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Abstract
This paper investigates the productivity–wage relation using a novel and integrated
employer-employee database covering the entire population of non-financial firms’
plants in one of the most developed regions in Europe, i.e., the Italian Lombardy
region. We suggest that although a growing literature shows that locating in urban
areas yields substantial productivity gains due to agglomeration economies, the inter-
action between productivity and wages is ultimately the key to ascertaining the true
advantage of the high densely populated areas. By adopting an empirical specifica-
tion that allows us to explore interaction effects between localization and the sector
of activity at the establishment level, we find that agglomeration economies play a
significant but conditional role in affecting productivity and wage differentials while
also controlling for firm-specific factors (in particular, job-related characteristics) and
selection effects. The estimated impacts are heterogeneous across sectors, depending
on their technological features. The effect of locating in High-density urban areas on
the productive-wage gap is significantly positive only in highly knowledge-intensive
services sectors; for firms supplying less technologically sophisticated services and for
manufacturing plants, the impact is either not significant or negative. Locating inRural
areas generally exerts a downward (or not significant) impact on the productivity-wage
gap.
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1 Introduction

The dynamics of labour productivity have always been crucial to understanding the
developmental pace of a country or region, or the growth path of industries. Techno-
logical change is viewed as the driver of productivity enhancement, together with the
ability of firms to exploit the innovative opportunities that are then made available.
The close relationship between productivity and technological change became contra-
dictory in the early 1980s, in that productivity growth declined despite the spread of
information and communication technologies. Later periods also saw an inconsistent
path, with first a new increase and then a drop in productivity, even with the exten-
sive use of technologies related to the internet (OECD 2019). With this framework,
discrepancies between countries, regions, and industries significantly increase, thus
encouraging studies aimed at explaining such differentials. In particular, regional and
intra-regional investigations have focused on the role of agglomeration economies and
the local endowment of factors that positively affect productivity.

A complementary issue to productivity patterns is the dynamics of wages. The
simultaneous analysis of these two variables is relevant because their misalignment
raises issues related to competitiveness, inflation, and income distribution.

The macroeconomic picture for OECD countries indicates a significant and
constant decoupling of labour productivity growth and wage growth from the mid-
1990s. This has resulted in a significantly lower growth rate for the latter. However,
Italy was characterized by lower growth rates for both productivity and wages during
the 2000s, and oddly, the productivity growth rate was sometimes lower than that of
wages, thus adding additional challenges to the entire economy (Sharpe andUguccioni
2017; OECD 2018).

It is therefore crucial to provide in-depth analyses of such a divergence that take into
consideration both territorial and industry patterns. For this reason, in this paper we
analyse the productivity–wage relationship in the manufacturing and services indus-
tries in the Italian region of Lombardy. Using matched employer–employee database
built at the establishment level, we investigate the determinants of both productivity
and wages, and the possible misalignment in the productivity–wage gap across urban
and nonurban areas.

This region represents an ideal setting to test some crucial hypotheses concerning
the productivity–wage relationship. One should recall that it is one of the so-called four
motors of Europe, together with Baden-Württemberg, Rôhne-Alpes, and Catalonia.
These regions represent core European areas characterized by a high level of per capita
income, industrialization, and innovativeness. In addition, Lombardy has a diversified
economy in which both manufacturing and services play a significant role, together
with a diversified geographical pattern in terms of urbanization. For these reasons,
we think that the results obtained for this macro-area may provide useful information
for international comparisons and for a generalization to the Italian economy more
broadly.
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It is worth highlighting that this disaggregated analysis is relevant because one
of the most significant and striking pieces of evidence regarding growth patterns in
OECD countries is the patchy territorial characteristics of growth, even within regions
characterized by higher average living standards (Cheshire 2019). In particular, an
urban–rural divide is clearly observed, requiring amore in-depth analysis based specif-
ically on firm behaviour in different industries and areas.

We analyse the characteristics of urbanization within Lombardy through the lens
of the DegUrba classification developed by Eurostat at the European level (European
Union et al. 2021). The DegUrba methodology combines population size and popu-
lation density attributes, starting from a very granular geographic disaggregation of
the territory. Thus, it represents an interesting tool for investigating possible territorial
gaps, even within an urbanized region like Lombardy, in which almost 45% of munic-
ipalities belong to rural (nonurban) areas, representing nearly 60% of the region’s
area.

This paper may, therefore, represent the first step for further comparative analy-
ses aiming to thoroughly investigate patterns of productivity and wages in the most
developed European areas, thus providing useful information for policy intervention.

Local differences in productivity and wages may have different explanations. So
far, the empirical evidence shows that agglomeration economies may enhance the eco-
nomic performance of firms operating in urban areas in terms of productivity andwage
growth (Beaudry and Schiffauerova 2009). It has been argued that firms in the highest-
density areas may find it easier to access diversified job experiences, thus increasing
’workers” abilities (Duranton and Puga 2004; Rosenthal and Strange 2004). However,
together with the potential advantages of urbanization, negative impacts (Henderson
1974) may originate from competition among firms for the skilled workforce, which
can lead to higher production costs and further upward pressure on wages (Zheng
2001; Combes and Duranton 2006).

The implicit assumption of most empirical investigations on agglomeration
economies is the competitive wage determination mechanism, according to which
wage differences across workers only reflect productivity differences due to individual
characteristics or working conditions. Thus, potential misalignment between produc-
tivity and wages is not explicitly considered, with both measures used alternatively
(Combes et al. 2008a, b; Ahrend et al. 2014).

However, wage variation not justified by productivity gains has increasingly
received empirical attention (Hellerstein et al. 1999; Van Biesembroeck 2014). Indi-
vidual heterogeneity, on both the worker and the firm side, may play a role in the
correlation between productivity and wages at the firm level, together with the bar-
gaining power of workers and the prevalent bargaining mechanism (McGuinness and
O’Connell 2010; Rusinek andTojerow 2014). In continental European countries, wage
bargaining ismore centralized and, thus, the relevance of individual bargaining is lower
(Caju et al. 2008).

Given these considerations, the aim of this contribution is twofold. We intend
to assess how urbanization, together with industry firm-specific factors and worker
characteristics, affects productivity and wages in manufacturing and service establish-
ments. We also aim to verify the misalignment of the productivity–wage gap across
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local areas with different levels of urbanization. Indeed, the typical result that pro-
ductivity is positively related to urbanization is complemented and challenged by
considering the productivity–wage gap.

Our analysis represents an original contribution to the current debate in various
ways. Firstly, it considers a census of manufacturing and service establishments with
payroll-registered employees. Secondly, it investigates the local distribution of these
establishments using a spatial grid harmonized at the European level, and this is—to
our knowledge—the first attempt to apply this kind of analysis to Italian industries.
Thirdly, the availability of information on worker heterogeneity and firm-specific
characteristics allows us to disentangle their direct impacts on productivity, wages,
and the relevant gaps from the observed role played by the specific location context.

The results indicate that the degree of urbanizationplays a significant but conditional
role in affecting productivity and wage differentials at the local level. Indeed, this
effect depends on the technological and knowledge-based resources characterising
the industrial mix within urban and nonurban agglomerations. It is also highlighted
that in some cases, there exists a negative gap between productivity and wages that,
therefore, should be considered in depicting the real and comprehensive advantage of
urbanization.

The paper proceeds as follows. The next section discusses the literature on geo-
graphical differences in productivity and wages. Section 3 presents the data and the
level of geographical disaggregation used. Section 4 provides the empirical analysis,
while Sect. 5 provides further robustness evidence. Section 6 offers some concluding
remarks.

2 Space, Productivity, andWages

A large body of literature has focused on different patterns of firm performance
according to location. Hence, micro-grounded investigations are particularly suited
to verifying the role of geographical factors that may affect productivity and wages,
together with industry and worker characteristics. We aim to further investigate these
factors, taking into consideration the main results prevailing within the reference lit-
erature.

2.1 Localization and Urbanization

The spatial economics literature has investigated the existence of productivity (or
wage) premia due to agglomeration economies in different contexts and using various
methodological tools to identify the forces behind the advantages of agglomeration
(Combes and Gabillon 2015). As concerns the impact of agglomeration economies on
productivity, if agglomeration advantages outweigh agglomeration costs, the impact of
an urban location should be positive. However, besides positive agglomeration exter-
nalities, congestion costs negatively affect firm performance (Henderson 1974), thus
representing a centrifugal force. These negative externalities may be due to congestion
(Sweet 2014), pollution, crime, high housing and land rents, or increased labour costs
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because of competition among firms for the skilled workforce (Combes and Duranton
2006).

