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Introduction 

Will Rinehart, Brent Orrell, Julia Lane, and Erik Brynjolfsson

The newest artificial intelligence technologies, espe-
cially generative AI systems, could fundamentally 
transform how firms do business and how Americans 
work. Still, there is little data and evidence to under-
stand how AI is reshaping the economy.

This is coming just as the politics of work are 
changing. The automation and trade shocks of the 
early 2000s and the resulting “deaths of despair” have 
brought political attention to how technological and 
economic shifts can transform communities and live-
lihoods. Business leaders, workers, educational and 
training institutions, and governments need local, 
timely, and actionable data to help the workforce 
respond to shocks that are likely to be even greater 
than those of two decades ago.

Unfortunately, the visibility of the workforce’s 
transformation has also made it clear that tradi-
tional data sources are inadequate to inform that 
response. Even current scientific and industrial clas-
sification systems are not fit for this purpose. AI, 
like many other new and emerging technologies, is 
neither a well-defined scientific field nor a distinct 
industry.1 Moreover, national governments’ increas-
ing focus on industrial policy, which is fundamen-
tally reshaping the economy and society, suggests 
that entirely new data and frameworks may need 

to be developed to understand how workers and  
firms interact. 

On March 18, 2024, the American Enterprise  
Institute, Stanford University’s Digital Economy Lab, 
and New York University convened a daylong semi-
nar titled “New Approaches to Characterize Indus-
tries: AI as a Framework and a Use Case.” Its goal 
was to begin exploring elements of a theoretical 
framework that could help meet this data challenge, 
and seminar participants were tasked with identify-
ing what data, definitions, models, and tools exist or 
could be developed.

Participants were invited to the workshop for their 
expertise in data, measurement, and analysis. But 
more importantly, each presenter had a history of 
designing, deploying, and using new data systems—
such as the Longitudinal Employer-Household 
Dynamics program at the US Census Bureau, the 
Institute for Research on Innovation & Science (IRIS) 
at the University of Michigan, the Texas Workforce 
Commission, and the New Jersey Department of 
Labor & Workforce Development—and private job 
market data. As intended, workshop participants 
drew on their experiences to identify empirically 
implementable, dynamic, and flexible approaches for 
understanding this critical and emerging space.
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The following three key takeaways emerged from 
the formal and informal discussions:

1.	 An innovative institution should be estab-
lished to implement a new vision and frame-
work. This independent, nonpartisan institution 
could be dedicated to producing bottom-up, 
demand-driven tools and insights for busi-
nesses, workers, and governments by connecting 
advances in AI and other critical technologies to 
changes in the nature of new and existing jobs, 
skills, and economic opportunities.

2.	Policymakers and practitioners should support 
the institution in establishing partnerships that 
directly serve the needs of businesses, work-
ers, and researchers. These partnerships would 
build an understanding of how AI and other 
emerging technologies affect local and regional 
economies and labor markets. An initial focus  
might include

a.	Providing data and insights to firms as busi-
nesses’ AI capabilities move from experi-
mental use to enterprise use at scale,

b.	Prototyping and producing customizable  
tools so current and future workers can 
acquire skills in response to changing 
demands, and

c.	Producing tools and analyses that federal, 
state, and local government agencies would 
use to allocate programmatic education and 
training resources.

3.	Finally, the new framework and resulting clas-
sifications should be designed to inform and 
be complemented by the federal statistical 
system’s operations; federal, state, and local 
program and service providers; and scien-
tific research. This can be achieved by bring-
ing together the best minds from each key 
sector through focused fellowship, training,  
and competitions.

In this introduction, we analyze and integrate 
the papers produced for the workshop and the day- 
of exchanges among the invited experts. The chap-
ter is divided into six key sections that move from 
the central challenges and opportunities in AI mea-
surement through perspectives informed by research 
and federal and state agencies, concluding with an 
analysis of how to better represent AI data through a 
“follow-the-people” approach to talent flows—rather 
than using firm surveys to measure AI’s implemen-
tation. Workshop participants outlined a number of 
opportunities to strengthen data collection.

The Problem and Promise of Measuring AI

Erik Brynjolfsson, who directs the Stanford Digital 
Economy Lab, and Susan Athey, a senior fellow at 
the Stanford Institute for Economic Policy Research, 
delivered keynotes to begin the workshop. Brynjolfsson 
started by retelling how Dutch microbiologist Antonie 
van Leeuwenhoek became the first person to see a 
microorganism through a microscope. His microscope 
helped drive other discoveries, igniting a revolution 
in science that lasted decades. Similarly, Brynjolfsson 
thought generative AI and other advanced AI models 
are just at the beginning of their development and will 
take decades to be fully realized.

New digital tools will require enormous invest-
ments and complementary intangible capital to be 
productive, but with this transition also comes the 
possibility of better understanding how firms imple-
ment technologies. With the right kinds of data col-
lection in place, economists and researchers could 
better understand how many software engineers are 
at each company and what skills they have. Start-
ing at this level of analysis would then allow for 
skills to be connected to firm output and productiv-
ity. In turn, this information could be used to better 
understand job-posting data and create skill and task  
taxonomies that would be more granular than the 
current O*NET system. Moreover, data of this type 
could help locate nascent superstar firms and illumi-
nate markups for AI companies—a critical question 
for antitrust authorities.
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Following Brynjolfsson, Athey offered a comple-
mentary perspective by focusing on the practical hur-
dles all collection systems face. It is often assumed 
that companies have reliable information about their 
own processes and customers. But in Athey’s expe-
rience as the chief economist at the Federal Trade 
Commission, even the most advanced companies in 
Silicon Valley face challenges with quantification.

Economists are especially attuned to measure-
ment, estimation, and inference issues. Revealed 
preference methods, such as surveys, are not always 
a reliable measure of true preferences or well-being. 
For example, impulse purchases and the dip in happi-
ness that comes with having children both undermine 
the connection between respondents’ revealed pref-
erence and well-being.

Likewise, measuring digital skills and the use of 
digital tools presents its own challenges. For one, 
there is a chicken-and-egg problem when it comes to 
measuring how interventions influence people’s digi-
tal skills. In one study Athey conducted, an AI system 
gave book recommendations to students that seem-
ingly helped students learn to read. But Athey and her 
coauthors discovered that a contest of who can read 
the most actually produced the biggest lift in reading. 
In other words, it wasn’t the recommendations that 
mattered but the incentives.

Athey’s keynote offered a warning: Even the most 
careful researchers and the best-paid tech workers 
are uncertain of the best and most effective ways to 
engage users. To solve the problem of mismeasure-
ment, researchers and scholars should be looking 
beyond current survey tools.

Research Perspectives on  
AI Measurement, Session 1

In the workshop’s first session, Jason Owen-Smith 
of IRIS emphasized the high stakes involved, espe-
cially with new legislative requirements like the  
Creating Helpful Incentives to Produce Semiconduc-
tors (CHIPS) and Science Act, which mandates mea-
suring science investments’ effects on job creation. 
Simply put, we lack methodologies, measures, and 

systems to achieve this goal. Owen-Smith described 
AI as the “poster child” for these challenges, given the 
complexities of defining and tracking its impact.

He focused on the measurement challenges AI 
poses, contrasting traditional classification methods— 
such as clustering AI-related documents by topic, 
which he described as largely arbitrary—with the 
“industries of ideas” approach, which starts with 
people. This method—pioneered by Julia Lane, a 
professor in New York University’s Wagner Graduate  
School of Public Service who helped organize the 
event and presented later in the day—involves identi-
fying industries by tracking domain experts’ activities 
and movements in the workforce.

Owen-Smith suggested that state administrative 
data could be leveraged to follow AI researchers, 
thereby defining AI industries based on where these 
researchers are employed. This method could provide 
insights into the flow of talent and the translation of 
government research investments into economic and 
workforce development. He emphasized the impor-
tance of following AI researchers and using state 
administrative data to build a more accurate picture 
of AI’s impact on regional economies.

Lee Branstetter, the James M. Walton Professor 
of Economics and Public Policy at Carnegie Mellon  
University, emphasized the importance of firm-level 
data in understanding AI’s impacts at a granular 
level. He discussed how machine learning algorithms 
can be employed to analyze patent texts, enabling 
AI-related innovations to be identified and quantified. 
Branstetter highlighted the proliferation of AI patents 
as a promising metric for measuring AI-driven inno-
vation, noting that firms filing these patents often sig-
nificantly increase their productivity, employment, 
and output.

Branstetter also discussed the global landscape of 
AI innovation, noting that Japan is the closest peer to 
the United States. Contrary to popular belief, China 
lags behind in terms of innovation. Reiterating the 
power of the industries-of-ideas model, he pro-
posed that tracking leading AI researchers and their  
movements—particularly as they transition from 
academia to industry—and the patents they produce 
could be instrumental in understanding AI’s evolving 
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landscape. By combining patent analysis with pub-
lic data, such as wage information, it could become 
possible to identify top AI scientists and follow their 
career trajectories.

Branstetter also pointed to potentially using 
LinkedIn data to track the career paths of students 
and postdoctoral researchers, who play critical roles 
in AI development. This approach could further elu-
cidate the economic benefits that arise when a criti-
cal mass of AI researchers converges within a startup  
or other firm.

After Branstetter’s presentation, Diane Coyle, 
who codirects the Bennett Institute, provided crit-
ical commentary for Owen-Smith and Branstetter, 
noting that relying on the Elsevier Corpus, which is  
a large open-access database of Elsevier’s journals, 
may introduce biases. She suggested that alternative 
measures, such as the knowledge complexity index, 
could provide different insights into conceptual dis-
tances in the AI field. Coyle also raised concerns about 
the scalability of both Owen-Smith’s and Branstetter’s  
resource-intensive methods, stressing the need for 
not only accurate but also timely and widespread 
measurements to fully capture AI’s impact. In other 
words, researchers should be mindful that timely  
data can often trump more precise data that come 
months later.

Coyle ended by asking how these measurements 
could inform our understanding of macroeconomic 
and long-term effects. She also touched on the cur-
rent trends in computing power, ending on a posi-
tive note. While Moore’s law may be decelerating, the 
rapid decline in computing costs could have signifi-
cant positive implications for the continued advance-
ment of AI technologies, potentially countering the 
pessimism surrounding AI’s future.

Research Perspectives on  
AI Measurement, Session 2

Prasanna “Sonny” Tambe, an associate professor of 
operations, information, and decisions at the Wharton  
School at the University of Pennsylvania, opened the  
second session by discussing the significant gaps 

in measuring AI’s impacts, particularly at the firm 
level. He highlighted the need for better data to 
understand why some firms succeed in implement-
ing AI while others struggle. AI investment, he noted, 
remains highly concentrated in a few firms, more 
so than investments in other digital technologies at 
so-called frontier firms. But much like other frontier 
firms, AI-focused firms are investing in infrastruc-
ture, workforce training, and high-skill talent acqui-
sition, all of which are unevenly distributed across  
the economy.

Tambe pointed out that AI infrastructure is often 
proprietary and rapidly evolving, making it difficult  
to identify and measure both tangible and intangi-
ble AI assets. He called for a consensus on how to 
track these assets effectively. Additionally, tracking 
individual AI professionals is a challenge due to a 
lack of reliable, up-to-date data. Tambe underscored 
the difficulties of measuring AI’s impacts due to the 
vast amount of data and their rapid depreciation  
over time.

He also raised questions about AI’s effects on the 
labor market, particularly for low-skilled workers. 
There is still significant uncertainty around which 
skills will remain relevant or become obsolete as a 
result of AI. He highlighted that workforce training 
was a key factor in helping workers adapt, but the best 
approaches to prepare workers in such a dynamic 
environment remain unclear.

Nestor Maslej, research manager at Stanford’s 
Institute for Human-Centered Artificial Intelligence 
(Stanford HAI), added to the discussion by focusing 
on the challenges of finding reliable metrics for AI 
innovation for Stanford HAI’s AI Index. He pointed 
out that traditional bibliometric data, which track 
the number of AI-related publications and are central 
to Stanford HAI’s AI Index, can be misleading. Par-
adoxically, while the number of AI publications has 
decreased recently, innovation in the field appears  
to be increasing, underscoring the difficulty of using 
bibliometric data to track AI advancements.

Maslej also highlighted geographic challenges in 
measuring AI innovation, as bibliometric data do 
not account for differences in publications’ quality 
or impact. He stressed the importance of identifying 
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the most cutting-edge research rather than treating 
all publications equally. Despite these limitations, 
bibliometric data can still play a role in understanding 
global AI innovation. Like Branstetter, Maslej offered 
evidence that China significantly lags behind the 
United States in AI innovation.

Tracking AI legislation is one of the newest devel-
opments for Stanford HAI’s AI Index, and all evi-
dence points to a tidal wave of new regulations. The 
Organisation for Economic Co-operation and Devel-
opment has an AI policy tracker of its own, but it 
lacks a consistent standard for what constitutes reg-
ulation or legislation, and it misses state and local 
regulations. Like the other presenters, Maslej called 
for better measurement of government spending 
on AI research and development (R&D) to gauge 
public-sector involvement and underscored the need 
for accurate measures.

Will Rinehart provided commentary on the two 
presentations, arguing that tracking AI legislation 
is vital, as regulation can create uncertainty and 
affect innovation. He also pointed to the need for 
more granular measurements, including tracking 
state and local AI regulations such as the California 
Consumer Privacy Act, which significantly affects  
AI development.

Perspectives from the National Artificial 
Intelligence Research Resource

Following the panels, Lane presented on the work of 
the National Artificial Intelligence Research Resource 
(NAIRR) and the importance of measuring AI’s 
impact on innovation, diversity, ethics, productivity, 
and employment. Lane emphasized that Congress is 
eager to evaluate the returns on its investments in 
AI, particularly through the CHIPS and Science Act. 
Effective industrial policy requires timely and accu-
rate data. As much as there is a need for data at the 
national level, policymakers and researchers need to 
assess how AI influences labor markets at the state 
and local levels.

Lane critiqued the use of new PhD graduates as 
a measure of AI investment, suggesting that while 

many new AI PhDs are produced each year, their 
contributions to the field’s innovation and advance-
ment are uncertain. To better track the most impact-
ful researchers, she recommended monitoring AI  
experts who attend conferences, as they are likely 
to be driving the most significant innovations. This 
approach supports a shift from traditional sector- 
based classifications of industries to an industries-of-
ideas model, which emphasizes following research-
ers as they move through academia and into the  
labor market.

Following Lane’s presentation, Manish Parashar—
who directs the Scientific Computing and Imaging 
Institute—focused on the barriers that prevent some 
companies from adopting AI, despite its potential to 
enhance their operations. Parashar highlighted that 
identifying companies that have yet to implement 
AI and understanding the obstacles they face are key 
to democratizing AI technology. He emphasized the 
need for greater access to AI infrastructure, comput-
ing power, data, and software—especially for firms 
that lack the resources to integrate these technologies.

Parashar also stressed the importance of educat-
ing firms about AI’s capabilities, noting that many 
companies are unaware of how they can benefit from 
adopting AI. He advocated for creating a flexible AI 
R&D ecosystem that fosters collaboration while 
addressing concerns related to privacy, civil liber-
ties, and national security. By democratizing access to  
AI R&D, NAIRR could help promote competition, 
cooperation, and innovation.

He concluded by identifying three critical com-
ponents of AI development: infrastructure, policy, 
and measurement. He underscored the importance 
of providing policymakers with accurate and timely  
data to ensure informed decision-making. Exploring  
initiatives such as the national data platform pilot 
could be a step toward creating a collaborative envi-
ronment that fosters AI innovation.

Suzette Kent, the former federal chief informa-
tion officer of the Office of Management and Budget,  
followed Parashar’s presentation. She focused on 
the complexity of measuring AI and the lack of clear 
applicability of these measurements to key stake-
holders, including state and local governments. Kent 
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stressed the need for accurate data to inform policy 
decisions and guide AI investments, highlighting the 
current gaps in understanding AI supply and demand 
at the national level.

She expressed concern about the uncertainty sur-
rounding whether AI investments are translating 
into real-world innovation, suggesting that without 
clear metrics, government and public investment in 
AI may be reduced. Kent called for the development 
of a more cohesive and comprehensive national 
view of AI development and deployment to address 
these uncertainties.

Perspectives from Data Collection  
Agencies and Organizations

Adam Leonard, who directs the Texas Workforce 
Commission (TWC), then spoke on the underutili-
zation of wage records, highlighting how these data-
sets can offer deeper insights than can individual  
data points by identifying broader trends. He pro-
vided an example of testing media narratives, such as 
whether Texas truly faces a teacher shortage, using 
wage and employment data from the TWC.

The TWC has advanced the use of administra-
tive and wage data to better understand labor mar-
ket dynamics, tracking employment patterns and 
even helping monitor pandemic-related insurance 
claims. Leonard argued that wage records could be 
pivotal in tracing individuals’ movement from aca-
demia into the private sector, thus illustrating how 
ideas and innovations disseminate through the 
economy. Moreover, these records can help identify 
firm-level investments in AI, particularly through 
hiring trends.

Lesley Hirsch, the assistant commissioner of 
research and information at the New Jersey Depart-
ment of Labor and Workforce Development, dis-
cussed AI’s potential impacts on the workforce, 
particularly for low- and mid-skilled workers, who 
were significantly affected by previous rounds of auto-
mation. While AI excels at cognitive nonroutine tasks, 
Hirsch suggested that jobs requiring employees to 
work on-site may be less vulnerable to displacement.

Nonetheless, there is great uncertainty surround-
ing AI’s overall effect on the labor market. It could 
displace jobs but also create new ones, just as com-
puters have led to the creation of entire industries. 
Hirsch pointed to initiatives like New Jersey’s career 
navigator—which uses machine learning to guide 
workers toward optimal career choices based on their 
education, skills, and interests—as an example of AI’s 
potential to assist workers.

Nela Richardson—ADP’s chief economist and envi-
ronmental, social, and governance officer—explored 
two divergent strategies for measuring AI’s impact: 
following the money or following the people. ADP, 
which works with 25 million US workers, has focused 
on matching workers with employers based on rele-
vant skills, with a particular emphasis on AI-related 
skills. Richardson shared that 85 percent of workers 
globally expect AI to affect their jobs, but she noted 
that AI’s greatest impact is likely to be at the task level 
rather than the job level. She advocated for a national 
task report that breaks down specific tasks AI could 
replace or enhance. Such a report could provide a 
granular understanding of how AI interacts with jobs 
and tasks, complementing other data sources such as 
job postings.

Karin Kimbrough, LinkedIn’s chief economist, 
shared data on the growing excitement and demand 
for AI talent. According to LinkedIn’s data, dis-
cussions about AI have increased by 70 percent in 
recent months, with millennials and women par-
ticularly engaged in the topic. Kimbrough high-
lighted the rapid 22 percent growth in AI adoption 
over 2024, emphasizing that AI’s impact extends 
far beyond the tech sector. She divided AI’s impact 
into three categories: augmented, disrupted, and 
insulated tasks. While many knowledge industries, 
including economics, sit on the edge of disrup-
tion, other industries are poised for augmentation. 
Kimbrough’s data also suggested that women and 
Gen Z workers are among the most exposed to  
AI-related changes.

Josh Hawley of Ohio State University presented a 
critical analysis of LinkedIn data, cautioning that it  
is not always reliable for tracking workforce trends. 
He underscored the need for more comprehensive 
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data that go beyond individual states and are pooled 
across regions. Hawley advocated for developing 
broader datasets that can provide a fuller picture of 
AI’s labor market impact.

Vipin Arora, the director of the US Department 
of Commerce’s Bureau of Economic Analysis (BEA), 
argued for a recalibration of how AI is measured,  
comparing it to knowing the temperature outside 
without needing exact degrees to decide how to dress 
a child. While accurate AI measurement is resource 
intensive, Arora questioned how precise the mea-
surements need to be to make them actionable. He 
emphasized the importance of communicating AI 
measurement findings clearly to policymakers and 
the public, calling this an ongoing challenge that 
requires significant attention.

BEA Associate Director David Wasshausen focused 
on how AI is reflected in economic accounts, compar-
ing AI with the internet in terms of its need for vast 
infrastructure and wide-reaching impacts. Identifying 
what qualifies as AI and measuring its effects remains 
a major challenge, especially given the variance in 
AI’s application across different cases. Wasshausen 
noted that AI could generate enormous economic 
benefits for firms by enabling custom software devel-
opment and other innovations, which in turn could 
boost profits and reduce costs.

In their coauthored chapter, Arora and Wasshausen 
argued for adding further details to current account-
ing methods. The “supply and use” tables frame-
work that calculates gross domestic product–style 
measures can already record information about AI 
investments, whether these are denominated as 
intermediate purchases of software and consulting  
services or final expenditures. Arora and Wasshausen  
note that “a prerequisite for identifying new appr- 
oaches to characterize hard-to-measure industries 
is a comprehensive and accurate understanding of 
how those industries are currently measured.”

Emilda Rivers of the National Center for Science 
and Engineering Statistics addressed the complex-
ities of measuring AI and its innovation potential, 
stressing that accurate measurement is critical 
because it shapes the narrative around AI and influ-
ences policy and cultural responses. Rivers advocated 

for more granular state and local data, highlighting 
the importance of collaboration and data sharing to 
capture the full scope of AI’s impact.

Nancy A. Potok, who served as the chief statisti-
cian of the United States, concluded the session with 
a discussion on the evolving role of federal statistics  
in measuring AI’s workforce impact. She described  
the decentralized nature of data collection within 
federal agencies, which creates challenges for cross- 
agency analysis. Potok emphasized the need for more 
granular “microdata” at the local level to enable 
companies, private individuals, and policymakers to 
make decisions more effectively. AI’s complexity and 
the lack of coordination across agencies pose signif-
icant barriers to understanding and acting on the  
data currently being collected.

In the chapter she presented on, Potok examined  
incorporating intellectual property as a category into  
classification systems, like the North American Indus-
try Classification System and the North American 
Product Classification System, and more recent 
attempts to define “factory-less goods” as potential 
case studies. She pointed out that the BEA uses “sat-
ellite accounts” as models for linked sub-accounting 
of expenditures, which could be applied to AI as well. 
Potok also suggested using America’s Datahub Con-
sortium for a pilot project linking the federal statisti-
cal system datasets together. Such an AI-consortium 
arrangement would require the Office of Manage-
ment and Budget to establish terms and standards.

Improving AI Representation in Data

Throughout the sessions, participants stressed the 
need to move away from current survey methods and 
move toward a “follow the people” approach—what 
Lane has been calling an industries-of-ideas approach. 
It involves tracing the movement of grant-funded 
engineers from academic labs to industry as a way of 
understanding how ideas shape business. By linking 
administrative and wage records collected from com-
panies and industries, we can better understand the 
flow of technological innovation and talent into the 
economy of goods and services.



8

New Approaches to Characterize Industries: AI as a Framework and a Use Case

The IRIS Universities Measuring the Effects of 
Research on Innovation, Competitiveness, and Sci-
ence dataset—consisting of grant administration  
records for research awards processed by more than 
100 US universities—puts the industries-of-ideas 
model into practice. Securely linking these grant 
records with individual- and company-level workforce 
data produces a map of job demand and tech devel-
opment. There is already a corresponding National 
Science Foundation pilot project underway in Ohio, 
which will be crucial to analyze.2 And to top this off, 
Leonard details in his chapter how he is testing this 
idea using data from the University of Texas at Austin.

The follow-the-people approach also aggregates 
up to the level of companies and industries. Owen- 
Smith has developed techniques for using “seed sets” 
of talented AI researchers to identify and map their 
moves into the economy, and in his chapter, he begins 
to estimate how employers are using their AI skills.  
He proposes a threshold for a company’s “AI-ness” 
that could be generalized to companies with similar 
AI profiles.

“Following the people” means following their 
companies’ records. This raises the question of 

how to better align terms and timelines with the 
federal statistical agencies responsible for collect-
ing these records. It also raises the question: Given 
that the agencies have established frameworks, how 
can these be remodeled to house new windows on  
AI development?

Conclusion

Reviewing the contributors’ chapters leads to an  
overwhelming conclusion that an operational defini-
tion, or definitions, of AI must be determined from a 
place of authority. To designate AI engineers, compa-
nies, products and services, or related skills, a classi-
fication system is required. The United States already 
has several. But without a definitive statement of 
terms set via collaboration between government and 
industry and implemented through statistical agen-
cies and researchers, we risk data and analytical chaos 
that will leave all segments of the economy and soci-
ety without sufficient information to make meaning-
ful choices about education, training, and workforce 
development investments.

Notes

	 1.	 See Julia Lane, Democratizing Our Data: A Manifesto (MIT Press, 2021).
	 2.	 US National Science Foundation, “NSF Launches Pilot to Assess the Impact of Strategic Investments on Regional Jobs,” October 
26, 2023, https://www.nsf.gov/tip/updates/nsf-pilot-assess-impact-strategic-investments-regional-jobs.

https://www.nsf.gov/tip/updates/nsf-pilot-assess-impact-strategic-investments-regional-jobs
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Will the Real AI Researcher 
Please Stand Up? 

Fields, Networks, and Systems to Measure 
the Impact of Research Investments

Jason Owen-Smith

Recent legislation that makes federal research invest-
ments in critical and emerging technologies a key  
lever for economic policy on a massive scale has  
created pressing new measurement challenges. The 
CHIPS and Science Act (CSA) of 2022 authorized 
$81  billion for the National Science Foundation 
(NSF), allocating about $1 in every $4 to the new 
Directorate for Technology, Innovation and Partner-
ships (TIP). TIP could become nearly 2.4 times bigger 
than today’s largest NSF directorate (Mathematical 
and Physical Sciences), controlling nearly 60 percent 
of the entire NSF research budget.

TIP’s authorizing language foregrounds regional 
innovative capabilities, jobs, workforce and educa-
tional capacity, and broad concerns about equity and 
access. It articulates an ambitious goal—to “advance 
research and development, technology develop-
ment, and related solutions to address United States 

societal, national, and geostrategic challenges, for 
the benefit of all Americans”1—and includes sub-
stantial measurement mandates. By 2027, the CSA 
will require a National Academies review that, among 
other things, assesses:

•	 Whether the directorate’s “key technology focus 
areas” offer solutions to “challenges with social, 
economic, health, scientific, and national secu-
rity implications”;

•	 “Whether Federal investment in the key technol-
ogy focus areas have resulted in new domestic 
manufacturing capacity and job creation”; and

•	 “Federal investments in education and work-
force development to support the key technol-
ogy focus areas.”2
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Yet the CSA’s funding language for TIP was an 
authorization, not an appropriation, leaving open 
what Congress ultimately spends. If Congress antes 
up, TIP will represent an enormous bet on the eco-
nomic and social impact of research investments. If 
Congress does not, the expectations that the CSA  
created may hollow out traditional NSF research 
areas in service to TIP’s goals, with potentially dev-
astating consequences for the very societal, national, 
and geostrategic interests the act seeks to bolster.

Either way, the new measurement and reporting 
requirements are here to stay. The ability to clearly, 
accurately, and reliably document what these invest-
ments do may determine the act’s lasting conse-
quences. Today, to the best of my knowledge, nobody 
can provide that documentation.

Key Measurement Challenges

No one can do this yet because there are real chal-
lenges. The first is classification. The key technology 

focus areas are neither scientific research fields 
nor industries as they are conceptualized in any 
current classification system. Reliably measuring 
inputs and outputs even for one field, AI, is difficult. 
We need to do this at scale, robustly, and for all of 
them. The current classifications, therefore, need  
serious rethinking.

The second challenge involves data require-
ments for granularity and aggregation. TIP’s signa-
ture program is Regional Innovation Engines (RIE). 
In considering applications for funding, RIE cur-
rently defines regions in terms of counties and spec-
ifies a list of technologies that a candidate’s work 
may involve. Figure 1 presents the “region of service” 
for one RIE finalist’s proposal from TIP’s website. 
RuralSTAMINA—an AI-enabled biomanufacturing 
project, anchored at Iowa State—proposed to serve 
a region defined by five separate clusters of counties 
that span the boundaries of two states.

Meeting CSA mandates for the RIE program 
requires the capability to identify (1) the fields in 
which relevant investments are made and innovative 

Figure 1. Example of a TIP RIE Finalist Region

Source: National Science Foundation, “Full Proposal Invitations by Lead Organization Location,” January 30, 2025, https://tableau. 
external.nsf.gov/views/NSFEnginesFullProposalInvitations/MapOverview.

https://tableau.external.nsf.gov/views/NSFEnginesFullProposalInvitations/MapOverview
https://tableau.external.nsf.gov/views/NSFEnginesFullProposalInvitations/MapOverview
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solutions produced and (2) the industries in which 
jobs, manufacturing, education, and workforce capa-
bilities might result. Moreover, that capacity must 
encompass any possible pairing of one or more CSA 
technologies with any combination of counties. Gran-
ular technology by county data must be aggregable to 
the national level to examine program effects. Finally, 
starting to assess impact necessitates, at a bare mini-
mum, the ability to describe change over time.

