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Abstract
As populations age, longer working careers become more essential, and technological 
advancements may prolong or shorten career spans. We examine how exposure to industrial 
robots, information and communication technology (ICT), and artificial intelligence (AI) 
relate to retirement expectations among workers in 20 European countries. To this end, 
we link individual-level data from the European Working Conditions Survey (2005–2024) 
with lagged technology-exposure measures. Technology exposure shows little systematic 
association with preferred retirement timing. Nevertheless, robots and especially AI are 
linked to the perception of being able to work until age 60. These associations vary across 
workers and tasks, suggesting that job design and worker adaptation determine whether 
technology supports longer working lives.
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1. IntroducNon 
 

Although automaNon via robots, ICT, and AI has advanced for decades, aggregate 
employment in developed economies has not declined significantly (Autor, 2015; del Rio-
Chanona et al., 2025; Hö[e et al., 2023). Yet, this apparent stability masks substanNal 
reallocaNon: technological change has sharply reduced employment in agriculture, rouNne-
intensive occupaNons, and parts of manufacturing, while employment gains elsewhere, 
parNcularly in services, have generally prevented these losses from causing mass unemployment 
(Autor, 2015; Hö[e et al., 2023; Jestl, 2024).  

 
Workers may also adjust to technological change via labor-force entry and exit. Younger 

workers in Germany become less likely to enter occupaNons undergoing rapid roboNzaNon (Dauth 
et al., 2021), while older workers in the US leave the labor force through early reNrement (Di 
Giacomo & Lerch, 2026). Emerging evidence on generaNve AI points to a different pa[ern: AI 
exposure increases older workers’ employment exits, primarily through unemployment rather 
than reNrement or labor-force withdrawal (Sanzenbacher, 2026).  

 
Although several studies examine actual reNrement and labor-force exit in response to 

technological change (e.g., Ahituv & Zeira, 2011; Casas & Román, 2023; Di Giacomo & Lerch, 2026; 
Yashiro et al., 2022), fewer studies directly examine reNrement expectaNons (see Lee, 2024 and 
Messe et al., 2014 for excepNons). If technological change alters expectaNons about one’s 
working life, changes in reNrement plans may consNtute an addiNonal adjustment channel that 
precedes displacement or labor-force exit. 

 
This raises a central quesNon: does technological change accelerate or delay reNrement 

intenNons and expectaNons about people's working lives? The answer is theoreNcally ambiguous. 
On the one hand, technological change may encourage earlier reNrement by making exisNng skills 
obsolete, increasing job insecurity, or reducing job quality. On the other hand, it may prolong 
working lives by improving producNvity, reducing physical strain, and creaNng new tasks that 
complement workers' skills. Whether reNrement acts as an adjustment margin, therefore, 
depends on which of these opposing channels dominates. 

 
RoboNzaNon, ICT, and AI all operate at the task level rather than the occupaNon level, but 

they differ in the types of tasks they affect. RoboNzaNon primarily affects rouNne, physical, and 
manual tasks, while ICT has historically automated rouNne cogniNve tasks (Webb, 2019). AI is a 
set of technologies that help machines interpret, act, and emulate human cogniNve abiliNes 
(Cazzaniga et al., 2024). As such, AI overlaps with non-rouNne, cogniNve, and language-intensive 
tasks, typically performed by high-skilled workers (Eloundou et al., 2024; Felten et al., 2021). Yet, 
all three types of technologies not only automate and displace tasks but also create new ones 
and complement exisNng ones (Acemoglu & Restrepo, 2019; Autor, 2015; Autor et al., 2024). 
Understanding which channel (i.e., displacement, augmentaNon, or task creaNon) dominates, and 
in which setngs, ma[ers for explaining people’s reNrement behavior in response to 
technological change.  
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For example, roboNzaNon can reduce injuries and physical strain (Gihleb et al., 2022; 

Gunadi & Ryu, 2021; Nikolova et al., 2025) and, as such, prolong workers' working lives. As a result 
of reduced physical burden, many occupaNons requiring physical fitness can become safer and 
less demanding, potenNally allowing workers to shif to higher-value tasks or perform their tasks 
with less physical strain. At the same Nme, evidence suggests that roboNzaNon erodes mental 
health (Abeliansky et al., 2024), job saNsfacNon (Schwabe & Castellacci, 2020), autonomy and 
meaningfulness (Nikolova et al., 2024), and increases work intensity (Antón et al., 2023). These 
poor working condiNons and job quality may, in turn, push workers to plan exits from the labor 
force earlier than the statutory reNrement age. In fact, poor working condiNons and low 
autonomy seem parNcularly detrimental for the mental health of older workers experiencing 
reform-induced later reNrement (Lugova et al., 2026).  

 
Furthermore, ICT can delay reNrement when coupled with skill upgrading and training, 

but accelerates labor market exit when it induces skill obsolescence among older workers (Messe 
et al., 2014). ICT and robot adopNon reduced the employment share of older women, although 
the authors suggest that age differences in skills and adaptability may partly explain this pa[ern 
(Albinowski & Lewandowski, 2024). 

 
The effects of AI on reNrement remain poorly understood. However, the one exisNng study 

finds that AI exposure is associated with a lower probability of early reNrement mainly among 
terNary-educated workers (Casas & Román, 2024). Some studies provide evidence that AI reduces 
the physical burden of tasks and yields small improvements in health saNsfacNon (Giuntella, 
Konig, et al., 2025), which may increase people’s actual and desired working lives.  

 
This paper contributes to the literature by being, to the best of our knowledge, the first to 

jointly examine how roboNzaNon, ICT, and AI exposure shape different dimensions of reNrement 
intenNons and expected working life across 20 European countries. To do so, we use repeated 
cross-secNonal surveys of workers linked to lagged industry- and occupaNon-level technology 
measures. Specifically, we analyze repeated cross-secNons of workers aged 60 and younger from 
the European Working CondiNons Survey (EWCS) for 2005, 2010, 2015, and 2024. Our dependent 
variables capture several aspects of reNrement expectaNons, including preferred reNrement age, 
preferred early reNrement, uncertainty about desired reNrement age, perceived ability to work 
unNl at least age 60, and unwillingness to conNnue working unNl 60. We link these outcomes to 
lagged measures of roboNzaNon and ICT intensity, both measured at the country-industry-year 
level (2-digit industry), and to AI exposure measured at the country-occupaNon-year level (2-digit 
occupaNon).  

 
We find li[le evidence that exposure to robots, ICT, or AI systemaNcally relates to 

preferred reNrement age, early-reNrement preferences, or reNrement uncertainty on average. 
The only excepNon concerns workers’ perceived ability to conNnue working at older ages. In the 
2015–2024 sample, a one-standard-deviaNon increase in robot and AI exposure corresponds to 
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increases of approximately 0.4 and 4.4 percentage points, respecNvely, in perceived work ability 
(relaNve to the sample mean of 74.4%). These are relaNvely small effect sizes.  

 
Instrumental-variable esNmates based on leave-one-out peer exposure measures support 

the main conclusion but also reveal staNsNcally significant associaNons with preferred reNrement 
age. A one-standard-deviaNon increase in robot exposure corresponds to a reducNon in preferred 
reNrement age of about 0.9 months, whereas an equivalent increase in ICT exposure corresponds 
to an increase of about 2 months; both effects are small. The IV esNmates also indicate that ICT 
exposure is associated with a lower probability of preferring early reNrement, less reNrement 
uncertainty, and a greater perceived ability to work unNl age 60. AI exposure remains posiNvely 
associated with perceived work ability. Despite these addiNonal relaNonships, most esNmated 
magnitudes remain modest. 

 
The associaNons vary across workers and employment contexts. ICT exposure relates 

more posiNvely to preferred reNrement age among older workers and women. AI exposure is 
associated with a later preferred reNrement age among low- and medium-skilled workers, while 
the corresponding point esNmate turns negaNve among high-skilled workers. Its posiNve 
associaNon with perceived work ability also weakens among older workers, men, and workers in 
Southern and Central and Eastern Europe. We also find differences by educaNon, task content, 
tenure, and training, although these pa[erns vary across technologies and reNrement outcomes. 

 
Taken together, the results support the theoreNcal ambiguity surrounding technological 

change and reNrement. Technological change therefore does not uniformly encourage either 
earlier or later reNrement. Its relaNonship with reNrement expectaNons depends on the 
technology, the outcome, and workers' characterisNcs. 
 

2. Determinants of reNrement (intenNons) 
 

The literature on the determinants of reNrement intenNons is quite extensive. Early 
reNrement depends on workers’ health, work ability, job quality, training opportuniNes, and 
expectaNons about life afer leaving their main job. Poorer self-rated health, lower work ability, 
and greater effort-reward imbalance are associated with trajectories involving earlier preferred 
reNrement ages (Sousa-Ribeiro et al., 2024). Against this backdrop, firms can delay reNrement by 
sustaining employability: both firm-provided training and access to training opportuniNes 
improve later-life employment prospects and raise expected reNrement age, including among 
older workers (de Grip et al., 2020; Picchio & van Ours, 2013). In general, good working condiNons 
are associated with later reNrement ages. For example, using the EWCS, the same dataset as this 
project, Nikolova and Cnossen (2020) show that across European countries, experiencing a ten-
point increase in work meaningfulness (on a 0-100 scale) can delay the desired reNrement age by 
2.5 years, on average.  

 
Finally, reNrement is not always a one-way transiNon, since many workers expect to 

combine reNrement with some conNnued work, and these pre-reNrement expectaNons strongly 
predict subsequent unreNrement or parNal reNrement, underscoring the importance of using 
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forward-looking preferences rather than treaNng reNrement as a purely final exit decision 
(Maestas, 2010).  
 

3. Technological change and reNrement 
 

Technological change can affect both reNrement intenNons and actual reNrement 
behavior, but the evidence points to mixed effects that are ofen heterogeneous across workers 
and contexts.  
 

Early studies mainly focused on ICT and workplace computerizaNon. Using data from the 
NaNonal Longitudinal Survey of Older Men linked to industry-level producNvity growth and 
occupaNon-level training requirements, Bartel and Sicherman (1993) disNnguish between 
persistent technological change and unexpected technological shocks. Workers in industries with 
persistently faster technological change reNre later, consistent with the greater training 
requirements of technologically dynamic industries. By contrast, unexpected increases in 
technological change induce earlier reNrement, parNcularly among older workers for whom 
retraining offers fewer returns. They also find that workers in occupaNons requiring more training 
tend to reNre later. Their results therefore suggest that technological change can either extend or 
shorten working lives, depending on whether it generates sustained demand for training or 
unexpectedly depreciates workers’ exisNng skills.  

 
Furthermore, Ahituv and Zeira (2011) idenNfy two opposing channels through which 

technological change can affect reNrement. Aggregate technological progress raises producNvity 
and wages, encouraging workers to remain employed, whereas sector-specific technological 
change erodes exisNng skills and encourages older workers to leave employment. Using Health 
and ReNrement Study data for U.S. men aged over 50 linked to sector-level producNvity growth, 
they find evidence for the skill-erosion channel. Older workers exposed to faster sector-specific 
technological change are more likely to leave the labor force, primarily through unemployment 
and disability. The direct associaNon with reported reNrement is weaker, which the authors 
a[ribute to reNrement ofen following an intervening period of unemployment. Messe et al. 
(2014) combine reNrement intenNons among employed French men aged 50–55 with industry-
occupaNon measures of technological change and skill-updaNng training constructed from 
workers aged 24–49. They find that technological change leads workers to prefer earlier 
reNrement in jobs with low training rates. In jobs with a high probability of skill updaNng, however, 
technological change leads workers to prefer later reNrement. More broadly, using longitudinal 
Dutch data from the European Community Household Panel, Picchio and van Ours (2013) find 
that employer-provided training improves subsequent employment prospects and reduces labor-
market exit, including among workers aged 50–64. 
 

More recent research on automaNon and AI also finds mixed effects on older workers’ 
employment and reNrement. Using longitudinal data from China, Giuntella et al. (2025) find that 
greater exposure to industrial robots reduces employment and labor-force parNcipaNon and 
increases the likelihood of earlier reNrement, with stronger labor-market effects among older and 
less-educated workers. Casas and Román (2023) similarly find that greater occupaNon-level 
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automaNon risk increases the probability of early reNrement in Europe, parNcularly among 
workers without higher educaNon. Using US Health and ReNrement Study data linked to O*NET, 
Lee (2024) shows that greater skill-specific automatability increases both actual reNrement 
likelihood and expectaNons of reNring before age 65. Among workers with comparable levels of 
automatability, high-school graduates have a 6.3% higher reNrement hazard than workers with 
graduate degrees. Van der Velde (2022) reports more insNtuNonally conNngent results: workers 
in rouNne-intensive occupaNons leave the labor market slightly earlier in Germany but not in 
Great Britain, while differences in working hours remain limited. Related evidence from Finland 
reinforces the importance of insNtuNons. Yashiro et al. (2022) find that workers aged 50–64 with 
greater exposure to digital technologies face a higher risk of leaving employment, parNcularly 
when extended unemployment benefits provide an accessible exit pathway. Overall, these 
studies suggest that technological change can shorten or extend working lives depending on the 
technology, workers’ skills and educaNon, and the insNtuNonal pathways available for leaving 
employment. 

 
However, not all studies conclude that technological change necessarily pushes workers 

into earlier reNrement. Focusing specifically on AI, Casas and Román (2024) used SHARE data on 
older European workers and found that AI exposure was associated with a lower likelihood of 
early reNrement, parNcularly among highly educated workers and in occupaNons characterized 
by both high current AI advances and strong expectaNons of future AI development. By contrast, 
the effects were considerably weaker for less-educated workers. The authors argue that AI may 
complement rather than subsNtute older workers’ skills by improving producNvity and reducing 
physically demanding tasks. Nguyen-Thi et al. (2024) find no overall relaNonship between digital 
skills and early reNrement, although higher digital skills predict less early reNrement among 
women and some older and highly educated groups. In a separate EU-SILC analysis, a larger share 
of workers in highly automated occupaNons is associated with a lower probability of early 
reNrement (Nguyen-Thi et al., 2024). 
 

Overall, the literature suggests that the effects of technological change on reNrement 
behavior are not uniform, but depend strongly on the type of technology involved as well as 
workers’ educaNon, skills, and access to training opportuniNes. Technological change may push 
some workers into earlier reNrement through displacement effects, while for others it may 
encourage longer working lives by complemenNng exisNng skills and improving working 
condiNons. 
 

This project advances exisNng studies in two main ways. First, exisNng studies focus on 
actual reNrement transiNons, and older workers may suffer from selecNon bias. This is because 
looking at older workers who survive automaNon may not yield representaNve results (Messe et 
al., 2014). By contrast, this project looks at all workers and their reNrement intenNons. We 
consider workers across all age groups (excluding those older than 60), capturing how individuals 
plan to adjust their working lives in response to technological change and pension incenNves 
before they exit the labor market. This makes reNrement expectaNons parNcularly valuable for 
policymakers seeking to anNcipate future reNrement pa[erns, especially given that such 
expectaNons strongly predict actual reNrement Nming (Haider & Stephens, 2007). Second, prior 
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work typically isolates a single form of technology (e.g., robots or ICT) or uses aggregate measures 
of automaNon exposure that do not disNnguish between parNcular technologies. This project 
instead simultaneously studies exposure to robots, ICT, and AI within a unified framework, 
leveraging harmonized variaNon across countries, industries, and occupaNons, and incorporaNng 
novel AI exposure measures at the 2-digit occupaNon level from Lewandowski et al. (2025).  
 

4. Conceptual framework  
 

Industrial robots automate rouNne manual tasks and can affect reNrement through 
opposing channels. By performing physically demanding, repeNNve, or dangerous tasks, robots 
can reduce injuries and physical strain (Gihleb et al., 2022), thereby improving workers’ ability to 
remain employed at older ages. However, robots can also subsNtute for workers, depreciate their 
skills, and increase employment insecurity. Giuntella et al. (2025) find that robot exposure 
reduces employment and labor-force parNcipaNon in China and increases early reNrement, 
parNcularly among older workers. Di Giacomo and Lerch (2026) similarly find that robot adopNon 
increases labor-force non-parNcipaNon in the United States, with early reNrement accounNng for 
nearly 40% of the resulNng increase. RoboNzaNon may harm workers' mental health (Abeliansky 
et al., 2024) and shif work toward more rouNne and less abstract or social tasks (Nikolova et al., 
2025). In summary, robots may extend working lives if they reduce physical demands and 
complement workers, but encourage earlier reNrement when displacement, skill obsolescence, 
or declining job quality dominates. 
 

Second, ICT may affect reNrement expectaNons by changing task content, skill 
requirements, and work organizaNon. Computer use can reduce physical tasks, while informaNon 
technologies can improve efficiency, flexibility, and worker autonomy (MarNn & Hauret, 2022). 
These changes may make conNnued employment more a[racNve. However, communicaNon 
technologies can increase monitoring and work intensity, extend work into leisure Nme, and blur 
the boundary between work and private life. They may therefore increase stress and work-life 
conflict and make earlier reNrement more a[racNve. These effects depend on how employers 
implement the technology, whether workers receive adequate training, and workers’ ability to 
adapt their skills (MarNn & Hauret, 2022). The relaNonship between ICT exposure and reNrement 
expectaNons is therefore theoreNcally ambiguous.  
 

Third, like previous technologies, AI can perform rouNne tasks, mostly in the cogniNve 
domain, such as coding. But AI differs from both robots and ICT because it overlaps with the 
capabiliNes of high-skilled workers and can perform certain non-rouNne tasks (Eloundou et al., 
2024; Felten et al., 2021). As such, it complements certain occupaNons (e.g., judges, lawyers) that 
are too important for society to leave to technology (Cazzaniga et al., 2024).  At the same Nme, 
AI may generate greater uncertainty about skill obsolescence and future employability, especially 
among high-skilled workers performing tasks vulnerable to AI subsNtuNon (e.g., clerical work) 
(Cazzaniga et al., 2024).  