Among the vast literature, the analyses by Henderson (2003), Martin et al. (2011),
Baldwin et al. (2008), and Anderson and Loof (2011) provide estimates of the impact
of urbanization—and agglomeration in general—on firm productivity in different eco-
nomic contexts and industries. Although these studies show a clear productivity gain as
long as urban density increases, it also arises that firm costsmay be affected by agglom-
eration diseconomies, thus reducing their profitability (Jennen and Verwijmeren 2010;
Stavropoulos and Skures 2016; Bartoloni and Baussola 2021). Bartoloni and Baussola
(2021) find an urban-nonurban productivity divide in a sample of subregional Italian
areas, but this premium vanishes when considering profitability, thus calling for a
negative role played by diseconomies (costs) of agglomerations. This result is robust
to the local aggregations used, presenting different spatial density characteristics. A
similar findingwas also confirmed for the Tokyometropolitan area in a study by Zheng
(2001), in that diseconomies of agglomeration are significant and mainly reflect high
housing and land prices, long commuting times, and low environmental quality.

However, as wages are a significant component of a firm’s production costs, it is
therefore worth analysing whether agglomeration matters for describing wage deter-
mination at the firm/plant level. Ahrend et al. (2014) underline the crucial role of
urban areas—more specifically, high-density metropolitan areas across five OECD
countries—in affecting wages and, according to their reasoning, productivity. An
explicit investigation of a productivity–wage gap is not considered, thereby assuming
a straightforward relationship between these two variables.

Our investigation aims to highlight differences in firm productivity and wages
according to location in terms of population density. We adopt a modelling approach
aligned with the analysis proposed by Kampelmann et al. (2018) for Belgian regions.
Using the institutional framework of wage-setting rules in the background, i.e. the
relevance of national contract agreements (NCAs) in the wage-setting mechanism in
continental Europe (in their case, Belgium), they derive the impact on productivity and
wages conditional onworkers’ human capital, gender, and age, and taking into account
industry characteristics. The institutional framework that contributes to determining
wages, i.e. unionization and collective bargaining, therefore lies in the background of
the present analysis.

When investigating the possible misalignment of the productivity–wage gap across
urban and nonurban areas, one should also consider some individual sorting across
space that may arise both because workers tend to locate in the areas where their
specific skills are most required and because firms can decide to localize in the areas
better served by their particular managerial abilities.

Sorting effects may play a significant role, as described in Gaubert (2018), as firm
decisions regarding optimal locations may be crucially affected by city size. This may
cause endogeneity issues, which we attempt to tackle as described in Sect. 5. In addi-
tion, potential measurement error induced by the specific localization areas used for
capturing agglomeration effectsmay cause additional bias concerns in the econometric
estimation of the agglomeration effect. The empirical literature has addressed this issue
using various methodologies that, nevertheless, fail to provide conclusive indications
about the induced potential bias. (Ciccone 2002; Rice et al. 2006; Combes et al. 2008a,
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b). However, it is worth stressing that although our database’s cross-sectional nature
does not enable us to describe the sorting mechanism fully, we undertake instrumen-
tal variables estimations that consider firm location decisions. Sectoral specificities
are also relevant given that the characteristics and composition of the workforce cru-
cially depend on the technological context in which a firm operates. Nevertheless,
technological spillovers within a firm’s sector of activity can directly affect busi-
ness performance. They also represent one of the mechanisms behind agglomeration
economies (Duranton and Puga 2004). Unfortunately, measuring the specific contribu-
tion of technological spillovers to agglomeration economies and their indirect impact
on firm performance is not easy. The empirical literature provides some attempts, the
results of which cannot be generalized because of the very specific contexts in which
they are undertaken (Rosenthal and Strange 2001; Ellison et al. 2010; Carlino and
Kerr 2015).

Our analysis assumes that the technological and knowledge-based resources char-
acterizing the industry to which a firm belongs may directly affect firm productivity
andwages. In addition, we assume amoderator effect on localization as we interact the
set of dummyvariables capturing sector-specific effectswith the localization variables.
In line with previous evidence on Italy’s urban local labour market areas (Di Giacinto
et al. 2020), we expect that the productivity and wage premia of establishments local-
ized in urban areas are higher in technology-intensive and knowledge-based sectors
compared to other manufacturing and services activities.

In general, we expect more productive firms to pay a higher average wage premium
(Card and al. 2018). However, such a premium varies significantly and may crucially
depend on the prevailing wage-setting rules. In our context, where the typical NCAs
establish wage floors and individual firm bargaining play a less relevant role in com-
parison with other institutional frameworks (e.g. the Anglo-Saxon industrial relation
context), the elasticity between productivity and wages may be milder.

2.2 Worker and Firm Characteristics

The empirical literature has extensively investigated the role of worker characteristics
in determining productivity and wage premia. The traditional human capital approach
to wage determination has been challenged since the contribution by Oi (1962) in
which labour is described as a quasi-fixed factor. Therefore, one cannot expect a one-
to-one correspondence between productivity and wages; as such, fixed costs may vary
significantly across occupations and are crucially determined by the degree of specific
human capital required to accomplish job tasks.

In addition, efficiency wage theory (Akerlof and Yiellen 1986) and the other
information-based approaches to wage determination (Shapiro and Stiglitz 1984) help
explain discrepancies between the effective and implicit market equilibrium wage. Of
course, it is not our intention to review the literature on this issue as this is beyond
the scope of this analysis. However, it is worth recalling these approaches in order to
better interpret the results of the estimates we present in the following sections. More
recent investigations have indeed focused on firm (plant) estimations of occupational
pay and productivity.
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Indeed, the availability of matched employer–employee datasets has allowed the
joint estimation of production and wage equations to determine the relationship
between productivity and wage premia. Following the study by Hellerstein et al.
(1999), a vast strand of empirical literature has investigated the impact of worker char-
acteristics such as education, age, types of labour contracts, and gender. The evidence
has pointed out the presence of wage premia relative to productivity levels for older
workers in different European countries (Haegeland and Klette 1999; Crépon et al.
2003; Cataldi et al. 2011; VanOurs and Stoeldraijer 2011). Furthermore, scholars have
investigated gender as a cause for wage discrimination, but with more controversial
results. Hellerstein and Neumark (2009) find that the gender wage gap systematically
exceeds the productivity gap in the US, while other studies do not find evidence of
gender discrimination (Haegeland and Klette 1999; Hellerstein and Neumark 1999;
Crepon et al. 2003).

Worker skills as proxied by accumulated training have been found to be significant
in explaining productivity and wage differentials. Dearden et al. (2006) show that the
productivity effect of training substantially exceeds the wage effect in U.K. manu-
facturing, while Konings and Vanormelingen (2015) find a significant positive gap in
productivity–wage premia for the services sector in Belgium, but not for manufactur-
ing.

When considering education, evidence of a productivity–wage gap is less strong.
Haegeland and Klette (1999) find that the wage premium for education is in line with
the productivity premium, whereas Hellerstein and Neumark (2009) find support for
the positive effect of education on productivity in the U.S. manufacturing industry for
workers with a college education.

The empirical analysis of different types of work contracts (temporary vs perma-
nent; part-time vs full-time) is often associated with the debate on labour market
flexibility, and in general, employment protection legislation (EPL) (Bertola et al.
2000), which has significantly affected labour market adjustment in OECD countries.

We do not intend to enter into this very controversial debate. However, it is worth
stressing that despite significant evidenceon thegapbetweenpermanent and temporary
workers not related to job or individual characteristics (Brown and Sessions 2003; De
laRica 2004;Bosio 2009;Comi andGrasseni 2012),much less evidence is available on
the productivity–wage relationship. One example is the work of Garnero et al. (2014)
based on matched employer–employee panel data on Belgian private-sector firms,
which provides evidence that both fixed-term and part-time contracts exert stronger
positive effects on productivity than on wages.

Together with worker heterogeneity, firm-specific heterogeneity also plays a crucial
role in explaining productivity differentials, as reported in the findings by Syverson
(2011) and Foster et al. (2008). Firm size, international openness, and innovation,
although analysed through different frameworks, appear as crucial determinants of
business productivity.

Hence, it is worth recalling that the core aim of our study is to test and quantify
the urban-nonurban productivity divide and its main determinants related to firm and
industry characteristics. Simultaneously, we explicitly consider spatial wage discrep-
ancies and the productivity–wage gap. It is therefore possible to verify that urban
density matters for productivity gains, but conditional on industry characteristics, i.e.
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technological features. In other words, the positive relationship between urbanization
and productivity should be reconsidered in light of the gap with wages. For this reason,
we explicitly consider this issue and derive a comprehensive picture of the effective
gain from urbanization.

