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European Labour Markets 
AT A GLANCE 

• Adoption of artificial intelligence (AI) in the production of goods and 
services can automate nonroutine cognitive tasks performed by 
middle- and high-income workers and so exacerbate job 
polarisation. 

• Adoption of AI in firms and by workers has been rapid since 
generative AI became widespread. Adoption is, however, uneven 
among workers and firms.  

• AI is changing the demand for labour and the tasks workers do. So 
far, the new tasks seem to have mostly been created in AI 
development and implementation, increasing demand for AI skills. 

• AI could decrease productivity differences between workers within 
occupations, but the existing evidence points to the continuation of 
skill-biased technological change with mainly high-skilled labour 
benefiting. 

• Inclusive distribution of productivity gains requires policies that 
support labour’s bargaining power and labour’s ability to 
productively contribute to the production process.  
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• Continuous monitoring of AI’s employment effects helps in 
understanding how to support the reallocation of labour. 
Understanding workers’ perspectives can help design effective 
policies. 
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ABSTRACT 

This review surveys the emerging evidence regarding the effects of 
artificial intelligence technologies in the labour market and on labour 
market inequality through the lens of the theoretical framework of task-
based production and the literature in the field of economics on 
technological change. The evidence analysed concerns the time period 
after the early 2010s, with an emphasis on the effects of generative AI 
after 2022. The focus is on research studying European labour markets. 
After outlining the context of routine- and skill-biased technological 
change and job polarisation, the existing evidence regarding AI 
adoption in production and its effects on productivity and employment 
is reviewed. The review concludes with a discussion on labour market 
policy that mediates the effects of AI on the distribution of productivity 
gains and the direction of technological change and a consideration of 
the effect of technological change on attitudes toward labour market 
policy and democracy itself. 

GERMAN ABSTRACT 

Die vorliegende Studie bietet einen Überblick über neue Erkenntnisse 
zu den Auswirkungen künstlicher Intelligenz (KI) auf den Arbeitsmarkt 
und Arbeitsmarkt-Ungleichheiten aus der Perspektive der wirtschafts-
wissenschaftlichen Literatur zum technologischen Wandel und einer 
aufgabenbasierten Produktion als theoretischen Rahmen. Die Befunde 
beziehen sich auf den Zeitraum nach Anfang der 2010er Jahre, wobei 
der Schwerpunkt auf europäischen Arbeitsmärkten sowie den 
Auswirkungen der generativen KI nach 2022 liegt. Zunächst wird der 
Kontext des „routine“- und „skill-biased technological Change“ und der 
Arbeitsplatzpolarisierung beschrieben. Anschließend werden die 
bestehenden Erkenntnisse über die Einführung von KI und die 
Auswirkungen der KI-Technologien auf Produktivität und Beschäftigung 
besprochen. Die Studie schließt zum einen mit einer Diskussion über 
arbeitsmarktpolitische Maßnahmen, die KI-Effekte auf die Verteilung 
von Produktivitätsgewinnen und die Richtung des technologischen 
Wandels beeinflussen. Zum andern werden die Auswirkungen des 
technologischen Wandels auf die öffentliche Einstellung zu 
Arbeitsmarktpolitik und Demokratie behandelt.  
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1 Introduction 

Artificial intelligence (AI), a set of technologies that learn patterns from data to make 
predictions using new data, is performing more and more tasks that only humans used to be 
capable of. The adoption of AI in production may lead to an increase in the share of tasks, 
and even entire jobs, that are performed by machines. Such automation may decrease the 
value of some workers’ skills, or even make them obsolete, while increasing the value of other 
workers’ skills. 
 
This review surveys the emerging evidence on the effects of AI on the labour market and 
labour market inequality. After innovations such as steam, electricity, machines, computers, 
and software, AI is the latest technological change to affect the way goods and services are 
produced. This continuous change has been a subject of a large amount of literature in the 
field of economics, which will guide this review. 
 
The review focuses on machine learning-based AI and its applications in non-physical tasks. 
The adoption of such AI in production has been a significant development, which first arose 
in the early 2010s. Thus, the evidence surveyed concerns the time period after the early 
2010s, with an emphasis on the effects of generative AI after the release of ChatGPT in late 
2022. 
 
Some findings are particularly relevant to the labour markets of the European Union (EU). 
European economies are characterised by their ageing populations, labour shortages, high 
incomes, occupational structures leaning toward cognitively intensive tasks, and pressures to 
cut public spending, all of which may heighten incentives for automation. However, the EU is 
also characterised by its will to steer AI by regulation toward human-centric development and 
use. 
 
This review has benefitted from multiple reviews such as Acemoglu and Restrepo (2018, 
2019, 2024b), Agrawal et al. (2019a), Gallego and Kurer (2022), Lane and Saint-Martin 
(2021), OECD (2023, 2024), and Restrepo (2024). 
 
This review focuses on a field of research that is undergoing rapid development. As such, the 
author has cited several studies that have been published as working papers or manuscripts 
that have not yet been peer-reviewed. The literature review began with the studies identified 
in earlier literature. After this, more recent publications were identified via forward citation 
searches of those initial sources. After the detailed structure of the review was formulated, 
additional literature corresponding to this structure was identified and selected. All literature 
searches were conducted using Google Scholar in May 2025. 
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The next section lays out the theoretical frameworks of task-based production and wage 
determination to help consider the effects of AI on labour market inequality. This is followed 
by an overview of the emerging evidence on the adoption and labour market effects of AI. 
The focus then moves to a discussion on the distribution of productivity gains, the direction of 
technological change, and the effect of technological change on attitudes toward labour 
market policies. The concluding section presents some caveats in the interpretation of the 
existing evidence and identifies gaps in the existing research. 
 
 

2 AI and tasks 

The labour market concerns the purchase and sale of labour for the production of goods and 
services. The demand for labour depends on the technology used to convert labour and 
capital inputs into outputs. This demand, together with the supply of labour, determines 
wages. As new technologies are adopted in production, the demand for labour changes, with 
a potential effect on wages. This section describes a framework for considering technological 
change: the task-based model of production. This framework is then used to discuss the 
consequences of technological change on labour market inequality and concludes by 
discussing how AI fits into this framework. The section is based on the reviews of Acemoglu 
and Restrepo (2019a,b, 2024) and Restrepo (2024). 
 
2.1. TASK-BASED PRODUCTION 

The task-based model of production is a flexible means of analysing technological change 
in production. The idea is that producing an output requires the completion of a set of tasks. 
For instance, producing a research report involves the tasks of stating a research question, 
reviewing existing literature, ideation, modelling, gathering data, analysing data, drawing 
figures, drafting, writing, formatting, and proofreading a report, and communicating the 
research results. 
 
Tasks can be completed by labour or capital. In producing a research report, a researcher 
may do the writing and software the proofreading. Also, labour’s tasks may require different 
skills and be bundled into occupations. The experienced senior researcher may state the 
research question and communicate the research results, other research team members may 
be responsible for handling the data analysis and writing, while the drawing of figures and 
formatting the research report may be delegated to a research assistant. Likewise, different 
forms of capital, such as computers, software, furniture, and processes, possess distinct 
capabilities and are suited to different tasks. A chair supports the posture of a researcher, 
allowing the researcher to focus on other cognitive work, a text editor helps the researcher in 
formatting, and an advanced AI tool is able to independently draft a text. 
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Within this framework, technological development increases the productivity of capital in 
performing tasks. This may affect production in various ways: More productive capital may 
better complete tasks already allocated to capital (augmentation of capital), complete tasks 
previously allocated to labour (automation) or complement labour in tasks allocated to labour 
(augmentation of labour). Further, new tasks may be created, either for labour or capital 
(new task creation). The consequences for labour depend on the nature of changes in the 
productivity of labour and capital, the tasks themselves, and the allocation of tasks to capital 
and labour. 
 
