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Distance-based agglomeration externalities and neighbouring
firms’ characteristics
Giulio Cainellia and Roberto Ganaub

ABSTRACT
This paper tests the hypothesis that firms with different characteristics can differ in their capability to produce local
externalities by investigating the relationship between firm-specific distance-based weighted agglomeration measures
and firms’ short-run productivity growth in the Italian manufacturing industry. The results suggest that positive
localization economies increase with distance when neighbouring firms’ characteristics are accounted for.
Diversification-type forces have negative effects on productivity growth at short distances, while there are positive
effects at longer distances regardless of the weighting scheme considered. Moreover, the negative effect of inter-
industry externalities seems to persist over distance when neighbouring firms’ characteristics are accounted for.
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INTRODUCTION

The spatial agglomeration of economic activities is a
remarkable feature of the economic geography (EG) of
many countries, regions and local systems (Porter, 1990).
Silicon Valley (Saxenian, 1994), the carpet manufacturing
industry in Dalton, Georgia (Krugman, 1991), and the Ita-
lian industrial districts (Becattini, 1990) are well-known
examples of a general and complex phenomenon.

Since Marshall’s (1920) seminal contribution, investi-
gations into the determinants and main features of geo-
graphically agglomerated areas have proliferated in the
fields of economics and EG, and have identified three
different mechanisms which may induce firms to co-
localize: the availability of skilled labour (labour market
pooling), the access to specialized suppliers (shared
inputs), and the spread of interfirm knowledge spillovers
(Glaeser, Kallal, Scheinkman, & Schleifer, 1992; Hen-
derson, Kuncoro, & Turner, 1995). Theoretical and
empirical contributions suggest that firms located in an
agglomerated area benefit from these local externalities,
which contribute to reductions in production costs. Sev-
eral studies have attempted to understand whether
agglomeration forces (in particular, localization and
diversification economies) play a role in explaining

firms’ economic performance, in particular measured as
total factor productivity (TFP).

This literature generally assumes that agglomerated
firms have similar characteristics (e.g., in terms of size, pro-
ductivity and technology). The hypothesis of firm hom-
ogeneity (Alcácer & Chung, 2007) implies that all the
firms located in a given geographical area contribute in
the same way, and with the same intensity, to the pro-
duction of agglomeration externalities. For example, Sha-
ver and Flyer (2000) underline that the theoretical
economic models proposed by Romer (1986), David and
Rosenbloom (1990) and Rauch (1993) make this assump-
tion (or assume that firms are ‘small’ relative to the industry
output), thus assuming also that firms do not have differen-
tial effects on local externalities.

Some recent EG contributions have shown that the co-
existence of firms with different characteristics is a wide-
spread phenomenon within clusters, industrial districts
and local productive systems (Wang, 2015). Within
agglomerated areas, firms can be small or large, technologi-
cal leaders or laggards, more or less productive. If firms dif-
fer in some characteristics, they should also differ in their
capability to produce externalities. In other words, a firm
cannot be seen only as a ‘receiver’ of local externalities as
suggested by many theoretical economic models, but also
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as a potential ‘source’ of these local effects. In fact, as under-
lined by Alcácer and Chung (2007, p. 761) ‘firms are
neither equally equipped to receive knowledge nor homo-
geneously willing to serve as sources of spillovers’.

The aim of this paper is to contribute to this debate. It
analyses a large sample of Italian manufacturing firms to
investigate empirically the relationship between agglomera-
tion (localization- and diversification-type) externalities
and firms’ short-run productivity growth by explicitly test-
ing the hypothesis that neighbouring firms’ characteristics
influence the generating process of local externalities.
This hypothesis is tested using firm-specific distance-
based weighted agglomeration measures constructed to
account for the size and TFP of the neighbouring firms.
This allows one to capture the role played by firms’ charac-
teristics in generating externalities. The idea is that spatial
agglomeration forces may depend not only on the number
of co-localized firms (i.e., critical mass effect) but also on
their characteristics since firms may contribute differently
to the production of local externalities depending on their
characteristics.

This paper makes another contribution to this literature
by relaxing the modifiable areal unit problem (MAUP),
which refers to the arbitrary choice of the spatial partition
used to analyse geographically based phenomena (Arbia,
2001).1 Many studies on the agglomeration–firm pro-
ductivity relationship use predefined geographical units of
analysis to capture agglomeration forces. However, local
labour markets (LLMs) and administrative (e.g., NUTS-
2 or NUTS-3) regions do not necessarily coincide with
real economic areas. This paper tackles this issue by using
distance-based agglomeration measures computed within
continuous and non-overlapping distance bands defined
around each firm in the sample.

The paper is organized as follows. The next section dis-
cusses the related literature. The third section presents the
data and the methodology adopted. The fourth section
reports and discusses the empirical results. The fifth section
concludes.

RELATED LITERATURE

Agglomeration and firm productivity
The literature on agglomeration economies identifies two
main forms of local externalities arising from the geo-
graphical concentration of economic activities, i.e., localiz-
ation and diversification externalities. Localization
externalities arise from the spatial concentration of firms
operating in the same industry, and their relevance dates
back to Marshall’s (1920) contribution on the industrial
district concept. The key idea is that firms located close
to other firms operating in the same industry benefit
from reduced transportation costs, emergence of external-
scale economies, availability of specialized workers and sup-
pliers, and diffusion of intra-industry knowledge and tech-
nological spillovers which reduce production costs, thus
fostering efficiency and economic growth (Glaeser et al.,
1992; Duranton & Puga, 2004). Conversely, diversification
externalities arise from the geographical concentration of

firms operating in different industries. The main advan-
tages derived from location in a highly diversified environ-
ment are related to the availability of inputs from suppliers
operating at different stages in the production chain, and
cross-fertilization among existing ideas and technologies
favoured by the variety of the local economic structure
(Jacobs, 1969).

