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1.

Introduction

1.1.

General context

The deliverable D5.2 develops two different but complementary research questions taking
advantage of 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. We use this database to build aggregate measures at
the regional level that are introduced in the empirical specifications as covariates or
mediating factors.
The first research question studies 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 postcrisis period. We find 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. These results, robust to several specifications and
controls, hint to possible adverse medium-term effects of the import exposure on
productivity, signaling an important role of reallocation of economic activity in the aftercrisis period.
Second, we look at the relationship between trade exposure, automation diffusion and
employment outcome in manufacturing, proposing that the direct effect of trade might be
mediated by the increased reliance on robotics. We run this analysis in the pre-crisis period,
following relevant works in the area and find evidence of such mediating effect on both
employment growth overall and on relative measures at the regional level.

1.2.

Deliverable objectives

The deliverable has two main objectives: 1) deepening our understanding of medium-term
effects of import dependencies in the post-crisis period, with particular regards to
productivity levels and distributions, taking advantage of a unique representative firm-level
sample; 2) shading some light on the macro labour market effects of the pre-crisis exposure
to import from developing countries and automation adoption.
With respect to the global objectives of the Work Package, this deliverable speaks to both of
them. As for O5.1 (Identify to what extent globalisation affects income distribution across
EU Member states and regions, through its effects on labour markets and industrial
structures), the deliverable relies on a new and representative micro-level database of the
manufacturing industry for Italy, Spain and France in the period between 2000 and 2017;
the micro nature of the data allows to focus on the productivity distribution rather than just
on average levels, thus starting deepening the analysis of the productivity puzzle. As for the
second WP objective, O5.2 (Assess how and to what extent technical change has a
differential impact on societies across the EU on top of globalisation), the deliverable starts
looking at the interaction between post-crisis firm-level productivity, pre-crisis import shock
and contemporaneous automation shock. It thus tries to link the import shock to the postPage 5 of 8

Deliverable D5.2
Version 1.0

crisis period, which is novel in a literature that, so far, has been focusing solely on the years
before 2008.

2.

Methodological approach

The deliverable started from the extensive data collection of firm-level data, where state-ofthe-art methodologies to build a representative database have been followed (e.g. KalemliOzcan et al., 2015).
We rely 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)).
We apply standard and more advanced estimation models, such as OLS, IV-2SLS and
traditional mediation analysis. We take advantage of the panel data structure to build fixedeffect robust estimators, clustering standard errors at the most relevant dimension.

3.

Summary of activities and research findings

Throughout the last year, we performed the following activities:
-

Phase 1: dataset construction. With the help of a research team, we built the MP
database starting from the ORBIS/Amadeus commercial database. We merged data
from several vintages, using historical databases, to create a representative sample of
the Manufacturing industry (NACE rev.2 code C) from 2000 to 2017, for France, Italy
and Spain. The database contains data for more than 500,000 unique firms. We then
merged this data with other data sources at a more macro level, including robotics data
from the IFR commercial database or regional-level economic indicators from Eurostat.

-

Phase 2: dataset validation. We compared the information from our sample with official
business statistics (SBS and BD, from Eurostat) and built weights based on the number
of competing firms in each country-sector-size-year clusters. We obtain comparable
figures over several measures (number of employees, number of firms,
revenues/employees…) with respect to official statistics. As a further robustness check,
we were able to fully replicate the results in Beaumont and Lenoir (2020) on French
firm.

-

Phase 3: theory development and literature review. We have extensively reviewed the
literature on the link between the import shock and productivity measures, alongside
the streams studying the relationship between automation and trade shock and labour
market dynamics.

-

Phase 4: data analysis and paper draft. We finally performed the analyses contained in
the deliverable and drafted the final version of the paper. We find results in line with
our expectations with regards to the productivity dynamics at the regional-sector level.
The results on the labour market aggregate statistics can open a new debate on the
relationship between trade and automation shocks, being them at an exploratory stage.

Page 6 of 8
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4.

Conclusions and future steps

To recap, this deliverable investigates two separate but complementary research questions.
The first question is centered on the effect of Import and Robotics shocks on productivity
outcomes – expressed in terms of TFP – of European firms. Specifically, our analysis looks at
medium-term effect, studying the impact of the pre-crisis Import Shock and of a 5-yearlagged Robotics Shock on TFP dynamics and distribution in the post-crisis period. We find a
positive effect of both factors on the average post-crisis TFP level, in line with the existing
literature related to the China shock (e.g. Bloom et al., 2016; Bräuer et al., 2019) and
coherently with well-known trade models (Auer et al., 2013). Instead, coefficients turn out
to be negative when looking at the TFP growth. These results are consistent between firm
level and region-industry aggregated level, as well as turning from a cross-sectional
approach to a panel regression. These findings can be interpreted considering the reduction
in trade dynamics occurred during the crisis, which disrupted the links created by the most
exposed regions, which are still in the process of recovering thus connections. This
explanation is also in line with the macro results on manufacturing and industrial
production, which show a sluggish recovery process in the years right after the financial
crisis. In terms of TFP distribution, our estimates point out a negative impact of both shocks
on the skewness of the average TFP distribution; moreover, the effect turns out to be
negative when looking at the growth in inter-percentile ranges of TFP. In particular, we find
that Import and Robotics Shocks lead to a shrinkage effect in the distance between the
median and the least productive firms. We also provide evidence of the fact that in the
after-crisis period this distance has reduced more in regions more hit by the shock than in
less hit regions. The explanation is that after the crisis the TFP distribution has significantly
shrunk towards left, leaving room within regions more hit by the shocks for already more
productive entities to outperform competitors in a more pronounced way than before the
crisis. We believe that these results can provide useful policy indications, with respect to the
importance of maintaining the trade linkages that have been created before the crisis. It
also shows that less productive firms in more exposed regions need to be carefully
considered: the risk is market exit, which could be driven by a normal selection or to the
adverse conditions created after the crisis. In the latter case, supporting policies to
counterattack the effect of such an exogenous shock could be put in place.
The second question is related to the impact of the Import and Robotics shocks on
manufacturing employment, focusing on the pre-crisis period (2000 to 2007). In line with
the relevant literature (e.g. Autor et al., 2013a, 2015), we find a negative association
between the shocks and different dependent variables related to manufacturing
employment, finding that the impact of the Import shock is mediated by the Robotics one.
The interpretation of these results is that the increased pressure on firms exerted by a
higher level of competition has forced them to invest in cost reduction and efficiency by
adopting new technologies. The adoption of robots is thus magnified by the competition
pressure and, in turn, contributes to the depressing effect on labor markets due to the
substitution of low-skilled workforce with machines. This analysis is just a starting point for a
deeper analysis on the matter, that would require firm-level data on the adoption of
robotics. This would allow to better understand the exact dynamic of substitution that we
hypothesize and see with current data.
Page 7 of 8
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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.

6.
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Employment, Productivity and Import Shock: Evidence from the European
Manufacturing Industry

Carlo Altomonte (Bocconi U. & Bruegel), Andrea Coali (Bocconi U.)

ABSTRACT
In this paper we address two different but complementary research questions taking advantage of an
extensive firm-level database of the manufacturing industry in France, Spain and Italy between 2000

and 2017. First, we investigate productivity outcomes using Total Factor Productivity, and study the

impact of import shocks on TFP distribution in the post-crisis period, controlling for the role of
automation. We find a positive effect of a higher exposure to trade 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 average TFP growth and to

other TFP distribution moments. These results, robust to several specifications and controls, hint to
possible adverse medium-term effects of the import exposure on productivity, signaling an important
role of reallocation of economic activity in the after-crisis period. Second, we look at the potential
complementarity between trade exposure and automation on employment outcome in manufacturing.

We find that the direct (negative) short-term effect of trade on employment is indeed mediated by the
increased reliance on robotics. We run this analysis in the pre-crisis period, and find evidence of such
mediating effect on both employment growth overall and on relative measures at the regional level.

1

1. Introduction
During the last years, regional disparities have attracted considerable interest in explaining the

socio-economic and political events in developed countries. Soaring income inequality and
industrial decline are thought to have contributed to the rise of populism and Euroscepticism.
Following the seminal work of Autor et al. (2013), researchers have mainly focused on two
further factors underlying regional differences, namely trade exposure and technological

change. In this paper we investigate the relationship between these factors and two different

outcomes: employment in manufacturing and firm productivity dynamics, at both the regional
and firm levels of analysis.

Historically, agglomeration and urbanization have been strongly tied to economic growth. Due

to economics of scope, network effects, human capital externalities as well as technological

advances, these phenomena foster productivity and boost the economic activity (e.g. Nunn,
2014). Yet, the lacking regional convergence – or divergence – is of twofold interest. First,
subnational imbalances come at substantial cost in terms of individual and social well-being. A

wide literature suggests that disparities are correlated with political polarization, the erosion
of trust and the degradation of social cohesion (e.g. Algan and Cahuc, 2014; Winkler, 2019).

Some evidence points in the direction that regional income differences may negatively affect

economic activity at the national level (Spilimbergo and Che, 2012). Second, the current formal

institutions seem to fail at counteracting the economic and political forces driving the regional
disparities (e.g. Colantone and Stanig, 2018a).

Yet, cross-national comparison reveals that institutional frameworks are key to mitigating

economic differences between regions. For instance, the 90/10-ratios in regional real GDP
(2013) vary between 1.3 and 3 in industrialized countries. Among all OECD member states, this

measure was lowest in France with the only outlier being the Paris region. For Spain and Italy,
the 90/10 ratio increases to 1.76 and 2.00, respectively (IMF, 2019).

