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Abstract: In this study we examine whether the long-term structural changes in the labour market,

driven by automation, affect fertility. Adoption of industrial robots in the EU has tripled since the
mid-1990s, tremendously changing the conditions of participating in the labour market. On the
one hand, new jobs are created, benefitting largely the highly skilled workers. On the other hand,
the growing turnover in the labour market and changing content of jobs induce fears of job
displacement and make workers continuously adjust to new requirements (reskill, upskill,
increase work efforts). The consequences of these changes are particularly strong for the
employment and earning prospects of the low and middle educated workers. Our focus is on six
European countries: Czechia, France, Germany, Italy, Poland and the United Kingdom. We link
regional data on fertility and employment structures by industry from Eurostat (NUTS-2) with
data on robot adoption from the International Federation of Robotics. We estimate fixed effects
linear models with instrumental variables in order to account for the external shocks which may
affect fertility and robot adoption in parallel. Our findings suggest robots tend to exert a negative
impact on fertility in highly industrialised regions, regions with relatively low educated
populations and those which are technologically less advanced. At the same time, better educated
and prospering regions may even experience fertility improvements as a result of the
technological change. The family and labour market institutions of the country may further
moderate these effects.

Keywords: fertility, employment, industrial robots, technological change, Europe

JEL codes: J11,J13

Working Papers contain preliminary research results. Please consider this when citing the paper. Please contact the

authors to give comments or to obtain revised version. Any mistakes and the views expressed herein are solely those
of the authors



WORKING PAPERS 26/2022 (402)
Aknowledgements: This research was possible thanks to financial supported granted by the

Polish National Agency for Academic Exchange (Polish Returns Programme 2019) and two
ERC Consolidators Grants “Globalisation- and Technology-Driven Labour Market Change and
Fertility” (LABFER, grant agreement no 866207) “Economic Uncertainty and Fertility in
Europe” (EU-FER, grant agreement no DLV-725961). We also acknowledge very useful
comments and suggestions we received at various stages of this research from Wolfgang Dauth,
Lucas van der Velde and Daniele Vignoli as well as the researchers of the Istituto di Studi
Avanzati Carlo Azeglio Ciampi (Scuola Normale Superiore) and Interdisciplinary Centre for
Labour Market and Family Dynamics (LABFAM, University of Warsaw).

Working Papers contain preliminary research results. Please consider this when citing the paper. Please contact the
authors to give comments or to obtain revised version. Any mistakes and the views expressed herein are solely those
of the authors



Matysiak, A., et al. /WORKING PAPERS 26/2022 (402) 1

1. Introduction

Over the last two decades, technological advancements in production, including cutting-edge
industrial robots, have tremendously transformed the labour markets in advanced market
economies, creating new career opportunities, but also inducing fears of job displacement
(OECD, 2019). Only in the EU, the stock of industrial robots per 10.000 manufacturing workers
has tripled since the mid-1990s reaching 114 in 2019 (International Federation of Robotics,
2020). Because of the scale and speed of automation and its possible consequences for workers,
there has been an explosion of studies on how technological advancements in production affect
employment (Graetz and Michaels, 2018; Acemoglu and Restrepo, 2020), wages (Dauth et al.,
2021), social and economic inequalities (Aksoy et al., 2021; de Vries et al., 2020) and more
recently workers’ physical and mental health (Abeliansky and Beulman, 2019; Gihleb et al.,
2022). With this study, we contribute to this discussion by examining how automation, and
more specifically the adoption of industrial robots, influences fertility; an outcome which so far
has been largely neglected in the scientific debate.

In our view, automation may affect fertility since it alters the conditions of participating
in the labour market and with it the economic well-being of the family and the strategies of its
adult members adopted to combine paid work with care. Past research has clearly demonstrated
that individuals tend to postpone or even abstain from having children during economic
downturns (Cherlin et al., 2013; Sobotka et al., 2011), usually in response to an increase in
unemployment and growing instability of employment (Adsera, 2004; Schneider, 2015;
Bellani, 2020; Matysiak et al., 2021). The feeling of economic uncertainty may also hinder
fertility decisions irrespective of the real economic conditions (Vignoli et al., 2020). Notably,
fertility usually declines more strongly in response to worsening of employment prospects for
men and young workers as well as in countries offering weaker social protection in case of a job
loss (Comolli, 2017; Alderotti et al., 2021).

Past research has largely concentrated on examining fertility consequences of short-
term changes in labour market conditions, caused by cyclical swings in the economy and
reflected in upward and downward moves in (un)employment or work conditions. Much less
has been done on how fertility reacts to long-term structural changes in the labour markets,
driven, for instance, by globalization or technological change. These changes may not
necessarily affect (un)employment, but may increase uncertainty, push workers into poorly paid
low quality jobs or increase workers’ effort to catch up with quickly changing demands in the

labour market in terms of skills or availability (Autor et al., 2006; Green et al., 2022). In fact,
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Seltzer (2019) demonstrated that the cyclical approach performed very well in predicting
a decline in fertility rates during the Great Recession in the US, but completely failed in its

aftermath when envisioning a fertility rebound.

This study contributes to the discussion on labour markets and fertility by investigating
how the long-term structural changes in the labour market, driven by robot adoption, affect
childbearing. Robot adoption mirrors technological innovation and is a marker of economic and
labour market transformation (Dottori, 2021). So far, little attention has been paid to this topic
in fertility research. A notable exception among the published papers is the study by Anelli et
al. (2021) who investigated the effects of the adoption of industrial robots on marriage and
fertility in the US. Our focus is on Europe, where, despite large cross-country diversity,
workers are much better protected against job loss or poverty (Esping Andersen, 1990). By
exploiting variation in robot penetration across NUTS-2 regions, we examine how robotization
influenced fertility in six European countries, namely: Czechia, Germany, France, Italy, Poland
and the United Kingdom (UK). These countries differ in the penetration of automation, labour
market and family policy regimes and gender norms. They also constitute good cases for
examination as they provide a reasonable number of NUTS-2 regions for obtaining robust

empirical findings (with Czechia pooled together with Poland).

2. Literature review

2.1. Automation, employment and economic uncertainty

The fear that automation will lead to a massive job destruction has been a concern for at least
two centuries since the first industrial revolution began (OECD, 2019). Even though the
industrial revolution didn’t, in the end, lead to unemployment, but to an expansion of job
opportunities and improvement in living standards, fear of automation persisted. In the 21st
century, we are facing a new wave of anxiety that robots will take over our jobs — this time it is
about cutting-edge industrial robots (Dekker et al., 2017).

The adoption of robots and machines will indeed change the ways we work and lead to
a larger turnover in the labour market. Some jobs, in particular those which require performing
routine tasks, will likely be destroyed or substantially changed (Acemoglu and Autor, 2011;
Acemoglu and Restrepo, 2020). In the OECD countries, it was estimated that around 10 — 14%
of jobs will be fully replaced by robots and for 25% - 32% around 50-70% of tasks will be
automated in the next two decades (Nedelkoska and Quintini, 2018; Arntz et al., 2017). Yet,
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automation does not only destroy jobs but also creates new ones. These are largely jobs which
require non-routine highly cognitive skills and offer good working conditions (Acemoglu and
Autor, 2011). New jobs are also created in the lower-skill service sector, but they often offer
poor social protection, are low paid and/or unstable (Autor, 2019).

Empirical research demonstrated the effects of automation on labour market outcomes
to be unequivocal and clearly depend on workers’ education and skills, the sector they are
employed in and the overall economic and institutional environment. Automation seems to
exert particularly negative effects on employment and/or earning opportunities of low-and-
middle educated workers, both in the US (Acemoglu and Restrepo, 2020) and in Europe, though
in the latter to a lower extent (Graetz and Michaels, 2018). Robots usually destroy jobs in
manufacturing (Jung and Lim, 2020) but create new jobs in the service sector (for the US case
see Acemoglu and Restrepo, 2020; for the UK see Kariel, 2021). At the same time, highly
educated workers, performing nonroutine cognitive tasks, are likely to benefit from the ongoing
changes (de Vries et al., 2020). Automation is also more likely to bring increases in employment
in companies and regions which are more technologically advanced and better prepared to
embrace the benefits brought about by technological progress. It was demonstrated, for
instance, that regions with higher shares of knowledge and creative workers are better able to
adapt to changes driven by digitalisation and thus are less vulnerable to automation shocks
(Crowley et al 2021). Last but not least, the effects of robotisation on employment and earnings
may differ across the countries and depend on their institutional settings. The labour substituting
effect of robots tends to be stronger in countries with higher labour costs (Jung and Lim, 2020;
Bachmann et al., 2022) and is argued to increase with a decline in employment protection
legislation (Traverso et al., 2022).

Much less is known about how automation affects men’s versus women’s employment
and earning opportunities, with few empirical findings suggesting mixed results. While
Acemoglu and Restrepo (2020) find no gender differences in automation effects in the US,
Brussevich et al. (2019) argue that women in OECD countries may be more exposed to
automation as they are more often employed in jobs which involve routine tasks (see also Piasna
and Drahokoupil, 2017 for the same conclusions for the EU). Robotisation also seems to
increase gender wage inequalities in Europe by disproportionately benefiting men in medium-
and high-skill occupations (Aksoy et al., 2021). At the same time, however, there is evidence
that women are more quickly moving away from the routine-intense jobs into non-routine jobs
in the service sector (Black and Spitz-Oener, 2010; Cortes et al., 2021) and that the pace of such

job reallocation is faster in countries more advanced in robotization (Aksoy et al., 2021).
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Overall, whether the new wave of automation will indeed lead to declines in
employment is not yet clear. There is, however, evidence that it increases turnover in the labour
market, requires readjustment from workers and increases uncertainty. The aforementioned
studies by Arntz et al (2017) and Nedelkoska and Quinitni (2018) demonstrate that robots
substantially change the task content of jobs, requiring employees to change the ways they
perform work. A study from Norway found that around 40% of workers fear being replaced by
a machine, which lowers their job satisfaction (Schwabe and Castellacci, 2020). Abeliansky
and Beulman (2019) demonstrated negative effects of robot adoption on workers’ mental health
in Germany. Robot adoption was also found to increase death rates due to substance and alcohol
abuse (Gihleb et al., 2022; O’Brien et al., 2022). Finally, the fear of robots was found to be
particularly pronounced among the blue collar workers, most exposed to negative effects of

automation, and in countries with weaker safety nets (Dekker et al., 2017).

2.2. Automation and fertility

A large body of the literature has provided evidence that weakening employment prospects,
increase in unemployment and economic uncertainty lead to postponement of fertility or even
lower fertility rates (Adsera, 2004; Schneider, 2015; Comolli, 2017; Matysiak et al., 2021). This
is particularly true in countries offering weak safety nets for the unemployed (Mills et al., 2005).
Growing instability of employment has also more negative consequences on fertility when it
concerns men than women who, instead, may treat unemployment as an opportunity window
for childbearing (Schmitt, 2012, Kreyenfeld and Andersson, 2014). These gender differences
in the role of unemployment or precarious employment for fertility are, however, gradually in
decline with an increase in women’s education, changing gender roles and growing instability
of men’s employment (Oppenheimer, 1997). In a meta-study Alderotti et al. (2021) showed that
in countries with high gender equality, such as Nordic Europe, or countries characterised by
strongly unstable employment patterns among men, such as Southern Europe, women no longer
use unemployment in order to have children. The same study showed that temporary contracts
depress fertility more strongly if they are held by women than men.

Past research on labour market and fertility has, however, largely relied on conventional
labour market indicators, such as (un)employment rate, wages or proportion of persons on
specific contracts (e.g. temporary or part-time). These indicators excel in identifying short-term
cyclical economic conditions, but are less able to capture long-term structural changes in the

labour markets, driven for instance by globalization or technological change. These changes
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may not necessarily affect (un)employment, but may increase uncertainty, push workers into
poorly paid low quality jobs or increase workers’ effort to catch up with quickly changing
demands in terms of skills or availability (Autor et al., 2006; Green et al., 2022). In particular,
Seltzer (2019) showed that the cyclical approach performed very well in predicting a decline in
fertility rates during the Great Recession in the US, but failed when envisioning a fertility
rebound in its aftermath. Instead, fertility continued to fall despite a steep decline in
unemployment in the post-crisis period (until the breakdown of the Covid-19 pandemic). This
phenomenon was apparently driven by long-term structural changes in the labour market,
caused by globalization and technological change. These changes started already before the
Great Recession but accelerated throughout it as companies which implemented labour
replacing technologies during the economic crisis were most likely to survive it (Hershbein and
Kahn, 2018). With time the displaced workers found employment in the lower-skill service

sector, which resulted in a decline in unemployment, but these jobs were of lower quality, at

least in the US (Seltzer, 2019).