Ideally, we would want causal estimates based on 
various identification strategies. So a mature clas-
sification system should include mechanisms for 
research access, complete with the means to ingest 
and link new data, appropriate privacy protections, 
essential data security, and all the other technical 
and legal infrastructure needed to allow responsible 
restricted data use. This points to the third challenge.

This work will require new institutional and gov-
ernance mechanisms that engage many autonomous, 
coequal data owners—including states, corporations, 
federal agencies, and universities—in collaboratives 
with clear value propositions for each participant.3 
Mechanisms to streamline formation and work by 
many different partnership configurations to meet 
different needs will be necessary.

These requirements mirror the regional multi- 
sector collaboration for national goals and the logic 
of the CSA. They depart from traditional organiza-
tional models for national measurement, which typ-
ically center on the federal statistical agencies.4 One 
emerging, complementary alternative is a variety of 
data federalism characterized by regional networks  
of public-private partnerships that are anchored in 
relationships between universities and state agen-
cies.5 Such networks can productively include multi-
ple types of federal partners.

A Conceptual Framework  
for Classification

The Industries of Ideas project is building the first 
end-to-end prototype system that integrates all the 
core components for measuring the outcomes of  
federal technology and research investments, piloting 

measures to meet CSA mandates, and doing broad 
outreach to develop plans for scaling. Our measure-
ment approach anchors technology and industry clas-
sification, measurement, and system design in the 
people whom research investments support. We pro-
pose a new strategy using social science concepts, 
network science measures, and deep-learning models.

All the essential pieces of this system exist and have 
been individually proved through at least a decade 
of use. But a strong and clear classification strategy 
is essential. That strategy must (1) account for real 
differences among technologies and (2) work across 
current CSA technologies and be expandable to new 
priority areas that arise. Three conceptual steps are 
necessary to meet that challenge.

Treat Research Fields as a Form of  
Social Organization
One of the most visible critical and emerging technol-
ogies is artificial intelligence, which faces all the chal-
lenges outlined above. Technologies like AI are cases 
of a broader phenomenon long studied by social sci-
entists. Such research areas are institutional fields: 
recognizable arenas for collaborative and competi-
tive work by diverse people and organizations in and 
through evolving networks.6 Understood as forms  
of social organization, all contemporary research 
fields have more commonalities than differences. 
Indeed, one of the most influential early descriptions 
of such fields famously asked why we consistently 
observe so much similarity among social and eco-
nomic competitors.7

Research fields share inputs—including fund-
ing sources and talent pools—and outputs, such 
as publications, patents, and trained people. The 
work that turns inputs into outputs happens under 
similar rules of the game. Some rules, like those 
governing federal grant review and conflicts of 
interest, are more formal. Others, like expectations 
about what constitutes a strong dissertation or an 
important finding, are more informal. Research 
fields sometimes share broad logics of action,8 like 
the sensibility—“a rough sense of direction and an 
imperative to ‘get on with it’”—that some attribute 
to the field of AI.9
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Different research fields also involve many of the 
same players. It would come as little surprise if cyber-
security and AI were both defined by work done and 
people trained at the same 30–50 universities, by the 
employees of a similar number of firms, and by the 
investments of a much smaller group of funders. Per-
haps more surprisingly, many of the same organi-
zations are likely to be central to synthetic biology 
and advanced materials research. The organizations 
that shape different fields are certainly not identi-
cal, but substantial overlap is common and leads  
to similarity.

Careers work similarly. The most successful peo-
ple in each field move across them throughout their 
careers, collaborate with one another, hire each oth-
er’s students and trainees, and build on, critique, 
or formally review each other’s work. They serve 
together on the program, prize, and study commit-
tees that set research agendas and define the formal 
and informal rules of the game. The best students 
often gravitate to the most central institutions and 
well-connected researchers, as do many of the most 
attractive employers. These dynamics pose significant 
challenges for efforts to expand equity and broaden 
participation in research, but they drive similarities 
in how research fields operate that we can leverage  
for classification.

Conceptualizing technology areas as research fields 
and emphasizing similarities provides a solid, general 
basis for designing, training, validating, and explain-
ing a technology-agnostic classificatory model. Iden-
tified divergences, in contrast, provide leverage to 
capture salient differences in technology-specific 
model inputs. Anchoring technology-specific inputs 
and a technology-agnostic model in a common, fairly 
intuitive conceptual framework offers a convenient 
balance of flexibility, generalizability, and explicability 
that serves the needs of this use case.

Shift from Documents to People to  
Characterize Fields
Speaking generically, most current research 
classifications

•	 Begin with a document corpus,

•	 Extract representation (e.g., topics) of the work 
they report from some portion of their text,

•	 Cluster those representations in some abstract 
knowledge space, and

•	 Use some algorithmically identified subset of 
representations to characterize a field.

This conception of a field is fundamentally dif-
ferent from our social and organizational defini-
tion. It makes social organization the outcome 
of relationships among representations of ideas 
extracted from documents. It also obscures many 
sources of commonality and stability that enable 
generalizable tools and clear measures of change. 
Moreover, it increases sensitivity to rapid alter-
ations in technology, substance, or terminology. 
These problems are amplified at the frontiers of 
fast-moving, multidisciplinary research areas such  
as AI.

In the Industries of Ideas model, we reverse the 
traditional logic and begin with social organization 
to identify people working in a field. Rather than 
saying AI researchers are those who work on spec-
ified topics, we determine the topics that constitute 
AI at a particular time from the work portfolio that 
AI researchers produce. Our people-centric classifi-
cation follows the “operational definition” proposed 
by the One Hundred Year Study on Artificial Intel-
ligence panel: “AI can also be defined by what AI 
researchers do.”10

Starting with people has four appealing features. It

•	 Is resilient to rapid terminological, methodolog-
ical, and content shifts;

•	 Allows clear measurements of change in a field’s 
content, because people shift much more slowly 
than the topics they study;

•	 Leverages network theory and measures to oper-
ationalize key dimensions of group leadership, 
which supports a clear, explicable approach to 
data and model design; and
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•	 Supports a framework and data architecture 
for industry classification that directly con-
nects specific research investments to jobs  
and employers.

Shifting from documents to people is a fundamen-
tal move that distinguishes the Industries of Ideas 
classification from what has come before.

Follow the People to Identify the Industries
Papers, patents, and other documents are import-
ant, but putting people first is useful. It aids with the  
practical necessities of data linkage and system build-
ing and addresses the key role of tacit knowledge in 
work on research frontiers.11 In so doing, it provides 
empirical and conceptual routes to connect invest-
ments in specific research fields to outcomes in 
clearly related industries that aren’t identifiable by 
standard means. Put simply, people are the primary 
output of research investments.

Empirically, the Industries of Ideas model uses 
people’s careers to integrate a linked data architec-
ture that reaches from grants through university HR 
records to state workforce and employer informa-
tion. Conceptually, we treat employers’ decisions to 
hire people trained through those research invest-
ments as concrete, and often costly, commitments 
to the continued development or application of 
technologies related to the initial research invest-
ments.12 If AI is what AI researchers do, AI indus-
tries are those in which employers seek and hire  
AI researchers.

As Paul Romer has noted: “Universities produce 
both papers and people. People with specialized 
problem-solving skills are the essential input into the 
discovery process, most of which takes place in the 
private sector. People with these skills are fuel that 
fires the innovation engine.”13

I have made a similar argument about how 
research universities make distinctive contributions  
to the public good.14 The framework outlined in 
this chapter is precisely aligned with the concep-
tual logic that governed the design of the Institute 
for Research on Innovation and Science; the Uni-
versities: Measuring the Impacts of Research on 

Innovation, Competitiveness, and Science (UMET-
RICS) data;15 and ongoing links between UMETRICS  
and administrative workforce data maintained by 
states and shared with federal agencies. Figure 2 
presents an overview of the entire prototype sys-
tem that the Industries of Ideas is building for two 
research fields, AI and electric vehicles, in a single  
state, Ohio.

The research field classification, which is the pri-
mary input to this system, is our focus in this chap-
ter. However, it is worth briefly discussing the other 
data this system will generate. The key challenge 
of any research classification that draws primarily 
on bibliometric data is that it will miss people who 
developed relevant skills through research but have 
not authored papers. That is quite common, either 
because their roles do not generally lead to author-
ship (for instance, in the case of staff) or because they 
are excluded from author lists.16

We rectify that problem by linking data on authors 
and their grants to transaction-level UMETRICS 
data, which lets us see everyone those grants pay, 
whether they are faculty, staff, undergraduate stu-
dents, doctoral students, or postdocs. This move 
dramatically expands our definition of the impact 
of research investments and captures a much 
more extensive “tracer” set of individuals whose 
later career mobility can allow us to describe job, 
employer, and workforce implications for newly 
identified sets of industries.

We classify the industries relevant to research 
fields using existing data infrastructures that are 
maintained by states and contain detailed wage 
records for all employees who are eligible for unem-
ployment insurance. Universities are among the 
employers, so the people—both those who are iden-
tified as authors and those paid on grants who are 
not—represented in university administrative data 
can easily be linked to state unemployment insur-
ance wage records. Their post-university employ-
ment describes the employers that have bid in to 
a relevant research field by hiring research-trained 
people from that field. The people they hire can be 
connected back to concrete research investments 
associated with specific technologies.
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Once we characterize the employers associated 
with a research field, we can richly describe all the 
jobs they support and all the other employers and 
jobs in their traditionally categorized industries. 
People and their careers provide the conceptual 
and empirical through line that makes both the  
system design and a measurement approach to 
address CSA mandates possible. With appropri-
ate institutional arrangements and partnerships, 
links to other types of state data such as K–12, 
higher education, or social service information may 
become possible.

A strong classifier is both an essential part of the 
larger data system and a tool we can use with data 
from that system to expand our analytic horizons. 
The results could simultaneously advance knowledge 
in several fields and generate high-value products 
for many stakeholders, creating a virtuous cycle and 
accelerating growth to scale.

Implementing a Classification Strategy

A good field-classification strategy should apply to 
multiple technology areas and be broadly legible to 
nonspecialists. Specifically, a strong classification 
approach should do four things:

•	 Identify Core Technical Contributors. In 
AI, it should confidently classify researchers 
developing models and techniques at the fron-
tiers of the field’s current technical core.

•	 Identify Researchers Applying Tools from 
the Field in Diverse Domains. AI tools and 
models are used for many purposes across bio-
medicine, genetics, physical science, materials, 
information and social science, engineering, 
and other areas. Fully measuring the impact of 
research investments and effectively classifying 

Figure 2. The Industries of Ideas Data System

Source: Author.
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industries require reliable capture of sophisti-
cated applications in many substantive areas. 
For some CSA technology areas, including AI,  
it may also be useful to identify researchers 
whose work addresses relevant ethical, legal, 
and social issues.

•	 Classify Individuals. One core task of a classi-
fication system is, well, classification. However, 
the first two goals highlighted above suggest the 
benefits of a categorical approach rather than a 
binary approach.

•	 Provide Quantitative Estimates. Given the 
cross-cutting nature of many CSA technology 
areas, a regression approach that estimates the 
intensity of a given researcher’s engagement 
with AI or a continuous measure of proximity to 
the field’s technical core may prove more useful 
than a classification. For instance, researchers 
exclusively focused on technical improvements 
to deep-learning models should be closely asso-
ciated with AI. Researchers who improve such 
models and work on non-AI substantive prob-
lems or those who address substantive ques-
tions about AI using non-AI methods might be 
less strongly associated with the field. Contin-
uous estimates could be used to construct mea-
sures for inferential analysis (e.g., weighted 
averages) or to allow analysts to vary thresholds 
for different use cases. If a reasonable measure 
of direction could be incorporated into a prox-
imity estimate (indicating, for example, that 
a researcher is moderately distant from the AI 
core in the direction of social science) to cre-
ate a vector, even more nuanced analyses might  
be possible.

Step 1: Defining a “Seed Set” of Researchers
The general approach we follow has two steps. First, 
consultations with domain experts help identify a 
plausible “seed set” of researchers. That seed group 
should offer an easily definable, face-valid input or 
starting point for a more general, model-based sec-
ond step, but it need not be comprehensive. It should 

consider the research field’s distinctive social organi-
zational characteristics.

This technology-specific seed definition will typ-
ically emphasize the field’s core technical areas, but 
it should also include relevant domain researchers 
who are especially near that core. We do not intend 
this to be an exhaustive and exclusive gold standard. 
Rather, we seek a plausible initial definition of the 
field’s core participants. By including people who 
might be “network bridges” to far-flung domains 
where technologies developed in or near the core 
are commonly applied, we ensure that models can 
identify researchers applying AI in disparate sub-
stantive areas.

For AI, Industries of Ideas researchers defined an 
initial seed set based on presentations at prominent 
AI and machine learning conferences. Table 1 pres-
ents a list of those conferences. In collaboration with 
analysts at Elsevier, we identified people who had 
authored at least one paper presented at any of these 
meetings since 2010. That highly international group 
included 94,235 authors.

Step 2: Model-Based Expansion
Seed-set authors and associated data about their 
publication and grant histories, coauthors, and affil-
iations provided the input for a technology-agnostic 
model in the second stage of the Industries of Ideas 
classification approach. We labeled AI seed research-
ers as a subset of all authors in the Elsevier publi-
cation corpus. Our collaborators at Johns Hopkins 
University then implemented a shallow Bayesian 
label-propagation model17 on the unweighted coau-
thorship graph to classify unlabeled authors as poten-
tial AI researchers.

The model identified an additional 154,096 unique 
AI authors. It also successfully labeled 21,803 authors 
who were in the seed set but appeared in full coau-
thorship networks as unlabeled nodes before their 
first relevant conference presentation. In other words, 
more than 23  percent of seed-set authors were pub-
lishing actively before their first AI conference 
paper, were captured by the label propagation model,  
and were later observed as an author on an AI confer-
ence paper.
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Seed-set and model-identified authors included 
248,331 researchers. About 39 percent (97,379) listed 
US affiliations in any of their collective 1.96  mil-
lion research publications. This represents an initial 
attempt at a person-centric, social, and organizational 

approach to AI classification that could meet the  
first three requirements I described for a classifica-
tion strategy.

These nearly 250,000 people offer a reason-
able first approximation of the researchers likely to 

Table 1. AI Conferences That Define an Initial Researcher “Seed Set”

Conference Title

Annual Meeting of the Association for Computational Linguistics 

Association for Advancement of Artificial Intelligence Conference on Artificial Intelligence 

Association for Computing Machinery Conference on Recommender Systems 

Association for Computing Machinery International Conference on Information and  
Knowledge Management

Association for Computing Machinery Special Interest Group on Knowledge Discovery and Data Mining 
Conference on Knowledge Discovery and Data Mining

Conference on Empirical Methods in Natural Language Processing

Conference on Neural Information Processing Systems

Conference on Uncertainty in Artificial Intelligence

Institute of Electrical and Electronics Engineers and Computer Vision Foundation Computer Vision and Pattern 
Recognition Conference

Institute of Electrical and Electronics Engineers and Computer Vision Foundation Winter Conference on 
Applications of Computer Vision

Institute of Electrical and Electronics Engineers International Conference on Data Mining 

International Association for Computing Machinery Special Interest Group on Information Retrieval Conference  
on Research and Development in Information Retrieval

International Conference on Computer Vision

International Conference on Learning Representations

International Conference on Machine Learning 

International Conference on Principles of Knowledge Representation and Reasoning 

International Joint Conference on Artificial Intelligence

International Joint Conference on Natural Language Processing

Joint Conference on Lexical and Computational Semantics

Joint International Conference on Computational Linguistics

Robotics: Science and Systems 

Source: Industries of Ideas project.
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possess AI-relevant skills globally. Such skills could 
make them and their students, postdocs, technical 
staff, and close collaborators attractive candidates for 
jobs in developing or applying AI tools and technol-
ogies to existing or new products, services, or busi-
ness processes. Due to our definition of the seed set 
and our model design, this group includes core tech-
nical AI scientists and domain application research-
ers from many fields.

Using these people as a starting point for an 
industry classification that depends on hiring as a 
marker of employer engagement with AI will there-
fore identify firms active in a wide range of tradi-
tionally defined industries. We thus address a core 
challenge: identifying industries that aren’t visible  
in traditional classifications. Nevertheless, this group 
features a key limitation in that it includes only peo-
ple who authored papers published in venues indexed 
by Elsevier. This is why linking the results of a field 
classifier to UMETRICS data before proceeding to 
industry classification and associated measurement  
adds important substantive and technical compo-
nents to the larger measurement system.

Improving a Classification Strategy

Validation and improvement of the Industries of 
Ideas approach are ongoing, along with a test of the 
entire process on a second technology field, electric 
vehicles. Early results suggest two important needs 
for refinement. First, this initial model may have  
difficulty identifying technical AI researchers from 
outside computer science—and computer scientists 
developing machine learning as a method to address 
other substantive issues—who do not attend AI con-
ferences. Second and more importantly, the model 
is less effective at identifying domain application 
researchers. Accuracy seems to decline most steeply 
in biomedical areas.

Both challenges may result partially from model 
inputs. We may need to expand our definition of the 
seed set to include more researchers developing and 
applying AI methods to tackle substantive problems, 
especially in biomedicine. In this section, I address 

the possibility that the challenges result from our 
initial label propagation model’s relative algorith-
mic and empirical simplicity. I suspect that a shal-
low model relying solely on the coauthorship graph 
imposes unnecessary limitations. As an alternative,  
I sketch a more thorough network conceptualization 
of group membership and outline a more sophisti-
cated semi-supervised deep-learning model.

A Conceptual Approach to Improving the  
Classification Model
Beginning with people in a socially defined research 
field allows us to treat classification as, fundamen-
tally, a problem of establishing individual member-
ship in a social group. The basic question we want 
to answer is: Given some set of information about  
person X, can we say X belongs (or is more or less 
closely related) to group Y, for which we have com-
parable information about a set of known members? 
Here, X is an author of a scientific paper whose mem-
bership status relative to Y is unknown, and Y is the 
group of AI seed-set authors. The comparable infor-
mation is a feature set drawn from bibliometric data.

Questions about groups and their members have 
been fundamental to sociology for more than a cen-
tury.18 More recently, network science has dramat-
ically expanded relevant methods and measures.19 
This classification effort aims to establish group 
membership using networks relevant to socially 
defined research fields. Viewing it that way offers 
well-established routes to justify and explain data 
and model design choices that align closely with our 
overall conceptual approach. Such theoretical and 
methodological integration contributes to the clar-
ity, generality, and legibility of the field classification 
and the larger measurement system of which it is an 
essential part.

Broadly, group membership is a function of three 
general mechanisms.

•	 Social Proximity. Traditionally, this is a literal 
question about physical proximity or kinship. 
But proximity can be framed socially in terms 
of nonfamilial relationships regardless of phys-
ical copresence or consanguinity. When it is 
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applied to graphs of social relationships among 
people, social proximity animates most current 
community-finding algorithms.20

•	 Affinity. Group membership can be based on 
shared likes and dislikes. People who like, dis-
cuss, and attend to similar things in similar ways 
will often identify as members of a group and  
act according to that identity.21

•	 Signaling. Sometimes group membership is 
as much about others’ perceptions as about an 
individual’s actions or beliefs. People’s actions 
can send signals to others (intentionally or not) 
about their membership in groups. Other peo-
ple can ascribe membership status (erroneously 
or not) to individuals based on inferences drawn 
from their observations.22

Typically, group membership means some combi-
nation of the following: X is socially close to mem-
bers of Y; X feels and demonstrates a connection to 
members of Y based on shared interests, language, 
and activities; and X makes (often symbolic) claims 
to membership in Y that others recognize and can 
accept or reject. This yields a few simple propositions. 
A researcher is an AI scientist if

•	 They are professionally connected to known AI 
scientists (indicating social proximity),

•	 They work on topics and use language similar to 
that of known AI scientists (indicating affinity), 
or

•	 Their professional activities allow others to infer 
they are AI scientists (indicating signaling).

Operationalizing Dimensions of  
Group Membership
Our current model focuses exclusively on one mem-
bership dimension, social proximity, measured via 
coauthorship. This singular focus might limit 
the model’s ability to classify domain application 
researchers whose social distance from core technical 

AI could limit their likelihood of coauthoring with 
seed-set scientists. Social proximity is arguably the 
most direct measure of membership but may be too 
limiting for this use case.

Expanding model input data with features designed 
to operationalize affinity and signaling could address 
this limitation. Consider two concrete examples.

Measurement Example 1: Affinity
Affinity, framed in terms of language and interests, 
could be measured with vector embeddings from a 
pretrained language model. SciBERT,23 a transformer 
model trained on a large scientific corpus, could be 
fine-tuned and used to position labeled and unla-
beled authors in a “conceptual space” based on the 
text of their published abstracts. Distances among 
them could be calculated in many ways, either in 
cross-section or longitudinally.24 Smaller distances 
would indicate greater affinity.

Distances among pairs of researchers could be rep-
resented as a valued network and treated as another 
route for label propagation. Affinity connections are 
likely to bridge gaps or collapse distances in coau-
thorship networks, as many people who are unlikely 
to ever work together directly study similar things in 
similar ways. So adding a second network dimension 
focused on affinity could significantly improve the 
model’s performance.

Moreover, recent research demonstrates the value 
of fine-tuning multiple versions of transformer 
models with text from different periods to capture 
changes in the represented spaces.25 This measure-
ment approach could capture shifts in individual 
activities and larger alterations to the field as a whole. 
People’s interests might change over time, but the 
landscape on which they pursue their interests is  
also dynamic.26

Measurement Example 2: Signaling
Signaling can be operationalized in numerous ways. 
One example that aligns with our social definition 
of fields relies on publication venues as markers of 
participation in particular research areas. Scientists’ 
choices about where to publish their work can be dis-
tinct from that work’s substance and methodology. 
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These decisions involve what intellectual communi-
ties to participate in and what professional identities 
to build and maintain.

If I have a paper that could fit in a policy, sociol-
ogy, or management journal (as I often do), I decide 
where to send it based on which field I want to engage 
with and which audience I want to reach. My decision 
depends on the signal I want to send about how to 
understand the paper. Researchers often read curric-
ula vitae with this kind of signaling in mind, because 
where one chooses to submit papers and where one 
succeeds in placing them tell insiders much about  
the kind of researcher one is or seeks to be.

Since scientific publication is a two-sided affair in 
which editors and reviewers select manuscripts par-
tially based on fit, publication venues offer a clear 
example of a signaling mechanism. As a result, we 
might define group membership by the degree to 
which two scientists’ scholarly works appear in 
overlapping venues. Greater similarity, by virtue of 

choices about submission and acceptance, equates 
to stronger signals of membership in the same 
group. We could use any of several specific measures 
calculated on a weighted or unweighted author, by 
journal matrix, in cross section or longitudinally.  
All of them could yield another valued network link-
ing researchers.

A Multidimensional Network (with  
Light Formalization)
To illustrate, consider a simple cross-sectional 
data structure that could be implemented for any 
research field. The overall data structure would 
be a multidimensional graph eminently suited to  
tensor representation.27

Let the multidimensional graph G = (V, D), where V  
is a set of nodes (vi, . . . , vN) and multiple sets of edges 
(E1, . . . , ED), connect those nodes in D dimensions. 
Edges in each dimension can be represented by a 
set of adjacency matrices (A1, . . . , AD), where Ad(i, j)  
represents the connection in dimension d between 
node i and node j, which can be binary or valued. 
Nodes can also be represented by feature vector X, 
which, for simplicity, I limit for now to a single binary 
label that indicates whether a given scientist was iden-
tified as a member of the seed set of AI researchers.

Assume that nodes represent individual research-
ers and edges represent connections defined on 
three dimensions: (1) social proximity, expressed as  
A1(i, j) = 1 when scientist i has coauthored with sci-
entist j, and otherwise 0; (2) affinity, expressed as  
A2(i, j) = some real number value representing the 
conceptual similarity between scientist i and scientist 
j, defined via a vector embedding; and (3) signaling, 
expressed as A3(i, j) = some real number value rep-
resenting the degree of commonality in publication 
venues between scientist i and scientist j. Figure 3 
presents a schematic, hypothetical representation of 
this kind of graph.

Consider scientist 1, who is isolated in A1 by virtue 
of having no coauthoring relationships. In our initial 
model, which relied solely on social proximity, there 
was no path by which the AI label associated with 
node 3, an identified AI scientist, could propagate. In 
this multidimensional data structure, however, there 

Figure 3. Multidimensional Network Example

Source: Author.
Note: Node 3 (blue) is a labeled AI scientist identified in the  
seed set.
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are multiple direct and indirect paths for propaga-
tion through the signaling [A3(1, 3) > 0] and affinity 
dimensions.

Likewise, nuance is added even when coauthor-
ship ties are present. Consider the multiplex relation-
ship connecting scientist 3 and scientist 5 [A1(3, 5) = 1,  
A2(3, 5) > 0]. The pattern of relationships between 
these scientists indicates that they coauthor together 
and that their abstracts use similar language but that 
(besides their coauthored work, which we would 
likely exclude in defining signaling ties) they publish 
in nonoverlapping journals.

It seems highly likely that a sophisticated model 
would classify scientist 5 as an AI researcher. How-
ever, this qualitative pattern of ties might intuitively 
suggest that scientist 5 is a domain researcher whose 
area of research serves as a case for AI tool devel-
opment rather than a core AI researcher. Similarly,  
scientists 4 and 2, who have coauthored with scien-
tist 3 and share affinity and signaling relationships 
with scientist 3, seem highly likely to be pursuing 
research closer to the core of the field, even though 
they are not observed in the seed set.

Modeling Considerations

This data structure is tailor-made for a deep-learning 
model that operates on graphs. Graph neural net-
works (GNNs) offer many possibilities for model 
designs that can consider multistep network neigh-
borhoods, message passing, attention mechanisms, 
and node and edge features using a growing panoply 
of operators, including some tailored specifically for 
multidimensional data.28

While a first-pass model should focus on sim-
ple classification, the base architecture could readily  
yield a quantitative estimate of individual scientists’ 
proximity to a field’s core via a regression task. This 
kind of model applied to these kinds of data seems  
well equipped to satisfy all four criteria I suggested for 
a strong field classification. More importantly, a uni-
fied social scientific conceptual framework offers a 
plausible basis for expecting that it could be general-
ized across CSA technology areas.

Deep-learning models are basically opaque to 
explanation.29 Nevertheless, the intuitions sug-
gested by Figure 3 provide useful “hooks” for help-
ing lay audiences understand our logic and, ideally, 
the results. The bedrock empirical insights we derive 
from well-established theory and findings can help 
concretize the workings of complex models. In this 
section, I draw heavily on (and borrow entire formal-
izations from) a recent review by Michael Bronstein 
et al.,30 who partition spatial GNNs into three basic 
“flavors.” I consider two, the convolutional and atten-
tional, in detail to (1) lay the foundation for consider-
ing model design in this case and (2) suggest a general 
strategy for model design that makes this work more 
legible to nonexpert audiences.

All spatial GNNs use local network structure to 
update the state of a focal node, u, by appealing to 
the characteristics of the other nodes, v, to which it 
connects. The key idea is the network neighborhood  
Nu = [v | (u, v) ∈ E]. Essentially, a given GNN layer 
iterates across the neighborhoods of every node 
in a network, updating their states based on their 
neighbors’ characteristics and then passing the new 
state information to a subsequent model layer for  
further processing.

For a network with both a node feature vector X 
and an adjacency matrix A, the GNN layer includes 
“permutation equivariant functions F(X, A) con-
structed by applying shared permutation invariant 
functions φ(xu, XNu) over local neighbourhoods.”31 
(Emphasis in original.) Thus, the GNN layer pre-
serves some of the structural features of the larger 
network embedded in the adjacency matrix. It uses 
those features to weight the effects of nodes on each 
other, exploiting the complex interdependencies 
that are the hallmark of network data. The function 
φ is often called the “updating function.”

I explore common approaches to φ to consider 
how a GNN classifier anchored in our conceptual and 
empirical framework might be rendered legible to the 
audiences that need to understand and use its results. 
What φ does, at the micro level of a single node and 
its immediate neighbors, is somewhat akin to label 
propagation, which ultimately answers our general 
question about group membership.
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Considering this section’s focus, that ques-
tion could be restated: Given some mix of connec-
tions to nodes known to be AI researchers, how 
might differently configured GNN layers update 
information about whether a given scientist is also  
an AI researcher? What we are interested in, then, is 
hu, the state of node u. In our case, that state might  
be called “AI-ness.” This brings us back to some 
flavors of spatial GNNs defined by their general 
approach to φ.

Relying on Graph Structure: Convolutional 
Approaches
Convolutional GNN layers would address the ques-
tion of a given scientist’s AI-ness, hu, in the following 
generic fashion:

(1) hu = φ[xu, ⊕ v∈Nu Cvuψ(xu)].

Ignore φ and ψ for now. They are generally affine, 
model-appropriate transformations that are learned 
through training and often modified by activation 
functions such as the rectified linear unit.

