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Abstract

We examine the link between labour market developments and new technologies such
as artificial intelligence (AI) and software in 16 European countries over the period 2011-
2019. Using data for occupations at the 3-digit level in Europe, we find that on average
employment shares have increased in occupations more exposed to Al. This is particularly
the case for occupations with a relatively higher proportion of younger and skilled workers.
This evidence is in line with the Skill Biased Technological Change theory. While there
exists heterogeneity across countries, only very few countries show a decline in employment
shares of occupations more exposed to Al-enabled automation. Country heterogeneity for
this result seems to be linked to the pace of technology diffusion and education, but also to
the level of product market regulation (competition) and employment protection laws. In
contrast to the findings for employment, we find little evidence for a relationship between
wages and potential exposures to new technologies.
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Non-technical summary

Recent advancements in Al (Artificial Intelligence)-enabled technologies have revived the debate
about the impact of technologies on jobs. Historically, waves of innovation have been associated
with anxiety about the future of jobs and concerns about labour becoming redundant. However,
the historical record suggests that the potential negative effects of technology on employment
have been counterbalanced by increases in productivity and creation of new tasks. It remains
an open question if the same can be expected from Al-enabled technologies. In this paper we
provide evidence on the links between Al, employment shares and relative wages by occupations
at the 3-digit level in 16 European countries during the period 2011-2019. We also explore how
this association varies across skills and age groups. We compare findings for Al - which is a new
general purpose technology, experiencing fast growth innovation - with those for software, which
is a well-established technology. To measure Al, we use the occupational indices provided by
Webb (2020) and Felten et al. (2018). Both measures, originally developed for the US, capture
the exposure to Al for different occupations. The Webb measure calculates this exposure based
on the tasks comprising an occupation, while the Felten et al. measure quantifies the exposure
to Al based on the abilities required for an occupation. We interpret both measures as proxies to
potential Al-enabled automation. Our theoretical framework is based on the task-based frame-
work by Acemoglu and Restrepo (2018) and Webb (2020) . New technologies impact overall
employment and aggregate wages, as well as the wage and employment distribution, through
various channels. First, new technology developments destroy jobs because they automate tasks
(displacement effect). Second, they might complement human labour, thereby increasing pro-
ductivity and indirectly resulting in more jobs due to an increase in demand for products of
some firms (productivity effect). Third, a combination of both effects: some tasks and jobs be-
ing replaced but new ones being created through innovation (the so-called reinstatement effect).
Thus, it is not clear whether new technologies would necessarily lead to an overall loss in ag-
gregate employment. Our results suggest a positive association between Al-enabled automation
and changes in employment shares in the pooled sample of European countries, regardless of the
exposure measure used. However, we do not obtain a clear signal for the impact on wages. The
positive impact of Al-enabled automation on employment is mostly driven by younger workers
and high-skilled workers. This is in line with the Skill Biased Technological Change theory. For

Software, we did not find a statistically significant impact across skill groups and thus we could
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not corroborate previews findings of software having a negative impact on medium-skilled work-
ers. As Software is a mature technology, its impact on the structures of skills may have been
realised before this period, although the results are very heterogeneous across countries. The
positive impact of Al-enabled technologies on employment holds across countries with only a few
exceptions. However, the magnitude of the estimates largely varies across countries. Country
heterogeneity seems to be linked to the pace of technology diffusion and education, but also to
the level of product market regulation (competition) and employment protection laws. Results

should however be taken with caution as these technologies are still in their early stages
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1 Introduction

Skill Biased Technological Change (SBTC) and Routinisation are the leading theories explaining
the effects of technology on the labour market. Both theories point to heterogeneous impacts
of technology across the skill distribution that support employment and wages of high skilled

workers. !

SBTC explains drifts of labour demand towards high skilled workers triggered by
technology developments. This monotonic relation between skills and labour demand was the
initial source of the rise in inequality that started in the late 1970s (see Autor et al. (1998),
Autor and Katz (1999), and Acemoglu (2020) for a summary). Starting in the early 1990s, wage
and job polarisation accelerated as many medium-skilled workers, mostly in routine-intensive
jobs, were displaced. This posed a puzzle to the SBTC theory and gave rise to what is known in
the literature as the Routinisation theory, which established that the rise in automation leads to
a decline in the demand for routine tasks performed by medium-skilled workers, and an increase
in the demand for non-routine tasks, performed by workers at the top and the bottom of the
wage distribution (Autor et al. 2003). A large body of the empirical literature confirmed these
patterns (e.g. Goos and Manning 2007, Acemoglu and Autor 2011, Autor and Dorn 2013, Goos
et al. 2014, Cortes et al. 2017, vom Lehn 2020).

Regarding technological change, the more recent period since around 2010, on which we fo-
cus in this paper, is characterised by the emergence of artificial intelligence (AI) breakthroughs,
including advancement in robotics, supervised and unsupervised learning, natural language pro-
cessing, machine translation, or image recognition among many other activities, that enable
automation of human labour in non-routine tasks, both in manufacturing but also services (e.g.
medical advice or writing code). Al is thus a general purpose technology that could affect work
in virtually every occupation. It is experiencing fast growth and diffusion (Agrawal et al. 2018)
and has revived the debate about the potential impact of technologies on jobs (see for example
Ford 2015, Frey and Osborne 2017, Susskind 2020 and Acemoglu and Restrepo 2020b).

Automation, including Al-enabled automation, impacts overall aggregate employment and
aggregate wages, as well as the wage and employment distribution, through various direct chan-
nels. First, new technology developments destroy jobs because they automate tasks (displace-
ment effect). Second, they might complement human labour, allowing for a more flexible al-

location of tasks and increasing productivity (productivity effect). This, in turn, contributes

"However, these recent patterns cannot be generalised to all waves of innovation and technological developments
since the industrial revolution as discussed in Goldin and Katz (1998).
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to increased demand for labour in non-automated tasks. Third, a combination of both effects:
some tasks and jobs are being replaced but new tasks and jobs are created either because of
innovation, or because old technologies become so cheap that their demand starts rising (the
so-called reinstatement effect). In addition, there are several indirect channels that act across
industries. The most obvious example is the existence of spillover effects, either by increases
in productivity transmitted across industries through the intermediate inputs or by increases
in incomes that yield higher aggregate demand. By enabling automation of non-routine tasks,
typically performed by high skilled workers, Al would give a new aspect to the SBTC theory,
which was dominant before the advent of Routinisation for explaining drifts of labour demand
towards high skilled workers.

