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4.1 Introduction

The New Economic Geography reckons that localization economies
and urbanization economies are important phenomena (Krugman 1991;
Glaeser et al. 1992; Arbia 2001; Audretsch and Dohse 2007), but empir-
ical studies adopting this framework do not offer clear insights on

G. Arbia (�)
Università Cattolica del Sacro Cuore, Rome, Italy
e-mail: giuseppe.arbia@unicatt.it

M. M. Dickson · R. Gabriele · D. Giuliani
D.E.M. Department of Economics and Management, University of Trento,
Trento, Italy
e-mail: mariamichela.dickson@unitn.it; roberto.gabriele@unitn.it;
diego.giuliani@unitn.it

F. Santi
Department of Economics, University of Verona, Verona, Italy
e-mail: flaviosanti@univr.it

© The Author(s) 2021
S. Colombo (ed.), Spatial Economics Volume II,
https://doi.org/10.1007/978-3-030-40094-1_4

89

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-40094-1_4&domain=pdf
mailto:giuseppe.arbia@unicatt.it
mailto:mariamichela.dickson@unitn.it
mailto:roberto.gabriele@unitn.it
mailto:diego.giuliani@unitn.it
mailto:flaviosanti@univr.it
https://doi.org/10.1007/978-3-030-40094-1_4


90 G. Arbia et al.

how such spatial effects differently affect firms that are not comparable
in terms of structural dimensions and behavioral aspects (Fujita et al.
1999; Frenken et al. 2014). A few exceptions relate to studies that take
into account the location of the firm and the nature of geographical
interactions among firms in a local context (Duschl et al. 2011; Barbosa
and Eiriz 2011; Antonietti et al. 2013).

Indeed, the presence of positive externalities in a region does not
guarantee that all the firms in that region benefit from them, or at least not
to the same extent. More specifically, externalities can produce different
effects on growth dynamics if we consider (a) small firms (SMFs) as
opposed to large ones and (b) young firms as opposed to older ones
(Brown and Rigby 2010).

Firms growth, as measured by employment growth, is often the objec-
tive variables in this field of research (Beaudry and Swann 2009; Beaudry
and Schiffauerova 2009; Raspe and VanOort 2008, 2011).1 Theoretically,
location within a geographically concentrated area, or an agglomeration,
may result into greater firm efficiencies due to labor market pooling, to
the provision of non-traded inputs, or to the development of specialized
intermediate goods knowledge externalities and knowledge spillovers.
These locational advantages may foster regional growth supporting the
expansion of individual firm (Audretsch and Dohse 2007). In addition,
vertical relationships in downstream markets can entail the expansion
of firms—in particular small firms—driving the growth of sales. Taking
into account the dynamics of innovation processes, we can postulate that
the diversity of complementary economic activity is more conducive to
growth than specialization (Glaeser et al. 1992; Feldman and Audretsch
1999). Indeed, we expect that localization economies stimulate incre-
mental and process innovations, thus leading to higher productivity. In
contrast, Jacobs economies are expected to spur more radical innovations
through the recombination of existing knowledge, thus leading to the
creation of new employment (Frenken et al. 2007). This effect, in turn,
would imply that employment growth would benefit from diversification,

1The other largely studied dependent variable is the productivity growth (see Andersson and
Lööf 2011). Findings for the two set of objectives variables can be very different (Beaudry and
Schiffauerova 2009).
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while productivity would increase with specialization of industrial activ-
ities. Despite the richness of theoretical paradigms, however, there is still
little empirical evidence on the impact of location on growth at the firm
level (Acs and Armington 2004).
The present chapter proposes a new approach to empirically assess the

role of localization and agglomeration economies in shaping the patterns
of firm growth. In particular, our method is based on the use of firm-level
measures of specialization and diversity (based on the local K -function;
see Getis 1984) associated to the specification of a quantile regression.
In line with a recent stream of literature which makes use of distance-

basedmeasures (see Duranton andOverman 2005; Espa et al. 2013; Arbia
et al. 2010, 2012; Marcon and Puech 2010), the Getis local K -function
(Getis 1984; Getis and Franklin 1987) can be used to define firm-level
indicators able to endogenize the emergence of spatial externalities and
to overcome two methodological shortcomings of region-level measures,
namely (a) the arbitrary definition of the spatial observational units (such
as provinces, regions and municipalities) and (b) the restrictive assump-
tion of spatial homogeneity within regions. We argue in favor of the
use of the local K -function to empirically distinguish between Marshall-
Arrow-Romer externalities (MAR) and Jacobs externalities (JAC). The
former refers to knowledge spillovers accruing to firms operating in the
same industry, while the latter are pure agglomeration economies arising
from knowledge spillover external to the industry in which the local
firm operates. Moreover, the local K -function-based measure allows us
to detect (separately, but simultaneously) the two types of externalities.
This is of primary importance given that previous studies have shown that
both kinds of externalities can coexist and can differently affect business
enterprises (Beaudry and Schiffauerova 2009).
The empirical analysis reported in this chapter is found on a database

of limited liabilities, single-unit manufacturing firms located in Italy in
the period 1994–2006. The individual level of observation allows us to
effectively study the organic growth of firms and the role of spatial and
geographical factors. In particular, we aim at disentangling how much the
different kinds of geographical externalities (MAR and JAC externalities)
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are in place for the different kind of firms of our sample in the time
window under investigation.

