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Abstract

We study the effects of robot exposure on worker flows in 16 European countries. Overall, we find
small negative effects on job separations and small positive effects on job findings. Labour costs are
shown to be a major driver of cross-country differences: the effects of robot exposure are generally
larger in absolute terms in countries with low or average levels of labour costs than in countries with
high levels of labour costs. These effects were particularly pronounced for workers in occupations
intensive in routine manual or routine cognitive tasks, but were insignificant in occupations intensive
in non-routine cognitive tasks. For young and old workers in countries with lower labour costs, robot
exposure had a beneficial effect on transitions. Our results imply that robot adoption increased
employment and reduced unemployment most in the European countries with low or average levels
of labour costs.
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1 Introduction

The use of robots has multiplied during the last two decades. Between 2000 and 2017, robot exposure,
as measured by the number of industrial robots per 1,000 workers, has quadrupled in Europe as a
whole; and it has doubled in Germany, which deploys the highest number of robots per worker in
Europe. In high-income countries, robot adoption has increased GDP, labour productivity, and wages
(Graetz and Michaels 2018). But it has also ignited fears, especially among policymakers and the
general public, of considerable job losses. However, the international evidence on the employment
effects of robot exposure is mixed. It has, for example, been reported that robot adoption has reduced
total employment in the US (Acemoglu and Restrepo 2019), but not in Germany, where the decline in
manufacturing employment was counterbalanced by an increase in employment in the service sector
(Dauth et al. 2021). It also appears that the employment effects of robots may be dependent on the
development level: while robot adoption was found to be associated with a decline in employment
shares of jobs intensive in routine manual tasks in high-income countries, no such association was
identified in emerging or in transition economies (de Vries et al. 2020). The reasons for such cross-
country differences, as well the labour market mechanisms behind the aggregate employment effects
of automation, remain largely unexplored.

This paper fills this gap by investigating the effects of robot exposure on worker flows in Europe. We
focus on worker flows because they are an important determinant of worker welfare, and because
they constitute a key mechanism behind changes in employment and unemployment levels. We
answer three main research questions: First, what was the effect of rising robot exposure on job
separation and job finding rates in Europe, and what role did labour costs play in the observed cross-
country differences? Second, how did the effects differ between worker groups? Third, what impact
did the effects of robot exposure on worker flows have on employment and unemployment rates, and
how did it differ by country?

To answer these questions, we estimate labour market transition probabilities from employment to
unemployment (a proxy for job separations and, hence, for job stability) and from unemployment to
employment (a proxy for job findings) in 16 European countries. We use individual-level data from the
European Union Labour Force Survey (EU-LFS), combined with the data on robot exposure from the
International Federation of Robotics (IFR), which are available yearly by country and sector. To quantify
the importance of labour costs, we interact them with robot exposure. To account for potential
endogeneity in robot adoption, we use a control-function approach; and, as an instrument, the average
robot exposure in comparable countries, which has been applied by, e.g., Acemoglu and Restrepo
(2019) and Dauth et al. (2021). We control for a range of potential confounders, such as general
investment, globalisation and trade, and labour demand shocks.

From a theoretical point of view, the effect of robots on employment and labour-market transitions is
not clear-cut. On the one hand, robots and other labour-saving technologies can directly reduce
employment as machines replace humans in performing certain tasks, resulting in a labour-saving
effect. On the other hand, the product demand effect — i.e., an increase in activity thanks to a
productivity-enhancing technology — and the demand spillover effect —i.e., demand for other sectors’
output resulting from higher value added and incomes in the technology-adopting sector — can
increase employment. Indeed, Gregory, Salomons, and Zierahn (2021) showed that the latter two
effects have been dominant in Europe, leading to an overall positive employment effect of routine-
replacing technologies.

Labour costs can be expected to play an important role for the cross-country differences in the labour
market effects of labour-saving technologies, in particular of industrial robots. Labour costs influence
the economic incentives of firms, as the higher labour costs are, the more likely the substitution of



labour with robots is, all other things being equal. Therefore, robot adoption is likely to have a smaller
impact on job separation rates and job finding rates in countries with low levels of labour costs than in
countries with higher labour costs. Indeed, much lower labour costs may explain why the effects of
robot adoption on routine jobs have been more benign in emerging countries than in high-income
countries (de Vries et al. 2020). To account for this mechanism, we interact robot exposure with
different proxies of labour costs. Importantly, we use labour costs at the beginning of the observation
period, which are plausibly exogenous to the robot adoption during the studied period, and are not
affected by feedback effects from robot adoption to labour costs.

To analyse differences between worker groups, we focus on the job tasks performed by workers, as
this is a key determinant of the substitutability of human labour by robots. To distinguish between
workers performing different job tasks, we use categories proposed by Acemoglu and Autor (2011).
We also consider heterogeneity by age as this is another worker characteristic that is very likely to be
correlated with the substitutability by robots (Acemoglu and Restrepo 2021; Dauth et al. 2021).

To quantify how the effects of robots on worker flows affect employment and unemployment, we first
conduct a counterfactual analysis. Its results show how worker flows would have evolved in the
absence of increased robot use, and how employment and unemployment would have evolved as a
result. Second, we calculate decompositions originally proposed by Fujita and Ramey (2009) in a
business-cycle context. This allows us to decompose how the effects of robots on hirings and
separations contribute to changes in employment and unemployment. As we perform this exercise by
country, we are able to provide suggestive evidence on the role of labour market institutions in this
context. Labour market institutions are of interest because even shocks that are common at the macro
or sectoral level can lead to different labour market outcomes between countries, as shown by
Blanchard and Wolfers (2000). Following their insights, we provide evidence for three labour market
institutions: employment protection legislation (EPL), trade union coverage, and unemployment
benefit replacement rates.