So far few studies have looked how these long-term structural transformations in the
labour market affect fertility. Among them the majority concentrated on changes caused by
globalization, in particular the detrimental role of import competition with China for
employment opportunities of middle-skilled workers, mostly male, in goods-producing
industries. Studies consistently showed that increased import competition led to a decline in
fertility, largely by a declining marriage value of men (Autor et al., 2019; Piriu, 2022; Giuntella
et al.,, 2022). Researchers’ interest in how technology-driven labour market changes affect
fertility has been even scarcer. On one hand, it has been shown that technological complexity,
that reflects the capacity to innovate, develop and create job opportunities, is positively
associated with fertility (Innocenti et al., 2021). This is because it fosters a fertility-friendly
context characterised by better employment prospects. On the other hand, technological
upgrading driven by automation is likely to increase turnover in the labour market, increase
uncertainty and force workers to re-skill, which, in turn, may decrease fertility. In the only
published empirical study on the effect of robotization on fertility, Anelli et al. (2021)
demonstrate that an increase in the adoption of industrial robots in the US led to an increase in
cohabitation and divorce and a decline — though not significant — in the number of marriages.

Their findings also point to a decline in marital fertility and an increase in out-of-wedlock births.
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3. Country context

Our study is situated in six European countries, namely: Czechia, Germany, France, Italy,
Poland and the UK. Among them France and UK have had the highest fertility for about four
decades (with TFR oscillating between 1.7 to 2.0), though on a slow but gradual decline since
the onset of the Great Recession. Germany and Italy had been the lowest-low fertility countries
(with TFR below 1.35) since the mid 1980s and Czechia and Poland since the late 1990s / early
2000s. However, while Germany and in particular Czechia experienced some increase in
fertility over the last 15 years, Italy and Poland remained at the fairly low levels with TFR
oscillating between 1.25-1.45 (Eurostat Statistics Database, 2022).

The analysed countries also represent different welfare regimes which define the extent to
which workers are protected against a job loss and supported in case of unemployment, all of
which may matter for their fertility decisions (Adsera, 2005; Bastianelli et al., 2022). Germany
and France are typically classified into the conservative/ employment-centred regimes (Esping-
Andersen, 1990; Amable, 2003; Walther, 2006), based on strong employment protection and
coordinated bargaining systems which allow for a “solidaristic wage setting” (Amable, 2003:
15). The two countries tend to offer generous income support for the unemployed and
institutional support in job search (Tamesberger, 2017). Employment protection is also high in
Italy, but is strictly directed at protecting workers on permanent contracts, leaving workers on
temporary contracts often trapped in the secondary labour market (Pinelli et al., 2017). The UK,
instead, is an example of liberal welfare state (Esping-Andersen, 1990), with a very low
employment protection and low public support for the unemployed, offered only to those in the
highest need (Caroleo and Pastore, 2007). Finally, Czechia and Poland belong to the post-
socialist transitional regime with strong market orientation, low levels of state intervention,
weak unions and limited support for the unemployed (Visser, 2011), providing rather low
support for the unemployed (Tamesberger, 2017). They also display much lower labour costs
than the remaining countries (Eurostat Statistics Database, 2022).

Family policies and the gender norms represent another element of the country context which
may affect fertility responses to the changing labour market conditions. Whereas France stands
out for its very good childcare coverage, Germany for a long time adhered to a modernized
male breadwinner policy and only recently started to invest in childcare (Fagnani, 2012).
Consequently, while it is common for mothers in France to work full-time, many women in
Germany switch to part-time jobs after they become mothers (Fagnani, 2007). In Italy, childcare

is seen as a private issue, which results in strong gender inequalities both in paid and unpaid
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work (Menniti et al., 2015). Childcare provision in the UK is also weak and care usually has to
be purchased on the market (Yerkes and Javornik, 2019). Mothers usually work part-time or
make use of flexible work arrangements which are available in the UK on a wider scale than in
other studied countries (Chung and Horst, 2018). Poland and Czechia also display low childcare
provision (Szelewa and Polakowski, 2008). Interestingly, mothers usually return to full-time
employment after birth though in Czechia much later than in Poland (Matysiak, 2011).

Finally, the analysed countries differ in the robot penetration. The process of robot adoption in
the old EU member states (Germany, France and Italy) and the UK started in the early 1990s
(see Figure 1). In all these countries robots are predominantly employed in the automotive
industry, apart from Italy where the allocation of robots across industries is more balanced with
26% in the metal, 17% in the automotive and 12% in the plastic and chemical industry
(International Federation of Robotics, 2020). Germany is a clear leader in robot adoption
worldwide (Dauth et al., 2021). It is followed by France and Italy where the robot penetration,
measured by the number of robots per 10,000 employees, in 2019 was around half of that in
Germany. Even lower penetration is observed in the UK which is an example of the Western
European country with relatively slow adoption of industrial robots. The two post-socialist
countries, Czechia and Poland, also display lower levels of robotisation, but the process of robot
adoption started much later there, in the late 2000s. Robotisation in Czechia was very dynamic,
due to the rapid development of its automotive industry, with the penetration rate surpassing
the French one in 2017. The process in Poland was slower though gradual. None of the countries
of our interest experienced a decrease or stagnation in robot penetration during the Great

Recession.
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Fig 1. Industrial robot penetration in 6 FEuropean countries by calendar year.
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Sources: International Federation of Robotics (IFR) and Eurostat. Calculated by summing robot stocks and
employment for the following 1 digit industries: Industry, Manufacturing, and Construction. Time series are
constrained by data availability, as IFR publishes robot stock from 1993 onwards (2020 is the last available year).
Figure prepared by the authors in R ggplot2.

4. Research objectives and hypotheses

In this study, we extend the work by Anelli et al (2021) and examine the effects of long-term
structural changes in the labour market, driven by adoption of industrial robots, on regional
fertility rates in six European countries - Czechia, France, Germany, Italy, Poland and the
United Kingdom. As we demonstrated in Section 2.1, automation may benefit certain groups
of workers (e.g. highly educated, working in the service sector) and diminish the
earning/employment opportunities of the others (e.g. low and middle educated workers in the
manufacturing sector). We thus do not expect it affects regional fertility rates in any uniform
way. Instead, we anticipate the fertility effects of robot adoption to depend on the structural
conditions of the regional labour markets. First, we expect robot adoption to be more likely to
reduce fertility in those regions which used to have large employment in manufacturing before
the onset of robotisation (H1). This expectation is formed due to the fact that industrial robots

are largely employed in manufacturing, leading to a larger job destruction, turnover and
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uncertainty there rather than in the service sector. Second, we hypothesise that the negative
fertility effects of robot adoption will be more evident in regions where the proportion of men
employed in manufacturing at early stages of automation was larger, making men more exposed
to robotisation (H2). This is because fertility is less likely to decline in a reaction to
a deterioration in women’s than men’s employment conditions. Next, we expect stronger
fertility declines in response to robot adoption in regions with a larger proportion of low and
middle educated workers (H3) since they are the ones which are mainly negatively affected by
automation, either by being at risk of job displacement or having to compete with displaced
workers for jobs. Last but not least, we anticipate that fertility effects of robot adoption depend
on the region’s capacity to embrace technological change. Consistently with past research
showing that employment effects of robot adoption are weaker or even positive in regions which
invest in modern technologies, we expect that fertility will be less likely to decline in response
to automation in technology- and knowledge-intensive regions (H4). Finally, fertility effects of
robot adoption may also vary across the studied countries since they display substantial
differences in welfare regimes, the gender normative context and penetration of automation.
We abstain, however, from formulating specific hypotheses on the role of the specific cross-
country differences for our findings since a comparison of only six countries which vary in
numerous important dimensions precludes testing such hypotheses. We rather discuss our

findings from the perspective of the cross-country differences presented in Section 3.

5. Methodology

5.1 Data

Our study is based on regional NUTS-2 data. The Nomenclature of territorial units for statistics
(NUTS) is a hierarchical system for dividing up the economic territory of the European
Economic Area, the UK, and Switzerland for the purpose of data collection and socio-economic
analyses. NUTS-2 regions are roughly equally populated, with population ranging from 0.8 - 3
million, and these are the smallest geographical units for which employment data is available
in Eurostat for all 6 countries of our interest. We observe the countries fairly since the start of
the robotization till 2017. This means we cover the years 1997-2017 for the old EU member
states and the UK and 2007-2017 for Czechia and Poland. Covering fully the 1990s for the old
EU member states was not possible due to data availability.

To measure fertility, we use TFR and the age-specific fertility rates for the following age

groups: 20-24, 25-29, 30-34, 35-39, 40-44, 45+. These data have been provided by Eurostat at
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the NUTS-2 level since 1990. They are computed by combining national statistics on births by
mother’s age and population of women by age. They are fairly complete with some missing
data in fertility of women aged 45+ (around 10% of all observations). We use simple linear
interpolation to supply them.

To measure worker’s exposure to automation we use data on industrial robot stocks
provided by the International Federation of Robotics (henceforth: IFR). IFR provides annual
data on the operational stock of industrial robots! by country and industry since 1993. The
industries are coded according to the International Standard Industrial Classification of all
economic activities (ISIC, UN, 2008). The stocks of robots are provided by IFR at 1 digit level
for all ISIC industries, and max 3 digits for manufacturing industries. The IFR data is complete.
We utilise records at 1 digit for three following ‘heavy’ industries: Mining and quarrying,
Electricity, gas, water supply, and Construction. We utilise records at 2 digits for the remaining
13 manufacturing industries? to match our regional employment structure data, which is also
coded in 2-digit industry categories. We don’t include non-industrial categories such as
Services, Public Administration, or Education, as those industries employ predominantly
service, not manufacturing robots, and at a much smaller scale than robots operating in
manufacturing or ‘heavy’ industries (Hajduk and Koukolova, 2015).

The data on robots are linked to data on regional employment structures by industry
using the methodology developed by Acemoglu and Restrepo (2020) and described in detail in
Section 5.2. Eurostat has provided NUTS-2 regional employment structures by 2-digit industry
codes classified according to Nomenclature of Economic Activities (NACE Rev. 1.2 before
2008, NACE Rev. 2 after 2008) since 1986. We reclassify these data to the ISIC classification
to match them to robot stocks. Moreover, since our main covariate (explained in detail in
Section 5.2) relies on summation of employment numbers over time, impute missing records
of the regional employment structure. Finally, changes in the past NUTS classifications require
reclassifying regional codes to one, consistent version. Both reclassifications and the imputation
are described in detail in the Appendix.

Besides fertility rates, Eurostat online database provides us also with NUTS-2 level

controls by calendar year, as well as potential moderators, which we interact with our main

! According to the definition given by IFR, industrial robots are fully autonomous machines that do not require a
human operator. Their main tasks are handling operations and machine tending (55% of all European robots fall
into this category) and welding and soldering (22% of all European robots) (Jurkat et al., 2022).

2 Automotive/Other vehicles, Basic Metals, Electrical/electronics, Food and beverages, Glass, ceramics, stone,
mineral products (non-automotive), Industrial machinery, Metal products (non-automotive), Paper,
Pharmaceuticals, Cosmetics, Rubber and plastic products (non-automotive), Textiles, Wood and furniture, All
other manufacturing branches/other chemical products not elsewhere classified.



Matysiak, A., et al. /WORKING PAPERS 26/2022 (402) 11

explanatory variable in order to test our research hypotheses. We include the following set of
controls at the regional level: share of population aged 15-24, share of population aged 25-49,
share of population aged 50+, share of highly educated (ISCED levels 5-8), ratio of share of
highly-educated women to share of highly-educated men, the square of the latter and women’s
economic activity rate. The variables denoting population structure by age are introduced to
control for any variation in population exposed to childbearing. We also account for the
population education level given the educational gradient in fertility (Wood et al., 2014). The
share of highly educated women relative to highly educated men and the square of this ratio
aim at capturing the difficulties to find a partner in regions with better educated female
population (Bellani et al., 2017) given that partners tend to form unions if they have similar
education levels or he is better educated than she (de Hauw et al., 2017). Finally, women’s
economic activity rate is also tightly linked to fertility.

The potential moderating variables are settled at the regional level as well. They are the
initial (measured around the onset of robot adoption) proportion of workers employed outside
of manufacturing (used to test H1), the initial proportion of women employed in manufacturing
over the proportion of men in manufacturing (H2), proportion of highly educated persons
(time-varying) (H3) and the proportion of workers employed in technology and knowledge-
intensive sectors (time-varying) (H4). The control and moderating variables are fairly complete.
Any missing values were imputed via linear interpolation. This was done in 14% of cases for
population structure by education, and max. 25% for employment data. There are no cases when

the entire time series for specific regions are missing.

After accounting for the NUTS reclassifications and excluding foreign territories (see
the Appendix), we have data for 34 NUTS 2 regions in Germany, 22 in France, 20 in Italy, 35
in the UK, 16 in Poland, and 8 in Czechia. We pool the data for Czechia and Poland due to the
smaller number of regions in the two post-socialist countries and their similarities when it
comes to labour market and family policy institutions, economic developments and delayed
start of automation in comparison to Western Europe. In total, we have 680 observations for

Germany, 440 for France, 400 for Italy, 700 for the UK and 240 for Czechia and Poland jointly.

