rapidly changing, and the rise of the so-called “new
economic geography” has radically changed many economists’ perspectives. An
increasing number of economists now often recognise that “physical location and
geographical spill over matters more than macro factors” (Quah 1996a). Analysis
of disaggregate spatial dynamics offers significant insights for analysts interested
in the macro behaviour of economies.

Examples abound in the debate on the concentration of economic activity
and economic integration (Krugman and Venables 1996; Arbia 2000), the litera-
ture on R&D concentration (Smulders and Van de Klundert 1995), the work on
regional convergence (Barro and Sala-i-Martin 1992; Quah 1993, 1996a,b; Sala-
i-Martin 1990, 1994, 1996), and on the dynamics of regional labour markets at
the continental level (Decressu and Fatas 1995).

A sound statistical methodology for spatial analysis is necessary to answer
the many questions posed by the new economic geography. Indeed, spatial data
cannot be understood as being generated by the classical urn model; on the
contrary, they are more likely to display a certain degree of dependency. In
addition to this, the geographical partitions are not just divinely given, but must
also be subjectively chosen in any practical circumstance.

Methods for analysing spatial (and space-time) data have already been well-
developed by statisticians (Haining 1990; Cressie 1991) and econometricians
(Anselin 1988; Anselin and Florax 1995; Anselin and Bera 1998). For exam-
ples of applications in economics see, among the others, Kelejian and Robinson
(1993), Haining (1994), Arbia and Espa (1996), Rey and Montouri (1999) and
Conley (1999).

Furthermore, the availability of statistical data at the individual agent level has
increased dramatically in recent years, due to the diffusion of spatially referenced
administrative records in tandem with many GIS technologies able to analyse
them (Arbia 1993). Consequently, the possibility of analysing statistical data
with reference to their actual location has increased enormously. The time seems
to have come for a sound statistical approach to spatial economic data.

We argue strongly here in favour of a microeconomic approach to spatial
analysis – as opposed to the traditional approach based on regional aggregates,
which we will henceforth refer to as a mesoeconomic approach. We review
in Sect. 2 some of the known inconsistencies and problems deriving from the
use of mesoeconomic data and examine the advantages of using micro data
to explain spatial economic behaviour. As an example of a micro-economic
approach to regional problems, we introduce an explanatory model in Sect. 3.
The geographical concentration of economic activities is defined in terms of the
density of a non-stationary point process on a continuous space, and further on
in Sect. 4 we illustrate the model with a numerical example based on real data.
We provide tentative conclusions in Sect. 5.
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2 Towards a continuous space approach to regional economic problems

The path-breaking lectures of Paul Krugman at Leuven University (Krugman,
1991a) stimulated interest in the so-called “new economic geography” by reveal-
ing links between the two previously unrelated fields of international economics
and economic geography. Statistical evidence of the geographical concentration
pattern of many industries in the US, based on the computation of Gini locational
coefficients, is the basis of the Krugman model. In parallel with Krugman’s model
of regional concentration, we find that most of the literature on regional conver-
gence is also based on measures of regional disparities (such as inter-regional
variance, the so-calledσ-convergence; see Barro and Sala-i-Martin 1992; Sala-
i-Martin 1990, 1996). Since much of the literature in the field is grounded on
measures of disparity between regions, before proceeding any further, we will
discuss the meaning of a measure of geographical variability based on regional
data.

When we measure spatial variability using regional data a number of problems
arise. The first is what in statistics is known as the “Modifiable Areal Unit
Problem” (henceforth referred to as the MAUP), which refers to the arbitrariness
of the geographical partition used. The problem has long been recognised by
statisticians who have produced abundant studies on the MAUP effects on the
various statistical measures (see Gehlke and Biehl 1934; Yule and Kendall 1950;
Openshaw 1981; Amrhein 1995; Wong and Amrhein, 1996). An anthology of
paradoxical examples and formal results can be found in Arbia (1989).

The arbitrariness of geographical boundaries gives rise to two different mani-
festations, namely aggregation and scale.1 Let us consider the examples reported
in Fig. 1. Figure 1a presents an obvious situation of a strong geographic concen-
tration at the centre of the study area. Suppose we want to measure the concen-
tration by regional aggregates, and that we superimpose – or use a previously
defined – grid of quadrats, as in Fig. 1b. In this situation any concentration mea-
sure would identify the absence of concentration. However, if we use the same
grid, but we shift the origin in the northwest direction as in Fig. 1c, we would
reach the opposite conclusion, since any concentration index would identify a
maximum level of concentration. Herein is the description of the aggregation
problem.

