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Abstract

The paper proposes a novel methodology to assess the role of “location” in shaping firm growth. Along with
traditional determinants (e.g., age, size and financial constraints), geographical location is alleged to drive firm
growth. The current literature typically relies on location variables that suffer from a lack of empirical
robustness (Combes et al., 2008; Duranton and Overman, 2005; Arbia et al., 2012; Giuliani et al., 2012): indeed
arbitrary definitions of the spatial observational units (such as provinces, regions or municipalities) introduce a
statistical bias arising from the discretionally chosen definition of space. To address these shortcomings, we use
the Getis’ local K-function (Getis, 1984) at the firm level. This measure allows us to distinguish between
Marshallian and Jacobs externalities. The analysis exploits a new database comprising single-unit Italian firms
operating in the manufacturing sector. Empirical results show that firms exhibit a differential ability to grow due
to different kinds of externalities: small firms benefit more from Marshallian externalities, while medium-large
firms exploit also Jacobian externalities.
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1. Introduction

Firm growth is a deeply explored topic in the economic literature since the contribution of
Gibrat (1931) who proposed the so called Gibrat law of proportional growth: the growth rates
of firms are independent from their size (Sutton, 1998). Subsequent contributions in the field
of industrial organization highlight departures from this conjecture and show the relevance of
firm specific factors like age, size and financial constraints, technological activity and
innovation (Fagiolo and Luzzi, 2005; Rossi-Hansberg and Wright, 2007; Bottazzi et al.,
2007).

Parallel to this literature other contributions underline the role of geographical factors, from
the seminal new economic geography of Krugman (1991) to the investigations of Glaeser et
al. (1992) and Arbia (2001) among the others. Recently this issue has received renewed
attention and some authors refer to the locational component as a neglected determinant of
firm growth (Audretsch and Dohse, 2007). Indeed, earlier research analyzes the problem
from an aggregate point of view (the regional level whatever is the definition of the region)
and only scant evidence is available at disaggregate level (firm level). A few exceptions
concern 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).

A major shortcoming in the New Economic Geography (NEG) studies is the fact that
externalities of different kind are found or not for a local context but it is not clear if and how
these phenomena will differentially affect firms that differ on structural and behavioral
dimensions. Put it differently, the presence in a region of positive externalities will not grant
that all the firms in the region will benefit from them -or at least not to the same extent. For
instance, we are not able to disentangle the differential contribution that externalities give to

the growth dynamics of small firms as opposed to large firms.

The aim of the present study is the assessment of the role of localization and agglomeration
economies in shaping the patterns of firm growth. Following a recent stream of literature
which makes use of distance-based measures (see Espa et al. 2013, Arbia et al. 2012 and
Marcon and Puech, 2010), the novel contribution of this study is the use of the Getis’ local K-
function (Getis, 1984), which can be used to define firm-level indicators able to endogenize

the emergence of spatial externalities and to overcome two methodological problems typical



of the region-level measures: (a) discretionality in the definition of the spatial observational
units (such as province, regions or municipalities), (b) the restrictive assumption of spatial

homogeneity within regions.

We suggest how to employ the local K-function to empirically distinguish between namely
Marshall-Arrow-Romer externalities (MAR) and Jacobs externalities (JAC). In essence MAR
externalities rely on knowledge spillovers (between firms of the same or similar industry),
labor market pooling, transport saving cost, economies of scale arising from shared inputs.
While JAC externalities are pure agglomeration economies arising from: knowledge spillover
external to the industry within which firm operates, diversity -rather than specialization-
leading to economic growth, urbanization (diversification) externalities. Moreover, the use of
the local K-function allows us to detect separately and simultaneously the two sources of
externalities. This fact is of primary importance given that from previous studies we know
that both kinds of externalities are present simultaneously in a different mix for different
kinds of firms (Beaudry, and Schiffauerova 2009).

The analysis in this paper is based on a database of limited liabilities, single-unit
manufacturing firms located in Italy for the period 1994-2006. The 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 whether and how much the
different kinds of geographical externalities (MAR and Jacobs externalities) are in place for

the different kind of firms of our sample in the time window under investigation.

Notwithstanding Italian firms show a low propensity to grow and a reduced size, some
interesting results emerge: (a) the above average growing small firms benefit more from
MAR externalities at long range, but benefit from JAC externalities at shorter distance; (b)
the same group of firms is able to grow more than other growing firms because the effect of
MAR on them is bigger; (c) small firms that shirk -everything else being equal- do not benefit
at all from MAR, but only benefit from the positive effect coming from medium range JAC;
(d) small firms that are significantly shirking, in addition, have a negative impact of MAR at
short range; (e) externalities effects of both kinds seem to be negligible for medium and large

firms.

The rest of the paper is organized as follow. Section 2 discusses the literature about

geographical determinants of firm growth. Section 3 describes the database used. In Section 4



we explain the methodologies employed for the investigation. Results are presented in

Section 5. Section 6 concludes.

2. The determinants of firm growth

The determinants of firms growth can be classified into two major groups: internal
antecedents and factors that are external to the firm (Audretsh and Dohse, 2007). The first
group is composed by the individual characteristics that shape the growth performances of
firms, namely size, age, financial constraints, etc. The second group is composed by meso-
and aggregated-factors like the sector of activity and the geographical context (region). If the
analysis is longitudinal then also the business cycle plays a role. Moreover, in this group we
can consider also aspects that are related to the location of firms. These aspects -sometimes
neglected- have to be investigated since there are a number of reasons to expect that location
plays a role in shaping the growth of firms. Indeed, theories dating back to at least Marshall
(1890) suggest that location within a geographically concentrated area, or an agglomeration,

results in greater firm efficiencies (Audretsh and Dohse, 2007).
There are two kinds of reasons why location should play a role.

