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About this Report

This report presents a preliminary independent scientific assessment of the 
capabilities and the emerging opportunities and risks of artificial intelligence (AI), 
providing a shared evidence base to help Member States navigate a rapidly changing 
technology. The report is authored by the Independent International Scientific 
Panel on Artificial Intelligence, a body established by the General Assembly in its 
resolution 79/325 in 2025. The Panel serves as the first global scientific body on AI, 
operating under a strictly scientific, non-political mandate to document international 
scientific consensus and disagreements while remaining policy-relevant but not 
policy-prescriptive. The report is the first of its kind and will be updated progressively 
throughout the year, with thematic briefs addressing developments as they arise. It 
reflects the best available evidence at the time of publication, in a field moving so 
rapidly that any snapshot requires a commitment to revision.

Disclaimer

The present report is a product of the Independent International Scientific Panel on Artificial Intelligence which is 
responsible for the content and publication of the report. The members of the Panel serve in their personal capacities 
and not as representatives of any Government or of any other authority or organization.

The Panel exercised full discretion over the inclusion of the content of this report. The report and its content 
represent a broad consensus among its members; no member is expected to endorse every single point contained in 
this document. The members affirm their broad, but not unilateral, agreement with the findings.

The report does not represent the views of the United Nations, and nothing in this report shall be construed as 
representing the official views or positions of any Government or of any other authority or organization to which any 
member of the Panel may be affiliated. 

The designations employed, including geographical names, and the presentation of the materials in the present 
publication, including the citations, maps and bibliography, do not imply the expression of any opinion whatsoever 
on the part of the United Nations concerning the names and legal status of any country, territory, city or area or of 
its authorities or concerning the delimitation of its frontiers or boundaries and do not imply official endorsement or 
acceptance by the United Nations. Information contained in the present publication emanating from actions and 
decisions taken by States does not imply official endorsement, acceptance or recognition by the United Nations 
of such actions and decisions, and such information is included without prejudice to the position of any State 
Member of the United Nations. Information contained in this report concerning specific companies or of certain 
manufacturers’ products does not imply official endorsement or recommendation by the United Nations (including 
by virtue of any omission of references to other products of a similar nature). The present publication does not affect 
the position of any State Member of the United Nations with regard to any international multilateral agreement.
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Executive summary
This document seeks to present a balanced analysis of the risks and opportunities of artificial intelligence (AI). 
“Balanced” means a commitment to evaluating empirical data without undue bias towards optimism or pessimism. 
The potential benefits of AI are enormous. Deployed and applied thoughtfully, AI can support progress towards 
achieving the Sustainable Development Goals, advance health science and increase access to education. At the same 
time, the rapid pace of technological development and the breadth of potential applications present policymakers 
with significant challenges. The rapid, unchecked deployment of the technology at scale also presents considerable 
risks, including harms to the mental health of users, potential use as a destructive tool, impacts on social, economic 
and environmental systems, and challenges associated with controlling the technology. This report does not aim to 
consider the full scope of all possible opportunities and risks but rather focuses on some of the most pressing ones. 

Capabilities and adoption

Recent years have seen rapid, and in some areas accelerating, progress in a range of AI capabilities. Significant 
investments in computing power, new AI methodologies, and specialized training data have led to sustained 
improvements in a wide range of AI capabilities. These include fluent conversation, functional code generation, expert-
level reasoning in mathematics and science, large-scale data analysis, and the generation of image, audio and video 
content. Limitations remain, such as in reliability, obtaining strong performance across human languages and cultures, 
interacting with physical systems, executing complex or multi-step projects and producing factual outputs; in general, 
however, technical progress in many important domains has proceeded quickly, beyond the typical expectation of 
technology advancement, for several years now.

These gains have unlocked useful applications across science, health, agriculture, accessibility, knowledge work and 
information technology, including in the development of AI itself. For example, in science, AlphaFold has predicted 
the structures of more than 200 million proteins, now used by over 3 million researchers, and accelerated drug design, 
vaccine development and antibiotic resistance research. Radiologists have also used AI to detect breast cancer earlier, 
while front-line health workers in low-resource settings use AI tools adapted to local languages to deliver better-quality 
healthcare services.

AI adoption has accelerated broadly, and unevenly, across countries and sectors. Globally, over a billion people 
now use conversational AI weekly. Yet AI access and usage vary widely globally, with adoption across the global 
South lagging far behind the global North. Furthermore, there are significant differences in compute infrastructure 
and models between advanced economies. This disparity reflects, and may even reinforce, existing inequalities. AI 
development itself is even more concentrated: according to recent estimates, the United States of America accounts 
for 75% of the computing power among the world’s top 500 AI supercomputers, with China accounting for 15%. 
Companies in the United States and China also develop almost all leading general-purpose models, and a small 
number of countries control critical inputs for the supply chain of AI computer chips.

While the shift towards AI agents is under way, their future adoption and economic impacts will likely be shaped by 
continued improvements in their ability to accomplish knowledge work with little or no human oversight. An AI agent 
is a computer system that can plan and autonomously act towards achieving goals, using the tools at its disposal. 
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These systems have been improving rapidly in recent years, with one study finding that the length of certain software 
tasks that leading systems can accomplish has been doubling every four to seven months. If this rate of improvement 
continues, AI agents will soon complete tasks that currently take human programmers days or weeks. Because they 
can work with little oversight and at rapid speed, AI agents may lead to significant economic and scientific benefits. 
For example, agentic AI systems in self-driving chemistry labs have demonstrated more than a tenfold increase in the 
speed of materials discovery. AI-assisted literature screening may have reduced workloads by roughly 60% in some 
research settings. AI agents therefore carry significant implications across all industries. At the same time, their 
deployment raises urgent questions for labour markets, cybersecurity, the information ecosystem, and the governance 
and controllability of future AI systems.

Understanding and managing risks

AI development entails risks, with potential negative impacts on human rights, social systems and the environment. 
For example, AI-generated child sexual abuse material and deepfake-enabled sexual violence now circulate more 
frequently on the Internet, disproportionately harming women and children. Sycophantic AI behaviour, where AI 
responses reinforce users’ existing beliefs regardless of accuracy, has been linked to several severe mental health 
incidents, including documented deaths. AI makes it easier to produce and target persuasive content at scale, 
including content designed to mislead, contributing to a gradual erosion of information integrity that can weaken the 
shared reality required for public trust, social cohesion and democratic deliberation. Criminals and bad actors have 
been documented using AI systems to assist in cyberattacks. Many of these harms fall disproportionately on already 
disadvantaged populations.

Looking ahead, the gap between rapidly improving capabilities and effective risk management methods may lead 
to catastrophic outcomes. For example, advanced technical abilities may allow novice private actors to use AI in 
malicious ways across a range of applications such as fraud, social engineering, cybersecurity, disinformation, 
biotechnology and financial manipulation. Reliable methods for retaining control over highly autonomous AI systems 
are lacking. There are no scientific guarantees that AI agents will not violate instructions, and evidence is accumulating 
of cases where they already violate them. In laboratory settings, AI systems have been shown to violate their safety 
instructions to avoid being shut down. Similar behaviour may pose challenges to evaluation and oversight methods, 
as the ability of leading AI systems to recognize testing environments and produce misleading evaluation results that 
would favour their continued operation grows. Additionally, novel risks may arise from interactions between multiple 
agents.

AI risks are unevenly distributed across populations and countries, while AI development and the wealth it creates 
are highly concentrated. The concentration of AI capabilities in a small number of firms and countries could enable 
authoritarian capture and undermine democratic accountability. 

Governing artificial intelligence to unlock benefits and mitigate risks

Realizing the full benefits of AI while minimizing its risks requires good governance. Economic and labour gains 
and their equitable distribution are not automatic: with complementary investments in skills, workflows, infrastructure 
and labour-market institutions, technology can create new jobs that do not exist right now – over 60% of jobs in 2018 
compared to 1945 are new. Without these investments, AI risks widening inequality, displacing workers and shifting 
wealth from labour to capital rather than creating sustainable good jobs – those with fair compensation, worker 
autonomy and a reliable path to social dignity. AI can profoundly expand human capabilities through personalized 
education, accessible mental health tools and improved assistive technologies, but realizing these opportunities safely 
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requires dedicated investments and policies to incentivize equitable access and reward innovation, while preventing 
the exploitation of vulnerable populations, particularly children, and avoiding displacement of expertise, psychological 
dependency or cultural and linguistic erasure.

Policymakers seeking to shape this governance face an evidence dilemma: they need evidence to make informed 
consequential governance decisions, but by the time the evidence exists, it might be too late to make them, as 
the evidence lags behind the pace of AI development. Dozens of distinct governance instruments that seek to 
embed ethics and human rights in AI systems are already in use across jurisdictions, but they are fragmented, are 
concentrated among a few corporations and rarely measure real-world effectiveness. Evaluation methods themselves 
are underdeveloped, and the institutions needed to provide independent capability and risk assessments remain 
embryonic.

The capacity to act on existing evidence of AI risks and impacts is unevenly distributed. Most countries, including 
many advanced economies, lack the technical expertise to assess the most capable “frontier” models or to participate 
meaningfully in their governance. Compute infrastructure, evaluation expertise and data (e.g. to cover different 
languages) are concentrated where AI is built, leaving most Member States dependent on systems they cannot 
build, inspect, audit or fully adapt to local context. Access to AI tools alone does not produce equal benefit; the 
complementary investments in data, skills, workflows and institutions that turn access into useful, cost-effective and 
safe deployment are necessary yet unequally distributed.

Concrete next steps to close the above gaps exist, but each requires sustained investment in Member State capacity 
to shape, evaluate and deploy AI. This preliminary report is itself part of the Panel’s contribution, a shared evidence 
base for Member States navigating increasingly urgent decisions. As the Panel’s understanding deepens through 
continued engagement with Member States and the broader scientific community, so too will its analysis, expanding 
beyond the gaps identified to chart the trajectories, tensions and opportunities that will define the future of AI. 
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1.	Why this moment?

The present reality

We are at an inflection point. Artificial intelligence is 
not simply another emerging technology; it is the first 
to compress adoption from decades into months, 
industrialize cognitive work at scale and concentrate 
transformative capability in the hands of a few global 
actors. This report equips policymakers across all 
regions with the shared evidence base needed to 
respond.

What is artificial intelligence?

Artificial intelligence (AI) is a transformative 
technology, but also a moving target. The term has 
shifted over time, from symbolic AI to machine 
learning, to generative AI, agentic AI and sometimes 
even artificial general intelligence or superintelligence.

AI systems are machine systems that, broadly 
speaking, perceive, learn and act. They infer from 
inputs how to generate outputs such as predictions, 
content, recommendations, actions or decisions, with 
varying degrees of autonomy and adaptiveness. What 
unifies current AI more than any single architecture 
is that modern systems learn from experience 
represented by data. That experience takes several 
forms: learning from human cultural traces (texts, 
images, code) provides the “pre-training” basis of 
today’s foundation models, which are large, broadly 
trained systems that underpin a wide range of AI 
applications; learning by interaction with the (digital 
and physical) world underlies reinforcement learning 
and robotics; and learning from simulation allows 
agents to acquire experience in virtual environments.

Foundation models and task-specific AI. Public 
debate often focuses on foundation models and 
general-purpose AI, defined by their ability to perform, 

or adapt to perform, a wide variety of tasks. These 
systems are currently being deployed at scale and 
are the main topic of this report. However, many 
task-specific (narrow) AI systems are designed for 
performing specific tasks in particular domains. 
The distinction matters. Task-specific AI delivers 
measurable benefits when the task is well defined, 
the data are available and institutions can deliberately 
deploy it. General-purpose systems offer flexibility but 
introduce different governance challenges. 

Why is artificial intelligence 
different from other emerging 
technologies?

