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Executive Summary 

Assessing the artificial intelligence workforce is critical for developing effective training 
pipelines and policy. Assessment requires reliable measures of AI talent demand and 
supply. Most existing methodologies adopt an occupation- or skills-based approach to 
identify the AI workforce, both of which can overestimate the size of the AI workforce 
as they blur together three different labor markets: (1) people building AI systems, (2) 
people adopting AI tools in other roles, and (3) workers whose tasks are exposed to 
AI-enabled change. In this report, we apply a more precise definition of the AI 
development workforce to assess the U.S. demand and supply of people who design, 
train, fine-tune, scale, and deploy AI systems. 

We define AI development jobs as roles that require specialized knowledge, skills, and 
abilities and directly contribute to the technical development of AI systems.1 Using this 
definition, we developed a machine learning (ML) classifier that identifies AI 
development roles in job postings data. We ran our classifier over a dataset of U.S. job 
postings from January 2010 to February 2026 to estimate the demand for AI 
development roles. We then estimated the size of the AI development workforce using 
a dataset of U.S. employee profiles. We found:  

● Approximately 1.6 million AI development job postings in the United States 
since 2010, including 331,445 postings in 2025.  

● Approximately 519,000 AI development workers in the United States as of 
March 2026. 

● AI development roles are a small portion of the total U.S. workforce, accounting 
for less than 1% of both total labor demand and employment.  

● AI development is concentrated in highly technical occupations, although 
among these occupations the proportion of roles that directly support AI 
development varies widely.  

These estimates are substantially smaller than previous counts of the AI workforce 
because we disaggregated AI development roles from the broader workforce adopting 
AI tools in other roles and workers whose tasks are exposed to AI-enabled change. 
The technical workforce that develops AI systems is smaller and more specialized than 
previously understood. Our future publications and talent tracking tool, PATHWISE, 
will incorporate our AI development jobs definition and provide an empirical basis on 
which to develop workforce and education policy recommendations to bolster the AI 
workforce.  

https://pathwise.eto.tech/
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Introduction 

The AI workforce is foundational to crafting any comprehensive national AI strategy. 
Governments design policy to grow it, companies compete for it, and researchers track 
it to gauge national capacity. Given its importance to national competitiveness and 
effective workforce development, it is essential to clearly define and measure this 
population.  

Existing efforts to measure the AI workforce adopt an occupation- or skills-based 
approach to identify the AI workforce. Although well-established and replicable, both 
approaches can overestimate the AI workforce, including an overly broad set of AI-
related roles.2 These approaches miss cutting-edge technical roles that do not fit into 
existing occupation or skills buckets. We developed a methodology to specifically 
identify the workforce driving the design, training, and deployment of AI systems. Our 
focus on workers involved in technical AI development provides a more precise AI 
workforce analysis and enables more targeted policy analyses and recommendations.  

We define AI development jobs as roles that require specialized knowledge, skills, and 
abilities (KSAs) and that directly contribute to the technical development of AI 
systems––for example, systems built around ML models, including natural language 
processing (NLP), computer vision, and large language models (LLMs). Using this 
definition, we quantitatively identified the demand for, and current employment of, the 
technical AI workforce in the United States. In this report, we describe our 
methodology for identifying AI development jobs and the current employment of AI 
workers, and present initial findings. Future publications on this data will include 
analyses as well as targeted workforce and education policy recommendations for the 
AI workforce.  

U.S. Job Postings and Profiles Data 

We used U.S. job posting and worker profile data provided by Lightcast.* Each job 
posting contains the full job description, including job duties and responsibilities. Each 
worker profile includes a worker’s employment and education history and acquired 
skills. Lightcast enhances both datasets by mapping them to federal workforce 

 

* We use Lightcast data as it is representative of the U.S. labor market demand, particularly for high-skill 
occupations (Cammeraat & Squicciarini 2021, Deming & Kahn 2018). 
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taxonomies such as the U.S. Bureau of Labor Statistics’ Standard Occupational Codes 
(SOC) and Lightcast’s in-house occupation and skills taxonomies. 