2.1.1 AUTOMATION 

Reallocating a task from labour to capital constitutes automation. Automation increases 
(decreases) the share of tasks performed by capital (labour). This substitution creates a 
displacement effect: less labour is required and demand for labour decreases. When 
technological change enables capital to perform tasks previously done by labour, it increases 
the share of tasks that can be automated. For instance, generative AI is increasingly able to 
produce figures and draft research reports (Korinek 2023), reducing the demand for research 
assistants.  
 
There are incentives for automation when it decreases input or increases output. In both 
cases, the amount of output relative to input increases, i.e. productivity increases. If this 
increase in productivity translates into lower output prices and the demand for the product is 
sufficiently elastic, the output demanded, and thus produced, may increase. This increases 
the demand for non-automated tasks and for the labour performing these tasks. This 
productivity effect of automation increases demand for labour. For example, if a code-
generating AI tool reduces the cost of statistical analysis and thus lowers the cost of research, 
buyers who have found research prohibitively expensive may enter the market and increase 
the demand for research. The demand for tasks such as planning statistical analysis 
increases, with the demand for senior researchers increasing as a result.  
 
Furthermore, if a decrease in the price of a good does not increase the demand for that good, 
the money spent on it can be redirected, potentially increasing the demand for goods 
produced with labour-intensive methods. 
 
2.1.2 AUGMENTATION 

New technology may also increase the efficiency at which labour performs its tasks. Such 
technological change increases the productivity of labour and may even enable people to 
complete tasks they would not otherwise have had the skills to do. Faster computers run data 
wrangling and statistical analysis faster. Better data visualisation tools enable researchers to 
draw graphs beyond their visual design skills. When technology augments labour in this way, 
labour and capital are complementary.  
 
Tasks may also be automated in part, such that capital can handle easy tasks while labour 
handles more complex ones. A research assistant may delegate the drawing of simple figures 
to AI, while focusing on drawing more complex figures.  
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2.1.3 NEW TASK CREATION 

If technology automated every task, there would be little left for labour to do. In reality, there 
is a lot left for labour to do, which is most evident when one considers the new tasks and 
occupations in our world (Acemoglu and Restrepo 2018; Autor et al. 2024). It could be that 
the set of tasks, and the tasks where labour has a comparative advantage over capital, may 
expand. This reinstatement effect increases the demand for labour. This may occur as a 
result of product innovation: creating new products, or new varieties of old products, requires 
completing new tasks. Faster computers enable researchers to run more computationally 
demanding models. The reinstatement effect may happen through process innovation: 
reorganising production creates new tasks, especially in using machines. An AI writing 
assistant requires the design of prompts. Reinstatement may also happen as the market 
expands due to the productivity effect: delivering products to new markets requires completing 
new tasks. Generating research’s societal impact requires new kinds of communication and 
stakeholder engagement. 
 
2.2. LABOUR MARKET INEQUALITY 

Technological change affects income distribution in two ways. First, as more tasks are shifted 
to capital, the labour share falls. This labour share of national income has remained stable in 
Europe but has been decreasing in the United States (US) (Gutiérrez and Piton 2020; Bastani 
and Waldenström 2024), particularly in industries with extensive automation such as 
manufacturing (Restrepo 2024). Second, even if equal displacement and reinstatement 
effects kept the labour share intact, those effects could still be unevenly distributed across 
workers, tasks, and occupations (Katz and Murphy 1992; Autor et al. 2003). 
 
2.2.1 AUTOMATION OF ROUTINE TASKS 

To obtain an overview of the evolution of task content of production, it is useful to classify 
tasks into four categories: routine manual, nonroutine manual, routine cognitive, and 
nonroutine cognitive (Autor et al. 2003). The routine-nonroutine distinction separates tasks 
into those that can be codified and those that cannot, respectively. The manual-cognitive 
distinction separates tasks into those dealing with physical objects and those dealing with 
information, respectively. 
 
These categories of tasks can be ranked by the compensation paid to labour for doing these 
tasks (Goos et al. 2014). Workers in jobs mostly consisting of nonroutine manual tasks tend 
to receive the lowest wages. These workers are followed by the workers in jobs mostly 
consisting of routine manual tasks, followed by workers in jobs with many routine cognitive 
tasks. The highest wages are paid to those in jobs that mostly consist of nonroutine cognitive 
tasks. These nonroutine cognitive tasks are also usually performed by the most skilled and 
most educated workers while routine tasks and nonroutine manual tasks are performed by 
less skilled workers. 
 
Codifiable routine tasks are vulnerable to automation. Machines are good at following step-
by-step instructions to repeat tasks in stable environments. As machines get better and 
cheaper, they substitute labour in these tasks: robots take over routine manual tasks and 
computers take over routine cognitive tasks. The demand for workers in occupations with 
many routine tasks decreases. Industrial robots, for instance, have reduced production jobs 
in France (Acemoglu et al. 2020b) and manufacturing jobs in Germany (Dauth et al. 2021). 
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On the other hand, workers in jobs with mainly nonroutine tasks may need to complete routine 
tasks to produce output. As machines perform these routine tasks more and more effectively, 
these workers’ productivity, and perhaps the demand for their labour, increases. This routine-
biased technological change has led to job polarisation. Occupations involving many 
routine tasks in the middle of the income distribution are losing their labour share, while 
nonroutine manual low-wage occupations and nonroutine cognitive high-wage occupations 
are increasing their labour shares (Goos et al. 2009, 2014; Kurer and Gallego 2019). Figure 
1 shows the job polarisation in the EU, highlighting the changes in employment shares of 
occupational groups, roughly ranked by their mean wages, between 2008 and 2023, as well 
as the intensities of different types of tasks in these occupations. 
 
It is clear that not all workers displaced by technology have been able to find new work. While 
there is certainly structural unemployment due to skills mismatch (Orlandi 2012; Vandeplas 
and Thum-Thysen 2019), large-scale technological unemployment has not occurred. First, 
there has been demand for labour elsewhere: reductions in employment in manufacturing due 
to automation are often compensated by an increase in service sector jobs (Dauth et al. 2021; 
Mann and Püttmann 2023; Schöll and Kurer 2024). Second, the decline in routine work seems 
to mostly work through the labour market exits of senior workers to retirement and labour 
market entries of young workers (Kurer and Gallego 2019; Dauth et al. 2021; Yashiro et al. 
2022; Goller et al. 2025). 
 
Figure 1. Change in European Union employment shares 2008-2023 and task group 
intensities in occupational groups. 