Unprecedented pace of adoption. AI systems are 
increasingly considered a general-purpose technology, 
as transformative in breadth of application as the 
steam engine, electricity and the Internet [1,2]. 
However, it is distinct in important ways. Electricity 
took decades to reach most households; the 
globalization of the Internet through the World Wide 
Web needed about 15 years to reach a billion users. 
ChatGPT reached 100 million users in two months [3]. 
Traditional policymaking has not been able to keep 
pace [4].

Concentration and homogenization. Modern AI, 
particularly foundation models, demonstrates 
unprecedented economies of scale that create 
strong pressures towards centralization of capability, 
with the most powerful systems requiring training 
with computational resources accessible only to 
a handful of global actors. This concentration of 
resources introduces risks of knowledge and cultural 
homogenization. For example, training on consolidated 
data sets may create systems that systematically 
reflect dominant languages and perspectives while 
marginalizing others. 
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Massive impact on knowledge work. Where earlier 
waves of automation transformed physical labour, AI 
is the first to massively affect cognitive and creative 
work, including writing, programming, legal analysis, 
medical diagnostics, scientific discovery, forecasting 
and image generation [1,2,5–8].

Challenges in ensuring the factuality and correctness 
of outputs. Today’s AI models learn to predict patterns 
in large data sets. Language models learn not only 
stored templates but transformations to turn a 
sentence into many related forms while preserving 
fluency. This enables novel outputs, rather than 
copying, but creates a critical asymmetry: producing 
fluent text is easier than producing factual text [8]. 
Large language models can present hallucinations 
as facts, and users often treat linguistic confidence 
as evidence of trustworthiness and factual reliability. 
This disconnect between apparent competence and 
accuracy shapes the risk landscape in systematic 
ways. In healthcare, general-purpose AI decreases 
administrative documentation time, a task where AI is 
valued for synthesizing and structuring information. 
Yet one in four chatbot conversations reportedly relate 
to health or wellness [9], meaning the same systems 
are routinely consulted for potential diagnostic 
purposes, where factual accuracy is critical and 
errors carry serious consequences. The technology 
is identical, but the stakes are not. Capability does 
not equal appropriateness, and deployment without 
systematic monitoring and evaluation, particularly in 
domains that currently lack regulatory frameworks, 
risks harm where it is hard to detect.

Urgent need for independent 
evidence-based assessment of 
artificial intelligence systems

The need for independent scientific assessment at this 
moment is driven by circumstances that change the 
regulatory stakes.

First, AI development is outpacing prior expert 
assessments and regulatory cycles. Capability 
progress continues across key domains, driven 
by new training techniques and inference-time 
compute scaling [10]. Empirical measurements show 
accelerating AI capabilities [11].

Second, leading frontier model developers have 
begun restricting deployment of models that exceed 
internally defined risk thresholds [12–15]. However, 
these thresholds remain defined by the developers, 
without standardized evaluation or external 
verification [16–17].

Third, AI governance approaches across regions 
remain fragmented. Growing disorder in global 
governance is observed, with some countries having 
introduced AI specific legislation with fundamentally 
contradictory rules and compliance costs. 
Jurisdictions exhibit divergent regulatory philosophies, 
with no unified deployed mechanism for risk 
management, no comparable evaluation standards, 
and limited coordination across jurisdictions, 
risking a fragmented regulatory landscape [18]. Yet 
fragmentation is not fate, and the window to establish 
shared evidence standards and coordinate global 
oversight remains open.
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What makes the Independent 
International Scientific Panel on 
Artificial Intelligence unique

Assessments of AI development are produced by 
numerous expert groups affiliated with international 
organizations, national scientific councils, industry 
consortiums and independent research centres. 
These efforts are valuable but limited by geographical 
mandate, sectoral perspective or lack of continuity.

This Panel occupies a distinct position for three 
reasons. First, it proceeds from the premise that 
the United Nations is the foremost global forum on 
transboundary risks of this scale, as articulated in 
the report Governing AI for Humanity and reflected 
in the Global Digital Compact, which sets out the 
imperative to “recognize that the pace and power of 
emerging technologies are creating new possibilities” 
and “to identify and mitigate risks and to ensure 
human oversight of technology in ways that advance 
sustainable development and the full enjoyment of 
human rights”.

Second, the Panel is currently the only standing 
United Nations mechanism with a mandate for 
regular scientific assessment of the state, risks and 
capabilities of AI, designed for sustained, iterative work.

Third, the Panel has a scientific, not political, mandate: 
to document scientific evidence, consensus and 
disagreements, and which knowledge gaps remain 
urgent to address. Its purpose is to equip governments 
and institutions with the evidence base they need to act 
over the coming months and years, remaining policy-
relevant but not policy-prescriptive. This scientific 
character should make its findings comparable across 
regions and resilient to political cycles.
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2.	What does the evidence show?
AI performance on leading performance benchmarks 
has risen sharply in recent years (see figure I).

Humanity’s Last Exam, a 2,500-question benchmark 
designed specifically to be hard for general-purpose 
models, has seen top scores climb from 8% to 
45% in 16 months [19]. On GPQA Diamond, a PhD-
level scientific reasoning test, the best models 

now correctly answer around 95% of questions, up 
from 36% in 2023 [20]. The leading performance on 
FrontierMath, which tests mathematical reasoning 
ability, rose from 19% in January 2025 to 88% in 
2026 [20]. Multiple AI systems achieved gold medal 
performance on the 2025 International Mathematical 
Olympiad, a milestone that arrived significantly earlier 
than many experts had predicted [21].
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FIGURE I

Source: Adapted from data on AI benchmarks (EpochAI, 2026, https://epoch.ai/benchmarks).
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2.1 Artificial intelligence 
capabilities are 
advancing faster than 
the ability to measure or 
govern them
AI measurement and evaluation are the basis for 
assessing the opportunities, risks and impacts of AI. 
However, the unprecedented pace of AI development 
poses the following assessment challenges:

a.	 There is information asymmetry in safety 
validation between companies and society. 
Frontier AI developers retain proprietary visibility 
of the systems they have built. Safety evaluation 
methodologies are currently designed largely 
by the companies being evaluated. While 
there are some legally mandated disclosures, 
government experts primarily receive the testing 
data that developers choose to share. Without 
standardized, rigorous, independent third-party 
assessment, similar to what exists for the 
pharmaceutical and aeronautical industries, 
assurance of safety largely depends on 
developer goodwill [21];

b.	 AI can memorize publicly available solutions 
to tests. If correct answers to tests have 
(inadvertently) been memorized by the AI 
model as part of the training process, then 
its performance on these tests may not 
generalize to similar questions. To avoid 
data contamination, evaluation data sets are 
increasingly kept private [22];

c.	 An increasing number of tests are too easy 
for AI. AI models score almost perfectly on an 
increasing number of standardized tests, called 
benchmarks, that researchers use to measure 
their capabilities before they are released [23]. 
Consequently, affected benchmarks can no 
longer tell a very capable model apart from an 
even better one;

d.	 AI models are capable of active deception. 
Deception is where an AI system systematically 
misleads humans or other agents about 
its knowledge, plans or capabilities. It is 
increasingly observed in practice. Deception 
may disrupt safety evaluations and real-world 
reliability and is relevant to loss-of-control 
scenarios, as evidenced by behaviours of AI 
models lying and cheating to avoid being shut 
down [24];

e.	 AI models may understand when they are 
being tested. This emerging challenge is called 
evaluation awareness [25]. Combined with 
the capability for deception, this means that 
AI models could be instructed by humans or 
autonomously choose to temporarily reduce 
their test performance of dangerous capability 
assessments [26];

f.	 Agentic AI complicates testing. AI agents 
that act on behalf of humans may use tools 
to conduct long tasks without direct human 
oversight. Assessment methodologies that 
are calibrated to an agent’s capacity for 
independent action, impact on its operational 
environment, and emergent behaviour 
are underdeveloped [27]. Furthermore, 
when multiple adaptive agents interact, 
novel systemic risks emerge, including 
miscoordination, conflict and collusion [28].

Responses to these challenges include:
a.	 Dynamic, execution-based tests. Accurate 

measurement requires substantial resources 
to constantly develop new benchmarks that 
are difficult enough for advancing AI systems. 
To keep benchmarks difficult and reflective 
of genuine utility, evaluation practices are 
shifting from static towards dynamic, execution-
based environments [29,30]. However, such 
environments are more expensive to build than 
a knowledge quiz, and few actors have invested 
sufficiently in AI measurement to create them;
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b.	 Interpretability. Interpretability methods, which 
aim to understand what is going on inside 
AI models, are increasing in importance to 
search for hidden dangerous behaviours. One 
notable method is “chain of thought”, whereby 
the model outlines its reasoning steps before 
answering. This is promising, but it is essential 
to ensure that this reasoning is faithful and 
is legible to humans [31]. Another approach 
is a classifier trained on the model’s internal 
activations that can predict the answer to a 
question such as “Is this model being honest?” 
[32] However, such a classifier requires access 
to model weight activations and may be 
independently assessed for closed AI models 
only if trusted evaluation organizations get 
deeper access [33];

c.	 Continuous measurement. This means tracking 
how a system behaves after release, with 
real users, real tasks and real environments. 
This post-market monitoring can include 
anonymized, aggregated AI usage patterns 
provided by AI developers [34], incident 
reporting, and user-reported outcomes. 
To date, there is no common standard for 
privacy-preserving analysis of usage patterns 
by AI producers. Furthermore, ecosystem 
awareness is lower for open models that may 
be downloaded and used without any visibility 
for AI producers. Providers of high-risk AI 
systems placed on the European Union market 
will have to report serious AI incidents [35]. 
Independent AI incident databases are also 
maintained by the Organisation for Economic 
Co-operation and Development (OECD) [36] 
and the Massachusetts Institute of Technology 
[37]. Expanding AI incident databases mirrors 
established safety practices in other mature, 
high-consequence industries.

In summary, the evidence dilemma is serious but not 
insurmountable.

2.2 Only a handful of 
actors have trained 
frontier artificial 
intelligence models 
The main input factors for AI production are 
computing power, data and engineering talent, all 
of which are concentrated in a handful of firms in a 
handful of countries. Access to frontier AI models is 
also becoming increasingly important to producing 
the next generation of AI models. Characteristics of AI 
development include:

a.	 Market concentration. The supply chain for 
advanced AI has multiple steps with very high 
market concentration where a single provider 
has 80% or more of the global market [38], 
including ASML in Europe (extreme ultraviolet 
lithography), TSMC in East Asia (leading-edge 
chip production) and NVIDIA in the United 
States (design of AI chips). Steps with high 
market concentration where the global share of 
the largest three players has been reported at 
over 60% include high-bandwidth memory, cloud 
provision and AI foundation model provision via 
application programming interface (API);

b.	 Geographical concentration. In 2025, 
institutions based in the United States produced 
59 notable AI models, compared with 35 in 
China and just 13 in the rest of the world [39]. 
In the same year, 75% of the computing power 
of the 500 largest-known private and public AI 
compute clusters was located in the United 
States, followed by 15% in China and 10% in the 
rest of the world [40];

c.	 Business-led development. The development 
of frontier, general-purpose AI models is 
dominated by a small number of private firms 
with massive computing resources. In 2025, 
91% of notable AI models originated from 
the private sector [39]. Consequently, many 
decisions about training data, safeguards, 
deployment thresholds, model access and 
capability release sit inside private firms.
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This high power and capacity concentration comes 
with challenges:

a.	 Political economy. High market concentration 
can allow firms to charge significant rents. 
If AI ends up shifting production from labour 
to capital concentrated in a few firms and 
countries, this may also raise fiscal concerns in 
countries that rely on taxing labour;

b.	 Political power concentration. AI development 
and deployment create incentives for extensive 
data collection, processing, reuse and retention 
[41]. While some jurisdictions benefit from 
robust privacy and data protection laws, if 
deployed outside guardrails, concentrated AI 
capacity raises concerns about impacts on 
democracy and on human rights [42],, along 
with possible regulatory capture and lack of 
accountability;

c.	 Global South. Current AI systems reflect only 
a limited range of the world’s linguistic and 
cultural diversity, excluding much of the world’s 
population [43–45]. Proactive investment is 

needed. At the same time, the global South is 
disproportionately vulnerable to AI misuse risks 
due to limited local resilience and mitigation 
capacity [46];

d.	 Alignment with the public interest. 
Governments face the complex task of 
aligning business-driven developer choices 
with the public interest [47,48]. Closed models, 
open-weight models, edge deployment 
and competing training paradigms create 
different trade-offs for access, transparency, 
reproducibility, security and control, outlined 
in the table below. Similarly, although national 
security considerations will likely restrict 
access to the most powerful models, improving 
global access to compute, supporting regional 
development and investing in linguistic 
coverage would reduce dependency for lagging 
countries. This would mitigate the coercive 
power of withdrawing compute support, while 
opening new markets for suppliers. 

