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Introduction

The present thesis consists of three independent chapters, each addressing a dis-
tinct yet crucial aspect of labor market dynamics in the context of technological
change, environmental sustainability, and post-pandemic transformations. While
each chapter stands alone in its research question, methodology, and empirical fo-
cus, they collectively contribute to a broader understanding of how labor markets
evolve in response to external shocks and structural transformations. Studying these
dynamics is particularly relevant given the increasing pace and complexity of struc-
tural transformations affecting contemporary labor markets. By examining how
technological innovation, environmental transition, and global health crises reshape
employment patterns, this thesis aims to contribute to a deeper understanding of
the mechanisms through which economies adapt to change. Such an understanding
is essential not only for advancing academic knowledge, but also for informing policy
strategies that promote resilience, equity, and long-term sustainability in the world
of work.

The first chapter, Measuring Green Jobs in Italy: A Task-Based Approach, inves-
tigates the definition and measurement of Green Jobs, a concept that has become
increasingly relevant in economic policy discussions. Despite the growing impor-
tance of Green Jobs, their quantification remains challenging due to the variety of
definitions and methodologies proposed in the literature. This chapter contributes
to the debate by introducing a novel task-based approach to measure Green Jobs
in Italy, combining textual analysis and machine learning techniques to validate
findings. Using the Italian Sample Survey on Professions (ICP), it identifies Green
Tasks across different occupations and constructs continuous and binary indicators
to assess the degree of greenness associated with each job. These indicators are
then integrated with the Comunicazioni Obbligatorie dataset to analyze the distri-
bution and characteristics of Green Jobs. The essential contribution of this chapter
is methodological: it proposes a novel way to identify and measure Green Jobs
by constructing an indicator directly based on the task content of occupations as
described in the Italian context. Unlike previous studies that often rely on sec-
toral classifications or qualitative categorizations, this approach utilizes the Italian
O*NET database (ICP) to develop a task-based indicator of job greenness. To
the best of our knowledge, this is the first attempt to construct such an index for
Italy using a direct mapping of Green Tasks onto occupational data at this level
of detail. This methodological innovation allows for a more granular and dynamic
representation of how environmental tasks are embedded in different professions.

The second chapter, Robot, Trade, and Employment: Unraveling the Relationship
Within the FEuropean Context, is a co-authored work with Professor Chiara Franco
from the University of Pisa and has been published in Structural Change and Eco-
nomic Dynamics. This chapter examines the cross-border effects of robot adoption



in the European labor market. Industrial robots have become a major technologi-
cal innovation in manufacturing, with almost 4 million industrial robots operating
worldwide as of 2022. The debate on their labor market impact is ongoing, with
theories suggesting both positive productivity effects and negative displacement ef-
fects. While many studies have analyzed the impact of robots on employment at a
national level, there is limited research on how robot adoption in one country af-
fects employment dynamics in its trade partners. According to previous theoretical
works, Robot adoption can influence trade partners employment dynamics in two
opposite ways. On one hand, by lowering labor costs and encouraging firms to bring
production back to their home country, it may reduce the demand for low-skilled
labor in foreign economies. On the other hand, automation can lead to an expansion
in production, increasing the need for intermediate goods, which may still be sourced
from abroad and potentially boost employment in exporting countries. Nonetheless,
robust empirical results are still lacking and often inconclusive. This chapter ad-
dresses this gap by constructing a novel indicator that captures both the penetration
of industrial robots in the five largest European economies (France, Germany, Italy,
Spain, and the UK) and the reliance of other European countries on these economies
through trade linkages. Using the OECD Trade in Employment (TiM) dataset, the
study explores whether robot adoption in these major economies influences employ-
ment outcomes in other European nations. Our research provides new insights into
how technological change spreads its effects beyond national borders.

The third and last chapter, The [talian Great Resignation: Just a Reallocation
Trend?, focuses on the post-pandemic labor market and the phenomenon of the
Great Resignation (GR). Initially identified in the United States in 2021, the GR
describes a surge in voluntary resignations that has disrupted labor markets world-
wide. However, little research has explored whether this trend is a sign of widespread
labor force exits or rather a reshuffling of workers across jobs. This chapter analyzes
the Italian case using data from the Italian Labour Force Survey, assessing the ex-
tent to which resignations reflect labor force withdrawal versus job switching. After
determining the appropriate measure to capture the trend, we compare two samples
of representative Italian workers (pre- and post-Covid) and perform an econometric
analysis to identify the underlying determinants of the GR. Finally, we enhance our
study with decomposition and counterfactual analyses to assess the impact of un-
observable psychological factors related to the pandemic, as well as to evaluate the
role of wages in this context.

Overall, this dissertation contributes to the understanding of labor market trans-
formations from three different perspectives: the green transition, technological
change, and post-pandemic adjustments. What unites these three perspectives is
their focus on how labor market dynamics are reshaped by profound transforma-
tions - whether triggered by sudden shocks such as the COVID-19 pandemic, driven
by continuous processes like automation, or led by policy initiatives such as the
European Green Deal - all of which feed into the broader debate on the future of
work. By adopting novel methodologies and data-driven approaches, it provides
insights that are relevant for both policymakers and researchers aiming to navigate
the complexities of modern labor markets.



Chapter 1

Measuring Green Jobs in Italy: a
Task-Based Approach

1.1 Introduction

The term Green Jobs has emerged as a key concept in economic policies over the
past fifteen years. Starting with the Green Jobs Initiative in 2008, in which we
found the first definition of Green Jobs (UNEP, 2008), many other national and
international policies have placed this concept at the heart of their economic inter-
ventions. The European Green Deal and the Green Jobs Act in the US are just
two examples of policies aimed at improving the green transition while maintaining
GDP growth. Within Green Growth theory, these jobs are often seen as a mean
of achieving both environmental and economic benefits by enhancing resilience and
diversification. However, although international institutions and governments have
financed specific policies to increase the number of Green Jobs, from an academic
point of view, research has only started to develop recently (Peters, 2014; Stanef-
Puica et al., 2022). To date, the literature has focused on two main challenges: the
definition and measurement of Green Jobs.

As previously mentioned, the concept of Green Jobs is relatively new and is still
evolving. Indeed, many institutions, such as the United Nations Environmental
Program (UNEP), International Labour Office (ILO), and European Commission
(EC), provide their definitions (Rutkowska-Podolowska et al., 2016). Although these
definitions may appear similar, minor detectable differences might lead to divergent
methods for counting Green Jobs. According to the literature, there are at least
four different methods for measuring Green Jobs: green processes, green industries,
green products and services, and green tasks (see Peters et al., 2011 for a compre-
hensive review). As explained in the second section, the first two methods tend to
overestimate the number of Green Jobs, as they rely on firm-level data and therefore
do not distinguish between green and non-Green Jobs within the same firm. On the
other hand, the product and services approach will likely underestimate the total
number of Green Jobs because it does not capture green activities that are not di-
rectly related to a specific green product (Consoli et al., 2016). A shared limitation
of these three approaches is their inability to measure the greenness of a job at the
occupational level.

The task approach developed by Autor et al. (2003) overcame this limitation. In-
deed, by adopting a task approach is possible to accurately define the tasks carried



out by each labor profession using specific databases. This strategy enables iden-
tifying workers who perform green tasks and, thus, measuring job greenness at an
occupational level. This approach is widely used in the US, where the Occupational
Information Networks (O*NET) launched the “Green Economy” programme, which
primarily aims to identify the Green tasks and, subsequently, the Green Jobs in
the US labor market (Dierdorff et al., 2009). The European Union also realized its
own Green Task project, developing a list of 576 green tasks carried out by work-
ers', but it could not link them to specific professions due to the lack of O*NET
databases for European countries. However, the same European Union recommends
using a task-based approach to identify Green Jobs in one of its report, despite the
limitations of possible cross-walking from the US labor classification (Vona et al.,
2021). Following this recommendation, the Italian Agenzie Nazionali Politiche del
Lavoro (ANPAL) publishes an annual report on Green Jobs trends by measuring
them through official decoding from US O*NET data.

This study aims to contribute to the literature by proposing a new greenness measure
for [talian occupations that could also be extended to other European countries. By
relying on the Italian Sample Survey on Professions (ICP), an O* NET-type dataset
developed by the Istituto Nazionale per I’Analisi delle Politiche Pubbliche (INAPP),
we identify a list of 204 green tasks performed by Italian workers out of 9,301 tasks.
Our strategy is similar to that used by the European Union to create a list of green
tasks. First, we conduct a text-content analysis of the European and US Green
Tasks to identify the most frequent “green” words. Second, we manually label a
task as green if it contains at least one “green” word and matches the definition of
green skills suggested by the European Center for the Development of Vocational
Training (Cedefop): “the knowledge, abilities, values, and attitudes needed to live
in, develop and support a society that reduces the impact of human activity on
the environment” (Cedefop, 2012). Third, we provide several robustness checks to
confirm the quality of our manual labelling. Next, we compare our Green Job in-
dex to an index derived from the ANPAL report. It is essential to note the latter
index is not exactly the ANPAL index but rather a reconstruction based on it. In
the subsequent analysis, we highlight the noteworthy distinctions and advantages
of employing an Occupational Information Network (O*NET) database customized
specifically for Italy. Finally, we link our index to the “Comunicazioni Obbligatorie”
dataset? to analyze the trends and characteristics of Green Jobs in terms of quality,
location, sectoral distribution, gender and age dynamics.

The remainder of this paper is organized as follows. Section 2 reviews the existing
literature on Green Jobs. Section 3 describes the construction of our Green Index
and compares it with the reconstructed ANPAL index. Section 4 links our index
to the Comunicazioni Obbligatorie dataset to provide statistical, comparative, and
econometric evidence on Green Jobs. Finally, in section 5, we discuss potential
policy implications.

'The complete list of the Green Tasks identified by the European Commission is available at
the following link: https://esco.ec.europa.eu/en/use-esco/download

2Dataset provided by the Instituto Nazionale della Previdenza Sociale (INPS), which records
all the employment contracts established in Italy from 2010 to 2020.
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1.2 Literature

In this section, we provide a comprehensive framework for understanding Green
Jobs. First, we introduce the concept of Green Growth and frame the role of Green
Jobs within this theory. Second, we address two critical issues that are frequently
encountered when studying the dynamics of Green Jobs: the definition and the mea-
surement of these jobs. Here, we explain why the task approach should be preferred
to accurately identify Green Jobs rather than relying on industry or occupation-
based classification. Finally, we briefly review the task-approach literature by fo-
cusing on papers that employ this methodology to study Green Jobs.

1.2.1 From Green Growth to Green Jobs

In the current debate on environmental challenges, almost all economists agree that
our planet is in danger and that we must radically transform the economic system to
avoid unfixable consequences. One of the dominant perspectives for tackling global
warming is the so-called Green Growth. The OECD defined Green Growth as “a way
to pursue economic growth and development while preventing environmental degra-
dation, biodiversity loss and unsustainable natural resource use” (OECD, 2011).
Green Growth advocates argue that technological innovation can enable absolute
decoupling of GDP growth from resource use and carbon emissions, making eco-
nomic growth compatible with ecological limits (Hickel and Kallis, 2020). Over the
last fifteen years, Green Growth has gained significant prominence in international
political circles, as evidenced by the adoption of Green Growth principles by major
global institutions such as the OECD, the World Bank, and the United Nations
(Jacobs, 2013). However, this perspective has also encountered significant criticism
from scholars who challenge its environmental effectiveness and potential social im-
plications, such as unemployment and income inequality. For instance, Alexander
and Rutherford (2019) question the environmental efficacy of Green Growth, while
Hickel and Kallis (2020) argue that while absolute decoupling of GDP from emis-
sions may be theoretically possible and empirically observable in a group of limited
regions, it is not sufficient or feasible to meet the urgent climate targets. Therefore,
they suggest that government policies, particularly in the richest nations, should
focus on reducing production and consumption to tackle climate change effectively.
The latter view of slowing down the pace of material production and consumption
is consistent with the “Degrowth” theory, one of the most popular alternatives to
Green Growth. This theory can be defined as a deliberate reduction in energy and
resource consumption to align the economy with ecological limits and enhance so-
cial justice and human well-being (Latouche, 2009). According to Hickel (2021),
Degrowth aims to reach a decrease in the throughput intentionally and does not
necessarily seek to decrease GDP. However, an overall decrease in the throughput
may still lead to a reduction of the GDP, which is not the intended outcome of
Degrowth. Despite its popularity and relevance among academics, Degrowth has
faced political resistance and public misunderstanding, partly due to its negative
connotation and the wrong but frequent confusion of this concept with recession.
Some scholars, such as Van den Bergh (2011), argue that the ambiguous nature of
Degrowth makes it an ineffective political strategy to attract media attention and
social support for environmental action. While the Degrowth theory offers an at-



tractive alternative perspective on tackling environmental challenges, its political
feasibility and social acceptance remain uncertain.

Efforts to incorporate the social components into the concept of Green Growth have
given rise to alternative approaches that aim to promote environmental sustainabil-
ity while also addressing inequality and unemployment (D’Alessandro et al., 2020).
Such strategies, which we can see as an extension of the Green Growth paradigm,
have been reflected in significant government initiatives, including the US Green
New Deal (Green New Deal, 2019). This political predominance highlights how,
while the academic debate is still open, until now, the Green Growth theory has
been the dominant paradigm in governmental institutions, which have integrated
this concept into their sustainability and environmental agendas.

One significant outcome of the popularity of Green Growth has been the emergence
of Green Jobs, which are the focus of this work. Green Jobs represent a key means
of operationalizing the concept of Green Growth within labor markets. The UNEP
first defined Green Jobs in 2008 (UNEP, 2008), and since then, economists have
displayed a growing interest in analyzing their dynamics, quality, and growth, as
evidenced by two recent literature reviews (Stanef-Puica et al., 2022; Apostel and
Barslund, 2024). In the following paragraph, we examine two critical aspects of
this branch of literature: the multiple definitions of Green Jobs and the different
methods for measuring them.

1.2.2 Green Jobs’ definitions and measures

As discussed in the previous paragraphs, Green Jobs has no a widely accepted def-
inition. In their papers, Winter and Moore (2013) and Furchtgott-Roth (2012)
enumerate several definitions provided by institutions, scholars and environmental
associations. Although all the definitions share a similar focus on the sustainable use
of resources, the development of renewable energy, and the preservation or restora-
tion of the environment, some differences lead to several approaches to identifying
Green Jobs. Indeed, definitions and measures are based on different observational
levels, such as occupational, firm, product or process level. This lack of uniformity
could cause contrasting estimations in the number of Green Jobs (Bowen and Ku-
ralbayeva, 2015).

The first definition of Green Jobs used in the scientific literature dates back to
1999 when the OECD described environmental goods and services industries as “ac-
tivities which produce goods and services to measure, prevent, limit, minimize or
correct environmental damage to water, air and soil, as well as problems related
to waste, noise and eco-systems. This includes technologies, products and services
that reduce environmental risk and minimize pollution and resources” (OECD et al.,
1999). Based on this definition, formulated at a sectoral level, several scholars and
institutions have provided statistics on the number of employees in Green Activities
(Marin and Vona, 2019; Cai et al., 2011). However, as we will show in the following,
identifying Green Jobs at a sectoral level may lead to errors. In order to overcome
this issue, in 2008, the UNEP stated the first formal definition of Green Jobs at
an occupational-based level, providing a more precise definition. The UNEP de-
fines Green Jobs as “work in agricultural, manufacturing, research and development
(R&D), administrative, and service activities that contribute substantially to pre-
serving or restoring environmental quality. Specifically, but not exclusively, this



includes jobs that help to protect ecosystems and biodiversity; reduce energy, ma-
terials, and water consumption through high efficiency strategies; decarbonize the
economy; and minimize or altogether avoid generation of all forms of waste and
pollution” (UNEP, 2008). Furthermore, the UNEP underlines the importance of
Green Jobs being decent work with adequate wages, safe working conditions, job
security, reasonable career prospects, and worker rights.

Following the UNEP definition, various institutions and scholars have formulated
their own meaning of Green Jobs. The European Commission, in line with the
UNEP, defines Green Jobs as those preserving and restoring the environmental qual-
ity (European Commission, 2012). In contrast, North American institutions, such
as The Center of Excellence of California (COE) and the Environmental Careers Or-
ganization of Canada (ECO), emphasize occupations that minimize environmental
impact (COE, 2009; ECO, 2010). Other institutions, including the Brooking Insti-
tutions and Statistics Canada, have adopted a different observational level, focusing
on industries and processes that produce Green products or services and introducing
new concepts such as the “clean economy”® (Muro et al., 2011; Winter and Moore,
2013). The latter concept of “clean” energy has led to further confusion in identi-
fying Green Jobs. Indeed, some industries, such as nuclear energy, are considered
clean and renewable in the US but not in Europe.

The previous paragraph is just a snapshot of all the definitions formulated over the
last year. What is crucial for us is that all these various definitions have led to
divergent methods of selecting Green Jobs. As proof of what we have just said,
there are at least four different identification methodologies in the literature: Green
Processes, Green Products and Services, Green Industries and Green Tasks (Peters
et al., 2011). The Green Process approach selects occupations involved in green
industrial processes, such as active waste management, treatment and recycling
(van der Ree, 2019). However, since this method is based on firm-data level, it is
not easy to make it compatible with current job classifications. The Green Prod-
uct and Services method focuses on the products and services that contributing to
environmental and conservation objectives. The whole workforce involved in their
production or delivery is assumed to be Green. This approach is very popular in
the US, where federal government officials maintain lists of green products or indus-
tries (US Department of Commerce, 2010). However, this method fails to capture
green activities not directly associated with producing a particular green product or
service, causing an underestimation of the total number of Green Jobs. The Green
Industry technique selects industries displaying a high fraction of firms engaging in
environmental and conservation objectives. However, since industrial classifications
are not granular enough, it is not simple to distinguish green products and services
from similar ones (Peters et al., 2011). In this case, as for the Process approach,
there is a risk of overestimating the number of Green Jobs. Finally, the Task ap-
proach identifies green occupations based on the tasks carried out during the job.
This evaluation is made possible by O*Net occupation-specific datasets, which list
some of the most critical tasks required by workers and assign an importance score.
In our opinion, this method has a double benefit. First, it allows identifying all the
jobs that effectively include green tasks and computing the importance of the green

3The Brookings Institution defines the “clean economy” as economic activity “that provides
goods and services with an environmental benefit or adds value to such products using skills or
technologies that are uniquely applied to those products.”



component of each profession. Second, it helps verify whether occupations carrying
out green tasks also perform “brown tasks“, defined by CEDEFOP as “knowledge
and skills that increase the impact of human activity on the environment“ (Cedefop,
2012).

1.2.3 Task Approach and Green Jobs

Autor et al. (2003) originally developed the task-based approach to explore the
impact of Information and Communication Technologies spread on the US labor
market. This theory differs from the previous predominant approach known as Skill
Biased Technical Change (see Katz and Murphy, 1992; Acemoglu, 2002), in which
workers are categorized by skills. Instead, in the task approach workers are classi-
fied by the degree of routine in the tasks performed in each job (Autor et al., 2003;
Autor and Dorn, 2013). Acemoglu and Autor (2011) define a task as “a unit of work
activity that produces output”. In other words, the tasks are the actions carried
out by workers during their job, which can be primarily classified by their degree of
routine (routine vs non-routine) and the cognitive endowment required (manual vs
cognitive). In the canonical version of the model, labor and capital are the inputs of
the production function, which is articulated in tasks. Each task can be performed
by capital or labor depending on economic convenience, ease of automation, and
level of connection with other tasks (Sebastian and Biagi, 2018). Thanks to the
availability of databases describing occupational tasks (such as the O*NET and the
ICP), it is possible to conduct empirical analysis by ranking occupations based on
their routine and manual levels. Over the last few years, the basic idea has been
tested and expanded by many studies in different contexts beyond its original one
studying the impact of digital technologies in the US labor market.

The Green Job literature is well-suited for the task-based approach, as both use
occupations as the unit of analysis. Moreover, the O*NET-type databases contain
a section that lists the most frequent and important tasks carried out by each pro-
fessional code, along with their relative frequency/importance score. The presence
of this section enables researchers to conduct text analysis to identify green tasks
and their frequency/importance within occupations. In this regard, in 2009, the
Occupational Information Network and the US Department of Labour launched the
“Green Economy” programme to identify green tasks and the greenness of US occu-
pations. As specified by the authors of the project, green activities are “related to
reducing the use of fossil fuels, decreasing pollution and greenhouse gas emissions,
increasing the efficiency of energy usage, recycling materials, and developing and
adopting renewable sources of energy” (Dierdorff et al., 2009, p.11). In numerical
terms, the programme identified 1,369 green tasks, referable to 138 jobs on a total
of more than 1-thousand. The identified Green Jobs were categorized into three
groups:

1. Green demand: Jobs that will grow greatly as the economy becomes more
“green”.

2. Green enhanced skills: existing occupations that will face significant trans-
formations in their tasks.

3. Green emerging: new jobs that are created to meet the demands of the
eco-friendly economy.



Having the opportunity of exploring these green tasks, some authors have studied
Green Jobs within the US labor market. Consoli et al. (2016) conducted an empiri-
cal analysis comparing green and non-Green Jobs, revealing that the former require
higher levels of skills, education and training. They also extended their analysis
to the routine level of occupations, showing that Green Jobs display, on average,
lower levels of routine than non-Green Jobs. Vona et al. (2019) created a continu-
ous green task-measure that captures the amount of time spent on green activities
by each profession. Their results show that Green Jobs are pro-cyclical, require
high-skilled workers, provide a 4% wage premium, and are concentrated in specific
areas of the US. Furthermore, the authors find a positive association between green
employment and local green subsidies. Also Bowen et al. (2018) explore the O*NET
green data, showing that most Green Jobs in the US have a low share of green tasks,
with Green New and Emerging jobs displaying higher levels of greenness than Green
Enhanced Skills jobs. They also find that workers from different occupations tend
to shift to jobs with lower levels of greenness than those with higher levels.

In recent years, the task-based approach has also gained attention in Europe. In
Germany, Janser (2018) developed a green job dictionary and employed the method
of regular expressions to identify environment jobs within a German-specif database
containing descriptions of occupations. His results reveal that in 2016 almost 10
percent of occupations had green requirements. Furthermore, Janser provide occu-
pational, sectoral and regional distributions of the greenness and greening of jobs.
Similarly, the European Commission has expressed interest in this approach, as ev-
idenced by a report published in 2021. The report recommends that scholars and
institutions adopt a task-based approach and continue measures instead of binary
indicators. In the last section of the work, it explicitly suggests using cross-walking
from the US O*NET data, given the lack of similar databases at a European level
(Vona et al., 2021, p. 33).

Regarding Italy, ANPAL publishes an annual report that measures firms’ demand
for Green Jobs (ANPAL, 2019). Following the recommendations of the European
Commission report, ANPAL adopts a task indicators that is created through a series
of cross-walking from the US O*NET data. This report aims to provide statistics
on the trends and diffusion of Green Jobs by attaching the index to data on future
job demand by Italian firms. While this approach aligns with the previous Euro-
pean Commission’s guidelines, it needs several areas for improvement, including its
binary construction.

