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Introduction
Artificial intelligence (AI) stands out as a potentially-transformative general-purpose technology (GPT).
[ ][ ] Like electricity or the internet before it, its potential lies not in any single application but its capacity
to reshape entire production processes, business models and economic structures across the

economy.[ ]

The AI technological frontier has advanced at a remarkable pace, progressing from narrow machine-
learning systems capable of pattern recognition to large language models and generative AI platforms
that can perform complex cognitive tasks. And the frontier keeps shifting. With agentic AI, the
technology may increasingly act as an independent economic agent rather than a technology that

merely augments human effort.[ ]

What distinguishes AI from earlier revolutionary technologies is its scope. Previous general-purpose
technologies, from steam power to electrification to information and communications technology,
primarily raised the productivity of goods and services production by making already-existing processes
faster and cheaper. But AI has the potential to also raise the productivity of the innovation process
itself. AI systems can meaningfully accelerate scientific discovery, shorten research and development
cycles, and compress the time between knowledge creation and commercial application. The
technology is set to not just shift the level of productive capacity but shift the rate at which productive
capacity grows.

This rapid evolution has spurred a fast-growing literature in economics and has also prompted
extensive analytical work in the financial and consulting community. A striking feature of this literature is
the extraordinary dispersion of its conclusions. In particular, estimates of the macroeconomic impact of
AI range from the modest to the transformative, to the genuinely disruptive.

Soon after generative AI emerged in late 2022, a March 2023 study by Goldman Sachs Research
projected that widespread AI adoption could drive a 7 per cent increase in global GDP over a decade,

raising annual labour productivity growth by around 1.5 percentage points.[ ] A June 2023 study by
McKinsey was even bolder, suggesting that AI, when combined with broader automation of work

activities, could add as much as 3.4 percentage points per year to productivity growth through 2040.[ ]

More recent estimates span a wide range. At the lower end, Acemoglu (2025) concludes that aggregate
total factor productivity (TFP) gains over the next ten years are unlikely to exceed 0.66 per cent in total,
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implying only a marginal increase in annual TFP growth.[ ] In contrast, a 2025 OECD study projects
that AI could add between 0.4 and 1.3 percentage points to annual aggregate labour productivity
growth over the next decade in countries with high AI exposure and widespread adoption, such as the

United States and the United Kingdom.[ ] Aghion and Brunel (2024) generate a median estimate of

0.68 percentage point additional annual TFP growth.[ ] Bergaud (2024) suggests an annual productivity

boost for the euro area of 0.29 per cent.[ ]

Larger productivity gains are envisaged by studies that allow the innovation process to be transformed
by AI, with the potential growth rate substantially boosted by computing power (“compute”) becoming a
major input into the innovation process and AI also accelerating progress across a range of frontier

technologies.[ ][ ]The most optimistic scenarios foresee AI transforming cognitive tasks and AI-
powered robots transforming physical tasks, with compute generating the predominant share of total
value added. At the same time, if some tasks and some industries turn out to be hard to automate, the
aggregate economic impact of AI would be much more contained due to the “weakest link” constraint.
[ ] Since the long-run impact of AI will necessarily play out over decades, this debate will not be settled
for a long time. In the rest of this speech, I will focus my attention on the shorter-run impact of AI.

The early microeconomic evidence from specific deployments has been encouraging in some domains,
even as the aggregate signal remains elusive. One experiment found that access to ChatGPT reduced
the time taken on mid-level professional writing tasks by 40 per cent and raised output quality by 18 per

cent, with the largest gains accruing to lower-ability workers.[ ] Another study on the roll-out of a
generative AI conversational assistant across more than 5,000 customer support agents found an

average 15 per cent increase in issues resolved per hour.[ ] These micro-level findings are suggestive
but their macroeconomic significance remains uncertain: not all sectors have the same scope for AI-
related process improvements.

Beyond productivity, three interconnected analytical issues stand out as especially important for
assessing the macroeconomic significance of AI. First, the speed of adoption. General-purpose

technologies historically diffused slowly and unevenly.[ ] Brynjolfsson et al. (2025) formalised this
insight in the concept of the “Productivity J-Curve”, which outlines how investments in a new general-
purpose technology initially reduce measured productivity, with aggregate gains materialising only after

a substantial lag.[ ] At the same time, Asirvathan, Mokski and Shleifer (2026) have calculated that the
speed of adoption of general-purpose technologies has increased in recent decades, as vividly

illustrated in Chart 1.[ ] There is reason to believe, moreover, that the diffusion of AI may be especially
fast and broad since the ease of deploying AI through available computer hardware and software
lowers adoption barriers relative to earlier general-purpose technologies. At the same time, a by-
product of faster adoption is the inevitability of greater adjustment frictions, with less time for workers

and businesses to adapt to changes.[ ]
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Second, and closely related, is the scale and composition of investment. AI is already driving a
substantial surge in capital expenditure among leading technology firms, particularly in data centre
infrastructure, semiconductors and energy systems. The extent to which this investment boom
broadens beyond a narrow segment of the economy will shape its macroeconomic footprint. In turn, in
view of the significant upfront capital outlays, access to finance will influence the pace and distribution
of AI diffusion.

The geographical distribution and nature of the required investment remain uncertain and, amongst
other factors, depend on the relative capital intensities of AI producers and AI users. If productivity in
the regions that are primarily AI users can benefit from the (intangible and tangible) capital accumulated
in the AI-producing regions, then the investment required in the AI-using regions will be relatively lower
than in the AI-producing regions. Chart 2 shows AI patent rates for the United States and the euro area,
indicating a much higher rate for the United States.

This is a general property in relation to technological capital. For instance, as shown in Chart 3, a
striking pattern is the five-fold increase over the last decade in payments by euro area residents to
owners of US-located intellectual property. This is consistent with technological investment in frontier
countries also raising productivity overseas: it is not necessary for all countries to invest to the same

extent.[ ]

Chart 1
Adoption lag versus year of invention

(years)

Sources: Reproduced with kind permission of the authors from Figure 28 in Asirvathan, H., Mokski, E. and Shleifer,
A. (2026), “ ”, NBER Working Paper Series, No 34834, National Bureau of
Economic Research, February.
Notes: Each data point represents the average lag across 350 technologies and is assigned to the average year of
invention of those technologies. Technologies invented after the year 2010 were removed to mitigate an artificial
shortening of lags due to the 2025 terminus date.

GPT as a Measurement Tool
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Chart 2
Share of AI patents in the United States and the euro area

(percentages)

Sources: PATSTAT and ECB calculations.
Notes: The identification of AI-related patents follows and expands on the methodology outlined in Organisation for
Economic Co-operation and Development (2025), “Identifying emerging AI technologies using patent data”,
September. This approach uses two complementary channels: specific Cooperative Patent Classification (CPC)
codes and AI-related keywords in patent titles and abstracts. A core set of five CPC classes that specifically
capture AI technologies identifies the primary list of AI patents. This list is expanded via textual analysis: for patents
in an additional 95 specific CPC classes, titles and abstracts are scanned for at least one AI-related keyword or
phrase from a list of over 300 terms, including variations to capture misspellings, synonyms and alternative
phrasings. The latest observations are for the fourth quarter of 2024.