On the one side, industries can specialize geographically, because proximity favors the intra-
industry transmission of knowledge, reduces transport costs of inputs and outputs, and allows
firms to benefit from a more efficient labour market (Marshall; 1890). This approach was
further developed into the Marshall-Arrow—Romer (MAR) model. This model shows that
concentration of an industry in a geographical context facilitates knowledge spillovers
between firms and promotes innovation. Indeed, the sectoral specialization encourages the
transmission and exchange of tacit or codified knowledge and information 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 with the imitation activity, the business interactions and the inter-firm circulation
of skilled workers. Moreover, economies of scale can be generated from shared inputs in the
form of labour equipment and infrastructure between concentrations of firms from the same
industry (Krugman, 1991). All these phenomena can be labeled as localization externalities
(or MAR externalities) and they are likely to arise when the industry to which a firm’s main

activity belongs is relatively large (Frenken et al., 2005).



On the other side, Jacobs (1969) suggests that the sources of knowledge spillovers are
external to the industry. Indeed, it is the diversity of knowledge within a geographical context
that 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 plays a key role. Therefore, a diversified local production structure

gives rise to diversification externalities (or “Jacobs externalities™).

Empirical studies concerning Italian firms have mainly focused on the first group of
determinants of growth, such as size, age or more recently R&D activities (Del Monte and
Papagni, 2003), but neglected, at least partially, the second group determinants. Contini and
Revelli (1988) find a negative impact of extant size over the employment growth of
manufacturing 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 working 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 of Gibrat’s Law holds in a sample of more than
650 large manufacturing 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
industries considered, smaller firms grow faster than their larger counterparts over the entire
period 1987-1993, as well as in the year that immediately follows 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 re-established thus implying no significant difference in the growth
behavior of small and large firms. Unlike these contributions, but in line with previous
research dealing with the U.S. and U.K. manufacturing industry, Fagiolo and Luzzi (2006)
find out support for a negative and significant association between size and average growth
rates, even when controlling for financial constraints, for a large sample of firms observed

over the period 1995-2000.

' The literature identifies a third type of externality. It refers to Porter’s (1990) argument and it is



3. Data

The empirical analysis carried out in this paper founds on a database containing information
for about 8300 Italian limited liabilities manufacturing 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 interpreted and directly compared with those of studies at an
establishment level. The primary source of data is AIDA, 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 particular, our sample is
composed by a subset of the original archive given by the set of firms active in the whole

period under analysis and active only in one single productive location.

Employment figures are corrected using INPS archives in particular the monthly DM10
social security declarations. This procedure allows us to control for the reliability of
information 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., 2010; 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 data from other literature contributions on the
growth dynamics of Italian firms (Becchetti e Trovato, 2002; Fagiolo e Luzzi, 2006; Bottazzi
et al., 2007; Angelini ¢ Generale, 2008) is the use of single location firms. This level of
analysis helps in shedding light on the determinants of “organic” growth. The difficulty of
handling mergers and acquisitions, that is the typical shortcoming of other data sources, is
avoided using our dataset. Indeed, such phenomena have no impact on establishment level

analysis.

The average size of firms included in the sample in the nine years window is around fifty
employees. This represents a key feature of our data and allows us to focus on micro and
small firms dynamics alongside with medium size companies. On this point, note that
previous studies are ill-suited to deal with micro and small firms issues given the nature of

data used.



The distributions of firms and employment by sectors —at level of two digits ATECO- of the
sample (Table A.1) are close to those proposed by Censimento dell’Industria for limited

liabilities companies in the year 2001.

Summarizing, given the features of the database, the results presented in this paper should be
considered sufficiently representative of company dynamics in Italy. Nonetheless, we have to
keep in mind that in the period under analysis the limited liabilities companies with only one
production plant represented around 18% of total manufacturing firm in Italy with a share of

occupation around 34%.

4. Methodology

4.1. The firm-level measures of agglomeration externalities

In the empirical literature (e.g. de Vor and de Groot, 2010; Hoogstra and van Dijk, 2004
among others) the agglomeration externalities effects on firms’ growth are typically assessed
by regressing the firm employment growth on locational measures, such as industry
specialization indices and regional diversity indices. Then the statistical significance, sign
and magnitude of the associated estimated regression parameters are used to assess the
empirical evidence indicating which agglomeration externalities are at play: namely the MAR
or Jacobs externalities. We argue, however, that the locational measures commonly used by
researchers (such as the Gini, Hirshman-Herfindahl or Ellison-Glaeser indices) may not be
adequate in two respects. First of all, they are computed on regional aggregates built on
arbitrary definitions of the spatial observational units (such as provinces, regions or
municipalities) and hence introduce a statistical bias arising from the discretionally chosen
definition of space (i.e. the so-called modifiable 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. Secondly, since the dependent variable
(namely the employment growth) is firm level while the locational measures are region level,

the regression model will be necessarily based on the implicit assumption that firm’s



behavior is homogeneous within each region, which may be too restrictive in many real
situations.”

In light of this problem, we develop firm-level distance-based indices of industry
specialization and locational diversity. Moreover, unlike the region-level locational measures
that can only detect for the presence of different kind of externalities at regional level, the
firm-level ones allow also to identify clearly which firms benefit from MAR and Jacobs
externalities. For example, one may verify whether the smaller firms benefit relatively more
than the bigger ones or whether the highly innovative firms benefit relatively more than the

less innovative ones and so on.