To address this issue, we propose a new task-based indicator that captures the
greenness of Italian occupations. Using the ICP, a database that describes Italian
occupational tasks, we develop continuous and binary indices to measure the fre-
quency and importance of green actions within each occupation. Our new indicators
represent a qualitative improvement in identifying Italian Green Jobs and the green-
ness level of each job. In addition, given that the labor markets in other European
countries share more similarities with Italy than the US, our task indicator could
also be applied to provide comparative analyses within the European Union. In
the following section, we describe our index’s computation and compare it with the
reconstructed index formulated by ANPAL. Our contribution to the literature aims
to provide a more accurate measure of Green Jobs in Italy to help policymakers and
researchers better understand the dynamics of the green economy in the country.



1.3 Green Job index

In this section, we delineate the construction of our new index and draw a compari-
son with the indicator reconstructed from ANPAL’s work, which we shall henceforth
refer to as the “transcoded index”. First, given the lack of a list of green occupations
in ANPAL’s work, we attempt to replicate their indicator based on the guidelines
provided in their report. Subsequently, we thoroughly analyze this reconstructed
index, highlighting its shortcomings. Second, we present the development process
of our green index and perform some robustness tests to assess its quality. Lastly,
we conduct a first comparison of the two indicators.

1.3.1 The Transcoded Green Job index

The first index we present in this paragraph is constructed based on the instruction
provided by the ANPAL report to build their index (ANPAL, 2019, p. 9). The
primary data source for the index is the US O*Net Green Task file*. As outlined
in the previous chapter, the “Green Economy” programme is a project developed
by the U.S. O*Net development center to identify all the green tasks in the U.S.
labour market. The project identified 1,369 green tasks, attributable to 138 jobs on
more than 1-thousand. In order to create an equivalent index for Italy, we started
by identifying the jobs labelled as green by the O*NET resource center. Next, by
using official decoding, we passed from the US Standard Occupational Classification
(2010 SOC) to the International Standard Classification of Occupation® (ISCO-08),
and then to the Italian Classification® (CP2011). As mentioned above, our method-
ology is similar to that used by ANPAL to construct its indicator. However, there
is a significant difference since they convert Green Jobs to the European Standard
Classification of Occupation (ESCO) before reaching the CP2011 classification. We
skipped this intermediate step for two reasons: we believe that adding a crosswalk
could increase the likelihood of incorrect couplings, and there is no official decoding
available online for the transition from the ESCO classification to the CP2011.
Since each classification exhibits a different level of granularity, we refined the match-
ing process by using the formal definitions of jobs available in the U.S. and Italian
databases. Therefore, we only matched two codes where the decoded process led to
two identical jobs. Our analysis reveals a total of 110 green occupations out of 796.
Although our purpose was to recreate the ANPAL index as closely as possible, since
their report does not provide a complete list of the jobs identified as green in the
CP2011 classification, we can only comment on the results we obtained replicating
their methodology.

Although the ANPAL report’s effort to map Italian Green Jobs is commendable, we
have identified several shortcomings in using this methodology:

1. The SOC classification level of detail is more granular than the ISCO and
CP2011 classifications, making it difficult to identify corresponding Italian

4The U.S. green tasks file can be accessed at https://www.onetcenter.org/reports/GreenTask.html

°The crosswalk between the 2010 SOC and the 2008 ISCO is available at
https://www.bls.gov/soc/soccrosswalks.htm

6The crosswalk between the 2008 ISCO and the CP2011 is available at
https://www.istat.it/it /archivio/18132
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professions. For instance, the CP2011 does not include occupations such as
wind energy operation managers and industrial ecologists.

2. Due to the multiple transcoding processes, some Italian occupations that are
evidently green are not detected, such as environmental control technicians
and waste collection technicians.

3. Some occupations detected as green in the Italian classification, such as car-
penters, stockbrokers and asphalters, raise some concerns.

4. The Transcoded Index does not provide a continuous measure of the greenness
of occupations.

In light of these weaknesses, we present a new indicator to capture Green Jobs
in the next section.

1.3.2 The Content Green Job Index

In this section, we introduce our Content Green Job Index, which is created us-
ing three distinct data sources. First, we perform a content analysis on the 1,369
green tasks detected by the O*NET Resource Center to identify the most fre-
quent “green” words. In Figure 1.1, we report a wordcloud graph illustrating the
relative frequency of these words.  We also conduct a similar analysis
on the 576 green tasks listed by ESCO” to collect
the most frequent green words encountered in these
tasks. These preliminary steps are essential to un-
derstanding the meaning of Green Tasks for two of
the most important international institutions. Sub-
sequently, we conduct a manual search for similar
green tasks within the Italian ICP survey, focusing
on the most updated version of 2013. The ICP sur-
vey includes a free-form section where a panel of re-
spondents from each of the 796 5-digit CP groups
describe approximately twelve work activities that
best describe their occupation. In total, there are
more than 9,300 tasks contained within the survey.
We individually analyze each task to search for the
translation of the most frequent green words found in
the US O*Net Green task file and the ESCO Green
tasks’ list. After examining each task containing “green” words to exclude false pos-
itives, we identified 204 “green” tasks. According to our results, out of 769 5-digit
Italian occupations, 84 jobs include at least a green task. The procedure described
above has already been employed in the scientific literature to develop a digital task
index by Cirillo et al. (2021).

Furthermore, we develop two continuous indices since each task included in the ICP
dataset has a score that indicates its importance and frequency in performing the

Figure 1.1: Wordcloud graph
of the U.S. Green
Tasks

"The complete list of the green tasks identified by the European Commission is available at the
following link: https://esco.ec.europa.eu/en/use-esco/download
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The first index measures the importance of green tasks within each 7 occupation,
dividing the sum of the importance score of the green tasks by the total sum of the
importance scores of all tasks for that occupation. If a profession has no green tasks,
the numerator will be equal to 0. The second indicator is constructed similarly but
serves as a proxy for the time spent on green activities. Indeed, it is based on the
values of the frequency score instead of the importance ones.

As a first robustness check, we examine the 84 occupations displaying at least one
green task and checked for the simultaneous presence of brown tasks. We discover
seven jobs exhibiting this issue and proceed to eliminate them from our list. Indeed,
for jobs such as mining engineers or agricultural tractor operators, the green com-
ponents appears to be present merely to mitigate the environmental damage caused
by performing the main tasks of the job®.

To further validate our approach, we compute an association matrix based on the
Green Tasks developed by ESCO. We choose to focus on this source because it has
an official Italian translation and is directly comparable with the ICP dataset. In
addition, ESCO’s green tasks list draws from various sources, including the O*NET
green task list, making it a reliable tool. Primarily, we process both the ESCO and
ICP tasks by converting them to lowercase, removing Italian stopwords, and lemma-
tizing words. We then create a list of green lemmas, consisting of the 400 most used
words in the ESCO tasks and keeping only those directly connected to the green
concept. This process result in a green dictionary containing 168 green words (see
Table 1.1). In the first place, more than 80% of our manual labelled green tasks
display at least one green word in the dictionary. Furthermore, we verify that all of
the remaining 38 tasks included a synonymous of ESCO green words. To confirm
the accuracy of our green identification, we collect the seven most associated words
for each ESCO green word and conduct an association check. We find that more
than a quarter of our tasks simultaneously display a green word and one of its most
associated words. This check further confirms the effectiveness and the pertinence
of our green identification approach.

Green Importance; =

(1.1)

(1.2)

As a final validation step, we conduct a Jaccard similarities analysis to assess the
correlation between our green tasks and those listed by ESCO. The Jaccard index,
a measure of set similarity, compares the size of the intersection of sets to the size
of their union, yielding values between 0 and 1. A score of 0 implies no similarity,
while 1 signifies complete identity. Comparing the values for green tasks listed by
ESCO with our green and non-green tasks, we observed a statistically significant
higher similarity for the former (0.1 vs. 0.02). This suggests that our green tasks
are semantically closer to ESCO’s green skills.

We also develop a dummy indicator to identify High-Green occupations. An oc-
cupation qualifies for this designation if it involves at least two tasks classified as

8In our empirical sample, we identify 23,267 workers performing jobs that involve both green
and brown tasks simultaneously. Although these workers are included in the count of green jobs,
they represent less than 5% of the total, which amounts to 482,995 green jobs.
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“green“. Furthermore, both the importance and frequency of at least one green task
within that occupation must surpass the median value calculated across the entire
ICP (Occupational Information Network) database. This approach aims to select
occupations that not only involve more than one environmentally friendly task, but
also emphasize their significance and occurrence in comparison to the broader spec-
trum of occupations in the database. As a result of applying these criteria, we
identify 24 occupations as High-Green (we report all the 24 occupations and their
values in Table Al).

1.3.3 First macro comparison

This paragraph analyses the primary macro-level differences between the Content
Index and the Transcoded Index. Table 1.2 collects all the 5-digit green occupations
categorized by macro-occupation categories (1-digit CP2011). The distribution re-
veals some differences, but both indices display the highest portion of Green Jobs
among professionals, technicians and skilled workers. In particular, the Transcoded
Index green occupations are concentrated among professionals (27%), which are
highly skilled workers responsible for analyzing and making decisions on complex
issues. Similarly, within the Content Index, professionals account for over a quarter
of the green occupations, but in this case, the highest concentration of Green Jobs
is observable within technicians and associate professionals (27%). As expected,
clerical supporter workers, services and sales workers, and elementary occupations
display the lowest concentrations in both indices.

The main difference between the two classifications is the total number of Green
Jobs. The Transcoded Index shows 33 green occupations more than the Content
Index. In addition, when overlapping the two indicators, only 29 occupations are
green in both cases, indicating a low level of intersection. This evidence may suggest
that one of the two indices is not accurately capturing the greenness of jobs. Specif-
ically, it appears that the Transcoded Index could overestimate the number of green
occupations since it assumes that the tasks carried out by a specific occupation in
the US are identical in Italy. However, this assumption may not hold, as the Italian
labour market differs significantly from the US labour market.

In the next section, we will attach these two indicators to a labour force database
to further explore their differences.
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Occupation - 1 digit Percentage D.I. | Percentage C.I.
Legislator and managers 15% 8%
Professionals 27% 26%
Technicians and Associate Professionals 18% 27%
Clerical Support Workers 2% 0%
Services and Sales Workers 2% 6%
Craft, Skilled Workers and Farmers 19% 21%
Machine Operators and Vehicle Drivers 13% 6%
Elementary Occupations 5% 5%
Total Value 110 77

Table 1.2: Distribution of Green occupations across 1-digit macro-occupations

1.4 Descriptive Analysis

In this section, we provide a comprehensive overview of the data source employed
for our descriptive and econometric analysis. Subsequently, we will present a set of
fundamental descriptive analyses to highlight the distinctions between our indices
and the Transcoded Green Job index.

1.4.1 Comunicazioni Obbligatorie

To provide the comparison and highlight the disparities between the two indices, we
access the administrative micro-data provided by the Comunicazioni Obbligatorie
(COB). This unique dataset covers the period from 2010 to 2020°, offering compre-
hensive information regarding all job contracts established in this time-frame. It
is important to emphasize that in Italy, the private firms have to communicate all
the information concerning their employees’ contracts to the Ministry of Labour.
Consequently, each record within the dataset contains essential details regarding
both the employee and the employer. This includes the firm’s location, sector of
activity, occupation, age gender, nationality and level of education. Notably, the
occupational information is available at the highest detailed level, the 5th digit, en-
abling an exact association with our Content Green Job index. To the best of our
knowledge, this is the only dataset displaying such a level of granularity for Italy.

Furthermore, this dataset allows us to study workers’ employment history, providing
us with the opportunity of tracing their initial hiring position, the duration of their
employment and the eventual subsequent transformation of their initial contracts
over time. To accurately account for the effective duration of each job, we adopt
the concept of Unita di Lavoro/Anno (ULA), in which each contract is transformed
into an equivalent unit equal to 1 for full-time workers employed for an entire year.
In this framework, part-time work and seasonal work are therefore fractions of a
complete ULA. This approach allows us to properly weight each record within the
dataset based on the duration of the corresponding job. We have the capability to
track the status and developments of each record over the next two years, allowing
each record to contribute a maximum of 2 ULA. The richness of our data enables

9To avoid issues related to the economic shock caused by Covid-19, we restrict our analysis to
the period from 2010 to 2019.
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us to identify instances where permanent or temporary jobs conclude before their
expected termination. In this analysis, we have opted to exclude a specific green
occupation categorized under agricultural laborers (8.3.1.1.0). The reason behind
this exclusion lies in the fact that, while some of the tasks associated with this
occupation are unequivocally identified as green'® and this profession does not ex-
plicitly list brown tasks in its job activity descriptions within the ICP, there is a high
likelihood that individuals in this occupation may also encounter tasks associated
with pollution. Furthermore, the seasonal nature of this profession contributes to
several activations in the COB, potentially introducing confusion in our analysis.
Nevertheless, for those interested, we are willing to provide the analysis results if we
decide to incorporate this occupation into the green occupations category.

1.4.2 Descriptive Evidence

In Panel A of Figure 1.2, we present the trend analysis of the Transcoded Index, the
Content Index!'!, and the High-Green Index. In Panel a, we illustrate the proportion
of green ULASs relative to the total, while in Panel b, we depict the annual activation
volume of green ULAs.

Examining the figure, the Transcoded Index shows an upward trend over time,
particularly evident in the activated volumes. The latter displays some deviations,
such as the peak in 2015, which is also observable in smaller measures in the other two
indices. Conversely, the Content Index exhibits a relatively stable pattern through-
out our period of analysis, both in terms of proportions and volumes. Interestingly,
if we focus on the High-Green Index, our dummy indicator for the greenest oc-
cupations, we observe a decisive increase over the observed period (from 40,000
activations in 2010 to around 56,000 in 2019).
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Figure 1.2: Trend of green ULAs

Examining the sectoral distribution of the three indices reveals a diverse land-
scape (refer to Figure 1.3). When considering the proportion of green ULAs relative
to the total, the Content and High-Green indicators exhibit their highest levels in
agriculture (0.5 and 0.09, respectively). Conversely, the Transcoded Index indicates

10The tasks identified as green are: 1) plant trees or plants; 2) Prune the trees; 3) Monitor the
growth and health of plants.
1 For this index, we classify a job as green if it involves at least one green task.
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that the highest proportion of Green ULAs is observable in the industry and con-
struction sectors, accounting for around 32% and 27% of the total, respectively.
Analyzing the volumes of ULAs activated, the results show more similarities among
the indicators, yet some distinctions persist. While the services sector consistently
sees the highest number of ULAs activated across all measures, the Content Index
displays a relatively low number in the industry sector. However, the most signif-
icant differences emerge in agriculture, where the Content and High-Green indices
demonstrate high values of activations, whereas the Transcoded Index is close to
zZero.
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Figure 1.3: Sectoral distribution of green ULAs

These preliminary findings are sufficient to demonstrate that the indices capture
distinct proxies. However, we delve deeper into our analysis by providing descriptive
evidence related to gender, age, geographical dimension, and educational level.

Regarding demographic dimensions, all three indices exhibit the highest volumes
of activations among males. Nevertheless, differences emerge when examining the
workers” ages. While the transcoded index shows the highest ULA values among the
youngest workers (18-29 years), our indicators concentrate their activations among
workers aged between 40 and 49 years (refer to Figure Al in the appendix). The
geographical dimension is one of the most interesting results (refer to Figure 1.4).
While all three indices show their highest volumes in Lombardia, the Transcoded
index suggests that green ULAs are located almost exclusively in the northern re-
gions. In contrast, our two indicators reveal a heterogeneous distribution, with high
values observable also in central and southern regions, such as Campania and Tus-
cany. This divergence is likely connected to the previous findings on the sectoral
distribution of the indices. Finally, with regard to the educational levels of green
ULASs, an interesting pattern emerges (see Figure 1.5). The Content Index exhibits a
noticeable polarization, showcasing the highest relative values among workers hold-
ing either only a middle school diploma or a university degree, compared to the
Transcoded Index that display high proportion among workers holding high-school
diploma. On the other hand, when examining the High-Green Index, a different
trend appears where the percentage of low-educated workers seems to predominate,
with a limited representation of highly-educated individuals.
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Figure 1.4: Geographical distribution of the green ULAs actived by regions.
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Figure 1.5: Educational levels among green workers for the different indices.
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In conclusion, it is noteworthy to emphasize that our approach, directly grounded
in an exploration of the tasks performed by Italian workers, yields distinct results
when compared to the transcoded index, which relies on transcodifications from the
US list of Green Jobs. Our findings appear to be more aligned with the data from
ISTAT on eco-industries'?, exhibiting similar patterns to our content indicator. As
a result, in the subsequent analysis, we exclusively consider our novel indicators.

1.4.3 The Green Jobs within the EU taxonomy framework

In 2020, the EU taxonomy for sustainable activities become law. According to the
European legislator, this classification is essential to identify sustainable economic
activities and to canalize investments in the green sectors. The underlying goal
is reaching a net zero trajectory by 2050, therefore the identification of these sec-
tors is fundamental to help companies and investors in their investment decisions.
The taxonomy regulation recognizes six environmental goals: climate change miti-
gation, climate change adaption, sustainable use and protection of water, transition
to a circular economy, pollution prevention and control, protection and restoration
of biodiversity and ecosystem. An environmentally sustainable economic activity
should largely contribute to at least one environmental goal, while not harming any
other objective.

2available at the following website: https://www.istat.it/it/archivio/291997
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In this section, we gather information on the sectors included in the taxonomy
regulation and we add six dummies to our COB database, indicating whether a
worker carries out their job in a sustainable sector'®. As shown in Figure 1.6,
although the percentages of content and counterfactual workers!* involved in the six
taxonomy objectives are similar, High-Green workers appear to be the most engaged
in environmental goals in proportion. Notably, of the total High-Green workers,
more than 60% work in sectors that make a substantial contribution to the climate
adaptation goal. High percentages are also observed for the climate mitigation and
circular economy objectives, with 52.4% and 31%, respectively. Compared to the
counterfactual, the only taxonomy goal for which our High-Green index shows a
lower proportion of workers is biodiversity. However, this result could be related to
the way sectors are identified in the EU taxonomy for this specific objective, where
only three ATECO codes are recognized as making a substantial contribution, all of
which refer to touristic activities. In conclusion, this final analysis confirms again
the reliability of our High-Green index in capturing green jobs, suggesting that we
should primarily focus on it in the econometric section.

Figure 1.6: Distribution of the indices among EU environmental economic activities
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13The list of the environmental economic activities as defined by the EU taxonomy is available at:
https://ec.europa.eu/sustainable-finance-taxonomy/taxonomy-compass/the-compass

141n this paragraph, counterfactual workers are defined as those who, according to our previous
content analysis, do not perform any green tasks.
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1.5 Econometric analysis

In this section, we first explore the characteristics of green workers by adopting a
logistic model. Secondly, in connection to the initial definition of Green Jobs that
explicitly mentions job security (UNEP, 2008), our objective is to assess the impact
of greenness levels on this labor proxy. Subsequently, employing the exact matching
methodology, we aim to determine whether holding High-Green Jobs is associated
with a greater likelihood of having permanent positions. In the econometric analysis,
following the approach by Consoli et al. (2016), we restrict our focus to 3-digit
CP macro-occupation categories that include at least one green profession at their
subsequent levels. This step is necessary to avoid comparing professions that are
too different in terms of characteristics. By imposing this condition, we obtain a
unique dataset of 1,780,338 workers spanning from 2010 to 2019.

1.5.1 Features of Green Jobs

In this analysis, we utilized logistic regression to identify the key characteristics of
workers newly employed in green occupations. Within this framework, we define
individuals as “green® based on their prior identification as High-Green workers.

To preliminary explore the associations between our categorical predictors and
High-Green worker status, we generate stacked barplots illustrating the distinctions
between green and non-green workers (refer to Figure 1.7). In relative terms, the
features most strongly associated with Green Jobs include being male, holding a
temporary job, working in the southern regions of Italy or on the islands, and
possessing a lower level of education.
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Figure 1.7: Stacked barplots of our categorical predictors

In the logit model, we maintain the same variables while also introducing a
comprehensive set of dummy variables representing the 3-digit Italian occupation
categories and the 2-digit ATECO codes (refer to Table A2). All the variables
considered yield statistically significant results, affirming that males have a higher
probability than females of being employed in Green Jobs. Additionally, this initial
analysis reveals that Green Jobs are frequently associated with temporary positions
and are primarily undertaken by relatively older workers with lower levels of edu-
cation (lower than middle-school diploma), although the probability is higher for
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people holding a degree than a high-school diploma. The proportion of green work-
ers is notably higher in the southern regions of Italy and for people employed in
sustainable ATECO sectors as identified by the EU taxonomy.

1.5.2 Are Green Jobs also steady jobs?

In this analysis, we explore our continuous green indicators by employing an ap-
proach similar to that adopted by Consoli et al. (2016) in their study, which aims to
reduce the heterogeneity deriving from comparing vastly different macro-occupations.
The regression equation is as follows:

Y; = Bo + B1Green_Continuous; + B2 X; + CP3; + ATE2D; + ¢; (1.3)

Here, Y; represents a dummy variable indicating the type of employment contract
(permanent vs temporary jobs, where permanent = 1). Green_Continuous; is a
continuous variable that alternately refers to the importance and frequency values
of the Content Green Job index. X represents a set of control variables including
individual and occupational characteristics of each worker, such as gender, level of
education, geographical location and age. Lastly, C'P3 is a comprehensive set of
dummy variables for the 3-digit Italian occupation categories, and AT FE2D refers
to the ATECO economic sector at the second-digit level.

Our goal is to understand the relationship between the greenness level of an occupa-
tion and the probability of obtaining a permanent position. As shown in Table 1.3,
higher levels of both Green Frequency and Green Importance are associated with
a decreased probability of having a permanent job. All three models we employ
(OLS, logistic, and probit) confirm a negative and statistically significant relation-
ship. Consistent with expectations, being male, having a university degree, and
being older increase the likelihood of securing a permanent job. Additionally, work-
ing in a sector identified as sustainable under the EU Taxonomy is associated with
a lower probability of having a permanent job.
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Table 1.3: Continuous regressors

Dependent variable: Permanent Job

Variables OLS logistic probit OLS logistic probit
GT _frequency —0.117*** —0.793*** —0.448***
(0.005) (0.029) (0.017)
GT _Importance —0.120*** —0.826*** —0.470***
(0.005) (0.030) (0.017)
Male 0.020*** 0.147*** 0.087*** 0.020*** 0.148*** 0.087***
(0.001) (0.005) (0.003) (0.001) (0.005) (0.003)
High_School —0.005*** —0.036*** —0.017*** —0.005*** —0.036*** —0.017***
(0.001) (0.005) (0.003) (0.001) (0.005) (0.003)
University _Degree 0.022%*** 0.161*** 0.094*** 0.022%** 0.160*** 0.094***
(0.001) (0.008) (0.004) (0.001) (0.008) (0.004)
age25-29 0.043*** 0.442%** 0.237*** 0.043*** 0.442%** 0.237***
(0.001) (0.010) (0.005) (0.001) (0.010) (0.005)
age30-34 0.090*** 0.792%** 0.430*** 0.090*** 0.792*** 0.430***
(0.001) (0.009) (0.005) (0.001) (0.009) (0.005)
age35-39 0.098*** 0.860*** 0.468*** 0.098*** 0.860*** 0.468***
(0.001) (0.009) (0.005) (0.001) (0.009) (0.005)
aged0-44 0.104*** 0.908*** 0.497*** 0.104*** 0.908*** 0.497***
(0.001) (0.010) (0.005) (0.001) (0.010) (0.005)
aged5-49 0.105*** 0.918*** 0.502*** 0.105*** 0.918*** 0.502%**
(0.001) (0.010) (0.005) (0.001) (0.010) (0.005)
ageb0-54 0.110*** 0.954*** 0.522%** 0.110*** 0.954*** 0.522%**
(0.001) (0.010) (0.006) (0.001) (0.010) (0.006)
agebb-5H9 0.113*** 0.979*** 0.536*** 0.113*** 0.979*** 0.536***
(0.001) (0.011) (0.006) (0.001) (0.011) (0.006)
age60-64 0.071*** 0.632*** 0.343*** 0.071*** 0.632*** 0.343***
(0.001) (0.013) (0.007) (0.001) (0.013) (0.007)
greenSector —0.011%** —0.082%** —0.049*** —0.011%** —0.082*** —0.049***
(0.003) (0.017) (0.010) (0.003) (0.017) (0.010)
Constant 0.330%** —2.207** —1.104*** 0.329*** —2.214%** —1.108***
(0.010) (0.053) (0.030) (0.010) (0.053) (0.030)
Controls YES YES YES ‘ YES YES YES
Observations 1,755,109 1,755,109 1,755,109 1,755,109 1,755,109 1,755,109
Adjusted R? 0.164 | 0.164

Notes: standard errors in parentheses are robust. Sector, macro-profession and regions fixed effects included in all
models. *** ** and * indicate 1%, 5%, and 10% significance level, respectively.

