Grant agreement No. 822390

MICROPROD
Raising EU Productivity: Lessons from Improved Micro Data
H2020-SC6-TRANSFORMATIONS-2018
Supply and demand-oriented economic policies to boost robust growth in Europe –
Addressing the social and economic challenges in Europe

D6.4 Distributional Consequences
of Globalisation and Technical Progress
WP 6 – Macroeconomic and Policy underpinning of productivity:
implications for future economic policies

Due date of deliverable

Month 39 – March 2022

Actual submission date

14 / 04/ 2022

Start date of project

01/01/2019

Duration

42 months

Lead beneficiary

IWH

Last editor

Carlo Altomonte

Contributors

Bocconi University

Dissemination Level
PU

Public

PP

Restricted to other programme participants (including the Commission Services)

RE

Restricted to a group specified by the consortium (including the Commission Services)

CO

Confidential, only for members of the consortium (including the Commission Services)

X

This Project has received funding from the European Union’s Horizon 2020 research and innovation
programme under grant agreement no. 822390.

Deliverable D5.2
Version 1.0

Disclaimer
The content of this deliverable does not reflect the official opinion of the European Union.
Responsibility for the information and views expressed herein lies entirely with the author(s).

History of the changes
Version

Date

Released by

Comments

1.0

19-04-22

Carlo Altomonte

Final draft

Page 2 of 10

Deliverable D5.2
Version 1.0

Table of contents
Disclaimer.......................................................................................................................... 2
History of the changes ...................................................................................................... 2
Table of contents .............................................................................................................. 3
Key word list...................................................................................................................... 4
Definitions and acronyms ................................................................................................. 4
1.

Introduction .......................................................................................................... 5
1.1.
1.2.

General context .......................................................................................... 5
Deliverable objectives ................................................................................. 5

2.

Methodological approach ..................................................................................... 5

3.

Summary of activities and research findings ........................................................ 6

4.

Conclusions and future steps ................................................................................ 6

5.

Publications resulting from the work described (if applicable) ............................ 7

6.

Bibliographical references (if applicable).............................................................. 7

Page 3 of 10

Deliverable D5.2
Version 1.0

Key word list
Productivity, Import shock, automation, labor markets, inequality

Definitions and acronyms
Acronyms

Definitions

BD

Business Demography (Eurostat)

GVC

Global Value Chains

IFR

International Federation of Robotics

IV-2SLS

Instrumental Variable – Two Stages Least Squares

MP

Microprod Dataset

OLS

Ordinary Least Squares

SBS

Structural Business Statistics (Eurostat)

TFP

Total Factor Productivity

Page 4 of 10

Deliverable D5.2
Version 1.0

1.

Introduction

1.1.

General context

The deliverable is part of WP6, aiming at capturing in a systematic way the feedback loop
effects between the micro and macro dimensions of policies, trying to identify the key
elements that might generate a virtuous cycle between them. The idea is to capitalize on
the research developments in previous work packages on the productivity dynamics and
their drivers at the micro level in order to refine the design of policies aimed at reconciling
growth and cohesion at the macro level.
In particular, deliverable D6.4 capitalizes on D5.2, which develops the MicroProd dataset, an
extensive representative firm-level database of the manufacturing industry in France, Spain
and Italy between 2000 and 2017. The dataset has been developed for the MicroProd
project and contains information on around 500.000 unique companies operating in the
manufacturing sector (NACE rev2 code C) between 2000 and 2017 in Italy, France and Spain.
D5.2 exploits the MicroProd database to look at the relationship between import shock and
automation exposures with productivity outcomes, proxied using TFP. The focus is on the
impact of both automation and import shocks on TFP distribution at the regional-sector
level in the post-crisis period. D5.2 finds a positive effect of both factors on the average
post-crisis TFP level, in line with the existing literature related to the China shock and
coherently with well-known trade models. Instead, coefficients turn out to be negative
when looking at the TFP growth and to other TFP distribution moments.
D6.4 expands this analysis to derive the implications of both import and automation shocks
on labor markets and income inequalities across EU regions.

1.2.

Deliverable objectives

The deliverable aims at understanding whether different shocks (trade, automation) might
have different aggregate effects in terms of policy-relevant variables such as income
inequality and labor market outcomes (wages). And through which micro-driven channels
these (similar or different) effects accrue. The latter will allow to refine the design of policies
aimed at reconciling growth and cohesion at the macro level.

2.

Methodological approach

The deliverable relies on existing literature to build consolidated measures for the import
and automation shock (e.g. Autor, Dorn and Hanson (2013) or Colantone and Stanig (2018)).
It then connects these shocks to inequalities measures retrieved at the regional-year level
from the EU SILC database, and to labour market outcomes retrieved via the appropriate
aggregation of firm-level observations collected in the MicroProd database.
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The paper relies on two sources of identification. First, inequality and labour market
outcomes are investigated as arising after the 2008-09 financial crisis period, as a function
of globalization and automation shocks accruing in the pre-crisis period, thus avoiding any
confounding contemporaneous correlation induced by the shock.
Second, the analysis relies on instrumented measures of the globalization and automation
shocks across the considered regions and years.

3.

Summary of activities and research findings

The analysis finds that both the trade and automation shocks have a positive and significant
effect on the increase of inequalities across regions, although these effects seem to work
through different channels, mediated by different labor market outcomes.
In particular, trade shocks exert a depressing effect on wages, after controlling for the
selection-induced increase in average productivity, while automation shocks tend to
increase average wages, but also the skill premium.

4.

Conclusions and future steps

To recap, this deliverables finds a positive association between both the trade and
automation shocks and the change in the HH Depriv Rate, that holds also when adopting the
IV specification. Interestingly, this effect is similar only when controlling in estimates for the
role played by the labor market: the unconditional effect of the trade shock on the HH
Deprivation Rate growth is in fact negative, while the effect on the deprivation rate growth
of the automation shock always holds.
Looking at the effects of trade and automation shocks on wages, and controlling for TFP, the
results are different: trade shocks exert a depressing effect on wages, after controlling for
the selection-induced increase in average productivity, while automation shocks tend to
increase average wages.
Given this set of results one of the possible interpretation is that the impact of the trade and
automation shock on inequalities stems through two different channels: trade shock tend to
increase inequalities by depressing wages of less skilled workers, while automation shock
increase inequality via their increase in the skill premium. Policy responses aiming at fighting
inequalities should thus take into account these different results induced by the two shocks.
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5.

Publications resulting from the work described (if
applicable)

The deliverable will be presented at academic seminars in view of its refinement for a
scientific publication
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Abstract
In this paper we take advantage of an extensive firm-level database of the manufacturing industry in French, Italian and Spanish regions between 2000 and 2017 to
study the impact of globalization and automation shocks on inequalities and labor
markets. We rely on two sources of identification. First, we investigate inequality
and labor market outcomes arising after the 2008-09 financial crisis period, as a
function of globalization and automation shocks accruing in the pre-crisis period.
Second, we rely on instrumented measures of the globalization and automation
shocks across the considered regions and years. We find that both the globalization and automation shocks have a positive and significant effect on the increase
of inequalities across regions, although these effects seem to work through different
channels, mediated by different labor market outcomes. In particular, globalization
shocks exert a depressing effect on wages, after controlling for the selection-induced
increase in average productivity, while automation shocks tend to increase average
wages, but also the skill premium.
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1

Introduction

During the last years, regional disparities have attracted considerable interest in explaining the socio-economic and political events in developed countries, particularly Western
countries. Soaring income inequality and decline in industries that were the backbone
of economic prosperity are though to have contributed to the rise of populism and Euroscepticism. The seminal work of H. D. Autor, Dorn, and Hanson (2013) has opened up
a new stream of the economic literature that focuses mainly on two factors at the roots
of these regional differences, namely the increase in import competition from low-income
countries and technologies change.
In this paper we investigate the relationship between these factors and two different outcomes: labor market outcomes in manufacturing and inequality variables, at the regional
level. The analysis relies on a very detailed dataset, MICROPROD that contains firmlevel data, gathered from the commercial database ORBIS, with information on around
500.000 unique companies operating in the manufacturing sector. For our analysis we
considered France, Italy and Spain as country of interest during the period between 2000
and 2017. We use this database to build aggregate measures of productivity, wage and
employment, while we gather data from the EU Statistics and Living Conditions Survey
(EU-SILC) to construct inequality measures. Finally, as an interesting case of import
competition we consider the delta change in import from China during the pre-crisis period as well as the increase in robot adoption during the same period as an example of
adoption of new technologies.
As hinted in the first paragraph, two factors have been central to the economic literature
following the seminal work of H. D. Autor, Dorn, and Hanson (2013), on the unintended
consequences of globalization and technological change. First, during the early 2000s,
surging export volumes from China lead to increased import competition in developed
countries. Between 1988 and 2007, the share of imports from China in manufacturing industries rose from around 1% to 7% in Western Europe, a figure in line with the evidence
for the United States (Acemoglu, D. Autor, et al. 2016; Colantone and Stanig 2018).
This radical transformation in the world economy had two major causes: throughout the
90s and the early 2000s, market reforms in the Chinese economy led to substantial productivity growth fostering lower production costs and higher levels of exports (Acemoglu,
D. Autor, et al. 2016). At the same time, China’s entry in the WTO and the associated
2

permanent reduction in tariffs decreased trade-related uncertainty (Pierce and Schott
2016). Due to the strength of this supply side shock and the strong evidence pointing
out that the rise of China as the new economic power is mainly due its internal transformations, taking simple differences of the imports from China over time allows to isolate
the direct effect of exposure to import competition. This empirical relies on the variation
across time, industries and regions in import exposure, based on differences in sectoral
specialization prior to the China shock (H. D. Autor, Dorn, and Hanson 2013). The rise
of China was paralleled by waves of rapid digitization ,automation and adoption of new
technologies to boost productivity. Relating to the literature on skill-biased technological change, many economists have argued that offshorable occupations, i.e. typically
low-skilled jobs in the manufacturing sector, are also at risk of automation with obvious
effect on employment, wages and inequality outcomes (Acemoglu and Restrepo 2020).
This makes it potentially difficult to disentangle the differential effects of technology and
trade. However, D. H. Autor, Dorn, and Hanson (2015) find the geographical dispersion
of these two factors to be fundamentally different from each other.
In this paper we develop two different but complementary research question: first we assess the long term effect of the China shock and Robotics shock (pre-crisis) on post-crisis
labor market outcomes, considering the central role of TFP in the post-crisis period to
understand the underlying mechanisms that eventually led to transformation in mean
wages, wages growth, wage skewness and wage skewness growth across regions and sectors within manufacturing.
Then, we look at the relationship between trade exposure and automation diffusion on a
selected measure of inequality, namely the Household Deprivation Rate, to assess whether
not only these structural transformations had an impact on labor markets, but also transmitted its effect deepening regional inequalities in the countries considered.
Section 2 presents a detailed literature review on the impacts of trade exposure and
increase in automation on the outcomes considered. Section 3 describes the data and
Section 4 presents the empirical strategy. Section 5 replicates the work of Altomonte
Coali (2021) to introduce the results of the paper outlined comprehensively in Section 6
and 7. Section 8 concludes.