Our investigation produced a series of interesting results that can be
summarized as follows. First of all, small firms experiencing a growth rate
above the average benefit more fromMAR externalities at long range than
from JAC externalities at shorter distance. Secondly, these small firms
grow faster than other firms because the effect of MAR externalities on
them is bigger. Thirdly, small firms that shrink do not benefit at all from
MAR, but only benefit from medium range JAC externalities. Fourthly,
small firms that perform extremely bad in terms of employment growth,
suffer from short-range MAR. Finally, MAR and JAC externalities bear
negligible effects on both medium and large firms.

The rest of the present chapter is organized as the following. Section 4.2
discusses the literature about geographical determinants of firm growth.
Section 4.3 explains the methodologies employed for the investigation.
Section 4.4 describes the database used. Results are presented in Sect.
4.5. Section 4.6 concludes.

4.2 The Spatial Determinants of Firm Growth

There are two kinds of reasons why location can be postulated to play a
crucial role on the growth of firms. On one side, industries can specialize
geographically, due to the fact that proximity (1) favors the intra-industry
transmission of knowledge, (2) reduces transport costs of inputs and
outputs and (3) allows firms to benefit from a more efficient labor
market. Firstly, introduced by Marshall (1890), this approach was further
developed into the Marshall–Arrow–Romer (MAR) model (Glaeser et al.
1992; Henderson et al. 1995).

The MAR model states that concentration of an industry in a geo-
graphical context facilitates knowledge spillovers between firms and
promotes innovation. Indeed, the sectoral specialization encourages the
transmission and exchange of tacit or codified knowledge and infor-
mation that depend on distance (Griliches 1992). Knowledge spillovers
are geographically bounded in the place where the knowledge is created
(Autant-Bernard 2001; Feldman and Audretsch 1999), alongside the
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imitation activity, the business interactions and the interfirm circulation
of skilled workers. Moreover, economies of scale can be generated from
input-sharing activity (e. g. labor equipment and infrastructure) among
firms of the same industry (Krugman 1991). All these phenomena can be
labeled as localization externalities (or MAR externalities), and they are
likely to arise when an industry is relatively large with respect to the whole
economy (Frenken et al. 2007).
On the other side, Jacobs (1969) suggests that the sources of knowledge

spillovers are external to the industry. Indeed, according to Jacobs (1969)
it is the diversity of knowledge within a geographical context which is
relevant, because the variety of industries within a geographic region
promotes knowledge externalities and innovative activity and leads to
economic growth. In this respect, the urban agglomerations play a key
role. Therefore, a diversified local production structure gives rise to
diversification externalities (called “Jacobs externalities”).2
Spatial concentration may affect both the productivity and the growth

of firms. Nonetheless, productivity and growth are shaped in a different
way by MAR and JAC externalities. Employment growth and innovation
would benefit from diversification, while productivity would increase
with specialization of industrial activities. In particular, Jacobs economies
should spur radical innovations and product innovation (recombination
and cross-fertilization of existing knowledge) that lead to new employ-
ment creation (Frenken et al. 2007).
Empirical evidence on the effect of localization economies and MAR

externalities on the one side and urbanization economies and Jacobs exter-
nalities on the other produced different evidences (Frenken et al. 2014).
Beaudry and Swann (2009) found, for UK industries, a positive effect
of own-sector employment. Maine et al. (2010) find that in the high-
technology sectors, firm growth is negatively related to the distance of
each firm from the top-ten firms in a cluster (localization diseconomies).
Furthermore, younger, and particularly new, firms benefit more from

2The literature identifies a third type of externality. It refers to Porter’s (1990) argument, and it
is associated with Jacobs idea that competition is better for growth. Strong competition in the
same geographical market provides incentives to innovate which, in turn, accelerate the technical
progress, the productivity, and, finally, the growth.
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localization economies in terms of growth than older firms (Rosenthal
and Strange 2005; Brown and Rigby 2010). Wennberg and Lindqvist
(Wennberg and Lindqvist 2010) find evidence of localization economies
both inmanufacturing and in services sectors. Raspe andVanOort (2008)
study on Dutch firms suggests that agglomeration economies have a
positive effect on firm growth in an R&D-intensive environment. Finally,
Staber (2001) shows that MAR externalities are present in sectors where
knowledge spillovers are present, for example high technology sectors.