What is important to understand to get an empiri-
cal taste of the convolutional approach is the aggrega-
tion function (⊕v∈Nu

) and Cvu. This function is what 
determines how you get from many neighbors, each 
with some state (in our simple case, a binary one) of 
AI-ness, to an updated state for u. The function ⊕ 
must be permutation invariant, which means its value 
will not change if you switch the order of the things  
it operates on.

Sums, averages, and maximums are all common 
aggregation functions. We will treat ⊕ as a sum. The 
other term, Cvu, is what determines the importance of 
each neighbor for updating u’s state. In convolutional 
approaches, that term is a constant, which is generally 
defined by the adjacency matrix A, sometimes after 
transformation.

Stripped of all the gnarly but useful mechanics 
of machine learning, what these amount to in our 
simple case is a basic empirical intuition. A scien-
tist’s AI-ness is a function of the sum of the AI-ness 
of the other scientists to whom they are connected. 
Where our seed-set labels are binary, this basically 

indicates that a scientist has greater AI-ness when 
they are connected to more researchers who are them-
selves AI scientists. The more AI researchers with  
whom you coauthor, share affinities, and publish in 
similar venues, the more likely you are to be an AI  
scientist yourself.

There are complications. We have conceptual rea-
sons to believe the different dimensions have dif-
ferent implications for establishing AI-ness. None of  
that matters to any deep-learning model we might 
eventually train. Right now, we cannot know how 
such a model will learn whatever it learns. Smarter 
people than me are working on the problem. But there  
are theory-based changes we could make to address 
some of our intuitions.

For instance, we could modify Cvu to deal with  
features of edges such as their values. If we make all 
three dimensions binary weights, we might simply 
scale the effect of a neighbor’s AI-ness on u by the 
number of dimensions along which the pair are con-
nected. Recall Figure 3 and the difference between 
scientist 1 (who had one signaling connection to sci-
entist 3, the known AI researcher) and scientists 2 
and 4, who each connected to scientist 3 in all three 
dimensions. More complicated approaches could 
allow continuous values for all ties and apply further 
transformations to those.

Regardless, convolutional approaches work pri-
marily from network structure to update node 
states. In our case, that means whom you are con-
nected to and whether they are part of the seed set is  
what matters.

Dynamic Weights Based on Attention
A somewhat more complicated flavor of GNN  
is attentional:39

(2) hu = φ[xu, ⊕ v∈Nu a(xu,xv) ψ (xv)].

The only change here is replacing Cvu with a(xu, xv),  
a self-attention mechanism. Instead of treating v’s 
influence on u as a constant, driven by observed 
ties, this approach introduces a learnable parameter  
that calculates importance coefficients auv = a(xu, xv),  
which are weights influenced by the features of  
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neighbors. The underlying intuition might be sum-
marized, in our network’s social-proximity dimen-
sion, by the phrase “Not all coauthors are created 
equal.” Some partners have characteristics that make 
them more important or salient to u’s state than  
others. The attention parameter creates a variable 
means to accommodate such differences in an aggre-
gation function.

Reducing this general description to a specific 
empirical intuition in the highly simplified case (with 
a single, binary node feature) described above is triv-
ial. So, imagine two possible complications. The 
first adds features to the node vector X. The second 
builds on the logic of the signaling dimension, A3. In 
a research field such as AI, the core empirical intu-
ition is that u might be connected to an AI scientist 
via one or more of our dimensions, but either mem-
ber of the pair could be unaware of or uninterested  
in that connection.

Absent a reason for u to pay attention to an AI 
coauthor, the fact of coauthorship alone may have lit-
tle effect on their state. This might be especially true 
in the fields where teams tend to be large or where 
people tend to publish many papers with a wide array 
of coauthors.

Consider high-energy physics or population 
genomics. Both are fields in which AI tools are 
increasingly broadly used. Both are also fields in 
which papers routinely have hundreds to thousands 
of coauthors. The fact of coauthorship with an AI  
scientist on such a paper may have little bear-
ing on the AI-ness of a given physicist or genetics 
researcher. For what it is worth, things like norms 
about team size are exactly the research field charac-
teristics that the social and organizational approach 
we propose could capture and that seed-set defini-
tions might need to accommodate.

In the network that interests us, a node’s state 
change is driven by the intertwined mechanisms of 
social influence (people become more like those to 
whom they are connected) and homophily (people 
are more likely to connect to partners to whom they 
are already similar). The idea that being connected to 
an AI scientist indicates one is more likely to be an 
AI scientist oneself presumes that (1) when non-AI 

researchers collaborate with AI researchers, their 
AI-ness increases because of the interaction (social 
influence) or (2) AI scientists are more likely to col-
laborate with one another, so observing a tie reveals 
an otherwise difficult-to-observe categorical similar-
ity (homophily).

These two mechanisms are extremely difficult 
to tease apart,32 but both depend on social forms of 
attention. Whether an existing similarity draws one 
to connect to a collaborator or an existing connec-
tion increases one’s similarity to them, people must 
be aware of the characteristics they share, and those 
characteristics must be salient enough to factor in 
decision-making.33 Two questions follow: (1) What 
might lead researchers to be more aware of their  
network neighbors’ AI-ness? (2) What characteris-
tics are likely to make some network neighbors more 
salient than others?

The answers may vary across our three network 
dimensions. The bar for awareness and salience 
seems likely to be higher for the affinity dimension, in 
which the mere fact that two scientists write in fash-
ions that position them near each other in a complex 
vector space offers no assurance that they will know 
of each other or read each other’s work. Regardless, 
additional node features or a refined conception of 
signaling can offer examples of potential answers.

Consider just one class of node features that might 
have traction. Higher-profile neighbors are notice-
able and salient. Though it offers no information 
about actual GNN outputs, an illustrative attention 
mechanism based on scientific visibility suggests  
that neighbors who are more frequently cited, have 
won high-status awards, or are affiliated with high- 
visibility institutions or programs would exert greater 
influence on u’s state than others would. As I started 
writing this chapter, I used all these markers to guide 
my attention as I immersed myself in a large, complex, 
and wholly unfamiliar body of literature.

Once again, the benefits of a broadly social con-
ception of research fields are apparent. For instance, 
we do not need to determine exactly which institu-
tions have the highest status in a field to recognize 
that institutional affiliations are likely to be import-
ant attention features. We don’t even need to observe 
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how the ranks of institutions change across fields. 
We simply need to know that all fields have status 
hierarchies and that they shape researchers’ atten-
tion. Knowing that, we construct input data that will 
increase our confidence and the legibility of a model 
design that includes attention mechanisms.

Alternatively, we might return to our network’s 
signaling dimension, which fundamentally relies on 
attention. Recall the intuition behind our proposed 
measure. Researchers try to place work in venues that 
reach intellectual communities to which they belong 
or hope to belong. Publishing in those venues typi-
cally leads a researcher to conduct peer reviews for 
them, which focuses that researcher’s limited atten-
tion even more tightly on a small set of journals and 
increases their awareness of others publishing or try-
ing to publish in those venues. As careers progress, 
ad hoc reviewing turns into program committee or 
editorial board memberships and sometimes pro-
gram chair or editorial roles. All these transitions 
further focus attention and deepen the visibility and  
the salience of others who publish in those outlets.

These generic social dynamics are common in con-
temporary research fields. They suggest that A3, the 
signaling adjacency matrix, measures signaling pre-
cisely because it represents a general structure of 
attention. This is entirely consistent with social sci-
ence research that examines networks, categories, 
and signals in a wide range of fields.34 More con-
cretely, this requires that we attend to edge features 
in the signaling dimension as we think through the 
empirical logic of attention layers.35

There are a few takeaways. First, examining atten-
tion mechanisms requires us to consider (1) the con-
ceptual relationship between the social mechanisms 
(homophily and influence) that underpin our intu-
itions about state updating at the level of nodes and 
their neighborhoods, (2) the signaling dimension of 
our multidimensional graph and its implications for 
attention in the social organization of research fields, 
and (3) the way both should shape choices about 
what node and edge features are necessary to main-
tain some conceptual, if not actual, explicability. Sec-
ond, the discussion so far, which has focused solely 
on making layer-by-layer sense of baseline empirical 

intuitions for different GNN methods, already sug-
gests implications for model design that, by and 
large, follow from the general conception of research  
fields that we propose.

Musing About Model Design
One of the many tricks of designing and training a 
working model appears to lie in stringing together an 
appropriate set of layers tuned to accomplish a par-
ticular task.36 The discussion above suggests a model 
design based on a “block” composed of three layers. 
Our multidimensional network inputs would include 
three valued adjacency matrices (A1, A2, and A3) cor-
responding to the network dimensions (proximity, 
affinity, and signaling) and a vector of node features 
(X) composed of scientist-level measures defined by 
appeal to the social and organizational field definition 
and the task we want the model to perform.

We want an effective, technology-agnostic model 
and training data that accord with a conceptual 
framework that is legible to nonspecialists. These 
data would provide the initial input states for a 
convolutional layer, which would update those 
states based on the structure of connection in each  
node’s one-hop neighborhood and pass the result-
ing, updated states to an attentional layer empha-
sizing node features, which in turn would pass the 
updated states to a second attentional layer focused 
on edge features.

This is where, as I understand it, the magic of 
deep-learning models kicks in. The learnable trans-
formations we have been resolutely ignoring (φ, ψ) 
are updated across layers through the training pro-
cess, as are the weights that result from each layer. As 
the input data pass through each layer of the model, 
the output of a prior layer serves as the input to a 
subsequent layer. Through training, the sequential 
application of different flavors of GNNs results in 
increasingly refined predictions.

The three-layer block we suggest could thus be 
understood to yield a progressively granular aggre-
gation of neighboring node states, starting with the 
coarsest measure (connection) and proceeding 
through two levels of attentional weighting. Depend-
ing on specific decisions about input data (particularly 
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the values of edges and the features in node vec-
tors), this proposed architecture might emphasize 
different features of the broad social conception of 
group membership that underpins it. Equally impor-
tantly, the application of multiple blocks could allow 
learned weights to reflect broader neighborhoods, 
so a second block might be understood to encompass  
weights aggregated at network degree 2 (collaborators 
of collaborators), a third at network degree 3 (col-
laborators of collaborators of collaborators), and so 
forth. Of course, many details need to be worked out, 
but a general model architecture like that sketched in 
Figure 4 offers a starting point.

Whether the final details of the technology- 
agnostic model end up following these suggestions  
is not important. What is important is that any 
model architecture in the larger Industries of Ideas 
data system align with the general principles that 
helped us articulate this one:

•	 Emerging technology areas are research fields 
defined in social and organizational terms.

•	 People define the boundaries and contents of 
research fields.

•	 Field classification is a two-stage process in which

	ɐ Domain experts help define a technology- 
specific researcher seed set that includes core 
technical contributors and people pursuing 
domain applications in a range of areas, and

	ɐ Social theory and network measures inform 
technology-agnostic data structures and a 
semi-supervised GNN model to expand the 
seed set via classification and regression tasks.

•	 The results of that field classification are essen-
tial inputs to an integrated, people-centric data 
system that

	ɐ Uses UMETRICS data to expand from 
authors to all grant-employed research per-
sonnel working on a particular technology;

	ɐ Links authors and nonauthor university 
grant employees to state administrative 
unemployment insurance wage data;

	ɐ Uses employee mobility to identify specific 
employers that have hired people trained on 
grants relevant to that technology;

	ɐ Classifies industries by treating hiring as evi-
dence that employers have bid in to pursue 
work relevant to applying or developing the 
technology in their products, services, or 
processes; and

	ɐ Uses “hiring bids” as indications that 
descriptions and estimations of the impacts 
of research investments should include 
employers’ traditionally defined industries, 
the other employers in them, and the jobs 
and the people who hold them.

Following these general principles to classify fields 
and industries across CSA technology areas sup-
ports a measurement system with all the compo-
nents needed to rigorously address the challenges of 
the act. 

Brief Thoughts on AI-Relevant 
Extensions

Integrating a social and organizational classifica-
tion strategy with the larger Industries of Ideas 
frame-work and data system creates immediate 
opportunities to address additional AI-specific 
measurement concerns.

Measuring the Impact of Platform Investments
One major concern expressed in the National Arti-
ficial Intelligence Research Resource Task Force’s 
report is the availability and accessibility of compute 
and test bed resources.37 But the impact of such plat-
form investments can be difficult to evaluate. The 
users of shared platforms typically hail from many 
fields and institutions. The platforms themselves 
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generally collect information only on users. This 
gap makes identifying a comparison group impossi-
ble, creating a roadblock for assessment. The proto-
type data system described here, in partnership with 
compute and test bed operators, is uniquely suited  
to address this challenge.

UMETRICS data on the complete set of grant- 
funded people working at universities, coupled with 
employment information derived from state unem-
ployment insurance wage data, offer many possi-
bilities for developing counterfactual scenarios. 
Indicators and quantitative measures of AI-ness drawn 
from a strong field classification add more. What is 
needed once such a system is constructed is simply 
the ability to link user information for compute and 
test bed resources to the larger data infrastructure at 
the individual level. That integration enables many 
research designs to assess scientific, technological, 
and workforce impacts and could guide more effective 
development and use of shared AI resources.

Software and Model Development as an Impact 
of Research Investment
One impressive analysis in Stanford University’s AI 
Index tracks technical improvements in model devel-
opment.38 This is an essential component of the 
field that I do not address. It could be systematically 
examined by integrating another type of data into  
the Industries of Ideas ecosystem.

The Institute for Research on Innovation and Sci-
ence, which I cofounded with Julia Lane and Bruce 
Weinberg, is working on a pilot project to describe 
the relationship between research funding and the 
development and use of research software. We 
extract software mentions39 from the text of sci-
entific papers and then link named packages, the 
papers, and the authors who use them to software 
repository metadata and UMETRICS data. These 
linked data connect research investments, research 
publications, and software tools. As with the Indus-
tries of Ideas framework, those links follow the 
people. By virtue of their connection to repository 
metadata, they also provide many new data points 
about the code and its use, development, mainte-
nance, updating, and other features.

Figure 4. Sketch of a GNN Architecture

Source: Author.
Note: “ReLu” stands for rectified linear unit.
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Research software that implements new AI mod-
els, like other intermediate research products such 
as datasets,40 is an important research output that is 
not often systematically studied. In the field of AI— 
where most papers are openly accessible in full-text 
formats; two major Python packages (PyTorch and 
Tensorflow) are the primary basis for developing, 
expanding, and applying new machine learning mod-
els; standard benchmark datasets are commonly used 
and referenced; and code is generally shared upon 
the release of working or conference papers—linking 
code repository metadata into a unified data archi-
tecture could offer immense value.

First, such data could expand work like that of 
Stanford’s Institute for Human-Centered Artificial 
Intelligence, which tracks the characteristics and 
use of new models. Second, it might allow us to add 
entirely new classes of inputs, outputs, and, poten-
tially, people to the field and industry classifications 
we describe here. Third, we might expand affinity  
and signaling dimensions for field classification input 
data by using the same tools or datasets.

Finally, to the extent that code developers and 
maintainers do not completely overlap with authors 
on papers, we might be able to identify yet another 
group of people touched by AI research investments 
whose careers could help classify industries. While 
such expansions might not be generalizable across  
all CSA fields, they seem likely to be particularly valu-
able for those in which code and data are both core 
outcomes and enabling tools, such as AI, cybersecu-
rity, and distributed ledger technologies.

Modeling the Dynamics of Regional  
Innovation Ecosystems
The CSA is one of several substantial place-based 
investments made under the Biden administration. 
Some, including the CSA, are larger than similar 
Great Society and even New Deal programs. Asso-
ciated measurement challenges reach beyond job  
and employer effects to a program’s holistic impact 
on the dynamics and outcomes of regional innova-
tion ecosystems.

Two features that distinguish successful regional 
innovation ecosystems from unsuccessful ones are 

(1) the founding of “second-generation” startups41 
and (2) the formation of dense cross-employer mobil-
ity networks. Early research on the success of Sili-
con Valley highlighted both, citing the “Fairchildren” 
firms that grew from Fairchild Semiconductor and 
the ability to change jobs without changing carpools, 
which explains the resilience of Silicon Valley rela-
tive to that of Boston’s Route 128.42 Learning by hir-
ing remains a key source of competitive advantage in 
technology-intensive regional ecosystems.43

A high-profile example from contemporary Bay 
Area AI clearly illustrates the point. Consider “Atten-
tion Is All You Need,”44 a 2017 paper that helped 
spark the explosion of large language models and 
that has been cited almost 184,000 times. It was  
written by eight authors at Google. By 2021, all eight 
had departed.

Searching for these authors today reveals that they 
have collectively worked for or founded nine AI com-
panies since leaving Google. Six of the original eight 
authors remain in the Bay Area. Seven of the nine 
companies, most of which were founded after the 
paper’s publication, are also located in that region. The 
mobility networks among employers created by such 
moves and the founding of such “later-generation” 
firms are largely what make regions like the Bay Area  
such successful and resilient technology ecosystems.

But the data and tools needed to systematically 
(1) assess when and how various investments might 
help regions become self-sustaining, (2) support 
second-generation entrepreneurship, and (3) pre-
dict how such networks develop have never existed 
at scale. The data systems sketched here, which 
match rich, though restricted, workforce data with 
detailed bibliometric and university information, 
could change that dramatically. Long-time series data 
for established and emerging regions with and with-
out investments from programs like the RIE or the US 
Economic Development Administration’s Technology 
and Innovation Hubs allow pre- and post-investment 
analyses. Graph-based deep-learning models trained 
on those data could offer a wide range of new insights 
at the regional level.

Models that treat regions as networks and use 
graph classification to identify structural features 
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that are leading indicators of regional success offer 
one interesting possibility. Link-prediction tools 
that focus on the evolution of mobility ties within 
a region (or into it) offer another. In the latter case, 
we might envision exciting possibilities for under-
standing regional ecosystem development around 
anchor tenants such as universities45 and the role of 
key “on-ramp” institutions such as community col-
leges in ensuring broad access to jobs created by pro-
grams like RIE. Combining deep-learning models 
with granular administrative data could go a long way 
toward answering questions about educational and 
workforce capacity and their relationship to regional 
dynamism. Including state-maintained higher educa-
tion or K–12 data in the Industries of Ideas ecosystem  

would dramatically increase the ability to address 
such questions.

If education data could be included in the mix, 
it might become possible, for the first time, to sys-
tematically assess the essential role of skilled tech-
nical workers in creating and sustaining regional 
success. This analysis would be particularly import-
ant for answering questions about manufacturing 
capacity and manufacturing-oriented CSA technol-
ogy areas. In the context of reciprocal partnerships 
and effective governance, the need for strong privacy 
protections on restricted data could make famously 
complex and inexplicable models an important  
selling point.
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What is the impact of AI innovation on productivity? 
Business leaders have proclaimed a fourth indus-
trial revolution centered on AI and related advances 
in information technology. However, earlier indus-
trial revolutions featured significant and persistent 
increases in productivity growth that boosted living 
standards across the income distribution. Despite 
growing hype and concern over AI applications across 
the economy, aggregate productivity growth remains 
slow, which limits the growth of American incomes 
and prosperity.1 Will AI fail to live up to its advocates’ 
enthusiasm, or are we merely in the early stages of 
a process of innovation and adoption that will take 
years or decades to unfold?

Our research seeks to address this question by 
examining the vanguard of firms that are already intro-
ducing AI innovations to the marketplace.2 If these 
early movers, innovators, and adopters are already 
reaping significant productivity gains, then this augurs 
well for AI’s ultimate impact on the US economy.

In this chapter, we summarize recent research 
showing that AI invention significantly boosts the 
productivity and employment of AI-inventing firms. 
However, the limited number of AI experts trained up 

to the scientific frontier who seek industrial employ-
ment in the US may significantly constrain the human 
resources that most firms need to turn AI break-
throughs into new products and services.

Recent Research Measuring the  
Impact of AI

Our work complements several recent streams of 
research. One stream seeks to measure AI adoption 
and use through direct surveys of large, representa-
tive samples of US firms.3 These valuable efforts have 
not yet convincingly demonstrated a causal rela-
tionship between AI adoption and faster productiv-
ity growth, and it will take time before these survey 
data acquire a time series dimension long enough 
that researchers can apply typical econometric tech-
niques for discerning plausibly causal effects from  
nonexperimental data.

A second stream of research applies randomized 
controlled trials or quasi-experimental methods to 
measure AI’s impact on productivity in a particu-
lar work context.4 Some of these papers have shown  
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convincing evidence that AI adoption boosts produc-
tivity, but researchers may not be able to generalize 
the results beyond the particular contexts of these 
experiments or quasi-experiments.

A third stream uses data on specialized labor 
recruitment to measure AI use and AI-related 
innovation.5 Prominent papers in this stream have 
shown evidence that AI investments boosted output 
and product innovation but have failed to demon-
strate robust evidence that these investments led to 
increased productivity growth. The strong productiv-
ity growth we document is potentially broader than 
that found in the experimental literature and points 
to the optimistic possibility that AI could eventually 
lead to a significant and persistent acceleration in pro-
ductivity growth across a broad range of industries.

Our Methods, Data, and Current Results

Our work develops two additional streams of 
research. The first identifies AI-related patents, links 
these patents to the firms that invent them, and lever-
ages the detailed firm-level data compiled by the 
US Census Bureau to examine the ways these firms 
evolve as they generate AI-related innovations.6 The 
second identifies AI experts educated up to the tech-
nological frontier by the leading scientific experts and 
then tracks their movement across organizations, 
geography, and time.

In our research, we use an ensemble of machine 
learning algorithms to parse the text of US Patent 
and Trademark Office patents and identify AI-related 
inventions. We then match data on the AI patents to 
the rich databases that the US Census Bureau main-
tains on the production and inputs of US-based firms, 
including those that are not publicly traded. Using 
firm fixed effects models and event studies, we find 
striking evidence that AI invention leads to significant 
growth in employment and productivity. Many other 
studies have failed to find a significant impact of AI 
adoption or innovation on productivity—but we find 
one, and the evidence is robust.

We also examine the role of PhD-level academic 
experts in creating new AI-related goods and services. 

We hypothesize that a shortage of advanced human 
capital profoundly shapes where, and via which firms, 
AI innovation is advancing. By linking these experts 
and their trained students to the firms that employ 
them, we may obtain empirical leverage around the 
difficulty of measuring AI inventions that do not 
result in patents and the application of frontier or 
near-frontier AI ideas to reengineer existing prod-
ucts and services.7

Figure 1 summarizes the results from firm fixed 
effects models applied solely to US manufactur-
ing firms, because the US Census only calculates 
firm-level total factor productivity and added value 
for manufacturing firms. The estimated impacts 
from the initial transition into AI patenting, which 
capture the extensive-margin effects, are labeled 
“Extensive Margin.” The estimated impacts from  
an increase in the number of AI patents, which cap-
ture the intensive-margin effects, are labeled “Inten-
sive Margin.”

An alternative approach to estimating the impact 
of AI patenting on the inventing firms is to compare 
each AI-inventing firm with its closest same-industry, 
non-AI-inventing peer firms and determine the 
differences in key outcomes between the treated 
(AI-inventing) firm and the control (non-AI-invent-
ing) firms after the former transitions into AI patent-
ing. Figure 2 summarizes the results from these event 
studies. Here, too, the transition to AI patenting is 
associated with a statistically significant and econom-
ically meaningful increase in employment and reve-
nue per employee.

Ongoing Research

Not all innovations are patented, and some industries 
that invest heavily in AI to generate new products 
and services hardly patent their inventions at all.8 
To identify investments in AI-related innovation in  
these sectors, we use publication data from Elsevier 
to identify the top academic scientists working in 
domains related to AI. We then use faculty websites, 
laboratory websites, and the ProQuest database to 
identify the graduate students whom they supervise. 
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Once these students are identified, we use data from 
Revelio Labs to track their movement across geo-
graphic areas, organizational boundaries, and time.

We can also use publication data to track the direct 
interaction between top academic scientists and the 
companies they work with when that interaction 
results in a publication. Once we link the star scien-
tists and their students to the firms with which they 
have worked and trace these links over time, we can 
leverage US Census micro-data, obtained through our 
ongoing collaboration with Census microeconomists, 
to investigate whether these links have given the 
receiving firms a statistically discernible advantage 
in output, employment, or, most important, produc-
tivity over their same-industry peers that lack these 
connections.

This line of inquiry is related to the work of Tania 
Babina and coauthors,9 but while that research 
attempts to measure the recruitment of AI work-
ers at all skill levels, our work focuses on identifying 
elite AI scientists, who may play a disproportionate 
role in defining the technology frontier, and their  
doctoral students, who may play a disproportionate 

role in bringing frontier technology into industrial 
practice.10 We then seek to track the direct collab-
oration between top AI scientists and firms and the 
movement of their graduated students into those 
firms. We conjecture that any firm seeking to apply 
frontier AI to substantively reengineer its products 
and services or create new ones must create an inter-
nal pyramid of AI talent, depicted in the left portion 
of Figure 3, that includes these high-level experts.11

At the lower ranks of the talent pyramid, the 
firm could productively employ programmers with 
self-taught AI skills who use standard AI tools and 
techniques. At the middle levels of the pyramid, the 
firm might need professionals with bachelor’s or mas-
ter’s degrees that include specialized AI training, but 
these professionals need not have trained at elite 
universities. However, at the pyramid’s apex, a firm 
seeking to out-engineer its rivals may seek software 
architects whom elite academic scientists at top uni-
versities have trained up to the technology frontier.

As we have noted, Babina and coauthors12 use 
data from the entire pyramid, but we focus on star 
scientists and their students, who could constitute  

Figure 1. The Impact of AI Patenting on Productivity: Percentage Increase as Measured by Fixed 
Effects Models

Source: Dean Alderucci et al., “Quantifying the Impact of AI on Productivity and Labor Demand: Evidence from U.S. Census Micro-
data” (working paper). Available from the authors on request.

27.2%

14.8%

22.5%

10.4%
8.3%

5.7%

0%

5%

10%

15%

20%

25%

30%

Output per 
Employee
(Extensive 

Margin)

Output per 
Employee
(Intensive 

Margin)

Value Added 
per Employee

(Extensive 
Margin)

Value Added
per Employee

(Intensive
Margin)

Total Factor 
Productivity
(Extensive

Margin)

Total Factor 
Productivity
(Intensive 

Margin)



35

Quantifying the Impact of AI Innovation

a disproportionate part of the pyramid’s apex. Their 
role is related to that of the architects described in 
the theoretical work of Seth Benzell and coauthors.13 
As in that paper, we consider that the limited sup-
ply of these software architects could substantially 
constrain firms’ ability to fully leverage frontier  
AI technologies.

To illustrate, imagine that our data sources iden-
tify a Carnegie Mellon University doctorate recipi-
ent as an elite academic scientist’s PhD advisee. This  
student’s career moves are illustrated in the right side 
of Figure 3. Their move to Google DeepMind could 
augment that impressive corporate research oper-
ation’s intellectual resources. The student begins to 
specialize at Google DeepMind in applying advanced 
AI algorithms to medical imaging. Then, they carry 
this skill to Siemens Healthineers and then to diag-
nostic imaging startup Arterys.

By following star scientists’ students like this one 
among firms, we can trace their differential impacts, 

if any, on enhancing host firms’ output, employment, 
and productivity. We can test the hypothesis that 
these movements predict success using census data 
drawn from the hiring firms and their same-industry 
peers that have hired fewer or no advanced AI 
experts. We can also track the changing impact of 
these experts as they accumulate experience and 
transition to higher positions under new employers.

Policy Implications and Trade-Offs

Providing a Strong, Data-Driven Rationale for 
Investing in AI
The US government possesses limited resources to 
invest in basic science. If AI boosts corporate profits 
but fails to boost employment or productivity, that 
could call into question the desirability of long-term, 
large-scale investment in AI research. Our results pro-
vide strong and robust evidence that the firms invest-
ing in AI-related innovation are seeing significant 
gains in employment and productivity. As the pool  
of AI innovators expands, these effects will likely 
appear in aggregate economic data.

Creating a Methodology to Identify AI  
Innovation Abroad and Compare Its Quality 
and Impact to Those in the US
Many in the US government worry that adversary 
nations are developing AI innovation capabilities 
that rival those of the US and its allies. The data and 
methods that we have pioneered could be directly 
applied to foreign (e.g., Chinese) patent data, shed-
ding crucial light on the strengths and weaknesses  
of AI innovation in China while going far beyond sim-
ply counting large numbers of patents of low or aver-
age quality.

Tracking the Global Flow of AI Expertise
Preliminary evidence suggests what many industry 
insiders believe—that there is a global shortage of 
experts trained up to the scientific frontier who can 
help companies apply fundamental breakthroughs in 
the science of AI to develop new goods and services 
or reengineer existing ones. Our ongoing research will 

Figure 2. The Impact of AI Patenting on 
Employment and Revenue per Employee: 
Percentage Increase as Measured by Event 
Study Models

Source: Dean Alderucci et al., “Quantifying the Impact of AI 
on Productivity and Labor Demand: Evidence from U.S. Cen-
sus Microdata” (working paper). Available from the authors on 
request.
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create a much more comprehensive database of these 
AI experts that tracks their movement from leading 
centers of scientific AI research to innovating compa-
nies and organizations worldwide. It will also assess 
how much the accumulation of this scarce human 
resource correlates with AI innovation and its impact.

