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Key messages 

1. Task-level experiments consistently show that AI boosts individual productivity by 14–40%, 
particularly for less-experienced workers. Yet aggregate productivity statistics and CEO surveys show only 
limited and uneven effects to date, a pattern reminiscent of the Solow paradox of the 1980s, though early 
growth-accounting evidence suggests the macro signal may be beginning to emerge. 

2. The gap between micro and macro is explained by a well-documented pattern: general-purpose 
technologies require years of complementary investment, in skills, processes, organisational redesign, and 
data infrastructure, before their aggregate effects materialise. 

3.  In Europe, AI adoption has more than doubled in two years (8.7% to 20% of firms; Eurostat 20.0%, 
OECD 20.2%), but remains sharply unequal: 52% of large firms versus 17% of small firms, and a tenfold 
gap between leading and lagging member states. 

4.  AI’s impact depends less on the technology than on organisational choices: Harvard-BCG experiments 
show that identical AI tools produce three radically different outcomes, upskilling, newskilling, or no 
skilling, depending on how workers integrate them. The default market trajectory favours automation 
over augmentation. 

5.  To convert AI’s demonstrated micro-level potential into measurable aggregate productivity growth, 
Europe needs coordinated action on five fronts: workforce skills, SME adoption infrastructure, 
organisational transformation, the direction of AI development itself, and resource reallocation.  

 

The Paradox: AI Everywhere Except in the Statistics 
In February 2026, financial analysts at CitriniResearch published a thought experiment that sent 
shockwaves through investment circles: a fictional dispatch from June 2028 in which AI had worked too 
well. In their scenario, productivity surged, margins expanded, stock markets hit record highs, and then the 
economy collapsed. White-collar workers, displaced by machines that did their jobs better and cheaper, 
stopped spending. Mortgages defaulted. A “negative feedback loop with no natural brake” produced an 
unemployment rate of 10.2% and a 38% market crash. The most unsettling aspect of the exercise was not its 
conclusions but its mechanism: every individual corporate decision was rational; the collective result was 
catastrophic.[1] 

 
The scenario is fiction. But the paradox it dramatises is real. In 1987, the economist Robert Solow observed: 
“You can see the computer age everywhere but in the productivity statistics.” Nearly four decades later, the same 
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paradox has returned. Generative AI is transforming daily workflows across knowledge work: by December 
2025, 35.9% of American workers reported using generative AI tools. Yet the macroeconomic signature 
remains almost invisible. The question this brief seeks to answer is not whether the Citrini scenario will 
materialise, but what determines whether AI’s demonstrated micro-level productivity gains translate into 
shared prosperity or concentrated disruption.[2][3] 
 
A landmark NBER study published in February 2026, surveying approximately 6,000 CEOs, CFOs, and 
senior executives from firms in the United States, the United Kingdom, Germany, and Australia, found that 
more than 80% of managers reported no change in productivity, measured as sales volume per employee, 
over the preceding three years, despite AI adoption among surveyed firms rising from 61% to 71% between 
early 2025 and early 2026. PwC’s 2024 Global CEO Survey reached a similar conclusion: only 30% of CEOs 
reported any revenue increase from AI, while 22% said their costs had actually risen.[4][5] 
  

"AI is everywhere except in the incoming macroeconomic data." — Torsten Slok, Chief Economist, 
Apollo Global Management, 2025. Researchers at the Federal Reserve Bank of St. Louis estimate that US 
labour productivity has run only about 1.9 percentage points above its 2015–2019 pre-pandemic trend in 
the roughly two and a half years since ChatGPT was released — an excess of just 0.7pp per year.[6][7] 

  
The University of Virginia economist Anton Korinek, in a March 2026 exchange with David Autor and 
Natasha Sarin, draws attention to a telling asymmetry in the investment data. Alphabet, Meta, Microsoft, 
and Amazon have collectively spent more than $300 billion on AI infrastructure in the past year alone, more 
than triple their spending just a few years ago. Yet the companies at the centre of the AI revolution employ 
remarkably few people: OpenAI has roughly 4,000 employees for a $500 billion valuation (7–8 employees 
per billion dollars of market capitalisation), Anthropic 2,300 at $350 billion. By comparison, Walmart has 
roughly 2,000 to 3,000 employees per billion of market capitalisation, depending on the valuation date, and 
Ford comparable figures. The investment is enormous; the employment it creates is minimal. Korinek argues 
that the employment effects we are waiting to see may simply be “lagging indicators of a transformation 
that’s already locked in by the capital being deployed.”[8] 
  