Third, the impact of AI on employment and the labour market is potentially the most socially and
politically salient aspect of the technology’s diffusion. A set of recent papers analyse the employment
effects of exposure to generative AI. A 2024 IMF study estimates that almost 40 per cent of global
employment is exposed to AI, with the share rising to around 60 per cent in advanced economies

where cognitive-task-intensive occupations predominate.[ ] Of the jobs that are exposed to AI in
advanced economies, roughly half may benefit from AI integration through enhanced productivity, while
the other half face the risk of displacement. Eloundou et al. (2023) show that around 80 per cent of the
US workforce could have at least 10 per cent of their work tasks affected by the introduction of large

language models.[ ] A 2026 study by Massenkoff and McCrory assesses the impact of AI on
employment in the United States based on a measure of AI displacement risk combining theoretical AI
capability and real-world usage data for different occupations. These authors find no systematic
increase in unemployment for highly exposed workers since late 2022, although there is suggestive

evidence that hiring of younger workers has slowed in exposed occupations.[ ]

A recent survey across firms in the United States, the United Kingdom and Australia points to a
discrepancy between the expectations of senior executives in private sector firms, who expect AI to

lead to a reduction in employment, and employees, who expect AI to drive an increase.[ ] For the EU,
in particular, firm-level analysis shows that AI adoption by EU firms has resulted in a 4 per cent

increase in productivity due to capital deepening, with no adverse effect on employment.[ ] Taken
together, the evidence suggests that the net effect of AI on employment will partly depend on the pace
of adoption and the ability of labour markets to reallocate workers.

Chart 3
Euro area charges for the use of Intellectual Property Products (imports)

(four-quarter moving sums in EUR billions)

Source: ECB (balance of payments).

Note: The latest observations are for the third quarter of 2025.
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These factors vary considerably across economies and are likely to produce divergent outcomes

across sectors and skill groups.[ ][ ]

Previous digital technologies were high-skill biased, increasing relative demand for college-educated
workers, and were particularly complementary with the non-routine cognitive tasks concentrated at the

top of the wage distribution.[ ] The emerging evidence on whether this is also the case for AI is very

mixed.[ ]

The existing literature on these issues has mostly focused on the United States, which hosts the
dominant share of frontier AI development and is home to the most advanced early-adopting firms,
providing the richest body of empirical evidence on deployment effects. The US evidence cannot be
directly transposed to the European context, since both investment in AI and the rate of AI deployment

are significantly lower in Europe than in the United States.[ ]

Furthermore, in assessing the macroeconomic impact of AI, it is also essential to take the global supply
chain into account. The AI boom has been a key factor in the recent surge of global trade in high‑tech
goods, particularly semiconductors (Chart 4). The United States is a substantial net importer of
high‑tech goods, reflecting the import‑intensive nature of its AI‑related investment boom. With some
exceptions, such as ASML in the Netherlands, most of the largest firms in the AI supply chain are in the

United States, China, Taiwan and South Korea.[ ]
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Mario Draghi identified the digital and innovation gap as a central structural weaknesses in European
competitiveness, estimating that around 70 per cent of the EU’s per capita GDP gap with the United
States can be attributed to lower productivity, with the primary driver being the gap between the US and
European information and communication technology (ICT) sectors in terms of relative size and relative

productivity growth.[ ] The structural factors constraining adoption in Europe include the prevalence of
small and medium-sized enterprises (SMEs), relatively shallow capital markets for high-risk innovation
financing, a regulatory environment for AI adoption that, however well intentioned, can increase
uncertainty and raise adjustment costs for early adopters, and, in some Member States, slower labour

reallocation dynamics.[ ] The recently released OECD.AI index, which provides a holistic view of
national AI ecosystems (Chart 5), also suggests that the EU is not ideally positioned to take advantage

of the technology.[ ]

Chart 4
Mapping the AI supply chain

Sources: panel a) Trade Data Monitor and ECB staff calculations; panel b) Trade Data Monitor and ECB staff
calculations; panel c): Trade Data Monitor and ECB staff calculations.

Notes: panel a) Total exports refer to nominal goods exports for the global economy. To ensure consistency with
the latest available data in 2025, the diamond and contributions are calculated based on January to October
period. Panel b) China refers to a sum of the Mainland of China and Hong Kong. The harmonised system codes of
the Semiconductor value chain are taken from the OECD (2025), Appendix D, and transferred to the 2022
concordance. The data report in the chart relates to January to October 2025. Panel c):The trade flows represent
total trade flows from January to October 2025.

a) Decomposition of
global trade growth

b) Export market share
across major
producers in 2025

c) AI-related trade
network in 2025

(annual growth rate, percent) (percent) (USD, left bars: suppliers, right
coloured bars: imports)
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If AI’s productivity dividend is adoption-dependent, then the diffusion trajectory in Europe becomes the

decisive variable.[ ] A scenario in which European firms adopt AI more slowly and unevenly than their
US counterparts would not only compress Europe's productivity gains in absolute terms but could also

widen the transatlantic productivity gap.[ ] A similar gap may open up vis-à-vis China in view of its
current intensive efforts towards economy-wide AI adoption. Furthermore, slow or uneven diffusion
across firms, sectors and countries could also generate asymmetric productivity paths within the euro
area, with knock-on effects on investment dynamics, wage growth and macro-financial conditions
across the monetary union.

Divergent international productivity paths also have implications for the current account and
international financial flows. All else equal, higher productivity overseas should be associated with
lower investment and higher savings in the euro area, generating a larger current account surplus and

Chart 5
OECD 2024 AI Index results by country

Sources: OECD, United Nations and ECB staff calculations.
Notes: The OECD.AI Index (2026) assesses countries’ implementation of the OECD Recommendation on Artificial
Intelligence, providing a comparable overview of national AI ecosystems. Component scores are between 0 and 1,
calculated based on indicators from a diverse array of data sources. The most recent data available (up to 2024)
are used. Panel a): values for the EU are the population weighted average of the individual EU countries that are
members of the OECD.

a) OECD.AI Index in the EU and
selected OECD economies

b) OECD.AI index in the United
States and individual EU Member
States

(index) (index)

35

36



net financial outflows.[ ] On the real side, classical trade theory suggests that the euro area could
benefit from improved terms of trade, as a surge in US productivity lowers the price of its exports and

thereby increases real wages in the euro area.[ ] This benign channel may be offset, however, if
frontier advances progressively displace euro area firms from technology-intensive sectors.

It is against this backdrop that recent work on AI at the ECB has been conducted. The remainder of this
speech presents some of this work and how it helps shed some light on the expected effects of AI
adoption in Europe. I begin by reviewing what the data already show about the footprint of AI in the
euro area economy. I then turn to the financial and funding dimensions of AI. Finally, I discuss the
implications of AI for monetary policy. I will close with some observations on how we are deploying AI
within the ECB’s own analytical and operational workflows.

Impact of AI on the euro area economy
Let me briefly report on some insights from recent work by ECB staff on: (i) investment; (ii) AI diffusion
and productivity growth; and (iii) employment in the euro area economy.