4.1.1 MAR externalities

In order to construct the proper variable able to capture Marshall externalities, we rely on the
well-established idea in the literature (Glaeser et al., 1992) that it is the degree of
specialization of an industry, rather than its size, that can better embody the potential for
Marshall externalities in that it better expresses the intensity and the density of interaction
among firms (Beaudry and Schiffauerova, 2009). We then build a firm-level distance-based
measure of industry specialization able to capture the firm’s potential for Marshall
externalities relying on the Getis’ local K-function (Getis, 1984), which is a statistical
measure allowing to assess 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 the
location of a given point event. If the events of interest are firms, it allows to statistically
verify if a given individual firm is localized in a clustering situation or not. For a given ith

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

K(s)= E{Z[(dy < d)} //1 (1)

J#i

% For a comprehensive discussion of the weaknesses of the region-level locational measures, see Duranton and
Overman (2005) and Combes et al. (2008).



where E{}indicates the expectation operator; the term d; 1s the Euclidean distance between
the ith and jth firms’ locations; / (d,.j <d ) represents the indicator function such that 7 = 1 if
d; <d and 0 otherwise; A4 represents the mean number of firms per unitary area, a parameter

called spatial intensity. Therefore, lKl.(d ) can be interpreted as the expected number of

further firms located up to a distance d of 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
s, and hence can be exploited to develop a proper locational measure of industry
specialization.

Henderson (2003) established that both the number of firms and employment in a region are
key determinants of the generation of spillovers within the region. For this reason, as a first
step, we introduce weights in Equation (1) to account for the number of employees of each

firm and hence obtaining the following weighted version of the local K-function,

[gee 1(d, < )} /W @)

where ¢; and e; denote the number of employees of ith and jth firms, respectively, and u is

the mean number of employees per firm. Therefore, the term Au’WK, (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) and Penttinen (2006), a proper

unbiased estimator of WK (d) for a study area with » firms is

(;e,e w,I(d, < )] / (n-1)Aa> 3)

where A is the study area, |4| its surface, 1= nf|4| is the estimated spatial intensity and £ 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 w,, is introduced thus avoiding potential biases in the estimates close to the



boundary®. The adjustment function w, expresses the reciprocal of the proportion of the

surface area of a circle centred on the ith firm’s location, passing through the jth firm’s
location, which lies within the area A (Boots and Getis 1988).

As the last step, we use the function expressed in Equation (3) to obtain a measure of industry
specialization with a clear benchmark value allowing to assess if the ith firm is located in a
specialized or de-specialized 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 as specialized (or de-specialized) if it is overrepresented (or
underrepresented) within the region with 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 actual interactions amongst economic agents (see
e.g. Haaland et al., 1999 and Espa et al., 2013).

In light of this consideration, in order to measure firm-level relative industry specialization,

we can employ the following statistics:

RS, (d) = Wlei,sector (d )/ W[%i,all (d) “4)

where WK

i,sector

(d) is the weighted local K-function estimated on the firms belonging to the

same sector of activity of the ith firm and 1%1.’0” (d ) is the weighted local K-function estimated

on all firms of the dataset. If, at a given distance d, RS,(d) tends to be equal to 1 then the ith

firm is located in an area with a spatial extension of d where economic activities are
randomly and independently located from each other, implying absence of industry
specialization. When, at a given distance s, the functional expressed in Equation (4) is
significantly greater than 1, the ith firm is located in a cluster with a spatial extension of s
where the firms of its sector of activity are more concentrated then all firms of the dataset,

implying presence of industry specialization. For example, RS,(d)=2 indicates that amongst

the firms located within the distance s from the ith firm, the level of economic activity of
firms belonging to the ith firm’s sector is two times the level of economic activity of firms of

the entire economy. On the other hand, when at a given distance d, RS, (d) is significantly

lesser than 1, the ith firm is located in a dispersed area, where the firms of its sector of

® Firms located near the boundary of the study area may be close to unobserved firms located outside the study
area. Neglecting this circumstance may lead to a biased estimate.
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activity are less concentrated then all firms of the dataset, implying presence of industry de-

specialization. For example, RS,(d)=0.5 indicates that amongst the firms located within the

distance d from the ith firm, the level of economic activity of firms belonging to the ith firm’s
sector is half the level of economic activity of firms of the entire economy.

The functional expressed in Equation (4) represents clearly a relative measure since the
benchmarking value of random localization is represented by the spatial distribution of all the
considered economic activities and hence a specific sector exhibits specialization (or de-
specialization) if its spatial distribution is more concentrated (or dispersed) than the spatial
distribution of all the considered economic activities. Therefore, we argue that it represents a

proper measure to assess the working of MAR externalities.

4.1.2 Jacobs externalities

There is a wide consensus in the literature that the proper way to capture Jacobs externalities
is through variables representing the extent of diversity of spatially close industries (see
Beaudry and Schiffauerova, 2009 among others). Coherently, to assess the effect of Jacobs
externalities, we propose a firm-level distance-based measure of relative locational diversity.
Similarly to the case of the industry specialization index, we rely on the weighted local K-
function. We argue that a proper diversity measure may be provided by the following

expression:

RD,(d)= WK, (d)/WK, ,(d) (5)

i,sector

where Wlel @(d ) is the weighted local K-function estimated on the firms which not belong

to the same sector of activity of the ith firm and W[%l, ul (d ) is the local K-function estimated

on all firms of the dataset.

