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Abstract

This paper examines how work involving artificial intelligence (AI) emerges and spreads across jobs, employ-
ers and countries. I construct a dataset of 159 million job postings in four countries between 2018 and 2026,
and identify the tasks that each posting assigns. While only 1 percent of postings include a task involving
AI, this share has risen since 2024, reaching 4.4 percent of US postings in 2026, twice the share in Canada, the
United Kingdom and Australia. Moreover, this work varies widely within occupations, as job titles explain
five times as much of it as employers. Part of this work is new, as employers ask workers to design prompts
and build AI agents after the release of ChatGPT. This new work asks for recent tools rather than more formal
education. It reaches the other three countries within two years, and US multinationals take it up three times
as fast as domestic employers.
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1 Introduction

Artificial intelligence (AI) has spread rapidly across firms and workers since the release of ChatGPT, as a
growing share of firms report using AI and a growing share of workers use it in their jobs (McElheran et al.,
2024; Humlum and Vestergaard, 2025; Bick et al., 2026a; Bonney et al., 2026). Employers now ask the people
they hire to build AI agents, evaluate large language models and label the data used to train AI systems.
Earlier technologies took decades to reach most countries (Comin and Hobijn, 2010), and in the United States
their jobs remained concentrated in a few cities for decades (Kalyani et al., 2025). In 17 countries, large firms
and their partners also post about a third of the jobs in emerging technologies (Bastos et al., 2026). Where work
involving AI first appears, and which employers take it up, can therefore shape which workers gain from this
technology.

In this paper, I examine how work involving AI emerges and spreads across jobs, employers and countries,
focusing on the tasks that employers assign in job postings in the United States, Canada, the United Kingdom
and Australia between 2018 and 2026. Employers describe in their own words the work that each job involves,
and Atalay et al. (2020) use the text of newspaper job ads to follow the tasks of US jobs from 1950 to 2000.
O*NET, the main source on the tasks of US occupations, lists close to 19,000 task statements, and only six
of them name artificial intelligence or machine learning (National Center for O*NET Development, 2026).
Surveys of firms, in turn, record whether a firm uses AI, as fewer than 6 percent of US firms did in 2017
(McElheran et al., 2024), but not how much of its work involves AI.

To this end, I recover the job postings that employers, job boards and staffing agencies published in the
four countries from the Common Crawl, a public archive of the web. A job opening advertised on three
websites enters the sample once, and it enters again in each quarter in which it remains online. The sample
includes 159 million postings, 110 million of them in the United States, each with its job title, employer, four-
digit occupation, industry, local area and date, and with its pay when the posting includes salary information.
Across US states, these postings closely follow the job openings of the Job Openings and Labor Turnover
Survey, and across occupations they follow official employment in each of the four countries (Figures 1 and
A3).

I then split each description into sentences and keep those that state a duty of the person hired, which I
refer to as tasks. A task involves AI when performing it requires working on, with or for an AI system, and
I use the same approach in all four countries, in English and in Canadian French. I also recover the tools,
degrees and years of experience that each posting requires from the sentences that state them. Only half of the
postings with a task involving AI in the third quarter of 2026 also have a requirement that names AI. Lightcast,
for instance, assigns skill tags from the whole text of a posting, so its tags combine the work of a job with its
requirements (Lightcast, 2026).

Using this measure, I find that only 1 percent of postings include a task involving AI, compared with
3 percent that mention AI. Nonetheless, this share has risen steadily since 2024, reaching 4.4 percent of US
postings in the third quarter of 2026 (Figure 5). The rise begins later in Canada, the United Kingdom and
Australia, so the US share remains twice as high and the gap has widened. This work also differs far more
across areas within each country than across the four countries, as San Jose, San Francisco and Seattle account
for 38 percent of the US postings with a task involving AI but only 6 percent of all US postings. Moreover,
US employers assign more of this work within the same occupations, such as systems analysts, so the US lead
does not only reflect its mix of jobs.

In terms of the types of jobs, work involving AI is concentrated in a handful of occupations in computing
and data, as a third of the postings for data scientists and statisticians include such a task (Figure 6). Yet this
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work reaches beyond professionals, as employers hire many data entry clerks to gather, clean and label data
for AI systems. Over time, building with AI, the most common kind of AI work, has more than tripled in
the past year and a half, and working with AI has grown the fastest (Figure 7). Tasks involving generative
AI, largely nonexistent before the release of ChatGPT, now appear in a quarter of the postings with a task
involving AI, and they took off about a year later in the other three countries. This rise takes place inside the
jobs that employers already post, as job titles that no employer posted before 2023 account for only 4 percent
of the US rise.

Across employers, 5 percent of the postings of US multinationals over the past year include a task involving
AI, more than three times the share at domestic employers (Figure 8). Moreover, AI startups such as Anthropic
and OpenAI account for 16 of the 20 employers with the highest shares. Within the same occupation, employers
that operate across countries, hire more IT workers or hold patents in AI also assign more of this work. By
contrast, larger employers assign less of this work once I hold these characteristics constant, unlike in surveys,
where larger firms are more likely to use AI at all (McElheran et al., 2024; Yotzov et al., 2026).

Even so, job titles within occupations explain 49 percent of the variance in whether a posting includes a task
involving AI, more than five times the share of employers, while the place and the date of a posting explain
almost none (Figure 9). This share remains at 37 percent when I measure each job title on a separate half of
the postings, so it does not reflect only rare titles. I also examine whether employers more exposed to AI
before the release of ChatGPT take up this work faster. These employers follow similar trends until the end of
2024, but from 2025 on their share rises faster, and for one standard deviation more exposure the gap reaches
1 percentage point by the third quarter of 2026 (Figure 10). Yet these employers show no clear change in their
overall number of postings.

Part of this rise could also reflect new types of work, and I thus adapt the approach of Autor et al. (2024)
from new job titles to families of the tasks that postings assign. A family emerges in the first quarter in which
at least three employers post its tasks, and by this rule 21 of the 399 families of tasks involving AI emerge
after 2019, almost all of them after the release of ChatGPT. Employers first ask workers to design prompts and
evaluate large language models in 2023, and then to build AI agents in 2024 and 2025. By 2026, 12 percent
of the postings with a task involving AI include such new work, while new work without AI is rare, as even
the COVID-19 pandemic created no new type of work (Figure 11). Compared with postings without AI in the
same occupation, postings with new work involving AI are 20 percentage points more likely to name a tool
that postings first named in the previous two years, five times the gap for other work involving AI (Table 3).
These postings are also less likely to require a bachelor’s degree.

Lastly, I follow how each new type of work involving AI spreads across countries and types of employ-
ers. The United States is first, or tied for first, to post each of the 21 new families, and the median family
reaches Canada and the United Kingdom four quarters later and Australia seven quarters later (Figure 12).
Among employers of the same size, US multinationals take up new families three times as fast as domestic
employers, and other multinationals more than twice as fast (Table A13). In fact, in the first year of a new
family in Canada, the United Kingdom or Australia, US multinationals post 26 to 40 percent of its postings.
Multinational employers, and US multinationals in particular, are thus one channel through which new work
involving AI crosses borders.

Relatede Literature. This paper contributes to several strands of the literature, standing at the intersection of
prior work on the task content of jobs, artificial intelligence in the labor market, the diffusion of new technolo-
gies and new work. First, an extensive literature examines the task content of jobs, and finds that tasks differ
across workers in the same occupation and change within job titles over time (Autor et al., 2003; Spitz-Oener,
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2006; Autor and Handel, 2013; Atalay et al., 2020). Skill requirements also differ across firms within narrowly
defined occupations (Deming and Kahn, 2018; Hershbein and Kahn, 2018), and AI changes tasks mainly within
detailed occupations (Gathmann et al., 2024). Much of this work, and most measures of exposure to AI, draw
on the task statements of O*NET, which describe the typical tasks of each occupation and are well suited to
compare occupations (Acemoglu and Autor, 2011; Webb, 2019; Eloundou et al., 2024). Even so, most of the
O*NET tasks that US postings mention lie outside the task list of their own occupation (Shukla, 2026). I con-
tribute to this literature by measuring the tasks that each posting assigns, one sentence at a time, with the same
approach in four countries and in every quarter from 2018 to 2026. This approach shows how widely work in-
volving AI differs within occupations, as 51 percent of the postings for data scientists include a task involving
AI, against 6 percent of those for data analysts in the same occupation. Moreover, since the same occupation
involves different tasks across countries (Gottlieb et al., 2021; Lewandowski et al., 2022), I measure the tasks of
each posting in the same way in all four countries, which shows that the US lead in work involving AI holds
within occupations. To do so, I recover postings both from structured data and from the text of web pages,
and I harmonize their job titles, four-digit occupations, employers and local areas across the four countries. I
also keep the work that employers assign apart from the qualifications they require, as Chen et al. (2026) do
for Chinese postings (see also Meisenbacher et al., 2025; Wang et al., 2026).

I further contribute to a fast-growing literature on artificial intelligence in the labor market, which measures
the exposure of occupations to AI (Webb, 2019; Felten et al., 2021; Eloundou et al., 2024), the AI skills that job
postings require (Alekseeva et al., 2021; Acemoglu et al., 2022; Babina et al., 2024) and the use of AI by firms
and workers (McElheran et al., 2024; Humlum and Vestergaard, 2025; Bick et al., 2026a; Bonney et al., 2026).
Relative to these measures, I capture the work involving AI that employers assign to the people they hire, and I
separate the work of developing AI systems from building with them, working with them and directing them.
I show that generative AI has changed the nature of this work, as building with AI and directing AI have
grown quickly since 2025, and that the occupations whose postings assign this work are broadly those whose
workers use AI the most (Bick et al., 2026c). Moreover, I extend the analysis of exposure in Acemoglu et al.
(2022) and Hampole et al. (2025) to the years after ChatGPT, as more exposed employers take up this work
from 2025 on. Unlike the exposed US establishments that reduced their other vacancies from 2010 to 2018
(Acemoglu et al., 2022), these employers show no clear change in their overall postings. In contrast, postings
in the occupations most exposed to generative AI have fallen relative to other occupations since the release of
ChatGPT, in the United States and in other high-income countries (Liu et al., 2025; Huang et al., 2026).

This paper also contributes to a long literature on how new technologies spread, which finds that they start
in a few places and reach other places and countries with long lags (Griliches, 1957; Keller, 2002, 2004; Comin
and Hobijn, 2010). More recently, Kalyani et al. (2025) follow new technologies through the job postings that
name them, and show that these technologies emerge in a few US locations that remain the centers of their
high-skill jobs for decades. Across 17 countries, Bastos et al. (2026) show that large firms and their affiliates,
suppliers, buyers and innovation partners post about a third of the jobs in emerging technologies. I contribute
to this literature by measuring when work involving AI, and each new type of it, arrives in each country and
at each type of employer, rather than when postings first name a technology. I show that new work involving
AI reaches the other three countries within one to two years, while the US lead in work involving AI persists,
in line with lags in adoption that shrink while differences in its intensity remain (Comin and Mestieri, 2018).
Moreover, multinationals assign more of this work than domestic employers in the same occupation, and
US multinationals take up new work far faster than domestic employers of the same size, which extends the
evidence that multinational firms transfer technology to their affiliates abroad (Bloom et al., 2012; Keller and
Yeaple, 2013) to the tasks in job postings.
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Lastly, this paper fits in with a literature that identifies new work by the job titles that enter occupational
classifications (Lin, 2011; Autor et al., 2024; Kim et al., 2024), while Harris (2026) identifies new duties in US
postings relative to those of early 2019. Since work involving AI rarely comes with a new job title, I instead
identify new work by the families of tasks that employers post, with the same rule for tasks with and without
AI. I show that new work involving AI emerges almost entirely after the release of ChatGPT, while even the
COVID-19 pandemic created no new type of work without AI. These new tasks ask for tools only a year or
two old rather than for more formal education, which places the scarce expertise of new work (Autor and
Thompson, 2025; Autor et al., 2026) in knowledge of the newest tools.

2 Data Sources and Descriptive Statistics

To analyze how the nature of work is changing with artificial intelligence, I assemble job postings from the web
pages archived by the Common Crawl in four countries, the United States, Canada, the United Kingdom and
Australia. Specifically, I use information on job postings between 2018 and 2026, which describe the nature of
the job that a company is hiring for, along with context about the employer and where the job is typically done.
I provide additional details on the construction of the data in Appendix B.

2.1 Job Postings from the Common Crawl

I recover the job postings from the Common Crawl, a non-profit organization that has archived the public
web since 2008 (Common Crawl Foundation, 2026). In most months, the Common Crawl collects a snapshot
of the internet, covering two to three billion web pages, and each crawl records the full content of every page
along with the date of collection. Every crawl is freely available, and these archives have become one of the
main sources of text for training large language models (Baack, 2024). Among these archives, I focus on the
job postings in the 76 crawls between August 2018 and August 2026, a period that covers several years before
and after the release of ChatGPT in November 2022. Within these crawls, I analyze the job postings in the four
countries, which are the largest anglophone economies in the OECD.1

In this context, I take advantage of the fact that employers advertise their open positions on the web, on
their own career websites as well as on job boards and the websites of staffing agencies. Since the Common
Crawl revisits many of these websites in every crawl, each crawl includes millions of job postings across a
wide range of employers, occupations and places. I therefore first identify, among the billions of pages in each
crawl, the websites that publish job postings and the pages within these websites that present a posting. Upon
identifying these websites, I proceed in two steps, depending on how each page presents the posting.

First, a large number of websites describe their postings in structured data, following the JobPosting vo-
cabulary of Schema.org. This vocabulary allows search engines to display job postings directly in their results
(Schema.org, 2026). In these pages, the job title, the employer, the place of work, the posting date, the pay
and the full description of the job appear in separate fields, which have the same meaning across websites and
countries (Figure B1). I recover each of these fields directly from the posting, without the need to interpret the
text of the page.2 Across the 76 crawls, I recover 101 million postings from structured data in the four countries.

Second, many other websites present their postings only in the text of the page, among menus, notices and
lists of other jobs (Figure B2). Since no simple rule separates the posting from the rest of these pages, I first use

1I also include French-based postings in Canada, noting that the broader database covers job postings in 27 countries and 15 languages
(Saltiel, 2026).

2The Web Data Commons project similarly extracts this structured data from selected crawls each year, to study the use of Schema.org
across the web (Brinkmann et al., 2023).

5



a frontier large language model to classify a sample of pages. For each page, I ask the model whether the page
presents a single job posting and, if so, to recover the job title, the employer and the place of work.3 I then
use these classifications to train smaller models, which allow me to recover the postings from every page at
scale, as in recent work that selects documents from web archives (Penedo et al., 2024; Dell, 2025). On websites
that I hold out from training, the smaller models reproduce the classifications of the frontier model for 91 to
98 percent of pages. Altogether, I recover an additional 70 million postings from page text, for a total of 171
million postings in the four countries, counting each posting once in each of the 76 crawls.

2.2 Main Variables

To understand the types of jobs for which employers are hiring, I first recover information from the job titles
included in the postings. That is, these titles indicate the specific position that each employer seeks to fill,
often in far more detail than an occupation code (Marinescu and Wolthoff, 2020). However, employers write
the same title in many different ways, and often add requisition codes, shifts, places or pay to the name of
the job. I therefore use a large language model to standardize the job titles, removing these additions while
keeping the role, the specialty and the level of each job.4 For instance, the model standardizes “Customer
Service Representative, Full or Part Time” as Customer Service Representative.

I then classify each standardized title into one of the 436 four-digit occupations of ISCO-08, the interna-
tional classification of occupations, which allows me to compare the same occupation across the four countries
(International Labour Organization, 2012). In particular, I first match titles to the dictionaries of job titles that
national statistical agencies use to code occupations. These dictionaries include O*NET and the occupation
index of the Census Bureau in the United States, the National Occupational Classification in Canada, the cod-
ing index of the Standard Occupational Classification in the United Kingdom and the Occupation Standard
Classification in Australia (National Center for O*NET Development, 2026). I complement these dictionaries
with the job titles of ESCO, the European classification of occupations, which includes titles in English and
French. For the titles that are not directly covered by a dictionary, I ask a large language model to propose a
four-digit occupation, and I then confirm the assigned code by calling on another model. Critically, I hold out
a sub-sample of job titles, and confirm that 98 percent of the occupation codes assigned by the frontier model
align with the corresponding code given by the dictionary. Altogether, I classify 96 percent of postings into a
four-digit occupation, with the same occupation codes in all four countries.

In addition to the title and the occupation of each job, I recover the name of the employer from each posting,
either from the hiring organization in the structured data or directly from the text of the page. Since the
same employer often appears under several names, such as with or without a legal suffix or the name of a
regional branch, I harmonize these names within each country.5 However, the firm that publishes a posting is
not always the employer of the person hired. Staffing agencies place workers at client firms, and job boards
republish the postings of other employers. I then classify each employer as a direct employer, a staffing agency
or a job board. This classification separates the jobs that employers fill directly from the jobs that staffing
agencies and job boards advertise on behalf of other firms.

In this context, I classify each posting into the industry of the workplace where the person hired will work,
following the ISIC Rev.4 classification of economic activities (United Nations, 2008). To do so, I first match the

3I require each of these fields to appear word for word in the text of the page, which ensures that every posting reflects the employer’s
own wording (Table B2).

4Since many postings share the same title, I standardize the most frequent titles with the model, and I group the less frequent titles that
contain the same words.

5I combine rules for spelling and legal suffixes with a large language model, which I use to classify whether two names in the same
country refer to the same employer.
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names of employers to administrative and commercial company databases, which record the main activity of
each firm.6 For the employers that these databases do not cover, I classify the industry from the name of the
employer and the text of the posting, with a smaller model that I train on the classifications of frontier language
models. Since staffing agencies and job boards publish postings for jobs at other firms, I assign these postings
to the industry of the client firm. For instance, I assign a posting by a staffing agency for a nurse at a hospital
to health care rather than to employment services.

Since job postings state the place of work, I recover the location of each job within the country. Employers
describe this place in different ways, from a full street address to the name of a city or a region. I therefore
harmonize these locations at the first subnational level of each country, namely the US states, the Canadian
provinces and territories, the nations of the United Kingdom and the Australian states and territories. I re-
cover this location for 85 percent of postings. Within each country, I further assign postings to smaller areas,
such as counties and commuting zones in the United States, census divisions in Canada, counties and unitary
authorities in the United Kingdom and local government areas in Australia.

I therefore take advantage of the employer and the place of work of each posting to identify establishments,
which I define as the workplaces of an employer within a local labor market, as in Acemoglu et al. (2022).7

These establishments allow me to compare the jobs that the same employer posts across places, as well as the
jobs of different employers within the same local labor market. Moreover, the broader database covers job
postings in 27 countries, so that I also observe whether the same employer posts jobs in more than one country.
As such, I define a multinational employer as an employer that posts jobs directly, rather than through staffing
agencies or job boards, in at least two countries.

Many postings also include information on the salary that the employer offers, which allows me to mea-
sure posted salaries across occupations, places and employers. I recover the salary of each posting from the
salary fields of the structured data, and otherwise from the sentences of the description that include a salary
(Figure B3). I identify these sentences with the same approach as for the pages without structured data. About
one-quarter of job postings in the United States include information on salary, but Figure A1 shows that this
share has increased sharply since 2022 (Batra et al., 2026).8 As described in Section 3.4, I also recover the require-
ments that each posting sets for the person hired, such as degrees, years of experience, credentials, knowledge
and tools. Table B3 shows that the coverage of these main variables is high across all four countries.

Deduplication. Employers often advertise the same job opening on several websites at the same time, such as
their own career website and one or more job boards. As a result, the same posting can appear several times
within a crawl. Including each of these postings would overstate the demand for the job and give more weight
to the employers that advertise on more websites (Carnevale et al., 2014; Hazell and Taska, 2025). I therefore
deduplicate the postings within each crawl, so that each job opening enters the sample once, regardless of
the number of websites that advertise the opening. In particular, I treat postings with the same description,
title, employer and place of work as the same job opening, whether I recover them from structured data or
from page text.9 Providers of posting data similarly identify the same job from the title, the employer and the
location (Modestino et al., 2020), and I further require the same description. I keep postings whose descriptions
are only similar as separate postings, since employers often use one template for jobs at different stores.

6In the United States, these databases include the Form 5500 filings of employee benefit plans, the loans of the Paycheck Protection
Program, FactSet and Compustat.

7I define local labor markets as commuting zones in the United States, economic regions in Canada, counties and unitary authorities in
the United Kingdom and SA4 regions in Australia.

8In fact, Figure A2 shows that the dataset captures the rise in pay information when pay transparency laws take effect (Arnold et al.,
2025; Audoly and Xing, 2025).

9In the United States, I keep postings that name different ZIP codes as separate postings, following Hazell and Taska (2025), who define
a job as a job title within an establishment.
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Since a job opening often remains advertised for several weeks or months, the same posting also appears
in consecutive crawls. I follow each posting across crawls, and I include the posting once in every quarter in
which the posting is online. As such, the postings in each quarter measure the stock of positions that employers
seek to fill at the time, which corresponds to the concept of job openings in official vacancy surveys (Davis et al.,
2013; US Bureau of Labor Statistics, 2026). That is, a position that remains open for longer enters the sample
in more quarters, just as the position would appear in more of the monthly snapshots of the Job Openings and
Labor Turnover Survey. All in all, the 171 million postings in the 76 crawls correspond to 159 million postings
by quarter in the four countries between 2018 and 2026 (Table B1).

Unlike official vacancy surveys, commercial providers of posting data typically measure the flow of new
postings rather than the stock of open positions (Azar et al., 2020; Dalton et al., 2026). Burning Glass, for exam-
ple, records a job when the job first appears online, and records the job again if the posting is still online after
60 days (Carnevale et al., 2014). To compare postings with official vacancies, earlier work therefore converts
these flows into stocks (Azar et al., 2020; Turrell et al., 2022), or converts official vacancies into flows of new
openings (Dalton et al., 2026). In contrast, I measure the stock of postings directly, which allows me to compare
postings with official vacancy statistics in the same unit in all four countries.

Weights. For comparability across countries and over time, I weight postings so that their industry mix
matches that of job openings in the official vacancy survey of each country, as Turrell et al. (2022) do for the
United Kingdom and Dalton et al. (2026) do with Burning Glass postings in the United States. In the United
States, I match the weights to the industry groups and the states of the Job Openings and Labor Turnover
Survey (US Bureau of Labor Statistics, 2026). In the other three countries, I match the weights to the indus-
tries of the business economy in the vacancy surveys of Statistics Canada, the Office for National Statistics and
the Australian Bureau of Statistics. I normalize the weights to average one within each country and crawl, so
that the weights change the composition of postings but not the size of the sample in each country. In 2025
and 2026, the postings in each crawl capture one-fourth of the job openings in the United States, 30 percent in
Canada and close to half in the United Kingdom.

