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Abstract

This paper asks how Europe should respond to the current wave of artificial intel-

ligence. It argues that AI is best understood, at least for now, as a rapidly developing

cluster of technologies within the wider information revolution rather than as a separate

industrial revolution. The evidence on its economic effects remains unsettled. Produc-

tivity estimates vary widely, investment has moved ahead of what can yet be justified

by measured gains, and the labour-market evidence points more towards the reorgani-

sation of work than towards mass unemployment. These outcomes will depend less on

the technology alone than on how firms deploy it, how the gains are distributed and

what institutions shape adoption. Europe enters this transition from a weak position in

frontier models, compute, cloud infrastructure and private investment. A credible re-

sponse therefore requires more than regulation. It should combine conditional support

for European firms, public investment in data and compute, stronger administrative

capacity, labour force participation in deployment decisions and procurement rules de-

signed to limit long-term dependence on foreign platforms. The paper also argues that

part of any productivity gain should reach the workforce, through shorter working time

and wage growth, rather than being captured only as lower labour costs and short-term

capital gains. The central claim is that Europe’s AI future will be decided not only by

technical progress, but by ownership, institutional design and political choice.
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1 Introduction

In the autumn of 1830, agricultural labourers across southern England destroyed threshing

machines under cover of night and signed their warnings with a spectral name: “Captain

Swing.” Hobsbawm and Rudé interpreted the episode not as superstition against progress,

but as a political response to a machine that removed winter work just as rural wages were

being driven towards destitution. “The real name of King Ludd,” they wrote, “was Swing”

[Hobsbawm and Rudé, 2001, p. 298]. The conflict was not simply between workers and

technology. It concerned who controlled the new technology, who received its gains and who

bore the cost of adjustment.

Two centuries later, artificial intelligence has brought the same questions back in a new

form. The debate is often framed in technical terms, including model capabilities, scaling

laws, benchmark performance and the prospect of artificial general intelligence. Yet the cen-

tral questions are economic and political. Does the present wave amount to a new industrial

revolution, or is it better understood as a major technology system developing within the

longer information revolution? How large are its likely effects on productivity, investment

and employment? Who will capture the gains, and who will face displacement, weaker bar-

gaining power or declining job quality? Finally, what strategy is available to governments,

and to Europe in particular, given its weaker position in frontier models, cloud infrastructure,

semiconductor capacity and private investment?

A further issue cuts across all four questions. AI has become a matter of economic

sovereignty and national security. Model APIs are no longer peripheral software services.

They are increasingly integrated into firms, public administration, research, defence and

critical infrastructure. Dependence on external providers therefore creates a different kind of

vulnerability from ordinary import dependence. Access may be restricted, prices may change,

technical standards may be set abroad and providers may move into the same markets as

their customers. In January 2025, the United States introduced export-control requirements

covering certain advanced AI model weights, only for the framework to be rescinded by the

incoming administration within months[Bureau of Industry and Security, U.S. Department

of Commerce, 2025]. The broader lesson is that the conditions of access are set elsewhere

and may shift with domestic politics in another country.

This paper is a critical, policy-oriented literature review. It brings together the neo-

Schumpeterian literature on technological change with recent empirical research and policy

reports on AI investment, productivity, employment and European industrial strategy. Its

purpose is not to provide a systematic review of every strand of the literature, but to use

the available evidence to assess the character of the current AI wave and to derive policy
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implications for Europe.

The argument is threefold. First, AI is at present better understood as a rapidly de-

veloping technology system within the fifth information and communications technology

surge than as a separate technological revolution [Perez, 2010]. It may become more than

that, but the economy-wide reorganisation required by the stronger claim has not yet been

demonstrated. Second, the scale of its economic effects remains uncertain. Estimates of pro-

ductivity gains vary widely, while the labour-market literature points so far more towards

the reorganisation of work than towards generalised technological unemployment [Acemoglu,

2025, Aghion and Bunel, 2024, Merola et al., 2026]. These outcomes are not determined by

the technology alone. They depend on how firms deploy it, how the resulting surplus is

distributed and what institutions shape the transition.

Third, Europe cannot rely on market forces alone to close its technological gap. Its

weakness is not limited to the number of frontier models it produces. It also lies in fragmented

capital markets, dependence on foreign cloud and compute providers, weak coordination

between Member States and limited administrative capacity to guide adoption [Draghi, 2024].

A European response must therefore go beyond regulation. It should combine conditional

support for European champions, public investment in data and compute, stronger public

capacity to plan and evaluate adoption, workforce participation in deployment decisions

and procurement rules that reduce long-term platform dependence. The distribution of

productivity gains should also form part of the strategy, including the possibility of converting

part of those gains into shorter working time rather than job losses.

The paper proceeds in four steps. The first section places AI within the neo-Schumpeterian

literature on technological revolutions, technology systems and general-purpose technologies.

The second reviews the evidence on investment, productivity and employment. The third

examines Europe’s strategic disadvantage relative to the United States and China. The fi-

nal section develops the main elements of a European policy response. The central claim

throughout is that the future of AI will not be decided by technical capability alone. It will

also be decided by ownership, institutional design and political choice.

2 A new industrial revolution?

Whether the current wave of artificial intelligence constitutes a technological revolution

can be approached through neo-Schumpeterian analysis, which classifies technical change by

defining the object in question, locating it on its trajectory, mapping the industries that carry

it, and applying the criteria that distinguish a technological revolution from a technology

system. In the Freeman and Perez taxonomy, a technology system is a constellation of
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technically and economically interrelated innovations that affects several branches of the

economy and gives rise to new sectors, while a technological revolution is a cluster of such

systems [Freeman and Perez, 1988]. Applied to AI, this analysis indicates that, at its present

stage of development, the wave is better understood as a new technology system within the

information revolution than as a revolution in its own right.

The classification depends first on the distinction between invention and innovation.

Schumpeter distinguished innovation, the commercial introduction of a new product or “new

combination”, from invention, which remains within the realm of science and technology

(Schumpeter, 1911, pp. 132–6, as cited in Perez, 2010, p. 186). On this distinction the

transformer architecture and the underlying training methods are inventions; they become

innovations once they are trained at scale, commercialised, and integrated into products such

as assistants, coding tools, search and enterprise software. AI is thus wider than any single

model class. Generative AI is, at present, its flagship sub-technology and the one with the

widest product reach, with large language models as its most visible product class, but it is

the visible expression of the system rather than the system itself.