Clearly, RD, (d)=1 is the benchmark value representing absence of locational diversity. As a
result, when RD,(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 then all firms of the dataset,

implying presence of locational diversity. For example, RD,(d)=2 indicates that amongst

the firms located within the distance s from the ith firm, the level of economic activity of

11



firms which not belong to ith firm’s sector is two times the level of economic activity of
firms of the entire economy.

On the other hand, when RD,(d)<1 the ith firm is located in a dispersed area, where the

firms of the other sectors of activity are less concentrated then all firms of the dataset,

implying presence of locational uniformity. For example, RDl.(d ):0.5 indicates that

amongst the firms located within the distance d from the ith firm, the level of economic
activity of firms which not belong to the ith firm’s sector is half of the level of economic

activity of firms of the entire economy. We argue that RDi(d ) may represent a proper

measure to assess the working of Jacobs externalities.

4.2. Econometric approach

A it is well known, the growth rates distribution of firms departs significantly from the
normal distribution (Bottazzi et al., 2007). Figure 1 shows the growth rate distribution for
firms in our sample. The distribution departs from normal distribution both in the tails and
around the average. Under these conditions the usual regression techniques leads to biased
and inefficient estimators given the consequent departure from the assumption of normality
of errors. Such methodologies, at best, can provide point estimates of the average effect of the
independent variables on the “average firm”. However, this 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 and Rao 2008). In particular, we aim at investigating the role

of firms that have different size and exhibit different ability to grow (Birch, 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. The quantile regression model is

formalized as:

Vit = X{tBo + €pit With Qg (VitlXit) = X{(Bo,

in which: y;; is the growth rate of firm 7 in year ¢ x;; is a vector of regressors with g being a

vector of parameters at K quantile; &g;¢is the vector of residuals. Qg(Vi¢|Xir) is the 9"

12



conditional quantile of y;.given x;; In each quantile 8e(0,1) parameter estimation is obtained

by employing linear programming methods to solve the following optimization problem:

ming D" Blyi—xiBl+ ) (L= Oy~ xifl

itlyie2x{B Ltlyie<B

A key feature of such model is that no assumption is needed on errors distribution &g;; .
Moreover, the model is robust with respect to outliers that in the case of growth rates

distribution are represented by high contracting or/and high growing firms.

Coefficients Bg estimated with quantile regression can be interpreted similarly to those of
OLS regression: the impact of a one-unit change of an independent variable on the firms’
growth rate at the quantile holding all other variables fixed. Formally such coefficients
represents the partial derivatives of the conditional quantile 6¢4 of y with respect to particular

regressor x (Yasar et al., 2006): 6Qg (yi¢|%;0) /6% .

4.3. Implementation

We estimate a set of linear regression models using the quantile regression approach. In
particular, we concentrate on regressions on the following quantiles of the growth rate
distribution: (a) ¢10, g25 which we label as contracting firms; (b) ¢50, representing firms that
are unable to grow; (c) ¢75 and ¢g90 which identify firms more active in terms of growth. The
full model is based on the common econometric model used to evaluate the growth
performance of business firm (Hall, 1987; Audretsch and Dohse, 2007; Coad and Rao, 2008)
but is augmented with a set of indicators that allow to investigate the different aspects of

spatial and geographical distribution of firms:

ASi,t = al + 2‘1:5,50’100 }/MAR 'RSi,t (d) + Zd:S,SO,]OO 7JAC'RDI',[ (d) +
+ Zdzs,so,loo Yz RS, (d)* DTechLow, + ZH,SOJOO Ve RD,,(d)* DTechLow, + (1)
+B\SB,+ B, X, + B Z,, +€,

13



where As;, is the rate of growth of the i-th firm from year ¢-/ to year ¢ calculated as

difference in logs of size of firm, s;,_, = Log(S,,_

) is the lagged firm size given by the

logarithm of number of employees:

Asm = LOg(Sl-J) - LOg(Si,H )

RS, ,(d), for d=5, 50 and 100 are the firm-specific measures of industry specialization used
to assess the Marshallian externalities at different distances (see Section 4.2.1). RD, (d), for

d=5, 50 and 100 Kilometers are the firm-specific measures of locational diversity used to
assess the Jacobian externalities (agglomeration effects) related with the so called economies

of urbanization. RS, (d)and RD,,(d) are interacted with dummies for firms belonging to

low and medium-low technology sectors.

SP; is a vector of additional aggregate measures of spatial interactions. The specialization and
locational diversity explanatory variables to capture agglomeration externalities are firm-
level and hence computed using data of the firms of our sample. As already mentioned, our
sample excludes the multi-plant firms, which typically consist of big multinational
corporations. This exclusion may 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 multi-plant firms, using regional aggregated data. In
particular, we compute region-level indicators of specialization and diversity® and include
them in the regression model to capture the unobserved influence of multi-plant firms in
generating agglomerations and spillovers thus reducing the potential for biases in the
estimates. In particular, we used the location coefficient to capture specialization effects, the
inverse of Krugman index to measure diversity, a dummy to signal that firm belongs to a
district and the distance from the closest highway (expressed in kilometers) to proxy
accessibility. X;, is a vector of “standard” determinants of growth, namely, size given by the

logarithm of number of employees, age, ., measure the number of years since the firm was

it-1°

established (logarithm), quadratic terms for age and size of firm together with their

* As an indicator of specialization we employ the common “location quotient” 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 employ the inverse of the Krugman specialization index
(McCann, 2001; de Vor and de Groot, 2010) 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.