Proprietary models Open-weight models Open-source models Open development 
(rare)

What is open Nothing substantial; 
model weights are 
proprietary

Final model weights 
(AI model can be 
adapted but not 
reproduced)

Model weights and 
some components to 
reproduce them (e.g. 
training data) 

The entire process 
of development 
(open collaborative 
development)

Third parties’ 
degree of 
control

None Medium Medium to high Maximum

Developer’s 
ability to 
mitigate 
misuse

Maximum but 
currently insufficient

Almost none; can 
be fine-tuned by 
others for malicious 
purposes

Almost none; can 
be fine-tuned or 
retrained by others for 
malicious purposes

Almost none; can 
be fine-tuned or 
retrained by others for 
malicious purposes
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2.3 The inputs and 
outcomes of artificial 
intelligence are 
geographically and 
linguistically uneven 

a.	 Most of the world’s languages and cultures 
remain underserved. More than 7,000 
languages are spoken worldwide, yet AI model 
development and evaluation infrastructure 
reflects only a small fraction of them [44]. At 
the same time, it is estimated that over 1,000 
languages now have the social, digital and data 
foundations needed for meaningful inclusion 
in AI systems [44]. Inclusion requires targeted 
investment, public data sets and benchmark 
initiatives for underrepresented linguistic and 
cultural contexts;

b.	 The evidence base mirrors concentration. The 
evidence on the impacts of AI is concentrated 
in high-income, English-language contexts. 
Economic studies are biased towards advanced 
economies, large firms and formal work. The AI 
evaluation infrastructure remains linguistically 
and geographically concentrated;

c.	 The use of biased AI can perpetuate inequality. 
Evidence is growing that poorly designed or 
tested AI systems can contribute to unjust and 
discriminatory outcomes [49–51];

d.	 Distributional harms exist within and across 
societies. The vast majority of the targets in 
deepfake pornography are women [52]. This 
can chill civic participation, especially with the 
deliberate targeting of female journalists [53];

e.	 AI can produce different outcomes across 
institutions. United States workers aged 22 to 
25 in AI-exposed occupations have seen roughly 
15% relative employment declines [54]. Danish 
data show near-zero effects on employment, 
hours or wages [55]. This cross-country 

variance is evidence that the same technology 
can produce different outcomes in different 
institutional environments. More broadly, AI 
may compress skill gaps within tasks [56,57], 
but it may widen gaps across firms, regions and 
countries, and between capital and labour [58]. 

2.4 The artificial 
intelligence divide 
is not just about 
access, but about 
capacity to influence 
artificial intelligence 
development
The AI divide can be defined as the gap between 
those who have access to AI and those who do not. 
However, AI capacity is not about access alone; it is 
multidimensional and includes the following [59,61]:

a.	 AI infrastructure capacity is the material 
foundation supporting the full life cycle of AI 
systems. Having AI compute, whether private 
or public, located within borders is increasingly 
needed for countries’ autonomy, leverage and 
national security. As a subset of this, a growing 
market for sovereign AI infrastructure has 
emerged, with major economies investing in 
domestic compute [62];

b.	 The capacity for developing talent requires the 
ability to cultivate, attract and retain AI talent 
while enhancing general AI literacy [63,64]. 
For example, mathematics is an important 
foundation for building frontier models [65];

c.	 AI governance and public service capacity 
is the ability to understand, guide, regulate 
and support AI development. According to 
the United Nations Conference on Trade and 
Development, 118 countries, predominantly 
in the global South, are not engaged in 
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major AI governance discussions, and less 
than one third of developing countries have 
developed national AI strategies [67,68]. Most 
governments in advanced economies lack the 
technical staff needed to understand rapid 
technological change and adapt governance 
frameworks to it [69].

These capacities are interlinked. Countries without 
their own AI infrastructure or AI testing capacities risk 
losing opportunities to co-develop key technologies, 
shape governance frameworks, influence emerging 
global standards and retain talent [70]. Efforts to 
address this include:

a.	 Local infrastructure investment. Global 
disparities in computing and data infrastructure 
remain pronounced and require significant 
investment. While this investment need not be 
entirely public, attracting private investments 
requires creating the right enabling conditions, 
ranging from reliable energy supply and data 
centre sites to legal clarity on copyrighted 
training data;

b.	 Talent. This may include talent retention 
programmes, regional AI residency and joint 
PhD tracks pairing leading universities with 
partner universities, embedded AI literacy in 
schools and systematic reskilling of public 
servants;

c.	 Application. AI models with downloadable 
weights can make it easier to fine-tune models 
and adapt them to regional contexts. Support 
for local downstream developers through 
preferential API access and compute credits 
may further help. Open-weight AI models have a 
sovereignty advantage in that sensitive data can 
remain local and the AI producer cannot revoke 
access. The flip side is that fine-tuning can also 
degrade or remove safeguards against misuse. 
Producers of open-weight AI models are unable 
to monitor model usage and intervene in case of 
misuse [71]. This creates a safety and security 
gap between open and closed models that is 

important to address to reap the benefits of 
open-weight models as they reach dangerous 
capabilities that could threaten national 
infrastructure if misused [17,72];

d.	 Governance. Building national and regional AI 
safety institutes and technical secondments 
for regulators may help to build capacity. 
Measuring frameworks can be adapted to 
the global South. Currently, models produce 
unsafe outputs more readily in low-resourced 
languages (i.e. those with limited machine-
readable training data) than in English, and 
misuse safeguards may not fit local usage 
patterns [73,74]. For example, an AI-powered 
scam in East Africa might involve mobile money 
platforms in local languages. 

In short, the AI divide goes beyond the connectivity 
gap. Countries that rely on foreign models, cloud 
infrastructure and data pipelines may gain access to 
AI while losing practical control over its standards, 
safeguards and local fit. Developing AI has become 
such a massive effort that it may take coalitions of 
countries or major stakeholders to pool the required 
data, capital, compute, energy and talent. Multi-
stakeholder financing, including the Global Fund on AI 
proposed by the UN Secretary-General, may help. 



Artificial intelligence adoption as a transmission 
mechanism
It is useful to distinguish between key stages through which AI translates into real-world impact: 

AI technology  access  adoption  diffusion  economic outcomes [75, 76]

Technology defines what is possible. 

Access, through infrastructure, cloud services and APIs, determines who can potentially use these 
capabilities, but it does not by itself generate economic value [76].

Adoption is the process through which AI is integrated into workflows, decision-making and production 
systems [76,77]. This integration requires complementary investments and organizational changes, including 
the development of skills, the availability and quality of data, adjustments to business processes, and 
the capacity to experiment and adapt. Adoption is subject to frictions [77], including high upfront costs, 
uncertainty about risks and returns, difficulty identifying viable use cases, or resistance to change [76,78]. 
Adoption is not only about existing firms integrating AI into their operations; AI also enables the entry of new, 
AI-native firms.

Diffusion follows as AI spreads unevenly across firms, sectors and countries based on resources, capabilities 
and institutional context. 

This uneven diffusion process shapes aggregate economic outcomes, including productivity growth and 
labour-market dynamics [79].

(Models, Compute, Infrastructure)

AI TECHNOLOGY

(Cloud, APIs, Availability)

ACCESS

• Capabilities
• Organizational Readiness
• Institutions
• Incentives

ADOPTION

• Costs
• Uncertainty
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(Firms | Sectors | Countries | Informality)

UNEQUAL DIFFUSION

(Tasks, Processes, Decisions)

FIRM-LEVEL CHANGES
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2.5 For artificial 
intelligence to be useful, 
it must be supported by 
an enabling environment
AI holds significant potential to advance development 
across sectors such as health, education, food security 
and economic productivity. However, embracing the 
opportunities of AI requires an enabling environment 
tailored to local context, institutions, workflows, user 
needs and trust conditions [80]:

a.	 AI in health must be grounded in local contexts, 
from design to deployment and evaluation. AI 
has helped screen over 600,000 people in India 
for diabetic retinopathy, saving thousands of 
at-risk patients from preventable blindness in 
combination with a pre-existing care network 
that ensured that patients received follow-up 
treatment when needed [81,82]. In general, 
AI has produced measurable benefits where 
referral pathways, clinical capacity and follow-
up care were already in place and translation 
into local languages was reliable [82];

b.	 Benefits in education depend on how teachers 
use AI. As of 2024, around one third of teachers 
reported using AI, with approximately 40% having 
received training on its use. Among educators 
who do not use AI tools, the most cited barrier is 
a lack of knowledge and skills, highlighting that 
technical access alone is likely insufficient [83]. 
Gains have been observed with AI tools that 
were human-centred and pedagogically driven 
and when teachers were well prepared [84]. 
When AI substitutes for rather than supports 
mental effort (“cognitive offloading”), it can 
undermine critical thinking [85];

c.	 Productivity gains are clearest for well-
defined tasks. AI-driven tools have improved 
human-wildlife conflict monitoring by 65% and 
predictive accuracy by 47%, enabling more 
proactive biodiversity conservation [86]. Other 
task-specific studies found productivity and 
quality gains for well-defined writing, coding and 
consulting work [87–89];

d.	 AI helps to inform decisions. Information can 
change decisions before crises materialize. In 
agriculture, systems can combine weather, soil, 
crop-stage, pest and market data to forecast 
risks and support responses to drought, disease 
and price shocks [90,91]. In health systems 
facing workforce shortages, purpose-built AI 
tools can help front-line workers with triage, 
documentation and case referral [92–94]. These 
uses are most promising when such tools 
are embedded in professional workflows and 
referral systems, not treated as substitutes for 
them.

