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Executive Summary  

The emergence of artificial intelligence (AI) as a general-purpose technology is poised 
to transform work across a variety of industries and job roles. Previous waves of 
technological change mainly led to job displacement and wage pressures for blue-
collar workers while enhancing productivity and wages for white-collar workers. In 
contrast, AI’s impact could be more pervasive across all occupational categories, 
including knowledge workers and those with advanced education. Recent studies 
indicate that up to 80 percent of U.S. workers might have at least 10 percent of their 
work activities affected by large language models, with approximately 19 percent of 
workers potentially seeing half or more of their work activities impacted.  

The nature of this transformation depends largely on two factors: the degree to which 
AI can perform or enhance an occupation’s core tasks, and whether AI serves as a 
substitute for or complement to human workers. Occupations with high AI exposure 
but low complementarity face the greatest risk of disruption, highlighting the need for 
comprehensive retraining and upskilling initiatives. This situation is particularly critical 
given that technical skills now become outdated in less than five years, on average. 

Analysis of future workforce demands reveals the following trend: while technical 
skills remain important, accounting for about 27 percent of in-demand skills, the 
majority of crucial skills are nontechnical. Foundational skills (such as mathematics and 
active learning), social skills (including social perceptiveness and negotiation), and 
thinking skills (such as complex problem-solving and critical thinking) together make 
up nearly 58 percent of skills needed in growing occupations. This underscores the 
importance of developing a well-rounded workforce capable of adapting to 
technological change while maintaining strong interpersonal and analytical 
capabilities. 

The potentially far-reaching impact of AI across occupations, coupled with the likely 
accelerating pace of skill obsolescence, points to an increasing need for continuous 
retraining and upskilling opportunities throughout workers’ careers. This shifting 
landscape demands a critical examination of current workforce development 
infrastructure and its capacity to meet these emerging challenges at scale. 
Understanding which elements of the existing system can be effectively expanded and 
which barriers need to be addressed becomes crucial for developing responsive and 
resilient workforce training solutions. 

Community colleges emerge as pivotal institutions in addressing these challenges, 
particularly when integrated into robust regional ecosystems that include employers 
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and intermediaries. Recent federal initiatives, including $265 million in Strengthening 
Community Colleges Training Grants since 2021, demonstrate recognition of 
community colleges’ crucial role. Successful workforce development programs often 
combine traditional education with work-based learning opportunities, such as 
registered apprenticeships and career technical education (CTE). Several states have 
already begun implementing AI-specific CTE programs to prepare students for the 
evolving technical workforce. 

However, significant challenges persist in the current workforce development 
landscape. These include fragmented training systems, insufficient public funding, 
regulatory disincentives favoring capital investment over labor, and difficulties in 
scaling successful programs.  

While AI may be a source of workplace disruption requiring enhanced workforce 
training efforts, it also presents opportunities to address some of these systemic 
challenges in workforce development. The technology’s capabilities could help scale 
effective training solutions and make them more accessible and affordable, potentially 
bridging gaps in the current system. 

Specifically, these capabilities enable personalized learning experiences, rapid content 
delivery, and increased accessibility. AI tools can provide customized learning paths, 
instant feedback, and career guidance. However, implementation must be approached 
cautiously. Concerns include the potential erosion of interpersonal skills, trust and 
privacy issues, and the risk of exacerbating existing inequalities through algorithmic 
bias and unequal access. Research indicates that while AI tools can enhance 
productivity, overreliance on these tools may hinder genuine skill development and 
learning. 

Moving forward, successful workforce development will require a multifaceted 
approach: strengthening community college programs, expanding alternative career 
pathways, incorporating AI literacy into training initiatives, and ensuring equitable 
access to technology-enabled learning opportunities. This should be accompanied by 
careful consideration of how AI tools are integrated into training programs to maximize 
benefits while mitigating risks to skill development and learning outcomes. Further 
research is needed to understand how successful training solutions can be scaled 
across diverse regions and how AI training tools can be effectively deployed to serve 
diverse populations while supporting genuine skill development and learning. 



Center for Security and Emerging Technology | 3 

Table of Contents 

Executive Summary…………………………………………………………………………………………………………………1 

Introduction ............................................................................................................................................... 4 

1. The Potential Impact of AI in the Workforce ............................................................................. 6 

The Impact of AI on Skills and Occupations .............................................................................. 9 

2. Conversations with Subject Matter Experts ........................................................................... 13 

Where to Focus? .............................................................................................................................. 13 

What Challenges Remain? ........................................................................................................... 16 

3. The Role of AI in Workforce Training and Development ................................................... 20 

Personalization ................................................................................................................................. 20 

Speed................................................................................................................................................... 22 

Trust ..................................................................................................................................................... 22 

Accessibility ....................................................................................................................................... 23 

Engagement ...................................................................................................................................... 24 

Human Capital Development and Learning Outcomes ...................................................... 25 

Conclusion .............................................................................................................................................. 29 

Appendix 1. Title Determining In-Demand Skills...................................................................... 32 

Appendix 2. Skills Required for In-Demand Occupations ...................................................... 34 

Endnotes ................................................................................................................................................. 35 
 
 
 
 
 
 
 



Center for Security and Emerging Technology | 4 

Introduction 

Artificial intelligence (AI) has the potential to substantially increase productivity for the 
U.S. economy, in turn bolstering economic growth and overall living standards. At the 
same time, it may have the capacity to transform the nature of work across various 
industries, thereby significantly reshaping employment patterns and job roles. 
Research suggests that knowledge workers, typically shielded from technological 
disruption, may be significantly impacted by AI.1  

As a consequence, the rapid rise and integration of AI has sparked renewed 
discussions on workforce development, primarily driven by concerns over worker 
displacement. Moreover, it underscores the pressing need to cultivate a larger pool of 
skilled but economically resilient talent. In the context of these technological shifts, the 
United States also faces the challenges of low and declining labor force participation, a 
decentralized training system, and reduced federal support for training programs.2  

Against this backdrop, a new era of workforce development is emerging with renewed 
focus on skills-based learning programs. Both workers and employers are starting to 
shift away from traditional workforce on-ramps and embracing avenues for re-skilling 
and upskilling. Government agencies, employers, and educational institutions need to 
evaluate whether current workforce training and work-based learning programs are 
designed to maximize the country’s ability to reap the economic benefits of AI-driven 
productivity growth and ensure that these benefits are widely shared across the 
workforce. Achieving this requires a deep understanding of existing challenges, as well 
as identifying and scaling the key factors that drive successful workforce training. 

As AI is a fast-evolving technology, it is difficult to predict its ultimate impact on the 
workforce and the economy overall. Acknowledging that, this report aims to highlight 
some key considerations regarding the impact of AI on the workforce and its 
implications for workforce training.  

