


351

Artificial Intelligence
Index Report 2025

Table of Contents Chapter 6 Preview

Figure 6.2.20

6.2 AI and Policymaking
Chapter 6: Policy and Governance



352

Artificial Intelligence
Index Report 2025

Table of Contents Chapter 6 Preview

Highlight:  

A Closer Look at US Federal Regulations
The following section highlights some of the AI-related regulations passed as rules and executive orders at the federal 
level during 2024 (Figure 6.2.21). 

Agency Regulation Description

Executive Office of 
the President

Preventing Access to Americans’ 
Bulk Sensitive Personal Data 
and United States Government–
Related Data by Countries of 
Concern

This executive order identifies AI use by countries of concern as a 
significant national security threat. It specifically warns of foreign 
adversaries exploiting bulk sensitive personal and U.S. government–
related data to refine AI algorithms for espionage, cyber 
operations, and influencing campaigns. To counter this risk, the 
order implements measures to safeguard sensitive data, including 
restrictions or bans on data transactions with these countries and 
strengthened network infrastructure security.

Industry and 
Security Bureau

Foreign-Produced Direct Product 
Rule Additions, and Refinements 
to Control for Advanced 
Computing and Semiconductor 
Manufacturing Items

This rule amends the U.S. Export Administration Regulations to 
tighten controls on semiconductor manufacturing equipment and 
supercomputer exports, particularly to China. It introduces additional 
restrictions on semiconductor production, revises existing measures, 
and implements “Red Flags” to identify risks of unauthorized exports. 
These changes aim to counter China’s efforts to circumvent previous 
restrictions and limit its ability to develop advanced computing and 
AI systems that could threaten U.S. national security.

Consumer Financial 
Protection Bureau

Consumer Financial Protection 
Circular 2024–06: Background 
Dossiers and Algorithmic Scores 
for Hiring, Promotion, and Other 
Employment Decisions

This rule mandates that employers cannot base employment 
decisions on background dossiers, algorithmic scores, or third-party 
reports without complying with the Fair Credit Reporting Act. It 
reinforces key obligations, particularly for AI-driven systems, such as 
obtaining a worker’s consent before procuring a consumer report. By 
doing so, the rule sets clear limits on the use of algorithmic scoring in 
hiring and employment decisions.

Federal Election 
Commission

Fraudulent Misrepresentation of 
Campaign Authority

This interpretive rule offers supplemental guidance on the Federal 
Election Campaign Act (FECA) in response to the rise of AI-
generated content. It reaffirms that FECA is “technology neutral” and 
focuses on whether a person or entity engages in election-related 
misrepresentation rather than specifically addressing AI misuse.

Office of 
Investment Security, 
Department of the 
Treasury

Provisions Pertaining to U.S. 
Investments in Certain National 
Security Technologies and 
Products in Countries of Concern

This final rule implements Executive Order 14105, mandating that 
U.S. persons notify the Treasury Department of transactions with 
entities in countries of concern involved in sensitive technologies 
that threaten national security. It also prohibits certain transactions 
with these entities. Issued in 2023, the order targets U.S. investments 
in high-risk technologies, including AI, semiconductors, and 
quantum computing, recognizing them as critical sectors where such 
investments could heighten security threats from adversarial nations.

Figure 6.2.21
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https://www.federalregister.gov/documents/2024/03/01/2024-04573/preventing-access-to-americans-bulk-sensitive-personal-data-and-united-states-government-related
https://www.federalregister.gov/documents/2024/03/01/2024-04573/preventing-access-to-americans-bulk-sensitive-personal-data-and-united-states-government-related
https://www.federalregister.gov/documents/2024/03/01/2024-04573/preventing-access-to-americans-bulk-sensitive-personal-data-and-united-states-government-related
https://www.federalregister.gov/documents/2024/03/01/2024-04573/preventing-access-to-americans-bulk-sensitive-personal-data-and-united-states-government-related
https://www.federalregister.gov/documents/2024/03/01/2024-04573/preventing-access-to-americans-bulk-sensitive-personal-data-and-united-states-government-related
https://www.federalregister.gov/documents/2024/12/05/2024-28270/foreign-produced-direct-product-rule-additions-and-refinements-to-controls-for-advanced-computing
https://www.federalregister.gov/documents/2024/12/05/2024-28270/foreign-produced-direct-product-rule-additions-and-refinements-to-controls-for-advanced-computing
https://www.federalregister.gov/documents/2024/12/05/2024-28270/foreign-produced-direct-product-rule-additions-and-refinements-to-controls-for-advanced-computing
https://www.federalregister.gov/documents/2024/12/05/2024-28270/foreign-produced-direct-product-rule-additions-and-refinements-to-controls-for-advanced-computing
https://www.federalregister.gov/documents/2024/12/05/2024-28270/foreign-produced-direct-product-rule-additions-and-refinements-to-controls-for-advanced-computing
https://www.federalregister.gov/documents/2024/11/12/2024-26099/consumer-financial-protection-circular-2024-06-background-dossiers-and-algorithmic-scores-for-hiring
https://www.federalregister.gov/documents/2024/11/12/2024-26099/consumer-financial-protection-circular-2024-06-background-dossiers-and-algorithmic-scores-for-hiring
https://www.federalregister.gov/documents/2024/11/12/2024-26099/consumer-financial-protection-circular-2024-06-background-dossiers-and-algorithmic-scores-for-hiring
https://www.federalregister.gov/documents/2024/11/12/2024-26099/consumer-financial-protection-circular-2024-06-background-dossiers-and-algorithmic-scores-for-hiring
https://www.federalregister.gov/documents/2024/11/12/2024-26099/consumer-financial-protection-circular-2024-06-background-dossiers-and-algorithmic-scores-for-hiring
https://www.federalregister.gov/documents/2024/09/26/2024-21983/fraudulent-misrepresentation-of-campaign-authority
https://www.federalregister.gov/documents/2024/09/26/2024-21983/fraudulent-misrepresentation-of-campaign-authority
https://www.federalregister.gov/documents/2024/11/15/2024-25422/provisions-pertaining-to-us-investments-in-certain-national-security-technologies-and-products-in
https://www.federalregister.gov/documents/2024/11/15/2024-25422/provisions-pertaining-to-us-investments-in-certain-national-security-technologies-and-products-in
https://www.federalregister.gov/documents/2024/11/15/2024-25422/provisions-pertaining-to-us-investments-in-certain-national-security-technologies-and-products-in
https://www.federalregister.gov/documents/2024/11/15/2024-25422/provisions-pertaining-to-us-investments-in-certain-national-security-technologies-and-products-in
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6.3 Public Investment in AI11

As AI continues to drive innovation in critical sectors such as 
healthcare, transportation, and defense, public funding has 
become essential for nations to realize their AI strategies. 
Understanding how much governments invest in AI research 
and development (R&D) is important for understanding 
the broader AI geopolitical landscape, yet tracking these 
investments presents significant challenges. While national 
budgets may outline AI-related spending, these allocations 
do not always translate directly into expenditures. Moreover, 
AI investments are often embedded within broader 
scientific or technological initiatives. As a result, pinpointing 
AI-specific funding can be difficult. 

To address this, the AI Index leveraged natural language 
processing (NLP) techniques to analyze public tenders and 
contracts and to identify AI-related government spending in 
countries across the world.12 Examining tenders provides a 
more direct measure of investment trends and offers insight 
into how governments allocate resources over time. Because 
the AI Index only analyzed countries for which public contract 
and tenders data was publicly available, some countries 
could not be analyzed.13 This section also presents an analysis 
of total AI grant spending in the United States.

The AI Index cautions against making direct country-to-
country comparisons based on the public spending data 
presented in this section. While this analysis includes 
data on government contracts from a range of countries, 
it only covers grant-level spending for the United States. 
This asymmetry stems from the complexity and difficulty 
of collecting comparable grant data from other countries 
and regions, such as the European Union and China. 
However, as the U.S. case demonstrates, a significant share 
of government spending on AI occurs through grants. In 
2023 alone, the AI Index estimates that the U.S. government 
awarded approximately $830 million in AI-related public 
tenders, compared to $4.5 billion in AI-related grants. Given 
the current limitations in cross-national data availability and 
consistency, comparative analysis of public AI spending 
across countries remains premature. This analysis is 
intended as an initial step toward more comprehensive 
global coverage. The AI Index is committed to expanding 
this work and welcomes collaboration from researchers, 
institutions, and governments interested in improving the 
scope and quality of this data.

6.3 Public Investment in AI
Chapter 6: Policy and Governance

11 The analysis in this section was led by Lapo Santarlasci.

12 The full methodology behind this analytical approach is detailed in the Appendix. Due to reporting lags that may result in incomplete data for 2024, the most up-to-date analysis is available 
for the end of 2023.

13 Some major government AI contract-granting regions, such as the EU (at the aggregate level) and China, were excluded from this analysis due to data limitations. The AI Index is committed 
to expanding its scope to include these and other regions in future editions. 

https://www.imtlucca.it/en/lapo.santarlasci
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Total AI Public Investments
Figure 6.3.1 summarizes key figures on the number of AI-
related contracts and their value at the country level.14 From 
2013 to 2023, the United States was the leading nation, 
with about $5.2 billion distributed across 2,678 unique AI 

contracts (Figure 6.3.1 and Figure 6.3.2). In Europe, the 
United Kingdom, Germany, and France stand out with the 
highest total contract values awarded, accounting for 56% of 
European public investments in AI. 
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Figure 6.3.1

14 The results and figures presented are subject to missing values ratios of the specific sample of matched tenders: 0.16% for NAICS code, and 26.8% for U.S. dollar values. It is important to 
note that the sample does not include Northern Ireland tenders, as their offices do not offer an API service or bulk download option for large-scale data collection.
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Figure 6.3.3
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Figure 6.3.2
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Which governments spent the most on AI per capita over the past decade? The United States leads with $1.58 million per 100,000 
inhabitants, followed by Finland ($1.3 million) and Denmark ($1.3 million) (Figure 6.3.4).
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Figure 6.3.4
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Figure 6.3.5 illustrates public investment in AI in 2023. The 
U.S. led with $831.0 million, followed by the United Kingdom at 
$262.6 million. While Germany, Spain, and the U.K. remained 
among Europe’s top investors, countries that historically 

ranked lower—such as Romania, Greece, Hungary, and 
Poland—broke into the top 10. This shift suggests a more 
balanced distribution of AI-related funding across Europe.
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Figure 6.3.5
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Figure 6.3.6 illustrates the trends in public AI investment 
over time across two significant regions of AI investment, the 
United States and Europe. Both regions have seen substantial 
growth in AI-related spending over the past decade. Notably, 
Europe’s total AI investment in 2023 was approximately 67 
times higher than in 2013, compared to a fifteenfold increase 
in the United States. Europe experienced particularly sharp 

increases in investment, with a 400% year-over-year increase 
in 2017, followed by another major spike of 200% year-over-
year in 2019—a year that also saw a peak in the number of 
national AI strategies released globally. This sustained upward 
trend illustrates how government interest and commitment 
to AI is growing in monetary terms. 
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Figure 6.3.6
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Figure 6.3.7 charts the investment gap between Europe and 
the U.S. over time. The disparity in AI investment widened 
until 2020 but has narrowed over the past three years, 

indicating that European nations are closing the gap in total 
AI-related public spending.
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Figure 6.3.7
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Figure 6.3.8 documents public investment trends from 2013 
to 2023 across the top five European countries—Belgium, 
France, Germany, Spain, and the U.K. The data reveals a 
steady increase in investment, marked by periodic peaks. 
Germany experienced substantial growth, particularly in 
2019, following the launch of its national AI strategy in 
November 2018. The U.K. saw sharp increases in AI-related 

public investment in both 2021 and 2023. These investments 
followed the proposition of a national AI strategy by the AI 
Council—an independent expert committee established 
in 2019 to advise the government and provide high-level 
leadership of the AI ecosystem. Meanwhile, Belgium, France, 
and Spain exhibited more modest but consistent growth.
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Figure 6.3.8
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https://assets.publishing.service.gov.uk/media/614db4d1e90e077a2cbdf3c4/National_AI_Strategy_-_PDF_version.pdf
https://assets.publishing.service.gov.uk/media/614db4d1e90e077a2cbdf3c4/National_AI_Strategy_-_PDF_version.pdf
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Spending Across Agencies and Sectors
The distribution of public tender investments in AI reflects 
stark contrasts between the U.S. and Europe, driven by 
differing strategic priorities and institutional structures. As 
shown in Figure 6.3.9, the U.S. has allocated the majority of AI 
contracts since 2013 to the Department of Defense. This fact 
is unsurprising given the central role the American defense 
sector has played in American technological innovation. In 
2023, the Department of Defense (75.0%) was followed by the 

Department of Veterans Affairs (6.8%) and the Department of 
the Treasury (5.3%). 

While the Department of Veterans Affairs may seem like an 
outlier, it has made significant investments in recent years—
in areas that include the use of AI for diagnosis, robotic 
prostheses, and mental health. 
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In Europe, AI investment through public tenders follows 
a markedly different pattern. Given the lack of aggregated 
data comparable to that of the U.S., the AI Index categorized 
European funding entities by their central activity. As shown 
in Figure 6.3.10, there is a more balanced distribution of 
investments in Europe. The top funding areas—general 

public services, education, and health—collectively account 
for around 84% of total public AI investments in 2023. In the 
same year, defense accounted for only 0.84% of all European 
AI-related public tenders. This stands in stark contrast to the 
U.S., where defense overwhelmingly dominates AI funding. 
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Figure 6.3.10
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Highlight:  

AI Grant Spending in the US
Public grants also represent a key avenue through which 
governments allocate resources to AI-related projects 
and initiatives. Public institutions can directly invest in 
AI-related projects such as enhancing X-ray angiography 
interpretation, building AI-driven unmanned aircraft 
systems for automated soil monitoring, or developing tools 
for interpretable machine learning. Research grants can 
be disbursed to organizations like the National Science 
Foundation or the Department of Health and Human 
Services (which includes NIH) to conduct AI-focused 
research. In this section, the AI Index examined data on 
grants in the U.S. allocated to AI-specific endeavors. 
As in the previous section, the AI Index employed NLP 
methodologies to identify AI-related grants.15

Figure 6.3.11 displays aggregate data on AI-related grant 
spending in the U.S. from 2013 to 2023. In that period, a 
total of roughly $19.7 billion was allocated by the U.S. 
government for AI-related grants. 

15 The full methodology behind this approach can be found in the Appendix.
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Source: AI Index, 2025 | Chart: 2025 AI Index report

Figure 6.3.11

Figure 6.3.12

Figure 6.3.12 illustrates the steady rise in AI-related grant 
funding over time. Between 2013 and 2023, total AI grant 
funding in the U.S. grew nearly nineteenfold, from $230 
million to $4.5 billion. From 2014 to 2020, investments saw 
an average annual growth rate of 40%. This rapid expansion 
coincided with major advancements in AI technologies—
such as deep learning, natural language processing, and 
computer vision—which likely fueled demand for public-
sector AI applications and drove increased funding for 
related projects.
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https://www.usaspending.gov/award/ASST_NON_R44HL140794_7529/
https://www.usaspending.gov/award/ASST_NON_20236702138977_12H3/
https://www.usaspending.gov/award/ASST_NON_2015400_4900/
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AI Grant Spending in the US (cont’d)
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Figure 6.3.13 illustrates the distribution of AI contract 
values by funding agencies in the U.S. from 2013 to 2023. 
The greatest share of AI-related grants was allocated to 

the Department of Health and Human Services (43.6%), 
followed by the National Science Foundation (27.9%) and 
the Department of Commerce (5.4%). 
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AI has entered the public consciousness through generative AI’s impact on work—
enhancing efficiency and automating tasks—but it has also driven innovation in 
education and personalized learning. Still, while AI promises benefits, it also poses 
risks—from hallucinating false outputs to reinforcing biases and diminishing critical 
thinking. With the AI education market expected to grow substantially, ethical concerns 
about the technology’s misuse—AI tools have already falsely accused marginalized 
students of cheating—are mounting, highlighting the need for responsible creation 
and deployment. 

Addressing these challenges requires both technical literacy and critical engagement 
with AI’s societal impact. Expanding AI expertise must begin in K–12 and higher 
education in order to ensure that students are prepared to be responsible users and 
developers. AI education cannot exist in isolation—it must align with broader computer 
science (CS) education efforts. This chapter examines the global state of AI and CS 
education, access disparities, and policies shaping AI’s role in learning.

This chapter was a collaboration prepared by the Kapor Foundation, CSTA, PIT-UN 
and the AI Index. The Kapor Foundation works at the intersection of racial equity and 
technology to build equitable and inclusive computing education pathways, advance 
tech policies that mitigate harms and promote equitable opportunity, and deploy 
capital to support responsible, ethical, and equitable tech solutions. The CSTA is a 
global membership organization that unites, supports, and empowers educators to 
enhance the quality, accessibility, and inclusivity of computer science education. The 
Public Interest Technology University Network (PIT-UN) fosters collaboration between 
universities and colleges to build the PIT field and nurture a new generation of civic-
minded technologists.

Overview
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Chapter Highlights

1. Access to and enrollment in high school CS courses in the U.S. has increased slightly from the previous 
school year, but gaps remain. Student participation varies by state, race/ethnicity, school size, geography, income, 
gender, and disability.

4. Graduates who earned their master’s degree in AI in the U.S. nearly doubled between 2022 and 2023. 
While increased attention on AI will be slower to emerge in the number of bachelor’s and PhD degrees, the surge in master’s 
degrees could indicate a future trend for all degree levels.

2. CS teachers in the U.S. want to teach AI but do not feel equipped to do so. Despite 81% of CS teachers 
agreeing that using AI and learning about AI should be included in a foundational CS learning experience, less than half of high 
school CS teachers felt equipped to teach AI.

3. Two-thirds of countries worldwide offer or plan to offer K–12 CS education. This fraction has doubled since 
2019, with African and Latin American countries progressing the most. However, students in African countries have the least 
access to CS education due to schools’ lack of electricity.

5. The U.S. continues to be a global leader in producing information, technology, and communications 
(ICT) graduates at all levels. Spain, Brazil, and the United Kingdom follow the U.S. as the top producers at various levels, 
while Turkey boasts the best gender parity.
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7.1 Background
To expand our understanding of the current state of AI 
education, it is imperative to differentiate between AI in 
education, AI literacy, and AI education (see Figure 7.1.1). 
AI in education is the usage of AI tools in the teaching and 
learning process while AI literacy refers to the foundational 
understanding of AI—how it works, how to use it, and the 

risks of using it. AI education encompasses AI literacy plus 
students’ proficiency in the technical skills required to build 
AI (data analyses undergirding AI technologies, identifying 
and mitigating data biases, etc.). For the purposes of this 
chapter, the data presented covers AI education. 