Empirical studies concerning Italian firms have mainly focused on
size, age and R&D activities (Del Monte and Papagni 2003) as major
determinants of growth. They have neglected, at least partially, the second
group of determinants. Contini and Revelli (1988) find a negative impact
of extant size over the employment growth ofmanufacturing firms located
in the Northern Italy over the period 1980–1986. Similarly, Becchetti
and Trovato (2002) estimate a negative growth-size relationship for small
and medium-sized Italian manufacturing firms that survive during the
1995–1997 period. Nevertheless, when non-surviving firms are included
in the sample, they obtain a significant effect of size on growth rates
only for companies employing between 10 and 50 employees, while the
workforce expansion of firms with more than 100 employees seems to
be independent of size. Del Monte and Papagni (2003) strengthen this
last finding by showing that the independence assumption postulated in
Gibrat’s Law (Gibrat 1931) is empirically validated in a sample of more
than 650 largemanufacturing firms examined over the period 1989–1997.
Lotti et al. (2003) provide a comprehensive picture of growth patterns
for a sample of 1570 manufacturing firms born in January 1987 and
tracked until 1993. The study outlines that, in five of the six industrial
sectors considered, smaller firms grew faster than their larger counterparts
over the entire period 1987–1993, as well as in the year that immediately
followed the start-up. Nonetheless, as soon as new entrants approach an
acceptable size that shields them from the risk of failure, Gibrat’s Law
seems to be reestablished, thus implying no significant difference in the
growth behavior between small and large firms.
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4.3 Methodology

This study proposes a series of firm-level regression models in order
to investigate the role of internal and external factors on firms growth
rates. In particular, we use a quantile regression approach in which the
dependent variable is represented by the firm growth rate regressed against
internal, external and spatial determinants of growth. Internal and exter-
nal factors of growth are selected according to the existing literature, while
spatial factors are investigated using firm-level measures of agglomeration
and localization, that allow us to overcome the limitations arising from
the use of aggregate indices and traditional spatial econometric models.
Moreover, we estimate separate quantile regression models for small firms
(less or equal to 50 employees) and medium and large firms (more than
50 employees) to uncover variations in the impact of spatial factors on
firms of different size.

4.3.1 Measures of Spatial Interaction

4.3.1.1 The Limits of Regional and Aggregate Measures

We argue that the locational measures commonly used by researchers—
such as the Gini (Gini 1912, 1921), Hirschman-Herfindahl (Hirschman
1945), Location Quotient (Florence 1939) and Ellison-Glaeser (Ellison
and Glaeser 1997) indices—may not be adequate. In particular, they are
computed on regional aggregates built on arbitrary definitions of the
spatial observational units (such as provinces, regions andmunicipalities).
Hence, they introduce a statistical bias arising from the discretionally
chosen definition of space (i.e., the so-calledmodifiable areal unit problems
bias; see Arbia 1989). As an evidence of that, in reviewing the relevant
literature, Beaudry and Schiffauerova (2009) found that the emergence
and intensity of agglomeration externalities are strictly dependent on the
level of spatial aggregation of data.
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4.3.1.2 A Firm-Level Measure of MAR Externalities

To build up an indicator that opportunely capturesMarshall externalities,
we rely on the well-established idea in the literature (Glaeser et al.
1992) that the degree of specialization of an industry (rather than its
size) can better embody the potential for Marshall externalities in that
it expresses the intensity and the density of interactions among firms
(Beaudry and Schiffauerova 2009). Accordingly, we build a firm-level
distance-based measure of industry specialization that captures the firm’s
potential for Marshall externalities. We propose the use of the Getis
local K -function (Getis 1984), a statistical measure assessing the degree
of spatial interactions among geo-referenced locations. Indeed, in the
context of micro-geographic data, which are identified by maps of point
events (as represented by their longitude/latitude coordinates), Getis local
K -function is an explorative tool that summarizes the characteristics of a
spatial distribution of point events relative to its location. If the events of
interest are firms (as in our case), this measure allows to statistically test
if a given individual firm is localized into a cluster.

For the given ith firm located in a geographical area, the local K -
function can be defined as follows:

Ki(d) = E

⎡
⎣∑

j �=i

I
(
dij ≤ d

)
⎤
⎦ /λ (4.1)

where E{.} indicates the expectation operator; the term dij is the Euclidean
distance between the ith and jth firms’ locations; I (dij ≤ d ) represents
the indicator function such that I = 1 if dij ≤ d and 0 otherwise; d is a
threshold distance and λ represents the mean number of firms per unitary
area: a parameter called spatial intensity. Given definition (1), the term
λKi(d ) can be interpreted as the expected number of further firms located
up to a distance d from the ith firm. The local K-function quantifies the
degree of spatial interaction between the ith firm and all other firms at
each possible distance d, and hence can be exploited to develop a proper
locational measure of industry specialization.
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Henderson (2003) established that both the number of firms and the
level of employment in a region are key determinants of the generation of
spillovers within the region. For this reason, we introduce weights in Eq.
(4.1) so as to be able to account for the number of employees in each firm.
Thus, we obtain the following weighted version of the local K -function,