Studies of the role played by these types of agglomera-
tion economies on productivity and firms’ TFP growth
have become especially relevant in the last 15 years (e.g.,
Cainelli, Iacobucci, & Ganau, 2016; Cainelli & Lupi,
2010; Cingano & Schivardi, 2004; De Lucio, Herce, &
Goilcolea, 2002; Henderson, 2003; Marrocu, Paci, &
Usai, 2013; Martin, Mayer, & Mayneris, 2011). However,
similar to investigations of the impact of agglomeration
forces on employment growth (e.g., Cainelli & Leoncini,
1999; Mameli, Faggian, & McCann, 2014; Paci & Usai,
2008), the empirical results from this research strand are
rather puzzling. For example, De Lucio et al. (2002) find
a positive effect of industrial variety and a ‘U’-shaped effect
of localization externalities on labour productivity at pro-
vince level in Spain. Henderson (2003) finds positive
effects of localization economies on productivity at plant
level in US high-tech industries, but not in machinery
industries, and finds little evidence of diversification econ-
omies. Cingano and Schivardi (2004) find positive effects
of localization, but negligible effects of diversification
externalities on TFP growth at the LLM level in Italy.
They also find negative effects of localization and positive
effects of diversification externalities on employment
growth. Martin et al. (2011) find that French firms’ pro-
ductivity benefits from localization, but not from diversifi-
cation economies. However, the benefits from industrial
clustering (although highly significant from a statistical
point of view) are quite modest in magnitude. Fazio and
Maltese (2015) find that the effect of agglomeration forces
on Italian small- and medium-sized firms’ performance
varies depending on whether the level or growth of TFP
is considered: TFP levels are influenced mostly by
localization externalities, while TFP growth is higher in
the presence of diversification (and competition) external-
ities. Finally, Cainelli et al. (2016) find that the effect of
localization externalities is stronger than the effect of diver-
sification externalities on Italian manufacturing firms’TFP.

Neighbouring firms’ characteristics and
agglomeration externalities
A limitation of this literature concerns the hypothesis of
firm homogeneity. Previous works assume (explicitly or
implicitly) that firms located in an agglomerated area
have similar characteristics, e.g., in terms of size, pro-
ductivity and technology. It is not surprising that ‘firms
operating in industrial districts have been traditionally
modelled as undifferentiated and characterized by low var-
iance in their strategies and business models’ (Munari,
Sobrero, & Malipiero, 2012, p. 430). Since ‘firms not
only capture benefits from agglomeration economies, but
they also contribute to agglomeration economies’ (Shaver
& Flyer, 2000, p. 1175), the homogeneity hypothesis
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implies that all the firms located in a given geographical
area contribute in the same way, and with the same inten-
sity, to the production of local externalities.

This implication sounds unrealistic. As suggested by
some EG papers, firms differ not only across countries
and industries but also across regions and local systems
within the same country (Almeida & Kogut, 1999; Saxe-
nian, 1994). This means that firms with different charac-
teristics can differ in their ability to identify, absorb,
utilize and generate new knowledge and information
(Alcácer & Chung, 2014). This is true both when firms
act as ‘receivers’ of local externalities, and when they act
as potential ‘sources’ of local externalities. Therefore,
firms with different characteristics may influence in differ-
ent ways the production of externalities (Alcácer & Chung,
2007). For example, firms with a higher technological
endowment may generate more externalities (e.g., local
knowledge spillovers) than firms with a lower technological
endowment. Similarly, firms employing highly educated
workers may generate more local externalities than firms
employing less educated workers. It follows that this
form of ‘firm heterogeneity in technological capabilities’
(Wang, 2015) may determine different contributions by
firms to the production of externalities.

This strand of EG studies suggests that the agglomera-
tion phenomenon cannot be seen only as a mechanism of
‘appropriation’ of local externalities; it is also a mechanism
for their generation. Hence, neighbouring firms’ character-
istics should be accounted for to capture this second
dimension of the agglomerative process. In this respect,
‘new’ weighted agglomeration measures should capture
better the agglomeration phenomenon as a mechanism
generating local externalities if it is true that firms’ charac-
teristics influence the way these units contribute to the
externality-generation process.

The spatial dimension of agglomeration
Another weakness of this literature concerns the choice of
the geographical unit used to analyse the agglomeration–
firms’ productivity relationship. According to the MAUP,
the discretionary choice of the spatial unit may introduce
statistical biases related to the level of aggregation and the
geographical scale (Arbia, 1989). The majority of these
studies captures agglomeration forces through predefined
geographical units (e.g., LLMs, NUTS regions) which
vary in size and shape, and are characterized by arbitrary pre-
defined boundaries (independently of the criteria adopted
for their definition). In particular, these geographical units
do not necessarily coincide with real economic areas.