5.2 Methods
Our methodology relies on regressing fertility rates against workers’ exposure to robotisation
as well as a set of control variables mentioned in Section 5.1, separately for Germany, Italy,

France, the UK and the group formed by Czechia and Poland .
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We quantify workers’ exposure to robotisation following the methodology developed by
Acemoglu and Restrepo (2020) and used, among others, in Dauth et al. (2021), Anelli et al.
(2021), and O’Brien et al. (2022):

empl, ;. robotsf,
empl, ., ~empl;,, Eq. 1

Exposure to robots,; = Z
i=1

where robotsft is the country-level stock of robots across industries in year t; empl;

identifies the total number of workers (in 10 thousands) employed in sector i in ¢, i.e. at the

o . emply,; . e
start of the robotisation (hereafter initial) and # denotes the initial distribution of
Tty

c
robotsl-'t

employment in industry i across regions. Effectively, captures robots adopted in

emplis,

emply it . .
——=0 disaggregates it onto
emplyc,

industry i and country c replacing its initial employment, while
regions. We set t, to 1994 for Western European countries and to 2004 for Czechia and Poland,
as those are years when robotization started in those respective countries (see Section 3). The
measure defined in Eq. [ is known as “shift-share instrument” or “Bartik instrument”
(Goldsmith-Pinkham et al., 2020).

While exposure to robots is already considered exogenous, as its variation relies on
employment shares before robotization had started, concerns about endogeneity of robotsft
might still appear, i.e. when external factors affect both the robot adoption and fertility. These
may be global, domestic or sector-specific shocks, such as economic recession or policy
changes. To address this issue, we follow Acemoglu and Restrepo (2020) and instrument the
industry-specific stock of robots in country c robotsft with industry-specific stock of robots
in other countries, which serve as a proxy for advancements in robotization in developed
economies. Dauth et al. (2021) proposed using industry-specific stocks of robots from several
advanced economies as instruments of robot stocks in Germany (overidentified IV model). We
thus build an overidentified model for each country with k ={Germany, France, UK, Italy,
Spain, Sweden, Norway, Finland, United States of America} instruments. In models for
Germany, France, UK, and Italy, we exclude the country of interest and the US, and thus apply
7 instruments. The US’ industry-specific stocks of robots is excluded since robots (relative to
workforce) in that country were used on a smaller scale than in Western Europe (International
Federation of Robotics, 2020) - thus the US cannot be considered as a pioneer of robotization

which the Western European countries would follow. In models for Poland and Czechia, all
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9 instruments are applied. Those external instruments are likely relevant, as industrial robots
are manufactured by only a few international companies, which set global trends in industrial
robot adoption. Thus, robot adoption in one developed economy is a good proxy for robot
adoption in another one, with a similar socio-economic context. The proposed set of instruments
should also be valid, as there is no reason to expect that robot adoption in one developed
economy has a direct influence on fertility rates in another one. To test the instruments’
relevance and validity of the overidentifying restrictions, we compute Kleibergen-Paap rk LM
statistic, and Hansen J statistic (Wooldridge, 2010) and report it along with full model results
in the Appendix.

Our model takes the following form:

fertility,, = aExposure to robots, ,_, + fControls,,_1 + N, + v, + &, Eq. 2

where fertility, . denotes regional total and age-specific fertility rates, a is our parameter of
interest capturing the effect of workers’ exposure to robotization on fertility in region 7, 7,
corresponds to region individual effects and v, are time dummies. In order to test hypotheses
H1-H4 we interact Exposure to robots, ,_, with the potential moderators listed in Section
5.1. In all models we control for a set of demographic and socioeconomic characteristics of a
region, Controls,,_,, enumerated in Section 5.1, which may confound the effects of robot
penetration on fertility. They are lagged by 1 year to avoid simultaneity issues. At the same
time, we lag the exposure to robots by 2 years to account for the pregnancy and the fact that,
once exposed to labour market changes, workers might take some time to decide whether to
have a child or not. Eq. 2 is estimated using the two-stage least squares approach with a fixed
effects “within” estimator (Wooldridge, 2010). Standard errors are clustered at the region level
to acknowledge for within-region dependence of the observations and robustify the model to

serial correlation.
6. Results

Our full model estimates along with the IV tests are displayed in Tables 3-27 in the Appendix
(basic models as expressed by Eq. 2 in Tables 3-7 and models with interactions in Tables 8-27).
In all 175 regressions for the different countries and fertility rates the instrument was relevant
(as indicated by the Kleibergen-Paap rk Wald F statistic) and the overidentifying restrictions

were valid with the Hansen J p-value exceeding the 5% significance level in 153 regressions,
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and the 1% in 8 cases. In 14 cases, it was not possible to conduct the Hansen J test, due to the
fact that the number of clusters (regions) was smaller than the sum of the number of exogenous
regressors and the number of excluded instruments (Frisch and Waugh, 1933; Baum et al.,
2002). Those 14 cases correspond to the models for Italy and Czechia with Poland in which
we introduced two interactions at once to test the H2. However, given that the overidentifying
restrictions were valid in all other cases for those country samples, it is reasonable to assume

that they are valid also in the remaining 14 cases.

6.1 Overall effects of robot adoption on fertility

We find few rather small effects of robot adoption on fertility. Total fertility is affected
significantly only in Italy. This effect is negative: an increase in workers' exposure to robots by
1 robot per 10.000 workers reduces the total fertility rate by 0.00118. This effect is entirely
driven by the negative effect of automation on fertility at young ages, in particular in the 25-29
group. Apart from Italy, we also find negative fertility effects in Germany, the leader of robot
adoption worldwide, for certain age-specific fertility rates. These effects are weaker and, in

contrast to Italy, emerge only at older ages (i.e. for age groups 35-39 and 40-44).

Table 1. Exposure to robots («) coefficients from basic 2SLS models (Eq. 2).

Country TFR FR 20-24 FR 25-29 FR 30-34 FR 35-39 FR 40-44 FR 45+
Germany | -0.00016 0.00004 0.00002 -0.00002 | -0.00011%*** | -0.00005*** | -0.000001
France 0.00003 -0.00010 0.00009 0.00012 -0.00001 -0.00004 0.000003
Italy -0.00118* | -0.00020 | -0.00090*** | -0.00012 0.00014 -0.00005 0.00001
United

) 0.00168 -0.00087 0.00079 0.00133 0.00109 0.00039* -0.000002
Kingdom
Czechia
0.00053 0.00010 -0.00044 0.00050 0.00025* -0.00005 -0.00001
& Poland

X 1% ** 5% * 10%. Sample sizes: 680 observations for Germany, 440 for France, 400 for Italy, 700 for the
UK, and 240 for Poland and Czechia jointly.

We do not find significant negative effects on fertility in other countries of our interest. In some
of them we even identify a significant positive influence of robots on fertility at higher ages.
For instance, an increase in exposure to robots by 1 robot per 10.000 workers results in an
increase in 35-39 fertility rate 0.00025 in Czechia and Poland and a gain in the 40-44 fertility
rate by 0.00039 in the UK. We don’t observe any statistically significant findings for France.
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Since robots are mostly employed in manufacturing, we hypothesised that the negative fertility

effects will be most likely to emerge in regions with large manufacturing sectors (H1). With

few exceptions, our findings are largely consistent with this expectation (see the main effects

in Table 2).

Table 2. Exposure to robots (@) and its interaction with the initial (start of observation period)

share of workers employed in manufacturing.

Country

Measure

TFR

FR 20-24

FR 25-
29

FR 30-
34

FR 35-39

FR 40-44

FR 45+

Germany

Exposure to

robots

-0.0022*

0.0012%**

*

0.00137*

%

0.00037

0.00009

0.000029

-0.00000

Exposure to
robots #

Initial share of
workers out of
manufa-

cturing

0.00003

K%

0.00002*

*%k

0.00002*

%

-0.00001

-0.00000

-0.00000

0.00000

France

Exposure to

robots

0.00163

0.00062

0.00212

0.00013

-0.00082

0.00045*

%

-0.00008*

Exposure to
robots #

Initial share of
workers out of
manufa-

cturing

-0.00002

-0.00001

-0.00003

-0.00000

0.00001

0.000006

%

0.000001

*

Italy

Exposure to

robots

-0.00264

-0.00051

-0.00201

-0.00085

0.00069

0.00039*

%

0.00013*

*

Exposure to
robots #

Initial share of
workers out of
manufa-

cturing

0.00002

0.000005

0.00002

0.00001

0.000007

0.00001*

%

0.000002

skeksk
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Exposure to

robots
%

0.0223* | -0.00584 | -0.00094 | -0.00088 | -0.00384 | -0.00155 0.00012

. Exposure to
United
) robots #
Kingdom
Initial share of | 0.00031
workers out of *k

manufa-

cturing

0.000065 | 0.00002 | 0.00003 | 0.00006 0.00003 -0.00000

Exposure to 0.00295* 0.00251*

robots *k i sk

0.00627 0.00337* | 0.00275 0.00004 0.00001

. Exposure to
Czechia &
robots #

Poland - - -
Initial share of 0.00005*

workers out of *
% sk skk
manufa-

cturing

0.00009 | 0.00005* -0.00004 | 0.00004* | -0.00000 | -0.00000

X 1% ** 5% * 10%. Sample sizes: 680 observations for Germany, 440 for France, 400 for Italy, 700 for the UK,
and 240 for Poland and Czechia jointly.

We observe a clearly negative effect of robot adoption on total fertility in those German regions
which were initially highly industrialised. It is strongly driven by fertility reduction at young
ages (20-24 and 25-29). This negative effect is significantly weaker in regions with a smaller
initial proportion of workers employed in manufacturing. We also detect some negative fertility
effects of robots in the French and British regions with initially large manufacturing sectors. In
the UK, the negative effects on age-specific fertility in those regions are not significant but the
negative effect on total fertility is significant. In France, they emerge at the highest reproductive
ages: 40-44 and 45+. In Italy, most of the effects in highly industrialised regions are
insignificant except for those at higher reproductive ages where the pattern is unclear (positive
effect of robot adoption in highly industrialised regions at ages 40-44 and negative at ages 45+).
Some inconsistency is also detected in Czechia and Poland though it seems that the effects of
robot adoption there tend to be rather positive in highly industrialised regions: the main effects
at all reproductive ages, but for 25-29, are positive though significant only at ages 20-24 and
35-39.
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6.3 Gender composition of manufacturing workers

Next, we expected that fertility effects of robot adoption will be more negative in regions where
men were more exposed to automation than women (H2). Apart from the UK and the cluster
built by Czechia and Poland, we do not find evidence for this hypothesis. Our findings even
suggest the reverse, namely that robot adoption in Germany, France and Italy leads to stronger
fertility decline in regions where the initial ratio of women’s to men’s employment share in
manufacturing was larger (see the interaction between exposure to robots and the ratio of
women’s versus men’s employment share in manufacturing). These negative effects, obtained
net of the regional employment in manufacturing and women’s activity rate, are largely
significant at young reproductive ages. Interestingly, in Italy and to some extent in France we
even find traces of positive effects of robot adoption in regions with initially large

manufacturing sectors which are dominated by men (see the a coefficient).

Table 3. Exposure to robots (), interaction of exposure to robots with the initial share of
workers employed out of manufacturing and interaction of exposure to robots with the initial

ratio of women’s to men’s employment share in manufacturing.

Country Measure TFR FR 20-24 | FR 25-29 | FR 30-34 | FR 35-39 | FR 40-44 FR 45+

Exposure to

robots

0.00079 | -0.00041 | -0.00018 | 0.00064 0.00053 0.00000 0.00001

Exposure to
robots #
Initial share 0.00001* | 0.00001*
of workers * *
out of ma-

nufacturing

0.00001 -0.00001 | -0.00001 | -0.00000 | -0.00000

Germany
Exposure to

robots #
Initial ratio
of women's -
versus men's 0.00093*
* skk *
share in

manu-

facturing

0.0035%* 0.00141* | -0.00031 | 0.00052* | -0.00004 | -0.00001




France

Exposure to

robots
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0.0049

0.00188*

0.00352*

%

0.0008

0.00098*

0.00056*

*

18

0.00012*

*

Exposure to
robots #
Initial share
of workers
out of ma-

nufacturing

-0.00002

-0.00000

-0.00003

-0.00000

0.00001

0.000005

*

0.000001

*

Exposure to
robots #
Initial ratio
of women's
versus men's
share in
manu-

facturing

0.00681*

*

0.00307*

sk

0.00292*

-0.00122

0.00049

0.00036

0.00011*

*

Italy

Exposure to

robots

0.0144**

*

0.00535*

ks

0.0067**

%

-0.00056

0.00038

0.00116*

sk

-0.00014*

Exposure to
robots #
Initial share
of workers
out of ma-

nufacturing

0.00011*

*

0.00004*

*

0.00005*

ET]

0.00001

-0.00000

0.00001*

%

0.000002

*%

Exposure to
robots #
Initial ratio
of women's
versus men's
share in
manu-

facturing

0.0137**

*

0.00462*

sk

0.00693*

sk

-0.00039

0.00025

0.0006**

*

0.00002

United
Kingdom

Exposure to

robots

0.0378**

*

-0.0103

-0.00187

-0.00319

-0.00486

-0.00202

-0.00024

Exposure to
robots #
Initial share

of workers

0.00042*

sk

0.0001

0.00003

0.00004

0.000069

0.000028

0.000001




out of ma-

nufacturing
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Exposure to
robots #
Initial ratio
of women's
versus men's
share in
manu-

facturing

0.0187*

0.00487

0.00091

0.00303

0.00177

0.00073

0.00043*

*

Czechia

& Poland

Exposure to

robots

0.00195

0.00041

-0.00436

0.00246

0.00178*

k

-0.00013

-0.000023

Exposure to
robots #
Initial share
of workers
out of ma-

nufacturing

-0.00007

0.00003*

0.00005*

-0.00004

0.00003*

k3k

0.000000

-0.00000

Exposure to
robots #
Initial ratio
of women's
versus men's
share in
manu-

facturing

0.00402

0.00228*

sk

0.00099

0.0003

0.00063

0.00014

0.00002

X 1% ** 5% * 10%. Sample sizes: 680 observations for Germany, 440 for France, 400 for Italy, 700 for the
UK, and 240 for Poland and Czechia jointly.