WKi(d) = E

⎡
⎣∑

j �=i

eiej I
(
dij ≤ d

)
⎤
⎦ /λμ2 (4.2)

where ei and ej denote the number of employees of the ith and jth firms,
respectively, and μ is the mean number of employees per firm. Therefore,
the term λμ2WKi(d ) can be interpreted as the mean of the sum of the
products formed by the number of employees of the ith firm and the
number of employees of all other firms located up to a distance d of the
ith firm.
Turning now to the estimation aspects, following Getis (1984), Getis

and Franklin (1987) and Penttinen (2006), a proper unbiased estimator
ofWKi(d ) for a study area containing n firms is given by:

WK̂i(d) =
⎛
⎝

n∑
j �=i

eiejwij I
(
dij ≤ d

)
⎞
⎠ / (n − 1) λ̂μ̂

2
(4.3)

where λ̂ is the estimated spatial intensity3 and μ̂ is the mean number
of employees per firm computed on the n observed firms. Due to the
presence of edge effects arising from the bounded nature of the study
area, an adjustment factor, say wij, is introduced, thus avoiding potential
biases in the estimates close to the boundaries.4 The adjustment factor
wij expresses the reciprocal of the proportion of the surface area of a circle
centered on the ith firm’s location, passing through the jth firm’s location,
which lies within the area A (Boots and Getis 1988).

3λ̂ = n/ |A|, where A is the study area and |A| denotes its surface.
4Firms located near the boundary of the study areamay be close to unobserved firms located outside
the study area. Neglecting this circumstance may lead to a biased estimate.
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As the last step, we use the function expressed in Eq. (4.3) to obtain
a measure of industry specialization with the possibility of specifying
a benchmark value allowing to assess if the ith firm is located in a
specialized or despecialized industrial area. The most popular approach in
the literature (see e.g. Beaudry and Schiffauerova 2009) has been to refer
to a relative benchmark, in which an industry in a region is considered
specialized (or, alternatively, despecialized) if it is overrepresented (or
underrepresented) within the regionwith respect to the entire economy. A
relative measure allows to control for the presence of spatial heterogeneity
in the study area and hence is able to identify industry specialization due
to the interactions among economic agents (see e.g. Arbia et al. 2012 and
Espa et al. 2013).

In light of these considerations, in order to measure firm-level relative
industry specialization, we can use the following statistics:

Kmari(d) = WK̂i,sector
(d)

WK̂i,all
(d) (4.4)

where WK̂i,sector(d) is the weighted local K-function estimated on the
firms belonging to the same sector of activity of the ith firm and K̂i,all(d)

is the weighted local K-function estimated on all firms of the dataset.
If, at a given distance d, Kmari(d ) tends to be close to 1, then the ith
firm is located in an area (with a spatial extension of radius d ) where
economic activities are randomly and independently located from each
other, implying absence of industry specialization.W, at a given distance
d, the functional expressed in Eq. (4.4), is greater than 1, the ith firm
is located in a cluster with a spatial extension of d where the firms of
its sector of activity are more concentrated than all firms of the dataset,
implying presence of industry specialization. Conversely, when at a given
distance d, Kmari(d ) is less than 1, the ith firm is located in a dispersed
area, where the firms of its sector of activity are less concentrated than all
firms of the dataset, implying presence of industry despecialization.

The functional expressed in Eq. (4.4) thus represents a relative measure
in that the benchmarking value of random localization is represented
by the spatial distribution of all economic activities. Hence, a specific
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sector exhibits specialization (or despecialization) if its spatial distribution
is more concentrated (or dispersed) than the spatial distribution of all
economic activities. Therefore, it represents a micro-geographic firm-level
version of the Location Quotient and, hence, a proper measure to assess
the working of MAR externalities.

4.3.1.3 A Firm-Level Measure of Jacobs Externalities

Let’s now turn to discuss how to properly measure Jacobs’ externalities.
There is a wide consensus in the literature that a proper way to capture
this second typology of externalities is through variables representing
the extent of diversity of spatially close industries (see Beaudry and
Schiffauerova 2009 among others). Coherently, in order to assess the
effect of Jacobs externalities, we propose a firm-level distance-based
measure of relative locational diversity. Similar to the case of the industry
specialization index, we rely on the weighted local K -function. However,
here we argue that a proper diversity measure may be provided by the
following expression:

Kjaci(d) = WK̂i,sector
(d)

WK̂i,all
(d) (4.5)

where WK̂i,sector(d) is the weighted local K-function estimated on the
firms which do not belong to the same sector of activity of the ith firm and
WK̂i,all(d) is the local K-function estimated on all firms of the dataset.
Clearly, Kjaci(d ) = 1 represents the benchmark value corresponding to

the case of absence of locational diversity. As a result, when Kjaci(d ) > 1
the ith firm is located in a cluster with a spatial extension of d where the
firms of the other sectors of activity are more concentrated than all firms
of the dataset, implying presence of locational diversity.
Conversely, when Kjaci(d ) < 1, the ith firm is located in a dispersed

area, where the firms of the other sectors of activity are less concentrated
than all firms of the dataset, implying presence of locational uniformity.
We argue that Kjaci(d ) represents a proper measure to assess the working
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of Jacobs externalities and it is a micro-geographic firm-level version of
the Hirschman–Herfindahl index.