Applications to Other Critical and 
Emerging Industries

In principle, the basic techniques we apply to AI 
could be applied to other critical and emerging indus-
tries. Our approach of using AI to identify AI-related 

patents could be adapted to other technological 
fields. Once identified, these patents could be linked 
to the inventing firms that generate them, and cen-
sus micro-data could be leveraged to identify impacts 
on output, employment, and productivity. Similarly, 
publication data could be used to identify star scien-
tists in other important technological fields, and the 
same mix of data from publications, websites, and 
online resume sites could quantify the interactions 
of star scientists and their students with firms. How-
ever, for this approach to be meaningful, there must 
be a strong connection between new scientific break-
throughs and their application in a wide range of 
industrial contexts.
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The purpose of economic measurement is to guide 
decision-makers in both the government and private 
sector. Yet even after some decades of technological 
transformation, modern economies’ structure and 
trends in consumption and production are all but 
invisible in available statistics. About four-fifths of 
advanced economies can be characterized as “hard 
to measure.”1 This indicates the need for a differ-
ent approach, which AI’s current rapid develop-
ment and deployment have made more acute, as 
have other tactics (including innovations such as 
quantum and biomedical technologies or processes 
such as additive or bio-manufacturing) in the short 
to medium term.

The challenges for statisticians are twofold. One 
is data collection. Existing classifications of sectors 
or occupations map poorly onto current production 
and consumption patterns, and there is resistance to 
updating classifications in ways that are not backward 
compatible or suitable for low- and middle-income 
economies. Many researchers have started using 
a range of innovative data-collection techniques 

in arrangements with private data companies or  
methods such as web scraping or processing open sat-
ellite data.2

Statistical agencies are endeavoring to foster bet-
ter data access with tech companies, with limited 
success. For example, there is no official index of the 
price of cloud computing services because compa-
nies do not provide data, so availability indexes are 
constructed from web-scraped prices.3 The use of 
cloud services, not capitalized in company accounts, 
has shifted business expenditure from capital invest-
ment to intermediate consumption, but the scale  
is unknown. 

Recent research taking an engineering-based 
approach to computation costs—using two different 
methods to incorporate developments in AI—shows 
that the pace of decline has been substantially greater 
than that shown in any official price index.4 In any 
case, official statistics in these technology domains 
are generally not timely enough for decision-making 
purposes. New measurement systems are essential to  
fill the empirical gaps.
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This chapter is concerned, though, with the second 
challenge, which is conceptual. I suggest a framework 
for measuring the economic value of new technolo-
gies such as AI, given that general-purpose technol-
ogies cause structural shifts in the economy. I also 
highlight some key economic research questions.

The Economic Value of AI

At the heart of understanding economic progress is 
understanding the process of turning resources into 
valued goods and services. One analytical building 
block is the production function. The capital, labor, 
energy, materials, and services (KLEMS) approach 
has become a standard growth accounting tool rep-
resenting this.5

It is incomplete for two reasons. First, it pro-
vides a year-by-year snapshot that does not capture 
the dynamic process—especially as it requires the 
assumption of constant returns to scale, whereas pro-
cess innovations are important sources of productiv-
ity growth, involving inherently increasing returns  
(as shown in Table 1). Second, it omits structural 
change in consumption.

Nevertheless, KLEMS offers a useful starting 
point. With this approach, the variables are indexed 
by sector or firm and by time t. Rates of growth in 
aggregate inputs and gross output are weighted 
averages of their individual components, with the 
weights given by relative shares of each component 
in the total. If we assume technology is Hicks neu-
tral (that is, increasing the marginal productivity 
of all inputs equally), then differentiating the pro-
duction function with respect to time and using 
log rates of change gives the familiar decomposi- 
tion equation:

d ln A/dt = d ln Y/dt – sK d ln K/dt – sAI d ln  
KAI/dt – sL d ln L/dt – sM d ln M/dt.6

Here, AI capital has been distinguished from other 
capital. Existing produced capital measures in prin-
ciple account for AI’s physical infrastructure, such as 
servers, chips, and data centers, although there needs 

to be more focus on collecting and developing these 
capital stock and services data. Here, the separate  
category highlights the distinctive new intangible capi-
tals: models and data.

There is growing research literature and a statisti-
cal effort on measuring intangible capitals, of which 
measuring AI is a natural extension.7 Measuring 
models’ intangible capital services is a new research 
area, requiring joint work with AI experts, but there 
is considerable collection underway of useful bench-
marks. There is a little more progress on measuring 
the value of data.8

Again, this is ripe for further development. Luca 
Gamberi and I are working on piloting an approach 
using the Shannon entropy measure, which is when 
noise is added to a dataset.9

However, measuring models’ intangible capitals 
gives us a first snapshot. The next step is to consider 
the information enabled by using AI as an input to a 
knowledge-based production function in an endog-
enous growth framework. A standard formulation is 

ΔAt/At = θ.HAt.At,

where H is the stock of human capital and θ > 0 is 
generally interpreted as a research productivity  
parameter. Empirical applications have focused on 
codified knowledge, or conventionally measured skills, 
but tacit know-how and socially embedded capabil-
ities (“organizational capital”) would equally drive 
knowledge production and growth, either through 
H or the parameter θ. In the context of AI and other  
new technologies, Julia Lane has underlined the need 
to measure exactly these aspects and provided a  
framework for statistical implementation.10

A related question that labor market and skills data 
do not address is firms’ organizational capital: What 
distinguishes AI users from those who don’t use it? 
Several researchers have linked growing productivity 
dispersion at the firm level to different uses of vari-
ous digital tools, so the question about the barriers 
to adoption is unresolved.11 This is an open part of 
the research agenda, where data collection depends 
on better understanding the organizational or tacit 
knowledge barriers to AI use.12
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The final step in this economic value frame-
work poses the biggest conceptual challenge, and 
I believe this is a wide-open research question. It 
concerns the link from production to consumption 
and how to value AI use in the economy at the final  
demand level.

The issue is how the revenues counted inside the 
production boundary are converted into estimates 
of the “real” economy—in other words, the defla-
tors. There is extensive literature on the well-known 
challenges of constructing price indexes, particu-
larly when there are large changes in output and 
consumption patterns or there is an increased num-
ber and variety of new goods and services, as there 
are now.13 Similarly, issues arising from (incorrectly) 
assuming homothetic demand when constructing 
the indexes that statistical agencies generally use are 
well-known.14

The new challenge stems from changes in con-
sumption technologies. Mo Abdirahman and his 
coauthors noted that the constructed price index for 
telecommunications services in the UK varied enor-
mously depending on whether revenue or volume 
weights were selected for combining specific service 
prices into the sectoral index.15 Telecom companies 

charge a higher price per byte of data for traditional 
services such as fixed-line calls and SMS. The explo-
sion of data use means that a volume-weighted sector 
price index plunges, while a revenue-weighted index 
declines more modestly.

Which is correct? Neither. We would not want to 
attribute real economic value to the fact that an oper-
ator’s price differentiates among similar services (e.g., 
SMS versus WhatsApp), which is the case with rev-
enue weights. Nor would we want to attribute equal 
value to every byte because what consumers care 
about is the byte’s content. The conceptual challenge 
is that the product demanded is a bundle of telecom 
services, data center services, device services, and 
(sometimes free) content services.

While some work has looked at the separate ele-
ments, how to conceptualize and categorize the rel-
evant economic activities has remained an open 
question.16 One promising suggestion is to use Kelvin J. 
Lancaster’s framework to conceptualize a “consump-
tion technology” that shifts economic output.17 In  
any case, a starting point is to identify the underly-
ing data needs to explore the relevant “services” that  
consumers value.

Table 1. Examples of Productivity Growth from Process Innovation

Process Date Key Technology

American system of manufacturing Early 19th century Machine tools

Factory system Mid- to late 19th century Steam and rail

Assembly line Early 20th century Electricity 

Lean manufacturing Late 20th century 
Telecommunications and  
early digital

Production networks
Late 20th–early 21st 
century

Information and 
communications technologies

Digital platforms (production and consumption) Early 21st century
Information and  
communications technologies 
and AI

Novel manufacturing processes Mid-21st century
AI and additive or 
bio-manufacturing

Source: Diane Coyle, The Measure of Progress: Counting What Really Matters (Princeton University Press, 2025).
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Summary 

In this chapter, I have proposed using standard 
economic models to establish an input-to-output 
measurement framework for AI. It would be appli-
cable, with modification, to other general-purpose 

technologies. Table 2 summarizes the stages and data 
needs for measurement based on these models. 

However, some open, deep economic questions 
remain to understand why and how new general- 
purpose technologies mean the majority of advanced 
economies are “hard to measure.”
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Measuring AI Value: Puzzles, 
Challenges, and Opportunities

Prasanna “Sonny” Tambe

Why are some firms better than others at producing 
and using AI capabilities?

Differences in tangible and intangible factors may 
generate different patterns of AI investment and use 
among US firms. Researchers have begun to explore 
how firms’ accumulation of these underlying, foun-
dational assets drives competitive differences in their 
abilities to produce AI capital. For instance, although 
some firms, such as Google, have clearly been partic-
ularly successful when using AI, they may have some 
secret sauce, or, alternatively and more likely, they 
may simply have developed the right assets to sup-
port development of downstream tools for algorith-
mic decision-making. 

The Current State of Play in AI 
Measurement

In this chapter, I focus on the key issues with mea-
suring firms’ investment in AI to drive productivity in 
three of the most critical areas: (1) infrastructure (data, 
software, and computing), (2) workforce training, and 
(3) high-skill talent. A proper accounting of all these 

factors can improve our understanding of why firms’ 
prospective AI capabilities differ.

Infrastructure: Data, Software, and Computing
Access to key factors for effective AI use—data, 
software, and processors—is unevenly distributed. 
Certainly, the volume and variety of data matter. 
Increasingly, with large AI projects, hardware (chips) 
has become a notable supply-chain constraint. Much 
software at the AI frontier is available on open-source 
platforms, but firms differ in their ability to adapt and 
deploy these frameworks in their work, due to differ-
ences in access to talent, the costs of legacy systems, 
uncertain regulatory environments in some indus-
tries, and other factors.

Workforce Training
A particularly important category of AI investment  
is the workforce training and reskilling that will likely 
be needed for employees to use AI. Much of the 
attention on AI and labor has focused on potential 
labor displacement. Such research forecasts which 
occupations are most vulnerable to job displacement 
based on their tasks. Then, given the occupational 
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distribution in the US and other countries, analysts 
can estimate AI technologies’ impact on the demand 
for various occupations.

But in the short run, the largest workforce change 
that employers must make may be reskilling work-
ers in existing occupations to enable human-AI col-
laboration. As AI diffuses into more jobs, workers in 
occupations ranging from sales to accounting and 
customer service will need new skills to be effec-
tive. The entry of large language models (LLMs) 
into the public consciousness has underscored the 
idea that human-AI collaboration will be the dom-
inant mode of AI use in the medium term. Future 
call centers will still need customer service agents, 
but the centers will look different from how they  
look today.

Talent
Finally, the talent pool for AI development is a critical 
driver of AI progress. Maintaining the talent supply 
includes not only hiring highly paid software devel-
opers, on whom the media likes to focus, but also 
developing a robust semiconductor workforce that 
can support investments in physical capital, such as 
those related to the 2022 CHIPS and Science Act. 

Universities like Ohio State and Purdue have initi-
ated training programs for this work, but whether 
the US can successfully supply well-trained workers 
to reshored semiconductor initiatives in a way that 
allows them to replicate foreign manufacturing capa-
bilities is an open question.

Conceptual and Empirical Gaps and 
Opportunities

Three areas are critical for advancing AI capabilities, 
and each poses unique measurement challenges. The 
following section explores these challenges in detail.

Infrastructure: Data, Software, and Computing
Of the various factors distinguishing firms trying to 
deploy AI technologies, few are measurable and fewer 
still are measured. How should we account for the 
value of firms’ databases, the recency of their data, 
and the data’s variety? How quickly do data depreci-
ate, and how does this rate vary across industries? For 
instance, data on consumer preferences may depre-
ciate quickly, but databases of human X-ray images 
might retain their value longer.

Table 2. Summary of Framework and Data Needs

Framework Modeling Approach Data Needs

Production KLEMS •	 Intangible AI capital (e.g., value of models  
and data)

•	 Enhance collection of physical AI capital data 
(e.g., data centers and fiber networks)

•	 Price indexes

Knowledge production Endogenous growth process •	 Research and skills (e.g., research and 
development spending and employment and 
wages in AI)

•	 Organizational capabilities (e.g., by 
management survey)

Demand and 
consumption

Consumption technology •	 Consumer device purchase and data usage  
by category

•	 Price indexes

Source: Author.
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Another complication is that AI software, even 
on the frontier, is increasingly available from open 
sources. For example, state-of-the-art LLM capabil-
ities can be accessed through Meta’s Llama project, 
which is free to use even for commercial purposes. 
So a firm’s expenditures on AI software provide 
a less useful signal of its AI capabilities than that 
firm’s spending on enterprise resource planning 
provides for its supply-chain capabilities. When 
firms contribute to, download, or use AI software 
obtained from open sources, they produce some 
digital trails, such as GitHub forks and clones, but 
it is not easy to convert these indicators of digital 
interest to measures of meaningful software use. 
Any exercise that attempts to equate these indica-
tors  to real outcomes will likely suffer from severe 
measurement problems.

On the computing front, the growing role of cloud 
computing in AI projects complicates researchers’ 
ability to measure and track firms’ access to computa-
tion. In contrast to expenses for a firm’s internal serv-
ers, which can be tracked, expenses for a cloud are 
often elusive, and it is not even clear how to convert 
figures on cloud computing expenditures to mean-
ingful quantities. Depreciation matters here greatly 
as well. Early figures for AI-specific chips suggest 
that firms must use the hardware particularly often 
and rearchitect it frequently to take advantage of AI  
software innovations, so this hardware may depreci-
ate quickly.

Talent
In other domains of national importance, such as  
the research and development needed for scientific 
progress, scholars have focused on the role of highly 
skilled individuals such as scientists in driving inno-
vation, productivity, and growth. This is often tracked 
through databases on patenting or federal funding 
that provide information about scientists’ career 
activities. Just as with basic science, certain individ-
uals and organizations have apparently played an out-
sized role in pushing the AI frontier, but there may be 
no ready equivalent in AI for the databases that have 
been so useful for understanding key players in the 
scientific ecosystem.

This is because software developers, including star 
engineers, rarely leave reliable patent trails. More-
over, funding for AI development is often provided 
internally by corporations, rather than through pub-
lic institutions like universities, making it harder to 
track what money is allocated to research and devel-
opment for AI projects. As a result, researchers are 
in a different data environment when they seek to 
understand the relationship between the supply of 
skilled talent and AI progress—including the roles of 
AI scientists, skilled software developers, semicon-
ductor engineers, cybersecurity experts, and other 
tech workers who will eventually be critical to the 
AI ecosystem.

Workforce Training
Finally, reskilling workers and redesigning jobs are 
significant investments for employers and criti-
cal for enabling firms to increase their productiv-
ity with AI technologies. A key gap in measuring 
these investments is the extent of workforce-level, 
sub-occupational change in firms. The question 
here is: In a model in which AI works with humans 
to improve productivity, how should workers be 
reskilled to realize these gains? For instance, should 
workers be taught to determine when LLMs’ output 
is trustworthy? Or will effective salespeople need to 
be trained in prompt engineering?

As employers learn the answers to these ques-
tions and begin to adjust the workforce, large gaps 
will remain in our ability to measure these changes, 
because statistical agencies focus on data collection 
at the occupational level. Short-run opportunities for 
AI augmentation, on the other hand, are more likely 
to require changing workers’ training than to require 
changing their job titles.

For instance, software “copilots” are expected to 
significantly change how developers spend their time, 
whether or not they change the number of develop-
ers needed to do the work. This change is difficult 
to track, even though upskilling and retraining costs 
have always been a significant component—often the 
largest component—of the financial cost of IT trans-
formation. Further, because AI is widely considered 
a general-purpose technology and therefore relevant 
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to most jobs, the costs to employers of workforce 
adjustment may be even higher than the costs of the 
IT-enabled work reengineering that prior waves of 
business technology have required.

Gaps in measuring workforce needs were already 
large before 2022, but rapid growth in corporations’ 
use of generative AI tools and LLMs has likely wid-
ened them. Generative AI tools require workers to 
appropriately structure prompts to get the types 
of output they want and critically assess whether 
the LLMs’ output is usable. There are still many 
unknowns about how workers must be retrained to 
work effectively with LLMs, but changes will clearly 
be needed.

Why These Measurement Gaps Matter
Why are these measurement gaps—which are related 
to databases, workers, and other factors necessary  
for building AI systems—important?

Understanding how these assets are distributed 
among producers, how firms accumulate them, and 
how quickly they depreciate can be useful for explain-
ing why AI has a much larger impact on some sectors 
than on others and on some firms than on others. 
This knowledge is also important for predicting how 
long any productive gains from AI investments will 
last as these assets depreciate and require ongoing 
investment.1 Another implication of these measure-
ment gaps is that they limit our ability to forecast 
whether AI technologies will drive democratization 
or inequality. Particularly given the interest in sources 
of competitive advantage for Big Tech and “super-
star” firms generally, determining whether firm size 
matters for accessing these critical resources would 
be useful.

Short-, Medium-, and Long-Term  
Next Steps

How can we address these measurement gaps?

Workforce Training and Talent
The easiest place to start may be workforce and  
talent measurement gaps.

Fortunately, corporate data sources can already 
partially meet the challenges of tracking how workers 
are being retrained to effectively use AI technologies 
and measuring the supply of skilled talent. Datasets, 
already widely used, from providers like Lightcast, 
LinkedIn, and Revelio Labs provide a window into 
this type of technical change.2

However, academic measurements based on 
these data sources tend to be ad hoc, with no stan-
dard approach, making it difficult to compare mea-
sures across papers or time periods. For example, 
which skills and tools involve AI? One study on the 
effects of AI technology might incorporate regres-
sion analysis techniques, a long-standing staple of 
statistics, while another may not. The lack of a clear 
taxonomy mapping technologies to skills has been a 
long-standing obstacle for all types of measurement 
in this area.

A useful objective would be to develop a standard-
ized process (and taxonomy) for measuring how AI 
skills spread across the US workforce. This would 
allow comparable and reproducible measures to be 
used across studies, industries, and periods.

Infrastructure
Measuring AI inputs that are not embodied may pose 
a larger challenge. The data, software, and comput-
ing stack required to implement AI technologies has 
already changed rapidly over the past few years, and 
this trend will continue and perhaps even accelerate. 
New tools automate machine learning and reduce the 
importance of some factors relative to others. Macro 
factors that affect the supply of these infrastruc-
ture resources, such as geopolitical conflict and new 
export controls, have also become important.

The first short-term step for measuring AI infra-
structural inputs is to identify the tangible and intan-
gible assets of interest. If analysts agree that AI 
productivity reflects an accumulation of a common 
set of inputs, then developing a consensus on what 
these critical inputs are in successful AI initiatives is  
a good starting point.

A longer-term goal is to develop a framework for 
measuring these assets, both tangible and intangi-
ble. This is a considerable challenge. Challenges in 
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accounting for intangible assets, of course, have a long 
history. Nonetheless, this is a worthy project, and one 
might use proxy measures for certain inputs—such 
as using the number of Oracle database administra-
tors and developers to measure investment in Oracle  
databases—even though numerous measurement 
problems are likely with this approach.

A better, and longer-term, goal is to improve 
reporting requirements for firms (e.g., for software 
investment) and methods to value other inputs  
that allow consistent measurement of a firm’s dig-
ital assets.

Important Considerations and Uncertainties
Note that any measurement attempts, whether 
related to the workforce or infrastructure, must 
be reproducible across time, because the tools’ 
capabilities are a moving target. LLMs are signifi-
cantly more capable now than they were even a few 
months ago, so any prognostication about organi-
zational needs must first accurately forecast these 
technologies’ evolution.

Another source of uncertainty is regulation. We 
are entering a period of sustained uncertainty when 
AI technology’s uses must be adjusted to meet chang-
ing regulations, so these technologies’ diffusion path 
and uses in production are uncertain. For instance, 
despite LLMs’ quick start, concerns about liability or 
intellectual property violation may significantly slow 
their use in some industries.

We also need to acquire a much better under-
standing of how workers will use AI tools and what AI 

and human collaboration will look like. This, in turn, 
could provide information about how workers need 
to be reskilled for such collaboration.

For these reasons, establishing a benchmark now, 
when the adoption of most AI tools is still limited, 
and developing a repository of data sources, taxono-
mies, and approaches to measure this type of work-
force change can drive a much better understanding 
of how the US workforce is changing to meet the  
need for human-AI collaboration.

Implications for Measuring Other Critical 
and Emerging Technologies

AI is one of many technologies likely to drive social 
change in the coming decades. It is probably the most 
important. However, other emerging technologies 
will have a significant economic impact, like virtual 
reality systems for work environments. Virtual real-
ity systems have already significantly affected some 
domains (e.g., the da Vinci system in robotic surgery).

The approaches outlined above are not specific 
to AI. Any attempt to measure the impact of emerg-
ing technologies on the workforce can benefit from 
a well-supported infrastructure. Moreover, emerging 
technologies are likely to be closely interwoven with 
existing systems, including those that house data and 
drive AI prediction. For instance, virtual reality sys-
tems will integrate AI into their core functions. A 
proper accounting of AI assets is a foundation for bet-
ter measurement of all technologies that build on AI.
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Industries of Ideas

Tracing the Links Between Investments in 
Science, Innovation, and Jobs

Julia Lane

We are witnessing a sea change in government spend-
ing on science and technology. Modern industrial 
policy represents a bet on a new approach—invest-
ing in ideas—to transform the economy and create 
high-wage jobs. Investments in science and tech-
nology on the largest scale since the Cold War have 
anecdotally had massive effects on jobs and earnings. 
The artificial intelligence revolution alone has set off 
a gold rush: At the November 2023 Supercomputing 
Conference in Denver, I was told that the starting sal-
ary of new Stanford PhDs in AI was $750,000—plus 
stock options. Yet firms and workers looking for data 
on which to base their hiring and career decisions are 
out of luck. Suzette Kent, a former federal chief infor-
mation officer and adviser to many tech companies, 
says in her chapter of this compilation, “The rapid 
application and adoption of AI in the workplace 
may have created one of the fastest workforce shifts 
in history, but reliable data about such a shift are 
hard to find.” 

Without relevant data on the links between sci-
ence and innovation, how are governments, science 
funders, and scientists to decide where to place their 
bets? What are the theory, data, and evidence? 

The theory got a Nobel Prize in 2018. Govern-
ments are investing in people who create ideas—new 
technologies—that can be reused, which is why “the 
discovery of new ideas lie at the center of economic 
growth,” as Charles Jones said when describing Paul 
Romer’s conceptual framework, for which Romer rec- 
eived the Nobel Memorial Prize in Economic Sciences. 

The data seeds were sown almost two decades 
ago. President George W. Bush’s science adviser, 
John Marburger, sensibly unconvinced of the sci-
entific and practical value of relying primarily on 
document-based, bibliometric approaches to study-
ing science in understanding its practical effects, 
called for a “Science of Science Policy.” 

The evidence is being built by the University of 
Michigan’s Institute for Research on Innovation and 
Science (IRIS) in a people-centered data infrastructure 



51

Industries of Ideas

that draws on the original government-led STAR 
METRICS (Science and Technology for America’s 
Reinvestment: Measuring the Effect of Research on 
Innovation, Competitiveness, and Science) program, 
now called UMETRICS to reflect its university lead-
ership. The infrastructure changes the way data are 
being structured, so that the relevant processes are 
studied; classified, so that levels and trends in fund-
ing inputs and subsequent activities can be measured 
and tracked; collected, so that actionable information 
is available for multiple units of analysis; and analyzed, 
so that governments, science funders, and workers 
can make informed decisions. 

The people-centered IRIS data approach, because 
it is characterized by a collaborative, bottom-up, and 
scientifically grounded governance model, is purpose-
fully designed to both respond to the interests of the 
relevant communities and be used by them. It stands 
in direct contrast to the current document-centered 
data approach, which lacks a clear governance struc-
ture and scientific framework. 

The Framework 

The new data structure is grounded in understanding 
the processes by which growth through investments in 
science is generated. These processes are fundamen-
tally different from investments in capital and labor 
that produce physical goods and services that, once 
used, cannot be reused. In practical terms, this is why 
Stanford PhDs are paid so much, since the firms that 
hire them expect their ideas to transfer to others in the 
firm and thus generate more revenue and growth. An 
operational data structure based on the Romer con-
cept requires joining the dynamic flows of all people 
funded on research grants at universities—the knowl-
edge workers—with the jobs they get when they move 
to the private sector. These flows can then be used to 
trace their effects on both the firms at which they work 
and the other workers at those firms—as J. Robert  
Oppenheimer said, “The best way to transmit knowl-
edge is to wrap it up in a human being.” 

The classification system is similarly designed to 
reflect current scientific and economic activities. 

Technologies such as artificial intelligence represent 
clever new ideas of how to better combine exist-
ing inputs, and the clustering and measurement of 
activities represent the clustering of people and the 
ideas embodied in them. The Industries of Ideas 
approach deployed by IRIS categorizes firms by 
the people who created and use the technologies 
they will adopt. Such a classification framework is a  
sea change from earlier industrial classifications 
based on what goods are physically produced—like 
manufacturing and agriculture—or by how services 
and goods are produced—like the delivery of health, 
financial, and investment services. 

Data collection is also purposefully designed to be 
timely, flexible, and useful. People-centric data gen-
erated by the administrative processes at universities 
can capture the organization of people in science at 
multiple levels (e.g., individuals, teams, projects, and 
institutions), the multiple sources of university fund-
ing (e.g., federal scientific and programmatic agen-
cies, philanthropic foundations, industry, and state 
and local government), inputs into science from 
vendors (e.g., computing services, instruments, and 
biological specimens), and people’s career dynam-
ics across time (e.g., individual career earnings and 
employment trajectories). 

Finally, data analysis is not centralized but bottom- 
up, transparent, and collaborative. The IRIS infra-
structure has been developed over the past decade. 
The current production release reflects actual 
expenditures on more than 535,000 grants, 864,000 
employees, and 970,000 vendors paid by more than 
80 campuses representing more than 41 percent of 
total US research and development spending at uni-
versities. IRIS, while hosted at the University of 
Michigan, has a governing board that represents its 
member institutions. While the core of the data are 
the administrative records, the infrastructure that 
provides access to IRIS data are open to all collab-
orating universities and their approved research-
ers; over 500 researchers assessed the data for 
scientific purposes, and hundreds of reports have  
been generated for science funders, federal and state 
government agencies, and the participating universi-
ties themselves. 
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What does all this mean in practice? The National 
AI Research Resources Task Force, on which I served, 
was charged with developing a roadmap to guide 
investments in AI compute and data resources to, 
inter alia, spur innovation. The lack of reliable data 
identified by Kent was also recognized by this task 
force; its final report submitted to the president 
and Congress in January 2023 incorporated the 
people-centered approach described here as part of 
its evaluation framework.  

Empirical Implementation: AI and EV 

One of the use cases is the National Science Founda-
tion’s (NSF’s) new Technology, Innovation, and Part-
nership (TIP) Directorate, which has funded a pilot 
Industries of Ideas project to better understand its 
regional technology investments. The pilot focuses 
on two critical and emerging technologies—AI and 
electric vehicles (EV)—in Ohio and is designed to 
scale to other technologies and states in subsequent 
stages. It begins with linking people funded in AI and 
EV research in Ohio universities with individual- and 
firm-level state administrative workforce and educa-
tion data at the Ohio Longitudinal Data Archive. 

As Jason Owen-Smith points out, research com-
munities form and can be identified through field- 
specific activities and collaborations. In the case of AI 
and EV for the subset of IRIS universities, between 
2001 and 2023, NSF invested $8.5 billion in about 
13,000 awards to about 3,300 principal investigators. 
The flow of funding to researchers in that field can 
be identified through university administrative grant 
and award data. 

The IRIS data then is used to capture all spending 
on teams: principal investigators (PIs), trainees such as 
undergraduate and graduate students, postdocs, staff 
clinicians, and administrative staff. Those grants sup-
port 46,385 people—or almost 15 people per PI. Almost 
half of those (over 21,000) were graduate students, 
8,300 were non-PI faculty, 8,000 were staff, almost 
3,000 were undergraduates, and 2,000 were postdocs. 

Many if not most of these people will never  
publish a paper or be a PI. But working on new and 

emerging AI research teaches them about appli-
cations to nearly every field NSF supports. It gives 
them access to specialized professional networks. It 
makes them competitive and interested in AI jobs. 
In other words, these hitherto invisible research- 
funded people are a key “product” of grant-funded 
research and a way to identify currently unmeasur-
able workforce effects. 

