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This article synthesises empirical evidence on how Generative Al is affecting productivity, employment, and work
organisation. Drawing on experiments, firm-level data, platform studies and new representative worker and firm surveys
from Australia, Denmark, Germany, Korea, Kuwait, the United Kingdom and the United States, it finds that productivity
gains are real albeit often unverified and uneven. Large-scale job displacement remains limited, and worker-reported time
savings of a few per cent of working hours have not yet translated into higher measured output, earnings or employment.
The main risks lie in growing inequalities, the erosion of employment opportunities for younger workers, and the
reshaping of how work is organised, with implications for coordination, worker autonomy, and job quality.

» Introduction

Generative artificial intelligence (GenAl) is rapidly diffusing
across workplaces, reshaping how tasks are performed and
how work is organised. While ex-ante AI exposure
indicators provide insights into which jobs may be affected,
emerging empirical evidence allows policymakers to assess
how GenAl has started to influence labour markets in
practice.

Drawing on evidence from experiments, firm-level data,
digital labour platforms, and organisational studies, this
Research Brief synthesises key findings from Del Rio
Chanona et al. (2025) regarding productivity and
employment effects of generative Al

There are three central messages. First, GenAl can
generate substantial productivity gains, but these gains are
distributed unevenly across tasks, workers, and
organisational contexts. Second, GenAl might amplify

inequalities in performance and access to job opportunities
and reshape work organisation in ways that may
undermine productivity and job quality. Third, the
productivity gains documented at the task level have not
yet shown up as higher measured output, earnings or
working hours, either in representative worker surveys
(Denmark, Korea, the United States) or in firm-level surveys
covering four advanced economies (Australia, Germany,
the United Kingdom, the United States). Workers appear to
capture the time savings primarily as on-the-job leisure and
as reallocation toward tasks the technology does not affect,
rather than as expanded output, work pressure reductions
or pay increases. This gives rise to an “aggregation
paradox” (Chan and Shedania, 2026). Finally, GenAl is
beginning to reshape work organisation itself. Evidence
suggests that Al affects not only individual tasks but also
the organisation of work as bundles of interdependent
activities. Rather than eliminating entire occupations, Al
mainly reorganises tasks within jobs, with workers
reallocating effort towards tasks less easily displaced by
automation. In some settings, Al assistance allows less-
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experienced workers to perform tasks previously reserved
for specialists, flattening skill hierarchies and changing
team composition. At the same time, greater reliance on Al-
generated suggestions may reduce diversity of ideas and
lead to more standardised outputs.

» Productivity effects

A rapidly expanding empirical literature reviewed in Del Rio
Chanona et al. (2025) shows that GenAl can raise
productivity, but that the size and distribution of gains
depend strongly on task scope, task complexity, and how
Al is integrated into workflows (see table 1 and figure 1 for
a summary overview of the empirical evidence).

In controlled Randomised Controlled Trials (RCTs)? that
focused on relatively simple tasks, large time savings are
common in writing and coding: mid-level writing tasks are
completed substantially faster with AI support (Noy and
Zhang, 2023), and similar patterns appear in professional
and creative writing (Li et al., 2024) as well as legal drafting
exercises (Choi et al., 2024). However, much of this gain in
speed may reflect passive pasting, workers submitting Al
output with minimal modification, suggesting automation
rather than skill enhancement, particularly for lower-skilled
workers where Al performance already meets task
requirements.

In programming, Copilot-style assistance can substantially
speed up narrowly defined tasks (Peng et al., 2023). The
evidence also shows important caveats: for creative or
expert-intensive writing, Al can reduce originality or harm
expert performance through anchoring and reduced
diversity (Chen and Chan, 2024; Doshi and Hauser, 2024),
and in mathematical problem-solving, assistance can lower
performance when users cannot detect errors or
hallucinations (Kim and Moon, 2024).