14



interaction term (cit.), financial constraints measured by the cash flow, the past performances
of firm measured by labor productivity. Z;, is a vector of three systems of dummy variables
to control for year, sector of activity and geographical area of activity. Disturbances terms are

givenby ¢,,.

5. Results

Let us start examining some descriptive statistics of our sample. A detailed description of our
sample is provided in Table 1 which 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 negative skew. Firms are 21 years old
on average. The 90" percentile of the firm age (38) years shows that the firms in our sample

are relatively young.

<insert table 1 around here>

<insert table 2 around here>

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 biased estimation
of coefficients if their distribution departs from normality. In order to investigate the shape of
growth rate distribution we compared the actual distribution with a kernel density estimation
and with the corresponding fitted normal distribution. Figure 1 shows the results for 5 years
growth rates. The distribution departs significantly from normality, especially for the values
around the mean where we observe a peak of frequency and in the tails that appear to be

fatter than those of normal distribution.’

<insert Figure 1 around here>

® We run a set of test of normality of FP (Fligner and Policello) that confirm this visual inspection: the null
hypothesis of normality is rejected at the usual significance level.
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Table 3 presents the results of the separate quantile regressions for small (less than or equal to
50 employees) and medium-large firms (more than 50 employees) in which we consider as a

dependent variable one year growth rates (As,,). We split the sample according to the firm

size starting from the assumption that the firm size is a mediator in the relationship between

the spatial determinants and the growth of firm.°

As for the standard determinants of growth we observe that the variable Age has a negative
effect on growth for all firms (See Table 3): as firms get older they appear less prone to grab
opportunities of growth. The bigger is the growth performance of firms the stronger is the
negative linkage. Indeed, coefficients range from -0.06 for ¢/0 small firms to -0.17 for ¢90
small firms with higher ability to grow. Similarly for large firms these coefficients range
from -0.05 for ¢/0 firms to -0.26 for g90 firms. The effect is non linear as witnessed by the

significance of the coefficient of age squared.

The variable Size has a significant effect even if the heterogeneity of signs ad magnitudes
reveal that: (a) more dynamic small firms (¢90) grow more if they are smaller (the two
coefficients are respectively -0.11 and -0.30); (b) the other group of small firms that are
growing (q75) experiments a positive effect of size: their size works as a moderating factor
for their negative growth abilities; (b) regardless the growth performance larger firms reduces
their growth abilities as they become bigger. The interaction term between size and age is

always significant meaning that the two characteristics amplify the effects.

Past labor productivity has always a positive and significant effect signaling that the
evolutionary arguments related to selection of firms based on their performances are in place
even if the small magnitude of the coefficients suggests that current success of firm is based

also on other dimensions.

Liquidity constraints represent a key factor that can impede growth. The coefficient of
cashflow (an inverse proxy of liquidity constraint) is significant for all the groups of firms.
Such factor is more and more important for small firms as they loose ability to grow
(coefficient range from 0.09 for gazelle to 0.23 for ¢/0 worst performing firms). Large firms
present more homogeneous values of the coefficient ranging from 0.25 for ¢g/0 firms to 0.17

for best performing firms.

® We follow a procedure similar to that of Brenner et al. (2012).
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With respect to the spatial antecedents of growth, a preliminary remark is necessary: the
influence of the spatial factors is different according to size and technological level of firms.
For both small and medium-large firm there are not MAR externalities in place. Whereas for
small firms (with the exception of the group of highly shirking firms) agglomeration
externalities emerge: the coefficient is positive and significant (around 0.01 of magnitude).
The location quotient has a significant positive impact on small firms with coefficients
ranging from 0.0024 for shirking firms to 0.0039 for ¢90 small firms (the group of highly
shirking firms is an exception indeed its coefficient is not significant). This result has to be
interpreted in terms of the opportunity of controlling for specialization phenomena related
with multi-plant firms that are not present in our sample. Hence, inserting this term we
successfully control for such phenomenon. If we consider the information taken form MAR
coefficient we can conclude that the specialization related only to single plant firms does not
generate any positive spillover whereas such positive effect emerges once we consider all the

firms.

With a similar argument we used a proxy of the diversity of environment at provincial level
the concentration inverse of the Krugman specialization index. In this case the effect of this

source of diversity externalities is not significant for any group of firms.

Low and medium-low technology firms are influenced by MAR and JAC externalities. The
interaction terms included in the regressions, indeed, reveal that medium-large firms in the
low technology sectors are negatively influenced by MAR externalities (i.e. competitive
forces seems to prevails over positive externalities) at SKm the coefficient are negative
(around 0.002) for shirking firms. At greater distances MAR and JAC have a non-linear
effect. At 50km there emerges a positive effect over high growth firms (0.03) whereas at

longer distances 100km a negative effect is in place (-0.05).

Small firms falling below the 10™ percentile from low technology sectors benefit from short
distance externalities both of JAC and MAR: the two coefficients are respectively 0.002 and
0.03. Nonetheless, at greatest distance the group experiments a large and significant negative

effect of diversity (-0.4).

Small high shirking firms have a negative effect of MAR at high distances (-0.01 at 100km).
High growth firms (gazelles) benefit from MAR at short distances (0.002); (c) small
contracting firms are negatively influenced by MAR at longest distances (-0.01 and 0.02).
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Accessibility, as measured by the distance from the access to the motorway network, has
apparently a negative effect on growth. Nonetheless, the significance of the interaction term
between accessibility and the dummy variable signaling the small size (<50) suggests that
accessibility does matter for small firms. The accessibility plays a positive role for micro
firms as confirmed by the interaction term given by the dummy of micro firms (less than 10
employees) and the logarithm of the distance from highway gates. Conversely the larger

firms seem to have a negative effect.