Figure 7.1.1

7.1 Background
Chapter 7: Education

https://www.nationalacademies.org/event/43705_10-2024_k-12-education-in-the-age-of-ai-the-role-of-the-social-sciences-in-shaping-learning-designs-for-a-transformative-technological-era
https://www.nationalacademies.org/event/43705_10-2024_k-12-education-in-the-age-of-ai-the-role-of-the-social-sciences-in-shaping-learning-designs-for-a-transformative-technological-era
https://www.nationalacademies.org/event/43705_10-2024_k-12-education-in-the-age-of-ai-the-role-of-the-social-sciences-in-shaping-learning-designs-for-a-transformative-technological-era
https://doi.org/10.1016/j.caeai.2021.100041
https://doi.org/10.1145/3626252.3630937
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The world faces significant challenges 
in developing a robust and diverse 
workforce when disparities in 
infrastructure, access to resources and 
courses, and participation in high quality 
coursework continue to exacerbate 
vast inequities in K–12 students’ ability 
to contribute to a technology-enabled 
future. While it is difficult to accurately 
estimate the extent of the problem due 
to the unstandardized nature of data 
collection and metrics development, 
this section focuses on the earliest 
stage in the computing pipeline by 
examining the current status of K–12 
CS and AI education with existing 
global data.
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Figure 7.2.1

7.2 K–12 CS and AI Education
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7.2 K–12 CS and AI Education1

United States
To begin exploring the prevalence and quality of AI education within the United 
States, it is important to start with the CS education landscape in its earliest stages 
almost a decade ago. With the launch of President Barack Obama’s “Computer 
Science for All” initiative in 2016, billions in investments were provided to ensure that 
all K–12 students learn CS to become creators in the digital economy and responsible 
citizens of a technology-driven society. The federal funding was dedicated to 
enhancing professional learning efforts, improving instructional resources, and 
building effective regional partnerships toward expanding CS education access. The 
National Science Foundation also led the development and implementation of two 
new computing courses (Exploring Computer Science and AP Computer Science 
Principles) aimed at engaging a broader group of students in computing. At the same 
time, the technology industry and philanthropy invested millions in national efforts to 
introduce millions of students across the country to CS. 

Foundational Computer Science 
In the past decade, educational 
advocates have implored policymakers 
to adopt legislation to improve access 
to CS education. These efforts have 
paid off. In the 2017–18 academic year, 
35% of U.S. high schools offered CS, 
which increased to 60% of U.S. high 
schools in 2023–24. However, national 
trends can obscure the reality that 
prioritization of CS education varies 
by state. For example, 100% of high 
schools in Arkansas and Maryland offer 
CS, compared to only 31% in Montana 
(Figure 7.2.1). 

1 Since AI has historically been studied under CS, this chapter references CS education data when AI-specific data is unavailable.

https://obamawhitehouse.archives.gov/blog/2016/01/30/computer-science-all
https://obamawhitehouse.archives.gov/blog/2016/01/30/computer-science-all
https://code.org/assets/advocacy/stateofcs/2018_state_of_cs.pdf
https://code.org/assets/advocacy/stateofcs/2024_state_of_cs.pdf
https://code.org/assets/advocacy/stateofcs/2024_state_of_cs.pdf
https://link.springer.com/chapter/10.1007/978-3-031-43393-1_19
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Significant gaps remain in equitable access to CS education, 
with some student groups left behind. In the 2023–24 
academic year, students eligible for free or reduced-price 

lunch (FRL); those in small schools; students living in urban 
and rural areas; and Native students were less likely to have 
access to CS education (Figures 7.2.2, 7.2.3, 7.2.4, and 7.2.5).

Figure 7.2.2 Figure 7.2.3

Figure 7.2.4

7.2 K–12 CS and AI Education
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Public high school enrollment in CS (% of students), 2024Data about participation in CS 
across 41 states indicates lags in 
student engagement with courses. 
In the 2020–21 academic year, 
only 5.1% of high school students 
participated in CS, with a marginal 
increase to 6.4% in 2023–24. Similar 
to CS access, CS participation 
varies highly between states—with 
26% of high school students in 
South Carolina enrolled in CS but 
only 2% enrolled in Florida, Arizona, 
and Idaho (Figure 7.2.6). 
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Figure 7.2.5

Figure 7.2.6
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An analysis of CS enrollment by race and ethnicity shows 
that efforts to expand access have resulted in near or above 
proportional representation for Black, Native American/
Alaskan, and white students at the national level (Figure 
7.2.7). However, data gaps—particularly from nine states—
warrant caution in viewing these trends as complete. Girls are 

underrepresented relative to their share of the K–12 population. 
Additionally, Hispanic and Native Hawaiian/Pacific Islander 
students, students with individualized education programs 
(IEPs), those eligible for free or reduced-price lunch, and 
English language learners remain underrepresented nationally 
(Figure 7.2.7 and Figure 7.2.8).
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Figure 7.2.7
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Advanced Computer Science
In order to build students’ AI competencies, it is essential 
to offer access to advanced coursework in addition to 
foundational courses. While AI is not specifically covered in 
Advanced Placement (AP) CS A, AP CS Principles (AP CS 
P) does address some AI content areas. Because AP CS P 
was designed to attract a broader class of students, the 
potential exists to expose a diverse student population to AI 
topics. Yet, despite the growth in raw numbers of students 

participating in the AP CS exam (Figure 7.2.9), students 
do not participate in proportion to their racial and ethnic 
representation in the general student body (Figure 7.2.10 
and Figure 7.2.11). Asian students, white boys, and multiracial 
students are overrepresented in the population of students 
who take AP CS exams, while all other student groups are 
underrepresented (Figure 7.2.12).

2 A student with a 504 plan receives accommodations under Section 504 of the Rehabilitation Act of 1973, a U.S. civil rights law that prohibits discrimination against individuals with 
disabilities. A student with an IEP (individualized education program) receives special education services under the Individuals with Disabilities Education Act. An IEP is a legally binding 
document that outlines a learning plan for a student with a disability designed to meet their unique needs and improve educational outcomes.
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Figure 7.2.82

https://apcentral.collegeboard.org/courses/ap-computer-science-principles
https://apcentral.collegeboard.org/courses/ap-computer-science-principles
https://apcentral.collegeboard.org/media/pdf/ap-csp-and-stem-cs-pipelines.pdf
https://apcentral.collegeboard.org/media/pdf/ap-csp-and-stem-cs-pipelines.pdf
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Education Standards and Guidance
Federal guidance issued thus far has focused on AI in 
education rather than AI education. The U.S. Department 
of Education’s Office of Educational Technology released a 
series of reports about AI in education in 2023 and 2024. One 
of the reports focuses on recommendations for educational 
technology developers, and two of them are intended for 
educators, educational leaders, and policymakers. The most 
recent report, from October 2024, offers guidance on the 
safe and effective implementation of AI in K–12 schools. 

As of January 2025, 26 states have issued guidance on AI in 
education. And while there is considerable overlap between 
CS and AI education content and what teachers currently 
cover in the classroom, K–12 CS standards contain minimal 
AI content. The Computer Science Teachers Association 
(CSTA) K–12 standards, last published in 2017, contain 

only two standards at the advanced high school level that 
specifically require AI knowledge. However, existing CS 
standards support foundational AI knowledge and skills, 
covering topics such as perception, data structures, and 
algorithms. The U.S. state-adopted K–12 CS standards 
averaged 97% coverage of the same subconcepts as the 
CSTA standards, indicating strong national coherence in CS 
instruction. Among the 44 states that have adopted K–12 CS 
standards, 33 have AI-specific standards, which are generally 
minimal, aligned to the CSTA standards, and focused on high 
school grades (Figure 7.2.13).3 Four of these states recently 
adopted more significant AI-specific standards that span 
grades K–12: Colorado (2024), Florida (2024), Ohio (2022), 
and Virginia (2024), while Arkansas has defined standards for 
a high school AI and machine learning course.

7.2 K–12 CS and AI Education
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3 This project is supported by the National Science Foundation (NSF) under Grant No. 2311746. Any opinions, findings, and conclusions or recommendations expressed in this material are 
those of the author(s) and do not necessarily reflect the views of the NSF.

https://drive.google.com/file/d/1ZWi00scFejc5kwi2eCd-bP-GI8Z0xkK5/view?usp=sharing
https://www.teachai.org/policy-tracker
https://csteachers.org/k12standards/interactive/
https://csteachers.org/k12standards/interactive/
https://reimaginingcs.org/Standards-Comparison
https://www.cde.state.co.us/apps/standards/60012,60005,60047/60012,60006,60047/60012,60007,60047/60012,60038,60047/60012,60015,60047/
https://www.fldoe.org/academics/standards/subject-areas/computer-science/standards.stml
https://education.ohio.gov/getattachment/Topics/Learning-in-Ohio/Computer-Science/Ohio-s-Learning-Standards-in-Computer-Science/OCS_Adopted-2022.pdf.aspx?lang=en-US
https://www.doe.virginia.gov/home/showpublisheddocument/57144/638609727259600000
https://dese.ade.arkansas.gov/Offices/ar-comp-sci-initiative/computer-science-standards-and-courses
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4 This project is supported by the National Science Foundation (NSF) under Grant No. 2118453. Any opinions, findings, and conclusions or recommendations expressed in this material are 
those of the author(s) and do not necessarily reflect the views of the NSF. Survey responses may not total 100%, as some questions allowed respondents to select multiple options.

5 The percentages in the figure do not sum to 100% because respondents could select multiple options if they taught more than one grade level.
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Teacher Perspectives 
To examine the perspectives and practices of CS teachers 
as it relates to AI education, the Computer Science Teacher 
Landscape Survey collected data from 2,901 pre-K through 
12 CS teachers nationally (33% of respondents were 
elementary school teachers, 36% taught middle school, and 
51% taught high school).4,5

As AI education gains importance for future workforce 
readiness, it is important to understand the preparedness of 
the current educator workforce. While 81% of CS teachers 
believe AI should be included in foundational CS education, 
less than half feel equipped to teach it—46% in high school, 
44% in middle school, and just 34% in elementary school 
(Figure 7.2.14).

When asked to identify the CS-related topics they cover in 
class, over two-thirds of middle and high school CS teachers 
stated they cover AI specifically, despite the lack of explicit 
definition in CS standards; fewer elementary teachers (65%) 
reported covering AI (Figure 7.2.15). Greater proportions 

Figure 7.2.14

Figure 7.2.15

of CS teachers said they include components of AI, such as 
algorithms, computing systems, computational thinking, and 
programming. 
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https://landscape.csteachers.org/
https://landscape.csteachers.org/
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When asked to name the greatest benefits of using AI in 
the classroom, teachers most commonly said improving 
their productivity, differentiating student learning, providing 
improved academic support to students, and preparing 
students for the future. When asked about the greatest risks, 
teachers’ greatest concerns were the misuse of AI (often 
related to academic integrity); that AI use could limit student 
learning or engagement; overreliance on the technology; that 
AI could generate misinformation and replicate biases; and 
other ethical concerns, including student privacy.

To equip students to use AI responsibly, the educator 
workforce must be upskilled. In a 2024 survey of 364 CS 
teachers, 88% identified the need for more resources for AI-
related professional development. When asked to identify 
specific resources, CS teachers said they needed to gain 
more AI literacy (e.g., how AI works, how to use AI, and the 
ethical impacts of AI). 
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Of the 2,245 teachers who did spend class time on AI content, the majority spent fewer than five hours per course. Elementary 
school teachers spent the least amount of time, with 70% spending only one to two hours (Figure 7.2.16). 

Figure 7.2.16
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Global
Thus far, very few countries (e.g., Ghana, South Korea, 
Netherlands) include AI education in their curricula 
explicitly; countries more often flag the importance of AI 
education in the national education strategy conversation 
without providing a detailed implementation plan. Because 
AI education has historically been subsumed under CS 
or information and communications technology (ICT) 
education, tracking CS and/or ICT education will serve as a 
proxy for tracking AI education in this analysis. Similar to the 
challenges inherent in tracking CS education in the United 
States, caution is called for when interpreting global metrics 
because CS and ICT education are sometimes conflated 
with digital or computer literacy.6

Access
In 2024, approximately two-thirds of the world’s countries 
offered or planned to offer CS education (Figure 7.2.17). 
CS education is mandatory in primary and/or secondary 
schools in 30% of countries, with Europe home to the highest 
concentration of these countries. In the past five years, 
all geographic regions have made progress in offering CS 
education, with Africa and Latin America registering the largest 
increases (Figure 7.2.18). Still, students in African countries are 
the least likely to have access to CS education. This is likely 
due to infrastructure challenges; in 2023, only 34% of primary 
schools in sub-Saharan Africa had access to electricity, 
hindering schools’ ability to teach students computer literacy 
skills, let alone providing them with CS and AI education.

Figure 7.2.17

7.2 K–12 CS and AI Education
Chapter 7: Education

6 Digital literacy is the “ability to use information and communication technologies to find, evaluate, create, and communicate information, requiring both cognitive and technical skills,” 
whereas computer literacy is the “general use of computers and programs, such as productivity software.”

https://databrowser.uis.unesco.org/view#indicatorPaths=UIS-SDG4Monitoring%3A0%3ASCHBSP.1.WELEC&geoMode=regions&geoUnits=SDG%3A+Central+and+Southern+Asia%2CSDG%3A+Eastern+and+South-Eastern+Asia%2CSDG%3A+Europe+and+Northern+America%2CSDG%3A+Northern+Africa+and+Western+Asia%2CSDG%3A+South-Eastern+Asia%2CSDG%3A+Sub-Saharan+Africa%2CSDG%3A+World%2CSDG%3A+Oceania&years=2010%2C2023&browsePath=EDUCATION%2FUIS-SDG4Monitoring%2Ft4.a&timeMode=range&view=bar&chartMode=single&tableIndicatorId=SCHBSP.1.WELEC&chartHighlightSeries=SDG%3A+World%2CSDG%3A+Sub-Saharan+Africa&chartHighlightEnabled=true
https://databrowser.uis.unesco.org/view#indicatorPaths=UIS-SDG4Monitoring%3A0%3ASCHBSP.1.WELEC&geoMode=regions&geoUnits=SDG%3A+Central+and+Southern+Asia%2CSDG%3A+Eastern+and+South-Eastern+Asia%2CSDG%3A+Europe+and+Northern+America%2CSDG%3A+Northern+Africa+and+Western+Asia%2CSDG%3A+South-Eastern+Asia%2CSDG%3A+Sub-Saharan+Africa%2CSDG%3A+World%2CSDG%3A+Oceania&years=2010%2C2023&browsePath=EDUCATION%2FUIS-SDG4Monitoring%2Ft4.a&timeMode=range&view=bar&chartMode=single&tableIndicatorId=SCHBSP.1.WELEC&chartHighlightSeries=SDG%3A+World%2CSDG%3A+Sub-Saharan+Africa&chartHighlightEnabled=true
https://literacy.ala.org/digital-literacy/
https://k12cs.org/wp-content/uploads/2016/09/K–12-Computer-Science-Framework.pdf
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Globally, the lack of standardized data collection makes it challenging to track progress in AI education. Language barriers and 
infrequent updates on implementation further complicate accurate monitoring across countries.
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Figure 7.2.18
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Guidance 
Countries on a global scale have been quicker to develop 
guidance and policies for the use of AI in education as 
opposed to developing national standards for teaching AI. 
As of November 2024, 10 countries have issued guidance 
on AI in education: Australia, Belgium, Canada, Japan, New 
Zealand, South Korea, Ukraine, the United Kingdom, the 
U.S., and Uruguay. This is not surprising given the decade-
long conversation across countries about developing 
guidelines and policy recommendations for AI in education. 
As early as 2015, United Nations Educational, Scientific, and 
Cultural Organization (UNESCO) member states committed 

to harnessing technologies toward ensuring “inclusive and 
equitable quality education and promoting lifelong learning 
opportunities for all” (See Sustainable Development Goal 
4). Since then, UNESCO published the Beijing Consensus on 
Artificial Intelligence and Education (in 2019) to offer specific 
guidance on how to integrate AI technologies to ensure 
all people have access to quality education by 2030 (See 
Education 2030 Agenda). Within this set of recommendations, 
there were four implementation and policy adoption guidelines 
that touch upon AI concepts in K–12 education. 

https://www.teachai.org/policy-tracker
https://sdgs.un.org/goals
https://sdgs.un.org/goals
https://unesdoc.unesco.org/ark:/48223/pf0000368303
https://unesdoc.unesco.org/ark:/48223/pf0000368303
https://sdgs.un.org/2030agenda
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Figure 7.2.19

Similar to the AI4K12 initiative, which released a set 
of K–12 AI education standards organized around 
“Five Big Ideas in AI” (Figure 7.2.19), international 
organizations are also developing AI curricular 
frameworks for countries to use. Last year, UNESCO 
published AI competency frameworks for students 
and teachers. The student framework includes four 
core competencies: a human-centered mindset, 
ethics of AI, AI techniques and applications, and 
AI system design. In each competency, students 
progress from understanding to applying to creating. 
In the European Union, many countries rely on 
DigComp 2.2, a framework for developing citizens’ 
digital competence, along with CS learning objectives 
for students. The most recent version has guidance 
on recommended knowledge, skills, and attitudes 
for interacting with AI, though it does not explicitly 
include guidance on teaching citizens to build AI 
systems.

7.2 K–12 CS and AI Education
Chapter 7: Education

AI4K12 guidelines organized around 5 Big Ideas in AI
Source: AI4K12, 2024

https://ai4k12.org/
https://ai4k12.org/
https://unesdoc.unesco.org/ark:/48223/pf0000391105?posInSet=3&queryId=91c6d08b-8d36-463e-9b04-fe18d68f60ee
https://unesdoc.unesco.org/ark:/48223/pf0000391104?posInSet=2&queryId=91c6d08b-8d36-463e-9b04-fe18d68f60ee
https://op.europa.eu/en/publication-detail/-/publication/50c53c01-abeb-11ec-83e1-01aa75ed71a1/language-en
https://i0.wp.com/ai4k12.org/wp-content/uploads/2020/07/AI4K12_Five_Big_Ideas_Graphic-1160958986-1594515160405.png?ssl=1


383

Artificial Intelligence
Index Report 2025

Table of Contents Chapter 7 Preview

The role AI will play in the U.S. labor force and the economic future is yet 
to be fully understood, but its impact is expected to be substantial. The 
technology workforce already contributes significantly to the U.S. economy, 
with 9.6 million working as tech employees across industries. While there 
are strong concerns about displaced employment as a result of automation, 
projected demands for AI-related roles, such as database management 
and data infrastructure solutions, are likely to increase. Therefore, a global 
commitment to ensure postsecondary institutions are equipped to train the 
future workforce and expand the computing pipeline is essential. 

7.3 Postsecondary CS and AI Education
Degree Graduates

United States
Data on U.S. postsecondary CS and AI education trends in 
this section comes from the National Center for Education 
Statistics (NCES). Notably, the Classification of Instructional 
Programs (CIP), a national standard for classifying academic 
programs, was developed by NCES under the U.S. Department 
of Education. In 2016, AI-specific curricula were designated 
under CIP code 11.0102, which covers programs focused 
on “symbolic inference, representation, and simulation by 
computers and software of human learning and reasoning 
processes and capabilities, and the computer modeling 
of human motor control and motion. Includes instruction 
in computing theory, cybernetics, human factors, natural 
language processing, and applicable aspects of engineering, 
technology, and specific end-use applications.”