The findings for the UK and Czechia and Poland are more consistent with our

expectations. In the UK, the interaction between exposure to robotization and the ratio of

women’s and men’s employment in manufacturing is positive at all reproductive ages and

significant in the models for the total fertility. At the same time, the a coefficient, denoting the

effect of robot adoption on fertility in highly industrialised regions where employment in

manufacturing is dominated by men, is negative, suggesting that robotization reduces fertility

in such regions. In Czechia and Poland, the interaction between exposure to robotization and

ratio of women’s and men’s employment in manufacturing is positive at all reproductive ages

(like in the UK), but significant only at ages 20-24.
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6.4 Educational attainment of the population

20

Subsequently, we test the hypothesis that robots exert a more negative impact on fertility in

lower educated regions (H3). We find clear support for this hypothesis in Germany and Italy.

There is some evidence for this hypothesis also in the remaining countries but for France where

our findings suggest the opposite.

Table 4. Exposure to robots (&) and its interaction with the share of the highly-educated
population (ISCED 5-8).

Country

Measure

TFR

FR 20-24

FR 25-
29

FR 30-
34

FR 35-
39

FR 40-44

FR 45+

Germany

Exposure

to robots

0.00161**

*

0.00027*

-0.00011

0.00045

kk

0.00044*

ks

0.00014*

k3k

0.00001**

Exposure
to robots #
Share of
highly

educated

0.00005**

*

0.00001*

*

0.00001

0.00002

K%

0.00001*

ks

0.000003

k3k

0.0000003

K%

France

Exposure

to robots

0.0015%*

0.00058*

*

0.00105

ek

0.00019

-0.00027

0.00015*

%

-0.00001

Exposure
to robots #
Share of
highly

educated

0.000054*

*

0.00002*

kk

0.00003

kk

-0.00000

0.00001

0.000004

%

0.000000

Italy

Exposure

to robots

-0.00292*

-0.00102

0.00124

%%

0.0002

-0.00016

-0.0002*

0.00001

Exposure
to robots #
Share of
highly

educated

0.0001

0.00004*

0.00002

-0.00001

0.00002

0.00001*

%

-0.00000

United

Kingdom

Exposure

to robots

0.00026

-0.00049

0.00171

*

0.00063

0.00008

-0.00016

0.00009**
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Exposure
to robots #
Share of
highly

educated

0.00003

0.000009

-0.00002

0.00001

0.00002

0.00001

0.000002*

%

Czechia

& Poland

Exposure

to robots

-0.00018

0.00039

0.00182

ek

0.00023

0.00066*

ks

0.00002

0.00003**

*

Exposure
to robots #
Share of

0.000021

-0.00002

0.00007

kk

0.00001

0.00002*

-0.00000

0.000001*

*

highly *

educated

X 1% ** 5% * 10%. Sample sizes: 680 observations for Germany, 440 for France, 400 for Italy, 700 for the
UK, and 240 for Poland and Czechia jointly.

In Germany, we identify a significantly negative effect of exposure to robots on fertility in
regions characterised by lower educational attainment of the population: an increase in the
exposure to robotization by 1 robot per 10,000 workers leads to a decline in total fertility by
0.0016 there (the coefficient ). Negative and mostly significant fertility effects are found at all
reproductive ages. They clearly weaken with an increase in the proportion of highly educated
individuals in a region (see the coefficients associated with the interaction term). We find some
traces of a similar pattern in Italy and Czechia and Poland, but the estimated effects are
significant only at some ages and in Czechia and Poland some reversed findings are also
obtained for the age group 35-39. The educational attainment of the regional population does
not seem to matter for the effects of robotization on fertility in the UK (except for highest
reproductive ages where the findings are consistent with our expectations). Finally, in France
we find that robotization has a positive influence on fertility in regions with fairly low educated

populations, which is in contrast to our hypothesis H3.

6.5. Region’s orientation at investments in knowledge and technology

Finally, we expected the fertility effects of robotization to be less negative or more positive in
regions which are better able to embrace technological change. We operationalise this ability
with the regional investment in technology and knowledge-intensive sectors, measured by its

employment. Only a few findings are consistent with this hypothesis.
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On the one hand, we find the interaction term between exposure to robotization and
employment in technology and knowledge-intensive sectors to be significantly negative at
lower reproductive ages (25-29) in Germany and the United Kingdom. On the other hand,
however, the interaction term turns often positive and significant at high reproductive ages.
This latter finding emerges clearly in Germany, but also to a lower extent in France, United
Kingdom and Czechia and Poland, suggesting fertility recuperation (or higher order fertility)
encouraged by increasing employment/earning opportunities and growing prosperity of the

region.

Table 5. Exposure to robots () and its interaction with the share of workers employed in

technology and knowledge-intensive sectors.

FR 30-

Country Measure TFR FR 20-24 | FR 25-29 ” FR 35-39 | FR 40-44 | FR 45+
Exposure to 0.00015%* ] ] ]
-0.00006 | 0.0001 -0.00003 | 0.00015* | 0.00005* | 0.000003
robots *
K3k skx *
Exposure to
Germany | robots # Share
employed in 0.000001
-0.00002 | -0.00001 | 0.00005* | 0.00001 | 0.00002* | 0.00001
technology- **
ko
and know-
ledge sectors
Exposure to - i -
-0.00015 0.00006 | 0.00013 | -0.00004 | 0.00007*
robots 0.00019* 0.000002

K%

Exposure to
France robots # Share
employed in
0.00007 | 0.00003 0.00002 | -0.00000 | 0.00001 | 0.00001* | 0.000002
technology-
and know-

ledge sectors

Exposure to - 0.00037*
Italy -0.00013 | 0.00117* | -0.00017 -0.00001 | 0.000002
robots 0.00116* *x

K%
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Exposure to
robots # Share
employed in
technology-
and know-

ledge sectors

0.000005

-0.00002

0.0001

0.00002

-0.00008

-0.00001

0.000002

United
Kingdom

Exposure to

robots

0.00161

-0.0008

0.00122

0.00151

0.00071

0.00016

-0.00001

Exposure to
robots # Share
employed in
technology-
and know-

ledge sectors

0.00001

0.00000

0.00020%*

-0.00005

0.00012

0.00007*

-0.00000

Exposure to

robots

0.00119

0.00025

-0.00047

0.00096

0.00039*

0.00009*

*

0.00003*

*%

. Exposure to
Czechia

& Poland

robots # Share

employed in 0.000006

-0.00031 | -0.00004 | -0.00003 | -0.00022 | -0.00006 | 0.00002
technology- **
and know-

ledge sectors

X 1% ** 5% * 10%. Sample sizes: 680 observations for Germany, 440 for France, 400 for Italy, 700 for the
UK, and 240 for Poland and Czechia jointly.

7. Discussion

Industrial robots substantially change the conditions of participating in the labour markets and
thereby may also affect fertility. On the one hand, there is evidence that robots destroy jobs,
increase turnover in the labour market and make workers adjust to the new demands in the
labour markets (reskill, upskill or increase work effort to follow the new work guidelines or
even keep the job). On the other hand, however, robots may also increase productivity and
thereby contribute to the expansion of new jobs, in particular in regions with highly educated
workforce open to technological innovations. In this study we examined whether these long-
term structural changes, driven by adoption of industrial robots, affect regional fertility rates in
six European countries. We find that fertility effects of robot adoption vary across regions,

depending on workforce education, employment structure and region’s capacity to embrace
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technological change. Briefly, our findings suggest that robots tend to exert a negative influence
on fertility in regions where substantial numbers of workers are exposed to losing their jobs due
to automation, i.e. highly industrialised regions (except for Czechia and Poland) and regions
with relatively low educated populations (except for France). These findings are in line with
our hypotheses H1 and H3. We also find the fertility effects to be more negative in less
technologically advanced regions where robotisation is unlikely to boost productivity and create
new jobs (consistently with the hypothesis H4). The negative fertility effects are clearly most
evident at young ages, especially in regions with large manufacturing sectors and to some extent
in regions with lower educated populations. This finding may suggest postponement of fertility
to higher ages, though fertility recuperation at older ages does not emerge clearly from our
study, except for regions which are strongly oriented at knowledge and technological
innovations.

We also observe some country differences in fertility effects of robot adoption but the
pattern is not very clear. We see the negative effects of robots on fertility to be most pronounced
in Germany which is most advanced in automation among the studied countries. This is despite
the strong employment protection in the country. We also observe some negative effects in Italy
and less so in the UK. Robotization in these two countries has progressed more slowly than in
Germany, but employment protection is weaker there (in Italy low protection concerns
disproportionately the young workers) and support for the unemployed is more limited. We also
find the effects of robot adoption to be less disruptive for fertility and even to encourage it in
Czechia and Poland. This finding, even though seemingly striking, may be explained by the
fact that robots are less likely to replace labour in countries with lower labour costs (Jung and
Lim, 2020; Bachmann et al., 2022), which Czechia and Poland undoubtedly are in comparison
to the Western European states. Finally, we were puzzled by the fact that consistently with
hypothesis H2 we found less negative effects of robot adoption in those British, Polish and
Czech regions where the ratio of women’s to men’s initial employment in manufacturing was
higher but such findings were not obtained for Germany, France or Italy even though the
division of paid work between partners in Germany or Italy is not less asymmetric than in
Poland or the UK (Matysiak and Steinmetz, 2008; Matysiak and Vignoli, 2013). One possible
explanation for this finding might be related to the fact that women working in manufacturing
moved out into the service sector much more quickly than men. Such phenomenon was indeed
observed in countries most advanced in automation (Cortes et al., 2021; Black and Spitz-Oener,

2010), which Germany, Italy and France indeed are. At the same time, the new jobs in the
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service sector turned out to be characterised by high insecurity and precarity with employers
requiring from workers great deal of flexibility (Allen and Henry 1997, Reimer 1998).

Despite some inconsistencies our findings suggest that long-term structural changes,
driven by automation, can indeed affect fertility as it was proposed by Seltzer (2019).
Nonetheless, it does not seem robotisation is primarily responsible for fertility declines
observed in the aftermath of the Great Recession in most advanced countries. It exerts
anegative influence on fertility in certain regions (highly industralised or low/middle
educated), but these effects are compensated by fertility increases in better educated and
dynamically developing regions. It is likely, however, that fertility may be affected also by
other components of structural labour market changes, driven by digitalisation, such as
implementation of digital automats which also replace workers but are not classified as
industrial robots, or spread of remote work. This hypothesis still remains to be verified.

Our study also has limitations that we acknowledge. First, being a macro-level study it
may not be able to uncover the pathways and mechanisms through which automation affects
fertility choices. While we learn that robotisation reduces fertility in regions with larger
manufacturing sectors or less educated populations, we do not learn whether it is exactly the
workers who are exposed to robotisation or their partners who reduce fertility and what are the
exact reasons behind this behaviour. This study is one of the first attempts of studying the role
of labour market changes, driven by automation, for fertility and more research, involving
individual-level data, is needed to investigate more closely how exposure to automation affects
workers’ childbearing choices, taking into account workers’ gender, the couple context (labour
market situation of the other partner), the firm characteristics (such as propensity to innovate)
or the country context (such as specific welfare and labour market policies). Second, we also
faced data limitations. Due to the anonymisation procedures at Eurostat some of our data were
missing and had to be imputed. As a result our main measure, exposure to robots, contains
measurement error, which causes its increased variance in comparison with a perfect
measurement. Thus, we expect all regression lines that we fitted to be biased towards
0 (regression dilution/attenuation; Fuller, 1987). Our measure of exposure to robotisation faces
other problems as well. Although it is at the forefront of economic research on automation and
employment (Acemoglu and Restrepo, 2020; Dauth et al., 2021), it assumes that regional
employment structure by sector remains unchanged over time. This assumption is needed in
order to keep exposure to robots exogeneous, as the regional employment shares by sector are
measured before the start of robotisation. Finally, we did not account for possible spatial

spillovers which may take place if workers commute to jobs outside of the regions of their
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residence (Monte et al., 2018). According to our best knowledge, in econometric literature
exploiting sectoral composition as a source of local labour demand shocks (Bartik shocks) and
in particular discussing the exposure to robots, no solutions to the two above-mentioned issues

have been offered so far. We underline them as important areas for future research.
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Appendix

Reclassifying industry

The regional employment structure data are aggregates obtained from the European Union
Labour Force Survey microdata. We reclassify them to 16 ISIS categories that we
operationalize for the robot data using the correspondence table available through the online
resources of the United Nations Statistics Division (see Table 1). As can be seen in the table,
in some cases, it involves summing employment for 2 or 3 NACE categories to match the ISIC

category.