As hinted in the first paragraph, two more factors have been analyzed by the literature. 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 (Autor et al., 2013; Colantone and Stanig, 2018a).
2

The literature has identified two major causes for these developments. Throughout the 90s and
the early 2000s, the Chinese economy experienced substantial productivity growth leading to

lower production costs and higher levels of exports (e.g. Acemoglu et al., 2016). At the same
time, China’s entry in the WTO and the associated permanent reduction in tariffs decreased

trade-related uncertainty (Pierce and Schott, 2016). Due to the strength of this supply side
shock, taking simple differences of the imports from China over time allows to isolate the direct

effect of exposure to import competition. This empirical approach pioneered by Autor et al.

(2013) relies on the variation across time, industries and regions in import exposure based on
differences in sectoral specialization prior to the China shock.

The rise of China in international trade was paralleled by waves of rapid digitization and
automation. 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. This makes it potentially difficult to disentangle the

differential effects of technology and trade. However, Autor et al. (2013b, 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 questions. First, we
investigate productivity outcomes using Total Factor Productivity and study the impact of

import shocks on TFP distribution in the post-crisis period, controlling for the role of

automation. Then, we look at the relationship between trade exposure, automation diffusion
and employment outcome in manufacturing, proposing that the direct effect of trade might be

mediated by the increased reliance on robotics. We run this analysis in the pre-crisis period,
following relevant works in the area (e.g. Autor et al., 2013a, 2015).

Section 2 presents an extensive literature review on the impacts of trade exposure and

automation diffusion on the two outcomes. Section 3 describes the data and the empirical
strategy. In Section 4 we present and discuss the results of our models, while Section 5
concludes summarizing relevant findings, and proposing future research paths.
2. Literature Review
2.1 Trade Exposure and Productivity
During the last two decades, a vast literature has investigated the impacts of trade shocks. This

strand of research has found two major distinctions to be particularly relevant when analyzing
3

the effects of import competition on industrial structures. First, firms are heterogeneous, that
is productivity differs across companies and sectors. As a result, more productive firms tend to

be larger, are more likely to export and pay higher wages (e.g. Melitz, 2003; Melitz and
Ottaviano, 2008).

Second, it is crucial to distinguish imports of intermediates from imports of final goods

concerning their effects on the domestic economy. Higher levels of import competition for

intermediate products tend to reduce input prices and lower production costs. Contrasting
these positive supply shocks, increased imports in the downstream market correspond to
adverse demand shocks for domestic firms. The latter exhibit a strong bias towards firms in the
manufacturing sector and low-skill intensive goods (Ashounia et al., 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 largely be

explained by differences in labor productivity (IMF, 2019). One noticeable exception is Italy,
where the reallocation of employees across sectors could alleviate a substantial fraction of
differences between regions. Overall, imports from low-wage countries have been shown to
significantly foster overall TFP growth in Europe (Auer et al., 2013).

Several hypotheses have been proposed to rationalize the link between import competition and
productivity. In the model developed in Melitz (2003), the gains from trade are attributed to

reallocation effects: Increased competition in product markets exerts a downward pressure on
prices, leading the least productive firms to exit the market and allowing resources to shift

towards more productive firms. In addition, increased competition may put pressure on firms’

innovative capacities per se. Another explanation relates to the production of different goods,
i.e. firms tend to shift their product mix towards technologically more advanced goods (e.g.
Bernard et al., 2007, 2010). Finally, the import of products could foster the exposure to new
technologies.

In this work, we are going to focus on the impact of trade exposure to China exporting activities.
The empirical literature mostly speaks in favor of the reallocation effect of the China shock.
Using US-data from 1977 to 1997, Bernard et al. (2006) show that greater exposure to imports

from low-wage countries indeed decreases plant survival and growth. The surviving firms in
the affected industries reduce their number of employees and are more likely to shift their
primary production sector. These results have been confirmed to hold during the early 2000s

in the U.S. (Auer and Fischer, 2008) and Europe (Auer et al., 2013; Bugamelli et al., 2008). For
4

a panel of Belgian firms, Mion and Zhu (2013) do not find any negative impact of Chinese
imports on plant survival, arguing that import exposure to China differs both compared to lowwage and OECD countries. Similarly, Bräuer et al. (2019) only find imports from high-wage

countries to affect domestic competition by stimulating investment and increasing
productivity.

Bloom et al. (2016) examine the links between imports from China, technology and productivity
in 12 European countries. They conclude that higher levels of imports in the downstream

market accelerated technological change in firms in Europe, both through the adoption of new

technologies and own innovations. The competitive pressure exercised by the China shock
boosted innovative activity within the surviving firms as measured by IT intensity, patents and

total factor productivity. The least technology-intensive companies, however, suffered from
higher exit rates leading to increases in unemployment. The latter effect was partly
counteracted by a reallocation of workers towards high-tech companies.

Thus, several mechanisms have contributed to the growth in average productivity, generating
both ‘winners’ and ‘losers’ on the firm level. Firm exit and reallocation towards larger firms

have fueled the common narrative of increasingly concentrated markets dominated by a small

number of companies. Yet, the literature on this topic is not well developed. In a model with
endogenous markups, Melitz and Ottaviano (2008) argue that trade liberalization in fact

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 (e.g. Auer et al., 2013). Despite the abrupt nature of the China shock, it is important

to point out that the developments of the early 2000s follow trends that had begun decades
before. Faggio et al. (2010) document an increase in the productivity dispersion of firms in the

UK since the early 80s. For the same period, their findings indicate that the bulk of increased

wage inequality is due to variation between firms and sectors. This evidence suggests that firm
heterogeneity is crucial in analyzing recent trends wage dispersion.
2.2 Trade Exposure and Labor Market
What is then the relationship with labor market outcomes? Since firm exit and reallocation

affect capital and workers, it is natural to assume that shifts in industrial structures map into
changes in the labor market. Among the most prominent effects of the China shock is the
5

depression of employment in manufacturing. For the US, Autor et al. (2013a, 2015) and Pierce

and Schott (2016) have found import competition to significantly increase unemployment in
local labor markets and exposed industries, respectively. For the areas and sectors affected,

they report negative employment effects in both manufacturing and non-manufacturing

industries and on all skill levels. These findings have been corroborated by exploiting panel
data on individuals’ work history (Autor et al., 2014).

In a general equilibrium framework, Acemoglu 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 caused by the China shock in the US range between 2.0 and 2.4

million between 1999 and 2001. Considering the overall decrease of employment in
manufacturing in developed countries, they calculate Chinese imports to account for
approximately 10% of the realized job decline. Similar results have been in a sectoral analysis
for Canada (Murray, 2017).

In contrast to the literature relating to Northern America, the evidence for Europe is less clear.

In a cross-country comparison, Auer et al. (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 (e.g. IMF, 2019). Owing to differences in the institutional
framework in labor markets between European countries, this suggests that research should
focus on lower levels of disaggregation.

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 et al, 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 et al., 2014).

The impact of import competition from China has been more pronounced in Southern Europe.

For Spain, Donoso et al. (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 (2019) replicate the analysis
6

conducted by Autor et al. (2013, 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 digitization
and automation. Even though it led to large gains in terms of productivity and welfare, this

development produced substantial adjustment costs penalizing workers in occupations at risk
of automation. While this referred traditionally to manual routine jobs in the manufacturing
sector, machine learning and mobile robotics additionally paved the way for the automation of

non-routine tasks since the early 2000s. In sum, Frey and Osborne (2017) estimate about 47%

of total employment in the US to be at risk of automation.

Owing to its distinct geographic dispersion, the effects of this so-called “robot shock” differ from
the impacts described for the China shock. For the US, Acemoglu and Restrepo (2018) find

higher levels of robot adoption to depress both wages and employment at the level of
commuting zones. 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. Autor (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 (Chiaccio et al., 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:
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declining levels of trust in governments and politicians, economic insecurity, decreasing
influence of labor unions and the appeal of nationalist narratives.

Anelli et al. (2019) 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 et al., 2018; Frey et al., 2018; Im et al., 2019).
3. Data Description
In this paper, we get advantage of 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 that are introduced in the empirical specifications as covariates or mediating
factors.

Since the analyses are run at the regional or regional-industry levels, we retrieve data 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 2-digit NACE rev. 2 codes available on
Eurostat. Import data in value come from the BACI database, whereas data on robotics adoption
is retrieved from the International Federation of Robotics (IFR) commercial database. The

following section describe in depth the structure of MP.
3.1 MICROPROD

In this subsection, we give some more details about MP and its coverage with respect to official
statistics produced by Eurostat, particularly comparing it against the Structural Business

Statistics (SBS) database. 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
8

the “legal status” listed in the ORBIS database. The number of unique firms by country is listed
in Table 3.1.

Table 3.1

Italy
212,991

France
162,441

Spain
160,825

These numbers obviously vary year-by-year, as a firm might exit or entry in our database. For
example, Table 3.2 shows the number of alive firms by country -size for the year 2016 1, where

we define size in terms of number of employees listed in the balance sheet data.

Spain
Italy
France

1-9
71,300
72,747
47,093

10-19
13,849
27,413
11,082

Table 3.2

20-49
9,721
17,633
8,612

50-249
3,967
7,486
5,193

250+
519
698
1,202

In order to give representativeness to the sample, we applied a weighting scheme based on the
number of firms from SBS and Business Demography at the country-year-size-industry level:

more details about the weighting scheme are available in Appendix A1. Moreover, 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 classifying the firm according to its size. We impute the
number of employees by interpolation only when the distance between two consecutive nonmissing 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. 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
1

We use 2016 as an example. Results and numbers are consistent across years.
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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). Table
3.3 includes some descriptive statistics by country in 2016.