Developments in digital investment
Advances in AI are encouraging higher investment in digital technologies. Since 2014, digital
investment in the euro area has become much more important, which can be illustrated by a proxy for

digital investment based on annual euro area national accounts data.[ ] The overall increase in digital
investment between 2014 and 2024 was more than three times the aggregate growth rate in GDP and
1.5 times the growth of total business investment over that period. Intangible investment (including
software and databases as well as research and development spending in the information and
communication sector) accounts for the lion’s share of digital investment (Chart 6, panel a, red and
green columns). Tangible business expenditure on ICT equipment also accounts for a significant share,
while the proxy suggests that investment in data centre construction has remained relatively low in the
euro area.
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While euro area digital investment has expanded markedly, the pace has remained well below that
seen in the United States. Extending the digital proxy with more recent data suggests that euro area
digital investment increased strongly in 2025, standing just over 60 per cent higher than in 2014
(Chart 6, panel b). Despite this strong growth, a similar proxy for the United States more than doubled
over the same period, accelerating notably in 2025 on the back of a strong pick-up in data centre

investment, leading to a striking – and widening – gap between the euro area and the United States.[ ]

Digital investment is expected to increase markedly, spurred by venture capital and Next Generation
EU funding. In addition, two new EU-wide schemes – the  and the 

 – have recently been introduced, with the aim of providing sizeable funding for digital

Chart 6
Digital investment in the euro area and the United States

Sources: Eurostat, ECB, Bureau of Economic Analysis and ECB calculations.

Notes: Panel a) shows a digital proxy which refers to (i) investment in non-residential buildings and structures in
the information and communication sector, (ii) ICT equipment in the business economy, (iii) investment in computer
software and databases (CSDBs) in the business economy, excluding the ICT sector, and (iv) IPP investment (in
CSDBs and R&D) by the ICT sector. Missing country values are estimated based on known euro area aggregates
of country-sector shares. Panel b) shows the digital proxy for the euro area as in panel a); the black dot for 2025
extends the digital proxy based on the annual growth of an output proxy for digital services (weighted non-
seasonally adjusted production of publishing activities; computer programming, consultancy and related activities;
and information service activities). The proxy for the United States combines investment in data centres,
information processing equipment and computer software. Digital investment made up about 12.4 per cent (13.0
per cent) of total investment in the euro area and 24.3 per cent (27.3 per cent) in the United States in 2024 (2025).
The latest observations are for 2024 for euro area annual accounts, November 2025 for euro area production data
and the fourth quarter of 2025 for US data.

a) Digital investment proxy, euro
area, with asset breakdown

b) Digital investment proxy, euro
area and United States

(EUR billion) (2014 = 100)
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investment and harnessing additional national funds from EU Member States. The latest Survey on the
Access to Finance of Enterprises (SAFE) indicates that firms in the euro area plan to increase their AI
investment over the next 12 months and that SMEs and large firms alike expect to allocate an average

of 9 per cent of their total investment to AI in 2026.[ ] Firms already using AI plan to increase their AI
investment more than non-users, pointing to a potentially reinforcing cycle of adoption and innovation.
Notably, SMEs that are significant AI users are expected to dedicate a larger share of their investments
to AI compared with large firms, highlighting that some SMEs are at the forefront of AI adoption. These
SMEs are predominantly small, belong to the services sector and are mostly family/single owned.
However, according to a survey by the European Data Centre Association, a further acceleration of AI-
related and digital investment could potentially be hampered by insufficient energy supply, shortages of

skilled staff and overregulation.[ ] Euro area digital investment could also be slower if AI does not
deliver the expected productivity gains and cost reductions, leading to downward revisions to future
demand.

AI diffusion and effects on productivity in the euro area economy
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Diffusion of AI use is unfolding very quickly in the euro area. Recent data from the ECB’s Consumer
Expectations Survey show that the share of employees adopting AI increased from 26 per cent in 2024

to 40 per cent in 2025 (Chart 7, panel a).[ ] This is a much faster rate than the adoption of the internet
or personal computers, which took about a decade to reach similar levels. AI usage is heterogeneous
across demographic groups (Chart 7, panel b). Employees with a university education are more likely
to use AI (47 per cent) than those without (28 per cent), and workers aged 18-34 are far more likely to
use AI in their work (52 per cent) than those aged 55-74 (29 per cent). Gender differences only appear

to play a marginal role in AI use.[ ]

Surveys of firms also show high adoption rates – with firm size playing an important role. Two-thirds of
the 5,000 firms participating in the ECB’s SAFE reported that their employees use AI. This ranged from
almost 90 per cent of firms with 250 or more employees to 60 per cent of firms with fewer than ten
employees. While adoption rates are high, most firms in the euro area use AI only moderately or
infrequently: the share of firms using AI significantly is only 7 per cent, with little difference between
small and large firms, indicating that AI use is concentrated in a core set of firms (Chart 8, panel a).

Chart 7
AI adoption rates

Sources: Consumer Expectation Survey and own calculations on earning calls database.

Notes: 2024 and 2025 data. Share of employed workers reporting the use of AI in their work. The question reads:
“Do you personally use artificial intelligence (including a large language model, such as ChatGPT or Gemini) in
your work?”

a) AI adoption rates among
workers, 2024 and 2025

b) AI adoption rates by
demographic groups, 2025

(percentage of respondents) (percentage of respondents)
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The relatively small share of firms that make significant use of AI suggests that AI is not yet embedded
in corporate-level processes in many firms. This matters because firm adoption and organisational
restructuring are historically the main channels through which general-purpose technologies create
macroeconomic productivity gains. The survey responses indicate AI is primarily used to improve core
and non-core processes, and less for reducing personnel costs, or supporting R&D and innovation
(Chart 8, panel b). Firms not using AI or using it minimally cite a lack of AI skills, ethical concerns, or
incompatibility with existing systems as barriers to adoption.

The rate of AI adoption by employees and firms is crucial for the expected effects on productivity, in
addition to the share of GDP exposed to AI tasks and the cost reductions associated with AI in those

tasks.[ ] Working through a range of scenarios analysed by ECB staff illustrates that the aggregate

TFP impact of AI may vary widely, primarily driven by the speed of diffusion (Chart 9).[ ] Faster
adoption could yield substantially larger potential TFP gains over the coming decade – in the order of

Chart 8
AI use and reasons for adopting or not adopting AI

Sources: ECB (SAFE) and ECB calculations.
Notes: Panel a) shows the weighted share of firms by the intensity of AI use, for all firms, by size class and by
country. Panel b) shows the weighted share of firms by reasons for using AI (left side) and not using AI (right side).
For the left side of panel b), the base is firms which use AI very infrequently, moderately or significantly. For the
right side, the base is firms which do not use AI or use AI very infrequently or moderately. The latest observations
are for the fourth quarter of 2025.

a) Use of AI by firm size b) Reasons for using and not using
AI

(percentages of respondents) (percentages of respondents)
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0.3-0.4 percentage points per year, depending on the assumption of the scale of GDP exposure to AI.
Slow adoption, as observed in past general-purpose technologies, would instead lead to TFP increases
of around 0.2 percentage points per year. The critical role played by the adoption rate also implies that
policies focusing on AI diffusion, training and SME adoption could be especially beneficial for boosting
aggregate productivity.

The impact of AI on employment
Assessing the overall impact of AI on employment at this early stage is especially difficult. In line with

the recent literature, the evidence collected by the ECB so far also remains inconclusive.[ ]

According to the Consumer Expectations Survey, approximately 43 per cent of all workers believe that
new technologies will have a positive effect on their productivity or job opportunities, another 34 per
cent do not anticipate any effect and 23 per cent of workers have negative expectations, fearing job
losses or worsening employment prospects (Chart 10, panel a). There are visible differences across

Chart 9
The speed of adoption and TFP gains over ten years

(percentage points)

Source: ECB staff calculations.

