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Abstract

This paper examines how employer demand for workers skilled in the use of
artificial intelligence (Al) is associated with employment patterns in copyright-
intensive industries within the U.S. information sector. Using panel data from
the Census Bureau’s Quarterly Workforce Indicators combined with data on AI-
related job postings, we analyze how the relationship between employer
demand for Al skills and employment levels varies across worker groups
between 2018 and 2024. Furthermore, we document changes in this relationship
following the widespread introduction of generative Al in late 2022. We find
that employment in copyright-reliant information industries declined relative to
other industries after late 2022, and that the association between Al-related job
postings and employment is highly heterogeneous. Initial findings indicate that
employment relationships were negative or statistically insignificant for
workers who had not completed a four-year college degree, for women, and for
the youngest and oldest age cohorts. A positive relationship existed for college
educated workers, men, and prime-age workers, though this weakened in the
periods after the introduction of generative Al. These findings provide early
insights into how demand for generative Al skills may reshape labor market
stratification within creative and information-intensive industries and
underscore the importance of examining technological change in future
research.



Recent advances in artificial intelligence (Al)—particularly the rapid diffusion of large language
models and other generative Al tools since late 2022—have intensified debates about how new
technologies affect workers. While earlier waves of computerization reshaped labor demand
gradually, generative Al systems are capable of producing text, images, audio, and other
expressive outputs that overlap directly with tasks performed by human workers. As a result,
concerns about job displacement have become salient in creative and information-intensive
industries.

In this paper, we examine how the emergence of generative Al is associated with employment
patterns in selected copyright-intensive industries within the U.S. information sector (NAICS
51), specifically motion picture and sound recording, publishing, and broadcasting and content
provision. These industries play a significant role in the U.S. economy and are central to the
production and dissemination of creative works. They are also uniquely exposed to generative
Al unlike earlier automation technologies that primarily affected routine or manual tasks,
generative Al performs nonroutine cognitive and creative tasks, reshaping the boundaries and
relationship between human labor and machine production.

Our focus on these industries is further motivated by their early employment dynamics following
the introduction of generative Al. After late 2022, employment in copyright-intensive
information industries declined, whereas average employment in all other industries increased.
This divergence suggests that copyright-intensive information industries may be experiencing
distinct adjustment pressures in the generative-Al era. These dynamics are likely to reflect
changes in task organization, skill valuation, and internal labor allocation rather than simple job
creation or loss.

Research has established that previous technology shocks to labor markets displaced some
workers, but improved outcomes for others who enjoy productivity gains. To study these
dynamics, we combine two complementary data sources. First, we use data from the U.S. Census
Bureau’s Quarterly Workforce Indicators (QWTI) to measure employment and earnings by
industry, metropolitan area, and worker characteristics. Second, we use novel data produced by
the University of Maryland on job postings requiring Al-related skills (“Al job listings™) to
measure employer demand for Al capabilities. Together, these data allow us to examine how firm
demand for workers with Al competence correlates with overall employment patterns in certain
copyright-intensive industries, and how these relationships vary across education, gender, and
age groups.

The public release of widely accessible generative Al tools in the fourth quarter of 2022
represents a clearly identifiable inflection point in the diffusion of Al technologies, providing a
clear temporal breakpoint for examining short-run changes in labor market relationships. Prior to
this time, use of artificial intelligence tools usually required coding and statistical modeling
skills, which may have limited firm uptake. Generative AI’s text prompts allowed for greater
uptake of the new technology by a wide range of consumers. Unlike earlier technological



advances, the diffusion of generative Al occurred rapidly and at a clearly defined point in time,
allowing us to compare labor market relationships before and after its introduction. We treat this
event not as the sole determinant of employment patterns, but as an inflection point that may
have altered how Al-related labor demand translates into employment across worker groups.

Taken together, this paper makes three related contributions. First, as motivation, we document a
divergence in employment patterns in copyright-intensive industries within the information
sector relative to the broader economy following the introduction of generative Al—industries in
which one might intuitively expect disproportionate exposure to the technology. Second, we
examine how the relationship between employer demand for Al-related skills and industry-level
employment varies across worker characteristics, highlighting heterogeneity by education,
gender, and age. Third, we show that these relationships change following the diffusion of
generative Al, suggesting that the labor market implications of Al-related skill demand are
neither uniform across workers nor stable over time.

Throughout, we interpret these findings cautiously. The analysis does not establish that
generative Al itself caused the observed changes in the relationship between skill demand and
employment, nor does it isolate any particular mechanism through which AI might affect
employment. Instead, the results are intended as early, exploratory evidence that helps identify
where and for whom employment patterns have shifted during the initial diffusion of generative
Al and where further research is most needed.

