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AGGLOMERATION AND THE ITALIAN NORTH-SOUTH DIVIDE

by Luigi Buzzacchi®®, Antonio De Marco®® and Marcello Pagnini®

Abstract

This paper offers novel evidence on agglomeration economies by examining the link
between total factor productivity (TFP) and employment density in Italy. TFP is estimated for
a large sample of manufacturing firms and then aggregated at the level of Local Labor Market
Areas (LLMAs). We tackle the endogeneity issues stemming from the presence of omitted co-
variates and reverse causation with an instrumental variable (IV) approach that relies on histor-
ical and geological data. Our estimate of the TFP elasticity with respect to the spatial concen-
tration of economic activities is about 6%, a magnitude comparable to that measured for other
developed countries. We find that the TFP-density nexus contributes to explaining a large share
of the substantial productivity gap between the northern and southern regions of Italy. We also
show that no significant heterogeneity emerges in the intensity of agglomeration economies
across the country and that the positive TFP difference in favor of the firms located in the North
is not due to the tougher competition taking place in those areas.
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1. Introduction

The concentration of workers, firms, or institutions in specific areas might generate
productivity advantages for the firms located within those borders. An extensive theoretical
and empirical literature has investigated this nexus, showing, for instance, that Total
Factor Productivity (TFP) of firms increases with the density of economic activities in
the local markets. In this paper, we contribute to the existing literature in two ways.
First, we provide a measure of the elasticity of TFP with respect to an indicator of local
economic density for the Italian private sector. Although previous research has dealt with
similar topics, ours is the first study to provide such estimate to the best of our knowledge.
Notably, this makes it possible to compare the Italian case with related exercises carried
out for other countries.

Armed with this evidence, we investigate whether agglomeration economies can contribute
to the explanation of the traditional productivity gap between the firms located in the
northern and southern regions of Italy. In other words are ceteris paribus firms located in
Southern Italy less productive than those located in Northern Italy because local markets
in the South display a lower density of economic activity? Could the positive North-South
productivity gap stem from a lower TFP elasticity with respect to such density in the
South as compared with the North? As regards the second question, despite the fact
that several works have mentioned agglomeration as one of the potential explanations
for the inefficiency of southern firms in Italy, we are not aware of any work directly
addressing a similar topic in the way we do in this paper. Moreover, since variations in
employment density do not fully explain the observed heterogeneity in TFP, we implement
a non-parametric methodology to discriminate between classes of determinants (other
than agglomeration effects) that are believed to reasonably affect the distribution of firm
efficiency. Such approach allows us to test whether part of the North-South disparities in
terms of log-productivity has been determined by sorting or localized selection mechanisms,
and not by different levels of density.

To address these issues, we measure TFP at the firm level by resorting to a rich dataset
that includes a large sample of Italian manufacturing corporations observed for the years
between 1995 and 2015. Such TFP data has been aggregated for the Local Labor Market
Areas (LLMAS) as defined by ISTAT in 2011. Subsequently, we carry out an estimation of
agglomeration economies at this level of aggregation by regressing (the logarithm of) the
TFP for each LLMA on (the logarithm of) the number of employees per square kilometer.
Within this framework, we also analyze the questions mentioned above concerning the
role of spatial concentration in explaining the North-South productivity gap. We are fully
aware that the estimation of the TFP elasticity is plagued with endogeneity problems,

The views expressed in this paper are those of the authors and do not necessarily represent the
positions of the Bank of Ttaly. We thank Antonio Accetturo, Giuseppe Albanese, Filippo Scoccianti, Luigi
Federico Signorini, Roberto Torrini, Elena Gentili, and Francesco Biancalani for their valuable comments
that greatly improved our paper. Constructive suggestions and useful critiques were also provided by the
participants in the workshop on the Progetto Mezzogiorno, we are grateful to all of them.



which are addressed by resorting to an instrumental variable (IV) regression. We use a rich
set of instruments encompassing historical and geological variables. Finally, we discuss
some subtle identification questions that might affect our estimations and that are seldom
addressed in other contributions.

Our main results are that i) the estimate of the TFP elasticity with respect to the
spatial concentration of economic activities is about 6%, a magnitude comparable to that
computed for other developed countries by scholars using methodologies similar to the ones
employed in our work; i) the TFP-density nexus contributes to explaining a large share
of the substantial productivity gap between the northern and southern regions of Italy;
i11) no significant heterogeneity is detected in the intensity of agglomeration economies
between the northern and southern regions; in other words, we do not find evidence that
the returns to density are lower in the South; and iv) the positive TFP difference in favor
of the firms located in the North is not due to the tougher competition effects taking place
in those areas.