Therefore, the MAUP may help explaining the differ-
ent results in the literature. In fact, these differences may be
due to the different geographical units considered, besides
differences in agglomeration measures (Beaudry & Schif-
fauerova, 2009; Burger, Van Oort, & Van der Knaap,
2010; Rosenthal & Strange, 2003). For example, Briant,
Combes, and Lafourcade (2010) compare different French
zoning systems to analyse the magnitude of the distortion
arising from the MAUP in the context of spatial concen-
tration, agglomeration economies and trade determinants.

They show that the size component matters, while the
shape component matters less. Similarly, Burger et al.
(2010) find that the effect of agglomeration forces on
employment growth in the Netherlands significantly varies
over scales considering different geographical levels of
aggregation (municipality, district and region).

It follows that the geographical scale at which agglom-
eration phenomena are analysed is a critical issue since
agglomeration forces may produce different effects at
different spatial scales (Olsen, 2002). Moreover, their
effects are likely to attenuate over space (Rosenthal &
Strange, 2008). This is likely when distinguishing between
localization and diversification externalities, as well as
between market- and knowledge-based externalities within
each type of agglomeration force (Martin, 1999).

Arbia (2001) suggests relaxing theMAUP using micro-
geographical data, thus moving the analysis from the meso-
to the micro-geographical level.2 The idea is to consider the
firm as the spatial unit of analysis and to treat the space as
continuous in order to avoid the use of predefined spatial
areas. Therefore, the sample of firms is treated as a spatial
points pattern where each unit represents an individual
point identified by its geographical coordinates.

Moving from the contribution by Sorenson and Audia
(2000), who capture local density effects in the US footwear
industry through cumulative pairwise distances among
plants, the use of micro-geographical data in the analysis
of spatial agglomeration forces has increased. Two main
micro-geographical distance-based methods have been
explored in the analysis of agglomeration forces. One
method employs distance-decay functions, where cumu-
lated geocoded firms are discounted by geographical or tra-
vel-time distances (e.g., see Duschl, Schimke, Brenner, and
Luxen, 2014, and Duschl, Scholl, Brenner, Luxen, and
Raschke, 2015, for the German case). The other approach
employs distance bands and consists in counting geocoded
firms within (or at) specific radii, so that distance-based
agglomeration measures are computed within distance
bands identified around each firm in the sample to evaluate
the space component of the agglomeration phenomenon.

Focusing on the latter approach, i.e., the one adopted in
this paper, only few contributions have tried to overcome
the MAUP modelling agglomeration forces through dis-
tance bands. Among these works, Rosenthal and Strange
(2003) provide an industry-level analysis of localization
and diversification externalities computing employment-
based agglomeration variables through a set of concentric
rings defined around the centroid of each ZIP code in
the United States up to 15 miles. Baldwin, Beckstead,
Brown, and Rigby (2008) analyse the effects of Marshall’s
(1920) three sources of agglomeration economies on Cana-
dian plants’ productivity, finding that the agglomeration of
plants in the same industry has positive effects only within
10 km from the reference firm. Eriksson (2011) computes
plant-specific measures defined within distance bands of
radii 0.5, 5 and 50 km to analyse the impact of spillovers
and knowledge flows on Swedish plants’ productivity
growth. In this work, the author finds that the density of
economic activities has positive effects within short
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distances, intra-industry spillovers have greater impacts at
increased distances, while the presence of different but
related industries matters at short distances. Deltas, De
Silva, and McComb (2015) capture localization external-
ities in the Texas software industry through employment-
and firm-based agglomeration variables computed within
concentric rings of radius up to 25 miles, which approxi-
mates a county-level analysis. Cainelli and Lupi (2010)
and Gabriele, Giuliani, Corsino, and Espa (2013) rep-
resent the only contributions adopting such an approach
for the Italian case. Cainelli and Lupi (2010) analyse a
sample of about 23,000 Italian manufacturing firms
observed over the period 1998–2001, and find that localiz-
ation effects are positive within 2 km, but decreasing over
distance. On the contrary, diversification effects are nega-
tive up to 10 km, but positive between 10 and 30 km. Gab-
riele et al. (2013) analyse a sample of about 8300 Italian
manufacturing firms observed over the period 1996–2004
and find that small-sized firms’ growth is fostered by local-
ization externalities, while medium- and large-sized firms
benefit more from diversification externalities. However,
they do not find evidence of spatial nonlinearities of
agglomeration forces.3

Although these contributions relax the MAUP by
adopting a distance bands-based approach, they also intro-
duce an arbitrary element concerning the definition of the
distance bands within which agglomeration forces are cap-
tured. This work contributes to this issue by performing a
hierarchical cluster analysis in order to limit the arbitrary
component in the identification process of the distance
bands. Specifically, distance bands are identified in three
steps: first, a maximum distance threshold value is chosen;
second, a set of distance bands is defined within it, and
density measures are computed within each band; and
finally, a hierarchical cluster analysis is performed on the
arbitrary predefined distance bands to reduce redundancy
and statistically identify a reduced number of bands
which may be meaningful to capture agglomeration forces.

DATA AND METHODOLOGY

The dataset
The empirical analysis employs an Italian firm-level bal-
ance sheet dataset covering the period 2003–12, which is
drawn from the AIDA databank (Bureau Van Dijk). The
investigation is conducted using three different, but nested,
samples in order to maximize the sample size at each of the
three steps of the empirical exercise. The original sample
was cleaned to remove firms with missing or inconsistent
data on value added, tangible assets, labour costs and

intermediate inputs. Firms reporting a value added-to-
turnover ratio < 0 and > 1, and firms observed for fewer
than seven consecutive years during the period 2003–12
were excluded. This led to an unbalanced panel of 69,933
firms observed over the period 2003–12, which is used to
estimate firms’ TFP.

