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Abstract The potential offered by the increasing availability of micro-geographic data
is tremendous and still largely not exploited. In this paper, we propose a new methodol-
ogy to study the spatial dynamics of firm demography making use of such rich source
of information. Exploiting the techniques of stochastic spatial point processes (Diggle,
Statistical analysis of spatial point patterns, 2003), it is indeed possible to model the
firm birth, growth and death explaining the behavior of the individual economic agent.
We consider the spatial distribution of the economic activities as the result of a dynamic
process occurring in space and time, and we model the micro-spatial patterns as single
realizations of marked space time survival point processes (Rathbun and Cressie, J
Am Stat Assoc 89:1164-1174, 1994). Within such a methodological framework firms
are created at some random location and some point of time and then operate, grow,
and attract (or repulse) the localization of other firms in their neighborhood. The pro-
posed model is fitted to some empirical data on firms’ locations sourced from the
ASIA harmonised archive of the Italian National Institute of Statistics. The empirical
analysis reveals the presence of local competition behavior in firm creation among
small retail food stores, thus shedding light on the phenomena of firm demography.
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1 Introduction

The current state-of-the-art in the study of firm demography includes a vast variety of
contributions and empirical methodologies mainly for data aggregated at a macro or
meso territorial levels, in which the typical observations consist of administrative units
such as regions, counties or municipalities. In this field, it is well known that the dis-
tribution of firms is spatially uneven, and that policies to promote new firm formation
should take spatial location and spatial proximity into account due to the presence of
neighborhood and spatial contagion effects (see e.g., Storey 1984, 1985). The emphasis
of the studies in the fields, however, has changed dramatically in the last decades. From
amere attempt to explain regional variations in new firm formation using mostly unso-
phisticated statistical tools (Reynolds et al. 1994), more recently studies have shifted
towards the use of more sophisticated time series and cross/sectional techniques aim-
ing at clarifying the role of entrepreneurship in the process of new firm formation and
of their spatial diffusion (see e.g., Zoltan and Storey 2004; Audretsch and Keilbach
2004; Arauzo et al. 2010).

In this stream of studies, as said, the typical observation is represented by a region
(however defined), while comparatively less attention has been devoted to the devel-
opment of a systematic approach to the analysis of micro-territorial data where the
observations are represented by the locations of each single firm. Indeed, this fact has
strongly limited the possibility of obtaining robust evidences about new firm formation
and firm survival phenomena in two respects. First of all, geographically aggregated
data (such as regional firm birth and death rates) are based on an arbitrary definition
of the spatial units and, as a consequence, they introduce a statistical bias arising from
the discretional characterization of space adopted (the so-called modifiable areal unit
problem, or MAUP, bias. See Arbia 1989). Secondly, most theoretical models of firm
demography speculate on the individual behavior of the economic agents (see Hopen-
hayn 1992; Krueger 2003; Lazear 2005 among others). This implies that empirical
methods based on regional aggregates can provide proper evidence to the theoretical
models only under the restrictive, and most of the time unrealistic, assumption of
homogeneity of firm’s behavior within the regions. In the few remarkable cases where
a genuine micro approach was adopted, the results confirm the relevance of neigh-
borhood effects that reveal interesting scenarios for future researches. For instance,
Igami (2011) shows that the entry of a large supermarket in one area increases the
chance of exit of larger stores in the neighborhood, but increases the probability of
survival of smaller incumbents. Analyzing a set of data collected in the food retailing
sector, Borraz et al. (2013) show that the entry of a supermarket in the neighborhood
of a small store significantly increases the probability of the small store to go out of
business in the same year.