 
Notes: Data on employment from Labour Force Survey (Eurostat 2025a) table lfsa_egised in the EU 
countries presented also in Figure 2. NACE: All activities (except agriculture, forestry and fishing, and 
mining and quarrying), excluding financial sector. Task intensities of ISCO-08 one-digit occupations 
are computed as the mean of Mihaylov and Tijdens (2019) Appendix B four-digit task intensity 
measures. Nonroutine cognitive task intensity is computed as the average of nonroutine analytic and 
nonroutine interactive task intensities. The figure presents the task intensities divided by ten for 
comparability (values not depicted). Occupation groups are ranked from left to right by increasing 
wage roughly following Goos et al. (2014) Table 1.  
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2.2.2 WAGES 

Wages generally adjust to balance the demand and supply of labour. Given the value of 
outputs, labour demand is determined by the marginal productivity of labour. The marginal 
productivity of labour - the amount of output produced by an additional unit of labour - tends 
to decline as employed labour increases. If the value of this additional output, its market price, 
exceeds the wage paid for the additional unit of labour, then the producer has an incentive to 
expand production. Higher wages increase labour supply, allowing the producer to employ 
more labour. As this mechanism works in both directions, the wage tends to approach the 
value of the marginal productivity of labour. 
 
Changes in production technology affect the marginal productivity of labour. This causes the 
value of additional labour input to deviate from its cost, leading companies to adjust labour 
demand. Such shifts put pressure on wages until labour supply and demand balance again. 
Therefore, technological changes that decrease the marginal productivity of labour tend to 
lower wages, while technological changes that increase the marginal productivity of labour 
tend to increase wages. Importantly, the marginal productivity of labour may diverge from the 
average productivity of labour. Automation can increase output relative to labour input, 
simultaneously decreasing the contribution of labour to this output (Acemoglu and Johnson 
2024). 
 
As many of the codifiable tasks in the occupations of low- and middle-skilled workers have 
been automated, the marginal productivity of workers performing these tasks has not kept up 
with the average productivity of labour (Acemoglu and Autor 2011; Dauth et al. 2021). Instead, 
the marginal productivity of labour has increased among high-skilled managers and 
professionals whose jobs depend on the completion of routine tasks, but who themselves do 
not contribute directly to the completion of these routine tasks. Moreover, while nonroutine 
manual tasks have mostly evaded automation, there has been more occupational mobility 
from routine tasks to nonroutine manual tasks than to nonroutine cognitive tasks. This shift in 
the supply of labour willing to perform nonroutine manual tasks has put downward pressure 
on wages in nonroutine manual jobs. These developments have contributed to rising wage 
premiums and stagnating wages among low- and middle-skilled workers. 
 
There are many reasons for increased wage inequality in the US and Europe (Acemoglu and 
Restrepo 2024). However, automation has been estimated to have played a significant role. 
Acemoglu and Restrepo (2022) estimate that 50-70 % of changes in the US wage structure 
can be attributed to automation. While wage inequality has not increased as much in Europe 
as in the US, a similarly large share of the change can be attributed to job polarisation and 
automation (Goos and Manning 2007). 
 
Some of the other drivers of income inequality are also created by technology. First, digital 
goods are nonrival goods sold in winner-takes-all markets where a small number of producers 
receive a significant share of revenues (Brynjolfsson and McAfee 2014). These revenues may 
either accrue to the owners or workers of these firms. Second, there may be variation in how 
workers and firms adopt technologies and thereby realise productivity gains. Third, a 
decrease in labour share increases the incomes of those who derive their earnings from 
capital (Rockall et al. 2025). 
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2.3. ARTIFICIAL INTELLIGENCE 

The labour market effects of different technologies are not uniform. Interchangeable parts and 
assembly lines enabled low-skilled workers with machines to replace high-skilled artisans in 
the 19th century, while computers and industrial robots automated the work of semi-skilled 
workers in the 20th century (Acemoglu and Johnson 2023). AI is likely to have yet another 
unique set of effects. 
 
AI is a field of study concerned with developing technologies capable of completing tasks that, 
if completed by humans, would require human intelligence. The core of modern AI is machine 
learning, a branch of computational statistics that develops algorithms able to learn patterns 
from data and replicate those patterns. AI technologies are often classified by the scope of 
their capabilities. Narrow AI technologies can complete single, well-specified tasks. This was 
used in the 2010s and early 2020s. General AI can perform and learn a wide variety of tasks. 
Generative AI, which captured the public’s attention with the release of ChatGPT in late 2022, 
has been classified as emerging general AI (Morris et al. 2024). For the purposes of this text, 
it is useful to refer to the technology after 2022 as generative AI and reserve the term narrow 
AI for technologies dominant prior to 2022. 
 
AI is a general-purpose technology (Goldfarb et al. 2023). General-purpose technologies 
have economy-wide applications, they evolve, and they facilitate further applied innovation 
(Lipsey et al. 2005; Breshanan 2010). Together, these three factors create a loop of 
innovation across many industries where developers improve AI given feedback from 
downstream applied innovation. A large number of jobs are expected to be exposed to AI 
(Cazzaniga et al. 2024), and AI is already being used in a wide range of occupations and job 
tasks (Bick et al. 2024). AI also helps with innovation (Cockburn et al. 2019), is improving 
quickly, and is outperforming humans in a growing number of tasks (Maslej et al. 2025). AI 
can thus be expected to have a large and increasing impact across industries and 
occupations.  
 
The automation of routine tasks has relied on these tasks’ codifiability: computers execute 
instructions, and computer-controlled equipment can be given procedures and rules to follow 
in each contingency. Such rule-based processing of information has not automated 
nonroutine tasks. The approach of machine learning is different: statistical learning from vast 
amounts of data makes it possible for a machine to process far more numerous and more 
nuanced patterns than a human could instruct. While narrow AI is capable, for instance, of 
speech and image recognition, recommendations, and fraud detection, in recent years, AI has 
approached or even exceeded human capabilities, for instance, in image, video and text 
classification and generation, reasoning, mathematics, coding, and writing (Maslej et al. 
2025). US employees surveyed in autumn 2024 reported using AI for writing communications, 
summarising text, coding software, data analysis and generating ideas (Bick et al. 2024). 
Fundamentally, AI is capable of prediction, which is crucial for decision-making and at the 
core of many white-collar jobs (Agrawal et al. 2019b). AI can thus do tasks that were 
previously considered impossible to automate: nonroutine cognitive tasks. 
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3 Labour market effects of AI 

The effects of AI on labour market inequality depend on the heterogeneity of AI adoption and 
of the productivity, employment, and wage effects of adopted AI. In this section, we review 
the emerging evidence on the adoption of AI, the productivity effects of AI, and finally, the 
employment and wage effects of AI. 
 
3.1. ADOPTION AND DIFFUSION 

The effects of AI depend not only on what AI can do, but also whether, how, and by whom AI 
is used in production. This section reviews the evidence on firms’ and workers’ adoption of 
AI. 
 
3.1.1 FIRMS 

Firms adopt AI when they expect a positive return on their investment. The returns to AI 
adoption are expected to be high in firms that have the complementary capital, such as skilled 
workers and digital data, that have the capacity for co-invention, and in which the interests of 
employers and employees align (Brynjolfsson et al. 2021; Agrawal et al. 2023). 
 
Prior to the advent of generative AI, AI adoption by firms was rare and concentrated in ICT 
industries. In 2017, 3 % of Danish firms (Humlum and Meyer 2022) and in 2018, 6-7 % 
(Rammer et al. 2022; Czarnitzki et al. 2023) of German firms reported using AI. After 2022, 
the use of AI in firms has rapidly increased. 13 % of German firms reported AI use in June 
2023, 27 % in June 2024, and 41 % in May 2025 (Wohlrabe 2025). Figure 2 (left) presents 
the AI adoption rates in selected EU countries. Adoption has been rapid in the years 2021-
2024 and the fastest adoption can be observed in countries where AI use was already 
prevalent in 2021. 
 