Agglomeration measures are constructed using sample
rather than census data.4 To this aim, the sample was
further cleaned removing firms without information on
the exact address. In fact, it is necessary to know the
exact geographical location of each firm in order to com-
pute distance-based agglomeration measures. Firms with
missing data for number of employees were also excluded
in order to construct size-weighted agglomeration variables
(e.g., Duranton & Overman, 2005). The year 2009 was
selected to construct the agglomeration variables since it
presents the largest number of valid observations, i.e.,
firms reporting data on geographical coordinates, employ-
ment and estimated TFP. This second cleaning procedure
led to a sample of 41,574 firms observed in 2009, which is
used to construct the agglomeration measures.

Starting from this last sample, a third cleaning pro-
cedure was performed to construct the final dataset to be
used in the empirical analysis of the relationship between
agglomeration forces and firms’ productivity growth.
Firms with missing or inconsistent data on net income
and annual depreciation for 2009, and firms with missing
data for year of establishment were excluded. This led to
a final sample of 28,597 firms observed over the period
2009–12.

Measuring spatial agglomeration
Distance-based agglomeration measures are computed
within continuous and non-overlapping distance bands
identified around each firm in a sample of 41,574 units
observed in 2009. Then, specific characteristics (i.e., size
and estimated TFP) of the neighbouring firms located
within each distance band are used to construct weighted
agglomeration measures to test whether neighbouring firms’
characteristics matter in the externality-generation process.

Intra-industry (localization-type) and inter-industry
(diversification-type) externalities are captured through
absolute density measures, which are computed within
three continuous and non-overlapping distance bands of
radius r (dr) up to a maximum distance of 30 km, i.e.,
0 ≤ d5 ≤ 5, 5 , d10 ≤ 15 and 15 , d15 ≤ 30.5

Comparison of the surfaces of the three distance bands
(Table 1) with the average surfaces of the usually employed
spatial units of analysis for the Italian case (Table 2)
suggests that the three distance bands provide a relatively
good partition of the continuous space in order to capture
potential geographical nonlinearities of the agglomeration

Table 2. Average surface of predefined geographical units.
Geographical unit Average surface area (km2)

8177 Municipalities 37

611 Local labour markets 494

110 Provinces 2739

Table 1. Surface covered by spatial bands.
Distance band Radius (km) Surface area (km2)

0 ≤ d5 ≤ 5 5 79

5 , d10 ≤ 15 10 [15] 628 [707]

15 , d15 ≤ 30 15 [30] 2121 [2827]

Notes: Cumulative values are shown in brackets.
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forces, which could not be captured using standard (prede-
fined) spatial partitions. In fact, the (cumulative) areas of
the three distance bands encompass the average areas of
municipalities, LLMs and provinces. Distances exceeding
30 km are not considered because they are not particularly
relevant for the Italian case (e.g., Cainelli & Lupi, 2010).
Since we are specifically interested in the agglomeration
effects generated by nearby firms, a distance of 30 km rep-
resents a proper threshold as it identifies an area corre-
sponding approximately to an Italian province;
conversely, larger distances would imply the analysis of
the agglomeration effects on firms located across different
(administrative) regions. Moreover, previous contributions
find negligible agglomeration effects beyond similar
threshold distances (e.g., Baldwin et al., 2008; Deltas
et al., 2015).

The three distance bands are identified through a hier-
archical cluster analysis performed on estimated densities
computed within a larger set of seven distance bands.
The detailed explanation of the statistical approach
adopted is presented in Appendix A in the supplemental
data online. The motivation driving the use of a hierarch-
ical cluster analysis is twofold. First, it allows one to reduce
redundancy and identify a reduced number of distance
bands that may be meaningful to capture spatial agglom-
eration forces, e.g., if the estimated densities computed
within two (or more) distance bands present high corre-
lation. Second, although the arbitrary definition of the
maximum distance value of 30 km and the seven distance
bands identified within it, the use of a hierarchical cluster
analysis to identify distances at which agglomeration
phenomena may matter represents a step forward with
respect to previous contributions with analyses based exclu-
sively on arbitrary distances.

Two main types of agglomeration variables are con-
structed: unweighted and weighted. Unweighted agglom-
eration variables represent the baseline measures since
they are built on the firm homogeneity hypothesis (expli-
citly or implicitly) assumed in previous contributions. In
fact, they are defined considering the number of neigh-
bouring firms located within a certain distance, without
accounting for their specific characteristics. In contrast,
weighted agglomeration variables are constructed account-
ing for neighbouring firms’ characteristics, i.e., relaxing the
firm homogeneity hypothesis. It follows that weighted
intra- and inter-industry agglomeration variables allow to
test whether firm-specific characteristics influence the
way firms located within an agglomerated area contribute
to the production of local externalities.