The remainder of the paper is organized as follows. Section 2 gives a brief review of the
existing literature dealing with theoretical and empirical issues of agglomeration economies.
Section 3 is a short preview of the main results. Additional details on the measurement
of the average local productivity and the density of economic activities are provided in
Section 4. Section 5 outlines the econometric strategy as well as the choice of instruments
and controls. A discussion on model specification, findings, and some robustness tests is
presented in Section 6. Section 7 examines the contribution of agglomeration economies
to the differences in productivity between the northern and southern regions of Italy. The
paper ends with some concluding remarks in Section 8.

2. Literature review on agglomeration economies

Population and economic activities are not evenly distributed in space. The most evident
reasons for explaining such evidence since the early stages of economic development
are the physical endowment and the morphology of territories, the so-called first-nature
characteristics: climate, raw resources, and accessibility. Though agglomeration (i.e.,
density spikes) can be a by-product of multitudes of location choices aimed at capturing
the benefits of first-nature factors, natural advantages account for just a fraction of the
observed spatial differences in levels of density!. Various strands of the literature argue that
agglomeration (i.e., proximity among firms, workers, and people) allows economic agents
to “economize on local trade costs, spread information and ideas more easily, diversify the
range of products produced, and access larger pools of workers and jobs” (Duranton and

! Ellison and Glaeser (1999) attribute roughly one-fifth of the observed industry spatial concentration
to a very small set of natural advantages. Henderson et al. (2018) show that the effects of specific
first-nature characteristics on the density of economic activities explain about half of the worldwide
variation of density and more than one-third of within-country variations. For the Italian case, Accetturo
and Mocetti (2019) analyze the role of geography and history for explaining the distribution of the
population in space and its evolution over time.



Puga, 2004, p. 2065). These benefits are available, to a large extent, independently from
the geographic features of the territories where they are generated.

The share of agglomeration that cannot be explained by the exogenous space heterogeneity
is the focus of two different streams of research: the urban economics (UE), and the new
economic geography (NEG) approaches (Combes et al., 2005). In both literatures, possible
mechanisms for endogenous emergence of agglomeration are modeled.

In the tradition of UE, starting from the seminal work of Henderson (1974), the observed
agglomeration at the equilibrium is associated with the advantages that density brings
forth directly, determined by pure positive externalities. The Marshallian idea that denser
local markets produce positive externalities and make incumbent firms more efficient can
be derived from several models®. Duranton and Puga (2004) proposed the now-standard
classification of agglomeration economies consisting of the triad of matching, sharing, and
learning mechanisms®. In this literature, consequently, agglomeration (and density) is just
a channel through which economic activities generate and catch localized externalities, the
true sources of economic advantage. In that sense, agglomeration is then an intermediate
determinant of productivity, and its effectiveness could variate with the intensity of the
available externalities.

In NEG models (e.g., Fujita et al., 1999), increasing returns at the firm level, imperfect
competition, and trade costs might drive to concentration at the equilibrium. In agglom-
erated areas, some pecuniary advantage (e.g., higher wages, land values, and rents) can
emerge, but the agglomeration, per se, does not grant any productivity advantage.

The empirical economic research aimed at measuring the advantages of agglomeration is
flourishing. This literature attempts to detect increasing returns in a local (i.e., relative to
a well-defined geographic area, but external to the boundaries of single firms) production
function, where the density of firms, workers, or individuals is (sort of) an input. The
first wave of empirical studies on agglomeration economies is surveyed in Rosenthal and
Strange (2004). A major challenge in the more recent literature (starting from Ciccone
and Hall, 1996) is to sort out the direct causal relationship from agglomeration onto the
productivity of input factors, from the relations where agglomeration is the effect (and
not the cause), or the by-product, of productivity.

Three main classes of mechanisms might determine an emerging spurious correlation
between agglomeration and economic advantages (i.e., productivity)?*. First-nature advan-

2 Agglomeration externalities arise because of the indivisibility in the provision of certain goods
or facilities, the specialization of labor forces and the production, diffusion (thanks to face-to-face
communications), and accumulation of ideas.

3 Of course, the dark side of agglomeration is the emergence of negative externalities, i.e., congestion
effects, that explain the observed upper bounds for density. As Duranton and Puga (2004, p. 2065) put
it, “we can then regard cities as the outcome of a trade-off between agglomeration economies or localized
aggregate increasing returns and the costs of urban congestion”.