Larger firms adopt narrow AI more often (Acemoglu et al. 2023b; von Maltzan and Zargers 
2024; Wohlrabe 2025). However, a 2024 survey of Danish workers about their use of AI 
chatbots at work found no correlation between AI use and firm size (Humlum and Vestergaard 
2025a). This contrast may reflect the worker, rather than firm-level adoption of generative AI. 
In addition, younger firms (Calvino et al. 2022; Humlum and Vestergaard 2025a) and firms 
with more educated employees (Babina et al. 2023; Calvino et al. 2022; Fontanelli et al. 2024; 
Brey and van der Marel 2024) more often adopt AI. 
 
AI does not produce on its own, but requires, in addition to complementary labour with ICT 
and AI skills, complementary capital including data, digital infrastructure and computing 
power. In general, firms with these complementary inputs already in place are also those most 
likely to adopt AI (Calvino et al. 2022). Figure 2 (right) presents changes in AI use across 
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firms between 2021 and 2024 and the digital intensity index in 2018 in EU countries. In 
countries where more firms were using digital technologies in 2018, AI adoption, especially 
the adoption of natural language generation, tended to be faster during 2021-2024. 
 
3.1.2 WORKERS 

ChatGPT, launched in November 2022, became the fastest-growing consumer application in 
history, reaching 100 million users in two months, and has 400 million users as of February 
2025 (Duarte 2025). In autumn 2024, 39 % of the US adult population reported using AI (Bick 
et al. 2024). A key factor in this rapid adoption has been these models’ accessible natural-
language chatbot user-interfaces. 
 
Research on worker adoption of AI began with generative AI. Around 30 % of US employees 
surveyed in autumn 2024 reported having used AI at work (Bick et al. 2024). Half of Danish 
employees surveyed between November 2023 and January 2024, and 67 % surveyed in 
November 2024, reported having used AI at work (Humlum and Vestergaard 2024, 2025a). 
Cedefop (2025) reports that 31 % of German employees either used AI themselves or knew 
a colleague using AI in the workplace in spring 2024 (Figure 3). Adoption of generative AI is 
often worker-initiated: 47 % of Danish employees whose employers had not initiated AI use 
reported using AI at work (Humlum and Vestergaard 2025a). 
 
Figure 2. AI adoption and use in enterprises in EU countries 

 
Notes: Natural language generation refers to enterprises using AI technologies generating written or 
spoken language; Any AI refers to enterprises using at least one of the AI technologies: AI_TTM, 
AI_TSR, AI_TNLG, AI_TIR, AI_TML, AI_TPA, AI_TAR. NACE includes all activities except 
agriculture, forestry and fishing, and mining and quarrying, excluding the financial sector. Right: 
Change in AI adoption rate between 2021 and 2024 (from isoc_eb_ain2) on the y-axis and 
enterprises with high digital intensity index (DII version 2) (from isoc_e_diin2) on the x-axis. Left: AI 
use rate (from isoc_eb_ain2). Data source: Data from Eurostat (2025b) table isoc_eb_ain2 and 
Eurostat (2025c) table isoc_e_diin2. 

These studies tend to find that AI is more often adopted by younger, more educated, higher-
income, and male workers. These unconditional differences in adoption may reflect 
differential adoption across tasks, occupations industries, and firms: while AI adoption 
extends across most industries and occupations, AI is especially adopted in ICT and among 
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software developers. In addition, initiatives taken by the employer to encourage the use, 
training or deployment of AI, increases adoption among Danish employees (Humlum and 
Vestergaard 2025a). However, the effects of age, education, and income are observed within 
occupations as well (Humlum and Vestergaard 2024). Moreover, the clear pattern of higher 
adoption rates among males (Otis et al. 2024) holds when comparing males and females 
within occupations and workplaces with similar task structure, age, experience and earnings 
(Humlum and Vestergaard 2024; Aldasoro et al. 2024). Interestingly, more experienced 
workers (Humlum and Vestergaard 2024) and top students (Carjaval et al. 2024) are less 
likely to adopt AI. This may reflect the differential expected productivity gains across different 
groups of workers (Section 3.2). 
 
AI adoption may also depend on existing digital skills. Figure 3 presents workers’ AI use rates 
in 2024 in different EU countries as measured by the survey of Cedefop (2025) as a function 
of different measures of computer use in 2021. Workers’ AI use in the workplace tends to be 
higher in countries where people both inside and outside the labour force, including those 
with no or low education, used computers more in the past. Thus, the prevalence of computer 
use in the population before wide access to generative AI predicts AI use in workplaces in 
2024. 
 
Figure 3. AI use by workers and computer use in EU countries 

 
Notes: NACE: covers all activities (except agriculture, forestry and fishing, and mining and quarrying), 
excluding the financial sector. The percentage refers to respondents answering answered “Yes” to 
the question “To the best of your knowledge do you or your colleagues use any AI tools or systems 
at your workplace?” (Cedefop 2025, p. 15, Luxembourg 43 % and Spain 15 % are removed as 
outliers for clarity) and activity within the last three months in 2021 (from isco_sk_cskl_i21) on the x-
axis. Data source: Eurostat (2025d) table isoc_sk_cskl_i21 and Cedefop (2025). 

 
3.2. PRODUCTIVITY 

Firms and workers adopt new technologies to increase their productivity. Some expect AI to 
generate increasing (Brynjolfsson and McAfee 2014) or even explosive (Nordhaus 2021; 
Korinek and Suh 2024) productivity growth, while others point to the sluggish productivity 
growth in the 2010s (Brynjolfsson et al. 2019) and the excessive focus on automation 
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(Acemoglu 2025) as reasons for caution. This section reviews the existing evidence on AI’s 
effects on workers’ and firms’ productivity. 
 
3.2.1 WORKERS 

A few studies have observed the inputs and outputs of individual workers with 
(quasi- )randomly allocated access to AI in order to assess whether generative AI increases 
worker productivity. Brynjolfsson et al. (2025) study customer-support agents assisted with 
AI-generated replies to customers’ questions, Cui et al. (2024), Peng et al. (2023), Hoffmann 
et al. (2024), and Song et al. (2024) study software developers assisted with code-generating 
AI, Dell'Acqua et al. (2023) study consultants, and Noy and Zhang (2023) study writers with 
ChatGPT, Dillon et al. (2025) study general white-collar workers with AI tools integrated in 
their commonly used office software, and Toner-Rodgers (2024) studies scientists with an AI 
tool for materials discovery. 
 
These studies generally find that AI increases both the quantity and quality of workers’ output. 
Some productivity gains arise from quicker and higher-quality completion of tasks, while 
others reflect the reallocation of effort across tasks: writers let AI handle drafting and focused 
on ideation and editing (Noy and Zhang 2023) and scientists spend less time on ideation and 
more on evaluating AI output (Toner-Rodgers 2024). 
 
These studies also tend to find that the least productive and least experienced workers gain 
the largest productivity increases. AI tools appear to perform at a level close to the most 
productive workers, leaving little room for improvement, while the less productive workers 
receive useful inputs and increase their performance. AI tools can therefore complement the 
less-skilled workers and thus decrease productivity differences within occupations. This 
points to the potential of AI to enable a larger share of workers to perform work that, without 
AI, would require high skill (Autor 2024). 
 