Our paper’s findings and contributions to the literature can be summarised as follows. First, we study
labour market transitions, and provide evidence of the effects of automation on worker flows in a
range of European countries. Up to now, the literature has focused on employment stocks or
structures.! We find that, on average, robot exposure significantly reduced the likelihood of job
separations, and it increased, albeit slightly, the likelihood of job finding. Our results are consistent
with country-specific findings on worker flows. For example, Domini et al. (2021) found that
automation episodes in French manufacturing firms were associated with a lower separation rate and
a higher hiring rate. However, there is no evidence yet on the effects of automation on labour market
flows in a cross-country setting.

Second, we identify differences in (initial) labour costs as a driver of cross-country differences in the
labour market effects of robot adoption. Previous cross-country studies of employment effects of
automation (de Vries et al. 2020; Klenert, Fernandez-Macias, and Anton 2020) did not shed much light
on the factors that may explain cross-country differences, as they used broad country categorisations
rather than explicitly quantifying the effect of differences in countries’ labour costs, as we do here. We
find that in Europe the link between labour costs and transition rates follows an inverted U-shape for
separations, and a U-shape for job findings. This implies that in countries with initially low or average

1 Previously, economists have mainly investigated either regional (Acemoglu and Restrepo 2019; Dauth et al.
2021) or worker-level (Domini et al. 2020; Koch, Manuylov, and Smolka 2021) effects of robot exposure in specific
countries, or have examined the effects of robotisation in a cross-country setting using industry-level data (Aksoy,
Ozcan, and Philipp 2021; de Vries et al. 2020; Klenert, Fernandez-Macias, and Anton 2020).



levels of labour costs, robot exposure reduced job separations more strongly.? In addition, we observe
that the effect of robot exposure on job findings was highest in countries with low or average initial
labour costs, but was insignificant or even negative in countries with the very low and very high initial
labour costs.

Third, our individual-level analysis provides evidence of heterogeneity in the effects of robot exposure
on labour market flows among worker groups in a cross-country setting. This stands in contrast to
those of previous cross-country studies, which have used industry-level measures of employment. For
occupational task groups, we generally find more beneficial effects for routine workers than for non-
routine workers. This is particularly the case for job findings, which were increased by robots among
workers in routine manual and routine cognitive occupations, but also for non-routine manual
occupations. The reduction of job findings in countries with medium labour costs was mainly driven by
routine-cognitive occupations. As we discuss in more detail in the conclusions, these results provide
evidence to what extent job tasks matter for the substitutability of workers with robots.

We also find important differences between workers of different ages. In most countries, except for
those with the highest levels of initial labour costs, robot exposure increased the job finding rate of
young workers, and thus of most labour market entrants; but had no impact on the job finding rate of
older workers. At the same time, it reduced the likelihood of job separation among older workers in
countries with low levels of initial labour costs, but it did not affect job separations among young
workers. These differences in workers’ adjustments to the adoption of robots suggest that there was
complementarity between human labour and robots for both older and younger workers, particularly
in countries with low levels of labour costs. For older workers, the benefits were in the form of higher
job stability; while for younger workers, the benefits were in the form of easier job entries. We also
find that for the countries with the highest labour costs, job findings were slightly reduced by robots.

Fourth, we assess the importance of job separations and hirings for the effects of robots on
employment and unemployment. Our counterfactual analysis shows that rising robot exposure
increased aggregate employment levels in European countries by about 1-2% of the working-age
population between 2004 and 2018. This can be explained by the fact that our reduced-form
estimation results reflect the sum of three effects of robots mentioned previously: the labour-saving
effect, the product-demand effect and the demand-spillover effect. Our results show that the overall
effect on employment is positive which is consistent with the findings of Gregory, Salomons, and
Zierahn (2021) for Europe and of Koch, Manuylov, and Smolka (2021) for Spain. Klenert, Fernandez-
Macias, and Anton (2020) also studied the overall effect of robot use on employment at the industry
level in Europe, and found a positive aggregate effect, and no impact on the employment of low-skilled
workers. However, our flow-based approach allows us to quantify the contributions of particular
labour market flows to these aggregate effects. We show that lower job separations were the key
driving factor behind the positive employment effects of robot adoption in Europe.

Fifth, we provide suggestive evidence on the role of labour market institutions in the cross-country
differences in the labour market effects of automation. The existing literature has not focused on
institutional factors, but it has hinted that they may play a role in understanding the contrasting
findings of country-specific studies (Dauth et al. 2021). We find that in European countries with higher
union coverage and in countries with less strict employment protection legislation, the contribution of
job separations to employment changes driven by rising robot exposure was higher, while the
contribution of job findings was lower.

2 In our sample, the lowest initial labour costs were recorded in the Central Eastern European countries that
joined the EU in 2004, such as Poland, Slovakia, and Hungary; while the highest initial labour costs were recorded
in the Nordic countries, the German-speaking countries, and Belgium.
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The remainder of the paper is organised as follows. In Section 2, we present our data, particularly the
EU-LFS data containing the worker-level information and the data on robots from the International
Federation of Robotics (IFR); and we provide descriptive evidence. In Section 3, we discuss
measurement issues, the control-function approach for dealing with endogeneity, and the
counterfactual analysis and decomposition exercise. In Section 4, we present and discuss our results.
In Section 5, we summarise and conclude the discussion.

2 Data and Descriptive Evidence
2.1 Data Sources and Definitions

Our worker-level dataset is drawn from the European Labour Force Survey (EU-LFS) for the years 1998—
2017, a period of rapid robotisation in many industrialised countries. The EU-LFS includes information
on all European Union member states. However, due the lack of availability of other data discussed
below for certain countries, our sample is limited to 16 countries: Austria, Belgium, the Czech Republic,
Denmark, Finland, Germany, Greece, Hungary, Italy, Poland, Portugal, Slovenia, Spain, Sweden,
Slovakia, and the United Kingdom.