 
Evidence on AI’s labor-market consequences remains limited. Evidence to date does not 

show economy-wide employment losses from AI, although effects differ across occupaNons and 



 8 

worker groups (Comunale & Manera, 2024; del Rio-Chanona et al., 2025; HAI, 2026). 
Nevertheless, Sanzenbacher (2026) finds that, following ChatGPT’s launch, U.S. workers aged 55 
and older in occupaNons with greater AI exposure became more likely to leave employment. 
These addiNonal exits occurred primarily through unemployment rather than reNrement or labor-
force withdrawal. This result suggests that aggregate stability may conceal adjustment costs for 
older workers in highly exposed occupaNons. Likewise, evidence to date does not point to 
widespread negaNve job-quality implicaNons of working with AI. For example, Giuntella, Konig, 
et al. (2025) show that AI is associated with declines in physical intensity, small improvements in 
health saNsfacNon, and no further changes in job quality. Likewise, Bryson et al. (2026) find no 
associaNon between AI and job saNsfacNon, but they do find that personal AI use is associated 
with greater work engagement in Finland. Noy and Zhang (2023) even show that working with 
GenAI improves short-term job saNsfacNon in an experimental setng. Nevertheless, AI is also 
associated with mistrust and fear (Glikson & Woolley, 2020; Nikolova & Angrisani, 2025), which 
may influence people’s decisions to reNre afer exposure to this technology.1  

 
Overall, the literature reviewed in SecNons 3 and 4 does not offer a clear predicNon about 

the effects of technological change on reNrement. In fact, different mechanisms may operate in 
opposite direcNons. For example, technological change may encourage longer working lives by 
reducing physical job demands and improving work ability, while simultaneously shortening 
expected working lives through lower job quality, increased job insecurity, skill obsolescence, or 
distrust of new technologies. The overall relaNonship between exposure to robots, ICT, and AI and 
reNrement expectaNons therefore remains an empirical quesNon.  

 
The balance between these opposing channels is also likely to differ across groups of 

workers. First, age may moderate the relaNonship between technological exposure and 
reNrement expectaNons. Older workers have shorter remaining career horizons and therefore 
weaker incenNves to acquire technology-specific skills, potenNally making technological change a 
push factor into earlier reNrement (Ahituv & Zeira, 2011). Consistent with this mechanism, 
Albinowski and Lewandowski (2024) find parNcularly adverse employment effects of ICT exposure 
among older women in cogniNve occupaNons with relaNvely weak ICT skills. At the same Nme, 
older workers may benefit disproporNonately from technologies that reduce physical job 
demands, parNcularly industrial robots, thereby improving their ability to remain employed at 
older ages. Second, educaNon and skill level may shape workers' responses to technological 
change because different technologies affect different tasks. AI, in parNcular, overlaps with many 
cogniNve tasks performed by highly educated and high-skilled workers, potenNally increasing 
concerns about skill obsolescence in some occupaNons while complemenNng workers in others 
(Cazzaniga et al., 2024). Conversely, lower-skilled workers may benefit relaNvely more from 
technologies that reduce physically demanding work. Third, technological change may affect men 
and women differently because they perform different tasks, even within the same occupaNons 

 
1 Recent experimental evidence iden0fies poten0al work well-being costs of AI, which, however, appear small in 
magnitude. Nikolova (2026) finds that respondents expect AI-only and hybrid AI-human workplace safety systems to 
produce lower job sa0sfac0on, work meaningfulness, and social value than human supervision. Nikolova et al. (2026) 
further show that aHribu0ng iden0cal crea0ve work to AI rather than a human modestly reduces perceived task 
meaning and rather substan0vely reduces voluntary effort. 
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and industries, and because they differ in adopNng new technologies and their associated labor 
market returns. Recent evidence also points to gender differences in the effects, adopNon, and 
exposure to new technologies. ICT adopNon reduced the employment share of older women, 
although it also reduced that of prime-aged men (Albinowski & Lewandowski, 2024). Men adopt 
and use generaNve AI more ofen than women, with substanNal gaps in the United States 
(Angrisani et al., 2026) and across more than 100 countries (Cranney et al., 2026).2  Robots also 
widen gender inequality but through a different channel. Using European data, Aksoy et al. (2021) 
find that roboNzaNon raises earnings for both men and women but increases the gender pay gap 
because men in medium- and high-skill occupaNons capture a disproporNonate share of the 
producNvity gains. Access to employer-provided training may play an important role by facilitaNng 
adaptaNon to new technologies and reducing skill obsolescence (Bartel & Sicherman, 1993; 
Messe et al., 2014). We therefore examine whether the relaNonship between technological 
exposure and reNrement expectaNons varies by age, gender, educaNon, and workplace 
characterisNcs. 

 
5. Data and variables 

5.1. EWCS 
 

The European Working CondiNons Survey (EWCS) is a repeated cross-secNonal survey 
conducted by Eurofound that collects detailed informaNon on workers’ socio-demographic 
characterisNcs, employment condiNons, and workplace environment across European countries. 
We use five reNrement-related dependent variables from the 2005, 2010, 2015, and 2024 waves. 
The 2021 EWCS wave includes no reNrement-related quesNons.  
 

We construct a harmonized dataset for cross-wave analysis by combining several EWCS 
data files. First, we rely on the integrated 1991-2015 EWCS file (Eurofound, 2026b). We use the 
2005-2015 data in the file because it includes the technology variables. The integrated file 
provides harmonized idenNfiers and classificaNons across waves, including consistent country 
codes and occupaNon and industry classificaNons (ISCO codes and NACE Rev. 2).3 This cumulaNve 
file serves as the backbone of the analysis dataset we create in this paper. It ensures that key 
structural variables are comparable over Nme. However, the cumulaNve file does not contain all 
reNrement-related variables for the earlier waves. Therefore, we supplement it with wave-specific 
individual-level datasets for 2005 (Eurofound, 2022a), 2010 (Eurofound, 2022b), and 2015 
(Eurofound, 2024), from which we extract the reNrement outcomes. We then merge these 
cleaned wave-specific files into the harmonized backbone to obtain a consistent dataset across 
waves. Finally, we add the most recent EWCS 2024 wave, which is available as a standalone 

 
2 At the same 0me, women tend to work in more AI-exposed occupa0ons (Cazzaniga et al., 2025). 
3 The 2005 EWCS reports one- and two-digit occupa0onal codes based on the ISCO-88 classifica0on, whereas the 
2010 and later waves use ISCO-08. Although the two classifica0ons share the same categories for the one-digit 
occupa0ons, we cannot guarantee that they are iden0cal across the two years. This difference should not affect our 
analyses that combine the 2005 wave with later waves because all specifica0ons include year fixed effects. Moreover, 
excluding the one-digit ISCO control variables does not alter our findings (results available upon request). For 2015 
and 2024, we use two-digit ISCO-08 codes to merge the EWCS data with the measures from Lewandowski et al. 
(2025). 
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dataset with comparable coding of occupaNons (ISCO-08), industries (NACE Rev.2), and socio-
demographic characterisNcs. 
 

The resulNng dataset is a pooled cross-secNon of individual workers observed in four 
survey years (2005, 2010, 2015, and 2024), with harmonized occupaNon, industry, and country 
idenNfiers that allow us to merge the EWCS data with external measures of technological 
exposure. We use a sample of 20 countries for which all required external data sources are 
available. The 2024 EWCS does not contain informaNon for the United Kingdom. 
 

Workers observed at older ages are a selected group who have remained in the labor force 
despite exposure to technological change (Messe et al., 2014). In our sample, approximately 10% 
of respondents are aged 60 or older. We therefore exclude these individuals and restrict the 
analysis to workers aged 60 and younger. This restricNon allows us to focus on forward-looking 
reNrement expectaNons among the broader working populaNon, rather than on a selected group 
of older workers who have already remained employed.4 
 

The first outcome, preferred reNrement age (reNreage), measures the age unNl which 
respondents would like to work (Table 1). In the 2015 wave, respondents were asked, “Thinking 
about reNrement, unNl what age do you want to work?” and could report a numeric age, but the 
survey enumerators also recorded “Refused,” “Don’t know,” or “As late as possible” answers. We 
treat “don’t know” and refusal responses as missing for preferred reNrement age; we also use 
“don’t know” responses to construct the uncertainty indicator described below. Responses of “as 
late as possible” are assigned the country-, year-, and gender-specific statutory reNrement age. 
In 2024, we assign the corresponding “as late as possible” response the statutory retirement age, 
while we assign “as early as possible” the country-, year-, and gender-specific early retirement 
age, using the statutory age when an early reNrement age is unavailable. For the handful of 
respondents with missing gender, we use the average of the male and female statutory 
reNrement ages. Because the 2024 quesNon was administered only to respondents aged 45 or 
older, we impute preferred reNrement age for younger respondents. For the 9,477 respondents 
aged 44 or younger, we impute each individual’s preferred reNrement age using a predicNon 
model esNmated on the 2015 data that includes age, gender, educaNon, occupaNon, industry, and 
country indicators. We then shif the predicted values upward by 1.14 years to match the 
observed difference in average reNrement intenNons between the 2015 (preferred reNrement 
age = 61.97, std. dev. = 4.06) and 2024 (preferred reNrement age = 63.11, std. dev. = 3.63) samples 
among respondents aged between 45 and 60. Excluding observaNons with imputed values does 
not alter our main findings (See Tables A3 and A4).    

 
Although our measure captures stated reNrement preferences rather than realized 

reNrement behavior, this is not necessarily a limitaNon. ReNrement decisions are inherently 
forward-looking and depend on workers' beliefs about their future employment prospects, 
health, and financial circumstances. If technological change affects these beliefs, studying 
reNrement expectaNons is informaNve. Moreover, the distribuNon of reported preferred 

 
4 Including these older individuals does not change the main conclusions (see Tables A1 and A2). 
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reNrement ages in our data is concentrated around plausible reNrement ages, rather than around 
unconstrained ideal reNrement ages, suggesNng that respondents report realisNc expectaNons 
rather than purely hypotheNcal preferences (Figure 1). 

 
Figure 1 shows substanNal cross-country variaNon in preferred reNrement ages. Preferred 

reNrement ages increased in nearly all countries between 2015 and 2024, with Portugal as the 
main excepNon, where the average remained unchanged at 63.3 years. In 2024, Germany, 
Sweden, the Netherlands, and Italy recorded some of the highest preferred reNrement ages. As 
statutory reNrement ages have increased across Europe, workers appear to have adjusted their 
reNrement expectaNons accordingly. Across all countries, the average preferred reNrement age 
rose from 61.1 years in 2015 to 62.5 years in 2024, an increase of 1.4 years, consistent with 
findings from other data sources (Hess, 2017; Hess et al., 2021).  

 
Figure 1: Preferred reNrement age  

 
Note: Bars report weighted country-level means of the preferred reNrement age based on the 
analysis sample in Table 4, Models (1) and (2). 
 

Our second dependent variable, early reNrement preference (reNre_early), is a binary 
indicator of whether respondents want to reNre before the statutory reNrement age. We code 
this variable as one when the preferred reNrement age falls below the statutory reNrement age 
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and zero otherwise. We obtain statutory reNrement ages from the Mutual InformaNon System on 
Social ProtecNon (MISSOC). For the handful of cases where respondents do not report gender, we 
use the average of the male and female statutory reNrement ages. The early reNrement variable 
is only available in 2015 and 2024. 

 
Figure 2 reports the share of respondents who would prefer early reNrement. The 

prevalence of preferred early reNrement remained high throughout the period and increased in 
most countries between 2015 and 2024. In 2015, the share ranged from around 24% in Estonia 
to more than 90% in Greece and nearly 90% in France. By 2024, the share had clearly risen across 
Europe, exceeding 80% in many countries and surpassing 90% in France and Spain. The largest 
increases occurred in Romania, Estonia, Latvia, Sweden, Slovakia, and the Czech Republic, while 
Greece was the only country to record a noNceable decline. Despite substanNal cross-country 
variaNon, the results indicate that a large majority of workers in most European countries would 
sNll prefer to reNre before reaching the statutory reNrement age, even as preferred reNrement 
ages have increased over Nme.  
 
Figure 2: Early reNrement preferences 

 
Note: Bars report weighted country-level means of the share of respondents wanNng to reNre 
earlier than the statutory reNrement age based on the analysis sample in Table 4, Models (1) and 
(2).  
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Third, we also consider uncertainty about the desired reNrement age (uncertain_reNre). 
We code reNrement uncertainty as 1 when respondents answer “don’t know” to the preferred 
reNrement-age quesNon and 0 when they provide an interpretable answer. In 2024, respondents 
younger than 45 were not asked this quesNon; when we impute their preferred reNrement age, 
we assign the uncertainty indicator a value of zero by construcNon. 

 
Figure 3 reports the share of respondents classified as uncertain about their preferred 

reNrement age. Comparisons with 2024 require cauNon because respondents younger than 45 
did not receive the reNrement-age quesNon in that wave and therefore could not report 
uncertainty. We code these respondents as not uncertain, which mechanically lowers the 
reported 2024 share. Consequently, the apparent decline in uncertainty may reflect the change 
in survey rouNng rather than a genuine increase in certainty about reNrement Nming. 
 
Figure 3: Uncertainty about reNrement age 

 
Notes: Bars report weighted country-level means of the share of respondents who are uncertain 
about when they will reNre based on the analysis sample in Table 4, Model (3).  
 

Fourth, across the survey waves, the variable perceived ability to conNnue working 
(able_work) captures whether respondents believe they can conNnue working later in life, but 
the exact survey quesNon varies slightly across years. In the 2005 and 2010 waves, the survey asks 
respondents who are 60 and younger whether they think they will be able to do their current job 
or a similar one when they are 60 years old, with possible answers being “yes,” “no,” and “I would 
not want to.” 
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Figure 4: Perceived ability to work unNl at least age 60 

 
Notes: Bars report weighted country-level means of the share of respondents reporNng they can 
work unNl at least age 60, based on the analysis sample in Table 4, Model (4).  
 

In 2015, respondents aged 55 or younger were asked whether they thought they could 
perform their current or a similar job unNl age 60, whereas respondents aged 56 or older were 
asked whether they could perform such a job in five years. We code the variable as 1 for “yes” 
and 0 for “no,” and treat “don’t know” and refusal responses as missing. In 2024, respondents 
followed one of three age-specific routes. Respondents aged 45–54 answered a binary quesNon 
about whether they would be able to perform their current or a similar job unNl age 60, and 
respondents aged 55 or older answered the corresponding quesNon referring to five years. 
Respondents younger than 45 instead reported the age unNl which they thought they would be 
able to work in their current or a similar job. For these younger respondents, we code the 
indicator as one when the reported age is at least 60 and zero when a valid reported age is below 
60; we treat “don’t know” and refusal responses as missing. Thus, able_work is a harmonized 
indicator of respondents’ perceived ability to conNnue working unNl age 60 or, for older 
respondents, for another five years. The regressions include year fixed effects and age controls, 
which account for average differences across survey waves and age groups. However, they cannot 
fully eliminate differences arising from the age-specific quesNon wording. 

 
Figure 4 shows substanNal cross-country variaNon and changes over Nme in respondents’ 

perceived ability to conNnue working. Between 2005 and 2015, the share increased parNcularly 
strongly in Portugal, Greece, Hungary, and Lithuania. However, comparisons across waves require 
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cauNon because the quesNon wording and age-specific rouNng differ. In parNcular, the measure 
refers to working unNl age 60 for younger respondents but to conNnuing for another five years 
for older respondents. Across 25 European OECD countries and the United States, 59% of adults 
remained conNnuously employed throughout their 50s; among this group, only 31% remained 
conNnuously employed throughout their 60s (OECD, 2025). Although these figures reflect realized 
employment rather than perceived work ability, they provide context for the challenges of 
extending working lives. In 2024, Germany, Italy, and Portugal had the highest shares (86% each), 
followed by Poland (84%), while the Czech Republic, Estonia, and Latvia had the lowest (64% 
each). 
 

The fifh dependent variable, unwillingness to conNnue working unNl age 60, captures 
respondents’ reluctance to remain in employment at older ages. We construct this binary 
indicator for the earlier waves (2005 and 2010) using the answer “I would not want to” to the 
quesNon of whether respondents think they can conNnue working in the same job at age 60. 

 
Figure 5 shows the share of respondents with a low willingness to work longer in the same 

job. This could reflect inability, unwillingness, or simply a desire for a career change. In 2005, the 
highest shares were observed in Slovakia (27%), Latvia (21%), the United Kingdom (20%), Estonia 
(20%), and Italy (18%), while the Netherlands (4%), Finland (5%), France (6%), and Sweden (6%) 
recorded the lowest levels. By 2010, low willingness to work longer had increased markedly in 
several countries, most notably in Portugal, where the share more than doubled from 13% to 
30%, and in France, where it rose from 6% to 27%. In contrast, the Netherlands consistently 
showed the lowest reluctance to extend working life. Overall, the results point to considerable 
cross-country heterogeneity in attudes toward longer working lives, with parNcularly strong 
resistance observed in parts of Southern and Eastern Europe by 2010. 

 
Because the reNrement outcomes come from different survey quesNons and waves, the 

regressions do not use a single common sample with the same number of observaNons across all 
dependent variables. Preferred reNrement age and early reNrement use the same analysis 
sample, while uncertainty, perceived ability to work unNl age 60, and unwillingness to conNnue 
working use the observaNons for which each outcome is observed. This avoids mechanically 
dropping valid respondents, especially because uncertainty about reNrement age is defined from 
‘don’t know’ responses and is therefore structurally disNnct from observed preferred reNrement 
ages. 
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Figure 5: Unwillingness to conNnue working unNl age 60 

 
Notes: Bars report weighted country-level means of the share of respondents reporNng that they 
are unwilling to work unNl age 60 based on Table 4, Model (5).  
 