While the number of students earning associate degrees in 
CS has largely remained stable over the past decade, several 
community colleges are also pioneering AI education, 

offering certificate and both associate and bachelor’s degree 
programs in AI and related fields (Figure 7.3.2). Notable 
examples include Maricopa Community Colleges, Houston 
Community College, Miami Dade College, and several 
schools in the Bay Area Community College Consortium. 

The number of graduates with bachelor’s degrees in 
computing has increased 22% over the last 10 years (Figure 
7.3.1). In 2023, the top five producers of CS bachelor’s 
graduates were Western Governors University, University of 
California–Berkeley, Southern New Hampshire University, 
University of Texas at Dallas, and University of Michigan.7 
While the increased attention on AI will be slower to show 
at the bachelor’s degree level, given its four-year cycle, AI’s 
explosive growth has already become visible in master’s 
degrees, with a 26% increase in CS graduates between 2022 
and 2023, and an overall increase of 83% in the last decade.  

7.3 Postsecondary CS and AI Education
Chapter 7: Education

7 Western Governors University and Southern New Hampshire University are primarily online institutions.

https://www.comptia.org/content/research/state-of-the-tech-workforce
https://reports.weforum.org/docs/WEF_Future_of_Jobs_Report_2025.pdf
https://www.bls.gov/opub/mlr/2025/article/incorporating-ai-impacts-in-bls-employment-projections.htm#:~:text=Indeed%2C%20integration%20of%20AI%20into,percent%2C%20much%20faster%20than%20average.
https://nces.ed.gov/ipeds/cipcode/cipdetail.aspx?y=55&cipid=87243
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Despite the fact that women graduate from college at higher rates than men, degree completion data shows an 
underrepresentation of women in CS (Figure 7.3.2).  

Figure 7.3.1

Figure 7.3.2

7.3 Postsecondary CS and AI Education
Chapter 7: Education

https://nces.ed.gov/ipeds/SummaryTables/report/300?templateId=3000&year=2023&tt=aggregate&instType=1&sid=79820f03-2ff4-4274-92d2-cfdcfeaf53ba
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Black students account for 8% of bachelor’s degrees, 8% of 
master’s degrees, and 7% of PhDs in computing (Figure 7.3.3). 
Hispanic students account for 13% of bachelor’s degrees, 
8% of master’s degrees, and 4% of PhDs in computing. By 
contrast, white students account for 46% of bachelor’s 

degrees and over half (52%) of PhDs in computing; and 
Asian students are overrepresented in the postsecondary 
computing space, accounting for 23% of bachelor’s degrees, 
28% of master’s degrees, and 17% of PhDs. 
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The majority of students in computing-related graduate 
programs are from countries outside of the U.S.—a percentage 
that has steadily grown over the years. In 2023, nonresidents 
accounted for 67% of master’s degree graduates and 60% 
of PhD graduates. Between 2022 and 2023, international 
CS master’s students increased more than twofold, growing 
from 15,811 to 34,850 (IPEDS). Students from India and China 
make up the vast majority of this graduate student body (93% 

of the 95,130 international master’s students and 60% of the 
13,070 international PhD students) (Figure 7.3.4 and Figure 
7.3.5). 

The number of institutions in the U.S. that offer an AI-specific 
bachelor’s degree nearly doubled between 2022 and 2023, 
while the number of institutions offering an AI-specific 
master’s degree has sharply increased as well (Figure 7.3.6). 

https://nces.ed.gov/ipeds
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There was a sharp increase in students graduating with 
master’s degrees in AI between 2022 and 2023 (Figure 
7.3.7). Carnegie Mellon University, which graduated more 
AI majors than any other institution, doubled its number of 

graduates; meanwhile, Pennsylvania State University had its 
first graduating class in 2022 (Figure 7.3.8). Until recently, 
Carnegie Mellon was one of the only universities to offer 
dedicated programs in AI. 
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Top postsecondary institutions graduating students in AI in 2023 by degree type8

Source: National Center for Education Statistics’ Integrated Postsecondary Education Data System, 2023

Graduates in AI Bachelor’s Programs

Carnegie Mellon University 32

Full Sail University 19

Concordia University Wisconsin 16

University of Advancing Technology 10

Pennsylvania State University-Main Campus 7

Graduates in AI Master’s Programs

Carnegie Mellon University 178

University of Pennsylvania 98

University of North Texas 76

Northeastern University 55

San Jose State University 52

Graduates in AI PhD Programs

Carnegie Mellon University 28

Capitol Technology University 4

University of Pittsburgh-Pittsburgh Campus 1
Figure 7.3.8

8 This list includes only universities that use the AI-specific CIP code for their programs, rather than general CS. However, many students studying AI worldwide are likely enrolled in broader 
CS programs.
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Figure 7.3.9
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Global
No single dataset provides a fully standardized accounting 
of AI or CS postsecondary education across all countries. 
However, the Organization for Economic Cooperation 
and Development has compiled data covering its member 
countries and several non-OECD nations.9 The International 
Standard Classification of Education is used to compare 
education statistics relied on by the OECD to evaluate global 
progress. Information and communications technologies, or 
ICT, includes such areas of study as “informatics, information 
and communication technologies, or CS. These subjects 
include a wide range of topics concerned with the new 
technologies used for the processing and transmission of 

digital information, including computers, computerised 
networks (including the Internet), microelectronics, 
multimedia, software and programming.”

The U.S. remains a global leader in ICT-related fields, 
producing more graduates at each of the associate, 
bachelor’s, master’s, and PhD levels than any other country 
included in the sample (Figures 7.3.9 to 7.3.12). Notably, the 
U.S. graduates more than twice as many associate, master’s, 
and PhD students—and nearly twice as many bachelor’s 
students—as the next highest country (Figure 7.3.9).

9 While this dataset provides insights across some country lines, it omits a number of countries likely to have large numbers of ICT graduates. The exclusion of India, China, and countries in 
Africa highlights the need for global standardized data collection to ensure inclusion of countries that have made significant investments in computing education and make up a significant 
proportion of the global majority. There is also a significant lag in collecting and reporting global data on education; as a result, the most recent year for which data is available is 2022. 
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Gender parity in AI-related fields continues to be a challenge 
globally (Figure 7.3.13). On average, women comprise 
approximately one-quarter of ICT postsecondary graduates 
at the associate, bachelor’s, and PhD levels. Women fare 
slightly better at the master’s level, comprising closer to 

one-third of graduates. Turkey is among the countries that 
fare best with respect to gender parity, with women there 
comprising at least half of all graduates at the associate, 
bachelor’s, master’s, and PhD levels. 

Figure 7.3.12
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Figure 7.3.13

24% 23% 33% 34%

SC B M PhD
0%

50%

100%

10% 19% 21% 13%

SC B M PhD
0%

50%

100%

10% 14% 17%
NA

SC B M PhD
0%

50%

100%

NA
15% 19% 19%

SC B M PhD
0%

50%

100%

NA

35% 40%
25%

SC B M PhD
0%

50%

100%

29% 22% 31% 24%

SC B M PhD
0%

50%

100%

13% 12% 22%
NA

SC B M PhD
0%

50%

100%

25% 18% 28% 38%

SC B M PhD
0%

50%

100%

31% 21% 18%
NA

SC B M PhD
0%

50%

100%

NA
26% 25%

NA

SC B M PhD
0%

50%

100%

NA
16% 19% 18%

SC B M PhD
0%

50%

100%

10% 19%
35%

NA

SC B M PhD
0%

50%

100%

NA
24%

45% 38%

SC B M PhD
0%

50%

100%

NA
25% 30% 21%

SC B M PhD
0%

50%

100%

14% 17% 22% 26%

SC B M PhD
0%

50%

100%

NA
21% 24% 20%

SC B M PhD
0%

50%

100%

NA

30%
42%

22%

SC B M PhD
0%

50%

100%

12% 18% 18% 17%

SC B M PhD
0%

50%

100%

NA
28%

9% NA

SC B M PhD
0%

50%

100%

37% 27% 36% 35%

SC B M PhD
0%

50%

100%

56%
32%

18% 28%

SC B M PhD
0%

50%

100%

17% 17% 25% 28%

SC B M PhD
0%

50%

100%

26% 32% 23% 15%

SC B M PhD
0%

50%

100%

20% 21% 28%
NA

SC B M PhD
0%

50%

100%

NA
16%

34%

NA

SC B M PhD
0%

50%

100%

13% 17%
42%

23%

SC B M PhD
0%

50%

100%

27% 27% 33% 33%

SC B M PhD
0%

50%

100%

13% 15%
29%

14%

SC B M PhD
0%

50%

100%

36% 29% 34% 35%

SC B M PhD
0%

50%

100%

27% 23% 29%
43%

SC B M PhD
0%

50%

100%

NA

31%

NA NA

SC B M PhD
0%

50%

100%

NA
23% 19% 12%

SC B M PhD
0%

50%

100%

6%
20%

37%
11%

SC B M PhD
0%

50%

100%

NA

33% 42% 35%

SC B M PhD
0%

50%

100%

NA
18% 17% 11%

SC B M PhD
0%

50%

100%

13% 21% 23% 15%

SC B M PhD
0%

50%

100%

12% 14% 22% 23%

SC B M PhD
0%

50%

100%

30% 36% 41% 33%

SC B M PhD
0%

50%

100%

NA 11% 17% 19%

SC B M PhD
0%

50%

100%

55% 50% 51% 53%

SC B M PhD
0%

50%

100%

24% 18%
31% 28%

SC B M PhD
0%

50%

100%

24% 24% 35% 26%

SC B M PhD
0%

50%

100% Short-cycle (SC)

Bachelor’s (B)

Master’s (M)

PhD

Australia Austria Belgium Brazil

Bulgaria Canada Chile Colombia

Costa Rica Croatia Czech Republic Denmark

Estonia Finland France Germany

Greece Hungary Iceland Ireland

Israel Italy South Korea Latvia

Lithuania Luxembourg Mexico Netherlands

New Zealand Norway Peru Poland

Portugal Romania Slovakia Slovenia

Spain Sweden Switzerland Turkey

United Kingdom United States

Percentage of new ICT postsecondary graduates who are female by country, 2022
Source: OECD, 2022 | Chart: 2025 AI Index report

%
 o

f f
em

al
e 

IC
T 

po
st

se
co

nd
ar

y 
gr

ad
ua

te
s

7.3 Postsecondary CS and AI Education
Chapter 7: Education



393

Artificial Intelligence
Index Report 2025

Table of Contents Chapter 7 Preview

Guidance
Most existing university policies and guidance around AI 
pertain to how students use AI for assignments; guidance on 
AI education itself tends to be relegated to the department 
level (primarily in computing departments). 

AI is being used across campuses by both students and 
faculty at high rates: 86% of students use AI in their studies, 
and 61% of faculty use AI in their teaching. Yet the guidelines 
around usage still lack clarity and standardization across 
universities. As of early 2025, 39% of institutions have an AI-
related acceptable use policy, an increase of 16 percentage 
points from 2024. Larger universities (10,000-plus students) 
are more likely to have a policy than smaller institutions (fewer 
than 5,000 students). Although teaching and learning policies 

are the most impacted by AI, almost all institutional policies 
are affected by technology policies (e.g., purchasing AI tools 
using university resources, respecting intellectual property/
copyright laws, using AI to create malware or viruses)—from 
cybersecurity and data privacy to online learning and data 
and analytics. 

In addition to the K–12 guidance UNESCO provided in the 2019 
Beijing Consensus on Artificial Intelligence and Education, it 
offered specific guidance that is relevant for both K–12 and 
postsecondary settings with an eye toward achieving the 
Education 2030 agenda goals via AI technologies. The 2019 
report includes five implementation and policy guidelines 
pertaining to AI education in postsecondary settings. 

7.3 Postsecondary CS and AI Education
Chapter 7: Education

https://26556596.fs1.hubspotusercontent-eu1.net/hubfs/26556596/Digital%20Education%20Council%20Global%20AI%20Student%20Survey%202024.pdf?utm_medium=email&_hsenc=p2ANqtz--Otl_x5du8izArZZOXIlkxXDqOVUkcnBLm_FzPmV2F3CvRF6cCE2-Z0h3lOEZoq_7m2mlgAT0cg2pXe5FAuCgqWaYe0f0GjA9MRZcLYRILXUYWVbY&_hsmi=92199303&utm_content=92199303&utm_source=hs_automation
https://26556596.fs1.hubspotusercontent-eu1.net/hubfs/26556596/DEC/Digital%20Education%20Council%20Global%20AI%20Faculty%20Survey%202025.pdf?utm_medium=email&_hsenc=p2ANqtz-_CBhylX1al3silrzEeCfKhWtFzUbmdQoZETUu2sT4KneWrmmmv2pRtnhFzuw7K2czHyfd8eVNfrr_fBa9peYAwJS4rk2N44HDAJj2Ntl3bqFH9GD0&_hsmi=102804064&utm_content=102804064&utm_source=hs_automation
https://www.educause.edu/content/2025/2025-educause-ai-landscape-study/policies-and-guidelines
https://www.educause.edu/content/2025/2025-educause-ai-landscape-study/policies-and-guidelines
https://unesdoc.unesco.org/ark:/48223/pf0000368303
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7.4 Looking Ahead
The intentional design of an equitable AI educational 
ecosystem will be critical for the responsible development 
and deployment of future technological innovations. The 
current systems in which AI has proliferated have led to 
detrimental outcomes, such as mis/disinformation campaigns 
to influence national political outcomes, development of AI-
enabled weapons, and infringement of copyright-protected 
intellectual property. The pressing need to prioritize a 
better approach to building AI is evident. To do so, it is 
necessary to reimagine an educational program where AI 
competencies, inclusive of building a lens interrogating 
the ethics of AI in addition to technical creation, are seen 
as core to preparing students for a technology-powered 

future. There are already CS-based infrastructure, policies, 
and implementation strategies that offer opportunities to 
integrate AI education more seamlessly. As AI innovations 
rapidly evolve, transforming education is urgent so that 
future creators of these technologies are made aware of 
potential harms and have the competencies to mitigate 
negative impacts. Academic institutions around the world 
must continue to progress (and monitor their progress) on 
creating AI pathways, adopt policies to expand access to 
relevant courses, and implement strategies to upskill the 
educator workforce and engage students to participate and 
build competencies equitably. 

7.4 Looking Ahead
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https://www.hrw.org/news/2024/08/15/disinformation-about-us-elections-targets-communities-color
https://www.hrw.org/news/2024/08/15/disinformation-about-us-elections-targets-communities-color
https://proceedings.mlr.press/v235/simmons-edler24a.html
https://proceedings.mlr.press/v235/simmons-edler24a.html
https://www.wired.com/story/ai-copyright-case-tracker/
https://www.wired.com/story/ai-copyright-case-tracker/
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As AI continues to permeate broad swaths of society, it is becoming increasingly 
important to understand public sentiment around the technology. Insights into how 
people perceive AI can help anticipate its societal impact and reveal how adoption 
varies across countries and demographic groups. Early data suggests growing public 
anxiety about AI, with some regions expressing significantly more pessimism than 
others. As the technology continues to advance, will these trends persist?

This chapter explores public opinion on AI through global, national, demographic, and 
ethnic perspectives. It draws on multiple data sources, including longitudinal Ipsos 
surveys tracking global AI attitudes, American Automobile Association surveys on self-
driving vehicles, and recent research into local U.S. policymakers’ views on AI.

Overview

CHAPTER 8: 
Public Opinion
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Chapter Highlights

1. The world grows cautiously optimistic about AI products and services. Among the 26 nations surveyed by 
Ipsos in both 2022 and 2024, 18 saw an increase in the proportion of people who believe AI products and services offer more 
benefits than drawbacks. Globally, the share of individuals who see AI products and services as more beneficial than harmful has 
risen from 52% in 2022 to 55% in 2024.

4. Regional differences persist regarding AI optimism. First reported in the 2023 AI Index, significant regional 
differences in AI optimism endure. A large majority of people believe AI-powered products and services offer more benefits than 
drawbacks in countries like China (83%), Indonesia (80%), and Thailand (77%), while only a minority share this view in Canada 
(40%), the United States (39%), and the Netherlands (36%).

2. The expectation and acknowledgment of AI’s impact on daily life is rising. Around the world, two thirds 
of people now believe that AI-powered products and services will significantly impact daily life within the next three to five 
years—an increase of six percentage points since 2022. Every country except Malaysia, Poland, and India saw an increase in this 
perception since 2022, with the largest jumps in Canada (17%) and Germany (15%).

3. Skepticism about the ethical conduct of AI companies is growing, while trust in the fairness of AI is 
declining. Globally, confidence that AI companies protect personal data fell from 50% in 2023 to 47% in 2024. Likewise, fewer 
people today believe that AI systems are unbiased and free from discrimination compared to last year.

5. People in the United States remain distrustful of self-driving cars. A recent American Automobile Association 
survey found that 61% of people in the U.S. fear self-driving cars, and only 13% trust them. Although the percentage who express 
fear has declined from its 2023 peak of 68%, it remains higher than in 2021 (54%).

6. There is broad support for AI regulation among local U.S. policymakers. In 2023, 73.7% of local U.S. 
policymakers—spanning township, municipal, and county levels—agreed that AI should be regulated, up significantly from 
55.7% in 2022. Support was stronger among Democrats (79.2%) than Republicans (55.5%), though both registered notable 
increases over 2022.
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Chapter Highlights (cont’d)

7. AI optimism registers sharp increase among countries that previously showed the most skepticism. 
Globally, optimism about AI products and services has increased, with the sharpest gains in countries that were previously the 
most skeptical. In 2022, Great Britain (38%), Germany (37%), the United States (35%), Canada (32%), and France (31%) were 
among the least likely to view AI as having more benefits than drawbacks. Since then, optimism has grown in these countries by 
8%, 10%, 4%, 8%, and 10%, respectively.

10. AI is seen as a time saver and entertainment booster, but doubts remain on its economic impact. Global 
perspectives on AI’s impact vary. While 55% believe it will save time, and 51% expect it will offer better entertainment options, 
fewer are confident in its health or economic benefits. Only 38% think AI will improve health, whilst 36% think AI will improve the 
national economy, 31% see a positive impact on the job market, and 37% believe it will enhance their own jobs.

8. Workers expect AI to reshape jobs, but fear of replacement remains lower. Globally, 60% of respondents 
agree that AI will change how individuals do their job in the next five years. However, a smaller subset of respondents, 36%, 
believe that AI will replace their jobs in the next five years. 

9. Sharp divides exist among local U.S. policymakers on AI policy priorities. While local U.S. policymakers 
broadly support AI regulation, their priorities vary. The strongest backing is for stricter data privacy rules (80.4%), retraining for 
the unemployed (76.2%), and AI deployment regulations (72.5%). However, support drops significantly for a law enforcement 
facial recognition ban (34.2%), wage subsidies for wage declines (32.9%), and universal basic income (24.6%).
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8.1 Public Opinion

Global Public Opinion
This section explores global differences in opinions on AI 
through surveys conducted by Ipsos in 2022, 2023, and 
2024. These surveys reveal that public perceptions of AI vary 
widely across countries and demographic groups.