Conversely, if we examine the case where we superimpose a finer grid of
quadrats (one-fourth the size of the previous one) onto the same set of data, a
concentration index will take a value that is intermediate between case 1b and
case 1c. Here is the description of the scale problem.

We can easily imagine that the situation is even worse in real cases, where
the spatial units are irregular in size and shape, thus yielding an even higher
degree of arbitrariness.

This example makes patent that, by observing any geographical distribution
through regional aggregates, we are in fact observing two separate phenomena

1 The termscale is used here in accordance with Openshaw and Taylor (1979) and Arbia (1989).
The termresolution is sometimes used as a synonym.
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Fig. 1a–d. A continuous space distribution of firms (a) and three discretised versions of it. Figures
(b) and (c) illustrate theaggregation problem. Figures (b) and (d) illustrate thescale problem. Each
asterisk represents a firm

which are matched in an unpredictable way with regard to: i) the actual distribu-
tion of objects in the space, and ii) the partitioning considered. Thus the regional
distributions are artefacts with no substantive meaning; this problem is not pecu-
liar to spatial data and we encounter it when we aggregate time series data, (e.g.,
from monthly to annual), or in general when we group statistical observations
into class intervals. As a matter of fact, any statistical measure based on spatial
aggregates is sensitive to the scale and aggregation problems.

Arbia (1989) shows that the distortions due to scale and aggregation are min-
imised (but never eliminated) under some very restrictive conditions involving
the identity of the sub-areas considered (in terms of size, shape and neighbouring
structure), and the absence of spatial interdependence. Such conditions are never
realised in economic geography – where data are observed within administrative
regions that are unequal in size, shape and neighbourhood – and where, typically,
neighbouring regions usually resemble each other more than regions that are far
apart (the essence of Tobler’s “First Law of Geography”; see Tobler 1970). Arbia
(1989) in particular demonstrates analytically that by aggregating spatial units
we observe a general decrease of variance and an increase of the correlation
between pairs of variables (the so-called “Second Law of Geography”; see Arbia
et al. 1996).

Therefore, conclusions based onβ-convergence measures (Sala-i-Martin,
1990, 1996) for example, are not absolute, but are instead only relative to the
particular administrative partition used; they could be very different if another
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partition is used. Furthermore, any attempt to measure spatial concentration is
doomed to produce non-unique results (Arbia 2000).

Why should we not simply remove the boundaries, and proceed to analyse the
economy on a continuous space? Economists often see that economic activities
locate on a continuous space and that “there is no particular reason to think that
national boundaries define a relevant region” (Krugman 1991a,b). So why should
a regional boundary define a relevant region?

We are not saying here that boundaries should be altogether ignored, but
only that we need to distinguish between the meanings of boundaries in different
situations. In some instances boundaries can be classified as significant borders,
that is, as places where the economic conditions change abruptly because of
some change for example, in the tax system, or in transport costs. In other
instances we can speak of irrelevant borders, where nothing actually happens
from an economic standpoint. In such instances it definitely becomes reasonable
to incorporate information on significant boundaries into an explanatory model
(as we shall see later). But in the meantime at this early stage of an exploratory
analysis we can simply ignore both kinds of boundaries. By starting from these
considerations, we think that the shift of emphasis from a meso- to a micro-level
is likely to bear interesting fruit.

Krugman (1991a) has remarked that “If we want to understand differences in
national growth rate, a good place to start is by examining differences in regional
growth”. Here we assert that a good way to understand regional economics is
to begin by examining the micro behaviour of economic agents in the space
economy, and so explore the micro foundations of regional economics. After a
model has been identified at the micro spatial level, we can certainly superimpose
an administrative grid and examine the implied meso-scenario.