Table 1: Dependent variables 

Dependent 
variable 

Wave(s) Question 
number 

Question wording 
(simplified) 

Age-based 
survey 
routing 

Coding in paper 

Preferred 
retirement age 
(retireage) 

2015 Q92 “Until what age do you want 
to work?” 

Asked to all 
respondents 

Continuous age. 
“As late as 
possible” assigned 
statutory 
retirement age; 
DK/refusal coded 
missing.  

2024 q103_1 “Thinking about retirement, 
until what age do you want 
to work?” 

Asked only if 
age ≥45 

Continuous age.  
“As late as 
possible” assigned 
statutory 
retirement age; 
“As early as 
possible” assigned 
early retirement 
age 
Respondents ≤44 
imputed using 
prediction model 
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Dependent 
variable 

Wave(s) Question 
number 

Question wording 
(simplified) 

Age-based 
survey 
routing 

Coding in paper 

estimated on 2015 
data. 

Early retire 
(retire_early) 

2015, 
2024 

Derived 
from 
retireage 

Preferred retirement age 
relative to statutory 
retirement age 

Same as 
retireage 

1 if preferred 
retirement age < 
statutory 
retirement age; 0 
otherwise. 

Uncertainty about 
retirement age 
(uncertain_retire) 

2015, 
2024 

Q92 / 
q103_1 

“Until what age do you want 
to work?” 

Same as 
retireage 

1 if respondent 
answers “don’t 
know”; 0 
otherwise. 

Perceived ability to 
continue working 
(able_work) 

2005 Q35 “Do you think you will be 
able to do the same job you 
are doing now when you are 
60 years old?” 

Asked only if 
respondent 
<60 

1 = Yes; 0 = No; 
DK/refusal 
missing. “I 
wouldn’t want to” 
used for the 
unwillingness 
variable.  

2010 Q75 “Do you think you will be 
able to do the same job you 
are doing now when you are 
60 years old?” 

Asked only if 
respondent 
<60 

Same coding as 
2005. 

 
2015 Q93 “Do you think you will be 

able to do your current job 
or a similar one until you are 
60 years old?” (≤55) or “in 
five years’ time?” (≥56) 

Asked to all 
respondents 

1 = Yes; 0 = No; 
DK/refusal 
missing. 

 
2024 q105 / 

q104_1 
“Do you think you will be 
able to do your current job 
or a similar one until you are 
60 years old?” (respondents 
aged 45-54), “Do you think 
you will be able to do your 
current job or a similar one 
in five years’ time?” 
(respondents aged 55+), and 
reported numeric age until 
which the respondent 
expects to be able to work 
(respondents younger than 
45). 

Age-specific 
routing 

Ages ≥45: Yes = 1, 
No = 0, DK/refusal 
missing. Ages <45: 
valid reported age 
≥60 = 1; valid 
reported age 
below 60 = 0; 
DK/refusal 
missing. 

Unwillingness to 
continue working 
(low_willing) 

2005, 
2010 

Q35 / 
Q75 

Same question as able_work Asked only if 
respondent 
<60 

1 if respondent 
answers “I 
wouldn’t want to”; 
0 otherwise. 

Notes: The table demonstrates the coding and harmoniza0on of the dependent variables across EWCS 2005, 2010, 
2015, and 2024. Our regression analyses use outcome-specific samples because the dependent variables come from 
different survey ques0ons and waves. 
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The EWCS also provides individual- and job-level control variables, including age group, 
gender, household composiNon, working hours, and educaNon, as well as occupaNon (ISCO 1-
digit), sector (manufacturing vs. non-manufacturing), firm size, self-employment status, and the 
presence of a secondary job. All specificaNons also include country and year fixed effects to 
capture unobserved heterogeneity across insNtuNonal contexts and over Nme. 
 

5.2. Robot exposure 
 

We construct our measure of roboNzaNon using industry-level data from the InternaNonal 
FederaNon of RoboNcs (IFR), which provides annual informaNon on the stock of installed 
industrial robots by country and industry (Müller, 2025). Robot exposure is the number of robots 
in t-1 per 10,000 workers in a country–industry cell. The numerator is the stock of operaNonal 
robots reported by the IFR, adjusted to allocate robots classified as “unspecified industry” 
proporNonally across industries based on their observed shares of robot use (Aksoy et al., 2021; 
Graetz & Michaels, 2018). Industry-level robot stocks are missing in the early years for Bulgaria, 
Greece, Lithuania, and Latvia. We therefore allocate each country’s total robot stock across 
industries using the industry distribuNon observed in the first subsequent year with detailed 
industry data. In pracNce, we impute 2004 values using 2006 industry shares and apply these 
shares to distribute the country-level robot stock across industries (Aksoy et al., 2021; Graetz & 
Michaels, 2018). 
 

To avoid endogeneity between robot adopNon and current labor market outcomes, we fix 
the denominator (i.e., the number of workers in a parNcular country and industry) at its year-
2000 level, which predates most of the large-scale diffusion of industrial robots. We used 
employment data from EU KLEMS naNonal accounts to construct this denominator. 
 

Because the IFR and EU KLEMS datasets use slightly different industry classificaNons, we 
harmonize them using correspondence tables from Nikolova et al. (2024) and Nikolova et al. 
(2025). This procedure produces a common set of 15 industries. The industries are: Food and 
beverages; TexNles; Wood and paper; Chemicals, plasNcs, and non-metallic minerals; Basic and 
fabricated metals; Electrical and electronic equipment; Industrial machinery; AutomoNve and 
other transport equipment; Other manufacturing industries; Agriculture, forestry and fishing; 
Mining and quarrying; Electricity, gas and water supply; ConstrucNon; EducaNon and research; 
and Other non-manufacturing acNviNes. We calculate robot density as robot stock per 10,000 
country–industry employees, using employment in 2000 as the fixed denominator.  
 

In the empirical analysis, we use robot density at levels, lagged by one period relaNve to 
the survey year (t–1), and standardize the measure to facilitate the interpretaNon of coefficients 
across specificaNons. Figure 6 shows substanNal cross-country variaNon in robot adopNon 
between 2004 and 2023. Germany exhibits the highest levels of roboNzaNon throughout the 
period, with robot density exceeding 70 robots per 10,000 employees by 2023. In contrast, 
countries such as Greece, Romania, Bulgaria, and the BalNc states remain at comparaNvely low 
levels of roboNzaNon over the enNre period. Most countries display a marked increase in robot 
density afer 2014. 
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Figure 6: RoboNzaNon by country 

 
Notes: The figure shows the average robot density (number of industrial robots per 10,000 employees) 
by country and year (2004, 2009, 2014, 2023). Robot density is computed using total robot stock (IFR) 
and employment in the year 2000 (EU KLEMS). Values are shown in levels. For Bulgaria, Greece, 
Lithuania, and Latvia, observa0ons for 2004 are imputed using the first available year with data. The 
United Kingdom is included in this figure but is not part of the 2024 EWCS survey sample.  

 
 

Figure 7 reveals substanNal sectoral heterogeneity in robot adopNon. The automoNve 
manufacturing sector exhibits by far the highest robot density, increasing from roughly 200 robots 
per 10,000 employees in 2004 to more than 700 by 2023.  
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Figure 7:  RoboNzaNon by industry 

 
 

Notes: The figure shows the average robot density (number of industrial robots per 10,000 employees) 
by industry and year (2004, 2009, 2014, 2023). We construct robot density from Interna0onal 
Federa0on of Robo0cs (IFR) data on the stock of opera0onal robots, divided by employment in 2000 
from EU KLEMS. Values are shown in levels. For Bulgaria, Greece, Lithuania, and Latvia, we impute 2004 
observa0ons using the first available year. We harmonize industries to 15 comparable sectors across 
datasets. 
 
 

5.3. ICT exposure 
 

We measure exposure to informaNon and communicaNon technologies (ICT) using 
industry-level capital stock data from the capital accounts files of the EUKLEMS–INTANProd 
producNvity database (EUKLEMS & INTANProd, 2026).  
 

The EUKLEMS capital accounts data disNnguish three ICT asset categories: i) 
communicaNons equipment, ii) informaNon technology equipment, and iii) computer sofware 
and databases. We sum these three components (Kq_IT, Kq_CT, and Kq_Sof_DB) to obtain total 
ICT capital stock for each country–industry–year cell. These variables are reported as chain-linked 
volumes in constant 2015 prices. To ensure cross-country comparability, like Diessner et al. 



 21 

(2025), we convert all local currency values into euros using Eurostat exchange rates for 2015 
(European Commission, Eurostat, 2026).  
 

As with the robot variable, the EUKLEMS industry classificaNon does not perfectly match 
the industries used in the EWCS and IFR data. We harmonize industries using correspondence 
tables between NACE Rev.2 codes and the aggregated sectors used in the analysis, following the 
literature (e.g., Aksoy et al., 2021; Nikolova et al., 2024; Nikolova et al., 2025). This procedure 
yields a consistent set of 15 industries across the datasets. 
 

We impute missing ICT capital values at the country-industry-year level, following Jestl 
(2024), using averages from structurally similar countries within the same industry and year. 
Specifically, we impute Bulgaria and Romania using Greece and Slovakia; Estonia using Finland 
and Latvia; Lithuania using Finland; Hungary using Austria and the Czech Republic; Poland using 
the Czech Republic and Slovakia; and Portugal using Spain and France. Italy has missing 
observaNons only in 2021 and for a subset of industries (manufacturing and industrial machinery). 
For these cases, we replace missing values with the corresponding 2020 values within the same 
country–industry cell. 
 

Afer imputaNon, we ensure consistency with naNonal accounts aggregates. EUKLEMS 
provides total ICT capital at the country–year level, even for countries with missing industry-
specific data. For country–years affected by imputaNon, we rescale industry-level values 
proporNonally so that their sum matches the observed naNonal total. This preserves the cross-
industry distribuNon implied by the imputaNon while aligning with aggregate data. 
 

The EUKLEMS capital accounts end in 2021, while our analysis includes the EWCS 2024 
wave. We extend the series by carrying forward 2021 values to 2023 for each country–industry 
pair, assuming smooth short-run evoluNon of ICT capital. 
 

We then merge the capital stock data with EUKLEMS employment data for 2000 for each 
industry and country and construct ICT intensity as ICT capital per worker, expressed in thousands 
of euros (2015 prices). We therefore calculate ICT intensity by dividing real ICT capital by country–
industry employment in 2000. In the empirical analysis, we use ICT exposure in levels and lag it 
by one year (t–1) relaNve to the survey year. We standardize the variable to have a mean of zero 
and a variance of one to facilitate comparison across technology measures. 
 

By 2023, Sweden and the United Kingdom have the highest levels of ICT capital per worker, 
followed by the Netherlands and Belgium (Figure 8). In contrast, Bulgaria remains at the lowest 
level throughout the period. Most countries display steady increases in ICT capital intensity 
between 2004 and 2023. Furthermore, Figure 9 shows that ICT capital intensity is concentrated 
in technologically advanced manufacturing sectors, with the highest levels in uNliNes, industrial 
machinery, and electronics, while texNles, agriculture, and construcNon show comparaNvely low 
ICT intensity throughout the period. 
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Figure 8: ICT capital by country 

 
Notes: The figure shows average real ICT capital per worker (1,000 EUR, 2015 prices) by country and year (2004, 
2009, 2014, 2023). ICT capital is constructed from EUKLEMS–INTANProd data as the sum of compu0ng equipment, 
communica0ons equipment, and sosware and databases (Kq_IT, Kq_CT, Kq_Sos_DB). The measure is converted to 
euros using 2015 exchange rates and divided by employment. We obtain country-level values by aggrega0ng 
industry-level data. Values are shown in levels. We impute missing observa0ons using informa0on from structurally 
similar countries within the same industry and year, then rescaled imputed values to match observed na0onal totals. 
Values for 2023 are extrapolated from 2021. Industries are harmonized to 15 sectors to ensure comparability across 
datasets. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 23 

Figure 9: ICT capital by industry 

 
Notes: The figure shows average real ICT capital per worker (1,000 EUR, 2015 prices) by industry and year (2004, 
2009, 2014, 2023). ICT capital is constructed from EUKLEMS–INTANProd data as the sum of compu0ng equipment, 
communica0ons equipment, and sosware and databases (Kq_IT, Kq_CT, Kq_Sos_DB). The measure is converted to 
euros using 2015 exchange rates and divided by employment. Values are in levels. Missing observa0ons are imputed 
using informa0on from structurally similar countries within the same industry and year, and imputed values are 
rescaled to match observed na0onal totals. We extrapolate 2023 values from 2021. We harmonize industries to 15 
sectors to ensure comparability across datasets. 
 

5.4. AI exposure 
 

We measure workers’ exposure to AI using the novel, task-adjusted, country- and 
occupaNon-level AI exposure index developed by Lewandowski et al. (2025). Their measure 
extends the ArNficial Intelligence OccupaNonal Exposure (AIOE) index of Felten et al. (2021), 
which links AI capabiliNes to occupaNonal abiliNes in the U.S. O*NET database. To achieve an 
internaNonally comparable measure, Lewandowski et al. (2025) translate these ability-based 
exposures into task-based measures using worker-level informaNon from internaNonal surveys 
(primarily PIAAC, complemented by STEP and the China Urban Labor Survey).  Lewandowski et al. 
(2025) first map abiliNes to PIAAC survey quesNons using US data, regressing the O*NET 
importance and prevalence of abiliNes in each 2-digit ISCO occupaNon on 18 PIAAC quesNons 
related to rouNne and non-rouNne content, as well as ICT use and Nme management. AbiliNes are 
narrowed to those with the highest exposure and most reliable fit to PIAAC data. The esNmated 
coefficients then serve as weights to convert each worker’s survey responses into O*NET ability 
scores, to which the AI exposure scores of Felten et al. (2021) are applied and averaged across 
abiliNes and within each worker, yielding a worker-level exposure score. These scores can in turn 
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be aggregated to the occupaNon and country levels, reflecNng the extent to which workers 
perform tasks that AI can potenNally automate or complement. The data cover two periods: 2011-
2018 and 2022-2023 and exclude agricultural occupaNons. 

 
For countries without task survey data, Lewandowski et al. (2025) esNmate AI exposure 

via separate occupaNon-level regressions per 1-digit ISCO group, using a stepwise-selected set of 
covariates for each, augmented with 2-digit occupaNon fixed effects. The covariates capture 
economic development, technology adopNon, human capital, globalizaNon, and infrastructure. 
The resulNng models use country-specific data to predict AI exposure. In our sample, Belgium, 
the Czech Republic, Spain, France, Hungary, Italy, Poland, and Slovakia are esNmated exclusively 
from survey data, while the rest use predicted values for at least one Nme period or ISCO 
aggregaNon level.5 

 
We match the 2011-2018 AI exposure data to the 2015 EWCS and the 2022-2023 AI 

exposure data to the 2024 EWCS using the 2-digit ISCO 08 codes provided in the Lewandowski 
dataset. We standardized the AI exposure scores to ensure comparability with the other 
technology variables. Figure 10 shows substanNal cross-country variaNon, with higher exposure 
in countries such as the Netherlands, Sweden, and Greece and lower exposure in several Central 
and Eastern European countries. Figure 11 illustrates the distribuNon of AI exposure across 
occupaNons in our sample, showing that exposure is highest among clerical, professional, and 
managerial occupaNons and lowest among manual and elementary occupaNons. 
  

 
5 Lewandowski et al. (2025) report AI exposure on a scale standardized rela0ve to the U.S. mean and standard 
devia0on, so that values capture distance from the U.S. benchmark. In our regressions, we further standardize this 
variable within the es0ma0on sample to mean zero and standard devia0on one, purely to make coefficient 
magnitudes comparable to those of the other technology measures. This re-scaling does not affect the ranking of 
countries or occupa0ons, but coefficients should be interpreted as the effect of a one-standard-devia0on increase in 
AI exposure within our sample rather than rela0ve to the original U.S. scale. 
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Figure 10:  AI exposure by country 

 
Notes: The figure shows country averages of the AI exposure index from Lewandowski et al. (2025) for 2011-2018, 
which we consider the reference period 2014, and 2022-2023, which we consider the reference period 2023. The 
values are standardized to have a mean of 0 and a standard devia0on of 1.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

-0.09

-0.24

-0.07

-0.12

-0.02

-0.23

-0.12

-0.08

-0.33

-0.14 -0.16

-0.23

-0.05

-0.18

-0.09

-0.28

-0.14 -0.13

-0.06
-0.10

-0.6

-0.4

-0.2

0.0

0.2
Av

er
ag

e 
AI

 e
xp

os
ur

e

Be
lgi

um
Bu

lga
ria

Cz
ec

h 
Re

pu
bli

c
Es

to
nia

Fi
nla

nd
Fr

an
ce

Ge
rm

an
y

Gr
ee

ce
Hu

ng
ar

y
Ita

ly
La

tvi
a

Lit
hu

an
ia

Ne
th

er
lan

ds
Po

lan
d

Po
rtu

ga
l

Ro
m

an
ia

Sl
ov

ak
ia

Sp
ain

Sw
ed

en
Un

ite
d 

Ki
ng

do
m

2014 2023

AI exposure by country



 26 

 
 
 
Figure 11: AI exposure by occupaNon 

  
Notes: The figure shows occupaNonal averages of the AI exposure index from Lewandowski et 
al. (2025) for 2011-2018, which we consider the reference period 2014, and 2022-2023, which 
we consider the reference period 2023.  
 