3 Data Description

3.1 General

We use ISTAT’s Frame territoriale SBS (Structural Business Statistics), i.e. the Italian
business register, which integrates establishment data using (i) the SBS register, the
main data source on structural and economic characteristics for the total population
of Italian enterprises, and (ii) the Statistical Archive of Active Firms (ASIA-UL), the
statistical register of business establishments. Information on job quality stems from
the ASIA Employment Archive, a matched employer–employee dataset from which
we derive additional variables on the demographic and job-related characteristics of
employment at the firm level.1

The original data source covers more than 4.7 million establishments operating
in all industry and service activities (excluding the financial sector as well as some
personal and household services) in 2016 and generating almost 716 billion euros of
value added. More than 850 thousand establishments are localized in Lombardy. They
generate 186 billion euros of value added, corresponding to about one-fourth of the
national total. Our analysis is performed on the manufacturing and services industries.
Thus, we exclude establishments operating in the extraction and utilities sector and
in the construction sector, whose characteristics are not directly comparable to those
operating in manufacturing or services. The share of the excluded sectors is 12% in
terms of local units and 9% in terms of value added. From this regional database, we
extract a subsample of establishments with payroll-registered employees. The dataset
used in the present analysis is composed of almost 260 thousand establishments and
represents 35% of the total number of establishments in the region. The share is lower
for manufacturing (11%) compared to services (30%).

We adopt sector aggregation according to the level of technology and knowledge
intensity (Eurostat).2 Althoughbasedon theNACERev. 2, this aggregationof activities
is better suited to capturing the differences related to firms’ technological capabilities
and the availability of skills within the productive units.

3.2 The DegUrba Classification

The localization of productive units is defined at the municipality level (Local Admin-
istrative Units, LAU2), the degree of urbanization of which is detected using the
DegUrba methodology. The DegUrba classification was set up by Eurostat using a

1 See the Appendix for details.
2 See the reference metadata in Euro SDMX Metadata Structure (ESMS) Annex 3 (high-tech aggregation
by NACE Rev. 2); https://ec.europa.eu/eurostat/cache/metadata/en/htec_esms.htm.
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Fig. 1 DegUrba clusters in the Lombardy region

combination of population size and population density thresholds, and it has been
adopted by various surveys conducted at the European level. To avoid the so-called
modifiable areal unit problem (Arbia 2012), i.e. the distortion caused by using local
administrative units varying in size and/or shape, the DegUrba classification is based
on a map of the regional territory with a square grid cell of 1 km2. The advantage of
using this classification is that all territorial cells have the same shape and size, thus
producing a classification that is comparable across space and more stable along time
(European Union et al., 2021).

By grouping the grid cells using a combination of population density, population
size, and contiguity (neighbouring cells) criteria, the methodology creates a classifi-
cation of municipalities into three groups: high-density population areas (at least 50%
of the population lives in high-density urban centres), intermediate urban areas (at
least 50% of the population lives in urban clusters), and rural areas (at least 50% of
the population lives in rural grid cells).

An additional advantage of the DegUrba classification is that it is updated peri-
odically to consider changes in spatial unit boundaries over time. Thus, the derived
territorial map is not static and could also represent an interesting tool—harmonized
internationally—to analyse the impact of urbanization changes on business perfor-
mance. To our knowledge, our work is the first attempt to use this kind of spatial
aggregations in the analysis of the productivity–wage relation at the local level.

Figure 1 provides amap of the areas of interest, and Table 1 reports some descriptive
statistics.

3.3 Descriptive Analysis

In this section, we present a descriptive analysis of the main aggregates at the estab-
lishment level: labour productivity, wages, and the relative gap. Labour productivity
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is computed as the ratio of value added to the total number of employees. The indi-
vidual wage is given by the ratio of gross wages to the number of payroll-registered
employees. We assume that independent employees, representing 26% of the region’s
employment, have the same gross wage as salaried employees. External employment,
including agency workers, are not included in the computation of labour cost. The
cost of external employment is part of intermediate consumption; thus, it does not
contribute to value added (Arnaldi et al. 2016, p. 65).

The aggregate evidence (Table 2), based on median averages, shows that both pro-
ductivity and wages are higher in manufacturing (42.9 thousand and 24.0 thousand
EUR, respectively) than in the services industry (31.3 thousand and 19.0 thousand
EUR). One should note, however, that financial services are excluded from our inves-
tigation, which will affect this comparison. Differences are higher in productivity than
in wages, and we observe a higher productivity–wage gap in manufacturing than in
services (18.3 thousand and 12.9 thousand, respectively).

These patterns are clearly correlated to location. We use an index representation to
better disclose differences (Fig. 2; Lombardy average = 1): establishments in high-
density areas are better off than those located in other areas. However, this advantage
is not equally shared between services and manufacturing activities. The productivity
gain due to urban localization is mainly concentrated in services, whereas it is far
less pronounced in manufacturing. The services activities localized in high-density
areas show a positive productivity–wage gap that we do not observe for manufactur-
ing as a whole. This gap is mainly determined by their higher productivity; whereas
for manufacturing in high-density areas, the lower gap seems crucially linked to
lower productivity.3 An additional sectoral breakdown4 indicates that in the services,
the positive gap is mainly concentrated in high-technology and knowledge-intensive
activities, whereas in manufacturing, where the average gap is slightly negative, the
medium–high and high-technology activities still gain a premium (Fig. 3).

Interestingly, we also observe differences in the spread of the data. We use kernel
density estimations to investigate firm-specific heterogeneity within each area (Fig. 4).
Firstly, manufacturing establishments show not only a higher median gap compared to
services, but also a higher dispersion of the data. This iswell described by the estimated
distributions, which are taller and thinner for services compared to manufacturing
establishments in all areas. Secondly, we note that the manufacturing data are equally
spread across different locations, with median values being quite aligned, while in the
services the spread seems to correlatewith the location of units, thus indicating a higher
level of heterogeneity in densely populated locations and, also, less heterogeneity in
rural areas compared to urban ones. As for service establishments in high-density
locations, the kernel density estimations show a lower share around the central values
and a slightly higher share towards larger values. All in all, this additional evidence

3 It is worth stressing that this descriptive evidence at the establishment level is consistent with that obtained
at the aggregated level, i.e. by computing productivity and wage averages in the three types of territorial
area as ratios of the reference totals. In this case, we used the entire sample of establishments localized in
the region and summed up plant-level values for full-time equivalent employees, value added, and gross
wages (results are available on request). Both views—at themicro- andmacro-aggregated level—coherently
support the evidence derived.
4 For the sectoral breakdown according to the ’high-tech’ classification, see the Appendix.
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Fig. 2 Establishment-level patterns of productivity and wages (medians): between-area variation. Lombardy
= 1

Fig. 3 Productivity–wage gap by sector: between-area variation. Lombardy = 1

reveals a higher degree of firm heterogeneity linked to localization factors within the
services industry.
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Fig. 4 Productivity–wage gap: kernel density estimation and box plot

4 The Empirical Model

4.1 Methodology

We separately estimate three equations for labour productivity (log Y), wages (logW),
and the productivity–wage gap (log(Y/W)) at the plant level. We are aware that our
investigation reflects a static view of the spatial effect on productivity and wages and
that sorting effects may be operational (De la Roca and Puga 2017; Gaubert 2018).
We discuss and tackle this issue in Sect. 5, although the static nature of the data is a
limitation. However, the availability of matched employer–employee characteristics
enable us to separately consider five main determinants:

(i) urban density;
(ii) industry characteristics related to different technological levels;
(iii) plant characteristics which capture effects related to increasing returns: produc-

tive scale (six size classes) and the international openness of the firm (a dummy
variable indicating whether the establishment is part of an exporting firm);

(iv) employee characteristics: gender and age structure, level of education, and type
of labour contract (temporary, open-ended);

(v) a proxy of the slack in the local labour market (the employment rate).

Thus, the empirical specification can be represented as follows:

yi = β0 + β1Ua + β2Us + β3(UaUs) + β4Xi + β5 Ia + εi , (1)
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where yi generically indicates the dependent variable of interest for establishment i,
and Ua and Us are the vectors of dummy variables corresponding to area and sector
characteristics to which the establishment belongs. X i is a vector of plant-specific
variables, while Ia indicates a vector of additional area-level characteristics.β1, . . . β5
are the corresponding vectors of coefficients, and εi is the error term that accounts
for potential dependence based on spatial proximity.5 With this specification, we can
explore interaction effects between localization (the agglomeration characteristics of
the area) and the sector of activity at the establishment level, together with spatial
autocorrelation.

In addition, the inclusion of individual characteristics that may directly affect per-
formance at the establishment level allows us to control for differences in terms of
both worker and firm characteristics. Finally, we assume that vector I captures other
demand or supply factors affecting the local labour market, in our case proxied by the
employment rate. Descriptive statistics and further explanation are reported, respec-
tively, in Table 3 and in the Appendix.