Considering the plausible scenario that geocoded information on individual pro-
ductive plants will become more and more available in the near future, this article is
devoted to the proposal of a new approach to the analysis of the spatial dynamics of
firm demography based on micro-geographic data. Indeed, exploiting stochastic point
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processes theory (Diggle 2003), we show that it is possible to uncover some aspects of
firm demography and model the links of spatial interactions among the individual eco-
nomic agents. In this way, by treating the spatial distribution of the economic activities
as the result of a dynamic process occurring in space and time, the observed micro-
geographic patterns can be modeled as realizations of a marked space time survival
point processes (Rathbun and Cressie 1994), where firms are created at some random
location and at some point in time and then operate, grow, and attract (or repulse) other
firms in their neighborhood. Following the reductionist approach proposed by Rathbun
and Cressie (1994) and already exploited in Arbia (2001), we formalize three differ-
ent model components, namely a birth model, a growth model, and a death/survival
model. The estimated model parameters provide useful indications to validate the
different paradigmatic economic-theoretical cases like, e.g., the presence of spatial
spillover effects, the effects of positive spatial externalities, or hypotheses concerning
the spatial inhibition processes among economic agents. As a case study, we apply the
proposed methodology to the observed spatial distribution of small retail food stores
located in the city of Trento, Italy.

The paper is divided into six sections. In particular, in Sect. 2, we will describe
the data that will form the basis of our case study. Section 3 will be devoted to the
specification and estimation of a model of birth of new firms, whereas Sects. 4 and
5 will contain, respectively, a discussion of the model of growth and survival of the
existing firms. Finally, Sect. 6 contains some conclusions and priorities for further
research in the field.

2 Data description

In the past, most of the studies on firm demography were based on data on firm
location aggregated at the level of geographical partitions such as regions, counties or
countries. The scenario, however, is rapidly changing and the accessibility to micro
geographical data related to the single economic agents is becoming more and more
common in many applied studies. In particular, when dealing with firm demography,
many existing official databases are enriched with detailed information related to the
single firm including its geographical coordinates and a set of relevant variables such
as production, capital and labor inputs, level of technology, and many others. A good
example of such an informative database is represented by the Statistical Register of
Active Enterprises (ASIA), managed and updated by the Italian Statistical Institute
(ISTAT). At a firm level, this database currently contains, for the period 2004-2009,
information about firm code, tax code, business name, sector of activity (according
to the Nace classification), number of firm’s employees, legal status (according to
the current classification), class of sales, firm’s birth and (if applicable) termination
date. Drawn from such a rich database, the data employed in the case study analyzed
in the present paper refer to the geographical location and the number of employees
of small retail food stores and big supermarkets/hypermarkets!, also selling food

' The identification of these two kinds of economic activities has been made referring to the OECD/Eurostat
classification scheme (NACE Rev 2).
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Fig. 1 Spatial point patterns of the small retail food stores used to estimate, respectively, a the firm birth
process in the period 2004-2007, b the firm growth process in the period 2004-2007 and ¢ the firm survival
process in the period 2004-2007. Municipality of Trento, Italy

products, operating in the town of Trento (North of Italy) in the period 2004-2007.
The model consists of three basic components: a model describing the process of
birth of new firms, a model describing the process of growth of the existing firms,
and a model describing the survival of the existing firms after some years of their
creation. We conceive the three models as a way of describing different aspects of
the phenomenon. Consequently, (and consistently with Rathbun and Cressie 1994)
the three models are estimated separately and not simultaneously with no interaction
effects, thus eliminating possible problems of simultaneity that could potentially arise
in the estimation methods undermining their validity. More specifically, the case study
refers to the food stores in Trento, the birth component model will be fitted to the
observed spatial distribution of the 26 small retail food stores born after 2004 and
which were still active in 2007. Similarly, the growth component model will be fitted
to the observed spatial pattern of the 72 existing small retail food stores, which (born
in 2004 or before) were always active in the period from year 2004 and 2007. Finally,
the death/survival component process will be fitted to the 229 small retail food stores
which were born in 2004 or before and that survived at least until 2007, or ceased to
operate in some year during the period 2004-2007. The three point patterns relative,
respectively, to birth, growth, and survival, are represented in Fig. 1.

3 A spatial birth process
3.1 The birth model

In our methodological framework, the observed spatial point pattern of new small
food stores births is assumed to be the realization of a point process conditional on
the locations of existing small food stores and big supermarkets in that moment.
Our model aims at testing the hypothesis that big supermarkets inhibit the birth of
small food stores in the nearby locations while, due to the presence of positive spatial
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externalities, the presence of small food stores attracts the location of other small food
stores (see Igami 2011; Borraz et al. 2013).