The EU-LFS provides representative and harmonised information on individuals who are aged 15 years
or older and live in a private household. The EU-LFS data are available as repeated cross-sections. The
respondents report their labour market status in the month they were surveyed, as well as their status
one year earlier. Using this information, we follow Bachmann and Felder (2021) to measure transitions
from one year to the next between particular labour market states (employment, unemployment, and
non-participation) at an individual level. We classify a person as having made a transition from
employment (unemployment) to unemployment (employment) if the person reported being
employed (unemployed) one year before the survey, and being unemployed (employed) in the month
of the survey. However, we cannot account for employment transitions within that year. We compare
these individuals to their counterparts who were employed (unemployed) in the year before the survey
and the month of the survey. We exclude individuals who moved from and into non-participation.

The data on robots come from the International Federation of Robotics (IFR), which provides annual
information covering the current stock and the deliveries of industrial robots across countries, by
industry and by application (e.g., assembling and disassembling, welding, laser cutting), and accounting
for depreciation (IFR, 2017). The data are based on consolidated information collected by nearly all
industrial robot suppliers worldwide. The IFR ensures that the data are internationally comparable and
have a high degree of reliability. For the Western European countries, we use the data on robots from
1998 to 2016. For the Central and Eastern Europe (CEE) countries, data on robots are only available
from 2004 onwards. As the stock of robots in CEE was negligible before 2004, this does not limit our
analysis. According to the definition by the International Organization for Standardization (ISO
8373:201), an industrial robot is an “automatically controlled, reprogrammable, multipurpose
manipulator, programmable in three or more axes, which can be either fixed in place or mobile for use
in industrial automation applications”. Moreover, an industrial robot usually operates in a series of
movements in several directions to grasp or move something (ISO, 2012).

Our second major source of industry-level data is the EU KLEMS Growth and Productivity Accounts
database, which contains industry-level measures of output, inputs, and productivity. We use data on
GDP per capita, gross fixed capital formations in sectors, and gross value added. The data on GDP per
capita are then used to construct GDP growth rates between two consecutive years, and are merged
with a lag at the country level. Data on investment (gross fixed capital formation) and gross value
added are mapped to occupations, and are merged with the EU-LFS data on the occupational level.



We also control for participation in global value chains using data provided by the Research Institute
on Global Value Chains (UIBE). In addition, we account for trade flows by using data on exports to all
countries from the UN Comtrade database. These data are available at the commodity level, are
assigned to industries using a crosswalk available on the webpage of the World Integrated Trade
Solutions?, and are aggregated and merged with the EU-LFS data at the one-digit sector level.

To quantify the exposure of workers to robots, we merge the EU-LFS data with the IFR data described
above. To this end, we use harmonised information on the occupation (International Standard
Classification of Occupations — ISCO) and the sector (Statistical Classification of Economic Activities in
the European Community — NACE) of an individual, applying it to the current and the retrospective
information. For the currently unemployed, we assign each individual to an occupation based on the
last job performed before becoming jobless.

Merging the worker-level data from the EU-LFS with the industry-level data is not straightforward, as
the EU-LFS provides information on the economic sector at the one-digit sector level only.* To achieve
a more precise mapping of industry-level variables, we apply an occupation-industry matrix calculated
using the distribution of two-digit occupations across two-digit sectors in a given country and time. For
this purpose, we use data provided by Eurostat for the period 1998-2017 via the tailor-made extraction
procedure.’> We follow Ebenstein et al. (2014) and Baumgarten, Geishecker, and Gérg (2013) to
transform two-digit industry-level variables ( Y.;) into two-digit occupation-specific variables (Y, ;)
according to:

J

Yocr = ﬁysct (1)
j:1 LOCt
where L,z denotes the level of employment in occupation o, sector s, country ¢, and year t. Using
this approach, we are able to assign industry-specific information to each worker based on his or her
two-digit level occupation. In particular, it allows us to measure how strongly a particular occupation
(at the two-digit level) is exposed to robotisation. We also apply this mapping approach to the industry-
level data on gross value added and capital investment (EU-KLEMS), and on global value chain
participation (data from the Research Institute of Global Value Chains — UIBE GVC). The trade data
(Comtrade) are aggregated and merged at the one-digit sector level to attenuate strong fluctuations

in exports over the years.

Finally, we classify workers into five groups according to the predominant task of their occupation:
non-routine cognitive analytical, non-routine cognitive interpersonal, routine cognitive, routine
manual, and non-routine manual physical. In doing so, we follow Fonseca, Lima, and Pereira (2018)
and Lewandowski et al. (2020). First, we calculate the task content of occupations using the
methodology of Acemoglu and Autor (2011), based on the Occupational Information Network (O*NET)
data, adapted to the European data by Hardy, Keister, and Lewandowski (2018) who present

3 https://wits.worldbank.org/product_concordance.html

4 For robots, the one-digit sector disaggregation used in the EU-LFS is too broad for the precise measurement of
robot adoption, as there are substantial differences in robot exposure between two-digit sectors within a given
one-digit sector, particularly in manufacturing (IFR, 2017).

5See https://ec.europa.eu/eurostat/documents/1978984/6037342/EULFS-Database-UserGuide.pdf; the service
is available through the Eurostat user support at https://ec.europa.eu/eurostat/help/support. The same data
and methodology were used by Aghelmaleki, Bachmann, and Stiebale (2021).
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methodological details.® Second, we allocate occupations to groups according to the task with the
highest value. For instance, we classify an occupation as routine manual if the routine manual task
intensity of that occupation is higher than the intensities of other task content measures; as routine
cognitive if the routine cognitive task intensity is the highest; and so forth. The allocation of
occupations to task groups is shown in Tables A3-4 in Appendix A. We keep these allocations constant
to ensure comparability and exogeneity to robot adoption across countries.