4 While pure agglomeration economies can arise even in a homogeneous space and among homogeneous
individuals, the three mechanisms described above need some form of heterogeneity (non-homogeneity of



tages turn into better local outcomes that attract firms and workers in specific locations,
affecting their local performances. Starting from the assumption that firms are ez-ante
heterogeneous in terms of productivity, a positive relationship between productivity and
density will also be observed if agglomerated markets develop stronger selection effects.
Recent NEG models (starting from Melitz and Ottaviano, 2008), assume that tougher
competition is associated with the dimension of the market, so that denser areas show
higher levels of productivity. Sorting mechanisms, rooted in the idea that firms and work-
ers that are intrinsically more productive may prefer agglomerated areas, either because
they benefit more from agglomeration effects or because agglomerated areas turn out
to have better institutions, higher amounts of amenities, et cetera. In this sense, more
productive individuals are over-represented in denser areas, even if agglomeration is not a
determinant of productivity (Combes et al., 2012; De La Roca and Puga, 2017; Gaubert,
2018). The methodological solutions for detecting true agglomeration economies into the
emerging correlations between density and productivity, netting from spurious effects, will
be discussed in Section 5.

The empirical evidence on proper agglomeration economies is fairly established, and several
survey papers (in particular, Rosenthal and Strange, 2004; Melo et al., 2009; Combes and
Gobillon, 2015; Ahlfeldt and Pietrostefani, 2019) already illustrate the methods and the
motivations for detecting and measuring the underlying phenomena.

A first element common to all this research is that it often does not discriminate between
the different channels behind agglomeration economies so that the mechanism is usually a
black box whose content is only conceptually known. Secondly, the empirical evidence
proves to be strongly dependent on the industry, time, country, and the spatial structure
assumed. Lastly, whatever the empirical strategy, the evidence provided in the literature
is always an assessment of the net agglomeration effects, what scholars can observe is the
part of positive effects that are not offset by the negative ones (i.e., congestion).

In general, the available empirical evidence confirms that the elasticity of productivity
with respect to the spatial concentration of economic activities is significantly positive,
even if estimates fluctuate greatly in magnitude. Moreover, as witnessed by various surveys
and meta-analyses, estimation strategies are rather differentiated, and, in particular, they
usually do not simultaneously control for endogeneity, selection, and sorting, resulting
in somehow generally upward biased estimates. All that said, the usual ranges for the
elasticity are in the range of 2% to 9% (Rosenthal and Strange, 2004; Melo et al., 2009;
Combes, 2011; Ahlfeldt and Pietrostefani, 2019).

As for the way the effects of agglomeration economies are measured, factor productivity,
wages, and sometimes employment are usually considered. These variables can then be
obtained from regional (or urban) aggregate data or individual firm data. Combes and
Gobillon (2015) maintain that (p. 302) “it is worth studying the effects” of agglomeration
on TFP rather than on wages “since it is a direct measure of productivity”, and its use (p.

the space; non-homogeneity of firms, workers, or both in the following two cases).



283) “avoids making any assumption about the relationship between the local monopsony
power” of firms on labor “and agglomeration economies”. Moreover, individual firm data
are needed when dealing with selection issues (see also the discussion in Section 7.2).

As for the available evidence in this type of studies, empirical results focused on city size
as determinants of productivity date back to the Seventies (Sveikauskas, 1975; Segal, 1976).
However, a seminal paper that first estimates increasing returns to density, taking into
consideration endogeneity issues, is Ciccone and Hall (1996). They explain differences in
labor productivity across the US states with elasticity to density of about 6%. Henderson
(2003) in the US, Cingano and Schivardi (2004) in Italy, as well as Graham (2009) in
the UK are the first to introduce a measure of TFP based on individual firm data. The
subsequent research in this stream of literature offers more sophisticated estimates of TFP
and try to better address possible endogeneity biases. In particular, Combes et al. (2010),
regress wages and TFP (estimated with the method proposed by Olley-Pakes at the firm
level, and then aggregated at the local scale) on density for the French case, controlling
for reverse causation and workers sorting. They report a proper density elasticity of wages
at 2% and around 3.5% for the density elasticity of TFP.

3. A preview of the main findings

The issue of the North-South disparities in Italy has been explored under several perspec-
tives. In this section of the paper, we offer a short preview of our results on the topic
using the lens of the economic geography and, in particular, of those of the literature on
the agglomeration economies. A more in-depth analysis, as well as the motivations lying
behind this empirical evidence, will be presented in the following sections. Here we want
to summarize some findings to help the reader to have an easy grip on them beyond the
long technicalities that will be addressed later on.