Even abstracting from questions of causality, the analysis does not attempt to disentangle the
sources of the observed associations, such as labor-efficiency changes, downstream shifts in the
supply or demand for creative works, or broader organizational adjustments. Rather than
adjudicating among these channels, the paper documents how employment patterns and
employer demand for Al-related skills have evolved during the early diffusion of generative Al

Beyond these interpretive limits, this analysis is also intentionally limited in scope. It does not
examine the legal status of copyrighted works, the use of copyrighted materials in Al training, or
changes in creative output. Nor does it track individual workers, job transitions, or task-level
substitution within firms. Instead, the paper focuses on industry-level employment patterns in
payroll-based employment and employer demand for Al-related skills, using job postings to
capture anticipated labor demand rather than realized hiring or displacement.

Within this deliberately narrow scope, we adopt an empirical approach designed to examine how
employer demand for Al-related skills is associated with industry-level employment patterns
over time. Using panel data, we estimate a series of models relating employment to Al-related
job postings, allowing the relationship to vary by worker characteristics and over time. We find a
statistically significant conditional correlation between Al job listings and employment that is
highly heterogeneous and that changes following the introduction of generative Al. Prior to late
2022, increases in Al-related hiring were generally associated with neutral outcomes—a roughly
one-for-one relationship between Al job postings and employment—or with positive



employment growth, consistent with Al-related jobs representing an incremental increase in
overall labor demand. After late 2022, the association between Al-related job postings and
employment becomes more polarized. Workers without a four-year college degree, women, and
the youngest and oldest workers are more likely to experience weak or negative employment
responses, while positive associations persist primarily for college-educated, male, and prime-
age workers.

These findings contribute to the literature on technological change and labor markets by
providing early observations from a set of industries that are both economically important and
uniquely exposed to generative Al. By documenting how employment patterns differ across
worker groups during the early diffusion of generative Al, this study helps identify key
dimensions along which future research can more closely examine mechanisms of adjustment,
inequality, and institutional change in creative labor markets.

Technology Adoption and Diffuse Outcomes in the Labor Process

A large social science literature examines how new technologies affect workers differently
depending on their skills and the tasks they perform. Autor et al. (2003) introduce a model in
which workers have differing skill levels and perform routine or non-routine tasks. They show
that between 1960 and 2000, computerization substituted for labor in routine, easily codified
tasks—disproportionately affecting lower-skilled workers—while complementing non-routine
analytical tasks and increasing demand for higher-skilled labor. These shifts were concentrated in
industries that adopted computer technologies more rapidly.

Later research extends and refines this framework. Acemoglu and Autor (2011) introduce a
model with three skill levels mapped to tasks along a continuum of complexity, helping to
explain the late-1990s and early-2000s “hollowing out of the middle,” in which employment
grew at the top and bottom of the wage distribution while declining in middle-skill jobs (Guo,
2022; Pham, et al., 2023; Tyson & Zysman, 2022). However, empirical findings on polarization
are mixed. Goldin and Katz (2008) instead emphasize skill-biased technological change,
showing that computerization increased the wage premium for college-educated workers. Dahlin
(2019) finds that robot adoption between 2010 and 2015 had positive effects on the employment
of workers not only on high-skill jobs but also on those in middle-skilled routine occupations,
contrary to predictions of widespread middle-skill displacement. His optimistic interpretation is a
possible complementarity between humans and technology that leads to the creation of new
tasks, though he concedes that displacement in these occupations may have occurred prior to
2010.

A related strand of research emphasizes heterogeneity within occupations and industries. Van der
Velde (2017) shows that different jobs within the same broadly defined occupation can vary
substantially in their task content, and that wage dispersion associated with new technologies is
greater among workers engaged in more non-routine tasks. Consistent evidence of within-



occupation inequality and power imbalances has been documented in the information sector
(Martin-Caughey, 2021; Xie, et al., 2015). Industry-focused studies similarly find that workers’
susceptibility to technological displacement depends on how their task allocations interact with
specific technologies (Damelang & Otto, 2024). Complementing this task-based perspective,
some sociological work highlights organizational mechanisms, with Kristal (2020) showing that
computerization increases the rewards to workers positioned at critical points of information
flow, potentially shifting bargaining power away from content producers toward managers or
intermediaries in information-intensive industries.

