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Having accurate measures of how the workforce is exposed to Al is vital for policymakers planning intervention, educators redesigning
curriculum, businesses deciding how to adapt, and researchers understanding how to produce more and better research. We create
a composite exposure dataset by combining Al usage data from Anthropic’s Claude (browser and API) and Microsoft’s Copilot
with occupational data from O*NET and employment and wage data from the Bureau of Labor Statistics. We measure that 37.9%
of economy-wide work time is currently exposed to Al, growing at roughly 9 percentage points per year. This corresponds to 58.6
million full-time-equivalent workers and $4.1 trillion in wages. The clearest divide in exposure is physical versus non-physical
work (19.0% versus 55.2% of work time exposed). Exposure concentrates in Computer and Mathematical, Office and Administrative
Support, Business and Financial, Arts and Design, and Legal, and in work actions of analyzing, creating, documenting, and information
acquisition. These findings provide detailed signals for directing policy, education, the workforce, and research toward the areas of

greatest transformation from AL

1 Introduction

Artificial Intelligence (AI) has been predicted by some to automate large portions of work, bring significant GDP
gains, or fundamentally restructure how value is created in the economy [4, 5]. It has also been predicted to be not
much more than another technological advancement as happened with the printing press, the internet, or the personal
computer. Having accurate measures of how the workforce is exposed to Al is vital for decisions across various
audiences: policymakers planning intervention, educators redesigning curriculum, businesses deciding how to adapt,
and researchers understanding how to produce more and better research [5].

Many studies have measured what economic work AI could perform or is currently performing, using methods such
as theoretical exposure [1-4, 8] ratings and classification of Al chatbot usage [6, 9]. These studies differ in what tasks
they measure as exposed and in how much of each task’s work Al is measured as able to do, and exposure ratings can
diverge substantially depending on the method: Yin, Vu, and Persico [10] find mean exposure scores differ by 3.6x when
different frontier models rate the same tasks. Our work comes from an Al state policy office and has been motivated
with the aim of conducting research that can directly inform the decisions of various audiences. Existing studies often

do not report workforce exposure in the level of detail these decisions need.

2 Methods

We create a composite dataset of tasks exposed to Al each with a 1 to 5 automation level score which we use to weight
each exposed task instead of treating all exposed tasks as equally automatable. We create this by combining Al usage

data from Anthropic’s Claude ([6]; browser and API) and Microsoft’s Copilot ([9]; filtered with a theoretical exposure
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dataset from Eloundou et al., [2]) with theoretical agentic capability data from a classification pipeline we built mapping
10,140 Model Context Protocol (MCP) servers onto economic tasks. We also use estimates of time spent per task per
day from Hatgis-Kessell et al. [7] to weight exposure by work time. We map the resulting task set onto O*NET and
Bureau of Labor Statistics data to characterize workforce exposure across occupational categories, work activities, work
action verb families, job preparation levels, temporal trends, physical and non-physical work, agentic tooling reach,
and actual Al usage patterns. Exposure measures where Al has demonstrated capability on economic work and usage

measures how much Al activity we observe per worker

3 Results and Implications

Overall, we measure that 37.9% of economy-wide work time is currently exposed to Al, growing at ~9pp per year from
30.4% ten months earlier. This corresponds to 58.6 million full-time-equivalent workers (~38% of the economy) and
$4.1 trillion in annual wages (~42% of economy) associated with the exposed share of each occupation’s work time.
The clearest divide in exposure is on physical vs non-physical work with 55.2% of non-physical work time exposed
versus 19.0% of physical, and the non-physical trend is steeper than the economy (growing at ~12pp per year from
45.4% to 55.2% over the same ten month window). We see highest exposure in occupational categories of Computer
and Mathematical, Office and Administrative Support, Business and Financial, Arts and Design, and Legal (Figure 1),
where actual usage concentrates tighter in Arts and Design (17.3x the usage of the median category), Computer
and Mathematical (12.8x), and Life, Physical, and Social Science (10.2x). Highest exposure for O*NET’s general work
activities shows performing for or working directly with the public (usage at 10.1x the median activity), working with
computers (13.8x), and communicating with people outside the organization (5.5x). Analyzing, creating, documenting,
and acquiring information are the work actions Al most exposed, while evaluating and managing work remain low even
among non-physical tasks. There are 31 occupations where at least two-thirds of their work time is exposed and BLS
projects their employment to decline in the next 10 years. These occupations hold 9.1 million exposed workers (~6% of
all economy workers). These results show where work is shifting as human-AI workflows become more pervasive, at

the detail needed to direct proactive efforts where they are most pressing and relevant in the economy.

Work Time Exposed by Major Occupational Category and Physical Makeup
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Fig. 1. Work time exposed to Al for all 22 major occupational categories, with every category’s work time split into exposed or not
exposed as dark and light, and physical or non-physical as yellow and blue. The two dark segments sum to the work time exposed
printed to the right of each bar. Categories are ranked down the left column and continue down the right by total work time exposed,
with workers and wages exposed shown to the right.
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Data and Code Availability

All data and code are publicly available at https://github.com/theodorewright11/ai-workforce-exposure-public/tree/main.

An interactive dashboard is available at https://aiworkforceexposure.com.
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