The descriptive statistics of the final estimation sample are presented in Table A2 in Appendix A.
2.2 Descriptive evidence

In the late 1990s and early 2000s (the beginning of our study period), there was significant cross-
country variation in robot exposure (Figure 1). It ranged from virtually zero robots per 1,000 workers
in Central and Eastern European countries (Hungary, Poland, Slovakia) and in Greece; to about two
robots per 1,000 workers in Western European countries such as Belgium, Italy, and, in particular,
Germany.

Figure 1: Initial robot exposure and the average robot exposure growth rate, by country.
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Note: Robot exposure is measured as the number of robots per 1,000 workers. The detailed data on industrial
robots start in 1998 for Denmark, Finland, Germany, Italy, Spain, Sweden, and the United Kingdom; in 2003 for
Austria; in 2004 for Belgium, the Czech Republic, Hungary, Poland, and Slovakia; and in 2005 for Greece, Portugal,
and Slovenia. The robot exposure growth rate refers to the average annual growth rate from the initial date to
2017. —Source: authors’ calculations based on the IFR data.

By 2017 (the final year covered by our sample) the countries with the lowest initial level of robot
exposure, such as Poland, Hungary, and Slovakia, experienced the highest average growth rate (about
25% per year); while the countries with initially high levels of robot exposure experienced lower growth
rates. Overall, the correlation between initial robot exposure and the average robot exposure growth

6 O*NET is a US dataset of occupational descriptors that has been commonly applied to European data (Fonseca,
Lima, and Pereira 2018; Goos, Manning, and Salomons 2014; Hardy, Keister, and Lewandowski 2018;
Lewandowski et al. 2020), as the differences between occupational demands in the US and in European countries
are small (Handel 2012; Lewandowski et al. 2022).



rate over the observation period was strong and negative (--0.75), indicating that there was
considerable convergence in robot exposure across European countries.

Robot exposure also differed strongly between occupation groups (Figure 2). Initial robot exposure
was by far the highest for machine operators (1.48) and craft and trade workers (1.75). While
technicians and associates had a medium initial level of robot exposure (0.64), the level was lowest for
service and sales (0.05) and agriculture, fishery, and forestry workers (0.02). In contrast to robot
exposure across countries, which converged over time, the exposure across occupations diverged: i.e.,
it increased in all occupations, but the correlation between initial robot exposure and the average
robot exposure growth rate by occupation was strong and positive (0.95). The two occupational groups
who initially faced the highest exposure levels also had the highest growth rates of exposure (e.g.
machine operators: 7.4; craft and trade workers: 5.8). In the remaining occupations, the growth rate
was much lower (e.g., 2.8 for technicians and associates, and 0.11 for service and sales workers).”

Figure 2: Initial robot exposure and average robot exposure growth rate, by occupation group.
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Note: Robot exposure is measured as the number of robots per 1,000 workers. The detailed data on industrial
robots start in 1998 for Denmark, Finland, Germany, Italy, Spain, Sweden, and the United Kingdom; in 2003 for
Austria; in 2004 for Belgium, the Czech Republic, Hungary, Poland, and Slovakia; and in 2005 for Greece, Portugal,
and Slovenia. The robot exposure growth rate refers to growth from the initial date to 2017. Figures displayed
refer to averages by occupation groups across all countries. — Source: authors’ calculations based on the EU-LFS
and IFR data.

7 The results for occupational groups, particularly the importance of machine operators and craft and trade
workers, are in line with the evidence for the distribution of robots across economic sectors, which is highly
concentrated: i.e., about 98.5% of all robots are installed in manufacturing (IFR, 2017). The sector with the
second-highest share of robots is education, research and development, which, however, accounts for only 1%
of total robot installations. In general, the distribution of robots across economic sectors in Europe has been
stable over time.



Figure 3: Changes in job separation rates and average robot exposure growth rates.
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averages of the last three years and the first three years for which both IFR and LFS data are available. The first
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Kingdom; 2003, 2004, and 2006 for Austria; 2004-2006 for Belgium, the Czech Republic, Hungary, Poland, and
Slovakia; and 2005-2007 for Greece, Portugal, and Slovenia. The last three years are 2015-2017.

Source: authors’ calculations based on the EU-LFS and IFR data.

Figure 4: Changes in job finding rates and average robot exposure growth rates.
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Note: The changes in the job finding rates are calculated based on the differences between the three-year
averages of the last three years and the first three years for which both IFR and LFS data are available. The first
three years are: 1998-2000 for Denmark, Finland, France, Germany, Italy, Spain, Sweden, and the United
Kingdom; 2003, 2004, and 2006 for Austria; 2004-2006 for Belgium, the Czech Republic, Hungary, Poland, and
Slovakia; and 2005-2007 for Greece, Portugal, and Slovenia. The last three years are 2015-2017.

Source: authors’ calculations based on the EU-LFS and IFR data.



Turning to the labour market variables, we note that job separation and job finding rates are known
to display strong variation between countries and over time (Bachmann and Felder 2021). In our
sample, the average job separation rate ranged from 1.3% in Sweden to 5.0% in Spain, while the
average job finding rate ranged from 30% in Greece to 54% in the UK.2 At the country level, there was
a moderately negative correlation between the changes in the job separation rate and the robot
exposure growth rate -0.24, see Figure 3).° Thus, in countries with a stronger increase in robot
exposure, job stability has remained rather constant, or it has even improved.