In fact, phenomena in nature are encountered on a continuous space and are
developed over continuous time; it is only our limitations that push us to discretise
phenomena in some way (and subsequently distort it by reducing the quantity of
information). Apart from the motivations given in the previous sections, a more
remote incentive to study the continuous properties of economic phenomena
dates back to Leibnitz and his famous quote: “Natura non facit saltus” (Leibnitz,
1703). The same general idea has been adopted in time series analysis with
the development of continuous time econometrics, and is providing significant
contributions to many branches of economics (on the subject, see Gandolfo 1990;
Bergstrom 1990).

The idea of continuous space modelling is not new in economic geography
and spatial economics; it was already present in the studies of Weber on industrial
location at the beginning of the twentieth century (Weber, 1909). More recently
Beckmann (1970) and Beckmann and Puu (1995) analyse equilibrium condi-
tions of models defined on a continuous space. Griffith (1986) discusses a spatial
demand curve based on a central place economic landscape defined on a contin-
uous surface. Kaashoek and Paelinck (1994, 1996, 1998) derive the properties of
a non-equilibrium dynamic path of continuous space economic variables based
on partial differential equation theory (John 1978; Toda 1989). However, these
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studies are all concerned with the theoretical properties of models, whereas we
are interested to identify models susceptible to statistical estimation and testing
on the basis of existing data.

There are many reasons why such an approach has not been adopted thus
far. The most obvious are lack of an appropriate statistical methodology, lack
of accurate data (often not available for confidentiality reasons), and lack of
appropriate computer technologies. However, the methods for analysing spatial
data on a continuous space now form a well-consolidated methodological body
(Cressie 1991; Diggle 1983; Arbia and Espa 1996), even though not all the
inconsistencies with the discrete counter-part have yet been removed (see Arbia
1992; Rozanov 1993; Cressie 1996). The availability of statistical data at the
individual agent level has also increased considerably in recent times, due to the
diffusion of spatially-referenced administrative records, and the development of
methods to conceal confidential data without seriously distorting the statistical
information (see Cox 1980; Duncan and Lambert 1986; De Waal and Willenborg
1994; Willenborg and De Waal 1996)

Finally, the possibility of an automated statistical analysis at surprisingly
numerous levels of disaggregation has also increased dramatically due to the
introduction of the modern GIS technologies.2 Therefore, there no longer appear
to be any technical obstacles in a microeconomic approach to regional problems.
We will formalise such an approach in the next section.

3 A continuous space version of Krugman’s concentration model

3.1 Generalities

In this section we will introduce a class of testable models to help explain the
concentration of firms in space. The formalism is taken from Arbia (1996) and
derives from a model proposed by Rathbun and Cressie (1994) for the spatial
diffusion of vegetation. Our modelling framework also shares a particular resem-
blance with the methodology employed by Van Wissen (2000) to simulate the
dynamics of firm demography in the space. However, even if the set-up of the
model is similar, we must emphasise that in Van Wissen’s approach (as in other
recent works on firm demography, see Bade and Nerlinger 2000; Van Dijk and
Pellenbar 2000), the aim is to model firm behaviour within regions. Our goal,
however, is to explain why a firm locates (develops and dies) at a certain point
in space, and thus be further enabled to tackle the MAUP and use proximity as
a predictor.

Generally speaking, spatial concentration of economic activities can be due
to two different reasons, which we shall keep separate in the modelling phase.

2 As in many other fields the concern on execution time is rapidly diminishing with the introduction
of new and faster processors. The execution time depends very much on the complexity of the spatial
system and on the nature of the model. However for reasonably regular spatial networks estimating
a model based on some hundred of thousands of spatially referenced individuals by using one of the
current generation computers does not take more than few hours.
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We can either have a high number of firms close to one another, or alternatively
have a small number of very large firms. Under a dynamic point of view, higher
concentration is realised either because new firms locate in the same area, or
because the existing firms grow. The distinction obviously becomes unnecessary
when we analyse data at a regional level, but it is indeed essential in our context.
We will therefore model separately abirth process for the new firms and agrowth
process for existing firms.

3.2 A birth process

In order to introduce a birth process for the location of firms in a continuous
space, let us start by definingA as the study area,u = [u1, u2] (u1, u2 ∈ �), as
the spatial co-ordinates of the firms,N as the number of firms located inA, Di

(i = 1, . . . , N ) as the dimension ofi -th firm (as measured by e.g., number of
employees, gross product, or other), andδ(u) as a region in the neighbourhood
of the point with co-ordinatesu.