Wefirst presentOLSestimates ofEq. (1),which, nevertheless, report standard errors
modified according to Conley (1999).6 In Sect. 5, we discuss a complementary esti-
mation that explicitly considers simultaneity issues and, therefore, shows instrumental
variable (IV) estimates. With low inflation rates characterizing both consumption and
production prices, we use nominal values for both productivity and wages.7

In Table 4, we present the results for the overall sample of establishments operating
in the manufacturing and service industries. In this set of estimates, the localization
dummies are interacted with two dummies related to the services and manufacturing
industries, with the latter as the reference. In Tables 5 and 6, we present results for
manufacturing and services separately. In both sets of estimates, we further explore
the industry impact by interacting the localization dummy with the establishments
classified according to their technology- and knowledge intensity (low-technology
manufacturing and household services are the reference categories for manufacturing
and services, respectively). In all estimations, the intermediate urban area is used as
the reference category.

4.2 Results: All Establishments

The estimates based on the overall sample show that, in general, being localized in
the highest-density areas significantly affects productivity when the interaction with

5 We use a spatial error representation following Conley (1999). We thank an anonymous referee for this
suggestion. Conley (1999) method accounts for spatial correlation using coordinates. See the following
note for further details.
6 Following the recent technique proposed by Colella et al. (2019), we imposed a threshold of 50 km.
This means that the errors of each municipality are assumed to be correlated with the ones of all other
municipalities that are located within a radius of 50 km from it. We implemented the same specifications
also with a threshold of 100 km without substantial modification.
7 We also estimated our models using real values for our focus variables. We adopted two alternatives to
obtain real values: in the first, we used the value-added deflator for both productivity and wages; in the
other, we used the consumer price index for wages. We obtained coefficients very close to the regressions
with nominal values.
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Table 3 Descriptive statistics for
the variables used in the
empirical model

Variable Mean Std. Dev

Productivity (Log) 10.390 0.898

Wage (Log) 9.869 0.558

Gap (Log) 0.521 0.722

Urban high density 0.481 0.500

Urban intermediate 0.431 0.495

Rural 0.088 0.283

HT manuf 0.008 0.092

MHT manuf 0.050 0.218

MLT manuf 0.061 0.240

LT manuf 0.067 0.250

HITS 0.042 0.200

KWNMS 0.162 0.369

Other services 0.387 0.487

Household services 0.109 0.311

Size 1–9 0.832 0.373

Size 10–19 0.094 0.292

Size 50–249 0.047 0.211

Size 20–49 0.024 0.153

Size 250–499 0.002 0.044

Size 500 + 0.001 0.028

Internationalization 0.202 0.401

Aged 30–49 0.538 0.329

Aged 50 + 0.230 0.289

High education 0.109 0.223

Males 0.529 0.389

Temporary contracts 0.140 0.250

Employment rate 50.880 1.100

See the Appendix for variable descriptions and the sectoral aggrega-
tions based on NACE Rev. 2

services activities is considered (Table 4). Service activities localized in high-density
clusters show a 10% gain in productivity, as indicated by the interacted coefficient,8

thus partially offsetting the general loss of the services industry (–12.1%). Conversely,
establishments in rural areas show a 4.1% reduction in productivity, without any sig-
nificant difference between services and manufacturing activities (see the interacted
coefficient rural*services, which is not significant).

8 In a linear model, the overall effect of, say, Us on the dependent variable must be computed as the
algebraic sum of the stand-alone coefficient β2 and the coefficient of the interacted term β3.

123



UrbanNon-urban AgglomerationDivide: Is There a Gap in Productivity… 805

Table 4 OLS estimation: manufacturing and services establishments

Variable Productivity Wages Gap

Urban high-density − 0.0146* 0.0309*** − 0.0456***

[0.0171] [0.00949] [0.0118]

Rural − 0.0414** − 0.0463*** 0.00477

[0.0155] [0.00974] [0.00915]

Services − 0.121*** − 0.0663*** − 0.0552***

[0.00687] [0.00584] [0.00506]

Urban high− density*Services 0.100*** 0.0328*** 0.0658***

[0.0292] [0.0119] [0.0186]

Rural*Services − 0.0151 0.0229 − 0.0381***

[0.0192] [0.0158] [0.0118]

Size 10–19 0.236*** 0.183*** 0.0545***

[0.00659] [0.00500] [0.0106]

Size 20–49 0.267*** 0.223*** 0.0460***

[0.00566] [0.00803] [0.00984]

Size 50–249 0.289*** 0.265*** 0.0252*

[0.00807] [0.00999] [0.0131]

Size 250–499 0.300*** 0.280*** 0.0202

[0.0304] [0.00947] [0.0282]

Size 500 + − 0.263*** 0.186*** − 0.450***

[0.0422] [0.0212] [0.0419]

Internazionalization 0.453*** 0.289*** 0.166***

[0.00590] [0.00443] [0.00462]

Aged 30–49 0.326*** 0.217*** 0.109***

[0.0310] [0.0204] [0.0115]

Aged 50 + 0.467*** 0.291*** 0.176***

[0.0691] [0.0402] [0.0298]

High education 0.768*** 0.542*** 0.225***

[0.0458] [0.0534] [0.00999]

Males 0.163*** 0.294*** − 0.128***

[0.0482] [0.0358] [0.0134]

Temporary contracts − 0.212*** − 0.210*** − 0.00202

[0.0204] [0.0181] [0.0283]

Employment rate 0.0135*** 0.00868* 0.00487**

[0.0062] [0.00513] [0.00212]

Constant 9.170*** 8.980*** 0.190*

[0.315] [0.258] [0.107]

Observations 254,689 254,689 254,689

R-squared 0.166 0.252 0.026

Conley-robust standard errors in brackets. ***p < 0.01, ** p< 0.05, *p < 0.1
Reference area: Intermediate density. Reference Size: less than 10 employees
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Table 5 OLS estimation: manufacturing establishments

Variable Productivity Wages Gap

Urban high density − 0.0226 0.0349** − 0.0575***

[0.0214] [0.0148] [0.0145]

Rural − 0.0408** − 0.0366** − 0.00422

[0.0206] [0.0166] [0.0103]

HT manuf 0.192*** 0.0678*** 0.125***

[0.0251] [0.0150] [0.0171]

Urban high density*HT manuf 0.0702* 0.0598*** 0.0104

[0.0372] [0.0231] [0.0178]

Rural*HT manuf − 0.0283 0.0157 − 0.0440

[0.0635] [0.0305] [0.0625]

MHT manuf 0.319*** 0.190*** 0.129***

[0.0149] [0.00932] [0.00968]

Urban high density*MHT manuf 0.0512** 0.00754 0.0436***

[0.0241] [0.0129] [0.0160]

Rural*MHT manuf − 0.0178 − 0.0298 0.0120

[0.0226] [0.0196] [0.0162]

MLT manuf 0.282*** 0.155*** 0.127***

[0.0127] [0.0100] [0.00545]

Urban high density*MLT manuf 0.0339* − 0.0175 0.0515***

[0.0184] [0.0130] [0.0167]

Rural*MLT manuf − 0.0211 − 0.0244 0.00333

[0.0262] [0.0219] [0.0160]

Size 10–19 0.223*** 0.153*** 0.0695***

[0.00746] [0.00383] [0.00618]

Size 20–49 0.316*** 0.227*** 0.0886***

[0.0111] [0.00709] [0.00635]

Size 50–249 0.425*** 0.311*** 0.114***

[0.00899] [0.00918] [0.0124]

Size 250–499 0.520*** 0.402*** 0.118***

[0.0346] [0.0218] [0.0365]

Size 500 + − 0.337*** 0.345*** − 0.682***

[0.111] [0.0708] [0.143]

Internationalization 0.350*** 0.192*** 0.157***

[0.0168] [0.00876] [0.0105]

Aged 30–49 0.0934*** 0.176*** − 0.0821***

[0.0284] [0.0159] [0.0163]

Aged 50 + 0.117*** 0.270*** − 0.153***
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Table 5 (continued)

Variable Productivity Wages Gap

[0.0286] [0.0154] [0.0200]

High education 0.662*** 0.527*** 0.136***

[0.0673] [0.0525] [0.0272]

Males 0.315*** 0.389*** − 0.0739***

[0.0150] [0.0108] [0.00963]

Temporary contracts − 0.0503** − 0.105*** 0.0545**

[0.0253] [0.0186] [0.0225]

Employment rate 0.0124** 0.00576 0.00661***

[0.00514] [0.00399] [0.00255]

Constant 9.197*** 9.027*** 0.170

[0.261] [0.203] [0.131]

Observations 54,491 54,491 54,491

R-squared 0.244 0.349 0.053

Conley-robust standard errors in brackets. ***p < 0.01, ** p < 0.05, * p < 0.1
Reference area: Intermediate density. Reference Size: less than 10 employees

As concerns the wage variable, high-density areas show a positive contribution (+
3.1%) to wages.9 It is worth noting that average wages in services are lower than
in manufacturing. However, the latter’s sector-specific characteristics imply that the
wage premium in high-density areas is amplified; on the other hand, a negative impact
on compensation in rural clusters prevails (–4.6%).