Imputing regional employment structures

Eurostat anonymizes records where employment in a specific region, industry, and year was
above zero but below 1,000 people, i.e. information is missing for such records. As a result,
50% of employment records were initially missing in the data. In the cases when only
observations for specific years for a given region-industry are missing, we impute it by drawing
a number between 0 and 1000 from a uniform distribution. In the cases when the entire time
series for a given region-industry is missing, we impute it with median employment for that
industry in the country, normalized to a 0-1000 range. Since our main explanatory measure
(described in detail in the section 5.2 in the main text) relies on a sum of employment over
industries, it would be impossible to construct it without assumptions about the missing data.
We decided to choose the imputation with median instead of the mean, to robustify the imputed
data to extreme values in existing data. One should bear in mind that, after imputation, there is
a measurement error in our regional employment data. Thus, the regression coefficient
corresponding to our main measure will be downward-biased (regression dilution bias; Fuller,

1987).

Reclassifying NUTS 2 codes

The NUTS classification of regions underwent a few reclassifications in its history. Eurostat
usually publishes regional data for specific years for regions which were operative depending
on then-current NUTS classification. To obtain a balanced panel, we reclassify all regional

codes, which simply changed name, to the NUTS 2016 classification, using crosswalks
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available on the Eurostat web page. For the countries and time frame we consider in our
analysis, there are eight cases when two or three regions split or merged resulting in changes in
the NUTS classification (see Table 2). In those instances, we sum up/average (depending on
a variable) data for the smaller regions to obtain consistent data for the larger region. We
exclude 5 French overseas territories with distinct socioeconomic setups, not directly
comparable to European regions (Guadeloupe, Martinique, French Guiana, La Reunion, and

Mayotte).

Table 1. ISIC-NACE industry codes crosswalk for sectors used in our analysis.

REGIONAL REGIONAL
Category (II;I;) EMPLOYMENT EMPLOYMENT
(nall2d) (nace2d)
All other manufacturing
branches/other chemical products o1, 20- 30, 37, 23 32,33,19
n.e.c. 2!

Automotive/Other vehicles 29-30 34, 35 29, 30
Basic metals 24 27 24
Construction F 45 41,42, 43

Electrical/electronics 26-27 31, 32,33 26,27
Electricity, gas, water supply E 40, 41 35, 36
Food and beverages 10-12 15,16 10, 11, 12
Glass, ceramics, stone, mineral
products (non-automotive) > 26 >
Industrial machinery 28 29 28
Metal products (non-automotive) 25 28 25
Mining and quarrying C 10,11, 12,13, 14 05, 06, 07, 08, 09
Paper 17-18 21,22 17,18
Pharmaceuticals, cosmetics 19 24 20, 21
Rubber and plastic products (non- - )5 -
automotive)
Textiles 13-15 17,18, 19 13,14, 15
Wood and furniture 16 20, 36 16, 31
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Table 2. NUTS-2 region splits/merges over years (1994-2017).

38

1994- 2000- 2002- 2005- 2011- | 2013- )
1999 2004 Action
1998 2001 2003 2010 2012 2017
DE4
1 sum DE41 and
DE40 | DE40 | DE40 DE40 DE40 | DE40 | DEA40
DE4 DE42 to DE40
2
DEB DEB
DEBI1 . DEBI1 . DEB1 | DEBI1 | DEBI
sum DEBI,
DEB DEB
DEB2 5 DEBO DEB2 ) DEB2 | DEB2 | DEB2 DEB2, and
DEB3 to DEBO
DEB DEB
DEB3 3 DEB3 3 DEB3 | DEB3 | DEB3
DED
DED2 | DED2 5 DED2 | DED2 | DED2
sum DED?2,
DED DED
DEDO 0 DED4 | DED4 4 DED4 | DED4 | DED4 DED4, and
DEDS5 to DEDO
DED
DED5 | DED5 5 DEDS5 | DEDS | DED5
DEE DEE
DEFE1 . DEF1 DEF1 .
sum DEE1,
DEE DEE
DEE2 5 DEE2 DEE2 5 DEEO | DEEO | DEEO DEE2, and
DEES3 to DEEO
DEE DEE
DEE3 DEE3 DEE3
3 3
T3] ITH1 ITH1 ITHI | ITH1 | ITHI ITHI1 ITH1 sum [TH1 and
ITH2 | ITH2 ITH2 | ITH2 | ITH2 ITH2 ITH2 ITH2 to IT31
UKI3 | UKI3 sum UKI3 and
UKI1 | UKI1 | UKI1 UKI1 | UKI1 | UKI1
UKI4 | UKI4 | UKI4 to UKI1
UKI5 | UKI5 sum UKI5,
UKI2 | UKI2 | UKI2 UKI2 | UKI2 | UKI2 UKI6 | UKI6 UKI6, and
UKI7 | UKI7 | UKI7 to UKI2
PLI1 sum PL91 and
PL12 | PL12 | PLI12 PL12 | PL12 | PLI12 PL12
PLO92 PL92 to PL12




Table 3. Full basic model results for Germany (see Table 1 in Section 6.1).
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Covariate TFR FR 20-24 FR 25-29 FR 30-34 FR 35-39 FR 40-44 FR 45+
Exposure to robots -0.000159 0.0000438 0.0000217 -0.0000215 -0.000110%*** -0.0000484*** -0.00000125
Share of population aged 15-24 -1.141%* -0.821*** -0.424%** 0.710%** -0.179%* -0.164*** -0.0135%**
Share of population aged 25-49 2.184* -0.0586 -0.579 1.53 7% 0.978*** 0.0514 -0.0156
Share of population aged 50+ 0.522 -0.257* -0.430%* 1.106*** 0.141 -0.167*** -0.0225%***
Share of highly educated
] -0.00173 -0.00133** -0.00335%** 0.000463 0.00182%** 0.000682%** 0.0000721%**
population
Ratio of share of highly-educated
women to share of highly- -0.651*** -0.0780** -0.140%* -0.223%** -0.127%** -0.021 -0.00263*
educated men
Square of ratio of share of highly-
educated women to highly- 0.522%** 0.07171%*** 0.124%** 0.161%*** 0.0980%** 0.0183%** 0.00183**
educated men
Share of economically active
-0.000723 -0.000145 0.00125* -0.000427 -0.000933* -0.000450%** -0.0000538***

women
Kleibergen-Paap rk Wald F

o 347.778 347.778 347.778 347.778 347.778 347.778 347.778
statistic
Hansen J p-value 0.4002 0.3592 0.4523 0.0432 0.0281 0.2845 0.2264

*EE 1% ** 5% * 10%. N=680, 20 years, 34 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.




Table 4. Full basic model results for France (see Table 1 in Section 6.1).
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Covariate TFR FR 20-24 FR 25-29 FR 30-34 FR 35-39 FR 40-44 FR 45+

Exposure to robots 0.000026 -0.000102 0.0000935 0.000118 -0.0000115 -0.0000356 0.00000348
Share of population aged 15-24 -3.278 -3.082%** -0.0862 0.299 0.34 0.0384 0.026
Share of population aged 25-49 -7.505%** -3.952%** -1.944** -0.307 -0.212 -0.189 0.00224
Share of population aged 50+ -6.268%** -2.929%** -1.067* -0.579 -0.645%** -0.336%** -0.0457***
Share of highly educated

0.00187 0.000263 0.00035 0.000389 0.000697** 0.000121 0.0000129
population
Ratio of share of highly-
educated women to share of 0.223 -0.0326 -0.106 0.17 0.147** 0.0642%* 0.00710**
highly-educated men
Square of ratio of share of
highly-educated women to -0.109 0.0116 0.0409 -0.0771* -0.0637*** -0.0274** -0.00259**
highly-educated men
Share of economically active

-0.00113 0.000105 0.000387 -0.000880* -0.000793*** -0.000354*** -0.00000468
women
Kleibergen-Paap rk Wald F

1042.809 1042.809 1042.809 1042.809 1042.809 1042.809 1042.809
statistic
Hansen J p-value 0.6166 0.2884 0.3651 0.4868 0.4660 0.1540 0.8730

*EE 1% ** 5% * 10%. N=440, 20 years, 22 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.
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Table 5. Full basic model results for Italy (see Table 1 in Section 6.1).

Covariate TFR FR 20-24 FR 25-29 FR 30-34 FR 35-39 FR 40-44 FR 45+
Exposure to robots -0.00118* -0.000196 -0.000898*** -0.000116 0.00014 -0.0000473 0.00000823
Share of population aged 15-24 -9.167*** -4.185%** -3.804** 0.368 -0.686 -0.461%** -0.0355%*
Share of population aged 25-49 -7.001%** -1.823%** -4 355%** -0.810%** 0.14 -0.167* -0.02
Share of population aged 50+ -6.623%** -2.395%** -3.063*** -0.321* -0.373** -0.264*** -0.0108
Share of highly educated
) -0.00181 -0.000107 -0.00257** -0.00181* 0.000255 0.00118*** 0.000136*
population
Ratio of share of highly-educated
) -0.0448 -0.109 -0.0746 0.105 0.0448 -0.0258 -0.00212
women to highly-educated men
Square of ratio of share of highly-
educated women to highly-educated 0.0536 0.0511* 0.0308 -0.0308 -0.00361 0.0113 0.000552
men
Share of economically active
0.00296 0.00197%** 0.000202 -0.000201 0.00083 0.0000921 0.0000639
women
Kleibergen-Paap rk Wald F statistic 175.284 175.284 175.284 175.284 175.284 175.284 175.284
Hansen J p-value 0.2683 0.3285 0.1599 0.7500 0.1742 0.5438 0.3200

*EE 1% ** 5% * 10%. N=400, 20 years, 20 NUTS2 regions.

Further controls include yearly dummies (partialled out).

Standard errors are clustered at region level.
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Table 6. Full basic model results for the UK (see Table 1 in Section 6.1).
Covariate TFR FR 20-24 FR 25-29 FR 30-34 FR 35-39 FR 40-44 FR 45+
Exposure to robots 0.00168 -0.000872 0.000793 0.00133 0.00109 0.000386* -0.00000172
Share of population aged 15-24 0.555 -2.063%** 0.595 2.364%** 1.35 0.16 -0.0840***
Share of population aged 25-49 -0.491 -1.086* -0.437 1.422 0.803 -0.0106 -0.0516*
Share of population aged 50+ 2.041 0.0326 0.372 1.462%* 0.918 0.032 -0.0430%*
Share of highly educated
0.000193 0.000994 -0.000392 -0.00058 -0.000765** -0.000104 0.0000304*
population
Ratio of share of highly-educated
women to share of highly- 1.032%#* 0.213* 0.241* 0.367%** 0.224** 0.0436 -0.000287
educated men
Square of ratio of share of highly-
educated women to highly- -0.490%** -0.107* -0.105 -0.169%** -0.110%** -0.0223 -0.0000613
educated men
Share of economically active
-0.00260* -0.000123 -0.000653 -0.000624 -0.000863** -0.000277** -0.0000203
women
Kleibergen-Paap rk Wald F
o 137.303 137.303 137.303 137.303 137.303 137.303 137.303
statistic
Hansen J p-value 0.0363 0.0847 0.6383 0.0140 0.0815 0.1513 0.0684

X 1% ** 5% * 10%. N=700, 20 years, 35 NUTS2 regions.

Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.




Table 7. Full basic model results for Poland and Czechia (see Table 1 in Section 6.1).
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Covariate TFR FR 20-24 FR 25-29 FR 30-34 FR 35-39 FR 40-44 FR 45+
Exposure to robots 0.000530 0.000104 -0.000436 0.000501 0.000253* -0.0000469 -0.0000119
Share of population aged 15-

Y -1.043 -0.893 0.506 2.092%** -1.640%** -0.801%** -0.0889***
Share of population aged 25-
49 -6.482%* -2.873%xk -1.501 1.013 -1.432%** -0.683*** -0.0819***
Share of population aged
50 -3.253%** -1.658%** -0.478 1.379** -1.273%x* -0.616%** -0.0698***
+

Share of highly educated

) 0.00325 -0.00108 0.000824 0.00320%** 0.000581 -0.000123 0.0000267
population
Ratio of share of highly-
educated women to share of 0.151 0.0122 -0.263%** 0.166 0.171** 0.0228 0.00496*
highly-educated men
Square of ratio of share of
highly-educated women to -0.0445 -0.00413 0.104%** -0.0581 -0.0580%* -0.00915 -0.00182*
highly-educated men
Share of economically active

0.00692%* 0.00185 0.00518*** 0.000411 -0.000553 0.0000953 -0.0000223
women
Kleibergen-Paap rk Wald F
o 45.992 45.992 45.992 45.992 45.992 45.992 45.992

statistic
Hansen J p-value 0.1429 0.0456 0.0299 0.2654 0.1859 0.1341 0.1430

*EE 1% ** 5% * 10%. N=240, 10 years, 24 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.
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Table 8. Full interaction model results for Germany (see Table 2 in Section 6.2). Interaction of exposure to robots with the initial share of workers

out of manufacturing.