The range of expert forecasts is itself revealing. At the cautious end, the MIT economist Daron Acemoglu 
estimates that AI will increase total factor productivity by approximately 0.53% over the next ten years, a 
figure far below transformative claims. At the optimistic end, Goldman Sachs projects that generative AI 
could raise global GDP by 7% (nearly $7 trillion) and lift productivity growth by 1.5 percentage points over 
a decade. McKinsey Global Institute estimates annual economic value of $2.6–4.4 trillion from generative 
AI alone.[9][10][11] 
  
Philippe Aghion occupies an instructive middle ground. In a widely cited 2024 paper with Simon Bunel, 
and a subsequent 2025 essay with Xavier Jaravel, Aghion estimates that AI should increase aggregate 
productivity growth by 0.8 to 1.3 percentage points per year over the coming decade, comparable to the 
productivity acceleration delivered by electricity (1.3 points) or information technology (0.8 points) in their 
respective eras. Crucially, Aghion’s framework emphasizes that this gain is conditional on institutional 
adaptation: countries that reorganise work, invest in skills, and reform labour markets will capture the 
dividend; those that do not will see AI reinforce existing inequalities rather than resolve them.[12][13] 
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Yet in the short term, even optimists concede the gap is real. Goldman Sachs’ own chief economist, Jan 
Hatzius, acknowledged in early 2026 that AI investment had contributed “basically zero” to US GDP 
growth in 2025, despite hundreds of billions in corporate expenditure. The Federal Reserve Bank of San 
Francisco, in a February 2026 Economic Letter, frames the situation as an “AI moment”, rich with long-run 
potential but with measurable aggregate effects still largely in the future. Growth-accounting work by 
Bontadini, Corrado, Haskel, and Jona-Lasinio does, however, detect an early signal: software and AI-related 
capital already account for approximately 50% of the 2% average US labour productivity growth observed 
between 2017 and 2024, and for half of the most recent productivity acceleration — suggesting that the 
macro effects may be beginning to materialise, albeit unevenly.[14][15][16] 

What Experiments Actually Show: The Micro-Level 

Evidence 

The apparent contradiction between subdued macro-level statistics and the experimental evidence reviewed 
below is not an artefact of measurement error. At the task and individual level, the evidence of AI-driven 
productivity gains is robust, consistent, and in some cases, remarkable. 
  
The most rigorous study to date is Brynjolfsson, Li, and Raymond’s "Generative AI at Work" (2025). 
Studying 5,172 customer-support agents at a Fortune 500 software firm, they found that access to an AI 
assistant increased the number of issues resolved per hour by 14% on average. The effect was sharply 
heterogeneous: novice and low-skilled workers improved by 35%, while the most experienced agents saw 
marginal or negligible gains. The study also found improvements in customer sentiment, employee 
retention, and evidence of accelerated learning — the AI appeared to disseminate the tacit knowledge of top 
performers to less experienced colleagues.[17] 
  
A second experiment involved 758 consultants at Boston Consulting Group, conducted by researchers from 
Harvard Business School, MIT Sloan, and Wharton. Participants using GPT-4 completed 12.2% more tasks, 
25.1% faster, and produced 40% higher-quality output for tasks within AI’s capability frontier. However, 
the study introduced a critical concept: the "jagged technological frontier". For tasks outside this frontier, 
consultants using AI were 19% less likely to produce correct solutions than those working without it — 
suggesting that AI can actively degrade performance when users rely on it for tasks it cannot reliably 
handle.[18] 
  
Noy and Zhang (2023) found that ChatGPT reduced the time required for professional writing tasks by 
40% while increasing output quality by 18%. A consistent finding across studies is that AI compresses the 
skill distribution: it lifts the floor far more than the ceiling, making less-skilled workers substantially more 
productive while offering modest benefits to experts.[19] 
  
Taken together, the experimental literature presents a remarkably consistent picture: task-level productivity 
gains of 14–40%, concentrated among less-experienced workers, with significant quality improvements for 
tasks within AI’s competence but potential quality degradation beyond it. The Berkeley California 
Management Review identified seven recurring myths in the public discourse on AI and productivity; chief 
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among them is the assumption that task-level gains automatically translate into organisational or 
economy-wide productivity improvements. The evidence to date suggests that this translation is neither 
automatic nor immediate.[20] 
  

Why the Gap? General-Purpose Technologies and the 

J-Curve 

The pattern we observe with AI is not new. It is, in fact, the defining signature of general-purpose 
technologies — innovations so fundamental that they reshape production across virtually all sectors, but 
only after extended periods of complementary investment and institutional adaptation. Bresnahan and 
Trajtenberg formalised this concept in 1995; the canonical examples are the steam engine, electricity, and the 
microprocessor.[21] 

  
Brynjolfsson, Rock, and Syverson have modelled this dynamic as a "productivity J-curve". When a major 
new technology arrives, firms must invest heavily in intangible capital — new business processes, worker 
training, data infrastructure, organisational redesign — before the technology’s productive potential is fully 
realised. During this transition period, measured productivity may actually decline, because the investment 
expenditure is counted as a cost but the complementary capital being built is not captured in conventional 
output statistics.[22] 
  