3

2
2.1

Literature Review
Trade exposure and Productivity

During the last two decades, a vast literature has investigated the distributional consequences of globalisation and technological progress from many different angles, spanning
from the effects on firms productivity and industrial structures, to labor market outcomes
such as wage dynamics or also inequality outcomes and political polarization.
From a theoretical point of view, the economic literature has found two major distinction
to be particularly relevant when analyzing the effect of import competition on industrial
structure. First, as firms are heterogeneous with productivity differing across companies and sectors, more productive firms tend to be larger, more likely to export and pay
higher wages (Melitz 2003; Melitz and Ottaviano 2008). Second, it is crucial to distinguish imports of intermediates from imports of final goods in regards of their effects on the
domestic economy. Higher import competition of the former tend to reduce input prices
and lower production costs with beneficial effects on supply costs. Instead, an increase
in competition of final goods map into adverse demand shocks for domestic firms, with a
strong bias towards the manufacturing sector and low-skill intensive goods (Ashournia,
Munch, and Nguyen 2014).
The importance of productivity for industrial policies is widely supported by empirical
evidence. For most OECD members, the regional variation in real GDP per capita can
be largely be explained by differences in labor productivity. Several hypothesis have
been proposed to rationalize the link between trade exposure and productivity. In the
theoretical framework developed in Melitz (2003), the gains from trade are attributed to
reallocation effects: higher competition leads to downward pressures on prices, leading the
least productive firms to exit the market and allow resources to shift towards more productive firms. Considering China as the central example of increased import competition,
the empirical literature mostly backs the reallocation effect hypothesis. Bernard, J. B.
Jensen, and Schott (2006), using US-data from 1977 to 1997, shows that greater exposure to imports from low wage countries decreases plant survival and growth. Moreover,
manufacturing activity is disproportionately reallocated to capital intensive activities,
responding to the downward pressure in labor costs coming from low-wage countries.
These results have been confirmed to hold in the US and Europe (R. Auer and Fischer
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2008; R. A. Auer, Degen, and Fischer 2013). Nevertheless, Mion and Zhu (2013) does
not find any negative impact of chinese imports on plant survival and Bräuer, Mertens,
and Slavtchev (2019) only find imports from high-wage countries to affect domestic competition by stimulating investment and increasing productivity.
The latter evidence, points to another hypothesis where increased competition may put
pressure on innovative capacities per se or induce firms to shift their product mix towards
technologically more advanced goods (Bernard, Redding, and Schott 2007; Bernard, Redding, and Schott 2010). In fact, Bloom, Draca, and Van Reenen (2016) examine the links
between imports from China, technology and productivity in 12 European countries.
They find that higher level of imports in the downstream market leads to technological change in European firms, both through the adoption of new technologies and own
innovation. The competitive pressure exercised by the China shock increased also the
exit rates of the least productive firms, even if counteracted by a reallocation of workers
towards surviving firms.
Therefore, several mechanisms have contributed to the growth in average productivity,
yet generating ”winners and losers” between firms. Firms exit and reallocation effects
towards larger and more productive firms have fueled the common narrative of increasingly concentrated markets dominated by a small number of companies. Yet, Melitz and
Ottaviano (2008), in a model with endogenous markups, argue that trade liberalization
increases competition and leads to a reduction in the price-cost-margins set by firms. As
to the impact of imports, empirical research has not detected any effects on markups in
developed countries (R. A. Auer, Degen, and Fischer 2013). Moreover, Faggio, Salvanes,
and Van Reenen (2010) point out to an increase in firms’ productivity dispersion in UK,
that followed trends begun decades before the abrupt surge of China in international
markets. This evidence suggests that firm heterogeneity is crucial in analyzing recent
trends in wage dispersion.

2.2

Trade Exposure Labor Market and Inequality

As we have argued above, the economic literature point clearly to reallocation effect and
pressure to shift towards more innovative technologies that affect both capital and workers. Thus, it is natural to infer that shifts in industrial structures map into changes in
the labor market. Among the most prominent effects of the China shock is the depression

5

of employment in manufacturing. The work of H. D. Autor, Dorn, and Hanson (2013)
was one of the first papers that related changes in labor-market outcomes across US local
labor markets (Commuting Zones) to changes in the exposure to US imports from China
during the period 1990-2007. Their full specification with controls shows that a 1000$
exogenous decadal rise in CZ’s China shock lowers manufacturing employment by 0.596
percentage point. Moreover H. D. Autor, Dorn, and Hanson (2013) shows that, the import shock leads to a rise in the number of unemployed and nonparticipating individuals
and predicts a positive effect on the adoption of government transfer receipts, with no
evidence of a reallocation of labor demand. Another interesting result is that they do
not find robust evidence of mobility across CZs meaning that population adjustments
following the shock are rather sluggish due to mobility costs or any other barriers. (see
also D. H. Autor, Dorn, and Hanson (2016)). These findings have been corroborated by
exploiting panel data on individuals’ work history D. H. Autor, Dorn, Hanson, and Song
(2014).
Adopting a general equilibrium framework Acemoglu, D. Autor, et al. (2016), identify
import competition from China as a key force driving the reduction in US-employment
levels throughout the 2000s . Their estimates for the job losses in the US amounts to
2.0-2.4 million between 1999 and 2000, and they calculate that job losses due to Chinese imports competition account for approximately 10% of the realized job decline. In
contrast to the literature relating to Northern America, the evidence for Europe is less
clear. In a cross-country comparison, R. A. Auer, Degen, and Fischer (2013) detect a
substantial effect of import competition on job losses, while other studies claim that import shocks did not have any persistent employment effect (IMF (2019) among others).
In Northern Europe, the China shock has left the domestic economies largely unaffected.
Evidently, strong labor unions, employer associations and centralized wage bargaining
seem to shield workers in manufacturing against most negative employment effects. Yet,
in Norway the downsizing in manufacturing has directly translated into higher levels of
unemployment and decreases in the labor force (Balsvik, S. Jensen, and Salvanes 2015).
In Germany, the negative effect of the job losses incurred due to the China shock was
counteracted by the simultaneous economic upswing of Eastern Europe (Dauth, Findeisen, and Suedekum 2014).
The impact of import competition from China has been more pronounced in Southern
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Europe. For Spain, Donoso, Martin, and Minondo (2015) estimate the relative number
of job losses caused by the China shock to be around twice the effect detected for the US.
They explain the high magnitude by the prevailing wage rigidities in Spain. However,
due to the simultaneous construction boom, former manufacturing workers have mostly
switched towards this industry throughout the 2000s. Using local and individual data,
Citino and Linarello (2021) replicate the analysis conducted by R. A. Auer, Degen, and
Fischer (2013) and D. H. Autor, Dorn, Hanson, and Song (2014) for Italy. Their findings
indicate a modest decrease in manufacturing and overall employment in areas with traditionally high concentration of industries producing tradable goods (Barone and Kreuter,
2019).

2.3

Automation Exposure

The surge in international trade integration was paralleled by high growth rates in new
technologies and automation. Even though it led to large gains in terms of productivity and welfare, this development had significant distributional consequences on different
group of individuals, penalizing workers in occupations at risk of automation.

1

For the

purpose of this paper, I will focus mainly on the more recent literature that assesses the
impact of automation, through new machines, computers, and robots, on labor market
outcomes.

2

The theoretical foundations of the empirical literature on robots are based

on a model where robots and workers compete in the production of different tasks. In particular the work of Acemoglu and Restrepo (2018b) and Acemoglu and Restrepo (2020)
but also Acemoglu and Restrepo (2018a) and Acemoglu and Restrepo (2019). Acemoglu
and Restrepo (2019) explains that, in a framework where the production of goods requires
tasks allocated to capital or labor, new technologies have positive productivity effects on
the both factor of production but also could change the composition of the tasks performed, shifting the composition favorably towards capital and adversely to labor.
Besides the theoretical contribution, empirical evidence find that higher levels of robot
adoption depress both wages and employment at the Commuting Zone level. (Acemoglu
1

For a review of the literature on technological change and inequality and also for a long term view on
the interconnections between technology and human labor look for example at Goldin and Katz (2009),
Katz and Murphy (1992), and Katz et al. (1999) among others.
2
For empirical literature on the effects of automation and their effect on white-collar and blue-collar
workers look at D. H. Autor, Levy, and Murnane (2003), Goos and Manning (2007), Acemoglu (2002),
and Acemoglu and D. Autor (2012). Also look at D. H. Autor, Dorn, and Hanson (2015) for evidences
on the effects of change in computer adoption.
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and Restrepo 2020; Graetz and Michaels 2018). In line with the common narrative, they
detect particularly adverse effects in the manufacturing sector and for workers with less
than a college degree. The wage reduction was entirely driven by the lower half of the
income distribution, ultimately leading to a larger wage gap and rising wage inequality.
Crucially, the heterogeneous effect of automation on wages depends on its interaction
with human capital. D. H. Autor, Dorn, and Hanson (2015) argues that automation
indeed substitutes labor, but also complements labor and thus increases output. Moreover, he stresses that the former effect tends to be overstated in public debates to the
disadvantage of the latter. In line with this reasoning, industry-level comparisons across
countries shows that robot adoption is positively associated with productivity and negatively affects hours worked by low-skilled workers (Graetz and Michaels 2018) as well as
local employment levels in Europe (Chiacchio, Petropoulos, and Pichler 2018). Overall,
sparse literature suggests a similar mapping of these labor market outcomes into political preferences and voting behavior as outlined for the China shock. In a recent study,
Thewissen and Rueda (2019) find that workers who are at risk of automation tend to
favor larger governments counteracting inequality. Yet, left parties have lived through
a period of declining support, whereas right wing parties have gained increased votes.
Possible explanations for this paradoxical situation go along with the literature for the
China shock: declining levels of trust in governments and politicians, economic insecurity, decreasing influence of labor unions and the appeal of nationalist narratives. Anelli,
Colantone, and Stanig (2021) examine the adoption of robots in 14 Western countries
between 1993 and 2016, corroborating the finding that exposure to automation increases
support for nationalist and radical-right parties both on the individual and on the aggregate level. Their results suggest low perceived economic conditions and well-being,
reduced political self-efficacy and low satisfaction with the government and democracy as
potential transmission channels. Similar results have been obtained concerning the votes
for UKIP in the UK and Donald Trump in the US (Gallego, Kurer, and Schöll 2018;
Frey, Berger, and Chen 2018; Im et al. 2019)
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3

Data

This paper exploits different data sources, among which a unique firm-level database
containing fine-grained data from the commercial database ORBIS produced by Bureau
van Dijk: the MICROPROD dataset (hereafter, MP). MP contains information on around
500.000 unique companies operating in the manufacturing sector (NACE rev2 code C)
between 2000 and 2017 in Italy, France and Spain. We use this database to build aggregate
measures at the regional level with more details in the empirical specifications.
Since the analyses are run at the regional or regional-industry levels, we retrieve other
variables at the NUTS-2 level from the OECD regional database and from Eurostat:
employment data comes from Eurostat and is disaggregated at the NUTS-2/NACE group
level, where with NACE group we follow the different country-specific aggregations of 2digit NACE rev. 2 codes available on Eurostat. The following section describe in depth
the structure of MP.