6. Methods 

We estimate the relationship between technological exposure and retirement 
expectations using pooled cross-sections of workers from the EWCS for the years 2005, 2010, 
2015, and 2024. Some analyses cover only 2015-2024, and some cover only 2005-2010, based on 
variable availability. The analysis sample includes individuals aged 60 or younger, and we exclude 
observations with missing information on the outcome variables.  

Our baseline empirical specification is: 

𝑌!"#$ = 𝛽%Robot"#$&% + 𝛽'ICT"#$&% + 𝐗!"#$( 𝛾 + 𝛿" + 𝛿# + 𝛿$ + 𝜀!"#$ ,    (1) 
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where 𝑌!"#$denotes retirement-related outcomes for individual 𝑖	in country 𝑐, technology-specific 
exposure cell j (2-digit industry for robots and ICT or 2-digit occupation for AI), and year 𝑡. The 
main explanatory variables capture exposure to robotization and ICT, measured at the country–
industry-year level and lagged by one period to mitigate simultaneity concerns. We standardize 
all technology variables to have a mean of zero and a standard deviation of one to compare the 
magnitude of increases in different technologies for retirement outcomes.  

In specifications that include AI, we extend the model to: 

𝑌!"#$ = 𝛽%Robot"#$&% + 𝛽'ICT"#$&% + 𝛽)AI"$&% + 𝐗!"#$( 𝛾 + 𝛿" + 𝛿# + 𝛿$ + 𝜀!"#$ ,  (2) 
 

where AI exposure is measured at the country–occupation-year level and is available for 2015 
and 2024 only, and excludes the agricultural sector. 

The vector 𝐗!"#$	includes individual and job characteristics: age group, gender, household 
composition, working hours, education, sector (manufacturing vs. non-manufacturing), firm size, 
self-employment status, and secondary job status. All specifications include country and year 
fixed effects, as well as occupation fixed effects (ISCO 1-digit), to account for time-invariant 
differences across countries, occupations, and survey waves. All control variables include a 
“missing information” indicator with no interpretation, which preserves the number of 
observations and avoids bias from dropping missing observations.  

We estimate all models using weighted least squares, applying EWCS sampling weights 
and standard errors clustered at the country–industry level. When the dependent variables are 
binary, we estimate weighted OLS linear probability models. 

To examine heterogeneity, we augment the baseline model with interaction terms 
between each measure of technology exposure and indicators for age groups, gender, sector 
(manufacturing vs. non-manufacturing), worker skill level (based on the 1-digit ISCO codes), 
education level (tertiary vs. non-tertiary), tenure at the firm, and training. We also explore 
whether results depend on the types of tasks that workers do, i.e., routine, physical, social, and 
cognitive, based on the classification of Nikolova et al. (2025). Finally, we report how the results 
depend on the country context. We report p-values for tests of whether interaction effects differ 
significantly from zero. 

7. Summary statistics 

Tables 2 and 3 present weighted summary staNsNcs for the outcome-specific analysis 
samples. Table 2 includes all available survey waves, although wave coverage differs across 
outcomes. Preferred reNrement age, early reNrement preferences, and reNrement uncertainty 
use data from 2015 and 2024; perceived ability to conNnue working uses data from 2005, 2010, 
2015, and 2024; and unwillingness to conNnue working uses data from 2005 and 2010. Table 3 
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covers 2015 and 2024 because the AI exposure measure is available only for these waves.  
 
Overall, the average preferred reNrement age is about 61.8 years, and about 73% of 

respondents prefer to reNre before the statutory reNrement age. Approximately 7% are uncertain 
about when they want to reNre. About 70% of respondents in Table 2 and 75% in Table 3 expect 
to be able to conNnue working unNl at least age 60. In the pooled 2005–2010 sample, 
approximately 15% report that they would not want to conNnue working unNl age 60. The 
samples contain relaNvely similar proporNons of men and women, consist predominantly of 
workers outside manufacturing, and include a larger share of workers with medium educaNon 
than with either low or high educaNon. 

 
Table 2: Selected summary staNsNcs for Table 4 analysis samples 

 Retirement age/Early 
retirement 

Uncertain Able to work Unwilling 

 mean std.dev. mean std.dev. mean std.dev. mean std.dev. 
Preferred retirement 
age 

61.749 (4.461)       

Early retire 0.726 (0.446)       
Uncertain   0.072 (0.258)     
Able to work      0.702 (0.457)   
Unwilling       0.151 (0.358) 
Age 15–35 0.322 (0.467) 0.325 (0.468) 0.333 (0.471) 0.376 (0.484) 
Age 36–45 0.283 (0.451) 0.281 (0.450) 0.286 (0.452) 0.293 (0.455) 
Age 46–60 0.395 (0.489) 0.394 (0.489) 0.381 (0.486) 0.331 (0.471) 
Female 0.475 (0.499) 0.477 (0.499) 0.467 (0.499) 0.460 (0.498) 
Male 0.524 (0.499) 0.523 (0.499) 0.533 (0.499) 0.540 (0.498) 
Gender missing 0.000 (0.015) 0.000 (0.015) 0.000 (0.014)   
Manufacturing 0.156 (0.363) 0.156 (0.363) 0.164 (0.370) 0.175 (0.380) 
Non-manufacturing 0.844 (0.363) 0.844 (0.363) 0.836 (0.370) 0.825 (0.380) 
Firm size: <250 0.602 (0.490) 0.591 (0.492) 0.706 (0.456) 0.844 (0.363) 
Firm size: 250+ 0.116 (0.321) 0.112 (0.315) 0.120 (0.325) 0.121 (0.326) 
Firm size: missing 0.282 (0.450) 0.297 (0.457) 0.174 (0.379) 0.036 (0.185) 
Low education 0.155 (0.362) 0.158 (0.365) 0.168 (0.374) 0.186 (0.389) 
Medium education 0.469 (0.499) 0.474 (0.499) 0.466 (0.499) 0.478 (0.500) 
High education 0.374 (0.484) 0.365 (0.482) 0.341 (0.474) 0.288 (0.453) 
Education missing 0.002 (0.050) 0.003 (0.052) 0.025 (0.157) 0.048 (0.213) 
Not self-employed 0.861 (0.346) 0.859 (0.348) 0.854 (0.353) 0.853 (0.354) 
Self-employed 0.139 (0.346) 0.141 (0.348) 0.146 (0.353) 0.147 (0.354) 
Observations 38,842 41,903 70,148 40,104 

Note: All staNsNcs use sampling weights.  
 
 
 
 
 
 
 
 



 29 

 
 
 
 
Table 3: Selected summary staNsNcs for Table 5 analysis samples 

 Re0rement age/Early 
re0rement 

Uncertain Able to work 

 mean std.dev. mean std.dev. mean std.dev. 
Preferred re0rement 
age 

61.752 (4.460)     

Early re0re 0.728 (0.445)     
Uncertain   0.072 (0.258)   
Able to work      0.744 (0.436) 
Age 15–35 0.324 (0.468) 0.328 (0.469) 0.311 (0.463) 
Age 36–45 0.282 (0.450) 0.280 (0.449) 0.275 (0.447) 
Age 46–60 0.393 (0.489) 0.392 (0.488) 0.413 (0.492) 
Female 0.482 (0.500) 0.483 (0.500) 0.482 (0.500) 
Male 0.518 (0.500) 0.516 (0.500) 0.517 (0.500) 
Gender missing 0.000 (0.015) 0.000 (0.016) 0.000 (0.020) 
Manufacturing 0.160 (0.367) 0.160 (0.367) 0.159 (0.366) 
Non-manufacturing 0.840 (0.367) 0.840 (0.367) 0.841 (0.366) 
Firm size: <250 0.598 (0.490) 0.587 (0.492) 0.574 (0.494) 
Firm size: 250+ 0.118 (0.323) 0.114 (0.317) 0.121 (0.326) 
Firm size: missing 0.284 (0.451) 0.300 (0.458) 0.305 (0.460) 
Low educa0on 0.150 (0.357) 0.153 (0.360) 0.151 (0.358) 
Medium educa0on 0.468 (0.499) 0.473 (0.499) 0.461 (0.498) 
High educa0on 0.379 (0.485) 0.371 (0.483) 0.387 (0.487) 
Educa0on missing 0.002 (0.049) 0.003 (0.051) 0.002 (0.046) 
Not self-employed 0.873 (0.333) 0.871 (0.335) 0.874 (0.332) 
Self-employed 0.127 (0.333) 0.129 (0.335) 0.126 (0.332) 
Observa0ons 37,778 40,740 35,217 

Note: All staNsNcs use sampling weights. 
 
 

8. Main results 
 
Tables 4 and 5 provide li[le evidence that technology exposure relates systemaNcally to 

reNrement Nming. Table 4 uses all available survey waves for each outcome and excludes AI 
exposure. Neither robot nor ICT exposure is significantly associated with preferred reNrement 
age, early-reNrement preferences, uncertainty about reNrement Nming, or unwillingness to 
conNnue working. The only staNsNcally significant esNmate is the posiNve associaNon between 
robot exposure and perceived ability to work unNl at least age 60 based on Model (4). A one-
standard-deviaNon increase in robot exposure is associated with a 0.5 percentage-point increase 
in this outcome, a small effect size given the sample mean of 70.2%. 
 

Table 5 includes AI exposure and restricts the analysis to the 2015–2024 sample. Robot 
and AI exposure are both posiNvely associated with perceived ability to work unNl at least age 60. 
A one-standard-deviaNon increase in exposure is associated with a 0.4-percentage-point increase 
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for robots and 4.4 percentage points for AI. None of the three exposure measures is significantly 
associated with preferred reNrement age, early-reNrement preferences, or uncertainty about 
reNrement Nming. Differences between Tables 4 and 5 may reflect both the different sample 
composiNon and the inclusion of AI exposure. 

Overall, technology exposure shows li[le systemaNc associaNon with preferred 
reNrement Nming. The clearest result concerns perceived ability to conNnue working, parNcularly 
its associaNon with AI exposure in the common 2015–2024 sample. We next assess the 
robustness of these results before examining heterogeneity across workers. 

 
Table 4: Technology exposure and reNrement outcomes, all available years, excluding AI  
 (1) (2) (3) (4) (5) 
 ReNrement 

age 
Early 

reNrement 
Uncertain Able to work Unwillingness 

Robots -0.022 0.001 0.001 0.005** 0.006 
 (0.022) (0.002) (0.001) (0.002) (0.005) 
ICT 0.056 -0.002 -0.000 -0.002 0.003 
 (0.037) (0.004) (0.001) (0.004) (0.005) 
Mean DV 61.749 0.726 0.072 0.702 0.151 
R2 0.135 0.202 0.057 0.102 0.043 
ObservaNons 38,842 38,842 41,903 70,148 40,104 

Notes: All regressions include a sector indicator (manufacturing vs. non-manufacturing), ISCO 1-digit occupa0on, country, 
and year fixed effects, and controls for age group, gender, household size, hours worked, educa0on, firm size, self-
employment status, and secondary job status. Technology variables are lagged one period and standardized (mean 0, std. 
dev. 1): Robots = robot density (robots per 10,000 workers); ICT measures real ICT capital per worker at the country–
industry level (in constant 2015 euros), constructed as the sum of IT equipment, communica0ons equipment, and sosware 
and database capital. Coefficients represent the effect of a one standard devia0on increase in exposure. Dependent 
variables: Re0rement age = preferred re0rement age (years; 2015, 2024); Early re0rement = indicator equal to one if the 
preferred re0rement age is below the statutory re0rement age (2015, 2024); Uncertain = indicator equal to one if the 
respondent reports not knowing their preferred re0rement age (2015, 2024); Able to work = indicator equal to one if the 
respondent expects to be able to work un0l at least age 60 (2005, 2010, 2015, 2024); Unwilling = indicator equal to one if 
the respondent reports that they would not want to con0nue working un0l age 60 (2005, 2010). Standard errors are 
clustered at the country-industry level. All regressions use survey weights. * p < 0.1, ** p < 0.05, *** p < 0.01 
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Table 5: Technology exposure and reNrement outcomes: AI sample 
 (1) (2) (3) (4) 
 ReNrement 

age 
Early 

reNrement 
Uncertain Able to work 

Robots -0.022 0.001 0.001 0.004** 
 (0.022) (0.003) (0.001) (0.002) 
ICT 0.050 -0.001 0.000 0.004 
 (0.038) (0.004) (0.001) (0.003) 
AI 0.054 -0.004 0.004 0.044*** 
 (0.054) (0.006) (0.004) (0.007) 
Mean DV 61.752 0.728 0.072 0.744 
R2 0.133 0.199 0.057 0.110 
ObservaNons 37,778 37,778 40,740 35,217 

Notes: All regressions include a sector indicator (manufacturing vs. non-manufacturing), ISCO 1-digit 
occupa0on, country, and year fixed effects, and controls for age group, gender, household size, hours worked, 
educa0on, firm size, self-employment status, and secondary job status. Technology variables are lagged one 
period and standardized (mean 0, std. dev. 1): Robots = robot density (robots per 10,000 workers); ICT 
measures real ICT capital per worker at the country–industry level (in constant 2015 euros), constructed as 
the sum of IT equipment, communica0ons equipment, and sosware and database capital; AI = occupa0on-
level AI exposure index. Coefficients represent the effect of a one standard devia0on increase in exposure. 
Dependent variables: Re0rement age = preferred re0rement age (years; 2015, 2024); Early re0rement = 
indicator equal to one if the preferred re0rement age is below the statutory re0rement age (2015, 2024); 
Uncertain = indicator equal to one if the respondent reports not knowing their preferred re0rement age 
(2015, 2024); Able to work = indicator equal to one if the respondent expects to be able to work un0l at least 
age 60 (2015, 2024). Standard errors are clustered at the country-industry level. All regressions use survey 
weights. * p < 0.1, ** p < 0.05, *** p < 0.01 
 

9. Robustness checks 
 

Including workers older than 60. The main analysis excludes workers older than 60 
because those who remain employed at older ages despite technological change consNtute a 
selected group. Tables A1 and A2 replicate Tables 4 and 5 afer including these workers. The 
esNmates closely resemble the baseline results. In Table A1, robot exposure remains posiNvely 
associated with perceived ability to conNnue working unNl at least age 60, while ICT exposure 
remains staNsNcally insignificant across all outcomes. In the AI sample reported in Table A2, robot 
and AI exposure remain posiNvely and significantly associated with perceived ability to conNnue 
working, while the ICT coefficient is posiNve but staNsNcally insignificant. None of the 
technologies significantly predict preferred reNrement age, early-reNrement preferences, or 
uncertainty about reNrement Nming. 

 
Excluding observa4ons with imputed preferred re4rement age. Similarly, excluding the 

imputed reNrement-age observaNons from the 2024 survey does not alter the substanNve 
conclusions (Tables A3 and A4).  
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Controlling for health and OSH. Table A5 examines whether the main esNmates remain 

robust to health- and workplace-related controls in the 2015–2024 sample used in Table 5. The 
specificaNons sequenNally add self-reported health saNsfacNon, perceived health risks at work, 
and occupaNonal safety and health (OSH) representaNon.6 These measures likely correlate with 
reNrement preferences and expectaNons, and technological exposure may itself affect them. They 
may therefore consNtute “bad controls,” and these analyses are only exploratory. 

 
Table A5 shows that workers reporNng high health saNsfacNon prefer later reNrement, 

have a lower probability of preferring early reNrement, and are substanNally more likely to expect 
they can conNnue working unNl at least age 60. Perceived health risks at work show the opposite 
pa[ern. The pa[erns related to having an OSH delegate are not clear-cut. 

 
Adding these controls leaves the main conclusions broadly unchanged. Robot and ICT 

exposure remain unrelated to preferred reNrement age, early-reNrement preferences, and 
uncertainty about reNrement Nming. Robot exposure remains posiNvely associated with 
perceived ability to work unNl at least age 60. The corresponding ICT coefficient remains smaller 
and staNsNcally insignificant throughout. The posiNve associaNon between AI exposure and 
perceived work ability remains staNsNcally significant but declines in magnitude. Overall, 
observed health and workplace condiNons parNally a[enuate the AI coefficient but do not 
eliminate the main associaNon. 

 
Instrumental variables techniques. In our main specificaNons, we lag the roboNzaNon, 

ICT, and AI measures to miNgate reverse causality issues. But several endogeneity concerns 
remain. First, technology adopNon may respond to unobserved industry characterisNcs, such as 
changes in labor demand, working condiNons, or workforce composiNon, that also affect 
reNrement expectaNons. Second, workers may sort into industries and occupaNons with different 
levels of technological exposure based on unobserved characterisNcs related to reNrement 
preferences. For example, workers with higher levels of openness may be more likely to sort into 
industries with higher levels of technological adopNon and may be more likely to delay 
reNrement.7  

 
To assess the robustness of our findings to endogeneity concerns, we instrument each 

technology measure with a leave-one-out peer-exposure measure. For robots and ICT, we 
calculate the mean exposure in the same industry and year across all other sample countries. For 

 
6 We classify respondents repor0ng good or very good health as having rela0vely good health, while grouping fair, 
bad, and very bad health in the reference category and retaining missing responses as a separate category. Perceived 
health risks at work indicate whether respondents believe that their work endangers their health. OSH 
representa0on indicates whether an occupa0onal safety and health representa0ve operates at the respondent’s 
workplace. We also retain missing responses to these variables as separate categories to preserve the sample size, 
but we aHach no substan0ve interpreta0on to their coefficients. 
7 A related concern is that industry-level measures of technology exposure may contain measurement error, which 
can aHenuate es0mated coefficients. 
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AI, we calculate the corresponding mean for the same two-digit occupaNon and period across all 
other countries.  