Locating that technology on its trajectory reinforces the point. In the innovation litera-

ture, a radical innovation establishes a paradigm within which technical change proceeds as

rapid incremental improvement along a trajectory, before the industry passes from its Schum-

peterian phase of emergence into maturity; once a dominant design has emerged, process

innovations tend to overtake product innovations [Abernathy and Utterback, 1978]. Figure 1

represents this life cycle in logistic form. Generative AI is past the initial inflection and in the

phase of rapid incremental improvement, in which scaling, instruction tuning, longer context

windows and multimodality extend a trajectory opened by the original breakthrough. The

recent movement toward cheaper inference and smaller, distilled models corresponds to the

shift from product to process innovation that this literature describes, and it is characteristic

of a technology maturing within an existing system rather than one inaugurating a new one.

The industrial structure of the wave can be examined using the distinction between the

core industries of a revolution: the motive branches, which supply a cheap and pervasive

input; the carrier branches, which are the visible products that bring the new possibilities

into use; and the infrastructure, which extends the reach of other industries [Perez, 2010].

Table 1 maps these categories onto AI, with compute and foundation-model provision as the

motive layer, assistants, copilots, agents and AI-native software as the carriers, and data

centres, cloud platforms and model APIs as the infrastructure. What the mapping reveals

is how much of the structure is inherited. Much of AI’s infrastructure, including the cloud,

the internet and the data pipelines, was built by the information revolution rather than by

AI, and its key input remains the microprocessor in a specialised form. On this evidence the
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Figure 1: A stylized neo-Schumpeterian interpretation of the development of generative AI. The transformer
architecture represents an enabling technological breakthrough, followed by a fluid period of experimentation
and the emergence of scaling based on pretrained foundation models. ChatGPT marks the take-off of mass
diffusion rather than a discrete measure of underlying capability, while GPT-4 and Claude represent the
emergence of multimodal frontier systems. More recent developments in inference-time reasoning, tool use,
agentic workflows and open-weight models such as Kimi suggest that the technological trajectory remains
open and may be undergoing further inflections. The solid portion represents observed historical develop-
ment, whereas the dashed portion presents only one possible future trajectory in which marginal capability
gains eventually diminish and innovation shifts increasingly toward reliability, specialization, lower-cost in-
ference and process improvement. The logistic form is conceptual rather than empirically estimated and
should not be interpreted as evidence that generative-AI capability is approaching a fixed ceiling. Milestone
positions are schematic and are not proportional to calendar time. Framework adapted from Abernathy and
Utterback [1978] and Perez [2010, p. 187, Fig. 1]; placement and interpretation of generative-AI milestones
by the authors.
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wave presents as a technology system nested within the fifth surge rather than as a separate

constellation of technologies.

Table 1: Mapping the core-industry categories onto the emerging AI technology system

Category AI equivalent Economic function Relation to the
fifth (ICT) surge

Motive
branches

AI accelerators (GPUs
and related chips), cloud
compute, and
foundation-model APIs

Supply compute and
model access as a
metered input to
production

Specialised extension
of the
microprocessor, the
fifth-surge key input,
rather than a new
one

Carrier
branches

Assistants, copilots,
agents, AI-native
software, robotics, and
autonomous systems

Visible products that
bring the new
capabilities into use and
drive their diffusion

New products built
on inherited software
platforms and
distribution channels

Infrastructure Data centres, cloud
platforms, model APIs,
data pipelines, and
high-speed networks

Extend the reach of AI
across industries and
geographical markets

Largely inherited
from the information
revolution, including
the internet, cloud
computing, and data
pipelines

Induced
branches

Electricity generation and
grid capacity,
semiconductor fabrication
and advanced packaging,
cooling and water systems

Pre-existing industries
modernised and rescaled
to enable large-scale AI
deployment

Existing fourth- and
fifth-surge industries
expanded for AI

Categories adapted from Freeman and Perez [1988] and Perez [2010, pp. 191, 194]. The final column indicates whether each
element is largely inherited from the information revolution or introduced by AI. The predominance of inherited infrastructure
and inputs supports classifying AI as a technology system within the fifth surge rather than as a separate technological
revolution.

The key criteria come from Perez’s distinction between a true revolution and a mere

assortment of systems. In her framework, a technological revolution is “a set of interre-

lated radical breakthroughs, forming a major constellation of interdependent technologies—a

cluster of clusters, or a system of systems” [Perez, 2010, p.189]. Two features set such a

revolution apart from a random collection of technological systems. First, the participat-

ing systems must be strongly interconnected and interdependent, both technologically and

in their markets. Second, the revolution must be capable of profoundly transforming the

broader economy and, ultimately, society. The first of these is more readily apparent, but it

is the second that earns the label [Perez, 2010]. AI clearly meets the first criterion. Whether

it meets the second—that is, whether it transforms industries beyond AI itself—remains an
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open question. The wave would count as a revolution only if it gives rise to a distinct cluster

of industries, along with its own infrastructure, organisational principles, and transformative

effects across the entire economy.

This classification can be tested against a rival framework from the economics of innova-

tion: the general-purpose technology (GPT).1 A GPT is a single, generic technology [Lipsey

et al., 2005, p. 98], characterised by pervasiveness, an inherent potential for technical im-

provements, and the generation of ‘innovational complementarities” across the sectors that

use it [Bresnahan and Trajtenberg, 1995, pp. 83–84]. A recent OECD assessment applies

these criteria to generative AI and finds that it ‘has considerable potential to qualify as a

new GPT” [Calvino et al., 2025, p. 42]: generative-AI patents span over twenty-one appli-

cation areas (p. 19), training compute has grown about 4.4-fold per year since 2010 (p. 25),

and forward citations show generative-AI patents feeding follow-on innovation well beyond

software.