Beyond text and code, classification experiments show that
human-AlI collaboration is not automatically beneficial: in
radiology, providing Al predictions does not necessarily
improve diagnostic accuracy (Agarwal et al., 2023), while in
image-based judgments, Al can raise accuracy, but effects
depend on users 'calibration and self-assessment (Caplin et

al., 2024). Evidence from debate preparation similarly
suggests that benefits can concentrate among top
performers rather than equalising outcomes (Roldan-
Monés, 2024).

For complex tasks in controlled settings, the literature
remains smaller but provides more nuanced lessons about
when productivity gains translate into better decisions.
Studies covering consulting, academic writing, general
knowledge work and legal work show that GenAl can
improve speed and sometimes quality, but effects are more
sensitive to ambiguity, context, and the user’s ability to
judge when Al is unreliable (Dell’lAcqua et al., 2023; Usdan
et al., 2024; Haslberger et al., 2025; Schwarcz et al., 2025).
A recurring mechanism is the “jagged technological
frontier”: performance improves when tasks are within a
model’s capability frontier, while tasks outside the frontier
can generate misleading outputs and raise error risks,
especially under over-reliance (DellAcqua et al., 2023;
Agarwal et al., 2023).

Field experiments confirm this pattern: productivity
impacts depend on both the task type, and the structure of
Al integration. In telemarketing, sequential division of
labour—AI handling lead generation while humans handle
persuasion—raises performance for higher-skilled agents
but can disadvantage lower-skilled agents by leaving them
with a higher concentration of difficult cases (Jia et al.,
2024). In customer support, real-time conversational
assistance boosts productivity and quality most for less-
experienced workers, narrowing performance gaps
(Brynjolfsson, Li and Raymond, 2025). At a broader
organisational scale, early evidence from Microsoft 365
Copilot adoption across many firms suggests meaningful
time savings on routine individual tasks (notably email and
document drafting), but Ilimited signs of deeper
organisational transformation in the short run (Dillon et al.,
2025). For more complex field settings, results are
heterogeneous: among entrepreneurs, average effects
may be small while high performers benefit and low
performers can be harmed, reflecting differences in how
users translate generic Al suggestions into context-specific
actions (Otis et al., 2023).

Field and quasi-experimental evidence on software

development reveals highly context-dependent

2 Randomised Controlled Trials (RCT) is a research method used to identify causal effects by comparing outcomes between two (or more) groups that are
formed randomly: a treatment group (e.g. workers who are given access to GenAl tools), and a control group (e.g. similar workers who are not given
access). Because assignment is random, differences in outcomes—such as productivity, quality of output, or time spent on tasks—can be attributed with
high confidence to the intervention itself (here, GenAl use), rather than to pre-existing differences between workers.
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productivity effects, with gains varying substantially by
developer experience and workplace setting. In a large
multi-firm experiment with enterprise developers, Al
coding assistants increased completed tasks, with larger
gains among less-experienced developers (Cui et al., 2025).
However, a controlled experiment with experienced open-
source developers found that AL tools increased task
completion time by 19 percent (Becker et al., 2025).
Exploiting the temporary ChatGPT ban in Italy, one study
finds no overall productivity changes for experienced
developers but minor slowdowns in debugging tasks, while
less-experienced developers increased both output
quantity and quality when Al access was removed (Kreitmeir
and Raschky, 2024). A study using GitHub data finds
modest productivity gains averaging 2-4 percent,
concentrated among experienced developers, with early-
career developers showing no significant benefits (Daniotti
et al., 2026).

Beyond productivity, research on Copilot adoption shows
that individual developers reallocate time away from
project management toward autonomous coding
(Hoffmann et al., 2025), but increased code contributions
raise team-level coordination costs through more extensive
discussions (Song et al., 2023), with new contributions
concentrated in maintenance rather than novel features
(Yeverechyahu et al., 2024).