Waves of automation and new technology have usually been accompanied with anxiety about
the future of jobs and with concerns about labour becoming redundant. Even though the
historical record suggests that such concerns are often overstated (Autor, 2015). Thus, it is
not surprising that there is an expanding literature that focuses on the impact of technology
on aggregate employment and wages. So far, the existing evidence on the overall effect of
new technologies on employment is mixed. Much of the recent literature, focusing on the US,
estimates that automation has a positive net effect on the total number of jobs, but tends to
reduce the number of low-skill jobs. In contrast, some recent work for France highlights that
the introduction of automation can have a positive effect also on the employment of unskilled
industrial workers. The benefit for low-skilled workers is mostly driven by aggregate productivity
gains in the French manufacturing sector that are shared between workers and firm owners
(Aghion et al., 2023).

To assess the the potential impact of Al-enabled automation on labour markets, measures
of Al are required. Recent papers have proposed several indicators of the progress of Al with a
view on its potential labour market effects. Felten et al. (2018) and Felten et al. (2019) create
a measure, the Al Occupational Impact (AIOI), that links advances in specific applications of
AT to workplace tasks and occupations. Using this measure, they provide evidence that, on
average, occupations impacted by Al experience a small but positive change in wages, but they
do not identify any change in employment. Webb (2020) constructs a measure of the exposure
of tasks and occupations to Al, as well as to robots and software, using information on job
task descriptions and the text of patents. He finds that even if substantial uncertainty about

its impacts remains, Al, in contrast to software and robots, is directed at high-skilled tasks.
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Acemoglu et al. (2022) use the occupational measures provided by Webb (2020) and Felten
et al. (2018) and Felten et al. (2019) as well as the Suitability for Machine Learning (SML)
index by Brynjolfsson et al. (2018), and conclude that the impact of Al is still too small relative
to the scale of the US labour market to have had first-order impacts on employment patterns.

With this paper we contribute to this literature by exploring the links between Al and em-
ployment shares and relative wages by occupations at the 3-digit level in 16 European countries
during the period 2011-2019. We also describe how this association varies across skills and age
groups, and shed some light on the prevalence of the SBTC theory compared to the Routini-
sation theory. To measure Al, we use the occupational indices provided by Webb (2020) and
Felten et al. (2018). Both measures, originally developed for the US, capture the exposure to
AT for different occupations. The Webb measure calculates this exposure based on the tasks
comprising an occupation, while the measure by Felten et al. quantifies the exposure to Al
based on the abilities required for an occupation.

We interpret both measures as proxies to potential Al-enabled automation. Our results
suggest a positive association between Al-enabled automation and changes in employment shares
in the pooled sample of European countries, regardless of the proxy used. According to the
AT exposure indicator proposed by Webb, on average in Europe, moving 25 centiles along the
distribution of exposure to Al is associated with an increase of the sector-occupation employment
share of about 2.6%, while using the measure by Felten et al. the estimated increase of the sector-
occupation employment share is 4.3%. The positive association supports the idea that in Europe,
automation enabled by the adoption of AI would not result in lower aggregate employment, and
contrasts somehow with the findings for the US discussed above.

Assessing patterns within specific population groups and countries, we do not find any sig-
nificant changes in employment shares that are associated with potential exposure to Al for the
low and medium skill terciles. However, for the high skill tercile, we find a positive and signifi-
cant association: moving 25 centiles up along the distribution of exposure to Al is estimated to
be associated with an increase of the high skilled sector-occupation employment share of 3.1%
using Webb’s Al exposure indicator, and of 6.6% using the measure by Felten et al. These
findings show that the positive relationship between Al-enabled automation and employment
growth uncovered for the pool of countries is driven by jobs that employ high skilled workers, in
line with the SBTC theory. Across countries, one expects that the impact of these technologies

will vary depending on their distribution of employment across sectors and occupations, which
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are differently exposed to the technologies. Indeed, while the relationship between Al and em-
ployment tends to be positive also at the country level, we find heterogeneity in the magnitude
of the estimates. This heterogeneity is related to the pace of technology diffusion and education
across sectors and occupations, but also to the level of product market regulation (competition)
and employment protection laws.

To shed light on the possible prevalence of the Routinisation theory, we perform similar
analyses for software-enabled automation using the occupational measure of software exposure
by Webb (2020). Our findings are somewhat at odds with the seminal work on the effect of
digital technologies on wages (Krueger 1993 and Autor et al. 1998). The relationship between
software exposure and employment changes is heterogeneous across countries, but null for the
pooled sample, and we do not identify evidence of software replacing routine medium skill jobs.

Overall, our results indicate a mildly positive impact of Al on the labour market, although
it is too early to foresee the scope and applicability of the newest wave of Al technologies
and our analysis is silent on aggregate effects. One plausible interpretation of our findings is
that the negative effect on employment is far less sizable than the most pessimistic outlook
for Al driven job destruction often emphasised in popular narratives. Moreover, the positive
association between potential exposure to Al and employment among young and skilled workers
suggests that accumulation of human capital and increases of labour supply at the top of the
skill distribution continue to be the way to accommodate new technologies without employment
losses, as under the SBTC theory.

The rest of the paper is organised as follows: Section 2 presents a simple model to illustrate
the potential impact of technology in the labour market. Section 3 describes the data used.
Section 4 offers some descriptive statistics. Section 5 discusses the empirical strategy and the

results. Section 6 concludes.

2 Conceptual Framework

This section presents a simple conceptual framework to illustrate the channels through which
technological change affects employment shares and relative wages by occupation using a simple
task-based framework, based on Acemoglu and Restrepo (2020a) and as extended in Webb
(2020) to consider variation by occupation.

Occupations, 0;¢+ i € (1,1;), are combinations of tasks j € (1,.J;) that produce intermediate

inputs used in the production of the final good w;:
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yis = Z [aioﬁt]l/l_p (1)

i=1
with I; being the number of occupations, «; the weight of occupation ¢ in the production of the
final good, and p/(1 — p) the elasticity of substitution among occupations.

Each task can be performed either by a combination of human labour and ”machines” or
only by "machines” if the task is fully automated when AI enables total substitution of human
labour in such tasks.

An occupation fully automated ¢ € A; can be performed without human labour. In such

case:

Ji
Ot = Z Bi gt M jt (2)
=1

where J; denotes the (time-invariant) number of productive tasks at each moment in time ¢ that
are performed within occupation 4, 3; j is the weight of task j in occupation 7 at time ¢, and X
denotes the relative productivity of machines versus labour.