Recent literature suggests that generative Al differs from earlier forms of automation in two key
respects. First, earlier automation technologies primarily performed routine tasks through
preprogrammed, codifiable instructions, whereas generative Al systems can perform more
complex tasks that draw on tacit knowledge, contextual judgment, and language-based reasoning
(Brynjolfsson, et al., 2023; Noy & Zhang, 2023). This represents a qualitative expansion in the
scope of automation, as activities previously considered automation-resistant—such as
professional writing and other knowledge-intensive tasks—are increasingly within reach of
machine systems. Second, some researchers have suggested that generative Al exhibits the
characteristics of a general-purpose technology—broad adoption, continual improvement, and
the potential to generate follow-on inventions (Eloundou, et al., 2024; Baily, et al., 2025).
Evidence suggests that exposure to large language models is widespread across the labor
market—including in higher-wage occupations—while natural-language interfaces has lowered
barriers to adoption, accelerating diffusion. Together, these features suggest that generative Al
extends automation into domains historically reliant on human expertise while reshaping how
that expertise is produced and deployed.

Many tasks in which generative Al excels are traditionally performed by workers in the creative
industries within the information sector—such as the production of text, art, music, and video.
Accordingly, scholars have begun to examine its potential impact on these industries. Some
argue that Al complements rather than substitutes for labor in creative industries, emphasizing
that creative production relies on human imagination and the generation of novel ideas that do
not follow codifiable rules (Anantrasirichai & Bull, 2022; Zhou & Lee, 2024). Consistent with
this view, Amankwah-Amoah et al. (2024) identify a wide range of creative and information-
sector activities—including text and image generation, video production, content customization,
and software development—as increasingly susceptible to automation, but conclude that Al is
more likely to augment human workers by enabling them to perform a broader set of tasks and
increase output. However, other recent work takes a more cautious view, reflecting the expanded
capabilities of generative Al systems. Hemraj (2025) argues that while earlier forms of Al
primarily automated discrete, repetitive tasks, generative Al can integrate multiple stages of
production, shifting workflows from manual execution toward prompt-based generation. In this
context, Lam (2026) highlights the vulnerability of production-oriented roles in creative



industries—such as design drafting, background music production, and marketing content
creation—to displacement, as these tasks are more readily automated by generative systems.

Empirical evidence on these effects remains limited and mixed. Hui et al. (2024) find that
freelancers engaged in writing, design, and related creative services experienced declines in both
employment and earnings following the introduction of generative Al. Mikridis (2025) finds no
evidence of earnings declines among artists overall, but does identify employment reductions
among those whose work is most exposed to generative Al. Erickson (2024) conducts case
studies of the production of six creative works,' finding that human workers remain involved at
all stages of production. Many of these tasks are evolving, with new tasks including training data
curation and the editing Al-generated outputs, and many of these contributions are uncredited.
Overall, this literature suggests that generative Al reshapes creative production not only by
automating discrete tasks, but by reorganizing workflows and shifting the boundaries between
conception, execution, and refinement. As a result, the effects of Al in these industries are likely
to operate through changes in task composition and production processes within firms, rather
than through uniform substitution or complementarity at the occupational level.

A consistent finding across this literature is that the benefits and costs of new technologies are
unevenly distributed across workers, but not randomly so. Certain individual characteristics are
associated with a greater likelihood of adapting successfully to productivity-enhancing
technologies, while others are linked to higher risks of displacement.

Education is among the most robust predictors of technology adoption. Highly educated workers
are more likely to perform non-routine tasks that complement new technologies rather than
compete with them (Autor, et al., 2003). In contrast, BLS survey data indicate that workers
without a college degree are substantially more likely to spend large shares of their work time on
repetitive tasks that are vulnerable to automation (Dey, et al., 2021). Education may also
facilitate adoption through indirect channels: DiMaggio and Bonikowski (2008) find that more
educated individuals are more likely to use new technologies outside the workplace, increasing
familiarity and social capital in technology-adopting environments, while Chugunova et al.
(2025) show that higher educational attainment is associated with greater familiarity with Al
tools.

Gender has also been linked to differential patterns of technology use, though findings vary by
context. Prior research suggests that women may be more skeptical about the productivity
benefits of new workplace technologies and anticipate greater effort costs, while also being more
responsive to social pressures to adopt them (Venkatesh, et al., 2003). Studies of internet
technologies and e-commerce adoption identify technical barriers, organizational constraints, and
differences in self-assessed computer skills as contributing factors to gender gaps in technology

! Erickson examines six creative products spanning different domains: a short story, a text-based computer game, a
collection of dance performances with an accompanying online tool, a pop song, a graphic art product, and a
generative system that produces custom 3d architectural forms.



use (MacGregor & Vrazalic, 2008; Orser, et al., 2019; Chen, et al., 2023). Empirical evidence
specific to generative Al uptake by women is mixed: Ruso et al. (2025) find significant gender
differences in Al uptake related to attitudes and perceived knowledge, whereas McElheran et al.
(2024) find no statistically significant relationship between gender and Al adoption.