Section one provides an overview of the recent empirical evidence on the likely future 
impact of AI on occupations and skills. It illustrates how AI, as a general-purpose 
technology, has the potential to transform a wide variety of industries and occupations. 
While this transformation might make certain skills redundant, it will also create new 
demand, especially in cognitive and analytical fields. Notably, section one also 
underscores the increasing importance of social, foundational, and thinking skills. In 
order to minimize disruption and maximize productivity gains, it is essential to scale up 
efforts in upskilling and retraining workers, particularly those in jobs with high 
exposure but low complementarity to AI.  
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Section two discusses the implications of these impacts for the future of workforce 
development. As the current literature on this issue is still relatively new, we 
supplement research results with insights gained from two roundtable discussions we 
hosted with researchers and practitioners. Our findings indicate that community 
colleges are playing an important role in successful workforce training. Workforce 
training programs are particularly successful when leveraging targeted funding and 
community partnerships. However, challenges to scale effective workforce training 
programs persist due to fragmented systems, insufficient public funding, and varying 
engagement from employers. 

While AI may disrupt a variety of industries and occupations, it also holds the potential 
to support training and education. Hence, section three illustrates the role AI could 
play in addressing existing challenges in workforce training and improving efforts with 
regard to retraining and upskilling. One of the key advantages is the speed at which 
personalized training content can be delivered. AI technology enables the rapid 
creation of tailored learning materials, allowing workers to access relevant information 
and training modules almost instantaneously. Furthermore, AI tools enhance 
accessibility by providing personalized learning experiences that cater to diverse needs 
and learning styles. For instance, individuals can engage with content at their own 
pace, allowing those with different backgrounds or time constraints to participate more 
effectively. However, integrating AI tools in workforce training raises concerns about 
trust, the erosion of interpersonal skills, and the potential to exacerbate existing 
inequalities within the workforce. As AI tools become more prevalent, careful 
consideration must be given to their design and implementation to ensure equitable 
access and positive learning outcomes for all individuals. 
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1. The Potential Impact of AI in the Workforce 

Unlike industry-specific technologies, AI is poised to disrupt a broader range of skills 
and occupations, with important implications for workforce development and training.3 
This section takes a closer look at what sets AI’s impact on the workforce apart from 
previous waves of technological change. 

Similar to the steam engine, electricity, and semiconductors, AI could be considered a 
general-purpose technology.4 General-purpose technologies are characterized by the 
following three key attributes.5  

● Pervasiveness: the technology can be applied in numerous industries and 
sectors. 

● Technological dynamism: the technology experiences continuous improvements 
and advancements. 

● Capacity to generate complementary innovations: the technology leads to the 
development of new processes, products, or business models that further 
enhance its impact.6 

AI fits this definition well, as demonstrated by its transformative applications across 
sectors. In health care, physicians are using large language models (LLMs) to draft 
clinical notes and assist with diagnostic processes. In financial services, AI algorithms 
help detect fraudulent transactions and automate underwriting decisions. In 
manufacturing, computer vision systems enhance quality control, while predictive 
maintenance algorithms optimize equipment performance. In education, adaptive 
learning platforms personalize student instruction, and AI writing assistants provide 
targeted feedback. AI technologies are rapidly evolving, showing significant 
improvements in capabilities such as machine learning and natural language 
processing. Generative AI, in particular, has the potential to revolutionize areas such as 
content creation, automated design, and coding, showcasing the continuous 
technological dynamism of AI.7 Additionally, AI is a catalyst for complementary 
innovations, enabling advancements in fields such as data analytics, autonomous 
systems, and personalized medicine.8  

With respect to generative AI alone, recent research indicates that the speed of 
adoption of LLMs such as ChatGPT, Gemini, or Claude exceeds the pace of adoption of 
the personal computer and the internet.9 As of summer 2024, 39 percent of working-
age adults (18–64) reported using generative AI in their jobs. The potential labor 
market implications could be significant. Eloundou et al. (2023), for example, find that 
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80 percent of U.S. workers might have at least 10 percent of their work activities 
affected by LLMs, and a total of 19 percent of all workers have seen at least 50 
percent of their work activities impacted.10 Similarly, a recent study by the Council of 
Economic Advisers estimates that around 10 percent of the current workforce is 
potentially AI vulnerable.11 Analysis conducted by the Pew Research Center finds that 
around 19 percent of the U.S. workforce is most exposed to AI.12 At the global level, 
Goldman Sachs estimated that AI could automate 300 million of today’s jobs.13  

Even before the introduction of generative AI, advances in general AI and machine 
learning have impacted labor markets and skill requirements over the past decade. 
Using information from online job-post data between 2010 and 2018, Acemoglu et al. 
(2022) find that AI adoption at the firm level substantially changes the demand for 
skills in occupations exposed to the technology.14 Importantly, they point out that 
while AI is going to make certain skills redundant, it also generates demand for new 
skills.  

Previous waves of technological change primarily negatively impacted blue-collar jobs 
and occupations with lower educational requirements.15 The advent of AI, however, 
has shifted this dynamic, now anticipated to affect a broader range of professions, 
including those requiring higher levels of education and specialized skills.16 In fact, 
Felten et al. (2021) find that white-collar occupations appear to have the highest 
exposure to AI.17 As a result, AI’s potential impact is not confined to tasks and jobs 
with lower educational requirements and experience but extends to those that include 
cognitive and analytical activities. 18 

Ultimately, the effect of AI on workers depends on two components. First, how much 
of an occupation’s core tasks and required skills can potentially be performed or 
enhanced by AI? Second, is AI likely to substitute for or complement workers in specific 
roles? This helps identify which workers may need retraining and upskilling. 

The two dimensions important to assess the impact of AI on the workforce are 
illustrated in Figure 1 below, reproduced from Pizzinelli et al. (2023).19 Making use of 
the O*NET repository, a comprehensive database that provides detailed information 
about various occupations in the United States, the authors first construct a measure of 
occupational exposure to AI based on the jobs’ respective tasks. The level of 
occupational exposure is represented on the horizontal axis in Figure 1. Next, for each 
occupation in O*NET, the authors develop a measure of complementarity to AI, which 
is depicted on the vertical axis.  
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Occupations with relatively lower exposure to AI are located in the left two quadrants. 
These will likely experience very little disruption from AI, as their task composition is 
less suited for AI solutions.  

Occupations located in the upper-right quadrant exhibit a relatively high exposure to 
AI. At the same time, they also have a high level of complementarity. In other words, 
these occupations benefit from the technology. As a result, these occupations are likely 
to experience a boost in productivity as their tasks can be augmented by AI. 

Occupations in the lower-right quadrant, in contrast, have high exposure to and low 
complementarity with AI. In other words, these are occupations that will likely see a 
negative impact from technological change, including decreased labor demand, job 
displacement, wage pressure, and potential de-skilling as AI technologies take over 
core tasks. 