These tasks and contexts may, however, represent selected use cases of generative AI and 
thus overstate wider productivity effects. Studying a more representative set of occupations, 
Humlum and Vestergaard (2025a) combine reported estimates of time savings in individual 
tasks with the frequency of chatbot use to estimate an average time saving of 3 %. 
 
3.2.2 FIRMS 

Firms achieve productivity gains by increasing the value of outputs relative to the cost of 
inputs. By adopting AI in production without changing outputs (process innovation), firms 
decrease the costs of production. By adopting AI in production to change outputs (product 
innovation), firms increase the value of their outputs. AI can also increase firm productivity 
by itself being the innovator of products or processes (Cockburn et al. 2019, Aghion et al. 
2019). 
 
Firm-level productivity effects cannot be studied in as tightly controlled (quasi- )experimental 
settings as worker-level effects. Thus, while there is a positive correlation between AI adoption 
and productivity (Acemoglu et al. 2023b; Calvino et al. 2022; Humlum and Vestergaard 2025a) 
it is not clear whether AI adoption increases productivity or more productive firms adopt AI. 
 
Studying German firms, Czarnitzki et al. (2023) find, with other inputs kept constant, an 
(instrumented) association between narrow AI adoption, including both in-house-developed 
and acquired AI, and increased sales and value-added. Proxying AI investment with AI skill 
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requirements in firms’ job postings, Babina et al. (2024) find no productivity increases 
following narrow AI investments among US firms, while Bäck et al. (2022) find productivity 
increases among large Finnish firms with a three-year lag. Yang (2022) finds that Taiwanese 
firms that patent narrow AI technologies are more productive than similar firms that do not. 
 
Evidence on the impact of generative AI is still scarce. Insofar as firm stock valuations proxy 
expected firm productivity, Eisfeldt et al. (2024) find that the release of ChatGPT increased 
the valuation of firms which, by the similarity of the tasks performed in the firms and the 
capacities of generative AI, are exposed to generative AI. 
 
The effects on labour depend on how productivity increases are achieved. Eisfeldt et al. 
(2024) find that the introduction of ChatGPT especially increased the stock valuations of firms 
whose workers’ core tasks are exposed to AI. They interpret this to mean that the stock market 
expected the highest productivity increases to occur through cost-cutting process innovation 
and automation. In contrast, studying investments in narrow AI, Babina et al. (2024) find that 
AI investments are associated with more trademarks and patents, suggesting that AI 
investments have generated product innovation. Rammer et al. (2022) find evidence of AI use 
positively correlating with both product and process innovation among German firms. 
 
The evidence from surveys points to both process and product innovation. In 2023 and 2024, 
a third of US firms used AI to perform tasks previously done by workers (Bonney et al. 2024). 
Employers in member countries of the Organisation for Economic Co-operation and 
Development (OECD) more often report the motivation for AI adoption to be improving worker 
performance rather than reducing staff costs (Lane et al. 2023). However, they also report AI 
being more frequently used to automate established tasks rather than create new tasks in 
their companies. 
 
How and for what purposes firms adopt AI, of course, varies. Some firms are also able to 
realise substantial productivity gains while others are not, and some focus on cost-cutting 
while others focus on creating better products. There are, however, reasons to expect an 
unequal distribution of productivity gains across firms: for instance, larger firms tend to 
possess existing complementary technologies (Eisfeldt et al. 2024) and greater capacity for 
complementary investments (Lee et al. 2022; Agrawal et al. 2023). Moreover, the winner-
takes-all dynamics of digital goods can concentrate markets (Babina et al. 2024) and generate 
superstar firms (Autor et al. 2020). These productivity differences may filter through to wage 
gaps between firms and thus to wage gaps between workers. 
 
3.3. EMPLOYMENT 

Having examined the adoption and productivity effects of AI, we now turn to the employment 
effects. This section reviews the existing evidence on the early employment and wage effects 
of AI. 
 
3.3.1 EXPOSURE 

Ex-ante evaluations of the potential labour market impact of AI break occupations into tasks 
or skills, identify which of these tasks or skills AI can perform, and compute the share of such 
tasks or skills in occupations, industries, firms, or regions to construct a measure of AI 
exposure (Felten et al. 2018, 2021; Brynjolfsson et al. 2018). This exposure proxies the 
usefulness of technological development for these units. Numerical results vary widely 
depending on the exact method used and the stage of technology studied. Moreover, these 
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measures of exposure are also agnostic as to whether AI adoption is economically viable 
(Svanberg et al. 2024) or socially acceptable (Pizzinelli et al. 2023). The numerical estimates 
of AI exposure are thus difficult to interpret. 
 
The results concerning the heterogeneity in AI exposure across groups of workers are more 
interesting. AI exposure increases with income and education (Pizzinelli et al. 2023, Eloundou 
et al. 2024; Albanesi et al. 2025) and the occupations most exposed are those requiring 
routine and nonroutine cognitive analytical skills, while social and manual tasks are relatively 
shielded (Engberg et al. 2024; Eisfeldt et al. 2024). Women are more exposed than men 
(Pizzinelli et al. 2023; Gmyrek et al. 2023) due to their concentration in female-dominated 
service and retail occupations. Advanced economies with a high share of jobs requiring 
cognitive skills are more exposed than emerging and developing economies (Pizzinelli et al. 
2023; Cazzaniga et al. 2024). 
 
These measures of exposure are agnostic as to whether the exposure is labour-displacing or 
labour-augmenting. In most occupations, only a fraction of tasks can be automated 
(Brynjolfsson et al. 2018; Gmyrek et al. 2023), suggesting that the displacement of entire 
occupations should not be expected. However, as AI evolves, a larger share of the core tasks 
of occupations will become automatable (Auer et al. 2024; Eloundou et al. 2024). Attempts to 
classify exposure as substituting or complementing (Auer et al. 2024; Rockall et al. 2025; 
Cazzaniga et al. 2024; Hampole et al. 2025) suggest that while exposure increases with 
income, so does exposure’s complementariness. This points to skill-biased AI displacing 
workers in low-skill exposed occupations and augmenting workers in high-skill exposed 
occupations. 
 
3.3.2 VACANCIES 

Changes in the demand for labour are often quickly visible in job postings. In the US, job 
postings requiring AI skills began to appear in the 2010s, with numbers increasing towards 
the end of the decade, reaching 0.5–0.8 % of all job advertisements (Alekseeva et al. 2021; 
Acemoglu et al. 2022). Meanwhile, the share of job advertisements requiring computer skills 
and software skills has been about 25 % of all job postings (Alekseeva et al. 2021). In 
Germany, the share of job postings requiring AI skills increased from 0.09 % to 0.22 % in the 
period 2015–2019 (Peede and Stops 2024). In Finland, the share of firms publishing AI-
related job postings increased from 2 % in 2013 to 13 % in 2019 and the share of job postings 
mentioning AI or closely related terms increased from close to zero to around 0.5 % (Bäck et 
al. 2022). These jobs were mostly in information and communication technologies and, given 
their explicit AI skill requirements, likely corresponded to positions in developing AI 
technologies. 
 