In order to formalize our model, we rely on the spatial point process methodol-
ogy (Diggle 2003). Within this framework, a spatial point process is considered as a
stochastic mechanism that generates patterns of point on a planar map (such as those
depicted in Fig. 1). The basic characteristic of a spatial point process is the so-termed
intensity function, denoted with the symbol A(x), and formally defined as

A(x) = lim

dx =0

E [N (dx)]
e
where (in accordance with to the notation adopted in Diggle 2003), x is a generic point
of coordinates, say, X = (X1, X2), dx an infinitesimal portion of space containing point
X, dx its surface area, and N(dx) the number of points falling within dx . In this
setting, the intensity A(X) represents the expected number of points located within an
infinitesimal region centered at the generic point x. Thus, by definition, the higher
is A(x), the higher is the expected concentration of points around x (see Arbia et al.
2008).

Following the modeling framework originally proposed in a seminal paper by
Rathbun and Cressie (1994) and imported by Arbia (2001) in the field of regional
economics, the new firm formation process of the small food stores during period
2004-2007 is modeled as an inhomogeneous Poisson process (see Diggle 2003) with
intensity function A(x) driven by the potential interaction effects of the existing small
food stores and big supermarkets. The values of A(x) constitute a realization of a
random function parametrically specified by the following model:

A(x)=exp a  Pshss (X)  Poshbs (X)) Bunan (X)) Bafnar (x) (1)

where Bgs., Bbs, Bnh, and Bur are parameters to be estimated. The variables ngg(Xx) and
nps(Xx) measure the overall number of employees of the small food stores and, respec-
tively, of big supermarkets, existing from before 2005 which are located around the
arbitrary point Xx.

The two additional variables nyh(X) and nae(x) control for other factors that can
affect the spatial intensity of the new small food stores formation process. On one hand,
locational choices of firms, and in particular of retail activities, can strongly depend
on the potential market demand. As a proxy of the spatial distribution of potential
customers in the city of Trento we use the number of households by census tract in
2004, which is the finest level of spatial resolution. In order to properly include this
data in the modeling framework of Eq. (1) we constructed a marked point pattern where
the points are the centroids of the census tracts and the associated marks represent the
number of household per census tract (see Fig. 2). Then we could define the control
variable np,(x), which measures the number of households in 2004 that reside close
to the arbitrary point x.

On the other hand, the decision to start a new firm in a particular location is also
affected by the spatial characteristics of the territory (such as the urban structure, the
presence of useful infrastructures or the environmental, and administrative limits). To
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Fig. 2 Number of households by census tract in 2004 in the city of Trento: a as a census tracts map of the
quartile distribution and b as a marked point pattern

control for these unidentified sources of spatial heterogeneity, we included variable
n,r(x), which is constructed as the overall number of employees of all firms of all
industries, operating from before 2005, located around the generic point x. The use of
this specific control variable is motivated by the assumption that the main unobserved
exogenous spatial factors affecting the locational choices of firms are common for all
the economic agents.

The model is based on the working assumption that the locations of incumbent
economic agents operating before 2005 are exogenously given. As already remarked
by Arbia (2001), this hypothesis is consistent with Krugman’s idea of “historical initial
conditions” (Krugman 1991).

The logarithmic transformation allows to fit the model maximizing the log-
pseudolikelihood for A(x) (see Besag 1975) based on the points x constituting the
observed point pattern. According to the current state-of-the-art in the spatial sta-
tistics literature, the most efficient and versatile method of maximizing the log-
pseudolikelihood (thus obtaining unbiased estimates of the parameters) is the tech-
nique 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), maximum pseudolikelihood is equivalent to maximum likelihood in the case
of a Poisson stochastic process. Therefore, it is possible to test the significance of the
estimated model parameters using standard formal likelihood ratio criteria based on
the x?2 distribution.