The historical precedent is instructive. The economic historian Paul David showed that the electric dynamo, 
introduced in the 1880s, did not produce measurable aggregate productivity gains until the 1920s — a lag of 
nearly four decades. The reason was not that electricity did not work; it was that factories had to be 
physically redesigned, from the multi-storey shaft-driven architecture of steam power to the single-storey 
flexible layout that electric motors made possible. Similarly, the personal computer diffused through offices 
from the late 1970s, but the productivity surge associated with IT, an increase from 1.4% to 2.7% annual 
productivity growth, did not arrive until 1995–2005.[23][24] 
  

The Workday 2026 study illustrates the transition cost concretely: 37–40% of time ostensibly saved by AI 
is currently consumed by reviewing, correcting, and verifying AI-generated output. AI does not yet 
automate tasks end-to-end; it displaces effort from production to supervision. Until organisations redesign 
workflows to account for this — distinguishing tasks where AI output can be trusted from those where it 
cannot — the net productivity gain will remain well below the gross task-level improvement.[25] 

  
Carl Benedikt Frey, in his 2025 book How Progress Ends and in subsequent commentary in early 2026, 
argues that the J-curve metaphor, while useful, is incomplete. The deeper bottleneck is not merely time and 
complementary investment, it is institutions and incentives. Frey notes that the personal computer and the 
internet “gave us the world’s stored knowledge in our pockets”, yet the resulting productivity surge lasted 
barely a decade and was largely confined to the United States. The reason, he argues, is that the institutions 
surrounding innovation, publish-or-perish academic incentives, regulatory bottlenecks, declining business 
dynamism, prevented the sustained diffusion of gains. The lesson for AI is clear: without reform of the 
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institutional environment, competition policy, labour market regulation, skills systems, even a powerful 
general-purpose technology can produce a productivity surge that peaks and fades rather than 
compounding over time.[26][27] 
  
Frey and Osborne’s original 2013 working paper, which estimated that approximately 47% of US jobs were 
at “high risk” of automation, catalysed the modern debate on AI and labour. A decade later, Frey 
acknowledges that the timeline was too aggressive — but insists that the structural forces remain operative. 
The critical variable, he argues, is not the pace of AI capability but the structure of the economy receiving it. 
An economy dominated by large incumbents optimising existing processes will experience AI very 
differently from one in which new entrants are creating entirely new sectors and occupations.[28] 

Beyond the J-Curve: Why Firms Must Change How They 

Work 

The J-curve framework explains why aggregate productivity gains are delayed. But it does not, by itself, 
explain what firms must actually do to accelerate the transition. A growing body of research now provides a 
far more granular picture. The central finding is that AI’s productivity impact depends less on the 
technology than on the organisational choices surrounding its deployment. 
  
In February 2026, Daron Acemoglu, David Autor, and Simon Johnson published a paper for the Hamilton 
Project at Brookings: "Building Pro-Worker Artificial Intelligence". Building on the analytical framework of 
their 2023 book Power and Progress, the three MIT economists argue that AI technologies fall into five 
economically distinct categories, ranging from labour-augmenting tools that make workers more effective at 
existing tasks to fully autonomous systems that eliminate human involvement entirely. Their core thesis is 
that the market, left to its own devices, systematically under-invests in the pro-worker end of this spectrum: 
the business models of the major AI vendors — built on automation, scale, and data capture — are 
structurally misaligned with worker augmentation.[29][30] 
  
Acemoglu identifies three barriers to pro-worker AI. First, business model misalignment: “The business 
models of tech companies are not really aligned with that pro-worker dimension.” Second, a one-size-fits-all 
architecture: general-purpose models are not designed for the highly contextual needs of professionals — 
electricians, teachers, nurses — whose expertise depends on domain-specific judgment and real-world 
context. Third, the gravitational pull of artificial general intelligence, which Acemoglu characterises as “the 
enemy of pro-worker AI” because it shifts attention from systems designed to enhance human capability 
toward systems designed to replace it. Without deliberate intervention, automation — not augmentation — 
becomes the default path.[31][32] 
  
The experimental evidence supports this analysis with striking specificity. A field study of 244 management 
consultants at Boston Consulting Group, conducted by researchers from Harvard, MIT Sloan, and 
Wharton, identified three distinct modes of human-AI collaboration emerging from use of the same tools: 
Centaurs, who strategically delegate specific tasks to AI while retaining authority over the overall workflow; 
Cyborgs, who fuse their work with AI in a continuous, iterative loop; and Self-Automators, who effectively 
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abdicate cognitive authority by handing entire workflows to the model. The skilling outcomes diverge 
dramatically: Centaurs develop deeper domain expertise; Cyborgs acquire new AI-related capabilities; 
Self-Automators experience no skill development at all. Professionals using the same technology, in the same 
organisation, arrived at radically different productivity and learning outcomes depending on how they chose 
to integrate it.[33] 
  