Notes: Four basic scenarios are constructed based on the value of two parameters: the share of the economy
exposed to AI and the speed of adoption. In the first two scenarios a constant share of GDP is assumed to be
exposed to AI – either 40 per cent, reflecting the lower range of literature-based estimates, or 50 per cent,
reflecting the higher range. In two additional scenarios the share of GDP exposed to AI is modelled to increase
from 40 per cent to 50 per cent or from 50 per cent to 60 per cent over a period of ten years. With respect to AI
adoption, the speed is modelled based on experiences with other general-purpose technologies in the past,
reaching an adoption share of 40 per cent of employees after ten years and, alternatively, with an accelerated
speed as observed in first three years of ChatGPT according to data from the ECB’s Consumers Expectations
Survey – from 26 per cent after two years, to 40 per cent after three years followed by declining marginal increases
over the following years. Productivity gains are assumed – in line with an average of the recent literature – at 40
per cent for tasks exposed to AI.

47



demographic groups. Workers with university education and younger workers tend to hold more
positive views about the effect of AI on their employment prospects.

While workers in each sector are net positive about the employment impact of AI, there are some clear
sectoral differences (Chart 10, panel b). In broad terms, workers in the high-contact sectors in which
jobs are harder to automate are less pessimistic about the risk of job losses but are also less optimistic

about improvements in employment opportunities.[ ]

On the firm side, references to AI in recent rounds of the ECB’s regular contacts with large non-
financial companies (Corporate Telephone Survey, CTS) have surged, especially in discussions about
the outlook for employment. At least among the very large firms included in the CTS, AI-enabled work
process optimisation is reported to be one of the main drivers of a rather lacklustre employment

Chart 10
Employment perceptions by demographic group and sector

Source: ECB Consumer Expectations Survey.
Notes: 2025 data. The question reads “Do you think that technological advancements (e.g. the increasing use of
artificial intelligence, large language models, automation) will affect your current job or employment prospects in
the next five years?” with three possible answers: a) Yes, they will affect me positively (e.g. by increasing my
productivity and/or improving my employment prospects); b) Yes, they will affect me negatively (e.g. by making my
job less necessary and/ or worsening my employment prospects); and c) No, they will not affect me at all. The
perceptions shown in panel b) exclude workers who expect no effect of technological advancements (such as AI or
automation) on their current or future employment prospects. Perceptions are reported for all workers
independently of their AI usage.

a) Employment perceptions by
demographic group

b) Usage and perceptions by
sector

(percentage of respondents) (percentage of respondents)
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outlook, despite an improving outlook for activity in recent months.[ ] By contrast, econometric
analyses based on the latest rounds of the SAFE find that AI use has been neutral for employment so

far.[ ] Moreover, for high intensity AI use, the effect is positive, driven by firms using AI for research
and development.

Overall, there is currently little evidence of a substantial effect of AI on employment in the euro area.
Although AI entails significant displacement risks for many occupations, recent evidence suggests that

these risks have not yet materialised.[ ]

AI adoption among euro area firms and employees has progressed rapidly, as shown by recent ECB
analyses. This is fuelling expectations that AI will play an important role in shaping productivity growth
and labour market dynamics. While recent work sheds light on how AI is already influencing investment
patterns, it is still too early to draw firm conclusions about its longer-term effects on the euro area’s
productive capacity, international position and labour market.

The financial and funding dimensions of AI
The scale and nature of AI investment have implications for how it is financed. A useful starting point is
the distinction between frontier firms developing AI technologies and the much larger set of firms
seeking to adopt AI in their production, services and organisational processes. I will begin with the
stock market perspective and then turn to how AI is financed “on the ground” by these different types of

firms and to the role of the banking sector, which is an intensive user of AI in its own right.[ ]

Stock market performance and AI intensity
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AI has already left a clear mark on global equity markets. Since early 2023, AI-related narratives have
been a central driver of US equity performance (Chart 11, panel a), largely because of the extraordinary
rise in the earnings and valuations of the “Magnificent 7”, which are at the core of AI development. In
the euro area, the picture is more muted. The Euro Stoxx 600 technology sector has only modestly
outperformed the broad index. Two large firms with high AI exposure, ASML and SAP, drive much of
this trend, but together they account for only about 4 per cent of the Euro Stoxx 600 market
capitalisation. By contrast, the Magnificent 7 make up roughly 40 per cent of the S&P 500.

The difference between the euro area and the United States shows up clearly also in the stock market
reaction to AI news shocks: positive expectations of AI-driven productivity at the moment of filing an AI

Chart 11
Performance of US and European AI-related stocks since January 2023

Sources: Bloomberg, LSEG and ECB calculations.

Notes: Panel a) shows the stock market returns since 2 January 2023, in percentage points and expressed in euro
after adjusting for exchange rate movements, of the S&P500 and Euro Stoxx 600 indices, as well as the
subindices S&P 500 Information and Technology excluding Magnificent 7, Magnificent 7 and Euro Stoxx 600
Technology. The Magnificent 7 firms comprise Alphabet (Google), Amazon, Apple, Meta Platforms, Microsoft,
NVIDIA and Tesla. Panel b) shows the stock market returns since 2 January 2023 in percentage points of value-
weighted portfolios of Euro Stoxx 600 firms sorted based on their AI classification. AI intensity groups are based on
the OECD methodology (See Calvino, F., Dernis, H., Samek, L. and Ughi, A. (2024), “

”, OECD Artificial Intelligence Papers, No 30, December). The latest observations are for 10 March 2026.

a) Performance of US and
European stock market indices
since January 2023

b) Stock performance and financial
metrics of Euro Stoxx 600 firms by
AI intensity since January 2023

(percentages) (lower right panel: EUR; other panels: percentage
points)

A sectoral taxonomy of AI
intensity

https://doi.org/10.1787/1f6377b5-en
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patent trigger a much sharper rise in US stock prices than in euro area stocks (Chart 12).

A complementary view comes from comparing the performance of firms in high-AI and low-AI-intensity
sectors within the euro area. Firms classified as high-AI-intensity have outperformed less exposed
sectors in recent years across revenue growth, operating margins and earnings per share (Chart 11,

panel b).[ ] However, this performance gap narrows substantially once financial institutions are
excluded from the group of AI-intensive sectors.

The euro area is also participating in the AI boom as a portfolio investor. Euro area financial institutions,
non-financial corporations and households have all increased their exposure to US technology stocks

(Chart 13).[ ]

Chart 12
Peak effect of AI news shock on firm credit, stock prices and investment

(percentage points)

Sources: ECB, Haver, PATSTAT and ECB calculations.