AI Products and Services

In 2024, Ipsos ran a survey on global attitudes toward AI. The 
survey consisted of interviews with 23,685 adults across 32 
countries.1

Figure 8.1.1 shows the percentage of respondents who agree 
with specific statements. The increase in public awareness of 
AI between 2022 and 2024 has remained relatively consistent. 

In 2024, 67% of respondents report a good understanding of 
what AI is, and 66% anticipate that AI will profoundly change 
their daily life in the near future. The proportion of the global 
population that perceives AI-powered products and services 
as having more benefits than drawbacks has increased 
modestly, rising from 52% in 2022 to 55% in 2024.

Figure 8.1.1 also highlights respondents’ growing concerns. 
In the last year, there has been a three percentage point 
decrease in those who trust that companies using AI will 
protect their personal data and a two percentage point 
decrease in respondents’ trust that AI will not discriminate or 
show bias toward any group of people. 

1 See Appendix for more details about the survey methodology. The survey was conducted from April to May, 2024.
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Figure 8.1.1
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https://www.ipsos.com/sites/default/files/ct/news/documents/2022-01/Global-opinions-and-expectations-about-AI-2022.pdf
https://www.ipsos.com/sites/default/files/ct/news/documents/2023-07/Ipsos%20Global%20AI%202023%20Report-WEB_0.pdf
https://www.ipsos.com/sites/default/files/ct/news/documents/2024-06/Ipsos-AI-Monitor-2024-final-APAC.pdf
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Perceptions of AI’s benefits versus drawbacks vary 
considerably by country, according to the Ipsos survey. In 
general, respondents in Asia and Latin America believe that AI 
will have more benefits than drawbacks: 83% of Chinese, 70% 
of Mexican, and 62% of Indian respondents view AI products 
and services as more beneficial than harmful (Figure 8.1.2). 
In contrast, in Europe and the Anglosphere, respondents are 
more skeptical. For example, 46% of British, 44% of Australian, 
40% of Canadian, and 39% of American respondents believe 
that AI will have more benefits than drawbacks.

AI sentiment appears to be warming, particularly in countries 
that were once the most skeptical. Among the 26 nations 
surveyed by Ipsos in both 2022 and 2024, 18 saw an increase 
in the proportion of people who believe AI products and 
services offer more benefits than drawbacks. In 2022, France 
(31%), Canada (32%), the United States (35%), Germany (37%), 
Australia (37%), and Great Britain (38%) ranked among the 
least optimistic about AI. By 2024, the percentages in all these 
countries had risen.

8.1 Public Opinion
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Figure 8.1.2
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Figure 8.1.3 shows responses to Ipsos’ survey on AI products 
and services by country. On average, survey respondents 
in China had the highest level of awareness, trust, and 
excitement about AI’s use in products and services: 81% of 
respondents in China knew what products and services use 
AI, 80% reported that those products and services made 
them excited, 76% trusted AI to not discriminate or show bias, 
and overall 86% believed that products and services using 
AI would profoundly change their daily life in the next three 

to five years. Conversely, just 58% of American respondents 
thought that AI would profoundly change their life in the 
next three to five years, and 34% reported that products and 
services using AI made them excited.

Concerns about the privacy of personal data appear to be 
strongest in Japan and Canada, while concerns about AI 
discriminating against certain groups was highest in Sweden 
and Belgium. 

Figure 8.1.3

8.1 Public Opinion
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Figure 8.1.4 illustrates respondents’ answers to whether they 
are excited about AI and whether they are nervous about it. 
Notable cross-country trends emerge. As previously noted, 
many Anglosphere nations—such as the United Kingdom, the 
United States, Canada, Australia, and New Zealand—report 

the highest levels of nervousness and the lowest excitement 
about AI. In contrast, several Asian countries, including 
China, South Korea, and Indonesia, exhibit higher excitement 
and lower nervousness levels, with Japan standing as an 
exception to this trend.
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Figure 8.1.5
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A majority of the countries surveyed by Ipsos in 2023 were 
surveyed again in 2024, enabling cross-year comparisons. 
Figure 8.1.5 highlights the year-over-year change in answers 
to particular AI-related questions. Overall, the AI Index 
observes slightly rising concerns about the use of AI, with 
an average 0.6% decrease in positive responses. This is 
largely driven by a 3% decrease in trust that companies that 
use AI will protect personal data, and a 2% decrease in trust 
that AI will not discriminate or show bias toward any group 
of people.2

Brazil and Malaysia saw the sharpest average decline in 
awareness, trust, and excitement about AI. In both countries, 
that negative trend was led by sharp declines in respondents 
who trust AI companies to protect their personal data.

South Africa and Ireland saw the sharpest average increases in 
awareness, trust, and excitement about AI. Ireland’s positive 
trend appears to be led by positive user experiences, since it 
reports the highest increase across countries in respondents 
who say their daily lives have been profoundly impacted by 
products and services using AI.

2 Average global responses to the question “Products and services using AI make me nervous” are excluded from this average because this is the only question where a positive score would 
yield a normatively negative result.



405

Artificial Intelligence
Index Report 2025

Table of Contents Chapter 8 Preview

Figure 8.1.6
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Figure 8.1.6 compares responses from the 2022 and 2024 
Ipsos surveys, highlighting shifts in sentiment since the 
launch of ChatGPT. Globally, the belief that AI-powered 
products and services will profoundly change daily life within 

the next three to five years has risen by 6%. Every country 
except India, Malaysia, and Poland saw an increase in this 
perception since 2022, with the largest jumps in Canada 
(17%) and Germany (15%).
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AI and Jobs
This year’s Ipsos survey included more questions about how 
people perceive AI’s impact on their current jobs. Figure 
8.1.7 illustrates various global perspectives on the expected 
impact of AI on employment. Overall, 60% of respondents 
believe AI is likely to change how they do their job in the next 
five years and 36%, or more than one in three, believe that AI 
is likely to replace their current job in the next five years.

Year-over-year comparisons for this question are challenging 
because in 2023 the survey did not differentiate between 
“very likely” and “somewhat likely.” Nevertheless, when the 
2024 categories are aggregated and compared to the 2023 
results, the overall sentiment appears largely unchanged. In 
2023, 57% of respondents agreed that AI would change how 
jobs are done, while 36% believed AI was likely to replace 
their job within five years.
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Opinions on whether AI will significantly impact an 
individual’s job vary across demographic groups (Figure 
8.1.8). Younger generations, such as Gen Z and millennials, 
are more inclined to agree that AI will change how they do 
their jobs compared to older generations like Gen X and baby 
boomers. Specifically, in 2024, 67% of Gen Z compared to 
49% of boomers agree with the statement that AI will likely 
affect their current jobs.

Across 2023 and 2024, all generations increasingly agree 
that AI will change how they do their jobs over the next five 
years. Interestingly, of the 3% who believe AI will change 
how they do their jobs, the greatest increase was among both 
millennials and baby boomers, perhaps indicating increasing 
cross-generational awareness. 
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Figure 8.1.9
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AI and Livelihood
The Ipsos survey also explored the impact that respondents 
believe AI will have on various aspects of their lives, such as 
the economy, entertainment, and health. 

Figure 8.1.9 shows that 55% of global respondents said 
they believe AI will reduce the amount of time it takes them 
to get things done, and 51% believe AI will improve their 
entertainment options. Opinions on the economy and the job 
market were more skeptical. In these sectors, just 36% and 
31% of respondents believe AI will have a positive impact.

Figure 8.1.9 also shows significant range in respondents 
who believe AI will improve the economy in their country. 
Countries in Asia are the most optimistic about AI’s economic 
impact, with 72% of respondents in China saying they expect 
AI to improve the economy, followed by 54% in Indonesia. 

Conversely, less than 25% of respondents in the Netherlands, 
the United States, Belgium, Sweden, and Canada believe that 
AI will improve the economy. 

Within each country, respondents with an optimistic outlook 
on AI’s impact on the economy tended to express optimism in 
other areas. For example, countries that expressed the highest 
expectation that AI will positively impact their economy also 
tended to believe that AI will reduce the amount of time it 
takes to get things done and that AI will improve health.

As a global average, 38% of respondents believe AI will 
improve health. Mexico reported the highest rates of 
optimism, with 56% believing that AI will have a positive 
impact on health. Conversely only 19% of respondents in 
Japan had positive expectations of AI’s impact on health.
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Figure 8.1.10 and Figure 8.1.11 provide a correlative analysis of 
the preceding data, examining the extent to which responses 
to certain questions are interrelated. Notably, there is a strong 
correlation between respondents’ agreement that AI will 
improve the job market and their belief that it will benefit their 
own jobs. In some countries, such as Poland, optimism on both 
fronts is low, with only 17% and 21% of respondents expressing 

agreement, respectively. In contrast, sentiment is much more 
positive in China, where 44% believe AI will enhance the job 
market, and 62% think it will improve their jobs. 

Similarly, countries where respondents believe AI will reduce 
the time required to complete tasks are also more likely to 
report that AI will improve their individual jobs.
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Highlight:  

Self-Driving Cars
As discussed in Chapter 2: Technical Performance, self-
driving cars have made significant advancements in both 
capability and adoption. With companies like Waymo and 
Zoox becoming more prominent, understanding American 
attitudes toward self-driving technology is more important 
than ever.

The American Automobile Association (AAA) conducts 
an annual survey to assess public sentiment toward self-

driving cars. The most recent survey, conducted in January 
2025, was designed to be representative of approximately 
97% of U.S. households. Figure 8.1.12 presents the results, 
revealing that despite the gradual rollout of self-driving 
cars on American roads, a majority of Americans (61%) 
remain fearful of the technology. Only 13% of respondents 
expressed trust in self-driving cars. While fear has declined 
slightly from its 2023 peak of 68%, it remains higher than in 
2021, when 54% of Americans reported being afraid.

Figure 8.1.12

https://newsroom.aaa.com/2025/02/aaa-fear-in-self-driving-vehicles-persists/


411

Artificial Intelligence
Index Report 2025

Table of Contents Chapter 8 Preview

8.2 US Policymaker Opinion
Understanding public sentiment toward AI requires not 
only assessing the views of the general public but also 
those of key stakeholders, such as policymakers, who play 
a critical role in shaping AI regulation and policy. This year, 
an international team of researchers from Uppsala, Oxford, 
Harvard, and Syracuse universities released one of the first 
comprehensive studies on the perspectives of local U.S. 
policymakers—spanning township, municipal, and county 
levels—on AI’s future impact and regulation. Conducted in 
two waves, in 2022 and 2023, the study gathered responses 
from approximately 1,000 policymakers. Its timing allowed 
researchers to compare how policymakers’ views on AI 
shifted before and after the launch of ChatGPT.

Figure 8.2.1 illustrates the extent to which local policymakers 
agree with the statement: AI should be regulated by the 
government. In 2023, 73.7% of local U.S. policymakers 
supported this view, a significant increase from 55.7% in 2022. 
The launch of ChatGPT appears to have played a key role in 
shifting policymaker sentiment toward regulation. Support 
for AI regulation was higher among Democrats (79.2%) than 
Republicans (55.5%), though both groups registered a notable 
increase after 2022.

8.2 US Policymaker Opinion
Chapter 8: Public Opinion

Figure 8.2.1
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https://arxiv.org/pdf/2501.09606
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Given that most local policymakers support some form of AI 
regulation, which specific policies do they favor? At 80.4%, 
the strongest support is for stricter data privacy regulations. 
In addition, 76.2% support retraining programs for the 
unemployed, and 72.5% support AI deployment regulations 

(Figure 8.2.2). In contrast, there is significantly less backing 
for redistributive measures. Just 33.9% support wage 
subsidies to offset wage declines and just 24.6% support 
universal basic income.

8.2 US Policymaker Opinion
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Figure 8.2.2
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https://www.vox.com/future-perfect/361749/universal-basic-income-sam-altman-open-ai-study
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When it comes to AI policy, most local legislators do not 
believe they will have to take immediate action (Figure 
8.2.3). Only 34.3% believe they will need to act within the 
next few years, compared to 56.5% who do not. However, 

agreement with this statement has increased from 32.2% 
in 2022 to 36.6% in 2023. This reflects the impact of major 
AI developments, such as the launch of ChatGPT, on 
policymakers’ perspectives.

8.2 US Policymaker Opinion
Chapter 8: Public Opinion

Figure 8.2.3
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Only 29.8% of locally elected officials feel adequately informed to make AI policy decisions (Figure 8.2.4). While confidence in AI-
related policymaking has increased slightly across both parties from 2022 to 2023, it remains relatively low overall.

8.2 US Policymaker Opinion
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Figure 8.2.4
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AI Publication Analysis
For this analysis, the AI Index used OpenAlex, an open scholarly 
database with over 260 million research publications, as its 
primary data source. OpenAlex classifies papers using its own 
knowledge organization system, known as OpenAlex Topics—a 
taxonomy of around 4,500 topics combining Scopus codes and 
CWTS classification. The system uses a deep learning model 
that considers titles, abstracts, journal names, and citation 
networks for classification. To identify AI-related topics more 
precisely, the AI Index analyzed computer science publications 
identified by OpenAlex and refined the classifications using the 
Computer Science Ontology and the CSO Classifier.

The Computer Science Ontology (CSO) is a large-scale, 
automatically generated ontology of research areas derived 
from 16 million publications using the Klink-2 algorithm. It 
features a hierarchical structure with thousands of subtopics, 
allowing for precise mapping of specific terms to broader 
research fields. Compared to general-purpose scholarly 
databases like OpenAlex, Scopus, and Web of Science, CSO 
offers a more detailed and fine-grained representation of the 
research landscape. As a result, it has been widely used for 
scholarly data exploration, analysis, modeling, and expert 
identification and recommendation. Version 3.4.1—used in 
this analysis—includes approximately 15,000 topics and 
166,000 relationships within computer science. Released on 
Jan. 17, 2025, this version introduces over 150 new research 
topics in artificial intelligence, bringing the total to 2,369 AI-
related topics and 12,620 hierarchical relationships within the 
AI domain alone.

To analyze research trends, the AI Index used the CSO 
Classifier—an unsupervised method that automatically 
categorizes research papers based on CSO topics. The 
classifier follows a three-stage pipeline that processes 
paper titles and abstracts: A syntactic module detects 
direct mentions of CSO topics; a semantic module uses 
word embeddings to identify related concepts; and a 
postprocessing module merges results, filters out irrelevant 
topics, and adds broader categories for a more refined 
classification. For this analysis, the AI Index extended the 
CSO Classifier to focus specifically on artificial intelligence 
and its subtopics. Since its initial release, the classifier has 
gained significant and growing interest due to its versatility. 
For example, Springer Nature uses it to routinely classify 
proceedings books, improving metadata quality. Beyond 
academic publishing, it has been successfully applied to 
categorize research software, YouTube videos, press releases, 
job ads, and IT museum collections.

Accurately categorizing research papers as either conference 
proceedings or journal articles is essential for this analysis. 
OpenAlex’s metadata fields—type, crossref_type, and 
source_type—can sometimes conflict. To resolve these 
inconsistencies, the AI Index mapped OpenAlex records to 
DBLP, a leading bibliographic database for computer science 
publications. Known for its high metadata quality, DBLP 
continuously adds new publications through a rigorous, 
semiautomated curation process and currently indexes 3.6 
million conference papers and 3 million journal articles. The 
initial matching between OpenAlex and DBLP was performed 
using DOIs. For remaining unmatched papers, the AI Index 
used a combination of title and publication year. To streamline 
this process, the AI Index built a title index to optimize search 
and ensure efficient mapping across the datasets.

AI publications are aggregated based on several parameters 
to provide a comprehensive analysis. Publications are 

https://arxiv.org/abs/2205.01833
https://docs.google.com/document/d/1bDopkhuGieQ4F8gGNj7sEc8WSE8mvLZS/edit?tab=t.0
https://service.elsevier.com/app/answers/detail/a_id/12007/supporthub/scopus/
https://www.leidenmadtrics.nl/articles/an-open-approach-for-classifying-research-publications
https://doi.org/10.1007/978-3-030-00668-6_12
https://arxiv.org/abs/2409.04432
https://skm.kmi.open.ac.uk/report-on-the-computer-science-ontology-and-cso-classifier-impact/
https://doi.org/10.1007/s00799-021-00305-y
https://doi.org/10.1007/s00799-021-00305-y
https://doi.org/10.1007/978-3-030-30796-7_31
https://skm.kmi.open.ac.uk/report-on-the-computer-science-ontology-and-cso-classifier-impact/
https://dblp.org/
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grouped by year, considering the publication date of the 
most recent versions. Additionally, the AI Index groups 
publications by geographic areas or World Bank regions 
using the affiliations of authors. This means a single paper can 
contribute to multiple counts if coauthored by researchers 
from different countries, with each country receiving a count. 
When authors’ affiliations are missing, these publications are 
mapped as “Unknown.” Furthermore, sectors are associated 
with publications through authors’ affiliations when available, 
which may lead to a publication being counted for multiple 
sectors. Citation counts are included when available; those 
without citation data are classified as “Unknown.”

Top 100 Publications Analysis
The AI Index conducted a comprehensive analysis of 
influential AI publications by collecting and analyzing citation 
data from multiple sources including OpenAlex, Google 
Scholar, and Semantic Scholar. Initially gathering the top 150 
most-cited papers per publication year from OpenAlex, the 
list was refined to 100 publications through careful review. 

The methodology attributes publications to all countries and 
regions represented by authors’ affiliations, meaning a single 
paper can contribute to multiple counts. For instance, a paper 
coauthored by researchers from the United States and China 
counts once for each country. This approach may result in 
overlapping totals in aggregate statistics. Publication years 
are based on the most recent versions, whether in journals, 
conferences, or repositories like arXiv. To maintain accuracy, 
organizational affiliations were verified and standardized, 
with countries assigned according to headquarters’ locations.

The full list of the top 100 AI publications is available here.

AI Patent Analysis
The AI Index identifies AI-related patents using a hybrid 
classification approach, combining keyword-based text 
analysis with classification-code-based identification. 

Patent-level bibliographic data is sourced from PATSTAT 
Global, a comprehensive database issued by the European 
Patent Office (EPO). The analysis focuses on granted patents 
from 2010 onward, aggregated at the DOCDB family level to 
avoid duplicate counting of the same invention.1 Patents are 
attributed to countries based on the publication authority of 
the earliest recorded grant publication.

Patent abstracts and titles originally published in languages 
other than English were translated using the deep-translator 
tool, Google Translate engine, and the Meta NLLB-200 
machine translation model. Post-translation, patent texts 
were processed using natural language processing (NLP) 
techniques. These included the removal of stop words 
and special characters, part-of-speech (POS) tagging to 
retain key grammatical categories, lowercase conversion, 
lemmatization, and replacement of numerical measures with 
a <NUM> tag.