Spain
Italy
France

Mean
18.9
20.5
70.0

NEMP
Median
6
9
16

Table 3.3

SD
109.7
132.2
397.4

Mean
17.7
20.6
46.3

NEMP (interpolated)
Median
SD
5
103.4
8
154.6
9
296.8

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 SBS.

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. For instance, take Figure 3.1 that shows the comparison
for French firms in 2016 in the NACE sector 18.

Numbers on the x-axis indicate the size class cluster (1= 1-9; 2 = 10-19; 3 = 20-49; 4 = 50-249;

5 = 250+). The blue bar is the SBS share of firms, the orange one the weighted figure from MP

and the grey bar the unweighted share from MP. The yellow line is the difference between SBS
and weighted MP.

First, 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.
10

Figure 3.1

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.

The correlations between our vectors by country in the years 2007-2016 are shown in Table
3.4.

Table 3.4

Number of Employees Revenues per Employee
Spain
0.97
0.91
Italy
0.94
0.15
France
0.90
0.60

The poorer correlation for Revenues per Employee for Italy is due to the fact that SBS data for
the first size class includes also firms with 0 employees, that are much more numerous in Italy

than in the other two countries and are not included in the MP database. When we compare the
shares as in the previous exercise, we correct for the number of firms with 0 employees by using

BD statistics, in order to have a comparable figure. In this case, we are not able to do the same.
11

The fact that the correlation for “number of employees” is higher, does not show for instance
that usually our sample shows higher average values for the first size class than SBS: however,

again, this is normal since we do not have firms with 0 employees in MP. Anyway, if we

condition the correlation to be computed excluding the first size class, the value for Italy rises

to 0.53. For instance, let’s give a closer look to the same French sector in 2016 as in Figure 3.1
(Table 3.5).

Table 3.5

Number of Employees Revenues per Employee
MP
SBS
MP
SBS
1-9 Emp
3,2
1,5
156,6
95,6
10-19 Emp
13,6
14,6
135,9
142,5
20-49 Emp
32,9
34
156,4
166,6
50-249 Emp
95,8
99,6
159,7
167
250+ Emp
521,6
565,5
129,4
184,1

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 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 2.
4. Empirical Strategy
In this section we first describe the way we have operationalized the trade and robotics

exposures and then turn to the two models for analyzing the relationship with these two factors
and, respectively, the productivity and labor outcomes.
4.1 Trade Exposure: the Chinese Shock

We employ the same empirical approach as in Autor, Dorn and Hanson (2013) and Colantone
and Stanig (2018b). Our shock is defined as:
𝐶𝐶ℎ𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖ℎ𝑜𝑜𝑜𝑜𝑘𝑘𝑟𝑟𝑟𝑟 = �
𝑘𝑘

2

𝐿𝐿𝑟𝑟𝑟𝑟(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝) ∆𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼ℎ𝑖𝑖𝑖𝑖𝑎𝑎𝑘𝑘𝑘𝑘
∗
𝐿𝐿𝑟𝑟(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝) 𝐿𝐿𝑘𝑘(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)

The Excel charting tools including all the comparisons by country-year-industry are available upon request.
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where r indexes regions, k industries in the manufacturing sector and t years. The import data

is at the country-industry level and comes from the BACI database. ∆𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼ℎ𝑖𝑖𝑖𝑖𝑎𝑎𝑘𝑘𝑘𝑘 is then the
difference in real imports from China to the focal country between a custom period: with

custom period we mean that we change the delta according to the timespan of the analysis. For
instance, in the analysis concerning labor outcomes, we take the yearly difference in imports in

order to account for short-term effects in the pre-crisis environment. Instead, when it comes to
the analysis of productivity outcomes, which is focused on the post-crisis period and looks at

medium-term effect, we create a cross-sectional measure that considers the difference in real
imports between 2007 and 2000, to account for the overall pre-crisis import shock. This
difference is normalized by the total number of workers in the focal country in the same

industry, where the industry is defined differently across country, following the Eurostat

classification of employment data in manufacturing. Finally, to retrieve the region k specific
trade shock, the normalized import change is weighted by the relative share of workers in that

specific industry within the region and then the sum of these weighted changes is taken. Both
the weights and the normalization factor are taken in the pre-sample period, to avoid possible
endogeneity effects. The pre-sample year varies by country, according to the oldest available

year on Eurostat. To control for the robustness of our shock measure, we compare it with the
one from Colantone and Stanig (2018b) and find a correlation of 0.85: differences stem from

the different sectoral aggregation and import data sources, however this high value gives us
confidence that our measure is reliable 3.

Endogeneity of the trade shock stemming from demand side factors is also a possible issue

affecting the subsequent analyses. Following the same literature, we instrument the China
shock using the growth of imports from China to the United States. The instrument is built as
follows:

𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼ℎ𝑜𝑜𝑜𝑜𝑜𝑜𝑟𝑟𝑟𝑟 = �
𝑘𝑘

𝐿𝐿𝑟𝑟𝑟𝑟(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝) ∆𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼ℎ𝑖𝑖𝑖𝑖𝑎𝑎𝑈𝑈𝑈𝑈𝑈𝑈𝑈𝑈
∗
𝐿𝐿𝑟𝑟(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)
𝐿𝐿𝑘𝑘(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)

Thus, we simply substitute the delta import with data for the US following the same time

structure as the measure we want to instrument. This IV aims at capturing the variation in
Chinese imports that is not due to regional factors, thus isolating the exogenous changes in
supply conditions in the Asian country.

We also run robustness checks of the results we obtain using an alternative specification of the delta (yearly
growth in the pre-crisis period) and the indicator by Colantone and Stanig (2018).
3
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4.2 Automation Diffusion: the Robotics Shock
To build the robotics shock, we use a very much similar methodology as the Chinese shock,
following the relevant literature on the topic (Acemoglu and Restrepo, 2018; Anelli et al., 2019).
The robotics shock is defined as:

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅ℎ𝑜𝑜𝑜𝑜𝑘𝑘𝑟𝑟𝑟𝑟 = �
𝑘𝑘

𝐿𝐿𝑟𝑟𝑟𝑟(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝) ∆𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑠𝑠𝑘𝑘𝑘𝑘
∗
𝐿𝐿𝑟𝑟(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝) 𝐿𝐿𝑘𝑘(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)

where r indexes regions, k industries in the manufacturing sector and t years. The robotics data
from IFR cover the number of operational stocks of industrial robots, at the country-industry

level. ∆𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑠𝑠𝑘𝑘𝑘𝑘 is then the difference in the stock in the focal country between two subsequent
years (or using a 5-year lag to control for medium-term effects). Again, this difference is

weighted by the pre-sample number of workers employed in the same country and industry

group. Then, as in the Chinese shock, to retrieve the regional measure, we take the weighted

sum of the normalized difference, where the weights are the same as for the former shock. The
average yearly change in the stock of operational robots in the three countries included in our

sample is an increase of around 13.1 robots for every 100,000 workers in the region, with a

standard deviation of 11. This is a figure comparable to the one by Anelli et al. (2019) which

found an average increase of 7.6 robots, with a standard deviation of 10: the countries included

in their sample also have a lower “manufacturing” tradition (for instance, Portugal and Greece),
thus it is not surprising that we find higher average values given the strong importance of the
manufacturing sectors in Italy, Spain and France.

Even here, to avoid endogeneity issue, we build an instrument based on the following formula:
𝐼𝐼𝐼𝐼 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅ℎ𝑜𝑜𝑜𝑜𝑘𝑘𝑟𝑟𝑟𝑟 = �
𝑘𝑘

𝐿𝐿𝑟𝑟𝑟𝑟(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝) ∆𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑠𝑠𝑜𝑜𝑜𝑜ℎ_𝑘𝑘𝑘𝑘
∗
𝐿𝐿𝑟𝑟(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝) 𝐿𝐿𝑘𝑘(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝)

The change in the average stock of operational robots per worker is computed across the other
sample countries excluding the focal one (∆𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑠𝑠𝑜𝑜𝑜𝑜ℎ_𝑘𝑘𝑘𝑘 ). As in Anelli et al. (2019), we

instrument robot adoption in the country-industry cluster by using robot adoption in the same

industry but in different countries (i.e. France and Spain for Italy; Spain and Italy for France;

France and Italy for Spain). The validity of the instrument relies on the assumption of the

exogeneity of political dynamics of adoption between countries, exploiting industry-specific
trajectories of such adoption.

4.3 Employment outcomes: a mediation analysis
14

As seen in the literature section, the import shock has a depressing effect on the manufacturing

labor market. We propose that this effect is partially mediated by the adoption of robotics and

automaton in firms. Indeed, one of the possible side-effects of an increased exposure to import
competition is an increase in technological investments to increase productivity levels and
reduce the cost of production, particularly the variable ones related to labor. We focus solely

on the pre-crisis period, thus from 2000 to 2007 in all the three included countries (France,
Italy and Spain).

To show the mediating effect, we run a standard mediation analysis (Baron and Kenny, 1986):

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. In the first set of regressions, our dependent variable is the yearly
change in sectoral manufacturing employment as from Eurostat data in the period 2000-2007.

The dependent variable is thus measured at the NUTS-2/Industry level. We regress this

measure over our two shock constructs, controlling for regional-level variables including

population (in log), share of tertiary educated workers and GDP growth. We also include data
coming from MP: the lagged values of average TFP and revenues in the same region-industry

groups. Fixed effects for country*industry groups and years are included in all specifications,
whereas standard errors are clustered at the NUTS-2 level.