Labour is employed in the rest of occupations ¢ € I; — A; which need to be performed using

machines (M; ;) and labour (L;;):

Ji 17/%
0 = LY | D7 BijaihiMijs (3)
j=1

i € (0,1) controls input shares in occupations of the labour intensive sector. The relative price
of machines is ¢;. Supply of labour and machines is predetermined.

Full automation is feasible for a given occupation when technology is more productive than
labour, i.e., Ay > q/Wi;, where W, is the wage paid to labour in occupation i at time t.
For simplicity we assume that innovation is exogenous and that the size of the total set of
occupations, I, and of the set of automated occupations, A;, grows at the same (exogenous)
rate n, and the relative price of machines, ¢, is also exogenous.?

Given the simple Cobb-Douglas structure of the production functions, it is straightforward

to derive the labour demand equation for occupations ¢ € Iy — A;. Since:

Witliz _ i
qtbi 1T —py

For a model with endogenous innovation and automation, see Basso and Jimeno (2021).
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Ji
Git = Z Bija MM 1 (5)
j=1
then,
ma |
L, = | ——% o 6
1, [(1 . Mi)Wi,t‘| 1,t ( )

where ofl,t is demand for occupation ¢ at time ¢.

As for wages, we assume sectoral wage bargaining between an occupation-wide employer
federation and an occupation-wide union. The employer federation and the union care about
the aggregate surplus workers covered by the wage agreement. Let +; and §;, respectively, be
the cost for the employer federation of not reaching an agreement and the payoff to workers in
such a case in occupation ¢, and let k; be the union bargaining power in occupation i. Then
under most general assumptions (see Jimeno and Thomas 2013), the bargaining wage is:

Wit = ki [%+5z‘+%' (7)

’ Ly

Hence, the wage structure is determined by average productivity in each occupation, and by
occupation-specific union bargaining power and negotiation costs. Notice that this bargaining
configuration carries two features of wage determination that will be relevant for discussing
the impact of new technologies on wages: labour market segmentation (since productivity and
union bargaining power vary across occupations) and compensating differentials (which may be
discussed referring to occupation-specific negotiation costs).

Equations (6) and (7), together with the evolution of the fully automated and labour intensive
occupations, illustrate the potential impacts of new technologies on employment shares and
wages. These impacts have been grouped in the literature in three types of effects: productivity,
substitution, and reinstatement effects. Progress in the implementation of new technologies may
come from two different sources: a fall in the relative prices of machines ¢; and a raise in the
productivity of machines ;. Both cases may lead to occupations being fully automated when
Wi > %. This is the so-called displacement effect. However, in the labour intensive sector a
decrease in the price of machines ¢; and a raise in the productivity of machines \; increase the
productivity of labour, as the two factors are complementary. Thus, despite the fall in the price
of machines relative to the wage, labour demand increases (the so-called productivity effect).

The productivity effect also translates into higher wages, the higher the union bargaining power
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is. Finally, when the price of the intermediate input produced by occupations fall sufficiently,
then there is a further increase in labour demand (the so-called reinstatement effect).

As for differences across population groups in the impact of new technologies on employment
and wages, they will depend on the different strength of complementarity of the new technologies
with human labour. It is also conceivable that employment and wage effects are more positive
among young workers since they are more likely to invest in the skills more complementary
with new technologies, especially if they are highly educated. On the contrary, middle age
workers are more likely to be employed in jobs with tasks more likely to be automatised, so that
negative employment and wage effects would be more visible in occupations with more workers
this age range. The rest of the paper empirically explores the relationship of new technologies, in

particular Al and computer software, and employment shares and relative wages by occupations.

3 Data

A number of studies examine the relationship of new technologies and jobs for the United States.
We focus on Europe and provides empirical evidence for 15 euro area countries (Austria, Bel-
gium, Germany, Estonia, Spain, Finland, France, Greece, Ireland, Italy, Lithuania, Luxembourg,
Latvia, Netherlands and Portugal), and the United Kingdom. This paper also departs from most
of the literature, which tends to focus on the impact of one type of technology only,® by looking
at two different technologies, namely Al-enabled technologies and software.

Our unit of analysis is a sector-occupation cell. Occupations are categorised based on the
International Standard Classification of Occupations (ISCO) and we use a three-digit disaggre-
gation level. Sectors are grouped into six main aggregates: agriculture, construction, financial
services, services, manufacturing and public services. Our analysis covers the period between

2011 and 2019.

Technology data We adopt existing measures of exposure to Al and software. For Al, we
use the AT Occupational Impact (AIOI) scores developed by Felten et al. (2019), which we
will also refer to as Al (Felten et al.). These scores link advances in specific applications of Al
to the skill characteristics by occupation to measure how much Al could affect each occupation.

These scores are based on 2019 O*NET data for descriptions of occupations, and the Electronic

3Two notable exceptions are Webb (2020) and Acemoglu et al. (2022).
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Frontier Foundation AI Progress Measurement dataset,® which measures progress in various Al
applications from 2010 to 2015. Amazon’s Mechanical Turk (mTurk) links these AI applications
to abilities required for each occupation. The final aggregated score is weighted by the prevalence
and importance of abilities within each occupation. Due to its narrow range, we standardise the
ATOI scores to take up values between 0 and 1 in our sample. A higher AIOI score corresponds
to a greater potential effect of AT on the occupation from 2010 to 2015.

We also use scores of occupations’ exposure to AI and software from Webb (2020).
These measures of exposure to technology are constructed by quantifying the textual overlap
(verb-noun pairs) of patents (taken from Google Patents Public Data) to job descriptions from
O*NET. Exposure to software differs from exposure to Al in that every action it performs has
been specified in advance by a human (e.g. store data, generate image). By contrast, exposure to
AT measures how much an occupation’s tasks are amenable to be aligned with machine learning
algorithms (e.g. classify data, recognise image).

Our two Al measures (Felten et al. and Webb) slightly differ in the way they capture the
applicability of Al to a task. While both measures focus on identifying tasks that fall within
existing capabilities (either by relying on the reports from the AI Progress Measurement project
or based on the text of patents), differences in the construction of measures exist. The Al
measure by Felten et al. emphasises workers’ abilities required due to occupations’ exposure to
AT advancements, whereas the measure by Webb highlights the availability of machine learning

algorithms that are aligned with occupations’ tasks.