AI-related patents are identified by searching for relevant terms 
in patent titles and abstracts using regular expressions (regex). 
An AI-specific keyword dictionary was developed through 
a structured multistep process, incorporating keywords 
generated by AI models, expanded using established AI 
lexicons such as those from Yamashita et al. (2021), and refined 
through Word2Vec-based synonym identification. Further 
validation was conducted using BERTopic topic modeling and 
DeBERTA-based zero-shot classification, with manual checks 
applied to reduce false positives.

In addition to keyword-based classification, AI-related patents 
were identified using International Patent Classification 
(IPC) and Cooperative Patent Classification (CPC) codes. 
A curated list of AI-relevant codes was compiled through a 
combination of AI model analysis, regex-based searches, and 
prior research, including classifications from Pairolero et al. 
(2023) and WIPO (2024). The final dataset was constructed 
by merging results from both approaches, balancing coverage 
and accuracy.

1  Despite this aggregation procedure, duplicates occasionally appear in marginal cases where applications within the same DOCDB family share the same earliest filing date. The AI Index 
removes duplicate values with respect to the aggregation variables (e.g., counting by year) when presenting analytics.

https://datahelpdesk.worldbank.org/knowledgebase/articles/906519-world-bank-country-and-lending-groups
https://docs.google.com/spreadsheets/d/1u4CZlUE--yOkVpUzfIbdYBY8zojpV0RR/edit?usp=share_link&ouid=104058034477723775226&rtpof=true&sd=true
https://www.epo.org/en/searching-for-patents/business/patstat
https://www.epo.org/en/searching-for-patents/business/patstat
https://www.epo.org/en
https://www.epo.org/en
https://pypi.org/project/deep-translator/
https://ai.meta.com/blog/nllb-200-high-quality-machine-translation/
https://www.oecd.org/en/publications/measuring-the-ai-content-of-government-funded-r-d-projects_7b43b038-en.html
https://www.wipo.int/en/web/classification-ipc
https://www.epo.org/en/searching-for-patents/helpful-resources/first-time-here/classification/cpc
https://www.uspto.gov/sites/default/files/documents/oce-aipd-2023.pdf
https://www.uspto.gov/sites/default/files/documents/oce-aipd-2023.pdf
https://www.wipo.int/web-publications/patent-landscape-report-generative-artificial-intelligence-genai/en/index.html
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Epoch Notable Models Analysis
The AI forecasting research group Epoch AI maintains a dataset 
of landmark AI and ML models, along with accompanying 
information about their creators and publications, such as 
the list of their authors, number of citations, type of AI task 
accomplished, and amount of compute used in training.

The nationalities of the authors of these papers have 
important implications for geopolitical AI forecasting. As 
various research institutions and technology companies start 
producing advanced ML models, the global distribution of 
AI development may shift or concentrate in certain places, 
which in turn affects the geopolitical landscape because AI is 
expected to become a crucial component of economic and 
military power in the near future.

To track the distribution of AI research contributions on 
landmark publications by country, the Epoch dataset is coded 
according to the following methodology:

	 1. �A snapshot of the dataset was taken in March 2025. 
This includes papers about landmark models, selected 
using the inclusion criteria of importance, relevance, 
and uniqueness, as described in the Compute Trends 
dataset documentation.

	 2. �The authors are attributed to countries based on their 
affiliation credited on the paper. For international 
organizations, authors are attributed to the country 
where the organization is headquartered, unless a 
more specific location is indicated.

	 3. �All of the landmark publications are aggregated within 
time periods (e.g., monthly or yearly) and the national 
contributions compiled to determine the extent of 
each country’s contribution to landmark AI research 
during each time period.

	 4. �The contributions of different countries are compared 
over time to identify any trends.

Training Cost Analysis
To create the dataset of cost estimates, the Epoch database 
was filtered for models released during the large-scale ML 
era2 that were in the top 10 of training compute at the time 
of release. This filtered for the largest-scale ML models. 
The Transformer model was added to this set of models for 
further context.

For the selected ML models, the training time and the type, 
quantity, and hardware utilization rate were determined 
from the publication, press release, or technical reports, as 
applicable. Cloud rental prices for the computing hardware 
used by these models were collected from online historical 
archives of cloud vendors’ websites.3

Training costs were estimated from the hardware type, 
quantity, and time by multiplying the hourly cloud rental rates 
(at the time of training)4 by the quantity of hardware hours. 
However, some developers purchased hardware rather than 
renting cloud compute, and cloud prices vary by vendor 
and by rental commitment, so the true costs incurred by the 
developers may vary.

Various challenges were encountered while estimating the 
training cost of these models. Often, the developers did not 
disclose the duration of training or the hardware that was 
used. In other cases, cloud compute pricing was not available 
for the hardware. The investigation of training cost trends is 
more thoroughly detailed in a separate report by Epoch AI.

AI Conference Attendance
The AI Index reached out to the organizers of various AI 
conferences in 2024 and asked them to provide information 
on total attendance. For conferences that posted their 
attendance totals online, the AI Index used those reported 
totals and did not reach out to the conference organizers.

2  The selected cutoff date was Sept. 1, 2015, in accordance with Compute Trends Across Three Eras of Machine Learning (Epoch, 2022).

3 Historic prices were collected from archived snapshots of Amazon Web Services, Microsoft Azure, and Google Cloud Platform price catalogs viewed through the Internet Archive Wayback 
Machine.

4 The chosen rental rate was the most recent published price for the hardware and cloud vendor used by the developer of the model, at a three-year commitment rental rate, after subtracting 
the training duration and two months from the publication date. If this price was not available, the most analogous price was used—either the same hardware and vendor at a different date, or 
the same hardware from a different cloud vendor. If a three-year commitment rental rate was unavailable, this was imputed from other rental rates based on the empirical average discount for 
the given cloud vendor. If the exact hardware type was not available (e.g., Nvidia A100 SXM4 40GB), a generalization was used (e.g., Nvidia A100).

https://epochai.org/data/epochdb
https://epochai.org/data/epochdb/table
https://arxiv.org/abs/2405.21015
https://arxiv.org/abs/2202.05924
https://archive.org/web/
https://archive.org/web/
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GitHub
Identifying AI Projects
In partnership with researchers from Harvard Business 
School, Microsoft Research, and Microsoft’s AI for Good 
Lab, GitHub identifies public AI repositories following the 
methodologies of Gonzalez, Zimmerman, and Nagappan 
(2020) and Dohmke, Iansiti, and Richards (2023), using topic 
labels related to AI/ML and generative AI, respectively, along 
with other relevant keywords identified through snowball 
sampling, such as “machine learning,” “deep learning,” and 
“artificial intelligence.” GitHub further augments the dataset 
with repositories that have a dependency on the PyTorch, 
TensorFlow, OpenAI, Transformers, XGBoost, scikit-learn, 
and SciPy libraries for Python.

Mapping AI Projects to Geographic Areas
Public AI projects are mapped to geographic areas using IP 
address geolocation to determine the mode location of a 
project’s owners each year. Each project owner is assigned 
a location based on their IP address when interacting with 
GitHub. If a project owner changes locations within a year, 
the location for the project would be determined by the mode 
location of its owners sampled daily in the year. Additionally, 
the last known location of the project owner is carried 
forward on a daily basis even if no activities were performed 
by the project owner that day. For example, if a project 
owner performed activities within the United States and then 
became inactive for six days, that project owner would be 
considered to be in the United States for that seven-day span.

Environmental Impact Analysis 

The AI Index estimated the carbon emissions of training 
language and vision models using a calculator proposed by 
Lacoste et al. (2019). The analysis focused on the training 
stage emissions, excluding embodied hardware production, 
idle infrastructure, and deployment emissions. The study 
examined four model categories: industry language models, 
academic language models, industry vision models, and 
academic vision models.

The calculator’s accuracy was verified against published 
emission values. Calculator inputs included hardware 
type, GPU hours, provider, and compute region. For newer 
hardware like the H100 GPU (released in 2022), the A100 
SXM4 80GB was used as a substitute in calculations. Provider 
selection was based on known partnerships (e.g., Google 
models using GCP, OpenAI using Azure), while compute 
regions were determined by team locations.

Special consideration was given to models trained on 
custom hardware, such as BLOOM’s use of the Jean 
Zay supercomputer in France. In these cases, private 
infrastructure calculations incorporated carbon efficiency 
(kg/kWh) and offset percentages. 

The study evaluated 50 models in total: 34 industry language 
models (2018–24), eight industry vision models (2019–
23), four academic language models (2020–23), and four 
academic vision models (2011–22), selecting particularly 
influential models in their respective domains.

https://www.microsoft.com/en-us/research/uploads/prod/2020/05/gonzalez-msr-2020.pdf
https://www.microsoft.com/en-us/research/uploads/prod/2020/05/gonzalez-msr-2020.pdf
https://arxiv.org/abs/2306.15033
https://arxiv.org/abs/1910.09700
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Benchmarks
In this chapter, the AI Index reports on benchmarks, recognizing 
their importance in tracking AI’s technical progress. As a 
standard practice, the Index sources benchmark scores from 
leaderboards, public repositories such as Papers With Code 
and RankedAGI, as well as company papers, blog posts, and 
product releases. The Index operates under the assumption 
that the scores reported by companies are accurate and 
factual. The benchmark scores in this section are current as 
of mid-February 2025. However, since the publication of the 
AI Index, newer models may have been released that surpass 
current state-of-the-art scores.

	 1. �ARC-AGI: Data on ARC-AGI was taken from the ARC-
AGI paper and OpenAI video in February 2025. To learn 
more about ARC-AGI, please read the original paper.

	 2. �Arena-Hard-Auto: Data on Arena-Hard-Auto was 
taken from the LMSYS leaderboard in February 2025. 
To learn more about Arena-Hard-Auto, please read 
the original paper.

	 3. �Bench2Drive: Data on Bench2Drive was taken from 
the Bench2Drive paper in February 2025. To learn more 
about Bench2Drive, please read the original paper.

	 4. �Berkeley Function Calling: Data on Berkeley Function 
Calling was taken from the Berkeley Function Calling 
leaderboard in February 2025. To learn more about 
Berkeley Function Calling, please read the original 
work.

	 5. �BigCodeBench: Data on BigCodeBench was taken 
from the BigCodeBench leaderboard in February 
2025. To learn more about BigCodeBench, please read 
the original work.

	 6. �Chatbot Arena: Data on Chatbot Arena was taken 
from the Chatbot Arena leaderboard in February 
2025. To learn more about Chatbot Arena, please read 
the original paper.

	 7. �FrontierMath: Data on FrontierMath was taken from 
the FrontierMath paper and OpenAI video in February 
2025. To learn more about FrontierMath, please read 
the original paper. The visual was supplemented with 
benchmark data from OpenAI’s o3 model, sourced 
from a YouTube video announcing its launch in 
December 2025.

	 8. �GAIA: Data on GAIA was taken from the GAIA 
leaderboard in February 2025. To learn more about 
GAIA, please read the original paper.

	 9. �GPQA: Data on GPQA was taken from the GPQA 
paper and OpenAI video in February 2025. To learn 
more about GPQA, please read the original paper.

	 10. �GSM8K: Data on GSM8K was taken from the GSM8K 
Papers With Code leaderboard in February 2025. To 
learn more about GSM8K, please read the original 
paper.

	 11. �HELMET: Data on HELMET (How to Evaluate Long-
Context Models Effectively and Thoroughly) was 
taken from the HELMET paper in February 2025. To 
learn more about HELMET, please read the original 
paper.

	 12. �HLE: Data on Humanity’s Last Exam (HLE) was taken 
from the HLE paper in February 2025. To learn more 
about HLE, please read the original paper.

	 13. �HumanEval: Data on HumanEval was taken from 
the HumanEval Papers With Code leaderboard in 
February 2025. To learn more about HumanEval, 
please read the original paper.

	 14. �LRS2: Data on Oxford-BBC Lip Reading Sentences 
2 (LRS2) was taken from the LRS2 Papers With Code 
leaderboard in February 2025. To learn more about 
LRS2, please read the original paper.

https://paperswithcode.com/
https://paperswithcode.com/
https://paperswithcode.com/
https://paperswithcode.com/
https://paperswithcode.com/
https://rankedagi.com
https://arxiv.org/pdf/2412.04604
https://arxiv.org/pdf/2412.04604
https://www.youtube.com/watch?v=SKBG1sqdyIU
https://arxiv.org/abs/2308.03688
https://github.com/lmarena/arena-hard-auto/tree/main?tab=readme-ov-file#leaderboard
https://arxiv.org/abs/2406.11939
https://arxiv.org/pdf/2406.03877
https://arxiv.org/pdf/2406.03877
https://arxiv.org/pdf/2406.03877
https://gorilla.cs.berkeley.edu/leaderboard.html
https://gorilla.cs.berkeley.edu/leaderboard.html
https://huggingface.co/spaces/bigcode/bigcodebench-leaderboard
https://arcprize.org/arc-agi
https://chat.lmsys.org/
https://arxiv.org/abs/2306.05685
https://arxiv.org/pdf/2411.04872
https://www.youtube.com/watch?v=SKBG1sqdyIU
https://arxiv.org/pdf/2411.04872
https://www.youtube.com/watch?v=SKBG1sqdyIU
https://huggingface.co/spaces/gaia-benchmark/leaderboard
https://huggingface.co/spaces/gaia-benchmark/leaderboard
https://ai.meta.com/research/publications/gaia-a-benchmark-for-general-ai-assistants/
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https://arxiv.org/pdf/2311.12022
https://arxiv.org/pdf/2311.12022
https://www.youtube.com/watch?v=SKBG1sqdyIU
https://arxiv.org/pdf/2311.12022.pdf
https://paperswithcode.com/sota/arithmetic-reasoning-on-gsm8k
https://paperswithcode.com/sota/arithmetic-reasoning-on-gsm8k
https://paperswithcode.com/sota/arithmetic-reasoning-on-gsm8k
https://paperswithcode.com/sota/arithmetic-reasoning-on-gsm8k
https://arxiv.org/pdf/2110.14168.pdf
https://arxiv.org/pdf/2110.14168.pdf
https://arxiv.org/abs/2410.02694
https://arxiv.org/abs/2410.02694
https://arxiv.org/abs/2410.02694
https://arxiv.org/pdf/2501.14249
https://arxiv.org/pdf/2501.14249
https://paperswithcode.com/sota/code-generation-on-humaneval
https://arxiv.org/abs/2107.03374v2
https://arxiv.org/pdf/1611.05358v2
https://arxiv.org/pdf/1611.05358v2
https://paperswithcode.com/sota/automatic-speech-recognition-on-lrs2
https://paperswithcode.com/sota/automatic-speech-recognition-on-lrs2
https://arxiv.org/pdf/1611.05358v2


422

Artificial Intelligence
Index Report 2025

AppendixTable of Contents

Chapter 2: Technical Performance
Appendix

	 15. �MATH: Data on MATH was taken from the MATH 
Papers With Code leaderboard in February 2025 
and the o3-mini model launch. To learn more about 
MATH, please read the original paper.

	 16. �MixEval: Data on MixEval was taken from the MixEval 
leaderboard in February 2025. To learn more about 
MixEval, please read the original paper.

	 17. �MMLU: Data on MMLU was taken from the MMLU 
Papers With Code leaderboard in February 2025. 
To learn more about MMLU, please read the original 
paper.

	 18. �MMLU-Pro: Data on MMLU-Pro was taken from the 
MMLU-Pro leaderboard in February 2025. To learn 
more about MMLU-Pro, please read the original 
paper.

	 19. �MMMU: Data on MMMU was taken from the MMMU 
leaderboard in February 2025. To learn more about 
MMMU, please read the original paper.

	 20. �MTEB: Data on Massive Text Embedding Benchmark 
(MTEB) was taken from the MTEB leaderboard in 
February 2025. To learn more about MTEB, please 
read the original paper.

	 21. �MVBench: Data on MVBench was taken from the 
MVBench leaderboard in February 2025. To learn 
more about MVBench, please read the original paper.

	 22. �PlanBench: Data on PlanBench was taken from the 
PlanBench paper in February 2025. To learn more 
about PlanBench, please read the original paper.

	 23. �RE-Bench: Data on RE-Bench was taken from the RE-
Bench paper in February 2025. To learn more about 
RE-Bench, please read the original paper

	 24. �RLBench: Data on RLBench was taken from the 
RLBench Papers With Code leaderboard in February 
2025. To learn more about RLBench, please read the 
original paper.

	 25. �Ruler: Data on Ruler was taken from the Ruler 
repository in February 2025. To learn more about 
Ruler, please read the original paper.

	 26. �SWE-bench: Data on SWE-bench was taken from 
the SWE-bench leaderboard in February 2025. 
To learn more about SWE-bench, please read the 
original paper.

	 27. �VAB: Data on VisualAgentBench (VAB) was taken 
from the VAB leaderboard in February 2025. To learn 
more about VAB, please read the original paper.

	 28. �VCR: Data on VCR was taken from the VCR 
leaderboard in February 2025. To learn more about 
VCR, please read the original paper.

	 29. �WildBench: Data on WildBench was taken from the 
WildBench leaderboard in February 2025. To learn 
more about WildBench, please read the original 
paper.

https://paperswithcode.com/sota/math-word-problem-solving-on-math
https://paperswithcode.com/sota/math-word-problem-solving-on-math
https://openai.com/index/openai-o3-mini/
https://arxiv.org/abs/2103.03874v2
https://arxiv.org/abs/2406.06565
https://paperswithcode.com/sota/multi-task-language-understanding-on-mmlu
https://paperswithcode.com/sota/multi-task-language-understanding-on-mmlu
https://arxiv.org/pdf/2009.03300v3.pdf
https://arxiv.org/pdf/2009.03300v3.pdf
https://huggingface.co/spaces/TIGER-Lab/MMLU-Pro
https://arxiv.org/pdf/2406.01574
https://arxiv.org/pdf/2406.01574
https://arxiv.org/abs/2311.16502
https://huggingface.co/spaces/mteb/leaderboard
https://arxiv.org/pdf/2210.07316
https://huggingface.co/spaces/OpenGVLab/MVBench_Leaderboard
https://arxiv.org/abs/2311.17005
https://arxiv.org/pdf/2409.13373
https://openreview.net/forum?id=YXogl4uQUO
https://arxiv.org/pdf/2411.15114
https://arxiv.org/pdf/2411.15114
https://arxiv.org/pdf/2411.15114
https://paperswithcode.com/sota/robot-manipulation-on-rlbench
https://arxiv.org/pdf/1909.12271v1
https://arxiv.org/abs/2404.06654
https://www.swebench.com/
https://arxiv.org/abs/2310.06770
https://arxiv.org/pdf/2408.06327
https://arxiv.org/pdf/2408.06327
https://visualcommonsense.com/leaderboard/
https://visualcommonsense.com/leaderboard/
https://arxiv.org/abs/1811.10830
https://huggingface.co/spaces/allenai/WildBench
https://allenai.github.io/WildBench/WildBench_paper.pdf
https://allenai.github.io/WildBench/WildBench_paper.pdf
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Conference Submissions Analysis
For the analysis on responsible AI-related conference 
submissions, the AI Index examined the number of 
responsible AI–related academic submissions at the following 
conferences: AAAI, AIES, FAccT, ICML, ICLR, and NeurIPS. 
Specifically, the team scraped the conference websites or 
repositories of conference submissions for papers containing 
relevant keywords indicating they could fall into a particular 
responsible AI category. The papers were then manually 
verified by a human team to confirm their categorization. 
It is possible that a single paper could belong to multiple 
responsible AI categories.