 
The instrument exploits the cross-country diffusion of technologies within comparable 

industries (and occupaNons, respecNvely, in the case of AI). Technological advances “at the 
technological fronNer” that make robots more producNve in automobile manufacturing, for 
example, should encourage adopNon in that industry in other countries. Similarly, reducNons in 
ICT costs or advances in AI capabiliNes should affect the same industries or occupaNons 
internaNonally. Peer exposure therefore captures shifs in the industry- or occupaNon-specific 
technological fronNer that predict exposure in the respondent’s country. The leave-one-out 
construcNon removes the direct contribuNon of domesNc adopNon, limiNng the influence of 
country-specific labor-market condiNons and reNrement preferences on the instrument. 

 
Instrument validity also requires saNsfying the exclusion restricNon. CondiNonal on the 

included controls and fixed effects, peer technology adopNon in the same industry or occupaNon 
abroad must affect a worker’s reNrement expectaNons only through domesNc technology 
exposure. This condiNon would fail if common internaNonal shocks influenced both foreign 
technology exposure and domesNc reNrement expectaNons through other channels. PotenNal 
threats include shifs in internaNonal demand, import compeNNon, offshoring, regulatory 
changes, and the simultaneous diffusion of related technologies. Common occupaNon-specific 
changes in job content or labor demand also raise concerns for the AI instrument. Country and 
year fixed effects absorb economy-wide naNonal shocks and common aggregate Nme shocks, but 
they do not fully absorb internaNonal industry-year or occupaNon-year shocks. We therefore 
present the IV esNmates as robustness checks rather than definiNve causal esNmates. 

 
Appendix Table A6 reproduces Table 4 using a 2SLS esNmator. Appendix Tables A7 and A8 

report the corresponding first-stage regressions for robot and ICT exposure. Appendix Table A9 
reproduces the specificaNons in Table 5 using IV, while Appendix Tables A10–A12 denote the 
associated first-stage regressions for robot, ICT, and AI exposure. We standardize the domesNc 
technology measures and their corresponding leave-one-out instruments to have a mean of zero 
and a standard deviaNon of one. 

 
The first-stage esNmates show that the peer measures strongly predict the corresponding 

domesNc technology measures. A one-standard-deviaNon increase in peer robot exposure 
predicts a 0.725–0.758-standard-deviaNon increase in domesNc robot exposure (Tables A7 and 
A10). A one-standard-deviaNon increase in peer ICT exposure predicts a 0.444–0.486-standard-
deviaNon increase in domesNc ICT exposure (Tables A8 and A11). For AI exposure, the 
corresponding coefficient ranges from 0.950 to 0.956 (Table A12). The Kleibergen–Paap F-
staNsNcs range from 23.11 to 49.10 when we instrument robot and ICT exposure jointly (Table 
A6) and from 15.26 to 15.60 when we instrument all three technologies jointly (Table A9).  

 
The IV esNmates in Table A6 differ from the baseline esNmates. A one-standard-deviaNon 

increase in robot exposure is associated with a 0.077-year reducNon in preferred reNrement age, 
compared with an insignificant esNmate of −0.022 in Table 4. ICT exposure is associated with a 
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0.166-year increase in preferred reNrement age, compared with an insignificant baseline esNmate 
of 0.056. These IV esNmates correspond to approximately 0.9 fewer months of preferred working 
life for robot exposure and 2 months for ICT exposure. ICT exposure is also associated with a 1.5-
percentage-point reducNon in the probability of preferring early reNrement, a 0.6-percentage-
point reducNon in uncertainty, and a 1.6-percentage-point increase in perceived ability to 
conNnue working. Robot exposure has a smaller posiNve associaNon of 0.4 percentage points with 
perceived work ability. Neither technology is significantly associated with unwillingness to 
conNnue working. 

 
Table A9 reports the IV esNmates for the AI sample. Robot exposure is negaNvely 

associated with preferred reNrement age, while ICT exposure is posiNvely associated with 
preferred reNrement age and negaNvely associated with early-reNrement preferences. ICT 
exposure also has a small, marginally significant negaNve associaNon with uncertainty about 
reNrement Nming. AI exposure is not staNsNcally associated with preferred reNrement age, early-
reNrement preferences, or uncertainty. However, a one-standard-deviaNon increase in AI 
exposure is associated with a 5.1-percentage-point increase in the probability of reporNng an 
ability to conNnue working unNl at least age 60. This esNmate slightly exceeds the corresponding 
baseline associaNon of 4.4 percentage points in Table 5. For perceived work ability, the robot 
esNmate is insignificant, while the ICT esNmate is posiNve and marginally significant. 
 

10. Heterogeneity analysis  
 

10.1. By age 

Retirement intentions and expectations about working life in old age may be more 
relevant for older than younger workers. Older workers could be particularly vulnerable to 
automation because of a lack of digital skills (Cazzaniga et al., 2024) and may, as a result, plan an 
earlier exit from the labor force. In general, technological change accelerates skill obsolescence 
among older workers, who may find it too late in their careers to adjust quickly to new 
technologies (Ahituv & Zeira, 2011; Albinowski & Lewandowski, 2024). 

Potentially, technologies such as robots could alleviate the physical burden of work and 
prolong working lives. Consistent with this view, older workers appear less likely than younger 
workers to perceive automation as a direct threat to their careers. They may instead associate 
technological progress with broader improvements in work and society in Norway (Schwabe, 
2019). Moreover, theoretical work suggests that smart machines may substitute for younger, 
less-skilled workers while complementing older, more-skilled workers, potentially increasing 
older employees' productivity and job quality (Sachs & Kotlikoff, 2012). Empirical evidence on 
robot adoption also points to greater complementarity between robots and older workers and 
greater substitutability between robots and younger workers (Battisti & Gravina, 2021). Finally, 
technological progress also raises average wages, which may incentivize older workers to remain 
longer in the workforce (Ahituv & Zeira, 2011). 
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To examine whether the associations between technological exposure and retirement 
expectations vary by age, we interact each technology measure with indicators for workers aged 
35–49 and 50–60, using workers aged 15–34 as the reference group. Table 6 reveals several age 
differences. Most notably, the association between ICT exposure and preferred retirement age 
becomes more positive with age. Relative to workers aged 15–34, the estimated association is 
0.221 years more positive among workers aged 35–49 and 0.298 years more positive among 
workers aged 50–60. The joint test rejects equality of the ICT associations across age groups 
(p=0.003).  

Age differences also emerge in uncertainty about preferred retirement age. Relative to 
workers aged 15–34, the associations of ICT and AI exposure with uncertainty are more positive 
in both older age groups. The association with robots is also more positive among workers aged 
35–49. The joint tests reject equality across age groups for robots, ICT, and AI. 

For early-retirement preferences, the association with AI exposure is more negative 
among workers aged 50–60 than among workers aged 15–34. For perceived work ability, the 
association with robot exposure is more negative among workers aged 50–60. The association 
with ICT exposure is more positive in both older age groups, while the association with AI 
exposure is more negative among workers aged 50–60. These interactions are statistically 
significant, and the joint tests reject equality across age groups for robots, ICT, and AI. 

Overall, Table 6 suggests that technological exposure does not relate uniformly more or 
less favorably to retirement expectations among older workers. The direction and magnitude of 
the age differences depend on both the technology and the outcome. 
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Table 6: Technology exposure and reNrement outcomes, heterogeneity by age 
 (1) (2) (3) (4) 
 ReNrement age Early reNrement Uncertain Able to work 
Robots -0.044 0.003 -0.002 0.010* 
 (0.033) (0.004) (0.002) (0.005) 
ICT -0.128** 0.008 -0.005** -0.012* 
 (0.063) (0.010) (0.003) (0.007) 
AI 0.103* 0.003 -0.004 0.062*** 
 (0.058) (0.008) (0.005) (0.010) 
Age 35-49 0.034 0.017 -0.015* 0.068*** 
 (0.143) (0.016) (0.008) (0.020) 
Age 50-60 0.885*** 0.009 -0.030** 0.102*** 
 (0.166) (0.018) (0.012) (0.023) 
Age 35-49 x Robots 0.037 -0.004 0.003*** -0.002 
 (0.032) (0.004) (0.001) (0.007) 
Age 50-60 x Robots 0.015 -0.001 0.004 -0.017*** 
 (0.054) (0.006) (0.003) (0.006) 
Age 35-49 x ICT 0.221*** -0.010 0.006** 0.021*** 
 (0.077) (0.009) (0.003) (0.008) 
Age 50-60 x ICT 0.298*** -0.020 0.012*** 0.025*** 
 (0.087) (0.017) (0.004) (0.009) 
Age 35-49 x AI -0.075 -0.003 0.010** -0.017* 
 (0.073) (0.007) (0.004) (0.009) 
Age 50-60 x AI -0.099 -0.022** 0.012*** -0.036*** 
 (0.075) (0.009) (0.004) (0.013) 
Mean DV 61.752 0.728 0.072 0.744 
P: Robots x Age 
groups 

0.433 0.616 0.015 0.000 

P: ICT x Age groups 0.003 0.518 0.011 0.017 
P: AI x Age groups 0.412 0.012 0.016 0.013 
R-squared 0.137 0.200 0.059 0.113 
ObservaNons 37,778 37,778 40,740 35,217 

Notes: All regressions include a sector indicator (manufacturing vs. non-manufacturing), ISCO 1-digit 
occupa0on, country, and year fixed effects, gender, household size, hours worked, educa0on, firm size, self-
employment status, and secondary job status. Technology variables are lagged one period and standardized 
(mean 0, std. dev. 1): Robots = robot density (robots per 10,000 workers); ICT measures real ICT capital per 
worker at the country–industry level (in constant 2015 euros), constructed as the sum of IT equipment, 
communica0ons equipment, and sosware and database capital; AI = occupa0on-level AI exposure index. 
Coefficients represent the effect of a one standard devia0on increase in exposure. Dependent variables: 
Re0rement age = preferred re0rement age (years; 2015, 2024); Early re0rement = indicator equal to one if 
the preferred re0rement age is below the statutory re0rement age (2015, 2024); Uncertain = indicator equal 
to one if the respondent reports not knowing their preferred re0rement age (2015, 2024); Able to work = 
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indicator equal to one if the respondent expects to be able to work un0l at least age 60 (2015, 2024). 
Standard errors are clustered at the country-industry level. ‘P:’ reports the p-value from a joint test that both 
age-group interac0on coefficients equal zero. All regressions use survey weights. * p < 0.1, ** p < 0.05, *** p < 
0.01 
 

10.2. By gender  
 

Table 7 shows no evidence that the associaNons between robot exposure and reNrement 
outcomes differ by gender. None of the interacNon terms between robot exposure and the male 
indicator are staNsNcally significant. 

 
For ICT exposure, the only staNsNcally significant gender difference concerns preferred 

reNrement age. ICT exposure is posiNvely associated with preferred reNrement age among 
women, whereas the corresponding associaNon among men is close to zero and slightly negaNve. 
The interacNons for early-reNrement preferences, uncertainty, and perceived work ability are not 
staNsNcally significant. 
 

For AI exposure, the only significant gender difference concerns perceived ability to 
conNnue working unNl at least age 60. The associaNon is 1.6 percentage points less posiNve 
among men than among women. The table provides no evidence of gender differences for the 
other reNrement outcomes. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 38 

 
 
 
Table 7: Technology exposure and reNrement outcomes, heterogeneity by gender 
 (1) (2) (3) (4) 
 ReNrement 

age 
Early 

reNrement 
Uncertain Able to work 

Robots -0.005 0.004 0.003 0.002 
 (0.046) (0.003) (0.004) (0.004) 
ICT 0.207*** 0.001 -0.001 0.007 
 (0.059) (0.005) (0.002) (0.004) 
AI 0.057 0.000 0.006 0.051*** 
 (0.055) (0.007) (0.004) (0.008) 
Male 0.919*** -0.016 -0.004 0.046*** 
 (0.083) (0.010) (0.004) (0.007) 
Male × Robots -0.022 -0.004 -0.003 0.002 
 (0.039) (0.003) (0.004) (0.004) 
Male × ICT -0.233*** -0.002 0.002 -0.003 
 (0.069) (0.006) (0.002) (0.005) 
Male × AI 0.009 -0.010 -0.005 -0.016** 
 (0.064) (0.007) (0.003) (0.007) 
Mean DV 61.752 0.728 0.072 0.744 
P: Robots × Male 0.570 0.141 0.491 0.520 
P: ICT × Male 0.001 0.717 0.443 0.520 
P: AI × Male 0.887 0.153 0.133 0.018 
R2 0.134 0.199 0.058 0.110 
ObservaNons 37,767 37,767 40,728 35,199 

Notes: All regressions include a sector indicator (manufacturing vs. non-manufacturing), ISCO 1-digit occupa0on, 
country, and year fixed effects, and controls for age group, household size, hours worked, educa0on, firm size, self-
employment status, and secondary job status. Technology variables are lagged one period and standardized (mean 
0, std. dev. 1): Robots = robot density (robots per 10,000 workers); ICT measures real ICT capital per worker at the 
country–industry level (in constant 2015 euros), constructed as the sum of IT equipment, communica0ons 
equipment, and sosware and database capital; AI = occupa0on-level AI exposure index. Coefficients represent the 
effect of a one-standard-devia0on increase in exposure. Dependent variables: Re0rement age = preferred 
re0rement age (years; 2015, 2024); Early re0rement = indicator equal to one if the preferred re0rement age is below 
the statutory re0rement age (2015, 2024); Uncertain = indicator equal to one if the respondent reports not knowing 
their preferred re0rement age (2015, 2024); Able to work = indicator equal to one if the respondent expects to be 
able to work un0l at least age 60 (2015, 2024). Standard errors are clustered at the country-industry level. 'P:' reports 
p-values for tests of the null hypothesis that each interac0on coefficient equals zero. All regressions use survey 
weights. * p < 0.1, ** p < 0.05, *** p < 0.01 
 

10.3. By sector 
 

Table 8 provides limited evidence of sectoral heterogeneity. RelaNve to non-
manufacturing, the associaNon between robot exposure and preferred reNrement age is more 
posiNve for respondents working in the manufacturing sector, although the difference is only 
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marginally significant. The associaNon between robot exposure and reNrement uncertainty is 
more negaNve for respondents in manufacturing. The associaNon between ICT exposure and 
perceived ability to conNnue working unNl at least age 60 is also more negaNve in manufacturing, 
although this difference is only marginally significant. The associaNon between robot exposure 
and perceived work ability is also more posiNve in manufacturing than in non-manufacturing. The 
remaining interacNon esNmates do not differ significantly by sector. Because robot exposure is 
concentrated in manufacturing, the robot esNmates for non-manufacturing workers require 
parNcular cauNon. 
 
Table 8: Technology exposure and reNrement outcomes, heterogeneity by sector 

 (1) (2) (3) (4) 
 ReNrement 

age 
Early 

reNrement 
Uncertain Able to work 

Robots  -3.217* 0.135 0.151*** -0.233** 
 (1.771) (0.142) (0.057) (0.103) 
ICT  0.044 -0.001 0.001 0.005 
 (0.039) (0.004) (0.001) (0.003) 
AI  0.072 -0.005 0.002 0.044*** 
 (0.055) (0.006) (0.004) (0.007) 
Manufacturing 0.222 0.007 -0.019** 0.034* 
 (0.254) (0.020) (0.008) (0.018) 
Manufacturing × Robots 3.198* -0.134 -0.151*** 0.238** 
 (1.770) (0.142) (0.057) (0.103) 
Manufacturing × ICT -0.043 0.002 0.003 -0.011* 
 (0.073) (0.008) (0.004) (0.006) 
Manufacturing × AI -0.079 0.004 0.007 0.007 
 (0.073) (0.008) (0.005) (0.008) 
Mean DV 61.752 0.728 0.072 0.744 
P: Robots × Sector 0.072 0.345 0.009 0.021 
P: ICT × Sector 0.552 0.817 0.418 0.081 
P: AI × Sector 0.283 0.638 0.133 0.364 
R2 0.133 0.199 0.058 0.110 
ObservaNons 37,778 37,778 40,740 35,217 
Notes:  All regressions include ISCO 1-digit occupa0on, country, and year fixed effects, and controls for age group, 
gender, household size, hours worked, educa0on, firm size, self-employment status, and secondary job status. 
Technology variables are lagged one period and standardized (mean 0, std. dev. 1): Robots = robot density (robots per 
10,000 workers); ICT measures real ICT capital per worker at the country–industry level (in constant 2015 euros), 
constructed as the sum of IT equipment, communica0ons equipment, and sosware and database capital; AI = 
occupa0on-level AI exposure index. Coefficients represent the effect of a one standard devia0on increase in exposure. 
Dependent variables: Re0rement age = preferred re0rement age (years; 2015, 2024); Early re0rement = indicator equal 
to one if the preferred re0rement age is below the statutory re0rement age (2015, 2024); Uncertain = indicator equal 
to one if the respondent reports not knowing their preferred re0rement age (2015, 2024); Able to work = indicator 
equal to one if the respondent expects to be able to work un0l at least age 60 (2015, 2024). Standard errors are clustered 
at the country-industry level. 'P:' reports p-values for tests of the null hypothesis that each interac0on coefficient equals 
zero. All regressions use survey weights. * p < 0.1, ** p < 0.05, *** p < 0.01 
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10.4. By educaNon and skill level 
 

Table 9 shows that the associaNons between technology exposure and several reNrement 
outcomes differ by occupaNonal skill level. The associaNon between AI exposure and preferred 
reNrement age is 0.356 years more negaNve among high-skilled workers than among lower-skilled 
workers. Among high-skilled workers, ICT exposure has more posiNve associaNons with preferred 
reNrement age and perceived ability to work unNl at least age 60. Robot exposure is more 
negatively associated with preferred retirement age and more positively associated with early-
reNrement preferences among high-skilled workers, although the former difference is only 
marginally significant. The robot associaNon with reNrement uncertainty is also more posiNve 
among high-skilled workers, again with only marginal significance. 
 