3.2 Empirical results

The maximum pseudo-likelihood estimates of the parameters for the birth process
model (1) are reported in Table 1.
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Table 1 Estimates for the

c 1 . Parameter Estimate Standard error Z-test
spatial birth point process of
new small food stores o 18.900 0.8809
Bss 0.074 0.0234 sk
Bos 0.028 0.0075 sk
S Bnh 0.004 0.0012 sk
** Significant at 5%;
k% Significant at 1% Bat 0.001 0.0003 ok

The significantly positive value of the estimate of By indicates that births of
small food stores are positively dependent on locations and sizes of the existing
small food stores, while the significantly negative value of the estimate of Bpg indi-
cates that they are negatively dependent on locations and sizes of the existing big
supermarkets. Therefore, the probability of the birth of new small food stores is
higher in the locations characterized by the presence of other existing small food
stores in the neighborhood, thus highlighting the presence of positive spatial exter-
nalities. On the other hand, such probability is lower in the locations character-
ized by the near presence of existing big supermarkets, which indicates the pres-
ence of negative spatial externalities. The model also reveals the presence of a
positive significant relationship between the spatial intensity and the two proxies
of market potential and the urban structure (respectively the parameters B,, and
,Baf )-

In the model considered, no measure is available to test the goodness of fit playing
a role similar to that of R? in the OLS standard regression. To this aim, however,
it is possible to rely on Monte Carlo simulations. The adequacy of the model to
the observed data can indeed be visually assessed by looking at the behavior of the
empirical inhomogeneous K-function (Baddeley et al. 2000) of the observed 26 new
born small retail food stores point pattern (see Fig. 1a) plotted against the behavior
of the inhomogeneous K-function, in terms of confidence bands, derived from 999
simulations of the estimated model.

The inhomogeneous K-function, Ky(d), is a summary measure of the characteris-
tics of a spatial point process. In particular, at each possible distance d, it identifies
the level of spatial dependence among points of a point process identified by a non-
constant intensity function A(x) (Espa et al. 2013). Baddeley et al. (2000) showed that,
for an inhomogeneous Poisson process with a given intensity function A(x), the Ky(d)
function is equal to Ky (d) = wd?. As a consequence, any observed point pattern,
such that its empirical inhomogeneous K-function (that is KI (d)), does not deviate
significantly from the theoretical inhomogeneous K-function (that is 7d?) for each
value of d, can be considered as a realization of that model.

Following Baddeley et al. (2000), K1(d) can be estimated using the edge-corrected
unbiased estimator, KI (d), given by

wijl (dij <d)

= ZZ k(xl)k XJ)

i=1 j#i

where A is the total surface of the study area A, the term d;; is the Euclidean spatial
distance between the ith and jth observed points and 1(dj; < d) represents the indi-
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Fig.3 Behavior of the empirical KI (d) md? (continuous line) and the corresponding 99.9% confidence
bands (dashed lines)

cator function such that I = 1ifd;; < d and 0 otherwise. Due to the presence of edge
effects arising from the arbitrary delimitation of the study area, the adjustment factor
wij is introduced to avoid potential biases in the estimates close to the boundary of A.
More specifically, the weight function w;; 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).

Baddeley et al. (2000) proposed to estimate the intensity function of the observed
pattern using the following non-parametric method of kernel smoothing (see Silverman

1986):
~ Xi X
hn(xi)= D h 2k( — )/Ch (x3)-

7]

where k( ) is a radially symmetric bivariate probability density function, h represents
the bandwidth (the parameter controlling the smoothness of the surface), and Cy(x;)
is an edge-correction factor?.

The graph reported in Fig. 3 shows the behavior of the empirical Ky (d)  7d?
calculated from the observed point pattern of the new-born small food stores against
the upper and lower confidence bands calculated from 999 realizations of the estimated
model. The benchmark value representative of a good fit is zero for each distance d. As
it can be noted, the empirical function tends to be close to zero and lies entirely within
the confidence bands thus indicating that the estimated model describes adequately
the spatial birth phenomenon of small food stores.