Generative AI may therefore qualify as a general-purpose technology, but that does not

automatically make it the basis of a separate technological revolution. The two tests measure

different things. GPT status is a property of a single technology; a technological revolution

is a property of a constellation of technology systems together with an economy-wide reor-

ganisation of production. Historically, the two have been related as part to whole: the steam

engine, electricity, and the microprocessor were each general-purpose technologies, and each

served as the key input of a revolution rather than constituting one. Understood in these

terms, generative AI, if it passes the GPT test, is a candidate successor to the micropro-

cessor as the key input of a deepened information revolution—which is precisely the nested

classification proposed here.

The OECD’s own caveats point in the same direction. Aggregate productivity gains are

not yet visible; they may follow the delayed “J-curve” pattern familiar from earlier GPTs

[Brynjolfsson et al., 2021]. Moreover, Bresnahan (2024, cited in Calvino et al., 2025, p. 12)

notes that pre-generative AI never achieved a self-sustaining positive feedback loop with its

application sectors. Such a feedback loop provides one practical indication of the second

criterion: a technology transforms the wider economy when the sectors that use it begin to

change in ways that feed back into its own development. Whether generative AI will produce

such a loop is an empirical question that remains open.

That criterion should not be treated as satisfied merely because the industry claims

it is. The large language model industry presents continued scaling as a direct path to

artificial general intelligence. Yet computer tasks are not free-standing abstractions; they

1In this literature GPT abbreviates general-purpose technology ; the coincidence with the model family
(generative pre-trained transformer) is accidental, and the two should not be conflated.
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are expressions of human purposes, and someone must still decide what is worth doing,

for whom, and under what conditions. The evidence that all computer-mediated work can

be automated remains limited. Nor are these reservations confined to outside critics. Yann

LeCun, Meta’s former chief AI scientist and a Turing laureate, regards large language models

as useful but fundamentally limited, constrained by language and lacking a model of the

physical world. He has left Meta to pursue an alternative research program [Heikkilä, 2026].

His wager is instructive: not that machine intelligence will fail, but that the current dominant

design will not deliver it. General intelligence may be a useful horizon for research, but

it should not be treated as an imminent product, nor as a justification for debt-financed

overbuilding in the present. In neo-Schumpeterian terms, the capacity to transform the rest

of the economy, the very feature that would make AI a revolution, is at this stage asserted

rather than demonstrated. The more defensible classification is therefore the narrower one:

AI is a rapidly developing technology system within the information revolution, and whether

it becomes a technological revolution in its own right remains an open question.

3 The Extent of the Diffusion and Its Impacts

Ricardo had long held that labour-saving machinery was ”a general good”; in the chapter

”On Machinery,” added to the third edition of the Principles, he announced that his opinions

had ”undergone a considerable change” and conceded that ”the substitution of machinery

for human labour, is often very injurious to the interests of the class of labourers” Ricardo

[2001, pp. 282–287]. His mechanism remains instructive. Machinery may raise a nation’s

net produce (profit and rent) while reducing its gross produce; and since ”the power of

supporting a population, and employing labour, depends always on the gross produce of

a nation, and not on its net produce,” national income and private returns can rise while

the wage fund and employment contract. Ricardo was careful, however, to claim only that

machinery may have this effect: where the net surplus is large enough, or is reinvested fast

enough to be reconverted into a fund for employing labour, ”the situation of all classes will

be improved.” Labourers’ fear of machinery, he held, ”is not founded on prejudice and error,

but is conformable to the correct principles of political economy,” rational precisely because

the adverse case is possible, not because it is certain [Ricardo, 2001, pp. 282–287]. The

possibility of displacement thus arises from the structure of capitalist accumulation rather

than from the character of any particular technology; whether it is realised depends on what

happens to the surplus, and how quickly.

Ricardo’s mechanism translates directly into the two macroeconomic questions the AI

wave now poses. The first concerns capital and productivity: whether the scale of investment
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now being committed is warranted by the productivity gains the technology can plausibly

deliver, a question that the history of technological revolutions, each with its own episode

of overoptimism, obliges us to ask early rather than late. The second concerns employment:

how large the effect on jobs will be, and what form it takes, whether elimination, expansion

or reorganisation of work. The evidence reviewed below suggests a cautionary answer to

the first question and a moderating answer to the second. The productivity gains on which

the investment is premised remain empirically unresolved even as the capital is already

committed, and the European labour-market evidence points to transformation rather than

elimination.

On the investment side, the numbers already suggest excess. Hyperscalers and neo-

clouds are estimated to have committed roughly $2 trillion in cumulative capital expendi-

ture through 2026, with AI-linked spending running some $535 billion per year above the

pre-AI trend. The estimated 2026 depreciation charge approaches $111 billion, set against

generative-AI ecosystem revenue of about $175 billion annualized, while the power of the

largest data centres has grown fiftyfold in four years [Azhar et al., 2026]. But excess is not

the whole story. For the second consecutive quarter, AI infrastructure revenue has exceeded

the depreciation charge on the capital deployed to produce it, with headroom of 19% on hy-

perscaler and neocloud revenues in the first quarter of 2026, and 32% once application- and

model-layer revenues are included [Azhar et al., 2026, slides 33–34]. This milestone should

be read with caution: revenues now cover the ongoing quarterly cost of the buildout, yet

cumulative revenue has only nearly caught up with cumulative depreciation and amounts

to only about half of what a healthy margin above that depreciation would require. Still,

it is enough to undermine the strongest version of the bubble thesis. The question is no

longer whether paying demand exists; it is whether revenue compounds fast enough to out-

run a depreciation base that will keep climbing as already-committed capacity comes online.

Whether it can do so depends on productivity gains that remain deeply uncertain. The risks

of the AI infrastructure boom depend heavily on how it is financed. Hyperscalers still fund

most of their capital spending from operating cash flow, while neocloud companies rely far

more on borrowing, and external funding has been rising as a share of the total [Azhar et al.,

2026]. That distinction matters. When a firm invests retained earnings or raises new equity,

poor returns fall mainly on the company and its shareholders, in the form of lower profits and

falling share prices. With debt, however, repayments are still due even if expected revenues

fail to materialise. Losses can then lead to defaults, weaken creditors’ balance sheets, and

spread beyond the firms that made the original investments.