Figure 1. AI Exposure and Complementarity 

 
Source: Pizzinelli et al. (2023). 
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From a policy perspective, it is especially important to know which occupations have a 
high exposure to and low complementarity with AI, as these are the ones likely to 
experience the biggest adverse effects. To fully reap the benefits of the productivity-
enhancing effects of AI, it would be pertinent to provide these workers with 
opportunities for retraining and upskilling to increase their employability and earnings 
potential. 

The Impact of AI on Skills and Occupations 

Understanding the impact of AI on workforce training necessitates an examination of 
its effects on skills and occupations. Here, we explore how AI is transforming job roles 
and the skills required, providing a foundation for assessing its implications on 
workforce development. 

Given current technological developments, some scholars claim that a number of 
technical skills now tend to become outdated in less than five years on average, with 
some technology fields seeing this time frame reduced to just two and a half years.20 
This raises the question of which skills will become more important for workers in the 
foreseeable future. To explore this, we used occupational forecast data provided by the 
Bureau of Labor Statistics. Focusing only on those occupations for which demand is 
expected to grow over the next decade, we analyzed which skills are used most 
intensively in these occupations, applying information from the O*NET repository.21 
We can label these as in-demand skills. Figure 2 depicts the in-demand skills resulting 
from our analysis.  
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Figure 2. In-Demand Skills in Growing Occupations 

 
Source: Bureau of Labor Statistics and O*NET; authors’ calculations. 

It is noteworthy that a majority of the skills depicted in Figure 2 are not actually 
technical skills. This is illustrated in Figure 3, which breaks down the share of in-
demand skills using the O*NET typology. As is shown, technical skills make up around 
27 percent of those intensively used in in-demand occupations. These include, among 
others, operations analysis, quality control analysis, and technology design.  
Yet, Figure 3 also shows that foundational skills, social skills, and thinking skills 
together account for almost 58 percent of in-demand skills. A crucial example of 
thinking skills is judgment and decision-making, which, in order to be effectively 
executed, require a certain level of subject-matter expertise. Indeed, recent research 
corroborates that workers with deep subject-matter expertise are likely to benefit from 
AI.22  
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Figure 3. Percentage Shares of In-Demand Skills by O*NET Skills Category 

 

Source: Bureau of Labor Statistics and O*NET; authors’ calculations.  

O*NET defines foundational, or basic, skills as abilities that enhance learning and 
speed up the acquisition of knowledge. They include mathematics, active listening, 
active learning, and learning strategies. Social skills alone account for roughly 18 
percent of in-demand skills and include social perceptiveness, instructing, and 
negotiating. Thinking skills include complex problem-solving, critical thinking, and 
judgment and decision-making, among others.  

Our finding that foundational, social, and thinking skills are likely to be of increasing 
importance in the labor market is corroborated by other recent studies.23 Deming 
(2017) shows that the importance of social skills has grown since the early 2000s.24 
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Tripathi (2016) finds that jobs that are difficult to replace typically involve emotional 
and relational tasks, creativity, problem-solving, synthesis, and intelligent 
interpretation.25 The World Economic Forum’s “Future of Jobs Report 2023” states that 
complex problem-solving, analytical thinking, and creative thinking are among the 
most important cognitive skills. Empathy, active listening, and lifelong learning also 
rank among the top 10 core skills listed by employers.26 A recent study on the impact 
of technological change on vocational training curricula in Germany finds that digital 
and social skills have become more important over the past two decades.27  

The potential impact of AI on the demand for skills and the speed at which specific 
skills might become obsolete necessitates an evaluation of how well current workforce 
training programs can meet future retraining and upskilling needs. To assess how the 
current system addresses existing challenges and, where necessary, could be adapted 
to meet those posed by AI, we engaged in a series of discussions with subject matter 
experts across various fields. These conversations revealed key insights, which are 
presented in the following section. 
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2. Conversations with Subject Matter Experts 

While AI is not necessarily a new phenomenon, the rapid development, adoption, and 
deployment of AI models has sparked renewed concerns for the potential workforce 
displacement that has historically accompanied technological development. However, 
the nascent literature on this topic provides limited insight into how AI is or is not 
fundamentally changing the nature of labor demands and workforce training. If our 
economy and labor force is to see significant disruption or displacement from AI tools 
and services, is our workforce training infrastructure prepared to respond? To 
supplement this study, we organized two virtual roundtable discussions with a total of 
15 diverse participants representing industry, academia, nonprofits, and think tanks. 
Responses are aggregated and anonymized for research purposes. The goal of both 
roundtable discussions was to gain valuable insights from these practitioners 
regarding trends in the education system in the wake of AI and how workforce 
development might be affected.  

There were three guiding questions: 

(1) What currently works well in workforce training and has the potential to be 
scaled up? 

(2) What are the barriers/problems in workforce training that need to be addressed 
in the context of AI’s impact on the workforce? 

(3) What role could AI itself play in improving workforce training? Can you speak 
about barriers to access, large-scale implementation, and any cybersecurity and 
ethical concerns? 

Based on the general discussion, responses are aggregated into two themes: where to 
focus workforce development efforts and what challenges remain. Discussion on the 
first and second guiding questions is captured in this section, while a deeper discussion 
of the third question is largely the focus of the final section. 

Where to Focus? 

Community colleges and regional ecosystems. Roundtable participants highlighted 
that community colleges are the largest provider of workforce development services 
and programs yet still have enormous untapped potential. Community colleges offer 
accessible, affordable, and shorter educational programs to a wider variety of 
learners—in turn, these schools can more nimbly meet local and regional workforce 
needs and tailor their curriculum so that students gain practical and relevant skills. 
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This responsiveness enables a feedback loop between the educational system and the 
employer, creating a more responsive system to employer needs and wants, which 
participants note is important for success. The federal government has already taken 
steps to reinforce this feedback loop through the Strengthening Community Colleges 
Training Grants. Since 2021, this program has granted $265 million to community 
colleges to improve skill training and meet the demands of local labor markets.28 
Moreover, in April 2024, the Department of Labor announced the award of $65 million 
to support community colleges in expanding access to training and skill development 
for in-demand industries. The grants will benefit a total of 41 colleges across the 
United States.29  

Roundtable participants also noted that community college programming works best 
when it’s tied to sectoral training programs or regional ecosystems that include 
employers and intermediaries. Sectoral training programs bring together multiple 
entities, such as state agencies or local workforce boards, within a single industry to 
develop needed talent and support local employers.30 Empirical research suggests that 
these models are highly beneficial to job seekers and lead to better wage outcomes for 
workers.31 Sectoral programs also frequently provide job placement advising, 
workplace professionalism training, and short-term internships with local firms. These 
support services and partnerships with local employers can contribute to the 
programs’ long-term successes.32  

For example, job seekers who participated in sectoral programs such as Per Scholas 
and Project QUEST have seen their earnings rise by $5,000 or more per year, a trend 
that continues years after trainees leave the program.33 Students at Year Up, a program 
primarily for financial services and information technology careers, have seen an 
average 30 percent increase in their earnings over six years and were less impacted by 
the COVID-19 pandemic.34 Still, sectoral programs have low acceptance rates and 
often require students to meet certain skill requirements, such as having a high school 
degree or GED—factors that could contribute to the programs’ success rates.  