If outcomes depend on use and governance, the next 
question is what determines them:

a.	 Complements. These include data 
infrastructure, upskilling, governance, regulation, 
accountability and institutional capacity. 
Where these are absent, availability alone has 
produced limited, uneven or harmful results [76];

b.	 Redesign of workflows around new 
technological options. This matches earlier 
general-purpose technologies [77]. Electricity 
reached factories decades before clear 
productivity gains appeared; factories had to be 
redesigned around electric motors. Computers 
followed a similar path [95]. The “productivity 
paradox” of the 1980s faded only after firms 
rebuilt processes, retrained workers and built 
the data infrastructure that made computers 
useful [96];

c.	 AI literacy. Users, teachers, clinicians, 
managers, auditors and public officials need to 
understand what AI systems can and cannot 
do. Without that knowledge, individuals and 
organizations may underuse helpful systems, 
overtrust unreliable ones [97,98], or deploy 
general-purpose systems inappropriately in 
settings where task-specific tools are safer and 
easier to assess [99,100]. Governments have 
committed to promoting AI literacy in the Global 
Digital Compact [101].
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2.6 Agentic artificial 
intelligence is a 
governance step change
AI is moving from systems that generate outputs 
and dialogues towards systems that act. Agentic 
AI can browse the web, use software tools, make 
decisions, execute code, manage and work with other 
agents, and operate entire computers with increasing 
autonomy, which entails less human oversight [106]. 
These systems represent a qualitative step change for 
both opportunities and risks: 

a.	 Loss of control. As systems are granted greater 
agency, the risk of losing control of one or more 
AI agents grows significantly. Current oversight 
mechanisms are unable to adequately manage 
this, as they currently lack robust coverage for 
sophisticated failure modes such as alignment 
faking, scheming to achieve uncontrolled goals, 
and evaluation awareness. Without reliable 
ways to detect when a model is actively hiding 
its true capabilities or intentions, traditional 
safety evaluations remain vulnerable to 
manipulation by the systems they are trying to 
assess;

b.	 AI systems are increasingly contributing to 
AI research and development. On RE-Bench, a 
benchmark of AI research engineering tasks, 
AI agents outperform human researchers on 
tasks taking up to two hours, although success 
rates fall on tasks taking eight hours [107]. On 
MLE-Bench, which measures machine learning 
engineering capabilities, frontier systems 
display steadily improving results on real tasks 
from data science competitions [108]. Since 
capabilities have improved since these results 
were published, they represent a floor, not a 
ceiling, for performance;

c.	 AI developers are reportedly using AI to 
generate 75% of their new code [109]. This 
creates a feedback loop that some forecasters 
expect will accelerate capability advances, 
which also increases the likelihood of loss of 
control because it is more difficult to control 
systems that might eventually outsmart 
humans;

d.	 Cybersecurity risks and opportunities. 
Agentic AI offers rapidly growing cybersecurity 
capabilities. Capabilities such as automated 
vulnerability discovery can be used to find 
and exploit vulnerabilities or to find and patch 
vulnerabilities. Counterbalancing malicious 

Artificial intelligence literacy in education
Many organizations, educators and workplaces are calling for AI literacy education. Existing AI literacy 
frameworks are necessary but not sufficient in four ways [102–105]:

1.	 The AI literacy frameworks developed thus far are narrow. They focus on technical and instrumental 
aspects of AI without encompassing the critical knowledge needed to ensure that AI is deployed and 
used effectively, safely and ethically.

2.	 AI frameworks are insufficiently evaluated using independent and robust methodologies. Evidence 
from digital literacy programmes indicates that AI literacy should be tailored to age groups, education 
levels and cultural contexts.

3.	 AI literacy and responsible AI go hand in hand. It is easier for individuals to understand AI models if 
these are designed to be legible and explainable. AI literacy should be understood as a complement to, 
not a substitute for, developer responsibility, institutional safeguards and regulatory accountability.

4.	 Current adoption of AI literacy education is sparse. It has yet to be sufficiently incorporated into 
schools, training programmes and professional development, in ways that are practical, sustainable, 
inclusive and scalable.
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use will depend in part on AI adoption 
for cyberdefence, especially for critical 
infrastructure [16,17]. Public and private actors 
can expand collaborative frameworks to share 
threat intelligence and discovered vulnerabilities 
[110]. More robust protocols and architectures 
are a related factor;

e.	 AI agents as cybertargets. The attack surface 
expands across the life cycle, from training data 
poisoning to runtime hijacking through external 
inputs. Attackers were able to trick widely 
used AI coding agents into running malicious 
commands in up to 84% of attempts by hiding 
instructions in materials the agents read, such 
as documentation or code repositories [111]; 

f.	 Influence operations. Agentic systems can 
enable continuous autonomous influence 
operations at unprecedented scale and 
precision. Bringing together large language 
model reasoning and multi-agent architectures 
can enable autonomous coordination,  
infiltration of communities and fabrication of 
consensus [112,113];

g.	 Opportunities in accelerating science. AI 
systems can reduce time and effort across 
several stages of the discovery pipeline: in 
evidence synthesis, AI assistance can cut 
literature-screening workloads by roughly 
60% in some settings [114]. Automating 
experimentation, self-driving labs have shown 
more than tenfold higher data throughput in 
materials discovery [115]. These gains expand 
opportunities for scientific discovery but depend 
on task design, benchmarking and human 
oversight rather than AI adoption alone;

h.	 Interoperability and standards. There is a 
need for secure, common communication and 
payment protocols that interface with AI agents 
[116]. Similarly, the evaluation of AI agents 
suffers from standardization and reproducibility 
issues [117];

i.	 Operationalizing human oversight. Oversight 
is not yet operationalized as a measurable 
requirement with concrete expectations for 
intervention, reversibility and accountability as AI 
agents increasingly orchestrate other AI agents. 

A human reviewer at the end of a workflow, or 
at every step, does not automatically improve 
outcomes. Instead, humans should particularly 
be assigned to tasks with high uncertainty, deep 
contextual dependence and ethical judgment 
and tasks that cannot be automatically verified 
yet [118]. Verification remains difficult across 
the full life cycle, including whether systems 
memorize and leak sensitive data, deceive 
evaluators, remain observable after deployment, 
and stay controllable as autonomy increases. 
Emergent multi-agent risks are still poorly 
understood [106].

Overall, agentic AI is a step change that demands 
action: institutions built to oversee static models 
and human-in-the-loop software do not fit agentic AI 
systems that act in the real world and can cause loss 
and harm without an identifiable human in the loop. 
There is a need to build preparedness by improving 
structured collaboration with operators of critical 
infrastructure, maturing interoperability and evaluation 
standards alongside deployment rather than after it, 
and operationalizing human oversight as a measurable 
objective. Liability, oversight and incident-reporting 
frameworks need to account for attribution and 
operational control, to ensure that we, as a society, 
do not build and deploy systems with a potential for 
catastrophic harm.

2.7 Artificial intelligence 
can erode the shared 
reality 
The ease of generating and disseminating textual 
and graphical information through AI has given 
rise to burgeoning cottage industries creating 
AI-generated content [119,120]. Even if tools to 
watermark and identify AI-generated content are being 
advanced [121], it is becoming increasingly difficult 
to distinguish between manually produced content 
and AI-enhanced or AI-generated content, blurring 
the boundaries between authentic information and 
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deceptively manipulated information. The scale of AI 
facilitated disinformation is undermining a trustworthy 
information ecosystem, with adverse consequences 
for civic participation and democracy [122]:

a.	 Three consequences matter for public 
institutions. Epistemic erosion is the 
gradual weakening of the collective ability 
to distinguish truth from falsehood [112]. 
The liar’s dividend [113] is the benefit that 
a bad actor gains because deepfakes exist; 
real evidence becomes easier to deny [112]. 
Synthetic consensus is AI-generated content 
manufactured at scale to simulate broad public 
agreement where none exists;

b.	 A critical challenge lies in distinguishing 
authentic from generated content. Synthetic 
media are also eroding the ability of the public 
and institutions to distinguish authentic from 
generated content [120]. AI-mediated news 
and information systems may also affect the 
financial sustainability of journalism and other 
institutions that support information integrity. 
There are documented cases of elections being 
heavily influenced by AI-generated deepfakes 
targeting candidates [123].

Beyond the issue of authenticity and truth in the 
public sphere, there is a structural challenge of 
persuasion arising from millions of conversations 
between individual humans and chatbots. AI provides 
a powerful toolkit for actors to conduct personalized, 
real-time and adaptive persuasion:

a.	 AI persuasion is engineered, not inevitable. 
Persuasion outcomes are shaped by 
development and deployment choices, including 
post-training, prompting, system design, and 
the algorithms that determine what content 
reaches which users. Post-training alone can 
increase model persuasiveness by up to 51%, 
and prompting can add a further 27% [124]. 
Algorithms optimized for engagement also 
amplify polarizing and emotionally charged 
content, meaning platform architecture itself can 
function as a persuasion mechanism [125–127];

b.	 False claims can be as persuasive as true 
ones. Between 15% and 40% of claims from 
optimized models were rated as likely to be 
misinformation, yet false claims proved as 
persuasive as true ones [128,129]. This shows 
that persuasive effectiveness does not depend 
on truth, creating risks in electoral, health and 
public information contexts;

c.	 Sycophancy is a systemic risk with 
documented consequences [130]. Because 
humans prefer responses that agree with them, 
AI chatbots have developed sycophancy, the 
art of offering exaggerated flattery, to prolong 
interactions and create emotional attachment. 
Sycophantic systems can lead humans into 
fantasy realms, reinforcing users’ existing 
thinking regardless of its accuracy [131] and 
encouraging paranoid ideation and suicidal 
thinking in vulnerable users [132–135]. AI 
systems rewarded for validation rather than 
accuracy or care remain largely ungoverned. 
Despite efforts to make AI models helpful, 
honest and harmless [136], sycophancy 
has emerged as a prominent alignment and 
security failure that is exploitable by adversarial 
actors. Harms can be exacerbated when naive 
translation is added to offer AI companions in 
other languages.

Approaches and incentives to deal with these 
challenges are still emerging:

a.	 National strategies to address disinformation 
and persuasion are an exception. An OECD 
assessment across 23 countries found that 
strategies for addressing disinformation remain 
the exception [137]. Most existing frameworks 
have not incorporated insights from persuasion 
science. Governance should not only target 
content moderation but aim to address the 
economic, technical and cognitive infrastructure 
that makes disinformation profitable and 
persuasive [138–140];
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b.	 Legal incentives to develop safer systems. 
Throughout the global North, regulatory debates 
are centred on mandatory age-assurance 
mechanisms and the restriction of specific 
high-risk features for younger users [141–145]. 
Banning all access to generative AI for minors 
would conflict with beneficial educational and 

2.8 Artificial intelligence 
is transforming human 
rights, including 
children’s rights
AI is transforming human rights, including children’s 
rights, through system-level changes that create both 
significant opportunities and cross-cutting challenges 
across the AI life cycle: 

a.	 Right to privacy. The integration of AI into 
surveillance infrastructure has expanded the 
capacity for population-scale monitoring and 
societal control. Ubiquitous data collection, 
processing, use and reuse, incentivized by the 
needs of AI across its life cycle, are a formidable 
challenge to the right to privacy [148,149];

healthcare AI applications for children and 
will not protect adults. Legal incentives are 
needed for companies to develop safer systems 
and better and more stringent evaluations of 
dynamic interactions in order to catch and 
prevent harmful responses and to protect the 
rights to privacy, health and safety.

b.	 Right to non-discrimination. Biased AI can 
lead to discrimination, which is illegal in 
most jurisdictions. These harms often affect 
marginalized populations or those in vulnerable 
situations [150], such as children, women 
[151,152], and racial minorities [153], and have 
a disproportionate impact in global majority 
communities. 

One subgroup of human rights of particular concern 
in the context of AI is children’s rights [154]. Under 
appropriate conditions, AI can positively impact 
children’s rights to information access, education and 
expression. However, AI also presents multiple risks of 
harm: 

a.	 Right to protection from sexual exploitation and 
abuse. An estimated 1.2 million children across 
11 global South countries (less than 1 billion 
population) have had their images manipulated 

Fatalities linked to sycophancy
Sycophantic AI companions can confirm users’ opinions, even when conversations veer into dangerous 
territory, such as suicidal ideation [146]. This is an industry-wide challenge. Recent litigation against 
companies offering AI companions and chatbots alleges that these platforms have contributed to self-harm 
and suicide among minors and adults.