The effects on the private sector are not just  
the initial earnings of knowledge workers (like the 
Stanford computer science graduates!). They also 
include the cumulative knock-on effect on the earn-
ings of all workers in the firms who use the knowl- 
edge workers’ ideas. Simply put, just as Oppenheimer  
posited and Romer theorized, the mobility of 
research-funded staff helps connect the ideas work-
force to the firms so that new technologies can 
be transferred to existing production processes. 
Their flow to the full economy and the transmis-
sion of their ideas are captured when trainees and 
staff get jobs in the private sector and their earn-
ings and employment are recorded in state admin-
istrative data. My back-of-the-envelope estimates 
from aggregate data suggest that the potential 
national impact could be up to 36 million workers in  
18 sectors; one of the major outcomes of the two- 
year pilot has been a dashboard presenting firm 
and worker results for Ohio that is scalable to other 
technologies. 

Finally Making Science Metrics  
More Scientific 

The new approach to understanding the structure of 
data was well captured by Erwin Gianchandani, the 
TIP assistant director in the pilot’s press release, 
when he said, 

NSF’s strategic investments in key technologies war-
rant innovative tools to accurately assess the impact 
of these investments across the U.S. The Industries 
of Ideas project will develop a prototype to better  
understand the impact of NSF’s efforts through 
the new TIP directorate, providing rich, descriptive 
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analyses of the interplay between our investments 
and people, jobs and regional economies.

There is also a new energy around the classification 
issues raised here: Think tanks, measurement experts, 
academics, government agencies, and private-sector 
data providers are considering new approaches to 
measurement, as evidenced by this workshop. 

There is new engagement around data collection and 
analysis. One example was the bipartisan H.R. 6655 
reauthorization bill, A Stronger Workforce for America 
Act. That bill specifically called for funding Work-
force Data Quality Initiative grants to improve state 
workforce data capabilities by fostering cross-state 
collaboration, improving the timeliness and rele-
vance of labor-market data, supporting the adoption 

of credential navigation tools, and advancing the use  
of evidence and data to drive decision-making. As 
noted by Adam Leonard, regional multistate data col-
laboratives provide a basis for state education and 
workforce agencies to contribute data and produce 
new products. The UMETRICS data are increasingly 
being used for training and research. 

In sum, this new approach to constructing data 
on the links between science and innovation—so 
urgently needed for governments, science funders, 
and scientists to make decisions about where to place 
their bets—is in place. The theory, data, and evidence 
can now inform our understanding of the impacts 
of countries’ vast investments in AI research and 
research in many other fields.
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Characterize Industries

Suzette Kent

The rapid application and adoption of AI in the 
workplace may have created one of the fastest work-
force shifts in history, but reliable data about such a 
shift are hard to find. If the anecdotes about explo-
sive job creation and rapid role-based task disruption 
are correct, it will be critical to develop models to 
understand, predict, and support the working world’s 
AI-driven evolution. However, the pace of advance-
ment, variations in adoption of AI capabilities, and 
nascent methods of measuring actual job impacts 
related to AI mean that the narrative has been more 
about trends and headlines than robust model-driven 
analysis using a comprehensive data framework.  
Simply put, we lack useful information for making 
strategic decisions about national workforce matters.

Having been involved in technology-driven busi-
ness transformation for the past three decades, I have 
deep experience with the workforce change that 
occurs when innovative technology becomes opera-
tionally pervasive. Relevant examples I have observed 
include the implementation of image technology in 
medicine and financial services, robotics in the auto-
motive and transportation sectors, cloud-based ser-
vices in the technology sector, and the digital and 

mobile delivery of services across the public and pri-
vate sectors.

After working with the world’s leading technology 
companies, service companies, institutions of higher 
education, public company boards, and companies 
that provide alternative pathways for technical train-
ing, I can attest that there is not a single area where 
the impacts of AI are not at the forefront of strate-
gic discussions. My direct experience in high-level 
discussions regarding building, deploying, and scal-
ing AI and the ramifications to workforce ecosystems 
that are relevant to model development and appli-
cation tells me that regardless of the difference in 
industries, they share a common challenge—finding 
knowledgeable people to fuel growth that aligns with 
our national priorities. There is still a great need to 
develop a framework to analyze the broader context 
of workforce evolution and inform the public view of 
key opportunities and challenges.

Two recent studies illustrate the enormous atten-
tion being paid to explosive growth and disrup-
tion and demonstrate that current publicly available 
information is myopic and not based on models with 
repeatable validity.
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In December 2023, the World Economic Forum 
released another paper in its “Jobs of Tomorrow” 
series, Jobs of Tomorrow: Large Language Models and 
Jobs, which sought to advance our understanding of 
large language models’ direct impact on specific jobs. 
The paper offers thoughts on how business leaders 
could consider large language models in their strate-
gic business planning. Two of its major findings were  
a forecast that over 40 percent of working hours 
could be transformed by large language models 
through automation or augmentation and a predic-
tion about the types of new jobs likely to emerge. 
Although this information provides a perspective of 
some entities, the data are self-reported and based 
on expectations of the respondents, rather than hard 
data. This same study also notes that

three out of every four companies across the globe 
are expected to adopt technologies that include gen-
erative AI in the next 3 to 5 years, and 98% of global 
executives agree AI foundation models will play an 
important role in their organizations’ strategies in 
that same time period.

While one can find many sources of strong beliefs, 
shared expectations, fear, and other assortments 
of media hype, what remains lacking is a forward- 
looking, data-driven model rooted in comprehensive 
authoritative jobs and task data. Even if the model 
development moves in stages, we need a sustainable 
structure to inform public- and private-sector leaders, 
practitioners, and the people who develop our work-
force about the transformation AI is bringing to the 
national workforce ecosystem.

In another example, the recent 2023 Europe and 
US Data, Analytics, and Artificial Intelligence Executive 
Organization and Compensation Survey by Heidrick 
& Struggles surveyed approximately 100 companies 
in the US and Western Europe. These companies 
spanned all industries and have had AI-based roles or 
operational AI capabilities inside their organizations 
for at least five years. This survey grouped employ-
ment into three categories: those who work in data 
science and analytics, machine learning, and AI; those 
who work in business analytics and intelligence; and 

those who work in data engineering, with the third 
group focused more on the back end or foundational 
elements of data. Since this survey’s report focused 
on data and analytics, it acknowledged that the oper-
ational and oversight roles were also increasing, but 
those were not directly captured.

I propose a practical approach to address these 
issues. In the conversation around AI, many aspects 
of AI have been directly correlated to the generation 
of jobs. Most visible have been direct hardware and 
device, software, services, and data activities. The less 
visible impacts are the secondary and tertiary influ-
ences on business-operational infrastructure and 
governance as AI capabilities move from experimen-
tal use to enterprise use at scale.

As AI innovation moves from the idea stage to 
affecting actual jobs, there are conceptual models that 
can trace the people and specific work from research, 
through lab to market evolution, then into business 
entities. The timely opportunity is to not only trace 
the practitioners but also understand how changing 
dynamics of people and capability affect growth in  
the least visible workforce areas.

In technology industries, advancing products 
and services using AI has a jobs footprint similar to 
other transformational technologies. For discussion 
purposes, this is called the primary impact. In most 
cases, the workforce involved in the first order of 
change is technically and functionally skilled for the 
specific application of AI. These people are software 
engineers, data scientists, and process specialists 
and may have specialty skills related to the specific 
innovation. Identifying these individuals and roles is  
not complicated.

As AI is scaled within any entity, moving beyond 
a pilot or experimentation into broader enterprise 
operational use, secondary jobs are created in busi-
ness support and business oversight functions. 
These are risk and compliance roles, model valida-
tion roles, and data management and testing roles, 
all of which require new skills for procurement, legal, 
privacy, service, and operations tasks. I have directly 
observed that in many cases, the first step is to assign 
the AI-related responsibilities to individuals cur-
rently holding these business-support-type roles. 
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These individuals usually have little practical or  
academic experience with applied artificial intelli-
gence. The effect is that either these deployments 
move slowly due to a steep learning curve or the 
results of an immature process become evident in 
business outcomes.

As an entity begins to use AI capabilities more per-
vasively, one often sees new role criteria developed, 
with hiring or organizational changes to centralize 
internal skills. With AI, new trends are emerging, 
and those trends appear to be different for industry 
types and data classifications, so even actual experi-
ences are less applicable from use case to use case. 
For example, the rapid use of AI for language aug-
mentation for customer service functions may seem 
effective, whereas the same model and data are not 
effective for legal purposes. Further examples to be 
examined in the “New Approaches to Character-
ize Industries: AI as a Framework and a Use Case” 
workshop include regulated industries, industries 
with increased restrictions for data use and shar-
ing, and industries and functions with the potential  
for disruption.

Another ripple or overlay to consider is the 
growth of responsibilities in oversight, risk, and 
regulatory areas. These tertiary impacts are in addi-
tion to operational-risk-type roles in a standard 
business-operational paradigm. Examples of these 
tertiary workforce changes include board responsibil-
ities, government regulatory interactions, third-party 
risk-assessment activities, and requirements driven 
by social justice. Tertiary impacts also include the 
creation of roles reflective of the market dynamics of 
a transformational technology. These types of roles 
evolve because of increased merger and acquisition 
activities, investment market interests, the introduc-
tion of new companies, and the development of new 
business models.

Developing models that are effective at each stage 
is critical, as they will influence the model’s appli-
cability to the following stages. Short-term impact 
can be measured using data related to people and 
new lab-to-market capabilities. Trend expectations 
can be analyzed in comparison with previous tech-
nology expansion waves (e.g., digital, cloud, cyber,  
and mobile).

Figure 1. AI Job Creation “Ripple”

Source: Author.
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Medium- and longer-term steps should seek to cre-
ate models that can relate the transfer of people and 
capabilities to identifying and quantifying the triggers 
of scale. Industry and scale can then be correlated to 
the expansion in other types of roles based on the 
operational use of AI. For example, in regulated indus-
tries, the processes to examine business functions, 
models, and validation processes are well-defined. 
As AI is introduced into existing business functions, 
those oversight processes are also affected.

I have had firsthand involvement with individuals 
who have regulatory responsibilities, and they have 
shared that they are challenged to keep up with the 
pace of change in operational areas. A specific gov-
ernment example might be where drones are used to 
inspect the safety and soundness of a physical struc-
ture versus a human examining the structure. While 
there might be a high level of confidence about the 
fidelity of the images gathered, one may question 
whether there are sufficient data and model capabil-
ity to interrogate those images and propose a deci-
sion. The oversight function must understand the new 
processes and ensure that the use of AI improves the 
existing processes without introducing any new risks.

By identifying role types, tasks embedded in job 
postings, and other public data, we can develop a 
perspective on the scale of business-operational 
impact (e.g., people, process type, and regulatory 
applicability). The scale of impact could then inform 
forward-looking views about the expansion of sec-
ondary and tertiary roles and the prevalence of AI 
capability as a required skill set.

Consider the correlation of AI skills as an emerg-
ing role requirement to the historical pattern of digi-
tal skills being required in the workplace. Using public 

job postings and data contained in role postings, we 
see a correlation between the primary jobs impact of 
capability adoption and the secondary and tertiary 
workforce impacts that follow from operational adop-
tion at scale. In addition, one might use the current 
O*NET and US Bureau of Labor Statistics taxonomy 
of over 19,000 tasks, which matches tasks performed 
to occupations and breaks down the time spent on 
each task in an occupation. This could become a base-
line for calculating year-over-year change as a factor 
for interpreting disruption and expansion in exist-
ing roles. That forecast could then inform future 
job-demand expectations.

As AI continues to become deeply embedded in  
how businesses deliver products and services and 
how governments meet their missions, maturity and 
scale will directly drive job creation and demand. With 
detailed data collection aligned to key industry char-
acteristics, we could forecast the types of jobs that 
will be affected and the scope and scale of the eco-
nomic impact. A conceptual sample of the waves of  
job creation was shared in the discussion (Figure 1). 
These role titles have been validated with industry 
persons and can be tracked and traced through public 
job postings.

There are also lessons from the digital and mobile 
wave, cloud transformation, cybersecurity industry, 
and technology-as-a-service industry that can help 
inform the baseline and identify significant areas of 
deviation. Using that baseline, common milestones 
can be identified to build demand forecasts for vari-
ous roles and tasks. These same demand signals can 
help inform future academic and skills-training plan-
ning and approaches for government support.

Notes

	 1.	 World Economic Forum and Accenture, Jobs of Tomorrow: Large Language Models and Jobs—a Business Toolkit, December 2023, 
https://www.weforum.org/publications/jobs-of-tomorrow-large-language-models-and-jobs-a-business-toolkit/. 
	 2.	 World Economic Forum and Accenture, Jobs of Tomorrow.
	 3.	 Heidrick & Struggles, 2023 Europe and US Data, Analytics, and Artificial Intelligence Executive Organization and Compensation 
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Job Loss, Displacement, and AI

Anticipating and Preventing Their Costs

Harry J. Holzer

Artificial intelligence will likely have major effects 
on the job market when it is more fully implemented 
in the workplace, and its effects will likely be mixed. 
On the one hand, AI will no doubt augment workers’ 
skills in many cases, enabling them to perform jobs 
that had not been available to them earlier and mak-
ing them more productive. On the other hand, mil-
lions of workers in many sectors of the economy may 
be displaced, as AI-enabled automation performs 
their tasks as well as or better (and more efficiently) 
than they could before.

If we can better anticipate the occupations and 
industries in which job loss is likely to occur, we can 
perhaps prevent some of it by training incumbent 
workers to perform other tasks. Alternatively, if some 
will be displaced, we can maybe give them a faster 
start at retraining for external jobs and ameliorate 
displacement’s worst effects.

But this requires understanding the nature of 
worker displacements and job losses, as well as 
where and for whom the displacements are likely  
to occur.

Worker Displacement

Worker displacement (or worker dislocation) refers 
to a situation in which workers with at least some 
minimal level of job tenure (or seniority)—such  
as that accrued after three years’ experience— 
permanently lose a job due to a workplace reorgani-
zation or closure. The cause of such displacements  
tends to be automation or globalization, both of 
which can have large effects on the production of 
goods and services in the US. (Other institutional 
changes, such as the outsourcing of workers and 
human resource functions to other companies, can 
lead to displacement as well.)

In steady state, about one million workers per 
year are displaced; these numbers tend to rise during 
recessions. But a general technology like AI could 
produce higher rates of displacement over time. 
And displacement is costly to workers and society. 
Many older displaced workers never return to formal 
employment; among those who do, earnings losses of  
20–30 percent are not uncommon.
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When heavily concentrated in particular indus-
tries and regions, large displacements and job losses 
can hurt workers and communities beyond those 
directly displaced. The digital automation that began 
in the 1980s reduced employment for production 
and clerical workers in a number of industries; since 
these were occupations in which those with only high  
school diplomas (or less) were reasonably well com-
pensated, these employment reductions reduced 
earnings for less-educated workers and increased 
inequality in the labor market between workers with 
and without college degrees.

Economists have called this phenomenon skill- 
biased technical change, and many view it as the pri-
mary culprit in the rising polarization of the US job 
market between more- and less-educated work-
ers. And when these jobs and industries are highly 

concentrated in particular regions of the country, 
the effects can be harmful to these regions’ fiscal 
health and many communities’ well-being.

The Case of Manufacturing

One example of such a phenomenon is the large 
decline in manufacturing employment in the past 
few decades—especially in durable manufacturing, in 
which wages for production workers were relatively 
high. Employment in manufacturing peaked at just 
under 20  million in 1980; it declined mostly during 
the 1980s and 1990s before dropping rapidly after 
2000. Indeed, manufacturing employment dropped 
by a remarkable five million between 2000 and 2010, 
the trough of the Great Recession, and by roughly 
four million between 2000 and 2019. (See Figure 1.) 

Figure 1. Manufacturing Employment in the US Since 1940

Source: US Bureau of Labor Statistics, “All Employees, Manufacturing (MANEMP),” Federal Reserve Bank of St. Louis, November 1, 
2024, https://fred.stlouisfed.org/graph/?g=1dAhk.
Note: Shaded areas indicate US recessions.
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Automation in the form of robotics and China’s 
admission to the World Trade Organization (known 
among economists as the “China shock”) were  
likely responsible.

Whatever its causes, the consequences of the 
loss of manufacturing jobs have been severe. Not 
only have earnings and labor force participation 
declined among less-educated men, but commu-
nities and regions in the industrial Midwest have 
gone into lasting decline, and the working class more 
broadly has experienced a rise in disability, morbid-
ity, and mortality (which has been dubbed “deaths  
of despair”).

The data and analysis of the effects of manufac-
turing job loss have all been retrospective, well after 
the damage has been done and too late to prevent it 
or help workers in a timely manner. Fortunately, we 
might be able to do better going forward with job 
changes associated with AI.

AI and Displacement: Where and Whom

Can we expect future displacements and job losses 
associated with AI to generate similarly negative 
impacts? It is not yet clear which occupations, indus-
tries, or regions AI will affect over time. It is quite pos-
sible that, given the general nature of AI, its overall 
impacts on employment will be larger than those of 
digital technologies and the China shock but less con-
centrated on a particular group or region. AI might 
well replace particular tasks many workers now do 
that do not account for most of their job tasks, which 
raises the likelihood that workers will be retained  
and retrained by employers rather than displaced.

And at least some evidence suggests that AI’s 
impacts will be less biased against noncollege-educated 
workers; indeed, it might have larger effects higher  
up the education scale, given its abilities to do com-
putations, writing, and data analysis, which to date 
have been performed in jobs by mostly college grad-
uates. On the other hand, while the incidence of dis-
placement might be less highly concentrated in the 
noncollege population, adjustments to such poten-
tial displacement might occur more rapidly and eas-
ily among college graduates, who might be better 

at anticipating task-performance losses and retool-
ing themselves before such losses occur. Either way, 
a greater ability for policymakers and practitioners 
to predict where and for whom such task replace-
ment will occur can likely improve the quality of our 
responses, helping workers adapt in their current  
jobs or move more easily to others.

More specifically, a better understanding of who 
faces task replacement by AI, and in which occu-
pations and industries, will enable a more “rapid 
response” to potential dislocations, in the lingo 
of the US Department of Labor. Policymakers and  
practitioners might help employers retrain workers 
rather than displace them, overcoming a bias toward 
replacing workers with machines caused by federal tax 
incentives for capital investment or a lack of worker 
“voice” in management decisions. Alternatively, rapid 
response for those who will be displaced helps them 
get unemployment insurance more quickly and per-
haps enroll sooner in college retraining. Educators 
could guide students to fields of study and task mas-
tery that make their skills more complementary with 
AI and less vulnerable to further displacement.

To better understand AI’s effects on jobs and 
workers, we need the right data—and, fortunately, 
those are becoming more available at the state level. 
Using quarterly earnings records from the unem-
ployment insurance system, which covers almost 
all workers, we can identify how AI is affecting spe-
cific firms and groups of workers. Once we identify 
the firms affected—which we can do in a variety of 
ways—we can monitor which groups of workers they 
are newly hiring and which are being retained or dis-
placed; then we can measure how each group is far-
ing over time in terms of employment and earnings 
changes. The punch line: Available data can help us 
measure the employment effects of AI in nearly real 
time and enable us to respond rapidly to whatever  
we find.

And if a range of policies are enacted (such as the 
provision of Lifelong Learning Accounts for work-
ers or more expanded options for training, as well 
as more voice for employees in the workplace), we  
could strengthen AI’s strong upsides and lessen the 
negative effects many workers are likely to bear.
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Leveraging Wage Data and 
Other Administrative Records 
in Texas to Answer Questions 
About the Economy, Policy,  
and Prosperity

Adam Leonard

During the “New Approaches to Characterize Indus-
tries: AI as a Framework and a Use Case” workshop, 
experts considered new empirical methods to group-
ing firms into industries. One possible approach 
advocated by Julia Lane is to track investments in 
critical technologies by tracing where research- 
funded individuals go in the private sector; the 
assumption is that these individuals take what they 
have learned—their ideas—and deploy them as 
founders or employees. She called this the “industry 
of ideas,” and she has advocated using it to examine 
the transformative effect artificial intelligence will 
have on the economy.

One potential way to trace these research-funded 
individuals is by using the universe of wage records 
that employers file quarterly to state unemployment 
insurance agencies, which agencies use to administer 

their programs. These records are a potential treasure 
trove of data that can track the transmission of ideas 
and their spread through the economy.

Starting with federal grant expenditure data (that 
is, administrative data), it is possible to identify who 
is funded to do research from a grant. If we were to 
connect the data identifying those doing research on 
a grant to university student administrative data or 
a state longitudinal data system (SLDS), sometimes 
called a P20W data system, we could track the spread 
of ideas from faculty to students.

It would then be possible to move longitudinally 
to trace where these grant workers and students go 
when they leave the university and become employed 
(or start a business and employ others) by looking 
at wage records over time. Further, by starting with 
grants, we could understand how these technologies 
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spread through industries via grant workers’ hiring  
in ways that are not always observable through sur-
veys conducted in accordance with US Bureau of 
Labor Statistics standards, such as the Quarterly 
Census of Employment and Wages (QCEW).

Though QCEW includes detailed industry and 
“primary product or service” information for a firm, 
those data are limited in telling how a firm develops 
or uses new technology. Examining new employers 
that list AI as their primary business activity provides 
an implausibly low picture of the AI field in a state like 
Texas, where only 298 firms between January 2020 
and January 2024 so identified, totaling 1,021 work-
ers. Further, the primary product or service data are  
woefully underreported by employers, making it, at 
best, slightly useful.

Most of the biggest players in the AI space are 
established companies that are adding AI to their 
portfolio—their QCEW profile does not reflect this 
shift. Other companies that are investing heavily 
in AI are not even in the traditional tech sector but 
rather finance, insurance, bioscience and pharma-
ceuticals, and oil and gas. Through wage records, we 
can measure more directly the type of investments 
firms are making in AI—by looking at the number 
of employees they hire with AI backgrounds (former 
grant-funded researchers and their students), their 
overall employee head count, and how those numbers 
change over time.

In this chapter, I discuss the feasibility of such an 
empirical approach using Texas workforce data.

The Texas Experience

The Texas Workforce Commission (TWC) has long 
realized that its greatest untapped resource is its data. 
Data represent our past, inform our present, and can 
shape our future. The TWC has invested heavily in try-
ing to tap into that resource to help Texas employers, 
individuals, families, and communities achieve and 
sustain economic prosperity—that is, “Data for Pros-
perity.” The remainder of this chapter describes how 
Texas has used administrative and wage data for alter-
native purposes and how TWC conducted a limited 

tests of some of the ideas put forward in this workshop 
for tracking the spread of ideas to particular firms and 
clustering them into Lane’s “industries of ideas.”

Making and Maintaining Employment 
Connections
The Texas Workforce Commission operates dozens 
of programs intended to help employers, individu-
als, families, and communities. Its core principle is 
ensuring that everyone who wants to work has the 
skills necessary to fill an employer’s needs and that 
employers can find the qualified workers they need. 
While there are many ways to measure these out-
comes, none of the statutory methods get to the core 
concept of helping connect workers to employers.

As part of that work, TWC uses wage records to 
better understand our program results, the experi-
ences of employers and others we have served, and 
the labor market more broadly. This moves beyond 
simply measuring performance or being limited to 
the Bureau of Labor Statistics’ standards in our work. 
TWC has long used wage data to better comprehend 
industries’ employment patterns.

One key concept TWC recently built focuses on 
identifying new employment connections between 
workers and employers (presumed to exist when an 
employer’s quarterly report lists an employee who 
had not been reported in the prior two quarters). We 
then see what percentage of those new employment 
connections are maintained for at least two subse-
quent quarters. We’re able to examine these data by 
industry and can better characterize the industry’s 
nature and identify positive and negative outliers. 
This approach also creates an objective, indepen-
dent picture of natural churn in the full labor market 
and gives programs a way to evaluate their success in  
helping people retain employment—that is, a way to 
measure the quality of the employment connections 
we help create relative to those generally experienced 
in the industry.

Evaluating Popular Narratives
Beyond that, TWC has found that combining admin-
istrative and wage data can be extremely helpful in 
evaluating narratives.
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For example, before the pandemic, the media 
published numerous stories about Texas schools 
struggling to find teachers and the large number of 
teachers leaving the profession. Using teacher data 
from the Texas Education Agency (TEA) through the 
Texas Tri-Agency Workforce Initiative, TWC iden-
tified Texas teachers who left the profession each  
year from 2015 through 2022 and then pinpointed 
where they went through analyzing wage records. 
This analysis contextualized and tempered the pre-
vailing narrative in several ways.

First, the data showed that the number of teach-
ers working in Texas grew every year over the 
period examined, and the growth curve was largely 
unchanged from pre- to post-pandemic. (Indeed, 
there was a significant bump in 2021, shown in  
Figure 1.) 

Second, the data showed that a high percentage of 
teachers “leaving” were still employed in education 
services. This caused us to go back to TEA for more 
data on the roles these former teachers now held. The 
vast majority were in more senior education roles, 
such as assistant or full principal, counselor, depart-
ment head, or teacher supervisor or facilitator.

Third, a significant portion of the teachers who 
left the profession did not show up in wage records 
at all, suggesting that some portion of them retired. 
Matching these data to those of the Texas Retirement  
System might provide additional clues in that regard.

Together, these data do not refute the difficulty 
that many school districts may have with finding 
enough teachers. However, they do provide a more 
nuanced picture of the extent of the issue and the  
factors contributing to it.

Figure 1. Teacher Trends in Texas

Source: Author.
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Proof of Concept for Industry of Ideas
TWC also has begun experimenting more directly 
with the industry-of-ideas approach using a quick 
and simple proof of concept. We started with Uni-
versity of Texas at Austin employees who were 
employed there in 2021 but not in 2022. From that 
subset, we then isolated the employees working else-
where in 2022 who had quarterly earnings of $50,000 
or more, assuming that people who previously 
worked at a university and then immediately started 
earning $200,000 a year or more are likely to be in 
high-demand fields such as AI or computer science. 
This is an imperfect assumption, but it’s workable  
for the exercise. There were 140 such individuals.

We then examined these individuals’ new employ-
ers and the industries those employers were in. While 
we can’t be sure all 140 former university employees 
were in AI or other advanced computer work, many 
were at firms that identified as being in the “custom 
computer programming” industry. What was more 
interesting was the other industries we found these 
workers in. Some, such as “offices or lawyers,” were 
probably not relevant to our research, but many oth-
ers likely were. For example, many of these former 
grant-funded university employees were working for 
some of the biggest e-commerce, internet, AI hard-
ware, biochemical or pharmaceutical, and materials 
science firms in the world—all of which makes sense 
given AI’s potential to transform those industries.

Now that we have identified those firms, it is pos-
sible to examine the educational background of most 
of those firms’ workers. States have long used SLDSs 
to track students through K–12, postsecondary edu-
cation, and their careers. These systems combine 
schools’ administrative data about students (where 
they went to school, what they studied, and what  
credentials they achieved) with wage data to show 
where they are working, how much they earn, and 
how those earnings change over time. But that has 
been primarily an education evaluation system and a 
way to help students make informed decisions about 
which schools to attend and programs to enroll in—
not as a mechanism to examine industries and the 
labor market.

Conclusion

Combining administrative and wage records data 
provides an avenue for closely examining employ-
ment and earnings trends, the spread of ideas, and the 
impact of federal investments as people move through 
their careers and firms. If we were to combine SLDS 
data with grant-tracking data, we could use them to 
do a more macroeconomic analysis of industries and 
technologies and how they change over time.

Notes
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Using Online Labor Market Data 
to Measure AI Impact

Layla O'Kane

As artificial intelligence continues to reshape how 
we live and work, measuring its size and impact on 
the economy will become increasingly important 
for policymakers, workers, learners, and employers 
who are trying to understand how to incorporate 
AI into their decision-making. This measurement 
challenge holds true for a wide range of emerg-
ing and important technologies, including those  
used in green jobs, digital jobs, and other key 
areas of investment for a future-ready workforce. 
Real-time labor market data, such as online job 
postings and online social profile data, can help 
support this measurement challenge and provide 
insight into high-level growth trends and granu-
lar information about which occupations, geog-
raphies, and sectors have been most affected by 
AI. This report outlines key variables available 
in these data, a working definition of AI using a 
“basket-of-skills” approach, challenges and oppor-
tunities with this methodology, and potential 
next steps and applications to other technologies. 

Approaches to AI Measurement Using 
Online Labor Market Data 

Two primary online labor market data sources are 
job posting data and social profile data. Job posting 
data comprise an aggregate of online job advertise-
ments and job postings that are scraped from indi-
vidual employer websites, government sources, job 
boards, and other aggregators with high frequency, 
often daily. Social profile data are sourced from online 
professional profiles and include information similar 
to that of a resume or curriculum vitae. More infor-
mation on the information available in each of these  
data sources can be found in Table 1. 