Labour market data For harmonised employment information we use the EU Labour Force
Survey (EU-LFS), annual microdata, for the period 2011-2019. This survey provides detailed
cross-country labour force composition information. We are particularly interested in employ-
ment shares and their variation over time by occupation,® which are available at the either two-
or three-digits ISCO level. We consider six sectors: agriculture, construction, financial services,
services, manufacturing and public services.® For wages, we use the monthly pay from main
job, which the EU-LFS provides in deciles. We measure wages by within country centiles of

employment-weighted average wages for each sector-occupation cell in 2011, constructed using

4This is a dataset that tracks reported progress on metrics of Al performance across separate Al applications,
such as image recognition, speech recognition, translation, or abstract strategy games.

SWe exclude armed forces occupations from our sample.

5Qriginal data are classified according to the Statistical Classification of Economic Activities in the European
Community (NACE). Sector aggregates (corresponding NACE Rev. 2 classification): Manufacturing (C), Services
(G-J,L-N,P-S), Public sector (O-Q) and Financial services (K)
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individual data on wage centiles. Education is grouped into low (lower secondary education or
7

lower), medium (up to post-secondary, non-tertiary education), and high (tertiary education).
Our database In order to empirically assess the potential impact of technology on the labour
market, we have to merge the labour market data with measures of exposure to technology. We
merge the information from our different data sources and assure matches on several dimensions
(provided these dimensions are available in the individual data sets): country, year, occupations
(three-digits ISCO wherever possible) and sector. Scores taken directly from the literature
(i.e. Al and software exposure scores), are generally provided for occupations classified in the
Standard Occupational Classification (SOC) system, which is a US federal statistical standard.
Since our micro-data on employment (specifically, the EU-LFS) uses the ISCO classification
system, we have to merge occupation classifications. To do so correctly, we use crosswalks and
correspondence tables from Hardy et al. (2018), U.S. Bureau of Labor Statistics (2012), ILO
(2010), and also manually match remaining occupations. We perform these crosswalks at the
four-digits ISCO level, and aggregate scores from the literature whenever the SOC’s granularity
exceeds the one of ISCO, and also whenever we calculate values for the more aggregated three
digit occupation groups. For example, the AIOI scores that we take from Felten et al. (2019)
are calculated at the eight-digit SOC level. We match SOC to ISCO occupations for both ISCO
revisions, 2008 and 1988. Whenever ISCO occupations match to several SOC occupations, we
take the average AIOI score across ISCO occupations. While this gives us the scores for 4-
digit ISCO occupations, we drop the last digit to obtain three-digit occupations instead and
take the mean for the occupations with the same three digits. Importantly, our measures of
technology exposure have been constructed for the US economy and thus we use them under
the implicit assumption that tasks are equally exposed to technology in the EU countries than
in the US, where tasks exposures were originally measured. This assumption does not look
unreasonable and it has the advantage that in our sample the occupation exposure measures are
not that endogenous to employment and wage changes. The time dimension and frequency of our
individual data sources vary. For the purpose of our analysis, we use annual values of the labour
force composition (from the EU-LFS). The occupation-based scores and indicators are generally
invariant over time. Specifically, the AIOI are based on Al technology progress between 2010

and 2015 on occupation descriptions from 2019. Note that our technology variables vary across

"This refers to the highest educational attainment using the International Standard Classification of Education
(ISCED).
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countries because we transform the raw scores (at 3-digit ISCO) into percentiles weighted by
the occupation-sector cells employment.®

In 2011, there was a break in the ISCO classification (from ISCOS88 to ISCO08). This re-
classification of occupations renders it impossible to make meaningful comparisons of occupations
before and after 2010, unless occupational information is given at the most granular level.
Unfortunately, this is not the case for our data, which is why our sample starts in 2011. We do
not consider this to be an issue for the analysis of the impact of Al-enabled technologies on the

labour market, as these technologies start having important breakthroughs mostly after 2010.

4 Descriptive Evidence

This section provides some descriptive statistics for the technology measures of Al and software

for the European countries in our sample.

Table 1 provides simple summary statistics of our three technology measures as defined in
the previous section: Al by Webb, Al by Felten et al., and software by Webb. The two measures
by Webb are available for 122 distinct occupations in our data set. They have very similar means
(0.42 for the AI measure and 0.46 for the software measure) and standard deviations (0.17 and
0.18 respectively). The standardised Al measure by Felten et al. is available for 104 distinct

occupations in our data set and averages by construction at 0.5 with a standard deviation of 0.26.

Table 1: Summary statistics of technology measures

Technology measure N Mean SD Min Max
AT (Webb) 122 042 0.17 0.03 0.9
AT (Felten et al.) 104 05 026 O 1

Software (Webb) 122 046 0.18 0.12 1.05

Notes: Summary statistics of technology measures across all available occupations (unweighted). N corresponds
to the number of distinct occupations in our data set, for which the technology measure provides a value.

To get a better idea of how individual occupations vary and rank along our technology mea-
sures, Figure 1 shows the detailed distribution of our technology measures by occupation. Two

main facts stand out. First, the potential impact of new technologies measured by these indi-

8Webb (2020) uses employment-weighted percentiles and Acemoglu et al. (2022) use the standardised mean of
occupation Al exposure weighted by the number of vacancies posted.
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cators is quite heterogeneous across occupations. Table 2 zooms in on the top and bottom five
occupations based on each of the different technology measures, and provides their respective
technology scores. Strikingly, between our two Al measures, there is barely any overlap of these
occupations (only one occupation ranks in the top five for both measures), and only three out of
ten occupations overlap between Webb’s Al and software measures. Secondly, despite the lack
of overlapping of occupations at the very top and at the very bottom of the distributions across
technology measures, the overall rankings of occupations by the two measures of the potential
impact of Al are quite similar. Spearman’s rank correlations show that the different technology
measures do correlate with each other and the null hypothesis that the ranking of occupations
by any two measures is independent can be rejected (rs = 0.64). However, the Webb’s software
measure and Felten et al’s AI measure are negatively correlated (rs = —0.29), which is a clear
signal that new AI technologies are not only about the application of software, and warns that

AT and digitalisation may impact jobs differently.