4 A spatial growth process
4.1 The growth model

The spatial growth dynamic of small food stores is modeled using the observed point
pattern of small food stores that were created in 2004 or before and that survived for the

2 The kind of edge-correction factor Baddeley et al. (2000) used is essentially a slightly modified version
of that proposed in Berman and Diggle (1989), Cy, (Xj) = fAkh (x]' u) du.
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whole period 2005-2007 (see Fig. 1b). In this context, the growth of a single small food
store (proxied by the growth in the number of employees), is assumed to be a function
of its stage of development at the beginning of the period and of the competitive (or
co-opetitive) influences of the other food stores located in the neighborhood.

Let Xg,i :1 = 1,...,n and Xps; : 1 = 1, ..., m denote, respectively, the
spatial coordinates of small food stores and of big supermarkets existing at least from
2004 and that have survived until 2007. Let also Z04 i (Z04ps,i ) and Z07s i (Z07ps.i)
denote the number of employees of the ith small store (big supermarket) in 2004 and
2007, respectively, and let gi = Z07g,i/ 207, Z04s ;. Z04.; be a proxy of the
growth of the ith small store.

Following the framework suggested by Rathbun and Cressie (1994), the growth of
the ith small food store can be modeled as follows:

gi=0u ,BZZO4ss,i ,Bsswss,i 5bsts,i &i, (2)
where
n
Wss,i = CI)IJ (20455,1, dl] = Hxss i Xss,j H)
j=1
and
m
Whs.i = Zcbij (Z04vs i, dij = [xesi  Xbs,i]) (3)

represent measures of the level of spatial interaction of the ith small food store with,
respectively, the other small food stores and big supermarkets, o, Bz, Bss, Bss are
parameters to be estimated and the &s are independently and normally distributed
errors with zero mean and a finite variance. Relying on the idea that the level of spa-
tial interaction of a neighboring economic activity should depend on the distance to
that economic activity and on its size (here approximated by the number of employ-
ees), the two measures of spatial interaction reported in Eq. (3) are derived by spec-
ifying the functional form of ®;;(Z, d). Rathbun and Cressie (1994) proposed to
chose between the following functional forms: ®i;(Z, d) = 1/d, &i(Z, d) =
1/d?, ®ij(Z, d) = Z/d, ®ij(Z, d) = (Z/d)? and ij(Z, d) = Z?/d.

Having chosen a proper specification of ®;;(Z, d), and hence given Eq. (3), the
parameters of the growth model in Eq. (2) can then be estimated using OLS.

4.2 Empirical results

The OLS estimates of the parameters for the growth process model (2) fitted to the
data of the small food stores are reported in Table 2. In our analysis, we specified the
spatial interaction term as ®;;(Z, d) = 72/ d, which is the one maximizing the fit in
terms of the coefficient of determination R?.

As it can be noted, the parameters 87 and fg are not significant, thus implying that
in our specific case, the growth of small food stores is not affected by their size at the

13



G. Arbia et al.

Table 2 Estimates for the growth birth point process of new small food stores

Estimates Full model Restricted model

o 1.1600 *** (0.1145) 1.1190 *** (0.0622)
BZ —0.0317 (0.0364) -

Bss 0.0446 (0.0987) -

Pos 0.0000 *** (0.0000) 0.0000 *** (0.0000)
R? 0.6811 0.6921

*#% Significant at 1%
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Fig. 4 Monte Carlo envelopes for the variogram of the model (2) studentized residuals (dashed lines) and
empirical variogram of residuals (circles)

beginning of the period nor by the closeness to other economic activities of the same
typology. On the other hand, the parameter By is significant and positive (although
very close to zero), thus indicating that spatial interactions with big supermarkets fos-
ter firm growth. In other words, growth rates are higher for small food stores located
in the proximity of big supermarkets than for those that are far from them. This evi-
dence suggests the presence of some sort of co-opetitive behavior among competitive
economic agents. Similar results have been found by Igami (2011) and Borraz et al.
(2013).