Covariate TFR FR 20-24 FR 25-29 FR 30-34 | FR35-39 FR 40-44 FR 45+
Exposure to robots -0.00220** | -0.00121*** | -0.00137*** | 0.000373 0.000085 -0.0000287 -0.00000116
Exposure to robots # Initial share of workers out of
) 0.0000287** | 0.0000176*** | 0.0000195*** | -539E-06 | -0.00000269 | -2.61E-07 -2.46E-09
manufacturing
Share of population aged 15-24 -0.970* -0.716%** -0.307** 0.678%** -0.195%* -0.166%** -0.0136%***
Share of population aged 25-49 2.222% -0.044 -0.564* 1.544 %% 0.980%** 0.0525 -0.0157
Share of population aged 50+ 0.732 -0.134 -0.293 1.075%** 0.124 -0.168%** -0.0226%***
Share of highly educated population -0.00101 -0.00088 -0.00285%** | 0.000306 | 0.00174*** | 0.000673*** | 0.0000722%**
Ratio of share of highly-educated women to share of
) -0.646%** -0.0742** -0.136** -0.225%** | -0.128*** -0.0211 -0.00262*
highly-educated men
Square of ratio of share of highly-educated women to
0.488*** 0.0505%* 0.10]%** 0.168%** 0.101%** 0.0186** 0.00183**
share of highly-educated men
Share of economically active women -0.00115 -0.000417 0.000951 -0.00033 | -0.000887* | -0.000444** | -0.0000539%***
Kleibergen-Paap rk Wald F statistic 766.125 766.125 766.125 766.125 766.125 766.125 766.125
Hansen J p-value 0.1929 0.0330 0.0706 0.1691 0.1063 0.4316 0.2074

*EE 1% ** 5% * 10%. N=680, 20 years, 34 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.




Table 9. Full interaction model results for France (see Table 2 in Section 6.2). Interaction of exposure to robots with the initial share of workers

out of manufacturing.
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Covariate TFR FR 20-24 | FR25-29 FR 30-34 FR 35-39 FR 40-44 FR 45+
Exposure to robots 0.00163 0.000616 0.00212 0.000125 -0.000815 -0.000453** | -0.0000814*
Exposure to robots # Initial share of workers out of
-0.0000231 -0.0000102 | -0.0000289 | -1.85E-07 0.0000114 0.00000589* | 0.00000120*
manufacturing
Share of population aged 15-24 -3.384 -3.126%** -0.205 0.294 0.383 0.0605 0.0307
Share of population aged 25-49 S7.723%xE -4.047%** -2.212%* -0.31 -0.109 -0.135 0.0133
Share of population aged 50+ -6.429%** -3.001*** -1.272%* -0.579 -0.563*** -0.204*** -0.03771***
Share of highly educated population 0.00191 0.000283 0.000402 0.000392 0.000679** 0.000112 0.000011
Ratio of share of highly-educated women to share of
) 0.251 -0.0215 -0.0753 0.171 0.136** 0.0586** 0.00590*
highly-educated men
Square of ratio of share of highly-educated women to
-0.12 0.00693 0.0282 -0.0777 -0.0592** -0.0250** -0.00209*
share of highly-educated men
Share of economically active women -0.00122 0.0000695 | 0.000292 | -0.000887* | -0.000762*** | -0.000338*** | -0.00000112
Kleibergen-Paap rk Wald F statistic 443.790 443.790 443.790 443.790 443.790 443.790 443.790
Hansen J p-value 0.5146 0.1284 0.1813 0.3136 0.2227 0.4156 0.8597

*EE 1% ** 5% * 10%. N=440, 20 years, 22 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.




Table 10. Full interaction model results for Italy (see Table 2 in Section 6.2). Interaction of exposure to robots with the initial share of workers out
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of manufacturing.
Covariate TFR FR 20-24 FR 25-29 FR 30-34 FR 35-39 FR 40-44 FR 45+
Exposure to robots -0.00264 | -0.000509 -0.00201 -0.000852 0.000687 0.000390%** -0.000127**
Exposure to robots # Initial share of workers out of
) 0.0000216 | 0.00000471 | 0.0000157 | 0.0000104 | -0.00000734 | -0.00000598** | 0.00000186***
manufacturing
Share of population aged 15-24 -0.648%*% | 4. 204%** -4.22] %% 0.155 -0.551 -0.346%** -0.0720%***
Share of population aged 25-49 S7.148%*% | -] 855%** -4.464%** -0.882%** 0.192 -0.125 -0.0330**
Share of population aged 50+ -6.888%** | 2 454%H* -3.25]1%** -0.445%* -0.289 -0.194*** -0.0326%***
Share of highly educated population -0.00252 -0.000274 | -0.00302*** | -0.00210%* 0.00041 0.00132%** 0.0000898
Ratio of share of highly-educated women to share of
) -0.0113 -0.102 -0.0507 0.121* 0.034 -0.0347 0.000651
highly-educated men
Square of ratio of share of highly-educated women to
0.0419 0.0485 0.0225 -0.0362 0.0000231 0.0143* -0.000397
share of highly-educated men
Share of economically active women 0.00299 | 0.00198*** 0.000197 -0.000208 0.000852 0.000105 0.0000606
Kleibergen-Paap rk Wald F statistic 188.524 188.524 188.524 188.524 188.524 188.524 188.524
Hansen J p-value 0.2720 0.1686 0.1761 0.6730 0.4647 0.1289 0.2605

*EE 1% ** 5% * 10%. N=400, 20 years, 20 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.
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Table 11. Full interaction model results for the UK (see Table 2 in Section 6.2). Interaction of exposure to robots with the initial share of workers

out of manufacturing.

Covariate TFR FR 20-24 FR 25-29 | FR 30-34 FR 35-39 FR 40-44 FR 45+
Exposure to robots -0.0223** -0.00584 -0.000935 | -0.000879 -0.00384 -0.00155 0.000116

Exposure to robots # Initial share of workers out of
0.000311** | 0.0000647 | 0.0000225 | 0.0000278 0.0000636 0.0000251 | -0.00000161

manufacturing
Share of population aged 15-24 0.814 -2.013%%* 0.613 2.400%** 1.409 0.182 -0.084 1 ***
Share of population aged 25-49 -0.458 -1.082* -0.436 1.436 0.816 -0.00704 -0.0507*
Share of population aged 50+ 2.117 0.0456 0.377 1.479** 0.939 0.0391 -0.0424*
Share of highly educated population -0.000215 0.000912 -0.000421 | -0.000624 | -0.000852%*%* -0.000137 0.0000317*
Ratio of share of highly-educated women to share of highly-
1.100%*** 0.227* 0.246* 0.375%** 0.239** 0.0492 -0.000415

educated men
Square of ratio of share of highly-educated women to share

) -0.522%** -0.114** -0.107 -0.173%** -0.117%** -0.025 0.000000392
of highly-educated men
Share of economically active women -0.00232 -0.0000639 | -0.000633 | -0.000603 -0.000809%** -0.000255* -0.0000222
Kleibergen-Paap rk Wald F statistic 118.083 118.083 118.083 118.083 118.083 118.083 118.083
Hansen J p-value 0.0505 0.1054 0.4370 0.1379 0.1993 0.2458 0.1026

*EE 1% ** 5% * 10%. N=700, 20 years, 35 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.
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Table 12. Full interaction model results for Poland and Czechia (see Table 2 in Section 6.2). Interaction of exposure to robots with the initial share

of workers out of manufacturing.

Covariate TFR FR 20-24 FR 25-29 FR 30-34 FR 35-39 FR 40-44 FR 45+
Exposure to robots 0.00627 0.00295%** -0.00337** 0.00275 0.00257*** 0.0000358 0.00000680
Exposure to robots # Initial share of workers out of
) -0.0000961* | -0.0000466*** | 0.0000472** | -0.0000392 | -0.0000368*** | -0.00000105 | -0.000000341
manufacturing
Share of population aged 15-24 -3.114* -1.784%** 1.329* 1.092 -2.324%** -0.789%** -0.0990***
Share of population aged 25-49 -7.636%** -3.317%** -1.134 0.383 -1.763%** -0.660%** -0.0889***
Share of population aged 50+ -5.057%** -2.442%x* 0.252 0.518 -1.877%** -0.608%** -0.0785%***
Share of highly educated population 0.00268 -0.00129 0.000988 0.00287*** 0.000427 -0.000108 0.0000229
Ratio of share of highly-educated women to share
) 0.0472 -0.0415 -0.206%** 0.128 0.128* 0.0206 0.00468*
of highly-educated men
Square of ratio of share of highly-educated women
-0.00664 0.0155 0.083 1*** -0.0444 -0.0423* -0.00834 -0.00172*
to share of highly-educated men
Share of economically active women 0.00687** 0.00181* 0.00521*** 0.000402 -0.000579 0.0000925 -0.0000223
Kleibergen-Paap rk Wald F statistic 113.238 113.238 113.238 113.238 113.238 113.238 113.238
Hansen J p-value 0.5701 0.2830 0.2720 0.5985 0.3052 0.2425 0.5084

*EE 1% ** 5% * 10%. N=240, 10 years, 24 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.
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Table 13. Full interaction model results for Germany (see Table 3 in Section 6.3). Interaction of exposure to robots with the initial share of workers

employed out of manufacturing and interaction of exposure to robots with the initial ratio of women’s to men’s employment share in manufacturing.

Covariate TFR FR 20-24 FR 25-29 FR 30-34 | FR35-39 FR 40-44 FR 45+
Exposure to robots 0.000791 -0.00041 -0.000178 0.00064 0.000532 0.000000707 0.00000748
Exposure to robots # Initial share of workers out of
) 0.00000794 | 0.0000119** | 0.0000114** | -7.27E-06 | -5.84E-06 | -0.000000475 -6.29E-08
manufacturing
Exposure to robots # Initial ratio of women's versus men's
] ) -0.00350*** | -0.000933* | -0.00141*** | -0.000308 | -0.000520** -0.000035 -0.00001
share in manufacturing
Share of population aged 15-24 -0.891* -0.695%** -0.274* 0.685%** -0.183** -0.165%** -0.0133%***
Share of population aged 25-49 2.960%** 0.148 -0.258 1.611%** 1.088*** 0.0587 -0.0136
Share of population aged 50+ L.117** -0.0347 -0.131 1.109%*** 0.18 -0.165%** -0.0215%**
Share of highly educated population 0.000668 -0.000426 | -0.00218*** | 0.00045 | 0.00199*** | 0.000692*** | 0.0000770%**
Ratio of share of highly-educated women to share of
] -0.558*** -0.0505 -0.101** -0.217%** | -0.115%** -0.0201 -0.00237
highly-educated men
Square of ratio of share of highly-educated women to
0.426%** 0.0338 0.0755%** | 0.162*** | 0.0920*** 0.0179%* 0.00165*
share of highly-educated men
Share of economically active women -0.00279 -0.000858* 0.000298 -0.000472 | -0.00113** | -0.000462** | -0.0000586%**
Kleibergen-Paap rk Wald F statistic 1091.572 1091.572 1091.572 1091.572 1091.572 1091.572 1091.572
Hansen J p-value 0.2375 0.1597 0.2198 0.2598 0.2384 0.4486 0.2395

*EE 1% ** 5% * 10%. N=680, 20 years, 34 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.
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Table 14. Full interaction model results for France (see Table 3 in Section 6.3). Interaction of exposure to robots with the initial share of workers

employed out of manufacturing and interaction of exposure to robots with the initial ratio of women’s to men’s employment share in manufacturing.

Covariate TFR FR 20-24 FR 25-29 FR 30-34 FR 35-39 FR 40-44 FR 45+
Exposure to robots 0.0049 0.00188* 0.00352** | 0.000801 -0.000976* -0.000558** | -0.000122%**
Exposure to robots # Initial share of workers out of
) -0.0000207 | -0.00000593 | -0.0000278 | -1.09E-06 0.00001 0.00000476* | 0.000000961*
manufacturing
Exposure to robots # Initial ratio of women's versus men's
] ) -0.00681** | -0.00307*** | -0.00292* -0.00122 0.000492 0.000357 0.000112%**
share in manufacturing
Share of population aged 15-24 -3.816 -3.298%** -0.391 0.207 0.407 0.0764 0.0365**
Share of population aged 25-49 -8.312%** -4.279%** -2.465%** -0.43 -0.0775 -0.114 0.0209
Share of population aged 50+ -6.641%** -3.077%** -1.363%* -0.626 -0.554*** -0.289%** -0.0348***
Share of highly educated population 0.00189 0.000259 0.000392 0.000393 0.000685** 0.000117 0.0000121
Ratio of share of highly-educated women to share of highly-
0.209 -0.0463 -0.0928 0.166 0.141** 0.0626** 0.00695*
educated men
Square of ratio of share of highly-educated women to share
) -0.103 0.017 0.0353 -0.0757 -0.0612** -0.0267** -0.00252*
of highly-educated men
Share of economically active women -0.00146 -0.0000106 0.00019 | -0.000939* | -0.000753*** | -0.000333*** | (0.00000123
Kleibergen-Paap rk Wald F statistic 1690.910 1690.910 1690.910 1690.910 1690.910 1690.910 1690.910
Hansen J p-value 0.5372 0.4071 0.3465 0.5274 0.3034 0.6399 0.3241

*EE 1% ** 5% * 10%. N=440, 20 years, 22 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.
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Table 15. Full interaction model results for Italy (see Table 3 in Section 6.3). I Interaction of exposure to robots with the initial share of workers

employed out of manufacturing and interaction of exposure to robots with the initial ratio of women’s to men’s employment share in manufacturing.