As for the spatial scale of our analysis, we partition Italy into the 611 local labor market
areas (LLMA) defined by the Italian National Institute of Statistics (ISTAT) for 2011.
Starting from the 8,092 Italian municipalities, such territorial units are built by aggregating
municipalities based on their spatial contiguity, and the self-containment of daily commuting
flows for work reasons. These spatial cells represent an ideal reference for the analysis of
agglomeration economies since many of the externalities mentioned by the theory occur at
the level of a local labor market that exactly matches the LLMA definition. Notice that
this partition is produced every ten years, as the data needed in this respect comes from
the census of population and economic activities carried out by ISTAT at the beginning
of each decade. Although this mapping had been evolving somewhat (the number of
LLMAs had been always decreasing from 1981 onwards), it also exhibits a certain degree of
stability, justifying its use for a reference year in a structural analysis of the North-South
disparities.

Figure la offers a representation of such a territorial reference grid in Italy and depicts the



LLMAs belonging to the North and South according to our definition®. The South hosts
281 LLMASs, whereas 330 units are located in the North, respectively 46.0% and 54.0%.
In terms of land covered, the South represents 40.9% of the entire national territory®. If
the surfaces of LMMASs were represented as circles, those located in the southern regions
would have, on average, a ray of 11.0 kilometers as compared to 12.4 kilometers for the
northern ones. Differences become even more pronounced when we look at other variables.
In 2001, the share of population living in the southern LLMAs amounted to 36.0%, the
number of employees in all the sectors, including both services and the building industry,
to 21.7%, and those in the manufacturing sectors to 16.4% of the total. Summing up these
pieces of evidence, it turns out that southern LLMAs are more fragmented and smaller
than those in the North. The reasons behind these features could be attributed to first
nature disadvantages as well as to other factors, like the lower availability and efficiency of
transport infrastructures in the South.

Coming to the gaps in terms of productivity and density of the economic activities, we
computed an indicator of TFP in the manufacturing sector for each LLMA that is averaged
across all the years between 1995 and 2015 and netted out for the effects of sectoral
composition at the local level within the manufacturing sector. Since we use firm-level
yearly data, this averaging is needed not to emphasize short-term variations in productivity
and instead concentrate on the long-run effects of agglomeration economies. As for the
density, we have computed an indicator based on the number of employees working in all
the sectors of each LMMA per square kilometer.

The LLMASs in the South display a lower TFP, on average, by 26.7% compared to those
in the North; medians indicate a difference of 28.7% (see Table 1). Similar gaps are
confirmed across the other percentiles of the productivity distribution”. As for the density,
LLMAs located in northern and southern regions host, on average, 62.0 and 33.6 (with
medians 36.3 and 14.1) employees per square kilometer respectively. Those differences are
spatially represented in the two Figures 2a and 2b. Apart from confirming the existence of
a North-South gradient in the spatial distributions, the two choropleth maps also display
a high degree of overlap for the above-mentioned spatial patterns. In other words, the less
productive LLMAs in the South also show a lower density than those in the North.

Finally, we come to the central question investigated in this paper, i.e., the link between
productivity and density. Figure 1b is a simple correlation plot between (the logarithm
of) our TFP indicator and (the logarithm of) density at the level of LLMAs. The graph
points to a positive relationship between the concentration of economic activity and
productivity that may be consistent with the existence of the agglomeration economies.
The southern LLMAs are mostly concentrated in the third quadrant of the plane, i.e.,

5 In our definition the North macroarea includes the regions of Piemonte, Valle d’Aosta, Lombardia,
Trentino Alto Adige, Veneto, Friuli Venezia Giulia, Liguria, Emilia Romagna, Toscana, Umbria, Marche,
and Lazio. The remaining regions, including the Islands, are grouped into the South macroregion.

6 Note that the largest flat area, the Po valley, is located in the northern Italian regions.

" We use the qreg command in Stata.
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that of the units exhibiting both a low level of productivity and a low density®. Such
evidence would suggest that southern regions are less productive in part because they
feature a low number of workers per square kilometer. The disproportionate presence
of blue-colored observations below the regression line in the scatter plot also highlights
significant localization effects that should be investigated further. According to the tenets
of the urban economic literature surveyed in Section 2, the fact that employees are sparser
in the South would weaken the formation of those positive externalities that are associated
with agglomerated areas.

As shown in the next sections, these results based on simple correlations will be confirmed
even when controlling for many sources of variation between the North and the South as
well as for many possible sources of endogeneity.

4. Estimation of TFP

In this section, we detail how we obtained our measures of i) average local productivity in
terms of TFP and i) density of economic activities in terms of workers density.