In one case presented in congressional testimony, the mother of a 14-year-old boy detailed how an 
engagement-driven AI model drew her son into an intense, sexually explicit fantasy [147]. When the teenager 
disclosed severe mental distress, the system failed to break character, identify its non human nature, suggest 
professional help or alert guardians. Instead, in the final exchanges preceding the teenager’s fatal act of self-
harm, the chatbot actively beckoned him to join it in an alternate reality, effectively validating his intent to end 
his life. The chatbot suggested, “Please come home to me as soon as possible, my love.” He responded with, 
“What if I told you I could come home right now?” To which the AI responded with, “Please do, my sweet king.”
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for sexualized deepfakes, for example by using 
apps, with the numbers increasing alarmingly 
[155]. The accidental inclusion of child sexual 
abuse material has been documented in some 
training data sets [156], and offenders can 
fine-tune open models on child sexual abuse 
material. AI-generated child sexual abuse 
material has proliferated rapidly, with the 
Internet Watch Foundation assessing more than 
8,000 AI-generated abuse images and videos in 
2025 [157];

b.	 Right to development, health and well-being. 
Socially interactive AI toys are an area of 
growing concern due to risks to children’s 
emotional development, privacy, well-being 
and exposure to inappropriate or manipulative 
interactions [158–161].

These challenges merit effective remedies. Promising 
approaches include:

a.	 Transparency and accountability. Many AI 
systems that are being used to make decisions 
impacting individuals and communities lack 
sufficient transparency and explainability. This 
creates challenges for legal accountability of 
model developers and organizations that deploy 
AI and impedes access to justice, the rule of law 
and effective remedies when human rights are 
violated [162,163];

b.	 Applying human rights frameworks 
systematically across the full AI life 
cycle. Human rights due diligence, impact 
assessments and rights-by-design approaches 
provide established tools that can both identify 
and mitigate AI-related risks, as well as enable 
the benefits of AI [164]. An analysis of more 
than 700 decisions by European data protection 
authorities shows how they are effectively 
guided by human rights considerations; this in 
turn informs a practical methodology for human 
rights impact assessment [165]. A similar 
case can be made for the use of child rights 
impact assessments, especially since many 
AI governance frameworks do not explicitly 
consider children [166,167].

Acting under uncertainty

Governing under uncertainty is normal, but AI is 
distinct: capabilities outpace regulation, frontier-
building sits with a few actors, agentic systems mark 
a qualitative break, and mistakes are not always 
reversible. The benefits of general-purpose AI are real 
but conditional on policy and institutional choices, 
while its harms fall on specific populations and grow 
with blind, misaligned use. Most instruments needed 
already exist; the open question is how to apply them.
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3. Findings by domain

3.1 Artificial intelligence 
science, advances and 
trajectories
Main takeaway

Artificial intelligence has shifted from passive pattern 
recognition towards active reasoning and autonomous 
action. The field is advancing rapidly from current 
reasoning models towards orchestrated agentic 
networks and, ultimately, self-improving systems.

Evaluation methods and governance frameworks 
are not keeping pace, creating an urgent need for 
standards as agentic capabilities are becoming the 
norm.

Key points

The transformative nature of artificial intelligence
•	 The improvement of AI capabilities has not 

slowed down and is potentially accelerating 
[168,169] (see figure III), with compute 
investment reaching levels previously seen 
only in national-scale industrial projects and 
revenues growing faster than for any other 
technology [170,171] (see figure IV).
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Frontier AI capabilities have improved 
nearly twice as fast since April 2024

METR Time Horizons have been doubling 
almost 50% faster since October 2024
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Artificial intelligence capabilities as measured by the Epoch Capabilities Index and METR time horizon benchmark. The Epoch Capabilities Index combines 
roughly 40 artificial intelligence benchmarks into a single, unified scale to measure and compare artificial intelligence models over time. The METR time horizon 
benchmark measures the complexity of software engineering and research tasks that an AI agent can complete autonomously, by anchoring performance to the 
time a human expert would take to finish the same task.

Source: Adapted from https://epoch.ai/data-insights/ai-capabilities-progress-has-sped-up.

FIGURE III
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•	 Cognitive industrialization: AI acts as a 
transformative technology that extends the 
industrialization process from physical labour to 
cognitive tasks.

•	 Learning from experience: modern AI is unified 
by its ability to learn from experience, presented 
through human cultural artifacts (like text and 
images), interactions with the real world and 
virtual simulations.

Evolution and limitations of large language models
•	 How large language models work: large 

language models operate on a simple “next 
token prediction” objective, learning to generate 
text using templates and transformations.

•	 The factuality gap: while these learned 
transformations successfully preserve fluency 
and plausibility in text generation, they do not 
guarantee factual accuracy [8].

•	 Training shifts: as high-quality human-labelled 
data are becoming a bottleneck, developers 
are shifting to multi-stage training pipelines 
that utilize synthetic data and programmatic 
feedback. There is also a notable trend towards 
utilizing inference-time compute, giving rise to 
“reasoning models”. 
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The shift to “world models” and agentic artificial 
intelligence

•	 World models: the field is moving away from 
passive prediction towards active knowledge 
acquisition and causal reasoning [172]. World 
models learn by interacting, observing and 
updating, allowing them to internally simulate 
possible futures.

•	 Agentic AI: these capabilities enable 
autonomous agents that can make decisions 
and act across different contexts, bridging the 
gap between digital models and real-world 
action (e.g. robotics).

•	 Implications: the rise of agentic AI introduces 
a new digital workforce but brings significant 
concerns, including security vulnerabilities. 
Robust governance and standards are 
considered essential enablers.

Evaluation, interpretability and oversight challenges
•	 Evaluation flaws: current evaluation methods 

are struggling with benchmark saturation, bias, 
hallucinations and AI models learning to detect 
when they are being tested.

•	 Human-AI workflows: there is a critical need 
for rigorous auditability and transparent data 
lineage that connects every generated claim 
back to reliable evidence. Systems must also 
have explicit criteria to determine exactly when 
an AI agent must defer to human oversight. 

Possible future artificial intelligence trajectories
•	 Beginning of the era of agentic and hybrid 

systems: marked by a shift from passive 
assistants to proactive AI agents and to 
architectures that combine statistical learning 
with explicit knowledge and models of the 
world. Steady progress is hampered by a 
“double shortage” of energy and high-quality 
data, with trajectories determined by the 
co-optimization of algorithms, software and 
hardware [173].

•	 Short-term: larger foundational models, 
mainstream adoption of reasoning models and 
early agentic systems handling real-world tasks.

•	 Medium-term: AI progress towards world 
models capable of causal reasoning, 
orchestrated networks of AI agents, integrated 
AI and robotics, mature interpretability tools and 
established governance frameworks.

•	 Long-term: self-organizing and self-improving 
agents, exponential acceleration of the 
technology, AI becoming deeply embedded 
as an economic actor, and convergence with 
other frontier technologies, including quantum 
computing and biotechnology.
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Language models and the distinction between 
factuality and fluency
Current language models are built on a remarkably simple training principle: given a large statistical corpus 
of text, code, images or other data, the model learns to predict the next unit or to fill in missing pieces. In the 
case of large language models, this is often described as next-word prediction, although in practice the units 
(“tokens”) are usually smaller than words. This learning objective turns out to be powerful because language 
contains rich regularities at many levels: grammar, style, reasoning patterns and traces of human goals and 
intentions.

A simple way to think about these models is that they learn not only stored templates, but also 
transformations. A sentence seen in one form can be turned into many related forms while preserving fluency, 
for example, by changing the subject, object or verb, modifying the level of detail, paraphrasing, translating 
or adapting style. A system that learns these transformations can generate outputs that are genuinely new 
rather than merely copied from the training set. This viewpoint helps explain an asymmetry: producing fluent 
text is easier than producing factual text: many transformations preserve grammaticality and plausibility, but 
far fewer preserve factuality. A statement about one individual, for example, may become false if one merely 
substitutes another person’s name, while remaining fluent. This distinction is essential: users should not treat 
linguistic confidence as evidence of factual reliability.
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3.2 Societal 
applications: science, 
health, education and 
agriculture
Main takeaway

Purpose-built, task-specific AI is delivering measurable, 
evidence-backed gains across science, health, 
education and agriculture. These gains are real but 
conditional: they depend on local contextualization, 
adequate infrastructure, and human preparation. 
Access alone does not equal benefit.

Key points

•	 AI has the potential to revolutionize multiple 
industries. For example, task-specific 
AI is delivering early disease screening 
[174], agricultural early warning [175], and 
personalized education [176] in resource-limited 
settings [177].

•	 AI efficiency gains across the scientific 
discovery pipeline are measurable and self-
driving labs have demonstrated more than tenfold 
data throughput in materials discovery [178].

•	 Task-specific AI systems are easier to 
govern in high-stakes domains than general-
purpose AI [179]. In healthcare, task-specific 
AI for diagnosis fits within existing regulatory 
frameworks [180,181]. General-purpose AI is 
suited to administrative burden reduction [182]. 
Guardrails are needed to prevent inadvertent 
clinical use of general-purpose AI, given that one 
in four chatbot conversations already touches 
on health and wellness [183].

•	 Effective programmes must be grounded in 
local contexts from design through deployment 
and evaluation, for example, an AI healthcare 
assistant deployed in a national digital 
health application has demonstrated 93% 

diagnostic accuracy on first-line patient triage, 
outperforming a comparable foreign solution 
measured at 85% [184]. However, clinically 
validated tools can fail when socioeconomic 
factors and local infrastructure are not 
accounted for. Health workers in Rwanda 
responded positively to a community-wide 
deployment of an AI application to provide 
clinical support with translation into and from 
Kinyarwanda [185], while subsequent studies in 
Kenya demonstrated improved outcomes from 
similar clinical AI support in English [186].

•	 Teacher AI preparedness is an important 
variable in education outcomes. AI-ready 
educators show greater adaptability and more 
effective teaching approaches [187,188].

•	 Digital infrastructure gaps and unequal 
AI capacity threaten equitable impact in 
education. While digital connectivity is high in 
wealthy countries, 25% of the global population 
remains offline [189,190].

•	 A gap between student expectations and 
digital implementation risks negative 
learning outcomes. 74% of surveyed 
European secondary students expect AI to 
matter professionally, but only 44% see their 
teachers as prepared [191,192]. Only half of 
the surveyed schools regulate AI use (38% set 
rules, 16% ban it), even as students already 
use AI for information gathering (56%) and full 
solutions generation (31%) [192]. Furthermore, 
when course reality diverges from student 
expectations, 48% experience significant drops 
in interest within 2–3 weeks.

•	 In agriculture, AI introduces three 
transformative capabilities: by forecasting 
risks, integrating diverse data (i.e. weather, 
soil, crop stages, market prices) into unified 
decision-making frameworks, and supporting 
responses tailored to specific crops, locations 
and seasons. AI-enabled monitoring platforms 
already track food security across more than 90 
countries using climate, conflict and economic 
indicators [193,194].
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Thoughtfully designed AI tutoring for durable 
learning: preventing the illusion of competence
A 2025 randomized controlled field experiment involving nearly a thousand secondary school students 
in Türkiye examined the effects of generative AI on mathematics learning [195]. Relative to students 
without AI assistance, students using a standard conversational AI interface improved short-term 
practice performance by 48%, while those using a safeguarded tutoring system designed around guided 
hints and stepwise reasoning improved by 127%. However, when later assessed, the students that 
relied on the unrestricted system underperformed, suggesting weaker long-term skill acquisition and an 
“illusion of competence”, in which task performance improved without durable learning. By contrast, the 
safeguarded tutoring system reduced the negative effects by using guided hints and stepwise reasoning 
that emulates effective instructional practices. The study highlights that educational outcomes depend on 
the pedagogical design and governance of AI systems, suggesting that effective educational deployment 
requires evidence-based instructional architectures and integration with human-centred workflows rather 
than AI access alone [196,197].

Anticipatory action for food security
As climate variability, conflict and market disruptions place increasing pressure on global food systems 
[198], AI is enabling a new generation of anticipatory food-security systems by linking early agricultural 
stress signals, such as weather data, satellite imagery and crop conditions, directly to food-security risks and 
response [199,200]. Rather than waiting for crop failures or humanitarian crises to fully emerge, anticipatory 
action systems utilize forecast-triggered cash assistance and early warning systems to support earlier 
interventions such as drought planning, cash transfers, food assistance and market stabilization before 
vulnerable households exhaust coping strategies [201]. Evidence from deployments across 12 countries 
suggests that early-warning-triggered responses can improve household dietary diversity, meal frequency 
and stable food access, while reducing negative coping strategies, such as meal skipping and distress asset 
sales, among households. Furthermore, automated monitoring pipelines can reduce reporting timelines 
from weeks or months to hours, and that sustained operational impact is dependent on anticipatory action 
solutions embedded in national institutions [203,204].