Acemoglu [2025] estimates, from a task-based accounting, a total factor productivity

gain of no more than 0.66% over ten years, roughly 0.07% per year. Using the same for-
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mula but reading the empirical literature on its components differently, Aghion and Bunel

[2024] arrive at between 0.07 and 1.24 percentage points of additional annual TFP growth,

with a median estimate of 0.68, excluding any effect of AI on the production of ideas. Ap-

plied to 31 European countries, the same framework yields a preferred estimate of about

1.1% cumulatively over five years, with country results ranging from near zero to above

5% across scenarios and gains concentrated in higher-income economies [Misch et al., 2025].

The disagreement is itself the policy-relevant fact: a shared accounting framework, fed with

defensible readings of the same evidence, spans an order of magnitude, and trillions of dol-

lars of already-committed capital formation rest on where within that span the truth lies.

None of this implies the technology is not real. There is no contradiction between a genuine

transformation and over-capitalisation: railways, electrification and the dot-com boom each

outran their revenues and left financial wreckage behind, and in the history of technological

revolutions the installation of a new technology system has regularly been financed through

precisely such episodes of frenzied over-investment [Perez, 2002]. AI capex, leverage, val-

uations, energy constraints and the concentration of cloud and chips should therefore be

treated as questions of macroprudential policy, not merely of industrial strategy.

On the labour-market side, the evidence so far points to transformation rather than

elimination. Reviewing the empirical evidence across experiments, firm-level data, platform

studies and representative worker surveys, the ILO finds that large-scale job displacement

remains limited and that generative AI so far mainly reorganises tasks within jobs, with

workers reallocating effort towards tasks less easily automated [Merola et al., 2026]. A

framework published by OpenAI, reaches a compatible conclusion for Europe by a different

route. Rather than treating AI exposure as a single measure, it sorts occupations along

several dimensions at once: how much of the work AI can technically perform, whether

human judgement and accountability must remain at the centre of delivery, how demand

responds as costs fall, and how the technology is actually being used [Richmond, 2026]. It

estimates that only 14% of mapped European employment is in jobs with higher automation

potential, compared with 18% in the United States, while 27% of European employment is

in jobs likely to be reorganised, compared with 24% in the United States; a further 12%

of jobs may grow with AI and 47% face less immediate change. The difference reflects

occupational structure: Europe employs relatively more people in manufacturing, skilled

trades, transport, care, education and public-service occupations, where work is physical,

place-based, regulated or tied to fixed service volumes, while the United States has relatively

more managerial, sales and digitally deliverable business-service jobs. The report itself warns

that these categories describe transition pressures, not forecasts of unemployment.

Firm-level European evidence points the same way. Examining some 5,000 euro area
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firms in the ECB’s enterprise survey, Lebastard and Sondermann [2026] find no significant

difference in job creation and destruction between firms that use AI and those that do not;

where effects do appear, hiring rises among firms deploying AI for research, development

and innovation, and falls among the minority adopting it explicitly to cut labour costs.

These findings are an early snapshot, not proof that AI creates jobs: the authors themselves

caution that the effects are “currently still positive” precisely because AI “has not yet signif-

icantly transformed production processes”. But the European evidence, from the exposure

mappings to the firm-level data, is consistent in its direction: transformation rather than

elimination, reorganisation rather than displacement, with displacement concentrated where

AI is deployed as a labour-cost instrument.

What gives the present wave its political charge is the social location of its effects. Earlier

industrialisation battered manual and routine labour. So far AI reaches into clerical, legal,

administrative and programming work, precisely the terrain on which the West built its post-

industrial bargain: the tacit settlement that made the offshoring of manual work tolerable in

the capitalist core rested on the survival of secure office work for a broad middle class. If those

jobs are hollowed out, the bargain is exposed. The danger is not a science-fiction apocalypse

of mass unemployment but a quieter corrosion, and its outline is already visible in the

evidence: the ILO locates the principal risks not in job counts but in growing inequalities,

the erosion of entry-level opportunities for younger workers, and the reshaping of work

organisation, autonomy and job quality [Merola et al., 2026, pp. 1–4]. This is Ricardo’s

lesson in contemporary form: the fear is rational not because the adverse case is certain, but

because it is possible, and because its realisation depends on what happens to the surplus.

The two questions posed at the outset thus receive parallel answers: the productivity gains on

which the investment is premised remain unresolved while the capital is already committed,

and the employment effect is taking the form of reorganisation rather than elimination.

Neither outcome is given by the technology; both are decided by how firms, financiers and

institutions deploy it, which is what makes them questions of policy.

The evidence reviewed here relates mainly to cognitive and clerical work, where gen-

erative AI has so far been most widely deployed, and it describes a period in which, as

the firm-level studies themselves note, AI has not yet significantly transformed production

processes. It therefore tells us little about what might happen if AI were combined with

robotics and began to transform physical work. Such a development does not appear im-

minent. The scaling strategy that produced large language models does not transfer easily

to embodied systems: language models benefited from an enormous pre-existing body of

text, whereas robots must generate much of their training data through physical interaction

with the world, and combining datasets collected from different robots and environments

11



can produce negative transfer rather than the relatively smooth gains from scale seen in lan-

guage models. Adoption would also be slower, because robots are physical capital, so their

diffusion depends on investment, production, installation and organisational change rather

than on the rapid distribution of software. Nevertheless, if AI were eventually integrated

with robotics in a way that transformed physical work across the economy, it would bring

about precisely the kind of economy-wide reorganisation required by the second criterion,

the capacity to transform the rest of the economy. Under those conditions, the current wave

would qualify as a technological revolution rather than as a technology system developing

within an existing one. The classification advanced here is therefore conditional, and this is

the main circumstance under which it would need to be revised

4 Strategic Disadvantage of Europe

Europe entered the AI wave with a structural disadvantage inherited from the previous

digital revolution. EU productivity began to diverge from that of the United States in the

mid-1990s, and the Draghi report identifies digital technology as the main source of the gap:

“the key driver of the rising productivity gap between the EU and the US has been digital

technology”. Europe produced fewer major technology firms and diffused digital technologies

more slowly across the economy. Once the technology sector is excluded, however, European

productivity growth over the past two decades is broadly comparable to that of the United

States [Draghi, 2024]. The weakness is therefore concentrated precisely in the sectors that

now shape the AI transition. No EU company with a market capitalisation above EUR

100 billion has been created from scratch in the past fifty years, while all six US companies

valued above EUR 1 trillion were founded during that period [Draghi, 2024, p. 6].