Work-based learning. Roundtable participants, researchers, and policymakers alike 
were optimistic about the potential for work-based learning and alternative 
educational pathways to offer learners and workers a viable on-ramp for retraining or 
upskilling. Work-based learning is a method of instruction that teaches students 
practical and tangible skills through real work experiences and may be combined with 
certifications earned following the completion of a program. Two examples of work-
based learning, apprenticeship and career technical education (CTE), are highlighted 
below. 
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According to the Department of Labor, registered apprenticeship (RA) is a useful 
mechanism for bringing workers without college degrees into the workforce through 
structured and hands-on learning.35 RA programs are approved and validated by the 
U.S. Department of Labor or a state apprenticeship agency. The value of an RA 
program sets it apart from other types of work-based learning. Apprentices earn 
progressive wages as their skills improve, receive worker protections and supervised 
instruction, and receive a nationally recognized credential following the completion of 
their program.36 On the other hand, the employer can mitigate skills gaps in their 
workforces while reaping the most benefit from their investment.37 

There was some concern among participants that the apprenticeship model is less 
attractive to employers and that tension exists between registered and unregistered 
apprenticeship programs. Existing research on apprenticeship efficacy often touches on 
ways programs could be improved or how funding streams might be updated. In 
contrast, there is less research concerning the viability of the apprenticeship model, 
especially for technical jobs. Essentially, until the apprenticeship model can be scaled 
to reach and serve more students, it will remain a relatively small on-ramp into the 
workforce in select areas. 

CTE is also gaining traction as training for entry into the skilled workforce. CTE 
programs are mostly optional courses that prepare students with technical knowledge, 
skills, and abilities related to specific occupations. Through these programs, students 
can gain industry-recognized certifications or earn college credit while potentially 
shortening their time to enter the workforce. CTE programs strengthen the connection 
between K–12, postsecondary, and workforce development systems, as they are 
offered at nearly every public school system in the United States.38 

AI-specific CTE programs are already taking shape. Over the last year, high schools in 
California, Florida, Georgia, and Maryland have started to design and implement AI-
specific CTE programs that prepare students to enter the technical workforce.39 For 
example, Florida’s statewide AI CTE program focuses on technical skill proficiency and 
competency-based applied learning of AI, and a Georgia high school’s CTE program 
first introduces students to programming, data science, math, and ethical reasoning 
skills and then teaches students how to design and test AI-powered solutions. 

Updating digital literacy. Additionally, there is a newfound pressure on the education 
system to quickly update digital skill competencies to include elements of AI and 
cybersecurity literacy. AI literacy can be tricky to define. Over the last year, a commonly 
accepted definition has emerged to include the knowledge, skills, and attitudes 
associated with how AI works and its principles, concepts, uses, limitations, and 
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implications.40 This also includes elements of data literacy, data management, and 
cybersecurity or privacy. Roundtable participants suggested that too much trust in or 
overreliance on AI-powered tools and technologies can be mitigated with such AI 
literacy skills. For example, a participant posed the idea of how a nurse using an AI-
powered note-taking scribe for recording conversations with patients will need to 
understand the tool’s limitations and not rely entirely on its ability to accurately 
capture the conversation with the patient. 

Research suggests that digital literacy holds the potential to enhance lifelong learning. 
Despite its importance, one-third of American workers lack sufficient digital literacy.41 
Given that more than 92 percent of jobs require digital skills, this significantly reduces 
economic mobility for these workers and hampers technology adoption and economic 
competitiveness.42 National efforts to provide all Americans with digital literacy are 
also underway. In July, Senators Mark Kelly (D-AZ) and Mike Rounds (R-SD) 
introduced a bill aimed at developing AI literacy and confidence for consumers and 
users of AI products, tools, and services.43 If passed, this bill would direct the secretary 
of commerce to develop a national consumer literacy strategy and accompanying 
media campaign to target all consumers, not just those currently enrolled in 
educational courses.  

However, the K–12 education system has been relatively agile in its responsiveness to 
equipping students with technological competencies. Over time, as new workers 
transition into the workforce, students who have already been exposed to digital 
literacy may help to close the divide. At least 32 states have statewide standards for 
digital learning that include topics like digital citizenship and computational thinking—
skills illustrated in Figure 2 that overlap with the emerging topic of AI literacy—which 
will enable learners to deconstruct problems, recognize patterns, and think critically 
about solutions.44 Additionally, at least 60 percent of U.S. high schools offer at least 
one foundational computer science course, with 11 states requiring completion of 
computer science for graduation.45 

What Challenges Remain? 

Similar to the decentralized education system, workforce training systems in the United 
States are fragmented. This has both pros and cons. Decentralization allows for 
greater experimentation and flexibility but is difficult to assess, compare, or scale due 
to factors such as significant regional differences, uneven funding, variations in 
governance structures, and resource allocation. 
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Lack of public funding. Roundtable participants largely agreed that federal funding for 
workforce development must increase and pointed to the Workforce Innovation and 
Opportunity Act, suggesting that more investment is needed but should be targeted 
toward programs with demonstrable success or proven scalability.46 The WIOA was 
signed into law in 2014 and is designed to increase access to employment, education, 
training, and support services for job seekers. It was the first legislative reform of the 
public workforce system since 1998.47 

Others argue that WIOA requires reform. Research shared during the roundtable 
highlighted that WIOA-funded training programs have a mixed record of connecting 
students to living-wage jobs.48 Additionally, there are concerns that community 
colleges and workforce development ecosystems face an uncertain funding 
environment, as public funding for workforce development is uneven across sectors 
and smaller compared to traditional higher education.49 There is also a broader concern 
that a lack of good data on these programs—including their efficacy, funding, and 
outcomes—makes it difficult to properly compare and assess programs. 