1.5.3 A matching analysis

In continuation of the previous analysis, and in an effort to address potential sources
of bias comprehensively, we extend our investigation by employing exact match-
ing. Specifically, we match ”High-Green” workers with similar characteristics to
"no-green” workers, utilizing variables such as gender, age class, education level,
macro-region, 3-ISCO digit categories, and belonging to EU taxonomy sustainable
sectors. With a substantial dataset comprising around 1.8 million workers, approx-
imately 71,936 are identified as ”High-Green.” Following exact matching, any units
in sub-classes lacking either treated or control units are excluded. Despite discard-
ing 22,862 High-Green observations due to the exact matching criteria, this step is
justified. Indeed, post-matching analysis reveals that over 17,000 of the excluded
workers belong to the CP-3 digit 8.3.1 category, where there are no ”"no-green”
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workers. Eliminating this specific group is deemed appropriate, as they likely differ
significantly from others.

Exact matching is a non-parametric method that ensures perfect balance in ob-
served covariates by creating matched groups with identical characteristics. This
approach eliminates bias from measured confounders, making it a powerful tool for
causal inference. However, it comes at the cost of reduced sample size, as obser-
vations without exact matches are discarded. This trade-off between balance and
efficiency is particularly relevant when working with large datasets, as seen in our
study. While exact matching minimizes model dependence, it does not account for
unobserved confounders, which could still bias our estimates.

The mean difference between the treated and control groups is -0.028 (95% CI
[-0.0363; -0.0336], p < 2.2e — 16), suggesting that, on average, being a High-Green
worker leads to a slight reduction in the probability of obtaining a permanent job.
One possible explanation is that High-Green jobs might be concentrated in roles
characterized by more flexible contracts. Furthermore, the relative novelty of some
of these occupations may result in extended transition periods before workers secure
permanent employment.

To confirm our findings, we also conducted 1:1 nearest neighbor matching with-
out replacement, which yielded a mean difference of -0.01 (95% CT [-0.0089; -0.0015],
p = 0.0058). While this alternative method preserves a larger sample size, it may
introduce imbalances in covariates compared to exact matching. Nevertheless, the
direction of the effect observed with exact matching is confirmed, reinforcing the
robustness of our results.

As a latter robustness check, we exclude from the counterfactual group the ob-
servation that results to be green jobs according to the Transcoded Index. In this
case, we compare the average difference in the proportion of permanent employment
between treated and control units at the subclass level, following exact matching.
Consistently with previous findings, the result indicates a statistically significant
negative effect of High-Green jobs on the probability of having a permanent con-
tract of of -0.024 (95% CI [-0.0390, —0.0100], p = 0.0009). This suggests that, on
average, High-Green jobs holders have a 2.4 percentage point lower likelihood of
holding a permanent position within matched subclasses.

Although the difference in means between High-Green and non-High-Green work-
ers is relatively small, making it difficult to assert a definitive causal negative effect
on the probability of obtaining a permanent job, our analysis provides no evidence
supporting a positive association between High-Green status and job stability. These
findings contribute to the broader discussion on green jobs by highlighting potential
labor market frictions faced by workers in sustainable sectors, emphasizing the need
for further investigation into job quality and career trajectories within these fields.
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Table 1.4: Whole sample stratified by highGreen

0 1 SMD

n 1708402 71936
genere = M (%) 976389 (57.2) 64302 (89.4) 0.782
macro_regione (%) 0.312

north-west 428905 (25.1) 11461 (15.9)

north-east 377920 (22.1) 12639 (17.6)

central 353418 (20.7) 15493 (21.5)

south 384780 (22.5) 22282 (31.0)

islands 163379 ( 9.6) 10061 (14.0)
classe_eta (%) 0.285

18-24 202787 (11.9) 6647 ( 9.2)

25-29 224466 (13.1) 7094 ( 9.9)

30-34 245302 (14.4) 7866 (10.9)

35-39 248562 (14.5) 8695 (12.1)

40-44 239856 (14.0) 9580 (13.3)

45-49 208518 (12.2) 10050 (14.0)

50-54 156363 ( 9.2) 9326 (13.0)

55-59 102166 ( 6.0) 7319 (10.2)

60-64 80382 (4.7) 5359 ( 7.4)
istruzione (%) 0.583

middle_school 735664 (43.1) 47636 (66.2)

high_school_diploma 512132 (30.0) 18634 (25.9)

university_degree 460606 (27.0) 5666 ( 7.9)
isco-3 (%) 2.488

1.1.2 4652 (0.3) 3 (0.0

1.3.1 7988 ( 0.5) 0 ( 0.0)

2.1.1 30489 (1.8) 496 ( 0.7)

2.2.1 12043 ( 0.7) 0 (0.0)

2.2.2 1827 (0.1) 343 ( 0.5)

2.3.1 12297 (0.7) 676 ( 0.9)

2.4.1 11850 (0.7) 0 ( 0.0)

2.5.1 54637 (3.2) 89 (0.1)

2.5.3 5516 (0.3) 11 ( 0.0)

2.6.3 257381 (15.1) 0 ( 0.0)

3.1.1 6853 (0.4) 0 (0.0)

3.1.3 35998 (2.1) 0 (0.0)

3.1.4 1552 (0.1) 427 (0.6)

3.1.6 4186 ( 0.2) 0 ( 0.0)

3.1.8 3120 (0.2) 2289 ( 3.2)

3.2.1 74756 ( 4.4) 0 (0.0)

3.2.2 2558 (0.1) 93 (0.1)

3.4.1 28632 ( 1.7) 0 ( 0.0)

3.4.6 289 ( 0.0) 5 ( 0.0)

5.4.8 69174 (4.0) 1 (0.0)

6.1.3 84034 (4.9) 2013 ( 2.8)

6.1.4 15041 (0.9) 0 (0.0)

6.1.5 141385 (8.3) 982 ( 1.4)

6.2.1 77839 (4.6) 0 ( 0.0)

6.2.4 55364 (3.2) 0 (0.0)

6.4.1 170020 (10.0) 0 ( 0.0)

6.4.3 846 ( 0.0) 0 ( 0.0)

6.4.4 617 (0.0) 7585 (10.5)

6.5.3 54605 ( 3.2) 0 ( 0.0)

7.1.5 6421 ( 0.4) 0 ( 0.0)

7.1.6 1463 (0.1) 1800 ( 2.5)

7.3.2 18214 ( 1 1) 0 (0.0)

7.4.3 18183 ( 2084 ( 4.1)

8.1.4 4321 25 3 22130 (30.8)

8.3.1 %8% 17393 (24.2)

8.3.2 6434 ( 12616 (17.5)




1.6 Conclusions

In this work, we have proposed a new approach to selecting Green Workers and
continuously evaluating their level of “greenness” within the Italian labor market.
Building on previous research based on the U.S., we developed a set of new task
indicators aimed at identifying High-Green Jobs and measuring their greenness lev-
els in terms of both importance and frequency. This approach represents a novelty
within the Italian context, as until now, the only available measures were based
on transcriptions from U.S. occupation codes. In this paper, we directly compare
the two approaches, showing that our proposed indicators appear to better identify
green occupations. While our measures already demonstrate a higher degree of ac-
curacy compared to previously used institutional statistics, we believe that future
research could further enhance their efficiency by adopting more advanced machine
learning techniques.

Additionally, in this work, we conducted an econometric analysis of the Italian la-
bor market using the COB dataset. By dividing our sample into High-Green and
non-High-Green workers, we first explored the characteristics of High-Green work-
ers in Italy. Contrary to expectations based on the formal UNEP definition, green
workers appear to be more frequently associated with lower levels of education and
temporary employment. Furthermore, we observe a higher percentage of males,
predominantly concentrated in the poorer regions of Italy. To address the issue of
job security, we performed an analysis using various econometric specifications to
explore the association between the greenness level of an occupation and the likeli-
hood of being employed in a permanent position. Surprisingly, all the relationships
between our continuous green indicators and the dummy variable indicating perma-
nent positions were negative. Lastly, to refine the previous analysis, we conducted
a matching analysis based on a High-Green dummy, selecting only workers highly
involved in green tasks as green. While the negative effect was slightly reduced in
this case, there was still a negative and statistically significant association with the
probability of holding a permanent job.

From a political perspective, this result could pose a significant challenge. In a labor
market like the Italian one, which has undergone progressive reforms over the past
decades to increase job flexibility Cirillo et al. (2017), ceteris paribus, green jobs
appear to be characterized by an additional layer of precariousness. This presents
a dual concern. On one hand, while a minority of workers may actively prefer tem-
porary positions, the majority accept them primarily due to the scarcity of stable
employment opportunities (Morris and Vekker, 2001). As a result, green jobs risk
being perceived as less attractive compared to alternative career paths. On the other
hand, from a firm-level perspective, empirical studies on Italy suggest that tempo-
rary contracts negatively affect workers” motivation and effort, ultimately reducing
firm productivity (Boeri and Garibaldi, 2007; Battisti and Vallanti, 2013). These
findings underscore the need for targeted policy interventions to ensure that green
jobs contribute to both environmental sustainability and labor market stability.

In conclusion, our work represents a methodological innovation in the study of
Green Jobs. For the first time, we propose a set of green measures directly built
on Italian task data, allowing us to explore the real characteristics of each Italian
profession. Additionally, our applied analysis is crucial in understanding that, while
Green Jobs are popular in political and economic discussions, their characteristics
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may not be as favorable for Italian workers.
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Chapter 2

Robot, Trade and Employment:
unravelling the relationship within
the European context!

2.1 Introduction

Industrial robots stand as one of the most widespread technological innovations
within the manufacturing sectors. According to the latest report by the Interna-
tional Federation of Robotics, in 2022 there were almost 4 million industrial robots
operating worldwide (IFR, 2023). With such high numbers of worldwide robot adop-
tion together with the increasing adoption of technologies like Artificial Intelligence
(AI) and Internet of Things (IoT), the issue of how new technologies impact the
labor market arises once again. The concept of “technological unemployment” of-
ten takes centre stage when significant technological advancements occur over the
history (Keynes, 1930).

After the alarming projections put forward by the seminal paper by Frey and
Osborne (2017) with respect to potential job losses caused by computerization, later
explorations of the data did not report unanimous results. In particular, focusing
our attention on robots’ effect, a blurred picture emerges. Most of the papers in-
vestigating the amount of their labour-replacing effects, report both positive and
negative results (Acemoglu and Restrepo 2020; Graetz and Michaels 2018; Adachi
et al. 2024). As evidenced by Filippi et al. (2023) not unanimous results depend
on the heterogeneity of the countries analyzed (e.g., the US vs. European countries
or Japan) as well as the different levels of analysis (country vs. sector or firm-level
data).

From a theoretical point of view, as discussed by Aghion et al. (2022) and firstly
evidenced in the paper by Acemoglu and Restrepo (2019), the adoption of robots
can lead to two opposing effects. On one side, productivity could rise, resulting
in increased labour demand and higher wages. Conversely, we could observe dis-
placement effects due to the substitution of labour with machines: this effect could
partially be more relevant for low-skilled workers.

IThis work is co-authored with Professor Chiara Franco from the University of Pisa and has
been published in Structural Change and Economic Dynamics. Franco, C., & Suppressa, F. (2025).
Robot, trade and employment: Unravelling the relationship within the European context. Struc-
tural Change and Economic Dynamics, 73, 407-422.
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Furthermore, the impact of robot is not confined only to internal production ac-
tivities but also to international ones, such as exports (DeStefano and Timmis 2024;
Alguacil et al. 2022). Nevertheless, a still not wide literature has started to investi-
gate whether the robot adoption can have effects not only on exports or employment
dynamics within the adopting countries, but also on other trade-connected countries
following the lines of Global Value Chain (GVC) relationships. In this respect, the
channels producing the final effect are still twofold. Firstly, robot adoption can en-
hance the competitiveness of adopters, primarily by reducing labor costs. This can
lead to the domestic sourcing of goods, mainly intermediate goods, that were previ-
ously imported from less developed countries where they were produced at a lower
cost. It means that production (or part of production) abroad may be substituted
with production at home (Rodrik, 2018), possibly generating a decrease in demand
for low-skilled labor force, which previously constituted the bulk of demand in de-
veloping countries. Secondly, robotization may also expand the production scale,
leading to greater demand for input sources, especially intermediates, that can come
from abroad (Baur et al., 2022). Conversely, this should act as a boost to the foreign
employment dynamics.

From an empirical point of view, these channels have been proved to be at work
in some studies investigating whether robot investment in developed countries may
generate adverse employment impacts on developing or emerging countries (e.g.,
Faber 2020; Stemmler 2023; Kugler et al. 2020; Carbonero et al. 2020; Gravina and
Pappalardo 2022; Diaz Pavez and Martinez-Zarzoso 2024). It is confirmed that nega-
tive employment impacts can occur on trade partners: as developed countries invest
in automation, they might choose to bring back previously offshored production,
potentially reducing employment in developing nations.

Still, a comprehensive analysis on whether this phenomenon can hold for the
overall European context is missing.

To address the limitations evidenced above, in this paper we put ourselves into
the stream of literature dealing with the impact of robot adoption on employment,
but considering how trade relationships may play a role. In this perspective, our first
contribution is to develop an innovative measure of robots diffusion through GVC
linkages. It represents a comprehensive indicator that can concurrently assess the
level of industrial robot penetration in the five major European economies (France,
Germany, Italy, Spain and the UK) and the extent to which other European nations
export to these five top countries satisfying their final demand. Using this novel
indicator built through OECD Trade in Employment (TiM) dataset, we estimate
the effects of robot investments in the Top 5 European economies on the employ-
ment dynamics of other European countries. Specifically, robot adoption for each
Top5 country is weighted through a measure of GVC relationship characterized by
the novelty of accounting for employment content: in particular, it describes the
proportion of a country’s workforce that is employed to meet final demand from
the Top 5 economies, relative to its total workforce involved in export activities.
This approach has never been adopted so far also in those studies adopting a GVC
perspective (e.g. Gravina and Pappalardo 2022).

A second contribution is the perspective we use to analyze the European context:
as evidenced before, most of the studies using the GVC approach, investigate the im-
pact of robot adoption in developed countries with respect to developing countries.
Instead, we focus on an intra-European perspective involving mainly developed na-
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tions: we specifically focus on these five countries firstly because, from an economic
point of view, they accounted for around 63% of the total GDP produced by the
European countries selected in our study in 2018. In addition, in terms of imports,
these countries represented more than half of the EU total?. On the other side, they
are also the leaders in terms of robotization. Focusing on 2018, their operational
stocks accounted for around 72% of the total in our sample, while at the beginning
of the period under observation (1995), their share was up to 83%. In sum, these
countries represent within FEurope the most important productive and large trade
hub.

Our main results point to a positive impact of robot investments in the Top five
European economies in affecting the change in employment. We think that this
impact can be generated by a couple of motivations: the first is that the task com-
position of labour of countries and sector that participate in the GVC are different,
thus the amount of employment can be higher where the task composition of job is
biased towards low skilled or routine occupations. Not surprisingly, in line with the
results reached by Graf and Mohamed (2024), the sensitivity analysis we run shows
that this impact is mainly driven by low-income Furopean countries. A second mo-
tivation, refers to the evidence of higher GVC integration of European countries
which is not matched by a converging trend of functional specialisation. It means
that also within a quite homogeneous group of countries, the trade-related employ-
ment impacts can still vary because of production and technological structures that
mirror a hierarchical positioning of European countries.

The remainder of this paper is organized as follows. Section 2 gives an overview
of the existing literature on the impact of robotization on employment within and
outside the adopting country. Section 3 describes the data we use in our empirical
analysis and the construction of our novel indicator. Section 4 and 5 provide our
main estimation results and further analyses. Finally, in section 6, we discuss our
findings and we offer some conclusive remarks.

2Authors’ computations based on FEurostat data available at the following link:
https://ec.europa.eu/eurostat/databrowser/view/nama_10_gdp__custom_11396345/
default/table?lang=en, refers to Figure Bl in the appendix.
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2.2 Overview of the Literature

2.2.1 Robot and Employment

The role industrial robots may play in affecting employment dynamics has been ex-
tensively analyzed. The heterogeneity of the results is evidenced in recent literature
reviews (e.g., Filippi et al. 2023), in which it is explained how different research
methods and level of analysis as well as the types of industries and countries studied
can greatly affect the findings in these investigations. These divergent outcomes
highlight the complexity of the relationship between industrial robot adoption and
employment dynamics. Even though in their descriptive work Fernandez-Macias
et al. (2021) claim that the potential to be a disruptive technology seems not so
relevant in Europe, except in a few sectors, still this impact needs to be carefully
evaluated.

As evidenced in the introduction, the theoretical mechanisms at the base of
the robot-employment nexus are rooted into the “displacement” vs “productivity”
effect: as Acemoglu and Restrepo (2019) explain, on the one side, automation may
negatively impact employment because of higher number of tasks that can substitute
labour with capital. On the other side, automation may also generate and increase
in productivity that may further enhance labour demand for those tasks that are
not substituted.® Which of the two effects is going to prevail remains an empirical
matter. Aghion et al. (2022) confirm these two opposing view in their review but
also providing firm-level empirical evidence for France in favour of the most positive
one.

Indeed, most of the research conducted at the country-sectoral, regional or firm
level in various countries has generated mixed results. The European case is the most
studied. Graetz and Michaels (2018) is the first work utilizing a sectoral approach
in the analysis of the European labour market: they observe no notable connec-
tions between the adoption of industrial robots and overall employment levels even
though observing a decline in the share of low-skilled labour. Klenert et al. (2023)
reveal partially different findings for Europe as their work does not yield significant
evidence concerning the reduced share of low-skilled workers but, instead, shows a
positive association between total employment and robot adoption®. Similarly,Reljic
et al. (2023) evidence how the impact of robotization in Europe is not homogeneous
as we may expect, but, instead, positive employment effect can be found only in
core and service oriented countries, while the peripheral countries are not affected
by such trend. Similarly, Chen and Frey (2024) through a comparison over eight
European countries, report for Italy, Norway, and the UK significant employment
losses while Germany, Denmark, Finland, and Spain do not show significant results.

In contrast, Acemoglu and Restrepo (2020)’ study on the United States adopts
a different approach, concentrating on the local labor market as the unit of analysis.
Their results indicate that an additional robot per thousand workers corresponds to

3They go further in considering this effect not just a simple “productivity effect” but they call it
a “reinstatement effect” as it may create new tasks potentially altering the balance between labor
and capital in favor of labor.

4Anton et al. (2022) focus on Europe as well, but adopting a regional perspective highlighting
two different patterns: during the initial analysis period from 1995 to 2005, they observed a negative
association between robotization and European employment levels but this relationship evolved
into a positive association in the following period from 2005 to 2015.
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a decline of 0.39 percentage points in the local employment-to-population ratio. A
rather different picture, using a similar econometric methodology, emerges for the
Japanese case: Adachi et al. (2024) shoe an increase in employment following robot
adoption.

Further streams of the literature offer an overview of this multifaceted phe-
nomenon that can help in focusing the channels at work: for example, De Vries
et al. (2020) adopting the perspective concerning the types of jobs affected by robo-
tization, show that workers employed in non-routine cognitive tasks are those gaining
the highest benefits to the detriment of those employed in routine tasks. However,
mainly high-income countries within Europe display such effect. A further in depth
cross-country analysis in this line of research with reference to the European case
is performed by Bachmann et al. (2024) who study: by assigning two-digit industry
level data into two-digit occupation specific data they are able to study the mech-
anisms behind the final impact on employment at the workers’ level. They reveal
how decomposition of job tasks is a crucial factor to consider together with labour
costs: in countries, like those of Central and Eastern Europe, where the labour costs
is low or average, robot exposure is favourable for workers employed in occupation
intensives in routine manual or routine cognitive tasks.

Giving emphasis to the perspective dealing with the impact on workers are a
couple of papers on single countries: Dauth et al. (2021) using administrative data
set show that in Germany exposure to robots generates in displacement effects within
the manufacturing sector. However, these job losses are completely compensated
for by the creation of new jobs in the service industry®. Dottori (2021) explores the
case of Italy finding that robotization does not have a negative impact on overall
employment even though it has reduced the likelihood of new workers entering the
manufacturing sector.

At the firm level, several studies indicate a positive association between robot
adoption and both productivity and employment levels. Koch et al. (2021), using a
panel data set of Spanish manufacturing firms, show that an increase in the output is
accompanied by a net increase in job creation at a rate of 10%. They also underline
substantial job losses among companies that choose not to adopt robots, leading
to a productive redistribution of labour from non-adopting firms to adopting ones.
Focusing on French manufacturing firms, Domini et al. (2021) find similar evidence
on employment dynamics that can be attributed to both an increased rate of hiring
and a decreased rate of employee separations. Similarly to the German case, Kariel
(2021) evidences that in the UK jobs lost in manufacturing are recovered in services.
However, not all firm level studies are unanimous in finding positive results (see
Acemoglu et al. 2020). China is a specific case analyzed because of its massive and
still increasing rate of adoption: Zhang et al. (2023) show a large positive effect on
overall employment.

In this quite large and still evolving literature, despite the heterogeneity of results
the common empirical focus is on the mechanisms through which robotization mainly
generates possible impacts within the country of adoption. From our point of view, it
is interesting to note that the European case can not be considered as homogeneous
group of countries, but the production structure and the sectoral specificity of each
country may generate different effects. We underline this point because, in our

SFurthermore, the study indicates that robotization leads to the emergence of new roles and
responsibilities for workers within their original manufacturing plants
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interconnected world, there is another side of the coin that needs to be explored: to
comprehend the intricacies of the relationship between robots and employment, it is
fundamental to consider also whether the impact of robots can go beyond borders
as a consequence of globalization of production. This may be relevant to study in
our sample of countries considering that Europe is highly commercially connected
within itself.