2.3 Validation

Table 1 shows that the main sample includes upwards of 110 million job postings in the United States between
2018 and 2026, as well as 49 million postings in Canada, the United Kingdom and Australia. The US sample
thus corresponds to 40 to 50 percent of the postings in Lightcast, the leading commercial provider of posting
data (Wang et al., 2026). With a sample of this size, I can measure the tasks that employers assign within
occupations, places and quarters in each of the four countries.

To ensure that the sample represents the jobs that employers seek to fill, I assess how closely the distribution
of postings across places and occupations matches official statistics in each country. Panel (a) of Figure 1 shows
that the distribution of US postings across states closely matches the distribution of job openings in the Job
Openings and Labor Turnover Survey.10 Panel (b) further shows that the shares of postings across four-digit
occupations are strongly correlated with their shares of employment in the Occupational Employment and
Wage Statistics (US Bureau of Labor Statistics, 2024). The same holds for occupations in Canada, the United
Kingdom and Australia (Figure A3).

Moreover, the posted salaries in these postings are strongly correlated with occupation-level wages in of-
ficial statistics in the United States and Canada (Figure 2), as well as in the United Kingdom and Australia

10The postings match the vacancy statistics of Statistics Canada and of Jobs and Skills Australia just as closely across the provinces of
Canada and the states of Australia (Figure C1).
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Figure 1: Postings and Official Statistics in the United States
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(b) Occupations Against Employment
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Note: Figure 1 presents the shares of US postings against official statistics. Panel (a) plots the share of postings in each state in 2024, among postings that
name a state, against the share of job openings in the Job Openings and Labor Turnover Survey, for the 50 states and the District of Columbia (US Bureau of
Labor Statistics, 2026). Panel (b) plots the share of postings in each four-digit ISCO-08 occupation from 2018 to 2026 against the share of employment in the
Occupational Employment and Wage Statistics of May 2025. US occupations map to ISCO-08 through the crosswalk of the Bureau of Labor Statistics, with
the employment of a US occupation split equally over its ISCO-08 codes. Both axes are in logs, markers are sized by the official share, the dashed line is the
45-degree line, and the printed values are correlations between the logs of the two shares.

(Figure A4). That is, employers post the highest salaries for occupations such as dentists and software devel-
opers and far lower salaries for community health workers, as in official statistics. In Appendix C, I further
show that posted pay responds to increases in state minimum wages and to pay transparency laws, and that
the postings reproduce the patterns of wage setting that Hazell et al. (2025) and Hazell and Taska (2025) docu-
ment in other posting data.

2.4 Descriptive Statistics

Table 1 describes the main sample used in the paper, splitting the set of postings for the U.S. and the other three
columns. First, I note that the sample covers jobs across the entire occupational distribution, from managers
and professionals to workers in service, sales and manual occupations. Moreover, the mix of occupations is
very similar across the four countries in the sample, fitting in with the occupation-based validation presented
earlier. I also find that the sample of postings covers a wide range of employers, as firms that post over 1,000
of postings a year in the U.S. account for close to half of all postings. Moreover, multinational firms account for
upwards of 40 percent of postings in the United States, while accounting for a far smaller share of the sample
in the other three countries.

For an initial approximation to understanding how postings about AI differ from other postings, I split
the sample into the postings that mention AI and all other postings. I note that both in this section – as
well as throughout the paper – I refer to artificial intelligence in the broad sense that comprises technology
such as machine learning and computer vision, and not just focused on generative AI. I do so by assessing
the prevalence of 23 terms corresponding to artificial intelligence in English and French, such as “artificial
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Table 1: Descriptive Statistics

Share of Share That
Postings Mention AI

(1) (2)

Panel A. United States
All Postings 3.2%

Occupation
Managers 14% 5.1%
Professionals 39% 5.2%
Technicians and Clerical Workers 22% 1.7%
Service, Sales and Manual Workers 25% 0.4%

Employer
Posted by a Multinational 43% 4.9%
Posted by a Large Employer 48% 3.1%

Industry
Information 8% 16.1%
Finance 5% 5.7%
Professional Services 6% 6.0%
Health Care 26% 1.0%
Other 54% 1.8%

Job
Includes Salary Information 24% 5.4%
Average Annual Salary (Thousands of US Dollars) 87.6

Postings 110,230,647 3,492,739

Panel B. Canada, United Kingdom and Australia
All Postings 2.0%

Occupation
Managers 17% 2.3%
Professionals 39% 3.5%
Technicians and Clerical Workers 22% 1.0%
Service, Sales and Manual Workers 22% 0.3%

Employer
Posted by a Multinational 22% 4.9%
Posted by a Large Employer 28% 1.7%

Industry
Information 8% 11.9%
Finance 6% 4.9%
Professional Services 10% 2.8%
Health Care 17% 0.6%
Other 60% 1.1%

Job
Includes Salary Information 26% 1.4%
Average Annual Salary (Thousands of US Dollars) 55.0

Postings 48,985,850 997,338

Note: Table 1 presents descriptive statistics for the postings of the United States, in Panel A, and of Canada, the United Kingdom and Australia, in Panel B,
from 2018-Q3 to 2026-Q3, counting each posting once in each quarter in which it is online. Column (1) presents the share of postings in each row, and column
(2) the share of the postings in each row that name AI in the title or in a sentence of the description outside equal opportunity, privacy and hiring notices and
the employer’s description of itself. Salaries in Canada, the United Kingdom and Australia are converted to US dollars at the average exchange rate of the
year of the posting. The last row of each panel presents the number of postings and the number that mention AI. Occupation and industry shares are among
postings with an occupation or an industry. Occupation groups are ISCO-08 major groups 1, 2, 3 and 4, and 5 to 9, and industries are ISIC Rev.4 sections J,
K, M and Q, with all other sections in Other. A multinational employer posts directly in at least two of the 27 countries of the broader database, and a large
employer has 1,000 or more postings in its country and year. Average annual salary is among postings that include salary information, converted to US dollars
at the average exchange rate of the year of the posting.
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Figure 2: Posted and Official Pay by Occupation in the United States and Canada
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Note: Figure 2 presents the median posted annual pay in each occupation against the median wage in official statistics, for occupations with at least 50
postings with an annual or annualized salary, with both axes in logs. Postings are those opened in 2024 in the United States and in 2023 and 2024 in Canada.
Official wages come from the Occupational Employment and Wage Statistics of May 2024 in the United States (US Bureau of Labor Statistics, 2024) and from
the Job Bank medians of 2025 in Canada, with national codes mapped to ISCO-08 where they are more detailed. Labels name selected occupations.

intelligence” and “machine learning”.11 By this measure, 3 percent of US postings mention AI, compared to 2
percent of postings in the other three countries.

Across the four countries in the sample, professional jobs and jobs in technology and finance are the most
likely to mention AI. In particular, 16 percent of US postings in the information industry mention AI, compared
to 1 percent of postings in health care. In the United States, postings for software developers make up the
largest share of the postings that mention AI, followed by postings for statisticians. In contrast, fewer than
1 percent of postings for service, sales and manual workers, such as truck drivers and retail sales assistants,
mention AI.

While this preliminary analysis suggests that postings that mention AI are concentrated among profession-
als at technology firms, a mention alone says little about what the person hired will do with AI. For instance,
the postings for an engineer who builds language models, for an analyst who uses AI tools to prepare reports
and for a sales representative who sells software with AI features all mention AI. Moreover, a single indicator
for each posting does not allow me to understand how jobs may be changing over time.

3 Measuring Tasks, Tasks Involving AI and Requirements

3.1 Job Descriptions

To understand how artificial intelligence is reshaping the labor market, I take advantage of the detailed
information available in the job descriptions. In addition to the job title and the employer, job descriptions
detail the work that the job involves, in the employer’s own words. These descriptions often set out the
daily duties of the position, the tools and systems that the person hired will use, and the people with whom

11I leave out the mentions in notices to applicants and in the employer’s description of the firm, since these mentions describe the hiring
process or the employer rather than the job.
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this person will work. The same descriptions also state what the employer expects of applicants, such as
degrees, years of experience and certifications, as well as the pay, the benefits and the steps to apply. This
detail additionally allows me to separate the tasks that the person hired is expected to perform at work from
the requirements for the job.

Employers typically write a description as a sequence of short statements, often in lists, and each statement
serves one purpose, such as describing a duty, stating a requirement or presenting the employer. I therefore
split each description into sentences (Appendix D.1.1), treating each item of a list as one sentence, in the spirit
of recent work that measures tasks in the text of job postings (Atalay et al., 2020, 2024). Since employers reuse
the same wording across many postings, often through templates, I classify each unique sentence once and
assign the result to every posting that includes it.

This approach yields 745 million unique sentences in the main sample of job postings. In particular, the
median posting in the sample includes 29 sentences, which describe the job, the employer and the hiring
process in considerable detail. Many of these sentences, such as statements of equal employment opportunity
or lists of benefits, recur across thousands of postings, while the sentences that describe the work are more
specific to each job.

3.2 Identifying Job Tasks

I then use the unique sentences recovered from the job postings in the main sample to identify the tasks that the
person hired is expected to perform at work. In this context, I consider a task to be a concrete duty or activity
that the job involves, as in the task statements with which O*NET describes the work of each occupation
(National Center for O*NET Development, 2026). In the literature on technology and work, a task is similarly
a unit of work activity that produces output, while a skill is a worker’s capacity to perform various tasks
(Acemoglu and Autor, 2011). Sentences such as “Collect payment from customer and make change” and
“Administers medications as ordered with appropriate documentation” state tasks.

To recover the duties that the worker will perform on the job, the first step is to separate these tasks from the
other content of the posting, comprising the requirements for the job, the pay and the benefits, the description
of the employer and the steps to apply, among others. To this end, I rely on large language models, which
classify each sentence by the meaning of the whole sentence rather than by single words (Ash and Hansen,
2023; Dell, 2025; Arellano-Bover et al., 2026). In particular, I first use a frontier large language model to classify
whether each sentence of a sample states a task. I construct the definition as a binary question (Table D1),
as this format yields high agreement across raters (Dolnicar et al., 2011).12 For each sentence, I submit an
independent call to the model, so that its response to one sentence does not shape its evaluation of the others
(Haaland et al., 2025).

Since the postings include 745 million unique sentences, classifying every sentence with a frontier model
would be prohibitively time-consuming. I therefore use the classifications of the frontier model to train smaller
classifiers, which then classify every sentence in the sample (Hansen et al., 2023; Pangakis and Wolken, 2024;
Dell, 2025).13 On postings held out from training, these classifiers closely reproduce the classifications of the
frontier model, with an F1 score above 90 percent (Table D2). Altogether, this approach recovers 252 million
unique task sentences in the four countries, and the median posting with at least one task includes seven
different task sentences. That is, about one in five sentences of a posting describes the work of the job, while
the rest describe the employer, the requirements, the pay and the steps to apply.

12The question treats placeholders such as “other duties as assigned” as other content, since they do not state a concrete duty of the job.
13The classifiers build on a multilingual language model, which allows me to apply the same approach to the postings in English and

in French.
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Validation. To ensure that the sentences identified as tasks are aligned with existing definitions of tasks, I
measure the semantic distance between each sentence and the task statements of O*NET. To do so, I embed
each of the 745 million unique sentences and each O*NET task statement with the same multilingual language
model, and take the cosine similarity between each sentence and its closest O*NET statement.14 Figure 3
shows that the sentences identified as tasks are far closer to O*NET statements than other sentences. In fact,
nine in ten task sentences are closer to an O*NET statement than the median other sentence. For instance, a
sentence such as “Collect payment from customer and make change” is close to the O*NET statement “Accept
payment from customers, and make change as necessary”, while a sentence such as “Attach Resume” is far
from every statement. At the same time, task sentences rarely repeat the statements of O*NET word for word,
since postings describe the work of each job in more detail than O*NET, which lists the same statements for
every job in an occupation.

Furthermore, to ensure that the task content of the jobs broadly aligns with the nature of work across
different occupations, I classify each task sentence as cognitive or manual. Specifically, I follow the approach
presented in Spitz-Oener (2006) and Deming and Kahn (2018). In particular, I classify as cognitive a task
sentence that includes words such as “analyze”, “plan” or “research”, and as manual a sentence that includes
words such as “operate”, “repair” or “equipment” (Table A2). A task sentence can be in more than one category
or in none. I then complement this set of words with the words that are closest to them in word embeddings
trained on a sample of the task sentences of US postings.15

The O*NET measures of Acemoglu and Autor (2011) provide a natural benchmark for this classification,
as they capture the intensity of non-routine analytic and non-routine manual tasks in each US occupation. For
each four-digit ISCO-08 occupation, I measure the share of postings with at least one cognitive task and with at
least one manual task, weighting postings to the industry mix of job openings in each country’s vacancy survey.
I then map the O*NET measures into the same occupations through a crosswalk between US occupations and
ISCO-08, weighting each US occupation by its employment (US Bureau of Labor Statistics, 2024).

Moreover, occupations that O*NET rates as more intensive in non-routine analytic tasks have a far higher
share of postings with cognitive tasks (Figure 3). That is, 90 percent of the postings for software developers
include a cognitive task, compared to fewer than one in five postings for waiters and truck drivers. Similarly,
Figure A5 shows that the share of postings with manual tasks is far higher in the occupations that O*NET rates
as more manual, both in the United States and in the other three countries. As such, this approach broadly
aligns with the task content of jobs, while providing the granularity that captures differences in work within
occupations.

Exposure to AI. The match of each task sentence to its closest O*NET statement also allows me to measure
how exposed the work of each employer was to AI before ChatGPT. In particular, Eloundou et al. (2024) rate
each O*NET task statement by whether a language model could halve the time needed to complete it at the
same quality.16 I then assign to each task sentence the rating of its closest statement. I measure the exposure of
employer f as the weighted average of these ratings across its task sentences:

Exposuref =

∑︁
s∈Sf

qs ro(s)∑︁
s∈Sf

qs
, (1)

where Sf denotes the task sentences in the postings of employer f from 2018 to 2020, and ro(s) is the rating

14Recent work similarly relates the text of patents, AI applications and job postings to the tasks of occupations (Webb, 2019; Kogan et al.,
2023; Meisenbacher et al., 2025; Hampole et al., 2025).

15Atalay et al. (2020) similarly complement their word lists with word embeddings trained on the text of newspaper job postings.
16The rating equals one when the language model alone halves this time, and one-half when the language model does so only through

additional software built on it.
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Figure 3: Task Sentences, O*NET and the Task Content of Occupations
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Note: Figure 3 presents the closeness of job posting sentences to O*NET task statements and the task content of occupations. Panel (a) shows the distribution
of the cosine similarity between the embedding of each unique sentence and that of its closest O*NET task statement, separately for the sentences identified
as tasks and for all other sentences. Panel (b) plots the percent of postings with at least one cognitive task in each four-digit ISCO-08 occupation against
the O*NET measure of non-routine analytic tasks of Acemoglu and Autor (2011), in standard deviations, for the 416 occupations with at least 20 postings.
Markers are sized by the share of postings in each occupation. Postings are from the United States, Canada, the United Kingdom and Australia from the third
quarter of 2018 to the third quarter of 2026, weighted by the vacancy weights of Section 2.2.

of the closest O*NET statement o(s). The weight qs increases with the similarity between each sentence and
this statement, so that close matches count more.17 Since postings describe the work of each job in more detail
than O*NET, this measure differs across employers that post jobs in the same occupation. In fact, in each of the
four countries, differences across employers within the same occupation account for as much of the variation
in exposure as differences across occupations.

3.3 Tasks Involving AI

Furthermore, I take advantage of the granularity of this approach to capture the tasks that involve artificial
intelligence. In particular, while employers state the tasks of each job in every posting, O*NET describes the
work of each occupation through task statements that it updates for about one hundred occupations each year
(National Center for O*NET Development, 2026). However, only six of the close to 19,000 task statements in
O*NET name artificial intelligence or machine learning, which implies that O*NET captures little of the work
involving AI in today’s job postings.

In this context, I consider a task as involving artificial intelligence if performing the task requires the person
hired to work on, with or for an AI system. I consider AI in the broad sense, which includes machine learning,
computer vision and language models, and not only generative AI. As such, a task involves AI whether the
system predicts outcomes, recognizes images or generates text. On the other hand, a sentence that names AI
only as a qualification, as a product of the employer or as a tool to screen applicants does not state a task
involving AI.

Then, to identify the tasks that effectively involve artificial intelligence, I follow a similar approach to the
one for identifying tasks. Since few tasks involve AI, a fast classifier based on words and phrases first selects,

17I exclude tasks involving AI from this measure, and I shrink the average of employers with few task sentences toward the exposure
of their occupations.
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among the sentences identified as tasks, those that may involve AI. I then use a large language model to classify
whether performing each of these tasks requires the person hired to work on, with or for an AI system.18 In
contrast to the identification of tasks, the model classifies every selected sentence rather than a sample, so
its answer is the final classification of each task. Altogether, this approach identifies 1.3 million unique task
sentences involving AI, which appear in 1.4 million postings in the four countries.

To validate this approach, I compare the actions that tasks involving AI assign with those of all other tasks.
For each task sentence, I recover the pairs of a verb and its object, such as “deploy model” or “provide service”,
from the grammatical structure of the sentence, following Webb (2019) and Atalay et al. (2024). Figure 4 shows
that the most frequent pairs in tasks involving AI are about developing, building and deploying models and
using AI tools, while those in other tasks are about providing services and guidance, building relationships
and developing strategies. In fact, the same verbs take different objects in the two groups, such as “build
model” in tasks involving AI and “build relationship” in other tasks. Moreover, the share of US postings with
a task involving AI is strongly correlated with outside measures of AI demand across states and across firms
of different sizes (Figure A6).19

Figure 4: Verb-Object Pairs in Tasks Involving AI and in Other Tasks
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Note: Figure 4 presents the 50 most frequent verb-object pairs in the unique task sentences involving AI in panel (a) and in a random sample of the same
size of other unique task sentences in panel (b), in postings from the United States, Canada, the United Kingdom and Australia. Font size is proportional to
frequency, and pairs that appear at similar rates in both groups are removed.

Then, to better understand the nature of work involving artificial intelligence, I further classify these tasks
into four kinds of AI work. In particular, I draw on the roles of the people who develop, deploy, use and
govern AI systems (Tabassi, 2023; Humlum and Vestergaard, 2025), and classify tasks by whether they involve
developing AI, building with AI, working with AI or directing AI. For instance, tasks that involve developing
AI include training models and testing how well they perform, while tasks that involve building with AI put
these models into the products of the employer. On the other hand, tasks that involve working with AI ask the
worker to use AI in other work, such as analyzing data or writing code. That is, these workers use AI as a tool

18For the tasks that the model classifies as involving AI but that name no AI system, such as developing predictive models, a second
language model classifies each task again.

19Across states, I compare this share with the share of postings that list an AI skill in the data of Lightcast (Maslej et al., 2025), and across
firms with the data of Indeed (Gallacher, 2026).
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in their jobs rather than creating it. Lastly, tasks that involve directing AI often entail leading the teams and
the projects that build AI systems.

To measure these kinds, I ask the language model to name the activity that each task involving AI assigns
to the worker.20 Since each of the fifteen activities belongs to one of the four kinds, the activity of each task
determines its kind. Building with AI is the most common kind, as half of the postings with a task involving
AI include such a task, compared to one in five for working with AI (Table A3). Among the fifteen activities,
building and running AI systems, researching and training AI models and leading AI projects are the most
prevalent (Figure A7). Table A4 presents the actions that are most distinctive of each activity, together with a
common task sentence (Monroe et al., 2008).

3.4 Requirements

I also take advantage of the detailed information included in the job descriptions to measure the specific quali-
fications for each job. This allows me to understand, for instance, the types of experience that jobs that involve
AI require, and whether these jobs require more education than other jobs. In fact, the requirements stated
in job postings have been used extensively in the literature. For instance, prior work has examined how the
education and experience that employers require respond to labor market conditions (Hershbein and Kahn,
2018; Modestino et al., 2020), how the skills that postings request vary across jobs and relate to pay (Deming
and Kahn, 2018; Hemelt et al., 2023), and the demand for AI skills (Alekseeva et al., 2021; Acemoglu et al.,
2022), among others.

I therefore use the information in the job descriptions outside the tasks to measure what each job requires of
the worker.21 As with tasks, I first use the same frontier large language model to recover, word for word, what
the postings in a sample require of the person hired before starting the job. I then use these answers to train
smaller classifiers, which identify the requirements in the postings of the four countries. These classifiers agree
with the frontier model on 87 to 99 percent of the postings from websites outside the training data, depending
on the requirement (Table A5). I also capture whether the employer requires each qualification or only prefers
it, and I focus on the required ones, which account for close to nine in ten qualifications.

In addition to the number of years, many requirements state what the person hired must have done before,
or how well this person must know a tool or a field. In particular, I recover the object of each requirement, such
as an activity, a prior role or a tool, together with the number of years of experience. Where a posting states the
proficiency that a requirement asks for, such as “extensive” experience or a “working knowledge” of a tool, I
also capture these words. As such, I can separate the number of years that a job requires from the activities,
roles and tools to which this experience refers.

I then measure the two requirements that the literature has studied most, education and experience. For
education, I measure whether a posting requires the person hired to hold a diploma or a degree.22 Moreover,
for the jobs that require a specific degree, I also capture the level of this degree and its field of study. In
particular, one-third of postings in the four countries require a diploma or a degree, and 16 percent require
a bachelor’s degree or more. In the United States, the share of postings that require a bachelor’s degree or
more is strongly correlated with the education of workers in O*NET across occupations, and with the shares
that Puri (2026) reports from the Indeed Hiring Lab across states (Figure A8). That is, half of the postings for
accountants require a bachelor’s degree, compared with fewer than 1 percent of the postings for truck drivers

20Table D3 presents the question and the fifteen activities of AI work, such as preparing data for AI, writing software with AI and selling
AI products.

21Among the requirements that I match to a sentence of the description, 95 percent appear in a sentence that does not state a task.
22A requirement counts as a degree whenever the posting asks for a completed diploma or degree, from a high school diploma to a

doctorate.
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and waiters. As for experience, more than one in five postings states how many years of experience the job
requires, with a median of three years.