In April 2024, the U.S. House of Representatives introduced a bill to amend and 
reauthorize WIOA, which is the main source of federal funding for states and local 
communities to provide workforce development services and job training.50 Updates to 
the WIOA include a requirement that at least half of the direct funding must be used 
for skills training and work-based learning opportunities, and some funding may be 
used for administrative purposes such as wraparound services. However, it is 
important to note that training funding is not necessarily equal to training quality.51 

Sectoral programs, on the other hand, are considered effective but are difficult to scale 
up. Year Up, for example, is a one-year, full-time program that trains young adults (age 
18 to 24) from low-income backgrounds for jobs in high-demand professions, usually 
financial services and information technology. Year Up has educated over 45,000 
students in 24 years and now has about 30 campuses across the United States. 
However, the cost of educating a Year Up participant in 2021 was about $28,000.52  

Another long-standing program, Per Scholas, has trained over 25,000 low-income 
adults for high-demand tech careers in 20 locations across the country. In 2019, Per 
Scholas’ cost per participant per course was $7,500, and currently the program offers 
up to $15,000 of free training per learner.53 Tuition for Per Scholas and Year Up 
participants is free. Funding largely comes from employers that work with the 
programs to hire graduates, grants from foundations, and private donations.54 In 
contrast, the average cost of training a participant through WIOA was just $1,854 in 
2019, and WIOA training vouchers generally have upper limits ranging from $5,000 to 
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$10,000.55 To mitigate these scaling challenges, Year Up has begun to provide virtual 
training and is partnering with community colleges to reach more participants. 

Regulatory disincentives and insufficient employer engagement. Insufficient 
employer engagement can prevent the creation of a successful workforce training 
ecosystem.56 Training programs work best when the ecosystem parts—the academic 
institutions and the companies—are working in harmony. However, participants noted 
that this is not always the case. For example, ongoing CSET research indicates that 
employers are less interested in apprenticeship programs. One reason is that 
employers might be reluctant to invest in retraining existing employees out of concern 
that competing companies will hire this talent. Another is that companies are 
disincentivized by the administrative burden of committing to an apprenticeship 
program.57 

Additionally, U.S. tax policy favors capital investment over labor, meaning businesses 
often find it more cost-effective to invest in machines rather than human workers. This 
is primarily because equipment and software investments benefit from lower tax rates 
(sometimes as low as 5 percent) due to generous depreciation allowances. In contrast, 
labor incurs much higher tax burdens, with payroll and income taxes exceeding 25 
percent.58  

Challenges of age diversity, varied backgrounds, and large cohorts. As a few 
roundtable participants pointed out, learner diversity with respect to age, abilities, and 
proficiencies can be an additional challenge for those looking to re-skill or upskill their 
employees. Employees differing significantly in age might bring varying levels of 
technological proficiency and learning styles. This can make it difficult to implement a 
one-size-fits-all approach, potentially increasing the cost of training. These challenges 
can be compounded in cases where a large cohort of employees requires retraining or 
upskilling.  

In the academic context, accurate and comprehensive data collection for noncredit 
students remains a challenge. This makes it difficult for colleges to determine the 
effectiveness of the workforce training programs and for students to transfer the credit 
should they decide to pursue a degree later or more advanced certification later.59 
Additionally, noncredit programs are often ineligible for state and federal funding, 
potentially decreasing the accessibility of these programs.60  

Some evidence also suggests that community colleges must significantly reform 
certification and associate’s degree programs to meet labor market demands. In 2024, 
Georgetown University’s Center on Education and the Workforce (CEW) reported that 
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education and training in communities are often misaligned with local labor demands. 
This trend is particularly prevalent in middle-skills certifications (above a high school 
degree but below a bachelor’s), which community colleges play a large role in 
providing. CEW’s research found that at least 50 percent of middle-skill credentials 
would need to be granted in different fields of study to meet projected labor demands 
through 2031.61  

One potential way to address this problem would be to increase short-term re-skilling 
programs. These programs could offer flexibility for adults with full-time jobs, children, 
and years of workforce experience. Virginia’s FastForward program was designed for 
such adult learners, offering six-to-12-week re-skilling and upskilling courses at 
community colleges. By 2026, Virginia is expected to have a middle-skills gap of 2.6 
million, which this program aims to close.62 Since 2016, FastForward has granted over 
52,000 credentials, and students have seen an average increase of over $11,000 in 
wages, according to FastForward’s data.63 Another analysis of this same program 
argues that the increase in average earnings is only $4,000.64 
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3. The Role of AI in Workforce Training and Development 

In addition to the existing workforce development infrastructure discussed above, AI 
has the potential to support improvements in workforce training and work-based 
learning. With recent developments in generative AI, an expansive array of use cases is 
possible. That said, any implementation must be executed with caution and careful 
consideration.  

Already, several industries have adopted AI tools to train new workers and provide 
existing employees with upskilling and re-skilling opportunities. For instance, 
manufacturing industries rely on virtual reality simulations (a technology sometimes 
built with AI) to train employees for the floor, ensuring their safety from dangerous 
machinery until they are ready to operate it in real time.65 Other platforms allow 
aspiring programmers to practice their coding skills with automated feedback.66 
Research efforts have developed a suite of tools that work in tandem to augment 
online learning.67 And AI career and job-searching tools have exploded in their 
accessibility and performance. These initiatives, and many more, are already changing 
the nature of workforce development and will only continue to accelerate in their 
impact. However, the widespread adoption of many AI tools could lead to an erosion of 
interpersonal skills, trust and privacy concerns, and an amplification of existing 
inequalities fueled by algorithmic bias and inequitable access. Below, we explore the 
key dimensions through which AI alters workforce development. 

Personalization 

AI tools personalize workforce training by improving two key dimensions: knowledge 
tracing and career development. Tools can help instructors trace a student’s existing 
knowledge base, attuning them to the student’s strengths and weaknesses. Then, once 
tools gain an understanding of the student’s baseline, the AI can generate and 
recommend content, coursework, and career road maps that best align with the user’s 
interests. In this section, we explore how personalization can potentially improve these 
aspects of workforce training. 

First, AI tools can automate knowledge tracing for instructors. In a traditional 
classroom setting, instructors often struggle to modulate their lesson plans to fit the 
various backgrounds and knowledge bases of their students. With time and planning 
constraints, instructors do not often have the bandwidth to personalize their lessons 
for the needs of every student. They may rely on feedback from short quizzes at the 
end of a lesson or other diagnostic mechanisms to assess students’ learning. Still, it is 
impossible to ask an instructor to adapt their lessons for each student, and the rise of 
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large, virtual classrooms renders this task even more difficult. The diversity of student 
backgrounds and preparation is also a major challenge in community colleges. 

AI tools can support and simplify this process by highlighting differences in the 
knowledge base among participants. Akin to a teacher in a classroom who must be 
attentive to the varying knowledge base of each student, AI tools can personalize the 
process for the online learning world, where students often enroll in a one-size-fits-all 
course that does not modulate content for each student and has limited or no 
interaction with an instructor. One example of this is the National AI Institute for Adult 
Learning and Online Education (AI-ALOE)’s SMART tool, which models students’ 
understanding by generating a concept map of a textbook reading and compares it 
with a student’s summary of the same section. The tool then uses the differences 
between the student’s summary and an expert concept map to identify knowledge 
gaps and generate personalized feedback for the student. This lightens an instructor’s 
workload by modulating the learning content to fit each student’s needs and 
automatically scaffolding the lesson for the student.  