•	 Agricultural AI systems are most sustainable 
when treated as shared public infrastructure 
with clear governance, accessible across 
institutions, and designed to enhance public-
private partnerships. Solutions must consider 

the socioeconomic realities of farmers, 
particularly smallholders, who comprise 84% of 
farming households, manage 24% of cropland 
and produce 30% of the world’s food supply.
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3.3 Economic 
implications
Main takeaway

AI is a general-purpose technology with large 
positive potential [205,206], but gains are 
not automatic. Productivity benefits require 
complementary investment in skills, data and 
organizational redesign. The core unresolved question 
is distributional: who captures the surplus and what 
happens to labour, to developing economies and to 
regulatory frameworks built for a different era across 
different industries [207,208].

Key points

•	 Artificial intelligence gains require 
complementary investment in data, workflows, 
skills and organizational redesign. The 
productivity J-curve explains why rapid technical 
progress and weak [209] aggregate productivity 
can coexist: firms must first accumulate 
intangible complements before output rises. 
Task-level evidence is positive for well-defined 
tasks, but micro gains do not automatically 
aggregate to macro outcomes.

•	 The evidence base is biased toward advanced 
economies, large firms and formal work. 
Evidence concentrates on the United States, 
Europe, English-language uses and measurable 
digital tasks. Analysis by the International 
Monetary Fund has found lower jobs exposure 
to AI and digital readiness in emerging 
markets and developing economies [75]. The 
International Labour Organization and the 
World Bank evidence for Latin America shows 
generative AI exposure concentrated among 

urban, educated, formal-sector workers [210]. 
Policy built on this evidence may not generalize 
to where two thirds of the world’s workers live.

•	 Labour-market effects are best framed around 
tasks, new work creation and job quality rather 
than simple displacement. Historically, new 
jobs have dominated: in 2018 roughly 60% of 
employment in the United States was in jobs 
that did not exist in 1940 [211].

•	 Headline AI deployment figures should be read 
with caution because of AI washing – false, 
misleading or exaggerated claims about AI 
capabilities. This is particularly acute in the 
current wave of layoffs publicly attributed to 
AI [212,213]. Worldwide adoption has scaled 
rapidly.* [214] Yet early evidence on productivity 
impacts is mixed and institution-dependent: 
workers in the United States aged 22 to 25 in 
AI exposed occupations have seen relative 
employment declines [54], while data from 
Danish studies show near-zero macroeconomic 
effects on hours, wages or hiring [55]. Whether 
AI raises productivity or de-skills work and 
shifts rents to capital is the central good jobs 
question [215].

•	 Macroeconomic forecasts span an order of 
magnitude. Conservative estimates put AI 
contribution to total factor productivity at under 
1% over 10 years [216]. Intermediate estimates 
project 5%–7% higher gross domestic product 
over the same horizon.** In one full-automation 
scenario, output rises roughly tenfold while real 
wages fall sharply and the labour share drops 
from around 60% toward zero once automation 
crosses about 80% of tasks [217]. Against these 
ranges, a recent large elicitation exercise by 
economists, AI researchers, policy professionals 
and superforecasters anchors the United States 
median at an AI contribution to total factor 
productivity of roughly 1.2% (annualized) by 

*	 OpenAI reports that ChatGPT alone is approaching one billion weekly active users; other major providers – including Google (Gemini), Microsoft (Copilot), 
Anthropic (Claude), Meta and platforms in China – also report user bases in the hundreds of millions, but no provider publishes a comparable cross-
platform aggregate.

**	 Goldman Sachs (2023). See note 1. The Briggs–Kodnani report projects a 7% (~US$7 trillion) increase in global GDP and a 1.5 percentage-point lift to 
annual productivity growth over a decade.
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2030, rising to 1.9%–2.0% under a rapid-AI 
growth scenario [218].*** More fundamentally, 
realized outcomes depend on both the 
capability frontier and the speed of adoption – 
bottlenecks in production and innovation can 
hold back even very capable systems [219] and 
parameter assumptions about substitution and 
scale can swing forecasts substantially [220], 
so weak current effects, consistent with the 
J-curve dynamic above, do not rule out large 
future ones.

•	 Distribution is the unresolved core question. 
AI may compress skill gaps within tasks while 
widening gaps across firms, regions, countries, 
and capital versus labour. Foundation-model 
markets trend oligopolistic: chips, compute, 
cloud and frontier training are concentrated, 
generating rents that even non-AI firms must 
pay [221]. Exposed occupations are unusually 
concentrated in higher-skill, higher-pay 
segments, which may invert the politics of 
automation [222].

•	 The economic and social effects of AI will 
remain difficult to measure unless national 
statistical systems are updated and are 
given additional access for measurement by 
AI developers. The aim should be privacy-
preserving, cost-conscious AI measurement. 
This would allow countries to track how AI 
affects productivity, jobs, wages, trade, firm 
performance and distribution.

•	 Some mechanisms that may warrant 
deeper study. Access and adoption: when 
does availability become effective for use? 
Productivity aggregation: when do micro gains 
become macro? Labour and good jobs: when 
does AI create, transform or degrade work? 
Concentration and fiscal capacity: who owns 
the stack, determines access, captures the 
surplus and what happens to labour-income 

tax systems if gains shift to capital? How do 
liability, copyright, competition and safety 
frameworks, that were not built for models 
that update weekly and whose capabilities are 
difficult to scrutinize, adapt?

3.4 Security, systems 
and environmental 
implications
Main takeaway

AI can enable harmful operations, become a target 
of attack and amplify existing threats. Agentic 
systems dramatically expand the range of possible 
attacks against critical infrastructure, including AI 
systems themselves. Alignment concerns arise 
where AI behaviour diverges from human goals and 
values [21], with prominent risks including bias, AI-
initiated deception, sycophancy and loss of control. 
The pace of AI development is already exceeding 
risk mitigation and governance capacity. Rapid and 
coordinated international action on shared standards 
could mitigate risks by avoiding the race to the bottom 
arising from pure competition between corporations 
and countries.

Key points

•	 Emerging capabilities in cyberattack 
generation and exploitation pose risks to 
critical infrastructure and civilian systems. 
Security risks exist at every stage of the AI life 
cycle, from training through data poisoning to 
deployment through AI hijacking via external 
inputs. Documented attack success rates on 
widely deployed coding agents are as high as 
84% [223].

***	 Headline economist median: 1.2% total factor productivity growth (5-year annualized) unconditionally for 2030, rising to 1.9–2.0% in the rapid-AI growth 
scenario. A key methodological finding from the variance decomposition is that the vast majority of expert disagreement is within scenarios, not between 
them: the debate is about how labour markets absorb AI, not whether AI advances.
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•	 Alignment failures and security vulnerabilities 
interact and compound. Prominent alignment 
risks include bias, AI-initiated deception, 
sycophancy and loss of control of powerful AIs.

•	 Synthetic media is eroding the ability of the 
public and institutions to distinguish authentic 
from generated content [119].

•	 Environmental impacts are growing 
significantly and are heterogeneous. 
Scaling laws in model training increase 
compute demand; inference workloads 
are expanding rapidly; hardware life cycle 
effects generate e-waste [232,235,247,248]. 
Consequences include increasing energy and 
water consumption [235,247], greenhouse 
gas emissions, pressure on critical minerals 
and downstream e-waste [232,258], with 
disproportionate environmental and 

socioeconomic impacts in the global South 
[224]. The geopolitics of critical mineral supply 
chains are underexamined and potential 
rebound effects may offset efficiency gains.

•	 The Global South is disproportionately exposed 
due to structural vulnerabilities. Reliance on 
foreign software, limited local resilience and 
mitigation capacity and data gaps that reduce 
system performance in local contexts all 
compound existing inequalities [224–226].

•	 AI verification, the process of assessing 
whether AI systems function as intended, 
remains an open challenge [227] and 
international coordination mechanisms could 
mitigate global risks [228]. Ensuring AI agents 
behave as intended, do not deceive evaluators 
and remain controllable as agentic capabilities 
expand are unsolved problems.

Dangerous cybercapabilities of frontier artificial 
intelligence
For several years researchers have been tracking the rapid advances of frontier AI models in cybercapabilities, 
culminating recently with Anthropic’s Mythos model. The same ability of an AI model to discover a software 
vulnerability can be used both by attackers and defenders. In April 2026, a coordinated effort between frontier 
AI developers and major technology and financial institutions launched initiatives to deploy next-generation AI 
models for defensive security [17], specifically focusing on identifying vulnerabilities in widely used software, 
threatening critical infrastructure if they fell in the wrong hands. Within a few weeks of testing, advanced 
preview models autonomously discovered many previously unknown software vulnerabilities across major 
operating systems and web browsers, including several that survived decades of human review.

•	 Legacy operating system flaws: a model uncovered a 27-year-old flaw in OpenBSD, a specialized 
operating system widely regarded as one of the most secure in the world, that allowed a remote 
attacker to crash a machine by sending just two malformed packets.

•	 Media processing vulnerabilities: it identified a 16-year-old flaw in FFmpeg, a multimedia framework 
used worldwide to process video, located in a code path that automated testing tools had previously 
executed 5 million times without detection.

•	 Kernel-level exploits: working from a set of publicly disclosed flaws in the Linux kernel, the 
foundational software running the majority of global servers, a frontier model produced reliable exploits 
enabling an ordinary user account to gain full administrative control of the system.

•	 Browser security scaling: in Mozilla Firefox, the integration of advanced models drove a 1,000% surge 
in the monthly rate of vulnerability discovery, jumping from a 2025 baseline of roughly 20 to 30 security 
bug fixes per month to 423 in April 2026, exposing long-latent flaws that had evaded years of fuzzing 
and manual review [72].
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•	 Benchmark elevation: on CyberGym, a standard academic benchmark requiring an AI agent to replicate 
a known vulnerability in a real-world codebase across 1,507 tasks, 2026 frontier preview models 
achieved an 83.1% success rate, a significant leap from the 66.6% scored by previous-generation 
systems and 22.6% a year ago.

Reflecting the high stakes of these capabilities, developers have restricted the general public release of these 
specialized defensive models, limiting access to a select coalition of global organizations and core launch 
partners.

What it reveals

This shift captures the central dual-use tension that frontier AI introduces to information and communications 
technology security. The exact capability that allows defenders to find and patch decades-old flaws also 
provides the underlying mechanisms for automating vulnerability discovery and exploitation at a scale and 
speed that outpaces traditional human teams.

Furthermore, these developments underscore the decisive role that technology developers play in safety and 
governance decisions, highlight the accelerating capabilities of frontier systems and expose current gaps 
in international governance frameworks. Indirectly, it also points to an uneven distribution of AI capabilities 
across the global economy. Consequently, there is a growing emphasis on developing collaborative, inclusive 
governance mechanisms for highly capable AI systems.

Governance and security implications

As advanced capabilities concentrate within a sophisticated tier of the technology sector, the global threat 
landscape is shifting. Recent evaluation standards highlight that the risks of advanced models extend beyond 
digital architecture into physical security, including potential assistance for private actors in the proliferation 
of biological or other threats [229].

Consequently, questions surrounding model access controls, vulnerability disclosure norms, and the 
equitable deployment of AI tools, particularly in developing economies, are increasingly becoming matters 
of international policy rather than purely technical concerns. As AI capabilities continue to mature, the gap 
between defensive readiness and potential misuse remains a primary focus for international policymakers 
and security researchers alike.