Let us further define the local density of the process (or intensity, see Diggle
1983; Rathbun and Cressie 1994) at pointu as:

λ(u) = lim
δ(u)→0

E[N (δ(u))]
δ(u)

(1)

representing the expected number of firms in the infinitesimal area.
If the process is stationary, thenλ(u) will be constant inA and we can en-

counter three different paradigmatic situations. They are the following: a) com-
plete spatial randomness; b) inhibition (i.e., firms are more dispersed than in the
random case); and c) concentration (i.e., firms are more concentrated than in the
random case; see Diggle 1983 and Arbia and Espa 1996 for examples.) The three
situations are obviously far too simple to describe real cases where, for a variety
of economic reasons, some places are more likely than others to host the location
of firms in an irregular pattern. A good way to model such a situation is to build
up a birth process for the firms in which the spatial intensity is non-stationary
across the economy and varies according to location.

In specifying a model for the birth process, we can assume that the location
of the firms in a past instance of time is given (thus incorporating Krugman’s
idea of “historical initial conditions”; see Krugman, 1991a), and the location of
new firms is the realisation of a non-stationary point process (Diggle 1983).

More explicitly, we can express the intensity of the process in the point of
co-ordinatesu as:

λ (u) = exp{β0 + β1d (u) + β2W (u) + β3X + β4R + Φ (u)} (2)

with β = {β0, β1, β2,β3,β4} as a vector of parameters to be estimated. High
λ(u) indicate a concentration of economic activity in the infinitesimal area cen-
tred in u. If we associate the corresponding estimated density to each point in
the area we monitor spatial concentration on a continuous space. In Equation
(2) d (u) indicates the distance of pointu from main roads, communication net-
works, and other significative points. This term incorporates the cost of shipping
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the raw materials from the origin to the production site and the final goods from
the production site to the market.W (u) is a term measuring the sign and the
intensity of the interaction between the firm located in pointu and the other ex-
isting firms and incorporates the idea of non-constant spatial returns. A particular
specification for theW (u) function is suggested in Arbia (1996). Furthermore, in
Equation (2)X represents a vector of independent variables assumed to be spa-
tially heterogeneous (such as demand or unitary transport costs), andR represents
a vector of exogenous regional policy instruments (such as local taxation, incen-
tives) that can stimulate (or depress) the concentration of economic activities in
the long-run.

Finally Φ(u) is the error term of the model assumed to be spatially stationary,
Gaussian and zero mean, but non-zero spatial correlations. Due to the nature of
the error term, the estimation of Equation (2) presents some problems that will
be discussed more thoroughly in Sect. 4 when we discuss a numerical application
of the model.

Equation (2) can be seen as a continuous space version of Krugman’s con-
centration model that avoids the problems associated with arbitrary geographical
partitions. The birth process can be supplemented with a death/survival process
to account for dynamics. In order to introduce dynamics in the model, let us
define the survivorship indicator at timet as:

Mi (t) =

{
1 if the i th firm survives at timet
0 otherwise

(3)

Let us also define the survival conditional probability at timet + 1 as:

Pi (t + 1, θ) = Prob{Mi (t + 1, θ) = 1|Mi (t , θ) = 1} (4)

We will assume that the survival at timet + 1 is a function of the dimension
of the firm at timet , of the competitive influence (positive or negative) with the
neighbouring firms, of the global growth of the sector (nation-wide or region-
wide), and of a set of explanatory variables and regional policy instruments.

When we apply the logistic transformation to the probabilityPi , we can
model it by using a spatial auto-logit model (Heagerty and Lele 1998) specified
as:

Logit[Pi (t + 1, θ)] = φi0 + φi1Di ,t + φi2Y ∗ + ϕi3X + ϕi4R + φi5Wt (ui) (5)

where, in addition to the previously introduced notation,ϕ = {φi0, φi1, φi2,ϕi3,
ϕi4, φi5} is a set of parameters to be estimated,Di ,t the dimension of thei -th firm
at timet , Y ∗ the global growth of the sector, andWt (ui ) a measure of the intensity
of interaction at timet of the i -th firm with its geographical neighbours. For a
specification ofWt (ui ), see Arbia (1996). For a meso-level analogue of Equation
(5), see Van Wissen (2000). Equation (5) represents a space-time auto-logistic
model (Cox, 1970; Rathbun and Cressie 1994), and could be estimated using the
standard Maximum Likelihood procedure.
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3.3 A growth process

The birth and death/survival models account for the mere absence/presence of
firms in space, but as we have mentioned above, there is a second source of
spatial concentration in the growth process of existing firms.

