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Key messages

o Artificial Intelligence (Al) can deliver large economic and social gains. These gains will be
stronger if markets remain open, innovative and contestable across the entire Al value chain.
However, recent OECD work shows that the structure of Al markets creates significant risks for
competition.

¢ Atthe same time, early evidence in some market segments suggests that tech giants face
some competition from dynamic, specialised providers. This appears to be the case for
foundation models — in particular large language models — where performance has continued
to improve, prices have declined, and technological leadership in Al model capabilities has been
repeatedly contested.

o Despite these initial signs of market dynamism, broader structural risks to competition
in the Al value chain are real, persistent and expected to intensify. These include strong
concentration of key inputs (compute, data and skills), first mover advantages and increasing
vertical integration. Further rapid improvements in Al capabilities and preferential partnerships
with existing leaders in critical segments — especially upstream in the supply of chips and the
provision of cloud services — may create definitive advantages for a handful of companies and
further concentrate digital markets.

o Policymakers therefore face growing challenges in monitoring fast evolving Al markets,
which calls for sustained vigilance and cross-border co-operation to ensure long lasting
competitive outcomes.
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What’s the issue?

Competition in Al markets has broad implications for economic growth. Artificial intelligence (Al) is
widely expected to raise productivity across the economy (Aghion and Bunel, 2024; Filippucci et al., 2024;
Calvino et al., 2025), although estimates vary significantly between more pessimistic and optimistic views
(Acemoglu, 2024, and Baily, Brynjolfsson and Korinek, 2023, respectively). Importantly, these expected
gains assume broad access to powerful and affordable Al tools, which depends to a large extent on
whether Al markets remain innovative and competitive, open to new entrants, and allow users to switch to
the best solutions at low cost (OECD, 2024).

This Policy Brief draws on previous OECD work on Al markets and competition (OECD, 2024 and 2025b;
Calligaris et al., 2026) and incorporates updated evidence on recent developments building on André et
al. (2025). Overall, this body of work and the new updates present a mixed picture. While specific segments
of Al markets — particularly foundation models — have shown dynamism over the past three years, several
structural risks persist along different layers of the Al value chain (Korinek and Vipra, 2025; Hagiu and
Wright, 2025, Gambacorta and Shreeti, 2026). Al development and deployment are reshaping business
performance, cost structures and strategic advantages, with important implications for market power. In
particular, incumbent positions may become entrenched in the long run, especially in structurally
concentrated market segments (e.g. hardware, data).

Why competition in Al markets matters for the economy?

Beyond the question of whether Al markets are competitive or concentrated in a static sense, the
critical issue is whether they will remain contestable over time. Limited gatekeeping, low switching
costs and the absence of exclusionary behaviour are needed to ensure that users benefit in the long run
from lower prices, higher quality technologies and wider choice. This brief lays out the current evidence
and highlights the key long-term risks in different Al market segments that could limit future gains from this
technology.

Empirical evidence suggests continuous innovation and declining prices, especially in the Al
model development segment. Despite significant entry costs and the presence of a few tech giants in
the Al model development segment’, the performance of Generative Al models has rapidly increased,
prices have declined and the number of developers and providers has increased according to novel OECD
evidence and recent academic work (André et al., 2025; Demirer et al., 2025; OECD Al Observatory,
2026). The number of Al developers focusing on language models for cognitive tasks (including reasoning
and coding) increased from 9 in January 2024 to 47 in April 2026. Over the same period, the number of
active text-to-text models rose from 22 to 453.

The concept of the Al Economic Frontier —introduced in André et al. (2025) — captures the highest available
model performance for a given price (Figure 1). It represents the performance-price trade-off faced by
potential Al users. This frontier has been steadily moving upwards and to the left, indicating the
availability of better models at lower prices. Although the market is highly oligopolistic, reflecting high
entry costs, leading firms still face high pressure from the continuous emergence of better models. The
number of developers that reach the Al Economic Frontier has risen from 2 to 8 over the past three years,
including big-tech incumbents and Al-specialised newcomers from the United States and China. While

' Models that underpin generative Al tools, such as large language model-based chatbots like ChatGPT or Gemini
and Al agents like Claude Code or Codex.
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data on market shares is difficult to obtain, technological leadership at the economic frontier — as defined
by model quality and price — appears highly contested, with frontier presence lasting only a few months.
Frequent changes in the composition of the economic frontier affect both incumbents and specialised Al
labs, indicating competitive pressures (Demirer et al. 2025). However, geographic concentration is high,
as the overwhelming majority of leading models are developed in the United States or China, where Al-
related investment is also concentrated.

