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Al and the Labor Market:
Productivity Driver or Job Killer?

Oliver Falck
Clemens Fuest
Yuchen Guo*

While estimates of Al's long-run productivity gains diverge widely, early signs of its labor
market impacts can already be observed. Using administrative data for Germany and the
EU Labour Force Survey, we track employment by occupational Al exposure since the
arrival of generative Al in late 2022. We find no widespread job losses in exposed occu-
pations. Their employment has held up or grown, continuing a divergence from less ex-
posed occupations that predates the introduction of generative Al. Young workers are the
exception, however. In Germany, employment of workers aged 20 to 24 has fallen rela-
tive to older workers, especially in highly exposed occupations. Across the EU-27, we
find first indications of fewer early-career hires in occupations where Al can automate
tasks. These patterns are emerging but match recent evidence for the United States. They
provide an early indicator that is available before productivity gains appear in national ac-
counts, and suggest that monitoring of Al's labor market effects should put particular em-
phasis on labor market entry.

* Oliver Falck (falck@ifo.de), Clemens Fuest (fuest@ifo.de): ifo Institute, CESifo & LMU Munich; Yuchen Guo
(guo@ifo.de): ifo Institute.



Executive Summary

This report examines how employment in Germany and the EU has evolved since late 2022, comparing
more and less exposed occupations as well as younger and older workers.

The following findings emerge:

1. Productivity gains. Depending on the assumptions, estimates of Al's productivity gains vary widely,
from 0.07 to 1.24 percentage points of additional growth in total factor productivity (TFP) per year.

2. Al-exposed jobs. In Germany, employment in the occupations most exposed to Al has grown by 1.8
percent since the third quarter of 2022 (the last quarter before the introduction of ChatGPT), while
employment in the least exposed occupations has fallen by 6.4 percent.

3. Employment of younger workers. In Germany, the more exposed an occupation is to Al, the weaker
the employment growth of young workers relative to older workers.

4. Entry-level positions. Across the EU-27, there is suggestive evidence that firms are hiring fewer
early-career workers in occupations where Al can automate tasks.

So far, Al's effects on jobs are concentrated among young workers in exposed occupations. Al tends to
augment professional work, while it automates tasks in clerical support and IT occupations.
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Will Al Boost Productivity?

Artificial intelligence is advancing at startling speed. Much of what it can do today, from handling customer
calls without a human on the line to drafting sophisticated prose, writing working code and even helping
to prove long-standing mathematical conjectures, sounded like science fiction only a few years ago. And
it is spreading fast: generative Al has been adopted more quickly than the personal computer or the inter-
net (Bick, Blandin and Deming 2026).

Yet estimates of what it will add to productivity diverge widely. Acemoglu (2024) puts the gain in total
factor productivity (TFP), the part of growth not explained by more capital or labor, at about 0.7 percent
over ten years, or less than 0.1 percentage points a year. Aghion and Bunel (2024), using a task-based
approach with more generous assumptions, arrive at up to 1.24 percentage points of additional TFP
growth per year, almost twenty times as much.

This spread reflects the assumptions behind the estimates. Task-based estimates (e.g., Acemoglu 2024;
Aghion and Bunel 2024; Filippucci, Gal and Schief 2024; Misch, Park, Pizzinelli and Sher 2025) multiply
three factors: the share of tasks exposed to Al, the share of these tasks in which Al is profitably adopted,
and the cost savings from Al found in micro studies. Because these factors are multiplied, small differences
in assumptions compound quickly.

While the long-run productivity gains remain uncertain, Al's early effects on the labor market can already
be measured. Which occupations are exposed to current Al, and how has their employment evolved since
generative Al became widely available in late 20227

Whether exposure results in fewer or more jobs depends on whether Al substitutes for the tasks performed
in an occupation or complements them (Acemoglu and Autor 2011; Autor and Thompson 2025). More-
over, the impact need not be the same for all workers within the same occupation. Al may substitute most
readily for codified, textbook-type knowledge, which is typically acquired in formal education and which
entrants bring to their first jobs. By contrast, Al may complement the tacit knowledge that more experi-
enced workers have built up on the job (Autor and Thompson 2025; Brynjolfsson, Chandar and Chen
2026). If so, labor market effects should show up first among job entrants. Consistent with this, Brynjolfs-
son, Chandar and Chen (2026) find no evidence of widespread job losses in the United States, but de-
clining employment among young workers in Al-exposed occupations.