Recent representative-survey evidence helps to put these
experimental findings into macroeconomic context and to
clarify where the time savings are going. In a nationally
representative survey of 5,512 Korean workers, Suh and Oh
(2026) find that 51.8 per cent of workers use GenAl for their
job, saving an average of 3.8 per cent of active working
time, equivalent to 1.4 per cent of working hours across the
full workforce. The weighted correlation between self-
reported time savings and self-reported output changes is
low, however: workers save time, but they do not on
average produce more. The Real-Time Population Survey in
the United States produces strikingly similar magnitudes
(Bick, Blandin and Deming, 2025), with users reporting
savings of 5.4 per cent of weekly working hours and again
1.4 per cent of total working hours assisted by GenAIl
economy-wide. Danish administrative records yield self-
reported time savings of about 3 per cent of hours but no
detectable effect on either earnings or recorded hours
within two years of ChatGPT's launch (Humlum and
Vestergaard, 2025). In Korea, the time savings are
absorbed primarily as a 1.3 percentage-point rise in the
share of time spent on on-the-job leisure and as task
reallocation, with a single top-saving task accounting for

roughly 70 per cent of a user’s total time reduction. These
patterns are consistent with the workplace-level evidence
reviewed above, where individual workers save time on
email and routine drafting (Dillon et al.,, 2025) and
developers shift effort from coordination toward core
technical work (Hoffmann et al., 2025), without changes in
meetings, team output, or measured productivity.
Moreover, a key challenges for companies to reallocate
these gains in time savings is the poor measurement and
lack of key performance indicators especially among small
and medium-sized enterprises (ILO, 2026).

Taken together, the evidence supports a clear message: the
effect of GenAl on productivity depends on the degree of
task complexity, on worker expertise, and on the
implementation context. GenAl can raise productivity
substantially in well-bounded tasks, but many gains from
simple tasks reflect passive automation rather than skill
enhancement. In complex work, outcomes hinge on
workers' ability to judge AI reliability and avoid over-
reliance. Crucially, inequality effects vary by context: Al
tends to narrow performance gaps in simple tasks but can
widen them in complex, judgment-intensive work,
particularly when users lack the expertise to validate Al
outputs.

» Labour demand and
employment effects

While productivity effects are increasingly well
documented, evidence on labour demand and employment
remains more limited and context specific. Overall, there is
little evidence so far of large-scale job losses directly
attributable to GenAl. However, early signals point to
important adjustments in task demand, hiring patterns,
and the structure of employment, particularly in
occupations heavily reliant on routine cognitive tasks.

Digital trace data from online labour platforms provide
some of the clearest evidence of substitution effects.
Studies using job postings and online labour platform data
show that, following the diffusion of GenAlI tools, demand
for skills associated with routine writing and translation
declined significantly (Liu et al. 2025; Qiao et al., 2024;
Yilmaz et al., 2023), while demand for Al-related skills such
as machine learning and natural language processing
increased (Teutloff et al., 2024). Emerging evidence also
points to declining demand in software and web
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development tasks, particularly for more routine and entry-
level work (Demirci et al., 2025).

Evidence from China provides an additional perspective on
how GenAl may affect labour demand in different
economic contexts. Chen et al. (2025) show that exposure
to GenAl varies widely across occupations, and that firms
respond primarily by reorganising tasks rather than
reducing headcount, again pointing to task-level rather
than occupation-level adjustment. This evidence reinforces
the view that GenAl affects labour demand by reshaping
task bundles and skill requirements rather than by
eliminating entire occupations.