Appendix A shows further descriptive evidence, displaying changes in employment shares
and relative wages between 2011 and 2019, and highlighting heterogeneity in technology mea-
sures themselves, but also heterogeneity in these measures by country, and by worker character-

istics (i.e. education and age).
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Figure 1: Distribution of occupations by technology measures and corresponding Spearman’s
rank correlations
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Notes: 3-digit ISCO 2008 occupations ranked by percentiles (x-axis) of their location in the distributions based
on the three technology measures. Y-axis indicates actual values of technology scores. For better visibility,
average scores are displayed in the top three panels of the figure whenever multiple occupations rank at the same
percentile. The bottom part of the figure shows Spearman’s rank correlations, and p-values in brackets below a
test of the HO that variables are independent.
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5 Empirical Analysis

We now explore the relationship between occupations’s exposure to Al and software and changes
in employment shares and relative wages. We report these relationships by means of the coeffi-

cients (. in the following regression:
Ysoe = Qe + Qs + BCXSO,C =+ 6go,c (8)

where the dependent variable y,, . is either the change in the employment share of sector-
occupation so in country ¢ during the 2011-2019 period, or the change in the wage distribution
position of sector-occupation so in country ¢ during the same period.

The change in the employment share is measured as a percentage change relative to the
midpoint of a cell’s share of overall employment between 2011 and 2019, winsorised at the top
and bottom 1%.° The change in the wage distribution is captured by the change in the within-
country centile of the employment-weighted average wage for each sector-occupation cell from
2011 to 2019.

Xso,c are the measures of potential exposure of the sector-occupation so units to Al and
to software as described in Section 3. As already discussed, these measures capture to what
degree tasks, and thus occupations, could be performed by AI and by software. Therefore, we
understand them as proxies to potential Al- and software-enabled automation, such that the
estimated coefficients measure the potential impact of Al- (software-) enabled automation on
changes in the employment share or in relative wages. Hence, a negative (positive) (. indicates
that potentially more automatised sector-occupations had declining (increasing) employment
shares or relative wages. Observations are weighted by cells’ average employment, standard
errors are sector-clustered.

Depending on the sign of the 8. coefficients in the employment and wage equations, the
relationship between technologies and jobs can be understood as being one of complementarity,
displacement, or both. When the (. coefficient is positive in both equations, i.e automation
proxied by exposure to new technologies is associated with increases in both employment shares
and relative wages, an increase in productivity is the dominant effect of technology and we label
the technology employment relationship as one of complementarity. In contrast, a negative sign

in both S, coefficient (more technological exposure associated with decreases in both employment

9This is a second-order approximation of the log change for growth rates near zero. Also known as arc
percentage change, and used in related literature, see for example Davis et al. (1996) and Webb (2020).
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shares and relative wages) is interpreted as automation displacing employment. There could also
be cases, in which one of the two coeflicients is positive and the other negative, or some of them
remain unchanged, this pattern is consistent with the so called a reinstatement effect, where
some tasks or jobs are destroyed by automation, but new ones are created within the same
occupation-sector cell.

The model presented previously in Section 2 illustrates how the relative sizes of the pro-
ductivity, displacement and reinstatement effects a ssociated with t echnological changes can be
rationalised. The statistical associations reported in this section just provide a first approx-
imation to the potential effects o fnew t echnologies on jobs a cross c ountries, a s m easured by
alternative indexes of potential exposure to Al and changes in employment shares and relative

wages of occupations.

5.1 Pooled Results

We start discussing results for the pooled sample of countries.'®

Artificial intelligence We find a positive association between Al-enabled automation and
changes in employment shares in the pooled sample. This is the case regardless of the indicator
of exposure to Al used to proxy Al-enabled automation, as implied by the positive and significant
coefficients on the first column in panel (a) and (b) in Table 3.1}

According to the AT exposure indicator by Webb, on average in Europe, moving from centile
25 to centile 50 along the distribution of exposure to Al is associated with an increase of sector-
occupation employment share of 2.6%, while using the measure provided by Felten et al. the
estimated increase of sector-occupation employment share is 4.3%. The finding of a positive
association supports the view that displacement effects of Al-enabled automation are small.

When estimating equation (8) for changes on relative wages we find that more Al exposure
does not seem to be associated to changes in relative wages (see Table 4, first column in panel
(a) and (b)). As discussed above, this coefficient depends both on the technology and the

labour market institutions that condition wage-determination. Hence, it is plausibly related

These include Austria (AT), Belgium (BE), Germany (DE), Estonia (EE), Spain (ES), Finland (FI), France
(FR), Greece (GR), Ireland (IE), Italy (IT), Lithuania (LT), Luxembourg (LU), Latvia (LV), Netherlands (NL),

Portugal (PT), and United Kingdom (UK).

1This table and the results discussed in this section refer to the simplest specification as in column 1 of Table
B1 in Appendix B. Columns 2-5 of Table B1 show results for various specifications, interacting sector and country

dummies and including as additional regressors measures of exposure to Robots and Software.
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to the rigidity of relative wages in Europe, where collective bargaining is prevalent in wage
determination.

Table 3: Change in employment vs. exposure to technology. Pooled sample. 2011-2019

All Younger  Core Older LowEduc MedEduc HighEduc
) (2) 3) (4) (5) (6) (7)

(a) AT, Webb 0.104** 0.212°* 0.106 0.015  -0.008 0.028  0.125"
(0.035)  (0.050)  (0.047) (0.038)  (0.056)  (0.053)  (0.055)
Obs. 6767 2160 1653 2954 2145 1979 2641
(b) AL Felten et al.  0.174"* 0.219°* 0.132" 0.144"*  -0.088 0.068  0.266"
(0.044)  (0.073)  (0.050) (0.040)  (0.092)  (0.097)  (0.083)
Obs. 5766 1828 1369 2569 1809 1632 2323
(c) Software 0.025 0.107°* -0.083* -0.117"*  0.004 -0.032 0.044
(0.020)  (0.032) (0.046) (0.050)  (0.040)  (0.049)  (0.036)
Obs. 6839 2160 1653 2954 2145 1979 2641

Notes: Linear regression. Robust standard errors in parentheses, clustered by country. * p < 0.1, ** p < 0.05,
*¥** p < 0.01. Each observation is a ISCO 3 digits occupation times sector cell. Observations are weighted by
cells’ average labour supply. Sector and country dummies included. Dependent variable: within country cell’s
change in employment share from 2011 to 2019 winsorised at the top and bottom 1 percent. Sample: 16 European
countries, 2011 to 2019. The sub-sample in column (2) (3) and (4) consist of sector-occupation cells whose workers
average age was in the lower, middle and upper tercile respectively of their country’s workers age distribution in
2011. The sub-samples in column (5), (6) and (7) consist of sector-occupation cells whose average educational
attainment is in the lower, middle and upper tercile respectively of country’s education distribution.