3.1

Microprod

In this subsection, we give some more details about Microprod and its coverage. MP
includes financial data for companies in the manufacturing sector between 2000 and 2017.
We are able to follow the whole life of a firm within this period, classifying it as alive or
“dead” depending on the presence of balance sheet information and on the “legal status”
listed in the ORBIS database.
Since we use balance sheet data, we decided to impute some values in a conservative
way to recover some data. We first impute the “number of employees” (NEMP) variable,
which is crucial for the estimation of productivity measures and for the creation of the
variable unitary wage. We impute the number of employees by interpolation only when
the distance between two consecutive non-missing data point is not greater than 3 years.
Instead of interpolating the data we could have used other possible solutions, such as
filling the missing observations with means by combination of region, sectors and year or
by estimating them.
We decided to interpolate since our estimated number depends solely on employee
data in other years from the same firm, avoiding possible endogeneity problems and
assumptions relative to the distribution of employees between firms in the same cluster.
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Then, we use the same approach to recover data for all the other financial variables,
but only for those firms who have at least 50% of non-missing values of the “number of
employees” variable in their lifespan (e.g. if a firm is alive for 7 years, it must have at least
4 years of data for its employees in order to be suitable for the recovery of information).
These firms are flagged as the “productivity sample”: when we estimate productivity
measures, we rely only on those firms as we find them more reliable for such estimation,
given the longitudinal nature of the adopted routines (i.e. Wooldridge).
The interpolated variable changes the distribution only for France, reducing significantly the variance other than the mean and the median. This is due to the fact that
France balance sheet data are somehow poorer than the other two countries. For instance,
always considering year 2016, we have 88% of missing values for the NEMP variable while
we are able to reduce this number to 78% with our conservative approach. For Spain, the
gain is 5% while for Italy only 2%, since these two countries have a better coverage (50%
for Italy and 40% for Spain). This implies that the distribution for France can be subjected to substantial changes. However, to investigate this more, we have conducted some
checks with official statistics from the Structural Business Statistics (SBS) database.
First, we wanted to check whether the firms included in our sample were actually
representative of the overall manufacturing industry in each country. We calculated the
share of firms by size class in each country-year-industry cluster, where industry is defined
at the NACE rev.2 2-digit level. The correlation between the vector of shares in SBS and
the one in MP, weighted by number of firms, is 0.98.
It is clear how our weighting scheme allows to balance the over-representation of larger
entities, as it is common when using commercial databases such as ORBIS. Then, this
example shows how we can accurately reproduce the share of firms in the economy, as in
SBS statistics. The same is valid if we look at the sectoral distribution (NACE rev. 2 –
2 digit) within each country, by year: the correlation in this case is as high as 0.96.
Given the results on the interpolated variables, we decided to run some more comparisons with official statistics. For instance, we computed the average number of employees
and revenues per employee by size class in the same country-year-industry clusters and
compared it with SBS data. It seems that the sample is reproducing the actual statistics
from SBS, with the exception of the first size class, which again is expected given the fact
that SBS includes firm with 0 employees. Thus, given the comparison briefly examined
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in this paragraph, we are confident that MP is able to capture the structure of the manufacturing industry by year as captured by official statistics, thus being representative of
the population we have tried to sample.

3.2

Variables description

In this section we present the main variables used in the analysis. As for labor market outcomes, the main variables of interest consist of variations on the unitary wage
measure, which is defined as the ratio between cost of employees and number of employees. Specifically, the outcomes considered are: mean unitary wage, mean unitary wage
growth, mean unitary wage skewness and mean unitary wage skewness growth. These
variables are computed starting from the unitary wage paid by firms, which corresponds
to the ratio between the Orbis variables ”cost of employees” (CEMP) and ”number of
employees” (NEMP), defined within region-industry groups. Then, the MP database is
collapsed at the NUTS2-Nace-year level in order to perform our analysis. Therefore these
unitary wage measures all vary at the regional-industry level, and have also been trimmed
for extreme values at the 1st and 99th percentile within nuts2 nace2 2/country and year,
and then at the 1 th and 99 th percentile across all the sample.
Instead, as for inequality outcomes we have constructed several different indicators,
namely, the relative deprivation rate, the Gini coefficient and various income ratios at
different percentiles of the income distribution (50-10, 75-25, 90-50, 90-10). The data, on
which these variable are constructed, are gathered from the the EU Statistics on Income
and Living Conditions (EU-SILC), a survey that collects cross-sectional and longitudinal data on income, poverty, social exclusion and living conditions since 2004 across EU
countries. The unit of observation of the EU-SILC is the NUTS2 level, therefore, our
inequality variables will vary at the regional level, and not at the NUTS2-Nace2.2 level
as the wage variables described before. The Gini coefficient is calculated from the distribution of income within each region and ranges from a minimum value of 0 (perfect
equality) to a maximum of 1 (maximum inequality). The various income ratios are calculated by taking the ratio between the two values of the regional income distribution at
two different percentiles of interest.
Lastly, the relative deprivation rate is defined following the work of Yitzhaki 1979 as the
discontent people feel when they compare their socio-economic status, measured by in11

come, consumption, or other indicators of perceived economic welfare, with that of their
richer counterparts and realize that those others possess something that they do not have.
In Yitzhaki (1979) it is constructed as follows:
Relative Deprivationi = 1 −

(T otIncomeGri − N ∗ OwnIncomeGri )
T otIncomer

(1)

where T otIncomeGri is the total income incurred by households richer than household i. N is the number of household richer than household i and OwnIncomeGri is
household’s i equivalized income. This difference is divided by the total income in region
r, T otIncomer . Finally to compute the Household Relative Deprivation rate we take the
complement to 1 of the share calculated in the second part of the right-hand side of the
equation.
As this measure is constructed, it should be interpreted as a relative satisfaction rate,
where a higher value of this variable within a region, means higher average satisfaction
and viceversa.
Moving to the list of other relevant covariates, total factor productivity (TFP) is the
variable upon which we conduct the second part of our analysis. As in the case of labor
market outcomes, we take into consideration different variations upon the main TFP
variable which consists of the ”natural logarithm of TFP (Woolridge) without tau correction” (ln TFP WCD nc). Specifically the variables considered in the analysis are mean
TFP, mean TFP growth, mean TFP skewness and mean TFP skewness growth. These
variables come from the MP dataset and therefore are averaged in the same way as our
wage variables.
The other controls taken into consideration vary at the nuts2 level and consist of the log
of total population, the share of tertiary educated population and the growth in GDP
between 2014 and 2007. Finally, the two main regressors considered in our analysis are
the delta exposure to chinese imports during the pre-crisis period and the delta exposure
to robot adoption during the same period. These measures are based respectively on data
coming from the BACI database, and data from the International Federation of Robotics
(IFR) commercial database. The construction of these two variables will be explained in
detail in sections 3.1 and 3.2.
To conclude the following figures give a first general idea about the within country distribution of our main variable of interest, namely, the China shock the Automation shock,
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(a) Robotics shock: Spain

(b) Robotics shock: France

(c) Robotics Shock: Italy

Figure 2: Distribution of the exposure to robot adoption in Spain, France, Italy at the NUTS2 Level.

(a) Mean Unitary Wage: Spain

(b) Mean Unitary Wage: France

(c) Mean Unitary Wage: Italy

Figure 3: Distribution of Mean Unitary Wages in Spain, France, Italy at the NUTS2 level

the household deprivation rate and the mean unitary wage.

(a) China shock: Spain

(b) China shock: France

(c) China Shock: Italy

Figure 1: Distribution of the exposure to Chinese Imports in Spain, France, Italy at the NUTS2 Level.
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(a) Relative Deprivation: Spain

(b) Relative Deprivation: France

(c) Relative Deprivation: Italy

Figure 4: Distribution of Household Relative Deprivation Rate in Spain, France, Italy at the NUTS2
level

4

Empirical Strategy

In this section we first describe how the China and robotics shocks are constructed and
then turn to the two models for analyzing the relationship with these two factors and,
respectively, labor market and inequality outcomes.