Two firm-specific characteristics are considered as
weights: size, defined in terms of employment, and TFP.
Employment-based indexes have been proposed in the lit-
erature to proxy for localization (e.g., specialization
indexes) and diversification (e.g., Herfindahl–Hirschman
indexes) externalities (e.g., Glaeser et al., 1992). These
measures are generally constructed considering employ-
ment of an industry-area pair with respect to the national
dimension or total employment in an industry or area.
Contributions using employment-based agglomeration

indicators ‘implicitly’ consider the role of neighbouring
firms’ characteristics in the agglomerative space, although
they neither make assumptions with respect to the extern-
ality-generation process nor compare agglomeration indi-
cators constructed with and without the employment
dimension. Moreover, employment-based variables com-
puted within spatial units of different sizes do not allow
one to capture the role of firm employment in the generat-
ing process of externalities because this is likely to be influ-
enced by the size of the local system: a larger area is likely to
host a higher number of firms so the overall number of
employees in a given area may depend on its surface. How-
ever, the use of areas characterized by the same surface may
facilitate the comparison between standard and employ-
ment-based agglomeration indicators, under the assump-
tion that firms are homogeneously distributed over space,
as well as the identification of the role ascribable to co-loca-
lized firms’ employment size in the production of external-
ities. Employment-based measures are proposed by
Rosenthal and Strange (2003), Gabriele et al. (2013) and
Deltas et al. (2015) in the context of distance-based
agglomeration indexes. However, their analyses neither
assume a role for neighbouring firms’ characteristics nor
explicitly compare the results of unweighted and weighted
variables.

The second weighting component is firm TFP, which
is estimated as the residual of a Cobb–Douglas pro-
duction function using Wooldridge’s (2009) approach.
Appendix B in the supplemental data online discusses
the estimation approach, and reports the estimated
inputs’ elasticities. TFP-weighted agglomeration
measures may represent a better proxy to capture the
role played by neighbouring firms’ characteristics in the
generation of local externalities than size-weighted vari-
ables, and this paper is the first attempt to account for
this dimension when constructing agglomeration vari-
ables. A firm’s TFP is correlated with its technological
endowment and, consequently, its (potential) ability to
produce externalities. On the contrary, size-weighted
variables can be only a rough proxy for the human capital
endowment of co-localized firms if the skill dimension of
employment cannot be identified.

Agglomeration variables are constructed for each firm
in the sample and within each distance band as follows:

D̂xs
i
(dr) =

e(xsi)
∑N

j = 1
j = i

1(||xsi − x
g
j || [ dr)w(x

g
j )

⎡
⎢⎣

⎤
⎥⎦

Axs
i
(dr)

(1)

where dr denotes the distance band with radius r defined in
kilometres, such that 0 ≤ d5 ≤ 5, 5 , d10 ≤ 15 and
15 , d15 ≤ 30; the denominator is the (net) area of the
distance band (i.e., the circle) centred in the reference
firm i belonging to the two-digit industry s, which is
denoted by xsi as a spatial point identified by its geographi-
cal coordinates; the numerator is the sum of all the
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neighbouring firms j belonging to the two-digit industry g
(denoted by x

g
j as spatial points) and located within a cer-

tain distance band, with s = g in the intra-industry case
and s = g in the inter-industry case; the term ||xsi − x

g
j ||

denotes the Euclidean distance between the reference
firm i and each neighbouring firm j; 1(·) is an indicator
function; the term w(x

g
j ) denotes the weighting scheme

capturing neighbouring firms’ characteristics within each
distance band, such that w(x

g
j ) = 1 in the unweighted

case, w(x
g
j ) = size

g
j in the size-weighted case (where size

g
j

denotes employment) and w(x
g
j ) = tfp

g
j in the TFP-

weighted case (where tfp
g
j denotes the estimated TFP of

a firm in level); and the term e(xsi) denotes Ripley’s
(1977) edge correction, which is defined as follows:

e(xsi) =
2pr

length[c(xsi, r)>W ]
(2)

where the numerator defines the circumference of the circle
with radius r; and the denominator is the length of the
overlap between the circle c centred in xsi with radius r
and the window W defining the study region (i.e., Italy).
This correction term allows one to account for edge effects
which may influence the agglomeration phenomenon
around firms located close to the boundaries of the study
region. In fact, those firms may be surrounded by fewer
neighbours with respect to other firms located at longer dis-
tances from the study region’s boundaries.6

Therefore, two forms of agglomeration externalities are
captured through unweighted and size- and TFP-weighted
agglomeration variables: intra-industry externalities arising
from the spatial concentration of firms operating in the
same industry as the reference firm (i.e., localization-type
forces), and inter-industry externalities arising from the
spatial concentration of firms operating in industries differ-
ent from the industry of the reference firm (i.e., diversifica-
tion-type forces).7

The comparison of the estimated coefficients of
unweighted and weighted agglomeration variables allows
one to evaluate both the ‘critical-mass effect’ of agglom-
eration forces and which type of co-localized firms con-
tributes more to the externality-generation process. As
both intra- and inter-industry agglomeration variables
are normalized with respect to the (net) area of each dis-
tance band, independently of the weighting scheme, the
estimated coefficients of the unweighted and weighted
variables can be directly compared. While unweighted
variables capture the number of neighbouring firms per
km2, i.e., the density of economic activity, size- and
TFP-weighted variables capture the number of employees
and the level of productivity, respectively, per km2. There-
fore, given a certain number of neighbouring firms within
a certain distance band, the comparison of the estimated
coefficients for the different weighting schemes allows
one to understand whether a firm’s productivity growth
benefits more from externalities generated by small versus
large and lowly versus highly productive neighbouring
firms.