To describe a growth process, we can divide theNt existing firms at timet in
K dimensional classes. We further defineuik as the co-ordinates of thei -th firm
belonging to the dimensional classk (k = 1, . . . , K ). We expand on the firstmk

(i = 1, . . . , mk ) firms of dimensional classk as surviving at time (t + 1), and the
remainingnk −mk firms (i = mk+1, . . . , nk ) as ceasing their activity in the interval
(t , t + 1). Furthermore, letDik ,t be the dimension of thei -th firm belonging to
the dimensional classk at time t , and letYik ,t be a measure of the growth of the
i -th firm belonging to the dimensional classk between timet and timet + 1. For
instance, we can assumeYik ,t = (Dik ,t+1 − Dik ,t )/Dik ,t , but other definitions are
possible.

The proposed model describes the spatial growthYik ,t as a function of the
stage of development of the firm, of its exposure to external sectoral shocks,
of the non-constant returns (positive or negative) deriving from being in close
proximity to other existing firms, and of a set of explanatory variables.

More formally we have:

Yik ,t = αi0 + αi1Dik ,t + αi2Y ∗ + αi3X + αi4R +
K∑

j=1

γij Wtj (uik) + εik (6)

where, in addition to the previous notation,α = [αi0, αi1, αi2,αi3,αi4, γi1, . . . ,
γik ] is a set of parameters to be estimated,Wjt (uik ) is a measure of the intensity
of interaction of firmi belonging to the dimensional classk with its geographical
neighbours belonging to the dimensional classj , and theεik ’s are independently
and normally distributed noises with zero mean and finite variance. Given these
assumptions, the estimation of Equation (6) presents no statistical problem and
can be performed by using the Ordinary Least Squares (OLS) estimators.

4 An empirical example of birth process modelling: The geographical
concentration of manufacturing industries in the San Marino Republic

For illustrative purposes, we will now present an application of the birth model
(2) to a set of empirical data. Our data refer to the location of manufacturing
industries in the Republic of San Marino. We chose this data set for a number
of reasons.

First, due to the small dimension of San Marino, data on economic activity
are very rich, both in terms of the number of variables surveyed and in terms of
the time frequency. In fact, complete census-type data on economic activity are
updated continuously for San Marino and published yearly by the local Statistical
Office. The data set contains such information on the firms as address, sector of
activity, and typology of the main product. The main data set can also easily
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Fig. 2. Location of the 298 manufacturing industries of the San Marino Republic on 1 January 1996
(indicated bydots), of the 18 firms born during 1995 (indicated by the+ sign), and path of the main
roads. The map is oriented with the top to the north. Themarkers in the horizontal and vertical axes
are approximately every 830 meters

be linked to other official databases containing such variables as employees,
production, and many others. This richness of information is not fully exploited
here, since we restrict ourselves to the birth model in the estimation process.
However, they can prove invaluable in future extensions of this work.

Secondly, even if the data refer to a very small region of the world (of ap-
proximately 61.19 square kilometres), they fully describe an area that constitutes
an autonomous region with its own peculiar characteristics in terms of laws, tax
regulation and political institutions.

Finally, the area has a good road system and is not impeded by any physical
obstacle to industrial settlements.