Covariate TFR FR 20-24 FR 25-29 FR 30-34 | FR 35-39 FR 40-44 FR 45+
Exposure to robots 0.0144%** 0.00535%** 0.00670%** -0.000561 | 0.000377 0.00116*** -0.000144*
Exposure to robots # Initial share of workers out of
) -0.000113** | -0.0000422** | -0.0000539*** | 9.85E-06 | -4.66E-06 | -0.0000121*** | 0.00000195%*
manufacturing
Exposure to robots # Initial ratio of women's versus
) ) -0.0137*%* | -0.00462*** -0.00693*** -0.000394 | 0.000249 | -0.000605%** 0.0000188
men's share in manufacturing
Share of population aged 15-24 -9.652%** -4.258%** -4.167*** 0.0656 -0.566 -0.344** -0.0695***
Share of population aged 25-49 =7.275%** -1.887*** -4.520%** -0.907*** 0.193 -0.129 -0.0322**
Share of population aged 50+ -7.050%** -2.489%** -3.310%** -0.494** -0.291* -0.200%** -0.0311***
Share of highly educated population -0.00482 -0.000992 -0.00407*** | -0.00232** | 0.000416 0.00122%** 0.000097
Ratio of share of highly-educated women to share of
) 0.0518 -0.0827 -0.0215 0.128* 0.0334 -0.0321 0.000403
highly-educated men
Square of ratio of share of highly-educated women to
0.0231 0.043 0.0141 -0.0388 0.000114 0.0135 -0.000313
share of highly-educated men
Share of economically active women 0.00216 0.00169** -0.000252 -0.00021 | 0.000878* 0.0000692 0.0000614
Kleibergen-Paap rk Wald F statistic 2699.745 2699.745 2699.745 2699.745 | 2699.745 2699.745 2699.745
Hansen J p-value X X X X X X X

*EE 1% ** 5% * 10%. N=400, 20 years, 20 NUTS2 regions.

Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.
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Table 16. Full interaction model results for the UK (see Table 3 in Section 6.3). Interaction of exposure to robots with the initial share of workers

employed out of manufacturing and interaction of exposure to robots with the initial ratio of women’s to men’s employment share in manufacturing.

Covariate TFR FR 20-24 FR 25-29 | FR 30-34 FR 35-39 FR 40-44 FR 45+
Exposure to robots -0.0378*** -0.0103 -0.00187 | -0.00319 -0.00486 -0.00202 -0.000238
Exposure to robots # Initial share of workers out of
) 0.000420*** | 0.0000973 | 0.0000303 | 0.0000433 | 0.0000692 0.0000277 | 0.000000923
manufacturing
Exposure to robots # Initial ratio of women's versus men's share
] ) 0.0187* 0.00487 0.000909 0.00303 0.00177 0.000732 | 0.000426**
in manufacturing
Share of population aged 15-24 1.808 -1.733%%** 0.66 2.552%%* 1.484 0.217 -0.0622**
Share of population aged 25-49 0.0841 -0.925 -0.412 1.518%* 0.852 0.0115 -0.0391
Share of population aged 50+ 2.541 0.172 0.395 1.541** 0.964 0.0529 -0.0334
Share of highly educated population -0.000252 0.000885 -0.000423 | -0.000623 | -0.000839*** | -0.000135 | 0.0000313**
Ratio of share of highly-educated women to share of highly-
1.0627%*** 0.221* 0.244* 0.367%** 0.231** 0.0468 -0.00144
educated men
Square of ratio of share of highly-educated women to share of
) -0.506%** -0.111%* -0.106 -0.170%** -0.113%** -0.0239 0.000437
highly-educated men
Share of economically active women -0.0021 -0.00000855 | -0.000618 | -0.000567 | -0.000786** | -0.000247* | -0.0000168
Kleibergen-Paap rk Wald F statistic 140.698 140.698 140.698 140.698 140.698 140.698 140.698
Hansen J p-value 0.2151 0.1699 0.3893 0.0803 0.0995 0.3877 0.3232

1% ** 5% * 10%. N=700, 20 years, 35 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.



Matysiak, A., et al. /WORKING PAPERS 26/2022 (402) 15

Table 17. Full interaction model results for Poland and Czechia (see Table 3 in Section 6.3). Interaction of exposure to robots with the initial share

of workers employed out of manufacturing and interaction of exposure to robots with the initial ratio of women’s to men’s employment share in

manufacturing.
Covariate TFR FR 20-24 FR 25-29 FR 30-34 FR 35-39 FR 40-44 FR 45+
Exposure to robots 0.00195 0.000411 -0.00436 0.00246 0.00178** -0.000134 | -0.0000227
Exposure to robots # Initial share of workers out of
) -0.0000722 | -0.0000313* | 0.0000517* | -0.0000380 | -0.0000319*** | 0.000000178 | -9.92e-08
manufacturing
Exposure to robots # Initial ratio of women's versus men's
] ) 0.00402 0.00228*** | 0.000985 0.000298 0.000625 0.000137 0.0000230
share in manufacturing
Share of population aged 15-24 -2.668 -1.465%** 1.391* 1.099 -2.214%** -0.761*%** | -0.0916***
Share of population aged 25-49 -7.436%** -3.153%** -1.119 0.377 -1.702%** -0.644*** | -0.0838***
Share of population aged 50+ -4.7702%** -2.185%** 0.299 0.523 -1.787%** -0.585%** | -0.0724***
Share of highly educated population 0.00316 -0.000990 0.00109 0.00289** 0.000517 -0.0000873 | 0.0000279
Ratio of share of highly-educated women to share of highly-
-0.000703 -0.0676 -0.219%** 0.125 0.122* 0.0193 0.00444*
educated men
Square of ratio of share of highly-educated women to share of
) 0.0120 0.0258* 0.0880%** -0.0430 -0.0397* -0.00782 -0.00162*
highly-educated men
Share of economically active women 0.00732** | 0.00207** | 0.00532*** | 0.000436 -0.000510 0.000108 -0.0000199
Kleibergen-Paap rk Wald F statistic 3345.217 3345.217 3345.217 3345.217 3345.217 3345.217 3345.217
Hansen J p-value X X X X X X X

*EE 1% ** 5% * 10%. N=240, 10 years, 24 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.
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Table 18. Full interaction model results for Germany (see Table 4 in Section 6.4). Interaction of exposure to robots with the share of highly educated

population (ISCED 5-8).

Covariate TFR FR 20-24 FR 25-29 FR 30-34 FR 35-39 FR 40-44 FR 45+
Exposure to robots -0.00161*** | -0.000271* -0.000111 | -0.000452** | -0.000435*** | -0.000142*** | -0.0000102**
Exposure to robots # Share of highly educated
] 0.0000538*** | 0.0000117** | 0.00000531 | 0.0000159** | 0.0000118*** | 0.00000339** | 0.000000334*%*
population
Share of population aged 15-24 -1.009* -0.792%** -0.411%%* 0.750%** -0.149%* -0.156%** -0.0127***
Share of population aged 25-49 1.616 -0.182 -0.622 1.368%** 0.844% 0.0133 -0.0190*
Share of population aged 50+ 0.486 -0.265%* -0.425%* 1.094%** 0.127 -0.170%** -0.0227***
Share of highly educated population -0.00789*** | -0.00267*** | -0.00398*** | -0.00136** 0.000484 0.000298 0.0000338
Ratio of share of highly-educated women to share
) -0.555%** -0.0571 -0.131%%* -0.195%** -0.106*** -0.0147 -0.00203
of highly-educated men
Square of ratio of share of highly-educated women
0.468%** 0.0594** 0.119%** 0.145%** 0.0861%** 0.0148* 0.00149%
to share of highly-educated men
Share of economically active women 0.000785 0.000183 0.00142** 0.0000187 -0.000614 -0.000357* -0.0000443**
Kleibergen-Paap rk Wald F statistic 903.478 903.478 903.478 903.478 903.478 903.478 903.478
Hansen J p-value 0.1312 0.3038 0.1785 0.2023 0.0447 0.1118 0.2687

% 1% ** 5% * 10%. N=680, 20 years, 34 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.
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Covariate TFR FR 20-24 FR 25-29 FR 30-34 FR 35-39 FR 40-44 FR 45+
Exposure to robots 0.00150** 0.000579%* 0.00105%*** 0.000185 -0.000274 -0.000154** | -0.00000853
Exposure to robots # Share of highly educated
) -0.0000536** | -0.0000248*** | -0.0000345** | -0.00000249 | 0.00000939 | 0.00000424* | 0.000000421
population
Share of population aged 15-24 -2.923 -2.918%** 0.148 0.315 0.275 0.00877 0.023
Share of population aged 25-49 -7.233%x* -3.825%** -1.767** -0.295 -0.261 -0.211 0.00000488
Share of population aged 50+ -6.21 1*** -2.903%** -1.032* -0.576 -0.654*** -0.340%** -0.0461***
Share of highly educated population 0.00403* 0.00126* 0.00174* 0.00049 0.000319 -0.0000491 -0.00000386
Ratio of share of highly-educated women to share of
] 0.363 0.0322 -0.0171 0.176* 0.123%* 0.0536%* 0.00608
highly-educated men
Square of ratio of share of highly-educated women to
-0.171 -0.0169 0.00187 -0.0801* -0.0532%** -0.0227* -0.00214
share of highly-educated men
Share of economically active women -0.00171 -0.000164 0.0000215 -0.000909* | -0.000696*** | -0.000311*** | -0.000000551
Kleibergen-Paap rk Wald F statistic 1467.181 1467.181 1467.181 1467.181 1467.181 1467.181 1467.181
Hansen J p-value 0.2501 0.3655 0.1157 0.1607 0.2895 0.6744 0.4483

*EE 1% ** 5% * 10%. N=440, 20 years, 22 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.
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Table 20. Full interaction model results for Italy (see Table 4 in Section 6.4). Interaction of exposure to robots with the share of highly educated

population (ISCED 5-8).

Covariate TFR FR 20-24 FR 25-29 FR 30-34 | FR 35-39 FR 40-44 FR 45+
Exposure to robots -0.00292* | -0.00102 | -0.00124** | 0.000195 -0.00016 -0.000203* 0.00000717
Exposure to robots # Share of highly educated population 0.000096 | 0.0000431* | 0.0000183 | -0.0000135 | 0.0000181 | 0.00000881** | -0.000000187
Share of population aged 15-24 -9.434%x% | 4 280%** | -3.035%%* 0.367 -0.752 -0.487%** -0.0325
Share of population aged 25-49 -7.489%x% | 2.044% %% | 4 .449%%* -0.738%* 0.0488 -0.211%* -0.0193
Share of population aged 50+ -6.478%** | 2. 325%*k | 3 ()34%%* -0.350%* -0.349%* -0.251%** -0.0106
Share of highly educated population -0.00806* | -0.00284* | -0.00373** | -0.00106 -0.00097 0.000602 0.000156
Ratio of share of highly-educated women to share of highly-
0.00501 -0.0872 -0.0654 0.0993 0.0545 -0.0212 -0.00228
educated men
Square of ratio of share of highly-educated women to share of
) 0.0334 0.0423* 0.0271 -0.0285 -0.00762 0.00939 0.000624
highly-educated men
Share of economically active women 0.00324 | 0.00207*** | 0.000244 -0.000195 0.0009 0.00012 0.0000604
Kleibergen-Paap rk Wald F statistic 393.028 393.028 393.028 393.028 393.028 393.028 393.028
Hansen J p-value 0.4075 0.2984 0.6674 0.3396 0.1435 0.3712 0.3528

*EE 1% ** 5% * 10%. N=400, 20 years, 20 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.
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Covariate TFR FR 20-24 FR 25-29 | FR30-34 FR 35-39 FR 40-44 FR 45+
Exposure to robots 0.000259 -0.000494 0.00171* | 0.000626 | 0.0000798 -0.00016 -0.0000943**
Exposure to robots # Share of highly educated population 0.0000315 | -0.00000892 | -0.000023 | 0.0000146 | 0.0000236 0.0000124 | 0.00000205%**
Share of population aged 15-24 0.646 -2.084*** 0.553 2.414%%* 1.408 0.193 -0.0781%***
Share of population aged 25-49 -0.342 -1.124%* -0.525 1.498%* 0.906 0.0454 -0.0419
Share of population aged 50+ 2.121 0.0141 0.333 1.505%* 0.97 0.0612 -0.0378
Share of highly educated population -0.000237 0.00111 -0.0000925 | -0.000785 | -0.00108** | -0.000271** 0.00000235
Ratio of share of highly-educated women to share of highly-
1.026%*** 0.216* 0.251* 0.365%** 0.217** 0.0404 -0.000719
educated men
Square of ratio of share of highly-educated women to share of
) -0.486%** -0.109* -0.11 -0.168%** -0.106** -0.0205 0.000192
highly-educated men
Share of economically active women -0.00254 -0.000141 -0.000703 | -0.000599 | -0.000816** | -0.000253* -0.0000166
Kleibergen-Paap rk Wald F statistic 106.778 106.778 106.778 106.778 106.778 106.778 106.778
Hansen J p-value 0.0832 0.3896 0.1509 0.1971 0.1096 0.0760 0.2256

% 1% ** 5% * 10%. N=700, 20 years, 35 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.
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Table 22. Full interaction model results for Poland and Czechia (see Table 4 in Section 6.4). Interaction of exposure to robots with the share of

highly educated population (ISCED 5-8).