Furthermore, knowledge tracing can greatly benefit on-the-job training, which often 
needs to occur quickly to accommodate the rapid nature of frontline, customer-facing 
work. Managers in charge of training many new workers across different shifts and 
time periods may not always have the bandwidth to modulate their instructions to 
each worker. AI tools can support the customization of course modules to meet 
employees’ existing skill levels and fill skill gaps based on the previous shift’s 
answers, delivering quick, personalized content. AI can use this data to predict 
potential problems employees might face and provide help based on the company’s 
culture and requirements. It can take into account a business’s procedures, the 
worker’s behavior, and potential issues the worker might face to provide individualized 
knowledge in real time.68 By tracing the existing knowledge of learners and 
recommending relevant content that addresses practice areas, this wide array of 
upcoming AI tools personalizes the workforce training experience. 

In addition to knowledge tracing, AI tools can generate personalized learning content 
calibrated to a learner’s career interests and aspirations. Some tools employ natural 
language to chat with users about their career goals and desired skills, using the 
insights gleaned from the conversation to recommend personalized coursework, skill 
assessments, and hands-on labs.69 Individuals seeking new employment can use AI 
tools to generate career and job recommendations based on their interests and 
existing skill sets. Some tools can match job seekers to local employers and use 
predictive models to forecast which skills will be most in demand in local labor 
markets.70 As such, AI can help users gain greater clarity about their careers, turning 
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passion into attainable pathways and resources, and recommend and generate 
personalized content to help users achieve those goals. These tools could potentially 
connect users with existing workforce development opportunities while inspiring 
students to plan their next steps. 

Speed 

The ability to deliver personalized content is only possible due to the near instant 
content-generating capabilities of AI.71 This saves instructors time previously spent 
creating instructional materials, and the content itself is tailored and rapidly adjustable 
to each student’s needs. As students’ learning diverges across lessons into varying 
patterns of understanding, AI tools can quickly provide the training necessary at each 
step of the way.  

The speed at which AI can generate customized materials allows for just-in-time 
learning that accommodates busy schedules. Current tools can atomize learning by 
generating short daily lessons. For example, Axonify’s AI generates under-10-minute 
lessons for frontline workers to complete at the beginning of a shift. The micro-
learning model is made possible by AI’s ability to quickly adapt to the worker’s past 
performance and create a personalized daily lesson.  

Real-time feedback can enhance and improve workplace training.72 In light of these 
possibilities, the Defense Advanced Research Projects Agency (DARPA), the 
Department of Defense’s research and development (R&D) arm, has funded a 
competition to create AI tools for adult learning in high-demand technical fields.73 The 
competition responds to concerns set forth by the 2023 National Defense Science and 
Technology Strategy, which calls for updating workforce training to maintain U.S. 
strategic advantage in science and technology innovation.74 DARPA’s contest, called 
Building an Adaptive and Competitive Workforce, supports products that leverage AI 
to deliver self-paced, personalized learning, aiming to reach a wide audience at a low 
cost. Most of the programs focus on tech skills such as cybersecurity, AI, and data 
science, but some products branch into other high-need fields, including manufacturing 
and HVAC workforce training.75 

Trust 

Part of what makes generative AI unique is that it is not only a tool for learning but a 
source of knowledge itself.76 Concerns remain about the trust and accuracy of the 
generated information, and researchers have demonstrated that these tools can 
fabricate information.77 As developers build AI tools for workforce training, it is 
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important to ensure that they are safeguarded with additional checking procedures.78 
One possible framework is retrieval-augmented generation, which enhances model-
generated output with information from a searchable database, like the internet or a 
proprietary dataset, so results do not rely solely on the training data. This prevents 
hallucinations and incorporates updated information into results.79 In addition, 
developers can build trust by disclosing where their data is from and by demonstrating 
compliance with the ethical standards laid out in the Institute of Internal Auditors’ AI 
Auditing Framework. They can also increase the interpretability of generated content 
by showing how models arrived at a solution. Additionally, our roundtable participants 
emphasized the importance of deploying AI tools with proper AI literacy training.  

Accessibility 

AI provides access to one crucial resource: time. The speed and flexibility of AI-
powered training allow workers to have more time to focus on other aspects of their 
lives. Here, the converse is also true. Instructors who delegate some tasks to AI tutors 
have more time to foster relationships with their students, increasing students’ access 
to the instructor and the instructor’s knowledge.80  

Perhaps the greatest impact that AI tools could have on workforce training is by 
increasing access to social capital and knowledge. AI’s ability to quickly generate 
massive amounts of learning content at a large scale tailored to an individual’s needs 
lowers costs and lightens instructors’ loads. In tandem with the increase of accessible, 
high-quality learning, career-navigating tools empower learners with visions of a 
different future and guidance for how to achieve it. Previously, mentorship, role 
models, and a professional network provided individuals with the social capital to 
envision and navigate their future, creating a resource gap between different 
populations.81 AI’s ability to pave a personalized career path may offer disenfranchised 
individuals the opportunity to see beyond their circumstances and explore new 
possibilities. 

While AI has the potential to provide greater access, it’s important to critically examine 
whether these benefits are truly enjoyed by everyone. If people do not have fair and 
equal access to the tools, then AI could potentially exacerbate existing inequalities by 
only optimizing the workforce training and development experience for certain groups 
while excluding marginalized populations. 

In principle, AI’s ability to provide job and career navigation has the potential to aid 
many people who may not otherwise have the resources to know how to proceed. For 
instance, an AI-powered tool by Jobs for the Future and McKinsey & Company is 
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tailored for job seekers who may have in-demand skills and experience but lack a four-
year degree and earn less than $42,000 a year. This job transition tool provides career 
pathways based on workers’ résumés and existing roles, identifying target occupations 
that could transition them into higher-paying work.82 In this case, AI is employed to 
help workers envision a way to greater prosperity, providing them with the information 
that they may not have. 

However, it is important to note that these career-building tools have significant 
limitations. Marginalized populations, for example, could become edge cases for these 
models, which are not robust enough to handle cases with low-quality (or little) 
training data. Upwardly Global, a nonprofit organization that helps refugees and 
immigrants restart their careers in the United States, found that 35 percent of 
education credentials and 20 percent of work experience credentials on refugee and 
immigrant résumés were misidentified by an AI-powered career navigation tool. For 
example, when given the résumé of an Italian PhD with eight years of experience in 
education technology, the tool listed “folding bed linens” and “vacuum cleaning” as top 
skills, and an Afghan refugee with 12 years of experience as a military pilot and a civil 
engineering degree received zero relevant recommendations. This echoes a Stanford 
University study that found that AI tools misidentified 98 percent of essays written by 
non-native English speakers as generated by Chat GPT while only misidentifying 10 
percent of native speakers’ essays as machine authored. Given these current 
limitations, AI career-building tools could exacerbate existing inequalities in hiring and 
job access. As these tools are more frequently deployed and used, they need to be 
developed with an inclusive approach in mind. This will ensure that they also serve the 
most vulnerable and underrepresented groups.  