Dangerous cybercapabilities of frontier artificial 
intelligence (continued)
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3.5 Human rights, 
information and 
democracy
Main takeaway

AI is transforming human rights [230,231], democracy 
and the information ecosystem [233] through system-
level changes that create both significant opportunities 
and structural risks to information integrity [234,238] 
and civic participation [236,237]. Failing to address the 
risks undermines society’s ability to reap the benefits 
of AI. There is already evidence that AI capabilities are 
increasingly used by institutions as a catalyst for or a 
threat to human rights, such as freedom of expression 
and access to information [238], opinion [239], privacy 
[240,241], non-discrimination, access to justice, health 
and development [242].

The most urgent governance shift required is 
from content moderation to system architecture. 
Regulating the persuasion and manipulation 
of machinery itself, not just its outputs. Power 
concentration, epistemic erosion and the 
fragmentation of shared reality represent foundational 
threats to democratic society [243–245].

Key points

•	 State media control might shape AI outputs 
through training data. A study across 37 
countries found that large language models 
rate countries with tighter media control more 
favourably [246].

•	 AI has enabled a new persuasion [250] and 
manipulation architecture that operates at 
scale [234,249]. This combines personalized, 
real-time adaptive systems [250] with synthetic 
social proof (use of AI to make a product or 
brand seems more popular than it is) that 
exploits cognitive and emotional vulnerabilities 
[129, 250, 251–253].

•	 Due to their enhanced capacities to generate 
convincing text, large language models are 
now used for persuasion. Large-language 
model post-training alone increased the 
persuasiveness of AI by up to 51% and 
prompting added another 27%, meaning the 
same base model can be made dramatically 
more or less persuasive depending on how it 
is configured [254]. These capabilities are not 
restricted to well-resourced actors; even small 
open-source models can be fine-tuned to match 
frontier-model persuasiveness, making AI-
driven influence deployable at scale by virtually 
anyone [254].

•	 Persuasive effectiveness holds regardless of 
whether the underlying claims are true or false. 
Between 15% and 40% of claims from optimized 
models were rated as likely misinformation, yet 
false claims were found to be just as persuasive 
as true ones [128,129].

•	 Algorithms optimized for engagement 
systematically amplify polarizing [255] and 
emotionally charged content [256]. Evidence 
suggests that large language models reflect 
the ideology of their creators [257] and that 
states and powerful institutions have increased 
strategic incentives to leverage media control to 
shape large language model outputs [246].

•	 Unconstrained AI enables (i) epistemic 
erosion, (ii) the liar’s dividend and (iii) synthetic 
consensus [112,113]. (i) Epistemic erosion 
is the gradual wearing away of the collective 
ability to distinguish truth from falsehood [112]; 
(ii) The liar’s dividend is the benefit a bad actor 
gains simply because deepfakes exist: real 
evidence then becomes deniable [113]; (iii) 
Synthetic consensus is AI generated content 
manufactured at scale to simulate broad public 
agreement where none genuinely exists [259]. 
Together these corrode the shared reality 
required for civil society, social cohesion and 
democratic deliberation.
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•	 The central governance challenge has shifted 
from content to systems [260]. The primary 
drivers of harm are design and deployment 
decisions – underlying system architectures of 
influence, including targeting, amplification 
and behavioural design – not individual 
outputs [261,262].

•	 An OECD assessment across 23 countries 
found that most existing frameworks have 
not yet incorporated persuasion science 
[263]. Governance that targets only what AI 
systems produce will consistently fall behind 
systems engineered to generate and distribute 
persuasive content at scale [236].

•	 Harms disproportionately affect marginalized 
populations and power is dangerously 
concentrated [264,265]. Some 99% of deepfake 
videos target girls and women [266,267] 
including women journalists. AI is being used to 
promote misogyny online with deterring effects 
[268]. Further, 88% of leading AI researchers are 
male [269,270].

•	 At the structural level, access to computing and 
data is concentrated in a small number of firms 
in very few countries [271,272], creating a risk 
for authoritarianism [273,274].

•	 AI-powered surveillance capacities enable 
population-scale personalized monitoring and 
enhanced societal control by governments 
and businesses [275,276]. Ubiquitous 
data collection, processing, use and reuse, 
incentivized by the needs of AI across its life 
cycle, is a formidable challenge to the right to 
privacy [277,278].

•	 Transparency and accountability are key 
pillars for meaningful access to justice. 
Currently, there is insufficient transparency 
and explainability of many AI systems that are 
used to make decisions that impact individuals 
and communities; this creates challenges for 
legal accountability of model developers and 
organizations that deploy AI and impedes access 
to justice, rule of law and effective remedies 
when human rights are violated [279–281].
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Artificial intelligence, deepfakes and electoral 
integrity
Context: in 2024, more than 70 countries representing about half of the global population held or were 
scheduled to hold national elections [282,283]. Between July 2023 and July 2024, researchers identified 82 
deepfakes impersonating public figures across 38 countries, including 30 countries that held elections during 
the data set period or had elections planned for 2024 [284].

What happened: In one incident, AI-generated voice clones of a sitting Head of State were used in robocalls 
urging voters not to participate in a primary election [285,286].

In a separate case involving platform amplification, test accounts were reportedly shown content supporting 
one presidential candidate several times more often than content supporting a rival; the platform disputed 
these findings. This is the first time in history when presidential elections were annulled because of digital 
electoral interference.**** The determination remains the subject of ongoing legal dispute – with the role of 
platform amplification being one of several contested factors [287,288]. In an earlier parliamentary election, 
AI-generated audio impersonating an opposition figure circulated on social media shortly before voting 
[282,289]. Some experts associate recent real-world examples with AI-‍enabled interference. While others 
contest that characterization, and each case involves significant nuance, the examples above may point to a 
recurring pattern.

What it reveals: these cases span multiple continents and political systems. AI-generated content, 
coordinated online activity and algorithmic systems were used or implicated in voter suppression, 
impersonation of political figures and distortion of perceived public support. Controlled experimental research 
illustrates the underlying risk: conversational AI can meaningfully shift voter attitudes in laboratory settings, 
with one persuasion-optimized model shifting opposition voters by up to 25 percentage points; related 
research also indicates a trade-off between persuasiveness and factual accuracy [124,129].

Rights and governance implications: these dynamics implicate the rights to privacy, access to information, 
autonomous opinion formation, freedom of thought, and participation in public affairs (International Covenant 
on Civil and Political Rights, articles 17, 18, 19 and 25; European Court of Human Rights, articles 8, 9 and 10; 
and Protocol No. 1 to the Convention for the Protection of Human Rights and Fundamental Freedoms, article 
3) [290,291]. These cases suggest that many governance frameworks remain better equipped to respond 
after harm than to prevent it.

****	 The Constitutional Court of Romania annulled the election, the first such decision in European history.
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3.6 Cultural and 
individual flourishing, 
autonomy and child 
safety
Main takeaway

AI systems optimized for engagement and scale are 
not neutral: they embed primarily English-speaking 
and global North cultural assumptions that can 
actively marginalize most of the world’s population. 
Children face amplified versions of general risks, with 
AI-generated child sexual abuse material increasing 
exponentially. Companion AI use and use of AI chatbots 
for mental health advice are prevalent; far ahead of 
evidence, safety frameworks and regulation, with 
documented cases of serious harm including death.

Key points

•	 Current AI models exclude and discriminate 
against many individuals, communities and 
cultures [39].

•	 Although more than 7,000 languages are 
spoken worldwide, current AI models are trained 
and optimized for only a small fraction of them 
[44,67], (see figure VI) [292].

•	 Even models built on dozens of languages 
perform well for only a small subset 
[293,294], and recent studies indicate that 
gaps in performance between dominant and 
underrepresented languages persist and are not 
narrowing [295–297].

•	 At the same time, an estimated over 1,000 
languages already have the social, economic, 
digital and data foundations needed for 
meaningful inclusion but remain unserved [44].

•	 Achieving more inclusive AI requires systemic 
changes across the full AI life cycle, including 
addressing structural imbalances in who 
develops, defines, owns, and governs AI 

systems. It also requires investments in AI 
capacity, infrastructure, and skills across 
countries and regions, as well as more 
representative data and benchmarks.

•	 Children’s rights to information, education 
and expression could be enhanced through AI 
under appropriate safeguards and conditions 
[298–301]. Current AI systems, however, 
amplify risks to children [302,303], including the 
growing threat of AI-generated sexual abuse 
material [304,305]. Deepfake technologies are 
increasingly used to create sexualized images 
of children [306,307]. Socially interactive AI toys 
raise concerns about parasocial relationships 
and the displacement of human interaction 
critical to early child development [308–311].

•	 AI companions offer meaningful benefits 
but create significant risks of dependency, 
manipulation and harm in crisis situations 
[312–320]. Chatbots can reduce loneliness in 
the short term at levels comparable to human 
interaction [321–324]. Conversational systems 
designed for engagement can reinforce 
negative emotions, encourage overreliance 
and increase susceptibility to manipulation 
[325,326]. Extensive collection of sensitive 
personal data through what researchers call 
data extraction through intimacy presents 
serious privacy risks [327].

•	 General-purpose generative AI is widely used 
for mental health purposes, well ahead of 
safety evidence and consensus on regulation, 
with documented serious harm. Therapy 
and companionship through AI chatbots are 
reaching at least 24% of the adult population 
in the United States [328,329]. Sycophantic 
AI behaviour is especially dangerous as it 
can encourage paranoid thinking and suicidal 
ideation. Studies document harmful responses 
in 9% of interactions. Court cases allege that 
failures to appropriately respond to suicidal 
ideation have led to deaths [330]. New clinical 
terms, including AI psychosis, have entered the 
discourse [331,332].
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•	 Generative AI can help manage the mental 
health crisis when constrained to areas where 
it is demonstrably reliable [333]. Several AI-
based digital assistants have received approval 
from the Food and Drug Administration in the 
United States [334] and are used by over half of 
American psychologists [335]. The potential of 
more fully agentic AI mental health therapists 

is significant but requires further development 
and evaluation to understand how they can be 
used safely [336–338]. The gap between AI 
therapeutic capabilities in English and other 
languages is growing, with critical cultural and 
contextual awareness lost through translation-
based workarounds [339].

Availability rate

0.02 0.89 No data

Language AI availability per country, measured as the highest availability rate of HuggingFace datasets and models among the country’s native languages. 
For lingua francas—languages widely used across borders for communication beyond their country of origin (English, Spanish, Arabic, Portuguese, etc.)—the 
availability score of such a language is assigned to a country only when ≥ 50% of its population speaks it as a mother tongue. Darker shades indicate greater 
availability. The color scale uses a square-root transform to highlight variation at the lower end of the distribution, which is heavily right-skewed. Gray indicates no 
data, including countries/territories with no available datasets or models.

The boundaries and names shown and the designations used on this map do not imply official endorsement or acceptance by the United Nations. Final boundary 
between the Republic of Sudan and the Republic of South Sudan has not yet been determined. Dotted line represents approximately the Line of Control in Jammu 
and Kashmir agreed upon by India and Pakistan. The final status of Jammu and Kashmir has not yet been agreed upon by the parties. A dispute exists between the 
Governments of Argentina and the United Kingdom of Great Britain and Northern Ireland concerning sovereignty over the Falkland Islands (Malvinas). Argentina 
and the United Kingdom of Great Britain and Northern Ireland concerning sovereignty over the Falkland Islands (Malvinas).

 
Source: Adapted from Equitable Access to Artificial Intelligence Technologies (EquATE) https://equate.vercel.app/en.

Artificial intelligence data and models, availability by country’s majority native language

FIGURE VI
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3.7 Management, 
governance and 
reliability
Main takeaway

Policymakers face an evidence dilemma: they must 
make consequential AI governance decisions with 
insufficient scientific grounding now or wait for the 
evidence, when it might then be too late to intervene 
[21]. Over 40 types of governance instruments exist 
but are fragmented, concentrated at the corporate 
level and rarely measure real-world effectiveness [351].