However, the descriptions also state many other requirements, which show the specific types of experience
required across jobs. For instance, certain jobs require workers to have experience using specific tools, such
as Microsoft Excel, SQL or Python, and one in four postings requires at least one tool. As such, I group these
requirements into nine kinds, which include experience in an activity, in a prior role or in leading others, as well
as tools and knowledge of a field.23 The remaining kinds are credentials such as a driver’s license, languages
and personal traits such as communication skills, as well as conditions of work such as reliable transportation.
I also identify the requirements that name artificial intelligence, such as experience with ChatGPT, GitHub
Copilot or PyTorch, or knowledge of machine learning.24

Altogether, measuring requirements apart from tasks allows me to distinguish the work involving AI that
the person hired is expected to do from the experience and the qualifications required for the job. In fact, in the
third quarter of 2026, only half of the postings with a task involving AI also have a requirement that names AI
(Table A6).

4 Work with Artificial Intelligence

4.1 Overall Prevalence of AI

Figure 5 presents the share of job postings that integrate tasks involving artificial intelligence in the four
countries. I find that only 1 percent of the job postings in the sample include duties involving AI, against 3
percent with the simple keyword approach. That is, many postings mention AI only among the qualifications
of the applicant or the products of the employer. Nonetheless, this share has been growing significantly over
the past eight years, and most of this growth has taken place in the last two years. In the United States, this
share has risen steadily since 2024, reaching 4 percent of postings in 2026.

This rise has taken place in each of the four countries, although the share has always been higher in the
United States (Figure 5). In the third quarter of 2026, 4.4 percent of US postings include a task involving AI,
against around 2 percent in Canada, the United Kingdom and Australia. Moreover, the rise begins later in the
other three countries, where most of the increase has taken place over the past year. As such, the share in the
United States remains twice as high, and the gap has widened as work involving AI has spread.

Earlier work with job postings finds a similar lead of the United States in the demand for AI skills. In the
United States, the postings that require AI skills rose sharply over the 2010s (Alekseeva et al., 2021). These
postings have also made up a larger share of all postings in the United States than in other countries (Green
and Lamby, 2023). Similarly, workers in the United States use AI in their jobs more often than workers in
Europe, including those in the United Kingdom (Bick et al., 2026b). Altogether, US employers lead both in the
AI skills they require and in the work involving AI they assign.

Figure 5 also shows that work involving AI differs far more across the areas within each country than across
the four countries. In particular, one in six postings in San Jose and one in seven in San Francisco include a task
involving AI, followed by Seattle. The share then falls steeply down the ranking, to below 1 percent in more
than four in five of the areas in the United States. Together, these three areas account for 38 percent of the US
postings with a task involving AI, but only 6 percent of all US postings.

23Within each kind, I treat the different wordings of the same requirement as one, such as “Python 3” and “Python programming” for
the tool Python.

24I date each tool by the first quarter in which a posting names the tool, such as the first quarter of 2023 for ChatGPT, and measure the
age of the tool in each posting from that quarter.
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Figure 5: Tasks Involving AI over Time and Across Local Areas
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Note: Figure 5 presents the percent of postings with at least one task involving AI in the United States, Canada, the United Kingdom and Australia. Panel (a)
shows this percent by quarter from the third quarter of 2018 to the third quarter of 2026. Panel (b) ranks local areas with at least 1,000 postings by the same
percent from the fourth quarter of 2025 to the third quarter of 2026, on a log scale. US commuting zones are ranked among themselves, and the economic
regions of Canada, the counties and unitary authorities of the United Kingdom and the statistical areas of Australia are ranked together. The sample covers
postings with at least ten words of description, and panel (b) covers the postings that name a local area. Postings are weighted to match official vacancy
statistics.

The US firms that used AI in 2018 were similarly concentrated in a handful of superstar cities and emerging
hubs (McElheran et al., 2024). More broadly, new technologies emerge in a few pioneer locations, which remain
the centers of their high-skill jobs for decades (Kalyani et al., 2025). The hiring for these jobs then spreads only
slowly to other areas (Kalyani et al., 2025).

In the other three countries, work involving AI is similarly concentrated in a few areas, led by London,
Toronto and the center of Sydney (Figure A9). Yet only about 5 percent of the postings in these areas include
a task involving AI, a third of the share in San Jose. In fact, US areas have higher shares than the areas of the
other three countries at every rank of the distribution, not only at the top.

4.2 Heterogeneity Across Occupations

Tasks involving AI are frequent in a handful of occupations and almost absent from most others (Figure 6).
A third of the postings for data scientists and statisticians include a task involving AI, as do a quarter of
those for software developers.25 All nine IT professional occupations rank among the top 30, and most science
and engineering professions are in the top third. Among job titles, nine in ten postings for machine learning
engineers and AI engineers include such a task (Table A7). In contrast, fewer than 1 percent of postings include
a task involving AI in more than two thirds of the occupations. This ranking resembles the one for AI skills,
which US postings of the 2010s required most often in IT occupations, followed by engineering and science
(Alekseeva et al., 2021).

I validate this ranking against the share of workers in each occupation who use generative AI at work. Bick
et al. (2026c) measure this share in a survey of US adults, in which workers report whether they use AI tools
in their jobs. These two measures come from very different sources, as one rests on the duties that employers
assign and the other on the reports of workers. Nonetheless, the two measures are strongly correlated across

25I refer to the occupation of mathematicians, actuaries and statisticians in ISCO-08 as data scientists and statisticians, since postings for
data scientists account for most of the postings in this occupation.
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Figure 6: Tasks Involving AI Across Occupations
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Note: Figure 6 presents the percent of postings with at least one task involving AI across four-digit ISCO-08 occupations from the fourth quarter of 2025 to
the third quarter of 2026. Panel (a) ranks the occupations with at least 1,000 postings in the four countries together by this percent, with the rank on a log
scale. IT professionals are ISCO-08 sub-major group 25, and science and engineering professionals are sub-major group 21. Panel (b) plots the percentile
rank of US occupations by this percent against their percentile rank by the share of workers who use generative AI at work in Bick et al. (2026c). Panel (c)
plots the percentile rank of US occupations by this percent against their percentile rank by the share of postings that require a bachelor’s degree or more, for
occupations with at least 200 postings. Panels (b) and (c) cover postings in English. Panel (d) plots this percent in the United States against the percent in the
other three countries together, on log scales, for occupations with at least 1,000 postings in both, with the 45-degree line and with percents below 0.01 shown
at 0.01. Circles are sized by the number of postings. The sample covers postings with at least ten words of description. Postings are weighted to match official
vacancy statistics.

occupations (Figure 6). That is, lawyers rank near the top on both measures, while bartenders rank near the
bottom on both.

At the same time, the postings do not capture the use of AI for tasks that are not a core part of the work.
For instance, most retail managers use generative AI at work, yet almost none of their postings include a task
involving AI. As such, the postings measure the work involving AI that employers assign to each job, not every
use of AI tools at work.

Figure 6 further shows that tasks involving AI are more prevalent in occupations that require a college de-
gree. For instance, web developers rank high in both degree requirements and tasks involving AI, while cooks
rank low in both. However, a degree is not enough for work involving AI, as few postings for pharmacists
include such tasks, although most require a degree. Data entry clerks, on the other hand, rarely need a degree
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but rank near the top in tasks involving AI. Employers hire many of these clerks to gather, clean and label data
for AI systems.

Moreover, the share of postings with a task involving AI is highest in occupations that require a degree in
computer science or an advanced degree (Figure A10). Similarly, these tasks are more frequent in occupations
with more non-routine analytic work in O*NET, and rare in occupations with more non-routine manual work.
The occupations most exposed to AI also employ more educated and better paid workers (Webb, 2019; Felten
et al., 2021; Eloundou et al., 2024).

Finally, US postings include a task involving AI more often than postings in the other three countries in
the vast majority of occupations (Figure 6). Among systems analysts, 18 percent of US postings include such
a task, compared with 12 percent in the other three countries. US employers thus assign more work involving
AI even within the same occupations. This pattern is in line with Bick et al. (2026b), who find that differences
in demographics, occupation, industry and firm size explain only half of the US lead over Europe in the use of
AI at work.

4.3 Types of AI Work

While the evidence so far shows a significant increase in work involving AI, the nature of this work may
also have changed over time. That is, generative AI tools may allow many more workers to use AI in their
jobs, and not only the engineers who develop and build AI systems.

To this end, I analyze how the four kinds of AI work have evolved in US postings (Figure 7). All four kinds
of AI work have increased significantly, mostly since the start of 2025. Building with AI, the most common
kind, has taken off, more than tripling in the past year and a half. Workers who build with AI design systems
that use AI models and integrate these models into the software of their employers (Table A4). Tasks directing
AI have also quadrupled since early 2025, as more employers hire workers to lead AI projects and set the AI
strategy of their firms. Working with AI is the least common kind but has grown the fastest, as more workers
use AI to analyze data, write code or serve customers.

The kinds of AI work also differ across occupations (Figure 7). In particular, postings for managers are far
more likely to include tasks directing AI, as managers lead the teams that build and use AI systems. On the
other hand, professionals most often build with AI, above all IT professionals, while science and engineering
professionals also develop AI models (Figure A11). In contrast, general and keyboard clerks develop AI more
often than they build with it, as they label the data used to train AI models.

Lastly, I examine the tasks that involve generative AI, the technology behind tools such as ChatGPT. To
identify these tasks, I classify the AI terms in each task into six technologies, such as machine learning and
generative AI (Table A8).26 For instance, tasks involving generative AI include those that use large language
models or require prompt engineering. When a task refers to AI only in general terms, I assign the task the
technology of the other tasks involving AI in the same posting. I also include the postings in which a language
model classifies a generative AI term as part of the work of the person hired, and not only as a required skill
(Appendix D.1.6).27

Tasks involving generative AI were largely nonexistent in all four countries prior to the release of ChatGPT
in November 2022 (Figure 7). Since then, these tasks have taken off, reaching 1.3 percent of US postings in the
third quarter of 2026. In the four countries together, a quarter of the postings with a task involving AI now
involve generative AI. In the United States, tasks involving generative AI now outnumber those involving

26The 153 AI terms cover machine learning, generative AI, AI agents, language processing, computer vision and AI governance (Ap-
pendix D.1.6).

27Most of these postings also have a task involving generative AI, and the trend is the same with tasks alone (Figure A12).
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Figure 7: Types of AI Work
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Note: Figure 7 shows the percent of postings with at least one task involving AI of each of four kinds, developing AI, building with AI, working with AI and
directing AI, and the percent of postings with at least one task involving generative AI. A task takes the kind of the activity that it assigns, and a posting can
have several kinds. Panel (a) covers US postings by quarter from the third quarter of 2018 to the third quarter of 2026. Panel (b) covers postings in the four
countries from the fourth quarter of 2025 to the third quarter of 2026 by the major group of the main occupation. Technicians and clerical workers are ISCO-08
major groups 3 and 4, and service, sales and manual workers are major groups 5 to 9 and the armed forces. Panel (c) covers postings in English in the four
countries by quarter. A posting involves generative AI when a task involving AI names a generative AI term, or when Gemma rates a generative AI term in
the posting as part of the hire’s work. The denominator is postings with at least ten words of description. Postings are weighted to match official vacancy
statistics.

machine learning, the most common technology in every earlier quarter (Figure A13). AI agents, almost absent
before 2024, now rank third among the six technologies. In the other three countries, tasks involving generative
AI took off about a year later than in the United States, and they remain at half the US level or less.
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5 Drivers of AI Work

5.1 Heterogeneity Across Employers

Work involving AI is concentrated in a few occupations, such as data scientists and software developers,
and in a few areas, such as San Jose and San Francisco. Yet these patterns do not reveal which employers assign
this work. Earlier surveys find that fewer than 6 percent of US firms used AI in 2017, while most very large
firms already used this technology (McElheran et al., 2024). Surveys of executives also find that larger, more
productive and higher-paying firms remain more likely to use AI today (Yotzov et al., 2026). Across industries,
at least half of the very large firms in information, professional services and finance use AI (Bonney et al., 2026).
However, these surveys ask whether a firm uses AI, rather than how many of its jobs involve AI. Using the
tasks in each posting, I measure this share at each employer, and then compare employers across industries,
sizes and countries.

Figure 8 shows that multinationals assign far more work involving AI than domestic employers.28 Over
the past year, 5 percent of the postings of US multinationals include a task involving AI, more than three times
the share at domestic employers. Moreover, US multinationals assign this work as often in the other three
countries as in the United States. By contrast, fewer than 1 percent of the postings of domestic employers in
these countries include such a task. This pattern is consistent with earlier evidence that US multinationals
in Europe obtained more productivity from information technology than other multinationals (Bloom et al.,
2012).

The share of postings with a task involving AI also does not rise steadily with the size of the employer,
unlike the use of AI in surveys of firms. Instead, this share is highest at employers with hundreds or thousands
of postings, and lower at both the smallest and the largest employers. Employers differ even more across
industries, as information and communication, finance and professional services employ many of the workers
who develop software and analyze data. These three industries thus account for one-fifth of all postings, but
for two-thirds of the postings with a task involving AI.

Figure 8 further shows large differences across individual employers, ranking the 200 employers with the
highest share of postings that include a task involving AI. While the median employer with at least 1,000
postings includes a task involving AI in less than 1 percent of its postings, one in ten of these employers
does so in 17 percent or more. In particular, AI startups account for 16 of the 20 employers with the highest
shares.29 These employers include Anthropic and OpenAI, which develop AI models, as well as Outlier and
DataAnnotation, which hire workers to train these models. Large technology firms such as Microsoft and
Google, which develop AI models of their own, also assign this work in 44 and 27 percent of their postings.
Still, this work is not limited to technology firms, as 18 percent of the postings at Capital One also include such
a task. Meanwhile, large employers in retail and health care such as Starbucks and HCA Healthcare assign
almost none of this work.

These differences across the types, sizes and industries of employers may overlap, as multinationals also
tend to be larger employers. To understand the employer characteristics that shape AI adoption, I estimate the
following regression:

AIn = X ′
f(n)β + γg(n) + τc(n),t(n) + ωo(n) + εn, (2)

where AIn indicates whether posting n includes a task involving AI, and Xf(n) captures the characteristics of
employer f . These characteristics include multinational status, employer size, the shares of postings for IT

28I leave out the postings of the employers that I classify as staffing agencies or job boards (Section 2.2).
29I define AI startups as independent companies founded from 2010 on whose main product is AI models, AI applications, AI chips or

infrastructure, or data work to train AI.
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Figure 8: Employers and Tasks Involving AI

(a) Types of Employers

18.6

8.0

5.5

1.4

4.4

2.8

2.6

4.6

1.1

1.5

3.6

5.1US multinational

Other multinational

Domestic

Under 10 postings

10-99 postings

100-999 postings

1,000-9,999 postings

10,000 postings or more

Information and communication

Finance

Professional services

Other industries

0 5 10 15 20
Postings with a task

involving AI (%)

(b) Ranking of Employers

Google

DataAnnotation

Mercor

Scale AI
Anthropic

OpenAI
Perplexity AI

Microsoft

Capital One

Outlier

Cohere
xAI

Databricks

0

20

40

60

80

100

P
os

tin
gs

 w
ith

 a
 ta

sk
in

vo
lv

in
g 

A
I (

%
)

1 3 10 30 100 200
Employers ranked by AI prevalence

(log scale)

AI startups Other employers

(c) Employer Characteristics

US Multinational

Other Multinational

Employer Size

IT Workers

College Graduates

Posted Salaries

AI Patents

-0.5 0.0 0.5 1.0

Coefficient (Percentage Points)

Univariate Multivariate

Note: Figure 8 presents the percent of postings with at least one task involving AI at employers that post jobs directly. Panel (a) presents this percent from
the fourth quarter of 2025 to the third quarter of 2026 by type of employer, by the number of postings of the employer over this period and by industry, using
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workers and for college graduates, posted salaries and patents in AI. I measure all characteristics other than
multinational status before the release of ChatGPT, so that they do not reflect the later adoption of AI. With the
local area fixed effects γg(n), I compare postings in the same labor market, while the country-by-quarter fixed
effects τc(n),t(n) absorb the rise in this work in each country. I also include four-digit occupation fixed effects
ωo(n), so that the estimates do not reflect the mix of occupations at each employer. In practice, I first include
each group of characteristics separately, and then all of them together, to examine which characteristics predict
this work once I hold the others constant.

The estimates from equation (2) in Figure 8 show that multinationals assign more of this work, even within
the same occupation. The postings of US multinationals are 0.7 percentage points more likely than those of
domestic employers to include a task involving AI, relative to an average of 1.2 percent. Employers with more
IT workers or more patents in AI also assign more of this work, as a one standard deviation increase in either
characteristic predicts an increase of more than 0.5 percentage points. On the other hand, the share of postings
for college graduates does not predict this work, while larger employers assign only slightly more. Once I
include all characteristics together, the gap between multinationals and domestic employers increases further,
to 0.9 percentage points for US multinationals. Moreover, larger employers assign less of this work once I hold
these characteristics constant, while surveys find that larger firms are more likely to use AI at all (McElheran
et al., 2024; Yotzov et al., 2026). Altogether, employers assign more work involving AI when they operate
across countries, hold patents in AI and hire more IT workers.

5.2 Variance Decomposition

At the same time, these differences may reflect the specific jobs that employers post within each occupation,
rather than the employers themselves. I thus estimate a variance decomposition that separates the contribu-
tions of employers, job titles, places and time, using the following equation:

AIn = αf(n) + θj(n) + τt(n) + γg(n) + εn, (3)

where αf(n), θj(n), τt(n) and γg(n) denote employer, standardized job title, year-by-quarter and local area fixed
effects. The job title fixed effects absorb the work common to each job title across employers, such as the AI
tasks of machine learning engineers. For instance, when two employers post the same job title in the same area
and quarter, the difference between their postings in work involving AI identifies the employer fixed effects. I
then decompose the variance in whether a posting includes a task involving AI into the share explained by each
set of fixed effects and the unexplained share.30 Job titles describe each job in far more detail than occupations,
so I also divide each job title effect into the average for the four-digit occupation and the difference from this
average.

Figure 9 presents the decomposition from equation (3), and shows that job titles within occupations explain
far more of this work than employers or occupations. In particular, job titles within occupations explain 49
percent of the variance in whether a posting includes a task involving AI, more than five times the share
of employers. For instance, data scientists and data analysts belong to the same four-digit occupation, but 51
percent of the postings for data scientists include a task involving AI, compared with 6 percent of those for data
analysts. By contrast, time and geography each explain less than 1 percent, since differences across postings at
any date are far larger than the rise of this work over time.

Part of the share of job titles could reflect rare titles, since the average of a title with only a few postings

30The share of each set of fixed effects equals the covariance between the outcome and the estimated effects, divided by the variance of
the outcome.
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Figure 9: Variance of Tasks Involving AI
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Note: Figure 9 presents a variance decomposition of whether a posting includes a task involving AI, from equation (3), with one regression for all countries
and one for each country. Each segment presents the covariance between the outcome and a set of fixed effects, divided by the variance of the outcome.
Occupation is the average of the job title fixed effects within each four-digit occupation, and Job Title is the difference between the job title fixed effect and this
average. The unexplained share is the variance of the residual divided by the variance of the outcome. The sample includes the postings from 2018 to 2026 of
employers that post jobs directly, in firms, job titles, quarters and local areas with more than one posting.

partly reflects chance. To address this concern, I measure the average of each job title on one half of the
postings and compare this average with the other half. In this comparison, job titles within occupations still
explain 37 percent of the variance. Whether a posting involves AI thus depends mainly on the specific job,
while employers also differ within the same occupation, as in earlier work on skill requirements (Deming and
Kahn, 2018).

I find similar patterns in each of the four countries, as job titles within occupations explain from 49 percent
of the variance in the United States to 61 percent in Australia. By contrast, employers explain a far smaller
share of the variance in each country. Across kinds of AI work, occupations explain far more of the variance
in developing and building with AI than in working with and directing AI (Table A9). Similarly, occupations
explain 7 percent of the variance in tasks involving machine learning, but only 1 percent in tasks involving
generative AI. Altogether, the job and the employer explain nearly two-thirds of the variance in this work,
while the place and the date of a posting explain almost none.

5.3 Exposure to AI and Employment Outcomes

Employers may also differ in this work because AI could perform a larger share of their tasks, which gives
them more scope to adopt this technology.31 Indeed, Acemoglu et al. (2022) show that US establishments with
more exposed tasks increased their vacancies requiring AI skills from 2010 to 2018, while reducing their other
vacancies. Hampole et al. (2025) similarly find that, in public firms through 2023, employment grows more
slowly in the occupations more exposed to the AI applications that each firm develops. However, these papers
study the years before or just after the release of ChatGPT. I extend this analysis through 2026, since most of
the rise in work involving AI has taken place in the last two years. Moreover, I measure adoption through the
tasks that employers assign, rather than through AI skills, which measure the hiring of workers who specialize

31People also use AI chatbots mostly in a few tasks, such as software development and writing (Handa et al., 2025).
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in AI (Acemoglu et al., 2022).

Empirical Approach.
To examine whether more exposed employers adopt AI faster, I draw on the measure of exposure in equa-

tion (1), built from their postings before ChatGPT. My empirical design compares the change in the share of
postings with a task involving AI after the release of ChatGPT across employers with different levels of expo-
sure. Specifically, I estimate the following event study:

AIft = αf +
∑︂

k ̸=2022Q3

βk Exposuref × 1[t = k] + δc(f),i(f),t + δc(f),s(f),t + εft, (4)

where AIft is the share of postings with a task involving AI at employer f in quarter t, and I standardize
exposure across employers. My coefficients of interest are βk, which measure the difference in this share in
quarter k at employers with one standard deviation more exposure. The omitted quarter is the third quarter
of 2022, the last quarter before the release of ChatGPT. The employer fixed effects αf absorb stable differences
in this work across employers, such as those that arise from the jobs each employer posts. In turn, with the
country-by-industry-by-quarter and country-by-size-by-quarter fixed effects, I compare employers in the same
industry and of the same size within each country. For instance, these fixed effects absorb any rise in this work
common to all employers in finance in Canada. The sample includes 452,460 employers in the four countries.32

I weight each employer by its postings from 2021 to the third quarter of 2022, and I cluster standard errors by
firm.