The keywords searched include:

Fairness and bias: algorithmic fairness, bias detection, bias 
mitigation, discrimination, equity in AI, ethical algorithm 
design, fair data practices, fair ML, fairness and bias, group 
fairness, individual fairness, justice, nondiscrimination, 
representational fairness, unfair, unfairness.

Privacy and data governance: anonymity, confidentiality, 

data breach, data ethics, data governance, data integrity, 
data privacy, data protection, data transparency, differential 
privacy, inference privacy, machine unlearning, privacy by 
design, privacy-preserving, secure data storage, trustworthy 
data curation.

Security: adversarial attack, adversarial learning, AI incident, 
attacks, audits, cybersecurity, ethical hacking, forensic 
analysis, fraud detection, red teaming, safety, security, 
security ethics, threat detection, vulnerability assessment.

Transparency and explainability: algorithmic transparency, 
audit, auditing, causal reasoning, causality, explainability, 
explainable AI, explainable models, human-understandable 
decisions, interpretability, interpretable models, model 
explainability, outcome explanation, transparency, xAI.

Accenture Global State of 
Responsible AI Survey
Researchers from Stanford conducted the second iteration of 
the Global State of Responsible AI survey in collaboration with 
Accenture. Responses from 1,500 organizations, each with 
total revenues of at least $500 million, were collected from 
20 countries and 19 industries. The survey was conducted in 
January–February 2025. The objective of the Global State 
of Responsible AI survey was to understand the challenges 
of adopting RAI principles and practices and to allow for a 
comparison of organizational and operational RAI activities 
across 10 dimensions over time.

The survey covers a total of 10 RAI dimensions: reliability; 
privacy and data governance; fairness and nondiscrimination; 
transparency and explainability; human interaction; societal 
and environmental well-being; accountability; leadership/
principles/culture; lawfulness and compliance; and 
organizational governance. Details about the methodology 
can be found here.
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McKinsey Responsible AI Survey 
A recent survey by McKinsey & Company of more than 
750 leaders across 38 countries provides insights into the 
current state of RAI in enterprises. These leaders represent 
various industries, from technology to healthcare, and 
include professionals from legal, data/AI, engineering, 
risk, and finance roles. Leaders were asked about their 
organization’s experience with RAI and assessed using the 
McKinsey RAI Maturity Model, a responsible AI framework 
that encompasses four dimensions of RAI—strategy, risk 
management, data and technology, and operating model—
with 21 subdimensions. RAI maturity was ranked across four 
levels, ranging from the development of foundational RAI 
practices to having a comprehensive and proactive program 
in place.
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International Federation of 
Robotics (IFR)
Data presented in the Robot Installations section was sourced 
from the World Robotics 2024 report.

Lightcast
Prepared by Vishy Kamalapuram and Elena Magrini

Lightcast delivers job market analytics that empower 
employers, workers, and educators to make data-driven 
decisions. The company’s artificial intelligence technology 
analyzes hundreds of millions of job postings and real-
life career transitions to provide insight into labor market 
patterns. This real-time strategic intelligence offers crucial 
insights, such as what jobs are most in demand, the specific 
skills employers need, and the career directions that offer 
the highest potential for workers. For more information, visit 
https://lightcast.io.

Job Postings Data
To support these analyses, Lightcast mined its dataset of 
millions of job postings collected since 2010. Lightcast 
collects postings from over 51,000 online job sites to 
develop a comprehensive, real-time portrait of labor market 
demand. It aggregates job postings, removes duplicates, 
and extracts data from job postings text. This includes 
information on job title, employer, industry, and region, 
as well as required experience, education, and skills. 

Job postings are useful for understanding trends in the labor 
market because they allow for a detailed, real-time look at 
the skills employers seek. To assess the representativeness of 
job postings data, Lightcast conducts a number of analyses 
to compare the distribution of job postings to the distribution 
of official government and other third-party sources in the 

United States. The primary source of government data on U.S. 
job postings is the Job Openings and Labor Turnover Survey 
(JOLTS) program, conducted by the Bureau of Labor Statistics. 
Based on comparisons between JOLTS and Lightcast, the 
labor market demand captured by Lightcast data represents 
over 99% of the total labor demand. Jobs not posted online 
are usually in small businesses (e.g., “Help Wanted” signs in 
restaurant windows) and union hiring halls.

Measuring Demand for AI
To measure the demand by employers of AI skills, Lightcast 
uses its skills taxonomy of over 33,000 skills.1 These skills are 
organized hierarchically in over 400 skills clusters and 32 
skills categories. The list of AI skills from Lightcast are shown 
below, with associated skills clusters. For the purposes of this 
report, all skills below were considered AI skills. A posting was 
considered an AI job if it mentioned any of these skills in the 
text of the listing. 

AI ethics, governance, and regulation: ethical AI, data 
sovereignty, AI security, artificial intelligence risk.

Artificial intelligence: agentic systems, AI/ML inference, 
AIOps (artificial intelligence for IT operations), AI 
personalization, AI testing, applications of artificial intelligence, 
artificial general intelligence, artificial intelligence, artificial 
intelligence development, Artificial Intelligence Markup 
Language (AIML), artificial intelligence systems, automated 
data cleaning, Azure Cognitive Services, Baidu, cognitive 
automation, cognitive computing, computational intelligence, 
Cortana, Data Version Control (DVC), Edge Intelligence, 
embedded AI, expert systems, explainable AI (XAI), intelligent 
control, intelligent systems, interactive kiosk, IPSoft Amelia, 
knowledge distillation, knowledge engineering, knowledge-
based configuration, knowledge-based systems, knowledge 
representation, multi-agent systems, neuro-symbolic AI, 

1 https://lightcast.io/open-skills

https://ifr.org/img/worldrobotics/Press_Conference_2024.pdf
http://www.lightcast.io
https://lightcast.io/open-skills
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Open Neural Network Exchange (ONNX), OpenAI Gym, 
operationalizing AI, PineCone, Qdrant, reasoning systems, 
swarm intelligence, synthetic data generation, Watson 
Conversation, Watson Studio, Weka Weaviate.

Autonomous driving: advanced driver-assistance systems, 
autonomous cruise control systems, autonomous system, 
autonomous vehicles, dynamic routing, guidance navigation 
and control systems, light detection and ranging (LiDAR), 
object tracking, OpenCV, path analysis, path finding, remote 
sensing, scene understanding, unmanned aerial systems 
(UAS).

Generative AI: Adobe Sensei, ChatGPT, CrewAI, DALL-E 
image generator, generative adversarial networks, generative 
AI agents, generative artificial intelligence,Google Bard, 
image inpainting, image super-resolution, LangGraph, 
large language modeling, Microsoft Copilot, multimodal 
learning, multimodal models, prompt engineering, retrieval-
augmented generation, Stable Diffusion, text summarization, 
text to speech (TTS), variational autoencoders (VAEs).

Machine learning: AdaBoost (adaptive boosting), adversarial 
machine learning, Apache MADlib, Apache Mahout, Apache 
SINGA, Apache Spark, association rule learning, attention 
mechanisms, AutoGen, automated machine learning, 
autonomic computing, AWS SageMaker, Azure Machine 
Learning, bagging techniques, Bayesian belief networks, 
Boltzmann Machine, boosting, Chi-Squared Automatic 
Interaction Detection (CHAID), Classification and Regression 
Tree (CART), cluster analysis, collaborative filtering, concept 
drift detection, confusion matrix, cyber-physical systems, 
Dask (Software), data classification, Dbscan, decision 
models, decision-tree learning, dimensionality reduction, 
distributed machine learning, Dlib (C++ library), embedded 
intelligence, ensemble methods, evolutionary programming, 
expectation maximization algorithm, feature engineering, 
feature extraction, feature learning, feature selection, 
federated learning, game AI, Gaussian process, genetic 
algorithm, Google AutoML, Google Cloud ML Engine, 
gradient boosting, gradient boosting machines (GBM), H2O.

ai, hidden Markov model, hyperparameter optimization, 
incremental learning, inference engine, k-means clustering, 
kernel methods, Kubeflow, LIBSVM, loss functions, machine 
learning, machine learning algorithms, machine learning 
methods, machine learning model monitoring and evaluation, 
machine learning model training, Markov chain, matrix 
factorization, meta learning, Microsoft Cognitive Toolkit 
(CNTK), MLflow, MLOps (machine learning operations), 
mlpack (C++ library), ModelOps, Naive Bayes Classifier, 
neural architecture compression, neural architecture search 
(NAS), objective function, Oracle Autonomous Database, 
Perceptron, Predictionio, predictive modeling, programmatic 
media buying, Pydata, PyTorch (machine learning library), 
PyTorch Lightning, Random Forest Algorithm, recommender 
systems, reinforcement learning, Scikit-Learn (Python 
package), semi-uupervised learning, soft computing, sorting 
algorithm, supervised learning, support vector machines 
(SVM), t-SNE (t-distributed Stochastic Neighbor Embedding), 
test datasets, topological data analysis (TDA), Torch (machine 
learning), training datasets, transfer learning, transformer 
(machine learning model), unsupervised learning, Vowpal 
Wabbit, Xgboost, Theano (software).

Natural language processing: AI copywriting, Amazon 
Alexa, Amazon Textract, ANTLR, Apache OpenNLP, 
BERT (NLP Model), chatbot, computational linguistics, 
conversational AI, DeepSpeech, dialog systems, fastText, 
fuzzy logic, handwriting recognition, Hugging Face (NLP 
framework), Hugging Face Transformers, intelligent agent, 
intelligent virtual assistant, Kaldi, language model, latent 
Dirichlet allocation, Lexalytics, machine translation, Microsoft 
LUIS, natural language generation (NLG), natural language 
processing (NLP), natural language programming, natural 
language toolkits, natural language understanding (NLU), 
natural language user interface, nearest neighbour algorithm, 
Nuance Mix, optical character recognition (OCR), screen 
reader, semantic analysis, semantic interpretation for speech 
recognition, semantic kernel, semantic parsing, semantic 
search, sentence transformers, sentiment analysis, Seq2Seq, 
Shogun, small language model, speech recognition, speech 
recognition software, speech synthesis, statistical language 

Chapter 4: Economy
Appendix



434

Artificial Intelligence
Index Report 2025

AppendixTable of Contents

acquisition, summarization methods, text mining, text 
retrieval systems, text to speech (TTS), tokenization, Vespa, 
voice assistant technology, voice interaction, voice user 
interface, word embedding, Word2Vec models.

Neural networks: Apache MXNet, artificial neural 
networks, autoencoders, Caffe (framework), Caffe2, 
Chainer (Deep Learning Framework), convolutional neural 
networks (CNN), Cudnn, deep learning, deep learning 
methods, Deeplearning4j, deep reinforcement learning 
(DRL), evolutionary acquisition of neural topologies, Fast.
AI, graph neural networks (GNNs), Keras (neural network 
library), Long Short-Term Memory (LSTM), neural ordinary 
differential equations, OpenVINO, PaddlePaddle, Pybrain, 
recurrent neural network (RNN), reinforcement learning (RL), 
residual networks (ResNet), sequence-to-sequence models 
(seq2seq), spiking neural networks, TensorFlow.

Robotics: advanced robotics, bot framework, cognitive 
robotics, meta-reinforcement learning, motion planning, 
Nvidia Jetson, OpenAI Gym environments, reinforcement 
learning from human feedback (RLHF), robot framework, 
robot operating systems, robotic automation software, 
robotic liquid handling systems, robotic programming, robotic 
systems, servomotor, SLAM algorithms (Simultaneous 
Localization and Mapping).

Visual image recognition: 3D reconstruction, activity 
recognition, computer vision, contextual image classification, 
Deck.gl, digital image processing, digital twin technology, eye 
tracking, face detection, facial recognition, general-purpose 
computing on graphics processing units, gesture recognition, 
image analysis, image captioning, image matching, image 
recognition, image segmentation, image sensor, ImageNet, 
instance segmentation, machine vision, MNIST, motion 
analysis, object recognition, OmniPage, pose estimation, 
RealSense, thermal imaging analysis.

LinkedIn
Prepared by Rosie Hood, Akash Kaura, and Mar Carpanelli

LinkedIn Data 
This body of work represents the world seen through LinkedIn 
data, drawn from the anonymized and aggregated profile 
information of LinkedIn’s more than 1 billion members around 
the world. As such, it is influenced by how members choose 
to use the platform, which can vary based on professional, 
social, and regional culture, as well as overall site availability 
and accessibility. In publishing insights from LinkedIn’s 
Economic Graph, LinkedIn aims to provide accurate statistics 
while ensuring the privacy of LinkedIn’s members. As a result, 
all data shows aggregated information for the corresponding 
period following strict data quality thresholds that prevent 
disclosing any information about specific individuals.

Country Sample 
LinkedIn provides data on Argentina, Australia, Austria, 
Belgium, Brazil, Canada, Chile, Costa Rica, Croatia, Cyprus, 
Czechia, Denmark, Estonia, Finland, France, Germany, 
Greece, Hong Kong SAR, Hungary, Iceland, India, Indonesia, 
Ireland, Israel, Italy, Latvia, Lithuania, Luxembourg, Mexico, 
Netherlands, New Zealand, Norway, Poland, Portugal, 
Romania, Saudi Arabia, Singapore, Slovenia, South Africa, 
South Korea, Spain, Sweden, Switzerland, Turkey, United 
Arab Emirates, United Kingdom, United States, and Uruguay.

Skills 
LinkedIn members self-report their skills on their LinkedIn 
profiles. Currently, more than 41,000 distinct, standardized 
skills are identified by LinkedIn.

LinkedIn categorizes AI skills into two mutually exclusive 
groups: “AI Engineering” and “AI Literacy.” Broadly speaking, 
AI Engineering skills refer to the technical expertise and 
practical competencies required to design, develop, 
deploy, and maintain artificial intelligence systems, and AI 
Literacy skills refer to the knowledge, abilities, and critical 
thinking competencies needed to understand, evaluate, and 
effectively interact with artificial intelligence technologies. 
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As skills are ever evolving, we maintain and refresh these 
classifications on a periodic basis. For a list of skills included 
in this analysis, please see LinkedIn’s AI skills List below.

Industry
LinkedIn’s industry taxonomy is a collection of entities 
that share economic activities and contribute to a specific 
product or service. An industry represents the products or 
services that a company offers or sells. LinkedIn analyzes 
the following industries in the context of AI: education; 
financial services; manufacturing; professional services; and 
technology, information, and media.

Gender
LinkedIn recognizes that some LinkedIn members identify 
beyond the traditional gender constructs of “man” and 
“woman.” If not explicitly self-identified, LinkedIn has inferred 
the gender of members included in this analysis either by the 
pronouns used on their LinkedIn profiles or on the basis of 
first names. Members whose gender could not be inferred as 
either male or female were excluded from any gender analysis. 
Please note that LinkedIn filtered out countries where their 
gender attribution algorithm did not have sufficient coverage.

AI Jobs or Occupations
LinkedIn member titles are standardized and grouped into 
over 16,000 occupations. These are not sector or country 
specific. An AI job requires AI skills to perform the job. 
Examples of such occupations include (but are not limited to): 
machine learning engineer, artificial intelligence specialist, 
data scientist, and computer vision engineer.

AI Talent
A LinkedIn member is considered AI talent if they have 
explicitly added at least two AI skills to their profile and/or 
they are or have been employed in an AI job.

METHODOLOGIES

1. Top AI Skills
These are the AI skills most frequently added by LinkedIn 
members from 2015 onward.

Interpretation: The most added AI Engineering skills globally 
are machine learning, AI, and deep learning.

2. Fastest Growing AI Skills 
The year-over-year growth rate for AI skills most frequently 
added by all members. Please note that LinkedIn implements 
thresholds to skill add volumes in the most recent year, which 
are set at the 50th percentile of the most recent year’s AI skill 
adds distribution by country.

Interpretation: The fastest growing AI Engineering skills 
globally are custom GPTs, AI productivity, and AI agents.

3. AI Talent Concentration 
The counts of AI talent are used to calculate talent 
concentration metric. In other words, to calculate the country-
level AI talent concentration, LinkedIn uses the counts of AI 
talent in a particular country divided by the counts of LinkedIn 
members in that country. Note that concentration metrics 
may be influenced by LinkedIn coverage in these countries 
and should be utilized with caution.

Interpretation: AI talent with AI Engineering skills represents 
0.78% of LinkedIn members in the United States.

4. Relative AI Talent Hiring Rate YoY Ratio 
The LinkedIn hiring rate is a measure of hires normalized by 
LinkedIn membership. It is computed as the percentage of 
LinkedIn members who added a new employer in the same 
period the job began, divided by the total number of LinkedIn 
members in the corresponding location.

The AI hiring rate is computed using the overall hiring rate 
methodology, but it only considers members classified as AI 
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talent. The relative AI talent hiring rate YoY ratio is the year-
over-year change in the AI hiring rate relative to the overall 
hiring rate in the same country. LinkedIn shares a 12-month 
moving average.

Interpretation: In the United States, the ratio of AI talent hiring 
relative to overall hiring has grown 24.7% year over year.

5. Skill Penetration

SKILLS GENOME 
For any category (occupation, country, industry, etc.), the 
skills genome is an ordered list (a vector) of the 50 skills most 
characteristic of that category. These most characteristic 
skills are determined using a TF-IDF algorithm, which down-
ranks ubiquitous skills that add little information about that 
specific entity (e.g., Microsoft Word) and up-ranks skills 
unique to that specific entity (e.g., artificial intelligence). 
Further details are available at LinkedIn’s skills genome and 
the LinkedIn–World Bank Methodology note.

As an example, Table 1 details the skills genome of the 
technology, information, and media industry in the United 
States in 2024, displaying the top 10 skills ranked by TF-IDF.

Skill name TF-IDF skill rank

Amazon Web Services (AWS) 1

Software as a Service (SaaS) 2

Artificial intelligence (AI) 3

Python (programming language) 4

Go-to-market strategy 5

Customer success 6

Large language models (LLM) 7

Salesforce.com 8

SQL 9

Generative AI 10

AI SKILLS PENETRATION 
The aim of this indicator is to measure the intensity of AI skills 
in a given category using the following methodology:
	 • �LinkedIn computes frequencies for all self-added skills 

by LinkedIn members in a given entity (occupation, 
industry, etc.) from 2015 onward.

	 • �LinkedIn reweights skill frequencies using a TF-IDF 
model to get the top 50 most representative skills in 
that entity. These 50 skills compose the “skill genome” 
of that entity.

	 • �LinkedIn computes the share of skills that belong to the 
AI skill group out of the top skills in the selected entity.