TFP is estimated at the firm level using the same data as in Locatelli et al. (2019), thus,
hereafter, we illustrate only some relevant aspects of the estimation process and refer to
that paper for all details in that respect. Specifically, we have data from the CERVED-CB
archive on value-added, value of intermediated goods, labor cost, capital stock, location
(i.e., the municipality), and economic activity® for a large sample of Italian manufacturing
firms observed for the period between 1995 and 2015. Our panel includes 188,124 unique

8 Two quite well-known examples of successful agglomeration stories in Italy include the location of
the major Italian firms in northern cities, in particular within the so-called industrial triangle (Turin,
Milan, and Genoa) and the case of the industrial districts. The former has been considered as one of the
main drivers of the industrial take-off of the Italian economy during the first half of the twentieth century.
As for industrial districts, these consist of a spatial concentration of small-sized firms mostly located in
non-urbanized areas of the north and the center of Italy displaying a strong specialization into specific
industrial activities implying a huge accumulation of local competencies in the production of a particular
good. They were also defined as a socio-territorial entity characterized by the active presence of both a
community of people and a population of firms in one naturally and historically bounded area (Becattini,
1990). Due to the externalities generated within the local network, incumbent firms were able to obtain
substantial productivity benefits that are fully consistent with the agglomeration economies described in
the text (see Section 2). For previous contributions measuring the local productivity advantages associated
with industrial districts, see Signorini (1994) and Signorini (2000). Di Giacinto et al. (2014) compare
the productivity of urban areas and industrial districts in Italy, finding that the advantages of industrial
districts have been declining over time, while those of urban areas have remained stable.

9 The classification of industries is obtained by aggregating 19 sectors of the two-digit ATECO
classification into 10 categories (see Table B.13) to obtain an adequate number of observations in each cell.
Some manufacturing industries have been excluded from our sample: coke and refined oil product firms
were omitted because their performance is closely tied to commodity prices; pharmaceutical firms were
excluded because their trends are heavily affected by the budget policies for public health expenditure.
We also removed the residual sector other manufacturing activities because they are generally not very
relevant, and their data cannot be easily interpreted.

11



firms, which correspond to an average of about 74,975 firms per year!®. Such a figure is
substantially larger with respect to the samples used in previous empirical analyses of
productivity at the firm level for the manufacturing sectors in Italy. Sample size might
vary across years due to entry, exit, change in the legal form of the firms, or other factors!!.
The number of employees, distinguished in white and blue collars, derive instead from the
National Institute for Social Security (INPS) database (we merged the two datasets by
firm code). TFP is then estimated from the following production function:

Yi,t = Ai,t (Z Sh Lh,i,t) th (1)
h

where Y;; denotes the physical output produced by firm i at time ¢, and A;; is the TFP.
As for labor input, the production function in Eq. (1) considers the possibility to use
different h types of L; employees, with (h =1,..., H), each having a different efficiency
represented by the parameter s;. Furthermore, K;, represents the capital stock owned
by firm ¢ at time t. Finally, o and § stand for the production function parameters to be
estimated to recover the value of TFP. Since we do not have data on physical variables,
the output that we observe is actually the firm value-added. Hence, our estimate is the
following value-added based TFP:

VA; +
(X_nsn Lh,iﬂf)a Kiﬁ,t

where P, ; and VA, denotes the price of the output and the value-added of firm 7 at time
t, respectively. Our monetary variables are all deflated'?. However, deflated variables are
still not a proxy of physical outputs because they do not account for differences in prices
across locations, due to different demand elasticity or firms concentration. This means
that the determinants of our empirical measure of TFP at a local level will also include
those factors that might affect the output prices of the local incumbent firms. Notice,
however, that our firms belong to the manufacturing sector, and therefore their market is
expected to be mainly not local®3.

VAjs = Py Ay (Z Sh Lh,m) K}, — Py Ay = (2)

h

10 Note that roughly one-third of all the firms (i.e., 36.2%) are observed for at least 10 years and less
than one-tenth (i.e., 8.5%) throughout the entire reference period.

11 Each firm is observed for 8.4 years, on average. Note that we do not have information on the factors
causing the entry (exit) of the firms into (from) our sample. Since we cannot determine whether the exit
of a firm is due either to actual bankruptcy or misreported data for that given year, we cannot associate
such an event to selection processes.

12°All the variables from the CERVED-CB archive (i.e., net revenues, value-added, tangible fixed assets,
and cost of labor) are deflated with the Eurostat sector-specific deflator of the value-added with a base
year equal to 2010.

13 In a recent paper, Mion and Jacob (2020) demonstrate, using a large sample of manufacturing firms,
that differences in prices explain a large fraction of the revenue-productivity advantage of denser areas
in France, thus suggesting that less productive regions could be more disadvantaged in terms of their
competitiveness than for lower technical efficiency.