Whether the same pattern holds in Europe is an open question. Facius and lacono (2026) study the labor
market impact of Al in Norway and conclude: “Overall, we observe no significant deterioration of the Nor-
wegian labor market in response to GenAl, neither for early-career workers nor for incumbents” (ibid.,
p.24).r Early evidence for France, in contrast, suggests that young people are indeed hired less in firms
stating in surveys that they use Al (Palladino, Bergeaud, Bertheau, Bunel and Degos 2026).

This report examines how employment in Germany and the EU has evolved since late 2022, comparing
more and less exposed occupations as well as younger and older workers.

To this end, we draw on two data sources: administrative records covering all employees subject to social
security contributions in Germany, and the EU Labour Force Survey (EU-LFS) for all 27 EU member states.
Following Brynjolfsson, Chandar and Chen (2026) and the recent literature on generative Al and labor
markets (e.g., Bick, Blandin and Deming 2026; Humlum and Vestergaard 2025), we measure Al exposure

1 Their data runs until March 2025. As a note of caution they point out that “accelerating event-study coefficients towards the end of our sample
suggest that it may simply be too early to detect any robust effects.”, ibid, p.24.
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using the B ratings of Eloundou, Manning, Mishkin and Rock (2024). These capture the share of an occu-
pation’s tasks that a worker with access to a large language model (LLM) such as ChatGPT could complete
in half the time or less without any loss in quality.? At the top of the exposure ranking are keyboard oper-
ators, software developers, numerical clerks, administrative secretaries, and authors and journalists; at the
bottom are food preparation assistants, building cleaners, welders and building finishers.

Two findings emerge. First, there is no sign of widespread job losses in exposed occupations, either in
Germany or in the EU-27. However, young workers are the exception. In the most exposed occupations,
their employment in Germany and their hiring in the EU-27 have declined relative to older workers since
2022. These patterns are descriptive and cannot rule out other forces acting on young workers’ employ-
ment, such as demographic change or educational choices after the COVID-19 pandemic. Still, they offer
an early indication of how European labor markets are adjusting to generative Al, similar to evidence for
the United States (Brynjolfsson, Chandar and Chen 2026).

2 We map the Eloundou et al. (2024) ratings defined for US occupations (O*NET-SOC) to three-digit occupations in the EU-LFS (ISCO-08) and in
the German administrative records (KIdB 2010) using official crosswalks and divide the 118 ISCO occupations into quintiles of equal size by expo-
sure. SOC is mapped to ISCO-08 with the crosswalk of Hardy, Keister and Lewandowski (2018). Mean exposure in the top ISCO-08 quintile (0.63)
is more than six times that in the bottom quintile (0.10).
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Germany: Exposed Occupations Grow, Young
Workers Fall Behind

We begin with Germany, where administrative employment statistics of the Federal Employment Agency
cover all employees subject to social security contributions. Our sample of full-time employees aged 20
to 64 comprises about 22 million workers in 140 occupations. As these data are a full count of all em-
ployees rather than a sample, they allow us to track even small occupations and their age composition
precisely. We use quarterly data from 2013Q1 to 2026Q1, which provide a nine-year baseline before
the release of ChatGPT against which to compare later developments. We exclude apprentices, as their
main activity is training rather than work.

Figure 1 divides occupations into five quintiles by Al exposure and shows the number of employees in
each, indexed to 100 in the third quarter of 2022 (2022Q3), the last quarter before ChatGPT's release.®
There is no sign of economy-wide job losses in exposed occupations after its introduction in 2022Q4. If
anything, employment in the most exposed quintile grew steadily from late 2013 until late 2024 and
stood 1.8 percent above its 2022Q3 level in early 2026, despite a 1.6 percent decline in overall full-time
employment over the same period. This is consistent with recent evidence that employment in Al-exposed
jobs has not declined broadly (e.g., Brynjolfsson, Chandar and Chen 2026; Chandar and Klein Teeselink
2026). By contrast, employment in the least exposed quintile peaked in 2019, fell during the COVID-19
pandemic and has declined further since 2023, to 6.4 percent below its 2022Q3 level in early 2026.
Part of this divergence was already under way before and likely reflects broader digitalization and struc-
tural change, but the gap has widened since the introduction of ChatGPT. Employment in the intermediate
quintiles has stayed within 1.5 percent of its 2022Q3 level, close to overall employment across all occu-
pations. The divergence is thus concentrated at the two ends of the exposure distribution, but it is also
visible between the most exposed occupations and overall employment.