Interpretation: The AI skills penetration rate signals the 
prevalence of AI skills across occupations, or the intensity 
with which LinkedIn members utilize AI skills in their jobs. For 
example, the top 50 skills for the occupation of engineer are 
calculated based on the weighted frequency with which they 
appear in LinkedIn members’ profiles. If four of the skills that 
engineers possess belong to the AI skills group, this measure 
indicates that the penetration of AI skills is estimated to be 
8% among engineers (i.e., 4/50).

RELATIVE AI SKILLS PENETRATION 
To allow for skills penetration comparisons across countries, 
the skills genomes are calculated, and a relevant benchmark 
is selected (e.g., a global average). A ratio is then constructed 
between a country and the benchmark’s AI skills penetrations, 
controlling for occupations.

Interpretation: If a country has a relative AI skills penetration 
of 1.5, that means AI skills are 1.5 times as frequent as in the 
benchmark, for an overlapping set of occupations.

GLOBAL COMPARISON 
For cross-country comparisons, LinkedIn presents the 
relative penetration rate of AI skills, measured as the sum of 
the penetration of each AI skill across occupations in a given 
country, divided by the average global penetration of AI skills 
across the overlapping occupations in a sample of countries.
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Interpretation: A relative penetration rate of 2 means the 
average penetration of AI skills in that country is two times 
the global average across the same set of occupations.

GLOBAL COMPARISON: BY INDUSTRY 
The relative AI skills penetration by country for a given 
industry provides an in-depth sectoral decomposition of AI 
skills penetration across industries and countries.

Interpretation: A country’s relative AI skill penetration rate 
of 2 in the education sector means the average penetration of 
AI skills in that country is two times the global average across 
the same set of occupations in that sector.

GLOBAL COMPARISON: BY GENDER 
The relative AI skills penetration by gender provides a cross-
country comparison of AI skills penetrations within a gender. 
Since the global averages are distinct for each gender, this 
metric should only be used to compare country rankings 
within each gender, not for cross-gender comparisons within 
countries.

Interpretation: A country’s AI skills penetration for women 
of 1.5 means that female members in that country are 1.5 
times more likely to list AI skills than the average female 
member in all countries pooled together across the same set 
of occupations that exist in the country-gender combination.

GLOBAL COMPARISON: ACROSS GENDERS 
The relative AI skills penetration across genders allows 
for cross-gender comparisons within and across countries 
globally, since LinkedIn compares a country’s AI skills 
penetration by gender to the same global average regardless 
of gender.

6. Female Representation in AI 
This refers to the share of AI talent occupied by women.

Interpretation: Female representation within AI talent with 
AI Engineering skills is 30.5% globally.

7. AI Talent Migration 
Data on migration comes from the World Bank Group–
LinkedIn “Digital Data for Development” partnership (see 
https://linkedindata.worldbank.org/ and Zhu et al. (2018)). 
LinkedIn migration rates are derived from the self-identified 
locations of LinkedIn member profiles. For example, when a 
LinkedIn member updates their location from Paris to London, 
this is counted as a migration. Migration data is available from 
2019 onward.

LinkedIn data provides insights to countries on AI talent 
gained or lost due to migration trends. AI talent migration is 
considered for all members with AI skills/holding AI jobs at 
time “t” for country A as the country of interest and country 
B as the source of inflows and destination for outflows. Thus, 
net AI talent migration between country A and country B is 
calculated as:

Net flows are defined as total arrivals minus departures 
within a given time period. LinkedIn membership varies 
between countries, which can prove challenging when 
interpreting absolute movements of members from one 
country to another. Migration flows are therefore normalized 
with respect to each country. For example, for country A, all 
absolute net flows into and out of country A, regardless of 
origin and destination countries, are normalized based on the 
LinkedIn membership of country A at the end of each year 
and multiplied by 10,000. Hence, this metric indicates relative 
talent migration from all countries to and from country A. 
Please note that minimum thresholds have been applied such 
that transitions have a sufficient sample size.

Interpretation: The United States had a positive net flow of 
AI talent relative to its membership size at 1.07 net flow per 
10,000 members.

8. Career Transitions Into AI Jobs 
LinkedIn considers the source occupations that feed AI 
occupations, analyzing the share of transitions into AI 
occupations pooled over a five-year period. Career transitions 
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are computed by aggregating member-level job transitions 
from one occupation to another occupation the member 
has not previously held. LinkedIn excludes first occupations 
added by new graduates and intra-occupation transitions.

Interpretation: In the United States, 26.9% of transitions into 
AI engineer came from software engineer, followed by 13.3% 
from data scientist.

THE LINKEDIN AI SKILLS LIST 

AI Engineering
3D reconstruction, AI agents, AI productivity, AI strategy, 
algorithm analysis, algorithm development, Amazon Bedrock, 
Apache Spark ML, applied machine learning, artificial 
intelligence (AI), artificial neural networks, association 
rules, audio synthesis, autoencoders, automated clustering, 
automated feature engineering, automated machine learning 
(AutoML), automated reasoning, autoregressive models, 
Azure AI Studio, Caffe, chatbot development, chatbots, 
classification, cognitive computing, computational geometry, 
computational intelligence, computational linguistics, 
concept drift adaptation, conditional generation, conditional 
image generation, convolutional neural networks (CNN), 
custom GPTs, decision trees, deep convolutional generative 
adversarial networks (DCGAN), deep convolutional neural 
nNetworks (DCNN), deep learning, deep neural networks 
(DNN), evolutionary algorithms, expert systems, facial 
recognition, feature extraction, feature selection, fuzzy 
logic, generative adversarial imitation learning, generative 
adversarial networks (GANs), generative AI, generative 
design optimization, generative flow models, generative 
modeling, generative neural networks, generative 
optimization, generative pre-training, generative query 
networks (GQNs), generative replay memory, generative 
synthesis, gesture recognition, Google Cloud AutoML, graph 
embeddings, graph networks, hyperparameter optimization, 
hyperparameter tuning, image generation, image inpainting, 
image processing, image synthesis, image-to-image 
translation, information extraction, intelligent agents, 
k-means clustering, Keras, knowledge discovery, knowledge 

representation and reasoning, LangChain, large language 
model operations (LLMOps), large language models (LLM), 
machine learning, machine learning algorithms, machine 
translation, Microsoft Azure Machine Learning, MLOps, 
model compression, model interpretation, model training, 
music generation,nNatural language generation, natural 
language processing (NLP), natural language understanding, 
neural network architecture design, neural networks, NLTK, 
object recognition, ontologies, OpenAI API, OpenCV, parsing, 
pattern recognition, predictive modeling, probabilistic 
generative models, probabilistic programming, prompt flow, 
PyTorch, question answering, random forest, RapidMiner, 
recommender systems, recurrent neural networks (RNN), 
reinforcement learning, responsible AI, Scikit-Learn, semantic 
technologies, semantic web, sentiment analysis, speech 
recognition, Spring AI, statistical inference, style transfer, 
StyleGAN, supervised learning, support vector machine 
(SVM), synthetic data generation, TensorFlow, text analytics, 
text classification, text generation, text mining, text-to-image 
generation, Theano, time series forecasting, transformer 
models, unsupervised learning, variational autoencoders 
(VAEs), video generation, web mining, Weka, WordNet.

AI Literacy
AI Builder, AI prompting, Anthropic Claude, ChatGPT, 
DALL-E, generative AI, Generative AI Studio, generative AI 
tools, generative art, GitHub Copilot, Google Bard, Google 
Gemini, GPT-3, GPT-4, LLaMA, Microsoft Copilot, Microsoft 
Copilot Studio, Midjourney, multimodal prompting, prompt 
engineering, Stable Diffusion.
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Quid
Quid insights prepared by Heather English and Hansen Yang

Quid uses its own in-house LLM and other smart search 
features, as well as traditional Boolean query, to search for 
focus areas, topics, and keywords within many datasets: social 
media, news, forums and blogs, companies, patents, as well as 
other custom feeds of data (e.g., survey data). Quid has many 
visualization options and data delivery endpoints, including 
network graphs based on semantic similarity, in-platform 
dashboarding capabilities, and programmatic PostgreSQL 
database delivery. Quid applies best-in-class AI and NLP to 
reveal hidden patterns in large datasets, enabling users to 
make data-driven decisions accurately, quickly, and efficiently. 
 
Search, Data Sources, and Scope
Over 8 million global public and private company profiles 
from multiple data sources are indexed to search across 
company descriptions, while filtering and including metadata 
ranging from investment information to firmographic 
information, such as founding year, headquarter location, and 
more. Company information is updated on a weekly basis. 
The Quid algorithm reads a large amount of text data from 
each document to make links between different documents 
based on their similar language. This process is repeated at 
an immense scale, which produces a network of different 
clusters identifying distinct topics or focus areas. Trends are 
identified based on keywords, phrases, people, companies, 
and institutions that Quid identifies and other metadata that 
is put into the software.

Data
 
Companies
Organization data is embedded from Capital IQ and 
Crunchbase. These companies include every type of 
organization (private, public, operating, operating as a 
subsidiary, out of business) throughout the world. The 
investment data includes private investments, M&A, public 
offerings, minority stakes held by PE/ VCs, corporate venture 
arms, governments, and institutions both within and outside 
the United States. Some data is unavailable—for instance, 

when investors’ names or funding amounts are not disclosed. 
Quid embeds Capital IQ data as a default and adds in data 
from Crunchbase for the data points that are not captured in 
Capital IQ. This not only yields comprehensive and accurate 
data on all global organizations, but it also captures early-
stage startups and funding events data.

Search Parameters
Boolean query is used to search for focus areas, topics, and 
keywords within the archived company database and within 
their business descriptions and websites. Quid can filter 
out the search results by HQ regions, investment amount, 
operating status, organization type (private/ public), and 
founding year. Quid then visualizes these companies by 
semantic similarity. If there are more than 7,000 companies 
from the search result, Quid selects the 7,000 most relevant 
companies for visualization based on the language algorithm. 
Boolean search: “artificial intelligence” or “AI” or “machine 
learning” or “deep learning”

Companies 
	 • �Global AI and ML companies that have received 

investments (private, IPO, M&A) from Jan. 1, 2014, to 
Dec. 31, 2024. 

	 • �Global AI and ML companies that have received over 
$1.5 million for the past 10 years (Jan. 1, 2014, to Dec. 
31, 2024). 

	 • �Global data was also pulled for a generative AI query 
(Boolean search: “generative AI” or “gen AI” OR 
“generative artificial intelligence”) for companies that 
have received over $1.5 million for the past 10 years 
(Jan. 1, 2014, to Dec. 31, 2024).

 
Target Event Definitions
	 • �Private investment: A private placement is a private 

sale of newly issued securities (equity or debt) by a 
company to a select investor or group of investors. The 
stakes that buyers take in private placements are often 
minority stakes (under 50%), although it is possible to 
take control of a company through a private placement 
as well, in which case the private placement would be 
a majority stake investment. 
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	 • �Minority investment: These refer to minority stake 
acquisitions in Quid, which take place when the buyer 
acquires less than 50% of the existing ownership stake 
in entities, asset products, and business divisions. 

	 • �M&A: This refers to a buyer acquiring more than 
50% of the existing ownership stake in entities, asset 
products, and business divisions.

McKinsey & Company
Data used in the “Corporate Activity” section was sourced 
from two McKinsey global surveys: “The State of AI in Early 
2024: Gen AI Adoption Spikes and Starts to Generate Value” 
and “The State of AI: How Organizations Are Rewiring to 
Capture Value.” 

The first online survey of 2024 was in the field from Feb. 22 
to March 5, and garnered responses from 1,363 participants 
representing the full range of regions, industries, company 
sizes, functional specialties, and tenures. Among the 
respondents, 981 said their organizations had adopted AI in at 
least one business function, and 878 said their organizations 
were regularly using gen AI in at least one function. 

The second online survey of 2024 was in the field from July 16 
to July 31, and garnered responses from 1,491 participants in 
101 nations representing the full range of regions, industries, 
company sizes, functional specialties, and tenures. Forty-two 
percent of respondents said they work for organizations with 
more than $500 million in annual revenues.

To adjust for differences in response rates, the data is weighted 
by the contribution of each respondent’s nation to global GDP.

The AI Index also considered data from previous iterations of 
the McKinsey survey. These include:
The State of AI in 2023: Generative AI’s Breakout Year
The State of AI in 2022—and a Half Decade in Review 
The State of AI in 2021
The State of AI in 2020
AI Proves Its Worth, But Few Scale Impact (2019)
AI Adoption Advances, But Foundational Barriers Remain 
(2018)
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Benchmarks
1. �MedQA: Data on MedQA was taken from the MedQA 

Papers With Code leaderboard in February 2025. To learn 
more about MedQA, please read the original paper.

AI-Driven Protein Science 
Publications
The AI Index used Dimensions’ AI document search function 
to measure the number of manuscripts published in a year. 
The searches were restricted to the 2024 publication year 
and the biological sciences category (987,717 publications). 
Then a search was conducted for each key term, which had to 
be present in both the title and the abstract. This requirement 
limited the number of manuscripts returned that might 
only have mentioned the key term in passing, rather than 
describing research about the key term. Once the number 
of manuscripts was identified, the percent of total biological 
sciences manuscripts about each key term was calculated.

Image and Multimodal AI for 
Scientific Discovery
The AI Index used Semantic Scholar and Google Scholar to 
measure the number of manuscripts published from 2023 to 
2025. A search was then performed for each key term (e.g., 
“foundation models,” “microscopy,” “electron microscopy,” 
“fluorescence microscopy,” “light microscopy”) with the 
requirement that the terms be present in both the title 
and the abstract. Furthermore, the search was refined to 
strictly comply with the definition of a foundation model—
specifically, a model trained on vast datasets that can be 
applied across a wide range of use cases. To this end, any 

model alleged to be a foundation model that had been 
trained on fewer than 1 million data points or not evaluated on 
multiple tasks was discarded. 

FDA-Approved AI Medical 
Devices
Data on FDA-approved AI medical devices was sourced 
from the FDA website, which tracks artificial intelligence and 
machine learning (AI/ML)–enabled medical devices.

Ethical Considerations
The AI Index used PubMedCentral’s API to query for English-
language indexed articles published between Jan. 1, 2020, 
and Dec. 31, 2024, using search terms regarding artificial 
intelligence, medicine, and ethical issues. In order to obtain 
only articles at the intersection of those three topics, the AI 
Index further narrowed the articles to those with an abstract 
including a keyword related to: (a) artificial intelligence, (b) 
medicine, and (c) at least one ethical issue. After removing 
preprints, retracted articles, and articles that failed to satisfy 
the inclusion criteria, 2,916 articles remained. The AI Index 
used the frequency of ethical issues mentioned in abstracts 
across this pool of articles to conduct its analysis.

API query:
(“artificial intelligence”[MeSH] OR “machine learning”[MeSH] 
OR “deep learning”[All Fields] OR “AI”[All Fields] OR 
“ML”[All Fields] OR “predictive analytics”[All Fields]) AND 
((“ethics”[MeSH] OR “ethical implications”[All Fields] OR 
“fair*”[All Fields] OR “unfair*”[All Fields] OR “bias”[All Fields] 
OR “accountability”[All Fields] OR “transparency”[All Fields] 
OR “explainability”[All Fields] OR “privacy”[All Fields] OR 
“trustworthy AI”[All Fields]) OR (“bioethics”[MeSH] OR 
“ELSI”[All Fields] OR “autonomy”[All Fields] OR “equity”[All 
Fields] OR “equitab*”[All Fields] OR “justice”[All Fields] OR 
“beneficence”[All Fields] OR “non-maleficence”[All Fields] 
OR “independent review”[All Fields] OR “oversight”[All 

https://paperswithcode.com/sota/question-answering-on-medqa-usmle
https://paperswithcode.com/sota/question-answering-on-medqa-usmle
https://paperswithcode.com/sota/question-answering-on-medqa-usmle
https://arxiv.org/abs/2009.13081v1
https://www.frontiersin.org/journals/research-metrics-and-analytics/articles/10.3389/frma.2018.00023/full
https://www.fda.gov/medical-devices/software-medical-device-samd/artificial-intelligence-and-machine-learning-aiml-enabled-medical-devices
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Fields] OR “racis*”[All Fields] OR “prejud*”[All Fields] OR 
“inequit*”[All Fields] OR “community engagement”[All 
Fields] OR “misuse”[All Fields] OR “dual use”[All Fields])) 
AND (“medicine”[MeSH] OR “medical AI”[All Fields] 
OR “clinical decision support”[All Fields] OR “health 
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Global AI Mentions
For mentions of AI in AI-related legislative proceedings 
around the world, the AI Index performed searches for the 
keyword “artificial intelligence,” in respective languages, on 
the websites of congresses or parliaments in 75 geographic 
areas, usually under sections named “minutes,” “hansard,” etc. 
Mentions were counted by session, so multiple mentions of 
“artificial intelligence” in the same legislative session counted 
as one mention. The AI Index team surveyed the following 
databases:

Andorra, Armenia, Australia, Azerbaijan, Barbados, Belgium, 
Bermuda, Brazil, Canada, Cayman Islands, China,1 Czech 
Republic, Denmark, Dominican Republic, Ecuador, El 
Salvador, Estonia, Fiji, Finland, France, Germany, Gibraltar, 
Greece, Hong Kong, Iceland, India, Ireland, Isle of Man, 
Italy, Japan, Kenya, Kosovo, Latvia, Lesotho, Liechtenstein, 
Luxembourg, Macao SAR, China, Madagascar, Malaysia, 
Maldives, Malta, Mauritius, Mexico, Moldova, Netherlands, 
New Zealand, Northern Mariana Islands, Norway, Pakistan, 
Panama, Papua New Guinea, Philippines, Poland, Portugal, 
Romania, Russia, San Marino, Seychelles, Sierra Leone, 
Singapore, Slovenia, South Africa, South Korea, Spain, Sri 
Lanka, Sweden, Switzerland, Tanzania, Trinidad and Tobago, 
Ukraine, United Kingdom, United States, Uruguay, Zambia, 
Zimbabwe

Global Legislation Records on AI
For AI-related bills passed into laws, the AI Index performed 
searches for the keyword “artificial intelligence,” in respective 
languages and in the full text of bills, on the websites of 
congresses or parliaments in 116 geographic areas. Note that 
only laws passed by state-level legislative bodies and signed into 
law (e.g., by presidents or received royal assent) from 2016 to 
2024 are included. Laws that were approved but then repealed 
are not included in the analysis. For laws where AI-related 
provisions were added or amended after initial enactment, 
the AI Index uses the year of inclusion rather than the original 
passage year, when relevant. Future AI Index reports hope to 
include analysis on other types of legal documents, such as 
regulations and standards, adopted by state- or supranational-
level legislative bodies, government agencies, etc.