2.2.2 Robot and Employment in a trade context

While the widespread adoption of industrial robots has primarily been observed in
high-income countries, the effects of robotization extend far beyond national bor-
ders: the increasing fragmentation of production deploying through GVC also causes
robots to impact trade related countries. From a theoretical point of view, we can
discern two primary channels through which robotization can impact employment
dynamics through trade. The first pathway regards a shift of relative production
costs: automation adoption could reduce production costs for high-income nations,
eroding the labour cost advantage traditionally held by less developed countries in
the production of labour-intensive goods. Consequently, a phenomenon often re-
ferred to as “re-shoring” may emerge, involving the relocation of production units
from developing countries to high-income nations. Naturally, this dynamic could re-
duce imports and negatively affect employment in less developed countries (Rodrik,
2018). On the other side, a contrasting trend may emerge as well: as robot adop-
tion frequently leads to increased productivity, adopting firms often requires more
intermediate inputs that can be sourced from third countries. A greater demand of
intermediate inputs thus generates great benefits also in terms of employment (Ar-
tuc et al., 2023). This theoretical ambiguity reflects heterogeneity in the empirical
results. Adopting a macroeconomic approach to explore the presence of a reshoring
effect Krenz et al. (2021) and Krenz and Strulik (2021) both find positive results
in developed and emerging countries, but without estimating whether reshoring can
cause a loss in employment from sourcing countries®. A step toward the understand-
ing of the impact on employment dynamics is offered by Carbonero et al. (2020) who
show that robot diffusion has caused a general reduction in global employment, es-
pecially concentrated in emerging economies. Specifically, focusing on cross-country
effects, robot adoptions in high-income countries negatively affect developing coun-
tries’ labour markets, suggesting a possible pattern of re-shoring. Reinforcing the
evidence on the reshoring channel is the paper by Gravina and Pappalardo (2022)
who employ an approach similar to ours: by building an index accounting for the
spreading of robots through GVC at the country-sector level, they point out that
robotization in Europe negatively impacts emerging countries’ employment share,
especially for Asian economies.” Studies accounting for the case of emerging coun-
tries are increasing as well: Diaz Pavez and Martinez-Zarzoso (2024) find that foreign

6Similarly, the paper by De Backer and DeStefano (2021) reveals that investments in robots
reduce the need for offshoring from developed countries but without finding an emerging pattern
of reshoring. The impact on employment dynamics is not examined as well.

"In both papers, the approach is different from our measure; first, the exposure to foreign
robots is calculated using a trade-weighted average of robots from developed countries without
considering the employment content of exports; secondly it is not considered whether exports
satisfy the final demand of destination countries, reflecting a GVC linkage that with trade data
can be underestimated.
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exposure to robots have negative impacts on employment and labour share rather
than the amount of robots adopted locally. Similarly to Carbonero et al. (2020) they
provide a trade-weighted measure of the foreign exposure. Different and contradict-
ing results come from studies at the firm level: for example, Stapleton and Webb
(2020) investigate the consequences of automation in Spain on imports and multina-
tional operations, including nations with lower income levels. Their findings reveal
that companies adopting robots in Spain tend to increase both the value of imports
from lower-income countries and the establishment of new affiliates in those regions.
This result proves that the second channel identified, that of productivity, can be
at work as the integration of robotic technology positively influences the extensive
margin of trade and multinational projects®. Analyzing the same country, Cilekoglu
et al. (2024) find similar results as robot adoption positively impact on the amount
of foreign rather than local sourcing. The occurrence of the productivity effect is
confirmed both at the sectoral level (e.g. Graetz and Michaels 2018) but also at the
firm level. Stiebale et al. (2024)find that only large firms (superstar) increase their
productivity. Similar results are found by Bonfiglioli et al. (2024), who evidence
that for France there are labour productivity increases as well as higher demand for
high-skill professions. Beyond European case, this positive effect has been detected
also for the Chinese case. Duan et al. (2023) find that through improvements in both
the human capital structure and the innovation capability of firms, productivity can
rise (especially in non-state-owned and small scale firms).? In line with the work by
Graetz and Michaels (2018), Fu et al. (2021) using country level data report that
higher labor productivity induced by robot adoption is shown in developed countries
but not developing ones.
Further evidence, but rather confirming the first channel of the likely reshoring ef-
fect, comes from Faber (2020) who examines the impact of robot adoption in the US
on employment dynamics in Mexico. The study confirms that an increasing rate of
robot adoption in the United States leads to decreasing employment opportunities in
Mexico while simultaneously increasing the number of employees in the US. Stemm-
ler (2023) for Brazil find comparing results for manufacturing sectors in Brazil while
a positive effect is detected for sectors producing raw materials. Kugler et al. (2020)
evidence that reshoring back production is again one of the main motivation for the
negative employment impact for those sectors that in Colombia are most exposed
to US automation adoption.*’

In conclusion, different studies report different parts of the story about the link-
age between the adoption of robots in a country (or groups of countries) and their
impact on trade-connected countries. For this reason, the need to account for the

8Still connected with the trade topic but conducting an analysis on the direct impact on export
is the work by Alguacil et al. (2022) who demonstrated that in Spain, firms using robots experience
a substantial increase in their probability of exporting, export sales and the proportion of exports
in their overall output.

9This positive relationship in the Chinese case has been detected in other related studies (Wang
et al., 2024; Zhang et al., 2023).

0Even though not directly estimating the employment impact on foreign countries, Fontagné
et al. (2023) further explores the relationship between technology adoption, GVC and labor dy-
namics across European countries. Their main findings reveal that, while robot adoption does
not have a direct impact on labour share, they have, instead, an indirect effect altering the GVC
position by increasing the degree of upstreamness of production tasks. This works puts into ev-
idence that automation adoption and international production dynamics are strictly interrelated
to explain employment dynamics.
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high fragmentation of production that GVCs have brought, giving a more precise
measure of the likely effect of spreading of technology through trade linkage, can
become relevant for the final effect to occur. One step in this direction is done by
Graf and Mohamed (2024): examining only the German case they estimate whether
domestic robot adoption can impact employment content of countries that export
to Germany over the years 2004-2015. They acknowledge a positive effect espe-
cially guided by low-tech sectors and non-OECD countries. We go a step further by
adopting a similar perspective and enlarging our analysis on the Top five European
economies through the same data as Graf and Mohamed (2024), but using them to
build a different trade-weighted measure of exposure to foreign robots.
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2.3 Data

This section provides a comprehensive overview of the data sources employed in this
study and the original database we built based on them. Subsequently, we present
a new indicator designed to simultaneously measure the level of industrial robot
penetration in the five major European economies (France, Germany, Italy, Spain
and the UK) and assess the extent to which other European nations rely on these
Top five economies for their exports.

2.3.1 Data Sources

In this work, we integrate various sources of data at the country-sectoral level.
One of our primary sources is the Trade in Employment (TiM) database provided
by the OECD!!. This database provides a collection of labour market indicators
designed to clarify the complexities of global production networks and supply chains.
Indeed, looking at the estimation of workers embodied in foreign final demand, we
can estimate the extent to which a specific country-sector workforce depends on
and integrates with foreign economies. All the indicators are developed starting
from the 2021 OECD’s Inter-Country Input-Output (ICIO) Tables'?. In addition,
recent estimates of employment and employees’ compensation by industrial activity,
taken from official sources, are integrated into the computation. The TiM database
provides indicators for 45 individual industries, categorized according to the ISIC
Rev.4 classification, across approximately 50 countries. The period spans from 1995
to 2018. This database has never been employed before (with the exception of
Graf and Mohamed 2024) to investigate such a research question: we think this is
particularly suitable to this purpose as it catches the amount of work embodied in
trade flows.

The second source, from which we extrapolate data on industrial robots, is the
International Federation of Robotics (IFR) database. This dataset contains com-
prehensive information on industrial robot stocks at the country-sector level. The
robots cataloged in this dataset fall within the definition established by the Inter-
national Standards Organisation. According to this definition, a robot is charac-
terized as “automatically controlled, reprogrammable, multipurpose manipulator,
programmable in three or more axes, which can be either fixed in place or fixed to
a mobile platform for use in automation applications in an industrial environment”
(ISO, 2012)'3. IFR offers annual statistics on the operational stock of industrial
robots by country and industry, starting from 1993.

Lastly, to incorporate control variables into our econometric estimations, we
extract indicators such as GDP, labour costs, fixed capital, hours worked and imports
from China from the Database for Structural Analysis (STAN) developed by the
OECD. Economic sectors are classified based on the ISIC Rev.4 classification, like
in the TiM database.

1'We refer to the 2021 version of the database, available at the following link: https://stats.
oecd. org/Index .aspx?DataSetCode=TIM_2021

2gee http://oe.cd/icio

13These machines are primarily tailored for functions such as material handling, machine tending,
welding, soldering, assembly, and disassembly. The industries are classified following the Interna-
tional Standard Industrial Classification for all economic activities, reaching a three-digit level for
manufacturing industries.
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We need to properly merge the three datasets described above to conduct our
analysis. Specifically, we focus on 22 European countries (in our work, Europe is
defined by its geographical dimension rather than economic union) and 20 economic
sectors. In Table 2.1, we report a comprehensive list of the countries utilized in
our analysis, while in Table B1 there are the selected IFR sectoral code and the
corresponding ISIC code. To transition from the IFR sectoral code to the ISIC
classification, we employ the conversion table outlined in Jurkat et al. (2022). By
merging the three data sources, we obtain a unique panel database containing 11,040
observations covering a time-period from 1995 to 2018.

Table 2.1: List of European Countries included in our analysis

Selected Countries Austria; Belgium; Bulgaria; Croatia; Czech Republic;
Denmark; Estonia; Finland; Greece; Hungary; Ireland;
Latvia; Lithuania; Netherlands; Norway; Poland; Roma-
nia; Slovakia; Slovenia; Sweden; Switzerland; Turkey

Top 5 Economies France; Germany; Italy; Spain; United Kingdom

2.3.2 Top5 Robot Adoption and Export Dependence Index

One of the major novelty in this study is the introduction of the Top5 Robot Adop-
tion and Export Dependence (TRAED) Index. As discussed extensively in the lit-
erature review, understanding the intricate interplay between robots, employment,
and trade is a difficult task. While analyzing the separate relationships between
robots and employment and robots and trade could simplify the analysis, it may
also result in a fragmented perspective. The TRAED index, by design, avoids this
fragmentation by integrating both dimensions into a single indicator serves a dual
purpose: it quantifies the level of industrial robot penetration in the Top five Euro-
pean economies while also evaluating the extent to which other European nations
rely on these dominant economies for their export activities.

For each economic sector i, country ¢ and time ¢, the TRAED indicator is defined
as follows:
FFD_DEM _Topb,; 1995

>, FFD_DEM..; 1995

TRAED.,, = log]( x RD_Top5, ) + 1] (2.1)

where:

e FFD DEM Top5,;1995: The Domestic Employment Embodied in Foreign
Demand of Top 5 countries represents the number of persons (in thousands)
in country ¢ and industry ¢ employed to meet the foreign final demand in
the Top five European economies in 1995. To build this measure, we have
taken the sum of the workers of country ¢ embodied in the foreign demand of
Germany, France, Italy, Spain, and the UK ;

e FFD_DEM,; 1995: the Domestic Employment Embodied in Foreign De-
mand is the number of persons (in thousands) engaged in industry 7 in coun-
try ¢ to fulfil final demand for goods and services in country p (set of all the
countries commercially related to country c). It refers to 1995;
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e RD Top5: the robot density in the Top five European economies is calculated
as the number of robots per 1,000 workers.

. FFD_DEM_Top5, ;
The fraction ,i,1995
=, FFD DEM.; 1995 ’

signed to each country; henceforth, we will refer to it as “Top 5 dependence”. This
variable quantifies the proportion of workers engaged in the production of final prod-
ucts for the Top 5 European economies relative to the total workforce involved in
export activities during the initial period. We fix the export-dependence shares to
1995 for several reasons:

within our equation, represents the weight as-

e Data availability: 1995 is the first year available in the OECD’s TiM dataset.

e Avoiding endogeneity: By fixing the shares to a single year, we avoid po-
tential endogeneity and serial correlation between changes in trade patterns
and changes in robot adoption in subsequent years. Fixing the index to 1995
ensures that the initial trade structure is not influenced by robotization dy-
namics, which were not yet significant at that time.

e Low robot penetration in 1995: In 1995, the diffusion of industrial robots
was still relatively low. This allows us to assume that robots had not yet
significantly affected employment and trade linkages, ensuring that the index
captures the effects of subsequent robotization, rather than being influenced
by pre-existing robot-driven dynamics.

By multiplying this dependence by robot density (RD_Top5), the index captures
the degree to which increasing robotization in the Top 5 economies might affect
employment in other European countries via trade linkages. The TRAED Index is
critical for our analysis because it provides a nuanced view of how robot adoption in
the most technologically advanced European countries influences employment dy-
namics in other European economies through trade dependencies. This approach
is particularly valuable in a context like Europe, where economies are deeply inter-
connected, and traditional measures of robot adoption may not fully capture these
cross-border effects. By employing this measure, built using OECD Tim database,
we also go beyond previous approaches in measuring GVC involvement of countries,
as we take into consideration the employment content of trade flows in value added.

By combining robot adoption with export dependence, the index helps to uncover
indirect channels through which automation might influence employment patterns
across borders, offering insights into the broader impacts of technological change
within integrated economic systems.

However, as observable in Panel A of Figure 2.1, if we plot the averaged change
across industries categorized by country for the Top 5 dependence measure and the
RD component, the technological component is clearly the one introducing variation
in the TRAED index. On the contrary, the fraction of our equation appears to be
quite steady over the period of analysis.

Next, in line with Artuc et al. (2023), we add 1 within the logarithmic function to
prevent issues with zero values. Panel B of Figure 2.1 displays the distribution of the
Top5 dependence within our equation, illustrating the weights of all country-sector
combinations. The mean value is 40.46, with a standard deviation of 12.09. This
indicates that, on average, around 40% of the workers are involved in exports towards
the Top 5 European countries. Therefore, we have reason to believe that in such
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integrated labour markets, the adoption of robots by major economies may provoke
significant effects on other European nations. In Figure B2 in the appendix, we
present the distribution of our TRAED index by country. The multiple plots reveal
a remarkable degree of similarity in its distribution across European countries. Only
a closer examination of the data reveals that Portugal’s economic sectors exhibit the
highest TRAED values, while Baltic and Scandinavian countries appear to have the
lowest exposure.

Figure 2.1: Decomposition of the two component of the TRAED index by country (Panel
A) and distribution of the Top5 dependence (Panel B)
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However, the picture changes significantly when we shift our focus to the het-
erogeneity of distribution among economic sectors. As shown in Table B2 in the
appendix, the TRAED index values display considerable variation among different
economic sectors. For instance, sectors such as Motor vehicles, Rubber and plastics
products, and products of wood and cork consistently exhibit the highest levels of
the TRAED indicator on average. In contrast, sectors like Construction, Electricity
services, coke manufacturing and refined petroleum products consistently have the
lowest average values. This divergence is not surprising and primarily stems from
heterogeneous levels of robot adoption across sectors. A second major motivation is
the heterogeneous degree of trade openness of sectors.

2.3.3 Descriptive Analysis

This section presents some initial descriptive findings as a prelude to our econometric
analysis. We begin by showing the mean and standard deviations of the key variables
employed in our study, as depicted in Table 2.2. These statistics are provided
for the whole sample, the initial year of observation and the last available period,
allowing us to discern time patterns in the data. The main variables in our analysis
are as follows: the TRAED index, described in detail in the previous paragraph.
Measures of domestic robotization, including robot density, robot installation, and
robot stock, pertain to the 23 European countries in our study and are sourced
from the IFR dataset. Labour Cost includes employees’ wages and salaries paid by
employers, along with supplements such as contributions to social security, private
pensions, health insurance, life insurance, and similar schemes. We normalize this
cost based on the number of workers in each country-sector combination. All the
data related to employment (employment, employment embodied in exports, and
share of employment) are taken from the TiM database and are available at the
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country-sector level. Lastly, the value added deflator, also calculated at the country-
sector level, is set to 100 for the year 2015 as the reference period. Remarkably, each
variable exhibits a distinct trajectory over time. On the one hand, the TRAED
index, the value-added deflator, the export workers’ share, labour cost, and robot
density all reveal upward trends. The substantial percentage increase in the TRAED
index is particularly noteworthy, surpassing 70% during this period, keeping the
Top 5 dependence variable constant. In parallel, we see a significant boost in the 23
Robot Density across the countries of our sample.

On the other hand, we observe a decrease in variables such as employment, and
employment share. The reduction in total employment and employment share aligns
with expectations, given our primary focus on the manufacturing sectors.

We then explore potential patterns associated with country heterogeneity to es-
tablish a connection between our paper and the existing literature. In Panel A of
Figure 2.2, we present data on the GDP per capita of the 23 countries included in
our analysis. While making a clear distinction between developed and developing
countries in the European context is challenging, we can discern the presence of
at least two major groups, which we will henceforth refer to as “high-income” and
“low-income” countries.

Notably, when we examine the correlation between our TRAED index and changes
in employment since 1995, we observe a contrasting relationship for these two groups
(as shown in Figure 2.2, Panel B). Our initial findings suggest that adopting robots
in the Top 5 EU countries positively impacts employment dynamics in less pros-
perous nations. In contrast, the effect on richest countries appears negligible or
negative.

This preliminary result, which we further investigate in the econometric section,
hints at the existence of a pattern linked to a country’s income status. Importantly,
it implies a direction contrary to what the majority of previous empirical literature
has found. This divergence in dynamics is also apparent when we consider the cor-
relation between the TRAED index and changes in the number of workers involved
in exports (as shown in Figure B3).
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Table 2.2: Descriptive Statistics

Variable Mean (Standard Deviations)
Whole Sample 1995 2018
TRAED Index 3.893 2.819 4.813
(2.205) (2.214) (1.921)
Robot Density 1.922 0.244 5.553
(6.328) (1.458) (12.370)
Robot Installation 11.130 0.783 29.515
(54.975) (6.294) (95.938)
Robot Stock 72.839 8.907 243.378
(296.755) (66.000)  (687.630)
Empl. Embodied in Foreign Demand 30.266 28.105 36.351
(60.441) (56.486)  (74.959)
Share of Export Workers 0.507 0.444 0.576
(0.227) (0.220) (0.222)
Labour Cost 25.339 15.318 35.808
(23.987) (14.171)  (24.133)
Employment 97.974 108.672 94.478
(344.787) (420.217)  (310.299)
Value Added Deflator 93.857 88.705 106.237
(52.478) (137.872)  (27.433)
Share of Employment 1.817 2.104 1.564
(3.025) (3.626) (2.323)
Observations'* 11.040 240 240

As a final step of our descriptive analysis, we analyze the connection between our
robot-related metrics and the variables of interest at the sectoral level throughout
the analyzed period. Initially, we aggregate our data at the sectoral level, incorporat-
ing all 23 European countries in our study into a single comprehensive geographical
unit. To achieve this, we take sum of the various robot-related metrics, the em-
ployment variable, and the number of workers involved in exports. Subsequently,
since after aggregating the 23 European countries it is no longer possible to examine
every bilateral relation, we reconstruct our TRAED index by computing a weighted
average of the Top five dependencies, factoring in the workforce composition of each
sector.

In Figure 2.3, we illustrate the correlation between the TRAED Index and changes
in employment compared to 1995. Although we encounter some divergent results,
such as in the Electrical Equipment sector, there is a clear overall positive associ-
ation between the robotization of the Top 5 countries and the employment trends
in the other European nations. The same positive relationship is also observable in
the context of the correlation between the TRAED Index and changes in Export
Workers (as depicted in Figure B4). In the appendix, we also present scatter plots
illustrating the association between the domestic robot density of the 23 countries
and changes in employment and export workers. This analysis displays a positive
relationship, suggesting a more pronounced productivity-enhancing effect than a

14The total observations for Value Added Deflator and Labour Cost are 7.999
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displacement effects at the European level (see Figure B5).

Figure 2.2: Segmentation of the countries analyzed based on their GDP per capita (Panel
A) and correlation between the TRAED Index and Employment change by
macro-groups (Panel B)
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Figure 2.3: Correlation between the TRAED Index and the Employment Change by
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2.4 Econometric analysis and results

Our baseline model for estimating the impact of the Top 5 robot adoptions on the
labour outcomes in other European countries is as follows:

Y;ct =a+ /BTIict + ’yXict + >\c + 5% + Nt + €ict

where Y is the dependent variable (change in total employment). In our baseline
model, following the paper by Fernandez-Macias et al. (2021), we normalize the
initial year’s dependent variable to a scale of 100, after which we calculate the
annual changes for each subsequent year. T'I is our TRAED index, as specified in
the previous section. Then, X is a vector of covariates: value added deflator, cost
of labour and domestic robotization. We have already described the value-added
deflator and the cost of labour in the previous section. In addition, we include
domestic robotization as a dummy variable, indicating whether domestic robots are
present in a specific country-sector-year combination'®. Lastly, A., §; and 7, denote,
respectively, country, sector and year fixed effects!®.

Table 2.3 shows the baseline estimates for the relationship between the TRAED
index and the change in total employment relative to 1995: we observe positive and
highly significant coefficients using both the OLS and the FE estimators (col 1 and
3 respectively). In the same Table in col 2 and 4 we include our control variables:
with the exception of labour costs that are not significant, value added deflator as
well as the role of domestic robotization positively impact on our main dependent
variable. Our core dependent variable remains positively significant. This results
stands for the fact that, as found in previous literature, the robot adoption in the Top
5 generates an increase in the employment of countries that are in trade relationship
with them: in particular it means that the employment content is affected by the
augmented Top 5 robotization as a productivity enhancement effect is going to occur.
However, due to the strong integration among European nations, these benchmark
results may be affected by endogeneity. This may stem from the potential reverse
causality in the relationship between robot adoption and labor market outcomes.
For instance, as highlighted in other studies utilizing our framework, firms might
adopt robots in response to a decline in the workforce caused by rising labor costs.
In the same way, sectors experiencing growth may invest more in robots rather than
expanding their labor force. Additionally, our estimations could be influenced by
omitted variable bias, such as the role of human capital. Therefore, following the
approach of Acemoglu and Restrepo (2020), we employ an Instrument Variable (IV)
approach, using the robot density in Japan as an instrument for the TRAED index.
The rationale behind this instrument is to identify a country ahead of the Top 5
European nations in robot adoption, thus isolating the source of variation resulting
from global technological advances'”. Furthermore, despite their close technological
ties, the commercial relationships between Japan and Europe are relatively minimal.

15 As a robustness check, we also tried using quartiles of domestic robot density. The results are
consistent with those presented in this section.

16]n a robustness check, we have also included a control variable for imports from China within
the Topb sectors and a variable capturing the inward multinational activity as the change in the
number of enterprises under foreign control. The results remain consistent with those of our
baseline model.

1"Tn Figure B6, we present the time trend of the operational robot stock for Japan and the Top
5 European countries.
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Consequently, we can reasonably assume that this instrument is not correlated with
unobserved European labour market conditions that could influence our dependent
variables.

Referring to columns 5 and 6 of Table 2.3, the instrumental approach appears to
validate the robustness of our findings'®. In particular, in column 6, we can interpret
these results as indicating that a one percent increase in our TRAED index, on
average, leads to a 0.04 percentage point increase in employment compared to the
year 1995. Regarding the control variables, both the VA deflator and the domestic
robotization are positively associated with the change in employment.