While some studies suggest declining employment for
entry-level workers in Al-exposed occupations, the
emerging consensus points to limited robust evidence for
widespread displacement effects. Teutloff et al. (2024)
document reduced demand for less-experienced
freelancers in Al-exposed tasks on online platforms,
though this represents a highly flexible market segment
where task-level substitution may occur more rapidly than
in traditional employment. Potentially the strongest
evidence for broader effects comes from Klein Teeselink
(2025), who finds that UK firms with high Al exposure
reduced employment in junior positions. However, the
study acknowledges important limitations: employment
data derived from LinkedIn likely overrepresents
professional workers and the 30-month observation
window makes it difficult to rule out other concurrent
shocks. In the US, Brynjolfsson et al. (2025) report a 16
percent relative decline in employment for workers aged
22-25 in Al-exposed occupations, but this finding faces
methodological critiques: the timing precedes ChatGPT's
launch and aligns with monetary policy tightening in
interest rate-sensitive sectors, suggesting macroeconomic
rather than technological drivers (Frank et al., 2026;
Iscenko and Millet, 2026). In contrast, comprehensive
administrative data covering entire labour markets find no
employment effects: Denmark's detailed registers show
effectively zero impact on earnings, hours worked, or net
job creation from Al adoption through 2024 (Humlum and
Vestergaard, 2025).

Overall, aggregate employment effects remain modest
despite rapid Al diffusion. Corporate Al adoption remains
limited: US Census data shows only around 12 percent of
large businesses reported using Al for production by late
2025 (U.S. Census Bureau, 2025). This gap likely reflects
implementation barriers including regulatory uncertainty,
reliability concerns, and the need for complementary

investments in infrastructure and organizational redesign
to realize productivity gains (Brynjolfsson et al., 2021). As
with earlier general-purpose technologies, full labour
market effects may take years to materialize. These
findings are consistent with broader evidence on the
aggregation of Al productivity gains: while task-level gains
are large and well-documented, they have yet to translate
into measurable macroeconomic productivity growth,
reflecting slow diffusion, limited complementary
investment, and the historical pattern of delayed returns
from general-purpose technologies (Chan and Shedania,
2026).

Firm-side evidence corroborates these worker-level
patterns and extends them to economies for which
representative Al data had been scarce. Yotzov et al. (2026)
field the first representative international firm-level survey
on Al use, covering nearly 6,000 CFOs, CEOs and senior
executives across the United States, the United Kingdom,
Germany and Australia. About 70 per cent of firms report
active Al wuse, concentrated in younger and more
productive firms, yet more than 80 per cent of these same
firms report no impact of Al on either employment or
productivity over the past three years. Average use among
top executives is only about 1.5 hours per week, with a
quarter reporting no use at all. Looking ahead, executives
forecast that Al will boost productivity by 1.4 per cent and
cut employment by 0.7 per cent over the next three years,
while employees surveyed in parallel forecast a 0.5 per cent
net employment increase over the same horizon,
amounting to a 1.2 percentage-point gap in employment
expectations between those who decide on adoption and
those who experience it.

» Beyond individual tasks:
GenAl and work
organization

Del Rio Chanona et al. (2025) highlight that GenAT's effects
extend beyond individual productivity to the organisation
of work itself. Increasingly, Al tools are embedded within
teams, workflows, and management processes, shaping
coordination, decision-making, and collective performance.

A growing set of experimental and organisational studies
demonstrates that GenAl can improve the speed,
consistency, and average quality of outputs produced by
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teams, particularly in knowledge-intensive activities such as
brainstorming, coding, marketing, and document drafting
(DellAcqua et al., 2023; Brynjolfsson, Li and Raymond,
2025). By providing rapid access to information and
standardised suggestions, GenAl can reduce cognitive
bottlenecks and lower coordination costs within teams.
However, these same mechanisms also introduce
important trade-offs. Several studies show that reliance on
Al-generated suggestions can reduce the diversity of ideas
and lead to convergence toward average solutions,
potentially constraining creativity and innovation in
contexts where heterogeneity of perspectives is essential
(Dell'Acqua et al., 2023).

Evidence further suggests that GenAl alters how expertise
is deployed within organisations. In some settings, Al
assistance allows less-experienced workers to perform
tasks previously reserved for specialists, flattening skill
hierarchies and changing team composition (Brynjolfsson,
Li and Raymond, 2025). In other contexts, Al shifts the focus
of expert work away from implementation toward
supervision, verification, and judgment, increasing the
importance of workers ‘ability to evaluate and
contextualise Al outputs (Dell'Acqua et al., 2023). These
dynamics imply that organisational gains from GenAl
depend not only on access to the technology but also on
how roles and responsibilities are redesigned.