Table 10 also reveals differences by educaNonal a[ainment. At average levels of 
technology exposure, terNary-educated workers report higher preferred reNrement ages and 
greater perceived ability to work unNl at least age 60. RelaNve to workers without terNary 
educaNon, the associaNon between robot exposure and preferred reNrement age is more 
negaNve among terNary-educated workers, while its associaNons with early-reNrement 
preferences and reNrement uncertainty are more posiNve. The associaNon between ICT exposure 
and preferred reNrement age is more posiNve among terNary-educated workers, whereas its 
associaNon with early-reNrement preferences is more negaNve. The associaNon between AI 
exposure and early-reNrement preferences is more posiNve among this group. 
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Table 9: Technology exposure and reNrement outcomes, heterogeneity by worker skill level 
 (1) (2) (3) (4) 
 ReNrement 

age 
Early 

reNrement 
Uncertain Able to work 

Robots 0.001 -0.002 -0.000 0.005* 
 (0.026) (0.003) (0.001) (0.002) 
ICT -0.053 0.004 -0.001 -0.010** 
 (0.051) (0.005) (0.002) (0.005) 
AI 0.256*** -0.016 -0.001 0.060*** 
 (0.076) (0.013) (0.006) (0.009) 
High-skilled -0.087 0.006 -0.028** 0.060*** 
 (0.263) (0.028) (0.013) (0.020) 
High-skilled × 
Robots 

-0.056* 0.007** 0.002* 0.001 

 (0.031) (0.003) (0.001) (0.003) 
High-skilled × ICT 0.164** -0.008* 0.003 0.022*** 
 (0.067) (0.004) (0.003) (0.006) 
High-skilled × AI -0.356*** 0.021 0.009 -0.026* 
 (0.096) (0.017) (0.007) (0.015) 
Mean DV 61.752 0.728 0.072 0.744 
P: Robots × Skill 0.071 0.041 0.083 0.821 
P: ICT × Skill 0.015 0.067 0.369 0.000 
P: AI × Skill 0.000 0.221 0.221 0.079 
R2 0.134 0.200 0.058 0.111 
ObservaNons 37,778 37,778 40,740 35,217 

Notes:  All regressions include a sector indicator (manufacturing vs. non-manufacturing), ISCO 1-digit 
occupa0on, country, and year fixed effects, and controls for age group, gender, household size, hours 
worked, educa0on, firm size, self-employment status, and secondary job status. Technology variables are 
lagged one period and standardized (mean 0, std. dev. 1): Robots = robot density (robots per 10,000 
workers); ICT measures real ICT capital per worker at the country–industry level (in constant 2015 euros), 
constructed as the sum of IT equipment, communica0ons equipment, and sosware and database capital; AI 
= occupa0on-level AI exposure index. Coefficients represent the effect of a one standard devia0on increase 
in exposure. Dependent variables: Re0rement age = preferred re0rement age (years; 2015, 2024); Early 
re0rement = indicator equal to one if the preferred re0rement age is below the statutory re0rement age 
(2015, 2024); Uncertain = indicator equal to one if the respondent reports not knowing their preferred 
re0rement age (2015, 2024); Able to work = indicator equal to one if the respondent expects to be able to 
work un0l at least age 60 (2015, 2024). Standard errors are clustered at the country-industry level. 'P:' 
reports p-values for tests of the null hypothesis that each interac0on coefficient equals zero. High-skilled is 
defined as managers, professionals, technicians, and associate professionals (ISCO-08 codes 1-3), and 0 
otherwise. All regressions use survey weights.* p < 0.1, ** p < 0.05, *** p < 0.01 
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Table 10: Technology exposure and reNrement outcomes, heterogeneity by worker educaNon level 
 (1) (2) (3) (4) 
 ReNrement 

age 
Early 

reNrement 
Uncertain Able to work 

Robots -0.000 -0.002 -0.000 0.003 
 (0.024) (0.003) (0.001) (0.003) 
ICT -0.013 0.004 -0.001 0.001 
 (0.046) (0.004) (0.002) (0.004) 
AI 0.089 -0.013 0.001 0.042*** 
 (0.069) (0.008) (0.005) (0.008) 
TerNary educaNon 0.467*** -0.004 -0.021** 0.028** 
 (0.119) (0.018) (0.008) (0.013) 
TerNary educaNon × Robots -0.058** 0.008*** 0.003*** 0.006 
 (0.023) (0.003) (0.001) (0.004) 
TerNary educaNon × ICT 0.129** -0.010** 0.003 0.006 
 (0.053) (0.004) (0.002) (0.005) 
TerNary × AI -0.053 0.016** 0.006 0.005 
 (0.089) (0.008) (0.004) (0.011) 
Mean DV 61.752 0.728 0.072 0.744 
P: Robots × EducaNon 0.013 0.004 0.009 0.190 
P: ICT × EducaNon 0.017 0.032 0.167 0.236 
P: AI × EducaNon 0.549 0.033 0.191 0.638 
R2 0.134 0.200 0.057 0.110 
ObservaNons 37,702 37,702 40,647 35,155 
Notes:  All regressions include a sector indicator (manufacturing vs. non-manufacturing), ISCO 1-digit occupa0on, 
country, and year fixed effects, and controls for age group, gender, household size, hours worked, educa0on, firm size, 
self-employment status, and secondary job status. Technology variables are lagged one period and standardized (mean 
0, std. dev. 1): Robots = robot density (robots per 10,000 workers); ICT measures real ICT capital per worker at the 
country–industry level (in constant 2015 euros), constructed as the sum of IT equipment, communica0ons equipment, 
and sosware and database capital; AI = occupa0on-level AI exposure index. Coefficients represent the effect of a one 
standard devia0on increase in exposure. Dependent variables: Re0rement age = preferred re0rement age (years; 2015, 
2024); Early re0rement = indicator equal to one if the preferred re0rement age is below the statutory re0rement age 
(2015, 2024); Uncertain = indicator equal to one if the respondent reports not knowing their preferred re0rement age 
(2015, 2024); Able to work = indicator equal to one if the respondent expects to be able to work un0l at least age 60 
(2015, 2024). Standard errors are clustered at the country-industry level. 'P:' reports p-values for tests of the null 
hypothesis that each interac0on coefficient equals zero. Ter0ary educa0on is defined as having a ter0ary educa0on 
degree and as 0 for having an elementary or high-school educa0on. All regressions use survey weights.  * p < 0.1, ** p < 
0.05, *** p < 0.01 

 
10.5. By worker firm tenure and training 

 
Table 11 provides limited evidence that the associaNons between technology exposure 

and reNrement expectaNons differ by tenure. RelaNve to workers with less than two years at their 
current employer, the associaNon between ICT exposure and preferred reNrement age is 0.209 
years more posiNve among workers with longer tenure. 
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Tenure differences also emerge for reNrement uncertainty. The associaNons of ICT and AI 

exposure with uncertainty are more posiNve among workers with at least two years at their 
current employer. The difference for ICT is marginally significant, whereas the difference for AI is 
staNsNcally significant. The robot interacNons and all remaining interacNons are staNsNcally 
insignificant. Given the likely endogeneity of tenure, these differences require cauNous 
interpretaNon. Overall, firm tenure plays a limited role, although it moderates the associaNon 
between ICT exposure and preferred reNrement age and the associaNons of ICT and AI exposure 
with reNrement uncertainty. 
 
Table 11: Technology exposure and reNrement outcomes, heterogeneity by tenure 
 (1) (2) (3) (4) 
 ReNrement age Early reNrement Uncertain Able to work 
Robots -0.026 0.002 -0.001 0.009 
 (0.044) (0.005) (0.002) (0.006) 
ICT -0.118** 0.008 -0.004 0.000 
 (0.055) (0.008) (0.002) (0.008) 
AI 0.108 0.000 -0.006 0.050*** 
 (0.080) (0.010) (0.005) (0.009) 
Tenure ≥ 2 years -0.277*** 0.034*** -0.016*** 0.021* 
 (0.091) (0.010) (0.005) (0.011) 
Tenure × Robots 0.006 -0.001 0.002 -0.006 
 (0.036) (0.005) (0.002) (0.007) 
Tenure × ICT 0.209*** -0.011 0.005* 0.005 
 (0.062) (0.007) (0.003) (0.010) 
Tenure × AI -0.064 -0.006 0.012*** -0.008 
 (0.084) (0.009) (0.004) (0.009) 
Mean DV 61.752 0.728 0.072 0.744 
P: Robots × Tenure 0.876 0.807 0.324 0.394 
P: ICT × Tenure 0.001 0.134 0.082 0.577 
P: AI × Tenure 0.443 0.544 0.008 0.407 
R2 0.134 0.200 0.058 0.110 
ObservaNons 37,778 37,778 40,740 35,217 

Notes:  All regressions include a sector indicator (manufacturing vs. non-manufacturing), ISCO 1-digit occupa0on, 
country, and year fixed effects, and controls for age group, gender, household size, hours worked, educa0on, firm 
size, self-employment status, and secondary job status. Technology variables are lagged one period and standardized 
(mean 0, std. dev. 1): Robots = robot density (robots per 10,000 workers); ICT measures real ICT capital per worker 
at the country–industry level (in constant 2015 euros), constructed as the sum of IT equipment, communica0ons 
equipment, and sosware and database capital; AI = occupa0on-level AI exposure index. Coefficients represent the 
effect of a one standard devia0on increase in exposure. Dependent variables: Re0rement age = preferred re0rement 
age (years; 2015, 2024); Early re0rement = indicator equal to one if the preferred re0rement age is below the 
statutory re0rement age (2015, 2024); Uncertain = indicator equal to one if the respondent reports not knowing 
their preferred re0rement age (2015, 2024); Able to work = indicator equal to one if the respondent expects to be 
able to work un0l at least age 60 (2015, 2024). Standard errors are clustered at the country-industry level. 'P:' reports 
p-values for tests of the null hypothesis that each interac0on coefficient equals zero. Tenure refers to the number 
of years at the same firm.  All regressions use survey weights.  * p < 0.1, ** p < 0.05, *** p < 0.01 
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Receiving training may increase reNrement age (Bartel & Sicherman, 1993; Messe et al., 
2014). We therefore examine whether the relaNonship between technology exposure and 
reNrement expectaNons differs between workers who received employer-provided training and 
those who did not. 

 
Table 12 shows no evidence that training moderates the associaNons between robot 

exposure and reNrement expectaNons. By contrast, the associaNons involving ICT exposure differ 
consistently by training parNcipaNon. Among workers who have undergone training, ICT exposure 
is more strongly posiNvely associated with preferred reNrement age, reNrement uncertainty, and 
perceived ability to work unNl age 60. It also has a more negaNve associaNon with early-
reNrement preferences, although this difference is only marginally staNsNcally significant. The 
results for preferred reNrement age and perceived work ability broadly align with Messe et al. 
(2014). 

 
Most AI interacNons are not staNsNcally significant. Overall, the esNmates show several 

differences by training parNcipaNon for ICT exposure, one difference for AI exposure, and no 
staNsNcally significant differences for robot exposure. 
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Table 12: Technology exposure and reNrement outcomes, heterogeneity by training 
 (1) (2) (3) (4) 
 ReNrement 

age 
Early 

reNrement 
Uncertain Able to work 

Robots -0.012 -0.002 -0.001 0.006* 
 (0.038) (0.004) (0.001) (0.003) 
ICT -0.079 0.005 -0.005** -0.011* 
 (0.054) (0.005) (0.002) (0.006) 
AI 0.077 -0.012* 0.005 0.048*** 
 (0.063) (0.007) (0.005) (0.008) 
Training -0.248*** 0.030*** -0.017*** -0.003 
 (0.071) (0.007) (0.004) (0.007) 
Training × Robots -0.011 0.003 0.002 -0.003 
 (0.036) (0.004) (0.002) (0.004) 
Training × ICT 0.176*** -0.009* 0.008*** 0.020*** 
 (0.048) (0.005) (0.003) (0.007) 
Training × AI -0.032 0.012** -0.002 -0.005 
 (0.051) (0.005) (0.004) (0.007) 
Mean DV 61.750 0.728 0.072 0.744 
P: Robots × 
Training 

0.769 0.450 0.300 0.461 

P: ICT × Training 0.000 0.059 0.003 0.008 
P: AI × Training 0.529 0.023 0.636 0.479 
R2 0.134 0.200 0.058 0.110 
ObservaNons 37,701 37,701 40,649 35,151 

Notes:  All regressions include a sector indicator (manufacturing vs. non-manufacturing), ISCO 1-digit occupa0on, 
country, and year fixed effects, and controls for age group, gender, household size, hours worked, educa0on, firm 
size, self-employment status, and secondary job status. Technology variables are lagged one period and standardized 
(mean 0, std. dev. 1): Robots = robot density (robots per 10,000 workers); ICT measures real ICT capital per worker 
at the country–industry level (in constant 2015 euros), constructed as the sum of IT equipment, communica0ons 
equipment, and sosware and database capital; AI = occupa0on-level AI exposure index. Coefficients represent the 
effect of a one standard devia0on increase in exposure. Dependent variables: Re0rement age = preferred re0rement 
age (years; 2015, 2024); Early re0rement = indicator equal to one if the preferred re0rement age is below the 
statutory re0rement age (2015, 2024); Uncertain = indicator equal to one if the respondent reports not knowing 
their preferred re0rement age (2015, 2024); Able to work = indicator equal to one if the respondent expects to be 
able to work un0l at least age 60 (2015, 2024). Standard errors are clustered at the country-industry level. 'P:' reports 
p-values for tests of the null hypothesis that each interac0on coefficient equals zero. Training refers to on-the-job 
training or other employer-provided training.  All regressions use survey weights.  * p < 0.1, ** p < 0.05, *** p < 0.01 
 

11. Technology, tasks, and reNrement 
 

While robots, ICT, and AI can all automate rouNne tasks, they differ in the nature of the 
acNviNes they affect. Robots are primarily associated with automaNng rouNne manual tasks, ICT 
with automaNng rouNne cogniNve tasks, and AI with automaNng rouNne cogniNve tasks as well 
as an increasing range of non-rouNne cogniNve acNviNes. We explored how the tasks that 
individual workers perform influence the relaNonship between technologies and reNrement 
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outcomes. To this end, we construct four task indices following Nikolova et al. (2025), which 
adapts the task framework of Acemoglu and Autor (2011) to harmonized worker-level data from 
the European Working CondiNons Survey (EWCS). We recode the survey items so higher values 
consistently represent greater task intensity and standardize them across the pooled survey 
waves. Because most items use ordinal response scales, we esNmate a polychoric correlaNon 
matrix for each domain and apply principal component analysis separately to each matrix. We 
retain the first principal component and standardize each resulNng index to a mean of zero and a 
standard deviaNon of one.8  The task indices are moderately correlated and therefore capture 
disNnct dimensions of work acNviNes: the strongest correlaNon occurs between physical and 
rouNne tasks (0.37), with comparaNvely weak correlaNons across the remaining task domains. 9 

 
Table 13 reports regressions that interact each technology measure with all four 

standardized task indices simultaneously. Because the task indices are standardized, each main 
technology coefficient represents its esNmated associaNon when all four task indices are at their 
mean values. A significant interacNon indicates that the associaNon changes with task intensity, 
but does not necessarily mean that the condiNonal associaNon at either task level is itself 
staNsNcally significant. The joint tests show that the robot interacNons are collecNvely significant 
for all four outcomes. The ICT interacNons are jointly significant for perceived work ability and 
marginally significant for preferred reNrement age, while the AI interacNons are jointly significant 
only for perceived work ability. 
 

Several individual differences involve rouNne-task intensity. As rouNne intensity increases, 
the ICT associaNon with preferred reNrement age becomes more negaNve, while the robot 
associaNon becomes more posiNve. In both cases, the point esNmate changes direcNon, although 
the baseline coefficients are not staNsNcally significant and the ICT interacNon is only marginally 
significant. Greater rouNne intensity also makes the robot associaNon with reNrement uncertainty 

 
8 The physical task index includes (i) working in 0ring or painful posi0ons and (ii) carrying or moving heavy loads. The 
rou0ne task index includes (i) repe00ve hand or arm movements, (ii) monotonous tasks, (iii) work pace determined 
by automa0c machine speed or product movement, (iv) short repe00ve tasks of less than one minute, (v) short 
repe00ve tasks of less than ten minutes, (vi) inability to choose or change the order of tasks, and (vii) inability to 
choose or change the speed or rate of work. The abstract task index includes (i) solving unforeseen problems, (ii) 
performing complex tasks, (iii) learning new things, and (iv) applying one’s own ideas at work. The social task index 
includes (i) dealing directly with customers, pupils, pa0ents, or other non-employees, (ii) work pace determined by 
customer or client demands, and (iii) supervising other employees. Nikolova et al. (2025) include handling angry 
clients or customers” in their index but we exclude it here because it is not available in 2005. Robot exposure shows 
no sta0s0cally significant associa0on with any task index, but the paHerns are in line with Nikolova et al. (2025). ICT 
exposure is associated with lower perceived physical, abstract, and social tasks and more perceived rou0ne tasks. AI 
exposure is linked with lower physical and rou0ne-task intensity, while its associa0ons with abstract and social tasks 
are sta0s0cally insignificant. Because these regressions remain descrip0ve and task content may respond 
endogenously to technology exposure, we interpret them cau0ously. 
9 The first principal component explains 76.5% of the varia0on in physical tasks, 38.6% in rou0ne tasks, 57.9% in 
abstract tasks, and 53.4% in social tasks. KMO sta0s0cs indicate acceptable, although not strong, factorability for the 
rou0ne and abstract indices (0.654 and 0.676) and only marginal factorability for the social index (0.503). The physical 
index has a KMO of 0.500, but this sta0s0c provides liHle diagnos0c informa0on for a two-item index. Cronbach’s 
alphas indicate moderate internal consistency for the physical, rou0ne, and abstract indices (0.625, 0.599, and 0.615) 
and weaker consistency for the social index (0.458). 
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and the ICT associaNon with perceived work ability more negaNve. The AI associaNon with 
perceived work ability becomes more posiNve, although this interacNon is only marginally 
significant. 
 