3 Series are four-quarter moving averages to remove seasonal fluctuations.
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Figure 1
Germany: Employment by Al Exposure Quintile
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Note: Full-time employees aged 20-64, excluding apprentices; 140 KidB 3-digit occupations; 2013Q1-2026Q1; four-quarter moving average;
index 2022Q3 = 100.
Source: Bundesagentur fiir Arbeit; Eloundou et al. (2024); own calculations. @ ifo Institute

However, these aggregate patterns may conceal differences by age. If Al substitutes most readily for the
codified tasks typically performed by entrants, the effects should appear first among young workers. Panel
A of Figure 2 thus plots the employment gap between the most and the least exposed quintile for each
age group. Looking at the gap filters out general trends that affect an age group in both the most and the
least exposed occupations. Employment of the youngest workers, for instance, has fallen across all expo-
sure groups, which may reflect supply-side factors, such as demographic change or later labor market
entry after longer spells in education following the COVID-19 pandemic.

The pattern from Figure 1 differs markedly across age groups. For workers aged 25 and over, the em-
ployment gap between the most and least exposed occupations matches the aggregate divergence in
Figure 1 and widens by 8 to 10 log points (roughly 8 to 10 percent) between 2022Q3 and early 2026.
For the youngest workers (20-24), the gap tracks the older age groups until 2022. However, it reverses
after the introduction of ChatGPT and stands 4.6 log points below its 2022Q3 value by early 2026. Thus,
young workers’ employment in the most exposed occupations is falling relative to that in the least exposed
occupations,* as the entry-level hypothesis predicts and in line with recent evidence from the United
States (Brynjolfsson, Chandar and Chen 2026).

Panel B compares young and older workers more formally, using an event-study design.® For each year
relative to 2022, the triple-difference estimates show how much more the employment of young workers
(aged 20 to 24) relative to older workers (aged 25 to 64) has changed in more exposed occupations than

4 As a robustness check, we compare employment in the most exposed quintile (Q5) with the pooled employment of the four remaining quintiles
(Q1-Q4) instead of the least exposed quintile only. Because part of the Q5-Q1 gap stems from the decline of Q1 rather than growth of Q5, this
comparison narrows the gap for most groups (in early 2026, for workers aged 25-34 from 9.6 to 2.8 log points). However, the reversal for workers
aged 20-24 persists: their gap stands 7.6 log points below its 2022Q3 value, whereas it increases for all older age groups.

® Following Brynjolfsson, Chandar and Chen (2026), we estimate Poisson regressions, which yield relative effects on employment counts and can
handle small cells and cells with zero employment. Unlike them, we compare age groups within occupations rather than exposure groups within
firms, as neither data set contains firm identifiers. The regressions include fixed effects for occupation x year, age group x year and occupation x
age group; exposure is standardized across occupations, and standard errors are clustered by occupation.
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in less exposed ones (ChatGPT was released at the end of 2022).6 The estimates compare age groups
within the same occupation to filter out anything that affects all workers in an occupation, such as rising
demand for software developers or the pandemic's toll on hospitality. In addition, comparing the same age
group across occupations filters out economy-wide shifts in youth employment, such as those stemming
from demographic change or business cycles. The estimates also absorb persistent differences in age
structure across occupations, for instance between occupations with longer training periods, such as phy-
sicians, and those that young people enter early, such as medical assistants. Finally, they exploit the full
range of exposure rather than only comparing the top and bottom quintiles.

Before 2022, the estimates are small and not statistically different from zero: the employment gap be-
tween young and older workers developed similarly in more and less exposed occupations. From 2023
onward, they turn negative and statistically significant. By 2025, young workers' employment relative to
older workers has fallen by 4.5 percent more in an occupation whose exposure is one standard deviation
higher. In the first quarter of 20286, this shortfall reaches 5.5 percent. One standard deviation corresponds
roughly to the difference in exposure between retail sales workers, whose work is mostly in-person and
hands-on, and human resources staff, whose work is largely desk-based and more exposed to large lan-
guage models. Typical occupations in the top and bottom exposure quintiles are about 2.5 standard de-
viations apart. Between them, the ratio of young to older workers has thus fallen by around 11 percent
more in the most exposed occupations.

In absolute terms, full-time employment of the youngest workers in Germany's most Al-exposed occupa-
tions fell by about 40,000 between mid-2022 and early 2026, from about 279,000 to 239,000, a drop
of 14 percent. Over the same period, the number of older workers in these occupations rose slightly. Em-
ployment of the youngest workers also declined relative to older workers in the least exposed occupations,
but by much less. Even after accounting for this general decline, the most exposed occupations employ
roughly 34,000 fewer young full-time workers than would otherwise be expected.”