Figure 1. The Al Economic Frontier: increasing model performance at much lower prices

Evolution of the Al Economic Frontier of Al language models (text-to-text modality)
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Note: Quality is defined by a normalised weighted index of model performance based on common benchmarks of the industry. Each dot
represents the model with the lowest price for a given quality among text-to-text models available each month. Prices are measured on a per-
token basis through application programming interface — API — access through the cloud. The solid blue (dashed red) line represents the Al
economic frontier in April 2026 (January 2025). For details about the quality index, see https://artificialanalysis.ai/methodology and André et al.
(2025).

Source: Author’s calculations following André et al. (2025) based on data from Artificial Analysis.

Dynamism at the frontier of Al development has supported faster adoption and more intensive use,
unlocking significant productivity potential among downstream users. The quality-adjusted prices of
Al models reflect this trend. The aggregate OECD price index for text-to-text (language) models fell by
nearly 80% between January 2024 and April 2026 (Figure 2). Prices have declined sharply in all market
segments and across all use cases, including coding and agentic capabilities.?

However, declining prices per token and better performance are necessary but not sufficient
conditions for a decline in the effective cost of using Al. Al agents consume substantially more tokens
per task and hence increase model usage intensity by orders of magnitude, leading to a potentially rising
effective cost of Al use, especially at large scale. Indeed, broad macroeconomic productivity gains likely
require high-intensity, systemic adoption® via integration in core business processes. Such adoption also

2 Agentic capabilities refer to Al agents that operate within and across apps and integrations to execute a broad range
of knowledge tasks. They can autonomously carry out multi-step tasks in a delegated workspace over extended
periods (e.g., reading and writing files, accessing computer and browser functions, and coordinating with subagents).
For an in-depth analysis of agentic Al, see OECD (2026).

3 Systemic adoption refers to deep integration in production and business processes, going beyond the occasional
use of chatbot interfaces by individual workers.
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needs to be enabled by organisational change and complementary investments in intangibles such as data
and skills, which may be slow to occur (Calvino et al. 2026; Brynjolfsson, Syverson and Rock, 2021).

Moreover, cybersecurity, safety and operational risks could become an increasing barrier to
adoption and diffusion across sectors and firms. As Al capabilities continue to increase and Al agents
become more deeply integrated into IT systems, these concerns are becoming critical and could slow down
adoption. In addition, it could increase switching costs and force product bundling with cybersecurity
solutions to the benefit of the more integrated digital companies.

Figure 2. Quality-adjusted prices of Al models have declined rapidly
Quality-adjusted Al price index (text-to-text modality)
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Note: The index shows the evolution (starting in June 2023) of the quality-adjusted price of using Al models from the cloud. See André et al.
(2025) for more details.
Source: Author’s calculations following André et al. (2025). Data from Artificial Analysis.

Competition risks remain important in several Al market segments. Several inherent characteristics
of Al markets carry structural risks for competition with varying intensity in different layers of the value
chain. Table 1 highlights the main technological features and market characteristics and the implied key
competition risks for each segment, starting from more upstream - hardware, cloud infrastructure and data
— followed by model development and applications downstream. Four features appear in several market
segments which are in turn discussed below.
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Table 1. Risks for competition across the value chain

Market segment Technological features and Key competition risks
market characteristics
High fixed costs: economies of scale High market concentration; barriers to entry for new

Hardware g ) ’ =~~~ chip designers and manufacturers; dependency on a

) - and scope; long development times; o
(chips & specialised : : e small number of suppliers; risk of foreclosure or

. inelastic supply curves; high ) ) .
equipment) preferential access for vertically integrated or large

Cloud infrastructure
(compute & data centres)

Data
(training, fine-tuning and
proprietary datasets)

Foundation models
(backbones of
Generative Al models —
language, code, image
and video generators)

Downstream
applications

(consumer & business Al
services)

switching costs; learning-by-doing

Capital intensity; economies of scale;
sunk costs; scope economies with
existing cloud services; user
switching costs and consumer inertia

Exclusive data partnerships; data
feedback loops; economies of scope
with downstream services; bundling
and tying

Data feedback loops; self-improving
Al capabilities; high fixed and sunk
costs; scale economies in training
and inference; reputational
advantages