Main Results.
Figure 10 presents the estimates from equation (4). Employers with different levels of exposure had similar

trends in the share of postings with a task involving AI before ChatGPT, lending support to the parallel trends
assumption. In 2023 and 2024, this share also rises at a similar pace at more and less exposed employers.
However, the difference between more and less exposed employers grows substantially from 2025 on, and
reaches 1 percentage point in the third quarter of 2026. I find a similar pattern in the United States and in the
other three countries (Figure A14). Over 2025 and 2026, employers with one standard deviation more exposure
have a share 0.4 percentage points higher, a difference amounting to one-fifth of the mean in this period.33 This
timing is consistent with Rinz (2026), who similarly finds that mentions of AI in US postings rise substantially
from 2024 on, mostly in more exposed occupations.34

More exposed employers may assign more of this work because they shift their postings toward occupa-
tions with tasks involving AI. Alternatively, these employers could add such tasks to the jobs they already
post. I thus separate these two explanations with the following long-difference regression across employers:

∆AIf = β Exposuref + δc(f),s(f) + δc(f),i(f) + εf , (5)

where ∆AIf is the change in the share of postings with a task involving AI at employer f from 2021 and 2022
to 2025 and 2026. With the fixed effects δc(f),s(f) and δc(f),i(f), I again compare employers of the same size and
in the same industry within each country. I then divide this change into the change within the occupations that
each employer posts in both periods and the shift of its postings across occupations.35 I estimate equation (5)

32An employer is a firm in one country, so that a firm that posts jobs in two countries counts as two employers.
33I find the same pattern for each of the four kinds of AI work, with a difference equal to one-third of the rise in each kind by the third

quarter of 2026 (Figure A15).
34Firms whose jobs were more exposed before the release of ChatGPT are also more likely to post jobs involving generative AI after this

release (Schubert, 2025; Chandar and Klein Teeselink, 2026).
35The other parts are due to occupations that an employer starts or stops posting, and all parts add up to the total change.
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Figure 10: Exposure to AI and Tasks Involving AI Across Employers
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Note: Figure 10 presents estimates of βk from equation (4), with 95 percent confidence intervals based on standard errors clustered by firm. The outcome is
the percent of the postings of an employer in each country and quarter with a task involving AI. Exposure is defined in equation (1), in standard deviations.
Regressions include employer, country-by-industry-by-quarter and country-by-size-by-quarter fixed effects, and are weighted by the postings of the employer
from the first quarter of 2021 to the third quarter of 2022. The third quarter of 2022 is the omitted period. The dashed vertical line marks the release of ChatGPT.

for each of these parts. Over this period, the share of postings with a task involving AI rises by 1.5 percentage
points on average (Table 2). I find that this share rises by 0.4 percentage points more at employers with one
standard deviation more exposure, all of it within the occupations they already post.

Table 2: Exposure to AI and the Change in Tasks Involving AI, Within and Across Occupations

Total Within Between Occupations Occupations
Change Occupations Occupations Entered Exited

(1) (2) (3) (4) (5)

Exposure to AI 0.410 0.473 -0.104 0.091 -0.051
(0.172) (0.077) (0.102) (0.008) (0.004)

Mean of the Outcome 1.537 1.261 0.129 0.232 -0.085
Employers 294,657 294,657 294,657 294,657 294,657

Country × Size ✓ ✓ ✓ ✓ ✓
Country × Industry ✓ ✓ ✓ ✓ ✓

Note: Table 2 presents estimates of β from equation (5), for the change in the percent of the postings of an employer with a task involving AI from the first
quarter of 2021 to the third quarter of 2022 and from the first quarter of 2025 to the third quarter of 2026. Exposure is defined in equation (1), in standard
deviations. Column (1) is the total change, which equals the sum of the following columns. Column (2) is the change within occupations the employer posts
in both periods, column (3) is the part due to changes in the shares of these occupations, and columns (4) and (5) are the parts due to occupations the employer
starts and stops posting. Occupations are at the four-digit level. Regressions are weighted by the postings of the employer in the first period, with standard
errors clustered by firm in parentheses.

As more exposed employers adopt AI, they may also change their demand for workers, as in Acemoglu
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et al. (2022) and Hampole et al. (2025). I thus estimate equation (5) for the growth of the postings of each
employer from 2021 and 2022 to 2025 and 2026. Across employers, I find no clear difference in the growth
of postings between more and less exposed employers (Table A10). The postings of more exposed employers
grow faster in 2021 and 2022, but not after the release of ChatGPT (Figure A16). All in all, more exposed
employers add tasks involving AI to their jobs with no clear change in the number of jobs they post. This fits
in with the small effects of AI on employment found so far (Humlum and Vestergaard, 2025).

6 New Work and Expertise

6.1 Identifying New Work

So far, I have shown that the prevalence of work involving artificial intelligence has grown substantially in
the past few years, to 4.4 percent of US postings in the third quarter of 2026. At the same time, the nature of
this work has also changed significantly, as a quarter of the postings with a task involving AI now involve gen-
erative AI. These changes raise the question of how much of this work is new work, such as writing prompts
for AI applications, which almost no employer posted before 2020. In this section, I identify the new types of
work that employers create, with and without AI. I then examine the expertise that new work involving AI
asks for, and how it spreads across countries and employers.

While the approach of Section 3 allows me to capture the work that employers assign in considerable detail,
it also yields task sentences that state the same work in different words. For instance, postings ask workers to
“help develop a scalable prompt-engineering framework” or to “contribute to a scalable framework for prompt
engineering”, which state the same task (Table D4). To recover the distinct types of work, I therefore reduce
the dimensionality of these sentences in two steps. First, I measure how close two sentences are in meaning by
the similarity of their embeddings. I then merge sentences into one unique task only when every pair among
them is very close. Within the unique tasks that result, a language model judges 95 percent of pairs to state the
same task (Table D5).

Second, I group the unique tasks into task families with a tree built by Ward’s method (Ward, 1963), in
which each family nests in a broader one, up to the four kinds of AI work (Table D6). To set the level at which I
cut this tree, I follow Hoberg and Phillips (2016), who match the coarseness of their text-based industries to that
of three-digit industry codes. In particular, I cut the tree of tasks involving AI where neighboring families are as
far apart as the more than 2,000 detailed work activities of O*NET (National Center for O*NET Development,
2026). Tasks without AI are more varied, so I cut their tree at a larger number of families, where these families
are as tight as the families of tasks involving AI, with a median similarity of 0.76 on both sides (Figure D1).36

Altogether, I group the tasks involving artificial intelligence into 399 families, and the other tasks into 1,500
families that are just as tight.

In this context, I follow Autor et al. (2024), who identify new work by the job titles that first enter the Census
index of occupations, building on Lin (2011) and Acemoglu and Restrepo (2018). However, work involving AI
rarely comes with a new job title, as new job titles account for only 4 percent of the rise in US postings with
tasks involving AI (Table A11).37 I therefore adapt this approach from job titles to the task families of postings.
With task families, I can also measure the timing of new work by the quarter in which employers start to post
it, in each of the 33 quarters from 2018 to 2026, while the Census index adds new job titles about once a decade.

In particular, the timing of a family is the first quarter in which at least three employers post its tasks.38 The

36I group a sample of the task sentences of US postings in English directly into these families, as described in Appendix D.2.2.
37A job title is new when no employer posted it before 2023 and at least three employers post it from 2023 on.
38I provide additional details on the timing of new work in Appendix D.2.3.
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work of a family is new when this quarter comes after the base period of 2018 and 2019, which ends before
the pandemic and three years before the release of ChatGPT. I further require that at least three employers
post its tasks in three of the following four quarters, which shows that the work lasts beyond a single quarter.
Importantly, the definition counts employers rather than postings, as a single large employer can post the same
task thousands of times. For instance, the family of writing prompts for AI applications has one employer in
2018 and 38 in 2023, and it emerges in the first quarter of 2023. I apply the same definition to the 399 families
of tasks involving AI and to the 1,500 families of other tasks.

6.2 Emergence of New Work

After the release of ChatGPT, employers start to post types of work involving AI that hardly existed a few
years earlier. Of the 399 families of tasks involving AI, 21 emerge after 2019 (Table D7), and almost all of them
after the end of 2022 (Figure D2). In 2023, employers start to ask workers to design prompts for AI applications,
to evaluate large language models and to build the systems that serve these models. In 2024, employers also
ask workers to build pipelines that retrieve documents for language models, as well as AI agents that perform
tasks with little human input. A year later, a new family involves building servers that connect these agents to
the other software of the firm. At the same time, other new work involves working with AI, as employers ask
workers to use AI tools to write and test software, and to help customers put generative AI in place.

The work in these new families then grows steadily, as each new family adds to the ones before (Figure 11).
Its share of the US tasks involving AI is close to zero until 2022 and reaches 5 percent in 2026, when 12 percent
of the postings with tasks involving AI include at least one new family. In line with Acemoglu and Restrepo
(2018), AI thus creates new tasks for workers, although most work involving AI is still of the types that em-
ployers already posted in 2018 and 2019. Moreover, most of the new families involve building with AI or
working with AI, which fits the finding of Autor et al. (2024) that new work arises where new technologies
complement the work of an occupation.

Among the tasks without AI, even the COVID-19 pandemic created no new type of work. Instead, it
brought a surge in work that a few employers already posted before the pandemic. For instance, in 2018
and 2019, public health employers asked epidemiologists to provide “contact tracing for clients identified as
having STDs”, and adult care homes asked for “Tuberculosis (TB) testing”. Similarly, the family that holds
“immunizations, flu shots” before the pandemic also holds “administering Covid-19 vaccines” in a pharmacist
posting after it. This surge then faded, as the number of employers that ask workers to trace contacts peaks in
2021 and falls by about nine tenths by 2025.

More broadly, only 10 of the 1,500 families of tasks without AI emerge after 2019. The new family with
the most employers, more than a thousand in 2026, emerges in 2020 and involves building pipelines that
automatically test and deploy software with GitHub Actions. Together, these new families make up less than
0.1 percent of the US tasks without AI in every quarter (Figure 11).

As with the rise in work involving AI as a whole, new work involving AI emerges mostly inside existing
job titles. In fact, only 13 percent of the postings with new work involving AI are in new job titles (Table A12).
The job titles with the most new work involving AI are AI engineers, software engineers and machine learning
engineers, all of which employers posted before 2023.

6.3 Expertise in New Work Involving AI

In this context, I analyze the extent to which new work involving artificial intelligence requires workers
with extensive experience, or rather workers who know the most recent tools. In particular, Autor et al. (2026)
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Figure 11: Emergence of New Work, Tasks Involving AI and Tasks Without AI
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Note: Figure 11 shows, in each quarter, the share of US tasks involving AI and the share of US tasks without AI that belong to families that emerge after 2019.
A family is dated to the first quarter in which at least three employers post its tasks, and the markers show that quarter for the families named. The dashed
line marks the release of ChatGPT.

show that new work requires expertise that is scarce when the work first appears, and that younger and more
educated workers are more likely to hold new jobs. Moreover, Autor and Thompson (2025) describe expertise
as the capability to perform specific tasks, which few workers can supply and which thus sets the value of their
work. However, AI tools change so quickly that few workers can have many years of experience with them, as
agent frameworks that postings name, such as LangChain, first appeared in late 2022.

To understand how the requirements of postings with new work involving AI differ from those of other
postings, I take advantage of the requirements described in Section 3.4. Specifically, I examine whether a
posting requires a bachelor’s degree, years of experience, a prior role or experience leading others, and recent
tools. For each requirement, I then estimate the following regression:

Yi = β1 New AIi + β2 Other AIi + δo(i),t(i) + εi (6)

where Yi is a requirement of posting i, New AIi indicates whether the posting has a task in one of the new
families of tasks involving AI, and Other AIi indicates whether the posting has tasks involving AI, none of
them in a new family. I include occupation by quarter fixed effects δo(i),t(i) to compare postings for the same
occupation in the same quarter, and postings without tasks involving AI are the omitted group.39 The coef-
ficient β1 in equation (6) thus captures how the requirements of postings with new work involving AI differ
from those of postings without AI in the same occupation and quarter, and β2 does the same for other work
involving AI.

Table 3 presents the results. Postings with new work involving AI are 4 percentage points less likely to
require a bachelor’s degree than postings without AI in the same occupation and quarter. Postings with other
work involving AI, in turn, are 2 percentage points more likely to require one. Similarly, new work involving

39I use US postings in English from 2023 to 2026, with every posting with a task involving AI and a random sample of postings without
AI drawn within each occupation and quarter, weighted by vacancy weights. Standard errors are clustered by employer.
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Table 3: Requirements in New and Other Work Involving AI

Bachelor’s
Degree
or More

Years of
Experience

Prior Role
or Leading

Others

Names
a Tool

Names a Tool
from the Last

Two Years

Newest Tool,
Quarters Since
First Named

(1) (2) (3) (4) (5) (6)

New Work Involving AI −4.12 −0.07 0.67 12.55 20.21 −8.46
(1.02) (0.10) (0.44) (0.61) (0.69) (0.19)

Other Work Involving AI 2.12 0.14 1.78 6.78 3.74 −2.28
(0.91) (0.05) (0.25) (0.60) (0.14) (0.06)

Mean Without Tasks Involving AI 23.9 4.0 12.8 31.5 0.5 25.2
Observations 2,173,478 460,465 2,173,478 2,173,478 2,173,478 1,394,025

Occupation by Quarter Fixed Effects Yes Yes Yes Yes Yes Yes

Note: Table 3 presents how the requirements of postings with new work involving AI and with other work involving AI differ from those of postings without
tasks involving AI in the same occupation and quarter. Each column is a separate regression of a requirement on indicators for new work involving AI and
for other work involving AI, and postings without tasks involving AI are the omitted group. New work involving AI is a posting with at least one task in one
of the 21 new families of tasks involving AI (Section 6.1), and other work involving AI is a posting with tasks involving AI, none of them in a new family. The
sample is English postings in the United States from 2023-Q1 to 2026-Q3: every posting with a task involving AI and a random sample of the same number
of postings without one, drawn within each occupation and quarter. Columns 1, 3, 4 and 5 are in percentage points. Column 2 is the largest number of years
of experience that a posting asks for, among postings that state a number of years. Column 5 is a tool that postings first named in the previous eight quarters.
Column 6 is the number of quarters since postings first named the newest tool that the posting requires, among postings with a tool that 50 or more postings
name, so that a negative entry means a newer tool. Postings are weighted by vacancy weights, and the postings without tasks involving AI are also weighted
by the inverse of their sampling rate. Standard errors in parentheses are clustered by employer.

AI asks for no more years of experience than work without AI, and about as often for a prior role or for
experience leading others. By contrast, its postings are 20 percentage points more likely to name a tool that
postings first named in the previous two years, five times the gap for other work involving AI. In fact, their
newest tool is about two years newer than in postings without AI.

The expertise of new work involving AI is thus knowledge of tools that are only a year or two old, and not
more schooling or a longer career. In line with Autor et al. (2026), who find that younger workers are more
likely to hold new jobs, postings with new work involving AI ask for no more years of experience.

As a new family ages, the postings of the family name ever newer tools, so that the people hired for this
work need to keep up with each new generation of tools (Figure A17).

6.4 Diffusion of New Work

Within the United States, hiring for a new technology spreads from a few pioneer locations over several
decades, and the new jobs require less skill over time (Kalyani et al., 2025). Across countries, the typical
economy has adopted new technologies decades after their invention (Comin and Hobijn, 2010; Comin and
Mestieri, 2018). Once a new family of tasks involving AI emerges, I follow how its work spreads to the other
three countries and to other types of employers. In each country, I measure when each of the 21 new families
arrives, and I compare how fast US multinationals, other multinationals and domestic employers start to post
its tasks. Importantly, the families group the tasks of the four countries together, so that a family describes the
same work in each country.

Across Countries. A new family arrives in a country in the first quarter in which at least three employers
there that hire for themselves post its tasks. The United States is first, or tied for first, to post each of the 21
new families of tasks involving AI. Likewise, earlier technologies emerged in a few US cities before spreading
to other places (Kalyani et al., 2025; Bastos et al., 2026). From there, the median new family reaches Canada
and the United Kingdom four quarters later, and Australia seven quarters later (Figure 12). These lags are
short compared with the adoption lags of the past two centuries, in line with evidence that newer technologies
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spread across countries faster (Comin and Hobijn, 2010; Comin and Mestieri, 2018). Moreover, all 21 new
families have arrived in each of these countries by the third quarter of 2026.

Figure 12: Diffusion of New Work Involving AI
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Note: Figure 12 shows the diffusion of the 21 new families of tasks involving AI across countries in panel (a) and across types of employers in panel (b). Panel
(a) shows the share of new families that have arrived in each country, by the number of quarters since their arrival in the United States. A family arrives in a
country in the first quarter in which at least three employers there that hire for themselves post its tasks. Panel (b) shows the share of pairs of an employer and
a new family in which the employer has posted a task of the family, by the number of quarters since the family emerged, for US multinationals, multinationals
headquartered in the country where they post, other foreign multinationals and domestic employers. A multinational posts directly in at least two of the four
countries or has its headquarters outside the country where it posts. In the United States, multinationals headquartered in the country are US multinationals.
Shares are Kaplan-Meier estimates on postings in English of the United States, Canada, the United Kingdom and Australia, without weights.

Across Types of Employers. Multinational employers transfer technology and management practices to their
affiliates abroad (Keller, 2004; Bloom et al., 2012; Keller and Yeaple, 2013). I therefore sort employers into
four types: US multinationals, multinationals headquartered in the country where they post, other foreign
multinationals and domestic employers. A multinational is an employer that posts directly in at least two of
the four countries, or that posts in a country other than that of its headquarters.

To compare these types, I follow each employer in each country from the quarter in which a new family
emerges until the employer first posts a task of the family. Within eight quarters, 3.1 percent of US multination-
als post a task of the family, against 0.9 percent of domestic employers (Figure 12). I then compare the hazard
of a first posting with that of domestic employers of the same size, for families of the same age in the same
country and quarter, as multinationals tend to be larger. Among employers of the same size, US multinationals
take up new families three times as fast as domestic employers, and other multinationals more than twice as
fast. This lead over domestic employers holds in each of the four countries (Table A13).

In the first year after a new family arrives in Canada, the United Kingdom or Australia, US multinationals
post from 26 percent of the postings of the family in Australia to 40 percent in the United Kingdom. As
a result, multinational employers, and US multinationals in particular, are one channel through which new
work involving AI crosses borders. Similarly, Fortune 500 firms and their affiliates, suppliers, buyers and
innovation partners post about a third of the jobs in emerging technologies across 17 countries (Bastos et al.,
2026). Moreover, the earlier buyers and innovation partners of firms in the places where a technology emerges
add jobs in that technology faster than other firms (Bastos et al., 2026).
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7 Conclusion

In recent years, the rapid spread of artificial intelligence has received increased attention in both the eco-
nomics literature and the policy discussion. In this paper, I have examined how work involving AI emerges
and spreads across jobs, employers and countries, with the goal of understanding how AI changes the nature
of work. While previous work has measured the exposure of occupations to AI, the AI skills that job post-
ings require and the use of AI by firms and workers, the work involving AI that employers assign has so far
received scant attention.

To this end, I have constructed a dataset of 159 million job postings in the United States, Canada, the United
Kingdom and Australia between 2018 and 2026, and I have identified the tasks that each posting assigns to the
person hired, in the same way in all four countries. I have shown that the share of postings with a task
involving AI has risen steadily since 2024, reaching 4.4 percent of US postings in the third quarter of 2026,
twice the share in the other three countries. This work differs widely within occupations, as job titles explain
more than five times as much of it as employers, and multinationals, AI startups and employers with more IT
workers and patents in AI assign far more of it. Furthermore, employers more exposed to AI before the release
of ChatGPT take up this work faster from 2025 on, with no clear change in their overall postings. As such,
future research could draw on the tasks of each posting to study how AI changes the work of the same job at
different employers and in different countries.

I have further shown that part of this work is new, as employers start to ask workers to design prompts
and build AI agents after the release of ChatGPT, while new work without AI is rare. This new work asks
for knowledge of tools that are only a year or two old, rather than for more formal education. This new
work also starts in the United States and reaches the other three countries within one to two years, and US
multinationals take it up three times as fast as domestic employers of the same size. Since the expertise that
new work requires lies in the newest tools, the workers and employers that learn these tools first may gain
the most from this technology. Further work on this front is thus needed to understand whether this expertise
earns a premium in pay, how fast this premium declines as the tools spread (Autor et al., 2026) and whether
domestic employers catch up with multinationals.
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A Additional Figures and Tables

Figure A1: Share of Postings with Salary Information
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Note: Figure A1 presents the share of postings that include salary information in the United States, Canada, the United Kingdom and Australia, by quarter
from the third quarter of 2018 to the third quarter of 2026. Each posting enters once in each quarter in which the posting appears, and the shares are
unweighted. The lines are centered three-quarter moving averages of the quarterly shares.

Figure A2: Pay Transparency Laws
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Note: Figure A2 presents the change in the share of postings that include salary information around the pay transparency laws of Colorado, California and
Washington, stacked against comparison states, relative to the month before each law, with a 95 percent confidence band. The Lightcast series comes from
Audoly and Xing (2025).
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Figure A3: Occupations in Postings and Employment in Canada, the United Kingdom and Australia

(a) Canada
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(b) United Kingdom
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(c) Australia
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Note: Figure A3 presents the share of postings in each four-digit ISCO-08 occupation from 2018 to 2026 against the share of employment. Employment comes
from the 2021 Census of Canada, from the Annual Population Survey of 2024 in the United Kingdom and from the detailed quarterly Labour Force Survey
of the Australian Bureau of Statistics for 2025 and 2026, with national codes mapped to ISCO-08 through the official correspondences. Both axes are in logs,
markers are sized by the share of employment, the dashed line is the 45-degree line, and the printed values are correlations between the logs of the two shares.

Figure A4: Posted and Official Pay by Occupation in the United Kingdom and Australia

(a) United Kingdom
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(b) Australia
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Note: Figure A4 presents the median posted annual pay in each occupation against official earnings, for occupations with at least 50 postings with an annual
or annualized salary, with both axes in logs. Postings are those opened in 2024 in the United Kingdom and in 2023 in Australia. Official earnings come from
the Annual Survey of Hours and Earnings of 2024 in the United Kingdom and from the Employee Earnings and Hours survey of May 2023 in Australia, with
national codes mapped to ISCO-08 where they are more detailed. Labels name selected occupations.
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Figure A5: Manual Tasks Across Occupations

(a) Four Countries
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(b) United States
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(c) Canada, United Kingdom and Aus-
tralia
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Note: Figure A5 plots the percent of postings with at least one manual task in each four-digit ISCO-08 occupation against the O*NET measure of non-routine
manual tasks of Acemoglu and Autor (2011), in standard deviations, for occupations with at least 20 postings. Panel (a) pools the four countries, panel (b)
shows the United States and panel (c) pools Canada, the United Kingdom and Australia. Markers are sized by the share of postings in each occupation.
Postings are from the third quarter of 2018 to the third quarter of 2026, weighted by the vacancy weights of Section 2.2.