Other task domains reveal addiNonal differences. Greater social-task intensity makes the 
robot associaNon with perceived work ability more posiNve and its associaNon with reNrement 
uncertainty more negaNve. Greater abstract-task intensity makes the robot associaNon with 
perceived work ability more negaNve and its associaNon with early-reNrement preferences 
marginally more posiNve. For ICT, greater social-task intensity makes the associaNon with 
reNrement uncertainty more negaNve, while greater abstract-task intensity makes the associaNon 
with preferred reNrement age marginally more posiNve. None of the interacNons with physical-
task intensity is staNsNcally significant. Overall, task-related heterogeneity is most consistent for 
robot exposure, whereas the differences involving ICT and AI are concentrated in parNcular 
outcomes. 
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Table 13: Technology exposure and reNrement outcomes: task heterogeneity 
 (1) (2) (3) (4) 
 ReNrement 

age 
Early 

reNrement 
Uncertain Able to work 

Robots -0.015 0.001 -0.001 0.012*** 
 (0.020) (0.003) (0.001) (0.002) 
ICT 0.025 0.001 -0.002 0.001 
 (0.038) (0.004) (0.002) (0.004) 
AI 0.032 -0.005 0.003 0.034*** 
 (0.051) (0.006) (0.004) (0.007) 
Physical tasks -0.252*** 0.010** -0.003 -0.081*** 
 (0.043) (0.004) (0.002) (0.007) 
RouNne tasks -0.052 0.008** -0.001 -0.016*** 
 (0.033) (0.003) (0.002) (0.003) 
Abstract tasks -0.089*** 0.012*** -0.009*** 0.015*** 
 (0.033) (0.004) (0.003) (0.004) 
Social tasks 0.016 -0.008* 0.000 -0.013** 
 (0.047) (0.005) (0.002) (0.005) 
Robots × Physical 0.021 -0.003 0.001 0.002 
 (0.014) (0.002) (0.001) (0.002) 
Robots × RouNne 0.021** -0.001 -0.004*** -0.001 
 (0.009) (0.001) (0.001) (0.002) 
Robots × Abstract -0.003 0.002* -0.000 -0.006*** 
 (0.015) (0.001) (0.001) (0.002) 
Robots × Social 0.016 0.000 -0.004*** 0.007*** 
 (0.016) (0.002) (0.001) (0.002) 
ICT × Physical 0.026 0.001 0.001 0.000 
 (0.028) (0.002) (0.001) (0.004) 
ICT × RouNne -0.057* -0.001 -0.000 -0.008** 
 (0.032) (0.003) (0.002) (0.004) 
ICT × Abstract 0.069* -0.004 0.003 0.002 
 (0.038) (0.003) (0.002) (0.004) 
ICT × Social 0.034 0.001 -0.003** -0.001 
 (0.026) (0.003) (0.001) (0.003) 
AI × Physical 0.019 -0.001 -0.002 0.003 
 (0.042) (0.004) (0.002) (0.006) 
AI × RouNne 0.035 0.001 0.002 0.008* 
 (0.027) (0.003) (0.002) (0.005) 
AI × Abstract 0.008 -0.000 0.002 -0.006 
 (0.029) (0.002) (0.002) (0.004) 
AI × Social -0.034 0.003 -0.001 -0.006 
 (0.035) (0.003) (0.002) (0.004) 
Mean DV 61.759 0.731 0.066 0.746 
P: Robots × all 0.009 0.020 0.000 0.000 
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tasks 
P: ICT × all tasks 0.059 0.573 0.109 0.017 
P: AI × all tasks 0.573 0.819 0.648 0.003 
R2 0.137 0.198 0.055 0.142 
ObservaNons 35,094 35,094 37,589 32846 
Notes: All regressions include a sector indicator (manufacturing vs. non-manufacturing), ISCO 1-digit 
occupa0on, country, and year fixed effects, and controls for age group, gender, household size, hours worked, 
educa0on, firm size, self-employment status, and secondary job status. Technology variables are lagged one 
period and standardized (mean 0, std. dev. 1): Robots = robot density (robots per 10,000 workers); ICT 
measures real ICT capital per worker at the country-industry level; AI = occupa0on-level AI exposure index. 
Dependent variables: Re0rement age = preferred re0rement age (years; 2015, 2024); Early re0rement = 
indicator equal to one if the preferred re0rement age is below the statutory re0rement age (2015, 2024); 
Uncertain = indicator equal to one if the respondent reports not knowing their preferred re0rement age 
(2015, 2024); Able to work = indicator equal to one if the respondent expects to be able to work un0l at least 
age 60 (2015, 2024).  Task indices follow Nikolova et al. (2025) and are constructed using polychoric principal 
component analysis (PCA) of EWCS task items. Physical tasks include 0ring posi0ons and heavy loads; rou0ne 
tasks capture repe00ve and machine-paced work; abstract tasks capture problem-solving and learning 
ac0vi0es; social tasks capture interpersonal interac0ons and supervisory responsibili0es. All task indices are 
standardized to mean zero and standard devia0on one. Interac0on coefficients indicate whether the 
rela0onship between technology exposure and re0rement outcomes varies by task intensity. p-values 
reported in the table correspond to joint tests of the significance of all task interac0ons for each technology 
measure. Standard errors clustered at the country-industry level are reported in parentheses. All regressions 
use survey weights.   * p < 0.1, ** p < 0.05, *** p < 0.01. 

 
 

12. The role of the insNtuNonal context 
 

The insNtuNonal context may influence how workers respond to technological change 
because reNrement incenNves, pension generosity, labor market flexibility, and opportuniNes for 
later-life employment differ across welfare state regimes. Northern and ConNnental European 
countries generally have stronger social protecNon systems (Ferrera, 1996; Kammer et al., 2012) 
and higher labor market parNcipaNon at older ages (EC, 2024). Meanwhile, Southern European 
countries tend to rely more heavily on early reNrement pathways (Börsch-Supan et al., 2009) and 
family-based support (Bambra & Eikemo, 2009; Ferrera, 1996). Central and Eastern European 
countries, in turn, ofen exhibit less generous pension systems and more unstable labor market 
trajectories, which may affect how workers adjust to technological change and reNrement 
decisions. 
 
 Table 14 shows some evidence that the associaNons between technology exposure and 
reNrement outcomes differ across insNtuNonal contexts. For robot exposure, regional differences 
emerge for preferred reNrement age and early-reNrement preferences. RelaNve to Northern and 
ConNnental Europe, the negaNve point esNmate for preferred reNrement age is offset in Central 
and Eastern Europe, while the posiNve point esNmate for early-reNrement preferences reverses. 
The posiNve associaNon between robot exposure and reNrement uncertainty is also offset in 
Central and Eastern Europe, although the joint evidence of regional heterogeneity for this 
outcome is only marginally significant. In Southern Europe, the robot associaNon with preferred 
reNrement age is more posiNve, although this difference is also only marginally significant. 
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Regional differences are parNcularly evident for AI exposure. Its posiNve associaNon with 
preferred reNrement age in Northern and ConNnental Europe reverses in Central and Eastern 
Europe. Its posiNve associaNon with perceived ability to conNnue working is weaker in both 
Southern Europe and Central and Eastern Europe. Regional differences in the AI associaNon with 
reNrement uncertainty also emerge, driven mainly by Central and Eastern Europe. 
 

The results provide li[le evidence of regional heterogeneity in the associaNons involving 
ICT exposure. However, the ICT associaNon with reNrement uncertainty is more negaNve in 
Southern Europe, although the corresponding joint test across regions is not staNsNcally 
significant. Overall, insNtuNonal context is associated with several differences involving robot and 
AI exposure, while the associaNons involving ICT exposure remain broadly similar across regions. 
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Table 14: Technology exposure and reNrement outcomes: insNtuNonal context 
 (1) (2) (3) (4) 
 ReNrement 

age 
Early 

reNrement 
Uncertain Able to work 

Robots -0.047*** 0.004** 0.002** 0.005*** 
 (0.015) (0.002) (0.001) (0.002) 
ICT 0.020 -0.001 0.002 0.003 
 (0.047) (0.005) (0.002) (0.003) 
AI 0.125** -0.004 0.004 0.054*** 
 (0.061) (0.006) (0.004) (0.007) 
Southern 2.024*** -0.017 0.139*** 0.219*** 
 (0.243) (0.026) (0.011) (0.031) 
CEE -0.366 -0.143*** 0.123*** 0.043* 
 (0.223) (0.028) (0.011) (0.022) 
Southern × Robots 0.128* -0.015 -0.004 0.005 
 (0.073) (0.009) (0.004) (0.009) 
CEE × Robots 0.048** -0.007** -0.003** -0.002 
 (0.022) (0.003) (0.001) (0.003) 
Southern × ICT 0.090 -0.003 -0.008** 0.010 
 (0.096) (0.013) (0.004) (0.007) 
CEE × ICT 0.094 0.010 -0.003 -0.011 
 (0.077) (0.017) (0.006) (0.009) 
Southern × AI -0.058 -0.008 0.005 -0.030*** 
 (0.078) (0.008) (0.005) (0.007) 
CEE × AI -0.284*** 0.008 -0.006** -0.018** 
 (0.074) (0.008) (0.003) (0.007) 
Mean DV 61.752 0.728 0.072 0.744 
P: Robots × Region 0.030 0.034 0.052 0.652 
P: ICT × Region 0.394 0.807 0.134 0.132 
P: AI × Region 0.000 0.186 0.047 0.000 
R2 0.134 0.200 0.058 0.111 
ObservaNons 37,778 37,778 40,740 35,217 

Notes: All regressions include a sector indicator (manufacturing vs. non-manufacturing), ISCO 1-digit occupa0on, 
country, and year fixed effects, and controls for age group, gender, household size, hours worked, educa0on, firm 
size, self-employment status, and secondary job status. Technology variables are lagged one period and standardized 
(mean 0, std. dev. 1): Robots = robot density (robots per 10,000 workers); ICT measures real ICT capital per worker 
at the country-industry level; AI = occupa0on-level AI exposure index. Countries are grouped into three regions: 
Northern/Con0nental Europe (Belgium, Germany, Finland, France, Netherlands, Sweden, United Kingdom), Southern 
Europe (Spain, Greece, Italy, Portugal), and Central and Eastern Europe (Bulgaria, Czech Republic, Estonia, Hungary, 
Lithuania, Latvia, Poland, Romania, Slovakia). Northern/Con0nental Europe serves as the reference category. 
Interac0on coefficients indicate whether the rela0onship between technology exposure and re0rement outcomes 
differs across ins0tu0onal contexts. P-values reported in the table correspond to joint tests of the significance of all 
regional interac0on terms for each technology measure. Standard errors clustered at the country-industry level are 
reported in parentheses. All regressions include sampling weights * p < 0.1, ** p < 0.05, *** p < 0.01. 

 
13. Discussion and conclusion 
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This paper examines how exposure to industrial robots, ICT, and AI relates to reNrement 

expectaNons among workers aged 60 and younger across 20 European economies. We find li[le 
systemaNc associaNons between technology exposure and preferred reNrement age, early-
reNrement preferences, or uncertainty about reNrement Nming. The clearest average result 
concerns perceived ability to conNnue working unNl at least age 60, which is posiNvely associated 
with robot and AI exposure in the 2015–2024 sample. We document some heterogeneity in the 
associaNons across age, gender, educaNon, skill level, task composiNon, and region, but the 
pa[erns are not systemaNc.  

 
Our study has several limitaNons. First, the repeated cross-secNonal design cannot follow 

the same workers as technology exposure changes, and the industry- and occupaNon-level 
measures may not capture workers’ actual technology use. Second, worker sorNng and 
unobserved country-industry or country-occupaNon shocks may also confound the esNmates. 
Third, the heterogeneity analysis tests many interacNons, so individual subgroup esNmates 
require cauNous interpretaNon. Finally, the leave-one-out instruments strongly predict domesNc 
exposure, but their exclusion restricNon may be violated if common internaNonal industry and 
occupaNon shocks are present. 

 
Taken at face value, our findings indicate that technological exposure has not led to large 

average differences in reNrement expectaNons across the 20 economies we study. One possible 
explanaNon for the insignificant esNmates is that the three technologies we consider have 
reached different stages of diffusion. ICT and industrial robots have reshaped workplaces for 
several decades. By the period covered in our study, workers, firms, and insNtuNons may already 
have adjusted to them. AI, by contrast, remains at an earlier stage of adopNon. Although AI could 
transform a broad range of cogniNve tasks, the evidence to date indicates relaNvely limited effects 
on employment and wages (Comunale & Manera, 2024; del Rio-Chanona et al., 2025). Moreover, 
reNrement expectaNons may reflect beliefs about how AI will affect future work rather than 
workers’ recent exposure. As firms adopt AI more widely, these expectaNons may increasingly 
shape reNrement decisions. 
 

Recent reports from Eurofound (Eiffe et al., 2025) and the OECD (2025) show that 
extending working lives requires more than reNrement-age reforms. It also entails sustainable, 
age-friendly jobs that support health, autonomy, skill development, and conNnued employability. 
Technology may support longer working lives when it reduces physical demands, accommodates 
age-related limitaNons, and complements workers’ skills. Policies can facilitate this process 
through lifelong learning, employer-provided training, and job redesign that improves working 
condiNons, parNcularly for workers whose skills or tasks face substanNal technological exposure. 

 
At the same Nme, policymakers should not view longer working lives solely as a fiscal 

necessity or pursue them through top-down measures. Previous evidence associates conNnued 
employment under voluntary and flexible arrangements with greater well-being than reNrement 
(Nikolova & Graham, 2014), suggesNng that work can remain a source of purpose, social 
engagement, and life saNsfacNon at older ages. Forced delays to reNrement through pension 
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reforms, however, can harm mental health, parNcularly among workers in low-quality jobs 
(Lugova et al., 2026) or occupaNons at high risk of automaNon (Bertoni et al., 2023). Policymakers 
and employers must therefore do more than extend working lives. They must ensure that 
technological change supports job quality and sustainable employment throughout the life 
course. 

 
Finally, our study offers several possible avenues for future research. We provide a broad 

comparaNve analysis of roboNzaNon, ICT, and AI across 20 European countries, but this breadth 
limits our ability to examine adjustment processes in detail. Future studies could use longitudinal 
data from individual countries to follow workers before and afer the diffusion of AI and other 
technologies. Such research could establish whether changes in technological exposure precede 
changes in reNrement expectaNons and, ulNmately, realized reNrement behavior, providing 
stronger evidence about causality. 
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APPENDIX 
 
Table A1: Technology exposure and reNrement outcomes, all available years, including workers older than 
60, excluding AI  
 (1) (2) (3) (4) (5) 
 ReNrement 

age 
Early 

reNrement 
Uncertain Able to work Unwilling 

Robots -0.016 0.000 0.001 0.005** 0.006 
 (0.021) (0.002) (0.001) (0.002) (0.005) 
ICT 0.055 -0.001 0.000 -0.003 0.004 
 (0.037) (0.004) (0.001) (0.004) (0.005) 
Mean DV 62.063 0.697 0.074 0.698 0.151 
R2 0.183 0.242 0.058 0.101 0.043 
ObservaNons 43,594 43,594 47,171 74,556 40,134 

Notes: This replicates Table 4 but includes workers older than 60. All regressions include a sector indicator (manufacturing vs. 
non-manufacturing), ISCO 1-digit occupa0on, country, and year fixed effects, and controls for age group, gender, household size, 
hours worked, educa0on, firm size, self-employment status, and secondary job status. Technology variables are lagged one period 
and standardized (mean 0, std. dev. 1): Robots = robot density (robots per 10,000 workers); ICT measures real ICT capital per 
worker at the country–industry level (in constant 2015 euros), constructed as the sum of IT equipment, communica0ons 
equipment, and sosware and database capital. Coefficients represent the effect of a one standard devia0on increase in exposure. 
Dependent variables: Re0rement age = preferred re0rement age (years; 2015, 2024); Early re0rement = indicator equal to one if 
the preferred re0rement age is below the statutory re0rement age (2015, 2024); Uncertain = indicator equal to one if the 
respondent reports not knowing their preferred re0rement age (2015, 2024); Able to work = indicator equal to one if the 
respondent expects to be able to work un0l at least age 60 (2005, 2010, 2015, 2024); Unwilling = indicator equal to one if the 
respondent reports that they would not want to con0nue working un0l age 60 (2005, 2010). Standard errors are clustered at the 
country-industry level. All regressions use survey weights.  * p < 0.1, ** p < 0.05, *** p < 0.01 
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Table A2: Technology exposure and reNrement outcomes, including workers older than 60, 
2015–2024 sample, including AI exposure 
 (1) (2) (3) (4) 
 ReNrement 

age 
Early 

reNrement 
Uncertain Able to work 

Robots -0.016 0.001 0.001 0.004** 
 (0.021) (0.002) (0.001) (0.002) 
ICT 0.046 0.000 0.001 0.004 