Model (2) is based on the implicit assumption that growth rates are spatially inde-
pendent (Rathbun and Cressie 1994). The presence of spatial variability, however,
may lead to the violation of this assumption, which in turn could result in spatial
autocorrelation of model residuals. The proper diagnostic tool to test whether the
residuals of a micro-geographic data model are spatially correlated is the variogram.
For the studentized model residuals the empirical variogram, the ordinates are rep-

resented by the quantities vjj = % (ri r j)z, where r; and r; are the studentized
residuals corresponding to the small food stores at the locations Xgs ; and X, j, respec-
tively (Diggle and Ribeiro 2007). A plot of vi; against the corresponding distance
dij = IIXss,i  Xss,jll compared with the envelope of the empirical variograms com-
puted from random permutations of the residuals, holding their locations fixed, allows
to detect spatial autocorrelation. Figure 4 shows a variogram envelope obtained from
999 independent random permutations of the studentized residuals, with values aver-
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aged within distance bands. Since all the empirical variogram ordinates are within the
simulation envelopes, we are eager to conclude that there is no spatial dependence
among the model residuals.

5 A spatial death/survival process
5.1 The survival model

The last component of the model is devoted to uncover the death/survival process that
together with the other two components contributes to a full understanding of the whole
spatial demographic phenomenon. The death/survival process is fitted to the small food
stores existing in 2004 and which have survived or ceased to operate during the period
2005-2007 (Fig. 1c). Therefore, the data of interest consist of the spatial point pattern
of small food stores observed at the time periods t = 2005, 2006, 2007. According to the
methodological framework proposed by Rathbun and Cressie (1994), a death/survival
process can be developed as a survival conditional probability model which will be
now described. Let xgi(t) :1 =1, ..., n and Xpgi(t) : 1 = 1, ..., m denote
the spatial coordinates of small food stores and big supermarkets, respectively, which
survives at time t. Let also Zg j ¢ and Z i ¢ represent the number of employees of the
ith small store and of the ith big supermarket, respectively, at time t. Finally let M; (t)
denote a survivorship indicator variable such that M;(t) = 1 if the ith small food store
survives at time t and M;(t) = 0 if the ith small food store ceases its activity at time
t.The survival probability of the ith small food store can then be defined as:

pi(t;80)=P Mi(t;0)=1M(t 1;0)=1

where 6 is a set of unknown parameters to be estimated. By assuming that the survival
at time t is a function of the dimension of the small food store at time t — 1 and of
the competitive or co-opetitive influences of the other neighboring small food stores
and big supermarkets also operating at time t — 1, p;(t; ) is then modeled using the
following space—time logistic regression (Rathbun and Cressie 1994):

pi (t; 0)
og—————=0a PBzZsit 1 BsWssit 1 BosWhsiint 1 4)
1 pi(t;0)
where
n
Wes,it 1 = Z CIDij (Zss,j,t 1» dij = Hxss,i (t 1 Xss, j (t I)H) (5a)
j=1
and

m
Whos,i.t 1EZCI>ij (Zos,jt 1.dij = |xsei (0 1) xpsj (0 D) (5b)
j=1
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Table 3 Estimates for the death/survival point process of new small food stores

Estimates Full model Restricted model

o 1.7220 *#** (0.4842) 2.3076 *** (0.2345)
Bz 0.1811 (0.1648) -

Bss —0.0003 *** (0.0000) —0.0003 *** (0.0000)
Pos 2.6880 (5.6140) -

Log-likelihood —70.7685 —72.4076

*#% Significant at 1%

represent measures of the level of spatial interaction of the ith small food store with,
respectively, the other small food stores and big supermarkets, ®;;(Z, d) is a known
function which can be specified by the same functional forms already proposed for the
growth model’s Egs. (2) and (3), and 8 = (o, Bz, Bss, Bos)’ 1s the vector parameters
to be estimated.

Chosen a proper specification of ®;; (Z, d) and hence given Egs. (5a-5b), 6 for
model (4) can be estimated using the standard maximum likelihood (ML) procedure.

5.2 Empirical results

For estimation purposes, first of all, we specified the spatial interaction term (similarly
to Sect. 4.2) as ®;(Z, d) = 72/ d, which is the specification that produces the better
fit in terms of the value of the log-likelihood. The ML estimates of the parameters for
the death/survival model expressed in Equation (4) are shown in Table 3.