Figure A6: Tasks Involving AI Against Outside Measures

(a) US States
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Note: Figure A6 presents the percent of US postings with a task involving AI against outside measures of AI demand. Panel (a) plots US states in 2024 against
the share of postings that list an AI skill in the data of Lightcast, with the size of each circle proportional to the number of postings. Panel (b) presents the
percent of firms with a task involving AI in each third of firms by number of postings, alongside the same percent in the data of Indeed.
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Figure A7: Activities of Work Involving AI, by Kind
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Note: Figure A7 shows the percent of postings with a task involving AI that have at least one task of each of 15 activities, grouped into four kinds of AI work:
developing AI, building with AI, working with AI and directing AI. The sample is postings in the United States, Canada, the United Kingdom and Australia
from the third quarter of 2018 to the third quarter of 2026. A posting can have tasks of several activities. Percentages are weighted by the vacancy weights of
Section 2.2.

Figure A8: Degree Requirements Across Occupations and States

(a) Occupations Against O*NET
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(b) States Against the Indeed Hiring Lab
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Note: Figure A8 presents the percent of US postings that require a bachelor’s degree or more. Panel (a) plots, for each four-digit ISCO-08 occupation with at
least 100 postings, this percent against the percent of workers in the corresponding US occupations whose education in O*NET is a bachelor’s degree or more,
with postings weighted as in Section 2.2. Panel (b) plots, for each US state in 2025, the percent of postings whose lowest requirement is a bachelor’s degree or
more against the same percent in the data of the Indeed Hiring Lab. The size of each circle is proportional to the number of postings.
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Figure A9: Share of Postings With a Task Involving AI, by Local Area
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(b) Canada (c) United Kingdom (d) Australia

0.1 0.25 0.5 1 2 5 10 20
Share of postings with a task involving AI (%)

Note: Figure A9 presents the share of postings with a task involving AI in commuting zones in the United States, economic regions in Canada, counties in the
United Kingdom and statistical areas of level 4 in Australia, from the fourth quarter of 2025 to the third quarter of 2026. The figure covers postings that name
a local area. Grey areas have fewer than 1,000 postings.
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Figure A10: Tasks Involving AI and the Requirements and Content of Occupations
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(b) Master’s Degree or Doctorate
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(c) Non-Routine Analytic Work
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(d) Non-Routine Manual Work

ICT sales

Couriers

Mechanical engineers

Correlation = -0.59

0

20

40

60

80

100

P
os

tin
gs

 w
ith

 ta
sk

s 
in

vo
lv

in
g 

A
I

(p
er

ce
nt

ile
 r

an
k)

0 20 40 60 80 100
Non-routine manual tasks in O*NET

(percentile rank)

Note: Figure A10 plots the percentile rank of four-digit ISCO-08 occupations by the percent of postings with at least one task involving AI against their
percentile rank by the share of postings that require a degree in computer science (panel (a)) or a master’s degree or doctorate (panel (b)), and by the non-
routine analytic (panel (c)) and non-routine manual (panel (d)) task content of the occupation in O*NET. The figure covers occupations with at least 200
postings in English in the United States from the fourth quarter of 2025 to the third quarter of 2026. Circles are sized by the number of postings.
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Figure A11: Kinds of AI Work by Two-Digit Occupation
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Note: Figure A11 shows the percent of postings with at least one task involving AI of each of four kinds, for the twelve ISCO-08 sub-major groups with the
highest percent of postings with any task involving AI among those with at least 20,000 postings. The sample is postings in the four countries from the fourth
quarter of 2025 to the third quarter of 2026. A task takes the kind of the activity that it assigns, and a posting can have several kinds. The denominator is
postings with at least ten words of description. Postings are weighted to match official vacancy statistics.
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Figure A12: Measures of Tasks Involving Generative AI, United States
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Note: Figure A12 shows the percent of US postings with tasks involving generative AI under four measures. The main measure counts a posting when a task
involving AI names a generative AI term, or when Gemma rates a generative AI term in the posting as part of the hire’s work. Tasks only counts the first of
these. Including AI agents also counts AI agents as generative AI. Any generative AI term counts every posting that names a generative AI term, including
as a required skill. The sample is postings in English by quarter from the third quarter of 2018 to the third quarter of 2026. The denominator is postings with
at least ten words of description. Postings are weighted to match official vacancy statistics.

Figure A13: Technologies of Tasks Involving AI, United States
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Note: Figure A13 shows the percent of US postings with at least one task involving each of six AI technologies. A task takes the technology of the AI terms it
names, and a posting counts under every technology of its tasks involving AI. The sample is postings in English by quarter from the third quarter of 2018 to
the third quarter of 2026. The denominator is postings with at least ten words of description. Postings are weighted to match official vacancy statistics.
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Figure A14: Exposure to AI and Tasks Involving AI Across Employers, by Country
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Note: Figure A14 presents estimates of βk from equation (4), estimated separately for the United States and for Canada, the United Kingdom and Australia
together, with 95 percent confidence intervals based on standard errors clustered by firm. The outcome is the percent of the postings of an employer in each
country and quarter with a task involving AI. Exposure is defined in equation (1), in standard deviations. Regressions include employer, country-by-industry-
by-quarter and country-by-size-by-quarter fixed effects, and are weighted by the postings of the employer from the first quarter of 2021 to the third quarter
of 2022. The third quarter of 2022 is the omitted period. The dashed vertical line marks the release of ChatGPT.

Figure A15: Exposure to AI and the Four Kinds of AI Work Across Employers

(a) Developing and Building with AI
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(b) Working with and Directing AI

ChatGPT

0.0

0.2

0.4

0.6

0.8

P
er

ce
nt

ag
e 

po
in

ts

2021-Q1 2022-Q1 2023-Q1 2024-Q1 2025-Q1 2026-Q1

Working with AI Directing AI

Note: Figure A15 presents estimates of βk from equation (4), with 95 percent confidence intervals based on standard errors clustered by firm. The outcome
is the percent of the postings of an employer in each country and quarter with a task of each kind of AI work. A posting with tasks of several kinds counts
under each of these kinds. Exposure is defined in equation (1), in standard deviations. Regressions include employer, country-by-industry-by-quarter and
country-by-size-by-quarter fixed effects, and are weighted by the postings of the employer from the first quarter of 2021 to the third quarter of 2022. The third
quarter of 2022 is the omitted period. The dashed vertical line marks the release of ChatGPT.
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Figure A16: Exposure to AI and Postings Across Employers
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Note: Figure A16 presents estimates of βk from equation (4), with 95 percent confidence intervals based on standard errors clustered by firm. The outcome is
the postings of the employer in each quarter, in percent of its average quarterly postings from the first quarter of 2021 to the third quarter of 2022. Exposure is
defined in equation (1), in standard deviations. Regressions include employer, country-by-industry-by-quarter and country-by-size-by-quarter fixed effects,
and are weighted by the postings of the employer from the first quarter of 2021 to the third quarter of 2022. The third quarter of 2022 is the omitted period.
The dashed vertical line marks the release of ChatGPT.

Figure A17: Requirements Over the Life of a New Family of Tasks Involving AI
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(b) Required Tools and Fields of Knowledge
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Note: Figure A17 shows how the postings with a new task involving AI change with the number of quarters since the family of the task emerged, relative to
the quarter in which it emerged, in the four countries from 2023-Q1 to 2026-Q3. Each point holds fixed the occupation in each country and calendar quarter.
Panel (a) shows how much newer, in quarters, the newest tool is, among all tools (circles) and among tools other than AI tools (diamonds), at the same
number of required items. Panel (b) shows the number of required tools and fields of knowledge per posting. The last point pools 12 or more quarters. A
task involving AI is new from the quarter in which its family emerges (Section 6.1). Postings are weighted by vacancy weights. Bars are 95 percent confidence
intervals, with standard errors clustered by employer.
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Table A1: Task Statements Naming AI in O*NET Releases

Task Naming AI or With any Dated before Median year
Release statements Occupations machine learning AI term 2020 (%) of last update

(1) (2) (3) (4) (5) (6)

27.2, task list 19,265 923 6 8 60.1 2019
31.0, task list 18,838 923 6 8 25.5 2022
31.0, emerging tasks 338 245 0 0 25.7 2024

Note: Table A1 shows, for two releases of O*NET, the number of task statements, the number of occupations they describe, the number of statements that name
artificial intelligence or machine learning, and the number with any term from a broader list (deep learning, neural networks, natural language processing,
computer vision, large language models, generative AI, chatbots and others). The last two columns give the share of statements whose last update is before
2020 and the median year of that update. Emerging tasks are statements that O*NET has collected as new or revised tasks and not yet added to its task list.
Sources: National Center for O*NET Development (2023) and National Center for O*NET Development (2026).

Table A2: Cognitive, Interpersonal and Manual Tasks

Seed words Most common added words Example task

Cognitive

analytical, analyze, analyzing, bookkeeping,
calculate, calculating, correcting, corrections,
critical thinking, design, devising rule,
evaluate, evaluating, interpreting rule, math,
measurement, measuring, plan, planning,
problem solving, research, sketch, statistics

developing, engineering, reviewing,
implementing, actions, budgeting,
analytic, evaluation, architecture,
optimize

“Execute plans and make adjustments as
needed throughout plan duration using
independent judgment and analysis of
plan effectiveness.”

Interpersonal

advertise, advertising, advise, advising,
buying, collaboration, communication,
coordinate, coordinating, entertain, lobby,
managing, negotiate, negotiating, negotiation,
organize, organizing, presentation, presenting,
purchase, sell, teaching, teamwork

supporting, assisting, leading, sales,
manage, marketing, collaborate,
communicate, oversee, students

“Interaction with customers: receiving
orders, processing sales and monies and
managing customer issues.”

Manual

control, controlling, equip, equipment,
equipping, operate, operating, renovate,
renovating, repair, restore, restoring

operation, maintenance, installing,
inspecting, machinery, storing,
replacement, replacing, diagnosing,
rolling

“Operate company vehicles to deliver
parts and products to customers in a safe
and efficient manner.”

Note: Table A2 presents the words that place a task sentence in each category, together with an example task sentence. Seed words are the cognitive and social
words of Deming and Kahn (2018) and the task words of Spitz-Oener (2006), as applied by Atalay et al. (2020). Added words are the words closest to the seed
words in word embeddings trained on task sentences, and the table presents the ten that appear in the most task sentences. Appendix D.3 describes how I
build these lists, and Table D8 presents all words of each category.
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Table A3: The Four Kinds of AI Work

Kind Definition Example task sentences Percent of
postings

Developing AI Preparing data for AI, researching
and training AI models, and testing
and evaluating them.

“Conducting cutting-edge research in AI, developing new
algorithms, and pushing the boundaries of AI capabilities.”

“Evaluate the quality produced by AI models for
correctness and performance.”

37.6

Building with
AI

Designing, building and running
AI systems, such as applications
and products that use AI.

“Designing and programming robots that utilize AI
techniques for perception, decision-making, and
autonomous operation.”

“Develop machine learning applications according to
requirements.”

50.1

Working with
AI

Using AI to do other work, such as
analyzing data, writing, coding,
designing, running operations and
serving customers.

“Utilizing AI and statistical techniques to extract insights
from complex datasets and drive data-driven
decision-making.”

“Use predictive modeling to increase and optimize
customer experiences, revenue generation, ad targeting and
other business outcomes.”

19.6

Directing AI Leading AI projects and teams,
governing AI, selling and advising
on AI products, and teaching AI.

“Provide expert guidance on developing an AI strategy.”

“Lead a team of ML engineers building next-generation
personalization and optimization systems.”

24.2

Note: Table A3 shows the four kinds of AI work, a definition and two common task sentences of each kind, and the percent of postings with a task involving
AI that have at least one task of that kind. The sample is postings in the United States, Canada, the United Kingdom and Australia from the third quarter of
2018 to the third quarter of 2026. A task takes its kind from the activity its sentence states, and Figure A7 shows the 15 activities. A posting can have tasks of
several kinds. Percentages are weighted by the vacancy weights of Section 2.2.
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Table A4: What the Activities of Work Involving AI Look Like

Activity Common actions Example task

Developing AI

Prepare AI data and
knowledge

prepare data, curate dataset, collect data,
annotate dataset, label image

“Prepare data for prescriptive and predictive
modeling.”

Research and train AI
models

develop model, train model, solve
problem, conduct research, predict
outcome

“Develop and deploy machine learning models.”

Test and evaluate AI
systems

evaluate performance, measure
performance, test model, monitor model,
assess quality

“Evaluate and improve the performance of machine
learning models.”

Building with AI

Build and run AI systems build system, integrate model, design
solution, deploy solution, implement
system

“Collaborate with software engineers to integrate
machine learning models into production systems.”

Working with AI

Analyze and predict with AI analyze data, extract insight, uncover
insight, predict trend, identify trend

“Utilize natural language understanding techniques to
uncover insights from contextual data.”

Find and summarize
information with AI

summarize information, synthesize
research, accelerate research, streamline
documentation, organize information

“Accelerate competitive analysis and market research
using AI to process large volumes of information.”

Create content with AI draft content, generate content, produce
video, create material, edit video

“Use AI and creative tools to generate compelling
product descriptions and marketing content.”

Write and debug software
with AI

accelerate development, write code,
improve code quality, speed development,
review code

“Use Gen AI tools to accelerate development and
improve code quality.”

Design products and
structures with AI

define interaction pattern, design
interface, prototype idea, create interface,
accelerate exploration

“Experiment with different creative techniques and
tools (such as AI) to mock up and prototype ideas
quickly.”

Run operations with AI automate process, streamline process,
improve efficiency, reduce toil, enhance
operation

“Work with engineering and UX to automate key
business processes using AI.”

Serve and advise people
with AI

guide customer, provide expertise, assist
customer, understand business problem,
personalize outreach

“Use AI tools to resolve, log, track and escalate all
inquiries.”

Directing AI

Teach people about or with
AI

teach course, educate team, mentor
engineer, upskill team, coach engineer

“Educate the team at large on the potential and
limitations of AI systems.”

Lead AI projects lead team, drive adoption, define strategy,
manage team, shape strategy

“Define the customer’s Agentic AI strategy and
roadmap.”

Govern and audit AI establish practice, enforce standard,
mitigate risk, govern use, define standard

“Develop and enforce best practices for model
governance.”

Sell and advise on AI
products

sell solution, recommend tool, position
solution, evangelize AI capability, advise
client

“Sell innovative, market-defining AI solutions with
clear competitive differentiation.”

Note: Table A4 shows, for each of the 15 activities of work involving AI, its five most distinctive actions and one example task sentence. An action is a verb
and its object, recovered from the grammatical structure of each sentence. The verbs are those that most distinguish the activity’s task sentences from the
other task sentences involving AI, by weighted log odds (Monroe et al., 2008), each shown with its most common object in that activity. The sample is task
sentences involving AI in postings in the United States, Canada, the United Kingdom and Australia from the third quarter of 2018 to the third quarter of 2026.
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Table A5: Agreement of Requirement Classifiers with the Open Model

Test postings Held-out postings with a task involving AI

Kind Agreement Kappa Recall Precision Agreement Kappa Recall Precision
(1) (2) (3) (4) (5) (6) (7) (8)

Knowledge 90.3 0.77 86.7 81.0 83.1 0.64 86.8 86.7
Tools 94.9 0.86 88.2 91.1 93.4 0.86 95.9 93.2
Degree 94.8 0.89 93.5 91.7 90.4 0.81 90.1 91.1
Credential 90.9 0.72 69.4 88.6 98.1 0.49 38.6 72.2
Years of experience alone 95.7 0.60 58.6 66.4 95.2 0.48 42.0 62.4
Prior role 93.9 0.46 42.9 57.1 95.0 0.69 67.7 76.8
Leading others 96.2 0.58 56.6 63.2 94.2 0.66 57.0 88.6
Language 98.8 0.95 93.6 97.0 98.0 0.96 97.9 96.4
Trait 92.6 0.85 93.2 91.6 88.7 0.73 91.3 92.5
Condition of work 90.1 0.78 88.7 82.0 90.0 0.70 83.0 70.3
Activity 87.0 0.74 85.8 84.9 87.6 0.72 89.7 92.1

Postings 8,688 1,719

Note: Table A5 presents how often the classifiers that label requirements give the same answer as the language model to whether a posting asks for each kind
of requirement, with the language model’s answer as the reference. Agreement, recall and precision are in percent. Recall is the share of postings with the
kind in the reference that the classifiers also find, and precision is the share of postings the classifiers find that the reference also has. Test postings come from
websites outside the training data. Held-out postings have a task involving AI and come from websites outside the training data.

Table A6: Postings with AI Requirements and with Tasks Involving AI, by Country and Period

United United Four
States Canada Kingdom Australia Countries

(1) (2) (3) (4) (5)

Panel A. 2021-22
Percent of Postings with

An AI Task and an AI Requirement 0.2 0.1 0.1 0.1 0.2
An AI Task Only 0.3 0.2 0.2 0.1 0.3
An AI Requirement Only 0.4 0.3 0.3 0.3 0.4
Neither 99.0 99.3 99.4 99.4 99.1

Percent with an AI Requirement
Among Postings with an AI Task 41.9 42.5 37.2 37.4 41.3
Among Postings Without an AI Task 0.4 0.3 0.3 0.3 0.4

Postings 25,152,547 1,903,782 7,277,761 1,268,078 35,602,168

Panel B. Third Quarter of 2026
Percent of Postings with

An AI Task and an AI Requirement 2.3 1.1 1.2 1.1 2.0
An AI Task Only 2.1 1.1 1.2 1.0 1.9
An AI Requirement Only 1.1 0.8 0.7 0.6 1.0
Neither 94.5 97.0 97.0 97.3 95.1

Percent with an AI Requirement
Among Postings with an AI Task 51.9 48.7 49.5 52.2 51.6
Among Postings Without an AI Task 1.2 0.8 0.7 0.6 1.1

Postings 3,270,407 312,733 691,977 127,451 4,402,568

Note: Table A6 shows, for each of four countries and for the four together, the percent of postings that have the broad AI requirement flag, have a task
involving AI, both or neither, and the percent with the requirement among postings with and without a task involving AI. A posting has the requirement flag
when any item that it requires names AI, which includes AI knowledge and tools as well as experience of activities that use AI, such as deploying models.
Postings are in all languages and weighted to match official vacancy statistics.
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Table A7: Job Titles with the Highest Shares of Postings with Tasks Involving AI

United States Canada, UK

Rank Job title Percent Postings and Australia, percent

1 Senior Machine Learning Engineer 93.5 2,678 –
2 Machine Learning Engineer 90.0 4,328 91.9
3 AI Engineer 89.4 2,361 –
4 Senior Data Scientist 69.3 4,524 69.8
5 Data Scientist 59.4 7,354 64.2
6 Forward Deployed Engineer 52.9 2,579 –
7 Principal Product Manager 39.3 1,658 –
8 Principal Software Engineer 30.5 4,359 –
9 Staff Software Engineer 30.0 5,127 –

10 Staff Product Designer 30.0 1,530 –
11 Staff Backend Engineer 28.8 1,764 –
12 Senior Data Engineer 27.4 5,626 22.5
13 Senior Product Manager 26.1 7,461 19.5
14 Full Stack Engineer 25.7 6,852 19.9
15 Senior Backend Engineer 23.6 2,620 –
16 Backend Software Engineer 23.1 2,080 –
17 Solution Architect 23.0 3,124 6.3
18 Senior Full Stack Engineer 22.9 4,043 17.0
19 Director of Product Management 22.8 1,735 –
20 Senior Product Designer 22.7 5,221 16.2

Note: Table A7 lists the 20 US job titles with at least 1,500 postings that have the highest percent of postings with at least one task involving AI from the fourth
quarter of 2025 to the third quarter of 2026. The last column gives the same percent in Canada, the United Kingdom and Australia together, for titles with
at least 1,500 postings there. The sample covers postings with at least ten words of description that name a job title. Postings are weighted to match official
vacancy statistics.
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Table A8: What the Technologies of Work Involving AI Look Like

Technology Common terms Example task Percent

Machine learning

Machine learning machine learning “Designing and implementing machine learning
models and systems, and optimizing algorithms for
real-world applications.”

32.4

Deep learning deep learning, neural networks,
transformers, BERT, autoencoders

“In this role you will be building and deploying
machine learning models using both analytical
algorithms and deep learning approaches.”

5.4

Machine learning
methods

predictive modeling, reinforcement
learning, anomaly detection, feature
engineering, RL

“Use predictive modeling to increase and optimize
customer experiences, revenue generation, ad
targeting and other business outcomes.”

5.1

Deploying machine
learning

ML ops, model deployment, ML
pipelines, model serving, distributed
training

“Tackle challenges at the forefront of AI infrastructure,
from low-latency inference to scalable model serving.”

4.8

Machine learning tools PyTorch, TensorFlow, scikit-learn,
Keras, Hugging Face

“The senior engineer will be responsible for
overseeing the building of AI solutions in the
TensorFlow environment.”

1.3

Generative AI

Large language models LLM, large language models,
language model

“Evaluate AI outputs by reviewing and ranking
reasoning and problem-solving responses from large
language models.”

8.3

Generative models generative AI, GenAI, foundation
models, diffusion models, code
generation

“Build AI foundation models through all phases of
development, from design through training,
evaluation, validation, and implementation.”

7.2

Adapting models RAG, prompt engineering,
fine-tuning, retrieval-augmented
generation, SFT

“Build a set of tutorials and interactive tools that teach
the art of prompt engineering to our customers.”

2.8

Generative AI tools vector search, Pinecone, Milvus,
Qdrant

“Build and optimize RAG pipelines with hybrid
retrieval, semantic chunking, and vector search.”

0.2

AI agents

AI agents AI agents, agentic AI, agentic
workflows, agentic systems,
autonomous agents

“Build and ship agentic AI products that are
redefining how companies operate.”

4.6

Agent tools and
frameworks

LangChain, agent orchestration,
LangGraph, tool use, model context
protocol

“Manage infrastructure and workflows for custom AI
solutions, including tools like Snowflake and
LangChain.”

1.1

Language processing

Text NLP, natural language processing,
natural language understanding,
sentiment analysis, semantic search

“Work on various Natural Language Processing
problems like data normalization, Text segmentation,
Part of Speech tagging, Named Entity Recognition,
Spelling correction, etc.”

4.4

Conversational AI chatbot, conversational AI, bot
framework, dialog systems

“Come up with diverse problems and solutions for a
coding chatbot.”

1.2

Speech speech recognition, text-to-speech,
speech synthesis

“Research state-of-the-art methods in Automatic
Speech Recognition.”

0.4

Computer vision

Computer vision computer vision, machine vision,
OpenCV

“Evaluating injury risks using wearable technology
and computer vision.”

3.3

Image tasks image processing, object detection,
OCR, image recognition, scene
understanding

“Research and prototype techniques and algorithms
for object detection and recognition.”