Measuring Demand for AI Talent 

An important aspect in understanding the AI workforce is defining what constitutes an 
AI job. As outlined in recent CSET analysis, we define AI development jobs as roles 
that require specialized KSAs and that directly contribute to the technical development 
of AI systems.* Technical development work includes the development of models, AI-
enabled applications, and the software scaffolds they are dependent on. The technical 
development of a model refers to the engineering work needed to design, train, fine-
tune, scale, or deploy the model. Technical development of the software scaffold refers 
to the engineering work needed to design or code the software. Nontechnical roles, 
such as project managers, can directly contribute to these technical development tasks 
and therefore are included as relevant roles to AI development.  

Using this definition, we developed a text-based classification model to identify AI 
development roles from the job postings dataset. First, we curated an expert-labeled 
set of job postings for training and validation. Because manual labeling at scale is 
time-consuming, we used Snorkel Flow, a model development platform that expedites 
labeling of training data using weak supervision.3 We implemented the following 
steps, depicted in Figure 1, to a random subset of 56,000 U.S. job postings. This subset 
includes two samples: a random sample of all job postings, and a random sample of 
postings that mention either AI or ML in the job description. We included the second 
sample to ensure sufficient coverage of both AI-relevant and nonrelevant roles during 
annotation. 

 

* Examples of specialized KSAs include PyTorch, TensorFlow, Keras, management of MLOps 
infrastructure, model benchmarking, etc. 

https://cset.georgetown.edu/article/defining-the-ai-workforce/
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Figure 1. Model Development Steps for AI Development Job Posting Classification 

 

Step 1: Manually annotate job postings. We sought to identify roles in the AI 
workforce responsible for building AI and exclude roles that primarily use AI tools. 
Therefore, we used the job title and the posting’s text, particularly the duties and 
responsibilities sections, for labeling, rather than relying solely on the listed job skills. 
First, subject-matter experts analyzed and manually labeled 1,023 job postings as AI 
development roles or not; 230 of the 1,023 were labeled as AI development roles. 
These postings served as a set of accurately labeled training data for the model. The 
decision matrix in Table 1 was used by experts to label job postings, particularly when 
resolving unique cases.  

Table 1. Decision Matrix for Labeling AI Development Job Postings 

  Does the role require technical AI KSAs? 

  Yes Maybe No 

Does the role directly 
contribute to the 
technical 
development of AI 
systems?* 

Yes Included Included Included 

Maybe Included Excluded Excluded 

No Excluded Excluded Excluded 

* Note: An “AI system” includes both models and AI-enabled applications. 
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Step 2: Develop heuristics and create programmatic labels. Using our expert labeled 
job postings and our definition of AI development jobs, we developed heuristics to 
guide the next step in the labeling process. The heuristics were encoded as 
programmatic label functions using weak supervision and applied to the job title and 
job posting text. We used keyword- and prompt-based label functions to label our job 
postings.* See the text box below for examples of label functions. In total, we encoded 
over 60 label functions for weak labeling of our training data. Snorkel’s generative 
model then aggregated the outputs of the label functions, and learned from the 
agreements and disagreements to provide an initial “weak” label for every posting in 
our training dataset as either an AI development or not an AI development role.  

Step 3: Train the classifier. Using our label functions, we labeled 50,000 job postings 
which are used as input to train the classifier. We trained a logistic regression model 
on Snorkel Flow, where the output was a Yes/No prediction of whether the posting 
was for a relevant role or for a role not related to AI development. We overcame class 
imbalance during model training as models in Snorkel Flow automatically adjust 
weights based on the class distribution in the hand annotated set of job postings.  

Step 4: Evaluate classifier results. We evaluated the performance of our classification 
model on the remaining job postings. These served as the test data for our model.† 
Similar to the training process, we hand-labeled 108 job postings (45 of which were 
labeled as AI development jobs). We found that the classifier achieves a 91.7% F1 on 
the test data, indicating that our model is reliable at predicting both AI development 

 

* We used the GPT-4o-mini and Gemini Flash via Vertex AI models. 