4.3.2 The Model

In this section, we will use the quantile regression approach to present
a model linking the locational effects to firm growth. Indeed, it is well
known that the growth rates distribution of firms departs significantly
from the normal distribution (Bottazzi et al. 2007) so that a standard
linear regression model does not seem appropriate because, in this case,
the residuals would depart from the assumption of normality. As a
consequence, the linear regression model may provide, at best, point
estimates of the average effect of the independent variables on the “average
firm.” However, the focus on the average firm could hide important
features of the underlying relationship given the existence of fat tails in the
growth rates distribution (Coad 2007; Coad andRao 2008). In particular,
we aim at investigating the role of firms that have different size and exhibit
different abilities to grow (Birch and Medoff 1994).

The quantile regression approach (Koenker and Hallock 2001) permits
to estimate the differential effects of a series of independent variables
on an objective variable for different quantiles of the distribution of the
dependent variable.

We estimate two sets of quantile regressions separately for small and
medium-large firms (MLFs) because the literature suggests that the
growth behavior of the two groups might be very different (Haltiwanger
et al. 2013). In the case of our working dataset, indeed, the range of growth
rates for the two groups is very diverse: growth rates of small firms range
from around—16% in the lower quantile (20% of all the sample of small
firms) to 16.7% in the upper quantile, whereas medium-large firms appear
to be more inertial in terms of contractions as measured by the number of
employees—they contract at most of around 10%—and grow on average
less than smaller firms—15.8% the upper quantile.

We concentrate on regressions of the following quantiles of the growth
rate distribution: q25, q50 and q90. The full model is based on the
common econometric model used to evaluate the growth performance
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of business firm (Hall 1987; Audretsch and Dohse 2007; Coad and Rao
2008) but is “augmented” with a set of firm-level indicators that allow to
investigate the different aspects of spatial and geographical distribution
of firms:

Δsi,t = αi + ∑
d=5,50,100γMAR

’Kmari,t (d) + ∑
d=5,50,100γJAC

’Kjaci,t (d)+
+ β ’1SP i,t + β ’2Xi,t−1 + β ’3Zi,t + εi,t

(4.6)

where the dependent variable�si, t represents the rate of growth of the i-th
firm from year t−1 to year t calculated as difference in logs of size of firm
i at year t and size of firm i at year t−1. In addition, in Eq. (4.6) the terms
Kmari, t(d ) and Kjaci, t(d ) represent the two measures of externalities
introduced in the preceding Sect. 4.3.1. In particular, Kmari, t(d ) (for
d = 5, 50 and 100 km) represents the firm-specific measures of industry
specialization used to assess the effect ofMarshallian externalities at short,
medium and long range, while Kjaci, t(d ) (for d = 5, 50 and 100 km)
are the firm-specific measures of locational diversity used to assess the
Jacobian externalities (agglomeration effects) related with the economies
of urbanization at different distance ranges.
Among the other regressors SPi represents a vector of additional

aggregate measures of spatial interactions. Indeed, it should be noted
that the specialization and locational diversity explanatory variables to
capture agglomeration externalities are firm level and hence computed
using data deriving from the firms of our sample. As already mentioned,
our sample excludes the multiplant firms, which typically consist of big
multinational corporations. This exclusionmay cause an underestimation
of the two variables and, as a result, a downward bias in the estimate of
the associated regression parameters. In order to control for this potential
bias, we cover the whole extent of economic activity, and proxy for the
latent information about the multiplant firms, using regional aggregated
data. In particular, we compute region-level indicators of specialization
and diversity. As an indicator of specialization, we employ the common
“location quotient” (LQ) which, for a certain combination of region and
industry, is given by the ratio of the region’s share of industry employment
to the region’s share of total employment. As an indicator of diversity, we
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employ the inverse of the Krugman specialization index (McCann 2001;
de Vor and de Groot 2010) (KRUG), which, for a certain region, indicates
how much the employment pattern of the region deviates from the
employment pattern of the whole economy. For both indicators, regions
are NUTS III regions and industries are defined according to the NACE
Rev. 2 classification. We include a dummy (Distr) to signal that firm
belongs to a district—as defined by ISTAT—because such administrative
agglomeration of companies could benefit from specific policies that are
not captured by our measures.

Finally, going back to the description of the regressors in Eq. (4.6), we
have that Xi,t is a vector of “standard” determinants of growth that include
the following:

• The Log(agei,t) that measures the number of years since the firm was
established;

• The size of firm given by the logarithm of number of employees
(Log( sizei,t−1));

• A proxy for financial constraints as measured by the cash flow (Cash
flowt−1);

• ZI,t is a vector of three systems of dummy variables to control for year,
sector of activity and geographical area of activity. Disturbance terms
are given by εi, t .