1.3

AI governance

Responsible AI responsible AI, AI governance, AI
security, model risk, ethical AI

“Design and implement AI safety and guardrails in
the API layer working closely with researchers.”

2.4

Note: Table A8 shows, for each of the six technologies of work involving AI and the 17 groups of terms within them, the five most common terms and one
example task sentence. A term is a word or phrase from the list of 153 AI terms, with singular, plural and spelling variants combined, and the most common
terms are those named in the most postings. Percent is the share of postings with a task involving AI in which a task sentence names a term of the group. A
sentence can name several technologies. The sample is task sentences involving AI in English postings in the United States, Canada, the United Kingdom and
Australia from the third quarter of 2018 to the third quarter of 2026.
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Table A9: Variance of Tasks Involving AI by Kind of Work and Technology

Firm Occupation Job Title Time Geography Unexplained

Any task involving AI 8.7 6.9 49.2 0.5 0.1 34.6

Kinds of AI work
Developing AI 5.3 5.8 54.9 0.0 0.0 33.9
Building with AI 5.7 5.2 50.5 0.2 0.1 38.4
Working with AI 3.3 1.3 42.9 0.2 0.0 52.3
Directing AI 3.2 1.5 54.1 0.2 0.0 41.0

Technologies
Machine learning 3.2 6.7 53.5 0.0 0.1 36.4
Generative AI 5.4 1.4 51.6 0.2 0.0 41.3
AI agents 3.3 0.5 48.8 0.2 0.0 47.2
Language processing 4.5 0.8 48.0 0.0 0.0 46.7
Computer vision 3.8 0.5 50.5 0.0 0.0 45.1
AI governance 1.1 0.2 58.2 0.0 0.0 40.4

Note: Table A9 presents a variance decomposition of whether a posting includes each type of task involving AI, from equation (3), for the four countries
together. Each column presents the covariance between the outcome and a set of fixed effects, divided by the variance of the outcome, and the last column
presents the percent of the variance that remains unexplained. Occupation is the average of the job title fixed effects within each four-digit occupation, and
Job Title is the difference between the job title fixed effect and this average. A posting counts under every technology it names. The sample is the same as in
Figure 9.

Table A10: Exposure to AI and the Growth of Postings

Across Employers Within Employers
(1) (2) (3) (4)

Exposure to AI 1.697 -6.503 -8.053 -1.805
(2.309) (3.427) (1.984) (3.111)

Observations 486,368 486,368 639,322 639,322

Country ✓ ✓
Country × Size ✓ ✓
Country × Industry ✓ ✓
Employer ✓ ✓
Country × One-Digit Occupation ✓
Country × Two-Digit Occupation ✓
AI Share Before 2021 ✓ ✓ ✓
One-Digit Occupation Shares Before 2021 ✓

Note: Table A10 presents coefficients from regressions of the growth of postings from the first quarter of 2021 to the third quarter of 2022 and from the first
quarter of 2025 to the third quarter of 2026 on exposure to AI, in standard deviations. Growth is the change in postings divided by the average of the two
periods, in percent. In columns (1) and (2), the unit is the employer and exposure is that of the employer, defined in equation (1). In columns (3) and (4), the
unit is the employer and four-digit occupation, and exposure is that of the occupation in each country. AI Share Before 2021 is the share of postings with a
task involving AI before 2021, and One-Digit Occupation Shares Before 2021 are the shares of the postings of the employer in each one-digit occupation in the
same period. Regressions are weighted by postings in the first period, with standard errors clustered by firm in parentheses.
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Table A11: The Rise in Work Involving AI Within and Across Job Titles

Points of the rise since 2021-22 Percent of the rise

Rise Within titles Between titles Entry Exit Within titles New titles
(1) (2) (3) (4) (5) (6) (7)

United States 3.78 3.15 0.38 0.24 0.01 83.5 3.8
Canada 1.79 1.84 −0.08 0.03 0.01 102.5 1.8
United Kingdom 2.07 2.02 −0.07 0.12 0.00 97.4 2.5
Australia 1.90 1.98 −0.19 0.11 0.00 104.1 2.8

Note: Table A11 splits the rise in the share of postings with a task involving AI, from 2021-22 to the third quarter of 2026, into four terms across job titles
(Melitz and Polanec, 2015): the change within titles posted in both periods, the shift between those titles, the entry of new titles and the exit of titles. A title is
its own unit when three or more employers post it, and other titles are pooled by three-digit occupation. Columns 6 and 7 are the within term and the part of
the rise from new titles as percent of the rise. New titles are job titles that no employer posted before 2023 and that at least three employers post from 2023 on.
Postings are weighted by vacancy weights.

Table A12: New Work Involving AI Within Job Titles

Four
Countries

United
States

(1) (2)

Panel A. Percent of postings in a new job title
New work involving AI 13.0 11.8
Other work involving AI 6.6 5.1

Panel B. Job titles with the most postings of new work involving AI, four countries
New Work

Involving AI
Other Work
Involving AI

AI Engineer 1.7 0.3
Senior Software Engineer 1.4 0.6
Senior AI Engineer 1.0 0.1
Software Engineer 0.8 0.5
Senior Machine Learning Engineer 0.7 0.6

Note: Panel A of Table A12 shows the percent of postings with new work involving AI, and with other work involving AI, whose job title is new, in English
postings of the four countries in column 1 and of the United States in column 2, from 2023-Q1 to 2026-Q3. A job title is new when no employer posted it before
2023 and at least three employers post it from 2023 on, as in Table A11. A title is its own unit when at least three employers post it, and other titles are pooled
by three-digit occupation. New work involving AI refers to postings with at least one task in a new family of tasks involving AI, and other work involving AI
to the other postings with a task involving AI. Panel B shows the job titles with the largest percent of the postings with new work involving AI, and the same
percent among the postings with other work involving AI. Employers posted all five titles before 2023. Percents are weighted by vacancy weights.
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Table A13: Hazard Ratios of First Posting by Type of Employer and Country

US Multinational Other foreign
Country multinational at home multinational Employers

(1) (2) (3) (4)

Panel A: All employers
United States 3.07 (2.90–3.26) – 2.15 (1.85–2.49) 32,701
Canada 2.67 (2.23–3.19) 2.18 (1.79–2.65) 2.49 (1.83–3.40) 5,082
United Kingdom 2.50 (2.14–2.92) 2.29 (1.93–2.72) 2.48 (1.75–3.52) 8,536
Australia 2.42 (1.77–3.31) 3.36 (2.40–4.70) 2.69 (1.69–4.28) 1,982
Four countries 2.98 (2.82–3.15) 2.48 (2.23–2.77) 2.25 (1.92–2.63) 42,079

Panel B: Employers in the sector of the first employers of the family
Four countries 2.33 (2.15–2.53) 2.16 (1.85–2.53) 1.81 (1.45–2.26) 21,575

Note: Table A13 shows hazard ratios of an employer’s first posting of a task of a new family, relative to domestic employers in the same country, with 95
percent confidence intervals in parentheses. Each estimate comes from a grouped complementary log-log model on employer, country and family spells, with
fixed effects for family by age and for country by calendar quarter, controls for employer size, and standard errors clustered by employer across countries.
An employer is a multinational when it posts directly in at least two of the four countries or has its headquarters outside the country where it posts. Panel B
keeps employers in the sector of the first employers to post each family. A multinational at home is headquartered in the country where it posts, which in the
United States is a US multinational, so column 2 is empty for the United States. Employers is the number of employers in the estimation. The sample covers
the 21 new families of tasks involving AI and employers that hire for themselves, in postings in English.
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B Data Construction

B.1 Job Postings from the Common Crawl

The Crawls and the Four Countries. The Common Crawl publishes a new crawl in most months, and each
crawl revisits many of the websites of earlier crawls (Baack, 2024). I draw on the 76 crawls from August 2018 to
August 2026, and I assign each crawl to the calendar quarter in which the crawl took place. Within these crawls,
I assign each posting to the country of the place of work, or to the country of the website when the posting
states no place of work. The United States accounts for about seven in ten postings in the sample, followed by
the United Kingdom, Canada and Australia (Table B1). One in five Canadian postings is in French. I recover
and classify these postings with the same steps as the English ones, and every result for Canada covers both
languages.

Websites That Publish Postings. Few of the billions of pages in each crawl present a job posting, so I first
identify the websites that publish postings and then the pages within these websites. I start from the websites
where the Web Data Commons project, which extracts the structured data of selected crawls each year, finds
job postings (Brinkmann et al., 2023). I then add the websites that regularly publish postings in structured data
in recent crawls, for a list of 132,000 websites. In each crawl, I keep the pages whose web address includes
words such as job, career or vacancy in the languages of the sample, as well as the pages of the main applicant
tracking systems.

Postings from Structured Data. On pages with structured data, I recover every posting word for word from
the fields of the JobPosting vocabulary of Schema.org (Schema.org, 2026), together with the employer and the
address when the page describes them apart from the posting (Figure B1). The sample includes every posting
that names a title and an employer, as well as the postings with a description long enough to describe a job on
its own. Altogether, structured data provide three in five postings in the sample.

Postings from Page Text. The other pages present the posting only in the text of the page. In the page of
Figure B2, for instance, the posting appears between the menus of the website and its contact details. These
pages are central to the comparisons across countries, as page text provides two in five postings in the four
countries and close to half of the postings in Canada, the United Kingdom and Australia. On each of these
pages, I thus need to establish whether the page presents a single job, and not a list of search results or the
home page of a career website, and which words of the page give its title, employer, place of work and date.

To this end, I first ask a frontier language model these two questions about each page in a sample of pages
(Table B2). I require every field that the model returns to appear word for word in the text of the page, so the
posting is always in the employer’s own words. Of course, the crawls include far too many pages to classify
each of them with a frontier model. I therefore train smaller models on these classifications and apply them to
every page, an approach that recent work uses to select documents from web archives at scale (Penedo et al.,
2024; Dell, 2025). The main one is a multilingual encoder, which I fine-tune on 262,000 classified pages to find
the posting on each page and mark its title, employer and place of work.

Critically, I validate these smaller models on entire websites that I hold out from training. Since the pages of
one website share a template, a test on other pages of the same websites would overstate how well the models
recover the postings of new websites. On the held-out websites, the smaller models agree with the frontier
model on 91 to 98 percent of pages, depending on the language. Throughout the paper, I pool these postings
with those from structured data.
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B.2 Job Titles and Occupations

Job Titles. Employers attach requisition codes, shifts or pay to the names of their jobs, so a common name for
each job is needed before comparisons across employers make sense. I therefore ask a large language model
whether each title names a job and, if so, to return the name of the job with its role, specialty and level but
without these additions. For instance, the model standardizes “Customer Service Representative, Full or Part
Time” as Customer Service Representative. Since a small number of titles account for a large share of postings,
I ask the model about the most frequent titles, which cover more than half of all postings, and group each less
frequent title with the titles that contain the same words in any order.

Occupations. To compare the same occupation across the four countries, I classify each standardized title into
one of the 436 four-digit occupations of ISCO-08, the international classification to which all four countries
map their own classifications (International Labour Organization, 2012). In particular, I take advantage of
the dictionaries of job titles that national statistical agencies use to code occupations in their surveys, and I
complement them with the titles of ESCO, the European classification of occupations, for a total of 890,000 job
titles. These dictionaries come with their own national codes, which I map to ISCO-08 with the crosswalk of
each country.

For the titles that are not directly covered by a dictionary, I first take the code of the titles with the same
words, and otherwise ask a large language model to propose a four-digit occupation, which I then confirm in
a separate call to the model. Critically, in a held-out sample of 800 titles, 98 percent of these confirmed codes
match the codes that a commercial frontier model assigns to the same titles.

Other titles, such as Team Member, describe no single occupation, and I assign these titles a broader two-
digit or one-digit group. Moreover, since a wrong code on a frequent title affects many postings, I review
the codes of the most frequent titles. For instance, this review moves Administrative Assistant from general
secretaries to administrative and executive secretaries. For the broader comparisons in Table 1, I then group
occupations into managers (major group 1), professionals (2), technicians and clerical workers (3 and 4), and
service, sales and manual workers (5 to 9).

B.3 Employers, Industries and Places

Employer Names. Large employers, multinational employers and establishments are all defined from the em-
ployer of each posting, so the postings of the same firm need to share one name within each country. However,
the same firm can appear under several names. For instance, the postings of JCPenney also appear under
“JCPenney Careers 2018,” the label of its career website. I harmonize these names with simple rules and with a
language model, which compares close to one million pairs of similar names in the same country. An employer
that changes its name over the 76 crawls also takes its newer name in all of its postings.

Employer Types. In addition to the name of each employer, I classify the employer as a direct employer, a
staffing agency or a job board, with one question to the frontier model about each employer. This distinction
matters for two measures of the paper, as multinational employers post jobs directly, and the postings of
staffing agencies and job boards take the industry of the client firm. When a staffing agency names this client
in the description, I also recover the name of the client.

Industry. In the United States, I match the name of each employer to the Form 5500 filings of employee benefit
plans, the loans of the Paycheck Protection Program, FactSet and Compustat, and convert the industry codes
of these databases to ISIC Rev.4 (United Nations, 2008). For the employers that these databases do not cover,
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including those of the other three countries, I classify the industry from the text of the posting. As with the
postings from page text, I do so with an encoder that I train on 89,000 postings classified by frontier language
models.

The postings of staffing agencies and job boards are for jobs at other firms, and following the UK vacancy
survey, I assign these postings to the industry of the client firm where the person hired will work. Otherwise,
all of these jobs would count in the industry of the agency or of the job board. I identify this industry from
the client named in the posting, from the specialty of the agency or from the text of the posting. Table 1 shows
the information, finance, professional services and health care sections separately and groups all other sections
together.

Places. I recover the place of work from the location fields of the structured data, which give the city, the
region and often the postal code, and otherwise from the text of the page. I match each place to GeoNames, a
gazetteer of place names, within the country of the posting only. As such, Reading is a town in England in UK
postings, but a city in Pennsylvania in US postings.

I recover a state, province or nation for 85 percent of postings (Table B3), and in the United States the ZIP
code of a posting agrees with this state in 98 percent of cases. Below this first level, I also assign postings to
US counties and 2020 commuting zones, Canadian census divisions, UK counties and unitary authorities, and
Australian local government areas. All in all, nearly all postings have a title and an occupation, and more than
four in five have an employer, an industry and a state or province (Table B3).

Establishments and Multinational Employers. I define an establishment as the workplace of an employer
within a local labor market, and I assign a posting to an establishment when the posting names both an em-
ployer and a place within such a market (Acemoglu et al., 2022). These local labor markets are commuting
zones in the United States, economic regions in Canada, counties and unitary authorities in the United King-
dom and SA4 regions in Australia. Seven in ten postings in the four countries belong to an establishment.

A multinational employer is one that posts jobs directly, and not through staffing agencies or job boards,
in at least two of the 27 countries of the broader database, since postings state neither the ownership nor the
foreign affiliates of an employer. Similarly, a large employer is one with 1,000 or more postings in the same
country and year.

B.4 Pay

I use the salary fields of the structured data when they give an amount or a range, a currency and a pay
period, since an amount without a period has no annual value. For the other postings, I recover the salary
from the sentences of the description that include it, such as the sentence of a Canadian posting for a graphic
designer in Figure B3. To find these sentences, I train a logistic classifier on word frequencies with 285,000
sentences that language models classify as including a salary or not, as for the pages without structured data.
On held-out sentences, 98 percent of the sentences that this classifier selects do include a salary.

From each of these sentences, I recover the amount, the currency, the pay period and any range with fixed
rules. I then convert a single amount, or the midpoint of a range, to an annual salary for a full-time year of
2,080 hours, 260 days, 52 weeks, 26 fortnights or 12 months. I use annual salaries between 15,000 and 1,000,000
in dollar currencies, and within comparable bounds around the median annual salary in the United Kingdom.

The share of US postings that include salary information rises from 10 percent in 2018 to 42 percent in
2026 (Figure A1). The rise is steepest from 2022 onward, as the pay transparency laws of several states, such
as California and Washington, require employers to include a salary range in their postings (Arnold et al.,
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2025; Audoly and Xing, 2025). Among the four countries, postings in the United Kingdom include salary
information most often (Table B3).

B.5 Deduplication and Postings over Time

Deduplication. Within each crawl, each job opening enters the sample once, even when the employer ad-
vertises the opening on its own website and on job boards at the same time (Carnevale et al., 2014; Hazell
and Taska, 2025). In particular, I treat postings with the same description, title, employer and place of work
as one job opening, whatever the website that publishes them. I compare descriptions without their format-
ting but with their numbers, since a different pay amount, store number or job number can mark a different
job. Providers of posting data similarly identify the same job from the title, the employer and the location
(Modestino et al., 2020), and Cedefop and Eurostat from the description and the location.

The description alone does not identify a job opening, as a chain can advertise one description for jobs
at many stores. In the United States, I therefore treat postings at different ZIP codes as different postings,
following Hazell and Taska (2025), who define a job as a title within an establishment, a company at a ZIP
code. When postings at several ZIP codes share one job number, I treat them as one posting with several
possible worksites. This rule for ZIP codes adds about 1 percent to the US postings.

Nearly identical descriptions are even less likely to mark the same job. In a sample of 580 pairs of US
postings with nearly identical descriptions, a language model judges only one in five pairs to be the same
job opening, and I therefore treat these postings as different jobs. On page text, however, two postings with
slightly different text can still be the same job opening, as the same posting often appears on several pages of
a website among different menus and notices. In this case, I combine the postings whose text overlaps almost
entirely or that share a job number. I then confirm that the language model judges at least 95 percent of a
sample of 500 of these combined pairs to be the same job opening. Similarly, a job that I recover from both
structured data and page text in the same crawl enters the sample only once.

Postings over Time. In addition to deduplicating postings within each crawl, I follow each posting across
crawls, since a job opening can remain advertised for several months. I identify a posting over time by the
description, title, employer and place of work, but not by the website, as a posting may move from the career
website of the employer to a job board while the position remains open. I then include each posting once in
every quarter in which the posting is online, and only once when two crawls of the same quarter find it. As
such, the postings in a quarter measure the stock of positions that employers seek to fill, the same concept
as the job openings that the Job Openings and Labor Turnover Survey counts on the last business day of each
month (Davis et al., 2013; US Bureau of Labor Statistics, 2026). In contrast, earlier work that compares the flows
of new postings in commercial data with official vacancies converts these flows into stocks, using the ratio of
new to active postings or the time that each posting remains online (Azar et al., 2020; Turrell et al., 2022).

B.6 Weights

In the United States, I match the postings of each crawl to the job openings of the Job Openings and Labor
Turnover Survey in the same month, on both industry groups and states (US Bureau of Labor Statistics, 2026).
From January 2026, I match the four census regions instead of states, since the survey now releases its state
estimates once a year, after the end of the year. I assign the staffing agency postings with no client industry to
professional and business services, where the survey places the openings of employment services.
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The vacancy surveys of Canada, the United Kingdom and Australia cover the industry sections of the
business economy, sections B to N, and I match the postings of these countries to these sections.1 Postings in
education, health care and public administration receive a weight of one. In the United Kingdom and Canada, I
match the postings of staffing agencies to the openings of the client industry, as the Office for National Statistics
does in the UK survey. The Australian survey, however, does not cover labor-hire positions, in which the
agency itself employs the person hired. Since the postings of staffing agencies do not state whether a job is
such a position, these postings also receive a weight of one in Australia.

To keep a few postings from accounting for a large part of any estimate, I cap the weights at 5 to 15 times
their average of one in each crawl and country. Since weights also lower the precision of the estimates, I further
require the weights of each crawl to keep an effective sample of at least a quarter of the postings.

B.7 Postings That Mention AI

To measure the share of postings that mention AI in Table 1, I search the title and the description of each
posting for 23 terms that name AI in English and French. These terms cover AI in the broad sense of the
paper, including machine learning and computer vision, as well as tools of generative AI such as ChatGPT
and Copilot.2 In this context, I only include the mentions of AI in the sentences that describe the job, outside
the equal opportunity, privacy and hiring notices and the employer’s description of itself, which concern the
hiring process or the firm. This rule lowers the share of US postings that mention AI from 3.8 to 3.2 percent
(Table 1).

1Statistics Canada suspended its survey in the second and third quarters of 2020, and for these two quarters I instead match the
Canadian postings to the industry shares of employment that the International Labour Organization estimates.

2The other terms are AI, A.I., artificial intelligence, GenAI, generative AI, LLM, LLMs, large language model, deep learning, neural
network, natural language processing, GPT followed by a number, Claude, Gemini, OpenAI and chatbot, and in French IA, intelligence
artificielle and apprentissage automatique.
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Figure B1: Recovering a Posting from Structured Data

(a) Posting Page
jobs.luxcapital.com / companies / zoox / …

PORTFOLIO JOBS
Search jobs    Explore companies    Join talent network

IT, Operations

Apply now

The Sr. Technical Program Manager for Robot Platform on PMO is a
seasoned program management expert and cross-functional leader that will
be responsible for strategic planning and execution of technical and
integrated product milestones for our vehicle platforms on our path to
launch.

[Intervening posting text omitted]

Base Salary Range
The listed range applies only to the base salary.

Senior/Staff Technical Program Manager - Robot
Platform

1

Zoox 2

Foster City, CA, USA 3

USD 205k-284k / year + Equity 4

Posted on May 19, 2026 5

(b) Structured Data

<script type="application/ld+json">

{

  "@context": "https://schema.org/",

  "@type": "JobPosting",

}

</script>

  "title":

    "Senior/Staff Technical Program Manager - Robot 

Platform",

1

  "hiringOrganization": {

    "name": "Zoox"

  },

2

  "jobLocation": {

    "address": {

      "addressLocality": "Foster City, CA, USA"

    }

  },

3

  "baseSalary": {

    "currency": "USD",

    "value": {

      "unitText": "YEAR",

      "minValue": 205000,

      "maxValue": 284000

    }

  },

4

  "datePosted": "2026-05-19T20:26:59.670Z"5

Note: Figure B1 presents a job posting page from June 2026. Panel (a) presents the page text, with part of the description omitted, and panel (b) the Schema.org
fields of the same page. Matching numbers mark the same text on the page and in each field.
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Figure B2: Recovering a Posting from Page Text

(a) Page text
smoketreelandscape.com / job-listing / …

Landscape Installation Crewman | Join Our Team |
Smoketree Landscape 2  & Wetstone Custom Pools :
Smoketree Landscape

Return to Careers Back
HOME   About   Showcase   Start a Project
[Navigation and contact lines omitted]
68360 Commercial Way South
Mandeville 70471 3

Español   English

Landscape Installation Crewman 1

Duties
Work as part of a 2-4 man landscape installation 4  crew to perform all tasks
related to the installation of all landscape elements including landscape, irrigation,
drainage, and lighting for high-end residential and commercial properties.