The model results show that parameters 8z and By are not significant, thus implying
that the survivorship of small food stores is unaffected by their size and by the closeness
to big supermarkets. Furthermore, since B is significant and negative (although very
close to zero), the estimated model indicates that spatial interactions with the other
small food stores result in a relatively lower probability to survive. This evidence
reinforces the conjecture of a competitive behavior between small food stores.

6 Conclusions

In this paper, we aim at proposing a novel model-based approach to the analysis of the
dynamics of firm demography based on micro-geographic data. Following the reduc-
tionist modeling framework introduced by Rathbun and Cressie (1994) and already
proposed in Arbia (2001), we presented a methodology to estimate a three equations
model dealing, respectively, with firms birth, growth, and survival. Consistently with
Rathbun and Cressie (1994), the three equations are estimated independently thus
eliminating possible problems of simultaneity in the estimation phase. We argue that
decomposing firm demography processes into these three sub-processes allows to
uncover the relative importance of competitive and co-opetitive spatial interactions in
determining the spatial distribution of economic activities.

13



A micro spatial analysis of firm demography

The case study examined referred to the demography of small retail food stores
located in the municipality of Trento in the period 2004—2007. The analysis indicates
that space and spatial proximity are relevant factors in determining the phenomena
of birth of new firms. On the contrary, the process of growth and survival of the
existing firms seems to be unaffected by spatial elements and by the presence of other
economic agents in the neighborhood. With particular reference to the data examined,
we showed that the creation of small retail food stores tends to occur nearby other
small food stores, but far from the big supermarkets/hypermarkets. In contrast, once
the small food stores are operative, their tendency to grow in their dimension and
to survive in time seems to be unaffected by spatial factors such as the influence of
neighboring competitor or co-opetitor firms.

Itis important to note that in the present context we could only use information about
the spatial distribution of firm entries, exits, and incumbent firms. Therefore, we limited
ourselves to providing evidence of the presence of significant spatial interactions
among economic agents and their effects on firm demography. On the other hand,
in order to uncover the entire locational process of economic agents, it would be
necessary to have access to a larger information set on structural variables other than
just the mere geographical location of firms, such as, for instance, the characteristics
of the local demand, workforce skill and urban structure. For this reason, this purpose
is not undertaken in the present study and is left to some future analysis is beyond the
scope of this paper.

The present empirical application shows the potential of the proposed methodolo-
gies to describe some characteristics of the firm demography belonging to a single
economic sector. However, the practical analysis of a single sector is only one of the
possible approaches that could be employed. In some future studies, the techniques
presented here will be extended to include more comprehensive studies which model
the role of spatial proximity in the process of co-agglomeration and in the analysis
of the joint locational behavior of the different economic sectors. In this way, the
global pattern of firm location, growth, and survival observed at the level of the econ-
omy as a whole will be modeled as the outcome of the individual firm choices and
their interaction in space and time. Following this more comprehensive multivariate
analysis dealing with all industries simultaneously will also imply the fact that the
analysis cannot be limited any more to a single region, but it should take into account
a whole country, possibly considering the model parameters to change smoothly in
space. This approach is conversely not undertaken here where the emphasis is on the
regional characteristics of firm formation and where we refer to a single industry. A
comprehensive approach to the modeling of the micro behavior of economic agents
has been suggested for the first time some decades ago by Durlauf (1989, 1999) who
established a parallel between physics and economic analysis. In his pioneering work,
he observed that the basic idea underlying statistical mechanics is that the behavior of
one atom is influenced by the behavior of other atoms located nearby. In a similar fash-
ion, the hypothesis that forms the basis of all spatial economic studies is that individual
or collective choices depend on the decisions taken by other actors located nearby.
At the time of the papers by Durlauf, the approach suggested was not susceptible of
any empirical validation due to the lack of data, the lack of statistical models, and the
reduced computer capabilities. In contrast, nowadays we have the data, the statistical
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methodologies and the computational power to treat in a rigorous way the immense
richness of observational spatial data that are currently available. This paper presents
a contribution in this direction.
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