Table 2.3: Dependent var: Change in Total Employment

OLS FE IV
Variables (1) (2) (3) (4) (5) (6)
TRAED Index A.722F%F 4 226F*F  4.006%*F  3.608F*F  4.269**  4.061**
(1.076)  (1.258)  (1.113)  (1.346)  (1.692)  (1.933)
Domestic Robot 6.925%* 7.942%** 6.955%*
(3.104) (2.855) (3.035)
Value Added Deflator 0.0730* 0.0792%* 0.0729*
(0.0399) (0.0458) (0.0399)
Labour Cost 0.337 0.963** 0.337
(0.255) (0.473) (0.253)
Constant 96.09***  64.67*** 03.62%** R1.84%** 94 74*¥**  (4.62%*F*

(1.426)  (9.936)  (3.511)  (7.226)  (1.536)  (11.45)

Observations 11,040 7,999 11,040 7,999 11,040 7,999
R-squared 0.374 0.415 0.097 0.143 0.374 0.415
Kleibergen-Paap F-statistics 126.489  97.569

Notes: Standard errors in parentheses are clustered at the country-industry level. Year dummies included in
all models. Regressions are weighted by the number of workers in 1995. *** ** and * indicate 1%, 5%, and
10% significance level, respectively.

We then proceed to assess the influence of the TRAED index on various indi-
cators of changes in workers embodied in exports. As shown in Table 2.4, all our
model specifications reveal a positive and statistically significant relationship as in
the benchmark estimates. Our IV specification consistently reinforces these findings,
displaying results close to the fixed effects (FE) specification. Comparing employ-
ment embodied in exports of final and intermediate products, the coefficients both
display positive and significant impact generated by the TRAED Index. However,
the notable increase in employment is exceptionally high in the case of employment
embodied in exports of intermediate products, suggesting a rise in demand for this
specific product category. This reinforces the fact that as found in the firm-level
literature, the channel of the productivity effect may generate higher demand of

18Tn Table B3, we report the first stage IV regressions in which we see that the variable measure
japanese robotization is positive and highly significant as expected.
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intermediates from trade-connected countries. A further channel that could drive
the final result is relative to the impact of robot adoption on the kind of tasks that
they are going to substitute or complement. While we did not follow the approach
of decomposing labour according to the different tasks performed by workers, we
can make the hypothesis that, as put into evidence by Bachmann et al. (2024),
the positive impact generated by robot exposure is particularly relevant for workers
whose occupations mainly imply routine tasks (cognitive or manual) that are those
implied in the production of intermediate inputs to satisfy final demand in Top 5
countries.

Table 2.4: Dependent var: Change in workers embodied in exp. of intermediate and
final inputs

Work. embodied in Interm. Input  Work. embodied in Final Input

Variables (OLS) (FE) (1V) (OLS) (FE) (1V)

TRAED Index 1TA8FFF 1777006 219200k 3.3100x 3.18%0  ]].69%
(4.17) (4.88) (5.09) (3.23) (351)  (4.42)

Constant 3.067  54.99* 13.34 4762 85.09%%% 4351

(67.83)  (29.84) (56.09) (39.88)  (16.46)  (37.89)

Controls YES YES YES YES YES YES

Observations 7,975 7,975 7,975 7,975 7,975 7,975
R-squared 0.283 0.082 0.283 0.287 0.091 0.287
Kleibergen-Paap F-stat. 97.585 97.585

Notes: Standard errors in parentheses are clustered at the country-industry level. Year, sector,
and country fixed effects included in all models. Regressions are weighted by the number of
workers in 1995. *** ** and * indicate 1%, 5%, and 10% significance level, respectively.

In conclusion, when considering the impacts generated by robot adoption at
the European level, we observe a positive effect on several employment outcomes.
While this could suggest that reshoring might be occurring within this integrated
economic market (Rodrik, 2018), only an analysis at the firm level could give us
more insights on such a phenomenon. In addition, highly robotized sectors may be
less vulnerable to competition from developing countries outside Europe, primarily
due to the absence of competitive advantage in labour costs'?.

Subsequently, we aim to discern distinct patterns associated with the income
status of the countries under examination. Typically, the prevailing approach in the
literature is to investigate the influence of robotization in highly developed countries
on less developed commercial partners. In our study, we classify the 23 European
countries in our sample into two groups based on their GDP per capita levels, as
previously shown in Figure 2.2 (panel A). Even though our countries all belong to
common geographical and cultural areas, there are still differences when considering
income levels. Not surprisingly we find that most of those belonging to the group
of low income countries refer to Central and East European countries.

Our baseline model yields contrasting results for these two groups. As evident
in Table 2.5, the positive impact of the Top 5 robotization disappears in the case

19Tn our analysis, we find that the country-sector units with the highest level of robotization
tend to have the lowest wage-capital ratio.
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of high-income countries, where the instrumental variable (IV) regression fails to
reveal any significant effects. Conversely, when focusing on low-income countries,
the impact is of greater magnitude than the entire sample, indicating that this cate-
gory drives the previous findings. For this specific group of nations, the coefficients
consistently exhibit statistical significance. We can think of some possible motiva-
tions for such result: the first is that, as evidenced before, the Central and East
European countries belong to this group. In this regard, as Bachmann et al. (2024)
found, where labour costs were lower the highest improvement has been for routine
workers that represent the bulk of labour force in those countries. In our frame-
work, even though not controlling for occupation content we can hypothesis that
such channel may be at work. Moreover, the degree of functional specialisation of
those countries, characterized by a large share of blue collars can directly be implied
in a larger share of production for final demand in higher income countries (De Vries
et al., 2020).

Table 2.5: Dependent var: Change in total Employment

High-Income Countries Low-Income Countries
Variables (OLS) (FE) (Iv) (OLS) (FE) (Iv)
TRAED Index 2.162** 1.771% 1.534 4.870%FF  5.102%**  6.234%*
(1.043) (0.992) (1.742) (1.763) (1.819) (2.623)
Domestic Robot -6.325%* -1.284 -6.117  10.50***  8.295**  10.28%**

(3.803)  (3.533)  (3.878)  (3.617)  (3.198)  (3.546)
Value Added Deflator ~ 0.216%%%  0.273%%* 0.214%**  0.0268  0.0359  0.0269
(0.0676)  (0.0770)  (0.0683)  (0.0382)  (0.0420)  (0.0380)

Labour Cost 0.386*  0.339  0.390%  1.336%%  2.014%%  1.326%*
(0.206)  (0.271)  (0.203)  (0.608)  (0.869)  (0.604)
Constant 60.14%%%  63.97%%  G0.AIFFF  T4.04%FF  88.82FFK 74 23K

(10.49)  (11.94)  (10.50)  (9.297)  (5.703)  (9.201)

Observations 3,428 3,428 3,428 4,571 4,571 4,571
R-squared 0.529 0.262 0.529 0.440 0.176 0.440
Kleibergen-Paap F-stat. 97.769 48.060

Notes: Standard errors in parentheses are clustered at the country-industry level. Year,
sector and country fixed effects included in all models. Regressions are weighted by the
number of workers in 1995. *** ** and * indicate 1%, 5%, and 10% significance level,
respectively.

In the appendix (refer to Table B4), we present the effects of the TRAED in-
dex on changes in workers embodied in exports for the two groups. Once again,
we observe a consistent pattern. Significant effects are exclusively noticeable in the
context of low-income countries, whereas the impact on high-income nations is es-
sentially negligible. All these results reinforces the idea that the productivity effect
is prevailing among the European area.
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2.5 Further Analysis

In this chapter, we present several supplementary analyses. We aim to assess the
robustness of the primary estimates and provide additional perspectives on the im-
pact of robotization on the European labour market. Firstly, we decompose our
composite indicator to determine if our results are driven by one of the Top 5 coun-
tries. Secondly, we change our dependent variable to investigate whether our overall
positive results are valid also when considering as a dependent variable the number
of hours worked. Lastly, we restrict our sample to manufacturing sectors, excluding
ATECO codes of different industries. 2°.

2.5.1 Decomposing the TRAED Index

Our objective here is to decompose the TRAED index to determine whether our re-
sults are sensitive to the exclusion of any one of the Top five countries. In Figure 2.4,
we present the coefficients of modified versions of the TRAED index, considering
different subgroups of countries?'. The red line represents the results obtained using
the complete TRAED Index for reference. Notably, even when Germany is excluded
from the TRAED index, a positive association with employment change remains
evident, though it is less statistically significant. All other subgroups yield results
similar to the baseline model, consistently showing positive and significant effects
on the employment levels of other European countries. This sensitivity analysis
confirms that our findings are robust and not dependent on the evolving economic
trend of specific countries.

Figure 2.4: Decomposed contribution to the TRAED index
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Notes: *** ** and * indicate 1%, 5%, and 10% significance level, respectively.

20Following Fernandez-Macias et al. (2021), we also split our sample into two different time
periods (1995-2005 vs 2006-2018). The results are consistent with their analysis of European
domestic robotization, showing higher positive effects in the first period. In addition, to assess
the robustness of our results, we conducted also a series of tests by changing the starting year for
calculating the total change in employment. Specifically, we used 1995, 2000, 2005, and 2010 as
alternative starting points. The results remain consistent and statistically significant across these
different starting years, with the TRAED Index coefficient retaining its significant effect. This
confirms the robustness of our findings, regardless of the chosen reference year

2In the figure, we report the coefficients related to the IV specifications with controls.
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As a further robustness check of our index, we modify the approach used in

equation (1) by focusing on the bilateral trade relationships between the countries
under analysis and each of the top 5 European economies. Here, we have revisited
the construction of the TRAED Index to ensure that it accurately captures the het-
erogeneity in Domestic Employment Embodied in Foreign Final Demand linkages
and robot intensity across countries. The original aggregation method treated the
Top 5 trade partners as a single unit, potentially overlooking variations in the dis-
tribution of linkages and automation intensity among individual trade partners. To
address this, we have implemented a bilateral approach that computes the indicator
separately for each country-top 5 pair and then aggregates these values weighted by
the share of FFD_DFEM for each partner. This refined method allows for a more
nuanced analysis while maintaining the robustness of the results.
Mathematically, instead of aggregating the variables FFD_DEM and RD at the
sectoral level as in equation (1), where the emphasis was mainly on sector-level
interactions, we now compute a bilateral trade index toward each of the top 5 coun-
tries individually. Specifically, for each combination of country, sector, and year, we
calculate five distinct bilateral TRAED indices, one for each of the top 5 European
economies.

For each country ¢, sector i, and year ¢, the bilateral trade index with country j
(one of the top 5) is calculated as follows:

FFD_DEM, ;1995
> FFD_DEM.,.,; 1095

TRAEDCJ"Z"t = log [( X RDj,i,t) +1

Here:

o FFD_DEM, ;1995 represents the Domestic Employment Embodied in Foreign
Demand from country j (one of the top 5 economies) for country c in sector i
in the base year 1995.

o > FFD_DEM, 1905 is the total Domestic Employment Embodied in Foreign
Demand from all partners p for country c in sector ¢ in 1995.

e RD;;, is the robot density for country j in sector ¢ and year ¢.

Once these bilateral indices are computed for each of the five top economies,

we then take a weighted average of these indices, using the FFD_DEM variable as
weights, to obtain a new aggregated version of the TRAED index. This revised ap-
proach allows us to capture the trade connections between countries more precisely
by incorporating individual bilateral relations.
In Table 2.6, we present a series of IV regressions, where we replace the original
specification of the TRAED index (as introduced in section 2) with the new version.
Importantly, the results from section 4 remain robust, indicating that both specifica-
tions capture similar effects. Also for the change in total employment in high-income
countries, as noted previously, we do not find any statistically significant coefficients.
Overall, even with this modification of the TRAED index, which highlights the bi-
lateral relationships with the Top 5 economies, the positive impact of robotization
in these leading economies on employment changes in the 23 European countries
analyzed is confirmed.
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Table 2.6: Previous regressions with the new specification of the TRAED Index

Whole Sample Subsample change in total workers
Variables tot. empl. interm. input final input Less-income High-income
New_Traed_Index 4.042%* 21.24%%% 11.59%* 6.096* 1.553
(2.111) (7.101) (5.319) (3.156) (1.831)
Labour_Cost 0.340 0.436 0.249 1.323** 0.381%*
(0.254) (1.000) (0.570) (0.616) (0.201)
GDP_Deflator 0.0745* 0.00706 -0.00460 0.0308 0.214%+*
(0.0406) (0.177) (0.0966) (0.0391) (0.0687)
Domestic_Robotization 6.753** 0.851 -9.238 9.490*** -6.007
(3.081) (12.35) (10.17) (3.624) (3.852)
Constant 64.19%+* 2.988 47.35 73.38%** 60.14%**
(9.928) (67.48) (39.74) (9.229) (10.66)
Observations 7,999 7,975 7,975 4,571 3,428
R-squared 0.414 0.284 0.288 0.443 0.531
Kleibergen-Paap F-statistics 26.885 26.889 26.889 13.551 34.943

Notes: Standard errors in parentheses are clustered at the country-industry level. Year dummies included
in all models. Regressions are weighted by the number of workers in 1995. *** ** and * indicate 1%, 5%,
and 10% significance level, respectively.

2.5.2 Hours Worked

In this section, as an additional robustness check, we use the change in hours worked
compared to the first observed year as the dependent variable. The results are
presented in Table 2.7. Although this additional analysis is limited to a smaller
sample, as the STAN database provides data on hours worked for only a subset of
our selected countries, the findings reported in Table 2.3 are generally corroborated.
The TRAED index maintains its positive and significant impact on the dependent
variable, suggesting a prevalence of the productivity effect at the European level.
However, when focusing on the IV specification, for the whole sample we do not
observe significant effects. In Table B5, we replicate the same analysis by categoriz-
ing countries based on their GDP levels. In this case, even in the IV regression, we
observe positive and significant impacts for low-income countries. Conversely, and
in line with expectations, we report non significant effects for high-income countries.
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Table 2.7: Dependent var: Change in Hours Worked

OLS FE 1A%
Variables (1) (2) (3) (4) (5) (6)
TRAED Index 5.O77TF*%  5.048%**  4.348%*FF  4,002*%F*  3.146* 3.344
(1.205) (1.280) (1.226) (1.263) (1.907) (2.137)
Domestic Robot 5.650** 8.250*H* 5.734%*
(2.715) (2.395) (2.803)
Value Added Deflator 0.0338 0.0162 0.0438
(0.025) (0.031) (0.032)
Labour Cost -0.235 0.498* -0.218
(0.215) (0.260) (0.220)
Constant 103.5%**F  104.1%%%  97.10***F  91.68*** 103.9*** 103.7***
(8.407) (9.782) (5.584) (6.319) (8.615) (10.28)
Observations 6,394 6,175 6,394 6,175 6,036 5,841
R-squared 0.324 0.340 0.140 0.169 0.326 0.342
Kleibergen-Paap F-statistics 73.646 71.267

Notes: Standard errors in parentheses are clustered at the country-industry level. Year dummies included in
all models. Regressions are weighted by the number of workers in 1995. *** ** and * indicate 1%, 5%, and
10% significance level, respectively.

2.5.3 Sub-sample Analysis

In this last econometric exercise, we restrict our sample to manufacturing industries
only. Out of the 20 economic sectors included in our analysis, three are not man-
ufacturing industries (Agriculture, forestry, fishing; Electricity, gas, water supply;
Construction). We remove these three sectors from our econometric specifications
to ensure that our results are not driven by them. As shown in Table 2.8, all our
previous results are confirmed by this robustness check. For the new sample, the
positive and significant effect of the TRAED index appears even more statistically
robust, particularly if we focus on the IV specification. Additionally, the previ-
ously observed divergent results between high- and low-income countries are further
confirmed by this supplementary analysis.
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Table 2.8: Dependent var: Change in total Employment for manufacturing sectors

Whole Sample High-Income Countries Low-Income Countries
Variables (OLS) (FE) (Iv) (OLS) (FE) (Iv) (OLS) (FE) (Iv)
TRAED Index 4.320%FF  4.479%F%  3.600%**  (.728** 0.961 -0.993  6.083***  G.517FFE  6.205%**
(0.509) (1.228) (0.926) (0.309) (0.901) (0.622) (0.745) (1.813) (1.360)
Constant 86.90%#*  87.21%H*  8Y.54*** 95 01FFK  86.67FF*  102.4%FF  80.51%H*  77.83%** (.07

(2.965)  (5.288)  (4.273)  (2.326)  (6.349)  (3.455)  (3.905)  (7.920)  (5.941)

Controls YES YES YES YES YES YES YES YES YES
Observations 6,645 6,645 6,645 2,852 2,852 2,852 3,793 3,793 3,793
R-squared 0.281 0.136 0.281 0.547 0.414 0.543 0.296 0.132 0.296
Kleibergen-Paap F-stat. 97.602 212.585 122.585

Notes: Standard errors in parentheses are clustered at the country-industry level. Year, sector and country fixed effects included
in all models. Regressions are weighted by the number of workers in 1995. *** ** and * indicate 1%, 5%, and 10% significance
level, respectively.

50



2.6 Conclusions

Despite the level of empirical analysis, when considering the robot-employment
nexus scholars are primarily interested in the impact generated within the coun-
try of adoption (Acemoglu and Restrepo, 2020; Koch et al., 2021; Klenert et al.,
2023). Still, a small part of this literature is also concerned in addressing the im-
pact on other trade-related countries: it means that adoption of robots can generate
an impact on countries that are connected with the adopting country through trade
relationships. These papers are mainly devoted to understand what happens to em-
ployment dynamics in developing countries (Faber, 2020). However, the empirical
evidence remains marked by significant contradictions, mainly due to the difficulties
in understanding which kind of channel is at work to generate the final impact.
Both displacement and productivity effects can be at work, thus potentially affect-
ing employment negatively and positively respectively. Moreover, the diversity in
empirical approaches and levels of analysis introduces additional complexity to the
relationship.

The main aim of our paper is providing an alternative country-sector perspective
in the examination of the robot impact in a highly trade-integrated market focus-
ing on the European experience. As extensively discussed in the literature review,
understanding the relationship between robots, employment, and trade is a com-
plex challenge. A straightforward analysis of robots and employment, or robots and
trade separately, would simplify the task but risk missing the broader picture. For
this reason, we develop a new trade-weighted index (TRAED index) measuring the
indirect impact of Top 5 European economies robot adoption on different measures
of employment in the rest of Europe.

The introduction of this novel index allows us to investigate the repercussions of
robotic investments on employment trends in European countries that are commer-
cially linked to our Top 5 Economies, while featuring a new measurement of GVC
relationships that takes into consideration the employment content tied to fulfilling
the final demand of these leading economies.

This is particularly relevant as accounting for employment content of trade has
never been done before. Only a study specifically focused just on Germany adopts
a similar perspective, but with different methodologies (Graf and Mohamed, 2024).
Instead, we provided a new perspective by furnishing empirical evidence on the
impacts of robot adoption finding that cross-border effect may still be at work even
within a quite homogeneous economic area.

Our main results indicate a positive association between this index and the var-
ious employment measures. Furthermore, the instrumental variable strategy con-
firms the robustness of our findings, highlighting a positive and significant causal
relationship of the TRAED index on employment outcomes. This fact suggests
that, within the strongly integrated European market, the productivity effect de-
riving from robot adoption outweighs any potential re-shoring effect. It is also a
confirmation of the literature finding a positive effect generated by robot adoption
through higher productivity (e.g. Bonfiglioli et al. 2024; Duan et al. 2023).

It seems quite relevant also that when extending the analysis, positive results
are more significant in lower income levels. This may stand for the fact that in-
termediate input needs in high-income countries are satisfied mainly by workers in
low-income countries, thus positively influencing their employment dynamics. This
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finding appears to be unique to the European case, as contrasting results are evi-
dent in other economic contexts (see, for example, Diaz Pavez and Martinez-Zarzoso
2024). As clearly described in a recent paper by Bontadini et al. (2024), European
countries exhibit a structure characterized by headquarters and factory economies,
where central economies can purchase intermediate products at lower prices from
Eastern European countries. This evidence aligns well with our results, suggesting
that an increase in productivity in top economies, driven by robot adoption, leads
to a subsequent increase in employment in low-income countries. According to our
estimations, the latter result seems to be pulled by workers embodied in the exports
of intermediate inputs. Among the policy implications that can be drawn from these
results two mainly stand out: the first is that it is not enough to care about the
effects of automation investments within the same country of adoption as the con-
sideration of international linkages of the country may generate effects that can be
relevant as well. The second, which is connected to the first, refers to the idea that
the technological policy of a country needs to be intertwined with the consideration
of the employment dynamics of countries that are productively connected.

As a final remark and as a way to open further lines of research, we evidence
that our framework and new empirical approach can be extended also to consider
trade linkages outside Europe, to understand whether the positive effect of employ-
ment can still hold considering other country-sector contexts. We could potentially
consider other countries within the Top 5, including for example US or Japan but
the analysis would lose its regional perspective. A second important research avenue
to be explored in the future is relative to the use of firm level data. It would allows
two kinds of literature advancement: firstly, it would foster the development of a
more nuanced comprehension of the economic impact of robot adoption, secondly it
would enable to leave out the assumption that every single firm operating within a
particular sector possesses an identical capacity and willingness to embrace robotic
technologies as well as being impacted by it. As also evidenced by Klenert et al.
(2023), we recognize that using firm level data has the advantage of diminishing the
significance of measurement error within the overall variation. At the same time,
through the use of firm level data it would be possible to achieve a different and
complementary perspective of the robot adoption approach: the possibility of disen-
tangling the displacement effect from the effects describing the creation of new tasks
and productivity effects would be feasible. As Seamans and Raj (2018) point out,
the need for more firm level studies depicting the behavior of firms with respect to
robot adoption is urgent. At the same time, through the analysis at the firm level
impact is not possible to achieve a complete picture, as the reallocation effect is not
so evident as when employer-employee data are use (e.g. Dauth et al. 2021). Thus,
the two levels of analysis can result as complementary. However, in our framework,
working with firm level data is so far not feasible as we catch not only the amount
of export activities but also the employment content. Finally, although these data
and the index we built have many advantages, we do not have available data that
account for robot adoption at the occupation-sector level by incorporating also the
employment content of exports. The approach followed by Bachmann et al. (2024)
can be a promising avenue for further research as it would help measuring more
precisely and follow the employment dynamics at the workers level.
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Chapter 3

The Italian Great Resignation:
just a Reallocation trend?

3.1 Introduction

The Covid-19 pandemic has profoundly transformed labor markets worldwide (Cortes
and Forsythe, 2023), leaving a lasting impact on various aspects of human life. Much
of the existing literature has explored the asymmetric effects on employment lev-
els across and within countries (Fana et al., 2020), as well as the heterogeneous
consequences for firms’ performance (Shen et al., 2021).