We also run a second set of regressions where we use as dependent variable the growth in the

share of sectoral manufacturing employment over total employment within each NUTS-2
region. The specification is the same as in the first set of regressions. Then, we run the analysis
looking at the share of each sector relative to the manufacturing employment. Basically, the first

analyses give us results about the change in number of persons employed in each
manufacturing industry, whereas the second explains the variation in the relative importance

of such employment within regions. The third instead disentangles possible differences within

manufacturing. In this way, we can understand how the shocks had different impacts on both
aggregate and relative figures of manufacturing employment. We also re-run all analyses with
bootstrapping, as a robustness check.
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5. Results
5.1 Productivity Effects
In this first section, we analyze the effect of the pre-crisis (i.e. before 2007) import shock on

firm-level productivity.

We run a set of regressions using as main independent variable a measure of import shock that

uses as delta import the difference between 2007 and 2000 levels. Table 5.1 shows some
descriptive statistics of this cross-sectional shock measure, while Figure 5.1 plots the kernel
density distribution:

Observations
59

Mean

1.327

TABLE 5.1

Std. Deviation
0.655

Min

0.134

Max

3.135

We also assessed the goodness of our import shock measure by comparing the one computed
using the yearly delta with the indicator created by Colantone and Stanig (2018), obtaining a

highly significant correlation coefficient of 0.84 (on the pre-crisis period). This robustness
check allows us to be confident on the reliability of our shock measure 4.

Differences between the two measures are due to different source data on import and different sector
aggregation. Results throughout the paper are robust to the use of such alternative measure.
4
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In all specifications we include as controls the logarithm of NUTS-2 level population (in the last
available year of the sample, i.e. 2017), the share of tertiary educated people, the growth in

NUTS-2 GDP during the financial crisis period (i.e. the percentage growth between 2014 and
2007) and our measure for robotics shock with a lag of 5 years. This time lag allows us to
capture possible medium-term effect of technological introduction on productivity, which are
less likely to be seen over a shorter time period.

We rely on firm-level data from the MICROPROD database, where we have estimated Total
Factor Productivity (TFP) according to the methodology proposed by Wooldridge (2009). We

then collapsed the micro data into NUTS-2 and industry aggregates, collecting several moments

of the distribution as averages and skewness. When aggregating data, we weighted it according
to the scheme explained in Section 3. All the data have been winsorized at the 1-99 percentiles

to remove large outliers. Regression exclude region-industry-year groups where we have less

than 25 observations for TFP, to avoid results driven by distributions relying on too few

datapoints. In Appendix A1 we include some regional-level maps to graphically see the TFP and
import shock distributions.

Our expectation on the productivity dynamics for the regions that have been the most by the
import shock before the crisis is that the distribution of TFP has changed substantially. Ideally,

the regions that have experienced the higher growth in imports from developing countries
before the crisis were the most productive ones, or, in other words, those that were also more

active in internationalization activities. We expect that these regions are still more productive

even if we look at the post-crisis period. However, we expect the distribution of TFP to have

changed. In particular, we expect those regions to have experienced an increase in the
distribution's skewness and a shrinkage of several inter-percentile ranges due to the exit of less

productive firms. However, the reduction in international trade due to the crisis could have had
an adverse effect also on more productive firms, that could result in a slower growth compared

to regions that were less dependent on foreign trade (i.e. those with a smaller Import shock
measure).
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To explore these ideas, we first look at TFP average levels. Table 5.2 shows the results of the
regression where the dependent variable is the 4-year average of mean TFP at the NUTS-2 and

industry level 5.
VARIABLES

Import Shock

Population (log)

Tertiary Education (%)
GDP Growth (%)
Robotics Shock
Constant

Observations
R-squared
Klein-Papp Stats

TABLE 5.2

(1 - OLS)
Mean TFP

(2 - IV)
Mean TFP

0.153***
(0.00849)
-0.00279
(0.00706)
-0.169
(0.123)
1.352***
(0.126)

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

2.183***
(0.111)
510
0.930

510
0.491
8166

(3 - OLS)
Mean TFP

0.155***
(0.00852)
-0.00386
(0.00694)
-0.190
(0.124)
1.298***
(0.124)
0.0437**
(0.0204)
2.205***
(0.109)
510
0.931

(4 - 2IV)
Mean TFP

0.159***
(0.00856)
-0.00379
(0.00700)
-0.195
(0.124)
1.297***
(0.123)
0.0425*
(0.0245)
510
0.498
97.80

Notes: *** p<0.01, ** p<0.05, * p<0.1. Mean TFP is computed over the 2014-2017 period. Import Shock uses as the delta import
the difference between 2007 and 2000 levels. Robotics Shock uses as the delta the difference between 2017 and 2012 levels.
Control variables are introduced to account at regional level for the size, the share of tertiary educated population and for the
growth in GDP between 2014 and 2007. Clustered standard errors in parentheses (NUTS-2 level). All specifications include
Country and Industry dummies.

This result shows how the region-sector pairs that experienced a stronger import shock are

coherently those showing higher levels of TFP. This is not surprising, given the fact that
wealthier regions (as proxied by the positive and significant coefficient on the GDP measure)

are also those that were more likely to be hit by a larger fraction of imports from developing

countries, and it is very likely that these very same regions are still the most productive ones
within their countries. This assumption is confirmed by the positive and highly significant

coefficient on the pre-crisis Import shock measure. The positive sign of the Robotics Shock

coefficient goes in the same, somehow trivial, direction. Given this fact, it is interesting to
understand whether we have a positive relationship also when we look at the growth in TFP
average levels and when we analyze the distribution of TFP.
Table 5.3 gives us some first results on the first matter.

In all the subsequent tables, (1) contains the plain OLS of the dependent variable over the Import Shock and
controls; (2) instruments the Import Shock; (3) adds the Robotics Shock measure; (4) instruments both the Import
and the Robotics Shocks.
5

18

VARIABLES
Import Shock

Population (log)

Tertiary Education (%)
GDP Growth (%)
Robotics Shock
Constant

Observations
R-squared
Klein-Papp Stats

(1 - OLS)
Mean TFP
Growth

-0.00150**
(0.000670)
-0.00144*
(0.000771)
0.0216*
(0.0124)
-0.0327**
(0.0127)
0.0196
(0.0120)
510
0.379

TABLE 5.3

(2 - IV)
Mean TFP
Growth

(3 - OLS)
Mean TFP Growth

(4 - 2IV)
Mean TFP Growth
-0.00192***
(0.000703)
-0.00141*
(0.000755)
0.0228*
(0.0124)
-0.0308**
(0.0121)
-0.00128
(0.00218)

510
0.048
8166

-0.00171**
(0.000686)
-0.00133*
(0.000745)
0.0236*
(0.0125)
-0.0275**
(0.0117)
-0.00412**
(0.00185)
0.0176
(0.0117)
510
0.389

-0.00185***
(0.000700)
-0.00144*
(0.000771)
0.0222*
(0.0124)
-0.0324**
(0.0127)

510
0.057
97.80

Notes: *** p<0.01, ** p<0.05, * p<0.1. Mean TFP Growth is computed over the 2014-2017 period. Import Shock uses as the delta
import the difference between 2007 and 2000 levels. Robotics Shock uses as the delta the difference between 2017 and 2012
levels. Control variables are introduced to account at regional level for the size, the share of tertiary educated population and
for the growth in GDP between 2014 and 2007. Clustered standard errors in parentheses (NUTS-2 level). All specifications
include Country and Industry dummies.

Interestingly, the relationship between TFP growth and the pre-crisis Import shock is negative.

This implies that firms in regions that have been more exposed to the import before the crisis

have experienced a slower productivity recovery in the first years after the crisis. This is not
completely unexpected: indeed, it is possible that the crisis period and its related slowdown in
trade have particularly damaged regions that were highly dependent on imports from

developing countries, ultimately resulting in a lower growth rate compared to regions were this

reliance has been historically lower. This result is confirmed also by looking at the historical

data. Table 5.4 shows the results of a panel regression where we take into account the yearly
growth rate of TFP rather than the average growth rate in the post-crisis period.

Thus, we find consistent evidence of this slower productivity growth for regions that were hit

more strongly by the shock prior to the financial crisis. Interestingly, it seems that the results
on the robotics measure are not robust to the instrumental variable strategy. Anyway, results

on the import measure are robust to the use of an alternative specification of TFP, where values

are deflated using data from the OECD-STAN database and to an alternative Import Shock

measure obtained from the Colantone and Stanig (2018) paper (in this case, the magnitude of
the coefficient is even larger).

19

VARIABLES

Import Shock

Population (log)

Tertiary Education (%)
GDP Growth (%)
Robotics Shock
Constant

Observations
R-squared
Klein-Papp Stats

(1 - OLS)
TFP Growth
-0.00145**
(0.000721)
-0.00145
(0.000888)
0.0257*
(0.0148)
-0.0339**
(0.0157)

TABLE 5.4

(2 - IV)
TFP Growth

(3 - OLS)
TFP Growth

(4 - 2IV)
TFP Growth

2,062
0.006
853.1

2,062
0.133

2,062
0.007
22.34

-0.00183**
(0.000727)
-0.00146
(0.000887)
0.0266*
(0.0148)
-0.0337**
(0.0156)

0.0182
(0.0127)
2,062
0.131

-0.00190**
(0.000794)
-0.00137
(0.000832)
0.0274*
(0.0146)
-0.0299**
(0.0136)
-0.00491*
(0.00262)
0.0164
(0.0122)

-0.00191**
(0.000879)
-0.00144*
(0.000851)
0.0269*
(0.0149)
-0.0330**
(0.0144)
-0.000939
(0.00423)

Notes: *** p<0.01, ** p<0.05, * p<0.1. TFP Growth is yearly computed over the 2014-2017 period. Import Shock uses as the
delta import the difference between 2007 and 2000 levels. Robotics Shock uses as the delta the difference between 2017 and
2012 levels. Control variables are introduced to account at regional level for the size, the share of tertiary educated population
and for the growth in GDP between 2014 and 2007. Clustered standard errors in parentheses (NUTS-2 level). All specifications
include Country*Industry & Year FE.