One of the main challenges for AI measurement is 
that AI does not reside in only one industry or occu-
pation but rather cuts across many sectors, employ-
ers, and types of jobs. However, job posting data and 
social profile data can use skills and competencies 
instead of sectors to create a definition of AI. This 
makes for a flexible and dynamic measurement sys-
tem that can look across the labor market. Specifi-
cally, one can define AI jobs as all jobs that require 
an AI-related skill (e.g., natural language processing, 
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robotics, and autonomous driving). This basket-of-
skills approach allows for flexibility in the definition 
to account for the following: 

•	 Distinguishing between developers of artificial 
intelligence tools and users of those tools. For 
example, this definition could include a software 
engineer building a machine learning model and 
a curriculum writer using ChatGPT to support 
their copyediting. 

•	 Direct technical skills (e.g., “Python”) and 
subject-matter expertise (e.g., “computer vision”). 

•	 Subclusters of AI skills, such as generative AI, 
machine learning, visual image recognition, 
robotics, and neural networks. 

An example of the skills that could be included 
in an AI measurement definition can be found in  
Appendix A. 

Using this approach can answer questions about the 
impact of a new policy change, such as the following: 

•	 Was there an increase in demand for AI jobs 
(measured in total job postings)? 

•	 Which occupations, locations, industries, and 
employers saw the biggest increase in demand 
for AI jobs and AI skills? 

•	 Which AI skills were most demanded before and 
after the policy change? 

•	 What new AI-focused companies were created 
after the policy change? 

•	 What job titles have had the highest growth 
in AI skills, and what other skills frequently 
co-occur with these AI skills (e.g., leadership, 
management, and collaboration)? 

•	 What is the salary premium associated with cer-
tain AI skills, and has that changed over time? 

•	 Which certifications, majors, and education pro-
grams are demanded most by employers and 
advertised most by workers? 

Table 1. Information Available from Online Labor Market Data

Information Extracted from Job Posts Information Extracted from Social Profiles or Resumes

•	 Employer name and industry
•	 Job title and occupation
•	 Skill requirements, including AI technologies 

or AI-related skills
•	 Education, certification, and experience 

requirements
•	 Compensation
•	 Job location
•	 Job type: full-time, part-time, permanent, 

temporary, internship, remote, or other
•	 Duration of post

•	 Worker name (generally anonymized during 
processing and aggregation)

•	 Residential location and job locations
•	 Current and former job titles and occupations
•	 Time spent in each role
•	 Current and former employers and industries
•	 Skills and competencies, including AI-related skills  

and technologies
•	 Certifications, degree attainment, and  

education programs

Source: Adapted from Asia-Pacific Economic Cooperation, Policy Support Unit, Big Data for the Labor Market: Sources, Uses and 
Opportunities, December 2021, https://www.apec.org/docs/default-source/publications/2021/12/big-data-for-the-labor-market- 
sources-uses-and-opportunities/221_psu_big-data-for-the-labor-market.pdf.

https://www.apec.org/docs/default-source/publications/2021/12/big-data-for-the-labor-market-sources-uses-and-opportunities/221_psu_big-data-for-the-labor-market.pdf?sfvrsn=e379d9be_2
https://www.apec.org/docs/default-source/publications/2021/12/big-data-for-the-labor-market-sources-uses-and-opportunities/221_psu_big-data-for-the-labor-market.pdf?sfvrsn=e379d9be_2
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In addition to the granularity and flexibility that 
this measurement approach offers, there are other 
advantages to using real-time online labor market 
data, especially when compared with more tradi-
tional methods of measurement such as survey data. 
These data, by nature, are updated in real time, which 
means researchers can learn about new skills and 
technologies quickly. In contrast, survey data are slow 
to collect and often have lags of at least one month. 
Real-time online data show emerging trends, espe-
cially with new technologies. 

Similarly, due to the nature of “big data” sample 
sizes (upward of 30 million postings in the United 
States annually), sample size issues become less  
of a concern for measuring results relative to sur-
vey data. If a policy is implemented that targets 
only one or two new technologies, this effect can 
still be tracked. The data also make for easy com-
parison across countries, industries, and other 
subsectors, especially if there is taxonomy align-
ment, which is rare in publicly available survey data 
across countries. 

This approach to AI measurement has already 
gained traction, with variations of this basket- 
of-skills approach in several recent publications  
on AI: 

•	 The Stanford Institute for Human-Centered 
Artificial Intelligence annually publishes the 
Artificial Intelligence Index Report, which uses 
this approach in its “Economy” chapter to high-
light growth in AI job postings over time.1 

•	 The Organisation for Economic Co-operation 
and Development (OECD) and Lightcast 
October 2023 joint working paper, “Emerging 
Trends in AI Skill Demand Across 14 OECD 
Countries,” showed an increase in demand 
for socio-emotional, foundational, and techni-
cal skills across AI employers and growth in AI 
in information and communications technology 
and professional services across 14 OECD coun-
tries.2 This was followed by the OECD Skills  
Outlook 2023, which highlighted the need for 
ethical AI skills.3 

•	 A compendium of analysis published in 2022 
by the European Network on Regional Labour  
Market Monitoring titled “The Relevance of 
Artificial Intelligence in the Digital and Green  
Transformation of Regional and Local Labor 
Markets Across Europe” showed the growth in 
AI in the labor market across large EU countries.4 

•	 The 2022 paper “Artificial Intelligence and Jobs: 
Evidence from Online Vacancies” finds rapid 
growth in AI-related jobs driven by firms whose 
workers’ tasks are compatible with current  
AI technologies.5 

•	 The 2020 paper “Artificial Intelligence in Health 
Care? Evidence from Online Job Postings” finds 
that there has been relatively little AI adoption 
in the health care industry despite substantial 
media discussion of AI in health care.6 

•	 The 2020 paper “Artificial Intelligence, Firm 
Growth, and Product Innovation” finds that 
firms that invest in AI experience higher growth 
in sales, employment, and market valuations.7 

In addition to these policy and academic publica-
tions, this basket-of-skills approach has been used in 
many shorter-form articles and dashboards, includ-
ing Lightcast’s 2023 Global Talent Playbook,8 a heat  
map of AI in the UK,9 and articles on ethical AI10 and 
generative AI.11 

Challenges and Gaps 

While the approach described above can provide 
substantial insight into AI measurement, there are 
some gaps and challenges inherent to these data 
sources. Online labor market data vary in terms of 
representativeness by industry and country. Some 
industries, such as information technology, are likely 
to post jobs online, whereas others, such as retail, 
may rely on help wanted signs or other in-person 
job ads. While it is likely that many positions involv-
ing new AI technologies will be posted online, it 
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is possible that some jobs to which AI technologies  
are supplementary or complementary are less likely 
to be posted online. 

Similarly, there is imperfect representation in 
online social profile data. Certain professionals such 
as doctors and academics are much less likely to 
have online professional profiles relative to others 
such as CEOs and sales workers. Since a substan-
tial portion of AI technological development is likely 
accomplished by workers who have some academic 
affiliation, this may constitute a larger gap relative to  
other datasets. 

Additionally, while this measurement approach 
allows for insight on the results of investment in tech-
nology, it does not allow for direct tracking of fund-
ing. This means there is likely to be latent AI change 
that has not yet become a new skill in the labor mar-
ket, which will not be captured by this approach. For 
example, a substantial funding allocation to the use 
of generative AI in classroom curricula may not be 
directly captured by job postings data, but it will likely 
eventually be captured as the knowledge of uses for 
generative AI grows and employers start to request 
skills related to it more frequently. Other inputs piv-
otal to policy conversations are also easy to miss in 
online labor market data, such as education creden-
tials and especially micro-credentials, since employ-
ers tend to request skills but are less likely to request 
specific ways for workers to demonstrate they have  
those skills. 

As AI becomes increasingly popular, it is also pos-
sible that employers or job seekers will add AI-related 
skills to their postings and profiles because of hype 
rather than a true demand for or possession of that 
skill. To hedge against this, researchers have catego-
rized AI skills as being “generic” and “specific” and 
required at least one specific AI skill in a posting or 
profile to count as an AI job or profile.12 

To track these skills, the data need a flexible and 
robust skills taxonomy, which is often provided in  
various forms by data collection companies. This tax-
onomy enables tracking of key AI skills and, with regu-
lar updates, new and emerging technologies. Without 
access to a skills taxonomy, a similar approach could 
be used relying on keyword searching, though this 

can be prone to false positives and require substan-
tial quality review. 

Last but certainly not least, while these data are 
widely available, they are not publicly available. 
Online labor market data are largely collected by the 
private sector and expensive to aggregate, clean, and 
maintain. They also require relatively frequent tax-
onomy updates to keep abreast of current changes 
and allow for new occupations to be measured and 
emerge. These updates are best taken on by a dedi-
cated team that works with these data and can under-
stand how best to synthesize and aggregate text data 
for use by researchers (itself an AI problem). 

Next Steps

The technological challenges associated with main-
taining these big data systems are not negligible, but 
the good news is that many states and government 
agencies already have access to these data through 
third parties. 

In the short term, greater access to clean postings 
and profile data could help workforce agencies, state 
and local governments, and other key stakeholders 
make decisions more quickly. While a working defi-
nition of an AI sector is built into Lightcast’s Analyst 
tool, not all stakeholders have access, and this defini-
tion may not suit every priority. Funding should be 
expanded to ensure that these agencies can access 
data on top in-demand AI skills and jobs so that they 
can know where best to use other available dollars to 
shore up training to support AI. 

In the medium term, measurement of AI impact 
should extend beyond a purely economic endeavor 
and move to include other considerations, such as 
ethics. Recent research published jointly by my team 
at Lightcast and the OECD looked at job postings 
for AI workers in 14 OECD countries.13 Within those  
job postings, we looked for mentions of ethical AI, 
including keywords such as “AI ethics,” “responsible 
AI,” “ethical AI,” and others across languages used in 
these countries. A tiny fraction (less than 2 percent) 
of AI job postings in all countries studied requested 
their AI workers have these skills. In the United States, 
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where new generative AI technologies are developing 
rapidly, this proportion is only 0.5 percent. Without an 
understanding of how and with what other skills these 
tools are being used, many workers may continue to 
fear their work being supplanted by AI technology. 

In the long term, flexibility will be the key to ensur-
ing AI measurement continues to become more 
precise and insightful. Updating the skills that are 
relevant to or frequently use AI and continuously 
assessing if there are new opportunities to mea-
sure AI in different ways will require more collabo-
ration between data collection sources. Additionally, 
adding new AI job titles, occupations, and sectors 
to government-maintained taxonomies would help 
measure other variables such as employment. This 
would require additional collaboration between 
stakeholders, including data aggregators and official 
government statistical offices, such as the Bureau of 
Labor Statistics. 

Informing Other Emerging Technologies 

In addition to measuring AI, there are several other 
critical or emerging technologies to which this 
basket-of-skills approach using online labor market 
data has already been applied. This section reviews 
key emerging technologies—digital jobs and green 
jobs—and provides examples of published works 
that use this approach to measure the technological 
impact on the economy. 

Relevant research on digital jobs includes the 
following: 

•	 APEC Closing the Digital Skills Gap Report: 
Trends and Insights looks at digital job growth in  
Australia, Canada, New Zealand, Singapore, the 
UK, and the US.14 

•	 Digitalization in the German Labor Market:  
Analyzing Demand for Digital Skills in Job Vacan-
cies analyzes digital skill growth in Germany and 
finds digitalization is correlated with socioeco-
nomic factors such as education level, gender, 
and income.15 

•	 No Longer Optional: Employer Demand for Digi-
tal Skills shows how pervasive digital skills have 
become across a wide range of jobs in the UK.16 

Relevant research on green jobs includes the 
following: 

•	 “Green Energy Jobs in the US: What Are They, 
and Where Are They?” uses a skills approach to 
define green jobs, finding that solar and wind 
jobs have more than tripled since 2010 and 
growth of renewable energy leads to the creation 
of relatively high-paying jobs.17 

•	 Working Nation’s Green Jobs Now report shows 
substantial growth in green jobs and estimates 
that 51 million workers could be reskilled into 
green jobs in the future.18 

•	 “Who’s Fit for the Low-Carbon Transition? 
Emerging Skills and Wage Gaps in Job Ad Data” 
finds that low-carbon job ads have higher skill 
requirements, particularly for technical skills, 
and the wage premium for low-carbon job ads 
has declined over time.19

•	 “Workers and the Green-Energy Transition: Evi-
dence from 300 Million Job Transitions” finds 
that the rate of transition from carbon-intensive 
(“dirty”) jobs to non-carbon-intensive (“green”) 
jobs has risen rapidly in recent years.20

These examples demonstrate that online labor 
market data can help measure new, emerging tech-
nologies and provide a wide range of insight into 
how economies are changing in real time as a result 
of these technologies. This basket-of-skills approach 
is flexible, dynamic, and adaptable, lending itself well  
to as-yet-undefined or undiscovered technologies. 

Conclusion 

While online labor market data have their challenges, 
they can provide insight that other available data 
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sources cannot. Their two main strengths, frequent 
(even daily) updates and large sample sizes, are par-
ticularly relevant for new technologies that may be 
just beginning to affect small pockets of the econ-
omy. These data are also often forward-looking, with 
employers listing job postings for a future hire, rep-
resenting a view of the labor market to come rather 

than the current stock of the labor market. This can 
help policymakers and other stakeholders forecast 
effects of new technologies and track rates of adop-
tion and impact in real time. Alongside other datasets, 
online labor market data analyzed using a basket-of- 
skills approach should be a key metric for measuring 
artificial intelligence and other emerging sectors.
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Appendix A

A working definition based on AI skills and skill clus-
ters for measuring AI is provided below, based on 
Lightcast’s skills taxonomy.21 This group of skills can 
be used to define a set of job postings as “AI jobs”  
if these skills are requested in the job posting.

Artificial Intelligence. AI/ML Inference, AIOps 
(Artificial Intelligence for IT Operations), Applica-
tions of Artificial Intelligence, Artificial General Intel-
ligence, Artificial Intelligence, Artificial Intelligence 
Development, Artificial Intelligence Markup Lan-
guage (AIML), Artificial Intelligence Systems, Azure 
Cognitive Services, Baidu, Cognitive Automation, 
Cognitive Computing, Computational Intelligence, 
Cortana, Ethical AI, Expert Systems, Explainable AI 
(XAI), IPSoft Amelia, Intelligent Control, Intelligent 
Systems, Interactive Kiosk, Knowledge Engineering, 
Knowledge-Based Configuration, Knowledge-Based 
Systems, Multi-Agent Systems, Open Neural Network 
Exchange (ONNX), OpenAI Gym, Operationalizing AI,  
Reasoning Systems, Watson Conversation, Watson 
Studio, Weka 

Autonomous Driving. Advanced Driver Assistance 
Systems, Autonomous Cruise Control Systems, 
Autonomous System, Autonomous Vehicles, Guid-
ance Navigation and Control Systems, Light Detec-
tion and Ranging (LiDAR), OpenCV, Path Analysis, 
Path Finding, Remote Sensing, Unmanned Aerial  
Systems (UAS) 

Generative Artificial Intelligence. ChatGPT, Gen-
erative Adversarial Networks, Generative Artificial 
Intelligence, Large Language Modeling, Prompt Engi-
neering, Variational Autoencoders 

Natural Language Processing (NLP). AI Copy-
writing, ANTLR, Amazon Textract, Apache Open-
NLP, BERT (NLP Model), Chatbot, Computational 
Linguistics, Conversational AI, Dialog Systems, fast-
Text, 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 Lan-
guage Generation, Natural Language Processing, 
Natural Language Programming, Natural Language 
Toolkits, Natural Language Understanding, Optical 
Character Recognition (OCR), Screen Reader, Seman-
tic Analysis, Semantic Parsing, Semantic Search, 
Sentiment Analysis, Seq2Seq, Speech Recognition, 
Speech Recognition Software, Speech Synthesis,  
Statistical Language Acquisition, Text Mining, Text- 
to-Speech, Tokenization, Voice Assistant Technology, 
Voice Interaction, Voice User Interface, Word Embed-
ding, Word2Vec Models

Neural Networks. Apache MXNet, Artificial Neural  
Networks, Autoencoders, Caffe2, Chainer (Deep 
Learning Framework), Convolutional Neural Net-
works, Cudnn, Deep Learning, Deep Learning 
Methods, Deeplearning4j, Evolutionary Acquisition 
of Neural Topologies, Fast.ai, Keras (Neural Network 
Library), Long Short-Term Memory (LSTM), Open-
VINO, PaddlePaddle, Recurrent Neural Network 
(RNN), TensorFlow

Machine Learning. AWS SageMaker, AdaBoost 
(Adaptive Boosting), Adversarial Machine Learning, 
Apache MADlib, Apache Mahout, Apache SINGA, 
Apache Spark, Association Rule Learning, Automated 
Machine Learning, Autonomic Computing, Azure 
Machine Learning, Boosting, CHi-Squared Automatic 
Interaction Detection (CHAID), Classification and 
Regression Tree (CART), Cluster Analysis, Collabora-
tive Filtering, Confusion Matrix, Cyber-Physical Sys-
tems, Dask (Software), Data Classification, Dbscan, 
Decision Models, Decision Tree Learning, Dimen-
sionality Reduction, Dlib (C++ Library), Ensemble 
Methods, Feature Engineering, Feature Extraction, 
Feature Learning, Feature Selection, Gaussian Pro-
cess, Genetic Algorithm, Google AutoML, Gradient 
Boosting, H2O.ai, Hidden Markov Model, Hyperpa-
rameter Optimization, Inference Engine, K-Means 
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Clustering, Kernel Methods, Kubeflow, Loss Func-
tions, MLOps (Machine Learning Operations), 
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, ModelOps, mlpack (C++ Library), Naive 
Bayes Classifier, Perceptron, Predictive Modeling, 
PyTorch (Machine Learning Library), PyTorch Light-
ning, Random Forest Algorithm, Recommender Sys-
tems, Reinforcement Learning, Scikit-Learn (Python 
Package), Semi-Supervised Learning, Soft Comput-
ing, Sorting Algorithm, Supervised Learning, Support 
Vector Machine, Test Datasets, Theano (Software), 
Torch (Machine Learning), Training Datasets, Transfer  
Learning, Transformer (Machine Learning Model), 
Unsupervised Learning, Vowpal Wabbit, Xgboost

Robotics. Advanced Robotics, Bot Framework, Cog-
nitive Robotics, Motion Planning, Nvidia Jetson, 
Robot Framework, Robot Operating Systems, Robotic 
Automation Software, Robotic Liquid Handling Sys-
tems, Robotic Programming, Robotic Systems, Ser-
vomotor, Simultaneous Localization and Mapping 
(SLAM) Algorithms

Visual Image Recognition. 3D Reconstruction, 
Activity Recognition, Computer Vision, Contextual 
Image Classification, Digital Image Processing, Eye 
Tracking, Face Detection, Facial Recognition, Gesture 
Recognition, Image Analysis, Image Matching, Image 
Recognition, Image Segmentation, Image Sensor, 
Imagenet, Machine Vision, Motion Analysis, Object 
Recognition, OmniPage, Pose Estimation
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For at least the past two decades, two trends have 
left an indelible imprint on the American economy: 
digitization and globalization. American policymak-
ers responded to these trends’ polarizing effects only 
after they became apparent and, largely, too stubborn 
to address. Automation replaced jobs that could be 
done more cheaply and with less labor. Similarly, firms 
sent jobs offshore to workers earning lower wages  
to cut production costs and maximize revenues.

The jobs most susceptible to both forces required 
workers to undertake routine cognitive and manual 
tasks. Workers with more than a high school diploma 
but less than a four-year college degree held many of 
these jobs. The impact on jobs requiring less than a 
high school education was mixed. While the twin 
trends were highly likely to affect low-wage jobs 
requiring manual labor, the demand for low-wage  
service jobs grew during this period.

Jobs requiring a four-year college degree were rel-
atively unaffected, especially “knowledge jobs” in 
technology and professional services. These diver-
gent impacts were compounded by the geographical 

concentration of the most-hard-hit industries, espe-
cially manufacturing. The result was a devastating loss 
of jobs in Midwestern and Northeastern urban cen-
ters and a burgeoning service economy on the coasts. 
Many economists and policymakers agree: Efforts  
to address these harms were too little, too late.1

Policymakers do not want to make the same mis-
take again. To help them, economists are using novel 
data sources and methods to predict how the emer-
gence of artificial intelligence will affect the labor 
market. Which jobs are most likely to be displaced, 
and which will AI simply augment?

The following section distills the major insights 
from the existing literature that can inform policy-
makers’ approach to anticipating, measuring, and 
mitigating any negative impacts of future technolog-
ical shocks like the rise of AI. Following this overview 
is a description of a groundbreaking application, the 
NJ Career Navigator, that applies causal modeling 
and natural language processing to generate person-
alized recommendations for jobs, training oppor-
tunities, and career transitions for job seekers. This 
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application is a strong proof of concept showing that 
states can deliver labor market information differ-
ently and meet the challenges of future technological 
shocks like AI head-on with timely, local, and granular 
intelligence about emerging skill needs.

Major Insights About AI’s  
Predicted Impacts

Like automation, AI leverages the comparative advan-
tages of computers over people, such as in computing 
large amounts of data quickly. A central observation 
of the literature on AI, however, is that AI differs from 
previous technological advancements in a critical 
respect: While computers are good at routine tasks, AI 
can infer tacit relationships that the underlying soft-
ware or human user does not fully specify. As a result, 
AI can perform cognitive nonroutine tasks well.2 

Thus, AI is becoming increasingly proficient at gen-
erating narrative and audiovisual content, as seen in  
the past year through the emergence of OpenAI’s 
GPT-4 and DALL-E, Anthropic’s Claude, Google’s 
MusicLM, and ElevenLabs’ AI Voice Generator, to 
name a few examples.

Much of the research on AI and the workforce 
breaks work into component tasks and then esti-
mates the degree to which AI can perform them. 
The researchers vary in how they define AI capa-
bilities, such as by using predefined categories 
provided by proprietary job-ad-parsing software, 
the Electronic Frontier Foundation’s list of AI  
applications, subject-verb pairings in patents, and 
definitions crowdsourced through Amazon Mechan-
ical Turk.3 

The researchers then cross-walk the tasks with 
occupations’ skill and role requirements, often based 
on information from O*NET OnLine’s production 
database.4 Their results vary somewhat but share this 
primary takeaway: Occupations most exposed to AI 
require a higher-than-average degree of education, 
require pay above a median annual wage, and entail 
cognitive nonroutine tasks. Table 1 lists occupations 
the literature identified as being more and less sus-
ceptible to replacement by AI.

Despite this research’s important contributions, 
it presents policymakers with several conundrums 
to address before they can predict the nature and 
extent of AI’s impact. The first difficulty is in defining 
AI capabilities and mapping them to skills and occu-
pations. Since researchers do not yet agree on how  
to identify these capabilities, the lists of the occupa-
tions they predict to be most susceptible to AI’s emer-
gence vary.

Moreover, as the rapid advancement of generative 
AI has recently demonstrated, the list of AI’s capabil-
ities is bound to change and grow. Even if AI’s capa-
bilities do not evolve, mapping skills to occupations 
is an inexact science. Occupational requirements 
vary even within a detailed, six-digit standard occupa-
tional code. For example, web developers (Standard 
Occupational Classification code 15-1254) include 
front-end developers, who might be required to know 
JavaScript and responsive design, and back-end devel-
opers, who do not need either skill but may have to  
be proficient with Python and MySQL.

Second, most of the research does not take an 
explicit stand on which tasks AI will replace versus 
augment. However, it is reasonable to infer that AI 
will likely replace those occupations in which a major-
ity of tasks are highly exposed to it, whereas it may 
simply augment occupations with a lower percentage 
of highly exposed tasks.5

Third, since labor markets are complex social 
phenomena shaped by interconnected factors, accu-
rately predicting their trajectories poses a consid-
erable challenge. For example, when ATMs became 
prevalent, many believed the demand for bank tellers 
would decrease. Exactly the opposite happened. Freed 
from dispensing cash, bank tellers’ tasks changed to 
encompass more sales and customer service duties.
Bank branches proliferated, and there are more bank 
tellers today than before the ATM.

New industries emerge with technologies too: 
There were no airplane maintenance technicians 
before air travel and no movie producers before  
moving pictures. We are still unsure how other major 
economic, demographic, and natural trends—for 
example, immigration, aging, climate change, global 
conflict, and large-scale investments like those related 
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to the Bipartisan Infrastructure Law, the CHIPS and 
Science Act, and the Inflation Reduction Act—will 
affect the labor market, let alone interact with one 
another and AI’s advancement.

Finally, researchers must better identify the dif-
ferential impacts of AI on populations and geography 
subgroups. For example, labor-enhancing AI in the 
hands of a highly paid, highly educated professional 

might increase that person’s value in the labor mar-
ket, exacerbating income inequality. Conversely, if 
AI replaces highly paid, highly educated profession-
als, their value will decrease, and income inequality  
could shrink. 

Also, there is a nonzero amount of occupational 
segregation by race, ethnicity, and gender in the US, 
so differential impacts are likely. Similarly, impacts 

Table 1. Occupations with Low and High Susceptibility to Replacement by AI

Low Susceptibility High Susceptibility

Animal caretakers, except farmers Actuaries

Animal scientists Brokerage clerks

Archaeologists Budget analysts

Construction laborers and helpers Clinical lab technicians

Dancers Coders

Dining room and cafeteria attendants Concierges

Fitness trainers Credit authorizers

Food preparation workers Customer service representatives

Heavy truck and bus drivers Financial advisers

Home health aides Genetic counselors

Iron workers Judicial law clerks

Massage therapists Mathematicians

Plasterers and stucco masons Mechanical drafters

Plumbers and pipefitters Morticians

Public address system announcers Office clerks

Slaughterers and meat-packers Optometrists

Special education teachers Paralegals

Vocational education teachers Retail salespersons

Source: Erik Brynjolfsson et al., “What Can Machines Learn, and What Does It Mean for Occupations and the Economy?,” AEA Papers 
and Proceedings 108 (May 2018): 43–47; Kweilin Ellingrud et al., Generative AI and the Future of the Workforce, McKinsey & Company, 
July 26, 2023, https://www.mckinsey.com/mgi/our-research/generative-ai-and-the-future-of-work-in-america; Edward W. Felten 
et al., “Occupational, Industry, and Geographic Exposure to Artificial Intelligence: A Novel Dataset and Its Potential Uses,” Strategic  
Management Journal 42, no. 12 (2021): 2195–217: https://onlinelibrary.wiley.com/doi/full/10.1002/smj.3286; Ian Shine, “These 
Are the Jobs That AI Can’t Replace,” World Economic Forum, May 17, 2023, https://www.weforum.org/agenda/2023/05/jobs-ai- 
cant-replace; Michael Webb, “The Impact of Artificial Intelligence on the Labor Market” (working paper, Social Science Research  
Network, January 11,  2020), https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3482150; and Ali Zarifhonarvar, “Economics  
of ChatGPT: A Labor Market View on the Occupational Impact of Artificial Intelligence,” Journal of Electronic Business & Digital  
Economics 3, no. 2 (2024): 100–16, https://www.emerald.com/insight/content/doi/10.1108/jebde-10-2023-0021/full/html.

https://www.mckinsey.com/mgi/our-research/generative-ai-and-the-future-of-work-in-america
https://onlinelibrary.wiley.com/doi/full/10.1002/smj.3286
https://www.weforum.org/agenda/2023/05/jobs-ai-cant-replace
https://www.weforum.org/agenda/2023/05/jobs-ai-cant-replace
https://papers.ssrn.com/sol3/papers.cfm?abstract_id=3482150
https://www.emerald.com/insight/content/doi/10.1108/jebde-10-2023-0021/full/html
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might be more pronounced in areas of the country 
with higher concentrations of people employed in the 
affected occupations.

Using AI to Help Job Seekers:  
A New Jersey Case Study

Ironically, AI can bridge the data gap and provide 
granular, timely information about skills in close to 
real time. AI is uniquely capable of quickly reveal-
ing the latent structures in multidimensional occu-
pational skills data, despite the vast amounts of data 
from online job ads and publicly available sources like 
O*NET. AI can parse job ads into meaningful com-
ponents including skill requirements and use natu-
ral language processing and clustering techniques to  
signal what skill sets are emerging and declining.

New Jersey provides a suite of tools for work-
ers called My Career NJ. (See Figure 1.) In 2024, the  

New Jersey Department of Labor and Workforce Dev- 
elopment (NJDOL), Governor Phil Murphy’s Office 
of Innovation, and the nonprofit RIPL launched a 
cloud-based application called the NJ Career Naviga-
tor.6 (See Figure 2.) Along with its sister application, 
the NJ Training Explorer, the NJ Career Navigator  
is part of the My Career NJ toolkit. The Career Nav-
igator provides job seekers with AI-generated rec-
ommendations on new careers, job postings, and 
training programs.