Among the various labor-related topics connected to the Pandemic, one phe-
nomenon has gained significant attention in the media but remains relatively un-
derexplored in economic literature: the so-called “Great Resignation” (GR). The
term was first proposed in May 2021 by Klotz (2021) to describe the unprecedented
increase in workers’ voluntary resignations observed in the U.S. labor market.! To
illustrate the magnitude of this trend, data released by the U.S. Bureau of Labor
Statistics (BLS) show that in November 2021 and in March 2022, 4.5 million Amer-
ican workers voluntarily left their jobs, marking the highest levels ever recorded
(Bureau of Labor Statistics, 2022b,a). This unprecedented wave of voluntary res-
ignations, which reached record levels in the United States, has also been observed
- albeit on a smaller scale — in other countries, such as Australia, Germany, and
France, reflecting a broader shift in labor market dynamics (Horowitz, 2022). Con-
cerning Italy, our case of study, the phenomenon of the GR was brought to the fore
by the popular-science book: “Le grandi dimissioni. Il nuovo rifiuto del lavoro e il
tempo di riprenderci la vita” written by the sociologist Francesca Coin. In the book,
the author provides a comprehensive overview of the GR as a global phenomenon,
with a particular focus on Italy, adopting mainly a qualitative approach based on
workers’ interviews. In terms of quantitative analysis, although some official statis-
tics sources and a working paper offer preliminary insights into the phenomenon
(Brunetta et al., 2022; Ministero del Lavoro e delle Politiche Sociali, 2023), confirm-
ing its relevance also in the Italian context, a comprehensive multivariate analysis
is still lacking.

The few researchers who have attempted to understand this multifaceted phe-
nomenon have primarily focused on two key dimensions: identifying its underlying

!This phenomenon has also been referred to as the “Big Quit” by Curtis (2021) in a popular
article on Forbes.
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determinants and exploring whether it reflects a true rise in quitting or rather a shift
toward job switching. Regarding the causes of the GR, some scholars have high-
lighted factors closely tied to workers’” sentiments about their jobs, such as persistent
issues with low wages, lack of recognition for achievements, feelings of disrespect,
toxic or negative workplace cultures, and the pursuit of professional satisfaction
and purpose (Formica and Sfodera, 2022; Parker and Horowitz, 2022). Others have
emphasized the role of the Covid-19 pandemic itself, arguing that the phenomenon
was more systemic and predictable by analyzing pre-pandemic labor market trends?
(Fuller and Kerr, 2022). Finally, some studies have investigated potential connec-
tions between the Great Resignation and the rise of remote work, suggesting that
increased flexibility may have contributed to reshaping workers’ decisions (Barrero
et al., 2021). Secondly, beyond identifying the underlying causes, a smaller body of
research has also focused on disentangling whether the GR is primarily character-
ized by workers quitting the labor force altogether or by a large-scale reallocation
of labor through job switching (Brunetta et al., 2022; Thompson, 2021). According
to Birinci and Amburgey (2022), the Great Resignation is primarily driven by a
trend of Great Reallocation, characterized by job-to-job transitions. In contrast,
Lambert (2023) highlights that while quit rates in the U.S. began rising alongside
an increase in job openings, data reveals a persistent gap between job vacancies and
job seekers. This could suggests that some individuals have left their jobs without
seeking new employment. However, the existing literature on this topic remains lim-
ited, highlighting the need for further research to provide new evidence and deeper
insights.

In this work, we contribute to the literature by providing evidence for the Italian
case through a multivariate econometric analysis. Using official statistics data from
the Italian Ministry of Labour, we begin by identifying the questions within the
Italian Labour Force Survey that can isolate the phenomenon. This allows us to in-
vestigate whether the Italian GR is more closely related to job switching or outright
quitting. After establishing the appropriate measure to capture the trend, we com-
pare two sample of representative Italian workers (before- and post-Covid) and we
conduct an econometric analysis to identify the underlying determinants of the GR.
Finally, we complement our study with decomposition and counterfactual analyses
to assess the role of unobservable psychological factors linked to the pandemic, as
well as to evaluate the influence of wages in this context.

The remainder of the paper is structured as follows: Section 2 outlines the ex-
isting literature. Section 3 compares two indicators to capture the GR in Italy and,
after presenting the data and variables used in the empirical analysis, it provides
some preliminary descriptive evidence. Section 4 describes the empirical strategy
and discusses the econometric results. Finally, Section 5 concludes and explores the
implications of the findings.

2This perspective, however, has been partially challenged by recent data from the Bureau of
Labor Statistics, showing low quit rates in subsequent years (Bureau of Labor Statistics, 2025).
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3.2 Literature Review

The term Great Resignation refers to the unprecedented wave of voluntary resig-
nations among U.S. workers that began in the spring of 2021. As mentioned in
the Introduction, Klotz (2021) coined this term to describe the phenomenon, while
Curtis (2021) refers to the same trend using the expression Big Quit. As shown
in Figure 3.1, data from the Bureau of Labor Statistics indicate that resignation
rates have reached their highest levels in at least a decade. During the COVID-19
pandemic (the shaded area in the graph), the quit rate dropped to its lowest point
between 2013 and 2023. However, following the most critical phase of the pandemic,
as economic activity resumed, voluntary resignations surged. In the U.S., the peak
was recorded in November 2021 and March 2022, when approximately 4.5 million
American workers voluntarily left their jobs. Although an increase in resignations is
relatively normal after a recession, the study by Amanor-Boadu (2022) shows that,
even when controlling for economic growth, the quit rates following the COVID-19
shock were statistically higher than in previous cases, such as the Great Recession.
This suggests that the phenomenon is not driven solely by economic recovery, but
may be influenced by factors specific to the pandemic itself.

Figure 3.1: Authors’ elaboration based on data from the Bureau of Labor Statistics,
U.S. Department of Labor (2023)

In support of the exceptional nature of this event and its strong connection to
the Pandemic, it is worth noting that, during the same period, another phenomenon
emerged in the labor market—widely discussed in both media and academic litera-
ture as Quiet Quitting (QQ)? Thir term refers to employees performing only their
formal job duties, indicating low commitment and reduced engagement. While schol-
ars generally agree that both trends (RR and QQ) are linked to the aftermath of the
COVID-19 pandemic, there is no consensus on whether they were directly caused

3The term QQ refers to the practice of employees fulfilling only the minimum requirements of
their job without taking on additional tasks beyond their formal job description (Yildiz, 2023). It
reflects a low level of commitment to work, where individuals disengage from organizational goals
and refrain from exceeding their assigned duties (Formica and Sfodera, 2022). Although the term
was originally coined by economist Mark Boldger at the Texas A&M Economics Symposium in
2009, it gained widespread attention in 2022, in the wake of the GR. In the US, in the second
quarter of 2022, the ratio of engaged to actively disengaged employees was 1.8 to 1, with 32%
classified as engaged and 18% as actively disengaged; the lowest level of engagement recorded in
the past decade (Harter, 2022).
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by pandemic-related restrictions (Formica and Sfodera, 2022). Some authors ar-
gue that COVID-19 acted as a catalyst, accelerating preexisting workplace trends,
but it is indisputable that the pandemic—particularly through governmental re-
strictions—had profound psychological and social effects on workers, fundamentally
reshaping work-life balance (Yildiz, 2023).

Another key issue is determining whether the Great Resignation was merely a wave
of job switching or a lasting exit from the labor market. As Lambert (2023) explains,
post-recession recoveries typically see rising quit rates and job openings, encourag-
ing job switching. However, after COVID-19 in the U.S., a persistent gap between
job seekers and vacancies suggests many who quit did not seek new employment.
A Goldman Sachs report (November 2021) estimates that 3.4 million Americans
over 55 and 800,000 aged 25-54 left the workforce without plans to return (Gold-
man Sachs, 2021). Notably, younger workers who resigned were more likely to refrain
from job searching. Birinci and Amburgey (2022) find that in leisure and hospitality,
quits were driven by job-to-job transitions, whereas in manufacturing and construc-
tion, most were not. Meanwhile, Fuller and Kerr (2022) emphasize reshuffling and
early retirement, aligning with Thompson (2021), who highlight job switching and
moderate early retirements. Outside the U.S., Brunetta et al. (2022) suggest that
Italy’s trend was primarily job-to-job transitions.

Having outlined the labor context of the GR, the following discussion will examine
the key factors identified in the literature as explanations for the GR. By reviewing
existing studies, we aim to highlight the main economic, psychological, and organi-
zational drivers behind this phenomenon. Finally, we will briefly present the Italian
context during the pandemic to better define the setting for our empirical analysis.

3.2.1 Determinants of the Great Resignation

To better understand the Great Resignation, it is essential to examine the key fac-
tors identified in the literature that have contributed to this unprecedented wave of
voluntary resignations. Scholars have explored various economic, psychological, and
organizational drivers behind this phenomenon, shedding light on the underlying
motivations that led millions of workers to leave their jobs. Applying a moral eco-
nomic framework and employing BERTopic analysis, Varavallo et al. (2023) identify
three key dimensions underlying the Great Resignation: “Work and Employment”
(organizational dynamics), “Social Justice and Activism” (community-driven fac-
tors), and “Health, Well-being, and Lifestyle” (individual motivations). Their find-
ings emphasize drivers such as flexibility, meaningful work, social responsibility, and
self-care, basically the same factors that Nikolova (2024) found in her study on
Dutch representative data. While their study provides valuable insights by mak-
ing use of social media data, the authors themselves recommend future research
using micro-level data to refine the understanding of the mechanisms behind this
phenomenon. Consistently, survey data from Parker and Horowitz (2022) indicate
that the majority of workers who left their jobs in 2021 cited low wages (63%),
lack of career advancement opportunities (63%), and workplace disrespect (57%) as
primary reasons. Nearly half pointed to childcare responsibilities (48% among those
with children under 18), inflexible work schedules (45%), or inadequate benefits such
as health insurance and paid leave (43%). Furthermore, findings from the survey
highlight demographic disparities in resignation rates, with younger workers and
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lower-income individuals being more likely to leave their jobs. Across educational
levels, individuals with postgraduate degrees reported the lowest likelihood of hav-
ing resigned in 2021 (13%), compared to 17% of those with a bachelor’s degree, 20%
of those with some college education, and 22% of those with a high school diploma
or lower. These findings collectively illustrate the multifaceted nature of the Great
Resignation, driven by structural, social, and individual-level factors.

Several scholars have tried to specifically determine whether COVID-19 played a

significant role in driving the Great Resignation. Formica and Sfodera (2022) argue
that the pandemic primarily acted as a catalyst, accelerating preexisting trends in
specific industries, such as hospitality. In addition, in their study, they highlight key
contributing factors, including low wages, poor working conditions, toxic workplace
cultures, lack of meaningful work, and feelings of disrespect. Similarly, Lambert
(2023) adopts a labor market segmentation approach, analyzing U.S. data dating
back to 2003. His findings suggest that resignation rates had already been increas-
ing in certain sectors since the early 2000s, indicating that the Great Resignation is
part of a longer-term pattern rather than a sudden anomaly. Also Fuller and Kerr
(2022) do not believe that the Great Resignation began with the pandemic; rather,
they argue that it represents the continuation of a long-term trend. To explain the
underlying factors driving this phenomenon, they developed the theory of the five
Rs: Retirement, Relocation, Reconsideration, Reshuffling, and Reluctance. Their
analysis suggests that, unlike in previous recessions, the pandemic accelerated the
exit of older workers from the labor force, prompting earlier retirements. They find
no significant evidence of large-scale relocation across U.S. states, though there is
clear indication of a widespread reassessment of work-life balance. Moreover, their
findings suggest that the trend is better characterized as reshuffling rather than mass
resignation, as data from the Bureau of Labor Statistics (BLS) indicate that hiring
rates in several sectors have exceeded quit rates. Finally, some workers also exhibit
reluctance to return to in-person work.
However, two studies published in the Monthly Labor Review challenge this perspec-
tive, arguing that the Great Resignation is, in fact, an anomaly within the long-term
trends of the labor market. Gittleman (2022), using historical data, demonstrates
that while recent quit rates are not the highest in recorded history, they have surged
more rapidly in the 21st century than what would be expected from labor mar-
ket trend alone. In addition, the study calls for further research to assess whether
workers are exiting the labor force entirely or transitioning to better job opportuni-
ties. Similarly, Amanor-Boadu (2022) finds that, even after controlling for economic
growth, the quit rates observed during the pandemic were statistically distinct from
those recorded during the Great Recession and the dot-com downturn, underscoring
the unique nature of this phenomenon and its strong link to COVID-19. A key
question that arises is why the pandemic might have fundamentally altered individ-
uals’ attitudes toward work. One possible explanation is the widespread adoption of
remote work, which reshaped employee expectations and workplace norms (Yildiz,
2023).

During the COVID-19 pandemic, governments worldwide imposed quarantine
and isolation measures, requiring many businesses to rapidly transition to remote
operations, albeit with significant variations across industries (Bartik et al., 2020).
While according to some studies remote work negatively impacted employee moti-
vation and severely disrupted work-life balance (Vyas, 2022), also contributing to
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increased family conflict (Prime et al., 2020), the majority of workers came to view
it as an essential benefit (Barrero et al., 2021). Findings from the June Survey of
Working Arrangements and Attitudes, analyzed by Barrero et al. (2021), highlight
the pivotal role of remote work preferences in driving the Great Resignation. Ac-
cording to their results, 58% of surveyed employees indicated they would comply
with their employer’s directive to return to full-time, in-person work. However, 36%
stated they would comply while actively seeking a job that allows remote work,
and 6% reported they would quit rather than return to full-time office work. Ad-
ditionally, 56% of workers expressed a higher likelihood of considering a new job
if it offered a hybrid work arrangement. Before we, in turn, examine in a more
systematic way the Italian data to investigate the specific determinant factor for
this country, it is important to consider and explore the specific circumstances this
country faced during the COVID-19 crisis.

3.2.2 The Italian Case

Italy was one of the first European countries to experience the outbreak of COVID-
19, leaving little time for preparation. In response to the rapid spread of the virus,
the Italian government implemented sectoral lockdowns in March 2020. However,
excess mortality remained high, likely due in part to the demographic structure
of Italy, characterized by a high proportion of older adults compared to younger
individuals®. Maida et al. (2024) analyze excess mortality by comparing average
mortality rates from March to May in the years 2015-2019 with those recorded in
the same period in 2020 at the local labor market level, revealing that actual cases
of COVID-19 were significantly higher than official data suggested. In this period,
Italian workers faced significant challenges both in terms of economic stability and
health risks. Barbieri et al. (2022) analyze the heterogeneous effects of the pandemic
in different sectors, highlighting that while healthcare workers were the most exposed
to contagion, other sectors such as leisure and trade, in the case of professions that
require physical proximity, also faced substantial infection risks. In this complex and
evolving scenario, Italy also experienced an increase in voluntary resignations. In
the second semester of 2021, resignations increased by 37% compared to the previous
semester, 85% compared to the same period in 2020, and remained 10% higher than
in the same semester of 2019 (Armillei, 2021).

A detailed and qualitative analysis of the Italian “Great Resignation” is provided
in the book Le Grandi Dimissioni by sociologist Francesca Coin. Through a com-
bination of different sources and personal interviews, Coin examines the profound
challenges faced by workers during COVID-19, particularly in three key sectors
deeply affected by the Pandemic: healthcare, food services, and large-scale retail.
Her picture is strikingly dramatic, revealing how many Italian workers experienced
exhausting shifts, the absence of vacation time, elevated risks of contagion, and work
environments characterized by racism and male chauvinism. In numerous cases doc-
umented in the book, workers were compelled to resign, either seeking employment
abroad —- especially in the healthcare sector—or transitioning to different indus-
tries. Coin’s analysis underscores the persistence of deep-rooted structural issues in
the Italian labor market, while also suggesting that the COVID-19 pandemic may
have served as a catalyst, prompting workers to become more aware of their con-

4See https://noi-italia.istat.it/pagina.php?id=3&categoria=3&action=show&L=0
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ditions and take steps toward change (Francesca Coin, 2023). Focusing exclusively
on 2021 and drawing on official INPS data, Brunetta et al. (2022) demonstrate that
the observed rise in resignations is primarily driven by a job-switching trend, as the
data also reveal a simultaneous increase in worker mobility. Furthermore, Brunetta
et al. (2022) report that voluntary resignations in 2021 increased by 11.6% compared
to 2020, whereas in 2020, they had declined by 14.9% relative to 2019. Therefore,
the authors suggest that the surge in resignations in Italy reflects a phenomenon of
“postponed resignations”, as many workers were unable to leave their jobs in 2020
due to the labor market freeze. However, given the newly available data for 2022,
which show that resignation rates have remained consistently above 2021 levels, it
is evident that this trend cannot be attributed solely to a delayed wave of mass
resignations. To this end, we aim to provide a more detailed quantitative analysis
that not only explores whether the Italian Great Resignation is merely a case of job
switching or rather indicative of a more permanent quitting trend but also seeks to
identify the key determinants behind workers’ decision to resign.
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3.3 GR Indicators and Descriptive Evidence

3.3.1 GR Indicators

In Italy, the official data source for tracking resignations is the Communicazioni Ob-
bligatorie (COB) dataset, an administrative database managed by the Ministry of
Labor, which contains all job activations and terminations. Within job terminations,
it is also possible to trace the cause and therefore identify workers’ voluntary resig-
nations. However, while this represents a fundamental source for analyzing trends
and measuring the extent of the Italian Great Resignation (GR), the COB cannot
be directly used in our multivariate analysis because it lacks detailed worker-level
characteristics, which are essential for understanding the determinants of a com-
plex phenomenon like the GR. Therefore, to explore this complexity, we rely on the
Italian Labour Force Survey (ILFS), a quarterly dataset provided by ISTAT that is
representative of the Italian workforce.

The ILFS provides a range of worker-specific variables essential for conducting
a robust econometric analysis. Although it does not include a direct indicator for
resignations, we construct two indices based on survey responses, following the two
distinct approaches discussed in the literature: job quitting and job switching. The
Switching indicator is a binary variable that takes the value of 1 if a worker meets
specific conditions based on three ILFS survey questions:

1. COND3 — What is your professional status?
2. F1 — Are you looking for another job?
3. F2 - Are you seeking a new job or an additional one?

Specifically, the indicator equals 1 when individuals report being employed (COND3)
and actively searching for another job (F1), but explicitly states that they are look-
ing to replace their current job rather than seeking additional employment (F2).
This distinction is crucial, as those looking for supplementary work represent a dif-
ferent phenomenon unrelated to the GR.

Conversely, the Permanent Quitting indicator is based on the following ILF'S
survey questions:

1. COND3 — What is your professional status?

2. E1 - Have you ever had a job in your life?

3. E2 - In which year did you stop working?

4. E14/E15 - What was the reason for leaving your last job/working activity?

Similar to the Switching indicator, the Permanent Quitting indicator is also a bi-
nary variable. It takes the value of 1 for individuals who are no longer employed
(COND3) but reported having held a job within the past year (E1). However, to
ensure that the indicator captures voluntary resignations rather than other forms
of job separation, we exclude individuals who left the workforce due to retirement,
were dismissed (including cases of firm closures), or whose contracts simply expired
(E14/E15). This approach allows us to better isolate cases of voluntary job quit-
ting, which are more directly linked to the phenomenon of the GR.
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In Figure 3.2, we present the trend of the two indices over the period 2018-2022
(the timeframe analyzed in our econometric section), expressed as rates relative to
the total employed population and broken down by quarter. For comparison, we
also include the official trend of resignations derived from the COB dataset.®

Figure 3.2: Comparison of trends between official Italian resignation statistics and our
reconstructed proxies.

A first observation of the graph reveals a striking similarity between our Switch-
ing indicator and the official trend of the GR, while the Permanent Quitting indi-
cator appears to capture a distinct phenomenon. What is particularly noteworthy,
however, is that this visual impression is strongly corroborated by the correlation
analysis: the Switching index exhibits an exceptionally high positive correlation
(0.86) with the COB trend on resignations. Given the complexity of job transi-
tions and the multiple factors influencing career mobility, such a strong alignment
was far from guaranteed. This finding suggests that our index not only captures
this dynamic but does so with remarkable precision. The difference in absolute nu-
merical rates can largely be explained by the fact that not all workers seeking to
change jobs successfully secure new employment, as quitting without an alternative
is particularly risky in the Italian labor market.

Conversely, the visual representation already suggests that the Permanent Quit-
ting indicator does not align with the official resignation trend. Instead, it serves
as a proxy for a different aspect of labor market dynamics, displaying a negative
correlation with the COB data (-0.51). This distinction is crucial in addressing the
open question of whether resignations primarily reflect professional mobility or labor
force withdrawal. Our findings suggest that, at least in Italy, the GR is better inter-
preted as a reallocation trend rather than a widespread exit from the labor market.
Assuming our Switching indicator is a reliable proxy, we further provide descriptive
evidence on the underlying reasons why workers seek to leave their current jobs in
pursuit of better opportunities.

5The data on resignations come from the COB dataset, while the official number of employed
individuals is taken from ISTAT’s quarterly series on employment, available at the following link:
http://dati.istat.it/Index.aspx?DataSetCode=DCCV_OCCUPATITDEL.
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3.3.2 Variables

In the final dataset, we divide the sample into two groups: pre-Covid and post-
Covid. The pre-Covid group includes the ILFS quarters from 2018 and 2019, while
the post-Covid group consists of the quarters from 2021 and 2022. We exclude
observations from 2020, the year Covid-19 reached Italy and significantly disrupted
the Italian labor market. We end up with approximately 729,000 workers, well
distributed across the two different periods of analysis.

Since our econometric analysis aims to understand the determinants of the Italian
GR, our dependent variable is the Switching Indicator, previously introduced in the
last section. Given the high correlation displayed between the Switching Indicator
and the official COB trend, we are confident that our measure works as a reliable
proxy for the GR phenomenon. We then incorporate a set of explanatory variables
that may influence the decision to quit a job. The first is a dummy variable equal to
one for workers interviewed in the post-Covid period. By including this dummy, we
hypothesize that, after controlling for other potential confounders, if this variable
retains a statistically significant impact on resignation decisions, it might capture
individual psychological and unobservable factors related to the pandemic.

Next, we examine the relationship between job resignation and several individ-
ual characteristics, including gender, years of education, age, and partnership status.
We also account for job-related features particularly relevant in this context, such as
working hours, contract type (permanent vs. temporary) and firm-size. Addition-
ally, we include fixed effects for both the worker’s sectoral code and the macro-region
where the job is located.

Following the task-based literature, which explores how occupation-specific char-
acteristics influence workers’ sense of meaningfulness and, consequently, their deci-
sion to quit (Nikolova and Cnossen, 2020), we incorporate five continuous task indi-
cators: work autonomy (WA), routine manual (RM), routine cognitive (RC), social
intelligence (SI), and flexibility. These indicators are reconstructed using the 2013
edition of the Indagine Campionaria sulle Professioni (ICP), an Italian O*Net-type
database. Our indicators are based on classical task measures widely discussed in
the economic literature (Autor and Dorn, 2013; Goldin, 2014; Frey and Osborne,
2017). Table C1 lists all the ICP questions used to construct these task indicators,
which are linked to the ILFS at the 4th ISCO digit level.

As highlighted in the literature, another potential determinant of resignation
decisions is the feasibility of remote work. To account for this, we compute an
additional task index based on the indicator proposed for the U.S. by Dingel and
Neiman (2020). Using multiple O*Net questions, the authors developed a binary
indicator to identify occupations that cannot be performed from home. A detailed
description of the ICP questions used to reconstruct the remote work (RW) indicator
is provided in Table C1.