AI is widening this existing divide. In 2025, the United States produced 59 notable AI

models and China 35, while Europe produced only two [Sajadieh et al., 2026, p. 17]. US

private AI investment reached $285.9 billion, compared with $20.9 billion in Europe and

$12.4 billion in China. The United States also recorded 1,953 newly funded AI companies,

compared with 172 in the United Kingdom, 92 in Germany and 84 in France. US private

AI investment grew by 160% over 2024, while European investment increased by only 7%

[Sajadieh et al., 2026, pp. 182–183]. The Chinese figure, however, needs to be interpreted

differently. It excludes a large channel of state-directed investment. Government guidance

funds and related vehicles are estimated to have deployed $912 billion across industries

between 2000 and 2023, including roughly $184 billion to AI companies [Sajadieh et al.,

2026, p. 184]. The comparison therefore points to more than a difference in the amount of

private capital available. It reflects different institutional systems for mobilising investment.
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The consequences are increasingly visible at the technological frontier. As of July 2026,

Moonshot’s Kimi K3 ranks first on the WebDev Arena leaderboard, while Z.ai’s GLM-

5.2 ranks fourth overall; no European model appears in the top ten [Arena.ai, 2026]. One

explanation for China’s ability to convert capital into technological capability is the “platform

state” described by Yang and Zhang [2026] and formalised in companion work by one of us

[Ernst, 2026].2

Europe’s position is particularly striking because it already possesses important capabil-

ities within the AI value chain. As Garćıa-Herrero and Martens [2026, pp. 2–3] document,

ASML controls the critical technology for extreme ultraviolet lithography, while Belgium’s

IMEC is a global leader in advanced semiconductor research; yet much of the downstream

value enabled by these technologies is captured outside Europe. A similar dependence ap-

pears at the model layer: Mistral relies on Microsoft Azure infrastructure, works with Nvidia

on compute capacity and has expanded into Palo Alto to access American talent and capital.

Europe’s constraint is therefore “not primarily talent or ideas, but access to compute and

capital” [Garćıa-Herrero and Martens, 2026, p. 3]. The central weakness is not the absence

of technological capabilities, but Europe’s limited ability to connect them into an integrated

AI ecosystem.

European policy has increasingly recognised these weaknesses, first through regulation

and more recently through investment. The AI Act, in force since August 2024, established

the world’s first comprehensive risk-based framework for AI [European Union, 2024]. Yet

its implementation soon became more difficult. Before the high-risk obligations had begun

to apply, the Commission proposed a “Digital Omnibus” amending the Act, and by June

2026 the co-legislators had postponed the high-risk rules until the end of 2027 and 2028 and

softened several obligations, citing delays in designating national authorities and the absence

of harmonised standards [Niestadt, 2026]. Civil-society organisations described the changes

as “a rollback of AI safeguards before they even apply” [European Digital Rights (EDRi)

et al., 2026]. The episode illustrates the difficulty of sustaining regulatory ambition when

implementation capacity is uneven and concerns about competitiveness are growing.

The investment response has sought to address Europe’s technological weakness more

directly. The InvestAI initiative aims to mobilise EUR 200 billion, while the AI Continent

Action Plan includes up to EUR 20 billion in public investment and a network of AI factories

and future gigafactories under the EuroHPC Joint Undertaking [Kyosovska and Renda,

2025]. Yet both the scale and organisation of this investment remain problematic. The

commitment is modest relative to the US buildout, and many AI factories are located outside

2Ernst [2026] is an unpublished working paper by one of the present authors. We cite it as companion
work rather than as independent corroboration of the argument made here.
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Europe’s strongest AI clusters. Their consortia are dominated by research institutions,

while their mandates are often only loosely connected to surrounding industrial capabilities

[Kyosovska and Renda, 2025]. They may support research and the development of medium-

sized models, but are “not sufficient to boost commercial AI innovation across the EU at

scale” [Lemke and Schneider, 2025, p. 3].

These problems are reinforced by fragmentation. European cloud policy shows how na-

tional interests can undermine a common technological strategy. Calcara [2026] shows how

initiatives such as Gaia-X evolved into national “sovereign cloud” arrangements involving the

same American hyperscalers whose dominance Europe initially sought to reduce. France’s

Bleu combines Capgemini and Orange with Microsoft, while S3NS combines Thales with

Google. Fragmentation also weakens Europe’s demand-side power. Public purchasing re-

mains divided across twenty-seven member states, “each acting largely alone”, preventing

Europe from using procurement to create the large and predictable markets that domestic

technology firms need to scale [Garćıa-Herrero and Martens, 2026, pp. 3–4].

The Airbus comparison shows what a more coherent European strategy would require.

Airbus succeeded not simply because governments spent money, but because production was

organised around existing industrial capabilities, governance became increasingly integrated,

and the project was sustained over decades. French avionics, German manufacturing and

British wing design were combined within a structure whose decisions eventually became

“subordinated to commercial logic” [Garćıa-Herrero and Martens, 2026, pp. 4–6]. An AI

strategy built on the same principle would allocate investment according to technological

capabilities rather than geographical balance, integrate public procurement with industrial

development, and coordinate infrastructure, finance and demand at the European rather

than national level.

From a broader macroeconomic perspective, the policy debate therefore concerns not

whether the state should intervene, but how. One approach emphasises integrated capital

markets, joint funding and public mechanisms for de-risking private investment [Draghi,

2024, pp. 18, 63]. Evidence from the green bond market suggests that such interventions can

lower financing costs and reduce volatility, making entry easier for new firms [Braga et al.,

2021]. A second approach goes further by arguing that public support should come with

stronger conditions, including risk and reward sharing and a greater public role in directing

investment [Mazzucato et al., 2026, p. 8]. A third regards both approaches as insufficient

and calls for public ownership of key financial and productive sectors [Roberts, 2026]. These

positions differ sharply in ambition, but they share a common premise: market forces alone

are unlikely to overcome Europe’s structural disadvantage.