Notes: The charts show the peak effects of an increase in the share of AI patents in the euro area and the United
States, respectively. The shock is calibrated to equal the annual increase observed in 2024 in the euro area. It is
based on quarterly BVAR models for the two economic areas, with an internal instrument represented by the share
of AI patents over total patents. The BVAR models contain GDP, investment, consumer prices, firm credit, stock
prices and measures of market rates and financing conditions (one-year OIS, ten-year OIS and the bank lending
rate for the euro area; and Fed funds rate and excess bond premium for the United States). All variables enter the
model in log-levels, except interest rates and excess bond premium. The models are estimated in quarterly
frequency from the first quarter of 1999 to the fourth quarter of 2024. The latest observations are for the fourth
quarter of 2024.
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Financing AI investments
The distinction between AI creators and AI adopters is also relevant when considering how AI activity is

financed, although both share the common trait of being less leveraged than other firms (Chart 14).[ ]

The large US IT firms that are currently driving the AI investment boom historically relied on internal
funds, as their highly profitable operations generated cash flows that were more than sufficient to cover
their investments. However, the scale of capital expenditures on AI is now so large that even these
firms have had to turn to external financing, not just through equity (which may not be timely or cost-

effective) but also through debt issuance and, increasingly, private credit.[ ]

Chart 13
Net purchases of US corporate listed shares by euro area residents

(cumulated flows in EUR billions)

Sources: ECB (SHSS), LSEG Data & Analytics, ECB calculations.
Notes: The sectoral breakdown is obtained by using information from LSEG Data & Analytics on the firms issuing
the shares whose ISIN is identified in SHSS data. “Other sectors” include Academic and Educational Services,
Basic Materials, Financials, Healthcare, Institutions, Associations & Organisations, Real Estate, Energy,
Industrials, Utilities and Consumer. The latest observations are for the fourth quarter of 2025.
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Young frontier AI firms face high upfront development costs, long and uncertain paths to profitability,
and balance sheets dominated by intangible assets such as intellectual property. These features make
these firms ill-suited to traditional debt financing such as bank loans: they need long-term financing,
carry elevated risk and their assets cannot be readily collateralised. As a result, they rely heavily on
venture capital.

In the euro area, venture-capital activity has increased, with a growing share being absorbed by AI-
intensive sectors (Chart 15, panel a). Yet the pool of risk capital in the euro area remains shallow
compared with the United States (Chart 15, panel b). This limits the ability of euro area start-ups to
achieve scale. It has often been the case that, even when talent and early-stage research are
European, incentives to relocate frontier technologies can be strong and the scaling takes place
elsewhere. For instance, between 2008 and 2021, close to 30 per cent of the “unicorns” originally
founded in Europe – start-ups that went on to be valued at over USD 1 billion – relocated abroad, with

the vast majority moving to the United States.[ ]The European Investment Bank (2026) reports that
those firms that moved abroad, notably to the United States, cited better access to capital, proximity to

large and unified markets and regulatory simplicity as reasons for their move.[ ]

Chart 14
Leverage by AI activity in the euro area

(percentages)

Sources: ECB (AnaCredit), Eurostat, PATSTAT, Orbis, LSEG and ECB calculations.

Notes: Leverage is computed as gross debt over total assets. The industry median is used to avoid overweighting
larger firms; values are averaged from 2022 onwards. Firms are categorised according to an index accounting for
both their level of AI use and AI patent production. The “high” category corresponds to the top index quartile. The
“low” category corresponds to the bottom quartile. The “medium” category contains the central two quartiles of
sectors (25th to 75th percentile). The latest observations are for the third quarter of 2025.
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For AI adopters, the financing mix of their AI initiatives has so far relied primarily on internal funds.
According to the latest SAFE, firms that finance investment from retained earnings are more likely to
use AI today (Chart 16). This is consistent with the observed recent uptick in the growth of cash
holdings for firms with high AI activity (Chart 17).

Chart 15
Share of AI-related financing in venture capital deals per year and estimated stocks of
venture capital

Sources: Pitchbook and ECB calculations.
Notes: In panel a), AI-related originations are defined as a transaction where the financed company’s products,
services or industry are associated with AI and machine learning. In panel b), the bands reflect different
assumptions for the repayment or transfer of the instruments based on the distribution of available information. The
data are aggregated at annual frequency to year-end values. The latest observations are for 31 December 2025.

a) Share of AI-related financing in
venture capital

b) Venture capital outstanding

(percentages of yearly flows of new originations) (EUR billions)



Chart 16
Use of AI and expected AI investment by sources of financing

Sources: ECB (SAFE) and ECB calculations.
Notes: Panel a) shows coefficients of firm level regressions of AI use (dummy takes the value 1 if firm is using AI to
some extent) on types of financing. Panel b) shows coefficients of firm-level regressions of expected AI investment
(dummy takes the value 1 if firm is expecting to invest in AI and zero otherwise) on types of financing. Results are
survey-weighted and include industry, country and firm size fixed effects. The whiskers represent 90 per cent
confidence intervals. The latest observations are for the fourth quarter of 2025.

a) Use of AI by sources of
financing

b) Expected AI investment by
sources of financing

(coefficient estimates) (coefficient estimates)



Data also show that only a modest share of bank lending flows to high AI-adoption sectors. In contrast
to the recovery in bank loan growth seen in most sectors, loan growth in high AI-active sectors has
been moderating recently (Chart 18, panel a). Instead, high AI-active firms have increasingly turned to
market-based funding in the past year. The growth rate in debt securities issued by active AI users
reached 13 per cent in January 2026, significantly higher than in less AI-active sectors (Chart 18, panel
b).

Chart 17
Cash intensity by level of AI activity

Sources: LSEG, Eurostat, PATSTAT and ECB calculations.
Notes: Cash intensity is the ratio of cash and cash equivalents to total assets. Firms are categorised according to
an index accounting for both their level of AI use and AI patent production. The “High” category corresponds to the
top index quartile. The “Low” category corresponds to the bottom quartile. The “Medium” category contains the
central two quartiles of sectors (25th to 75th percentile).

a) Growth rates b) Average ratio

(annual percentage changes) (percentages)



Private credit, which links investors directly with firms, has provided a useful complement to other
sources of funding in AI-intensive sectors (Chart 19, panel a). By design, private credit funds can hold
illiquid exposures for longer. Over the past three years, more than half of total private-credit volumes
have gone to firms in “IT and other media” and healthcare. In contrast, only around 5 per cent of bank
lending is directed to those sectors. The business models of private credit funds align more closely with
the risks and financing needs of AI-related projects compared with bank lending. But, despite recent

Chart 18
Credit growth by AI activity

Sources: Panel a): ECB (AnaCredit), Eurostat, PATSTAT, Orbis and ECB calculations. Panel b): ECB (CSDB,
CSEC), Eurostat, PATSTAT, Orbis and ECB calculations.

Notes: In panel a), NACE sectors are grouped into four quartiles of AI-use activity, based on Eurostat’s survey on
the use of ICT and each sector’s average AI-use activity over 2023-25. Similarly, NACE sectors are grouped into
four quartiles according to their volume of AI-related patent applications in PATSTAT, using each sector’s average
over 2022-24. The “high” category corresponds to the top quartile and the “low” category to the bottom quartile.
The “medium” category includes all remaining classified sectors. Unclassified sectors, which are not included,
make up 12 percent of total loans over the chart period. Series are smoothed using a centred three-month moving
average. In panel b), firms initially classified under NACE M70 (“Activities of head offices”) were reclassified
according to their main business activity, drawing on Orbis data when available and LLM-based research
otherwise. NACE sectors are grouped into four quartiles of AI-use activity, based on Eurostat’s survey on the use
of ICT and each sector’s average AI-use activity over 2023-25. Similarly, NACE sectors are grouped into four
quartiles according to their volume of AI-related patent applications in PATSTAT, using the average of each sector
over 2022-24. The “high” category corresponds to the top quartile and the “low” category to the bottom quartile.
The “medium” category includes all remaining classified sectors. Unclassified sectors, which are not included,
make up 19 per cent of total issuance over the period. Series are smoothed using a centred three-month moving
average. The latest observations are for November 2025 for panel a) and for January 2026 for panel b).

a) Bank loan growth by AI activity b) Debt security growth by AI
activity

(annual percentage changes) (annual percentage changes)



growth, private credit in the euro area remains very small and, mirroring the venture capital gap, far
below US levels (Chart 19, panel b).