12



As for the measure of capital stock, our proxy is through the book value of the (deflated)
data on tangible assets, net of amortization and depreciation. Moreover, to take account of
the heterogeneity of the labor input, we follow both Fox and Smeets (2011) and Locatelli
et al. (2019) and use the total wage bill paid by firm ¢ at time ¢, W;;, as a proxy for
Y nsh Linie in Eq. (1). Locatelli et al. (2019) discuss at length about the consequences
deriving from alternative measures for labor inputs on the TFP differential across Italian
macro-regions (see more on this later). Using logarithms, we get:

log (VA;:) = a log (W;.) + B log (Kit) + €4 (3)

where the error term ¢;; = log (P, Ai+) + ;¢ includes our empirical TFP measure and the
actual error term stemming from measurement errors in the production function inputs.
To estimate Eq. (3) and correct for input-output simultaneity, we use the Levinsohn and
Petrin (2003) procedure!?, we also compute the residuals and define our empirical measure
of TFP as follows:

TFP;, = log (VAi;) — & log (W;,) — 5 log (K, ) (4)
Remember that estimations are carried out separately for each of the 10 manufacturing

sectors defined in Footnote 9 and Table B.13.

The second step of our empirical strategy consists of getting an aggregate measure of TFP
at the local level. Knowing the municipality where each firm is located, we are able to
place those firms within our mapping system based on the LLMA definition'®. Based on
that, we first compute the following quantity:

L;
TFP,ot =Y (L ’t> TFP;, (5)

1€(r,s) T8t

where we get a weighted average of individual firm TFP with weights defined by the share
of employment in firm 7 over the total area (r = 1,...,610), sector (s =1,...,10), and
year (t = 1995, ...,2015) employment. Through this averaging, large firms are assigned
more weight in the TFP computation’®. Following Combes et al. (2010), as a further step

in the aggregation procedure, we run a WLS regression!”:

14 See more on this in the section on robustness checks of Locatelli et al. (2019).

15 Note that our sample will be composed of 610 out of the 611 existing LLMAs. One very small local
market (i.e., Ayas) located in a mountain region has been dropped from the analysis since we do not have
any firm in our sample belonging to that area.

16 We computed this variable as a weighted average, alternatively using the employment or the wages
or the value-added as weights. Our preferred weighting scheme, based on the employment, can also be
interpreted as a measure of the productivity of the aggregated production function of the area r and
the sector s, assuming constant returns to scale (see Appendix A). Moreover, it is the same definition
adopted by Combes et al. (2010).

17 Weights are given by the number of firms in each LLMA and sector.
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TFPT‘,S,t - (53 + gbr,s,t (6>

where ¢, represents industry fixed effects. We then define TFP, ; as the average of estimated
residuals of Eq. (6) by area and year. This measure allows us to get rid of the differences
in terms of sectoral composition that characterize the local markets and makes TFP
comparable. TFP,; is further averaged across ¢, thus obtaining the variable TFP,. We
average these data because we are interested in the long term effects of agglomeration
economies. The averaging process should also help to reduce the effects of measurement
errors. We are now ready to express the model that we propose for estimating the intensity
of agglomeration economies in Italy, i.e., the elasticity of productivity to density:

r

L
TFP, =~ log (?) + X, Y+ w, (7)

L./S, (in logarithms) is the main variable of the model, as it is our measure of agglomera-
tion. In the previous literature, the concentration of economic activity has been variously
defined (as the count or spatial density of workers or firms). Accordingly, we used alterna-
tive definitions for this variable. Some pieces of evidence associated with the alternative
concentration measures are reported in the robustness checks section below. The main
variable in our baseline model is (the logarithm of) the number of workers L, divided by
the surface of the area S,.. L, includes the employees of all the sectors featuring the local
economy in 2001 except those working for the public administration!®. We decided to
include the workers of sectors not considered in our TFP analysis (in particular, those
operating in the service industries) because we want to capture their possible contribution
to the generation and transmission of agglomeration externalities. Provided that the
parameter v is correctly estimated, we will be able to answer questions such as the impact
on local productivity derived from shifts in the L, /S, ratio (i.e., when density doubles,
the impact on productivity is equal to 27 — 1). The vector of the explanatory variables X,
contains various controls that are discussed in the next section.