4.1

Trade Exposure: The China Shock

In order to measure the growth in exports from China to the rest of the World, we employ
the same empirical approach pioneered by H. D. Autor, Dorn, and Hanson (2013) and
Colantone and Stanig (2018). The so called China shock is define as:
∆ImportShockr =

X
k

Lrk

∆ChinaIM Pkt
Lr(presample) Lk(presample)

(2)

where r indexes regions, k industries in the manufacturing sectors over t years. The
import data is at the country-industry level and comes from the BACI datatabase.
∆ChinaIM Pkt is then the difference in real imports from China to the focal country
during the period of interest in the industry sectors equivalent to the one in the MP
dataset. In our analysis we will consider the regional average China shock with a seven
years delta during the pre-crisis period (2000-2007). In our empirical specification we
average this delta change over the pre-crisis period so that the China shock varies only
at the regional level.
Looking at equation 2, in order to back out the regional effect of the China shock the
standard weighting scheme is adopted: first, the difference in real imports is normalized
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by the total number of workers in the country considered, following the Eurostat classification of employment data. Second, to back out the region r specific trade shock,
the normalized import change is weighted by the relative share of workers in industry k
within the region over total employment and then the sum of these weighted changes is
taken.
Importantly, both the normalization and the weighting procedure are taken in the presample period, to avoid possible confounding effects. The intuitive interpretation underlying this measure is the following: given any change in national imports per worker
(i.e.,∆ChinaIM Pkt ) , the China shock will be bigger in those regions where a larger share
of workers, at the beginning of the period, are employed in an industry facing a higher
increase in import competition from China.
H. D. Autor, Dorn, and Hanson (2013) and Colantone and Stanig (2018) point out that
the cross-regional variation arises mainly from two sources: first, larger shocks are apportioned to regions in which more workers were employed in the manufacturing sector.
Second, for a given share of the manufacturing sector, the shock will be stronger for areas
with a higher employment share in industries for which Chinese imports have increased
the most (for example, textiles or electronics). Thus, the exposure arise from specialization between sector but also within sectors. Since our dataset is based on manufacturing
firms, we are capturing the within variation of the trade shock.
As explained in D. Autor, Dorn, and Hanson (2021), the effect of the China shock reaches
a peak around 2010 and then flattens out during the next decade. Therefore, by averaging over the period 2000 − 2007 we are capturing most of the disruptive surge of China
in the global economy, yet, ignoring the period of the financial crisis that may confound
our results.
The principal concern for our estimation is that imports from China to the focal country, may be correlated with unobserved industry demand shocks to the economy exposed
to the shock. If this was the case, the OLS estimate would be downward biased. To
correctly identify the causal effect of rising Chinese competition on labor market and
inequality outcomes, we follow the instrumental variable strategy explained in H. D. Autor, Dorn, and Hanson (2013), where the measure for the change in Chinese imports to
the is instrumented using the contemporaneous change in Chinese imports to the United
States.
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Specifically, the insturment is constructed as follows:
∆ImportShockr =

X Lrk(presample) ∆ChinaIM PU Skt
Lr

k

Lk(presample)

(3)

Thus, we simply substitute the delta import with data for the US following the same
time structure as the measure we want to instrument.
The IV strategy, seek to exploit the fact that during the period considered, much of the
growth in Chinese imports stems from the rising competitiveness of the Chinese industry,
China’s lowering of trade barriers, a more market oriented economy, and the entrance in
the WTO. To put it more simply, the instrument is intended to capture the variation
in imports from China which arises only from China’s supply conditions rather than to
domestic factors in the focal country. This strategy should isolate the exogenous change
in supply conditions in the Asian country.

4.2

Automation Diffusion: the Robotics Shock

To construct the regional exposure to robot adoption, we use a very similar methodology
as the China shock, following the relevant literature on the topic (Acemoglu and Restrepo
2020; Anelli, Colantone, and Stanig 2019). The robotics shock is defined as:
∆RoboticsShockr =

X Lrk(presample) ∆Robotskt
Lr(presample) Lk(presample)
k

(4)

where r indexes regions, k industries in the manufacturing sector. The robotics data,
from IFR, cover the number of operational stocks of industrial robots at the regional
level. ∆Robotsk is then the difference in robots stock in the focal country between time
t and t − 5 averaged over the pre-crisis period 2000 − 2007. As before, by averaging over
the pre-crisis period, the robotics shock varies just at the NUTS2 level.
Again, this difference is weighted by the pre-sample number of workers employed in
the same country and industry group. Then, as in the China shock, to back out the
regional measure, we take the weighted average sum of the normalized difference, where
the weights are the same as for the measure of trade exposure.
Also when considering the robotics shock, endogeneity issues may arise. Thus, we build
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an instrument based on the following formula:
∆IV RoboticsShockr =

X Lrk(presample) ∆Robotskt(Other)
Lr(presample)

k

Lk(presample)

(5)

The change in the average stock of operational robots per worker is computed across the
other sample countries excluding the focal one (∆Robotsk(Other) ). As in Anelli, Colantone,
and Stanig (2019), we instrument robot adoption at the regional level by substituting
with robot adoption in the United States. The validity of the instrument relies on the
assumption of the exogeneity of political dynamics of robot adoption between countries,
exploiting industry-specific trajectories of such adoption.

4.3

Empirical specification

In this section we describe the empirical specification adopted to analyse the long-term
effect of the China shock and the Robotics shock on inequality and labor market outcomes. Our aim is to assess whether these two structural change had a long lasting effect
on inequality measures on one side, and on wages on the other. Moreover, we are not
only concerned about a potential impact on the level of each dependent variable but we
also assess the effect on different moment of the distribution (ex. skewness) and on their
average growth. Our independent variables are constructed on the pre-crisis period, as
an average over the period 2000 − 2007 in all three included countries (France, Italy and
Spain). Then, we will regress our dependent variables, averaged over a post-crisis four
year span, on the pre-crisis shocks.
Since we are interested on the effect on two different economic outcomes, namely, inequality measures and wages measures our empirical specification is based on two different
equations, that change just for the dependent variable considered.
The first equation is constructed as follows:

Ineq rk = αr + β1 ∆Shockrk + β2 Xr + γc + δk + ϵr

(6)

where the Ineq rk will be the Household Relative Deprivation Rate described in Section
3.2. Following the work of Yitzhaki (1979), this measure is directly linked to the Gini
coefficient, is constructed at the NUTS2 level, it is assumed to be constant within regions
and, lastly, it is available from 2004 to 2014. In our main specification, we average the
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HH. Depr. Rate over the post-crisis period 2011-2014.
We control for beginning of period regional-level variables (Xrt ), such as population (in
log), share of tertiary educated workers and GDP growth. Country and industry dummies
are included in all specifications (γc , δk ).
The second equation is constructed as follows:
Wrk = αr + β1 ∆Shockrk + β3 Xr + γc + δk ϵr

(7)

where the main wage measures are the mean wage, the mean wage growth and the
mean wage skewness. These three measures are available at the NUTS-2/NACEgroup
and are available from 2000 to 2017. In our main specification wage measures are averaged
over the post crisis period 2014-2017. We control for the same regional-level variables
(Xr ) and dummies for countries and industries are included in all specifications (γc , δk ).

We run a second set of regressions assessing whether the effect of the two shocks on
our main dependent variables is affected by, respectively, variation in wages and productivity. Intuitively, the following may happen: (a). Trade and automation shocks map
into changes in the productivity distribution (Bloom, Draca, and Van Reenen 2016) (b).
Changes in productivity distribution maps into changes in the wage distribution (c). Inequalities in turn are affected by changes in the wage distribution.
In order to investigate this pass-through mechanisms, we employ a standard mediation
analysis following the method exposed by Baron and Kenny (1986). In a mediation analysis three regressions need to be carried out: first, the dependent variable is regressed
on the relevant independent one; then, the supposed mediating factor is regressed on
such independent variable, in order to verify the association between the two; finally, a
third model where both the mediating and mediated factor are included as regressors is
estimated.
Full mediation appears if the coefficient on the mediated variable, which should be significant in the first regression, is not significant anymore while the one of the mediating
variable is. Partial mediation occurs if the coefficient of the mediated variable is lower
in magnitude compared to the one in the first regressor, where the mediating factors was
not included. Importantly, mediation analysis is a framework of analysis that presumes
causal relationships among the variables considered. In the context of this work, causality
18

relies on the validity of our IV strategy.
We perform this mediation analysis alternating the China shock and the Robotics shock
as independent variables and wages or inequality measures as dependent variables. As
said before, when considering wages measures our chosen mediator is TFP, while when
considering the HH. Deprivation rate the mediators are the wage measures.
The mediation analysis helps us to identify if either TFP or Wages, act as pass-through
mechanism for the transmission of the two shocks on our labor market and inequality
outcomes. In the Appendix we show that these variables are relevant and should be
included in our specification for the second part of our empirical analysis.
In order to better investigate the impact of the Import shock on wages, we move from
the mediation framework and repeat our analysis adding the interaction between the two
shocks and the mediator to uncover potential heterogeneity effects.
We adopt two different strategies: first, we construct a dummy variable for the two shocks
that takes value 1 if a NUTS2 regions faces a higher than the country median shock, and
zero otherwise. The dummy is interacted with TFP or the Unitary Wages measures and
added to Equation (6) and (7).
The equation that involves the use of a dummy variable is specified in the following
way:

Yrk = α+β1 Dummyr +β2 M ediatorrk +β3 Dummyr ∗M ediatorrk +β4 Xr +γc +λk +ϵr , (8)
in this case the dependent variables are averaged over the post-crisis period, whether
we use our inequality variable or wage measures. The model includes the dummy variable alone, the interaction variable (Dummy ∗ M ediator) and the mediator alone (TFP
or Wages). M ediatorrk is always constructed on the post-crisis period.
Equation (8) therefore aims at capturing the effect of being highly exposed to the shocks,
while taking into account the role played by heterogeneity across sectors based on variation in the mediator. Therefore β1 should capture the baseline effect of the shock on
highly exposed regions relative to the others, while β3 capture the combined effect of
being more productive or with higher wages, among highly exposed countries. Also in
this case the regression is carried out using both OLS and IV estimation.
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In a similar fashion, we adopt an interaction analysis where both the mediating factors and the two shocks are continuous variables with a longitudinal structure, so to add
yearly variation. We take 4-years (t, t + 3) moving averages for our shock measures from
2000 to 2007 as well as 3-years moving average for the dependent variable from 2011 to
2017. The panel regression will have five periods of the dependent variables regressed
over five periods of the pre-crisis shocks.
Therefore, this second strategy is basically an augmented version of Equation (8), where
the main variable of interest are expressed as rolling averages over time. This second
strategy is adopted since the cross-sectional specification used in equation (8) structurally
eliminates yearly variation, while this new specification might uncover some effects that
were not visible for a lack of observations in the analysis. We will use this second empirical specification just for labor market outcomes since our inequality outcomes data ends
in 2014 and we wouldn’t have enough post-crisis yearly variation. Moreover as variables
are expressed in moving averages the short post-crisis period available for the inequality
variable would lead to serial correlation over time that would bias our estimates.
In practice, this rolling-average specification takes the following form:

Wrk,(t,t+3) = α + β1 Shockr(t,t+3) + β2 T F Prk(t,t+3) +

(9)

β3 Shockr,(t,t+3) ∗ T F Prk(t,t+3) + β4 Xrt + γc + λk + δt + ϵrt ,

where Wrk(t,t+3) and T F Prk(t,t+3) are computed as the average at the NUTS-2/NACE
group level that is taken over time spans of four years in the post-crisis period. Specifically
the sets of years considered start from 2010-2014, and ends with 2014-2017. Specularly,
Shockr,(t,t+3) is defined at the NUTS-2 level and consists of a four years rolling average of
the two shocks, starting from the set of years 2000-2004 and ending with 2004-2007. In
this case, the import shock measure underlying this rolling average consider the difference
in real imports from China at the NUTS-2 level between period t and period t − 3. Similarly, the robotics shock considers a five-years delta span. The controls included remain
the same as in equations (7)). Finally, along with country and industry dummies, this
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specification includes also period dummies (δt ).