The central challenge is therefore not simply to spend more on AI. Europe needs insti-
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tutions capable of connecting its technological strengths with capital, compute, firms and

demand. Without that coordination, upstream capabilities will continue to generate much of

their value elsewhere, while European policy remains caught between regulatory ambition,

fragmented investment and dependence on foreign infrastructure.

5 What strategy? Elements of a European answer

Europe will not win by dressing itself up as a second Silicon Valley, nor should it want to.

The analysis above points elsewhere: toward a strategy of human-centred AI, in which the

technology is governed by social needs rather than by the impatience of quarterly returns, and

in which the state acts deliberately across the whole chain, from the allocation of productivity

gains to the ownership of infrastructure [Ernst, 2022].

5.1 Convert productivity gains into time and general well-being

Whether AI’s productivity gains materialise at all depends on a factor that rarely appears in

the investment arithmetic: whether employees cooperate with the technology’s deployment.

The early evidence suggests that cooperation cannot be assumed. In a 2026 survey of 2,400

executives and employees across the US, the UK and Ireland, Benelux, France and Germany,

conducted by an enterprise-AI vendor and restricted to workplaces already using AI, 29%

of employees admitted to undermining their company’s AI strategy in at least one way,

from refusing to use the tools to deliberately degrading their output, a figure that rises

to 44% among Gen Z workers [WRITER, 2026, p. 24]. A parallel survey of 3,750 leaders

and employees across 14 countries finds that in any given month more than half of workers

abandon their enterprise tools and complete the work manually, that 37% avoid AI because

it disrupts their workflow, and that 45% used unapproved AI tools in the past 30 days

[WalkMe, 2026, pp. 12, 24]. Workers, in short, are simultaneously resisting the AI their

employers prescribe and adopting the AI their employers prohibit. Both behaviours point to

the same underlying condition: deployment is proceeding without the workforce’s consent,

and productivity gains extracted from a workforce that expects to be displaced by them will

be partial, contested and fragile. The question is therefore how to give workforce a visible

stake in the gains.

The most direct such stake is time: the immediate policy response to AI-driven productiv-

ity gains should be the reduction of working hours rather than the reduction of employment.

Since reorganisation rather than elimination dominates the European exposure profile, as

the labour-market evidence above showed, the gains can be obtained as shorter hours in-
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stead of labour-cost reductions. The proposal has historical precedent, since earlier industrial

revolutions were followed by a gradual decline in working time, and a classical pedigree in

Keynes’s argument that technological progress could eventually translate into leisure rather

than longer toil [Keynes, 2010]. It is also politically decisive: the reception of the AI wave

will depend on whether people perceive it as enriching only firms and upper-income groups

or as improving well-being broadly, and shorter hours make the gains visible by converting

productivity into time. Survey evidence supports the social legitimacy of the instrument:

asked what they hope an economy shaped by AI will look like in ten years, over half of respon-

dents to the Anthropic Economic Index survey expressed a desire for meaningful human–AI

collaboration, just over half hoped that AI would automate the tedious parts of their jobs

so that they could have more free time, and about one third hoped that the economic gains

would be widely shared [Massenkoff et al., 2026, p. 30].

The empirical record on working-time reduction offers no unified verdict. Studies of

the French experience reach opposing conclusions: Estevão and Sá [2008] find no positive

employment effects from the 35-hour week, Crépon and Kramarz [2002] associate the 1982

reduction with job losses among affected workers, while Askenazy [2013, pp. 339, 340] reports

official evaluations attributing some 300,000 to 350,000 jobs to the reform and cautions that

its effects cannot be separated from the subsidies packaged with it. The design of any AI-era

working-time policy would therefore need to be negotiated, conditional on productivity, and

evaluated as it proceeds.

The favourable evidence comes from reductions that were negotiated, conditional and

reversible. Pencavel’s analysis of output and working hours shows that the productivity of

an hour declines as weekly hours lengthen, so that reductions from long hours are partly

self-financing [Pencavel, 2015]. Iceland’s public-sector trials found productivity and service

provision maintained or improved across the majority of trial workplaces, and were followed

by negotiated contracts under which roughly 86% of the country’s working population either

moved to shorter hours or gained the right to them [Haraldsson and Kellam, 2021]. The

largest multi-country trial to date, covering 2,896 employees across 141 organisations in six

countries, found improvements in burnout, job satisfaction and mental and physical health

that persisted at twelve-month follow-up, with pay held constant and work reorganised to

maintain output, though among self-selecting firms [Fan et al., 2025]. The design implica-

tions for an AI-era working-time policy follow directly. Reductions should be bargained at

sectoral and firm level through the co-determination channels discussed below, tied to re-

alised productivity gains rather than legislated uniformly, so that unit labour costs and hence

competitiveness are held constant by construction; the public sector, as Europe’s largest em-

ployer and itself a major AI adopter, should move first, on the Icelandic model; and pilot
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programmes with built-in evaluation should precede any generalisation. Working-time re-

duction, so designed, is not a transfer against productivity but a rule for sharing its growth:

firms keep the gains they generate, and workers receive their share in the currency the sur-

vey evidence says they want most, which is time. Each of these presupposes institutions

capable of striking and monitoring the bargain. Works councils, board-level representation

and comparable structures give the workforce standing not only over hours but over how AI

is introduced, how restructuring is handled and how the income generated by higher pro-

ductivity is distributed. Without them, a productivity-contingent agreement has no forum

in which it could be negotiated or enforced.

5.2 Picking winners: conditional public support for European

champions

On the macro-policy level Europe needs a picking-winners strategy, and it should run through

the industrial base. AI adoption in most European countries competes US levels, over three

quarters of European AI funding targets vertical applications, and Europe shows “genuine

competitive strength in robotics, AI manufacturing, and deep tech applications such as

autonomous driving and AI drug discovery” [Prosus, 2026, p. 4]. Germany and France,

for example, retain deep engineering capabilities that position them as second movers in

AI applications rather than as competitors at the model frontier. Strength of this kind

grows out of production capabilities and learning in production [Chang and Andreoni, 2020].