Figure 2 shows the location of 298 manufacturing industries present on 1
January 1996 (Statistical Office 1996). Eighteen of these firms, born in 1995,
are displayed with a “+” in the same graph. Figure 2 also shows the path of
the main roads that cross San Marino. There is clear evidence of agglomeration
between firms, in the neighbourhood of the main roads, and in proximity of the
main border with Italy (the top-right corner of the map).
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In the numerical example reported here we consider a simplified version of
Krugman’s spatially continuous model (2), in which the intensity of the new
firms depends only on the distance from the main roads, and on the interaction
with previously existing firms. For the peculiarity of the San Marino Republic, it
is reasonable to neglect the spatial variability of transport costs, of the demand
for goods, and of regional policy measures. Hence we can express the spatial
intensity of new firms,λ (u), as:

λ (u) = exp{β0 + β1d (u) + β2W (u) + Φ (u)},

whered (u) indicates the distance in meters of each point of coordinatesu from
the closest road. For the interaction termW (u) we consider the particular speci-
fication suggested in Arbia (1996). In particular we assume:

W (u) =

{ ∑
i exp[−ri (u)] if ri (u) ≤ 3 kilometers

0 otherwise
(7)

where the indexi = 1, . . . , 280 andri (u) represents the distance between the firm
of co-ordinatesu born during 1995 and thei -th firm already existing at the begin-
ning of the same year. Interaction is restricted to firms falling within a circle with
a 3-kilometres radius. The theoretical maximum distance in the area (that is, the
diagonal of the rectangular region in Fig. 2), is about 8 kilometres. The error term
Φ(u) is initially assumed to be continuous-space stationary, Gaussian and with a
zero mean. For estimation purposes it is subsequently discretised onto a regular
grid of 200-by-200 squares (sayΦ(uij ), i = 1, . . . , 200; j = 1, . . . , 200) and it

is assumed conditionally Gaussian withE (Φ(uij |neighbours) =γ
∑

i

∑
j

wij Φ(uij )

(with wij = 1 if the i -th and j -th squares are neighbours in the grid and zero
otherwise), and Var(Φ(uij |neighbours)) =τ2.

Because the error term is unobservable, we use the modification of the EM
algorithm for our estimation (Dempster et al. 1977) – proposed by Rathbun and
Cressie (1994) – using the Gibbs sampler in theE step to compute the expected
value of the conditional distributions, and the Newton-Raphson algorithm to find
the maximum in theM step. Both theE and M steps were run using ad hoc
routines. We obtain the following model:

λ (u) = exp

{
12.02
(0.744)

− 2.602
(0.002)

d (u) + 0.127
(0.012)

W (u)

}
,

where the figures into brackets refer to the standard errors of estimates.
The proportionality constant of the model was estimated byβ̂0 = 12.02 to

which we cannot attach any substantive meaning. The negative value displayed
by β̂1 indicates a negative relationship between the distance from the main roads
and the probability of a new location of firms. This result is in accordance
with theoretical expectations, due to the ease of access and shipment of raw
materials and manufacturing goods. Conversely, the positive value ofβ̂2 indicates
a positive interaction between new firm location and the location of previously
existing firms. The probability of location of new firms is therefore higher in
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the neighbourhood of existing firms, thus reflecting the action of positive spatial
externalities typical of many economic geographic situations (Griffith 1999). The
standard deviations are generally small if compared with the absolute value of
the point estimates. The accuracy of the fit of the model could only be assessed
with a Monte Carlo test. We used a procedure based on the visual inspection of
the empiricalK function (Ripley, 1977) of the observed points contrasted with
the 99% bands derived from 500 simulations of the estimated model (see Arbia
and Espa 1996). At all the distances ranging from 0 to 8 kilometres (sampled any
500 meters), the empiricalK function lies between the bands. We interpret this
as an indication to accept the estimated model as a good description of reality.

5 Conclusions

Spatial statistical methods in economic analysis have long been comparable to the
six Pirandellian characters in search of an author (Pirandello, 1921): they knew
what to do, but they did not know why they had to do it. The “New Economic
Geography”, initiated by the seminal Krugman lectures (Krugman, 1991a), pro-
vides a theoretical framework for a spatial analysis of economic data to address
issues such as regional convergence, concentration of economic activities and
adjustment dynamics.

We have discussed the weaknesses of an approach based on regional data and
we strongly argue in favour of an approach based on micro-economic data. We
formalise a prototype spatial micro-economic model describing the birth, survival
and growth of firms on a continuous surface. We illustrate our model by means
of a numerical example based on the geographical distribution of manufacturing
firms in the San Marino Republic. Models developed along these lines can prove
to be very helpful in identify the determinants of a geographical concentration
of economic activities, in the monitoring of spatial firm demography, and in the
testing of effects of regional policies without incurring the problems associated
with arbitrary geographical boundaries.
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