Covariate TFR FR 20-24 FR 25-29 FR 30-34 FR 35-39 FR 40-44 FR 45+
Exposure to robots -0.000180 | 0.000386 | -0.00182*** | 0.000231 0.000660*** | 0.0000187 | -0.0000343***
Exposure to robots # Share of highly educated population 0.0000213 | -0.0000195 | 0.0000727** | 0.00000502 | -0.0000241** | -0.00000291 | 0.00000119**
Share of population aged 15-24 -1.279 -1.324* 1.526** 1.855* -2.075%** -0.825%** -0.0714%**
Share of population aged 25-49 -0.913%** | 3 142%%* -1.102 0.726 -1.663%** -0.681%** -0.0746%**
Share of population aged 50+ -3.418%* | -2.027%** 0.425 1.195 -1.650%** -0.638*** -0.0544*
Share of highly educated population 0.00276 -0.00102 0.000252 0.00297*** | 0.000713* -0.0000897 0.0000178
Ratio of share of highly-educated women to share of highly-
0.188 -0.00249 -0.190%** 0.180 0.150%** 0.0194 0.00613**
educated men
Square of ratio of share of highly-educated women to share
) -0.0585 0.00129 0.0770%** -0.0635 -0.0502* -0.00787 -0.00225%*
of highly-educated men
Share of economically active women 0.00684** | 0.00196* 0.00479%** 0.000406 -0.000420 0.000109 -0.0000286
Kleibergen-Paap rk Wald F statistic 204.214 204.214 204.214 204.214 204.214 204.214 204.214
Hansen J p-value 0.3575 0.3414 0.3279 0.5557 0.3803 0.3581 0.2856

*EE 1% ** 5% * 10%. N=240, 10 years, 24 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.
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Table 23. Full interaction model results for Germany (see Table 5 in Section 6.5). Interaction of exposure to robots with the share of workers

employed in technology and knowledge-intensive sectors.

Covariate TFR FR 20-24 FR 25-29 FR 30-34 FR 35-39 FR 40-44 FR 45+
Exposure to robots -0.0000577 | 0.0000956 0.000152%* -0.0000296 | -0.000149*** | -0.0000528*** | -0.00000342*
Exposure to robots # Share of workers employed in
) ) -0.0000186 | -0.0000136 | -0.0000498*** | 0.00000508 | 0.0000223* 0.00000411 | 0.00000104%**
technology- and knowledge-intensive sectors
Share of population aged 15-24 -1.140%* -0.826%** -0.540%** 0.713%** -0.106 -0.147%** -0.0105**
Share of population aged 25-49 2.088* -0.144 -0.784* 1.582%** 1.055%** 0.0626 -0.0118
Share of population aged 50+ 0.482 -0.301* -0.607*** 1.130%*** 0.229* -0.149%** -0.0186%***
Share of highly educated population -0.00175 | -0.00129** | -0.00282*** 0.000422 0.00149%** 0.000607*** | 0.0000585%**
Ratio of share of highly-educated women to share
) -0.661*** | -0.0830%* -0.149** -0.222%*%* -0.126%** -0.0211 -0.00251*
of highly-educated men
Square of ratio of share of highly-educated women
0.523*** | 0.0720%** 0.128%** 0.161%** 0.0958*** 0.0178** 0.00172%*
to share of highly-educated men
Share of economically active women -0.000677 | -0.000156 0.000951 -0.000406 -0.00073 -0.000402** | -0.0000456**
Share of workers employed in technology- and
) ) 0.00563 0.00352 0.00432%* -0.00126 -0.0000482 0.000293 -0.0000361
knowledge-intensive sectors
Kleibergen-Paap rk Wald F statistic 414.164 414.164 414.164 414.164 414.164 414.164 414.164
Hansen J p-value 0.2354 0.5993 0.0961 0.1332 0.1012 0.1885 0.0672

*EE 1% ** 5% * 10%. N=680, 20 years, 34 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.
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Table 24. Full interaction model results for France (see Table 5 in Section 6.5). Interaction of exposure to robots with the share of workers employed

in technology and knowledge-intensive sectors.

Covariate TFR FR 20-24 | FR25-29 | FR30-34 FR 35-39 FR 40-44 FR 45+
Exposure to robots -0.000147 | -0.000187* | 0.0000601 | 0.00013 -0.0000432 | -0.0000720*** | -0.00000177
Exposure to robots # Share of workers employed in
) ) 0.0000721 | 0.0000333 | 0.0000178 | -1.27E-06 0.0000114 0.0000115%* 0.00000163
technology- and knowledge-intensive sectors
Share of population aged 15-24 -3.397 -3.083#** -0.134 0.265 0.328 0.0253 0.0271
Share of population aged 25-49 -7.336%*% | 3. 849%** | _1.9]1** -0.326 -0.182 -0.158 0.00782
Share of population aged 50+ -6.002%*% | 2 g]4%** -1.039* -0.607 -0.611*** -0.300%** -0.0389***
Share of highly educated population 0.00179 0.000256 | 0.000316 | 0.000368 0.000690* 0.000118 0.0000139
Ratio of share of highly-educated women to share of highly-
0.225 -0.0403 -0.103 0.175%* 0.147%** 0.0642** 0.00663*
educated men
Square of ratio of share of highly-educated women to share of
) -0.109 0.0149 0.04 -0.0791* -0.0634%** -0.0273%* -0.00240*
highly-educated men
Share of economically active women -0.00103 0.000161 0.000415 | -0.000883* | -0.000779*** | -0.000344*** | -0.00000262
Share of workers employed in technology- and knowledge-
-0.00207 -0.00183 | -0.000152 | 0.000656 -0.000469 -0.000504 -0.000116
intensive sectors
Kleibergen-Paap rk Wald F statistic 1620.387 1620.387 1620.387 1620.387 1620.387 1620.387 1620.387
Hansen J p-value 0.4884 0.4575 0.4411 0.6228 0.5744 0.5741 0.5064

*EE 1% ** 5% * 10%. N=440, 20 years, 22 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.
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Table 25. Full interaction model results for Italy (see Table 5 in Section 6.5). Interaction of exposure to robots with the share of workers employed

in technology and knowledge-intensive sectors.

Covariate TFR FR 20-24 FR 25-29 FR 30-34 FR 35-39 FR 40-44 FR 45+
Exposure to robots -0.00116* | -0.000131 | -0.00117*** | -0.000172 | 0.000373*** | -0.00000882 | 0.00000238
Exposure to robots # Share of workers employed in technology-
) ) 0.00000518 | -0.0000191 | 0.0000995 | 0.0000193 | -0.0000753 | -0.0000135 | 0.00000231
and knowledge-intensive sectors
Share of population aged 15-24 -9.110%** | -4.234%** -3.602%** 0.452 -0.918** -0.497%** -0.0342
Share of population aged 25-49 -6.932%** | _].848%** -4.149%** -0.747%* -0.0103 -0.190** -0.02
Share of population aged 50+ -6.601%** | 2. 4]14%** -2.950%** -0.291 -0.460%** -0.278%** -0.00995
Share of highly educated population -0.00172 -0.000135 | -0.00237** | -0.00171%* 0.0000626 | 0.00116*** | 0.000128*
Ratio of share of highly-educated women to share of highly-
-0.0485 -0.105 -0.0995 0.0994 0.0637 -0.0226 -0.00246
educated men
Square of ratio of share of highly-educated women to share of
] 0.054 0.0491%* 0.0405 -0.0288 -0.0112 0.00994 0.000766
highly-educated men
Share of economically active women 0.0033 0.00199** 0.000503 -0.0000225 0.000648 0.0000738 0.000046
Share of workers employed in technology- and knowledge-
] ) -0.00621 0.000756 -0.0111** -0.00445 0.00792** 0.00111 0.000212
itensive sectors
Kleibergen-Paap rk Wald F statistic 1518.104 1518.104 1518.104 1518.104 1518.104 1518.104 1518.104
Hansen J p-value 0.4369 0.4616 0.3405 0.5515 0.2274 0.3733 0.2997

*EE 1% ** 5% * 10%. N=400, 20 years, 20 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.
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Table 26. Full interaction model results for the UK (see Table 5 in Section 6.5). Interaction of exposure to robots with the share of workers employed

in technology and knowledge-intensive sectors.

Covariate TFR FR 20-24 FR 25-29 FR 30-34 FR 35-39 FR 40-44 FR 45+
Exposure to robots 0.00161 -0.000795 0.00122 0.00151 0.000712 0.000163 | -0.00000639
Exposure to robots # Share of workers employed in
) ) 0.00000614 | 0.00000432 | -0.000202* | -0.0000451 0.000123 0.0000709%* -6.81E-08
technology- and knowledge-intensive sectors
Share of population aged 15-24 0.495 -2.144%** 0.293 2.333%* 1.564* 0.27 -0.083 ] ***
Share of population aged 25-49 -0.679 -1.280* -0.924 1.439 1.139 0.146 -0.0507*
Share of population aged 50+ 1.941 -0.0794 0.119 1.468** 1.102 0.118 -0.0422%*
Share of highly educated population 0.0000447 0.000878 -0.000413 | -0.000479 | -0.000754** | -0.000123 0.0000299
Ratio of share of highly-educated women to share of highly-
1.003*** 0.182 0.186 0.373%** 0.264*** 0.0614* -0.000105
educated men
Square of ratio of share of highly-educated women to share of
) -0.474%** -0.0908* -0.0786 -0.173%%* -0.129%** -0.0306** -0.000151
highly-educated men
Share of economically active women -0.00270* -0.000211 | -0.000952* | -0.00061 -0.000678* -0.00019 -0.0000206
Share of workers employed in technology- and knowledge-
0.00376 0.00340* | 0.00706*** | -0.00106 -0.00465%* | -0.00199*** | -0.00000187
intensive sectors
Kleibergen-Paap rk Wald F statistic 113.586 113.586 113.586 113.586 113.586 113.586 113.586
Hansen J p-value 0.0949 0.2479 0.3943 0.1157 0.2888 0.3732 0.1786

*HE 1% ** 5% * 10%. N=700, 20 years, 35 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.
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Table 27. Full interaction model results for Poland and Czechia (see Table 5 in Section 6.5). Interaction of exposure to robots with the share of

workers employed in technology and knowledge-intensive sectors.

Covariate TFR FR 20-24 FR25-29 | FR30-34 | FR35-39 FR 40-44 FR 45+
Exposure to robots 0.00119 0.000252 -0.000470 | 0.000960 | 0.000393* | -0.0000861** | -0.0000300***
Exposure to robots # Share of workers employed in technology-
) ) -0.000313 | -0.0000393 | -0.0000320 | -0.000215 | -0.0000573 0.0000171 0.00000623**
and knowledge-intensive sectors
Share of population aged 15-24 -2.890 -1.026 0.0226 0.862 -1.920%** -0.683*** -0.0503
Share of population aged 25-49 -8.137**% | _2.969%** -1.901 -0.0993 -1.689%** -0.589%** -0.0536*
Share of population aged 50+ S4.27F% | -1.767%** -0.889 0.403 -1.491%** -0.517*** -0.0369
Share of highly educated population 0.00188 -0.00116 0.000722 | 0.00223** | 0.000320 -0.0000818 0.0000352
Ratio of share of highly-educated women to share of highly-
0.167 0.0100 -0.261*** 0.177 0.174%** 0.0232 0.00539**
educated men
Square of ratio of share of highly-educated women to share of
] -0.0521 -0.00350 0.103*** -0.0635 -0.0594** -0.00917* -0.00193**
highly-educated men
Share of economically active women 0.00730** | 0.00189* | 0.00523*** | 0.000670 | -0.000488 0.0000739 -0.0000298
Share of workers employed in technology- and knowledge-
0.0161% 0.00161 -0.00128 | 0.0117*** | 0.00355%%** -0.000282 -0.0000526
intensive sectors
Kleibergen-Paap rk Wald F statistic 94.567 94.567 94.567 94.567 94.567 94.567 94.567
Hansen J p-value 0.2895 0.3902 0.2151 0.4784 0.3056 0.6450 0.4738

*EE 1% ** 5% * 10%. N=240, 10 years, 24 NUTS2 regions. Further controls include yearly dummies (partialled out). Standard errors are clustered at region level.
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