Two implications follow.

First, a firm’s capacity to adopt AI depends heavily on its balance-sheet strength. Better capitalised,
more productive firms can finance AI adoption internally or access credit on favourable terms; weaker
firms may be unable to undertake investments that would be profitable. SAFE evidence confirms that
access to finance is a greater concern for firms investing in AI than for those that are not, especially in
low and medium-intensity sectors.

Second, the bank-centred financial system of the euro area is not well aligned with the scale and nature
of the AI opportunity. Bank-based financing is structurally less suited to intangible, long-horizon
investments, while alternative channels such as venture capital and private credit are too shallow in the

Chart 19
AI use intensity of companies served by private credit versus banks and size of
private credit

Sources: Pitchbook (Morningstar), FEDS Notes and ECB calculations.
Notes: In panel a), sector shares are calculated based on the average values for the period 2023-25; estimates of
AI-intensity are based on Eurostat methodology at sectoral level. In panel b), for private credit, the stock in both
regions is estimated using linear loan repayments and average maturities of four years (lower bound) and eight
years (upper bound). Information for US private credit includes Fed estimates of Business Development
Companies’ assets under management. The latest observations are for 31 December 2025.

a) Funding of euro area firms by AI
intensity

b) Private credit

(share of total yearly flows of new originations) (EUR billions)



euro area. Taken together, these patterns highlight the dual challenge facing the euro area: deepening
capital market capacity to support frontier creators while ensuring reliable financing channels for
widespread AI adoption. At the same time, private credit concentrates risks that public markets and
bank regulation were designed to disperse. Opacity around valuations and underwriting standards,
when combined with asset-liability mismatches as funds add liquid features to appeal to investors,
creates new vulnerabilities. These structures can mask emerging losses and expose funds to
redemption pressure just as market sentiment turns.

This leads directly to the desirability of a deeper and more integrated capital market that can broaden
the investor base for intangible-intensive projects, facilitate cross-border risk sharing and reduce the

need for bank-based finance.[ ] As such, the AI technology shock serves to illustrate the urgency of
delivering the European Union’s savings and investments union.

Implications of AI for financial intermediation
Although the banking system may not be well suited to financing AI investment, it is itself an intensive
adopter of AI and is actively investing in digital technologies, among which AI plays a prominent role.
Realised investments in 2025 amount to more than €4 billion in aggregate, equivalent to around 1.3 per
cent of total tangible assets (Chart 20, panel a). Nearly 90 per cent of significant euro area banks

already use AI technologies.[ ] Adoption is especially high for fraud and cybercrime detection (more
than half of banks), followed by marketing (around 50 per cent), chatbots (40 per cent) and credit
scoring (30 per cent) (Chart 20, panel b).
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Banks typically develop AI tools in-house when they relate closely to proprietary knowledge, such as
credit scoring or customer analytics (Chart 21, panel a). They rely more on external providers for fraud
detection, cybersecurity and regulatory reporting. This pattern may reflect a balance between protecting
competitive advantage and accessing specialised external expertise.

Chart 20
Investment in digital technologies (including AI) and usage of AI by banks

Sources: ECB Supervisory Reporting and ECB calculations.
Notes: Sample restricted to euro area significant institutions. The latest observations are for 2025.

a) Investment in digital
technologies by banks

b) AI usage by banks

(EUR billions) (percentages)



If governed well, AI can strengthen risk assessment, improve operational resilience and enhance
efficiency. More granular data and stronger predictive capabilities can improve credit pricing. Better
detection tools can enhance security and reduce losses. Over time, these improvements can support a
more efficient allocation of credit and greater risk-bearing capacity. To the extent that it enables a more
efficient allocation of credit and pricing of risk, it may also stimulate loan demand. Consistent with this,
the dispersion of interest rates on new term loans has increased over time for banks reporting stronger
AI adoption for credit scoring relative to other banks, in line with greater information availability for loan
pricing (Chart 21, panel b).

But AI also brings new risks. Most obviously, there is an arms race between cyber criminals and banks
in relation to the implementation of AI for fraud generation and fraud protection. In terms of credit risks,
a key vulnerability stems from the growing exposure of the euro area financial sector to US firms at the

Chart 21
Means of AI acquisition by business area and loan rate dispersion by AI usage

Sources: Panel a): ECB Supervisory Reporting and ECB calculations. Panel b): ECB (AnaCredit, Supervisory
Reporting) and ECB calculations.
Notes: In panel a), the sample is restricted to significant institutions. Data refer to 2023 and 2024. Panel b) shows
the evolution of the interquartile range (75th-25th percentile) of interest rates on new term loans issued in the
month. Interest rate residuals are interest rates demeaned within date of loan initiation, country of the creditor, size
and sector of the firm borrower, interest rate type and whether the loan is secured. The groups of “High AI usage”
versus “not in operation” are fixed in composition over time. The latest observations are for 2024 for panel a),
November 2025 for AnaCredit and 2024 for Supervisory Reporting in panel b).

a) Means of acquisition b) Dispersion of interest rate
residuals by banks depending on
adoption of AI for credit scoring

(percentages) (percentage points per annum)



frontier of AI development. An abrupt repricing of these valuations could generate spillovers into the

euro area financial system.[ ] A second concern is that stress in private credit and AI-linked debt
markets could spill over to euro area banks and non-bank financial intermediaries. Risks may also arise
from the structure of the AI industry itself. If the provision of critical AI tools is concentrated in a small
number of technology firms, operational dependencies, including cyber risk, will deepen, potentially
reinforcing “too‑big-to‑fail” dynamics.

There is also the risk that AI may distort credit allocation. Evidence from recent research indicates that

machine-learning credit models may worsen access to credit for minorities in the United States.[ ] ECB
staff analysis shows that AI-driven pricing algorithms may allow banks to exploit market power,

potentially raising lending margins and reducing competitive pressure.[ ][ ] A larger customer base
generates more data, enabling banks to refine products and expand services, which in turn produces

yet more data, setting in motion a feedback loop.[ ]

Implications of AI for monetary policy
The monetary policy implications of AI are highly uncertain.

A natural benchmark analysis is to view AI as permanently increasing productivity, boosting incomes. If
households and firms quickly internalise the permanent nature of the productivity shock and incorporate
future increases in incomes into their spending decisions, the advent and adoption of AI could put
upward pressure on inflation via this demand mechanism already early on during the transition phase.

Yet, assuming that households and firms know precisely the nature, size and persistence of future
productivity shocks is hardly realistic. A more sluggish consumption response can also be rationalised if
the level of lagged consumption is an important determinant of the benefits of current consumption, as

in “habit formation” models.[ ] Consumers also face great individual-specific uncertainty about the

income implications of the AI transition, providing a further reason to be slow to adjust consumption.[ ]

It is more plausible to posit that households and firms will learn about the income and employment
impact of productivity shocks over time in a concurrent manner and will only slowly adapt spending to it.
[ ] In this event, the upfront inflationary effect would be strongly diminished.