5

TFP, Trade exposure & Automation Shock

5.1

Import shock and TFP

This section investigates the long-run relationship between the pre-crisis Import shock
and different moments of the post-crisis TFP by replicating the analysis by Altomonte
and Coali (2021). In the context of this work, this analysis on TFP outcomes, while
interesting on its own, is thought as preparatory to the empirical specification described
in Section 4.

The empirical approach used to relate TFP outcomes and the China shock is similar
to that described by Equation 7 for the case of wage outcomes, and it is therefore specified
as follows:

T F Prk = α + β1 ∆Shockr + β3 Xr + γck + ϵr ,

(10)

where the TFP measures considered are: mean TFP, mean TFP skewness, mean TFP
growth and mean TFP skewness growth. These measures are available at the NUTS2/NACE group and consists of an average over the years 2014-2017. Since in this paper
we also consider the Robotics shock as an interesting regional shock, Equation 10 is also
replicated considering the exposure to robot adoption.
Table 1 shows results from Eq 10 with China shock as the main regressor: first, columns
1-2 show that the Import shock is positively associated with mean TFP, whereas the sign
of the shock coefficient is negative and significant for TFP skewness, both in the OLS
and the IV specification. Importantly, while the use of the instrument does address the
concerns outlined in Section (4), it is not possible to give a causal interpretation to the
following results . In fact, this cross-sectional specification inevitably picks up a level effect
that cannot be eliminated in the absence of a counterfactual. It is reasonable to think
that the regions most affected by the Import shock were also the most productive ones as
these are areas more active in international activities. Therefore, experiencing a higher
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growth of imports from developing countries, these regions tended to have average higher
levels of mean TFP even in the pre-crisis period. As for TFP skewness, regions more
exposed to the shock display a less skewed distribution of TFP. This is again reasonable
as it is expected that regions more active in internationalization activities present a fatter
right tail of the TFP distribution.
Table 1: Add caption
Dependent Variable:

Mean TFP
(1-OLS)

Mean skew TFP

Mean TFP growth

(3-OLS)

(4-IV)

(5-OLS)

Exposure to China shock (00-07) 0.153***
(0.00849)
Population (log)
-0.00279
(0.00706)
Tertiary Education (%)
-0.169
(0.123)
GDP Growth (%)
1.352***
(0.126)

0.156***
(0.00863)
-0.00275
(0.00706)
-0.174
(0.123)
1.351***
(0.126)

-0.119***
(0.0207)
-0.0450***
(0.0171)
-0.179
(0.341)
-1.130***
(0.350)

-0.123***
(0.0207)
-0.0451***
(0.0171)
-0.172
(0.342)
-1.128***
(0.350)

-0.00150** -0.00185***
(0.000670) (0.000700)
-0.00144* -0.00144*
(0.000771) (0.000771)
0.0216*
0.0222*
(0.0124)
(0.0124)
-0.0327** -0.0324**
(0.0127)
(0.0127)

0.127** 0.121**
(0.0534) (0.0532)
0.0742
0.0741
(0.0498) (0.0499)
-1.634** -1.623**
(0.804)
(0.805)
1.666** 1.670**
(0.848)
(0.847)

Country FE
Industry FE
Observations
R-squared
Klein-Papp Stats

Yes
Yes
510
0.491
8166

Yes
Yes
510
0.411

Yes
Yes
510
0.095
8166

Yes
Yes
510
0.379

Yes
Yes
510
0.109

Yes
Yes
510
0.930

(6-IV)

Mean skew growth TFP

(2-IV)

Yes
Yes
510
0.048
8166

(7-OLS)

(8-IV)

Yes
Yes
510
0.029
8166

Column from 4 to 8 considers the relationship between the Import shock and other
two moments of the TFP distribution: TFP growth and TFP skewness growth. As for
TFP growth, regions that experienced a stronger Import shock also present, on average,
lower levels of TFP growth. In this respect however, it should be mentioned also that
Altomonte and Coali (2021) find that, among firms that were performing better before
the crisis, the impact of the China Shock on TFP growth is positive and significant.
Conversely, when looking at the growth of TFP skewness, the coefficient turns out to be
positive. Indeed, a positive coefficient signals that there is a fattening of the left tail of
the distribution, which implies a higher percentage of less productive firms in areas that
were more affected by the China shock. Also in this case the OLS and IV estimated are
extremely similar. Moreover, the same interpretative caveat applied to Table (1) holds
also in this case: in order to draw causal conclusions a counterfactual would be needed.
However, the fact that the outcomes considered are growth rates, opens to an interpretation of the results that goes beyond purely correlational considerations. Therefore it
might be the case that the Import shock shock had a depressive effect on firms’ productivity growth, and that only the most productive firms were able to exploit successfully
the new trade linkages and to intensify their productivity growth. In light of this, it can
be said that the Import Shock actually affected the productivity distribution of firms:
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indeed this shock hit harder regions that were already more productive, and within these
regions only the most productive firms were able to increase their TFP growth, while
the impact of the Import Shock on TFP growth was on average negative. To sum up,
the regions were the China shock hit stronger present post-crisis higher mean TFP levels
and a higher concentration of productive firms. However when TFP growth and TFP
skewness growth are considered, the outlook is less positive: TFP growth is lower and we
see a larger share of less productive firms in areas more affected by the Import shock.

Table 2: Add caption
Dependent Variable:

Exposure to Robotics shock (00-07)
Population (log)
Tertiary Education (%)
GDP Growth (%)

Country FE
Industry FE
Observations
R-squared
Klein-Papp Stats

Mean TFP

Mean skew TFP

(1-OLS)

(2-IV)

(3-OLS)

0.105***
(0.0189)
0.00656
(0.00881)
0.0245
(0.148)
1.464***
(0.155)

0.0795***
(0.0192)
0.00377
(0.00881)
0.0451
(0.153)
1.459***
(0.152)

Yes
Yes
510
0.893

Yes
Yes
510
0.217
15314

(4-IV)

Mean TFP growth

Mean skew growth TFP

(6-IV)

(7-OLS)

(8-IV)

-0.0701** -0.0362
0.000149
(0.0311)
(0.0321)
(0.00133)
-0.0510*** -0.0473*** -0.00140*
(0.0179)
(0.0180)
(0.000761)
-0.339
-0.366
0.0187
(0.348)
(0.350)
(0.0125)
-1.215*** -1.209*** -0.0335***
(0.349)
(0.346)
(0.0128)

0.000463
(0.00135)
-0.00136*
(0.000753)
0.0185
(0.0126)
-0.0335***
(0.0128)

0.0903
(0.0854)
0.0823
(0.0502)
-1.476*
(0.797)
1.759**
(0.849)

0.0540
(0.0862)
0.0783
(0.0503)
-1.447*
(0.800)
1.752**
(0.847)

Yes
Yes
510
0.384

Yes
Yes
510
0.040
15314

Yes
Yes
510
0.102

Yes
Yes
510
0.022
15314

Yes
Yes
510
0.050
15314

(5-OLS)

Yes
Yes
510
0.373

Table (2) shows results for Equation (10) where the only change from the previous
table is that the shock variable becomes the Robotics one. Results show that the coefficient of interest is statistically significant only when the dependent variable is Mean TFP.
The coefficient highlights a positive association between the exposure to robot adoption
and average TFP: regions that were more exposed to robot adoption during the pre-crisis
period are associated with a higher level of Mean TFP. Differently from Table (1), the
coefficients of interest from column 3 to 8 are non-significant showing that in the full
specification with controls, an increase in exposure to robot adoption appears not to be
associated with other moments of the TFP distribution, other than Mean TFP.
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6

Labor Market Analysis

6.1

Import shock and Wages

The previous section has presented evidence regarding the impact that the Import shock
had on the regional TFP distribution. In the same way this section presents preliminary evidence on the medium and long-run relationship between the pre-crisis Import
and Robotics shock and different moments of the post-crisis wage distribution. The main
empirical specification is based on the regression shown in Equation (, 7) where the dependent variable varies at the NUTS-2/NACE level, while the shocks varies at the regional
level.

Table 3: Add caption
Dependent Variable:

Exposure to China shock (00-07)
Population (log) lag
Tertiary Education (%) lag
GDP Growth (%) lag

Observations
R-squared
Country FE
Industry FE
Klein-Papp Stats

Mean Wage

Mean skew wage

Mean Wage growth Mean skew growth wage

(1-OLS)

(2-IV)

(3-OLS)

(4-IV)

(5-OLS)

(6-IV)

(7-OLS)

(8-IV)

3.494***
(0.307)
-0.549**
(0.270)
17.23***
(5.776)
23.49***
(5.586)

3.662***
(0.290)
-0.555**
(0.269)
16.72***
(5.798)
23.64***
(5.584)

-0.181***
(0.0579)
0.203***
(0.0411)
2.619***
(0.879)
-2.911***
(0.724)

-0.180***
(0.0588)
0.203***
(0.0411)
2.614***
(0.883)
-2.909***
(0.726)

0.00199
(0.00231)
-0.00208
(0.00174)
-0.0422
(0.0519)
0.0349
(0.0457)

0.00184
(0.00219)
-0.00207
(0.00174)
-0.0418
(0.0523)
0.0348
(0.0458)

-4.005
(23.51)
-2.903
(12.65)
39.16
(219.4)
-9.955
(82.37)

-3.719
(20.85)
-2.914
(12.75)
38.32
(211.5)
-9.710
(80.33)