There is also a positive correlation between the changes in the job finding rates and the robot exposure
growth rates (0.37, see Figure 4), which means that in countries with a stronger increase in robot
exposure, the chances of finding a job improved more. These patterns are partly driven by different
country clusters. First, a cluster of CEE countries recorded high robot exposure growth rates and a
relatively strong reduction of job separation rates, as well as increases in job finding rates. Second, a
cluster of countries with robot exposure growth rates, such as France and several Southern European
countries, recorded increases in job separation rates and declines in job finding rates.

Thus, overall, the descriptive statistics show a positive association between the growth in robot
exposure and favourable labour market developments: i.e., lower job separation rates and higher job
finding rates. However, these descriptive results may reflect reverse causality or common trends,
especially because robot adoption may be highest in the sectors with the highest productivity and the
best labour-market prospects. This would lead to a spurious correlation between robot adoption and
beneficial labour-market developments. In the following, we, therefore, investigate whether robots
have a causal effect on labour market transitions using within-country, between-sector differences in
robot exposure and instrumental variables.

3 Methodology

Here, we outline our estimation framework and causal approach, and explain the methodology of post-
estimation analyses to quantify their economic significance.

3.1 Estimation framework and instruments

We focus on two key labour market yearly flows: (1) job separations (being employed in year t — 1
and unemployed in year t) and (2) job findings (being unemployed in year t — 1 and employed in year
t).1% Our outcome variables are indicator variables equal to one if a given flow occurs, and equal to
zero if it does not.

8 The fluctuations over time are largely driven by cyclical fluctuations (Bachmann and Felder 2021). In several
countries in our sample — most importantly in Spain and Portugal — the job separation rates peaked in 2009 due
to the Great Recession, and later returned to the pre-crisis levels (see Figure C1 in the appendix). Other countries,
such as Austria and Belgium, instead experienced a constant rate; while Germany even had a decreasing rate
over the time period investigated. In some countries, such as Greece and Spain, the job finding rates had declined
during the Great Recession. Overall, however, the fluctuations of the job finding rates were less pronounced than
those of the job separation rates.

% To avoid year-specific fluctuations, we take the average of the transition rates during the first three years and
the last three years for which the data are available. Then we take the difference.

10 We have to exclude workers transitioning from employment into inactivity and from inactivity into
unemployment because the EU-LFS data do not include information about the last occupation or sector of
employment of inactive individuals.
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Following Graetz and Michaels (2018) and Acemoglu and Restrepo (2019), we calculate robot exposure
as the number of robots per thousand workers at the two-digit sector level, (R s ¢):

ROB_

Reg, = ——2t
st EMP; s 1995 )

Where ROB, ; ; is the total stock of industrial robots, and EMP, ; 1995 is employment (in thousands of
workers) in sector s, country ¢, and year t. We use this definition and the sector-occupation mapping
(see equation (1)) to map robot exposure to individual workers (for details, see Technical details in
Appendix C). We use employment levels from 1995 —i.e., before our study period — as denominators.
This ensures that changes over time result only from changes in the number of robots, and are
independent of changes in employment (which could be endogenous to robot exposure).

To estimate the causal effects of robot adoption, we generalise the “technology frontier” instrument
previously applied by Acemoglu and Restrepo (2019) and Dauth et al. (2021).! We instrument the
robot exposure in sector s, country c, and year t with the average robot exposure in most advanced
European economies. For each of the 11 Western European countries in our sample, we use average
robot exposure from other countries. This average robot exposure is computed from the 10 European
countries for which we have robot data, omitting the country for which the instrument is computed.*?
For each of five Eastern European countries in our sample, we instrument robot exposure with the
average robot exposure in the 11 Western European countries for which robot data are available.

Instrumented robot exposure is thus given by the formula:

c*k,k &s EMP1995 (3)

1 kst _(14ifc €E
Iose = 5 ,where C = {13 ifcew

where ROBy ;; stands for the total stock of industrial robots, EMP,%E?E — employment level in
thousand workers in country k and sector s in 1995. C is the number of countries in a particular group.

As a baseline model, we estimate probit regressions of the following form:

PT‘(flOW = 1|X)iojcrt = F(Rojc,t—l'Lc' ch 'Xit' Moc,t—l' I/Vjc,t—l' Cc,t—l'Br,t—l'pj' 8t) (4)

whereby Pr(flow); j cr: is the likelihood of a given flow = {ew, ue} predicted by the model. Flow

60,

eu(ue) indicates that a person made a transition from employment (unemployment) in year t-1 to
unemployment (employment) in year t.

11 Robot exposure could be endogenous to labour market outcomes if, for instance, firms invest in industrial
robots in response to worker shortages, and thus to increases in the relative price of labour with respect to
capital.

12 Our sample includes five Eastern European countries (E): the Czech Republic, Hungary, Poland, Slovenia, and
Slovakia; and 11 Western European countries (W): Austria, Belgium, Denmark, Finland, Germany, Greece, Italy,
Portugal, Spain, Sweden, and the United Kingdom. For instance, the instrument for Austria is calculated as the
average of the robot exposure in Belgium, Denmark, Finland, Germany, Greece, Italy, Portugal, Spain, Sweden,
and the United Kingdom. The instrument for each Eastern European country is calculated as the average across
all 11 Western European countries.
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Our main variable of interest is R,.._; — robot exposure in occupation o, country ¢, and year t — 1.3
In all regressions, we account for individual characteristics (X;;) such as gender, age, education, and
native or migrant worker status. We also add time (6;), and industry group (pj) fixed effects to control
for potential changes across years and industries that are common to all countries. For industries, we
follow Dauth et al. (2021) and consider manufacturing and six industry groups outside of
manufacturing: agriculture and mining, utilities, construction, general services, business services, and
public services & education. As the robot exposure data is merged with the LFS data at the country-
occupation level, the variance used for identification is the within-industry, between-occupations and
between-country variance in robot exposure. *