† We used a small sample of job postings for testing, as the Snorkel test sets can be orders of 
magnitudes smaller than the training set. 

Keyword-based label function: A job posting with the phrase “build machine 
learning pipelines” is an AI-development role but a posting with a job title like 
“attorney” is not related to AI development. 

Prompt-based label function:  A business analyst posting with primary duties of 
assisting a data science team in developing an AI product is an AI development 
posting, but a business analyst posting with primary duties of building 
dashboards with conceptual knowledge of ML is not related to AI development. 
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and not-AI development postings. Table 2 reports the precision (ratio of correctly 
identified postings), recall (ratio of how many AI-relevant postings were labeled as so), 
and F1 (combined statistic for the precision and recall) for each of our two classes. 

Table 2. AI Development Job Classification Model Evaluation 

Class 
Number of 
Postings in 
Test Data 

Precision Recall F1 

AI development  63 86.0% 95.6% 90.5% 

Not AI development 45 96.6% 88.9% 92.6% 

Given strong performance, we deployed the model to classify all Lightcast job postings 
from January 2010 through February 2026. This was implemented by exporting the 
entire model application as an MLflow file from Snorkel Flow, which was then scaled 
to all job postings in Google Cloud Platform. The model deployment code is available 
in this GitHub repository. 

Our method has limitations. One is that job postings can be misclassified, reflecting 
Type I (false positive) and Type II (false negative) errors. This mainly occurs as our 
underlying data is not perfect. Many of the postings lacked job titles, and had irrelevant 
html segments and website links in the text. We specifically analyzed postings that were 
incorrectly classified, and found that they were all distinct from one another. Therefore, we 
did not add any additional label functions during evaluation to avoid overfitting. 

Measuring AI Development Talent Employment  

The demand for AI talent is only part of the story. We also wanted to estimate the size 
of the current AI development workforce. In line with previous work, we assume that 
the share of AI development job postings within each occupation is similar to the share 
of current AI employment in that occupation.4 While this assumption has not been 
tested directly for AI roles, previous work provides evidence to support its use and a 
similar approach is used in related studies assessing workforce skills and tasks.  

Accordingly, we calculated AI employment per occupation by multiplying the share of 
AI development job postings within a given occupation by total employment for that 
occupation. We then calculated total U.S. AI development employment by summing 
the number of AI employees across all occupations. We used Lightcast’s occupation 
taxonomy, specifically the specialized occupation group, as it offers more granularity 

https://github.com/georgetown-cset/job-postings-classifier
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for technical roles than federal SOC classification codes. We note that our analysis 
does not include employees without a digital presence, as Lightcast primarily 
aggregates profiles from online sources.*  

Results: U.S. AI Development Workforce Demand 

Using our classifier, we identified 1.6 million U.S. AI development job postings from 
January 2010 to February 2026. This represents approximately 0.3% of the full set of 
484,600,000 U.S. job postings over that period. For 2025, we identified 331,445 AI 
development job postings, which represented approximately 0.8% of job postings that 
year. The demand for AI development workers represents a small share of overall 
labor demand. 

 

We compare this finding to estimates derived from CSET’s prior method for measuring 
the AI workforce.5 That approach took a broader definition of the AI workforce and 
identified AI job postings and roles solely on occupation. Applying that method to the 
same 2010-2026 set of job postings, we found 80 million AI job postings over the 
period. Our more granular definition and classifier-based approach provides a more 
precise estimate of AI development-specific role demand. 

Since 2010, the share of AI development job postings has increased but remains 
below 1% of all U.S. job postings, as shown in Figure 2. Note, there was a decline in 
the total number and share of AI development job postings in 2023, which may relate 
to a larger temporary decline in demand for technical roles that year, but the share of 
AI development postings has increased since 2024.6 This could be related to the 
increase in postings related to LLMs and requiring generative AI skills.7  

 

 

* This source of error is less likely to be a significant factor in a highly technical and online field 
like AI. 