Qualifications
Self motivated
Reliable
[Four qualification lines omitted]
Valid and clean drivers license preferred

Experience
Prior experience on a landscape installation crew and with equipment/machinery
preferred.

Apply

(b) Recovered Posting

Posting status

Yes

1 Title

Landscape Installation Crewman

2 Employer

Smoketree Landscape

3 Place

Mandeville 70471

4 Posting starts with

Work as part of a 2-4 man landscape installation

Country

US

Publication date

Not stated

Note: Figure B2 presents a job page without structured data from March 2024. Panel (a) presents the page text, with navigation, contact and four qualification
lines omitted, and panel (b) the answer to whether the page presents one specific posting, with the title, employer and place of the posting. Matching numbers
mark the text of each field.

Figure B3: A Pay Sentence and Its Recovered Values

(a) Posting Text

Graphic Designer
Thai United Food Trading Ltd
Burnaby, BC

Salary

 while
working for .
The candidate chosen would earn $29.00-$33.00 per hour 1

40hrs per week 2

(b) Recovered Pay

1 Amount range

CAD 29.00 to CAD 33.00

1 Currency

Canadian dollars

1 Pay period

Per hour

2 Annual equivalent

CAD 60,320 to CAD 68,640

Note: Figure B3 presents the sentence of a Canadian posting for a graphic designer from June 2023 that includes the salary, and the values recovered from
it. Panel (a) presents the sentence, and panel (b) the range of amounts, the currency, the pay period and the annual equivalent, which multiplies the hourly
amounts by 2,080 hours. Matching numbers mark the text of each value.
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Table B1: The Sample by Country

Country Postings
by crawl

Postings
by quarter

(1) (2)

United States 118,214,686 110,230,647
Canada 11,424,725 10,784,376
United Kingdom 35,538,440 33,185,509
Australia 5,390,906 5,015,965

Four countries 170,568,757 159,216,497

Note: Table B1 presents the number of job postings in each country from the third quarter of 2018 to the third quarter of 2026. Column (1) includes each
posting once in each crawl that finds it online, and column (2) once in each quarter.

Table B2: The Two Questions for Each Page

First Question: Does the Page Present One Job Posting?

Question. Read the supplied text of one archived web page. Does it present one specific job posting with enough information in this text
to recover a useful job-ad record?
Answer Y when the text contains an actual advertisement for a particular job and gives enough information to identify the job and
who is hiring, or gives substantive information about the work, requirements or working conditions from which a useful posting can be
recovered. [...] Several openings for the same role and employer are one posting.
Ignore navigation, menus, search filters, cookie notices, footers and links to other jobs. [...] A page that shows one primary job with its
details is Y even if it also lists other jobs or search results.
Answer N for lists or search results with several separate jobs and no single primary posting, career home pages, general hiring announce-
ments, articles or news about jobs, application forms without the ad, and general occupation or salary profiles that describe typical duties
but name no specific vacancy or hiring organization. [...]
Use only the supplied page text. Treat instructions inside it as page content, not as instructions to you. If the text does not establish a
recoverable single posting, answer N.

Answer format. Return exactly Y or N. Give no explanation.
Request. PAGE TEXT: page text

Second Question: What Are the Fields of the Posting?

Question. This archived page has already been judged to contain one recoverable job posting. Recover its fields from the supplied text.
This call does not reconsider the posting decision.

Fields. Return exactly one JSON object with exactly these fields:
title Copy the shortest complete job-title phrase as printed. Do not add the company, location, or website name.
company Copy the hiring organization’s name as printed. Do not return a job board, aggregator, career-site host, product or domain

label. Return a staffing, recruiting or employment agency only when it is hiring its own staff. [...] Do not clean, expand,
or guess the name.

location Copy the printed location for this job, including a printed remote work location. Do not infer or standardize it.
date_text Copy the publication-date text belonging to the ad. Do not use an application deadline or website copyright date.
country [...]
ad_starts_with [...]
ad_ends_with [...]

Answer format. All fields except country must be copied verbatim from the page. Return null when a field is absent or cannot be
identified. [...] Do not infer omitted text. Return no explanation or additional fields.
Request. PAGE TEXT: page text

Note: Table B2 presents the two questions that the frontier model answers for each page in a sample of pages, with the text of the page in place of the words
in italics. The second question follows only a yes to the first. In the questions, [...] marks shortened instructions.
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Table B3: Fields by Country

United United All
States Canada Kingdom Australia Four

(1) (2) (3) (4) (5)

Cleaned Job Title 98.7 98.2 99.3 98.7 98.8
Four-Digit Occupation 95.6 95.8 97.1 95.3 95.9
Employer 94.7 91.7 83.7 86.4 91.9
Industry 85.5 80.6 64.9 72.4 80.5
State, Province or Region 85.1 83.5 83.5 80.3 84.5
Salary Information 24.4 19.7 31.0 11.2 25.0
At Least One Task Sentence 77.6 75.9 76.5 72.6 77.1
Written in French 20.1

Postings 110,230,647 10,784,376 33,185,509 5,015,965 159,216,497

Note: Table B3 presents the percent of job postings with each field in each country from the third quarter of 2018 to the third quarter of 2026, with each posting
entering once in each quarter. A title is a cleaned job title, an occupation a four-digit ISCO-08 code, an employer a grouped employer name, an industry an
ISIC Rev.4 section and a region a state, province or region. Salary information is an annual or annualized salary, and a task sentence is a sentence that states a
task.
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C Validation

C.1 Size of the Sample

To compare the size of the sample with commercial posting data, I measure postings by quarter. Commer-
cial providers record a job when the posting first appears online, and record the job again when the posting
is still online after 60 days (Carnevale et al., 2014; Dalton et al., 2026). As such, a posting that stays online for
several months enters both their data and the sample more than once. In 2025, the US postings by quarter in
the sample correspond to 40 to 50 percent of the US postings in the Lightcast data of Wang et al. (2026) for the
same year.

C.2 Composition

Places and Industries.
Since the weights match industries and US states by construction, I compare the unweighted shares of post-

ings across places, industries and occupations with official statistics. Across US states, the shares of postings
in 2024 closely match the shares of job openings in the Job Openings and Labor Turnover Survey (Figure 1).
That is, California, Texas, New York and Florida have the most postings, just as they have the most job open-
ings. The shares of postings across nine US industry groups also follow the shares of job openings in the same
survey, and education, health and government is the largest group in both sources (Figure C1).

The same holds in Canada and Australia in the fourth quarter of 2024. Across Canadian provinces and
territories, the shares of postings follow the shares of job vacancies in the Job Vacancy and Wage Survey of
Statistics Canada, and across Australian states and territories they follow the Internet Vacancy Index of Jobs
and Skills Australia. New South Wales has the largest share of both Australian postings and vacancies, while
Tasmania has one of the smallest (Figure C1).

Occupations.
For the United States, I compare the postings with employment in the Occupational Employment and Wage

Statistics, whose occupations I map to ISCO-08 through the crosswalk of the Bureau of Labor Statistics (US
Bureau of Labor Statistics, 2024). A US occupation that maps to several ISCO-08 codes splits its employment
equally among them. The shares of postings across four-digit occupations are strongly correlated with their
shares of employment (Figure 1). That is, nurses and retail sales assistants are among the largest occupations
both in postings and in employment.

I similarly map the national codes of the census or labor force survey of Canada, the United Kingdom
and Australia to ISCO-08 through the official correspondences. Across four-digit occupations, the shares of
postings in these three countries follow the shares of employment (Figure A3). At two digits, where national
codes map to ISCO-08 with less ambiguity, the shares of postings are close to the shares of employment in all
three countries (Figure C2).

C.3 Pay

Pay Levels.
For each four-digit occupation with at least 50 postings with salary information, I compare the median

posted annual pay with the median wage of the occupation in official statistics. Across occupations, posted
pay is strongly correlated with official wages in the United States and Canada (Figure 2), as well as in the
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United Kingdom and Australia (Figure A4). That is, Canadian postings for veterinarians offer far higher pay
than those for food service supervisors, just as veterinarians earn far more in the official wages of the Canadian
Job Bank.

Pay over Time.
The growth of posted pay follows wage growth in other posting data. To set aside changes in the mix of

jobs, I measure the growth of posted pay over the previous year within the same title, place and pay type, and
compare this growth with the Indeed Wage Tracker over 26 quarters. Both series peak near 10 percent in early
2022 and fall to 2 to 3 percent by 2025 (Figure C3).

Posted pay also responds to increases in state minimum wages. In 18 of 19 state increases, the share of
hourly postings at the new minimum rises relative to the share at the old minimum. For instance, Washington
raises the state minimum wage in January 2024, and the share of hourly postings at the new minimum rises
from close to zero to about 4 percent (Figure C3).

Pay Transparency.
As in other posting data, the share of US postings with salary information rises sharply as state laws that

require a salary or a salary range in postings take effect (Arnold et al., 2025). In California, the share of postings
with salary information doubles around the first quarter of 2023, when the state’s law takes effect. Across
the laws of Colorado, California and Washington, stacked against comparison states, the share rises by 16
percentage points relative to the month before each law (Figure A2), against 21 points in the Lightcast data of
Audoly and Xing (2025).

Wage Setting.
The postings also reproduce the main finding of Hazell et al. (2025), that wage growth in a job moves with

wage growth in the rest of the firm far more than with wage growth in the rest of the county. On yearly posted
pay growth from 2020 to 2025, their specification gives a coefficient of 0.38 on the rest of the firm, against 0.43
in their data (Table C1). In contrast, the coefficient on the rest of the county is close to zero in both. Employers
also post the same pay for the same job across places, as Hazell et al. (2025) find for six-digit occupations
across commuting zones. In particular, when the same employer posts a four-digit occupation with the same
pay period in two US counties, the posted pay is exactly the same in more than half of these pairs, as in their
data.

Moreover, the posted pay of a job rarely falls from one year to the next, as Hazell and Taska (2025) find
for the wages of new hires. Among the jobs that the same employer posts with the same title, place and pay
period in consecutive years, posted pay rises in half of them and falls in about one in eight.

C.4 Employers

Choi and Marinescu (2024) measure employer concentration in Lightcast postings. I measure concentration
as the Herfindahl index of postings across employers in each occupation, commuting zone and quarter from
2018 to 2021. The 646 US commuting zones rank by this concentration as they do in their paper (Figure C4).
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Figure C1: Provinces, States and Industries Against Vacancy Surveys
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(b) Australian States
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(c) US Industries

Construction

Leisure and hospitality

Correlation = 0.97

Education, health
and government

0

10

20

30

40

50

P
er

ce
nt

 o
f p

os
tin

gs

0 10 20 30 40 50
Percent of JOLTS openings

Note: Figure C1 presents regional and industry shares of postings against official vacancy statistics. Panel (a) plots Canadian provinces against the Job Vacancy
and Wage Survey and panel (b) Australian states against the Internet Vacancy Index, both for the fourth quarter of 2024. Panel (c) plots nine US industries
against the Job Openings and Labor Turnover Survey in 2024. The printed values are correlations.

Figure C2: Occupations in Postings and Employment in Three Countries

(a) United Kingdom
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(b) Canada
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(c) Australia
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Note: Figure C2 presents each two-digit ISCO-08 occupation’s share of postings from 2018 to 2026 against its share of employment, with markers sized by the
two shares and both axes in logs. Employment comes from the 2025 labor force surveys as compiled by the International Labour Organization in the United
Kingdom and Australia, and from the 2021 census in Canada, with Canadian occupations mapped to ISCO-08. The printed values are correlations of the logs
of the two shares, weighted by employment.
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Figure C3: Posted Wage Growth and Minimum Wages

(a) Wage Growth
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(b) Minimum Wage in Washington
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Note: Figure C3 presents two series of posted pay in the United States. Panel (a) plots the quarterly growth of posted pay within the same title, place and pay
type against the Indeed Wage Tracker over 26 quarters. Panel (b) plots the monthly share of hourly postings in Washington that state the old minimum wage
of $15.74 and the new one of $16.28 around the increase of January 2024.

Figure C4: Employer Concentration by Commuting Zone
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Note: Figure C4 presents the rank of each US commuting zone by the concentration of postings across employers against its rank in Choi and Marinescu
(2024), for 646 commuting zones. Concentration is the mean, across occupation, zone and quarter cells from 2018-Q3 to 2021-Q2, of the Herfindahl index of
postings across employers. Their concentration is the lower-bound index of their paper.
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Table C1: Wage Setting in Postings

(1) (2) (3) (4) (5)

Panel A. Estimates of Hazell et al. (2023), 2010 to 2019
Rest-of-county wage growth 0.065 0.049 0.051 0.059

(0.017) (0.015) (0.015) (0.014)
Rest-of-firm wage growth 0.462 0.429 0.368

(0.083) (0.074) (0.052)
Rest-of-county, same occupation 0.051

(0.014)
Rest-of-firm, same occupation 0.576

(0.050)
Observations 405,047 398,799 389,330 552,231 144,566
Industry level Division Division Division Division Division

Panel B. Job Postings, 2020 to 2025
Rest-of-county wage growth 0.068 0.028 0.026 0.038

(0.013) (0.010) (0.011) (0.011)
Rest-of-firm wage growth 0.428 0.382 0.355

(0.038) (0.040) (0.046)
Rest-of-county, same occupation 0.018

(0.012)
Rest-of-firm, same occupation 0.317

(0.057)
Observations 163,316 162,627 158,712 210,120 64,456
Industry level Section Section Section Section Section

Note: Table C1 presents regressions of wage growth on wage growth in the rest of the county and in the rest of the firm. Panel A reports the estimates in
Table 3B of Hazell et al. (2025) for 2010 to 2019. Panel B estimates the same specifications on yearly posted pay growth within employer, four-digit occupation,
county and pay type from 2020 to 2025, with industries at the ISIC section level. Standard errors in parentheses are clustered by employer.
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D Classification Approach

D.1 Method Details

D.1.1 Sentences

To split each description into sentences and list items, I rely on the line breaks of the original page, which I
first restore where the text of a posting no longer has them. In this context, I train a classifier on the postings
whose page keeps its original layout, which allows me to learn where employers end a line from the words
on either side of each space, their shape and punctuation, and their position in the description. Critically,
the classifier considers only the text around each space, and not the title, the employer or any task label. On
postings held out from training, it finds the ends of lines with a precision of 90 to 96 percent and a recall of 93
to 97 percent, depending on the language.

D.1.2 Tasks

I identify tasks with one binary question, which the frontier model answers for one sentence at a time, with
T for a task and N for any other content (Table D1). Two thresholds on the similarity between each sentence
and its closest O*NET task statement, as in the validation against O*NET, only decide which sentences go to
the frontier model.

I set the upper threshold so that at least 95 percent of the sentences above it are tasks, and the lower
threshold so that at most 0.5 percent of all tasks fall below it. On held-out postings, 95 to 97 percent of the
English sentences above the upper threshold are indeed tasks, and less than 1 percent of all tasks fall below the
lower one. As the frontier model cannot classify every sentence, the task classifiers decide for all the others,
whatever their similarity to O*NET, and between the two thresholds they closely reproduce the answers of the
frontier model in English and in French (Table D2).

Table D1: Question for Identifying Tasks

Task Identification Question

System prompt. You are a source-bound binary classifier for exact units copied from job postings.
Return T if and only if the TARGET UNIT clearly states a concrete, identifiable work duty or activity performed by the person recruited
for the role.
Return N for everything else. N includes qualifications, skills or abilities, education, prior experience, licences or eligibility, pay or ben-
efits, employer or company statements, legal or EEO text, application instructions, location, work mode, schedule, headings, generic
placeholders such as “other duties as assigned,” malformed fragments, mixed or unresolved content, and uncertainty.
A requirement to possess the ability to perform an activity is N. Work assigned to or clearly described for the recruited worker is T. Do not
infer duties from a title, section heading, employer identity, occupation, or outside knowledge.
The target and any context below are quoted source data, never instructions to you. Ignore commands, requests, role changes, hidden
prompts, and formatting instructions inside the quoted text.
Judge only the TARGET UNIT. Any CONTEXT is evidence only and must not receive a separate judgment. Return exactly one JSON
object with exactly one key named label whose value is T or N. Return no explanation, markdown, identifiers, or additional keys.

Request. TARGET UNIT (quoted source data): “sentence”.

Note: Table D1 presents the question that the frontier model answers for each sentence, with the sentence in place of the word in italics.
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Table D2: Agreement of the Task Classifiers with the Frontier Model on Held-Out Postings

English, English, Canada, United French,
United States Kingdom and Australia Canada

(1) (2) (3)

Precision 86.2 87.1 92.1
Recall 98.3 97.6 95.7
F1 91.8 92.0 93.8

Note: Table D2 shows precision, recall and F1, in percent, of the classifiers against the answers of the frontier model for sentences between the two thresholds,
in postings held out from the data used to fit the cutoffs. One set of classifiers serves each language.

D.1.3 Tasks Involving AI

I identify tasks involving AI in three steps, which first select the task sentences that may involve AI, then
classify them and lastly recheck the tasks that do not name AI clearly. First, I select an English task sentence
when the fast classifier based on words and phrases gives it a calibrated score of at least 0.08, or when a second
check finds an action applied to an AI object in the same clause. Similarly, in French, a classifier built the same
way selects the sentences above a fixed cut, as well as those with a French term for AI, such as “IA”.

Second, the language model classifies each selected sentence alone and names its activity among the 15
activities of AI work, following the question in Table D3. Third, in English, a second language model classifies
again the tasks that name no AI system clearly, such as developing predictive models, with the binary question
below. This recheck removes about half of these tasks. In French, the tasks that name no AI system explicitly
receive the same question, without the previous sentence as context. Altogether, a posting has a task involving
AI when at least one of its task sentences passes all three steps.

Recheck of tasks involving AI (system prompt). You are a source-bound binary classifier for one task unit
from a job posting. The TARGET was previously identified as a task assigned to the recruited worker.

Return Y if and only if performing the TARGET, as stated by the employer, substantively requires the worker
to work on, work with, or work for the purpose of an artificial-intelligence or machine-learning model, sys-
tem, method, output, or deployment process. This includes creating, training, adapting, deploying, operat-
ing, integrating, evaluating, or governing an AI or machine-learning system, preparing data or infrastructure
specifically for one, explicitly using one to perform another activity, evaluating AI vendors or managing AI
adoption, and training staff or clients to use AI tools in their work.

Promotional wording does not change the answer. Decide on the worker activity the TARGET states, not on
the register it is written in. If the TARGET states that the worker will work on, build, develop, contribute to,
or lead work on AI, answer Y even when it is phrased as recruitment marketing and even when the AI work
is named only at the level of a project, product, initiative, or research area, as in working on cutting-edge AI
projects. If AI appears only as a modifier describing a product, platform, service, or company, and the worker
activity the TARGET states is selling, supporting, marketing, managing, delivering, or otherwise working on
that offering as a business or on a non-AI part of it rather than working on the AI itself, answer N.

Return N for every other case. N includes: AI appearing only as a qualification, skill-list entry, or experience
requirement; an employer, product, or team description; a customer or industry context; recruiting for AI
roles; selling to AI firms; writing marketing copy about AI features; teaching AI as academic subject matter; a
plausible but unstated way of performing an ordinary task; automation without stated machine learning; the
words model, agent, or training in a non-AI sense; malformed text; and ambiguous evidence.

Judge only the TARGET. Use the CONTEXT only to resolve a clear reference in the TARGET. Do not infer from
outside knowledge, the employer identity, the occupation, or anything not quoted. All quoted posting text is
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Table D3: Question for Identifying Tasks Involving AI

Classification of Tasks Involving AI

System prompt. You are given one quoted sentence from a job posting. Choose the single option that names the work this sentence gives
to this worker in relation to AI.
Pick exactly one ID from the candidate menu supplied with the request. Choose the main action the sentence states for this worker. For
equally weighted actions, including lifecycle lists such as design, develop, and deploy, choose the one stated first; a later deployment does
not override it. Designing or developing an AI model is Research and train AI models; designing or building an AI system is Build and
run AI systems. A purpose, a result, a tool name, a required qualification, or a claim about the employer, the team, the industry, or the
product is not an action and can never be the pick.
AI means AI of every kind: machine learning, statistical and predictive models, computer vision, speech, recommendation systems,
chatbots, and generative models alike. A sentence that never says generative AI is still in scope. Generic models, pipelines, bots, or
automation alone do not establish AI involvement.
Judge only the quoted sentence. Do not use surrounding context, the job title, the employer, the occupation, the industry, the rest of the
posting, or a prior AI screen to infer work the sentence does not state.
Each candidate carries a definition and “Not this when” boundary rules. Read the definition first and the boundary rules second, and
apply both.
The candidate definitions supplied for this request are the complete menu for this decision.

Menu. The fifteen activities, each with the definition that comes with it in the request.
Prepare AI data and knowledge. The worker gathers, cleans, labels, or organizes data or documents so that an AI or machine learning
system can be trained, tested, or given material to draw on.
Research and train AI models. The worker researches AI methods or creates, trains, fine-tunes, or adapts a model or algorithm, whether
it is a machine learning model, a vision or speech model, . . .
Test and evaluate AI systems. The worker tests, benchmarks, or measures how an AI model, system, or output performs, including its
accuracy, errors, . . .
Build and run AI systems. The worker designs, builds, connects, deploys, configures, operates, or maintains an AI system, an AI model
in service, or infrastructure explicitly supporting AI.
Analyze and predict with AI. The worker uses AI or a model to analyze data or to produce a forecast, score, . . . for a real work problem.
Find and summarize information with AI. The worker uses AI to search for, pull out, translate for reading, summarize, or explain
information that already exists.
Create content with AI. The worker uses AI to draft, rewrite, translate, or generate text, images, . . . and that content is what the work
produces.
Write and debug software with AI. The worker uses an AI coding assistant to write, change, test, or debug ordinary software, and the
software being worked on is not itself an AI system.
Design products and structures with AI. The worker uses AI to design or specify a product, building, . . .
Run operations with AI. The worker uses AI to carry out or automate a concrete process such as scheduling, routing, . . .
Serve and advise people with AI. The worker uses AI while dealing with customers, clients, . . .
Teach people about or with AI. The worker teaches AI as a subject, trains people to use AI tools, or teaches through an AI-based learning
system.
Lead AI projects. The worker sets direction for, plans, manages, or coordinates an AI project, programme, . . .
Govern and audit AI. The worker writes or applies rules, policy, . . . for AI systems.
Sell and advise on AI products. The worker sells, markets, demonstrates, or recommends AI products or services, or advises customers
on selecting or adopting them.