To control for the macroeconomic conditions, we include a vector of several macro indicators
( Mpc¢—1): sectoral gross value added, the ratio of investments to the gross capital formation (see
Stehrer et al., 2019), and we account for the effects of globalisation using sector-specific measures of
participation in global value chains proposed by Wang et al. (2017). The two-digit industry indicators
are transformed into two-digit occupation-specific variables according to equation (1). We also control
for lagged GDP growth at the country level (C.;_,), for country-specific trade flows at the sector level
(Wjc,t-1), especially growth in exports, Wj.;_;and changes in labour demand at the regional level
(NUTS2)) ((By.—1)-

As we are particularly interested in reasons for cross-country differences, we allow the effect of robots
to vary between countries at different development levels. To this end, we use two measures of the
initial conditions of a country (L.): labour costs in 2004, in our main specification'*; and GDP per capita
in 2004 as a robustness check. We interact these measures with robot exposure. Therefore, the main
specification of our model is an augmented version of equation (4):

Pr(flow = 1X)igjert = F(Roct—1,Roct—1 X Loy Roce—1 X (Le)? Le, (L), (5)

Xit» Moc,t-1, Wict-1,Cet—1, Brt-1, Pj) 6¢)

where all variables are the same as in equation (4), and in addition, we interact country-specific labour
costs in 2004, L. with robot exposure (R,.:—1). We transform labour costs (and GDP in the robustness
check) into relative values by taking the log of and deducting the value of Slovenia, which is the richest
country amongst the Central Eastern European (CEE) EU member states in our sample. We use data
from 2004 because the Eurostat data on labour costs in CEE countries are available only from 2004
onwards. As the data on robots in these countries are also available from 2004 onwards, the variables
to control for the initial conditions capture differences in the first year for which all key data are
available. Table Al in Appendix A provides an overview of the relative labour costs and GDP per capita
in 2004 across countries.

13 For those employed in year t — 1 and in year t, we assigh robot exposure based on the occupation performed
in t, but using the value of robot exposure in year t — 1. For those employed in year t — 1 and unemployed in
year t, we assign robot exposure based on the last occupation performed before becoming jobless, using the
value of robot exposure in (t — 1). For those unemployed in year t — 1 and in year t, we assign robot exposure
based on the last occupation performed before becoming jobless, using the value of robot exposure in year t —
1. For those unemployed inyear t — 1 and employed in year t, we assign robot exposure based on the occupation
performed in t, but using the value of robot exposure in year t — 1.

14 We have also estimated models without industry fixed effects, and obtained results in line with our baseline
results presented in the paper. These additional results are available upon request.

15 Five out of the six Central and Eastern Europe in our sample joined the EU in 2004.
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3.2 The control function approach estimation

We implement the IV specification with a control function approach (Aghelmaleki, Bachmann, and
Stiebale 2021) with instrumental variables described in the previous subsection. This approach allows
for the estimation of marginal effects when using interaction terms. 1®

The control function method we use is a limited information maximum likelihood approach, and
follows a two-step procedure. In the first step, all exogenous variables — including the instruments —
are regressed on the endogenous variable. In the case of N endogenous variables, we estimate N first-
stage regressions. In the second step, residuals obtained from the first stage are included as control
variables in the original equation to eliminate endogeneity (Wooldridge 2015). Applying this method
to our baseline specification, all exogenous variables including the instrument are regressed on our
robot exposure variable in the first stage. For the second stage, we predict the residual of the first
stage, and include this as an additional regressor in equations (3) and (4). This approach allows us to
isolate the changes in exposure driven by technological progress, and, at the same time, to remove
occupation-specific shocks that affect robot adoption and the probability of making a transition out of
or into a certain occupation.

3.3 Counterfactual analysis

To assess the economic impact of increasing robot exposure on labour market flows, we perform a
counterfactual historical analysis. In the counterfactual scenario, in each country and sector, we keep
robot exposure constant from 2004 onwards. This means that new robot installations would have only
compensated for the depreciation of robot stock and the aggregate changes in the labour force.

In the first step, we use estimated coefficients (equation 4) and actual values of all variables to
calculate the predicted job separation (EU) and job finding (UE) likelihoods. In the second step, we use
the same coefficients and the counterfactual values of robot exposure to calculate the counterfactual
flows likelihoods. In the third step, we use the predicted and the counterfactual flow likelihoods to
recursively calculate the predicted and counterfactual levels of employment and unemployment for
each country until 2017. We use the actual levels of employment and unemployment in 2004 as the
starting point. In the fourth step, we calculate the effect of robot exposure on the labour market as a
relative difference between the counterfactual and the predicted scenarios for each country and year.

In the fifth step, we analyse to what extent the overall effect of robot exposure on the labour market
is driven by the impacts on job separation (EU) and job finding (UE) channels. To this end, we use the
counterfactual likelihoods of job separation and the predicted likelihoods of job finding to calculate
values of employment conditional on counterfactual job separations; and, vice versa, for employment
conditional on counterfactual job findings. For each of these simulations, we calculate a relative
difference between a given simulation and a predicted scenario. Finally, we use a covariance-based
decomposition, originally proposed by Fujita and Ramey (2009), to quantify the contributions of job
separation and job finding channels to the overall effect of rising robot exposure on labour market
flows. Methodological details and formulas are included in Appendix A.

16 See Petrin and Train (2010) for a discussion of the control function approach for non-linear (including discrete
choice) models, and Bachmann et al. (2014) for an application to labour market transitions.
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4 Econometric results

In this section, we present our econometric results, first for all workers, then for workers belonging to
different task and age groups. This is followed by the counterfactual analysis, which assesses the
economic significance of the impact of robot exposure on worker flows, employment, and
unemployment; and the decomposition analysis, which quantifies the contributions of job findings and
job separations to the changes in employment and unemployment.