 (0.037) (0.004) (0.001) (0.003) 
AI 0.044 -0.004 0.004 0.043*** 
 (0.053) (0.005) (0.004) (0.006) 
Mean DV 62.039 0.701 0.073 0.734 
R2 0.177 0.235 0.058 0.110 
ObservaNons 42,138 42,138 45,539 39,247 
Notes: This replicates Table 5 but includes workers older than 60. All regressions include a sector indicator 
(manufacturing vs. non-manufacturing), ISCO 1-digit occupa0on, country, and year fixed effects, and controls for age 
group, gender, household size, hours worked, educa0on, firm size, self-employment status, and secondary job 
status. Technology variables are lagged one period and standardized (mean 0, std. dev. 1): Robots = robot density 
(robots per 10,000 workers); ICT measures real ICT capital per worker at the country–industry level (in constant 2015 
euros), constructed as the sum of IT equipment, communica0ons equipment, and sosware and database capital; AI 
= occupa0on-level AI exposure index. Coefficients represent the effect of a one standard devia0on increase in 
exposure. Dependent variables: Re0rement age = preferred re0rement age (years; 2015, 2024); Early re0rement = 
indicator equal to one if the preferred re0rement age is below the statutory re0rement age (2015, 2024); Uncertain 
= indicator equal to one if the respondent reports not knowing their preferred re0rement age (2015, 2024); Able to 
work = indicator equal to one if the respondent expects to be able to work un0l at least age 60 (2015, 2024). Standard 
errors are clustered at the country-industry level. All regressions use survey weights. * p < 0.1, ** p < 0.05, *** p < 0.01 
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Table A3: Technology exposure and reNrement outcomes, all available years, without 
imputaNons, excluding AI  
 (1) (2) 
 ReNrement 

age 
Early 

reNrement 
Robots -0.004 0.002 
 (0.041) (0.005) 
ICT 0.074 -0.005 
 (0.052) (0.004) 
Mean DV 61.680 0.628 
R2 0.112 0.157 
ObservaNons 29,365 29,365 

Notes: This is a replica0on of columns (1) and (2) of Table 4, but excluding the imputa0ons 
for the preferred re0rement age for those 44 and younger in the 2024 survey. All 
regressions include a sector indicator (manufacturing vs. non-manufacturing), ISCO 1-
digit occupa0on, country, and year fixed effects, and controls for age group, gender, 
household size, hours worked, educa0on, firm size, self-employment status, and 
secondary job status. Technology variables are lagged one 0me period and standardized 
(mean 0, std. dev. 1): Robots = robot density (robots per 10,000 workers); ICT measures 
real ICT capital per worker at the country–industry level (in constant 2015 euros), 
constructed as the sum of IT equipment, communica0ons equipment, and sosware and 
database capital. Coefficients represent the effect of a one standard devia0on increase in 
exposure. Dependent variables: Re0rement age = preferred re0rement age (years; 2015, 
2024); Early re0rement = indicator equal to one if the preferred re0rement age is below 
the statutory re0rement age (2015, 2024). Standard errors are clustered at the country-
industry level. All regressions use survey weights. * p < 0.1, ** p < 0.05, *** p < 0.01 
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Table A4: Technology exposure and reNrement outcomes, without imputaNons, 2015–2024 
sample, including AI exposure 
 (1) (2) 
 ReNrement 

age 
Early 

reNrement 
Robots -0.005 0.003 
 (0.041) (0.005) 
ICT 0.065 -0.004 
 (0.053) (0.004) 
AI 0.066 0.003 
 (0.077) (0.008) 
Mean DV 61.679 0.630 
R2 0.111 0.155 
ObservaNons 28,493 28,493 
Notes: This is a replica0on of columns (1) and (2) of Table 5, but excluding the imputa0ons 
for the preferred re0rement age for those 44 and younger in the 2024 survey. All regressions 
include a sector indicator (manufacturing vs. non-manufacturing), ISCO 1-digit occupa0on, 
country, and year fixed effects, and controls for age group, gender, household size, hours 
worked, educa0on, firm size, self-employment status, and secondary job status. Technology 
variables are lagged one period and standardized (mean 0, std. dev. 1): Robots = robot 
density (robots per 10,000 workers); ICT measures real ICT capital per worker at the country–
industry level (in constant 2015 euros), constructed as the sum of IT equipment, 
communica0ons equipment, and sosware and database capital; AI = occupa0on-level AI 
exposure index. Coefficients represent the effect of a one standard devia0on increase in 
exposure. Dependent variables: Re0rement age = preferred re0rement age (years; 2015, 
2024); Early re0rement = indicator equal to one if the preferred re0rement age is below the 
statutory re0rement age (2015, 2024). Standard errors are clustered at the country-industry 
level. All regressions use survey weights. * p < 0.1, ** p < 0.05, *** p < 0.01 
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Table A5: Technology exposure and reNrement outcomes: health and workplace controls 
 Re0rement age Early re0rement Uncertain Able to work 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
Robots -0.022 -0.025 -0.025 0.001 0.001 0.001 0.001 0.001 0.001 0.004** 0.004** 0.003* 
 (0.023) (0.023) (0.023) (0.003) (0.003) (0.003) (0.001) (0.001) (0.001) (0.002) (0.002) (0.002) 
ICT 0.049 0.044 0.045 -0.001 -0.000 -0.001 0.000 0.000 0.001 0.004 0.003 0.003 
 (0.038) (0.040) (0.039) (0.004) (0.004) (0.004) (0.001) (0.001) (0.001) (0.003) (0.003) (0.003) 
AI 0.042 -0.048 -0.053 -0.003 0.004 0.005 0.004 0.002 0.001 0.040*** 0.023*** 0.024*** 
 (0.054) (0.055) (0.054) (0.006) (0.006) (0.006) (0.004) (0.004) (0.004) (0.006) (0.006) (0.006) 
Health sat. 0.493*** 0.331*** 0.335*** -0.041*** -0.028*** -0.029*** 0.002 0.000 0.001 0.141*** 0.110*** 0.109*** 
 (0.081) (0.076) (0.076) (0.007) (0.007) (0.007) (0.004) (0.004) (0.004) (0.012) (0.010) (0.010) 
Health sat. missing -0.222 -0.197 -0.178 0.026 0.023 0.017 0.092 0.071 0.071 -0.043 -0.050 -0.054 
 (1.145) (1.137) (1.134) (0.099) (0.099) (0.099) (0.075) (0.071) (0.070) (0.112) (0.110) (0.110) 
Health risk  -0.877*** -0.870***  0.069*** 0.067***  -0.013*** -0.012***  -0.165*** -0.167*** 
  (0.082) (0.082)  (0.007) (0.008)  (0.004) (0.004)  (0.015) (0.015) 
Health risk missing  -0.169 -0.172  0.020 0.020  0.100*** 0.099***  -0.046* -0.045* 
  (0.189) (0.187)  (0.027) (0.026)  (0.017) (0.016)  (0.026) (0.026) 
OSH delegate   -0.127   0.035***   -0.019***   0.032*** 
   (0.084)   (0.007)   (0.005)   (0.007) 
OSH delegate missing   0.051   -0.002   0.021**   -0.006 
   (0.102)   (0.011)   (0.010)   (0.017) 
Mean DV 61.752 61.752 61.752 0.728 0.728 0.728 0.072 0.072 0.072 0.744 0.744 0.744 
R2 0.135 0.141 0.142 0.200 0.204 0.206 0.057 0.061 0.063 0.125 0.149 0.151 
Observa0ons 37,778 37,778 37,778 37,778 37,778 37,778 40,740 40,740 40,740 35,217 35217 35,217 
Notes: All regressions include a sector indicator (manufacturing vs. non-manufacturing), ISCO 1-digit occupa0on, country, and year fixed effects, and controls for age group, gender, 
household size, hours worked, educa0on, firm size, self-employment status, and secondary job status. Technology variables are lagged one period and standardized (mean = 0, std. 
dev.= 1): Robots = robot density (robots per 10,000 workers); ICT = real ICT capital per worker at the country-industry level; AI = occupa0on-level AI exposure index. Models 
sequen0ally add controls for self-assessed health, work-related health risks, and occupa0onal safety and health (OSH) representa0on. Self-assessed health is recoded into three 
categories: good/very good health, very bad/bad/fair health, and missing. Health risks at work and OSH representa0on are coded to retain missing values as separate categories. 
Dependent variables: Re0rement age = preferred re0rement age; Early re0rement = indicator equal to one if the preferred re0rement age is below the statutory re0rement age; 
Uncertain = indicator equal to one if the respondent reports not knowing their preferred re0rement age; Able to work = indicator equal to one if the respondent expects to be able 
to work un0l at least age 60. Standard errors are clustered at the country-industry level. All regressions use survey weights. * p < 0.1, ** p < 0.05, *** p < 0.01. 

 



 65 

Table A6: Technology exposure and reNrement outcomes: IV 
 (1) (2) (3) (4) (5) 
 ReNrement 

age 
Early 

reNrement 
Uncertain Able to work Unwilling 

Robots -0.077*** 0.005 0.001 0.004* 0.006 
 (0.024) (0.003) (0.001) (0.002) (0.007) 
ICT 0.166** -0.015** -0.006** 0.016** -0.005 
 (0.079) (0.007) (0.003) (0.007) (0.007) 
Mean DV 61.749 0.726 0.072 0.702 0.151 
F-stat 23.11 23.11 23.62 29.60 49.10 
ObservaNons 38,842 38,842 41,903 70,148 40,104 

Notes: This replicates Table 4 using a 2SLS es0mator. All regressions include a sector indicator (manufacturing vs. non-
manufacturing), ISCO 1-digit occupa0on, country, and year fixed effects, and controls for age group, gender, household 
size, hours worked, educa0on, firm size, self-employment status, and secondary job status. Technology variables are 
lagged one period and standardized (mean 0, std. dev. 1): Robots and ICT are treated as endogenous and instrumented 
using leave-one-out peer exposure measures defined at the industry-year level. Coefficients represent the effect of a one 
standard devia0on increase in exposure. Dependent variables: Re0rement age = preferred re0rement age (years; 2015, 
2024); Early re0rement = indicator equal to one if the preferred re0rement age is below the statutory re0rement age 
(2015, 2024); Uncertain = indicator equal to one if the respondent reports not knowing their preferred re0rement age 
(2015, 2024); Able to work = indicator equal to one if the respondent expects to be able to work un0l at least age 60 (2005, 
2010, 2015, 2024); Unwilling = indicator equal to one if the respondent reports that they would not want to con0nue 
working un0l age 60 (2005, 2010). Standard errors are clustered at the country-industry level. All regressions use survey 
weights. We report the Kleibergen-Paap F-sta0s0cs. * p < 0.1, ** p < 0.05, *** p < 0.01 
 
 
Table A7: First-stage regressions for roboNzaNon: Table A6 IV 
 (1) (2) (3) (4) 
 ReNrement 

age and early 
reNrement 

sample 

Uncertain 
sample 

Able to work 
sample 

Unwilling 
sample 

Peer robots 0.729*** 0.737*** 0.753*** 0.725*** 
 (0.163) (0.164) (0.154) (0.194) 
Peer ICT -0.017 -0.018 -0.016 -0.010 
 (0.018) (0.018) (0.015) (0.013) 
R2 0.665 0.661 0.660 0.516 
ObservaNons 38,842 41,903 70,148 40,104 

Notes: The table reports the first-stage regression results related to Table A6, and the dependent variable in all 
columns is robo0za0on. See the notes to Table A6 for further details. * p < 0.1, ** p < 0.05, *** p < 0.01 
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Table A8: First-stage regressions for ICT: Table A6 IV 
 (1) (2) (3) (4) 
 ReNrement 

age and early 
reNrement 

sample  

Uncertain 
sample 

Able to work 
sample 

Unwilling 
sample 

Peer robots 0.005 0.004 -0.002 0.047 
 (0.025) (0.024) (0.026) (0.057) 
Peer ICT 0.468*** 0.463*** 0.470*** 0.444*** 
 (0.069) (0.067) (0.061) (0.045) 
R2 0.623 0.626 0.626 0.704 
ObservaNons 38,842 41,903 70,148 40,104 

Notes: The table reports the first-stage regression results related to Table A6, and the dependent variable in all 
columns is ICT. See the notes to Table A6 for further details. * p < 0.1, ** p < 0.05, *** p < 0.01 
 
Table A9: Technology exposure and reNrement outcomes: IV AI Sample 
 (1) (2) (3) (4) 
 ReNrement 

age 
Early 

reNrement 
Uncertain Able to work 

Robots -0.077*** 0.005 0.001 0.003 
 (0.024) (0.003) (0.001) (0.002) 
ICT 0.162** -0.014** -0.005* 0.014* 
 (0.081) (0.007) (0.003) (0.007) 
AI 0.036 -0.008 0.004 0.051*** 
 (0.056) (0.007) (0.004) (0.008) 
Mean DV 61.752 0.728 0.072 0.744 
F-stat 15.26 15.26 15.60 15.33 
ObservaNons 37,778 37,778 40,740 35,217 

Notes: This replicates Table 5 using a 2SLS es0mator. All regressions include a sector indicator (manufacturing vs. non-
manufacturing), ISCO 1-digit occupa0on, country, and year fixed effects, and controls for age group, gender, household 
size, hours worked, educa0on, firm size, self-employment status, and secondary job status. We lag and standardize the 
technology variables (mean 0, std. dev. 1); we treat robots, ICT, and AI as endogenous and instrument them with leave-
one-out peer exposure measures. We define peer robot and peer ICT instruments at the industry-year level, while the 
peer AI instrument is defined at the occupa0on-year level. Coefficients represent the effect of a one standard devia0on 
increase in exposure. Dependent variables: Re0rement age = preferred re0rement age (years; 2015, 2024); Early 
re0rement = indicator equal to one if the preferred re0rement age is below the statutory re0rement age (2015, 2024); 
Uncertain = indicator equal to one if the respondent reports not knowing their preferred re0rement age (2015, 2024); 
Able to work = indicator equal to one if the respondent expects to be able to work un0l at least age 60 (2015, 2024); 
Standard errors are clustered at the country-industry level. All regressions use survey weights. We report the Kleibergen-
Paap rk Wald F-sta0s0cs. * p < 0.1, ** p < 0.05, *** p < 0.01 
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Table A10: First-stage regressions for roboNzaNon: Table A9 IV 
 (1) (2) (3) 
 ReNrement 

age and early 
reNrement 

sample  

Uncertain 
sample 

Able to work 
sample 

Peer robots 0.729*** 0.737*** 0.758*** 
 (0.163) (0.164) (0.165) 
Peer ICT -0.017 -0.017 -0.020 
 (0.018) (0.018) (0.019) 
Peer AI 0.023 0.025 0.023 
 (0.021) (0.021) (0.021) 
R2 0.665 0.661 0.685 
ObservaNons 37,778 40,740 35,217 

Notes: The table reports the first-stage regression results related to Table A9, and the dependent variable in all 
columns is robo0za0on. See the notes to Table A9 for further details. * p < 0.1, ** p < 0.05, *** p < 0.01 
 
Table A11: First-stage regressions for ICT: Table A9 IV 
 (1) (2) (3) 
 ReNrement 

age and early 
reNrement 

sample  

Uncertain 
sample 

Able to work 
sample 

Peer robots 0.005 0.004 0.002 
 (0.024) (0.024) (0.025) 
Peer ICT 0.467*** 0.461*** 0.486*** 
 (0.069) (0.068) (0.072) 
Peer AI -0.044** -0.043** -0.044** 
 (0.020) (0.020) (0.022) 
R2 0.622 0.625 0.620 
ObservaNons 37,778 40,740 35,217 

Notes: The table reports the first-stage regression results related to Table A9, and the dependent variable in all 
columns is ICT. See the notes to Table A9 for further details. * p < 0.1, ** p < 0.05, *** p < 0.01 
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Table A12: First-stage regressions for AI: Table A9 IV 
 (1) (2) (3) 
 ReNrement 

age and early 
reNrement 

sample  

Uncertain 
sample 

Able to work 
sample 

Peer robots -0.003 -0.003 -0.004 
 (0.002) (0.002) (0.002) 
Peer ICT -0.008* -0.007 -0.006 
 (0.004) (0.004) (0.004) 
Peer AI 0.956*** 0.955*** 0.950*** 
 (0.021) (0.020) (0.019) 
R2 0.940 0.940 0.941 
ObservaNons 37,778 40,740 35,217 

Notes: The table reports the first-stage regression results related to Table A9, and the dependent variable in all 
columns is AI exposure. See the notes to Table A9 for further details. * p < 0.1, ** p < 0.05, *** p < 0.01 
 
 
Table A13: Technology exposure and task content 
 (1) (2) (3) (4) 
 Physical RouNne Abstract Social 
Robots -0.008 -0.001 -0.002 -0.003 
 (0.005) (0.008) (0.005) (0.006) 
ICT -0.035*** 0.024** -0.021** -0.029** 
 (0.010) (0.011) (0.010) (0.012) 
AI -0.200*** -0.091*** 0.022 0.009 
 (0.015) (0.023) (0.016) (0.048) 
Mean DV -0.073 -0.013 0.070 0.015 
R2 0.221 0.197 0.259 0.244 
ObservaNons 37,675 37,675 37,675 37,675 

Notes: All regressions include a sector indicator (manufacturing vs. non-manufacturing), ISCO 1-
digit occupaNon, country, and year fixed effects, and controls for age group, gender, household 
size, hours worked, educaNon, firm size, self-employment status, and secondary job status. 
Technology variables are lagged one period and standardized (mean 0, std. dev. 1): Robots = robot 
density (robots per 10,000 workers); ICT measures real ICT capital per worker at the country–
industry level (in constant 2015 euros), constructed as the sum of IT equipment, communicaNons 
equipment, and sofware and database capital; AI = occupaNon-level AI exposure index. 
Coefficients represent the effect of a one standard deviaNon increase in exposure. Dependent 
variables are standardized task indices constructed using polychoric principal component 
analysis: physical, rouNne, abstract, and social tasks. Standard errors are clustered at the country-
industry level. All regressions use survey weights. * p < 0.1, ** p < 0.05, *** p < 0.01 
 