643
0.807
Yes
Yes

643
0.183
Yes
Yes
8772

640
0.309
Yes
Yes

640
0.091
Yes
Yes
8791

643
0.116
Yes
Yes

643
0.006
Yes
Yes
8772

638
0.038
Yes
Yes

638
0.000
Yes
Yes
8806

Table 3 explores the relationship between the four wage moments described in Section
3.2, and the exposure to the Import shock at the regional level while controlling for
regional characteristics and country-industry dummies. The first two columns show a
positive coefficient of the Import shock, indicating that areas more exposed to the China
shock also pay on average higher wages. This result is not unexpected, and it is coherent
with the outcomes shown in Table (1). To give an idea of the magnitude of the coefficient,
an increase of one standard deviation in exposure to chinese imports is correlated with
a one fifth of a standard deviation increase in regional wage level. In fact, firms more
exposed to international trade (and that therefore experienced a stronger Import shock)
tend to be more productive and so it is logical to think that on average they pay higher
wages. This result holds also when using the IV specification.
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Columns 3 and 4 present results for mean wage skewness. In this case there appear to be
a negative association between the Import shock and Mean Wage Skewness, meaning that
in areas where the Import shock hit stronger, the wage distribution is more concentrated
around high wage levels. This is again consistent with the previous results for TFP
skewness that were presented in Table 1: indeed it is reasonable to think that in areas
more affected by the China shock, were the TFP distribution is also more concentrated
on the right, also the wage distribution would be more concentrated on the right. Lastly,
when considering mean wage growth and mean wage skewness growth, there does not
appear to be any correlation between the Import shock and these two variables.
The results presented in Table (3) are therefore fully coherent with those obtained in Table
(1) for TFP outcomes, and, also in this instance, the coefficients estimated using the IV
strategy go in the same direction and present the same magnitude as those estimated
using the OLS strategy. However, the same remark made before applied also in this
case: the cross-sectional nature of this analysis cannot account for level effects biasing
the estimates. In fact, it is likely that the Import shock hit harder in regions where wages
were already higher and the wage distribution presented a lower skewness. Moreover,
it is likely that the estimates are affected by an omitted variable bias since the role of
TFP is being overlooked. In fact, there are two reasons why it is crucial to account for
the role played by TFP: the first is that, as we saw in Section 5.1, TFP and the Import
shock present a significant correlation. This, added to the correlation between the Import
shock and wage measures and to the relationship that there exists between wages and
TFP, makes the presence of an omitted variable bias very likely.
Considering our second structural shock of interest, Table 4 shows preliminary results
when the exposure to robot adoption is adopted.
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Table 4
Dependent Variable:

Mean Wage
(1-OLS)

Mean Wage growth

Mean skew wage

(3-OLS)

(4-IV)

(5-OLS)

Exposure to Robotics shock (00-07) 2.566***
(0.536)
Population (log) lag
-0.180
(0.300)
Tertiary Education (%) lag
23.21***
(6.088)
GDP Growth (%) lag
23.41***
(6047)

2.370***
(0.551)
-0.197
(0.297)
23.56***
(6.054)
23.18***
(6.049)

0.00580
(0.00365)
-0.00148
(0.00174)
-0.0464
(0.0508)
0.0400
(0.0462)

0.00606
(0.00383)
-0.00145
(0.00174)
-0.0469
(0.0506)
0.0403
(0.0463)

-0.0627
-0.0105
-2.111
(0.0934)
(0.0966)
(11.05)
0.191*** 0.195*** -3.267
(0.0420)
(0.0422)
(14.43)
2.193**
2.101**
31.12
(0.883)
(0.886)
(168.5)
-2.830*** -2.768*** -8.940
(0.736)
(0.735)
(74.68)

-0.0584
(5.321)
-3.077
(13.37)
27.47
(148.2)
-6.574
(63.70)

Observations
R-squared
Country FE
Industry FE
Klein-Papp Stats

643
0.094
Yes
Yes
19085

643
0.118
Yes
Yes

643
0.009
Yes
Yes
19085

640
0.299
Yes
Yes

638
0.000
Yes
Yes
19009

643
0.786
Yes
Yes

(6-IV)

Mean skew growth wage

(2-IV)

640
0.077
Yes
Yes
19063

(7-OLS) (8-IV)

638
0.038
Yes
Yes

The coefficient of interest is statistically significant only in column (1-2), suggesting
that a preliminary correlation between the Robotics shock and unitary wages holds when
considering the dependent variable in average terms. The coefficient is positive and
remains robust also in the IV specification, with an F-statistic well above the threshold
to accept significance. The positive coefficient suggests that regions more exposed to
adoption of new technology, such as robots in our case, are associated with a higher level
of average unitary wages. The results are coherent with Table 2, where we’ve shown
a positive relationship between TFP and wages, as we would have expected from the
economic literature.
Nevertheless, differently from Table 3, we don’t find any effect on wage growth, wage
skewness, and wage skewness growth. To conclude, the same observation applies as
before: these preliminary results cannot be treated as purely causal as it is possible that
part of the relationship can be explained by pre-existing trend that the cross sectional
nature of our analysis does not account for. Moreover, TFP plays a crucial role as a
transmission mechanism as we found a robust relationship in Table 2, thus implying that
we should include this variable in a more detailed empirical specification that allows us to
consider also the effect of our main independent variable after we control for the regional
TFP distribution.

6.2

Interaction Analysis

In this section we adopt a more precise empirical strategy base on Equation 8, where
we include the interaction between the two shocks and mean TFP. Specifically, first the
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wage measures are regressed on the full vector of controls and on a Import shock dummy
variable that divides the within-country regions in two categories: the ”treated” regions
where the China shock has been higher than the country median which take the value
of 1, and the ”untreated” regions where the Import shock has been lower than the country median which are assigned a value of zero. Second the same dependent variable is
regressed on the full set of controls, the Import shock dummy variable, mean TFP and a
third variable constructed as the interaction between the two.
The results are shown in Table 5. As expected, the coefficient of the Import shock dummy
is positive when TFP is not included: in this case, a one standard deviation increase in
exposure to the China shock is associated with an increase of approximately one-sixth
standard deviations in the mean wage level (0.158). This is qualitatively the same result
found in Table 3 where the Import shock was expressed as a continuous variable, and
also the magnitude of the coefficient is very close.

Table 5: Add caption

Dependent Variable:

Mean Wage
(1-OLS)

Dummy Import Shock

3.886***
(0.434)

Dummy Import Shock

-6.228***
(2.041)
3.121***
(0.963)
18.81***
(1.646)

Dummy Import Shock*Mean TFP
Mean TFP

Controls
Country FE
Industry FE
Observations
R-squared
Klein-Papp Stats

(2-OLS)

YES
YES
YES
643
0.801

YES
YES
YES
642
0.851

Mean skew wage
(3-IV)

(4-OLS)

-3.610
(2.346)

-0.136*
(0.0754)

(6-IV)
-0.251
(0.602)

-0.720*
(0.434)
0.298
0.0252
(0.186)
(0.254)
-0.630*** -0.361
(0.243)
(0.280)

2.133*
(1.104)
18.45***
(1.925)
YES
YES
YES
642
0.369
336.5

(5-OLS)

YES
YES
YES
640
0.303

YES
YES
YES
639
0.309

YES
YES
YES
639
0.086
332.3

Focusing on Column 2 it can be seen that when controlling for TFP and for its interaction with the China shock, the coefficient on the dummy alone becomes negative,
from positive in the unconditional correlation with wages. Instead, the interaction and
the mean TFP coefficient are positive and significant. The coefficient of the interaction
variable remains weakly significant when adopting the IV strategy while the coefficient
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on the dummy alone is not significant anymore, yet negative.
In terms of magnitude, in the OLS specification in column (2) a one standard deviation
increase in the Import shock is now associated with a decrease of 0.247 standard deviations in the wage level. This, associated with the positive interaction coefficient highlight
an interesting fact: the association between the Import shock and mean wages is heterogeneous across region-industry TFP levels. In fact, in regions more exposed to the
Import shock the average wage levels is lower, yet the interaction coefficient is positive,
indicating that in regions more exposed to the Import shock, the higher the productivity
level in a certain industry, the less negative the association between the Import shock
and mean wages. Unfortunately it is not possible to interpret these results causally, as
they do not prove robust to the IV specification as it can be seen to column 3.
Looking at Column 4 to 6 the coefficient on the dummy variable is weakly significant
and negative both in the unconstrained regression (Column 4), and the specification with
the interaction variable. However, the coefficient on the interaction variable is not statistically significant both in the OLS and in the IV specification, indicating that we are
not able to infer any meaningful association between the differential impact of the China
Shock on treated region on Mean Wage Skewness.
These results seem to confirm that TFP is playing a role in determining wage outcomes,
and also the different impact of the China shock across regions on wage outcomes at different level of regional TFP. The loss of robustness when using the IV strategy could be
due to the cross-sectional specification that has been used up to now, which structurally
eliminates all the yearly variation.
To overcome this potential issue, we adopt the second type of interaction analysis explained in Equation 9. The results are presented in Table 6. From columns 1 and 2 it can
be seen that the estimated coefficients behave in the same way as those presented in Table
5: the import shock coefficient becomes negative when mean TFP and the interaction
term are included. Nevertheless, in this specification the results prove consistent when
the IV strategy is adopted.
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Table 6
Dependent Variable:

Mean Wage
(1-OLS)

(2-OLS)

(3-IV)

Mean wage skewness
(4-OLS)

(5-OLS)

(6-IV)

Exposure to China shock (00-07) rolling 9.424*** -12.52*** -9.768***
(0.490)
(2.025)
(1.846)
Mean TFP (rolling)
16.89*** 16.69***
(0.731)
(0.761)
Mean TFP*Import Shock (rolling)
6.390*** 5.460***
(0.934)
(0.854)

-0.333*** -1.243*** -0.601*
(0.0790)
(0.350)
(0.363)
-0.424*** -0.353***
(0.111)
(0.113)
0.465*** 0.174
(0.149)
(0.153)

Controls
Country FE
Industry FE
Period FE
Observations
R-squared
Klein-Papp Stats

Yes
Yes
Yes
Yes
3,198
0.270

Yes
Yes
Yes
Yes
3,217
0.767

Yes
Yes
Yes
Yes
3,207
0.819

Yes
Yes
Yes
Yes
3,207
0.328
1685

Yes
Yes
Yes
Yes
3,193
0.272

Yes
Yes
Yes
Yes
3,193
0.080
1643

This result is crucial for interpreting correctly the medium and long-term impact of
the China shock on firms’ wages: the China shock had a depressive baseline effect on
firms’ wages, and this is the very opposite of what is observed when the role played by
TFP is not accounted for. This negative effect is mitigated in sectors with high TFP
levels, as higher level of regional Also in terms of magnitude Table 5 confirms what previously found: in the unconditional specification, a one standard deviation increase in
the China shock is associated to a 0.221 standard deviation increase in the mean wage
level. However, when TFP and its interaction are included, the effect of a one standard
deviation increase in the China shock leads to a decrease of -0.294 mean wage standard
deviations in the OLS specification (Column 2) and -0.229 in the IV specification (Column 3).
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Table 7: Add caption