4.1 The impact of robots on labour market transitions in Europe and the role of labour costs

We start by investigating the causal effects of robot exposure on job separations using our baseline
specification, Equation 4. We report the coefficients of interest (Table 1), followed by the marginal
effects of robot exposure (Figure 5), which allow for an interpretation of the effect sizes.

In the probit estimation without instruments, we find a significant negative effect of robot exposure
on the likelihood of job separation (Table 1, column 1).Y The IV results using the control function
approach double the size of this effect (column 2 of Table 1): i.e., robot exposure reduces the job
separation rate, which implies an increase in job stability. 2

Accounting for interactions between robot exposure and countries’ initial labour costs (equation 5),
we find a noticeable heterogeneity in the size of this effect between countries with higher and lower
labour costs (columns 3 and 4 of Table 1). In Slovenia, the country in our sample with an average initial
level of labour costs, the estimated effect was negative. The estimated interaction term between robot
exposure and countries’ initial levels of labour costs suggests a non-monotonic and nonlinear
relationship between job separation likelihood and robot exposure (columns 3 and 4, respectively).

The importance of initial labour costs is clearly visible in the presentation of the marginal effects of
robot exposure on job separations by country.® We do so for our preferred specification, including
the interaction of robots with labour costs, and display the results in Figure 5, with countries ordered
according to their initial labour costs. The negative effect of robot exposure on job separations was
much more pronounced for countries with average levels of labour costs (Figure 5). In particular, in
the country with the average level of initial labour costs — Slovenia — the marginal effect of robot
exposure amounted to a 0.12 pp reduction in the likelihood of job separation (the average job
separation rate in our sample was 4 pp). In countries that had labour cost levels in 2004 that were at
least double the level in Slovenia — i.e., the level of labour costs in Germany — the effect of robot
exposure was close to zero (-0.03 pp). Also, in the countries with labour costs lower than in Slovenia,
such as Hungary and the Czech Republic, the effects were smaller: the negative marginal effect of robot
exposure on the likelihood of job separation was twice as small (0.07 pp) in these countries as it was
in Slovenia.

17 The detailed results of the full specification are included in Tables B1 (for job separations) and B2 (for job
findings) in the appendix.

18 The results of the first stage of the estimation are contained in Table B1 in the appendix. The Kleibergen-Paap
F-statistic shows that the instrument is strong, meaning that it is a good predictor of actual robot exposure.

1% We use the estimated quadratic fit pertaining to the initial labour costs (Table 1). For the sake of presentation,
we use the values of labour costs recorded in particular countries to calculate the marginal effects of robot
exposure conditional on them; and for the figures, we rank countries according to the value of their initial labour
costs. Figure B1 in the appendix presents the marginal effects with the linear labour costs scale on the x-axis.
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Table 1: The effect of robot exposure on the likelihood of job separation

(2) (2) (3) (4)
Probit CF Probit CF
A: All Sectors
Robot Exposure -0.003*** -0.006*** -0.006*** -0.015***
(0.001) (0.002) (0.002) (0.003)
Robot Exposure X Labour Costs -0.002* -0.005***
(0.001) (0.001)
Robot Exposure X (Labour Costs)? 0.003* 0.012%**
(0.002) (0.003)
Labour Costs -0.104*** -0.103*** -0.102%*** -0.095***
(0.009) (0.009) (0.009) (0.010)
(Labour Costs)? -0.032*** -0.029** -0.035*** -0.045***
(0.011) (0.012) (0.012) (0.013)
No. of Observations 11.8 M 11.8 M 11.8 M 11.8 M
Kleibergen-Paap F-statistic for weak 365 189.3 17 314.4
identification
B: Manufacturing
Robot Exposure -0.001** -0.006*** -0.001 -0.015***
(0.001) (0.001) (0.002) (0.003)
Robot Exposure X Labour Costs 0.001 -0.003**
(0.001) (0.001)
Robot Exposure X (Labour Costs)? -0.000 0.011%**
(0.002) (0.003)
Labour Costs -0.127*** -0.119*** -0.130*** -0.105***
(0.013) (0.013) (0.014) (0.015)
(Labour Costs)? 0.011 0.029* 0.011 -0.024
(0.014) (0.015) (0.017) (0.018)
No. of Observations 11.8 M 11.8 M 11.8 M 11.8 M
Kleibergen-Paap F-statistic for weak 165 953.4 15726.3

identification

Note: The table presents the estimated coefficients of the probit and control function (CF) regressions. Standard
errors (in brackets) are clustered at the occupation-year level. Year and industry group fixed effects included.
Individual-level controls: age group, education group, gender, and native/non-native status. Aggregate-level
controls: global value chain participation, gross value-added, the ratio of investment added to gross value-added,
GDP growth, labour demand shocks, and growth in exports. For CF, robot exposure is instrumented using robot
exposure in the Western European countries in the sample. For the full specification, see Table B1 in Appendix
B. *** p<0.01, ** p<0.05, * p<0.1. — Source: authors’ calculations based on the EU-KLEMS, EU-LFS, IFR, UN
Comtrade, and UIBE GVC data.

To quantify the economic importance of these effects, we use the estimated marginal effects to assess
the contribution of increasing robot exposure to the likelihood of a job separation between the early
2000s (average for 2000-2002) and the mid-2010s (average for 2014-2017). The effects were
guantitatively relevant. For instance, in Germany, an increase in robot density by 2.8 units (between
2004 and 2017) was associated with a reduction of the likelihood by 0.09 pp In Germany, the
probability of job separation decreased by 1.4 pp over the same period; thus, the change associated
with the increase in robot density amounted to 6% of the observed change. In some CEE countries,
such as Slovakia, which experienced one of the greatest increases in robot exposure in the EU (by 10.50
units in manufacturing and by 2.6 units in total economy), the effects attributed to this factor were
even more pronounced, as they amounted to 32% to the recorded change in job separations. We
perform a systematic assessment of the contributions of robot exposure to the evolution of labour
market flows in all countries in our sample in subsection 4.3.