“We identified 1.6 million U.S. AI development job postings from January 
2010 to February 2026 . . . For 2025, we identified 331,445 AI development 
job postings, which represented approximately 0.8% percent of job postings 
in that year.” 
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Figure 2: Share of AI Development Roles in U.S. Job Postings from 2010 - 2025  

 

Table 3 displays the 10 most common occupations among the 1.6 million AI 
development postings. Data scientist, data engineer, software developer/engineer, and 
ML engineer surface as the most common occupations appearing in our AI job 
postings. Together, these four occupations comprise nearly 45% of all AI development 
job postings. 
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Table 3: Top 10 Occupations in AI Development Job Postings, January 2010 - February 
2026 

 

We also examined which occupations have the highest share of AI development 
postings. Interestingly, this surfaces a slightly different list. Notably, while data 
scientist is the most common occupation in our set of AI development job postings, 
only 52% of data scientist postings in this period are specific to AI development, as 
shown in Table 3. Meanwhile, 94% of machine learning ML engineer job postings, 
74% of NLP engineer job postings, and 66% of artificial intelligence engineer (general) 
postings are specific to AI development. We find that cases where postings for these 
occupations were not classified as AI development tend to be when primary duties 
relate to the software development life cycle, instead of AI development. For example, 
a machine learning engineer posting where the primary duties are building software 
applications with sensor data for geographic mapping or a generative artificial 
intelligence engineer posting focused on teaching AI development concepts to clients. 
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This underscores the importance of using the postings’ duties and responsibilities 
along with job titles to accurately identify AI development roles. 

Results: AI Development Employment 

Using our employment methodology, we estimate that there are currently about 
519,000 AI employees in the United States. This represents approximately 0.3% of 
total employed U.S. workforce, indicating that AI development workers constitute a 
small segment of the total workforce. If we apply CSET’s previous definition of AI 
employment, we estimate nearly 28 million current AI employees in the United States. 
Like the difference in our new estimate of AI talent demand, this is a result of shifting 
from an inclusive definition of AI related roles to a narrower focus on employees 
primarily responsible for AI development.  

Using this definition, we found that data scientist and data engineer are the most 
common occupations among current AI employees, as shown in Figure 3. These are 

also the most common occupations within 
our AI development job postings, as seen in 
Table 3. One notable difference we find, 
compared to our AI development demand 
estimates, is that managerial roles such as 
vice president of engineering and data 
manager account for a large portion of the 
current AI development workforce. Future 

analysis will explore the extent to which this suggests gaps between the current 
workforce and the desired workforce. 

 

 

 

 

 

 

 

 

“We estimate that there are 
currently about 519,000 AI 
employees in the United 
States. This represents 
approximately 0.3% of total 
employed U.S. workforce.” 
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Figure 3: Top 10 Occupations among Current U.S. AI Development Employees, March 
2026 

 

Conclusions 

The AI workforce is a key component of U.S. AI development and competitiveness. In 
this report, we present a new method for measuring this workforce. Defining AI 
development jobs as roles that require specialized KSAs and that directly contribute to 
the technical development of AI systems, we trained and deployed a machine learning 
classifier that applies our definition to job postings data.  

We found about 1.6 million AI development job postings in the United States between 
January 2010 - February 2026. We also estimated that there are 519,000 AI 
development employees as of March 2026. Based on these estimates, AI development 
talent demand and employment account for less than 1% of the total U.S. labor 
market, indicating that technical AI development occurs within a niche segment of the 
workforce. In forthcoming publications, we will further explore the U.S. AI workforce, 
including analyses on skills and training programs that are required. Through these 
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results, we aim to provide targeted workforce and education policy recommendations. 
We enable exploration of this data through PATHWISE, our interactive online tool that 
tracks emerging technology talent in the United States. 
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