Dependent Variable:

Mean Wage
(1-OLS)

Dummy Robotics

1.799***
(0.466)

Dummy Robotics

-1.981
(1.986)
0.862
(0.952)
20.32***
(1.517)

Dummy Robotics*Mean TFP
Mean TFP

Observations
R-squared
Country FE
Industry FE
Klein-Papp Stats

(2-OLS)

643
0.783
Yes
Yes

642
0.848
Yes
Yes

Mean wage skewness

(3-IV)

(4-OLS) (5-OLS)

(6-IV)

-23.25**
(11.04)

-0.0668
(0.0760)

-1.285
(1.465)
-0.634
(0.407)
0.279
0.569
(0.176)
(0.658)
-0.717*** -0.807***
(0.223)
(0.308)

10.34**
(4.940)
17.37***
(2.211)
642
0.253
Yes
Yes
19.77

640
0.300
Yes
Yes

639
0.309
Yes
Yes

639
0.089
Yes
Yes
22.81

Turning our focus on the second shock of interest, the robotics one, the following
tables report results of the interaction analysis, where Table (7) adopts the cross-sectional
empirical strategy with the dummy variable, while Table (8) replicates Eq, 9 with the
longitudinal structure and variables in moving averages.
Starting with Table (7, column (1) shows a positive and statistically significant coefficient
in the unconstrained regression, which then turns negative and statistically significant
once we include regional TFP and both the dummy and interaction variable are properly
instrumented (Column 3). The robustness of the IV, differently from Table 5 suggests that
in this case we can treat this results as causal with enough confidence as the endogeneity
stemming from the Robotics shock on one side, and the omitted variable bias due to
the exclusion of mean TFP is now fully taken into account. Moreover, the F-Statistic
suggests that the instrument is robust.
The coefficients of interest in column 3 suggests that in the areas were the exposure to
robot adoption during the pre-crisis period is higher than the country median, higher
levels of robot adoption lead to a decrease in average regional wages in manufacturing
sectors over the post-crisis period. However, in the same regions higher level of TFP
reduce this negative impact, as the coefficient on the interaction variable shows suggesting
that there could be an underlining regional job polarization. More precisely, it might be
the case that an increase in robot adoption benefits mostly more productive firms, in new
technology is a complement to high skilled workers rather than a substitute leading to
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an increase in average wages. On the contrary among regions more exposed to robotics
shock, low productivity firm suffer from the shock and on average wages are negatively
impacted.
Column 4 to 6, where Mean wage skewness is the dependent variable, we don’t find
statistically significant results, suggesting that in this particular empirical strategy, higher
exposure to robot adoption does not lead to a change in the post-crisis wage distribution,
as captured by the skewness.
As before, we add yearly variation to our empirical strategy in order to understand if
avoiding variation over time may hinder a clearer identification. Table 8 shows that
the coefficient on the Robotics shock is positive in the unconstrained regression but,
differently from the last table, remains positive when adding the full specification in
Coulumn 3. Moreover, the interaction variable is weakly significant and negative after
controlling for period-country-industry dummies.
Table 8
Dependent Variable:

Mean Wage
(1-OLS)

(2-OLS)

(3-IV)

Mean wage skewness
(4-OLS)

(5-OLS)

(6-IV)

Exposure to Robotics shock (rolling) 3.120*** 2.125
3.683** 0.0835
(0.377)
(1.363)
(1.550)
(0.0596)
Mean TFP*Robotics Shock
-0.717
-1.412*
(0.690)
(0.792)
Mean TFP (rolling)
19.52*** 19.78***
(0.715)
(0.721)

-0.473*** -0.591***
(0.110)
(0.113)
0.301
-0.134
(0.273)
(0.302)
-0.0704
0.158
(0.129)
(0.145)

Controls
Country FE
Industry FE
Period FE
Observations
R-squared
Klein-Papp Stats

Yes
Yes
Yes
Yes
3,193
0.270

7

Yes
Yes
Yes
Yes
3,217
0.748

Yes
Yes
Yes
Yes
3,207
0.815

Yes
Yes
Yes
Yes
3,207
0.314
2069

Yes
Yes
Yes
Yes
3,198
0.266

Yes
Yes
Yes
Yes
3,193
0.078
2031

Import & Robot Shocks on Deprivation Rate

In this section, we analyze the effect of the pre-crisis import shock on the inequality
measures. The dependent variable is the Household Relative Deprivation Rate in average
and growth terms, described in Section 3.2. This measure is constructed at the NUTS2
level, it is assumed to be constant within region, and it is available from 2004 to 2014.
In our main specification outlined in Equation 6, we average the HH. Depr. Rate over
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the post-crisis period 2011-2014. In this way, as we have done in the previous section, we
aim to highlight the effect of the two shocks during the pre-crisis period on this selected
inequality variables in the medium-run after the financial crisis.
Table 9 shows results for the regression outlined in Equation 6, where we regress the HH.
Depriv. Rate in mean and growth terms over the exposure to chinese imports during the
pre-crisis period (2000-2007).

Table 9

Dependent Variable:

Exposure to China shock (00-07)
Ln Population
Share Tert. Education
GDP per capita

Country Fixed Effects
Industry Fixed Effects
Observations
R-squared
Klein-Papp Stats

HH Depriv. Rate Mean

HH Depriv. Rate Growth

(1-OLS)

(2-IV)

(3-OLS)

(4-IV)

0.00633***
(0.00137)
-0.00578***
(0.000664)
-0.128***
(0.0207)
0.00994***
(0.00338)

0.00679***
(0.00137)
-0.00580***
(0.000666)
-0.130***
(0.0208)
0.00928***
(0.00333)

0.0296***
(0.00665)
-0.0220***
(0.00391)
-0.465***
(0.0936)
-0.0564***
(0.0163)

0.0277***
(0.00704)
-0.0219***
(0.00389)
-0.459***
(0.0934)
-0.0537***
(0.0157)

Yes
Yes
645
0.546

Yes
Yes
645
0.247
6697

Yes
Yes
645
0.321

Yes
Yes
645
0.145
6697

In this specification, we always control for the log of population, the share of regional
tertiary education, and the regional gdp per capita during the pre-crisis period. On top
of this, we include country-industry dummies to account for specific characteristics by
country and within manufacturing sector.
Looking first at Column 1 and 2, we find a positive and statistically significant coefficient
on the China Shock, both in the OLS and the IV specification. Similarly we find the
same positive and statistically significant association when the dependent variable is the
HH. Deprivation Rate Growth. Given that an increase in the deprivation rate means an
increase in regional satisfaction rate, the positive coefficient highlights that regions more
exposed to to the China shock are also the one with higher satisfaction rate.
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Table 10

Dependent Variable: HH Depriv. Rate Mean

Robotic Shock 2000-2007
Ln Population
Share Tert. Education
GDP per capita

Country Fixed Effects
Industry Fixed Effects
Observations
R-squared
Klein-Papp Stats

HH Depriv. Rate Growth

(1-OLS)

(2-IV)

(3-OLS)

(4-IV)

0.000240
(0.00146)
-0.00540***
(0.000677)
-0.107***
(0.0221)
0.0190***
(0.00261)

-0.00149
(0.00144)
-0.00556***
(0.000679)
-0.102***
(0.0223)
0.0193***
(0.00261)

-0.00934*
(0.00534)
-0.0207***
(0.00397)
-0.380***
(0.0932)
-0.00507
(0.0135)

-0.0161***
(0.00551)
-0.0213***
(0.00400)
-0.352***
(0.0943)
-0.00416
(0.0134)

Yes
Yes
645
0.523

Yes
Yes
644
0.205
27170

Yes
Yes
645
0.294

Yes
Yes
644
0.113
27170

In the next Table (10), we replicate the same regression as above, by only changing the
main independent variable (China shock) with the exposure to robot adoption described
in Equation (4).
The coefficient on the robotics shock in Column 1 and 2 is not statistically significant
in this case when the dependent variable is the average deprivation rate. Instead, we
find a negative and statistically significant association when we use the same dependent
variable in growth terms which becomes more robust when adopting the IV estimator.
The F-statistics is well above the threshold to confirm the robustness of our instrument.
As a preliminary result, differently from the evidence of the China shock effect, it appears that higher levels of exposure to robot adoption is associated with an increase in
the deprivation rate growth. These first results, albeit very preliminary, could signal a
clear difference between the effects of the two shocks considered. On the one hand, we
find a positive association between the China shock and the average/growth deprivation
rate: this evidence should be treated carefully, since it is likely that the positive coefficient masks regional trends (eg. In Italy north vs South), where areas more exposed
to the China shock are also the one where this measure of well-being was higher. The
set of controls should take into consideration this issue, but it is possible that we are
not capturing some underlying variation, for example, the effect of average wages among
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more exposed regions.
On the other hand, we find a different relationship when we include the robotics shock
as the main regressor. This could suggest different transmission mechanisms of these two
shocks in the medium term, as if they are impacting in different ways the labor market
and ultimately inequality outcomes.
The preliminary results in Table 9 signals more an association driven by regional trends
rather than a causal impact of the China shock on the degree of regional satisfaction.
In fact, when we considered the effect of the China shock on wages, preliminary results
showed a positive association that changed after we introduced more detailed specification countering the hypothesis that the China shock could have a positive effect on wages
within the manufacturing sector.

We proceed with the second part of the empirical strategy based on Equation 8, where
we include the interaction between the two shocks and the post-crisis mean unitary wages
or mean wage skewness. Specifically, first the inequality measures are regressed on the full
vector of controls and on a the dummy variable that divides the NUTS2 regions in two
categories: the ”treated” regions where the two shocks has been higher than the country
median which take the value of 1, and the ”untreated” regions where the Import shock
has been lower than the country median with a value of 0. Second the same dependent
variable is regressed on the full set of controls, the shock dummy variable, unitary wages
variables and a third variable constructed as the interaction between the dummy and the
wage measure. Results are reported just for the IV estimation.
Column 1 and 4 of Table 11 shows results for the unconstrained regression with the two
different inequality measures: the coefficient on the dummy is positive and statistically
significant, showing a positive association between the highly exposed regions to the
China Shock and the HH. depr. rate in average and growth terms. Considering Column
2 and 3, when we include the interaction variables and the control for the mean unitary
wage and mean wage skewness alone (not included in the table), both the coefficient
of interest are not significant anymore suggesting that once we control for labor market
variables the Import shock does not affect the average deprivation rate.
Instead, results in Column 5 and 6 show that the coefficient on the dummy are statistically significant but of opposite signs. In Column 5, after controlling for the interaction
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with the mean unitary wage the coefficient turn negative on the dummy and is positive
and statistically significant on the interaction. On the contrary, in Column 6 the coefficient on the dummy is positive and statistically significant while the coefficient on the
interaction with wage skewness is negative and weakly significant.