The Burning Glass Institute’s analysis of US job postings spanning three years before and after ChatGPT’s 
release reaches a complementary conclusion. Burning Glass classifies individual skills (rather than jobs) as 
exposed to automation or augmentation, and tracks the resulting shifts in employer demand. Skills exposed 
to automation are 16% more likely to see demand decline; skills exposed to augmentation are 7% more likely 
to see demand increase. The critical finding is that automation- and augmentation-exposed skills cluster 
within the same occupations: “The jobs most exposed to automation are not a separate population from the 
jobs most exposed to augmentation. They are, in large part, the same jobs.” The binary framing — will AI 
replace workers or help them? — is empirically false. Both forces operate simultaneously within the same 
roles, and the balance between them is determined by organisational choices, not by the technology 
alone.[34] 
  

A Harvard Business Review analysis adds a further dimension: AI does not simply reduce work — it 
intensifies it. As AI handles routine tasks, the cognitive burden shifts to complex judgment, interpretation, 
and decision-making. Decision velocity increases while reflection time decreases. McKinsey’s task-level 
analysis of 800 occupations finds that more than 70% of employer-sought skills remain relevant in both 
automatable and non-automatable work — but the demand for the ability to use and manage AI tools 
has grown sevenfold in two years, faster than any other skill, including the ability to design AI systems 
themselves.[35][36] 

  
The implications for European policy are direct. The World Economic Forum’s January 2026 scenario 
analysis identifies four plausible futures for AI and work by 2030, differentiated not by the pace of 
technological progress but by the quality of institutional response: a “Co-Pilot Economy” in which early 
investment in training, mobility, and governance creates absorptive capacity; a “Supercharged Progress” 
scenario of rapid AI breakthroughs with new occupations emerging at scale; an “Age of Displacement” 
where AI advancement outpaces workforce adaptation; and a “Stalled Progress” in which patchy skills 
investment leaves gains concentrated among those already ahead. Notably, 54% of business executives expect 
AI to displace existing jobs, but only 12% expect it to lead to higher wages — a gap that itself reflects the 
absence of deliberate pro-worker design.[37] 
  
Data from Anthropic’s survey of 80,508 individuals across 159 countries and 70 languages confirms that the 
gap between AI’s promise and its perceived impact is global: while 32% of respondents cite productivity 
gains as AI’s primary benefit, 22.3% identify economic disruption as their top concern — a ratio that 
suggests widespread awareness of AI’s potential paired with deep uncertainty about its distributional 
consequences. The scale of the survey — the largest known multi-country consultation on AI’s societal 
implications — makes clear that the organisational and policy choices discussed in this brief are not abstract: 
they correspond to anxieties and expectations held by millions of workers worldwide.[38] 
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The research paper by Bontadini, Corrado, Haskel, and Jona-Lasinio provides the growth-accounting 
complement to these findings. Analysing AI as both a general-purpose technology and an “innovation in the 
method of innovation”, they estimate that software and AI already account for 50% of the 2% average US 
labour productivity growth observed between 2017 and 2024, and for 50% of the 1.2 percentage-point 
acceleration in the most recent period. Their central estimate is that AI will add up to 1 percentage point of 
annual labour productivity growth in the United States — but only approximately 0.3 points in Europe, 
reflecting the continent’s smaller ICT sector, lower capital deepening, and slower organisational 
adaptation.[39] 
  
Frey’s historical analysis adds a structural dimension to these findings. He distinguishes between process 
innovation — in which large firms use AI to optimise existing operations (automation) — and product 
innovation — in which new entrants create entirely new sectors. “If all we’d done since 1800 was 
automation, we would have productive agriculture. Cheap textiles. But that would be about it.” The 
implication is that an economy in which AI is deployed primarily for cost reduction within incumbent firms 
will miss the larger prize: the creation of new industries, new occupations, and new sources of demand. 
Market concentration — which has increased steadily across OECD economies — is therefore not merely a 
competition problem; it is a productivity problem, because it shifts the balance of AI deployment away from 
the kind of innovation that historically drove sustained growth.[40][41] 
  
The MIT economist David Autor frames the underlying risk with a historical analogy that illuminates the 
stakes. In the artisanal era, most goods were handmade by skilled workers whose expertise was revered. The 
Industrial Revolution decimated the value of that expertise: it took five decades before working-class living 
standards began to rise. Autor warns that AI threatens a comparable “commodification of human expertise” 
— not necessarily destroying jobs, but hollowing out their economic value. As he puts it: “We should be 
worried not about the number of jobs but about the commodification of human expertise, since expertise is 
what gives labour its economic value.” Korinek goes further: if artificial general intelligence succeeds, 
“labour itself becomes optional for the economy” — and the reassuring historical patterns in which new 
technologies create more jobs than they destroy would no longer apply, because machines would learn the 
new jobs faster and do them more cheaply.[42] 
  