The AI Index team surveyed databases for the following 
geographic areas:

Algeria, Andorra, Antigua and Barbuda, Argentina, Armenia, 
Australia, Austria, Azerbaijan, The Bahamas, Bahrain, 
Bangladesh, Barbados, Belarus, Belgium, Belize, Bermuda, 
Bhutan, Bolivia, Brazil, Brunei, Bulgaria, Cameroon, Canada, 
Chile, China, Croatia, Cuba, Curacao, Cyprus, Czech 
Republic, Denmark, Estonia, Faroe Islands, Fiji, Finland, France, 
Germany, Gibraltar, Greece, Greenland, Grenada, Guam, 
Guatemala, Guyana, Hong Kong, Hungary, Iceland, India, Iraq, 
Ireland, Isle of Man, Israel, Italy, Jamaica, Japan, Kazakhstan, 
Kenya, Kiribati, Republic of Korea, Kosovo, Kyrgyz Republic, 
Latvia, Liechtenstein, Lithuania, Luxembourg, Macao SAR 
China, Malawi, Malaysia, Malta, Mauritius, Mexico, Monaco, 
Montenegro, Morocco, Mozambique, Nauru, Netherlands, 
New Zealand, Northern Marina Islands, Norway, Panama, 
Philippines, Poland, Portugal, Romania, Russia, Samoa, 
Saudi Arabia, Serbia, Seychelles, Sierra Leone, Singapore, 
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1 The National People’s Congress is held once per year and does not provide full legislative proceedings. Hence, the counts included in the analysis searched mentions of “artificial 
intelligence” in the only public document released from the congressional meetings, the Report on the Work of the Government, delivered by the premier.
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https://www.cnmilaw.org/leg.php#gsc.tab=0
https://www.cnmilaw.org/leg.php#gsc.tab=0
https://www.cnmilaw.org/leg.php#gsc.tab=0
https://lovdata.no/
https://legispan.asamblea.gob.pa/norms
https://lawphil.net/
https://monitorpolski.gov.pl/szukaj
https://dre.pt/dre/home
https://legislatie.just.ro/
http://graph.garant.ru:8080/SESSION/PILOT/main.htm
https://www.palemene.ws/parliament-business/acts-regulations/
https://laws.boe.gov.sa/BoeLaws/Laws/Search
http://www.parlament.gov.rs/
https://seylii.org/legislation
https://sierralii.gov.sl/
https://sso.agc.gov.sg/
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Slovak Republic, Slovenia, South Africa, Spain, St. Kitts and 
Nevis, Suriname, Sweden, Switzerland, Tajikistan, Tanzania, 
Togo, Tongo, Turkey, Tuvalu, Uganda, Ukraine, United Arab 
Emirates, United Kingdom, United States, Uruguay, Vietnam, 
Yemen, Zambia, Zimbabwe

US State-Level AI Legislation
For AI-related bills passed into law, the AI Index performed 
searches for the keyword “artificial intelligence” in the full 
text of bills on the websites of all 50 U.S. states. Bills are only 
counted as passed into law if the keyword appears in the final 
version of the bill, not just the introduced version. Note that 
only laws passed from 2015 to 2024 are included. The count 
for proposed laws includes both laws that were proposed 
that were passed and laws that were proposed that have 
not been passed yet, or are now inactive. The AI Index team 
surveyed the following databases:

Alabama, Alaska, Arizona, Arkansas, California, Colorado, 
Connecticut, Delaware, Florida, Georgia, Hawaii, Idaho, 
Illinois, Indiana, Iowa, Kansas, Kentucky, Louisiana, Maine, 
Maryland, Massachusetts, Michigan, Minnesota, Mississippi, 
Missouri, Montana, Nebraska, Nevada, New Hampshire, New 
Jersey, New Mexico, New York, North Carolina, North Dakota, 
Ohio, Oklahoma, Oregon, Pennsylvania, Rhode Island, South 
Carolina, South Dakota, Tennessee, Texas, Utah, Vermont, 
Virginia, Washington, West Virginia, Wisconsin, Wyoming

For a more thorough review, the AI Index also included AI-
related state laws listed on the Multistate AI state legislation 
tracker, even if they did not specifically reference “artificial 
intelligence” as a keyword.

US AI Regulation
This section examines AI-related regulations enacted by 
U.S. regulatory agencies from 2016 to 2024, analyzing the 
total number of regulations and their originating agencies. 
To compile this data, the AI Index conducted a keyword 
search for “artificial intelligence” on the Federal Register, a 
comprehensive repository of government documents drawn 
from over 436 agencies and nearly every branch of the U.S. 
government.

US Committee Mentions
To research trends on the United States’ committee mentions 
of AI, the following search was conducted: 
Website: Congress.gov 
Keyword: artificial intelligence 
Filters: Committee Reports

Public Investment in AI
The AI Index analyzed government AI spending across 
European countries and the United States, focusing on regions 
where data is more accessible. It is important to note that 
this analysis may not fully represent all countries or regions, 
as the availability and quality of data can vary significantly. 
Additionally, while this analysis includes data on government 
contracts from various countries, it only covers grant-level 
spending for the United States. This discrepancy is the result 
of challenges in collecting comparable grant data from other 
countries and regions, such as the European Union and China. 
Nevertheless, the U.S. case illustrates that a substantial 
portion of government spending on AI occurs through grants. 
Coverage will expand in future iterations of the AI Index as 
more data becomes available, but discrepancies and gaps 
in the existing data may affect the comprehensiveness and 
accuracy of the findings.

Data Sources
For European countries, the AI Index collected public tender 
data from Tenders Electronic Daily (TED) (Publications Office 
of the European Union, 2024)—the online supplement to 
the official journal of the EU dedicated to European public 
procurement. While contracts are available in various formats, 
the most detailed data comes from bulk XML downloads, 
which include comprehensive information on tendering 
procedures, issuing entities, awarded contractors, lot values, 
descriptions, award dates, and common procurement 
vocabulary (CPV) codes. TED publication is governed by 
EU law thresholds: Tenders above specific monetary values, 
deemed of cross-border interest, must be published on 
TED. However, some countries also report below-threshold 
procurements, leading to variations in coverage across 
countries.
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https://www.slov-lex.sk/domov
http://www.pisrs.si/Pis.web/
http://www.gov.za
https://www.boe.es/buscar/legislacion_ava.php
https://aglcskn.info/
https://aglcskn.info/
https://www.dna.sr/wetgeving/
https://www.riksdagen.se/
https://www.fedlex.admin.ch/
https://www.andoz.tj
https://www.tanzanialaws.com/
https://assemblee-nationale.tg/lois/
https://ago.gov.to/cms/
https://www.resmigazete.gov.tr/
https://tuvalu-legislation.tv/cms/
https://www.ugandalaws.com/
https://zakon.rada.gov.ua/
https://elaws.moj.gov.ae/laws/search?key=AL1
https://elaws.moj.gov.ae/laws/search?key=AL1
https://www.legislation.gov.uk/
https://www.congress.gov/
https://www.parlamento.gub.uy/
https://vbpl.vn/TW/Pages/vbpqen.aspx
https://yemen-nic.info/contents/laws_ye/
https://zambialii.org/
https://zimlii.org/
https://alison.legislature.state.al.us/
https://www.akleg.gov/basis/Home/BillsandLaws
https://apps.azleg.gov/BillStatus/BillOverview
https://www.arkleg.state.ar.us/Bills/Search?ddBienniumSession=2019%2F2019R
https://leginfo.legislature.ca.gov/
http://leg.colorado.gov/bills
https://search.cga.state.ct.us/r/adv/
https://legis.delaware.gov/
https://www.myfloridahouse.gov/Sections/Bills/bills.aspx
https://www.legis.ga.gov/search
https://search.capitol.hawaii.gov/isysadvsearch.html
https://legislature.idaho.gov/
https://www.ilga.gov/default.asp
https://iga.in.gov/search
https://www.legis.iowa.gov/
http://www.kslegislature.org/li/
https://legislature.ky.gov/Pages/index.aspx
https://www.legis.la.gov/Legis/BillSearch.aspx?sid=243ES
https://legislature.maine.gov/bills/default_ps.asp?snum=0&PID=1456
https://mgaleg.maryland.gov/mgawebsite/
https://malegislature.gov/
http://www.legislature.mi.gov/(S(ichgts3prferjuinoxyhaaow))/mileg.aspx?page=home
https://www.leg.mn.gov/
http://www.legislature.ms.gov/legislation/previous-sessions/
https://www.mo.gov/government/legislative-branch/
https://leg.mt.gov/#start=0&query=2023&collection=2023 Bills
https://nebraskalegislature.gov/
https://www.leg.state.nv.us/
https://www.gencourt.state.nh.us/
https://www.njleg.state.nj.us/
https://www.njleg.state.nj.us/
https://www.nmlegis.gov/Search
https://nyassembly.gov/leg/?sh=advanced
https://www.ncleg.gov/
https://www.ndlegis.gov/
https://www.legislature.ohio.gov/
http://www.oklegislature.gov/tsrs_measures.aspx
https://www.oregonlegislature.gov/
https://www.legis.state.pa.us/cfdocs/legis/home/bills/
https://webserver.rilegislature.gov/search/
https://www.scstatehouse.gov/
https://www.scstatehouse.gov/
https://sdlegislature.gov/
https://wapp.capitol.tn.gov/apps/billsearch/billsearchadvancedarchive.aspx?ga=108
https://capitol.texas.gov/
https://le.utah.gov/solrsearch.jsp?ktype=Bill
https://legislature.vermont.gov/
https://legacylis.virginia.gov/cgi-bin/legp604.exe?ses=000&typ=lnk&val=12
https://search.leg.wa.gov/search.aspx#document
http://www.wvlegislature.gov/
https://legis.wisconsin.gov/
https://www.wyoleg.gov/Legislation/searchKeyword
https://www.multistate.ai/artificial-intelligence-ai-legislation
https://www.multistate.ai/artificial-intelligence-ai-legislation
https://www.federalregister.gov/
http://congress.gov
https://ted.europa.eu/en/
https://www.zotero.org/google-docs/?Sm10o0
https://www.zotero.org/google-docs/?Sm10o0
https://single-market-economy.ec.europa.eu/single-market/public-procurement/legal-rules-and-implementation/thresholds_en
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For the United Kingdom, data sources include TED, Find a 
Tender, Contracts Finder, and Contracts Finder Archive. 
Data from Scotland and Wales were accessed via the APIs 
of their procurement websites, while Northern Ireland does 
not offer this service, necessitating its exclusion from the 
analysis and potentially leading to an underestimation of 
public investments in AI for the U.K. Due to API limitations 
restricting historical data access, the AI Index utilized the 
Open Contracting Partnership’s data registry via Kingfisher 
Collect to obtain comprehensive data for Scotland and Wales.

Data for the United States was sourced from the publicly 
accessible USAspending platform, an official repository 
that facilitates bulk downloads of information related to 
contract award notices and grant data. While this dataset 
encompasses a longer time frame than the TED dataset, it 
is important to note that data quality can vary. Additionally, 
a study by the U.S. Government Accountability Office (GAO, 
2023) found that 49 agencies, including 25 in the executive 
branch, did not report data to USAspending, accounting for 
over $5 billion in net outlays for fiscal year 2022.

Data Processing
Processing TED data posed significant challenges due to 
inconsistent storage of contract descriptions, which varied 
by XML tag names based on release time and procurement 
type. Some files contained aggregated descriptions while 
others detailed each awarded contract lot. To capture 
comprehensive information, the main descriptions of each 
competition call were combined with partial descriptions 
when available.

The linguistic diversity in data from different countries 
required translation of all texts into English using the deep-
translator tool and the Google Translator engine. Post-
translation, tender texts were processed using natural 
language processing (NLP) techniques. These included 
the removal of stop words and special characters, part-of-
speech (POS) tagging to retain key grammatical categories, 
lowercase conversion, lemmatization, and replacement of 
numerical measures with a <NUM> tag.

For ease of comparison, all monetary amounts were converted 
to U.S. dollars and adjusted for price level differences using 
the purchasing power parities (PPP) index.

Classification
Classifying AI-related contracts and grants was achieved 
using full-text search with regular expressions. An 
AI dictionary was compiled by generating AI-related 
expressions and incorporating “core” expressions from the 
Yamashita et al. (2021) vocabulary. Additionally, a Word2Vec 
model expanded the dictionary with cosine-similar terms 
for each baseline expression that were manually reviewed 
and included in the final vocabulary. This process provided 
keywords and co-occurrence patterns crucial for identifying 
AI content. 

The classification followed a multistep approach. Initially, 
regular expression (regex) matching identified AI terms 
within contract and grant awards. These documents were 
then categorized as either “non AI-related” or “AI-related.” To 
validate AI-related matches, BERTopic model and pretrained 
DeBERTA transformer were employed to assess probability 
scores for specific AI-related topics. Awards with relevance 
scores below 20% underwent manual review, while those 
with higher scores were confirmed as AI-related. To ensure 
additional accuracy, all high-value tenders were also manually 
reviewed.
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https://ted.europa.eu/en/
https://www.gov.uk/find-tender
https://www.gov.uk/find-tender
https://www.gov.uk/contracts-finder
https://www.data.gov.uk/dataset/97c75a0c-dd9b-42f9-969c-5e667d8c80f1/contracts-finder-archive-2011-to-2015
https://www.publiccontractsscotland.gov.uk/search/search_mainpage.aspx
https://www.sell2wales.gov.wales
https://www.open-contracting.org/
https://kingfisher-collect.readthedocs.io/en/latest/
https://kingfisher-collect.readthedocs.io/en/latest/
https://www.usaspending.gov
https://www.gao.gov/products/gao-24-106214
https://www.gao.gov/products/gao-24-106214
https://pypi.org/project/deep-translator/
https://pypi.org/project/deep-translator/
https://ec.europa.eu/eurostat/web/purchasing-power-parities/database
https://www.oecd.org/en/publications/measuring-the-ai-content-of-government-funded-r-d-projects_7b43b038-en.html
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Code.org, CSTA, ECEP Alliance
State-Level Data 
Appendix 2 of the State of Computer Science Education 
2024 report includes a full description of the methodology 
used by Code.org, CSTA, and ECEP Alliance to collect their 
data. The staff at Code.org also maintains a database of the 
state of American K–12 education and, in this policy primer, 
provides a greater amount of detail on the state of American 
K–12 education in each state. 

AP Computer Science Data 
The AP Computer Science data is provided to Code.org as per 
an agreement the College Board maintains with Code.org. The 
AP Computer Science data comes from the College Board’s 
national and state summary reports.
 
Access to Computer Science Education 
Data on access to computer science education was drawn 
from Code.org, CSTA, and ECEP Alliance’s State of Computer 
Science Education 2024 report.

2024 K-12 Computer Science 
Landscape Teacher Landscape 
Survey
For more information or access to the dataset, please contact 
membership@csteachers.org.

State Standards Comparison
CSTA and the Institute for Advancing Computing Education 
(IACE) published a State Standards Comparison report in 
December 2024. The dataset of approximately 10,000 state-
adopted K-12 standards is available as a spreadsheet, as well 
as a Python notebook that may be useful for data analysis. 
Colorado and Virginia’s standards were adopted in late 2024 
and are not included in this dataset. 

Global K-12 AI Education
The Raspberry Pi Computing Education Research Centre, based 
in the Department of Computer Science and Technology at the 
University of Cambridge, compiled this dataset, expanding on 
research conducted by the Brookings Institution for its 2021 
report Building Skills for Life: How to Expand and Improve 
Computer Science Education Around the World. We made 
one change to their dataset to clarify that CS in the United 
States is available in some schools/districts and not available 
everywhere as an elective course. For more information about 
the methodology, please refer to their report.

IPEDS
The Integrated Postsecondary Education Data System 
(IPEDS) combines annual surveys conducted by the U.S. 
Department of Education’s National Center for Education 
Statistics (NCES). IPEDS gathers information from every 
college, university, and technical and vocational institution 
that participates in federal student financial aid programs. 

Completion Data
This chapter used data from the Completions survey, which 
collects data on the number of students who complete a 
postsecondary education program. Graduates in AI-related 
fields were identified as those whose first major was either 
Computer and Information Sciences, General (11.01); Computer 
Programming (11.02); or Computer Science (11.07), according 
to the Classification of Instructional Programs (CIP) codes. 
The number of graduates in AI-related fields included in this 
year’s report differs from previous years because the AI Index 
used multiple CIP codes.

OECD
This chapter used data from the OECD Data Explorer, 
specifically from the table “Number of enrolled students, 
graduates and new entrants by field of education.” The 
methodology for this dataset can be found in Education at a 
Glance 2024 Sources, Methodologies and Technical Notes.

https://code.org/assets/advocacy/stateofcs/2024_state_of_cs.pdf
https://code.org/assets/advocacy/stateofcs/2024_state_of_cs.pdf
https://docs.google.com/spreadsheets/d/1YtTVcpQXoZz0IchihwGOihaCNeqCz2HyLwaXYpyb2SQ/pubhtml
https://code.org/assets/advocacy/making_cs_foundational_2024.pdf
http://research.collegeboard.org/programs/ap/data
https://code.org/assets/advocacy/stateofcs/2024_state_of_cs.pdf
https://code.org/assets/advocacy/stateofcs/2024_state_of_cs.pdf
mailto:membership%40csteachers.org?subject=
https://reimaginingcs.org/Standards-Comparison
https://docs.google.com/spreadsheets/d/1briGyFqq5pKO5Rb1-Gp7WeTLsLD6GLnKPM3D3QJBDwk/edit?gid=570385718#gid=570385718
https://colab.research.google.com/drive/11INhVkdWwxX5PFMUxVhtNPcAQlrmpgLt
https://www.cde.state.co.us/apps/standards/60012,60005,60047/60012,60006,60047/60012,60007,60047/60012,60038,60047/60012,60015,60047/
https://www.doe.virginia.gov/home/showpublisheddocument/57144/638609727259600000
https://docs.google.com/spreadsheets/d/1-hWTYCcVLHBYSD4jI8ZMqaHYLsndVdySRra4g4tcnK8/edit?usp=sharing
https://www.brookings.edu/articles/building-skills-for-life-how-to-expand-and-improve-computer-science-education-around-the-world/
https://www.brookings.edu/articles/building-skills-for-life-how-to-expand-and-improve-computer-science-education-around-the-world/
https://computingeducationresearch.org/computing-education-around-the-world-data/
https://nces.ed.gov/ipeds/
https://nces.ed.gov/ipeds/
https://nces.ed.gov/ipeds/survey-components/7
https://nces.ed.gov/ipeds/cipcode/Default.aspx?y=55
http://data-explorer.oecd.org/s/19p
http://data-explorer.oecd.org/s/19p
https://www.oecd.org/en/publications/education-at-a-glance-2024-sources-methodologies-and-technical-notes_e7d20315-en.html
https://www.oecd.org/en/publications/education-at-a-glance-2024-sources-methodologies-and-technical-notes_e7d20315-en.html
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Ipsos
For the sake of brevity, the 2025 AI Index opted not to republish the methodology used by the Ipsos survey featured in the report. 
More details about the Ipsos survey’s methodology can be found in the survey itself.

https://www.ipsos.com/sites/default/files/ct/news/documents/2024-06/Ipsos-AI-Monitor-2024-final-APAC.pdf