A growing literature emphasises that GenAl affects not only
individual tasks but the organisation of work as bundles of
interdependent activities. Occupations are not collections
of separable tasks, and task-level automation does not
translate directly into job displacement. Foundational work
shows that skills and tasks are bundled and interact
through complementarities (Edmond and Mongey, 2021).

Recent contributions show that AI primarily operates
through within-job reorganisation. Workers reallocate
effort towards not displaced tasks within the same job
(Hampole et al., 2025). Whether jobs are displaced depends
on the cost of unbundling: “strong” bundles tend to persist
and be reorganised rather than replaced (Garicano, Li and
Wu, 2026), while organisational structure and knowledge
hierarchies also shape outcomes, as jobs are positions in
hierarchies that reorganise rather than dissolve under Al
(Ide and Talamas, 2025). Al induces job transformation
through changes in task composition, with heterogeneous
effects across workers (Freund and Mann, 2026). From a
longer-term perspective, occupations evolve as expanding
bundles of tasks, suggesting jobs might be more resilient
to automation as they gradually include new tasks reliant

on human input (Jackson, 2025). Taken together, viewing
jobs as task bundles that cannot easily be undone suggests
that the impact of artificial intelligence on jobs and
productivity might be multi-faceted and depend on factors
other than the technology alone.
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Type of Research Design \ Tasks Time Quality Inequality

RCTs with simple tasks 10 = Writing and copy-editing, image Consistently faster Mixed Mostly
classification, debate preparation (20-55%) reduction

RCTs with complex tasks 4 Legal/academic writing, consulting, policy Consistently faster Mostly positive Mixed
assessment (12-65%)

Field Experiments with 3 Telemarketing, customer support, Leans towards faster Mixed Mixed

simple tasks knowledge work (15-31%)

Field Experiments with 2 Entrepreneurship, software development Limited evidence Mixed Mixed

complex tasks

Natural Experiments 5 Programming, software development Mostly positive (2-6%) Limited evidence Mostly

increase

Caption: Summary of experimental evidence on GenAl and worker productivity from del Rio-Chanona et al. (2025). We classify the direction of findings based
on the share of studies reporting on a given outcome: "consistently" indicates more than 80% agreement, "mostly" 70-80%, "leans towards" 60-70%, and
"mixed" less than 60%. Studies not reporting on an outcome are excluded from these calculations. "Limited evidence" indicates fewer than half of studies
reported on that outcome. Percentages in parentheses show typical effect sizes. Results for Daniotti et al. (2025) were updated from the preprint version
reviewed in del Rio-Chanona et al. (2025) to reflect the published findings.
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P Figure 1: Productivity gains from Generative Al

GenAl productivity gains depend on task complexity

Evidence from experiments and representative surveys reviewed in the ILO brief

. RCTs 20-55% faster
simple tasks

Writing, image classification, debate prep

RCTs 12-65% faster
complex tasks
Legal/academic writing, consulting, policy

Field experiments 15-31% faster
simple tasks

Telemarketing, customer support, email

Field experiments Limited evidence on speed
complex tasks

Entrepreneurship, software development

Natural experiments 2-6% faster
(coding & software) .
Programming on GitHub
0% 10% 20% 30% 40% 50% 60% 70%

Reported speed gains (% reduction in task completion time)

Inequality effect among workers
Bl Performance gap narrows I Mixed effects on inequality Bl Performance gap widens

Why complexity matters: the “jagged technological frontier”

Al augments human performance inside the model’s capability frontier; outside it, outputs can
mislead. In well-bounded tasks, speed and quality gains accrue most to lower-skilled workers,
narrowing performance gaps. In ambiguous, judgment-intensive tasks, gains depend on the
worker's ability to detect Al errors, which can widen them.

But task-level gains have not yet shown up as more output
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