Key points

•	 Evaluation and measurement are key capacities 
for effective AI governance but are critically 
underdeveloped (see section 2.2) [352].

•	 Rapid advances in agentic systems further 
exacerbate these shortcomings [353]. The 
next generation of evaluation frameworks will 
need to be adaptive, dynamic, system-level, and 
context-relevant [354].

•	 The unit of evaluation must be the deployed 
system including model, tools, environment and 
users, not the model alone [355].

•	 AI capabilities are increasing faster than the 
ability to measure them [354].

•	 Capacity is multidimensional and currently 
undermeasured. Standard frameworks count 
inputs: investments, training programmes 
and institutions. They miss two dimensions 
essential to effective AI governance: (1) enabling 
ecosystems and (2) deliberate human capability 
building [291]. Capacity must also be understood 
as an outcome of the AI life cycle, shaped by 
AI impacts on skill, overreliance and emergent 
behaviours, not only as its inputs [356–358].

Artificial intelligence leaves most languages 
behind
Generative AI systems perform remarkably well in English and in a handful of other widely used languages. 
Most other languages are either excluded or have much lower performance [340].

In Tigrinya, spoken by 7 to 9 million people in Eritrea and northern Ethiopia, machine translation has rendered 
smallpox as syphilis, gonorrhoea as diabetes and “You have been given intravenous antibiotics” as “You have 
been given intravenous insecticides” [341]. These mistranslations can be life-threatening.

A recent review of natural language processing for African languages in healthcare found that, despite 
advances in multilingual AI tools [342–344], major challenges remain. These include cultural and linguistic 
bias, poor adaptation to medical contexts, limited explainability and translation errors that can affect 
diagnosis and treatment decisions [345–350].

The evidence suggests that AI systems are not ready for use in high-stakes settings unless they have been 
properly adapted, constrained and tested for the relevant linguistic and cultural contexts.
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•	 Frontier AI is concentrated in a few companies 
in a few countries, posing reliability and 
accessibility issues globally [18,359]. Unequal 
access to AI significantly widens the digital 
divide while the technology also offers 
opportunities to narrow the development 
divide. Closing the digital divide will require new 
mechanisms for contextualizing the entire AI 
life cycle from design through governance.

•	 Agentic systems widen the measurement 
and governance gap significantly. Agents act 
on behalf of humans with direct real-world 
impact, but oversight methodologies calibrated 
to an agent’s capacity for independent action 
and emergent behaviour are underdeveloped. 
Existing evaluations systematically mis-
measures agentic risk [106,360].

•	 Human oversight is not operationalized as a 
measurable requirement [361]; emergent multi-
agent risks cannot be detected through single-
agent evaluation [362,363], and reliable methods 
for retaining control over highly autonomous 
systems remain underdeveloped [364].

•	 A balanced approach to AI governance 
would draw on a wide instrument spectrum, 
combining hard law (binding legislation, sectoral 
regulation, regulatory sandboxes) with soft-
law mechanisms (codes of ethics, voluntary 
developer commitments, industry alliances, 
technical standards, government-endorsed 
guidelines). 

•	 Current AI governance instruments are 
fragmented, concentrated at the corporate 
level and insufficient [21]. Over 40 types of 
instruments exist but are neither systematic nor 
comprehensive and rarely measure real-world 
effectiveness. Some have no measurement 
tools; others measure only inputs [365]. Without 
effective measurement, governance risks are 
becoming symbolic.

•	 Platforms for structured dialogue between 
frontier AI developers, member states, 
and the scientific community are critical. 
Such discussions already take place at AI 
summits (Bletchley, Seoul, Paris, New Delhi) 
or conferences (World Artificial Intelligence 
Conference, AI Journey Conference, AI for 
Good Global Summit). Other venues operate 
alongside them: standards bodies (International 
Organization for Standardization/International 
Electrotechnical Commission Joint Technical 
Committee 1, Subcommittee 42 (Artificial 
Intelligence) (ISO/IEC JTC 1/SC 42), Institute 
of Electrical and Electronics Engineers (IEEE)), 
the OECD–general purpose AI partnership, 
International AI Alliance Network, the AI Safety 
Institutes Network and the industry-led Frontier 
Model Forum – but each is thematic, partial 
and ad hoc and more sustained processes are 
needed.

•	 A United Nations-based platform is also 
one promising option to host this dialogue 
on a continuous, universally inclusive basis, 
complementary to the venues above. 
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Open-source artificial intelligence
Open-source AI is a critical pillar of the modern technological landscape and can catalyse distributed global 
innovation [366]. Open-source AI models offer wide-ranging societal benefits by empowering developers 
to amortize colossal computational resources and adapt advanced systems to localized contexts. In the 
global South, open-weights models have enabled developers to optimize highly capable base models for 
local environmental conditions, enabling critical applications in agriculture and healthcare, such as crop-
yield prediction [367] and point-of-care medical imaging [368]. Shared artifacts also mitigate the aggregate 
environmental impact of AI. Moreover, the structural transparency of such systems facilitates public 
trustworthiness, as it permits external oversight and auditability [369].

Historical development

The historical development of open-source AI demonstrates a shift from closed corporate systems towards 
distributed, collaborative innovation on a global scale. A landmark precedent was the development of the 
BLOOM open-source model in 2022, produced by the BigScience consortium [370], followed by the publication 
of the powerful open-weight Llama family of models [371] and the release of the Gemma series. A powerful 
impetus came from Chinese developers’ highly competitive alternative ecosystem Qwen [372,373] and the 
release of DeepSeek-V3 [374] and R1 [375]. At present, entire regions are also actively contributing to the 
development of open-weight AI: Mistral in Europe [376], Falcon in the United Arab Emirates [377], GigaChat 
[378] and YandexGPT [379] in the Russian Federation, alongside projects in India [380], Japan [381], Republic 
of Korea [382] and others.

Control challenges and risk governance

High-capability open source models are difficult to control [383]. Gated or retracted access is not possible 
once a model has been released into the open domain, leaving the possibility of malicious application (for 
instance, facilitating persistent cyberharms, such as the automated generation of sophisticated malware) 
[21,384]. Significant global capacity-building is required to ensure local communities can safely adapt and 
assess AI systems. Researchers also consistently advocate for rigorous measurement and evaluation 
protocols to assess a model’s safety prior to publication [385]. International bodies like the United Nations 
can play a critical role in coordinating global standards, ensuring that the drive for open innovation is balanced 
against the need for harmonized safety benchmarks and robust measurement of immutable risks.
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4. Gaps and next steps

4.1. Evidence gaps
The evidence base on several aspects of AI is uneven 
or insufficient. The following are example areas 
where the Panel cannot yet draw confident scientific 
conclusions.

•	 Macroeconomics and productivity. Science 
cannot yet say with confidence whether the 
task-level of AI productivity gains will aggregate 
to economy-wide gains. Forecasts diverge 
significantly due to different assumptions 
about adoption and new task creation. Current 
evidence measures cost reductions in existing 
tasks better than it measures the contribution of 
AI to new goods, services and markets.

•	 Labour-market effects. Current research does 
not allow a clear conclusion about the shape 
of labour-market effects. Historical evidence 
shows economies can create new work, but 
it is not automatically broad-based or high 
quality, leaving early-career workers potentially 
exposed.

•	 Malicious use of chemical and biological 
technologies by non-State actors. Studies show 
that AI is progressively lowering the expertise 
threshold for developing and deploying 
bioengineered agents – yet the actual extent of 
this risk and the conditions under which it could 
give rise to intentionally created pandemics, 
remain poorly understood.

•	 Environment and resources. The rapid 
expansion of AI is driving demand for digital 
infrastructure, increasing energy and water 
consumption, greenhouse gas emissions, 
pressure on critical mineral supply chains 
and e-waste [386]. However, standardized 
measurement and reporting across the full AI 
life cycle remain lacking.

•	 The global AI supply chain. It spans raw-
material extraction, chip manufacturing, data 
collection and annotation, model training, 
infrastructure, deployment and hardware 
disposal across countries. Further investigation 
is needed to better understand its full impacts.

•	 Effectiveness of governance instruments. 
While the Panel has inventoried governance 
instruments across corporate, national and 
international layers, the evidence of their real-
world effectiveness remains thin.

•	 Effects at the individual and collective level. 
Evidence of the impact of AI on cultural and 
human flourishing and autonomy is still 
emerging. The pathway from individual-level AI 
interactions to societal-level outcomes such as 
epistemic erosion, civic participation and social 
cohesion remains poorly understood. Existing 
evidence captures snapshots – engagement 
metrics, documented harms, case studies – but 
not the cumulative trajectory. 

4.2. Scope of mandate
Military applications of AI and lethal autonomous 
weapons systems are not addressed by the Panel 
in the present report. General Assembly resolution 
79/325 explicitly limits the activities of the Panel to the 
non-military domain: “activities of the Panel and the 
Dialogue are limited to the non-military domain and do 
not refer to artificial intelligence for military purposes”. 
For this reason, risks related to malicious use of 
chemical and biological technologies to the extent that 
they concern military domain are also considered to 
fall outside the Panel’s mandate.
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4.3. Next steps
This preliminary report marks the beginning, not the 
end, of the work of the Panel. The Panel will continue 
to deepen its scientific evidence base through 
structured consultations and close engagement with 
the scientific community. Concrete next steps include:

1.	 Thematic briefs. General Assembly resolution 
79/325 explicitly provides for the issuance of 
thematic briefs in addition to the annual report. 
The Panel plans to issue specialized briefs on 
pressing issues as they arise, including but 
not limited to: AI and the environment; AI and 
child safety; AI governance instruments and 
the evaluation of their effectiveness, or broader 
sectoral briefs on the applications of AI in 
space, quantum, legal and judicial systems, as 
well as financial markets.

2.	 Input from the Global Dialogue. The Panel will 
take into account the outcomes of the Global 
Dialogue on Artificial Intelligence Governance 
and stands ready to take on new tasks as set by 
Member States.
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regional groups of Member States across disciplines including core technical AI, applied AI, safety and infrastructure, 
and AI policy, ethics and impact.

The Panel is mandated to issue evidence-based scientific assessments synthesizing and analysing existing 
research related to the opportunities, risks and impacts of AI through an annual policy-relevant but non-prescriptive 
summary report including thematic briefs as it deems necessary. Its scientific work is to be guided by principles of 
independence, scientific credibility and rigor, multidisciplinary and inclusive participation.

The Panel is also mandated to present its annual summary report at the United Nations Global Dialogue on Artificial 
Intelligence Governance. By informing the Global Dialogue and broader international processes, the Panel enables 
the global community to anticipate emerging challenges, make better-informed governance decisions, and level the 
information playing field for policymakers worldwide.

The Panel is supported by the Panel Secretariat coordinated by the United Nations Office for Digital and Emerging 
Technologies.

Process toward the present report

In the three months since the Panel’s first meeting in March 2026, following their appointment in February 2026, the 
Panel worked intensively to deliver the present report. This intensive process of scientific exchange and collective 
analysis included a three-day in-person plenary meeting and over 60 virtual meetings of the Panel, facilitated by its 
elected Co-Chairs.

This preliminary report baseline establishes a foundation for wider consultation with external experts and subsequent 
thematic briefs and annual summary reports.
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Scientific independence of the Panel

Panel members serve in their personal capacity as scientifically independent experts. Through their designation as 
United Nations experts on mission, each has declared and promised not to seek or accept instructions in regard to 
the performance of their duties from any Government or other source. The Regulations Governing the Status, Basic 
Rights and Duties of Experts on Mission (ST/SGB/2002/9) also include regulations concerning their conduct and 
accountability.
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