The growth equation
The analysis is based on the estimation of a productivity
growth equation specified as follows:

DTFPis = a+
∑K
k=1

bkX
k
is +

∑D
d=1

d1d INTRAd
is

+
∑D
d=1

d2d INTERd
is + gc + vm + 1is (3)

where DTFPis = TFP2012
is − TFP2009

is denotes the pro-
ductivity growth of firm i operating in the two-digit indus-
try s over the period 2009–12, where TFP2009

is and TFP2012
is

denote the estimated TFP (in logarithmic form); the vector
Xk
is of log-transformed firm-specific control variables

includes the beginning-of-the-period TFP (TFPis), the
number of employees at the beginning of the growth period
(SIZEis), the difference between 2009 and the year of a
firm’s set up (AGEis), the ratio between acquired services
and total acquired inputs in 2009 to proxy for services out-
sourcing (OUTSOURCINGis) and the cash flow defined
as net income plus annual depreciation over tangible assets
at the beginning of the growth period (CASHis); the terms
INTRAd

is and INTERd
is capture the log-transformed vari-

ables for, respectively, intra- and inter-industry agglomera-
tion externalities computed within the three distance
bands; the term gc refers to a set of industrial category
dummy variables; the term vm refers to a set of macro-geo-
graphical dummy variables defined at the NUTS-1 level;
and 1is denotes the error term. Appendix C in the sup-
plemental data online reports and discusses descriptive stat-
istics and correlation matrices of firm-level and
agglomeration variables (see Tables C1–C7). Table C8,
also online, compares the final sample with the population
of Italian manufacturing firms, suggesting a good represen-
tativeness in terms of size and geographical distribution.
Finally, Table C9, again online, suggests a good industrial
representativeness of the final sample with respect to the
larger sample used to estimate firm-level TFP.

The identification strategy
The ordinary least squares (OLS) estimation of equation
(3) is likely to be affected by sample selection since pro-
ductivity growth is observed only for the subsample of
firms surviving over the growth period. Therefore, a two-
step sample-selection model à la Heckman (1979) is esti-
mated to account for firm exit over the period 2009–12.
A first-stage reduced-form selection equation is estimated
by maximum likelihood specifying the dependent variable
as a dummy (SURVIVALis), which equals 1 if the firm
observed at the beginning of the growth period is observed
also at the end of the growth period, and 0 otherwise. The
selection equation is identified including on its right-hand
side the explanatory variables entering equation (3) plus an
exclusion restriction (TURBULENCEs) capturing the
average entry/exit rate over the period 2006–08, and
defined at the two-digit industry level. A high value of
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this variable is likely to be associated with a low (current)
probability of firm survival, without necessarily being
associated with the surviving firms’ economic performance.

Having estimated the selection equation on the whole
sample of firms based on a Probit model, the computed
inverse Mills ratio (l) is added to the right-hand side of
the productivity growth equation to correct for the sample
selection bias. Thus, the augmented version of equation (3)
is estimated via OLS for the subsample of firms surviving
during the period 2009–12 (Wooldridge, 2010).

EMPIRICAL RESULTS

Table 3 reports the results of the selection and productivity
growth equations including unweighted and weighted
agglomeration variables. The exclusion restriction identify-
ing the selection equations shows negative and significant
coefficients, suggesting that firms’ survival probability is
negatively affected by the level of industry-specific turbu-
lence, while the estimated inverse Mills ratio shows positive
and significant coefficients. Therefore, the results suggest
the need to correct for sample selection.

The focus here is on the results of the productivity
growth equation. The results of the unweighted agglomera-
tion variables confirm the findings of Cainelli and Lupi
(2010). What emerges is a positive effect of intra-industry
externalities within 15 km, which is decreasing in distance,
while the short-distance negative effect of inter-industry
externalities (up to 5 km) becomes positive at longer dis-
tances (15–30 km). This evidence has two interpretations.
First, what emerges is a sort of substitution effect between
localization and diversification forces: firms’ TFP growth
benefits from industry similarity at short distances, while
it benefits from industry diversification at longer distances.
Second, the negative and significant effect of inter-industry
forces at short distances highlights the emergence of diver-
sification diseconomies, which can be due to congestion
costs and a higher demand for local resources by neighbour-
ing firms operating in the other local industries. Negative
congestion costs seem to prevail on the positive effects
associated with inter-industry knowledge spillovers at
short distances, thus producing negative effects on a firm’s
performance. This evidence confirms the results of Cainelli
and Lupi (2010), as well as those proposed by Cainelli, Fra-
casso, and Vittucci Marzetti (2015) showing that diversifi-
cation externalities have positive effects on productivity
only beyond a certain threshold level of diversity.

The impact of spatial agglomeration significantly
changes if firm-specific characteristics are accounted for.
The positive effect of intra-industry externalities increases
with distance, and this pattern is particularly strong when
the size of neighbouring firms is considered, rather than
their TFP. This means that positive externalities related
to localization forces tend to be higher the bigger and
more productive are the neighbouring firms operating in
the same industry. In other words, this result suggests
that intra-industry externalities do not attenuate over dis-
tance when neighbouring firms’ characteristics are
considered.

The negative effect of inter-industry externalities seems
to be reinforced as it persists over distance (up to 15 km)
when neighbouring firms’ characteristics are accounted
for. Then, the effect becomes positive between 15 and
30 km. As already mentioned, congestion costs associated
with the localization of firms in other industries seem to
prevail on inter-industry knowledge spillovers at short dis-
tances, thus generating negative effects on firms’ TFP
growth. Interestingly, these negative effects tend to be
reinforced the bigger and more productive are the neigh-
bouring firms operating in the other industries. In addition,
the substitution effect characterizing intra- and inter-
industry externalities seems to attenuate at longer distances
if neighbouring firms’ characteristics are accounted for
when capturing agglomeration forces.