Looking at the productivity–wage gap estimates, the dummy coefficient for services
is negative (–5.5%), implying that the profit margin reduces compared to manufactur-
ing. However, localization matters, as the contribution to the productivity–wage gap
when the services dummy is interacted with high-density areas is positive (+ 6.6%)
and tends to completely offset the negative impact previously described.

These interactions between localization and industry activity are estimated con-
trolling for individual characteristics—included in the X vector of additional vari-
ables—that may directly impact productivity. One should recall that the set of size
dummies clearly indicates that establishment productivity is positively affected by
an increasing scale of production. Taking the ’fewer than 10 employees’ category as
the reference group, productivity increases with size, but not in the last group (> 500
employees) representing large enterprises. In this group of plants, decreasing returns
are operational, implying a 26.3% reduction in productivity compared to small firms.
However, one should consider the fact that larger enterprises may havemultiple plants,
and therefore, productivity at the firm level may indeed increase with size as internal
scale economies may be in operation.

9 Although not directly comparable, it is worthwhile noting that Ahlfeldt and Pietrostefani (2019) reported
an elasticity of 0.04 between wages and density in their extensive review of the effects of density on a large
set of outcomes.
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The impact of plant size on labour compensation is positive.We observe an increase
in wages as one moves towards larger size classes, with the highest impact registered
in the medium-large sizes (250–499 employees), but with a slower pace for establish-
ments with 500 employees or more. Conversely, this group of establishments shows
a positive effect on labour compensation that is lower than that observed for the other
size classes, except for the 10–20 employees category. Nevertheless, it is enough to
determine a negative impact on the productivity–wage gap in the larger class size
(–4.5%). As we have previously emphasized, discrepancies between productivity and
wages reflect different conditions regarding the nature of labour as a quasi-fixed factor,
information asymmetries, and bargaining power, with the latter typically increasing
with (plant) firm size.

Regarding labour characteristics, we find a significant gender gap that is probably
related to the positive correlation between part-time contracts and the proportion of
females employed at a firm. A one percentage point (p.p.) increase in the proportion
of male employment at a firm determines a 0.16% gain in productivity.

Age has a positive impact on productivity as well, as having employees in the
middle-aged group (30–49 and 50 + years of age) improves productivity. In this
case, a one p.p. increase in the proportion of employees in these age classes entails,
respectively, a 0.33% and 0.47% increase in productivity.

However, temporary employment leads to a decrease in productivity of 0.21%. In
contrast, human capital proxied by education level shows the highest impact among
the labour input variables: a one p.p. increase in the share of highly educated workers
determines an increase in productivity of 0.77%.10

Finally, a local labour market’s slack is captured by its corresponding employ-
ment rate.11 This variable reflects the condition of labour demand and, therefore, the
potential relevance of labour market slack. In other words, a higher employment rate
reflects tightness of the labour market and, thus, the extent to which firms compete
to acquire better workers. The estimates suggest a significant positive impact that is,
nevertheless, mild (0.01%).

4.3 Results by Sector of Activity

The medium–low-, high-, and medium–high-technology establishments represent
70% of Lombardy manufacturing in terms of total employment. Our estimates show
that these establishments exhibit higher levels of productivity when compared to their
low-tech counterparts, on average, with the medium–high category showing the high-
est impact (+ 32%) (Table 5). These plants gain an additional increase when located
in the highest-density areas. In this case, the gain is greater for establishments in high-
tech sectors (a further + 7% increase). Manufacturing establishments in rural areas
do not show significant differences in productivity compared to intermediate urban

10 This result is coherent with the evidence on the skill premium in urban and nonurban commuting zones
of Italian local labour markets obtained by Accetturo et al. (2019).
11 Other potential proxies could be used in order to capture the effect of local labour market conditions.
Given the high disaggregation of our data at the local level, we can only count on labour force census
statistics collected at the municipality level or the local labour market level. We use this latter also to take
into account a referee’s comment.
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locations, which is the reference category. As previously stressed for the overall sam-
ple of manufacturing and service establishments, even in the manufacturing industry
localization in the highest-density areas does not represent a driver of productivity
per se, but it does in combination with sectoral specificities. Conversely, agglomera-
tion economies have a distinctive role in wage setting. Our estimates show that in the
highest-density areas, wages increase by 3.5% compared to intermediate locations,
with a substantial further increase for high-tech establishments (+ 6%). In addition,
in rural areas wages are lower, on average (–3.7%), without significant contribution
induced by sectoral characteristics. The impact concerning the productivity–wage gap
is negative in high-density areas because of the impact of wages. It is positive for
all three technology levels, in comparison with the lowest-tech industries; however,
when interacted with the high-density dummy, it is positive when the medium- and
medium–low- tech levels are considered.

As for services (Table 6), being localized either in the highest-density or rural areas
does not affect productivity. However, when one considers the interactionwith sectoral
dummies, a significant loss of productivity is observed when the establishments are
localized in rural areas.

Interestingly, the knowledge-intensivemarket services (KWNMS) show the highest
gain in productivity (+ 38%), with an additional increase for those localized in high-
density areas (+ 14.7%). In addition, the high-technology services (HITS) localized
in densely populated areas show a significant increase in productivity as well.

In contrast to the general (reducing) effect of agglomeration on the productivi-
ty–wage gap previously described, the gain concerning productivity for establishments
operating within these knowledge-intensive services is substantial, giving rise to an
increase in the productivity–wage gap, particularly in high-density locations. More
specifically, we observe a further 11.5% increase, which adds to the stand-alone
KWNMS dummy (+ 13%), and a milder impact of the HITS sectors, which depends
on the combination of the stand-alone HITS dummy and the dummy interacted with
urbanization.

Other significant differences between manufacturing and services arise when con-
sidering the direct impact of firm-specific characteristics. In particular, temporary
employment and labour quality affect productivity evenly. This latter effect is greater
and entails a 6.6% increase in productivity and a positive wage gap for highly educated
workers.

We also control for firm internationalization by considering the impact of a dummy
variable reflecting whether a firm exports goods or services. We are aware that such
an inclusion may cause endogeneity issues, which should be confronted with pairwise
relevant omitted variable concerns. Facing these two issues, we decided to include this
variable, as it is a relevant firm-specific characteristic that crucially affects behaviour
and performance. However, we have taken into consideration the endogeneity issue in
the sectoral IV specification that we discuss in the next section.

Of course, manufacturing companies are more exposed to international competi-
tion, and on the whole, the degree of internationalization is also higher in this sector.
Therefore, it is reasonable to expect that the impact on productivity is positive and
possibly higher for the few services firms competing in international markets, com-
pared to their counterparts operating only in a national context. One should note that
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Table 6 OLS estimation: services establishments

Variable Productivity Wages Gap

Urban high density − 0.00303 0.0435*** − 0.0465***

[0.0107] [0.00800] [0.0145]

Rural 0.0159 − 0.0276 0.0435**

0.243*** 0.196*** 0.0461***

HITS 0.272*** 0.382*** − 0.110***

[0.0142] [0.00995] [0.0138]

Urban high density*HITS 0.167*** 0.0491*** 0.118***

[0.0401] [0.0118] [0.0313]

Rural*HITS − 0.252*** − 0.0230 − 0.229***

[0.0344] [0.0201] [0.0316]

KWNMS 0.380*** 0.250*** 0.130***

[0.0162] [0.00917] [0.0142]

Urban high density*KWNMS 0.147*** 0.0322 0.115***

[0.0477] [0.0203] [0.0292]

Rural*KWNMS − 0.109*** − 0.0247 − 0.0847**

[0.0340] [0.0206] [0.0340]

Other services 0.121*** 0.181*** − 0.0599***

[0.0183] [0.0141] [0.00959]

Urban high density*Other services 0.0313* 0.00139 0.0299*

[0.0163] [0.00943] [0.0164]

Rural*Other services − 0.0522** 0.00702 − 0.0592**

[0.0258] [0.0172] [0.0238]

Size 10–19 0.243*** 0.196*** 0.0461***

[0.0128] [0.00291] [0.0134]

Size 20–49 0.236*** 0.223*** 0.0130

[0.00875] [0.00720] [0.0127]