5. The econometric strategy and the choice of instruments and controls

To tackle the endogeneity of log(L,/S,) under the form of both omitted variables and
reverse causation, we resort to an instrumental variable (IV) regression. As usual, variables
that are suitable to play the role of instruments have to be correlated, conditional on the
other exogenous regressors in the model, with the endogenous variables (i.e., the relevance)
and uncorrelated with the error term in the main equation (i.e., the exogeneity). The
latter orthogonality condition can also be expressed by saying that the instrument has
to affect the dependent variable in the main specification only through its impact on the

18 Data are obtained from the industry and service census of ISTAT.
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endogenous variable (i.e., the exclusion restriction), in our case log(L,/S,). It is relatively
straightforward to check for the validity of the instruments, while it is cumbersome to
assess their exogeneity.

We follow previous literature (among others, see Ciccone and Hall, 1996 and Combes et al.,
2010), and resort to data from several waves of Italian population censuses dating back to
1861 as the first set of instruments. In particular, our preferred instrument is defined by
the population density at the LLMA level in 1921, We argue that the past population
density was high in places featuring high land fertility. Once cities are created, they usually
display a strong morphology persistence through time, and this might justify the respect
of the relevance condition for our instrument. At the same time, while high land fertility
is important to determine the productivity of firms in agriculture, it is unlikely that it
might have relevance for the TFP of manufacturing firms nowadays. This orthogonality
condition might not hold in the presence of other long-term factors that could have driven
both population density and productivity in recent times. For instance, proximity to a
coastline and similar local amenities could be one of those factors. To circumvent this
potential criticism against the exogeneity of our instrument, we add similar variables as
well as a set of spatial fixed effects in our main specification.

Furthermore, aside from the aforementioned long-term factors, we argue that during the
last century, the Italian economy underwent many structural transformations to make
the orthogonality condition very likely to hold: the transition from an agricultural-based
economy to one focused on industry and services (for a description on the Italian industrial
take-off, also known as the miracolo economico, see Daniele et al., 2018), the evolution
of technologies including the advent of the digital economy in the last decades, the mass
scholarization that led the Italian economy to achieve levels of human capital that are
comparable to those of other European countries. As for political changes, Italy was still
ruled by a monarchy in 1921. The fascist regime came then to power between 1922 and
1943, followed by a constitutional republic from the end of WWII onwards.

Our second group of instruments includes a rich dataset of geological data about soil
characteristics and (historical) climate variables, such as seasonal rainfalls, and January
and July temperature measured for each of the LLMA. The rationale for introducing those
additional instruments is that they might add explicative power to the prediction of the
endogenous variables beyond what it is already accomplished with the other historical
instruments (see Combes and Gobillon, 2015). That goes without saying that these
variables should also meet the exogeneity requirement. Therefore, the main problem, in
this case, would be that of not matching the conditions to be valid instruments.

Detecting the exact spatial range of the agglomeration economies is a difficult task?®. As

19 Although having observations that date back to 1861, we opted to use 1921 as the reference point for
our historical instruments since most of the territorial changes that have altered the national borders and
the number of municipalities occurred before that year. However, the results do not change substantially
if longer time lags are used in the specifications.

20 Agglomeration effects generate their impact at different spatial scales, but the degree of proximity
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explained above, our spatial units based on LLMAs are the ideal candidates to gauge the
intensity of the positive spillovers that might be generated within spatially concentrated
and self-contained local labor markets. However, although the degree of self-containment
of each LLMA is high by construction, it is far from being complete?!. In other words, a
local market interacts with other spatial units in terms of employment relationships, and
the strength of these interactions is likely to increase with the proximity between the focal
LLMA and its neighbors. Therefore, the positive externalities linked to agglomeration
might spill over across different and closer LLMAs. If not properly accounted for, this
circumstance could affect the quality of our estimates. To this aim, our baseline specification
includes the variable CTG,., defined as the sum of (the logarithm of) the employment
densities of the local markets contiguous to the focal LLMA r:

CTG, = log (%) (8)

where B(r) is the set of LLMAs sharing one or multiple borders with the focal local market
r. We also compute an instrumental variable for the density of contiguous LLMAs using
the population density in 1921 because we consider C'TG, as endogenous.

Our controls include the fraction of LLMA land with direct access to a coastline, (the
logarithm of) its average altitude, and different sets of dummy variables describing the
five Ttalian macro-regions (i.e., North-West, North-East, Centre, South, and Islands), 20
regions, and 110 provinces (respectively corresponding to NUTS-1, NUTS-2, and NUTS-3
classifications). Given the sharp and persistent differences across Italian regions that might
be correlated with our instruments and the productivity indicator, the spatial controls
play an essential role in our context.

The summary descriptives of all instruments and controls are reported in Table 2, whereas
the correlation matrix is provided in Table 3.