The capital for such a strategy is already partly public: the EU AI Champions Initiative

groups more than sixty companies around AI adoption in manufacturing, energy and defence

[General Catalyst, 2025, EU AI Champions Initiative, 2026], and France’s public investment

bank Bpifrance, through its Digital Venture fund, participated in the $1.03 billion seed

round of LeCun’s AMI Labs [Heim, 2026]. The design of such support matters as much as

its volume. The formal analysis of the platform state introduced in Section 4 shows that

screening and market-based selection are complements rather than substitutes [Ernst, 2026]:

a state’s advantage from engineering broad entry depends on its ability to lower entry costs,

so “a state that cannot lower entry costs should not engineer over-entry”, and the choice

between picking winners ex ante and letting the market select ex post turns on the ratio

of the state’s information to the market’s selectivity — an empirical question, not one of

ideology. For Europe, whose fragmented single market weakens exactly the ex post selection

mechanism the platform regime relies on, this cuts in favour of combining conditional support

with measures that deepen market integration.

Picking winners is defensible only if the public picks up more than the risk, and the
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champions’ own agenda shows that reciprocity will not be offered voluntarily: the initia-

tive’s report asks for risk-absorbing public finance, lighter regulation and publicly supported

infrastructure, while offering no commitment on equity, employment or worker voice in re-

turn [General Catalyst, 2025, pp. 43–46]. Two conditions should therefore be attached by

policy. The first concerns the distribution of gains: socialised risk should carry socialised

reward, through public equity stakes in the firms taxpayers help create [Mazzucato, 2018,

Mazzucato et al., 2026]. The second concerns decision-making: firms receiving public equity,

subsidies, preferential procurement or publicly financed compute should be required to give

their workforce a formal voice in how AI is deployed, following the co-determination practice

established in the German corporate sector. The justification for this condition is economic

rather than social, because the employment effect of AI is decided at the point of deploy-

ment: firm-level evidence from France indicates that even among the roughly 10% of workers

in highly exposed, highly substitutable jobs, employment rises where AI is deployed in pro-

duction or IT security and falls where it is applied to administrative cost-cutting [Aghion,

2025]. Co-determination steers deployment toward the former, and workers with a say in

how AI enters their workplace have little reason to work against it.

5.3 Invest in the public inputs of AI production

A picking-winners strategy presupposes inputs. The two decisive inputs of AI production,

data and compute, are where public action is both feasible and legitimate. The first priority

is a European public-data infrastructure: selected public-sector datasets made available to

European AI labs, universities and SMEs for training and research, under clear rules on

privacy, security, accountability and public value. The precedents are established, from the

Human Genome Project and the Protein Data Bank to Transport for London’s open-data

programme and Taiwan’s immediate publication of non-personal public data [Mazzucato

et al., 2022, pp. 6–7]. The terms of access matter as much as access itself: public data should

not be aggregated in ways that entrench dominant positions, as the commercial exploitation

of public meteorological and transport data illustrates [Mazzucato et al., 2022, p. 7].

Policies that support national or European champions usually face two objections. The

first is that governments should not be in the business of picking winners. Yet, as Chang

argues, public policy is never entirely neutral. When resources are limited, decisions about

funding, regulation and infrastructure inevitably favour some activities over others, even

when the policy is presented in general terms[Chang et al., 2013, p. 7]. The real issue is

therefore not whether governments target particular sectors or firms, but whether they do

so transparently and can be held accountable for those choices.
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The second concern is that successful champions may become entrenched monopolies.

But size alone is not the problem. Large firms can often undertake expensive and uncertain

investments that smaller firms cannot, and Schumpeter saw the large corporation as an

important driver of technological progress. What matters is how firms use their market

power: whether they continue to innovate or use their position mainly to keep rivals out and

collect rents [Schumpeter, 1976, ch. 8, pp. 87–106]. The conditions discussed above would

provide some restraint, but they would not be enough on their own. Strong competition

policy would still be needed. Support for European AI champions should therefore be tied to

measures that preserve competition, including support for open-source models, data-sharing

requirements and the extension of Digital Markets Act principles to cloud services and AI.

These measures would help offset the advantages already enjoyed by the small number of

firms that dominate cloud infrastructure and GPU access [Aghion, 2025]. Europe could also

create mission-oriented agencies modelled on DARPA. A coalition of willing Member States

could take the lead rather than waiting for agreement across the entire Union [Aghion, 2025].

The second priority is publicly financed compute for European labs, universities and

SMEs. The cost of computation has concentrated frontier research in a handful of firms:

industry produced over 90% of notable AI models in 2025 [Sajadieh et al., 2026, p. 14],

and the champions initiative’s own report identifies GPU access as the key enabler Europe

lacks, with European providers offering no operational sovereign cloud and firms forced

into continued reliance on US infrastructure [General Catalyst, 2025, p. 45]. A European

research cloud is the corresponding remedy, subject to one caveat: it must not “simply

end up empowering large cloud companies without democratising access to cloud resources”

[Mazzucato et al., 2022, p. 10]. These investments also serve the sovereignty problem directly:

public data, public compute and European champions reduce dependence on external systems

whose availability is no longer guaranteed.

5.4 Build the administrative capacity to plan adoption

None of the above executes itself, and Europe’s competitiveness problem is institutional as

much as technological: it needs better coordination, stronger governance and faster imple-

mentation capacity [Draghi, 2024, pp. 67–69]. An EU AI Public Sector Planning Taskforce

should identify where and how AI can be responsibly incorporated into public-sector plan-

ning, administration and service delivery, moving governments beyond fragmented pilots

toward common standards in infrastructure planning, energy systems, transport, health-

care administration, procurement and labour-market services. Governments need stronger

public-sector capabilities to govern, procure, deploy and evaluate AI, rather than relying
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excessively on outsourcing [Mazzucato et al., 2022, pp. 13–14]. Such a body would address

directly the three coordination failures Draghi identifies: between Member States, whose

uncoordinated national policies produce duplication and incompatible standards; among fi-

nancing instruments, split along national lines and therefore unable to form the large capital

pools that breakthrough innovation requires; and across policies, at a time when industrial

strategies elsewhere combine fiscal, trade and foreign economic policy into a single package

[Draghi, 2024, pp. 15–16].

Institutions capable of this kind of coordination are not without precedent, and Europe

can learn from their design. In Governing the Market, Wade shows that Taiwan’s industrial

upgrading was neither left entirely to market forces nor directed through central planning.