Technology-enabled automation might also induce changes in the relative shares of employ-
ment along the skill distribution and thus impact within-occupation earnings inequality. The
literature on job polarisation shows that medium skilled workers in routine intensive jobs were
replaced by computerisation, in line with the so-called Routinisation theory. In contrast, it is
often argued that Al-enabled automation is more likely to either complement or displace jobs
in occupations that employ high skilled labour, in line with the SBTC theory.'? In what follows
we examine whether the impact of Al-enabled automation is concentrated on certain groups of
workers, varying by either educational attainment (skills) or age.

We split sector-occupation cells within each country by age and skills terciles in 2011, the ini-
tial year of our sample, so that the first age tercile includes those observations (sector-occupation
cells) whose average age was in the lower tercile of the country’s age distribution in our sample
in 2011, we name this first tercile as younger, the second as core and the third as older. Simi-
larly, for skills, each tercile consists of these sector-occupation cells whose average educational
attainment is in the low, medium and high tercile respectively of the education distribution
within each country.

Plots (a) and (b) in Figure 2 display the estimated coefficients of the association between

12For a discussion on these two theories see Section 1 and Goos and Manning (2007).
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Table 4: Wage changes and technology exposure. Pooled sample 2011-2019

All Younger  Core Older LowEduc MedEduc HighEduc

(1) (2) (3) (4) (5) (6) (7)
(a) AT Webb 0.001 0012  0.007 -0.009 -0.014 0.009 0.034"
(0.007)  (0.011) (0.016) (0.013) (0.010)  (0.013)  (0.012)
Obs. 5729 1772 1534 2423 1834 1648 2246
(b) AI Felten et al. -0.013* 0.004 -0.022 -0.021  -0.051 0.027 0.008
(0.007)  (0.012) (0.018) (0.013) (0.033)  (0.018)  (0.031)
Obs. 4872 1506 1263 2103 1550 1343 1978
(c) Software 0.007 0018 0015 -0.005 -0.010 0014  0.026
(0.008) (0.011) (0.015) (0.017) (0.008)  (0.014)  (0.011)
Obs. 5729 1772 1534 2423 1834 1648 2246

Notes: Linear regression. Robust standard errors in parentheses, clustered by country. * p < 0.1, ** p < 0.05, ***
p < 0.01. Each observation is a ISCO 3 digits occupation times sector cell. Observations are weighted by cells’
average labour supply. Sector and country dummies included. Dependent variable: within country cell’s change
in relative wages from 2011 to 2019 winsorised at the top and bottom 1 percent.For Austria, Spain and Lithuania
2018 wages values were taken instead of 2019. For Finland 2017 wages were taken instead of 2019. For the UK
2013 wages were taken instead of 2011. These changes were implemented due to limited availability of data for
the reference years. The sub-sample in column (2) (3) and (4) consist of sector-occupation cells whose workers
age was in the lower/middle and upper tercile respectively of the country’s workers age distribution in 2011. The
sub-sample in column (5), (6) and (7) consist of sector-occupation cells whose average educational attainment is
in the lower, middle and upper tercile respectively of country’s education distribution.

changes in employment and Al-enabled automation for the terciles of occupations that employ
low, medium and high skilled workers. The aggregate coefficient for all the skills is displayed
by a red horizontal line, while the height of the green bars display the coeflicient estimated for
each one of the skill terciles. Significant coefficients are plotted in dark shaded colour (see also
Table 3 columns 5 to 7).

While there are no significant changes in employment shares associated to Al for the low and
medium skill terciles, for the high skilled there is a positive and significant association: moving 25
centiles up along the distribution of exposure to Al is estimated to be associated with an increase
of sector-occupation employment share of about 3.1% using Webb’s Al exposure indicator, and
of 6.6% using the measure by Felten et al. These estimates are showing that the positive
relationship between Al-enabled automation and employment growth that we uncovered for the
pool of countries is driven by jobs that employ high skilled workers.

Plots (d) and (e) in Figure 2, and columns 2 to 4 in Table 3, report the estimates by age
groups, according to which Al-enabled automation appears to be more favourable for those
occupations that employ relatively younger workers. Regardless of the Al indicator used, the
magnitude of the coefficient estimated for the younger group doubles that of the rest of the

groups. Al-enabled automation in Europe is thus associated with employment increases, and
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Figure 2: Exposure to technology and changes in employment share, by skill and age
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Notes: Regression coefficients measuring the effect of exposure to technology on changes in employment share, as
in Table 3. Each observation is a ISCO 3 digits occupation times sector cell. Observations are weighted by cells
average labour supply. Sector and country dummies included. Sample: 16 European countries, 2011 to 2019.
The coefficient for the whole sample is displayed by the horizontal dotted line. The bars display the coefficient
estimated for the subsample of cells whose average educational attainment is in the lower, middle and upper
tercile respectively of the education distribution (first row) and of cells whose workers average age is in the lower,
middle and upper tercile respectively of workers age distribution (second row). Coefficients that are statistically
significant at least at the 10% level are plotted in dark shaded colour.
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this is mostly for occupations with relatively higher skill and younger workers.

Software In contrast, the estimated relationship between software-enabled automation and
changes in employment shares is not significantly different from zero in the aggregate. For
the medium skill tercile the relation is negative, which would be in line with job polarisation.
However, this result is not statistically different from zero (see plot (c) in Figure 2 and panel (c)
in table 3). Regarding age, panel (f) in Figure 2, there is a negative and significant relationship
for occupations that employ relative older workers (core and older workers) and positive for
those that employ younger workers. Thus, we do not identify for Europe a remarkable impact of
software on employment shares for the period of analysis, 2011-2019, and of software replacing
routine medium skill jobs. One could think that this might be specific to the period of analysis
2011-2019. However, even if we find a negative association between software and changes in
employment shares in the pooled sample for the period 2000-2010, we do not find evidence to

support the Routinisation theory in that period, see table B6.

5.2 Results by Country

In this subsection we explore the impact of new technologies within countries. Our prior is
that it will vary depending on each country’s distribution of employment across sectors and

occupations, which are differently exposed to the technologies.