4.4 Data

The empirical analysis carried out in this chapter draws on a database
containing information for about 8300 Italian limited liabilities man-
ufacturing companies active in the time window from year 1996 to
year 2004. The unit of observation is the single location firm and,
consequently, results can be easily interpreted and directly compared
with those deriving from studies conducted at an establishment level.
The primary source of data is the Italian section of Bureau Van Dijk’s
database, which provides financial and balance sheet information together
with geographic localization information and employment figures. In
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particular, our sample includes only firms active in the whole period
1996–2004 and operating only in one location.
Employment figures are corrected using the National Social Security

Institution—INPS—archives, in particular the monthly social security
declarations. This procedure allows to control for the reliability of infor-
mation about the number of employees, a feature that is considered
necessary to undertake a sound analysis of firms’ dynamics involving
employment dynamics (Haltiwanger et al. 2013; Neumark et al. 2011).
The “adjusted” average number of employees of a firm is given by the
yearly average number of employees present in the firm.
The key characteristic that distinguishes our dataset from other similar

studies on the growth of Italian firms is the use of single location firms.
This level of analysis helps to shed light on the determinants of “organic”
growth.

4.5 Empirical Results

The quantile regressions are first run splitting the sample into small
firms (SMFs) and medium-large firms (MLFs) and then into low-tech
and high-tech firms. Moreover, we run quantile regression referring to
positionalmeans of growth rates given by: 0.25 quantile (q25 henceforth),
0.50 quantile (q50 henceforth) and 0.90 quantile (q90 henceforth).
Table 4.1 reports some descriptive statistics of the variables included in

the analysis.
First of all, notice that the average size of the firms is 50 employees

while the median size is 34, with a strong evidence of a negative skew.
Firms are 21 years old on average. The 0.90 quantile of the firm age (38)
years shows that the firms in our sample are relatively young.
A particular attention is devoted to the study of the distribution of

the growth rates of firms. Indeed, as mentioned before, the standard
regression techniques can lead to incorrect inference about the coefficients
if their distribution departs from normality. In order to investigate the
shape of growth rate distribution, we estimated a series of normality
tests: (a) for all the years separately for small and medium-large firms; (b)
pooling together all the years separately for small andmedium-large firms.
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Table 4.2 Normality tests for the distribution of growth rates (z values and
significance level)

Shapiro-Wilk Sahpiro-Francia
Years All firms

All years (pooled) 21.297*** 23.743***

1997 16.862*** 16.825***

1998 15.897*** 15.884***

1999 16.674*** 16.640***

2000 15.341*** 15.345***

2001 15.487*** 15.478***

2002 15.163*** 15.167***

2003 14.793*** 14.801***

2004 15.879*** 15.864***

Small firms (<=50 employees)
All years (pooled) 19.794*** 21.575***

Medium-large firms (>50 employees)
All years (pooled) 19.614*** 20.381***

Legenda: *** p < 0.001

The battery of tests leads us to reject the null hypothesis of normality in
all the cases (Table 4.2).
The presence of spatial variability may lead to the violation of the

assumption on which Model (6) is based: the independence of growth
rates, which in turn results in spatial autocorrelation of model residuals.
The proper diagnostic tool for verifying whether the residuals of a micro-
geographic firm-level model are spatially correlated is the variogram
(Schabenberger and Gotway 2005). For the standardized model residuals
the empirical variogram ordinates are the quantities vij = 1

2

(
ri − rj

)2,
where ri and rj are the standardized residuals corresponding to the firms at
the locations xi and xj, respectively (Diggle and Ribeiro Jr 2007). A plot of
vij against the corresponding distance dij = ‖xi − xj‖ compared with the
envelope of empirical variograms computed from random permutations
of the residuals, holding their locations fixed, allows the detection of
spatial autocorrelation.
A separate variogram has to be computed on the residuals for each

single year t. As a way of illustration, Fig. 4.1 shows a variogram envelope
obtained from 999 independent random permutations of the standard-
ized residuals for year t = 2000 for each of the 10th quantile and 90th
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Small and micro firm, q25 Small and micro firm, q90
9 .0
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Fig. 4.1 Monte Carlo envelopes for the variogram of the Model (6) standardized
residuals (dashed lines) and empirical variogram of residuals (circles) for year
t = 2000 and 25th and 90th quantiles

quantile regression models, with values averaged within distance bands.
Since all the empirical variogram ordinates are within the Monte Carlo
simulation envelopes, we can conclude that there is no spatial dependence
amongst these model’s residuals.5

5The same graphical test of spatial correlation has been performed on the model residuals for all the
other years and quantiles as well, leading to the same conclusion of absence of spatial correlation.
The results are available upon request to the authors.
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Table 4.3 presents the results of two separate regressions referring to
small (less than or equal to 50 employees) and medium-large firms (more
than 50 employees), and Table 4.4 presents the results of the separate
regressions for high-tech and low-tech firms. The technological sectors
are defined according to the definition provided by OECD ISIC REV.3.
For each of these four subsets of firms, the 25th, 50th and 90th quantile

regressions have been estimated. In particular, columns 1–3 of Table 4.3
report the results for the small firms, columns 4–6 for the medium-large
firms; columns 7–9 of Table 4.4 for the high-tech firms and columns
10–12 for the low-tech firms. We split the sample according to the firm
size and level of technology starting from the assumption that they are
important mediators in the relationship between the spatial determinants
and the growth of firm. The results reported below seem to confirm this
intuition.
The first important evidence emerging from the results reported in