Network effects; switching costs;
user lock-in; exclusive distribution or
default positioning; bundling with
existing digital ecosystems

incumbents; existing software ecosystems

Entrenchment of incumbent cloud providers;
leveraging of cloud market power into adjacent Al
segments; preferential pricing; product bundling;
vertical foreclosure

Data concentration and gatekeeping; foreclosure of
rivals through exclusive access to high-quality or
proprietary data; reinforcing advantages for
incumbents with large user bases; reduced ability for
new entrants to train competitive models

Oligopolistic market structures; durable leadership
through cumulative learning; preferential or selective
access to frontier models; vertical integration with
cloud or downstream services reducing contestability

Market tipping in key use cases; foreclosure via
exclusive partnerships or default settings; gatekeeping

of digital platforms; leveraging of upstream advantages

into downstream dominance; reduced choice and
higher long-term switching costs for users; product

bundling.

Concentration of critical inputs and economies of scale and scope are important, including high-end
chips (Haramboure et al. 2023), specialised cloud infrastructure (OECD, 2025b), large datasets (often
proprietary), robust energy systems (IEA, 2025; OECD, 2025a) and scarce specialised skills (Calvino et
al. 2026). Competition can gradually erode due to input bottlenecks or the build-up of gatekeeping positions
in these critical segments of the value chain (OECD, 2024; CMA, 2024). This has happened in the past in
digital markets such as search engines and social media (OECD, 2022) and could happen again in Al
markets if competition is not enforced along the whole Al value chain (Beraja and Buera, 2026). In addition
to control over the technology, complementary infrastructure - specialised data centres, electricity
generation and robust grid connections and transmission — can also become a key source of market power
(IEA, 2025).

Indeed, the rapid expansion of Generative Al markets since 2022 has been accompanied by strong
concentration in Al capacity within a few countries and firms (Figure 1 Panel A) to the benefit of first
movers and vertically integrated actors. Total estimated Al investments in the United States are more than
twice that of other OECD countries in 2025 (Figure 3 Panel B). This gap is set to widen further, reflecting
large differences in Al investment led by a few global Al giants operating across many jurisdictions (Frost,
Rishabh and Shreeti, 2026). The five largest US technology firms spent $400 billion on capital expenditure
in 2025 and are forecast to spend $660 billion in 2026 (Wachter and Wachter, 2026).

The cloud provision market and the manufacturing of specialised chips (GPUs) are two examples
of structurally concentrated markets, where high fixed costs, large economies of scale and scope, first-
mover advantage and long development times tend to generate concentration. In 2023, the three major
cloud providers account for 74 per cent of global cloud market (Gambacorta and Shreeti, 2026). Another
example, more upstream in the value chain, is NVIDIA that accounts for 90 per cent of the GPU market in
2023 (Gambacorta and Shreeti, 2026). Whether market concentration ends up posing competition issues
is a question that warrants further analysis, taking into account factors related to the behaviour of market
participants.
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Figure 3. Al investment and compute capacity are concentrated across countries

Panel A: Data centre capacity Panel B: Investment in Al capacity, 2025
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Note: Panel A. Data centre capacity is expressed in megawatts (MW), that is the electrical power required to operate data centres. MW is a
commonly used proxy for data centre capacity, but it is not a direct measure of compute power, because electricity is also used for cooling and
other supporting infrastructure. For comparison, 1 MW of continuous power corresponds to roughly the average annual electricity use of about
800 US homes. The denominator is GDP in constant purchasing power parity. Panel B. Al capacity refers to an economy’s ability to develop
and deploy advanced Al systems. Investment in Al development capacity refers to the estimated investment and R&D costs required to produce
frontier Al models, including compute costs for model training, algorithmic improvements, and post-training costs related to model alignment
Estimates are computed by aggregating firm-level estimates of the cost of training Al models.Al development includes generative Al as well as
other types of Al. Investment in Al infrastructure capacity refers to the cost of Al compute infrastructure used for inference and training. It covers
investment in data centres, including ICT hardware as well as energy and non-IT investments required to power and operate these facilities.
Source: Panel A: Author’s calculations based on data from IEA (2025). Panel B: author’s preliminary estimates based on data from IEA (2025);
OECD.AI (2026), data from Preqin; and Artificial Analysis.

Strong open-source development has mitigated some concentration effects by lowering entry costs,
putting price pressure on incumbents, reducing dependence on a limited number of providers, improving
transparency and fostering cumulative innovation (André et al., 2025; Demirer et al. 2025; OECD, 2025c).
However, open source and common standards can also create ecosystem effects and exclusive bundles
that compound first-mover advantage and create network effects to the advantage of a few companies.