8 Using German administrative employment data, Arntz, Dinelli and Schlenker (2026) estimate difference-in-differences models by age group and
find a negative but statistically insignificant association for workers aged 20-29. Our triple-difference estimates, by contrast, compare younger and
older workers within the same occupation, thereby netting out occupation-wide trends.

7 Counterfactual: employment of the youngest workers in the most exposed quintile if the ratio of young to older workers had changed as in the least
exposed quintile (Q1) between 2022Q3 and 2026Q1. Using the four remaining quintiles (Q1-Q4) as the comparison yields about 33,000.
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Figure 2
Germany: Employment of Young Workers by Al Exposure
Panel A: @5-Q1employment gap, by age group

—_— 20-24 25-34 ——35-54 —55-64 --- Allages
10

20-24

Log points

-15
2013 2015 2017 2019 2021 2023 2025

Panel B: Triple-difference event study, exposure x age 20-24

4
2
o
2
2 0-d--_4- = -
o
>
D
T -2 1 -
a
w 4
g 4 -
2l
£
o
o -5
o
o
|
-8
-10

2013 2015 2017 2019 2021 2023 2025

Note: Full-time employees aged 20-64, excluding apprentices; 2013Q1-2026Q1. Panel A: Q5-Q1 gap, four-quarter moving average, log points,
2022Q3 = 0. Panel B: triple difference (exposure x age 20-24 x year), workers aged 20-24 relative to 25-64, log points per standard deviation ol
exposure, reference year 2022, 95 percent confidence intervals; 2026 covers the first quarter only.

Source: Bundesagentur fiir Arbeit; Eloundou et al. (2024); own calculations, @ ifo Institute

The shift to remote work coincided with the spread of generative Al and may increase the cost of mentor-
ing and supervising early-career workers, which can also weaken entry-level hiring and employment (e.g.,
Emanuel, Harrington and Pallais 2026; Lambert and Schindler 2026). However, the decline for young
workers persists when we account for whether jobs can be done remotely or for differences between
broad occupational groups. By contrast, median wages of young full-time workers in exposed occupations
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show no relative decline, consistent with firms adjusting through hiring rather than pay (Brynjolfsson,
Chandar and Chen 2026).
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EU-27: Fewer Early-Career Hires Where Al Can
Automate

We extend the analysis to the EU-27 using Eurostat's EU Labour Force Survey. Its coverage is broader,
but the data come from a harmonized household survey rather than administrative records. Because the
survey methodology changed in 2021, we restrict the analysis to 2021Q1-2024Q4. Compared with the
German data, this leaves a shorter period both before and after the release of ChatGPT.2 The sample
covers full-time employees aged 20 to 64 who are not in education.®

Figure 3 shows employment by exposure quintile over time. As in Figure 1 for Germany, the gap between
the most and the least exposed quintile widens after the introduction of ChatGPT in 2022Q4. By the end
of 2024, employment in the most exposed quintile stands 5.2 percent above its 2022Q3 level, while
employment in the least exposed quintile is 3.3 percent below it. As in Germany, part of this divergence
likely reflects broader digitalization and structural change that predate ChatGPT, rather than Al alone.

Figure 3
EU-27: Employment by Al Exposure Quintile
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Source: Eurostat, EU Labour Force Survey; Eloundou et al. (2024); own calculations. @ ifo Institute

Panel A of Figure 4 again plots the gap between the most and least exposed quintiles by age. For em-
ployment, the gap widens for every age group. It widens least for the youngest, but overall there is no
substantial employment penalty for young workers in the EU-27. The EU-LFS also records when respond-
ents started working for their current employer, which allows us to identify new hires, defined as employ-
ees who joined their current employer within the past twelve months. Firms tend to adjust by hiring fewer
entrants rather than dismissing employees, so changes in hiring show up in overall employment only grad-
vally. Young entrants also tend to have the least on-the-job experience, and their tasks are often those

8 The change reflects the introduction of the Integrated European Social Statistics (IESS) framework; see Eurostat (2025).
® For Malta, Slovenia and Bulgaria, occupations are available only at the ISCO two-digit level; excluding these countries does not change the results.
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that Al can most readily take over. Consistent with this, Brynjolfsson, Chandar and Chen (2026) find that,
in the United States, the decline in young workers' employment stems mainly from reduced hiring.

Indeed, the right-hand side of Panel A shows that from 2024 onward, the youngest workers begin to
diverge from older workers in terms of new hires, while the hiring gaps for older groups continue to widen.