Table 4.3 is that the way agglomeration externalities (both MAR and
JAC) exert their effects on firm growth, strongly depends on the spatial
dimension of the industrial site in which firm is located. It can indeed be
seen that the regression coefficients associated with the variables Kmar(d)
and Kjac(d), (at distance d = 5, 50, 100) can have different signs,
different values and different levels of significance depending on the value
of the distance d. In particular, from the exam of Table 4.3 it clearly
emerges that the small and low-tech firms in 0.90 quantile benefit from
positive JAC externalities at a distance of 50 km, while, on the contrary,
they are affected by negative JAC externalities at a distance of 100 km.
Therefore, a firm may have both a positive and a negative effect from
agglomeration externalities at the same time. This implies that when we
try to estimate the effect of agglomeration externalities using region-level
locational measures (i.e., we refer to a fixed arbitrarily defined spatial
scale), what we estimate is indeed more likely to be the combined result
of different effects observed at different spatial scales. The opportunity
of using firm-level distance-based measures, such as those proposed, is
then confirmed. In Sect. 4.3.1, in order to better assess the effects of
agglomeration externalities in their whole complexity.
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Having in mind this general consideration, we can now look at
the results in a greater detail. To start with, let us consider the MAR
externalities. According to the level of significance of the parameters
associated with the variables Kmar(d), it seems that the annual growth
of small firms is not affected by MAR externalities. On the other hand,
this type of externality is relevant for the medium-large firms. Indeed,
shrinking medium-large firms (q25) are weakly negatively affected by
MAR externalities at small distances (d = 5 km) while high growth firms
(q90) are positively affected at long distances (d = 90 km). Therefore,
medium-large firms tend to suffer from congestion related with the
presence of firms of the same industry in the neighborhood and to benefit
from large spatial-scale industry specialization.

If we condition the analysis to the technological level of firms, the
pattern of MAR externalities is even more complex and produce a rich set
of further considerations. MAR externalities are not substantially relevant
for low-tech firms, if we exclude only a very weak negative effect observed
in the firms characterized by a high level of growth. On the contrary, they
tend to have an important role for the high-tech firms. These firms are,
indeed, positively affected on the short and long distances (5 and 100 kms,
respectively) and negatively affected on the medium distances (50 km),
thus suggesting that the effect of MAR externalities is strongly nonlinear
in space.

Turning now to the role of JAC externalities, among the small firms,
they are relevant only for the q90 firms and exert a positive influence at
50 kms and a negative influence at 100 kms. This very same pattern of
nonlinearity in space applies also to the q50 and q90 high-tech firms.
Differently, large firms are only positively affected by JAC externalities at
5 km and low-tech firms are not affected in any direction.

In conclusion, the empirical evidence emerging from our estimates
does not provide a clear-cut answer to the issue of the relationship
between agglomeration externalities and firm growth. They show that
this phenomenon is quite complex, because the effect of agglomeration
externalities strongly depend on the characteristics of spatial relationships,
firms’ size and their technological level. Therefore, we argue that simple
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and straightforward interpretations of the phenomenon would lead to
misleading conclusions.
Having said that, however, we can draw the general indications that

MAR externalities produce mostly a negative effect at small and medium
distances and a positive effect at large distances, while, on the contrary,
JAC externalities have mostly a positive effect at small and medium
distances and a negative effect at large distances. This stylized fact suggests
the existence of possible complementarities between the two kind of
spatial externalities which may have important implications in terms of
policies. It indeed suggests that, stimulating the occurrence of positive
MAR externalities may, on the other hand, hinder the occurrence of
positive JAC externalities and vice versa.
We included in the models the location coefficient calculated at

NUTS3 level (LOQ) to refine our firm-level measures of spatial factors.
Indeed, this location quotient is introduced in the regression as a further
security check for the existence of MAR effects which are not captured by
our firm-level measures. Our empirical results show that for small firms
the coefficients are significant, but, again, very small and constant over the
quantiles. For small firms, the introduction of this term into the regression
allow us to rescale all the growth rates over the quantiles in order to correct
for residual spatial correlation related to multiplant firms. Medium-large
firms, instead, do not present significant coefficients.
With a similar argument we used a proxy of the diversity of envi-

ronment at provincial level the concentration inverse of the Krugman
specialization index. In this case, the effect is significant for small firm at
q25 and q50. Medium-large firms benefit from specialization at q50 and
q90.
A long literature is devoted to the positive effects on firm performances

of industrial district as defined by ISTAT (Beccattini 1989). A firm active
in an industrial district can benefit, for instance, find new workforce
easily, workforce is specialized, suppliers are easier to reach because
they have experience with other firms in the industrial districts, there
exist public policies that regard specifically the industrial districts firms.
These effects should be distinguished by spatial proximity of firms and
agglomeration phenomena; hence, to capture these effects, we introduced
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a dummy variable identifying firms belonging to an industrial district.
Results reveal that being located in a district produces a positive effect
on growth of small firms at q25 and q50. Medium-large firms are not
affected by being in a district. In other words, larger firms do not benefit
from the administrative aspects behind the definition of a district (e.g.,
the existence of subsidies for firms in a district), but may benefit by the
pure market advantages coming from agglomeration.