Our data allow us to go at the purely micro-level. We thus run a regression on the firm-level
data in the MICROPROD database, to fully exploit firm-level variation.

We set up a simple regression model where our dependent variable is the yearly growth rate
of TFP (winsorized at the 1st and 99th percentile of the year-country distribution, solely to

remove large outliers) and the main independent variable is a dummy recording whether the
firm is located in a region that experienced an above-median Import shock before the crisis.
Thus, we classify as “treated” the firms that were in such regions. We create three different

versions of such treatment, using our pre-crisis shock measure (again, the delta in the equation
is computed as the difference between 2007 and 2000 imports), a year-based measure (where

we only exploit the variation between 2007 and 2006) and a measure obtained from Colantone

et al. (2018) in order to check the robustness of our results. Since the results are consistent
throughout all the three measures, we only report the regressions for the first one 6. We then

control for the regional GDP growth in the crisis period, for the robotics shock and add two

6

Results using the other variables are available upon request.
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firm-level controls: log of total assets to account for size and the Whited and Wu normalized
index to account for possible effects of financial instability.

The first column of Table 5.5 reports the plain regression with the treatment only. Column 2

includes the controls but the Whited and Wu, which is added to the specification in Column 3.
Columns 4 and 5 add an interaction between the shock dummy and the TFP level in 2007. These

last specifications allow us to test whether better performing firms were, on average, better
equipped to react to the adverse effect of being strictly connected to international trade in the

post-crisis period. We include the Whited and Wu index progressively since we are not able to

compute it for all the firms in the productivity sample, given lack of balance sheet data in some
of the included years. Anyway, the results are consistent even if the number of observations is
significantly reduced.

The coefficient on the “treatment” dummy are always negative and strongly significant across

all the specifications. This confirms the results on the aggregated measure, showing that firms

located in regions more exposed to imports from low-income countries have experienced a
slower recovery after the crisis. Bigger firms experience a slower growth, as proxied by the
negative coefficient on the total asset measure, while less constrained firms are growing more

given the positive and significant sign of the coefficient on the Whited and Wu measure, two
results that are in line with expectations.

Looking at the last two columns reveals an interesting pattern. The main effect of the treatment

dummy is still negative and significant, as it is the one on the pre-crisis TFP measure. The latter

implies that, on average, the higher the pre-crisis productivity, the slower the growth after the
crisis. However, the interaction term between the two measures is positive and significant. This

implies that despite the overall negative relationship between exposure to the trade shock and

productivity growth, firms that were performing better before the crisis are still able to exploit
such trade linkages and to grow more with respect to less productive entities. This firm-level

result hints to possible changes in the productivity dynamics overall: it signals that better
performer within better performing regions overall, are still able to outperform their

competitors. This implies that, despite the average productivity might have been affected, there
is evidence of the presence of some “productivity champions” that are able to sustain growth
and competitiveness, recovering their pre-crisis trends at a faster pace.
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VARIABLES
Treatment

Pre-Crisis TFP

(1)
TFP Growth
-0.011***
(0.001)

Treat*Prev. TFP

GDP Growth (%)

Total Assets (log)
Robotics Shock

Whited-Wu Index
Constant

Observations
R-squared

0.035***
(0.0008)
634,168
0.009

TABLE 5.5

(2)
TFP Growth

(3)
TFP Growth

(4)
TFP Growth

-0.0736***
(0.0102)
-0.009***
(0.00029)
0.0007
(0.0017)

-0.0767***
(0.0091)
-0.0125***
(0.000440)
0.0003
(0.00157)
0.0482***
(0.00237)
0.104***
(0.0029)

0.068***
(0.004)

-0.007***
(0.0009)

0.089***
(0.0023)
634,168
0.012

-0.008***
(0.000949)

472,956
0.011

-0.0173***
(0.00415)
-0.0212***
(0.0015)
0.0057***
(0.0016)
-0.0149*
(0.0084)
-0.0007***
(0.00023)
0.0002
(0.0014)

453,324
0.009

(5)
TFP Growth

-0.0186***
(0.00461)
-0.0229***
(0.00168)
0.00511***
(0.00177)
-0.0183**
(0.00929)
-0.00632***
(0.000387)
-5.38e-05
(0.00146)
0.0336***
(0.00211)
0.113***
(0.00481)
340,237
0.013

Notes: *** p<0.01, ** p<0.05, * p<0.1. TFP Growth is the yearly growth rate of TFP between 2014 and 2017. Treatment is a
dummy variable, equal to 1 if a firm is located in a region included in the third or fourth quartile of the pre-crisis countryindustry level distribution of import shocks. Previous TFP is the level of firm-level TFP in 2007, thus restricting the sample to
firms operating at least from that year. The interaction term measures the possible selection bias in the treated sample.
Robotics Shock uses as the delta the 5-year difference. Control variables are introduced to account for differences in firm size
and financial capabilities, and to account for regional disparities in terms of growth in GDP. Clustered standard errors at the
firm-level in parentheses. All specifications include Country*Industry & Year FE. Regressions are weighted using weights based
on the number of firms in the population, as described in Section 3.

To confirm this intuition, we go back to the region-industry aggregated level and study the

relationship between the shock measure and the moments of the TFP distribution. We start

with TFP skewness with Table 5.6 and Table 5.7. The former has as the main dependent variable
the mean of skewness levels of the region-industry-year TFP distribution after the crisis,

whereas the latter uses as dependent variable the average yearly growth in the same post-crisis
period. As expected, the sign of the shock coefficient is negative and highly significant, signaling

that region-industry pairs more exposed to the shock display a less skewed distribution of TFP.

This is intuitive, given that we expect wealthier regions to have a fatter right tail of the
distribution with respect to less wealthier ones. However, it is interesting to look at the growth
dynamics as in Table 5.7.
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VARIABLES

Import Shock

Population (log)
Tertiary
(%)

Education

GDP Growth (%)
Robotics Shock
Constant

Observations
R-squared
Klein-Papp Stats

TABLE 5.6

(1 - OLS)
Mean Skew TFP

(2 - IV)
Mean Skew TFP

(3 - OLS)
Mean Skew TFP

(4 - 2IV)
Mean Skew TFP

(0.341)
-1.130***
(0.350)

(0.342)
-1.128***
(0.350)

(0.339)
-1.047***
(0.355)
-0.0666
(0.0420)
0.320
(0.285)

(0.339)
-1.063***
(0.354)
-0.0513
(0.0535)

-0.119***
(0.0207)
-0.0450***
(0.0171)
-0.179

0.354
(0.283)
510
0.411

-0.123***
(0.0207)
-0.0451***
(0.0171)
-0.172

510
0.095
8166

-0.123***
(0.0208)
-0.0434**
(0.0172)
-0.147

-0.126***
(0.0207)
-0.0438**
(0.0172)
-0.147

510
0.414

510
0.099
97.80

Notes: *** p<0.01, ** p<0.05, * p<0.1. Mean TFP Skewness is computed over the 2014-2017 period. Values of skewness are
winsorized at 5th and 95th percentile, due to the particularly large number of outliers. Import Shock uses as the delta import
the difference between 2007 and 2000 levels. Robotics Shock uses as the delta the difference between 2017 and 2012 levels.
Control variables are introduced to account at regional level for the size, the share of tertiary educated population and for the
growth in GDP. between 2014 and 2007 Clustered standard errors in parentheses (NUTS-2 level). All specifications include
Country and Industry dummies.

VARIABLES
Import Shock

Population (log)
Tertiary
(%)

Education

GDP Growth (%)
Robotics Shock
Constant

Observations
R-squared
Klein-Papp Stats

TABLE 5.7

(1 - OLS)
Mean Skew Growth
TFP

(2 - IV)
Mean Skew Growth
TFP

(3 - OLS)
Mean Skew Growth
TFP

(4 - 2IV)
Mean Skew Growth
TFP

(0.804)
1.666**
(0.848)

(0.805)
1.670**
(0.847)

(0.808)
1.572*
(0.857)
0.0750
(0.116)
-0.684
(0.752)

(0.810)
1.614*
(0.865)
0.0440
(0.141)

0.127**
(0.0534)
0.0742
(0.0498)
-1.634**

-0.722
(0.749)
510
0.109

0.121**
(0.0532)
0.0741
(0.0499)
-1.623**

510
0.029
8166

0.131**
(0.0534)
0.0723
(0.0499)
-1.670**

510
0.109

0.123**
(0.0532)
0.0730
(0.0500)
-1.644**

510
0.030
97.80

Notes: *** p<0.01, ** p<0.05, * p<0.1. Mean TFP Skewness Growth is computed over the 2014-2017 period. Values of skewness
are winsorized at 5th and 95th percentile, due to the particularly large number of outliers. Import Shock uses as the delta import
the difference between 2007 and 2000 levels. Robotics Shock uses as the delta the difference between 2017 and 2012 levels.
Control variables are introduced to account at regional level for the size, the share of tertiary educated population and for the
growth in GDP between 2014 and 2007. Clustered standard errors in parentheses (NUTS-2 level). All specifications include
Country*Industry & Year FE.
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The coefficient turns out to be positive, signaling that the shape of distribution has changed
after the crisis period. Indeed, a positive coefficient signals that there is a fattening of the left
tail of the distribution, which implies that there is a higher percentage of less productive firms.
This result hints at possible effects on inter-percentile gaps in the TFP distribution. In
particular, it could signal a shrinkage of the distance between less and more productive firms

as proxied by the distance between the 10th and 90th percentiles, but also to an increase in the
distance between the top performers and the other players, as proxied by the distance between
the 95th and 75th percentiles.