Aghion, Bergeaud and colleagues have shown that productivity depends not only on invention and 
adoption, but on the economy’s capacity to reallocate capital, labour, and market share toward more 
productive firms. Their research demonstrates an inverted-U relationship between credit access and 
productivity growth: too little credit starves innovative firms of capital, but too much flows to incumbents 
and sustains unproductive ones. If AI is layered onto stagnant market structures, weak diffusion channels, or 
distorted credit allocation, task-level gains may coexist with disappointing aggregate outcomes.[43] 

The European Picture: Rapid Adoption, Deep Inequalities 

Europe’s AI adoption trajectory has accelerated sharply. Eurostat data show that the share of EU enterprises 
with ten or more employees using AI technologies rose from 8.7% in 2023 to 13.5% in 2024 and 20.0% in 
2025 — a 130% increase in two years. The OECD, using a slightly broader sample, reports a comparable 
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figure of 20.2% for 2025. The ICT sector leads at 57.3%, followed by professional and scientific services at 
36.8%.[44][45] 

  
But aggregate figures conceal profound disparities. By firm size: 52% of large enterprises used AI in 2025, 
against 30% of medium-sized firms and just 17.4% of small firms — a gap of nearly 35 percentage points 
between the largest and smallest firms. By geography: Denmark leads Europe at 42.0%, followed by Finland 
(37.8%) and Sweden (35.0%). At the other end, Romania stands at 5.2%, Poland at 8.4%, and Bulgaria at 
8.5% — a tenfold gap between the leading and lagging member states.[46][47] 
  
The IMF estimates that the medium-term productivity gains from AI for Europe as a whole will be modest: 
approximately 1.1% cumulatively over five years. However, a separate EIB study, using US peer adoption 
rates as an instrument, finds that AI adoption increases EU labour productivity by 4% on average, driven 
primarily by capital deepening rather than job displacement — suggesting that if adoption rates could be 
raised to US levels, the aggregate gains would be substantially larger.[48][49] 
  

The central finding is that Europe’s AI productivity challenge is not principally one of technology or even 
of investment. It is one of diffusion. The benefits are real but sharply concentrated — among large firms, 
high-skill workers, advanced member states, and ICT-intensive sectors. The policy question is how to 
broaden diffusion without diluting the quality of adoption.[50] 

  
Frey, drawing on IMF estimates, adds a striking figure to the European picture: barriers to trade in services 
inside the EU amount to approximately 110% — the equivalent, as he puts it, of “Trump Liberation Day 
tariffs self-imposed on services inside the European Union.” Given that AI’s productivity potential is 
concentrated in knowledge-intensive services — precisely the sectors most affected by these internal barriers 
— the completion of the Digital Single Market is not merely a trade policy objective; it is a precondition for 
capturing AI’s productivity dividend at scale.[51] 
  

Policy Recommendations 

The following eight recommendations draw on the experimental, macroeconomic, and organisational 
evidence set out above. They are designed to address the five structural bottlenecks — skills, SME diffusion, 
organisational transformation, the direction of AI development itself, and resource reallocation — that 
explain the gap between AI’s demonstrated micro-level potential and its absent macro-level impact. 
 
1. A European AI Skills Guarantee. The OECD has identified workforce skills as the decisive factor in 
whether economies capture AI’s productivity potential. The experimental evidence consistently shows that 
less-skilled workers benefit most from AI assistance — but only if they receive adequate training in how to 
use it effectively. Europe should establish a binding AI Skills Guarantee: every employee in a firm with more 
than 50 staff should have access to at least 40 hours of certified AI training by 2028, co-funded by the 
European Social Fund and national training levies. Priority should be given to sectors with the highest latent 
AI productivity potential: professional services, healthcare, public administration, and manufacturing. Two 
operating models are instructive. Singapore’s SkillsFuture, launched in 2015, has lifted the annual training 
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participation rate of the resident workforce from roughly 35% in 2015 to around 50% by 2021, with about 
500,000 individuals — close to a fifth of the workforce — using subsidised programmes each year; 
cumulatively, more than half of the resident workforce has activated its SkillsFuture Credit since the 
scheme’s introduction.[52] France’s Compte Personnel de Formation, which in 2015 converted a collective 
bargaining right into individual, portable training accounts, allocates €500 per year, capped at €5,000 — 
and €800 per year, capped at €8,000, for low-skilled workers — and has, since its launch, attracted 
low-skilled workers in proportions that exceed their share of the workforce.[53] Annual training 
participation among that group rose markedly in the five years following the scheme’s launch. Recent moves 
to introduce a €100 co-payment in 2024, however, illustrate the design tension between scale and quality 
control that any European scheme will need to address.[54] Both programmes suggest that uptake depends 
critically on portability and on employer co-investment[55] — design features that the Council of the 
European Union formalised in its 2022 Recommendation on Individual Learning Accounts,[56] and that 
any future EU Skills Guarantee should incorporate from the outset. The case for accelerating this agenda is 
reinforced by recent field-experimental evidence that the productivity gains of generative AI accrue 
overwhelmingly where deployment is paired with worker training and workflow redesign.[57][58] 
  