Panel B applies the event-study design used for Germany (Figure 2, Panel B) separately to employment
and hires and to different types of Al exposure. The baseline exposure measure by Eloundou et al. (2024)
captures overall exposure to Al, but not whether Al complements workers or automates their tasks. We
therefore also weight exposure by the share of Al use that automates or augments tasks, drawing on usage
data from the Al assistant Claude (Handa et al. 2025). With the baseline exposure measure, the employ-
ment coefficients for young workers are in line with Panel A and remain close to zero. By contrast, the
hiring estimate is about -1.9 percent per standard deviation of exposure in 2024. This pattern appears to
be driven by exposure to Al automation. By 2024, young workers' hiring relative to older workers is 2.9
percent lower per standard deviation of automation-weighted exposure but shows no association with
augmentation-weighted exposure. The estimates are imprecise, and only the automation-weighted hiring
estimate for 2024 is statistically significant. The evidence is therefore suggestive, but it points in the same
direction as in the United States, where employment declines among young workers are concentrated in
occupations in which Al use is predominantly automation-oriented (Brynjolfsson, Chandar and Chen
2026).
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Figure 4
EU-27: Employment and Hiring of Young Workers by Al Exposure
Panel A: Q5-Q1 gap in employment and hires, by age group
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Source: Eurostat, EU Labour Force Survey; Eloundou et al. {2024); Handa et al. (2025); own calculations. © ifo Institute
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Conclusion: Early Signals at the Entry Level

In the first years after the release of ChatGPT, labor market data from Germany and the EU-27 show no
economy-wide job losses in Al-exposed occupations so far. Employment in the most exposed occupa-
tions has held up or grown, while the least exposed occupations have lost ground. This divergence began
before generative Al became widely available and likely reflects broader structural change. However, the
youngest workers are the exception. In Germany, employment of 20- to 24-year-olds has fallen relative
to older workers, especially in highly exposed occupations. In the EU-27, there are signs of a similar pat-
tern in hiring, which is concentrated in occupations in which Al is mainly used to automate tasks.

Figure 5 indicates where automation and augmentation are likely to matter most. It ranks occupations by
Al exposure (Eloundovu et al. 2024) weighted by the share of Al use that augments or automates tasks
(Handa et al. 2025). Augmentation-weighted exposure is highest in professional occupations, such as
journalists or legal professionals, while automation-weighted exposure is highest in clerical support and IT
occupations, such as secretaries or ICT support technicians. The ranking rests on how people use a single
Al system and should be read as indicative, not as a forecast of job losses. Nevertheless, clerical and IT
support jobs have in the past offered young workers relatively well-paid entry points into the labor market.
This may no longer hold as Al takes over more of the tasks typically performed by entrants.

The patterns we document are descriptive and do not establish that Al caused the decline in hiring and
employment of the youngest workers in exposed occupations. Demographic change, longer spells in ed-
ucation after the pandemic, cyclical shifts in labor demand, or the spread of remote work also affect young
workers' employment and coincide with the arrival of generative Al. Nevertheless, like the findings of
Brynjolfsson, Chandar and Chen (2026) for the United States, they provide an early indicator for Europe,
one that is available long before any productivity effects show up in national accounts.

With these caveats in mind, our findings point to three implications for monitoring the labor market effects
of Al. First, the evidence from both the United States and Europe suggests that monitoring should focus
on labor market entry. The adjustment shows up first in the hiring and employment of young workers.
Administrative labor market data on hiring by age and detailed occupation, combined with online job post-
ings that track the demand for entry-level positions in near real time, could capture such shifts early. Sec-
ond, monitoring capacity is best built before any disruption occurs. This requires fine-grained exposure
measures that keep pace with the latest Al technologies, linked to timely employment and hiring records
across EU countries, as envisaged in a proposed Union-level monitoring framework (Schnitzer et al.
2026). Data on how Al is actually used are particularly valuable. Whether Al automates or augments tasks
appears to matter for young workers' employment, and this distinction can only be measured from actual
use. Third, beyond policymakers, such indicators should also benefit education providers and firms. If Al
takes over the tasks through which entrants gain experience, education and training systems need to
equip labor market entrants with skills that Al complements. Technology and labor market foresight can
help schools, universities and vocational training providers identify these skills. It can thereby inform cur-
ricula that give them more weight while building on a strong foundation of basic skills. Such foresight can
also guide firms in designing training that builds the expertise entrants once gained on the job and enables
workers and Al to raise each other’s productivity. Timely monitoring of the transformation of work can thus
support flexible adjustment and help ensure that a shortfall in hiring today does not become a shortage of
experts tomorrow.
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Figure 5
Occupations Most Exposed to Augmentation and Automation
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