We start exploring the relationship between the shock and the gap between the 90th and 10th

percentiles of the distribution. Table 5.8 shows the results using as dependent variable the

average levels of the gap in the post-crisis period, while Table 5.9 looks at the average yearly
change of the same averages.
VARIABLES

Import Shock

Population (log)

Tertiary Education (%)
GDP Growth (%)
Robotics Shock
Constant

Observations
R-squared
Klein-Papp Stats

(1 - OLS)
Mean TFP Gap
-0.0905***
(0.0117)
0.00947
(0.00997)
0.487***
(0.181)
-0.651***
(0.171)
1.073***
(0.154)
510
0.585

TABLE 5.8

(2 - IV)
Mean TFP Gap

(3 - OLS)
Mean TFP Gap

(4 - 2IV)
Mean TFP Gap

510
0.136
8166

510
0.587

510
0.140
97.80

-0.0877***
(0.0118)
0.00951
(0.00998)
0.482***
(0.182)
-0.652***
(0.171)

-0.0923***
(0.0118)
0.0104
(0.00985)
0.504***
(0.180)
-0.606***
(0.169)
-0.0360
(0.0284)
1.055***
(0.152)

-0.0893***
(0.0118)
0.0102
(0.00988)
0.495***
(0.180)
-0.617***
(0.170)
-0.0282
(0.0346)

Notes: *** p<0.01, ** p<0.05, * p<0.1. The Gap is measured as the difference between the 90th and the 10th percentile of the
region-sector TFP distribution, over the 2014-2017 period. Import Shock uses as the delta import the difference between 2007
and 2000 levels. Robotics Shock uses as the delta the difference between 2017 and 2012 levels. Control variables are introduced
to account at regional level for the size, the share of tertiary educated population and for the growth in GDP between 2014 and
2007. Clustered standard errors in parentheses (NUTS-2 level). All specifications include Country and Industry dummies.

The negative sign on both the Import shock measure and on GDP growth signal that the more

productive and wealthier a region is, the smaller the gap and thus the spread of the distribution.
The distance between the 90th and 10th percentile of TFP seems instead not to be related to the
robotics shock.
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VARIABLES
Import Shock

Population (log)
Tertiary
(%)

Education

GDP Growth (%)
Robotics Shock
Constant

Observations
R-squared
Klein-Papp Stats

TABLE 5.9

(1 - OLS)
Mean TFP Gap
Growth

(2 - IV)
Mean TFP Gap
Growth

(3 - OLS)
Mean TFP Gap
Growth

(4 - 2IV)
Mean TFP Gap
Growth

(0.0520)
0.00218
(0.0520)

(0.0521)
0.00150
(0.0519)

(0.0522)
-0.00483
(0.0532)
0.00558
(0.00580)
0.186***
(0.0480)

(0.0522)
0.00183
(0.0536)
-0.000258
(0.00790)

-0.00646**
(0.00291)
-0.00802***
(0.00289)
-0.114**

0.183***
(0.0475)
510
0.357

-0.00534*
(0.00289)
-0.00801***
(0.00289)
-0.116**

510
0.038
8166

-0.00618**
(0.00292)
-0.00816***
(0.00291)
-0.117**

510
0.357

-0.00535*
(0.00288)
-0.00800***
(0.00292)
-0.116**

510
0.038
97.80

Notes: *** p<0.01, ** p<0.05, * p<0.1. The Gap is measured as the difference between the 90th and the 10th percentile of the
region-sector TFP distribution, over the 2014-2017 period. Import Shock uses as the delta import the difference between 2007
and 2000 levels. Robotics Shock uses as the delta the difference between 2017 and 2012 levels. Control variables are introduced
to account at regional level for the size, the share of tertiary educated population and for the growth in GDP between 2014 and
2007. Clustered standard errors in parentheses (NUTS-2 level). All specifications include Country*Industry & Year FE.

The negative coefficient hints to a shrinkage in the distribution even after the crisis, something
that is consistent with the findings on the skewness measure. However, the effect size seems to

be small and not very robust to the instrumental variable strategy: indeed, the statistical
significance is obtained only at the 10% level. This implies that the shrinkage effect has taken

place in a narrower part of the distribution. This is why we focus on the gap between the 50th

and 10th percentile, as we hypothesize that it is the distance between the median and the least
productive firms that has been reduced after the crisis in regions more hit by the import shock.

The rationale for this idea is that less productive firms are not exiting the market, rather they
keep surviving given the favorable conditions of wealthier regions, that are also the ones more
hit by the shock before the crisis.

Results in Table 5.10 and 5.11 seem to go towards this direction. Coherently with our

expectation, we find not only that the gap between the 50th and 10th percentiles of the

distribution is on average lower in regions more hit by the shock, but that, with respect to less
hit regions, the gap has reduced in the after-crisis period.
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VARIABLES

Import Shock

Population (log)

Tertiary Education (%)
GDP Growth (%)
Robotics Shock
Constant

Observations
R-squared
Klein-Papp Stats

(1 - OLS)
Mean TFP Gap
-0.0544***
(0.00888)
0.0120*
(0.00665)
0.270*
(0.139)
-0.292**
(0.124)

TABLE 5.10

(2 - IV)
Mean TFP Gap

(3 - OLS)
Mean TFP Gap

(4 - 2IV)
Mean TFP Gap

510
0.088
8166

510
0.521

510
0.088
97.80

-0.0532***
(0.00903)
0.0120*
(0.00665)
0.268*
(0.140)
-0.292**
(0.124)

0.499***
(0.107)
510
0.521

-0.0548***
(0.00895)
0.0122*
(0.00663)
0.274**
(0.139)
-0.282**
(0.125)
-0.00795
(0.0184)
0.495***
(0.107)

-0.0531***
(0.00896)
0.0120*
(0.00664)
0.267*
(0.138)
-0.294**
(0.126)
0.00120
(0.0237)

Notes: *** p<0.01, ** p<0.05, * p<0.1. The Gap is measured as the difference between the 50th and the 10th percentile of the
region-sector TFP distribution, over the 2014-2017 period. Import Shock uses as the delta import the difference between 2007
and 2000 levels. Robotics Shock uses as the delta the difference between 2017 and 2012 levels. Control variables are introduced
to account at regional level for the size, the share of tertiary educated population and for the growth in GDP between 2014 and
2007. Clustered standard errors in parentheses (NUTS-2 level). All specifications include Country*Industry & Year FE.

VARIABLES
Import Shock

Population (log)
Tertiary
(%)

Education

GDP Growth (%)
Robotics Shock
Constant

Observations
R-squared
Klein-Papp Stats

TABLE 5.11

(1 - OLS)
Mean TFP Gap
Growth

(2 - IV)
Mean TFP Gap
Growth

(3 - OLS)
Mean TFP Gap
Growth

(4 - 2IV)
Mean TFP Gap
Growth

(0.0759)
0.0455
(0.0829)

(0.0759)
0.0450
(0.0828)

(0.0769)
0.0324
(0.0831)
0.0105
(0.0110)
0.412***
(0.111)

(0.0766)
0.0474
(0.0838)
-0.00195
(0.0134)

-0.0154***
(0.00508)
-0.0193***
(0.00689)
-0.186**

0.407***
(0.110)
510
0.269

-0.0144***
(0.00508)
-0.0192***
(0.00689)
-0.187**

510
0.059
8166

-0.0149***
(0.00512)
-0.0195***
(0.00694)
-0.191**

510
0.270

-0.0145***
(0.00509)
-0.0192***
(0.00696)
-0.186**

510
0.059
97.80

Notes: *** p<0.01, ** p<0.05, * p<0.1. The Gap is measured as the difference between the 50th and the 10th percentile of the
region-sector TFP distribution, over the 2014-2017 period. Import Shock uses as the delta import the difference between 2007
and 2000 levels. Robotics Shock uses as the delta the difference between 2017 and 2012 levels. Control variables are introduced
to account at regional level for the size, the share of tertiary educated population and for the growth in GDP between 2014 and
2007. Clustered standard errors in parentheses (NUTS-2 level). All specifications include Country and Industry.
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Reading these results together with all the others on skewness and average growth, we find a

coherent story: the TFP distribution in regions more hit by the shock has significantly changed
after the crisis towards a shrinkage towards left, leaving room for already more productive

entities within those regions to outperform competitors in a more pronounced way than before
the crisis.

This is consistent with the results in Table 5.12, where we look at the gap between the 75th and

95th percentiles. The coefficient sign is negative, but barely significant or even not significant in
the second specification, signaling that not much has changed in the right tail of the distribution.
VARIABLES
Import Shock

Population (log)
Tertiary
(%)

Education

GDP Growth (%)
Robotics Shock
Constant

Observations
R-squared
Klein-Papp Stats

TABLE 5.12

(1 - OLS)
Mean TFP Gap
Growth

(2 - IV)
Mean TFP Gap
Growth

(3 - OLS)
Mean TFP Gap
Growth

(4 - 2IV)
Mean TFP Gap
Growth

(0.226)
-0.379**
(0.185)

(0.228)
-0.380**
(0.184)

(0.223)
-0.369*
(0.189)
-0.00828
(0.0170)
0.299***
(0.109)

(0.227)
-0.356*
(0.186)
-0.0191
(0.0173)

-0.0177*
(0.00948)
-0.0200***
(0.00769)
0.142

0.303***
(0.108)
510
0.216

-0.0160
(0.0104)
-0.0199***
(0.00771)
0.139

510
0.038
8166

-0.0181**
(0.00916)
-0.0198**
(0.00778)
0.146

510
0.216

-0.0170*
(0.0102)
-0.0195**
(0.00775)
0.148

510
0.038
97.80

Notes: *** p<0.01, ** p<0.05, * p<0.1. The Gap is measured as the difference between the 95th and the 75th percentile of the
region-sector TFP distribution, over the 2014-2017 period. Import Shock uses as the delta import the difference between 2007
and 2000 levels. Robotics Shock uses as the delta the difference between 2017 and 2012 levels. Control variables are introduced
to account at regional level for the size, the share of tertiary educated population and for the growth in GDP between 2014 and
2007. Clustered standard errors in parentheses (NUTS-2 level). All specifications include Country*Industry & Year FE.