As for the standard determinants of growth, we observe that the
variable Age produces a negative effect on growth for all firms (see Table
4.3): as firms get older, they appear less prone to grabbing opportunities
of growth. Another feature that quantile regression allows to capture is
fact that the bigger the growth performance of firms, the stronger is
the negative linkage. Indeed, coefficients range from −0.009 for small
firms in q10 to −0.05 at q90. Similarly, for medium-large firms these
coefficients range from −0.02 for q10 to −0.11 for q90. The effect is
nonlinear as witnessed by the significance of the coefficient of age squared.

The variable size has a significant effect even if the heterogeneity
of signs and magnitudes reveal that the size has a negative effect on
growth both for small and medium-large firms. Interestingly, the largest
coefficient is found for small firms at the 90th quantile (q90). In this case,
the value is equal to −0.25 and significant, thus suggesting that small
firms experience an increasing difficulty in growing as their size is bigger.

Liquidity constraints coefficient representing a key factor that can
impede growth are introduced through the variable cash flow (an inverse
proxy of liquidity constraint). The corresponding coefficients are positive
and significant for all the groups of firms. Such factor is more important
for medium-large firms compared to small firms across all quantiles.

4.6 Summary and Conclusions

In this chapter, we carried out an empirical analysis to study how local-
ization economies shape the patterns of firm growth. Our investigation
departs markedly from most of the recent literature on the subject, in
that we adopt an alternative way of quantifying the effects of spatial
externalities based on micro-data. In this respect, we suggested to use
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the Getis local K -function (Getis 1984; Getis and Franklin 1987) to
define firm-level indicators that endogenize the emergence of geograph-
ical economies. In this way, we are able to tackle two methodological
problems typically arising in empirical work when considering regional
aggregated data: (a) the dependence of the results on the particular
adopted geographical partition (into, e.g., counties or regions) and (b) the
restrictive assumption of spatial homogeneity of the phenomenon within
regions which does not allow to take into consideration the intra-regional
variability.
Founding on the proposed methodology, we were able to assess empir-

ically the prevalence of Marshall-Arrow-Romer externalities (MAR) on
Jacobs externalities (JAC). As it is known, the former refers to knowledge
spillovers between firms of the same industry, labor market pooling,
transport saving cost and economies of scale arising from shared inputs.
The latter are pure agglomeration economies arising from knowledge
spillover external to the industry within which firm operates, diversity
leading to economic growth and urbanization externalities.
Our exploration involves a large sample of small and medium Italian

firms operating in the manufacturing sector over a period of eight
years. The modeling is based on a quantile regression framework that
better discriminates between the distinctive features of the growth rate
distribution.
In summary, we obtained the following stylized facts:

• The action of the various externalities is a rather complex phe-
nomenon, but there are important empirical evidences that small
and medium-sized firms are affected in a different way by MAR and
JAC externalities.

• Small firms, which in the recent past experienced slightly negative
growth performance, are positively influenced by JAC diversity. This
effect is more evident if the firms operate in low-technology sectors and
the externalities are observed at short distances in space.

• Firms in low-technology sectors that performedwell in terms of growth
are more likely to exploit both MAR and JAC positive externalities.

• The effect associated with the two typologies of agglomeration
economies varies with the distance threshold used to compute
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the location indicators. For example, the growth opportunities for
medium-large firms operating in low technology sectors are generally
negatively affected byMAR externalities, but, conversely, are positively
influenced by JAC externalities if observed at 50 kms.

These results may be of interest for policy makers and business practi-
tioners in that they suggest some interesting implications that it is worth
to briefly mention here.

First of all, the empirical evidence of different (and sometimes oppo-
site) effects of geographical spillovers on firms depending on their size,
on their different technological environment and on their recent growth
history, suggest that a “one-size fits-all” approach to industrial policy is
doomed to fail or even to produce results that move in the opposite
direction with respect to the desired aims.

Secondly, managers and policy makers should be aware of the fact
that the structural and strategic choices they implement can significantly
mediate the sheer effects associated with geographical location. Indeed,
some of these choices can mitigate the negative effects stemming from
a higher competition in a given area. Other choices, conversely, allow
the firm to absorb most of the knowledge spillovers spreading in the
surrounding environment and in this way to exploit them as a growth
factor.
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