Finally, we introduce a proxy for net monthly wages. Unfortunately, this variable
is only observable for the pre-Covid period. To address this limitation, we impute
values for the post-Covid observations by calculating the median wage based on the
4th digit ISCO code, the macro-sectoral code, and the macro-region where the work
is performed.
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3.3.3 Descriptive Analysis

In Table C2, we present the means and standard deviations (SD) of our key vari-
ables, stratified by individuals interviewed before and after the COVID-19 pan-
demic. The only variable exhibiting a notable change between the two groups is the
Switching indicator. Specifically, the proportion of workers seeking alternative em-
ployment was 2.9% in the pre-COVID period, rising to 3.5% in the post-pandemic
period. Regarding other individual and job-related characteristics, the two sam-
ples appear well-balanced in terms of gender, age, years of education, cohabitation
with a partner, and hours worked. Notably, the remote working indicator reveals
that approximately 60% of Italian workers are employed in occupations requiring
constant physical presence at the workplace. Overall, the two groups exhibit re-
markably similar values across most variables, suggesting minimal compositional
differences. Nevertheless, in the econometric analysis, we further investigate the po-
tential influence of compositional effects on the dynamics of the Italian GR through
a decomposition analysis.

To better understand the drivers of this phenomenon, Figure 3.3 presents the rea-
sons for seeking new employment (based on question F3 of the ILFS), stratified by
individuals interviewed before and after the COVID-19 pandemic. The most strik-
ing finding from this descriptive analysis is the shift in primary motivations. In
the pre-pandemic period, the predominant reason for seeking new employment was
the desire to increase one’s wage. However, in the post-pandemic era, the primary
motivation has shifted significantly toward the pursuit of more fulfilling work, better
aligned with individuals’ skills and competencies. These preliminary results suggest
a growing emphasis on meaningful work and overall well-being among workers, re-
flecting a potential psychological shift in labor market priorities. This hypothesis is
further supported by the observed increase in the percentage of respondents citing
reasons related to achieving a better work-life balance, such as the need to spend
more time on family care or to reduce commuting time. Additionally, a notable de-
cline is observed in the fear of losing one’s current job, a trend that could align with
the economic recovery following a period of significant recession. In the econometric
section, we further explore the role of monetary incentives through a counterfactual
analysis.
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Figure 3.3: Comparison of reasons for seeking new employment among individuals in-
terviewed before and after the Covid-19 Pandemic.
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3.4 Econometric Analysis

3.4.1 Multivariate Analyses: What Are the Determinants
of the Italian GR?

In this section, to provide initial insights into the determinants of the Italian GR,
we apply the following logit model:

Logit(Y;) = By + S1PostCovid + X; 5 + v; + 0, (3.1)

where Y represents our Switching_Indicator, as described in detail in Section 3.1.
The variable PostCovid is a dummy indicating individuals interviewed in 2021 and
2022, while the vector X includes all the variables described in Section 3.2 that
could potentially act as concurrent determinants of this phenomenon. Lastly, v;
and 0, represent fixed effects of sectors and Italian regions respectively.

The estimation results for our five logit models are reported in Table 3.1, where
we progressively introduce additional potential determinants. In column (1), we in-
clude only the variable PostCovid, which already exhibits a positive and significant
effect on the probability of quitting one’s current job. As we sequentially incorporate
individual characteristics and regional fixed effects (column 2), job characteristics
(column 3), and task characteristics, wage proxies, and sectoral fixed effects (col-
umn 4), the structural and positive effect attributable to the pandemic remains
significant.

Moreover, as expected, we find that higher wages, having a permanent contract,
being in a relationship, and increasing age reduce resignation propensity. Conversely,
being male and having more years of education increase switching desire.

Among the task-related indicators, workers in occupations characterized by greater
flexibility, routine cognitive tasks, social interactions, and autonomy exhibit a lower
probability of resigning from their job. The negative impact of working hours may
reflect the desire of individuals working fewer hours to secure a full-time position.
Notably, our smart-working proxy suggests that workers who cannot perform their
job remotely face a higher probability of changing jobs.

In column (5), we also introduce controls for firm-size®. While this inclusion
results in a loss of approximately 100,000 observations (compared to column 4), we
observe a significant increase in McFadden’s pseudo R?, indicating an improvement
in the model’s goodness of fit”. However, we do not observe substantial changes in
the signs of our coefficients.

6We classify firms into micro, small, medium, and large based on the number of employees:
micro firms have fewer than 10 employees, small firms have between 10 and 49 employees, medium
firms have between 50 and 249 employees, and large firms have 250 or more employees.

"As a robustness check, we re-estimated the models presented in columns (1)—(4) using the
sample available in column (5). The McFadden pseudo R? remains approximately the same as in
Table 1, suggesting that the observed difference is due to the inclusion of firm-size fixed effects
rather than sample selection.
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Table 3.1: Logit Analysis of the determinants of the Italian GR

Dependent variable:

Switching_Indicator

(1)

(2)

(3)

(4)

()

Post_Covid 0.219*** 0.245*** 0.266*** 0.348*** 0.312%**
(0.013) (0.014) (0.014) (0.014) (0.016)
Years_Educ —0.002 0.024** 0.060*** 0.063***
(0.002) (0.002) (0.003) (0.003)
Gender M —0.096*** 0.163*** 0.287*** 0.298***
(0.014) (0.016) (0.017) (0.018)
Partnered —0.490**  —0.462**  —0.426™** —0.403***
(0.022) (0.022) (0.023) (0.024)
Age —0.054**  —0.044"*  —0.038*** —0.038"**
(0.001) (0.001) (0.001) (0.001)
Hours_Worked —0.039***  —0.026*** —0.024***
(0.001) (0.001) (0.001)
Permanent_Work —0.550"*  —0.625"** —0.631***
(0.015) (0.016) (0.018)
Work_Autonomous —0.009*** —0.006***
(0.001) (0.001)
Routine_Manual 0.0005 —0.001
(0.001) (0.002)
Routine_Cognitive —0.015*** —0.014***
(0.002) (0.002)
Social _Intelligence —0.010"* —0.009***
(0.001) (0.001)
Smart_Working 0.046* 0.050*
(0.024) (0.026)
Flexibility —0.022*** —0.020***
(0.001) (0.002)
log_Wage —0.709*** —0.775%*
(0.023) (0.025)
Constant —3.524**  —0.829"*  —0.026 6.297** 6.505***
(0.010) (0.044) (0.061) (0.181) (0.197)
Observations 729,215 723,117 723,117 691,833 588,625
Regional F.E. No Yes Yes Yes Yes
Sectoral F.E. No No Yes Yes Yes
Firm-Size Dummies No No No No Yes
McFadden Pseudo R?  0.001 0.051 0.086 0.135 0.251

Note: “p<0.1; *p<0.05; **p<0.01 . Robust standard errors in parenthesis.

To provide a quantitative interpretation of our findings, in the appendix (Ta-
ble C3 and Table C4), we report the marginal effects for the specifications in columns
(4) and (5) of Table 3.1. Focusing on the average marginal effects from model (4),
we find that being interviewed in the post-COVID period increases the Switching
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Propensity by approximately 1 percentage point. A 10% increase in wages reduces
the probability of changing jobs by 0.27 percentage points. Being male increases
the propensity by 0.85 percentage points, whereas being in a relationship decreases
it by 1.27 percentage points. The results for the marginal effects in column (5) are
quite similar.

3.4.2 Subsample Analysis

While the previous logit analysis has provided a preliminary overview of the factors
leading Italian workers to quit their jobs, a more refined empirical approach is needed
to determine whether specific characteristics differentiate the pre- and post-Covid
periods. Additionally, the significant effect of the PostCovid dummy may reflect
differences in how certain determinants influence resignation propensity across the
two time spans.

To address this, we split our sample into the two periods and separately esti-
mate the specification of column (4) in Table 3.1. The results of the separate logit
regressions are reported in Table C5. However, to better capture differences in the
impact of individual coefficients between the two periods, Figure 3.4 presents the
marginal effects of all our regressors®.

Among the most notable variations, the effect of the dummy variable indicating
the impossibility of working from home stands out: it has no impact in the pre-
Covid period but becomes significant and positively associated with resignation
propensity in the post-Covid period. A strong variation in marginal effects is also
observed for regional factors: Italian regions historically facing greater job market
challenges (such as the South and the Islands) see a further increase in their impact
on the likelihood of seeking alternative employment. Finally, an important result
emerges from the wage proxy, which sees a decline in its effect on reducing resignation
probability while remaining strongly significant. This might suggest that the Great
Resignation goes beyond a mere intensification of pre-existing trends related to low-
paid jobs and difficult working conditions.

8For space reasons, we exclude sectoral fixed effects. However, we observe changes in statistical
significance for manufacturing (from not significant to positive), construction (sign change from
positive to negative), and social services (from not significant to positive).
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Figure 3.4: Comparison of reasons for seeking new employment among individuals in-
terviewed before and after the Covid-19 Pandemic.
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3.4.3 Di Nardo, Fortin and Lemieux Decomposition

To further analyze the change in resignation propensity before and after the COVID-
19 pandemic, we apply the Di Nardo, Fortin, and Lemieux (DFL) decomposition
(DiNardo et al., 1996). This method allows us to separate observed differences into
two key components: a composition and a structural effect. The former captures
the impact of changes in the distribution of observable characteristics (e.g., industry,
education, gender, job stability) between the pre- and post-COVID periods. Differ-
ently, the structural effect reflects shifts in the relationship between these charac-
teristics and resignation propensity, indicating changes in behavior, preferences, or
labor market conditions. Essentially, we construct a counterfactual pre-Covid pop-
ulation that retains the same sectoral distribution, occupation, contract types, age,
gender composition, and task characteristics as the post-Covid workforce, but with
a switching propensity reflecting pre-Covid behavior. As discussed in D’Ambrosio
et al. (2022), the DFL approach can be seen as a generalization of mean decom-
position methods, such as Oaxaca-Blinder. While both methodologies yield similar
insights, the key advantage of DFL lies in its ability to reweight the entire dis-
tribution rather than focusing solely on the mean. Moreover, the high prevalence
of zeros in our binary dependent variable makes quantile regression an unsuitable
alternative.

Formally, in the DFL framework, we can express the density of switching propen-
sity y as a function of the time period 7', where T" = 1 indicates the post-Covid period
and T = 0 refers to the pre-Covid period. Additionally, we define a set of observable
characteristics X, including sector, occupation, contract type, age, gender, and task
characteristics. Based on the definition of conditional probabilities, we obtain:
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fIT=1) = / F I XOR(X|T = 1)dX

T = 0) = / I X)h(X|T = 0)dX

In our study, f(y|T = 1) represents the distribution of switching propensity
in the post-Covid period, while f(y|T = 0) corresponds to the pre-Covid period.
The counterfactual switching propensity distribution that would have prevailed in
the pre-Covid period if the distribution of characteristics had been the same as in
the post-Covid period can be written as a reweighted distribution of the observed
pre-Covid density:

/ FyX)h(X|T = 1)dX = / w £y X)h(X|T = 0)dxX

The weights wx are defined as the ratio of the density of characteristics X
across the two time periods. Intuitively, they represent the ratio of the probability
of observing a given characteristic in the post-Covid period to the probability of
observing it in the pre-Covid period:

CWXIT=1)  PT=1X) P
YT AXIT=0 1-PT=1X) P,

where the second equality derives from Bayes’ law. Since the direct estimation
of h(X|T) is hampered by dimensionality issues, the conditional probability P(T =
1]X) can be estimated using binary choice models such as logit or probit. The terms
Py and P; correspond to the share of individuals in the pre-Covid and post-Covid
periods, respectively. Basically, w, assign more relevance to pre-Covid interviewed
workers more similar in terms of characteristics to the post-Covid surveyed workers.
In the next section, we adopt an extension of this methodology to estimate the
counterfactual concentration curve for the wages.

To provide a visual representation of our results, in Figure 3.5 we plot the per-
centage of people aiming at change their jobs in the observed pre- and post-Covid
periods, along with the counterfactual pre-Covid group. As we can observe, the
counterfactual and observed pre-Covid groups display almost the same probability
of switching, indicating that the composition effect is quite small.

Our results confirm that the overall change in switching propensity is positive,
meaning that the switching indicator rates increased after the pandemic. However,
when we decompose the results, the composition effect appears to be negative (-
0.0008), implying that differences in observable characteristics (such as industry
shifts, workforce demographics, or contract types) would have led to a slightly lower
resignation rate.

Conversely, the structural effect is strongly positive (0.0072), suggesting that
the main driver of the increased switching rate is a change in the relationship be-
tween covariates and switching propensity. This could reflect a shift in worker
preferences, with employees placing greater importance on job flexibility or work-
life balance. Another possible explanation could be related to changes in labor
market conditions after the pandemic, such as increased job opportunities leading
to higher voluntary turnover. More generally, the structural effect could capture a
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post-pandemic reevaluation of job satisfaction, prompting more individuals to leave
their jobs despite unchanged personal characteristics.

Figure 3.5: DFL Decomposition
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3.4.4 Concentration Curve

As a final step in our analysis, we examine the relationship between wages and job
transitions, focusing on whether resignation patterns differ before and after the pan-
demic. To construct a counterfactual wage distribution, we apply the DiNardo et al.
(1996) reweighting approach, allowing us to compare observed and counterfactual
resignation trends. More precisely, we first normalize wages to ensure compara-
bility across different periods. We then estimate an inverse probability weighting
(IPW) model using a logistic regression, where the probability of belonging to the
post-pandemic period is predicted based on a set of individual and job-related char-
acteristics. Then, for each pre-Covid observation, we compute the probability of
belonging to the post-pandemic period and derive the weights.

Observations with invalid or extreme weights (NA, infinite, or negative values)
are removed to ensure stability in the reweighting process. The pre-Covid sample
is then resampled using these weights to generate a counterfactual dataset that
resembles the post-Covid wage distribution in terms of observable characteristics.

Once the counterfactual distribution is constructed, we apply the concept of the
concentration curve (Wagstaff et al., 2007) to examine the cumulative distribution
of switching relative to the cumulative sum of wages. This approach allows us to
assess whether switching are more concentrated among low-wage workers or are
evenly distributed across wage levels. Specifically, we compute:

5= 3w @1:2% (3:2)

J<i J<i

where S; represents the cumulative proportion of salaries (normalized), and @;
represents the cumulative proportion of switching.

We then visualize these trends using the concentration curve (Wagstaff et al.,
2007), which plots the cumulative percentage of resignations (y-axis) against the
cumulative sum of wages, ranked in increasing order (x-axis). If resignation rates
were uniformly distributed across wage levels, the concentration curve would align
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with the 45-degree line. Conversely, if quitting is more prevalent among lower-wage
workers, the curve would lie above this line.

Our results reveal two key insights (refers to Figure 3.6. First, the near-identical
pre-Covid observed and counterfactual curves confirm that compositional effects
do not drive the resignation trend; instead, structural factors play a decisive role.
Second, the post-Covid curve rises more gradually, suggesting that resignations have
become more widespread across different wage levels, including higher earners. This
supports the evidence from our subsample analysis.

While wages remain a significant predictor of job transitions, they do not pri-
marily explain the rise in Italy’s quit rate. Instead, other underlying factors must
account for this shift,

Figure 3.6: Wage Counterfactual Analysis
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3.5 Conclusions

In this study, we provide a quantitative contribution to the growing literature on
the Great Resignation. By analyzing the Italian case—a context that has received
limited attention in the scientific literature—we offer new insights into this phe-
nomenon.

By comparing official resignation data from the Ministry of Labor, we con-
structed an indicator that closely replicates the trend observed in the ILFS. This
validation allowed us to proceed with the analysis and derive several key findings.

First, our study confirms that in Italy, the Great Resignation primarily mani-
fested as job-to-job transitions rather than widespread labor market exits. This is
evident from the strong alignment between the quit trend observed in official COB
data and our Switching Indicator within the ILFS. Second, our multivariate and
subsample analyses help identify the key drivers of this trend. In the Italian labor
market, the intention to quit is more prevalent among highly educated individuals,
young workers, men, those without a partner, and those in temporary positions.
Regarding job characteristics, we find that workers engaged in routine cognitive and
social interaction tasks, as well as those with greater flexibility and autonomy, are
less likely to resign. Additionally, our subsample analysis highlights the increasing
role of remote work. While teleworking was not a significant factor before the pan-
demic, it emerged as a crucial determinant of quitting decisions in the post-pandemic
period.

Third, our decomposition analysis reveals that the Great Resignation in Italy is
not driven by compositional effects but rather by structural changes. These shifts
likely reflect evolving individual work preferences, leading to a reassessment of work-
life balance priorities. Finally, our counterfactual analysis based on the concentra-
tion curve demonstrates that the rise in job transitions cannot be solely attributed
to Italy’s longstanding issues related to low wages. While compensation remains
an important factor influencing job-switching decisions, the increasing propensity
to switch jobs is driven by a more complex interplay of factors, including job-task
characteristics and broader work-life balance considerations.

From a methodological perspective, our study has certain limitations. The com-
parison groups (pre- and post-Covid workers) represent two distinct snapshots of the
Italian labor force. Due to data constraints, we are unable to conduct a longitudinal
analysis to assess whether Covid had a direct impact on individuals’ propensity to
switch jobs or to examine how the effects of various factors evolved over time. Future
research should explore these dynamics further, ideally adopting longitudinal data
to provide a deeper understanding of the structural transformations underlying the
worldwide Great Resignation.

In conclusion, our study provides quantitative evidence that the Great Resig-
nation (GR) was indeed a significant phenomenon in Italy — a finding that was
far from obvious. Despite a series of labor market reforms implemented in recent
decades to increase workplace flexibility (Barbieri and Scherer, 2009; Cirillo et al.,
2017), finding a new job in Italy remains challenging, and leaving one’s current
position without securing another is highly risky.

Our analysis confirms this intuition, highlighting a distinctive feature of the
Italian case: the GR primarily manifested as job switching rather than large-scale
exits from the labor market. As shown by our results, the trend in our Switching
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Indicator closely mirrors that of official resignation data. The fact that the Switching
Indicator is higher in percentage terms may suggest that a substantial share of
workers considered leaving their jobs but ultimately refrained from doing so without
the security of alternative employment.

This underscores the unique dynamics of the Italian labor market, where struc-
tural rigidities and risk aversion shape resignation behavior.
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Conclusions

This work has explored three distinct yet interconnected labor market dynamics,
each contributing to a deeper understanding of structural shifts and policy chal-
lenges within the Italian and broader European context. By examining Green Jobs,
Robotization, and the Great Resignation, this research provides novel insights into
employment trends, methodological advancements, and policy implications. From a
scientific standpoint, each chapter addresses specific gaps in the existing literature,
not only by developing new measurement tools and exploring new empirical con-
text, but also by investigating research questions that remain largely unanswered.
In doing so, this work advances both the methodological and empirical foundations
for understanding how structural transformations affect employment dynamics.

In the first chapter, we introduced a new approach to defining and measuring
Green Jobs within the Italian labor market. Our task-based indicators represent a
significant methodological improvement compared to previous transcriptions from
U.S. occupation codes, offering a more precise assessment of job “greenness.” By
directly comparing our indicators with existing indicators, we demonstrated their
superior accuracy in identifying green occupations. Our econometric analysis pro-
vided surprising insights: contrary to expectations, Green Jobs in Italy tend to be
associated with lower levels of education, a higher prevalence of male workers, and
a concentration in economically disadvantaged regions. Moreover, workers in these
roles are more likely to hold temporary contracts, revealing an additional layer of
labor market precariousness. This result challenges the UNEP definition that sug-
gests Green Jobs offering stable and high-quality employment opportunities. From
a policy perspective, ensuring that the transition to a greener economy does not re-
inforce labor market instability is crucial. Future research could refine our measures
through advanced machine learning techniques to further improve the identification
and classification of Green Jobs and explore policy interventions that mitigate the
precariousness associated with them.

The second chapter expanded the perspective to an international scale, analyzing
the employment effects of robot adoption in the Top 5 European economies on other
European countries. By introducing the novel TRAED index, we provided empirical
evidence that automation investments in leading economies generate positive em-
ployment spillovers in trade-connected countries. Our findings suggest that, within
the highly integrated European market, the productivity effects of automation out-
weigh potential reshoring effects, leading to an overall increase in employment. This
is particularly evident in lower-income European countries, where the demand for
intermediate inputs from high-income economies sustains employment levels. This
result aligns with previous works in the literature, showing that Furopean countries
exhibit a structure characterized by headquarters and factory economies, where
central economies can purchase intermediate products at lower prices from Eastern
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European countries.

Our results contribute to the debate on automation’s employment effects by
emphasizing the importance of considering international trade relationships rather
than solely focusing on domestic labor market impacts. Future research should
explore the implications of automation beyond Europe, potentially extending the
analysis to global trade networks and firm-level data to better capture heterogeneous
responses to technological change.

Finally, the third chapter examined the Great Resignation phenomenon in Italy,
offering one of the first in-depth empirical analyses of this trend in the economic
literature. Our results indicate that, rather than reflecting widespread labor force
exits, the Italian Great Resignation is primarily characterized by job-to-job transi-
tions. Highly educated young workers in temporary positions are the most likely to
switch jobs, with post-pandemic shifts in job preferences and remote work playing
an increasingly significant role. Our multivariate analysis highlights that quitting is
more prevalent among men, those without a partner, and individuals who perform
jobs that do not allow remote work opportunities. Furthermore, our decomposi-
tion analysis reveals that the increase in resignations is not driven by compositional
changes in the workforce but rather by structural transformations in job preferences.
Specifically, the growing emphasis on work-life balance and job flexibility appears
to be a key driver of mobility decisions. While low wages remain an important
factor influencing job-switching behavior, our counterfactual analysis suggests that
monetary compensation alone does not fully explain the trend. Instead, a more
complex interplay of job-task characteristics and evolving worker preferences has
emerged in the post-pandemic labor market. These findings highlight the need for
companies and policymakers to rethink labor market strategies, taking into account
workers’ growing demand for flexibility, autonomy, and career development oppor-
tunities. Future research should utilize longitudinal data to explore whether these
trends are temporary responses to the pandemic or indicative of a more permanent
transformation in employment relationships.