To sum up, we find evidence of the positive relationship between TFP levels and the import
shock, as found in other works related to the China shock and coherently with well-known trade

models. However, focusing on the post-crisis effects of the pre-crisis exposure to imports from

developing countries, we find a negative relationship with TFP growth rates and moments of

the TFP distribution. Particularly, it seems that regions that were more affected by the Chinese
shock before the crisis are experiencing a slower productivity growth after the crisis.
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This could be due to the reduction in trade dynamics occurred during the crisis, which

disrupted the links created by the most exposed regions, which are still in the process of
recovering thus connections. This is in line with the macro results on manufacturing and

industrial production, which show a sluggish recovery process in the years right after the
financial crisis.

Graphically, we find that the TFP distribution in more exposed regions due to the pre-crisis

Chinese shock has changed in the direction of a more left skewed and narrow one, as depicted
for explanatory purposes in Figure 5.2.

FIGURE 5.2

5.3 Labor Market Outcomes
We now turn to the pre-crisis analysis and focus on the results about regional labor market.

First, Table 5.13 shows the pairwise correlation matrix for the variables included in our models,
with the first three variables being the three dependent variables of our models.

In all the subsequent tables, (1) contains the plain OLS of the dependent variable over the

Import Shock only; (2) adds the controls and instruments the Import Shock; (3) is the

regression of the mediator (Robotics Shock) over the instrumented Import Shock; (4) is our full
model, without instrumenting the Robotics Shock; (5) contains the full model with both the
Import and Robotics Shock instrumented.
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Variables
(1) Employment
Growth
(2) Share on Total Emp
Growth
(3) Share on Manuf
Emp Growth
(4) Chinese Shock
(5) Robotics Shock
(6) Population (log)
(7) % of Tertiary
Educated Workers
(8) GDP Growth
(9) Average TFP (lag)
(10) Average Revenues
(lag)

(1)

(2)

0.978

1.000

-0.083
0.006
-0.044

-0.077
-0.004
-0.055

0.093
-0.009

-0.010
0.037

1.000
0.944
0.002

-0.055

0.944

-0.060
-0.001

(3)

TABLE 5.13
(4)

(5)

(6)

-0.027
-0.019
-0.009

1.000
-0.039
0.078

1.000
-0.120

1.000

0.028
0.046

0.152
0.159

-0.032
-0.023

-0.037
0.074

1.000
0.016

0.287

0.017

0.143

0.009
0.081

0.107
0.211

(7)

1.000

0.480
-0.138
-0.054

(8)

1.000
-0.149
-0.207

(9)

1.000
0.226

(10)

1.000

The first set of regressions look at the relationship between the two shocks and the growth in
employment in each manufacturing industry. Table 5.14 shows the results of such estimation.
From the first column, we notice how there is a negative association between the Import Shock
from China and the growth in manufacturing employment as found in the relevant literature.
VARIABLES
Import Shock

Robotics Shock

(1 - OLS)
Employment
Growth
-0.0773**
(0.0309)

Population (log)

Tertiary Education (%)
GDP Growth (%)
TFP (log – lag)

Revenues (log – lag)
Observations
R-squared
Kleib-Papp Stats

4,576
0.006
303.5

TABLE 5.14

(2 - IV)
Employment
Growth

(3 - IV)
Robotics
Shock

-0.00181
(0.00267)
-0.00330
(0.0474)
0.138
(0.135)
0.00379
(0.00655)
-0.00584***
(0.00187)

-0.0245*
(0.0126)
0.514**
(0.210)
-0.801
(0.586)
0.00526
(0.0275)
0.0206***
(0.00704)

-0.0575**
(0.0270)

4,362
0.009
380.6

0.341***
(0.108)

4,388
0.173
378.8

(4 – Full IV)
Employment
Growth

(5 – Full 2IVs)
Employment
Growth

4,362
0.012
365.9

4,362
0.012
54.70

-0.0421
(0.0264)
-0.0451***
(0.0138)
-0.00290
(0.00281)
0.0199
(0.0459)
0.101
(0.140)
0.00401
(0.00640)
-0.00491**
(0.00194)

-0.0380
(0.0249)
-0.0570***
(0.0209)
-0.00319
(0.00292)
0.0260
(0.0465)
0.0916
(0.143)
0.00407
(0.00641)
-0.00466**
(0.00196)

Notes: *** p<0.01, ** p<0.05, * p<0.1. Employment growth is the yearly percentage change in total employment in each regionsector pair. Import Shock uses as the delta import the difference between the previous two years (t-1 and t-2). Robotics Shock
uses as the delta the difference between the previous two years (t-1 and t-2).. Control variables are introduced to account at
regional level for the size, the share of tertiary educated population and for the growth in yearly GDP. To exploit firm-level data,
controls are introduced as firm-level TFP and Revenues aggregated mean levels in log, lagged by one year. Clustered standard
errors in parentheses (NUTS-2 level). All specifications include Country*Industry & Year FE.
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This result is robust to the introduction of controls and to the IV strategy, as shown in column

(2). It is also interesting to see the negative association between employment growth and the

average revenues (in log, for the precedent year): this is not to be interpreted as a signal of
“more revenues, less labor”. Instead, it signals that probably it is in the region-sector clusters

with higher revenues that we see the strongest reduction in labor, as those are probably also
the ones with highest import penetration (to confirm this intuition, we ran a regression of the
log of revenues and the Import Shock, and found a positive and highly significant coefficient).

The third column confirms the relationship between the two shocks, thus making the Robotics
Shock a good candidate for mediation. Finally, in the last two columns, we find that the latter

fully mediates the Import Shock. These results are however not fully robust to bootstrapping,
where we find instead the existence of only partial mediation. The conclusion however does

not change much: we find evidence that the adoption of robotics could have mediated the
depressing effects of the import shock on manufacturing employment.

As pointed out in the literature section, one of the possible effects of increased import
competition is the reliance on new technologies to “counterattack” competitors and stay in the

market. Low-cost imports have increased the competitive environment of European

manufacturing firms, who had to turn to automation and digitization to reduce their production
costs and survive on the market. The pressure exercised by the increased import competition

from developing countries has thus forced firms to increase their robotics adoption, which has
been found having a depressing effect on low-skilled manufacturing employment. These results

show one of the possible channels through which the Import Shock has caused a reduction in
labor force.

It is also interesting to see the results relative to the overall labor market within each region.

Table 5.15 shows the results where the dependent variable is the growth in the share of sectoral
manufacturing employment over total employment in each region.

While we find a barely significant correlation between the Import Shock and the growth in (1),

it is definitely not robust to the introduction of controls and to instrumentation. The same is

valid for the full model: the Robotics Shock effect disappears when instrumented. Thus, it seems
that when it comes to the relative employment figure, we do not find any effect.

30

VARIABLES

Import Shock

Robotics Shock

(1 - OLS)
Share Growth
-0.0574*
(0.0319)

Population (log)
Tertiary
(%)

Education

GDP Growth (%)
TFP (log – lag)

Revenues (log – lag)
Observations
R-squared
Kleib-Papp Stats

4,576
0.004
303.5

TABLE 5.15

(2 -IV)
Share Growth

(3 - IV)
Robotics Shock

-0.00454*
(0.00242)
0.0292

-0.0245*
(0.0126)
0.514**

-0.0340
(0.0268)
-0.0365**
(0.0158)
-0.00543**
(0.00250)
0.0480

4,388
0.173
378.8

4,362
0.009
365.9

-0.0465
(0.0278)

(0.0549)
-0.150
(0.147)
0.00181
(0.00656)
-0.00420**
(0.00195)

0.341***
(0.108)

(0.210)
-0.801
(0.586)
0.00526
(0.0275)
0.0206***
(0.00704)

4,362
0.007
380.6

(4 - Full IV)
Share Growth

(5 - Full 2IVs)
Share Growth

(0.0540)
-0.179
(0.152)
0.00198
(0.00645)
-0.00345*
(0.00196)

(0.0537)
-0.180
(0.155)
0.00198
(0.00645)
-0.00343*
(0.00196)

-0.0337
(0.0253)
-0.0374
(0.0237)
-0.00545**
(0.00255)
0.0484

4,362
0.009
54.70

Notes: *** p<0.01, ** p<0.05, * p<0.1. Share growth is the yearly percentage change in growth in the share of sectoral
manufacturing employment over total employment in the region, in each region-sector pair. Import Shock uses as the delta
import the difference between the previous two years (t-1 and t-2). Robotics Shock uses as the delta the difference between
the previous two years (t-1 and t-2).. Control variables are introduced to account at regional level for the size, the share of
tertiary educated population and for the growth in yearly GDP. To exploit firm-level data, controls are introduced as firm-level
TFP and Revenues aggregated mean levels in log, lagged by one year. Clustered standard errors in parentheses (NUTS-2 level).
All specifications include Country*Industry & Year FE.