The dummy variable introduced to identify firms belonging to a spatial cluster (district)
reveals that large firms that experience a contraction tend to benefit from being located in a
cluster (their negative growth rate is small because of the cluster). While fast growing large

firm are constrained in growth performances by staying in the cluster (-0.005).

<insert table 3 around here>

6. Conclusions

7.

In this paper we carried out an empirical re-assessment of how localization economies shape
the patterns of firm growth. Our investigation departs from earlier research insofar as we
adopts fine-grained indicators of geographical location. In particular, we use the Getis’ local
K-function (Getis, 1984) to define firm-level indicators that endogenize the emergence of
geographical economies while addressing two methodological problems typical of the region-
level measures: (a) discretionality in the definition of the spatial observational units; (b) the
restrictive assumption of spatial homogeneity within regions. Drawing on this methodology
we can empirically distinguish between Marshall-Arrow-Romer externalities (MAR) and
Jacobs externalities (JAC). The former refer to knowledge spillovers between firms of the
same industry, labor market pooling, transport saving cost, 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,

urbanization externalities.

The exploration involves a large sample of small and medium Italian firms operating in the

manufacturing sector over an eight-year period. To analyze the data we resort to a quantile
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regression framework that allows us to properly account for the distinctive characteristics of

the growth rate distribution.

The results that can be summarized as follow. First, small as well as medium sized firms are
affected in a different way by MAR externalities and Agglomeration/ diversity effects (JAC).
Second, small firms that in the recent past experienced slightly negative growth performance
are positively influenced by JAC diversity: furthermore, this effect raises if they operate in
low technology sectors at shortest distances. Third, firms that scored quite well in terms of
growth in low technology sectors are able to jointly exploit both MAR and JAC externalities.
Forth, our analysis reveals that the effect associated with the two types of agglomeration
economies varies with the distance used to compute the location indicators. Specifically, the
growth opportunities of medium-large firms operating in low technology sectors are
negatively affected by MAR externalities and positively influenced by JAC externalities at 50
kms.

A few implications for policy makers and business practitioners are worth considering. On
one side, the opposite effects that geographical spillovers bear on firms that differ in terms of
their size, of the technological environment faced and in terms of the past growth they
experienced, suggests that a “one fits all” approach to industrial policy can fail to achieve the
desired outcomes or even damage the opportunity of growth within a given territorial area.
On the other side, managers should be aware 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 to exploit them as a

growth factor.
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Table 1: Descriptive statistics of variables used in the analysis.

Variable Variable N min max mean sd p25s median p75
name description
Size number of 75258 2.00 920.00 49.68 54.65 21.00 34.00 57.00
(s) employees (L)
age Age of firm 75258 0.00 132.00 21.83 12.78 13.00 19.00 27.00
Cashflow Proxy for financial =~ 75258 -1.50 1.05 0.02 0.05 0.00 0.01 0.03
(cf) constraints
labor_prod Labor productivity 75258 0.58 5301.48 187.11 173.87 98.04 140.06 213.81
(Ip) (VAL)
Accessibility Distance from 75258 0.01 387.97 11.63 25.21 3.75 7.26 13.42
(acc) highway access
One year Growth rate in terms 66896 -1.91 3.01 0.01 0.15 -0.06 0.00 0.08
growth of number of
(g)) empolyees
Three years | Growth rate interms 50172 -1.94 2.96 0.03 0.26 -0.11 0.00 0.15
growth of number of
(g3) empolyees
Five years | Growth rate in terms 33448 -2.46 3.56 0.04 0.34 -0.14 0.03 0.21
growth of number of
(g5 empolyees
MAR Skm Getis K function 74133 0.00 144.16 2.70 533 0.00 1.02 291
(MARS) within sector at 5
Km
MAR S50km Getis K function 74133 0.00 21.90 1.48 1.32 0.83 1.16 1.61
(MARS0) within sector at 50
Km
MAR 100km Getis K function 74133 0.00 8.12 1.25 0.75 0.85 1.10 1.41
(MAR100) within sector at 100

Km



JAC 5km
JACH)
JAC 50km
(JACS0)
JAC 100km
(JAC100)
Low tech
sector
(DLT)
Low-medium
tech sector
(DLMT)
mid-high
tech sector
(DMHT)
High tech
sector
(DHT)
Du_area 1
(DA1)
Du_area_2
(DA2)
Du_area_3
(DA3)
Du_area_4
(DA4)
SMALL

District
(dis)

Getis K function (all
firms) at 5 Km
Getis K function (all
firms) at 50 Km
Getis K function (all
firms) at 100 Km
Dummy for OECD
low sector firms

Dummy for OECD
low-medium sector
firms
Dummy for OECD
medium-high sector
firms
Dummy for OECD
high sector firms

Dummy north east of
Italy
Dummy north west
of Italy
Dummy center of
Italy
Dummy south of
Italy
Dummy for micro
firms (lees than 20
employees)
Dummy for firms
belonging to
industrial districts

74133

74133

74133

75258

75258

75258

75258

75258

75258

75258

75258

75258

75258

0.00

0.00

0.00

0

118.86

713.14

104.15

1.16

1.23

1.09

0.41

0.31

0.25

0.03

0.41

0.36

0.17

0.06

0.21

0.51

2.81

8.37

2.00

0.49

0.46

0.43

0.17

0.49

0.48

0.38

0.23

0.41

0.49

0.77

0.95

0.97

1.00

0.99

0.99

1.05

1.02

1.01




Table 2: Correlations among variables used in the analysis.