Artificial intelligence We find that while there is heterogeneity in the magnitude of the
estimates, the positive sign of the relationship between Al-enabled automation and employment
shares also holds at the country level with only a few exceptions. The country estimates can
be seen in Figures 3 and 4, which in the left panel display the estimate coefficients from the
employment shares equations for each country in the sample 3., together with the one for the
pooled sample of countries (our aggregate) (3, with their statistical significance bands ordered
by magnitude. The corresponding (5. and § from the relative wages equation are shown in the
right panel.!® A positive association between exposure to Al and changes in employment shares
is observed for most of the countries; there are a few exceptions showing no relation, and the
only exception where the relationship is negative is Greece when looking at Webb’s Al exposure
measure, and to a lower extent Lithuania and Ireland with Felten’s AT exposure measure. Figure

5 compares the estimates in a scatter plot using both measures of Al

13For detailed regression results see tables in Appendix B.
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Regarding wages (see the right panel in Figures 3 and 4) in most of the countries (as in the
pooled sample), the statistical association of changes in relative wages and Al measures is zero or
negative. There are some remarkable exceptions for which more Al exposure is associated with
increases of both the employment shares and relative wages of the sector-occupations, namely,
Austria, Portugal and Latvia for the indicator by Webb and Germany and Finland for the one
by Felten et al.

Figure 3: Exposure to AI, Webb, and changes in employment shares and wage percentiles, by
countries
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Notes: Sc and B coefficients from employment shares and from relative wages regressions respectively in the same
graph. See notes in tables B2 and B3.
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Figure 4: Exposure to Al, Felten at al, and changes in employment shares and wage percentiles,
by countries
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Notes: Sc and S coefficients from employment shares and from relative wages regressions respectively in the same
graph. See notes in tables B4 and B5.

Figure 5: Exposure to AI, Webb and Felten et al., and changes in employment shares, by country
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Notes: Scatter plot of regression coefficients measuring the effect of exposure to Al on changes in employment
share. X-axis: regression coefficients using the Al proxy based on Felten et al. Y-axis: regression coefficients
using the AI proxy based on Webb. For further details see notes to Figure 2.
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Software Exposure to software is associated with declines in employment shares in quite a
number of countries, namely Portugal, Greece, The Netherlands, Luxembourg, Italy, Estonia,
and Finland, while is associated with increases in employment shares only in Germany, Belgium,
and UK, as shown in Figure 6 and table B7 in the Appendix. The relationship is null from a
statistical point of view for over a third of the countries in the sample and for the aggregate.
However, in about a half of the counties of our sample the relationship employment - software
appears to be negative for medium skilled workers, see Table B7, which is in line with the so

called Routinisation or labour market polarisation.

Figure 6: Exposure to software, Webb, and changes in employment shares and wage percentile
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Notes: Bc and S coefficients from employment shares and from relative wages regressions respectively in the same
graph. See notes in tables B7 and B8.

5.3 Interpreting Country Variation

The cross-country heterogeneity of the association between potential exposure to Al and em-
ployment shares may reflect different degrees of technology adoption and diffusion, and thus
actual exposure of occupations to technology. Country-specific structural features affect adop-
tion, diffusion and how the labour market reacts to the introduction of new technologies in
the workplace. With a view to analysing the association of structural factors in explaining our
country estimates we correlate the country estimates with indicators of technology adoption and

structural features of the European countries in our sample.
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We first use the Digital Economy and Society Index (DESI) of the European Commission
as a measure of technology exposure. The DESI tracks progress in the EU member states
in the area of digital technologies. According to this measure the top three countries of our
sample are Finland, the Netherlands and Austria and the bottom three are Greece, Italy and
Latvia. The rank correlations show that the positive impact of Al-enabled technologies on
employment is higher in countries with higher DESI. The correlation for software exposure
is negative and close to zero (Table 5). The correlation results are similar using the World
Governance Indicators (WGI). This indicator measures a broad set of structural characteristics'*
that could potentially affect both adoption and diffusion and the reaction of the labour market
to technological innovation. The results of both the DESI and WGI point to higher employment
effects in countries with larger exposure to digital technologies, possibly the countries where
diffusion of technology is likely taking place faster.

We also use the OECD’s indicators of Product Market Regulation (PMR) and Employment
Protection Legislation (EPL) to assess the degree of association between the level of competition
and labour market rigidities with the employment estimates at the country level. Rigidities
may either retard technological diffusion or smooth its impact on employment shares. Thus,
the higher the indicator of product market regulation (lower competition) and the higher the
indicator of employment protection (lower flexibility) are, the lower the impact of technology on
employment is. In this case, the results for PMR and EPL give a similar message as that of the
DESI and WGI.

Lastly, we analyse the correlation between our country results and measures of education
attainment and quality of education outcomes. In particular we use the share of workers with
tertiary education and the OECD’s PISA scores. We observe a positive correlation between these
measures and our country estimates on the effects of Al-enabled technologies on employment.
One can read these results in two ways. First, Al-enabled technologies appear to complement
high skilled jobs, at least at this early stage of development. Second, the actual adoption
of frontier technologies depend on the capital endowment of a country, and thus the positive
correlation we found may also capture the degree of diffusion. In the latter case our correlation
results would point in the direction of a higher diffusion of Al-enabled technologies be associated

with a higher positive impact of these technologies on employment.

The indicator is a simple average of the following elements: voice and accountability, political stability and
absence of violence, government effectiveness, regulatory quality, rule of law, and control of corruption.
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Table 5: Correlations between country estimates and institutions

AT (Webb) AT (Felten et al.) Software (Webb)

Digital Economy and Society Index 40 0.42 -0.08
World Governance Indicators 0.51 0.31 -0.05
Employment Protection Legislation -0.08 -0.17 -0.33
Product Market Regulations -0.50 -0.30 -0.12
Pisa score 0.30 0.32 0.20
Share of tertiary education 0.31 0.24 -0.22

Notes: Spearman’s rank correlations. DESI includes human capital, connectivity, integration of digital technology
and digital public services. WGI includes voice and accountability, political stability and absence of violence,
government effectiveness, regulatory quality, rule of law, and control of corruption.

6 Conclusion

In this paper we explore the potential impact of Al- and software-enabled automation on Euro-
pean labour markets over the period 2011-2019.

We use occupational measures of Al exposure provided by Webb (2020) and Felten et al.
(2019) as proxies to potential Al-enabled automation and find that Al-enabled automation in
Europe is associated with employment increases. This positive relationship is mostly driven by
occupations with relatively higher proportion of skilled workers, which is in line with the SBTC
theory. The relationship between Al and wages turns out to be negative and hardly significant
for the Felten et al’s measure and statistically not significant for the Webb’s measure.