Size 50–249 0.183*** 0.236*** − 0.0529***

[0.0129] [0.0107] [0.00674]

Size 250–499 0.147*** 0.205*** − 0.0580**

[0.0227] [0.0104] [0.0266]

Size 500 + − 0.309*** 0.104*** − 0.413***

[0.0537] [0.0166] [0.0527]

Internationalization 0.550*** 0.322*** 0.228***

[0.00719] [0.00392] [0.00502]

Aged 30–49 0.300*** 0.192*** 0.108***

[0.0189] [0.0183] [0.00609]

Aged 50 + 0.474*** 0.262*** 0.212***
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Table 6 (continued)

Variable Productivity Wages Gap

[0.0566] [0.0425] [0.0152]

High education 0.662*** 0.478*** 0.184***

[0.0258] [0.0451] [0.0249]

Males 0.0950** 0.219*** − 0.124***

[0.0422] [0.0355] [0.00753]

Temporary contracts − 0.197*** − 0.209*** 0.0128

[0.0297] [0.0160] [0.0341]

Employment rate 0.0152** 0.0110** 0.00419

[0.00664] [0.00558] [0.00267]

Constant 8.851*** 8.675*** 0.176

[0.338] [0.283] [0.135]

Observations 200,198 200,198 200,198

R-Squared 0.172 0.243 0.043

Conley-robust standard errors in brackets. ***p < 0.01, ** p < 0.05, * p < 0.1
Reference area: Intermediate density. Reference Size: less than 10 employees

the share of exporters in the services sector is far below that in manufacturing (5% vs
30%).

The estimates suggest that internationalization significantly affects productivity in
both manufacturing and services, but the impact on the latter is higher (+ 55%). In
both cases, the productivity–wage gap is positive, although it is larger in services (+
22.8%) than in manufacturing (+ 12.2%).

5 Endogeneity Issues and Sector Heterogeneity

5.1 General

The evidence presented in the previous sections suggests that the influence exerted
by urbanization in terms of productivity, wages, and the productivity–wage gap may
substantially vary—in both sign and size—across economic sectors according to their
level of technological intensity. In this section, we shed further light on the impact
of heterogeneity by computing estimates at a sectoral level; this allows us to evaluate
the effects of location for the entire set of activities (whereas the sectoral effects
presented in the previous results are measured with respect to a chosen reference
sector). Moreover, we explicitly address the issue of potential endogeneity bias in the
OLS estimates of Tables 4, 5, 6 through instrumental variables (IV) estimation.

Different sources of endogeneity bias may be at work in our estimation framework,
which relates the degree of urbanization to productivity and wages. First, as Combes
and Gobillon (2015) explain, when estimating the effects of location on outcome
variables like productivity and wages, endogeneity bias due to omitted variables may
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be at work both at the local economy level and at the individual level. Omitted-variable
bias may occur at the local-economy level if the specification does not account for
differences in the local availability of amenities (such as transport infrastructure), that
are likely to influence both urbanization and productivity. Similarly, omitted-variable
bias may take place at the individual level if unobserved firm characteristics (e.g.
managerial abilities) not accounted for in the regression specification influence both
individual outcomes and how economic agents sort across locations, thereby giving
rise to selection bias. ’Selection effects’ (the tendency of large cities to select more
efficient economic agents through competition) and ’sorting effects’ (the self-selection
of more productive firms and workers in larger cities, which offer higher expected
profits and wages) represent—along with traditional agglomeration externalities—the
main explanations economic theory currently provides for why per capita output is
higher in larger cities.12 Another source of endogeneity might come from potential
measurement error in the measure of the degree of urbanization (as in our dataset, each
municipality is entirely assigned to one of the three possible categories of the DegUrba
classification according to algorithms that exploit spatial information collected at a
more disaggregated level). Bias deriving from reverse causality is, in theory, possible
as well (think, for example, of highly productive firms, whose particular ability to
attract new workers substantially affects local density); however, in practice this is
considered a minor concern in the literature on the impact of urban agglomeration
economies (see Melo et al. 2009; Combes et al. 2010).

While the main goal of our analysis is to consistently estimate the effects of urban-
ization on productivity and wages, it has to be recognized that other explanatory
variables included in our regression specification may raise concern due to endogene-
ity problems. In particular, the assumption of exogeneity of the dummy variable for
exporting firms looks problematic. Economic intuition suggests that productivity itself
affects the likelihood of export, and empirical papers evaluating the impact of exporter
status on firm performance take into account this source of reverse-causality bias (see,
for example, Costa et al. 2017, for a recent analysis of Italian firms). As a consequence,
we also treat the dummy variable for exporting firms as an endogenous regressor in
the IV estimates we present, in order to address the possible inconsistency of the OLS
ones.13

12 In a seminal contribution, Behrens et al. (2014) build up a theoretical model allowing for all of these
mechanisms, and some recent empirical papers try to evaluate their importance. Using French firm-level
data, Combes et al. (2012) test for the relative size of agglomeration and selection effects, concluding that
the latter are irrelevant. Again using French firm-level data, Gaubert (2018) estimates that the source of the
productivity premium of large cities is almost equally distributed between agglomeration economies and
sorting effects.
13 We acknowledge that the assumption of exogeneity might be questioned for other regressors. For
instance, whereas including firm size into the productivity regression seems a natural way to capture the
possible presence of economies (or diseconomies) of scale, it should be not overlooked that firm size itself
(as measured by the number of employees) may be affected by firm performance. A similar reasoning holds
for the share of the workforce with higher education. Unfortunately, the content and the cross-sectional
nature of the dataset we work with prevents us from finding suitable instrumental variables to tackle the
issue of reverse causality for all regressors that may generate this bias. At the same time, economic intuition
suggests that simply dropping regressors such as firm size and the share of the workforce with higher edu-
cation from the specification is likely to yield an even higher bias due to the omission of relevant factors.
Specifically regarding firm size endogeneity, one should also note that bias should not be severe since, as
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Computing estimates at the sectoral level means that we work with a simpler speci-
fication that excludes the interaction terms of the regressions in Tables 4, 5, 6. Clearly,
doing so allows a substantial reduction in both the number of parameters to estimate
and the number of instrumental variables required to perform IV estimation. In prac-
tice, the regression specification can be written as follows:

yi = α0 + α1Xi + α2 Ia + γ1Highdensi ty + γ2Rural + γ3Export + μi (2)

where Xi denotes again the vector of plant-specific variables assumed to be exogenous
and α1 the corresponding vector of coefficients; Ia refers to local characteristics,
High density and Rural are the two binary measures of urbanization derived from
the DegUrba classification (with an Intermediate_density binary measure implicitly
acting as reference category); Export is the dichotomous variable for exporting firms.
For the sake of space, in the following we will report the OLS and IV results for the
urbanization variables only, but we will briefly comment on the estimates concerning
the other regressors as well.14

5.2 Sectoral OLS Estimates

OLS estimation of specification (2) does not obviously imply any additional technical
difficulty with respect to those of Tables 4, 5, 6. The main results of interest here are
presented in Table 7, which again reports—along with estimated coefficients—Conley
(1999) standard errors to account for possible cross-sectional dependence.

Let us first look at the manufacturing sector, starting from the upper part of the table
where labour productivity is the dependent variable. It can be seen that being located in
a highly urbanized area exerts a significant (and positive) impact on productivity only
for firms whose production processes are characterized by a high level of knowledge
intensity (HT group), while the coefficients of the other are non-significant. In contrast,
the coefficient of the Rural regressor is systematically negative (and significantly so
in the MHT and MLT sectors), suggesting that firms in areas of low urbanization
experience a productivity loss compared to their competitors located elsewhere.

The coefficients reported in the middle part of Table 7 refer to the wage regressions
and are generally estimated with greater precision than the productivity equations.
Indeed, most coefficients are significant at conventional levels and, not surprisingly,
outline a positive monotonic association between the degree of urbanization and the
wage rate. Most importantly, the upward pressure exerted by urbanization on the wage
rate turns out to be higher than that on productivity. As a result, firms located in highly
urbanized areas are characterized by a lower productivity–wage gap, as can be seen

Footnote 13 continued
documented by Bartoloni and Baussola (2021), Italian firms fail to climb the firm size ladder (i.e. they
mainly grow within their size class). As our specification considers firm size in a discrete representation, it
could be thought of as being relatively stable over time. For these reasons, we have decided to maintain a
specification that also includes regressors whose exogeneity is assumed but might appear debatable. We are
grateful to a reviewer for pointing this out and for stimulating a more in-depth investigation of endogeneity
issues.
14 The complete results are reported in supplemental documentation and are available upon request.
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in the bottom part of Table 7. The estimated coefficient of the High_density regressor
is systematically negative, statistically significant in the MHT and low-tech (LOT)
sectors, and close to statistical significance in the HT one.15

We now turn to theOLS estimates concerning services. Sectoral specificities related
to technological complexity emerge more clearly in this case. Indeed, in the produc-
tivity regressions for the two sub-sectors where scientific knowledge and advanced
technologies play a more relevant role (HITS and KWNMS), the estimated coeffi-
cients point to a significant, positive, and monotonic relationship between the degree
of urbanization and productivity. In contrast, urbanization does not seem to affect
productivity in the sectors characterized by lower technological intensity (’Other Ser-
vices’ and ’Household Services’).16

Similarly to what is observed for industrial sectors, the OLS coefficients of the
wage regressions indicate a positive monotonic association between the degree of
urbanization and the wage rate. This is observed in all sectors, regardless of the degree
of technological complexity (although the coefficients of the Rural regressor are again
estimated with less precision).