S age gl g3 g5 cf Ip acc
size 1
O
age 0.1468%* 1
0
Growth 0.0629*  -0.0809* 1
(g
0 0
3 years 0.1268*  -0.1180* 0.5737* 1
growth
(g3) 0 0 0
5 years 0.1772*  -0.1230%* 0.4427* 0.7773* 1
growth
(g5) 0 0 0 0
Cashflow -0.0160*  -0.0151* 0.0643* 0.0862* 0.0854* 1
(ch
0 0 0 0 0
labor_prod | -0.1000* -0.0116* -0.0236* -0.0268* -0.0285* 0.0577* 1
(p)
0 0.0015 0 0 0 0
Accessibility | 0.0184*  -0.0119* 0.0025 0.008 0.0124* -0.0230* -0.0206* 1
(acc) 0 0.0011 0.5157 0.0728 0.0238 0 0




Table 3: Quantile regressions for small and micro firms and large firms. Dependent variable: one year growth rate.

Small and micro firm (£ 50)

Medium-large firms (> 50)

Quantiles of ql10 q25 q50 q75 q90 ql10 q25 q50 q75 q90
growth
distribution:
age(t-1) 20.0618%%  -0.0525%%%  _0.0816%**  -0.1104%%*  -0.1697*** | -0.0585%%  -0.0872%**  _0.1349%F*  _02314%%%  _02618%**
-0.025 0.013 0.01 0.018 0.033 0.028 0.026 0.025 0.037 0.052
age’(t-1) 0.0066** 0.0044** 0.0068***  0.0075%**  0.0115%** | 0.0049 0.0039 0.0061%*%  0.0093***  0.0106**
0.003 0.002 0.001 0.002 0.003 0.004 0.003 0.002 0.003 0.005
s(t-1) 0.1730%*%  0.0625%**  0.0642%* 0.1103%%%  _0.3008%%* | -0.5754%%%  _0.5168%*¥*  .0.6058%F*  _0.8377¥¥x  _].345]%*x
0.041 0.011 0.027 0.027 0.043 0.031 0.033 0.037 0.073 0.185
sX(t-1) -0.0474%¥%  .0,0281%%%  _0.0301%**  -0.0102***  0.0065 0.0540%%%  0.0470%**  0.0542%%%  0.0731%%%  0.1256%**
-0.006 0.003 0.003 0.004 0.007 0.003 0.003 0.004 0.008 0.019
s(t-1)*age(t-1) | 0.0084 0.0081%* 0.0103%*%  0.0141%%%  0.0218*%** | 0.008 0.0130%*%  0.0184%F%  (.0318%%%  (,0330%*
0.006 0.004 0.003 0.004 0.005 0.006 0.003 0.005 0.005 0.007
cf(t-1) 0.2381%*%  0.1726%**  0.1274%%%  0.0985%%%  0,0024*** | 0.2530%**  0.2153%F*  (02210%**  0.2159%**  (,]727%**
0.031 0.019 0.015 0.021 0.031 0.037 0.02 0.027 0.033 0.036
Ip(t-1) 0.0001***  0.0001***  0.0001*¥**  0.0001***  0.0001*** | 0.0000%¥**  0.0001***  0.0001***  0.0001***  0.0001%**
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
MARS5 -0.0034 -0.0009 -0.0004 -0.0015 -0.001 -0.0014 0.0003 -0.0009 -0.0022 -0.004
0.003 0.002 0.001 0.001 0.002 0.002 0.001 0.001 0.001 0.003
MARS50 -0.0064 -0.0029 -0.0028 -0.0042 -0.0109 0.0003 -0.0002 0.0047 0.0047 -0.0042
0.006 0.004 0.003 0.004 0.008 0.007 0.005 0.005 0.006 0.007
MAR100 0.0028 0.0012 0.0016 0.0047 0.001 0.0094 -0.0028 0.0011 -0.0034 0.008
0.013 0.005 0.005 0.006 0.013 0.008 0.007 0.006 0.008 0.011
JACS 0.0033 0.0009 -0.0008 -0.0020% -0.0023 0.0014 0.0018 0.0029% 0.0006 -0.0008
0.002 0.002 0.001 0.001 0.002 0.003 0.002 0.002 0.002 0.003