Engagement 

Previous research finds that online learning leads to lower retention rates and worse 
student performance.83 Lack of face-to-face instruction and in-class time results in 
lower test scores and knowledge acquisition.84 As learning environments become more 
digitized with the rapid adoption of AI tools, learner engagement is both impeded and 
improved in several important ways. In some instances, AI tools have the potential to 
facilitate more interactive learning. In others, they may lead to a decrease in knowledge 
acquisition. The following discussion outlines how AI tools affect engagement in two 
key ways: the interactive and the social. Additionally, we examine how AI tools have 
affected learning outcomes. 

It is challenging to make broad claims about AI’s ability to increase engagement when 
there are many different tools. However, some studies suggest that AI’s personalized 
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feedback increases learning engagement.85 This is especially true for distance learning, 
where AI chatbots can make learning more interactive.86 Additionally, because AI can 
adapt as learners become more skilled, some studies suggest that AI has the potential 
to encourage lifelong learning.87 AI tools can leverage engagement tactics such as 
prompting students to answer questions as they read a text or making the learning 
into a game. Whether gamifying learning increases engagement can depend on the 
student’s disposition, as studies in the young adult education field have shown. 
Students who are more introverted and less open sometimes benefit more from 
gamification.88 On the other hand, one experiment in gamification at the accounting 
firm KPMG found greater performance improvements among workers who were 
already more engaged with their jobs to begin with.89 

Digital learning is often an isolating experience with little social interaction. Yet, just as 
AI tools have the potential to further exacerbate loneliness, they may also provide an 
antidote. For instance, the AI-ALOE project created SAMI (Social Agent-Mediated 
Interaction), a tool that uses natural language processing and AI to connect virtual 
classmates. Using introduction posts on the class forum, SAMI parses out students’ 
interests, identities, and learning styles to offer each student recommendations for 
whom to reach out to. With AI tools, online workforce training can become an 
opportunity for potential connection, offsetting the isolation of the virtual, 
asynchronous online environment. We cannot yet measure the success of SAMI and 
similar tools, as these technologies have not been deployed at a large scale. 

Human Capital Development and Learning Outcomes 

The aim of personalizing learning is to boost student engagement, which, in turn, is 
intended to enhance the acquisition of skills and knowledge. As organizations 
incorporate AI tools into their training protocols, we can begin to evaluate how well 
these tools promote learning. While research in this area is still nascent and many of 
the tools presented in this paper have not been deployed at a wide scale, emerging 
research does exist on the outcomes of AI-assisted learning. 

Early studies have shown that incorporating AI tools into tasks spurs on-the-job 
learning. In a study by Brynjolfsson, Li, and Raymond (2023), researchers paired 5,000 
customer service agents at a large software company with an AI tool that provided 
response recommendations to customer chats. While the tool did little to increase the 
performance of seasoned and highly skilled workers, it increased the productivity of 
novice and low-skilled workers by 34 percent.90 Though Brynjolfsson, Li, and 
Raymond’s result is widely cited as evidence that AI tools can not only aid but also 
teach the workforce, we must be cautious about generalizing their conclusions. Their 
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study did not account for key confounding factors, such as the worker’s experience 
level, which may have influenced the results. It is possible that the improved 
performance observed was not the result of AI, as attributed, but of the natural rapid 
improvement of new workers at the beginning of their tenure. Experienced agents who 
do not need to learn the ropes of the job and already have a steady modus operandi 
would not necessarily see a large leap in their performance. As a result, we cannot 
attribute the improved performance to AI when it could be due to the natural learning 
curve of employees.91  

Competing studies have shown that AI tools benefit more experienced and skilled 
workers, suggesting that the technology does not teach workers with skills gaps but 
augments the performance of workers with expert knowledge. A 2024 study at a 
telemarketing company by Jia et al. concluded that the technology enhanced the 
creativity of higher-skilled workers but made limited improvements in the performance 
of lower-skilled workers.92 Another recent study comes to similar conclusions, finding 
that the output of top scientists in the R&D lab of a material sciences firm nearly 
doubled with the assistance of AI-powered materials-discovery technology, while the 
bottom third of scientists saw little benefit.93 The inability of lower-skilled workers to 
improve their performance implies that AI cannot train these workers with new skills. 
This skills bias of AI tools could potentially lead to greater performance gaps between 
low- and high-skilled workers if organizations do not invest in training their low-skilled 
employees.  

Furthermore, as we evaluate the effectiveness of AI tools, we must be wary of 
equating productivity with learning. Even if workers may appear to perform better, as 
they did in the Brynjolfsson study, this does not imply that they have learned the skills 
of the job properly and can operate without the assistance of AI. While AI tools might 
support on-the-job training, they can also contribute to cognitive automation and the 
erosion of crucial skills.94 As Rinta-Kahila et al. found in a case study at an accounting 
firm, workers became reliant on software that automated most of their tasks. This led 
to them having a weaker understanding of their work and an inability to perform tasks 
without the assistance of automation. Analogously, a 2024 study by Bastani et al. 
demonstrates how the overreliance on automation among students leads to poorer 
learning outcomes. In that experiment, researchers asked one group of high school 
math students to use ChatGPT to help with their homework questions and another to 
use a GPT-based tutoring system. While students using ChatGPT answered questions 
more correctly on their practice problems, their performance was 17 percent worse on 
the final exam than students who never had access to the tool.95  
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This process of automation could additionally lead to skill erosion. In the above-
mentioned study where an AI-powered materials-discovery tool was introduced to 
material scientists, adopting the tool led to lower job satisfaction. Scientists 
complained that their skills were underutilized and that their work became less 
creative and more repetitive.96 Hence, as AI becomes more widespread, it could lead to 
workers regressing in their expertise. However, more specialized tools that guide 
rather than generate thinking can potentially be an effective training mechanism. The 
Rinta-Kahila study also observed that students using the GPT-based tutoring system 
performed just as well as traditional students on the exam, implying that they were 
able to grasp the material with an AI-based tutor. All of this reveals that the type of 
interaction users have with AI can greatly affect learning outcomes. While an 
overreliance on generative AI tools can inhibit learning and erode existing knowledge, 
a more moderate, tutor-based approach could increase learning outcomes.  