The differences between the role played by technological intensity when evaluat-
ing the marginal impact of urbanization on productivity and wages entail interesting
implications in the productivity–wage-gap regressions. Here, the interest of adopting
the technology-based sector classification is apparent. As with the two sub-sectors
with higher technology intensity (HITS and KWNMS), the marginal impact of being
located in a highly urbanized area is much greater on productivity than on wages; the
coefficient of the High_ density dummy in the gap regressions is positive, relatively
large, and statically significant. In contrast, the point estimate is negative and signif-
icant for the two remaining sectors. An intuitive interpretation of this set of results
is that whereas locating in urban agglomerations exerts an upward pressure on both
productivity and wages, the positive externalities related to agglomerations overcome
the increase in wages (which, in turn, reflects an increase in congestion costs) only in
more technologically sophisticated sectors.

5.3 Sectoral IV Estimates

A particular difficulty in tackling endogeneity in our estimation framework is that we
have to employ adequate instrumental variables for categorical variables (urbanization
and exporter status). Following (and extending) suggestions in Wooldridge (2010)
and Angrist and Pischke (2008) for the case of a single endogenous dummy variable,
we adopt the following procedure. First, we estimate probit models, regressing the
endogenous variables on a proper set Z of ’instrumental variables’ as well as on
the other covariates (Xi and Ia) of our base specification. As far as urbanization is
concerned, we actually estimate an ordered response model (ordinal probit), which
provides us with the estimated probability that a firm is located in one of the three

15 The unreported p value of the null hypothesis is 0.128.
16 This is not surprising, as the extent of the knowledge externalities generated by agglomeration should
increase with the technological complexity of the sector at hand (i.e. knowledge externalities should be
larger in sectors where knowledge matters more).
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possible DegUrba categories. In the case of the export dummy, we estimate a standard
probit model for binary variables, obtaining the same kind of information. Then,
predicted probabilities obtained from probit estimates are used as instruments in the
IV estimation of the productivity and wage regressions. Such a procedure implies that
the second-stage equation is exactly identified.17

As for the choice of variables to be included in setZ , we take advantage of hints from
the existing literature. To begin with, we draw upon Costa et al. (2017) in selecting
(the log of) firm age as a plausible predictor of exporter status. The basic reasoning
behind this choice is that it takes time to generate the learning effects (in terms of
know-how and managerial/organizational competences) required to access foreign
markets; thus, on average, the probability that a firm belongs to the exporter group
should be lower for younger producers.18 A further reason to include firm age in
set Z is that it also seems to be a reasonable predictor of location. The geographical
distribution of producers is not random but reflects optimization decisions that take
into account the economic implications of being located in areas characterized by
different degrees of urbanization. To the extent that land (space) is a scarce resource,
it can be argued that younger firms face tighter constraints in their location choices and
are also more likely to end up with suboptimal decisions. Furthermore, we assume
that a set of locality-specific factors influence the location decisions of producers
across urban and nonurban areas. In particular, drawing on Di Giacinto et al. (2014)
we decide to include into set Z the following variables computed in log form at the
municipality level: altitude, population density in 1921, and the share of the population
holding a high school degree in 1971.19 The inclusion of these variables reflects
the current practice of choosing geographical (altitude) or historical features (old
values of population density and of the schooling rate) as instruments when estimating
agglomeration economies (on this, see also Ciccone and Hall 1996, and Combes et al.
2008a, b). The implicit assumption is that while these features are useful to proxy the
factors driving the location decisions of firms and workers, they do not exert a direct
effect on current differences in productivity. Also note that for the sake of comparison,

17 This procedure is presented in Wooldridge’s (2010, ch.21, p.935–936) for the binary case. An interest-
ing “robustness” property is that it may yield valid instruments even in cases of misspecification of the
probabilistic model.
18 Costa et al. (2017) analyze the effects of different forms of internationalization on firm performance
in a large sample of Italian firms over the 2007–2010 period. They use firm age to predict the probability
that a producer shifts along the taxonomy during the considered period; then, by adopting Heckman’s
(1979) correction procedure to deal with selection bias, they use this prediction to evaluate the impact of
internationalization on labor productivity in a second-stage regression.
19 Di Giacinto et al. (2014) analyze a large sample of Italian manufacturing firms over the 1995–2006
period. Much of their study is focused on evaluating the location effects of two different kinds of spatially
concentrated areas, ’urban areas’ and ’industrial districts’ (defined not at the municipality level but at a more
aggregate level represented by the ‘local labour market areas’; Istat 2006). They find that firms located in
both types of areas enjoy a productivity premium with respect to those located elsewhere (’other areas’),
the gain being significantly larger for producers located in cities. Though their mapping of the territory
is different from ours, the instruments they select seem appropriate in our case as well. Also Buzzacchi
et al. (2021) use population in 1921 as an instrumental variable to estimate the productivity implications
of density. Their reasoning is that differences in population density mainly stem from differences in local
characteristics, such as land fertility, that are not very relevant for modern industries and services and are
persistent over time (“[…] past population density was high in places high land fertility. Once cities are
created, they usually display a strong persistence through time […]”).
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this set Z is held fixed across both sectors and equations. Thus, for each sector the
predicted probabilities we use to compute the second-stage regression are the same,
regardless of the dependent variable.

Let us now turn to the IV results reported in Table 8. To begin with, the instrumental
variables we build for each sector do not appear to be weak. Indeed, the conventional
F-statistics reported at the bottom of the table are systematically much larger than the
conventional threshold value of 10, below which—since the contribution of Stock and
Yogo (2005)—weak identification is usually considered a potential issue.

Some relevant differences emerge between the OLS and IV estimates, and our
comment essentially focuses on these, starting again from the manufacturing sectors.
Thefirst striking difference concerns the coefficient ofHigh_density in the productivity
regression of the HT group, which is no longer significant and even changes sign
(from positive to negative) in the IV estimation; in the other manufacturing groups,
the coefficient of the same regressor does not change sign with respect to the OLS
estimate and turns out to be significant in the MHT and LOT groups. Rural locations
yield either not significant or negative productivity effects. Coefficients in the wage
regressions are estimated with much lower precision than in the OLS estimate; those
that are significant are consistent with the idea that labour costs are greater at higher
levels of urbanization. IV estimates concerning the productivity–wage gap—the main
variable of interest in our paper—confirm that locating in urban agglomerations implies
a lower cost of competitiveness for firms belonging to industries characterized by low
technological intensity (LOT). A similar disadvantage emerges for producers who
belong to the most technologically-intensive group (HT) and are located in rural areas.

As for services, IV estimates concerning the effect of locating in highly urban-
ized areas on productivity and wages are consistent with the OLS ones. In the most
knowledge-intensive industries (HITS andKWNMS), the positive productivity effects
related to urban agglomerations persist also when controlling for possible selection
bias or other sources of endogeneity. In addition, the upward pressure on labour com-
pensation emerges regardless of any distinction based on knowledge intensity. As a
consequence, the IV estimates of the effects of locating in highly urbanized areas
on the productivity–wage gap are very similar to the OLS ones and again display
significant heterogeneity according to the degree of knowledge intensity.

More interesting differences with respect to the OLS results come from the IV
estimates of the Rural regressor. First, when controlling for selection bias producers
in knowledge-intensive sectors located in rural areas do not necessarily experience
a loss of productivity (compared to the reference category of an intermediate level
of urbanization). Secondly, whereas in the OLS results of the wage regressions the
estimated coefficients of Rural are always negative, in the IV computations they sys-
tematically always take on the opposite sign. Moreover, they turn out to be statistically
significant in the ’Other services’ sector and not far from statistical significance in the
HITS and KWNMS sectors (the unreported p values of the null hypothesis are 0.11
and 0.15, respectively). A possible interpretation of these differences involves, on the
one hand, the failure of OLS to control for selection bias and, on the other hand, the
lower supply of infrastructure, transport, and other amenities in rural areas. In other
words, the negative OLS coefficient is consistent with the fact that less urbanized
areas host less efficient producers (who pay lower wages, on average); by controlling
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this selection effect, the IV estimator is able to highlight the need for firms located in
rural areas to pay higher wages, ceteris paribus, to attract workers to a less desirable
location. In the case of the HITS sector, this ’wage premium’ entails a loss in terms of
cost competitiveness, as witnessed by the negative and significant coefficient of Rural
estimated in the productivity–wage-gap regression.