JAC50 -0.0019 0.0094**%  0.0086** 0.0102%%%  0.0101** | 0.0049 -0.004 -0.0017 0.0042 0.0104
0.007 0.003 0.004 0.003 0.005 0.008 0.005 0.003 0.004 0.01
JAC100 0.0078 -0.0053 -0.0047 -0.0051 -0.0004 -0.0097 0.0051 0.0011 -0.0003 -0.001
0.009 0.004 0.004 0.005 0.005 0.009 0.006 0.004 0.006 0.011
MLT*MARS | -0.0008 -0.0003 -0.0002 0.0007 0.0022*%* | -0.0024 -0.0029%*%  -0.0018***  -0.0011 -0.0018
0.001 0.001 0.001 0.001 0.001 0.002 0.001 0.001 0.001 0.001
MLT*MARS0Q | 0.0161% 0.0090* 0.0065 0.0079* 0.0062 0.0022 0.0105 0.0081 0.0026 0.0383%*
0.009 0.005 0.004 0.005 0.008 0.01 0.007 0.007 0.005 0.018
MLT*MAR100 | -0.0124 -0.0182%*  -0.0081 -0.0157* -0.0154 -0.0125 -0.0146 -0.0149 -0.0055 -0.0582%*
0.013 0.008 0.009 0.009 0.016 0.011 0.012 0.011 0.01 0.029
MLT*JACS -0.0222 -0.0028 0.0062 0.0192 0.0320%* | -0.0274 -0.0409%%%  -0.0204%**  -0.0203 -0.0346
0.027 0.015 0.01 0.015 0.015 0.026 0.016 0.011 0.016 0.03
MLT*JACS0 | 02434 0.1469* 0.1043* 0.1535%%  0.1255 0.038 0.1644* 0.1855* 0.0842 0.5371%*
0.165 0.079 0.056 0.067 0.124 0.145 0.091 0.099 0.082 0.22
MLT*JAC100 | -0.1702 -0.2771%%  0.1709 20.3272%%%  -0.4446* -0.105 -0.2371% -0.2347 -0.1022 -0.7040%*
0.226 0.124 0.115 0.12 0.229 0.166 0.143 0.144 0.125 0.354
LQ x 0.0021 0.0024**  0.0031***  0.0028***  0.0039** | 0.0014 0.0006 0.0006 0.0013 0.0012
0.002 0.001 0.001 0.001 0.002 0.001 0.001 0.001 0.002 0.002
RDI -0.0001 0 0.0001 -0.0006 -0.0002 0.0005 0.0005 -0.0002 -0.0001 0
0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.002
Dis 0.0021 0.0019 0.002 0.0012 -0.0013 0.0057**  0.0009 0.0007 -0.0018 -0.0057
0.003 0.002 0.002 0.002 0.002 0.003 0.002 0.002 0.003 0.004
ace 0.0212%%%  0.0144%¥%  0.0136***  0.0165%**  0.0178*** | 0.0026 0.0017 0.0027%*  0.0022% 0.0059%**
0.002 0.001 0.001 0.001 0.001 0.002 0.001 0.001 0.001 0.002
acc*SMALL -0.0649%%%  .0.0496%**  _0.0448%*F*  .0.0544%*x  _0,0715%**
0.002 0.001 0.001 0.001 0.002
DLM2 0.0563 -0.1378 -0.0573 -0.1563%*  -0.2848** | -0.0997 -0.1136 -0.0803 -0.0311 -0.2134
0.123 0.095 0.077 0.074 0.129 0.101 0.082 0.072 0.085 0.17
DMH3 0.0664 -0.1312 -0.0515 -0.1538%%  -0.2804** | -0.0963 -0.1108 -0.0801 -0.0354 -0.2232
0.125 0.097 0.079 0.075 0.131 0.101 0.082 0.072 0.086 0.168
DH4 0.0639 -0.1299 -0.0633 -0.1604%%  -0.2851%* | -0.0963 -0.1177 -0.0824 -0.0288 -0.2128




0.126 0.096
0.079
0.074
Du anno 2 0.127 0.103 0.082
= B 0.0208*** 0.0218%** 0.0204%%% . 0.073 0.084 Q
0.005 : 0.0293*** 0 .17
D 0.004 0.004 [0372%%3% 0.02] 5%
u_anno_3 0.0364%** ’ 0.004 ’ 0.0189%** 0.0246*
- 0.0320%** 0.0335%%* 0.03 0.006 0.005 0.005 .0246%** 0.0282%%* 0.0320%%+
.003 L0371 %% .004 0
Du_anno_4 olazr 001agees 0.004 0,004 o 0028855 003065 003505 0 MMM 0.009
0.006 0 0.0249%*%* 0 1004 0.0 .
004 0341 %% .003 0
Du_anno_5 0.0202%%%  (,0274%%* 0.003 0.003 0.005 N.SS*I 0.0116%*%  0.0207*** o.NMM o
. 0.0366% . 005 0 . 0293%%%  0.0350%**
0.006 0 0.0431%** 0 .004 0.0 .0350
005 L0444 %% .003 0.0
—U:|N==O|Q -0.0489%** 0.02] %%+ 0.004 0.003 0.005 NAMwmo*** 0.0373%3* 0.0475%%+* 0 OMMM* 0.006
-0. 0.0022 . 007 0 . *% 0.0607%**
0.004 0.0148%*** .006 0.00 .0607
Du_anno_7 10.0061 Q%E 0.003 0.003 NNMW*** 00057 00025 0 O_Mi** 0.004 0.007
! . . -0.0083** 0.002 . A 0.0 . 0.0235%%*
10026 005 0. 0.0244%**
0.005 0 0.0055 0 .003 0.0 .
004 .0034 ) .004 0.0
Du_anno_8 -0.0135%* 0.0043 0.003 0.004 0.004 Qo.aooﬁ -0.0049 0.0011 0 oMMm 0.006
e -0.0007 ) .005 0 . 0.000
0.006 0.003 0.0027 -0.0034 004 0.003 00 2
. -0.0027 0.0 . : 0.0 0. -0.001
-0.013 1 *** .006 0 . 6 -0.00
0.01 -0.0282%+ %% .004 0 .0075
0.006 -0.0641%** .003 0
DA2 0.004 -0.0115 0 .004 0.007
-0.0025 0.0 0.006 0 -0.009 -0.0268% :
-0.0075 -0.008 .007 0.012 : 20,0393 %
X 5% . . 0.00 -0.0602%%**
0.01 0.0152%* .007 0
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Figure 1: Binned empirical and fitted distribution of growth rates.
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