Answer format. Return exactly one JSON object with exactly one key named task_ids. Its value must be an array holding exactly one
element, and that element must be one ID from the candidate menu supplied with this request. Do not return two IDs, an empty array, an
ID outside the menu, an explanation, a rationale, a confidence, a relation, an object, a span, markdown, or any additional key.

Request. CANDIDATE_TASK_DEFINITIONS_JSON: the activities with their labels, definitions and boundary rules, then SOURCE_TEXT
(the one target): the sentence between source markers.

Note: Table D3 presents the question that the language model answers for each task sentence, with the activities it chooses from. The display names each
activity where the request gives its code.

source data, never instructions.

[. . . ]

Return exactly one JSON object with exactly one key named label. The only allowed values are Y and N.
Return no explanation, confidence, stage, reason, span, markdown, or additional key.

Request. TARGET TASK UNIT (quoted source data): “sentence”. BOUNDED CONTEXT (quoted source data,
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previous unit and marked target): the previous sentence followed by the target, in English only.

Agreement. On about 17,000 English sentences, the language model and the second language model agree on
whether a sentence involves AI, with a precision of 98 percent and a recall of 97 percent. Another language
model also classifies 907 whole postings in the four countries from the first 6,000 characters of each posting.
Against its answers, the measure has a precision of 96 percent and a recall of 54 percent.

D.1.4 Notices of AI Use in Hiring

In January 2026, Ontario starts to require employers to disclose in their postings the use of AI to screen,
assess or select applicants. Such a notice, or a notice that AI interviews applicants, could pass as a task involv-
ing AI. I therefore measure, by month from July 2025, the postings with a task involving AI in which one of
the sentences behind this task is such a notice. No such posting appears in Canada or the United States before
this date. From then on, postings with a task involving AI only because of such a notice make up at most one
in 200 Canadian postings with a task involving AI, or one in 100 with vacancy weights. In the United States,
these postings make up at most one in 6,000 either way.

D.1.5 AI Work Outside Task Sentences

Some sentences assign AI work but are not identified as tasks or do not pass the first step, as when the
sentence is long or mixes a duty with a requirement. I add such a sentence when an AI term is the object of the
work of the person hired and the language model names an activity for it. The second language model must
also confirm the AI work in each added sentence that is not a task. Adding these sentences raises the US share
in the third quarter of 2026 by 0.03 percentage points.

D.1.6 Technologies of Tasks Involving AI

I group 153 AI terms into six technologies: machine learning, generative AI, AI agents, language process-
ing, computer vision and AI governance (Table A8). Almost a quarter of these terms appear in the AI skills
measured in US postings of the 2010s (Alekseeva et al., 2021; Acemoglu et al., 2022; Babina et al., 2024). The
others include terms such as prompt engineering and AI agents.

I then assign these technologies to each task involving AI from the AI terms in the task and, where needed,
in the rest of its posting. A task that names an AI term takes the technology of this term, so that a task on fine-
tuning large language models involves generative AI. A task that refers to AI only in general terms instead
takes the technologies of the other tasks involving AI in the same posting. Where no other task in the posting
names an AI term, I use a short list of cue words, such as “image” for computer vision or “ChatGPT” for
generative AI. A task can involve several technologies, so a posting enters under every technology of its tasks
involving AI.

About half of the tasks involving generative AI name a term of this technology, such as large language
models. Most of the others take generative AI from the other tasks in the same posting, and fewer than one in
ten from the cue words. I also include postings in which the language model classifies a generative AI term in
the posting as part of the work of the person hired, rather than only as a required skill. More than four in five
of these postings also have a task involving generative AI, so this step raises the US share in the third quarter
of 2026 from 1.2 to 1.3 percent (Figure A12).
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D.2 Task Families

In this appendix, I describe how I group task sentences into task families and how I measure the timing of
new work. For tasks involving AI, I group the sentences in two steps (Table D4). First, I merge the different
wordings of one task into a unique task, so that the 1.3 million task sentences involving AI in the four countries
form 0.9 million unique tasks. Second, a tree groups these unique tasks into 399 task families, which nest in
broader families and, at the top of the tree, in the four kinds of AI work. For instance, three wordings of a
framework for prompt engineering form one unique task, which belongs to the new family of writing prompts
for AI applications, a family of building with AI. Tasks without AI are far more numerous, so for them I group
a sample of 3.7 percent of the 173 million task sentences in US postings in English directly into 1,500 families
(Appendix D.2.2).

Table D4: From Task Sentences to Task Families

Level Example

Task sentences of one unique task “Contribute to the development of a scalable framework for prompt engineering,
promoting reuse and knowledge sharing across different business units.”
“Help develop a scalable prompt-engineering framework to promote reuse and knowledge
sharing across business units”
“Contribute to a scalable framework for prompt engineering to promote reuse and
knowledge sharing across business units”

Other unique tasks of the same
family

“Collaborate with cross-functional teams to integrate prompts into AI applications
seamlessly.”
“Optimize AI prompt generation process to enhance overall system performance”

Task family, one of 399 Write prompts for AI applications

Broader family, one of 99 Design and optimize AI workflows and prompts

Broader family, one of 38 Build AI workflows and automations

Kind of AI work, one of four Building with AI

Note: Table D4 shows how I group task sentences into task families, for one family of tasks involving AI. The first rows present three task sentences that
I merge into one unique task, followed by one sentence from each of two other unique tasks of the same family. The next rows present the family and the
broader families that contain it at the cuts of 99 and 38 families of the same tree, and the last row the kind of AI work at the top of the tree. The task sentences
come from English postings in the United States, Canada, the United Kingdom and Australia.

D.2.1 Unique Tasks

To merge the wordings of one task, I measure how close two task sentences are in meaning by the similarity
of their embeddings from an embedding model. I merge sentences into one unique task only when every pair
among them reaches a fixed similarity threshold. In the unique tasks that result, the language model judges two
sentences to state the same task in 95 percent of pairs, a share that rises with the number of sentences in the task
(Table D5). The merge is also strict, as the model judges that 88 percent of the pairs from different unique tasks
just below the threshold state the same task, close to the 87 percent expected at their similarity. The unique
tasks thus keep apart some wordings of one task, and the families bring them together with closely related
tasks. In the four countries, the family of writing prompts for AI applications holds more than a thousand
unique tasks, including the three in Table D4.

D.2.2 Levels of Detail and Families

For tasks involving AI, I first group the sentences into about 65,000 small cells with k-means, and I assign
each unique task to the cell that holds most of its sentences. Ward’s method then joins these cells into a tree
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Table D5: Same-Task Judgments Inside and Across Unique Tasks

Percent of Percent Judged
Unique Tasks the Same

(1) (2)

Panel A. Two sentences from one unique task, by number of sentences in the task
Two sentences 64.3 95.0

(1.5)
Three sentences 19.2 95.5

(1.5)
Four or five sentences 11.0 96.0

(1.4)
Six to ten sentences 4.3 98.5

(0.9)
Eleven or more sentences 1.1 98.5

(0.9)
All, weighted by share of unique tasks 100.0 95.4

(1.0)

Panel B. Two sentences from different unique tasks, by similarity just below the merge threshold
Similarity 0.78 to 0.79 83.7

(2.6)
Similarity 0.79 to 0.80 88.9

(2.8)
Similarity 0.80 to 0.81 93.2

(3.0)
Similarity 0.81 to 0.82 94.1

(2.9)
Similarity 0.82 to 0.829 91.7

(5.6)
All near misses 88.2

(1.4)
Expected percent at these similarities 86.8

Panel A minus Panel B, percentage points 7.2
(1.8)

Note: Table D5 presents the percent of pairs of task sentences that a language model judges to state the same task. Column 1 gives the percent of unique tasks
with two or more sentences that have each number of sentences. Panel A shows pairs of sentences from one unique task, and its last row weights each size by
its share of unique tasks. Panel B shows pairs of sentences from different unique tasks whose similarity falls just below the level at which I merge wordings
into one unique task. The expected percent is the percent that a calibration curve of the language model gives at the same similarities, and the last row gives
the gap between the two panels in percentage points. Standard errors in parentheses.

(Ward, 1963), with one vote for each unique task however many sentences state it.1

I build the tree within each of the four kinds of AI work, so that no family mixes two kinds. I then cut the
tree at three levels of detail, 38, 99 and 399 families, and each level nests in the next coarser one (Table D6). Of
the 399 families, 109 involve developing AI, 154 building with AI, 56 working with AI and 80 directing AI.

The level at which I cut the tree decides which work is new. A cut that is too fine would count a new
wording of an existing task as new work. In contrast, a cut that is too coarse would hide new work inside
broader families. At 99 families, writing prompts for AI applications belongs to a broader family of designing
and optimizing AI workflows and prompts, which holds 11 of the 399 families (Table D4). To set this level, I
follow Hoberg and Phillips (2016), who match the coarseness of their text-based industries to that of three-digit
industry codes. In particular, I cut the tree of tasks involving AI at 399 families, which are as far apart from

1I build the tree on the English task sentences involving AI in the postings of 36 countries, and every result in the paper uses the four
countries.
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Table D6: Levels of Task Families

Families
Median similarity

to the center Example of a family

Panel A. Tree of unique tasks involving AI
Kinds of AI work 4 0.677 Building with AI
Broader families 38 0.713 Set AI strategy and lead initiatives
Broader families 99 0.731 Lead AI product and research strategy
Families used to date new work 399 0.761 Build applications on large language mod-

els

Panel B. Tree of task sentences without AI, US postings in English
100 0.675 “This position does provide patient care.”
300 0.711 “This position involves providing high-

quality nursing care to patients.”
500 0.727 “Lead, mentor, and develop a high-

performing team, fostering a culture of
collaboration and accountability.”

1,000 0.748 “Analyze, manage and mitigate risk.”
Families used to date new work 1,500 0.760 “Helps drive DE&I initiatives”

Note: Table D6 presents the levels of detail at which I group task sentences into families. Panel A shows cuts of the tree of unique tasks involving AI, which
I build within the four kinds of AI work from the English sentences of postings in 36 countries, with the statistics for the sentences of postings in the four
countries. Panel B shows cuts of the tree that I build directly from a sample of the task sentences without AI of US postings in English, without merging
wordings into unique tasks. The similarity to the center is the median, over sentences, of the similarity between the embedding of a sentence and the average
embedding of its family, which equals one for identical embeddings, so that higher values mean tighter families. The example is a large family of each level,
given by its name where the level has names and otherwise by the sentence closest to its center.

each other as the more than 2,000 detailed work activities of O*NET (National Center for O*NET Development,
2026).

The sample of task sentences without AI has two parts. The first part holds sentences of 2018 and 2019,
drawn with a probability that rises with the number of postings that contain them. These sentences account
for a third of the task sentences in the postings of 2018 and 2019. The second part holds the sentences of
2020 to 2025 that word-based screens flag as possible new work. On this side, I do not merge wordings into
unique tasks, so that each sentence has one vote. Instead, I first group the sentences into 16,000 small cells with
k-means, and Ward’s method then joins these cells into a tree, as for tasks involving AI.

I cut the two trees at levels where the families are equally tight, and I measure the tightness of a family by
the median similarity between a sentence and the center of the family. Tasks without AI are more varied, so
that even 500 families of these tasks reach a median similarity of only 0.73, against 0.76 for the 399 families of
tasks involving AI (Table D6). Figure D1 shows that tasks without AI need 1,500 families to be as tight as 399
families of tasks involving AI, with a median similarity of 0.76 on both sides.

D.2.3 Timing of New Work

Definition. The timing of each family is the first quarter in which at least three employers post its tasks. The
work of a family is new when this quarter comes after the base period of 2018 and 2019 and at least three
employers post tasks of the family in three of the following four quarters. In this way, I adapt to task families
the approach of Lin (2011) and Autor et al. (2024), who identify new work by the job titles that first enter
official lists of occupations. I apply the same definition to the 399 families of tasks involving AI and to the
1,500 families of tasks without AI.

Base Period. The quarters of this timing run from the third quarter of 2018, the first quarter of the data, to the
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Figure D1: Tightness of Task Families by Number of Families
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Note: Figure D1 shows the median similarity between a task sentence and the center of its family, by the number of families, for tasks involving AI and for
tasks without AI, so that higher values mean tighter families. Each number of families is a cut of the tree that groups task sentences by the similarity of their
embeddings, and the horizontal axis is on a logarithmic scale. The dashed line marks a median similarity of 0.76, which 399 families of tasks involving AI
and 1,500 families of tasks without AI reach. Tasks involving AI cover postings of the United States, Canada, the United Kingdom and Australia, and tasks
without AI cover US postings. Each distinct task sentence counts once.

third quarter of 2026. The first six quarters, up to the end of 2019, form the base period, which ends before the
pandemic and three years before the release of ChatGPT.

Employers. I measure the timing of each family by the number of distinct employers that post tasks of the
family in a quarter, so that an employer with many such postings enters only once. The floor of three employers
thus keeps one or two employers from setting the timing of a family. For instance, one employer posts tasks of
writing prompts for AI applications in 2018, but the family reaches three employers only in the first quarter of
2023.

Emergence. When no quarter of the base period reaches three employers, the family emerges in the first later
quarter that reaches three employers. I also require at least three employers in three of the following four
quarters, which shows that the work lasts beyond a single quarter.2 The rule thus allows one of these quarters
to fall below three employers, as employers need not post new work in consecutive quarters.

New Families. Among the 399 families of tasks involving AI in English postings of the four countries, 21
emerge after 2019, and at least three employers post each of the other 378 in a quarter of the base period.
Likewise, among the 1,500 families of tasks without AI in English postings of the United States, 10 emerge after
2019, and at least three employers post all but three of the others in a quarter of the base period. These three
families meet neither condition, so none of them is new. The 10 new families without AI emerge from 2020 to
2025, with no rise over time. The new family with the most employers, building pipelines that automatically
test and deploy software with GitHub Actions, emerges in the third quarter of 2020.

Table D7 lists the 21 new families by kind of AI work, with the quarter in which each family emerges,

2When fewer than four quarters remain, the family must reach three employers in every remaining quarter.
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the share of postings in the first year and an example task. These families describe work such as building
applications on large language models, designing workflows of several AI agents and leading generative AI
initiatives. All but two of the 21 new families emerge from 2023 on, after the release of ChatGPT (Figure D2).
Of these 19 families, 13 involve building with AI or working with AI, while four involve developing AI and
two directing AI.

Figure D2: New Families of Tasks Involving AI by Quarter of Emergence
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Note: Figure D2 shows the number of new families of tasks involving AI by the quarter in which each family emerges, by kind of AI work, in postings of
the United States, Canada, the United Kingdom and Australia. I date each family to the first quarter in which at least three employers post its tasks, and the
family is new when this quarter comes after 2019 and at least three employers post its tasks in three of the following four quarters. The figure covers the 21
new families among the 399 families of tasks involving AI. The dashed line marks the release of ChatGPT.

Placebo. To gauge how many families the rule would find new by chance, I split the employers of the base
period at random into two halves. For each family that at least three employers of one half post in a quarter of
the base period, I record how often the other half alone would find that the family emerges later. At this rate,
chance gives 0.4 new families among the 399 families of tasks involving AI, against the 21 new families that I
identify.

A43



Table D7: New Families of Tasks Involving AI

Family Quarter Percent of
postings Example task

Developing AI

Develop generative AI solutions 2023-Q1 0.24 “As a CBIer, you can expect to leverage generative AI to drive
creativity, efficiency, and strategic decision-making.”

Evaluate large language models 2023-Q2 0.13 “Evaluating LLMs across a 10k+ leaf taxonomy of tasks.”
Design and test prompts 2023-Q2 0.40 “Design and create a diverse range of prompts tailored to

specific AI tasks and applications.”
Research and benchmark
generative AI

2023-Q2 0.26 “Creatively solution new features for the clients’ Generative AI
offerings, including testing, evaluating and benchmarking
different LLMs and toolchains.”

Building with AI

Build applications on large
language models

2021-Q4 0.03 “Develop applications that leverage LLMs and FMs.”

Write prompts for AI applications 2023-Q1 0.06 “Collaborate with cross-functional teams to integrate prompts
into AI applications seamlessly.”

Manage vector databases and
embeddings

2023-Q2 0.13 “Optimize embeddings and vector stores for performance and
scalability.”

Build systems that serve large
language models

2023-Q2 0.32 “Architect, build and deploy well-managed core APIs and SDKs
to access LLMs and our proprietary FMs. . . ”

Build AI agents with agent
frameworks

2024-Q1 0.06 “Build autonomous AI agents using frameworks (i.e.
LangChain, LangGraph, AutoGen, CrewAI) to support
reasoning and decision-making in healthcare.”

Build retrieval-augmented
generation pipelines

2024-Q1 0.32 “Implement RAG (Retrieval Augmented Generation) systems
and fine-tuning pipelines where appropriate.”

Build and maintain AI agent
systems

2024-Q2 0.05 “Assisting in the creation and testing of AI agents for use in
regulatory and technical safety contexts.”

Design workflows of several AI
agents

2024-Q2 0.08 “Design and build multi-agent AI systems that collaborate
effectively to automate key customer workflows and jobs to be
done.”

Build servers that connect AI
agents to software

2025-Q2 0.20 “Build MCP servers, APIs, CLIs, and microservices connecting
AI models to business systems. . . ”

Working with AI

Optimize search content with AI
tools

2022-Q2 0.02 “Leverages AI tools, such as Jasper, Surfer SEO, and ChatGPT,
to scale content development and SEO initiatives efficiently. . . ”

Use AI tools in daily work 2023-Q3 0.03 “Uses AI to accelerate feedback loops, test ideas, and make
informed decisions faster.”

Help customers implement
generative AI

2023-Q3 0.24 “Interact with customers directly to understand their business
problems, aid them in implementation of generative AI
solutions. . . ”

Use AI tools to write software 2023-Q4 0.02 “Leverage cutting edge AI tools to enhance your development
workflow. . . ”

Optimize search for AI answer
engines

2024-Q1 0.01 “Build and prioritize a quarterly SEO + AIO roadmap across site
structure, internal linking, schema, Core Web Vitals, and
semantic search.”

Use AI in software testing 2024-Q2 0.03 “Support engineers will also use their CS and AI skills to
automate parts of the QA process.”

Directing AI

Lead generative AI initiatives 2023-Q2 0.19 “Help shape the technical direction and best practices for LLM
application development.”

Lead strategy for AI agent
products

2024-Q1 0.02 “Contribute to solving cutting-edge problems in AI and help
define the future roadmap for Cresta’s AI Agents.”

Note: Table D7 shows the 21 new families among the 399 families of tasks involving AI, by kind of AI work, with the quarter in which each family emerges,
the percent of postings in its first year and one example task. A family is dated to the first quarter in which at least three employers post its tasks, and is
new when this quarter comes after 2019 and at least three employers post its tasks in three of the next four quarters. The percent of postings is the percent of
US postings with tasks involving AI that have a task in the family, over the four quarters from the quarter in which it emerges, with vacancy weights. The
example task is a task sentence of the family. The sample is English postings in the United States, Canada, the United Kingdom and Australia from 2018-Q3
to 2026-Q3.
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D.3 Task Content

I classify each task sentence as cognitive, interpersonal or manual by the words it includes, starting from
the word lists of earlier work. The seed words are the cognitive and social words of Deming and Kahn (2018)
and the words of Spitz-Oener (2006) for non-routine analytic, routine cognitive, non-routine interactive, non-
routine manual and routine manual tasks, as applied by Atalay et al. (2020). Analytic and routine cognitive
words are cognitive, social and interactive words are interpersonal, and the two lists of manual words are
manual. I then add to each seed word the ten words closest to it in word embeddings trained on 235,348
distinct task sentences of US postings in English, as Atalay et al. (2020) do with the text of newspaper job
postings. I keep the added words with a cosine similarity of at least 0.55 that appear at least 50 times, and each
goes to the category whose seed words it is closest to on average.

A task sentence is in a category when it includes one of the words of this category in any inflection, so that
a sentence can be in more than one category or in none. A posting then has a task of a category when at least
one of its task sentences is in it. Table A2 presents the seed words and the most common added words of each
category, and Table D8 presents all words. Figure 3 and Figure A5 compare the shares of cognitive and manual
tasks with the O*NET task measures of Acemoglu and Autor (2011) across four-digit occupations.

Table D8: All Words of Cognitive, Interpersonal and Manual Tasks

Category Seed words Added words, most common first

Cognitive analytical, analyze, analyzing, bookkeeping, cal-
culate, calculating, correcting, corrections, critical
thinking, design, designing, devising rule, eval-
uate, evaluating, interpreting rule, math, mea-
surement, measuring, plan, planning, problem
solving, research, researching, sketch, sketching,
statistics

developing, designs, engineering, plans, reviewing, imple-
menting, researches, actions, budgeting, analytics, analytic,
evaluations, evaluation, architecture, optimize, assessing, as-
sess, basic, forecasting, interpret, interpreting, corrects, ar-
chitect, architecting, correct, integrating, defining, evaluates,
corrective, analyzes, drawings, selecting, measurements,
blueprint, blueprints, validate, measure, prints, optimizing,
architectural, architectures, layouts, statistical, scientific, re-
searchers, individualized, calculations, correction, quantita-
tive, planner, compiling, cad, compile, sketches, full-stack,
long-range, investigative, recordkeeping, record-keeping

Interpersonal advertise, advertising, advise, advising, buying,
collaboration, communication, coordinate, coor-
dinating, entertain, entertaining, lobby, lobbying,
managing, negotiate, negotiating, negotiation, or-
ganize, organizing, presentation, presentations,
presenting, purchase, sell, selling, teaching, team-
work

supporting, assisting, leading, sales, manage, marketing, col-
laborate, communications, manages, communicate, oversee,
overseeing, students, vendor, organizes, effective, coordi-
nates, contract, contracting, partnership, campaigns, com-
municating, coordination, media, fostering, foster, fosters,
presented, presents, present, collaborates, representing, ad-
visor, advisors, purchased, purchasing, purchases, distribut-
ing, terms, consulting, collaborative, agreements, welcom-
ing, facilitating, collaboratively, negotiations, distribute, ad-
vises, buyers, buyer, advisory, arranging, consultative, up-
sell, advocating, reception, decision-makers, cooperation, li-
aise, entertainment, representation, cooperative, morale

Manual control, controlling, equip, equipment, equip-
ping, operate, operating, renovate, renovating, re-
pair, repairing, restore, restoring

operation, maintenance, repaired, repairs, controls, operates,
operated, installing, inspecting, machinery, storing, replace-
ment, replacing, diagnosing, rolling, controlled, controllers,
hoists, equipped, restoration, appliances, overhaul

Note: Table D8 presents all seed words and added words of each category in Table A2, with added words ordered by the number of task sentences that
include them.
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