Our results show heterogeneous patterns across countries. The positive impact of Al-enabled
automation on employment holds across countries with only a few exceptions. However, the
magnitude of the estimates largely varies across countries, possibly reflecting different economics
structures, such as the pace of technology diffusion and education, but also to the level of product
market regulation (competition) and employment protection laws.

The relationship between software exposure and employment changes is also heterogeneous
across countries, but null for the aggregate. In addition, wages do not appear to be affected
in a statistically significant manner from software exposure, which is somewhat at odds with
the seminal work on the effect of digital technologies on wages (Krueger 1993 and Autor et al.
1998). Overall, we do not identify for Europe as a whole a remarkable impact of software
on employment changes and our findings hardly support the hypothesis of software replacing
routine medium skill jobs. However, for a number of individual countries in the sample the

relationship employment - software appears to be negative for medium skilled workers, which is
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in line with the Routinisation theory.

Our results on the positive association between Al-enabled automation and employment
should be taken with caution. These technologies are still in their early stages. While in the
period of our analysis the association is positive, these results may not be extrapolated into the
future, especially if the path followed by Al technologies focused on the automation of tasks and

lead to the creation of few new tasks.
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Appendix A: Additional Descriptive Evidence

This appendix complements the descriptive evidence shown in Section 4.

How are technology requirements of occupations linked to workers and subsequently employ-
ment in general? Table Al provides first insights on this by giving an overview of technology
measures and workers, showing the average percentile of each technology measure by certain
worker characteristics (i.e. education and age).!”> Generally, more highly educated workers are
in occupations with higher AI technology scores, contrasting their relatively lower exposure to
average software compared to lower educated workers. Table A2 then shows the employment
shares in 2011 and 2019, and the respective change by worker demographics (i.e. education and
age). Similarly, table A3 shows relative wages and their changes. Across the three skill groups,
employment shares are fairly even around a third each, and slightly grew for the medium- and
high-educated groups, while the low-educated group’s employment share fell by 1.58 percentage
points, which was the largest change in absolute values of all groups. Similarly, employment
shares across age groups are evenly sized around a third. The employment share for the middle-
aged group is distinctively the lowest (30.95 percent in 2011), and fell the most (by 0.34 percent-
age points). The largest increase was seen for the young (1.23 percentage points), while the old
slightly decreased their employment share (by 0.08 percentage points). The average wage decile
slightly increased for all skill and age groups, with the young and low-educated workers seeing
the highest increases in their average wage decile (by 0.24 and 0.26, respectively), and the old
and high-educated seeing the lowest increases (by 0.14 and 0.12, respectively). Figure A1l and
figure A2 visualise these observations for employment shares and wage deciles respectively.

Figure A3 shows employment changes for occupations with low, medium or high technology
scores. While there are differences across technology measures, regardless of the technology
measure, employment shares generally increased slightly for high-scoring occupations. Strikingly,
occupations scoring lowest for AI (Webb) have the highest employment share, contrasting Al
(Felten et al.), where the group of occupation that score lowest has the smallest employment
share. Considering wage deciles, the picture is more similar between the two Al measures:
occupations scoring higher for any Al measure, are also linked to a higher wage decile. Only for
the software measure the trend is reversed, meaning that higher software scores appear to be
linked to lower wage deciles (see Figure A4).

Some of the changes in employment shares and wage deciles that are discussed here may be

>Note that education terciles are also referred to as skill terciles in this paper.
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masking heterogeneity across countries that fails to become evident in the pooled sample. An
overview of all the countries and their respective employment shares and wage deciles are shown
in Figures A5 - A14).

Figure A15 emphasises the heterogeneity across technology measures and countries for changes
in employment shares and wage deciles in the period 2011-2019. Employment shares have re-
mained broadly the same in the top and bottom 40 occupations ranked by the potential impact
of Webb’s AT meaure. However, when using the Felten et al. measure of the potential impact of
AT, employment shares have increased by more in the top 40 occupations, and decreased in the
top bottom 40 occupations. In contrast, digitalisation seems to have increased them by more in
the bottom 40 occupation ranked according to the software (Webb) measure.

As for relative wages, the potential impact of Al is different depending on the measure.
According to Al by Webb, relative wages in top 40 occupations increased faster than in the
bottom 40 occupations, whereas according to the Al measure by Felten et al., the reverse is
true. Moreover, the digitalisation measure — software by Webb — does not show a clear pattern
of changes in relative wages.

The aggregate descriptive patterns of changes in employment and relative wages by technol-
ogy measures are not driven by specific groups of countries. Results are in fact very heteroge-
neous across countries too. As for employment shares, the largest cross country heterogeneity is
observed with the AT (Webb) measure of technology. According to AI (Felten et al.) measure,
employment shares in most countries increased in the top 40 occupations and decreased in the
bottom 40 occupation. The opposite is observed for the software (Webb) measure. Compar-
ing changes in employment and relative wages by technology measure, the correlation between
changes in employment share and income deciles appears weak. A more detailed description is
presented in Table A4 (Table A5). These two tables shows the top and bottom five occupations
by each technology measure, the employment shares (wage deciles) in 2011 and 2019, and the
respective change between these years. Across technology measures and both years, the employ-
ment share for the top five occupations (combined ranges between 0.62 and 0.9) is much smaller
than the employment share for the bottom five occupations (combined ranges between 1 and
1.37). For occupations ranking high in Webb’s Al and software scores, the employment share
fell in total by 0.21 and by 0.02 percentage points, while the employment share for occupations
high in Felten et al’s Al measure increased by 0.15 percentage points. This contrasts what we

observe for the bottom five occupations of each measure. Here, regardless of the technology
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measure, the employment share increased in total between 0.04 and 0.07 percentage points.
Looking at wages in table A5, top occupations across all technologies are in higher deciles in
both years (on average between the 5.7th and the 8.05th decile) than bottom occupations (on
average between the 3.79th and the 4.85th decile). The change in average wage decile between
2011 and 2019 for the top five occupations was positive irrespective of the technology measure
(increase between 0.24 and 0.35). For the bottom five occupations, we also see increases in the
average unweighted income deciles ranging between 0.1 for occupations low on Felten et al’s
AT score, and 0.55 for occupations scoring low on software. The latter was largely driven by a
sizeable wage increase for traditional and complementary medicine professionals. These some-
what mixed results confirm our believes that to draw any meaningful conclusions, controlling for

observables is imp