6. Model specification and the estimation of agglomeration economies in Italy

We are now ready to estimate Eq. (7), where TFP,. is the response variable and log(L,./S,)
is the main regressor. Our baseline specification includes the full set of controls (the
employment density of the contiguous markets, the variables measuring access to a coastline
and average altitude and one of the sets of territorial dummies) and a subset of instruments:

that matters is not usually investigated in the prevailing literature. However, such an issue is obtaining
growing attention in light of the continued importance of closeness and the large decrease in interaction
costs witnessed in recent years. Rosenthal and Strange (2020) offer robust evidence of the crucial role of
very short-scale spillover, at the neighborhood or even block levels.

21 In 54.3% of the units, which represent 71.3% of the national population, the average self-containment
is equal to 81.2%, meaning that about three-quarters of the labor force lives and works inside the borders of
the LLMA. More information is available on the ISTAT website (www.istat.it/it/informazioni-territoriali-
e-cartografiche/sistemi-locali-del-lavoro/indicatori-di-qualita-sll).
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(the logarithm of) the population density in 1921, two variables that represent the local
soil characteristics (i.e., ruggedness and depth to rock), the logarithm of rainfall, and the
average temperature in 1921.

Table 4 reports the main results for the IV estimation for each group of spatial controls and
the corresponding OLS results??. Note that standard errors are computed with the default
variance-covariance estimator in the former set of models whereas they are clustered at the
level of the spatial controls (i.e., macro-areas, regions, and provinces) in the latter ones*?*.
Starting from columns (1) through (3), the diagnostic tests clearly indicate that we can
reject the null hypothesis of exogeneity for our density variable and, hence, that it is the
case to move to an IV approach. Both the partial R-squared in the first stage and the F
test on the null hypothesis of simultaneous irrelevance of all the instruments point to the
fact that our instrumental variables are strongly correlated with the employment density
(i.e., they are relevant). As for the exogeneity of the instruments, the over-identification
test is passed for two of the three specifications, the one in which the test fails is that
including macro-area fixed effects.

The estimated parameter for the employment density is positive and significant through
all the three IV models. The magnitude of the elasticity is around 6% and is relatively
stable across the different specifications, including the more demanding one based on the
110 provinces fixed effects. These results are extremely important in our context as they
show that we are not excluding relevant and persistent local factors that might influence
both our instruments and the dependent variable. From here onwards, we will comment
results for the specification that includes the 20 regional effects, i.e., column (2). The
reason for this preference is that the latter specification has a set of rich spatial controls
that should attenuate the omitted variable problem and, at the same time, should not
cause problems with the degrees of freedom (remember that our cross-section has 610
observations). However, all our estimations have also been carried out for the other two
sets of spatial controls based on macro-regions and provinces. The results are rather stable,
but we will mention the exception to this while we proceed through the analysis.

By comparing the IV results to the corresponding OLS,; i.e., columns (4) through (6), we
observe that the estimated elasticities are larger in the latter case. In particular, for our

22 See Table B.14 for the estimates of the models without the contiguous employment density.

23 We tested the models by specifying an error structure that allows for intragroup correlation among
the observations as well as using a set of arbitrary correlation regressions estimated in both spatial and
network settings with the acreg library (Colella et al., 2019). In the first case, standard errors are adjusted
by considering the physical distance between LLMAs (Counley, 1999) with several cutoff thresholds (i.e.,
from 100 to 300 kilometers) whereas in the second one we consider the adjacency matrix reporting the
links between neighboring local markets. In other words, we assume that the standard error of each LLMA
is correlated with those of the other units that are either located within a given radius from the focal one
or contiguous to it. Our results are robust to such alternative specifications.

24 We do not show clustered standard errors for the set of models computed with the 2SLS estimator
because such an option is not compatible with the post-estimation diagnostics on instruments relevance
and exogeneity.
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preferred gauge, the parameter decreases from 0.078 in the case of OLS to 0.059 for the
IV estimation. Correcting for endogeneity seems to have a higher impact in our case as
compared to other contributions in the literature (see Melo et al., 2009; Combes et al.,
2010; De La Roca and Puga, 2017). Notice also that the parameter in the IV estimation
is quite precisely measured even when it is compared to the corresponding OLS regression

(Wooldridge, 2010).

All in all, we confirm the existence of positive effects deriving from the local density of
economic activities in Italy. An estimated elasticity of 5.9% would involve that doubling
employment density would increase the productivity of incumbent firms by slightly more
than 4%. Moving from a location at the twenty-fifth percentile of the density distribution
to one at the seventy-fifth would increase the local TFP by around 11.0%, given that the
ratio between the two densities amounts to a factor of 5.87 (see again Table 1). Although
being in the upper tail of the distribution, our estimated elasticity is i