First-mover advantage and positive feedback loops. Such concentration may compound first-mover
advantages due to data feedback loops, network effects, consumer lock-in, Al model self-improvements
and preferential model access (Hagiu and Wright, 2025; Korinek and Vipra, 2025; The Economist, 2026;
Gambacorta and Shreeti, 2026). It may also limit entry, especially where model development and inference
require large sunk costs, scarce talent, costly access to frontier compute and strategic operational
partnerships.

Vertical integration with gatekeeping of key segments of the value chain also threatens the
contestability of Al markets. Many leading digital firms operate across multiple layers of the Al value chain
—including model development, cloud provision, and downstream digital services — allowing them to favour
their own offerings, bundle Al with existing products, and raise switching costs for users (Frost, Rishabh
and Shreeti, 2026). Such strategies can weaken contestability, even as model prices decline. Weak
transparency, conflicts of interest and lobbying further distort competition, particularly when dominant
international and vertically integrated firms could shape regulations through undue influence (Vitale and
Bitetti, 2026). Market power may therefore emerge through the simultaneous control of upstream physical
infrastructure and downstream digital platforms and influence on the regulatory environment.

The current energy shocks and supply-chain disruptions may reinforce concentration risks, as a
small number of vertically integrated firms that own Al infrastructure may be better placed than smaller
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rivals to cope with rising energy costs, supply-chain disruptions and tightening financing conditions.
Besides, foreclosure through selective access to the most capable models* can favour large incumbents
in cloud, operating systems, cybersecurity, or services such as finance (The Economist, 2026).

Cross-country asymmetries and dependence. Al may widen existing gaps between leading and lagging
economies. Where frontier Al exhibits increasing returns to scale, cumulative learning and strong
complementarities between development and deployment, early leaders may reinforce their position over
time. Language and cultural differences may also hamper or delay adoption in some countries. While the
number of languages supported by large language models is steadily growing, many are still unsupported
by most models, and performance remains significantly lower than in English (Chaar et al., 2025).

Countries with weaker domestic Al ecosystems may still adopt the technology and reap the
benefits in terms of higher productivity and more competitive and innovative downstream markets
(Chaar et al., 2025; Filippucci et al., 2026). However, they would be able to capture only a limited share of
the market rents associated with Al development. Cross-country dependence on foreign Al services may
further weaken competition and economic resilience. Economies with limited domestic Al inference or
development capacity may become increasingly reliant on imported Al products and services (De Soyres
et al., 2026; WTO, 2025). This can increase exposure to pricing power, service disruptions, foreclosure
through selective access, export controls and regulatory conflicts, thereby amplifying the consequences of
oligopolistic market structures.

4 Anthropic’s restricted release of its “Mythos” models to a select group of companies for cybersecurity reasons is the
latest example of how vertical integration and early partnerships with key incumbents can create implicit switching
costs and confer an undue competitive advantage.
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What can policymakers do?

Policymakers should promote market contestability and innovation

e Given the rapid pace of innovation and large expected positive benefits from this technology,
policymakers should adopt a balanced, proactive and forward-looking approach to
monitoring and promoting competition in Al markets (OECD, 2024; André et al., 2025).

o Policymakers can encourage competition and innovation simultaneously, by facilitating
access to Al inputs (data, compute, skills), removing investment barriers for SMEs, improving
market transparency and encouraging experimentation through regulatory sandboxes.
Policymakers also need to monitor market developments in real time, promote system
interoperability and scrutinise vertical strategies through acquisitions and partnerships that can
lock in users and foreclose rivals.

o While early policy action may hamper innovation, late action risks allowing concentration
to become entrenched, making remedial steps difficult to implement. International
cooperation and knowledge sharing among authorities, in particular competition authorities, can
help build expertise and experience by enhancing transparency. Cross-border cooperation
facilitates a coordinated, timely and balanced approach given the global nature of Al markets.

e Competition authorities should also address the risk of regulatory fragmentation by
coordinating with other domestic authorities, including energy and digital regulators to
ensure that the competition bottlenecks in one market, upstream, such as chips or electricity,
and downstream such as digital platforms, do not harm competition in other segments of the
value chain.

Explore further

These findings draw on updates from André et al. (2025).

André et al. (2025), “Developments in Artificial Intelligence Markets: New Indicators Based on Model
Characteristics, Prices and Providers”, OECD Publishing, Paris, https://doi.org/10.1787/9302bf46-en.
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