Table 11
Dependent Variable:
VARIABLES
Dummy China

HH Depriv. Rate Mean
(1-IV)

(3-IV)

0.0106***
(0.00219)

Dummy China

(4-IV)

Dummy China*Mean Wage Skewness

Yes
Yes
Yes
645
0.229
1071

(5-IV)

(6-IV)

0.0430***
(0.0114)
-0.00781 -0.00521
(0.0309) (0.0131)
0.00573
(0.00875)
0.0107
(0.00778)

Dummy China*Mean Unitary Wage

Controls
Country Fixed Effects
Industry Fixed Effects
Observations
R-squared
Klein-Papp Stats

(2-IV)

HH Depriv. Rate Growth

Yes
Yes
Yes
645
0.226
457.5

Yes
Yes
Yes
645
0.212
291.3

-0.637*** 0.116***
(0.171)
(0.0398)
0.193***
(0.0482)
-0.0426*
(0.0231)
Yes
Yes
Yes
645
0.162
1071

Yes
Yes
Yes
645
0.110
457.5

Yes
Yes
Yes
645
0.190
291.3

Results in Column 5 are interesting since the coefficient on the dummy changes sign
compared to the unconstrained regression uncovering a certain degree of heterogeneity
to the shock that depends on the level of average unitary wages. In fact, it could be
inferred that when controlling for Mean Unitary Wages, highly exposed regions to the
China shock face a negative effect on the household deprivation rate growth, yet, the
effect is partly compensated when unitary wages are higher.
Focusing now on Table 12, we change the main independent variable by using the Robotics
shock and we just keep as a dependent variable the HH. Deprivation rate in growth terms
since preliminary results showed no statistically significant effects on the same variable
in average terms. In this case we report results both for the OLS and the IV specification.
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Table 12: Add caption
Dependent Variable:
VARIABLES
Dummy Robotics

Household depriv. Rate Growth
(1-OLS)

(2-OLS)

0.00902
(0.00627)

Dummy Robotics

(4-IV)

(5-IV)

(6-IV)

-0.926***
(0.124)
0.257***
(0.0355)

-0.151***
(0.0260)

-0.0248***
(0.00815)
-0.279**
(0.122)
0.0808**
(0.0347)

Dummy Robotics*Mean Unitary Wage
Dummy Robotics*Mean Wage Skewness

Controls
Country Fixed Effects
Industry Fixed Effects
Observations
R-squared
Klein-Papp Stats

(3-OLS)

0.0121
(0.0282)

-0.00504
(0.0167)
YES
YES
YES
645
0.294

YES
YES
YES
645
0.301

YES
YES
YES
645
0.309

0.0769***
(0.0161)
YES
YES
YES
644
0.073
414.9

YES
YES
YES
644
0.070
161.2

YES
YES
YES
644
0.083
197.9

Starting with the unconstrained regression (columns 1 and 4) the coefficient on the
dummy is non-significant in the OLS specification but turns negative and significant when
adopting the IV strategy. The sign of the coefficient is the same as in Table 10, while
the magnitude increases significantly showing that regions facing a robotics shock higher
than their respective country median suffer an increase in the deprivation rate growth.
The F-statistics in column 4 suggests that the instrument is robust.
Focusing now on the more detailed empirical specification we noticed that the coefficient
on the dummy alone remains negative and statistically significant when we control for the
interaction between the dummy itself and post-crisis average unitary wages both in the
OLS and in the IV specification. The latter shows also that the magnitude increases when
we address endogeneity suggesting that the IV is well constructed. The combination of
this two coefficient (Column 2 and 5) suggests two things: regions more highly exposed
to the increase in automation face a lower growth in the regional satisfaction rate relative to areas with a below-median robotics shock. However, and more interestingly the
coefficient on the interaction variable is positive and statistically significant: it suggests
that in the ”treated” regions where averages wages are higher this reduces the impact on
the increase in the deprivation rate growth.
A possible interpretation of this evidence could be the following: the increase in robotics
during the pre-crisis period led to a polarization in the labor market where mean unitary
wages increased in areas where post-crisis average TFP was higher (Table 7).
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Therefore, when considering inequality outcomes it is possible that the wage dispersion
between high-skilled workers, i.e. the one benefiting from higher automation, and low
skilled workers increased leading to the increase in the regional deprivation growth. This
reasoning is backed by the positive and statistically significant coefficient in column 6
of Table 12 since among the ”treated” regions an increase in the wage skewness, thus a
higher concentration on wages on the left hand-side of the distribution, reduce the deprivation rate growth since the shorter the distance in the distribution of the regional
income, the weaker the deprivation felt by individuals with respect to their richer peers.
To further support the evidences showed from the table above, we change the empirical
specification by substituting the wage variables in the interaction component with the
Mean TFP and the Mean TFP Skewness. The dependent variable is still the HH. Deprivation Rate Growth and we show results using both OLS and IV estimation.

Table 13
Dependent Variable:
VARIABLES
Dummy Robotics

HH Depriv. Rate Growth
(1-OLS)

(3-OLS)

0.00891
(0.00628)

Dummy Robotics

(4-IV)

Dummy Robotics*Mean TFP Skewness

Yes
Yes
Yes
645
0.293

(5-IV)

(6-IV)

-0.0249***
(0.00817)
-0.117** -0.0355**
(0.0550) (0.0174)
0.0506**
(0.0251)
-0.128***
(0.0463)

Dummy Robotics*Mean TFP

Country Fixed Effects
Industry Fixed Effects
Controls
Observations
R-squared
Klein-Papp Stats

(2-OLS)

Yes
Yes
Yes
645
0.322

Yes
Yes
Yes
645
0.308

-0.313*** -0.0668***
(0.0597)
(0.0160)
0.128***
(0.0274)
-0.139**
(0.0578)
Yes
Yes
Yes
644
0.073
414.9

Yes
Yes
Yes
644
0.123
51.86

Yes
Yes
Yes
644
0.108
61.45

The coefficient of interest are coherent with the one from the Table 12 as one would expect from the positive relationship between productivity and wages. Focusing on column
4 to 6, the coefficient on the dummy is negative and statistically significant and remains
such after controlling for the interaction dummy ∗ mean tf p. Instead, the coefficient
on the interaction variable is positive and significant suggesting that among ”treated”
regions higher levels of TFP decrease the deprivation rate growth.
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Conclusion

In this paper we investigate two separate research question, that nonetheless can be considered tightly linked. The first is centered on the effect of Globalization and Robotics
shocks on labor market outcomes - expressed in terms of various Unitary Wage measures
- at the region-industry level in the manufacturing sector during the period 2000-2017.
Specifically, our analysis looks at the medium-term effect of the pre-crisis China and
Robotics Shock on wages dynamics and distribution in the post-crisis period (2014-2017).
We find a positive effect of both factors on the Mean Unitary Wages as a preliminary
results which is quite expected as in the country considered, regions with higher wages
are also the one more open to international trade and with higher automation exposure.
However, when adopting a more detailed empirical specification, that accounts for the
dynamics of the post-crisis TFP, the coefficient of interest on the two shocks considered
turns negative but still statistically significant. The evidence suggests that, across region
and sector, the effect of trade exposure and automation alone is negative on labor market
outcomes, but it is partially counterbalanced by the different levels of Mean TFP. More
precisely, when constructing a dummy that takes value 1 if the region faces a higher than
the country-median shock and zero otherwise, we find that ”treated” areas are negatively
affected when controlling for productivity. Nevertheless, conditional on being in a highly
exposed area, higher level of TFP has a positive effect on Mean Unitary Wages and when
adopting a panel structure results holds also in the IV setup.
The effect on the Skewness of the wage distribution are less clear and not enough significant to give a meaningful interpretation. These findings are consistent with the work of
Altomonte & Coali (2021) that is briefly replicated in Section 5.1. Moreover, our results
suggest the effect of these structural transformations are still in place in the medium-run
and reinforce the narrative of the ”unintended” consequences of globalization. More precisely, trade exposure and automation induce distributional consequences, as we clearly
find a differential effect on regional labor market outcomes depending on the pre-crisis
distribution of the China Shock but also on the different levels of average productivity
at the NUTS2-Nace2 level.
The second research question is related to the impact of the Globalization and Robotics
shock on two inequality measure, the Household Deprivation Rate constructed in average
and growth terms. As before, we considered the pre-crisis shocks as our main independent
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variables while the inequality outcomes are averaged over the period 2011-2014.
We find a positive association between the China shock and the HH Depriv Rate, either
average or growth, that holds also when adopting the IV specification. Instead, when
considering the Robotics Shock we find a negative and statistically significant coefficient
only on the deprivation rate growth. We proceed with the interaction analysis to understand the role played by the wage measures used in the first research question. The
idea is to uncover possible heterogeneity stemming from the difference in average wage
and wage skewness conditional on being a ”treated” region, namely a region that faces a
higher than the median Import or Robotics shock.
Interestingly, the effect of the China Shock disappears in this more detailed specification
with the average HH. Deprivation Rate as a dependent variable, while the China Shock
affects negatively the HH. Deprivation Rate Growth when we account for average unitary
wages.
The interaction analysis is then repeated for the Robotics shock and here results are in
line with the initial specification, as the negative effect on the deprivation rate growth
always holds, also when controlling for the mean untiary wage and the wage skewness.
These results combined suggest that on average we don’t see a significant effect of the
two shocks on our inequality variable in average terms, yet we find that they negatively
impact its growth rate. Interestingly, among more exposed regions, higher levels of mean
unitary wages counterbalance the previous effect. Given this set of results one of the possible interpretation could be the following: first, trade and automation shocks map into
changes in the productivity distribution (Bloom, Draca, and Van Reenen 2016). Second,
and first research question of our paper, the effect of the two shocks alone on labor market
outcomes, albeit positive in preliminary specification, turns negative when accounting for
regional productivity dynamics. Moreover, among more exposed regions to higher levels
of the average tfp corresponds a lower impact on average unitary wages.
Lastly, inequalities are affected by changes in the wage distribution, even if we find a
statistically significant effect only when considering our inequality measure in growth
terms.
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