A recent proposal by former US Commerce Secretary Gina Raimondo offers a concrete template. 
Raimondo calls for a “grand bargain” between government, industry, and workers: public investment in 
modular, stackable credentials — short-duration, industry-recognised certificates that can be completed 
while working — paired with employer tax credits for on-the-job AI training. She cites the CHIPS Act 
partnership between TSMC and Maricopa Community College in Arizona as proof of concept: a program 
that trained thousands of semiconductor technicians in months, not years, through a combination of 
classroom instruction and paid apprenticeship. A European adaptation of this model, linking AI training 
vouchers to the existing European Qualifications Framework, could accelerate workforce readiness without 
requiring the creation of new institutional infrastructure.[59] 
  
2.  An SME AI Adoption Facility.  The adoption gap between large and small firms is the single largest 
obstacle to translating task-level productivity gains into aggregate growth. The 35-percentage-point gap 
between large and small enterprises is not primarily a technology gap — it is a gap in organisational capacity, 
data readiness, and integration expertise. A European SME AI Adoption Facility, modelled on the G7 SME 
AI Adoption Blueprint and co-financed by the EIB and national development banks, should provide three 
services: subsidised access to pre-configured, sector-specific AI tools; on-site implementation support 
through a network of accredited AI advisors; and shared data infrastructure enabling SMEs to pool 
anonymised data for AI training without surrendering competitive advantage. Existing programs show what 
such a facility can achieve. Germany’s Mittelstand-Digital initiative operates through regional and 
sector-specific SME digital hubs, combining advisory services, training, demonstrators and hands-on 
support; the BMWK’s 2025 Ramboll evaluation of the associated “Digital Jetzt” investment grant found 
that, between programme launch in September 2020 and December 2022, €134.3 millions of grants 
triggered roughly €447 million in additional revenue at the supported firms. In the United States, the 
Manufacturing Extension Partnership reaches more than 36,000 manufacturers a year through a 
federal–state network of 51 centres and hundreds of service locations; on NIST’s FY2023 reported figures, it 
generated $24.60 in new sales growth for every federal dollar invested, although these impact figures should 
be read with the usual caution attached to survey-based program evaluations. Japan’s Kohsetsushi 
technology centres provide an even older precedent: locally embedded public technology centres offering 
SMEs technical consultation, training, testing facilities, applied R&D and access to equipment. 
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The lesson is not that subsidies alone work. It is that successful diffusion systems pair subsidised tools with 
trusted, on-site human expertise. This matters especially for AI, because adoption is not a one-off software 
purchase: as the OECD notes, SMEs need complementary investments in skills, data, compute, 
organisational change and finance before productivity gains materialise, often with a J-curve dynamic. A 
European AI adoption facility should therefore be sized for comparable reach, for example, at least one 
accredited adoption hub per 10,000 SMEs, and funded on a multi-year basis, so that firms have time to 
absorb the complementary investments that effective AI deployment requires.[60][61] 
  
3.  Organisational Transformation Vouchers.  The J-curve evidence demonstrates that complementary 
intangible investment — process redesign, management practices, data architecture — is as important as the 
technology itself. Yet current EU innovation support programmes focus overwhelmingly on technology 
acquisition, not on the organisational changes required to deploy it productively. A new instrument, AI 
Transformation Vouchers of €50,000–200,000 per firm, should fund external consulting on workflow 
redesign, change management, and AI integration — replicating at scale the kind of controlled deployment 
that produced measurable gains in the Brynjolfsson and Dell’Acqua experiments. The Netherlands’ 
innovation voucher scheme, pioneered in 2004 with €7,500 vouchers allocated by lottery, provided some of 
the only randomised-controlled-trial evidence in innovation policy: Cornet, Vroomen and van der Steeg 
(CPB, 2006), exploiting the lottery allocation, found significant short-run effects on SME–research 
interaction.[62] Subsequent register-based evaluations have suggested that these short-run effects translated, 
at least in part, into longer-term performance gains.[63] The voucher should be conditional on the firm 
reporting anonymised productivity metrics to a public AI Observatory for three years, and a meaningful 
share, at least 10% of allocations, should be assigned by lottery to enable robust impact evaluation from the 
outset, replicating the original Dutch design that made causal inference possible. Innovation voucher 
schemes targeting consulting and process redesign, rather than equipment purchase, have shown positive 
productivity effects in evaluations of the Dutch SME programme and of the UK schemes piloted in the early 
2010s, with the strongest gains where vouchers funded external expertise rather than internal hardware. The 
lesson for AI adoption is straightforward: the binding constraint at firm level is rarely the cost of the 
technology itself; it is the cost of the complementary organisational change — the management practices, 
the workflow redesign and the intangible capital that make a general-purpose technology productive. 
Field-experimental work on knowledge workers using state-of-the-art AI tools confirms that gains are large 
but uneven, and concentrated where tasks are well aligned with the technology — making the case for 
subsidising the firm-level capacity to identify and reorganise those tasks rather than the technology 
itself.[64][65] 
  