Taken together, the findings of this dissertation underscore the complex interplay
between technological change, job quality, and worker preferences in shaping contem-
porary labor markets. Policymakers must address the precarious nature of Green
Jobs, recognize the cross-border employment effects of automation, and consider
the shifting workforce expectations in the wake of the Great Resignation. Future
research should build on these insights by incorporating longitudinal data and firm-
level analyses to deepen our understanding of these structural labor market changes
and their long-term implications.
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Appendix Chapter 1

Table A1l: Distribution of Green occupations across 1-digit macro-occupations

Occupational Greenness Greenness Description

Code Importance Frequency

1.1.2.3.2 20% 17% Superintendents of cultural heritage

2.1.1.6.4 59% 61% Meteorologists

2.1.1.6.5 57% 57% Hydrologists

2.2.2.1.2 52% 55% Specialists in territory recovery and
conservation

2.3.1.1.5 43% 47% Botanists

2.3.1.1.7 39% 48% Ecologists

2.3.1.3.0 54% 53% Agronomists and foresters

2.5.1.1.3 18% 20% Specialists in public safety

2.5.3.2.3 21% 29% Geographers

3.14.1.4 38% 37% Technicians of water treatment
plants

3.1.8.3.1 64% 61% Environmental control technicians

3.1.8.3.2 54% 58% Technicians of waste collection and
treatment and environmental recla-
mation

3.2.2.1.2 80% 82% Forestry technicians

3.4.6.3.2 58% 54% Technicians of the security services
of firefighters

3.4.6.3.3 1% 73% Technicians of the security services
of the forest corps

5.4.8.3.3 45% 43% Forest corps agents

6.1.3.1.0 17% 16% Roofers and waterproofers

6.1.5.2.0 3% 34% Workers responsible for the mainte-
nance of sewerage systems

6.4.4.1.1 40% 34% Reforestators

7.1.6.2.1 58% 61% Operators of waste recovery and re-
cycling plants

8.1.4.5.0 67% 69% Ecological operators and other
waste collectors and separators

8.3.1.1.0 26% 24% Agricultural laborers

8.3.1.2.0 34% 35% Unskilled personnel engaged in
green maintenance

8.3.2.1.0 42% 38% Unskilled forest personnel
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Table A2: Logit Model

Estimate  Std. Error  z value Pr(>|z]) OddsRatio

(Intercept) 11.917 0.584 20.394 0 0.00001
gender_male 1.790 0.021 84.864 0 5.987
fixed _term_contract 0.769 0.032 24.328 0 0.464
training_contract 0.453 0.059 7.716 0 06
temporary_contract 0.332 0.029 11.582 0 0.717
North_East 0.246 0.024 10.322 0 1.279
Center 0.165 0.024 6.883 0 1.180
South 0.661 0.022 29.731 0 1.937
Islands 0.222 0.028 7.814 0 1.249
Age25 - 29 0.237 0.033 7.143 0 1.267
Age30 - 34 0.226 0.033 6.785 0 1.254
Age35 - 39 0.216 0.033 6.574 0 1.242
Aged0 - 44 0.318 0.033 9.700 0 1.375
Agedb - 49 0.425 0.033 12.919 0 1.530
Aged0 - 54 0.461 0.034 13.360 0 1.585
Ageb5 - 59 0.563 0.037 15.224 0 1.755
Age60 - 64 0.498 0.040 12.525 0 1.645
High _school 0.210 0.018 11.505 0 0.811
University_degree 0.095 0.029 3.232 0.001 0.909
GreenSector 0.115 0.080 1.432 0.152 1.122

In the logit, we also insert dummy variables for CP 3-digit categories (worker-ISCO Italian
Classification).
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Table A3: Stratified by HighGreen

0 1 SMD

n 604,911 49,074
gender = M (%) 374,771 (62.0%) 44,645 (91.0%) 0.728
macro_region (%) 0.402

north-west 156,462 (25.9%) 7,868 (16.0%)

north-east 136,425 (22.6%) 7,107 (14.5%)

central 130,439 (21.6%) 11,098 (22.6%)

south 129,801 (21.5%) 16,488 (33.6%)

islands 51,784 (8.6%) 6,513 (13.3%)
age_class (%) 0.284

18 - 24 84,794 (14.0%) 4,359 (8.9%)

25 - 29 77,168 (12.8%) 5,162 (10.5%)

30 - 34 85,091 (14.1%) 5,746 (11.7%)

35 -39 86,450 (14.3%) 6,063 (12.4%)

40 - 44 84,542 (14.0%) 6,975 (14.2%)

45 - 49 75,393 (12.5%) 6,869 (14.0%)

50 - 54 54,932 (9.1%) 6,444 (13.1%)

55 - 59 33,656 (5.6%) 4,302 (8.8%)

60 - 64 22,885 (3.8%) 3,154 (6.4%)
education (%) 0.182

up to middle school 352,736 (58.3%) 32,914 (67.1%)

high school 187,747 (31.0%) 12,016 (24.5%)

university 64,428 (10.7%) 4,144 (8.4%)
greenSector (mean (SD)) 0.52 (0.50) 0.82 (0.39) 0.673
isco_3 (%) 1.169

1.1.2 23 (0.0%) 3 (0.0%)

1.3.1 0 (0.0%) 0 (0.0%)

2.1.1 22,186 (3.7%) 494 (1.0%)

2.2.1 0 (0.0%) 0 (0.0%)

2.2.2 1,337 (0.2%) 290 (0.6%)

2.3.1 10,363 (1.7%) 601 (1.2%)

2.4.1 0 (0.0%) 0 (0.0%)

2.5.1 11,231 (1.9%) 89 (0.2%)

2.5.3 279 (0.0%) 10 (0.0%)

2.6.3 0 (0.0%) 0 (0.0%)

3.1.1 0 (0.0%) 0 (0.0%)

3.1.3 0 (0.0%) 0 (0.0%)

3.1.4 1,287 (0.2%) 413 (0.8%)

3.1.6 0 (0.0%) 0 (0.0%)

3.1.8 2,956 (0.5%) 2,231 (4.5%)

3.2.1 0 (0.0%) 0 (0.0%)

3.2.2 464 (0.1%) 76 (0.2%)

3.4.1 0 (0.0%) 0 (0.0%)

3.4.6 2 (0.0%) 1 (0.0%)

5.4.8 0 (0.0%) 0 (0.0%)

6.1.3 81,171 (13.4%) 2,012 (4.1%)

6.1.4 0 (0.0%) 0 (0.0%)

6.1.5 38,939 (6.4%) 982 (2.0%)

6.2.1 0 (0.0%) 0 (0.0%)

6.2.4 0 (0.0%) 0 (0.0%)

6.4.1 0 (0.0%) 0 (0.0%)

6.4.3 0 (0.0%) 0 (0.0%)

6.4.4 593 (0.1%) 5,695 (11.6%)

6.5.3 0 (0.0%) 0 (0.0%)

7.1.5 0 (0.0%) 0 (0.0%)

7.1.6 1,377 (0.2%) 1,620 (3.3%)

7.3.2 0 (0.0%) 0 (0.0%)

7.4.3 16,400 (2.7%) 2,798 (5.7%)

8.1.4 410,9994(67.9%) 22,130 (45.1%)

8.3.1 0 (0.0%) 0 (0.0%)

8.3.2 5,313 (0.9%) 9,629 (19.6%)




Figure Al: Annual activation volume of green ULAs over age and gender. The right
axis is relative to the High-Green Index.
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Appendix Chapter 2

Table B1: Matching between IFR and TiM sectoral classifications

Industry IFR

Industry TiM

All Industries

DO01: TOTAL

Agriculture, forestry, fishing

D01T03: Agriculture, hunting, forestry and fishing

Mining and quarrying

D05T09: Mining and quarrying

Food and beverages

D10T12: Food products, beverages and tobacco

Textiles D13T15: Textiles, textile products, leather and footwear
Wood and furniture D16: Wood and products of wood and cork
Paper D17T18: Paper products and printing

Other chemical products n.e.c.

D19TD20: Manufacture of coke and refined petroleum prod.

Pharmaceuticals, cosmetics D21: Pharmaceutic, medicinal chemical and botanical prod.
Rubber and plastic products D22: Rubber and plastics products
(non-automotive)

Glass, ceramics, stone, mineral D23: Other non-metallic mineral products
products (non-auto

Basic metals D24: Basic metals

Metal products (non-automotive) | D25: Fabricated metal products

Household /domestic appliances D26: Computer electronic and optical equipment
Computers and peripheral D26: Computer electronic and optical equipment
equipment

Info communication equipment, D26: Computer electronic and optical equipment
domestic and prof.

Electronic components/devices D26: Computer electronic and optical equipment
Semiconductors, LCD, LED D26: Computer electronic and optical equipment
Medical, precision, optical D26: Computer electronic and optical equipment

instruments

Electrical machinery n.e.c.
(non-automotive)

D27: Electrical equipment

Electrical /electronics unspecified

D27: Electrical equipment

Industrial machinery

D28: Machinery and equipment, nec

Motor vehicles, engines and
bodies

D29: Motor vehicles, trailers and semi-trailers

Metal (AutoParts)

D29: Motor vehicles, trailers and semi-trailers

Other vehicles

D30: Other transport equipment

All other manufacturing branches

D31T33: Manufacturing nec; repair and installation of ma-
chinery and equipment

Electricity, gas, water supply

D35T39: Electricity, gas, water supply, sewerage, waste and
remediation services

Construction

D41T43: Construction
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Table B2: TRAED indicator statistics among economic sectors

Sector Mean SD p50 Min Max

DO1T03 | 0.6757567 | 0.5079043 | 0.6910621 | 0.0169006 | 1.658163
D05T09 1.900035 | 0.9959935 | 2.148016 0 3.989504
D10T12 4.6464 | 0.8577306 | 4.662709 | 2.313164 | 6.219182
D13T15 3.388786 | 0.3678649 | 3.498498 | 2.123282 | 4.02737
D16 5.648199 | 0.2753295 | 5.649137 | 4.988023 | 6.12007
D17T18 3.601499 | 0.5629145 | 3.638733 | 2.150225 | 4.799051
D19TD20 | 0.4807417 | 0.694381 0 0 2.302366
D21 3.262909 | 2.649779 | 4.348192 0 6.916811
D22 4.078481 | 3.225952 | 5.95226 0 7.647594
D23 5.127626 | 0.5367926 | 5.194301 | 3.501414 | 5.998357
D24 5.535183 | 0.3332425 | 5.551691 | 4.562799 | 6.314025
D25 5.612494 | 0.4634903 | 5.552483 | 4.506002 | 6.645398
D26 5.162432 | 1.093738 | 5.301649 | 2.017534 | 7.095385
D27 5.258816 | 0.6176682 | 5.377066 | 3.268099 | 6.17011
D28 5.087703 | 0.5950501 | 5.207024 | 2.818625 | 6.170329
D29 6.773282 | 1.710798 | 7.549074 | 2.632556 | 8.882624
D30 5.035353 | 0.5683227 | 5.065981 3.59664 | 5.977674
D31T33 4.723168 | 0.2766377 | 4.723446 | 4.053992 | 5.489874
D35T39 | 0.9930088 | 0.6344654 | 1.062679 0 2.115421
D41T43 | 0.8656387 | 0.4891277 | 0.896636 | 0.0166976 | 1.771202
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Table B3: First stage IV regression

Variables (1) (2)
Japan RD 0.053**F*  0.053%**
(0.004)  (0.005)
Domestic Robot 0.164***
(0.049)
Value Added Deflator -0.0001
(0.0004)
Labour Cost 0.0017
(0.0014)
Constant -0.060 -0.165*

(0.058)  (0.0699)

Observations 11,040 7,999
R-squared 0.374 0.415

Notes: Standard errors in parentheses are clustered
at the country-industry level. Year dummies in-
cluded in all models. Regressions are weighted by
the number of workers in 1995. *** ** and *
indicate 1%, 5%, and 10% significance level, re-
spectively.
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Table B4: Dependent var: change in Workers Embodied in Exports

High-Income Countries Low-Income Countries
Variables (OLS) (FE) (Iv) (OLS) (FE) (Iv)
TRAED Index 3.996%*  4.150** 4.374 15.48%**  15.81***  16.96%**
(1.734) (1.805) (2.700) (4.609) (4.636) (6.053)
Domestic Robot -4.348 0.0252 -4.474 12.93*%%  11.53**  12.69**

(5.211)  (6.255)  (5.181)  (6.416)  (5.625)  (6.329)
Value Added Deflator 0.269**%*  (0.343***  (0.270***  -0.0419 -0.0427 -0.0418
(0.0722)  (0.0862)  (0.0734)  (0.0538)  (0.0599)  (0.0535)

Labour Cost -0.220 -0.522%* -0.222 1.854** 1.772 1.843**
(0.198) (0.266) (0.195) (0.751) (1.096) (0.747)
Constant T2.40%%F  73.04%*F  72.23F*¥*F  66.45F*¥F  8(0.42***  66.64***

(11.26)  (10.33)  (11.33)  (18.39)  (10.22)  (18.22)

Observations 3,428 3,428 3,428 4,571 4,571 4,571
R-squared 0.492 0.133 0.492 0.278 0.167 0.278
Kleibergen-Paap F-stat. 97.862 48.022

Notes: Standard errors in parentheses are clustered at the country-industry level. Year
dummies included in all models. Controls include GDP; EU membership and cost of labor.
Regressions are weighted by the number of workers in 1995. *** ** and * indicate 1%, 5%,

and 10% significance level, respectively.
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Table B5: Impact on hours worked by workers divided by GDP levels

High-Income Countries Low-Income Countries
Variables (OLS) (FE) (Iv) (OLS) (FE) (Iv)
TRAED Index 2.150* 1.738 1.510 5.763%F*  5.704***  5.550*
(1.110) (1.116) (1.885) (1.818) (1.855) (2.847)
Domestic Robot -1.794 2.461 -1.102 11.75%%%  10.67F8F  11.44%**

(3.796)  (3.590)  (4.356)  (2.756)  (2.528)  (2.808)
Value Added Deflator ~ 0.141%*  0.191%¥**  0.167**  -0.00286 -0.0123  -0.00268
(0.0582)  (0.0658)  (0.0741)  (0.0246)  (0.0295)  (0.0320)

Labour Cost 0141  -0.0269  0.215 0.674 1.231%  0.704
(0.226)  (0.274)  (0.234)  (0.470)  (0.674)  (0.474)
Constant O7.19%FF  7ROGFFE 94 12FFE  8Y 30FFE 95 5ARKE 90 34KHK

(8.415)  (11.46)  (9.639)  (8.501)  (7.098)  (8.627)

Observations 3,212 3,212 3,045 2,963 2,963 2,796
R-squared 0.374 0.124 0.378 0.441 0.256 0.445
Kleibergen-Paap F-stat. 90.650 33.490

Notes: Standard errors in parentheses are clustered at the country-industry level. Year,
sector and country fixed effects included in all models. Regressions are weighted by the
number of workers in 1995. *** ** and * indicate 1%, 5%, and 10% significance level,
respectively.
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Table B6: Foreign robot impact by macro-sectors

Manifacturing Sectors

Other Sectors

Variables (OLS) (FE) (Iv) (OLS) (FE) (Iv)
TRAED Index 4.320%**  4.479%FFF  3.600%F*  _7.152%  -12.96**  -108.9**
(0.509) (1.228) (0.926) (3.649) (6.118) (44.15)
Domestic Robot T.849%FF* 6. 746%**F  8.142%FF  (.368** 5.997 9.107***
(1.292) (2.531) (1.321) (2.923) (3.728) (3.498)
Value Added Deflator -0.020%**  -0.018  -0.021%%*  0.376%**  0.279%**  (.377FF*
(0.006) (0.024) (0.006) (0.045) (0.062) (0.061)
Labour Cost -0.141%%*  .0.237 -0.135%F  0.950%*%*  2.259%FF  (,937***
(0.0528) (0.229) (0.0531) (0.135) (0.578) (0.153)
Constant 86.90***  87.21%HF*k 89 H4FKK 36 QTHHK TR QHFHKK  35.04%H*
(2.965) (5.288) (4.273) (7.260) (8.275) (10.63)
Observations 6,645 6,645 6,645 1,354 1,354 1,354
R-squared 0.281 0.136 0.281 0.626 0.366 0.443
Kleibergen-Paap F-stat. 93.853 29.897

Notes: Standard errors in parentheses are robusts.

Year, sector and country fixed effects

included in all models. Regressions are weighted by the number of workers in 1995. ***  **
and * indicate 1%, 5%, and 10% significance level, respectively.
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Figure B1: Share of Imports within the EU in 2018, based on Eurostat data

m Germany = France ®=[taly ®mUK ®Spain = Restof Europe
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Figure B2: Distribution of the TRAED index by country
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Figure B3: correlation between the TRAED Index and the Change in workers embodied
in Exports compared to 1995
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Figure B4: Correlation between the TRAED Indes and changes in workers embodied in
exports by countries
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Figure B5: Association between the robot density of the 23 countries and changes in

employment and export workers
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Figure B6: time trend of the operational robot stock for Japan and the Top 5 European
countries
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Instrumental Variable (IV) Estimation

The IV estimation involves two main steps:

First Step: Instrumental Variable Regression

In the first step, we regress the endogenous variable ( TRAED _Index) on the instru-
ment (Robot_Density_Japan) and any exogenous controls:

TRAED _Index = «ag + S1Robot_Density _Japan + 52X + € (3)
Where:
e TRAED _Index is the endogenous variable.
e Robot_Density_Japan is the instrumental variable.

e X include other relevant factors that may influence the TRAED _Index such as
countries, economic sectors, GDP deflator and labour costs.

e ¢ is the error term.

Second Step: Outcome Regression

In the second step, we use the predicted values from the first step to estimate the
main equation:

Change_Emp = 8y + /i TRAED Index + 5,X + u (4)
Where:
e TRAED_ Index are the predicted values obtained from the first step.

e Change_Emp is the dependent variable representing total changes in employ-
ment.

e X include other relevant factors that may influence the TRAED _Index such as
countries, economic sectors, GDP deflator and labour costs.

e u is the error term in this regression.
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Appendix Chapter 3

Table C1: ICP Indicators and Variables

Indicators

ICP variables

ICP questions

Rhythm determined by machinery

D.28

Routine Manual (RM) Control C.25
Importance of repetitive tasks H.51, H.42
Finger dexterity D.24

Perception and Manipulation (PM) | Hand dexterity D.23
Confined spaces H.26
Social perceptiveness C.11
Negotiation C.14

Social Intelligence (SI) Persuasion C.13
Assisting and caring for others G.29
Independent planning E.20

Work Autonomy Autonomous decision-making E.21
Interpersonal Relationship G.28, H.6

- Autonomous decision-making H.48

Flexibility Task-autonomy H.52
Deadline pressure H.54
Email frequency HA4
Violent encounters H.14
Weather exposure H.17, H18
Disease exposure H.29
Minor injuries exposure H.33
Walking /running duration H.36

Remote Working (RW) Safety gear time-use H.43, H.44
Full-body physical activity G.16
Hand-arm manipulation G.17
Machine operation control G.18
Vehicle/equipment operation G.20
Public Interaction G.32
Mechanical equipment maintenance | G.22, G.23
Equipment inspection G4
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Table C2: Summary Statistics

Pre-COVID | Post-COVID
Variable Mean Mean
(sd) (sd)
Switching_Indicator 0.029 0.035
(0.17) (0.18)
Years_Educ 12.00 13.00
(3.90) (3.70)
Gender 0.56 0.55
(0.50) (0.50)
Partnered 0.88 0.90
(0.33) (0.30)
Age 46 46
(12.00) (12.00)
Hours_Worked 37.00 37.00
(11.00) (11.00)
Permanent_Work 0.64 0.66
(0.48) (0.47)
Work_Autonomy 64.00 64.00
(11.00) (11.00)
Routine_Manual 29.00 28.00
(11.00) (11.00)
Routine_Cognitive 49.00 49.00
(5.30) (5.20)
Social_Intelligence 37.00 37.00
(13.00) (13.00)
RW 0.62 0.60
(0.49) (0.49)
Flexibility 43.00 43.00
(6.50) (6.50)
Wage 1336.00 1337.00
(502.00) (406.00)

94



Table C3: Marginal Effects of Table 1 columns 4

Variable AME SE z p Lower Upper
Work_Autonomous -0.0003 0.0000 -10.2864 0.0000 -0.0003 -0.0002
Hours_Worked -0.0008 0.0000 -35.9002 0.0000 -0.0008 -0.0007
Permanent_Work -0.0186 0.0005 -40.1005 0.0000 -0.0195 -0.0177
Years_Educ 0.0018 0.0001  24.3743 0.0000 0.0016 0.0019
Age -0.0011  0.0000 -57.6334 0.0000 -0.0012 -0.0011
Flexibility -0.0006 0.0000 -15.9337 0.0000 -0.0007 -0.0006
Gender M 0.0085 0.0005 17.3524 0.0000 0.0076  0.0095
Smart_Working 0.0014 0.0007 1.9327 0.0533 -0.0000 0.0028
log_Wage -0.0211  0.0007 -30.9187 0.0000 -0.0225 -0.0198
Post_Covid 0.0104 0.0004  23.9234 0.0000 0.0095 0.0112
Routine_Cognitive  -0.0005 0.0001  -6.6469 0.0000 -0.0006 -0.0003
Routine_Manual 0.0000 0.0000 0.3378 0.7355 -0.0001 0.0001
Social Intelligence  -0.0003 0.0000 -10.0140 0.0000 -0.0003 -0.0002
Partnered -0.0127 0.0007 -18.2700 0.0000 -0.0140 -0.0113
Table C4: Marginal Effects Estimates of Table 1 column 5
Variable AME SE zZ p Lower  Upper
Work_Autonomous  -0.0002 0.0000 -6.6481 0.0000 -0.0002 -0.0001
Hours_Worked -0.0007 0.0000 -30.1614 0.0000 -0.0008 -0.0007
Permanent_Work -0.0192 0.0005 -36.9984 0.0000 -0.0202 -0.0182
Firm_Size(Medium) -0.0002 0.0011 -0.1492 0.8814 -0.0024 0.0020
Firm_Size(Micro) -0.0071 0.0010 -6.7519 0.0000 -0.0091 -0.0050
Firm_Size(Small) -0.0025 0.0010 -2.3592 0.0183 -0.0045 -0.0004
Years_Educ 0.0019 0.0001 23.7760 0.0000 0.0018 0.0021
Age -0.0011 0.0000 -51.9966 0.0000 -0.0012 -0.0011
Flexibility -0.0006 0.0000 -13.6709 0.0000 -0.0007 -0.0005
Gender M 0.0091 0.0005 16.7950 0.0000 0.0080 0.0101
Smart_Working 0.0015 0.0008 1.9272  0.0540 0.0000 0.0030
log_Wage -0.0236  0.0008 -31.2079 0.0000 -0.0250 -0.0221
Post_Covid 0.0095 0.0005 19.6132 0.0000 0.0085 0.0104
Routine_Cognitive ~ -0.0004 0.0001 -5.4393 0.0000 -0.0006 -0.0003
Routine_Manual -0.0000 0.0000 -0.0423 0.9663 -0.0001 0.0001
Social Intelligence ~ -0.0003 0.0000 -8.7629 0.0000 -0.0003 -0.0002
Partnered -0.0123 0.0008 -16.2910 0.0000 -0.0137 -0.0108
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Table C5:

Subsample logit analysis

Dependent variable:

Switching_Indicator

(Pre_Covid)  (Post_Covid)

Years_Educ 0.063*** 0.057***
(0.004) (0.004)
Gender M 0.363*** 0.213**
(0.024) (0.023)
Partnered —0.458*** —0.374**
(0.031) (0.034)
Age —0.035*** —0.041***
(0.001) (0.001)
Hours_Worked —0.022%** —0.029***
(0.001) (0.001)
Permanent_Work —0.631*** —0.606***
(0.023) (0.022)
Work_Autonomous —0.008*** —0.010***
(0.001) (0.001)
Routine_Manual 0.001 —0.0004
(0.002) (0.002)
Routine_Cognitive —0.023*** —0.008***
(0.003) (0.003)
Social_Intelligence —0.010"* —0.010"*
(0.001) (0.001)
Smart_Working —0.015 0.109***
(0.034) (0.034)
Flexibility —0.017*** —0.026***
(0.002) (0.002)
log_Wage —0.843* —0.518"*
(0.029) (0.047)
Constant 7.084*** 5.351***
(0.231) (0.346)
Observations 371,153 320,680
Regional F.E. Yes Yes
Sectoral F.E. Yes Yes

Note:
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