15



We re-estimate our models on the subsample of workers in manufacturing; i.e., the sector with the
highest robot usage. This yields very similar results to those for the total economy (Table 1, Panel B;
Figure 5, Panel B).

Figure 5: Marginal effects of robot exposure on the likelihood of job separation.
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Note: The figures show the marginal effects of robot exposure on the probability of transitioning from
employment to unemployment, based on regressions presented in Table 1 columns (2) and (4). Robot exposure
is instrumented using the average robot exposure in the Western European countries in the sample. Countries
on the X-axis are ranked according to the initial labour cost (in parentheses). Figure B1 in the appendix presents
the marginal effects with the linear labour costs scale on the x-axis. — Source: authors’ calculations based on the
EU-KLEMS, EU-LFS, IFR, UN Comtrade, and UIBE GVC data.

Next, we study the effect of robot exposure on the likelihood of job finding in European countries.
Again, we start with the baseline specification (equation 4). We find that, on average, this effect was
positive but very small (Table 2, column 2).2° However, as for job separations, we find important
heterogeneity between more and less developed countries. Once we account for the initial labour
costs, we find that the effect of robot exposure on the likelihood of finding a job was significant and
positive at the average level of initial labour costs (column 4 of Table 2). The coefficients on interactions
between robot exposure and initial labour costs (level and squared) suggest a non-linear relationship.

The marginal effects plotted by country reveal an inverse U-shape relation between labour costs and
the effect of robot exposure on job finding (Figure 6): the positive effect was the largest in the countries
with a medium level of labour costs, such as Slovenia (about 2 pp); but was close to zero or insignificant
in the countries with the lowest initial labour costs in our sample, i.e., Poland and Slovakia. In the
countries with the highest labour costs, i.e., Denmark, Germany, Sweden, and Belgium, the estimated
effect on the likelihood of job finding was even negative (about 1 pp).

We use the estimated effects to quantify the economic effects of increasing robot exposure. Czech
Republic is an example of a CEE country that had low levels of labour costs in 2004, and that recorded
substantial increases in robot exposure (by 8.7 units in manufacturing and 2.4 units in total economy).
According to our model, this translates into an almost 1 pp increase in the likelihood of finding a job,
which is equivalent to 68% of the recorded increase in the job finding probability over this period.
However, according to our estimates, in some of the most developed countries, the growth of robot
exposure reduced the likelihood of finding a job. For instance, in Sweden, an increase in robot exposure
by 11 units reduced this likelihood by 1 pp., which is equivalent to 8% of the recorded reduction in this
likelihood.

20 Again, the instrument is strong, as indicated by the Kleibergen-Paap F-statistic (see Table B2 in the appendix).
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Table 2: Effect of robot exposure on the likelihood of job finding

(1) (2) (3) (4)
Probit CF Probit CF
A: All Sectors
Robot Exposure 0.002*** 0.004*** 0.024*** 0.024***
(0.001) (0.001) (0.003) (0.004)
Robot Exposure X Labour Costs 0.005*** 0.004**
(0.001) (0.002)
Robot Exposure X (Labour Costs)? -0.025*** -0.026***
(0.003) (0.004)
Labour Costs 0.058*** 0.057*** 0.051*** 0.052%**
(0.018) (0.018) (0.019) (0.020)
(Labour Costs)? 0.079*** 0.077*** 0.108*** 0.108***
(0.023) (0.023) (0.023) (0.024)
No. of Observations 1.3 M 1.3 M 1.3 M 1.3 M
Kleibergen-Paap F-statistic for weak 24 657.0 3698.7
identification
B: Manufacturing
Robot Exposure 0.002%** 0.004*** 0.020*** 0.022%**
(0.001) (0.002) (0.003) (0.004)
Robot Exposure X Labour Costs 0.004*** 0.002
(0.001) (0.002)
Robot Exposure X (Labour Costs)? -0.022*** -0.024***
(0.003) (0.004)
Labour Costs 0.068*** 0.064*** 0.057** 0.071%**
(0.023) (0.024) (0.025) (0.024)
(Labour Costs)? 0.005 -0.005 0.089*** 0.093***
(0.031) (0.030) (0.033) (0.033)
No. of Observations 1.3 M 1.3M 1.3 M 1.3 M
Kleibergen-Paap F-statistic for weak 11135.4 5446.7

identification

Note: The table presents the estimated coefficients of the probit and control function (CF) regressions. Standard
errors (in brackets) are clustered at the occupation-year level. Year and industry group fixed effects are included.
Individual-level controls: age group, education group, gender, and native/non-native status. Aggregate-level
controls: global value chain participation, gross value-added, the ratio of investment added to gross value-added,
GDP growth, labour demand shocks, and growth in exports. For CF, robot exposure is instrumented using robot
exposure in the Western European countries in the sample. For the full specification, see Table B2 in Appendix
B. *** p<0.01, ** p<0.05, * p<0.1. — Source: authors’ calculations based on the EU-KLEMS, EU-LFS, IFR, UN
Comtrade, and UIBE GVC data.

Combined with the effects on job separations, the effects on job findings suggest different net effects
on employment in various groups of countries. In the less developed Central Eastern European
countries, the effect of robot exposure on employment was likely positive because of the reduced
likelihood of job separation and the increased or insignificant likelihood of job finding. However, in the
most developed countries, the net effect was ambiguous because of the reduced likelihood of job
separation and the reduced likelihood of job finding, which had negative effec