4.  A European AI Productivity Observatory.  One of the most striking findings of the current literature 
is the sheer paucity of reliable data on AI’s actual impact at the firm level. The NBER CEO survey, the EIB 
working paper, and the Eurostat adoption data all capture different dimensions of the phenomenon, but no 
single institution tracks AI’s productivity effects systematically, longitudinally, and at granular sectoral 
resolution. Europe should create an AI Productivity Observatory, housed within the Joint Research Centre 
or Eurostat, with a mandate to conduct annual firm-level surveys, publish standardised productivity 
indicators, and provide the evidence base for policy adjustment. Without rigorous measurement, policy will 
continue to oscillate between hype and disillusion.[66][67] 
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5.  Pro-Worker AI Incentives.  The Acemoglu-Autor-Johnson framework demonstrates that market 
forces alone will not produce pro-worker AI: the dominant business models of the major AI vendors are 
structurally aligned with automation and data capture, not with worker augmentation. Europe should 
create a Pro-Worker AI Label and Tax Incentive, modelled on existing eco-certification schemes, that 
provides a 25% R&D tax credit for firms developing AI systems demonstrably designed to augment, rather 
than replace, human capabilities. Eligibility criteria, defined by the AI Productivity Observatory, should 
include evidence of domain-specific design, human-in-the-loop architecture, and measurable 
skill-development outcomes. Complementary procurement preferences should require that EU-funded AI 
deployments in healthcare, education, and public administration meet pro-worker design standards.[68][69] 
  
6.  Convergence Funding for Lagging Member States.  The tenfold gap in AI adoption rates across EU 
member states, from Denmark’s 42% to Romania’s 5%, risks creating a permanent two-speed digital 
economy within the Single Market. A dedicated AI Convergence Fund, drawn from cohesion policy and the 
Recovery and Resilience Facility, should finance AI infrastructure, training, and advisory services in the 
twelve member states with adoption rates below 15%. The fund should target industries where AI adoption 
could most rapidly narrow productivity gaps: agriculture, manufacturing, and public services.[70][71] 
  
7.  Transition Insurance: Universal Basic Capital and Wage Insurance.  David Autor has proposed 
two complementary instruments — building on his work with Neil Thompson on the erosion of expertise 
— to insure against the risk that AI permanently undermines labour scarcity. Universal Basic Capital would 
grant every citizen a meaningful ownership stake in productive assets — in effect, a stock-market portfolio at 
birth — creating permanent stakeholders in the automated economy and providing income through capital 
returns rather than through ongoing political redistribution. Wage Insurance would subsidise part of the 
wage gap — say, 50% for a transitional period — for workers displaced into lower-paying roles, keeping them 
in the labour force rather than relying on benefits. Wage insurance has historical precedent on both sides of 
the Atlantic: the US Trade Adjustment Assistance program — created in 1962 and extended in 2002 with a 
dedicated wage-insurance component (Alternative TAA / Reemployment TAA) — has provided wage 
supplements to older displaced workers, and randomised evaluations of similar schemes have found that 
wage insurance increases re-employment speed and reduces long-term earnings losses for older displaced 
workers. European short-time work schemes — most prominently Germany’s Kurzarbeit during the 2008 
and 2020 crises — demonstrate that publicly co-funded wage support can preserve employment 
relationships at scale during structural transitions. A European adaptation, funded through a modest levy 
on AI inference compute, would provide a structural safety net calibrated to the distinctive nature of 
AI-driven displacement: not cyclical job loss, but permanent repricing of human expertise.[72][73] 
  