The data powering this AI recommendation engine 
include millions of wage records, providing earnings 
and industry information on all workers covered by 
unemployment insurance in New Jersey firms; employ-
ment and wage outcomes for hundreds of thousands 
of graduates of New Jersey occupational skills training 
programs; several years of NLx Research Hub online 
job postings; and resumes from 400,000 New Jersey 
residents, which are used to understand the interplay 
of education and careers, identify workers’ transitions, 

Figure 1. My Career NJ Home Page

Source: My Career NJ, website, https://mycareer.nj.gov/.

https://mycareer.nj.gov/
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and enrich the information connecting skills to occu-
pations. These data have been modeled to identify suc-
cessful job changes, career transitions, and training 
program completions that resulted in increased earn-
ings for previous job seekers.

This information is combined with measures of 
skill similarity across occupations and occupational 
demand, as measured by the volume of online job 
ads in the National Labor Exchange. The underlying 
science relies on robust, unbiased causal machine 
learning models to estimate the earnings boost 
from career transitions, job choices, and training 
programs. Natural language processing was used to 
measure the skill similarities among occupations.

Career seekers log in to the NJ Career Navigator 
and upload their resumes or enter one or more of  
their latest job titles and level of educational attain-
ment. The NJ Career Navigator automatically gen-
erates a list of skills most closely associated with the 
users’ most recent jobs, which the user can curate 

to include up to a dozen skills selected from thou-
sands. Next, career seekers can select the type of  
recommendation they want: a job opening right  
now, a training program that will help them advance 
their career, or a career transition.

The NJ Career Navigator then generates the 
appropriate type of recommendations. If the user 
desires training recommendations, the results will  
provide links to programs on the NJ Training 
Explorer, and the user can contact a school directly. 
If the user desires a career transition, the applica-
tion offers career ideas that leverage their skills, pro-
vide opportunities for increased earnings, and are in 
high demand. If the user requests job recommenda-
tions, the NJ Career Navigator generates links to live  
job ads. (See Figure 3.) The results can be sorted and 
filtered by several variables, such as skill similarity, 
job ad volume, and location.

Other states can replicate the NJ Career Navigator. 
Along with its sister site, the NJ Training Explorer, it 

Figure 2. NJ Career Navigator Log-In

Source: New Jersey, “NJ Career Navigator,” https://mycareer.nj.gov/navigator/.

https://mycareer.nj.gov/navigator/
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was created using human-centered design with open 
code in a GitHub repository available to other states 
on request.7 This is a powerful approach that govern-
ments can leverage to gain insights into evolving skill 
demands in the labor market.

A New Kind of Labor Market Information

Currently, governments rely on administrative data 
and large-scale surveys administered by the fed-
eral statistical system. While these sources are sta-
tistically sound and provide an essential overview 
of the national economy, they are released on a lag, 
are not as useful at the state and local levels, and are 
not designed to surface new technologies and skill 
requirements. State, local, and tribal governments 
pay annual licensing fees to access software that 
enables them to analyze online job ads by using pro-
prietary models and algorithms to generate reports. It 
is time for governments to harness the power of their 
own data and use AI to generate a new kind of labor  
market information without subscription fees.

Marrying government employment data with nat-
ural language processing of online job postings is a 
promising approach for policymakers and workforce 
agencies to better understand and anticipate skill 
trends. It’s an example of how governments can and 
should leverage big data and AI techniques to gain 
valuable labor market intelligence. Online job ads 
contain a wealth of information about the specific 
skills and qualifications employers are looking for in 
new hires. By training large language models on the 
full text of these job ads, states can reveal the under-
lying patterns and relationships among job titles, 
required skills, and other attributes. For example,  
the model could learn that data analyst jobs are 
increasingly requiring skills in R but decreasingly 
requiring proficiency with SQL or proprietary statisti-
cal software.

The advantage of using these large language mod-
els is that they can capture nuanced, contextual rela-
tionships between skills and jobs that rigidly defined 
taxonomies or keyword searches might miss. The 
models can be retrained and updated frequently 
to stay on top of rapid changes. Simply by applying 

Figure 3. The NJ Career Navigator’s New Career Recommendations for a Medical Assistant

Source: New Jersey, “NJ Career Navigator,” https://mycareer.nj.gov/navigator/.

https://mycareer.nj.gov/navigator/
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clustering techniques, analysts can identify which 
skill sets are ascendant and which are in decreasing 
demand, including AI and non-AI skills.

Conclusion

By leveraging the power of machine learning and nat-
ural language processing, we can gain unprecedented 
visibility into the changing landscape of skill demand. 
This powerful tool can help reinvent workforce devel-
opment practice, educational program design, and 
career guidance for job seekers. As in New Jersey,  
governments can facilitate career transitions by help-
ing job seekers replace unnecessary skills in the work-
place with other skills in adjacent careers requiring 
minimal additional educational investment.

Using this approach, governments can empower 
secondary and postsecondary institutions to develop 
program content that quickly aligns with the evolv-
ing demands of the labor market. Governments can 
shore up the workforce’s resiliency by informing 
workers about which fields are more and less resis-
tant to replacement by AI. Finally, this approach can 
help governments locate the most negative impacts 
so they can mitigate them through tax-and-transfer 
policies and other social safety-net programs.

The time has come for state, local, and tribal gov-
ernments to harness the power of these transfor-
mative analytical capabilities and deliver timely, 
actionable insights to their constituents. Admittedly, 
the analytical capacity required to build and imple-
ment such sophisticated models remains beyond the 
reach of most workforce agencies today. However, 
strategic partnerships can bridge this gap: By lever-
aging the expertise of university-based researchers 
and nonprofit innovators, governments can cultivate 
the scientific foundations needed to revolutionize  
education and workforce development services.

If policymakers embrace a collaborative, open- 
source approach, the burden of developing this 
groundbreaking methodology need not be the 
responsibility of multiple jurisdictions at once. 
Instead, through openly sharing code, a handful of 
pioneering states can lay the groundwork, which their 
counterparts nationwide can readily adapt and build 
on. Thus, state, local, and tribal governments can 
collectively unlock a new era of data-driven, respon-
sive policymaking that empowers workers, strength-
ens communities, and positions the American 
work-force for long-term resilience.
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Generative AI 

Insights and Implications

Karin Kimbrough and Mar Carpanelli

Throughout history, technological advancements 
such as robotic assembly lines, tax preparation soft-
ware, and—more recently—AI technologies like chat-
bots and self-driving cars have sparked concerns  
about the automation of human labor. Despite these 
concerns, demand for labor has remained steadfast, 
defying doomsday predictions. In general, the cre-
ation of new jobs and the evolution of old jobs to 
incorporate new skills and technologies overwhelm-
ingly offset the costs of technological shifts. For 
example, the introduction of ATMs in the late sixties 
was feared to displace bank tellers; since then, the 
number of bank tellers in the US more than doubled, 
with their skills changing tremendously from clerk-
ing to sales and customer service.1 Moreover, it cre-
ated new related roles—such as banking relationship  
manager, which grew by 7 percent in the US in the 
past year alone, according to our data.

More generally, AI and generative AI (GAI) inno-
vations could usher in a new era of labor productiv-
ity and economic growth. The gains from productivity 

could help address the puzzling pre-COVID period 
of elusive productivity growth.2 It could also help 
address other longer-term trends in many advanced 
economies, such as demographic challenges from an 
aging workforce or labor shortages.

Regardless of technological innovation, whether 
employment in a given occupation expands or 
contracts is ultimately a function of supply and 
demand. On the supply side, emerging technolo-
gies often enable workers to do their jobs more effi-
ciently. Think of language translators, whose jobs 
are already being redefined by automation. Transla-
tors have increasingly relied on software tools to cre-
ate draft translations, which they refine for nuance 
and quality. AI-powered tools enhance these drafts, 
reducing the need for extensive human interven-
tion. On the demand side, productivity (and there-
fore price) changes have moved demand toward both 
directions. Following the translator example, while 
bulk-translation jobs may decrease, high-end proj-
ects like literature may increase opportunities for  
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human translators thanks to human-AI collabora-
tion’s cost-effectiveness.

Although it is too early to know GAI’s net impact 
on the labor market or precisely measure productiv-
ity gains in specific occupations, it is certain that this 
technological change will lead to a shift in many of 
the skills that define most jobs. In this chapter we 
assert that GAI will have a substantial impact on a 
broad swathe of the workforce, evidenced by an evo-
lution in the occupational skills that workers bring 
and employers seek. We anticipate that this skill  
evolution will generally elevate the focus on skills in 
the workplace and specifically heighten the impor-
tance of people skills.

Using LinkedIn’s Economic Graph, a unique dig-
ital representation of the global labor economy cap-
turing over 950 million professionals, we identify 
the skills that stand to be affected by and those that 
will likely complement new technologies. Workers 
and companies can use insights from this analysis 
to be more strategic about planning and acquiring 
new skills, reskill and upskill on AI-powered tech-
nologies, and build the people skills necessary to stay 
ahead. This is an advantage not available to workers  
and employers in past technological revolutions.

Most Jobs Can Leverage GAI

GAI is a new technology that uses AI models to cre-
ate new content—resembling some people skills. We 
identify jobs, companies, and industries where GAI is 
likely to have the most significant impact using our 
own skill-based framework. It highlights where com-
panies and workers can benefit most from developing 
complementary skills to remain productive, agile, and 
competitive in the face of technological change.

A Skills-Based Framework to Understand GAI’s 
Impact on the Workforce
Despite uncertainty on the full spectrum of GAI 
capabilities, there is value in building a conceptual 
framework to explain how these technologies can 
affect skills—and consequently jobs. In this frame-
work, we identify skills that can likely be carried 

out by GAI technologies (“GAI-replicable skills”) 
and skills that intrinsically rely on human profi-
ciency and can likely complement these technologies 
(“GAI-complementary skills”). We then rank every 
occupation in LinkedIn’s taxonomy according to how 
likely it is to require these types of skills among its 
core 100 skills.

GAI-Replicable Skills
There are over 500 skills most likely to be replicable 
by GAI among LinkedIn’s taxonomy of approximately 
38,000 skills. The skills LinkedIn members most fre-
quently added are the following:

•	 Communication and media skills including writ-
ing, editing, documentation, translation, video, 
photography, music, and content creation;

•	 Business and industry skills including financial 
reporting, email marketing, and data analysis;

•	 Engineering skills including software develop-
ment, programming, and data science; and

•	 People skills such as knowledge of time manage-
ment tools.

GAI-Complementary Skills
There are over 800 skills that—currently—can only be 
performed by people and that typically serve as com-
plements to GAI technologies. The skills LinkedIn 
members most frequently added are the following:

•	 Communication and media skills including oral 
presentations and influencing;

•	 Business and industry skills including entre-
preneurship, maintenance and repair, and mil-
itary strategy;

•	 Engineering skills including software innovation 
and product innovation; and

•	 People skills including leadership, team-
work, negotiation, problem-solving, people 
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management, relationship building, creativity, 
and emotional intelligence.

This framework was designed to be generaliz-
able and dynamic. We thus expect results to change 
over time, following the advances of AI and GAI and 
changes in occupations and their skills beyond AI  
and GAI.

Findings

GAI Is Accelerating the Shift to a Skills-Based 
Labor Market
LinkedIn’s Skills-First: Reimagining the Labor Market 
and Breaking Down Barriers report previously found 
that members have seen the skills related to their 
jobs change by 25 percent since 2015.3 At that rate, 
workers could expect their jobs to change by nearly 
60 percent between 2015 and 2030. However, with 
new GAI technologies and tools emerging every day, 
we now forecast the pace and scale of change to jobs 
to accelerate by an additional 5 percentage points to 
reach at least 65 percent by 2030 (Figure 1).

This underscores how GAI is both transform-
ing the core skills required for many jobs and 

accelerating the pace of transition in the workforce. 
Implicit in the acceleration is the idea that produc-
tivity gains will be realized as workers rotate away 
from certain tasks and redeploy toward more pro-
ductive, challenging areas. It also implies some 
degree of workforce disruption over time, consistent 
with other technological innovations whereby jobs 
lost bring associated challenges while new jobs are 
created. By taking a skills-based approach to under-
standing tasks and occupations across the economy, 
our work suggests that fundamental changes to the 
way we work and allocate our time across tasks will 
materialize before we see changes in occupations  
and titles.

Most Jobs Require Skills That Can Potentially Be 
Performed by GAI Technologies, but Not Every 
Job Will Be Affected in the Same Way
GAI may have a broad impact on the workforce. By 
analyzing occupations’ core skill compositions, we 
find that 84 percent of US LinkedIn members are 
in occupations that could have at least one-quarter 
of their core skills affected by GAI technologies  
(Figure 2).

We expect jobs to change by incorporating new 
technologies that will reduce the time spent on 

Figure 1. Anticipated Job Skill Changes, 2015–2030

Source: Authors’ own data.
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applying some skills associated with routine tasks 
and make other skills much more important. For 
example, saving time writing or analyzing data unlocks 
more time for other meaningful work like creative 
thinking, problem-solving, and team leading. Notably, 
no occupation is fully composed of skills that stand  
to be affected by GAI, which is why we do not expect 
any occupation to disappear in the near term.

LinkedIn’s skills-based framework allows us to 
classify each occupation by the percentage of core 
skills potentially replicable by GAI and the share of 
core skills complementary to GAI. This categoriza-
tion results in three groups of occupations (Table 1).

Based on this framework, Figure 3 categorizes over 
600 occupations according to how likely their core 
skills are to be similar to what GAI can currently per-
form (replicable by GAI) and aligned with intrinsic 
human skills that complement GAI (complementary 
to GAI).

Our analysis suggests that most jobs require 
skills GAI technologies can perform, but not every 
job will be affected in the same way. Each dot in  
Figure 3 represents an occupation. (Some have been 
labeled for illustrative purposes.) Each occupation 
has been decomposed into its 100 core skills. Those 
skills were mapped to our sets of GAI-replicable and 
GAI-complementary skills, yielding the percentage 
of core skills in each occupation that can be con-
sidered GAI replicable and GAI complementary. We 
later normalize these values to yield each occupa-
tion’s relative stance across these dimensions.

This process identifies three relative areas for 
occupations: (1) jobs likely to be augmented by GAI 
because their core skills include a large share of both 
of GAI-replicable and GAI-complementary skills,  
(2) jobs that could be disrupted by GAI as their core 
skills include a large share of GAI-replicable but a 
relatively low share of GAI-complementary skills, and 

Figure 2. US Workforce Exposure to GAI

Source: Authors’ own data.
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(3) jobs that may be insulated from GAI because they 
have a relatively small proportion of GAI-replicable 
skills in their core skills. Since the data are normalized, 
these classifications are relative. In this analysis, occu-
pations in either the augmented or disrupted sections 
will be referred to as relatively exposed to GAI.

This framework tells us, for example, that GAI 
might augment data analysts’ work in the near  
term for tasks such as reporting. Moreover, data 
analysts may be able to lean more into their comple-
mentary skills, which include influencing and stake-
holder management.

GAI’s Most Immediate Impact Is Concentrated 
Among Higher-Paid and Better-Educated 
Workers
The advent of GAI will likely have unequal effects 
on workers, determined by their skill level. Unlike 
most previous technological advancements, which 

primarily affected workers in lower-paid roles or 
jobs with lower education requirements, the GAI 
technological wave will likely affect some of the 
highest-skilled and highest-paid jobs most (Figure 4). 
According to our research, some of the most affected 
occupations involve a high degree of skills and exper-
tise. Examples include finance officer, mathematician, 
and web designer.

Women and Younger Workers Are Likely to Be 
Disproportionately Affected by GAI
GAI technologies’ potential impacts are likely to be 
experienced to different degrees across the workforce. 
When we evaluate the distributional implications, we 
find that women and younger workers are likely to be 
disproportionately affected. This can be in part attrib-
utable to occupational segregation—differences in 
the likelihood of men and women to work in certain 
occupations. As a result, jobs vary in terms of their 

Table 1. Three Groups of Occupations

Group Impact on Occupations Example

Augmented by GAI

These jobs' core skills 
include a large share of both 
GAI-replicable and GAI-
complementary skills.

GAI may affect a relatively large 
portion of the skills in these jobs, 
leaving more time for higher value-
added complementary skills

Data analysts automate the computation 
and interpretation of metrics with  
GAI, enabling them to focus their time  
on GAI-complementary skills, such as  
cross-functional influencing and 
stakeholders’ engagement.

Disrupted by GAI

These jobs' skills include a 
large share of GAI-replicable 
and a relatively low share of 
GAI-complementary skills.

As GAI is adopted more broadly, 
these jobs will undergo reskilling, 
possibly leading to more innovation.

Language translators’ skills shift from 
doing translations from scratch to 
reviewing and certifying machine-
generated translations or to specializing 
on specific legal or literary domains.

Insulated from GAI

These jobs have a relatively 
small proportion of GAI-
replicable skills in their  
core skills.

As these jobs are relatively protected 
from the influence of GAI, their core 
skills are likely to remain unchanged 
in the near term. Some of these jobs 
tend to be susceptible to other forms 
of automation, such as robotics.

Real estate agents might use GAI for 
writing house descriptions, but core 
relationship management skills would be 
insulated from GAI.

Source: Authors’ own assessment.
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gender and age talent composition. These differences 
are reflected in how these groups in aggregate may be 
affected by GAI.

Joint research by LinkedIn and the World Eco-
nomic Forum indicates that multiple gaps remain 
between men and women in the labor market, such 
as in holding leadership positions or work participa-
tion in STEM fields.4 Our analysis suggests there may 
be yet another gender gap related to GAI exposure: 
Women are underrepresented in jobs that are likely 
to be insulated or augmented by GAI and overrep-
resented (57 percent of US members) in jobs that 
will likely be disrupted by these new technologies  
(Figure 5).

Examples of occupations where women are overly 
represented that could be disrupted include medical 

administrative assistant (91 percent female), office 
manager (88 percent), and legal assistant (87 per-
cent). On the other hand, examples of occupations 
where men are overly represented that could be aug-
mented are electrical engineer (94 percent male), 
mechanical engineer (89 percent), and computer net-
work technician (88 percent).

Our research indicates that all generations face 
some exposure to GAI. However, younger genera-
tions face slightly higher exposure, especially in occu-
pations that can be either augmented or disrupted by 
GAI (Figure 6). This is not surprising. Those start-
ing careers tend to be relatively better represented 
in roles requiring GAI-replicable skills, including 
writing and analytics, while they develop the peo-
ple skills that can complement technology, such as 

Figure 3. Occupational Composition by GAI-Replicable and GAI-Complementary Skills

Source: Authors’ own data.
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leadership and negotiation. Examples of jobs pre-
dominantly held by Gen Z that could be augmented 
by GAI include graphic design assistant (49 percent 
of US members are Gen Z), academic tutor (46 per-
cent), and marketing assistant (42 percent). Among 
jobs held by Gen Z that could be disrupted by GAI are  
clinical research assistant (57 percent of US members 
are Gen Z), industrial design specialist (47 percent), 
and library science specialist (46 percent). In their 
favor, younger workers who are earlier in their careers 
can see greater return on investment in upskilling 
to adapt to the demands of technological change, 
whether it is from GAI or future innovations.

By contrast, baby boomers are relatively over-
represented in occupations that could be insulated 
from exposure to GAI. With more career experi-
ence, these workers are more likely to be in more 
senior roles that predominantly call on people skills, 
like leadership and management. Examples of jobs 
typically held by boomers that could be insulated 
from GAI include board member (33 percent of US 
members are boomers), managing partner (21 per-
cent), and supply-chain or environmental consultant  
(17 percent).

Certain Jobs Are More Likely to Be Relatively 
Insulated from GAI
Despite GAI’s potential to have wide-ranging impacts 
on the workforce, some industries and occupations 
are likely to be relatively insulated in the near term. 
Jobs that rely on license mandates, government reg-
ulations, physical skills, ethical considerations, or 
empathic engagement all demand such a high degree 
of essential human functions that GAI is not likely  
to immediately transform these roles.

Compared to the Average Job, Roles That Mandate 
Licenses or Are Government Regulated May Be 19 
Percent Less Exposed to GAI
Jobs like emergency dispatcher, real estate agent, and 
veterinarian tend to be relatively shielded from GAI 
due to their reliance on people skills.5 These jobs have 
critical requirements of public safety and professional 
accountability, requiring skills that only humans pos-
sess, such as moral judgment, ethical decision-making, 
and critical thinking. Furthermore, these roles,  
predominantly in health care and customer-facing 
industries, involve substantial human interaction 
and relationship building. 

Figure 4. GAI’s Relative Impact by Income and Education

Source: Authors’ own data.
Note: * Community income is estimated from US Census Bureau, “Selected Characteristics of Health Insurance Coverage in the United 
States,” 2023, https://data.census.gov/table/ACSST5Y2023.S2701?g=860XX00US90804.
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Jobs That Rely on Physical Skills to Some 
Extent May Be 10 Percent Less Exposed to GAI 
Compared to the Average Job
These roles require extensive human interaction, 
dexterity, and creativity skills that GAI is not likely to 
supplant. For example, childcare specialists provide 
nurture and care at an irreplaceable level of human 
connection and empathy, landscapers work on-site 
with a high degree of customization and creativ-
ity, and dancers perform tasks that demand artistic 
expression and physical execution.

Jobs Requiring Green Skills May Be 7 Percent Less 
Exposed to GAI, Compared to the Average Job
As covered in LinkedIn’s Global Green Skills Report, 
occupations such as environmental health safety 
specialist, construction specialist, and farmer fre-
quently involve specialized knowledge and the 

on-site application of skills that rely heavily on 
human judgment, critical thinking, and consider-
ation of complex environmental trade-offs—skills 
GAI would struggle to replicate.6 Moreover, the 
green sector’s focus on sustainability, energy effi-
ciency, and ecological impact necessitates a high 
degree of regulatory compliance, adherence to 
safety protocols, and a deep understanding of envi-
ronmental regulations. However, beyond GAI, new 
AI applications may be capable of helping combat 
climate change, potentially augmenting many green 
jobs in the future.7

GAI’s Potential Impact Varies Across Industries 
and Goes Beyond the Technology Sector
Throughout history, new technologies have affected 
sectors and industries differently, and GAI is no 
exception. Our skills-based framework allows us to 

Figure 5. Gender Composition by GAI Segment

Source: Authors’ own data.
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describe industry-level aggregate exposure to GAI- 
replicable and GAI-complementary skills (Figure 7).

We estimate that the industries with the largest 
concentration of workers anticipated to be augmented 
or disrupted by GAI—where occupations have a rel-
atively high exposure to GAI-replicable skills—are 
technology, information, and media (41 percent of 
US workers are poised to be augmented by GAI, and 
36 percent stand to be disrupted by GAI); accommo-
dation and food services (54 percent and 18 percent, 
respectively); wholesale (26 percent and 46 per-
cent, respectively); financial services (21 percent and  
50 percent, respectively); and professional services 
(31 percent and 38 percent, respectively). Notably, at 
33 percent, the education sector ranks third in share 
of US members that could be augmented by GAI.

Over time, technological inflection points such 
as the one stemming from GAI often result in wide-
spread adoption and impact across entire economies. 
While it is not surprising that the technology, infor-
mation, and media industry leads in terms of expo-
sure to GAI-replicable skills—since most AI and GAI 
innovations come from this sector—it is remarkable 
that the impact of GAI on the workforce extends 
across workers in all industries.8 Moreover, if the 
percentages in Figure 7 change over time, it may be 
informative regarding the potential speed of adoption 
as GAI transitions from early adopters to mainstream 
users. New jobs directly related to emerging technol-
ogies will also arise, but most of the impact will likely  
be on transforming existing roles, which will persist 
but evolve.

Figure 6. Generation Distribution by GAI Segment

Source: Authors’ own data.
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In the Future of Work, the Conversation  
Will Be About Skills
While GAI’s long-term impact on the labor market 
will depend on how much and how quickly the mar-
ket adopts GAI-augmented technologies, we expect 
that jobs will fundamentally change. In the short 
term, we expect jobs to change by incorporating these 
new technologies, which will reduce the time spent 
applying some skills while making others much  
more important.

This is why the conversation about GAI’s impact 
on jobs should focus on building the right skills to 
adopt and complement GAI technologies and not on 
job displacement. Leaders’ and workers’ responses to 
GAI, not exposure to GAI, is more likely to shape the 
future of the workforce.

Implications for Leaders 

A Skills-Based Approach to Strategic  
Workforce Planning
Leaders should comprehensively understand GAI’s 
impact on their organizations and the economy. 
New jobs will emerge as a direct result of this emerg-
ing technology, but the impact will be felt mostly in 
existing roles, which will be transformed by GAI. By 
acknowledging the skills GAI will most affect and 
those that complement GAI across roles and func-
tions, leaders can optimize their hiring strategies 
and make informed decisions on the reskilling and 
upskilling programs needed to remain competitive in 
this changing environment.

Figure 7. Industry Composition by GAI Segment

Source: Authors’ own data.
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In this context, it is critical to recognize that using 
AI in hiring can help tackle labor market inequali-
ties through a skills-based recruitment approach. 
The labor market’s oversight of exceptional candi-
dates presents missed opportunities for companies, 
the economy, and society. Emphasizing a skills-based 
hiring approach not only invites more participants 
into the workforce but also levels the playing field for 
underrepresented groups. As global markets change, 
a skills-based approach can direct policymakers to 
enhance workforce initiatives, allowing businesses to 
access a broader, more diverse talent spectrum and 
promote inclusivity in hiring.

Productivity Gains via Collaborative  
Human-AI Workflows
Leaders should recognize GAI technology’s poten-
tial to augment human capabilities. Building a culture 
that promotes collaborative human-AI workflows 
and adopts responsible guidelines for AI use can 
unlock new avenues for productivity and innovation. 
Empowering employees to leverage AI technologies 
via increased AI literacy may be crucial for success 
in a digitally driven economy and ensure that AI and  
GAI enhance human expertise rather than supplant it.

The rise of automation and AI has emphasized 
the growing importance of people skills, which have 
always been vital for job success. As hard skills’ 
half-life diminishes, the significance of people skills, 
such as creativity and leadership, continues to 
grow. With AI technologies increasingly automating  
tasks formerly performed by humans, there’s a 
shift toward collaborative intelligence whereby 
humans and intelligent machines work together to 
achieve superior outcomes. This evolution requires 

companies to shift their hiring focus to essential people  
skills and employees to hone new capabilities, 
including engaging in effective AI communication, 
employing data interpretation, and spotting optimi-
zation opportunities.

Promotion of an Equitable Distribution of  
AI Benefits
Leaders face an opportunity to address GAI’s dispa-
rate impacts on different workforce segments, such  
as its potentially disproportionate effect on women 
and the youth. Collaborative efforts are needed to 
ensure an equitable distribution of AI benefits and 
the mitigation of socially undesirable effects. This 
entails prioritizing transparent research, combat-
ing systemic biases, and advocating inclusive AI edu-
cation. As technology, especially AI, becomes more  
integrated into our daily lives, a new baseline of AI 
literacy will emerge—distinct from traditional digi-
tal literacy, which focuses on using and understand-
ing digital technologies. AI literacy should encompass 
understanding AI fundamentals, recognizing ethical 
implications like privacy and bias, becoming familiar 
with AI-driven tools in the workplace, and grasping 
AI’s broader socioeconomic implications.

With the accelerating deployment of generative 
AI, businesses must monitor labor market trends to 
remain competitive. Meanwhile, regulators and gov-
ernments should support workforce development in 
digital skills, and education systems must evolve to 
produce an AI-ready workforce. By fostering global 
collaboration across research bodies, governments, 
civil society, and the private sector, leaders can nav-
igate AI’s complexities and lay the foundation for a 
more just and inclusive future.
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Appendix A

GAI-Replicable and GAI-Complementary 
Skills

We identify GAI-replicable and GAI-complementary 
skills with the following steps:

1.	 We give ChatGPT 3.5 (in February 2023) the  
following prompts:

•	 “What are the 100 top skills that AI technolo-
gies (ChatGPT, Dall-E, LaMDA, etc.) can per-
form very well?”

•	 “What are the 100 top skills that can cur-
rently exclusively be performed by humans?” 

2.	We map these lists to LinkedIn’s taxonomy with 
LinkedIn’s taxonomy application programming 
interface, and we refined matches manually. We 
expand coverage further by applying skill simi-
larities based on skill embeddings to score skills 
that are similar to those flagged in each list and 
by manually reviewing the skills in the popular 
skill groups containing the skills from the pre-
vious steps.

3.	For external validation, we ingest and map to our 
taxonomy three exposure scores from the aca-
demic literature.9 We use these scores to train a 
model that learns which skills contribute more 
to these three rankings, and we use this model to 
score all skills in LinkedIn’s taxonomy.

Occupations Exposed to GAI and 
Complementary Skills

To calculate the percentage of skills that are exposed 
to GAI by occupation, we use each occupation’s skills 
genome.10 An occupation’s skills genome is the rank-
ing of its top 30 most relevant skills based on a term 
frequency—inverse document frequency model. In 
this model, skills are relevant when they tend to be 
disproportionately added by members in this occupa-
tion compared to other occupations.