Finally, we briefly discuss the other covariates’ estimated (and unreported) coef-
ficients. To begin with, the results concerning the variable assumed to be exogenous
are broadly consistent with those in Tables 5 and 6. Moreover, in both the OLS and
IV sectoral estimates, the coefficient of the endogenous export dummy is generally
-as expected- positive and significant, leaving out the case of the manufacturing MLT
sector (where it fails to achieve significance in the productivity-wage IV regression).
A possible criticism underlying these estimates is that firm age may not be a suitable
instrumental variable for the export dummy (as selection effects imply older producers
are more productive). While we are aware of this (but also lack valid alternatives to
instrument exporter status), we have to stress that the main focus of our paper is the
impact exerted by agglomeration upon the productivity-wage differential. Thus, as a
robustness check, we have re-run all OLS and IV estimates while excluding the export
dummy from the regressors list (as well as firm age from the IV set) and have found
results similar to those presented in Tables 7 and 8. Since the impact of urbanization
does not depend onwhether the export dummy is dropped from the specification or not,
we have preferred to present the estimates obtained when it is included. Theoretical
and empirical results suggest that exporter status may yield higher productivity rather
than being simply due to selection (see, Fryges and Wagner (2008) on the "learning-
by-exporting" hypothesis). In such a case, the choice itself of dropping the export
index may entail an omitted variable bias.20

To sum up, the evidence of the IV sectoral estimates strengthens the idea that once
both productivity and wages are taken into account, the location advantages of urban
agglomerations concern only firms producing services characterized by high techno-
logical intensity. In contrast, for suppliers of services active in less technologically
sophisticated sectors, the productivity benefits of locating in urban areas are likely
to be overwhelmed by higher labour costs. Also, estimates imply that, on average,
industrial establishments operating in high-density areas either enjoy no advantage or
even face a competitiveness loss (as the upward pressure on wages is higher than that
on productivity).21

20 The supplementary estimates obtained when excluding the dummy for exporter status are available upon
request.
21 It is worth adding that adopting different methodologies (like those based on matching or regression
adjustment) to deal with selection bias yields results similar to those based on instrumental variables
estimation. In particular, in the supplemental documentation we report results based on the propensity score
match (after excluding the export dummy). It should be noted, however, that such a methodology requires
transforming our urbanization index into a dichotomous measure. Relying on the IV estimator does not
entail such a loss of information.
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6 Conclusions

Wehave analysed the productivity–wage relation using a novel and integrated database
that considers establishment information for subregional areas in the Italian region
of Lombardy. The classification of the degree of urbanization we have applied is
established at the European level and is thus suitable for international comparisons.
In particular, we have investigated whether an urban-nonurban agglomeration divide
exists and have estimated the impact of industry- and firm-specific effects.

The crucial issue is whether density matters, as is generally acknowledged when
analysing productivity or wage differentials in urban and nonurban areas. However,
the answer to this question is controversial since, ultimately, the productivity–wage
gap is the key indicator of an urban advantage.

Density per se does not positively affect productivity, thus negatively impacting
the productivity–wage gap. However, agglomeration significantly impacts productiv-
ity and wage differentials at the local level when considering the technological and
knowledge-based resources characterizing the industrial mix within urban and nonur-
ban agglomerations.

Weadopt an industry classification that enables us to identifymanufacturing and ser-
vice activities according to technological and knowledge-intensity features, in order
to better capture the potential interactions between geographical proximity and the
transmission of knowledge spillovers. Moreover, the introduction of firm-level vari-
ables allows us to control the moderating role of firm-related effects, and particularly
those concerning job characteristics.

When an interaction with dummy variables reflecting an industry’s technological
level is considered, a positive effect is operational in manufacturing. This pattern is
also confirmed in services and is mainly driven by high-technology and knowledge-
intensive manufacturing plants.

As concerns wages, localization in high-density areas shows a positive and sig-
nificant effect on compensation in both manufacturing and services. Nevertheless,
sectoral characteristics may further widen this effect when associated with agglom-
eration economies. When located in high-density areas, manufacturing plants in
high-technology industries show an additional increase in compensation. Plants oper-
ating in high-technology services localized in high-density areas get a further wage
increase, whereas the extra premium for knowledge-intensive services is not signif-
icant. In other words, wages in the KWNMS sectors are higher overall, without any
premium related to localization.

The results regarding the productivity–wage gap complement this evidence. As a
result of the productivity pattern, the wage gap is negative in manufacturing and ser-
vices in high-density areas. Nonetheless, the gap reverts to positive when considering
the interaction with high-tech industries, although this effect is more prominent in
services. This fact can be rationalized on the grounds that manufacturing plants do not
show a substantial gain in productivity due to agglomeration economies. The greatest
gain is obtained by establishments in high-technology industries, also controlling for
the quality of a firm’s labour force. However, this gain is aligned with wages, thus
affecting the wage gap only marginally. It is worth noting that these results are robust
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to specifications that take into account sorting issues, i.e. endogenous firm localization
decisions, as confirmed by the complementary IV estimates.

All in all, our study suggests that density matters only if one considers specific
sectors—mainly those providing technologically advanced services. By viewing the
whole picture of the possible advantages of urbanization, i.e. taking into account
the productivity–wage gap, this conclusion is reinforced even more as a negative
gap prevails in urban areas unless interactions with industry effects are considered.
Conversely, nonurban areas show a clear overall disadvantage in productivity and
wages, which threatens to widen the gap with urban areas or, more generally, affect
living conditions in the former.

One should also note that this territorial pattern occurs in the context of a national
productivity trajectory that is largely unsatisfactory and, therefore, underlines how
tackling the productivity challenge as a whole is a primary policy task.
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Table 9 Description of variables

Variable Description Source

Productivity The ratio of value added to the total
number of employees (log)

Istat—Frame territoriale SBS

Wage The ratio of gross wages to the number of
payroll registered employees (log)

Gap Productivity—wage
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Table 9 (continued)

Variable Description Source

Internationalization The plant belong to a firm that sells its
products in the international market

Size 10–19 The plant has a number of employees
between 10 and 19

Size 50–249 The plant has a number of employees
between 20 and 49

Size 20–49 The plant has a number of employees
between 50 and 249

Size 250–499 The plant has a number of employees
between 250 and 499

Size 500 + The plant has 500 or more employees

Urban high density The plant is localized in a high-density
area

Eurostat- DegUrba classification

Urban intermediate The plant is localized in a interediate
urban area

Rural The plant is localized in a rural area

HT manuf The plant belong to a high-tech
manufacturing sector

Eurostat- High-tech aggregation
by NACE Rev.2

MHT manuf The plant belong to a medium–high-tech
manufacturing sector

MLT manuf The plant belong to a medium–low-tech
manufacturing sector

LOT manuf The plant belong to a low-tech
manufacturing sector

HITS The plant belongs to the high-technology
services sector

KWNMS The plant belongs to the knowledge
intensive market services sector

Other services The plant belongs to other traditional
services

Household services The plant belongs to the household
services sector

Aged 30–49 Share of employees in the 30–49 age class Istat, Asia occupazione

Aged 50 + Share of employees in the 50 + age class

Males Share of male employment

Temporary contracts Share of temporary employment

Employment rate Employment rate at the local labour
market level

Istat

HT manuf. (NACE Rev.2 21+ 26+ 30.3+ 32.5); MHT manuf. (NACE Rev.2: 20+ 25.4+ 27+ 28+ 29
+ 30–30.3 + 33); MLT manuf. (NACE Rev.2 19 + 22 + 23 + 24 + 25–25.4); LT manuf. (NACE Rev.2:
10+ 11+ 12+ 13+ 14+ 15+ 16+ 17+ 18+ 31+ 32–32.5); HITS (NACE Rev.2 53+ 58+ 60+ 61
+ 62 + 63 + 72); KWNMS (NACE Rev.2: 50 + 51 + 68 + 69 + 70 + 71 + 73 + 74 + 77 + 78 + 80 +
81 + 82); other services (NACE Rev.2: 45 + 46 + 47 + 49 + 52 + 55 + 56 + 59 + 75 + 79); Household
services (NACE Rev.2 85,86–88,90–93, 95–96)
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