Instead, interesting findings are shown in Table 5.16, where the dependent variable is the
growth of the share of sectoral manufacturing jobs over total manufacturing jobs within region

(i.e within-manufacturing share. In this case, we are analyzing whether there has been a

depressing effect on some manufacturing sectors relative to others: that is to say that the
Import and Robotics shocks might have not only reduced employment in manufacturing levels,

but also contributed to a lower share of workers for some specific sectors, that might have been

more affected by the two shock dynamics. What we find is indeed a negative association
between the Import Shock and the share growth (1), which seems not to be fully robust to the

introduction of controls and the use of IV (2). However, differently from the previous Table,
when the Robotics Shock is introduced, we find a consistent and robust negative association.

The overall picture is clear. We are able to reproduce existing findings in the literature, but we

add a possible mediating factor that has not been taken into consideration yet. From these
analyses it seems that the increased competition could have acted through an increased

reliance on automation and robotics, finally depressing the manufacturing labor market.
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Moreover, it seems that the effect has been heterogeneous within the overall manufacturing

industry: some sectors might have been hit harder than others, given the results of the last
estimation set. These results call for more research on the topic, to fully understand the
channels through which the import shock has worked.

VARIABLES

Import Shock

Robotics Shock

(1 - OLS)
Share Growth
-0.0355**
(0.0176)

Population (log)
Tertiary
(%)

Education

GDP Growth (%)
TFP (log – lag)

Revenues (log – lag)
Observations
R-squared
Kleib-Papp Stats

4,576
0.002
303.5

TABLE 5.16

(2 -IV)
Share Growth

(3 - IV)
Robotics Shock

-0.000835
(0.00151)
-0.0240

-0.0245*
(0.0126)
0.514**

-0.0215
(0.0190)
-0.0222***
(0.00756)
-0.00137
(0.00157)
-0.0126

4,388
0.173
378.8

4,362
0.003
365.9

-0.0291
(0.0193)

0.341***
(0.108)

(0.0346)
-0.0846
(0.0862)
0.00545
(0.00561)
-0.00262
(0.00161)

(0.210)
-0.801
(0.586)
0.00526
(0.0275)
0.0206***
(0.00704)

4,362
0.002
380.6

(4 - Full IV)
Share Growth

(5 - Full 2IVs)
Share Growth

(0.0341)
-0.103
(0.0872)
0.00556
(0.00563)
-0.00216
(0.00164)

(0.0348)
-0.104
(0.0864)
0.00556
(0.00564)
-0.00213
(0.00162)

-0.0209
(0.0185)
-0.0239**
(0.00992)
-0.00141
(0.00163)
-0.0117

4,362
0.003
54.70

Notes: *** p<0.01, ** p<0.05, * p<0.1. Share growth is the growth of the share of sectoral manufacturing jobs over total
manufacturing jobs in the region for each region-sector pair. Import Shock uses as the delta import the difference between the
previous two years (t-1 and t-2). Robotics Shock uses as the delta the difference between the previous two years (t-1 and t-2)..
Control variables are introduced to account at regional level for the size, the share of tertiary educated population and for the
growth in yearly GDP. To exploit firm-level data, controls are introduced as firm-level TFP and Revenues aggregated mean
levels in log, lagged by one year. Clustered standard errors in parentheses (NUTS-2 level). All specifications include
Country*Industry & Year FE.

6. Discussion and Limitations
6.1 Discussion
In this paper we investigate two separate research questions. The first question is centered on

the effect of Import and Robotics shocks on productivity outcomes – expressed in terms of Total

Factor Productivity – of European firms. Specifically, our analysis looks at medium-term effect,
studying the impact of the pre-crisis Import Shock and of a 5-year-lagged Robotics Shock on

TFP dynamics and distribution in the post-crisis period. We find a positive effect of both factors
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on the average post-crisis TFP level, in line with the existing literature related to the China
shock (e.g. Bloom et al., 2016; Bräuer et al., 2019) and coherently with well-known trade models
(Auer et al., 2013). Instead, coefficients turn out to be negative when looking at the TFP growth.
These results are consistent between firm level and region-industry aggregated level, as well

as turning from a cross-sectional approach to a panel regression. These findings can be

interpreted considering the reduction in trade dynamics occurred during the crisis, which

disrupted the links created by the most exposed regions, which are still in the process of
recovering thus connections. This explanation is also in line with the macro results on

manufacturing and industrial production, which show a sluggish recovery process in the years

right after the financial crisis. In terms of TFP distribution, our estimates point out a negative

impact of both shocks on the skewness of the average TFP distribution; moreover, the effect

turns out to be negative when looking at the growth in inter-percentile ranges of TFP. In
particular, we find that Import and Robotics Shocks lead to a shrinkage effect in the distance

between the median and the least productive firms. We also provide evidence of the fact that in
the after-crisis period this distance has reduced more in regions more hit by the shock than in

less hit regions. The explanation is that after the crisis the TFP distribution has significantly

shrunk towards left, leaving room within regions more hit by the shocks for already more

productive entities to outperform competitors in a more pronounced way than before the crisis.
Our results are robust to an extensive set of controls, instrumental strategies and fixed effects
above described.

The second question is related to the impact of the Import and Robotics shocks on
manufacturing employment, focusing on the pre-crisis period (2000 to 2007). In line with the

relevant literature (e.g. Autor et al., 2013a, 2015), we find a negative association between the
shocks and different dependent variables related to manufacturing employment, finding that
the impact of the Import shock is mediated by the Robotics one. The interpretation of these

results is that the increased pressure on firms exerted by a higher level of competition has
forced them to invest in cost reduction and efficiency by adopting new technologies. The

adoption of robots is thus magnified by the competition pressure and, in turn, contributes to
the depressing effect on labor markets due to the substitution of low-skilled workforce with

machines. Even in this case, the results we find are robust to an extensive set of controls,

instrumental strategies and fixed effects. However, robustness checks run on bootstrapped
samples do not always lead to the same conclusion: for instance, the full mediation found in the

regression encompassing the change in employment levels turn into a partial mediation. The
33

interpretation is anyway the same: being it full or partial, it seems there is a mediating effect of
robotics adoption when we look at the relationship with labor outcomes, at least for the change

in levels of employment. When it comes to relative shares, results are less clear and not fully

robust to bootstrapping. The conclusion from the set of regressions encompassing the share of
sectoral manufacturing jobs with respect to total employment and to total manufacturing
employment is that there have been different effects for different sectors: some industries have

lost jobs also relatively to other industries, thus pointing to the presence of an heterogeneous
depressing effect within manufacturing. This part would require more investigation and could

be connected to the changing landscape of the industrial environment within a region. The
research question thus could be broader and would include an investigation on how the Import

and Robotics shocks are changing the industrial manufacturing structure of more or less
exposed regions within a country.
6.2 Limitations

For what concerns the first part of the paper, despite the results are robust for alternative shock

measures and instrumental strategies, more investigation is needed to understand the

mechanism through which the medium-term effects of a large exposure to import from

developing countries is affecting regional-industry productivity. We have hypothesized that the

adverse effect we find is driven by a disruption in trade linkages occurred during the financial

crisis period, however there would be the need of a more in-depth analysis on the matter. A
slightly different point is related to the sample we use. Albeit being it representative of the

manufacturing sectors of three of the largest EU countries, it is not given that these results can
be generalizable to other nations. For instance, the paper by Bräuer et al. (2019) on Germany

finds a stronger effect on productivity of imports from high-income countries in the pre-crisis
period. It would be interesting to test whether our findings hold also for that setting.

In the second part, we believe that the mediation story uncovers just the tip of an iceberg in the
analysis of labor market and employment trends due to import and automation shocks. The

mediation story we hypothesize requires more investigation and the development of more finegrained measures for robotics adoption. Moreover, we tried to replicate the results on our firm-

level database instead of using official labor market statistics and did not find particularly

significant results on the employees growth variable. It is true that the two levels are not
necessarily comparable, however we acknowledge this limitation in the results we have

presented to justify the need for a more extensive analysis. In any case, we believe that the
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mechanism and the story we hypothesized can be effectively in line with both real-world trends

and the literature on trade and automation: for a given firm, the rationale for investing in
robotics and automation is to both increase the volume of production and to reduce the cost of
inputs, primarily labor-related ones. The higher exposure to imports from low-income
countries can have two direct effects: a reduction in the cost of materials and an increase in

competition due to lower-cost imported final goods. The latter implies the need for firms

located in high-income countries, such as the ones included in our sample, to rely on more cost-

effective means of production that could abate the variable costs of manufacturing. Again, a

specific study on the topic would be needed and could significantly advance our understanding
of labor market trends in the last decade.
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APPENDIX A1. Maps
This Appendix contains some relevant figures at the regional level for TFP levels and growth in

relation with the adopted measure of import shock. The level of analysis is not the same as the
one in the paper, however these figures give a visual interpretation of the results we find.

We divide the maps by country, as to respect the differences in country-level distributions.

Each panel maps the levels of the pre-crisis import shock measure as the first graph, while TFP

measures on the 2014-17 distributions are shown in the other three panels: TFP average levels,
TFP average yearly growth and TFP average skewness.

Even graphically it is clear how there is a positive relationship between the pre-crisis shock
measure and TPF average levels at the regional level in each of the three analyzed countries.
The negative relationships between the shock and TFP growth and TFP skewness we find in the

empirical analysis are also visible in the graphs, albeit being them more evident for Spain and
Italy than for France.
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Italy

IMPORT SHOCK

FIGURE A1.1

AVERAGE TFP GROWTH

AVERAGE TFP

AVERAGE TFP SKEWNESS
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France

IMPORT SHOCK

FIGURE A1.2

AVERAGE TFP GROWTH

AVERAGE TFP

AVERAGE TFP SKEWNESS
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Spain

IMPORT SHOCK

FIGURE A1.3

AVERAGE TFP GROWTH

AVERAGE TFP

AVERAGE TFP SKEWNESS
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