Generative AI has further increased the demand for AI skills. In the United Kingdom (UK), the 
share of job postings requiring AI skills increased from 0.5 % in 2018 to close to 1 % in 2024 
(Bone et al. 2025). Eisfeldt et al. (2024) and Chen et al. (2025) aim to identify the effects of 
generative AI on job postings for occupations with varying degrees of automation potential: 
Job postings for occupations exposed to AI decrease, while job postings for occupations less 
exposed to AI decrease less (Eisfeldt et al. 2024), and job postings for occupations likely to 
benefit from generative AI increase (Chen et al. 2025) following the introduction of ChatGPT. 
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3.3.3 JOBS 

A first step in looking for employment effects is to examine whether AI exposure in regions, 
industries, occupations or firms predicts changes in employment. The results are mixed: 
Bonfiglioni et al. (2025) estimate that higher exposure to AI have reduced employment in US 
commuting zones, while Guarascio et al. (2023) find a positive correlation between AI 
exposure and employment growth across regions in Europe. At the occupation level, Albanesi 
et al. (2025) find that occupations exposed to AI increased their employment shares in 
Europe. Frank et al. (2023) find that occupational AI exposure correlates with job separation 
and unemployment, and Acemoglu et al. (2022) find no correlation between AI exposure and 
employment at the industry and occupation level in the United States. Nevertheless, 
Acemoglu et al. (2022) find that AI-exposed establishments reduce their hiring, especially the 
hiring of workers without AI skills. 
 
Clearly, the effect of exposure should be interpreted as a net outcome of substitution and 
complementarity effects. Moreover, since AI may change production in various ways and 
exposure may be labour-displacing or labour-augmenting, the mixed results are not 
unexpected. Studying narrow AI in the United States, Hampole et al. (2025) find positive job 
growth in occupations with substantial variation in task-specific exposure to AI and negative 
job growth in occupations with little variation but high average task-specific exposure to AI. 
High variation in task-specific exposure is interpreted as occupation involving many tasks not 
exposed to AI, making the occupation complementary to AI. 
 
The effects of exposure are expected to operate through firms actually adopting AI in 
production. However, the research on the consequences of AI adoption on the firm’s 
workforce faces similar challenges to the research studying firm-level productivity effects 
discussed in the previous section. While there appears to be a correlation between AI 
adoption and employment growth (Acemoglu et al. 2023b; Babina et al. 2024) and between 
AI patenting and employment growth (Yang 2022), interpreting these correlations is difficult 
(Acemoglu et al. 2023b). 
 
There is also early evidence on the effects of generative AI. Kauhanen and Rouvinen (2024) 
and Kässi (2024) use tax registers to study employment in Finland around the release of 
ChatGPT and find no employment effects in high-exposure occupations relative to low-
exposure occupations. Using a similar setting, Humlum and Vestergaard (2025a) find no 
effect on working hours in Denmark. Jiang et al. (2025), using US time-use surveys, find that 
AI exposure is associated with longer working hours and less leisure, especially in contexts 
where AI increases labour’s marginal productivity. 
 
While the evidence on the employment effects of AI exposure and adoption is mixed, 
differences between the effects on low and high-skilled workers stand out. Firms in Europe 
(Engberg et al. 2024), occupations in Europe (Fossen and Sorgner 2022; Albanesi et al. 2025) 
and US commuting zones (Bonfiglioni et al. 2025) that are more exposed to AI employ fewer 
low-skilled and more high-skilled workers. Likewise, US and German firms adopting AI 
(Babina et al. 2023; Mühlemann 2024) and Taiwanese firms patenting AI (Yang 2022) are 
adjusting their workforce compositions toward higher-skilled workers. 
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3.3.4 TASKS 

The essence of the task-based model of production is that tasks, rather than occupations, are 
automated. Occupations may reorganize around the non-automated tasks. Among surveyed 
US firms, more reported changes in tasks than in employment (Bonney et al. 2024). German 
firms exposed to AI reduced the share of nonroutine cognitive tasks, such as information 
gathering and documenting, and increased the share of tasks involving monitoring and 
operating machines and technical processes, and, among the high-skilled, tasks in education 
and training (Gathmann et al. 2024). Swiss stock analysts exposed to AI tools spend more 
time on complex research and social tasks, such as management and marketing (Grennan 
and Michaely 2020). 
 
New tasks have primarily been created in developing and adopting AI tools, including training, 
establishing, explaining, and monitoring AI systems (Milanez 2023; Pimenta Arruda and 
Pimenta 2024). Generative AI has created new tasks for 8 % of Danish workers (Humlum and 
Vestergaard 2025a). These tasks mostly relate to the implementation and integration of AI, 
including ethics and compliance. 
 
Task-level effects may be visible at online freelance work platforms, which are marketplaces 
for individual work tasks. Teutloff et al. (2025), Liu et al. (2023), Hui et al. (2024), Demirci et 
al. (2025), Lysyakov and Viswanathan (2023), and Qiao et al. (2025) study the effects of the 
release of ChatGPT on these platforms. These studies tend to find a significant reduction in 
the demand for skills overlapping with ChatGPT’s capabilities. However, the demand for skills 
complementary to AI increased (Teutloff et al. 2025; Qiao et al. 2025), and workers using 
generative AI in their work attracted more jobs (Liu et al. 2023). Low-skilled designers exited 
the market and high-skilled designers shifted to more complex tasks (Lysyakov and 
Viswanathan 2023) and novice workers were the most affected (Teutloff et al. 2025). Teutloff 
et al. (2025) also find that short-term gigs were the most affected, likely due to AI mainly 
replacing labour in simple tasks. 
 
3.3.5 WAGES 

AI-adopting firms tend to pay higher wages than other firms (Acemoglu et al. 2023b). 
However, AI-adopting firms also have more educated workforces, and they operate more 
often in ICT. Moreover, these firms may already pay higher wages to start with, which may 
incentivise the adoption of labour-saving technologies. The evidence on the association 
between an occupation’s exposure to narrow AI and wage growth is mixed (Acemoglu et al. 
2022a,e; Fossen and Sorgner 2022; Albanesi et al. 2025, Georgieff 2024; Jiang et al. 2025). 
Again, education may play a role: Fossen and Sorgner (2022) and Albanesi et al. (2025) find 
that among the exposed workers, those with higher education experience higher wage 
growth. Gathmann et al. (2024) find that low-skilled workers in exposed industries experience 
wage declines. Moreover, exposure does not imply adoption, nor does it reveal whether 
exposure is augmenting or displacing, and thus these mixed findings may reflect early phases 
of AI diffusion or substituting and complementing exposures balancing out. This mixed 
evidence is, however, in line with the mixed evidence on the productivity effects of narrow AI. 
 
Turning to generative AI, Kauhanen and Rouvali (2024), using Finnish tax registers, find wage 
increases in occupations exposed to generative AI following the introduction of ChatGPT. 
Eisfeldt et al. (2024), studying job postings in a similar setting, find a small decline in wages 
in AI-exposed occupations. Comparing Danish chatbot adopters to non-adopters before and 
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after the introduction of ChatGPT, Humlum and Vestergaard (2025a) find no effect on wages 
or earnings. 
 