An overreliance on AI not only risks eroding technical skills but also puts soft skills in 
jeopardy. As one of our roundtable participants described, students are often reluctant 
to ask questions in class for fear of being perceived as unintelligent. AI allows students 
to ask their questions to the tool and circumvent any social anxiety. Our participant 
framed this as a learning improvement, but such a phenomenon could erode or inhibit 
important skills such as taking risks, articulating ideas, navigating a mentor-mentee 
relationship, and communicating with other people. Learning to ask questions, being 
comfortable with the unknown, and facing classroom anxieties are all important 
aspects of a student’s confidence building and development that may be 
underexercised with an overreliance on AI.97 Though there is an argument that 
interacting positively with AI tutors will translate to improved relationships with 
instructors and peers, we do not have any concrete evidence for how AI will build 
these soft skills. As we discussed in section one of this paper, while the demand for 
soft skills is expected to grow, there is concern that AI training tools could potentially 
undermine the development of these crucial abilities.  

Nevertheless, AI could offer one solution to its own problem by providing tools to train 
soft skills. Some platforms offer soft-skill training courses by simulating social 
interactions with instant natural language responses. In mixed and virtual reality 
simulations of situations such as job interviews, sales pitches, talks, and one-on-one 
interactions, users interact with avatars who react and converse in real time, training 
their ability to hold difficult conversations and navigate group discussions.98 Other 
programs focus on networking, body language, and leadership communication. In 
these early stages of research, whether an AI-powered tool that teaches soft skills is a 
sufficient proxy for authentic human interaction remains unknown. Still, perhaps these 
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tools are only necessary in an environment where soft skills are heavily eroded by 
technological isolation, a stop-gap measure to a self-inflicted problem whose only 
solution is real social interaction.99 As AI tools become more prevalent in workforce 
training, they must guide workers in their learning, not generate outcomes for them. 
Only with this approach can skills be taught instead of eroded. 
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Conclusion 

AI, as a general-purpose technology, may have the capacity to transform a wide range 
of industries and occupations. This potentially broad impact underscores the need for 
comprehensive and adaptive workforce development strategies. While AI is a fast-
evolving technology and its ultimate impact on the workforce is still rather speculative, 
it is prudent to evaluate the implications for workforce training and lifelong learning. 
This is especially critical given the accelerated pace at which AI is likely to render 
certain skills obsolete. 

As this report highlights, community colleges play a crucial role in workforce 
development, and best outcomes are achieved when they are embedded in a strong 
regional ecosystem that includes employers, intermediaries, and sufficient wraparound 
services. Efforts around workforce training should include alternative career pathways, 
such as apprenticeships and CTE programs, as well as a stronger move toward skills-
based hiring. Moreover, bridging the digital divide in the workforce is imperative. This 
requires a concerted effort to enhance digital skills education and incorporate AI 
literacy into training initiatives. 

The latter is specifically important as AI tools might become more prevalent in training 
and education. AI technologies enable personalization of learning experiences, rapid 
delivery of tailored content, increased accessibility of training resources, and enhanced 
engagement through interactive learning tools. These capabilities have the potential to 
make training more effective, efficient, and accessible to a wider range of learners. 
However, the implementation of AI in workforce training also raises important 
concerns. These include issues of trust and safety related to AI-generated content, the 
potential exacerbation of existing inequalities due to unequal access to AI tools, the 
risk of eroding interpersonal and soft skills, and the possibility that overreliance on AI 
could hinder genuine learning and skill development. These concerns underscore the 
need for careful and ethical implementation of AI in training contexts. 

Finally, our report highlights a few knowledge gaps that warrant further research to 
support viable policy solutions. First, exploring how successful training solutions and 
ecosystems can be scaled and replicated across diverse regions is essential. This 
involves identifying the key factors that facilitate such expansion, including 
infrastructure, stakeholder engagement, and contextual adaptability. Second, it is 
important to further our understanding of how AI training tools should be developed 
and deployed to maximize their effectiveness for diverse target audiences. This 
involves exploring the specific needs and contexts of these audiences to ensure that 
the tools are both accessible and impactful. Finally, assessing the ultimate impact of AI 
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on the workforce necessitates comprehensive research into its long-term effects on job 
roles, skills, and industry dynamics. By addressing these themes, future research can 
better inform strategies that harness AI’s potential while mitigating its challenges, 
ultimately leading to more effective and equitable workforce training outcomes.  
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Appendix 1. Determining In-Demand Skills 

The following describes our approach to determining in-demand skills as depicted in 
Figures 2 and 3. Our analysis focuses on skills prevalent in growing occupations rather 
than economy-wide skill trends because this approach better captures forward-looking 
workforce needs. While analyzing skill-demand changes across all occupations can 
reveal broad technological and organizational shifts, the data may include skills that 
are increasingly required in declining occupations—a potentially misleading signal for 
workforce planning. By focusing on growing occupations, we better align our skills 
analysis with future labor market opportunities and can more effectively guide 
workforce development investments. 

In a first step, we use occupational projection data from 2022 to 2032 provided by the 
Bureau of Labor Statistics, keeping only those occupations that display a positive 
growth rate over this decade.  

Next, we extract the skill composition for each of these occupations from O*NET. 
O*NET assigns both an importance measure and a level measure for each skill by 
occupation. More specifically, skills are assigned importance ratings on a scale from 1 
to 5, with 1 indicating that the skill is not essential for the occupation and 5 signifying 
that it is crucial. If a skill receives a rating of 2 or higher, a corresponding level rating, 
ranging from 1 to 7, is assigned. This level rating assesses the complexity required for 
executing the skill within the occupation. 

For each skill by occupation we then calculate the average value of importance and 
level. Next, following Alabdulkareem et al. (2018), we calculate the location quotient 
for each skill by occupation.100 Applied in a variety of cases in economics, the LQ is a 
measure to evaluate the concentration of a particular subject of analysis in a specific 
area compared to a larger reference area, such as the national level. This can include 
an industry, an employment category, or a specific skill. An LQ greater than 1 suggests 
a higher concentration, which can imply that the area may be a hub for that subject, 
while an LQ less than 1 indicates a lower concentration. 

Applying this concept to skills by occupation using the information from O*NET, we 
calculate the LQ as follows: 
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Where: 

• LQO,S = Location quotient for skill s in occupation O 

• SO,s = Skill s in occupation O 

• ∑SO = Sum of all skills for occupation O 

• ∑Ss = Sum of skills s across all occupations 

• ∑S = Sum of all skills across all occupations 

An LQ > 1 indicates that skill s is more concentrated in occupation O than in the overall 
workforce. 

An LQ < 1 indicates that skill s is less concentrated in occupation O than in the overall 
workforce. 

An LQ = 1 indicates that skill s is equally concentrated in occupation O as in the overall 
workforce.  

Having calculated the LQs for each skill in the growth occupations, we then filter for 
those with an LQ>1. These are the skills depicted in Figures 2 and 3.  
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Appendix 2. Skills Required for In-Demand Occupations 

 
Source: Authors’ calculations.  
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