Overall, the results suggest that co-localized firms par-
ticipate in the generating process of both positive external-
ities and agglomeration diseconomies, and that their
contribution primarily depends on their specific character-
istics. Bigger and more productive firms seem to contribute
more to the production of positive agglomeration external-
ities in the context of localization-type forces, as well as to
the generation of agglomeration diseconomies in the case
of diversification-type externalities. The nonlinear effects
of agglomeration forces depend on the spatial distance con-
sidered, thus confirming that the MAUP must be taken
into account in this kind of analysis.

The estimated coefficients of the firm-level controls
have the same signs and significance levels in all the TFP
growth specifications reported in Table 3. The coefficients
of the beginning-of-the-period TFP variable are negative,
suggesting a β-convergence effect. A firm’s TFP growth
is positively affected by its size, age and level of services out-
sourced. A positive productivity-to-cash flow sensitivity
emerges, meaning that firms’ productivity growth tends
to be affected by credit rationing (i.e., firm growth is
pushed by internally generated resources).

Appendix D in the supplemental data online presents
two exercises performed to test the robustness of the
results. The first test concerns the potential endogeneity
of the agglomeration variables, which could emerge due
to spatial sorting, and consists in replicating the
unweighted case on the subsample of firms located in a
specific point in space at least 10 years before the reference
year of the agglomeration variables. The second test aims at
verifying the validity of the proposed density measures, and
consists in replicating the unweighted case using alternative
specialization and diversification variables as proposed by
Cingano and Schivardi (2004). Overall, the results of the
two tests confirm the main results (see Tables D1 and
D2 in Appendix D in the supplemental data online).

CONCLUSIONS

A new stream of the EG literature has emphasized the role
played by neighbouring firms’ characteristics in spatially
agglomerated areas. The main idea of these studies is
simple: firms with different characteristics generally co-
exist within clusters, industrial districts and local
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Table 3. Agglomeration externalities and productivity growth.

Model (1) (2) (3)

Weighting scheme Unweighted Size weighted TFP weighted

Dependent variable SURVIVALis DTFPis SURVIVALis DTFPis SURVIVALis DTFPis

TFPis 0.249***

(0.017)

–0.355***

(0.020)

0.249***

(0.017)

–0.346***

(0.021)

0.249***

(0.017)

–0.342***

(0.021)

SIZEis 0.057***

(0.009)

0.143***

(0.006)

0.056***

(0.009)

0.143***

(0.006)

0.056***

(0.009)

0.145***

(0.006)

AGEis 0.098***

(0.015)

0.025***

(0.010)

0.098***

(0.015)

0.030***

(0.010)

0.098***

(0.015)

0.030***

(0.010)

OUTSOURCINGis 0.098***

(0.015)

0.073***

(0.011)

0.099***

(0.015)

0.079***

(0.011)

0.098***

(0.015)

0.078***

(0.011)

CASHis 0.018***

(0.004)

0.027***

(0.002)

0.018***

(0.004)

0.028***

(0.002)

0.018***

(0.004)

0.028***

(0.002)

INTRA0−5
is 0.005

(0.012)

0.021***

(0.005)

–0.004

(0.007)

0.009***

(0.003)

0.002

(0.011)

0.021***

(0.004)

INTRA5−15
is 0.010

(0.016)

0.018***

(0.006)

0.009

(0.010)

0.014***

(0.004)

0.014

(0.014)

0.022***

(0.006)

INTRA15−30
is 0.026*

(0.015)

0.005

(0.006)

0.021*

(0.012)

0.019***

(0.005)

0.033**

(0.015)

0.023***

(0.006)

INTER0−5
is –0.056***

(0.014)

–0.052***

(0.007)

–0.041***

(0.009)

–0.037***

(0.005)

–0.054***

(0.012)

–0.052***

(0.006)

INTER5−15
is –0.002

(0.021)

–0.008

(0.008)

–0.015

(0.014)

–0.017***

(0.005)

–0.010

(0.018)

–0.016**

(0.007)

INTER15−30
is 0.049**

(0.020)

0.054***

(0.009)

0.051***

(0.016)

0.040***

(0.007)

0.034*

(0.019)

0.033***

(0.008)

TURBULENCEs –1.321**

(0.606)

… –1.185*

(0.610)

… –1.153*

(0.610)

…

l … 1.630***

(0.204)

… 1.717***

(0.206)

… 1.753***

(0.207)
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Table 3. Continued.

Model (1) (2) (3)

Weighting scheme Unweighted Size weighted TFP weighted

Dependent variable SURVIVALis DTFPis SURVIVALis DTFPis SURVIVALis DTFPis

Observations 28,597 22,239 28,597 22,239 28,597 22,239

Censored observations … 6358 … 6358 … 6358

Pseudo-R2 0.056 … 0.056 … 0.056 …

Log-likelihood –14,307.72 … –14,303.20 … –14,303.18 …

Wald x2 1623.96*** … 1617.72*** … 1629.92*** …

Adjusted R2 … 0.254 … 0.255 … 0.255

F-statistic … 79.45*** … 78.17*** … 79.85***

Mean VIF 2.80 7.98 2.37 7.62 2.59 8.04

Notes: All specifications include a constant term, industrial category and NUTS-1 dummy variables. Bootstrapped-robust standard errors are shown in parentheses. l denotes the inverse Mills ratio parameter from first-step
selection equation. TFP, total factor productivity; VIF, variance inflation factor.
*p , 0.1; **p , 0.05; ***p , 0.01.
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production systems. If firms differ in terms of size, pro-
ductivity, technological and human capital endowment,
they should also differ in their capability to produce extern-
alities. In fact, firms cannot be seen only as ‘receivers’ of
local externalities as suggested by many theoretical econ-
omic models, but also as potential ‘sources’ of these local
effects.