More generally, within the span of macroeconomic outcomes originating from different degrees of
incorporating productivity and income gains into spending decisions, the inflationary effects of the AI
transition will depend on a range of factors.

One factor in determining the income, distribution and demand effects is whether the technological
boost from AI will be labour or capital-augmenting. Technology is often modelled as labour augmenting:
more can be produced with the same number of workers. This effect boosts labour income for workers,
with the scale depending on their bargaining power and on institutional factors. Conversely, if AI is
capital-augmenting, i.e. not enhancing labour productivity, income increases will accrue to capital

owners, rather than labour, thereby increasing inequality of labour and capital income.[ ]An increase in
income and wealth inequalities could limit the extent to which demand expands across all sectors of the
economy and thereby dampens the inflationary tendencies associated with AI-driven productivity gains.
[ ]
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A second factor is the scale of investment required to integrate AI into the economic value chain. Here,
substantial computing power is likely required both in building AI foundational models and in
implementing AI in business settings. Building the required computational infrastructure requires a
substantial upfront increase in capital expenditures.

A third factor is that the expansion in AI-related compute involves a substantial increase in energy

demand and, until energy supply catches up, puts upward pressure on energy prices.[ ] This dynamic
is likely to add to inflationary pressure during the adoption phase of AI.

The geographical distribution of AI activity is likely to be relevant for the impact on demand at the
regional or national level. If AI activity turns out to remain concentrated in the United States and China
and the AI supply chain remains heavily Asia-focused, then the increase in European investment and
energy demand will be relatively muted. In this scenario, Europe would still face some upward inflation
pressure from the effect of increased global demand on commodities and goods, especially in relation
to products used as inputs into AI production. In contrast, if there is strong technological diffusion to
Europe, then these demand-boosting channels will operate more powerfully in the euro area. This is
especially true if technology diffusion can only be realised with some degree of local capital investment.

We can translate the competing propositions about the degree of anticipation of the macroeconomic
effects of the AI transition into implications for the natural rate of interest, defined as the real rate of
interest that aligns desired savings and investment. In one direction, sustained optimism about the
income and productivity gains from AI would boost investment and reduce savings, putting upward
pressure on R*. In the opposite direction, the more households and firms are uncertain about the
trajectory of the AI-induced income path and the distribution of income gains across regions and
income groups, the less an increase in R* would materialise. In particular, precautionary savings could
increase due to uncertainty about the displacement of labour or about constraints to financing AI-
related investment.

The time profile of R* also depends on the trajectory of technology adoption. Under one scenario, AI
follows the typical S-shaped pattern, where adoption proceeds slowly in its early stages, accelerates
during a phase of widespread implementation, and eventually plateaus as the technology matures. This
profile means that AI permanently raises the level of productivity but does not permanently increase the
growth rate of productivity. In contrast, an alternative scenario is that AI improves the innovation
process, thereby shifting the economy to a permanently higher productivity growth rate. To the extent
that productivity growth translates one-to-one into output and consumption growth, in the former
scenario R* would eventually fall back to the level prevailing before the technological transformation, as
the consumption growth path turns lower again once productivity gains abate, while in the latter
scenario it would remain at a permanently higher level.

Under either scenario, it might be expected that the investment rate turns out be quite volatile. One
source of volatility is that there may be demand complementarities in implementing innovations, with

each innovating sector benefiting if other sectors are also innovating.[ ] Financial market sentiment to
AI-related investment may also be subject to waves of optimism and pessimism, in view of the wide
range of views concerning the long-term impact of AI. Indeed, there may exist multiple equilibria, with
the transition to a high-capital equilibrium self-validated by optimistic beliefs that generate a financing
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feedback loop.[ ] In the transition to the high-capital equilibrium investment initially surges and the
interest rate is high but the interest rate subsequently falls sharply as capital becomes abundant and
income mainly accrues to high-saving capital owners. At the same time, this mechanism is inherently
fragile: a loss of confidence can trigger a self-fulfilling crash.

Finally, if AI production opportunities remain concentrated in the United States and the AI adoption rate
is higher in China than in Europe, there is a scenario in which investment declines in Europe, with

investors reallocating capital both to the United States and China.[ ] Especially if overseas AI capital
can still boost European productivity through licensing arrangements, this scenario could still generate
high incomes in Europe but with relatively little domestic investment, entailing downward pressure on
R* in Europe. Some elements of this scenario are consistent with the high allocation to US technology
stocks in euro area equity portfolios, the high level of European imports from the United States of
intellectual property products and the increasing substitutability between Chinese and European
products across a range of middle-tech and high-tech sectors.

Given these different mechanisms, the net effect of the AI transition on R* remains uncertain. The most
recent updates to staff estimates of euro area R* do not indicate a material change (noting that these
were obtained before the onset of the current war in the Middle East).

In particular, there have been only marginal changes in the range of R* estimates since 2024 (Chart
22). The upper bound of the range of estimates based on term structure models has drifted up from
2.25 to 2.50 per cent (rounded to 25 basis point steps). This is due to higher long-term market interest
rates that have also been influenced by expectations of expansionary fiscal policy and the lower
presence of the ECB in the bond market. Conversely, the lower end of the range remained stable at
1.75 per cent (rounded to 25 basis point steps), despite improvements in economic growth that
contributed to a small uptick in business-cycle-related estimates of R*. Yet, elevated uncertainty, the
accelerating demographic transition and still relatively sluggish productivity growth have continued to
keep R* below steady-state growth levels.
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So far, I have focused in this discussion on the implications of the AI shock for monetary policy. Taking
a broader perspective, it is also important to recognise the possible amplifying impact of AI in relation to
other cyclical shocks that can hit the economy. Let me outline three (possibly inter-related) examples:
(a) an energy shock; (b) a financial shock; and (c) a recession shock. The energy intensity of AI means
that a persistent upward shock to energy prices could limit the rate of progress in building new AI

Chart 22
Nominal equilibrium rates in the euro area

(percentage per annum)

2024 2025 2026
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3

Term structure-based (range)
Semi-structural (range)
Semi-structural, based on HLW with exogenous interest rate (range)
Median (all measures)
Survey-based (median)
NAWM-r*