It relied instead on a practical division of labour between firms and public agencies [Wade,

1990]. The Industrial Development Bureau was central to this system3. Before 1983, it

employed around 180 professional staff, including roughly 130 engineers. Officials regularly

visited firms, developed a detailed understanding of their production capabilities, assessed

which companies were ready to move into more advanced activities, helped arrange finance

and connected domestic suppliers with foreign affiliates [Wade, 1990, pp. 202, 207]. The

renewed interest in industrial policy has made the case for such institutions more, rather

than less, relevant [Wade, 2012]. A similar approach could be applied to AI in Europe.

The coordinating body would not simply regulate firms after problems arise. It would iden-

tify strategically important applications, improve access to data and computing resources,

support experimentation across Member States and guide adoption towards broader public

goals. Its role, in other words, would be to shape the development of the market rather than

merely correct its failures [Mazzucato et al., 2022].

5.5 Procurement and the problem of platform dependence

One instrument cuts across all five elements and deserves separate treatment: public pro-

curement. Procurement has long served as an instrument of industrial policy, as a guaranteed

first market, a demand-side subsidy and a mechanism for building domestic capability; the

government-procurement channel was among the standard tools of successful industrial pol-

icy in the United States, Japan and Finland alike [Chang and Andreoni, 2020]. Procurement

is also the most direct demand-side mechanism for achieving the paradigm shift that one

of us has argued the AI wave requires Ernst [2022]. This requires moving away from the

current supply-push regime, where the direction of AI development is largely shaped by

the investment priorities of a small number of large firms, towards a demand-pull regime

3A parallel account for Korea is given by Amsden [1992], who stresses the reciprocal character of state
support: subsidies were tied to performance standards that the state monitored and enforced.
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in which technology evolves “toward applications beneficial from a societal perspective.”

By deliberately designing public procurement strategies, governments can steer AI develop-

ment towards applications with high social returns, such as improving resource efficiency,

complementing human labour, and enhancing public services, rather than reinforcing the

labour-displacing applications encouraged by the current incentive structure. But AI chat-

bots and APIs are not conventional procurement objects. They are platform technologies:

procured once, they embed themselves in workflows, data flows and institutional routines,

generating switching costs that grow with use. The Cloud and AI Development Act, pro-

posed in June 2026 as the centrepiece of the Commission’s tech-sovereignty package, gestures

at this by requiring public authorities to weigh “Union added value” as a non-price criterion

in cloud and AI procurement [European Commission, 2026b]. Yet the criterion is explicitly

ancillary and non-decisive, with an indicative ceiling of roughly 15 of 120 award points sug-

gested in the recitals [Maynard et al., 2026], which is unlikely to shift outcomes where the

incumbent offering is cheaper and more capable. The question European policy must con-

front is whether a marginal scoring adjustment is an adequate instrument for a technology

whose defining property is lock-in.

This dependence may be deeper than in earlier forms of procurement. The leading AI

laboratories are already developing vertical applications, including in law, that may compete

directly with the firms building on their models [Azhar et al., 2026, slide 61]. Once an AI

provider becomes closely involved in a firm’s operations, it is no longer simply an outside

supplier. It may also be developing products that compete with that firm, while learning a

great deal about how the business works. Alex Karp has expressed the concern in especially

sharp terms. His warning is not disinterested, since Palantir offers a competing model,

but the underlying point remains important. Firms that pay for access to external models

may also be exposing the proprietary routines, workflows and decision-making processes

that make up their competitive advantage to a provider that serves their competitors as

well [Subin, 2026, Kahn, 2026]. Contractual protections do exist, and enterprise API terms

generally state that customer data will not be used for training by default. But this does

not remove the broader structural problem. Firms are not buying a discrete product once

and moving on. They are entering into a continuous relationship with a provider that is

also expanding into the industries in which its customers operate. The issue is therefore not

only market share, but a deeper form of dependence: European firms and public institutions

may reach a point where a foreign provider understands their internal operations better than

they can reproduce those capabilities without it. Europe does have a deployment strategy

on paper. The Commission’s Apply AI Strategy calls for an “AI first” approach in public

administration based on European solutions and seeks to mobilise around EUR 1 billion from

21



existing programmes [European Commission, 2026a]. But this is modest when compared with

an infrastructure buildout measured in the trillions and a procurement preference worth no

more than 15 out of 120 award points. The mismatch matters because dependence will build

gradually through routine procurement decisions that current policy tools are too weak to

change.

6 Conclusion

AI is advancing quickly, but its economic meaning is still unsettled. The evidence reviewed

here suggests that it is best understood, for now, as a powerful technology system within the

wider information revolution rather than as a separate technological revolution. Investment

has moved faster than the productivity evidence, while the labour-market effects so far point

more towards the reorganisation of work than mass unemployment.

For Europe, the main risk is not only falling behind in model development. It is be-

coming dependent on foreign providers for compute, cloud infrastructure, data access and

innovations increasingly used in firms and public administration. Regulation alone though

it is needed, will not solve that problem. Europe needs a more active strategy built around

public investment in data and compute, conditional support for European firms, stronger

administrative capacity, workforce participation in form governance and procurement rules

that reduce long-term lock-in.

The distribution of the gains also matters. If AI raises productivity, part of that gain

should reach the workforce through better jobs, greater security, wage growth and, where

possible, shorter working time. The alternative is that returns are retained as cash flow and

paid out as dividends, feeding asset markets in which large foreign investors hold a substantial

share. Whether that happens depends on corporate governance. Systems that give workers

a formal voice in how AI is introduced, as German worker’s councils and codetermination

do, are better placed to turn productivity gains into wages and conditions than systems

where those decisions rest with owners alone. The outcome will not be determined by the

technology itself. It will depend on who owns it, how it is deployed and which institutions

shape its use.

22



AI Usage Statement

AI agents and large language models (LLMs), including ChatGPT, Claude, and Kimi, were

used during the preparation of this article to assist with drafting, editing, grammatical

correction, and the generation and refinement of code used to produce figures. All AI-

assisted output was reviewed and revised by the authors, who take full responsibility for the

accuracy, arguments, interpretations, and final content of the article.
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