The thresholds for classifying occupations into high 
and low exposure to GAI and GAI-complementary 
skills are based on the metrics’ medians.

Segments Exposed to GAI and 
Complementary Skills

Based on the classification of occupations by GAI- 
complementary exposure, we compute the share 
of LinkedIn members in each category as a share 
of all members in that segment, gender, generation 
group, and so on. We report these shares and run 
linear regressions to compare GAI exposure with 
dimensions of interest, such as skill type, education,  
and experience.
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Vipin Arora and David Wasshausen

As with most challenging economic measurement 
issues, defining exactly what we mean by artificial 
intelligence is top of mind. Encyclopaedia Britannica  
defines AI as “the ability of a digital computer or 
computer-controlled robot to perform tasks com-
monly associated with intelligent beings,” while  
Stanford University’s Institute for Human-Centered 
AI defines AI as “the science and engineering of mak-
ing intelligent machines.”1 Both definitions highlight 
the challenge that national accountants face when 
trying to answer questions like “How is AI measured 
in gross domestic product?” or “What is the value of 
AI in gross domestic product?”

In this chapter, we first share how we think about 
and define AI. Next, we present an example of an alter-
native method we use to estimate hard-to-measure  
activities—specifically for intangible assets. This 
example aims to provide insights and promote further 

ideas about alternative ways to measure critical and 
emerging technologies. We then focus on a handful of 
case studies that illustrate how both the production 
and use of AI are reflected in the National Economic 
Accounts’ statistics produced by the US Bureau of 
Economic Analysis (BEA). 

Analyzing the impacts of AI-related transactions 
through various case studies not only helps con-
vey how economic accountants mechanically view 
AI’s role in the context of measuring gross domes-
tic product (GDP) but also serves to identify how 
our view of AI may be incomplete and how it differs 
from others. Presenting the framework in which 
economic accountants view this challenge while 
highlighting conceptual and empirical gaps sets 
the stage for researchers working to improve the 
measurement of not only AI but other critical and 
emerging technologies.
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What Is AI, and How Do We Identify It?

First, AI is not entirely new, although its production 
and use seemingly exploded in recent years. Comput-
ers could long perform complicated tasks tradition-
ally associated with humans. For example, Deep Blue, 
the chess-playing IBM supercomputer, defeated world 
champion Garry Kasparov in a six-game match in 
1997. Computer video games have long had a built-in 
“computer” opponent that challenges gamers. There 
have been, however, substantial advances in AI that 
are likely having a profound economic impact across 
many sectors and industries.

We do not view AI itself as an asset type, although 
the pursuit and application of AI each spur capital 
formation. For example, research and development 
(R&D) is needed to create the complex algorithms 
that underlie AI. R&D expenses are treated as  
capital expenditures in BEA’s National Economic 
Accounts. Moreover, continued R&D in semicon-
ductor manufacturing enables the production of 
high throughput chips that are required to execute 
modern AI algorithms.

That R&D, along with advanced machinery req- 
uired to produce those chips, is considered a capital  
expenditure—as is the production of software appli-
cations that embed AI. Finally, AI’s production and 
use are reflected in intermediate inputs and cap-
tured directly in value added for the producing 
industries. We sought to provide examples in the 
case study analysis section of this chapter to illus-
trate the many ways that BEA’s economic statistics 
capture AI-related activity.

Identifying new, emerging products in a timely 
fashion is a long-standing challenge in the federal 
statistical system. For example, the GDP bench-
marking processes have notable lags, which is our 
primary opportunity for introducing emergent tech-
nology products. As another example, we released 
the results of our 16th comprehensive update in  
September 2023, with GDP benchmarked to the 2017 
Economic Census.2 Moreover, emerging technologies 
by nature are rapidly changing, making it difficult to 
define new product classes and modify existing sur-
veys in a way that allows businesses to report accurate 

and consistent economic statistics (such as receipts, 
expenses, capital expenditures, and prices charged).

Alternative Methods Deployed for  
Difficult-to-Measure Activities

BEA faces a number of measurement challenges and 
has a proven track record of developing innovative 
methods that produce comprehensive measures of 
GDP and related statistics. For example, in the 1999 
comprehensive update, BEA introduced software 
as a capital expenditure. Purchased software was 
reclassified from an intermediate expense to a capi-
tal expenditure.

Moreover, BEA introduced measures of own- 
account software, which captured the value of in- 
house production of software for in-house use (i.e., 
not to be sold). Because no market transactions are 
associated with this production, alternative methods 
had to be developed. In this case, BEA used detailed 
occupational employment data from the Bureau of 
Labor Statistics to derive measures of own-account 
software production.3

More recently, BEA has developed experimental 
measures of data as an asset, building on the methodol-
ogy used to estimate own-account software. Machine 
learning models are used to identify occupations 
associated with producing data and specific time-use 
factors associated with the types of data-producing 
activities that we consider capital in these experi-
mental statistics.4

Case Studies

Artificial intelligence is produced and used by busi-
nesses, the government, and nonprofit institutions 
serving households. In this section, we begin with three 
examples illustrating how BEA’s GDP statistics capture 
the production of AI, and we conclude with an exam-
ple of how GDP could reflect AI use. We use “supply 
and use” tables to illustrate these economic transac-
tions and orient readers who are unfamiliar with these 
tables.5 We do not attempt to capture second-order 
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effects related to AI adoption, including changes in 
productivity, shifts in employment, and so on.

Case 1: Production of AI That Is Sold
Supply and use tables enable one to analyze how 
individual economic transactions are reflected in all 
three measures of GDP (production, income, and 
final expenditures) in a fully integrated, consistent 
framework. In Table 1, the columns under “Inter-
mediate Purchases” show the derivation of GDP by 
industry using the production approach, specifi-
cally purchases of intermediate inputs by the using 
industry. Total intermediate output is taken from the  
supply table (not shown), and the value added is 
derived residually: 

Value Added = Gross Output −  
Intermediate Inputs.

We can also derive GDP or value added as the sum 
of the incomes associated with production; those 
values are presented in the “Employee Compensa-
tion” and “Gross Operating Surplus” rows of Table 1.  
The data in the “Final Expenditures” columns also 
yield a measure of GDP. By definition, total commod-
ity output (120) equals total industry output (120).

In our first case study, shown in Table 1, a tele-
communications company pays a computer systems 
design company $100 to develop and implement a new 
AI-enabled customer service software application.

In this first example, the computer system design 
company purchased $20 of intermediate inputs (rent, 
electricity, maintenance and repair, etc.) to produce 
the AI-enabled custom software application that 
sold for $100. The value added for computer system 
design companies is $80, the value added from other 
industries that supplied the $20 of intermediate input 
is $20, and the sum of the value added is $100. The 
purchase of the $100 AI-enabled custom software 
application is recorded as a private fixed investment 
in software, contributing $100 to GDP. The value 
of AI is embedded in the software’s value and not  
separately identifiable.

Case 2: Own-Account Production of AI
In this case study, shown in Table 2, the telecommu-
nications company develops and implements a new 
AI-enabled customer service software application 
in-house using existing resources—no new interme-
diate inputs are required. 

The telecommunications company will first 
engage in R&D to develop the AI required for its 
new AI-enabled customer service software applica-
tion. The value of that AI-related R&D is $50, which 
is recorded as a private fixed investment in own- 
account R&D.6 

Next, the telecommunications company builds 
the new customer service software application 
in-house, implementing the AI that was developed in 
its R&D. That software is valued at $50 and recorded 

Table 1. Use Table Illustrating Production of AI That Is Sold

Intermediate Purchases Final Expenditures

Commodity 
OutputCommodities

Computer System 
Design Industries

All Other 
Industries Sum

Private Fixed 
Investment Total (GDP)

Software 0 0 0 100 100 100
All Other Commodities 20 0 20 0 0 20
Total Intermediate 20 0 20 100 100 120
Employee Compensation 50 10 60 0 0 0
Gross Operating Surplus 30 10 40 0 0 0
Value Added 80 20 100 0 0 0

Industry Output 100 20 120 0 0 120

Source: Authors.
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as a private fixed investment in own-account software. 
The own-account creation of a new asset is recorded 
as gross operating surplus for the creating industry. 
In this example, the gross operating surplus (and 
value added) for the telecommunications company  
is $100.7

Case 3: Production of AI That Is Sold and 
Own-Account Production of AI
This example, shown in Table 3, reflects a hybrid of 
case studies 1 and 2, in which the telecommunications 
company pays a computer system design company 
a $15 consulting fee to evaluate current customer 
service systems and develop recommendations for 
deploying an AI-enabled customer service software 
application. The computer system design company 
has previously invested in AI-related R&D and has  
the expertise to provide this consulting service.

Transactions associated with the telecommunica-
tions company paying the computer system design 
company $15 for AI-related consulting services are 
recorded in orange: a $15 purchase of intermedi-
ate inputs by the telecommunications company and  
$15 of value added that is attributed to the computer 
system design company ($10 in compensation paid 
and $5 of gross operating surplus). The telecom-
munications company’s $15 intermediate input 
expense is reflected in the final expenditures for 
telecommunications services (e.g., household or 

government purchases). At this stage, there is no 
new capital formation.

Using the AI consulting service’s recommen-
dations, the telecommunications company builds 
and implements a new AI-enabled customer ser-
vice software application. These transactions are 
shown in green: The private fixed investment in 
own-account software is recorded as $65, and the 
own-account creation of this new asset is recorded 
as $65 in gross operating surplus for the telecom-
munications industry.

Case 4: Using AI to Produce Software
In our final example, shown in Table 4, we examine 
a case in which a computer system design company 
uses an AI-based code generator to produce custom 
software that is then sold to a third party. 

The computer system design company pays $25 
for the rights to use the AI-based code generator. 
For this example, we assume the $25 licensing fee 
covers three months and treat it as an intermediate 
input as opposed to a capital expenditure. Transac-
tions associated with this purchase are shown in 
orange: a $25 purchase of intermediate inputs by the 
computer system design company and $25 of value 
added that is attributed to the AI services provider 
($20 in compensation paid and $5 of gross operat-
ing surplus). The computer system design company 
produces custom software applications that are sold 

Table 2. Use Table Illustrating Own-Account Production of AI

Intermediate Purchases Final Expenditures

Commodity 
OutputCommodities

Telecommunications 
Industries Sum 

Private Fixed 
Investment Total (GDP)

Software 0 0 50 50 50
R&D 0 0 50 50 50
All Other 0 0 0 0 0
Total Intermediate 0 0 100 100 100
Employee Compensation 0 0 0 0 0
Gross Operating Surplus 100 100 0 0 0
Value Added 100 100 100 100 0

Industry Output 100 100 0 0 100

Source: Authors.
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for $100. These transactions are shown in green:  
$100 for private fixed investment in custom software 
and $75 in value added ($55 in compensation paid 
and $20 in gross operating surplus) that is attributed 
to the computer system designer that produced that  
$100 software.

In this example, it’s tempting to value the gen-
erative AI embedded in the custom software at 
$25. However, note that this ignores spillover 
gains and likely increased productivity associated 
with using the generative AI programmer. Those 

gains should be reflected in the computer system 
designer’s gross operating surplus but are not sep- 
arately identifiable.

Conclusion

This chapter was originally written for the “New 
Approaches to Characterize Industries: AI as a Frame-
work and a Use Case” workshop, which aimed to use 
AI as a use case for considering new approaches to 

Table 3. Use Table Illustrating Production of AI That Is Sold and Own-Account Production of AI

Intermediate Purchases Final Expenditures

Commodity 
OutputCommodities

Telecommunications 
Industries

Computer 
System 
Design 

Industries Sum 
Private Fixed 
Investment

All 
Other

Total  
(GDP)

Software — — — 65 — 65 65
AI Consulting Services 15 — 15 — — — 15
Telecommunication Services — — — — 15 15 15
Total Intermediate 15 — 15 — — — —
Employee Compensation — 10 10 — — — —
Gross Operating Surplus 65 5 70 — — — —
Value Added 65 15 80 65 — 80 —

Industry Output 80 15 95 — — — 95

Source: Authors.

Table 4. Use Table Illustrating the Use of AI to Produce Software

Intermediate Purchases Final Expenditures

Commodity 
OutputCommodities

AI Services  
Provider Industries

Computer 
System Design 

Industries Sum 
Private Fixed 
Investment

Total  
(GDP)

AI-Based Code Generator — 25 25 — — 25
Custom Software — — — 100 100 100
Total Intermediate — 25 25 — — —
Employee Compensation 20 55 75 — — —
Gross Operating Surplus 5 20 25 — — —
Value Added 25 75 100 — — —

Industry Output 25 100 125 — — 125

Source: Authors.
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characterize industries. With that goal in mind, we 
have sought to provide insights and identify challenges 
associated with measuring AI from a federal statistical 
agency’s perspective. 

As with most economic measurement chal-
lenges, we started with sharing our definition of AI 
and how we would approach identifying it. Next, 
we shared a salient example in which we deployed 
alternative, innovative techniques to estimate hard- 

to-measure economic activity. This chapter’s focus 
is four case studies, in which we used supply and 
use tables to understand how BEA’s GDP, gross 
domestic income, and gross value added statis-
tics would capture each scenario. A prerequisite 
for identifying new approaches to characterize 
hard-to-measure industries is a comprehensive and 
accurate understanding of how those industries are  
currently measured.
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Agencies
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The current federal statistical approach to measur-
ing industries, products, jobs, and other aspects of 
the US economy is evolutionary rather than revo-
lutionary. For several reasons, changes in measure-
ment methodology and classification often take years 
to become part of official statistics. Yet there is sig-
nificant pressure to innovate how federal statistics 
are produced and disseminated to ensure the agen-
cies meet their mandate to produce relevant, timely,  
accurate, and objective data. 

AI Measurement: The Current State  
of Play

The American Statistical Association and George 
Mason University have undertaken a research proj-
ect to measure annually the health of the Federal 

Statistical System (FSS).1 Timeliness and relevance of 
data releases and the ability to innovate are among  
the key metrics.2 

Innovation in federal statistics requires invest-
ing agency resources, skilled staff, and sustained 
high-level attention from leadership. The ability to 
bring these characteristics together differs signifi-
cantly by agency. The Census Bureau has roughly 
7,500 permanent employees (of whom about 2,320 
are statisticians and economists) and an annual bud-
get of $1.5 billion. At the other end of the spectrum 
is the Bureau of Justice Statistics, with 52 employees 
(of whom about 33 are statisticians) and an annual 
budget of $42 million.3 The FSS agencies have vary-
ing degrees of control over their resource levels,  
hiring, and autonomy to set priorities, define their 
data products, and develop statistical methodology. 
(Note that since this chapter was originally written 
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in 2024, the circumstances of the federal statisti-
cal agencies have rapidly changed, with significant 
contract cancellations, staff and leadership layoffs, 
and other major disruptions to ongoing statistical 
activities beginning in January 2025. These are not 
accounted for in this chapter.)

In addition, government policymakers often over-
look the FSS when their activities involve open data 
and AI. For example, Executive Order 13859, "Main-
taining American Leadership in Artificial Intelli-
gence,"required federal agencies to take major steps 
in supporting AI research and development (R&D), 
prioritize efforts to grow an AI-ready workforce, and 
make federal data assets available to the public to 
advance the development of AI in the US.4 Missing 
from the executive order was any mention of fund-
ing the development of methods to measure the out-
comes of these new or stepped-up efforts.

This omission was particularly noticeable because 
the president had signed the Foundations for 
Evidence-Based Policymaking Act, known as the Evi-
dence Act, just one month before the release of the 
executive order, in January 2019. The Evidence Act 
requires agencies to establish learning agendas and 
build capacity for evaluating programs. However, 
as of 2023, no funding had been made available to 
the FSS agencies specifically to establish standard  
methods for measuring AI's effects on the labor 
force and economy. Subsequent AI-related executive 
orders also lack statistical measurement provisions.5 

Thus, it should be no surprise that the develop-
ment of statistical measures to assess the effects of 
AI on the economy are nascent. The largest of the 
13 FFS agencies—the US Census Bureau, which has 
a relatively robust R&D budget—has taken steps to 
measure automation, technology, and the associated 
workforce, teaming up with the National Center for 
Science and Engineering Statistics (NCSES) to add 
questions on AI, beginning with the 2019 Annual  
Business Survey.6 This survey collects information 
from over 300,000 firms on the use of five technol-
ogies: AI, robotics, dedicated equipment, specialized 
software, and cloud computing. According to 2019 
survey data, adoption is concentrated on large and 
young firms.7 Another survey conducted jointly by  

the Census Bureau and NCSES is the Business Enter-
prise Research and Development Survey,8 which is  
the primary source of information on R&D expendi-
tures and R&D employees of for-profit, publicly or 
privately held nonfarm businesses with 10 or more 
employees in the United States that have performed 
or funded R&D either domestically or abroad.

In addition, in 2022, the Census Bureau trans-
formed its Business Pulse Survey, initiated as an 
experiment during the COVID pandemic, into the 
(also experimental) Business Trends and Outlook 
Survey (BTOS).9 The BTOS collects data biweekly 
and publishes estimates every other Thursday. It col-
lects information on a wide range of business condi-
tions. Among other topics, sampled companies are 
asked about their current performance and changes 
in revenue, employment, hours worked, location, 
operating status, supply-chain impacts, demand, and 
prices. The survey asks businesses about the previous 
two weeks and for a six-month projection.

Beginning in September 2023, the BTOS sample 
included all employer businesses (single and multi-
location) in the US, excluding a few North American 
Industry Classification System (NAICS) codes. During 
August 2023, the Census Bureau initiated an AI sup-
plement to the survey with several questions about 
current and future AI use and its effect on the busi-
ness’s workforce during the past six months and the 
next six months. However, the BTOS questions are 
fairly basic, keeping the response time for businesses 
to about 17 minutes. While this brevity is helpful in 
garnering high response rates, it cuts down on the 
level of detail that the survey respondents provide.

The Census Bureau’s Center for Economic Studies 
has been extending its Longitudinal Business Data-
base10 by matching additional datasets from vari-
ous sources. The center is developing experimental 
Business Dynamics Statistics (BDS) products using 
newly linked data. The basic BDS data measure the 
net change in employment at the establishment level. 
The new linked datasets are intended to provide  
additional public information about how firm charac-
teristics relate to employment flows.

The BDS-Innovative Firms data describe firms 
engaged in innovation. Currently available is the 
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Business Dynamics Statistics of US High Tech Indus-
tries (BDS-HT), an experimental data product11 that 
merges industry-level information on STEM occu-
pation intensity.12 According to the Census Bureau, 
the BDS-HT classifies industries as high-tech using 
the concentration of STEM occupation employment 
as described in a 2020 paper and a 2005 paper.13 To 
create this product, the Census Bureau used 11 years 
of data from the 2007–17 Economic Censuses and 
identified firms with at least five times the national 
average STEM employment in six of the 11 years. 
The industry list included 11 NAICS codes. Other 
data products, including experimental data prod-
ucts on patenting and trademarking, are under 
research using records from the US Patent and  
Trademark Office. 

While the Census Bureau has taken significant 
steps to create data products that measure the impact 
of technologies on business and employment, its  
work is tied to the five-year cycles of the Economic 
Census and NAICS code updates. This helps the 
bureau track changes over time and shift the 11-year 
window after each Economic Census.

Of course, the downsides of this gradual change 
are that it becomes hard to capture a rapidly chang-
ing environment in real time and that the sur-
veys rely on respondents’ cooperation. In the 
trade-off between changing the survey more rap-
idly and keeping it respondent friendly, the data 
collected may not be sufficiently detailed for some 
analyses. Moreover, continuing to create exper-
imental data products makes for slow and lim-
ited progress in measuring AI. The rate at which 
agencies can adapt their ongoing data collections 
and begin new ones that focus on technologi-
cal change is highly dependent on each agency’s 
resources, staff, and ability to innovate within the  
federal bureaucracy.

Conceptual and Empirical Gaps  
and Opportunities 

Some efforts to define the effect of AI on the economy 
and workforce while maintaining standardization 

across the FSS recall efforts to measure intellectual 
property during the early 2000s. There existed a 

widespread perception that IP, rather than “brick and 
mortar” and other physical assets have been a major 
force in the rapid growth of GDP [gross domestic 
product], productivity, and wealth that occurred 
during the 1990’s in the U.S. Among economists, 
for example, the recent productivity and growth 
accounting literature has been intensely focused on 
testing the hypothesis that much of the large unex-
plained quotient of long-term economic growth 
(total factor productivity) can be accounted for by 
better measurement of IP and other intangible assets 
that are regarded as components of “knowledge  
capital” inputs to industry production processes.14

Knowledge capital was divided into four categories 
in Intangibles: Management, Measurement, and Report-
ing and three categories in Measuring Capital in the 
New Economy, capturing tangibles and intangibles.15 
This work led to new classifications in the NAICS 
and North American Product Classification System 
(NAPCS). Examining this process could be helpful  
in devising a roadmap in the medium term for includ-
ing AI in the industry, product, and occupation classi-
fication systems if warranted. 

Another example of FSS research was the attempt 
by the Census Bureau and BEA to measure offshoring 
of manufacturing and define non-factory goods begin-
ning in 2010.16 “Factoryless” production was defined 
based on three main attributes: ownership of intel-
lectual property, ownership and control of finished 
products, and outsourcing transformation activities. 
Ownership of intellectual property was measured as 
R&D expenditures, number of patents, and number 
of trademarks. Ownership and sales of finished goods 
were measured as revenue. Incidence of borderless  
production arrangements was measured as imports, 
and incidence of “headquarter” activity encom-
passing strategic or organizational planning and 
decision-making activities was measured as employ-
ment in NAICS codes 54 and 55. Of importance  
was the location of the activities—especially the appli-
cation of IP in manufacturing overseas. The lessons 
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learned from this effort may help researchers and pol-
icymakers define and measure AI and develop a road-
map and use cases for it. 

An example of a more rapid way to drive experi-
mental data collection and analysis in the FSS is 
the Bureau of Economic Analysis (BEA) satellite 
accounts. The BEA defines satellite accounts as

supplemental accounts that expand the analytical 
capacity of the main system of accounts by focusing 
on a particular aspect of economic activity. Satellite 
accounts are linked to the main accounts but have 
greater flexibility in providing more detailed infor-
mation or in using alternative definitions, concepts, 
and accounting conventions.17

The BEA’s digital economy research is also an 
important avenue to explore, given the bureau’s  
experience and skills in developing new ways to mea-
sure the economy and workforce and its access to 
multiple data sources.18

A factor that could slow down researchers’ ability 
to correctly define and measure AI is that many of the 
Census Bureau’s microdata files are accessible to only 
a small number of them, paralleling the problems of 
limited access to IRS tax data. Creating linked data-
sets at the Census Bureau that can be accessed only 
through the cumbersome process of using a Federal 
Statistical Research Data Center (FSRDC) will ben-
efit the small number of researchers who are adept 
at using FSRDCs, but this approach will not further 
the goal of democratizing data by increasing access. 
Measuring AI’s effects on the economy and workforce 
will take many people with different perspectives and 
questions that drive public policy. Relying on a few 
statistical agencies to create new measures will not 
result in rapid advancement with broad acceptance 
of the data. It will also not meet the intent of the  
Evidence Act.

The Evidence Act seeks to harness the potential 
of evidence-based policymaking by institutionalizing 
key principles and practices, and it includes 11 rec-
ommendations from the Commission on Evidence- 
Based Policymaking.19 The act highlights the sig-
nificance of public transparency and accessibility, 

stressing the value of sharing evidence and data  
with the broader community.20 It demonstrates a 
commitment to enhancing data-driven governance 
and aligning governmental actions with empirically 
grounded insights.

The Evidence Act mandated the formation of a 
two-year Advisory Committee on Data for Evidence 
Building and charged it with giving recommendations 
to the director of the US Office of Management and 
Budget (OMB) on implementing the act, with a special 
focus on establishing a National Secure Data Service. 
This committee, composed of experts from inside and 
outside government in data analysis, privacy, and gov-
ernance, provided valuable guidance on how federal 
agencies could navigate the intricacies of data sharing 
and integration while upholding ethical standards and 
addressing privacy concerns. The advisory commit-
tee’s Year 2 Report, issued in October 2022,21 focused on 
expanding access to data for evidence building, facili-
tating data sharing, enabling data linkage, and devel-
oping privacy-preserving techniques. It also provided a 
vision for how the National Secure Data Service could 
offer coordination and capacity-building services. 
The report’s recommendations aimed to facilitate 
the secure exchange of sensitive data among federal  
agencies, researchers, and policymakers. 

Subtitle F, Section 10375 of the CHIPS and Sci-
ence Act of 2022 established a five-year demonstra-
tion project for the National Secure Data Service.22 
Congress charged NCSES with running the project to 
develop, refine, and test models for full implementa-
tion, according to the recommendations of the Com-
mission on Evidence-Based Policy and the Advisory 
Committee on Data for Evidence Building. NCSES 
has established America’s Data Hub Consortium23 

and has awarded some of the $9 million a year autho-
rized for the National Secure Data Service demon-
stration project to proposals advancing knowledge 
that could inform future implementation. Ameri-
ca’s Data Hub could be a vehicle for a record-linkage  
project that partners with statistical agencies, other 
levels of government, and academic institutions to 
research the economic impact of AI.

Title III of the Evidence Act updated the Confiden-
tial Information Protection and Statistical Efficiency 
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Act of 2002 (CIPSEA). Since 2002, the Census 
Bureau, BEA, and the Bureau of Labor Statistics have 
been authorized to significantly improve the nation’s 
economic statistics through sharing tax data that  
the Census Bureau has acquired from the IRS. How-
ever, the improvements have never been realized 
because the corresponding changes were not made 
in the IRS statues to enable this sharing. Although 
the Evidence Act provided an opportunity to change 
the IRS statute to enable CIPSEA to be imple-
mented, no such changes were included, indicating 
again that relying solely on the FSS to take the lead 
in developing AI metrics and creating accessible data 
products to inform public policy will be a slow, evo-
lutionary process that complements but can’t lead  
needed efforts.

The viability of state-level data sharing has been 
successfully demonstrated by the Midwest Consor-
tium, which has a strong governance structure and 
uses a secure platform to share sensitive data on edu-
cation, the workforce, and training, greatly increasing 
the data’s value to policymakers.24 Building multistate 
capacity for data sharing is important to supporting 
evidence-based policymaking. Paired with collabora-
tive data-sharing partnerships that already exist and 
have proved valuable, this capacity can be used to 
address the challenge of measuring AI. 

Another area to explore is the need for federal  
standards on collecting information on AI. The direc-
tor of OMB has delegated to the chief statistician of 
the US in the Executive Office of the President the 
authority to develop OMB standards for federal agen-
cies’ data collection. Thus, we have standards for 
geography through metropolitan and micropolitan 
statistical areas; race, ethnicity, and gender identifica-
tion; and NAICS and NAPCS codes.

While the OMB needs to issue these standards, 
it would be helpful early on to consider conduct-
ing collaborative, community-based research in a 
way that feeds into early standardization of terms. 
One serious barrier to combining data is a lack of 
standardization in how terms are defined. Many 
OMB standards arose after problems in inconsis-
tent data collections already existed. Developing 
standards informed by research on early use cases 

could significantly accelerate the efforts to assure 
high-quality data products.

Finally, research partnerships need to be expanded 
and encouraged, including in academics and all levels 
of government.

Short-, Medium-, and Long-Term  
Next Steps

To advance statistical measurement of AI’s effect 
on the nation’s economy and workforce, several 
actions need to be taken. These short-, medium-, and 
long-term steps, as laid out below, should be accom-
plished in a collaborative environment that engages 
the agencies and the user community.

Short-Term Steps

•	 Develop two or three use cases to explore AI 
measurement in the national economy and 
workforce. Identify vehicles for funding such 
research, which could use existing infrastruc-
ture such as Universities: Measuring the Impacts 
of Research on Innovation, Competitiveness, 
and Science; America’s Data Hub; and other 
National Science Foundation and philanthropic 
funding mechanisms.

•	 Engage with government policymakers to 
identify pressing needs for information that 
may inform the selection of the most valuable  
use cases. 

•	 Connect with the BEA about developing satellite 
accounts for AI.

Medium-Term Steps

•	 Engage in outreach and share results of use  
cases to attract collaborators and funding to 
continue the research. 

•	 Raise awareness among policymakers of the 
data’s availability. 
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•	 Explore with the Census Bureau and the Bureau 
of Labor Statistics how collaborative research 
can inform experimental data products being 
developed with survey and other data. 

•	 Explore with the chief statistician of the US 
the need for federal standards on AI statis-
tical data collection and how research could 
inform such standards, as well as changes to 
the NAICS and NAPCS and occupational codes.  
 

Long-Term Steps

•	 Continue to expand research with input from 
the broader community. 

•	 If feasible, continue to collaborate with the BEA 
on developing a satellite account for AI, coordi-
nating research results. 

•	 Create a blueprint from lessons learned and best 
practices for measuring AI that can be applied to 
other rapid changes in the economy and society.
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