This paper is an attempt to contribute to this debate.
This hypothesis is tested by accounting for the role played
by firm-specific characteristics (size and TFP) in the gen-
eration of local externalities. Moreover, agglomeration
externalities are captured through firm-specific distance-
based variables computed within continuous and non-over-
lapping bands, thus relaxing the MAUP.

The empirical results suggest that neighbouring firms’
characteristics matter for the generation of externalities,
both in the context of intra- and inter-industry agglomera-
tion forces, thus confirming recent EG insights based on
the analysis of case studies (Wang, 2015). In particular,
we find that the positive effect of localization economies
increases with distance when specific characteristics of the
neighbouring firms (operating in the same industry as the
reference firm) are accounted for. It emerges that
unweighted and weighted diversification-type forces have
a negative and significant effect on firms’ TFP growth at
short distances (up to 5 km), but a positive effect at longer
distances (15–30 km) regardless of the weighting scheme
considered. Moreover, the negative effect of inter-industry
externalities seems to persist over distance (up to 15 km)
when neighbouring firms’ characteristics are accounted
for. Therefore, the results support the theoretical intuition
of some EG studies (e.g., Alcácer & Chung, 2007, 2014;
Wang, 2015): firms with different characteristics contrib-
ute differently to the production of both positive local
externalities and agglomeration diseconomies.

The results proposed in this paper underline several
limitations characterizing the empirical analysis of spatial
agglomeration forces, i.e., the assumption of homogeneous
firms and the use of predefined spatial partitions. However,
this study has two main weaknesses that should be
addressed in further research. First, agglomeration variables
are computed using sample rather than census data, with the
consequence that only a (selected) subsample of the popu-
lation of Italian manufacturing firms is included in the
analysis. Second, the size and TFP of neighbouring firms
are rough proxies for a firm’s capabilities to produce agglom-
eration externalities. Alternative firm-specific characteristics
(e.g., research and development (R&D), innovativeness,
education of employees) should be considered to capture
the role of firm diversity in generating local externalities.
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NOTES

1. The MAUP has been widely investigated by statis-
ticians and quantitative geographers (e.g., Arbia, 1989;
Amrhein, 1995; Wong & Amrhein, 1996).
2. The literature proposes alternative solutions to mitigate
the MAUP. Some contributions suggest controlling for
extra-region spillovers through spatially lagged agglomera-
tion variables computed within administrative or labour
market regions (e.g., Burger et al., 2010; Van Oort,
2007). Others propose a multilevel approach to enable sim-
ultaneous modelling at micro- and macro-levels of analysis
(e.g., Van Oort, Burger, Knoben, & Raspe, 2012).
3. The reviewed works extend to the measurement of
agglomeration economies the micro-geographical
approaches used to identify the geographical concentration
of economic activities through spatial statistics (probability
or cumulative density functions) which use pair distances
between firms to evaluate at which geographical scale a par-
ticular industry shows a clustering pattern (e.g., Arbia &
Espa, 1996; Duranton & Overman, 2005; Marcon &
Puech, 2010; Scholl & Brenner, 2016).
4. The main reason for this choice is lack of georeferenced
micro-data at the census level. We are conscious that this
represents a limit of our analysis. Cainelli and Lupi
(2010) and Gabriele et al. (2013) adopt a similar approach
for the Italian case. Similarly, Martin et al. (2011) construct
agglomeration measures using sample data drawn from the
French Annual Business Survey, a dataset covering all firms
with more than 20 employees. The advantage of our dataset
is that it also covers firms with fewer than 20 employees,
which represent the majority in our sample. In our opinion,
this degree of coverage is particularly important in the con-
text of spatial agglomeration.
5. Distance-based agglomeration measures are firm
specific, them being centred at each single firm. The cen-
troid of each firm corresponds to the geographical coordi-
nates obtained from the firm’s exact address. This means
that each firm, for which the exact address was available,
has been geocoded. Although this approach provides
great precision in the identification of a firm’s neighbour-
hood, it may also present disadvantages if geographical
coordinates refer to the headquarter rather than to (pro-
ductive or commercial) plants of a multi-plant firm. As
the AIDA databank provides information on the head-
quarters, this issue may represent a drawback of this
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study. However, the nature and characteristics of the Italian
industrial structure limit this drawback, it being driven by
many small firms such that the headquarter tends to
coincide with the principal (or unique) operative plant.
For instance, according to the 2009 ASIA Archive pro-
vided by the Istituto Nazionale di Statistica (ISTAT),
multi-plant firms represent only 10.94% of active firms
operating in the manufacturing industries covered in this
analysis.
6. The agglomeration variables in equation (1) are com-
puted using the R Project for Statistical Computing. Orig-
inal coding is based on the ‘dbmss’ R package developed by
Marcon, Lang, Traissac, and Puech (2012).
7. Rosenthal and Strange (2003), Gabriele et al. (2013)
and Deltas et al. (2015), among others, capture diversifica-
tion externalities simply considering industries different
from the reference one.
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