Sources: Eurosystem estimates, ECB calculations.
Notes: The colouring is applied to estimates belonging broadly to similar modelling classes. Survey-based
estimates include the following: SMA, which is the median of respondents’ long-run expectations regarding the
ECB deposit facility rate, less expectations of inflation in the long run; Consensus is the expected three-month
interbank rate ten years ahead, less expectations of inflation in the long run. Term structure-based estimates
include the following: GS, based on Geiger and Schupp (2018) with four yield curve factors, which is derived from
long-horizon short-rate expectations from a lower bound term structure model; Ajevskis (2018), a shadow-rate
microfinance term structure model; BGL is a proxy based on Brand, Goy and Lemke (2020); GI, based on Goy and
Iwasaki (2023), a trend-cycle macro-finance term structure model; and TSM-CMT, a contribution that averages
three nominal equilibrium rate estimates: two affine term structure models, with and without survey information on
rate expectations (both variations of Joslin, Singleton and Zhu (JSZ) (2011)), and a lower bound term structure
model following Geiger and Schupp (2018) (three-factor specification), incorporating survey information on rate
expectations. Semi-structural estimates featuring endogenous interest rates include the following: Proxy, inspired
by the neoclassical growth model, which approximates the natural rate by long-term growth expectations adjusted
for a trend in the “convenience yield”; BM, based on Brand and Mazelis (2019), but which includes time-varying
inflation expectations and a long-term interest rate and allows for stochastic volatility, the effective lower bound and
asset purchases; and BMA, which optimally averages across a range of small semi-structural models using
Bayesian model averaging. HLW-based estimates – building on Holston, Laubach and Williams (2020), in which
interest rates are exogeneous, with two extensions that include an explicit inflation target based on expectations
from the Survey of Professional Forecasters and use a two-quarter moving average for the measure of inflation –
are displayed in addition to the semi-structural range. NAWM-r*: long-run real interest rate based on the
productivity and discount rate shocks estimated in the New Area Wide Model (Coenen, Gumiel and Warne, 2025).
The latest observations for survey-based estimates are for the first quarter of 2026 for Consensus and SMA; for
semi-structural models are for the third quarter of 2025 for HLW and for HLW-2y, HLW-5y and BMA, and the fourth
quarter of 2025 for Proxy and BM; for term structure-based estimates are for the fourth quarter of 2025 for Ajevskis
and the first quarter of 2026 for BGL, GI, TSM-CMT and GS; for NAWM-r* are for the fourth quarter of 2025.



models and also curtail the AI adoption rate. The capital intensity of AI production and AI adoption
means that a tightening in financial conditions would also have an adverse impact on AI-producing and
AI-using sectors. Finally, by offering a substitute for labour, AI could intensify labour shedding during a

recession.[ ]

Clearly, there are potential feedback loops across these three channels. For example, a persistent
energy shock that altered the economics of AI production and adoption could also lead to repricing of
AI-related equity and debt in the financial system, which would be further amplified if it turned out that
any downturn in the economy triggered a larger-than-anticipated correction in the labour market and
thereby also reduced consumption. It also follows that a more resilient energy system reduces these
risks, such that AI reinforces the logic of an accelerated transition to a renewables-dominant energy
system.

AI at the ECB
Let me now turn to how AI is being implemented within the ECB’s analytical and policy preparation
environment.

Over the past year, the ECB has significantly expanded the set of analytical tools that incorporate AI
and machine‑learning techniques. Analytical projects focus on: (i) improving forecasting performance,
especially by integrating high‑frequency indicators; (ii) extracting signals from alternative data, such as
large textual and numerical datasets, including news, corporate reporting and consumer‑facing
information; and (iii) enhancing nowcasting and improving the detection of turning points. These efforts
are expanding the policy‑relevant analytical frontier, enabling faster and more granular economic and
financial assessments.

One well-established application is the deployment of quantile regression forests to produce density

forecasts of inflation.[ ] This machine-learning approach allows staff to model the entire distribution of
possible inflation outcomes rather than a single point forecast, thereby improving risk assessment
around the baseline. The median of the forecast distribution serves as a data-driven benchmark for
short-term inflation projections. Recent applications enable staff to capture nonlinear relationships,
assess how different inflation drivers contribute across the distribution, and generate real-time updates
even when part of the dataset is missing or imputed. These tools are already used in forecasting
exercises, where they help to quantify tail risks and support scenario design in the monetary policy
preparation process. Interpretability techniques such as Shapley value decompositions are applied to

the quantile regression forest outputs to help understand the factors shaping inflation risks.[ ]

The ECB also extracts signals from alternative databases, including major newspapers in the euro
area, to derive relevant indicators such as the degree of attention devoted to inflation, the pass-through
of shocks to inflation and the transmission of monetary policy. A recent ECB staff study shows that
attention to inflation in the news peaked in the high inflation period and declined afterwards but stayed

above pre-pandemic levels.[ ] This is especially true for food inflation.

AI is also being deployed to streamline business processes, where workflow‑automation tools help
accelerate and enhance recurring tasks such as preparing briefings or generating summaries. Agentic
AI is starting to play an increasingly important role in this context, also for central banking applications.
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[ ] These applications operate within a safe and controlled environment established by the ECB to
ensure data security and regulatory compliance. These early applications are already showing in
speed, consistency and analytical precision. They also reduce manual workload, freeing up resources
to focus on more conceptual tasks. All AI-generated output is carefully reviewed by human experts
before use, ensuring that analytical quality and accountability standards are fully maintained.

A prominent example of these gains is an AI-driven tool for the Corporate Telephone Survey.[ ] The
tool applies generative AI to streamline one of the ECB’s key business intelligence processes. It
automatically prepares first draft summaries of company interviews from transcripts and proposes
numerical scoring. In practice, this has reduced the time needed for each write‑up, typically from
around an hour to 20-30 minutes, without reducing the quality and consistency of output. These
efficiency gains have helped reduce overtime work during busy survey rounds. Looking ahead, we also
want to apply natural language processing techniques to the rich Corporate Telephone Survey text
dataset to extract quantitative indicators and use them in economic analysis and forecasting.

Ultimately, we aim to integrate AI more deeply into our policy preparation cycle: In the run-up to
Governing Council meetings, AI tools can be used to scan and condense large volumes of incoming
information, including economic indicators and financial market developments but also alternative
information sources such as news, satellite and social media data. This helps economists in
nowcasting macro-financial developments and identifying emerging patterns. After meetings,
AI‑enhanced tools support the efficient processing and archiving of documents to maintain institutional
memory.

Alignment with governance safeguards and the EU AI Act ensures that AI augments rather than
replaces expert judgement, while meeting high standards of reliability, traceability and accountability.

Over 2026 and 2027, we will move from experimentation to the systematic implementation of AI across

the ECB. To this end we have developed a central banking digitalisation programme.[ ] Designed as a
bottom‑up, business area-driven initiative, the programme ensures that promising AI tools mature from
isolated pilots into scalable institutional capabilities. It does so through three mutually reinforcing pillars.
First, a data analysis hub provides an AI‑ready, multi‑modal data and machine‑learning environment to
strengthen economic, financial and market analysis. Second, we are also establishing an AI research
lab which fosters innovation, applied economic research and staff upskilling to equip colleagues with
state-of-the-art analytical techniques. Third, an “assistants studio” is being designed to become a
workbench for building and deploying AI assistants that automate and enhance central banking
business processes. Ultimately, our objective is to integrate AI into most ECB business processes.

Conclusions
For the euro area, the evidence to date points to rapid AI diffusion among firms and workers, rising
digital investment and growing interest from financial markets. At the same time, the aggregate effects
of AI on productivity, employment and inflation remain limited and uncertain at this stage. Its
macroeconomic impact will heavily depend on the speed and breadth of adoption, the scale and
composition of investment, and the capacity of economies to adapt.
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The ECB studies reported in this speech highlight both opportunities and vulnerabilities. AI can support
productivity growth, including by strengthening analytical capabilities across the economy and
improving a range of business processes. The greatest impact will be achieved if AI materially boosts
the pace of innovation, as rather than just boosting the level of productivity, this could increase the
long-run potential growth rate.

However, Europe’s relatively slower investment response, shallower risk capital markets and
dependence on foreign frontier technologies risk constraining the size and distribution of the gains from
AI. Ensuring broad access to finance, supporting diffusion among smaller firms and investing in skills
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