AI skills, however, are rewarded. Job postings in the United States, United Kingdom, 
Australia, New Zealand and Canada requiring AI skills have a wage premium (Alekseeva et 
al. 2021; Manca 2023; Bone et al. 2025). Applicants with AI skills in the United Kingdom get 
more job interview invitations (Drydakis 2024). Workers with AI skills in European job markets 
have higher wages than similar non-AI programmers (Pouliakas et al. 2025). On online job 
platforms, AI skills (Stephany and Teutloff 2024) and AI tasks (Duch-Brown et al. 2022) earn 
a premium attributable to high demand relative to their supply. The rewards for AI skills may 
contribute to skill and gender wage gaps: males and those with higher levels of education are 
more likely to have AI skills (Green and Lamby 2023). 
 
 

4 AI and policy 

The EU AI Act (2024/1689) defines, in Article 1, its purpose as the promotion of human-
centric AI. The recitals of the Act specify that human-centric AI should serve as a tool for 
people with the ultimate aim of increasing well-being. More directly in relation to labour 
markets, the Artificial Intelligence Strategy of the German Federal Government (German 
Federal Government 2020) envisions AI development and use aligned with the Sustainable 
Development Goals. Sustainable Development Goal 8 includes the promotion of inclusive 
economic growth and full and productive employment for all. This section discusses policies 
supporting the inclusive distribution of productivity gains and productive employment. 
 
4.1. DISTRIBUTION OF GAINS 

A policymaker concerned about the distribution of income may wish for the adoption of AI to 
benefit all potential labour market participants. Policies affecting the market distribution of 
income take the form of supporting the bargaining power and the marginal productivity of 
labour. Taxes, transfers, and social insurance further distribute gains. 
 
4.1.1 BARGAINING 

When prices remain constant, productivity gains create profits above costs. As prices change, 
this surplus is distributed to workers, capital owners, or consumers. For instance, less than 
10 % of the productivity gains of chatbots are passed through to workers in Denmark (Humlum 
and Vestergaard 2025a). In the past, most of the gains of robotics have accrued to owners 
(Acemoglu and Restrepo 2020). 
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With surplus to distribute, workers’ share of the gains is partly determined by their ability to 
bargain for wage increases. Parolin (2021) studies whether union membership alleviates the 
effects of automation in the United States, and finds that more organised labour is shielded 
from wage declines. However, this comes with a cost: More organised labour also faces 
stronger negative employment effects. Indeed, bargaining with precarious ability to contribute 
to production may encourage automation as highlighted by Marx’s account on, how, 
throughout industrialisation, “strikes have regularly given rise to the invention and application 
of new machines” (Marx 1955, p. 161). 
 
4.1.2 EDUCATION 

While AI could complement low-skilled workers by supporting them in high-skilled jobs (Autor 
2024), the current evidence points to a continuation of skill-biased technological change. Even 
if, within tasks, AI can decrease productivity differences (Section 3.2), in general, AI appears 
to complement high-skilled labour more than low-skilled labour (Section 3.3). Of course, this 
may partly reflect that production still implements AI through large investments drawing from 
a scarce pool of AI skills. 
 
Nevertheless, highly educated workers may be more adaptable to new tasks and new 
technologies. AI adoption seems to positively correlate with education at the individual, firm, 
and industry level (Section 3.1). In reaction to technological changes, higher-educated 
workers are also more mobile across tasks (Gathmann et al. 2024), occupations, and 
workplaces (Cazzaniga et al. 2024; Fossen and Sorgner 2024). Thus, if AI complements 
highly-educated labour more than less-educated labour, then increasing the education of the 
labour force may help labour capture productivity gains. 
 
4.1.3 TRAINING 

In addition to preparing the next generations of workers with formal qualifications, the 
displacement and reinstatement effects require re-skilling to support mobility between 
occupations and tasks. Indeed, in tight labour markets employers may de-emphasise formal 
qualifications: the emphasis on AI-skills is increasing at the expense of formal qualifications 
in UK job postings (Bone et al. 2025) and AI developers employed across European countries 
tend to have less formal education than other software developers (Pouliakas et al. 2025). 
 
Workplace training may also help share productivity gains. The adoption of AI is often left to 
workers, and gaps in adoption may lead to productivity gaps (Humlum and Vestergaard 
2025b). Employer’s initiatives in AI adoption, including training, may help alleviate these gaps. 
Gender differences in AI adoption are smaller in Danish firms that actively encourage adoption 
(Humlum and Vestergaard 2025a). 
 
4.1.4 REDISTRIBUTION 

Productivity gains are also redistributed via taxes and transfers, reaching those not in 
employment as well. Unemployment insurance and other welfare programmes provide 
targeted support for those who are eligible. However, fears of widespread technological 
unemployment have led many to suggest a universal basic income (UBI), an unconditional 
regular transfer for everyone. While universal basic income faces challenges in financing, 
resource allocation, and incentives (Goolsbee 2019), more fundamentally, by adapting to 
decreasing marginal productivity of labour, it may support automation (Acemoglu and 



Artificial Intelligence in the European Labour Markets 2026 / 2 21 

Johnson 2023). Moreover, if labour’s economic power decreases with its ability to contribute 
to production, labour’s political power may decrease as well (Brynjolfsson 2022). 
 
4.2. DIRECTION OF TECHNOLOGICAL CHANGE 

There are multiple potential paths of technological change. However, market incentives for 
the development and adoption of new technologies do not necessarily lead down the socially 
preferable path. Both the development and adoption of new technologies depend on the 
benefits of these activities for those making the decisions: firms adopt the technologies that 
increase their profits or cut their costs the most, and innovators work on the technologies that 
reward them the most. Policies can affect the profitability of these activities and the distribution 
of power among decision-makers and thus direct technological change in production. 
 
4.2.1 MARKET FAILURES 

Generally, research and innovation are undersupplied relative to the efficient level because 
of their positive externalities: innovators do not take into account the full potential social 
benefits of their work. The AI strategies of the European Commission (European Commission 
2018) and the German Federal Government (German Federal Government 2020) therefore 
aim for substantial public funding of AI research. As AI is a general-purpose technology, these 
investments may be warranted (Goldfarb et al. 2023). 
 
However, the issue concerns not only the quantity but also the direction of research. The 
direction of technological change may be distorted towards excessive automation, that is, 
toward technologies that substitute rather than complement labour, and towards technologies 
that cut costs rather than create new products and tasks (Acemoglu 2023a). As the term 
suggests, AI aims to automate intelligence. Also, common performance benchmarks for AI 
measure how well human skills are automated (Maslej et al. 2025). However, the set of tasks 
that humans can do with AI exceeds the set of tasks that AI can do alone (Brynjolfsson 2022). 
If technological change had only automated production in the past, we would be extremely 
productive in making clay pottery (Brynjolfsson 2022). Rather, economic growth and rising 
value creation tend to come from new goods, services, and tasks (Bresnahan and Gordon 
1996). 
 
4.2.2 POLICIES 

A human-centric direction of technological change focuses on increasing the marginal 
productivity of labour, for instance, by creating new tasks for workers and by augmenting both 
low- and high-skilled labour (Acemoglu et al. 2023a). As usual, the policies to influence the 
amount of externality-creating activity can be categorised as taxes, bargaining and quotas. 
 