8.  Build a European Diffusion and Reallocation Agenda.  Long-run productivity research by 
Bergeaud, Cette, and Lecat shows that the diffusion of general-purpose technologies across firms and sectors 
has historically mattered as much as the initial invention. Aghion, Bergeaud et al. further demonstrate that 
aggregate productivity gains from innovation depend critically on the economy’s capacity to reallocate 
resources — capital, labour, and market share — toward more productive firms, and that distorted credit 
markets can block this process. Europe should launch a Diffusion and Reallocation Agenda that combines 
three instruments: first, a Technology Diffusion Service modelled on the US Manufacturing Extension 
Partnership, providing hands-on AI integration support to mid-cap and small firms; second, 
reallocation-friendly reforms to insolvency frameworks and labour mobility that allow capital and workers 
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to move more quickly from stagnant to dynamic firms; and third, a review of credit allocation mechanisms 
— including public development banks and guarantee schemes — to ensure they do not inadvertently 
sustain low-productivity incumbents at the expense of innovative entrants.[74][75] 

Conclusion: From Paradox to Policy 

The AI productivity paradox is real, but it is not mysterious. Every major general-purpose technology in 
modern economic history — electricity, the internal combustion engine, the personal computer — exhibited 
the same pattern: transformative micro-level effects, followed by years or decades of macro-level invisibility, 
followed eventually by a measurable surge in aggregate productivity. The question for policy-makers is not 
whether AI will boost productivity — the experimental evidence leaves little doubt that it can — but 
whether Europe will create the conditions for the transition to happen quickly enough, and broadly 
enough, to matter.[76][77] 

  
The current evidence suggests that, left to market forces, the benefits of AI will concentrate among large 
firms, high-skilled workers, and advanced economies — widening, rather than narrowing, the productivity 
disparities that already characterise the European landscape. Acemoglu, Autor, and Johnson have shown 
that the default trajectory of AI development favours automation over augmentation; the Harvard-BCG 
field experiments demonstrate that identical tools produce radically different outcomes depending on how 
workers and organisations choose to use them. The eight recommendations set out in this brief — a skills 
guarantee, an SME adoption facility, organisational transformation support, pro-worker AI incentives, a 
productivity observatory, convergence funding, transition insurance, and a diffusion and reallocation agenda 
— are designed to ensure that AI’s demonstrated micro-level potential translates into shared, measurable, 
economy-wide productivity growth.[78][79][80][81] 
  

The paradox will resolve itself. The policy question is whether it resolves in a way that lifts all firms, all 
workers, and all regions — or only those that were already ahead. Europe’s industrial history shows that it 
knows how to diffuse transformative technologies broadly when it chooses to invest in the complementary 
institutions. The window for that choice is now.[82] 
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Annex.  Key Data on AI Adoption and Productivity 

Indicator Finding Source 

Task-level productivity gain (customer 
service) 

+14% avg; +35% novice Brynjolfsson et al. (2025) 

Task-level quality gain (consulting) +40% quality; +25% speed Dell’Acqua et al. (2023) 

Time saved on writing tasks −40% time; +18% quality Noy & Zhang (2023) 

CEOs reporting no productivity change 89% of ~6,000 executives NBER CEO Survey (2026) 

US workers using generative AI (Dec 
2025) 

35.9% Hartley et al. (2026) 

EU enterprise AI adoption (2025) 20.0% (Eurostat) / 20.2% 
(OECD) 

Eurostat; OECD 

EU AI adoption change (2023–2025) 8.7% → 20.0% (+130%) Eurostat; OECD 

Large firms vs small firms (EU, 2025) 52.0% vs 17.4% OECD (2026) 

Denmark vs Romania (2025) 42.0% vs 5.2% Eurostat (2025) 

EU productivity gain from AI (5-year) ~1.1% cumulative (IMF) IMF WP/25/067 

EU productivity gain (at US adoption 
rates) 

+4% labour productivity EIB WP 2026/02 

Acemoglu TFP estimate (10-year) +0.53% NBER WP 32487 (2024) 

McKinsey gen. AI value estimate $2.6–4.4 trillion / year MGI (2023) 

Time consumed verifying AI output 37–40% of time saved Workday (2026) 

Aghion aggregate productivity gain +0.8–1.3pp / year Aghion & Bunel (2024) 

Frey & Osborne automation risk (2013) ~47% of US jobs at high risk Frey & Osborne (2017) 

EU internal services trade barriers ~110% (tariff equivalent) IMF / Frey (Davos 2026) 

Global AI perception (81k survey) 32% cite productivity; 22% 
cite disruption 

Anthropic (2024) 

AI labs: employees per $bn valuation 7–8 (OpenAI) vs 2,200 
(Walmart) 

Korinek / NYT (2026) 

Citrini 2028 scenario: S&P drawdown −38% from Oct 2026 highs CitriniResearch (2026) 

 
Sources: Brynjolfsson et al. (2025); Dell’Acqua et al. (2023); Noy & Zhang (2023); NBER (2026); OECD (2025–2026); Eurostat (2025); IMF (2025); 
EIB (2026); McKinsey MGI (2023); Workday (2026). 
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