The use of labour and capital in production is often taxed at different rates. Employing labour 
comes with levies such as social security and pension contributions in addition to income 
taxes, whereas investments in capital may benefit from tax-deductible interest rates and 
accelerated depreciation schemes. These gaps in effective prices of labour and capital favour 
automation (Acemoglu et al. 2020a; Brollo et al. 2024). However, taxing capital may be 
unattractive to countries competing for capital flows and investment. If this is the case, 
reductions in the effective taxation of labour may be more viable (Acemoglu and Johnson 
2023). 
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The externalities of excessive automation accrue mainly to labour. Incorporating the 
perspectives of workers helps internalise these externalities. The involvement and bargaining 
power of labour unions and works councils in the adoption of new technologies may support 
the adoption of technologies that increase the marginal productivity of labour. According to 
survey results reported by Lane et al. (2023), both employers and employees in workplaces 
where workers or their representatives were consulted on AI adoption report larger 
productivity gains. However, the same survey reports that just over half of AI-using employers 
have consulted workers or their representatives about AI adoption. AI training is also more 
common in firms where workers have some form of representation (Cedefop 2025). Such 
representation is also important in avoiding the adoption of technologies that primarily extract 
rents. Jiang et al. (2025), using US time-use surveys, find that AI exposure is associated with 
longer working hours with the effect amplified in contexts where AI enhances labour’s 
marginal productivity and monitoring efficiency. When labour’s marginal productivity is high, 
increased demand for output can foster increased demand for labour. Without the bargaining 
power to capture the resulting surplus, however, the effects for labour may be detrimental 
(Acemoglu and Johnson 2023). 
 
While quotas refer to a quantifiable level of required or permitted activity, the relevant concern 
here is a certain quality of research. The AI strategies of the European Union (European 
Commission 2018) and the German Federal Government (German Federal Government 
2020) envision substantial investments in AI. While governments have a mixed track record 
when it comes to picking winners, i.e. specific technologies and firms, they can nonetheless 
influence the direction of technological development by identifying classes of types of 
technologies with more socially beneficial prospects and by conditioning their funding on the 
development of those types of technologies (Acemoglu and Johnson 2023). 
 
4.3. POLICY PREFERENCES 

In democracies, policies require voters’ support. Clearly, the effects of AI on politics are 
broader than discussed here (see e.g. Acemoglu 2023b). However, this section focuses on 
how technology-induced changes in labour markets affect views on labour market policy and 
attitudes towards democracy itself. As research on AI and policy preferences is still scarce, 
this section draws on the larger literature on automation and policy preferences. 
 
4.3.1 ATTITUDES TOWARD POLICY 

Increases in economic inequality and job insecurity raise the share of voters who benefit from 
redistribution and unemployment insurance and can thus be expected to increase support for 
such policies (Meltzer and Richard 1981; Wright 1986). The evidence generally points to 
automation risk increasing demand for redistribution, including unemployment insurance and 
universal basic income, but the evidence is not strong (Callego and Kurer 2022; Weisstanner 
2023). 
 
Preventing or directing technological change is rarely supported (Wu 2022; Heinrich and 
Witko 2024). One reason is that workers are also consumers and consumers value 
technological change (Magistro 2025). Moreover, technological change is not always 
perceived to be the culprit (Callego and Kurer 2022). Nevertheless, surveys and experiments 
have elicited such preferences when explicitly asked. While the majority of surveyed 
Spaniards view new technologies in the workplace positively, a concerned minority supports 
slowing down technological development (Gallego et al. 2022). It is possible that the pace 
and salience of the latest developments in AI may alter these views.  
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Expanding the availability of education and training, while holding a prominent place in AI 
strategies (European Commission 2018; German Federal Government 2020), is not widely 
supported either. Exposure to automation tends to negatively correlate with demand for active 
labour market policies (Weisstanner 2023) and does not appear to increase support for 
expanding access to education (Kurer and Häusermann 2022; Busemeyer et al. 2023). 
Clearly, education and retraining are costly to individuals. 
 
4.3.2 ATTITUDES TOWARD DEMOCRACY 

A robust finding is that those who have perceived increasing economic insecurity due to 
technological change tend to support radical right and anti-establishment parties (Callego and 
Kurer 2022; Bekhtiar 2025). It also appears to be those who perceive a decline of relative 
societal status whilst remaining in employment who are drawn to right-wing policies, while 
those who actually lose their jobs tend to support redistribution or abstain from politics (Im et 
al. 2019; Kurer 2020). 
 
While the support for redistribution among the jobless can be understood in terms of their own 
economic interest, the motivations behind far-right voting among the larger and thus politically 
more consequential group, those perceiving economic decline, are contested. One 
interpretation is that middle-skilled routine (male) workers (O’Grady 2019; Dal Bó et al. 2023) 
and their preferences (Boix 2019) have been underrepresented by the established political 
parties. Another narrative is a (mis)attribution of the causes of economic insecurity to 
globalisation, immigration and the delegation of some national powers to the EU (Callego and 
Kurer 2022; Wu 2022; Kuo et al. 2024). Such (mis)attribution may be reinforced by political 
rhetoric (Walter 2021; Im et al. 2019; Jeffrey 2019). 
 
If the shift toward the far-right stems from perceived decline in status, redistribution may not 
be a popular platform (Gingrich 2019, Kurer 2020). Rather, these voters are concerned with 
the market distribution of income. Inclusive distribution of productivity gains therefore requires 
policies that support labour’s bargaining power and labour’s ability to productively contribute 
to production (Van Overbeke 2024, Acemoglu and Johnson 2023). New opportunities may 
have at least local effects: In Germany, shifts in employment toward service sectors have 
attracted workers less supportive of far-right ideologies, dampening the automation-induced 
changes in the electorate (Schöll and Kurer 2024). Without such opportunities, the young in 
particular may be drawn towards the far-right (Mitsch 2020). 
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5 Outlook 

The eventual labour market effects of AI are still uncertain, and extrapolating from currently 
observed effects into the future is not warranted. First, the labour market effects of AI depend 
on the nature of the technology. The emerging capabilities of AI have surprised even its 
developers (Wei et al. 2023). Some are predicting technological singularity, in which AI 
reaches superintelligence, surpassing all human abilities, after which AI can develop at an 
accelerating rate and the value of all human labour goes to zero (Nordhaus 2021). 
 
Second, the effects take time. The adoption of AI requires investments in and the development 
of complementarities such as human capital and skills, new production processes and 
business models, digitalisation and data, and organisational structures (Brynjolfsson et al. 
2021). General-purpose technologies also require further downstream innovation 
(Brynjolfsson et al. 2019). 
 
Finally, it is important to keep in mind that, having taken a narrow focus on AI in non-physical 
tasks, the labour market effects discussed here are not the only ones to be expected. 
Technological change continues elsewhere, especially in robotics, as well, and those 
developments may continue to automate routine manual tasks and, together with AI, also 
nonroutine manual tasks. 
 
Given the early phase of the implementation of AI technologies in production, the uncertainties 
surrounding their capabilities, and the need for complementary investments, it is crucial that 
the employment and wage effects of AI are monitored and continuously researched. It is 
important to understand early what kinds of labour reallocation are likely to occur. In the past, 
much of the labour reallocation has taken place through labour market exits of older workers 
and labour market entries of younger workers. However, if AI affects entry-level jobs, then the 
young people entering the labour force may require support. If the effects of AI are rapid, then 
reskilling and occupational mobility may be required. 
 
Any policy, however, requires voters’ and participants’ support and thus it is important to 
understand the perspectives of those whose livelihoods are threatened by AI. What do they 
perceive as the causes of their situation? What is their motivation and willingness for reskilling 
and occupational mobility? Does income support, public employment services, or job mobility 
affect their voting behaviour? 
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