Age is another important determinant of technology uptake. Younger workers have historically
been more likely to adapt to new technologies, reflecting greater confidence in performance
gains and lower learning costs (Venkatesh, et al., 2003) as well as greater exposure to digital
technologies earlier in life (Ochmann & Laumer, 2020). Older workers, by contrast, tend to
express greater skepticism toward Al (Zhang & Dafoe, 2019). However, recent evidence
complicates this pattern: younger, entry-level workers are disproportionately employed in routine
tasks (Cortes, et al., 2021) and emerging research suggests that these workers may face
heightened displacement risks from generative Al (Brynjolfsson, et al., 2025) reversing earlier
patterns observed for prior technological waves.

We contribute to this literature by exploring the relationship between employer demand for Al
skills and employment in copyright-intensive industries within the information sector. We
provide an initial look into how this relationship has changed since the advent of generative Al,
and how it varies according to the educational attainment, gender, and age of workers. By
focusing on three-digit industries within NAICS 51, we shed light on sector-specific adjustment
dynamics in creative and information-intensive industries where task content, skill requirements,
and organizational control are central to production.

Data and Empirical Context
Identification of industries

This paper focuses on employment patterns in copyright-intensive industries within the
information sector. Recent advances in Al, and generative Al in particular, have direct
implications for the production, distribution, and valuation of copyrighted works. These
technologies, therefore, warrant close attention in industries that both rely heavily on copyright
protection and are exposed to Al-driven technological shocks.

We specifically examine copyright-intensive industries within the information sector (NAICS
51), defined at the three-digit NAICS level.> We focus on the three-digit level because Census
employment and wage data are more complete and consistently reported at this level than at finer
levels of industry classification. Importantly, the four-digit NAICS industry groups nested within
these three-digit categories consist entirely of industries that prior studies have identified as
copyright-intensive (Safner, et al., 2024; Toole, et al., 2022; Dutra & Stoner, 2025). As a result,

2 Technically, three digit-NAICS (North American Industry Classification System) categories are referred to as
industrial “subsectors” and four-digit NAICS categories are referred to as “industry groups”. (See
https://www.census.gov/naics/ for more information on the NAICS classification system.) This paper uses the term
“industry” to refer to any classification of firms by the NAICS system.



aggregation to the three-digit level does not dilute the underlying focus on copyright-intensive
activity. Table 1 lists the three-digit NAICS codes on which we focus along with the
corresponding four-digit NAICS industry groups within each category.

Table 1: Copyright Intensive Industries As Defined by Three- and Four-Level NAICS

Three Digit NAICS Four Digit NAICS

512: Motion Picture and Sound Recording Industries  5121: Motion Picture and Video Industries
5122: Sound Recording Industries

513: Publishing Industries 5131: Newspaper, Periodical, Book, and Directory
Publishers
Software Publishers

516: Broadcasting and Content Providers 5161: Radio and Television Broadcasting Stations
5162: Media Streaming Distribution Services, Social
Metworks, and Other Media Metworks and Content
Providers

Firms in these industries produce creative works—such as audiovisual content, recorded music,
written works, software, and broadcast media—that generative Al tools have made substantially
easier to create, modify, and distribute. These industries also rely heavily on copyright protection
as a core mechanism for appropriating returns to creative investment.®> Other copyright-intensive
activities are difficult to isolate at the three-digit NAICS level. For example, specialized design
services (NAICS 5414) are grouped with legal services (NAICS 5411) and management,
scientific, and technical consulting services (NAICS 5416) under NAICS 541. Similarly, many
fine and performing arts activities and independent creators are combined with spectator sports
and amusement industries under NAICS 711. Because these classifications do not allow for clean
separation of copyright-reliant creative activity, industries in NAICS 541 and 711 are not
included in the analysis. Thus, we focus on industries defined as NAICS 512, 513, and 516,
which are unambiguously copyright-intensive.*

3 Prior work by the U.S. Copyright Office (Safner, et al., 2024)and the U.S. Patent and Trademark Office (Toole, et
al., 2022) has consistently identified these industries, or their predecessors under earlier NAICS classifications, as
copyright-intensive. The NAICS scheme is updated every five years. The data used in this study uses the most
recent scheme, from 2022. Previous studies identifying industries as copyright intensive have relied on previous
NAICS schemes, but concordance tables published by the U.S. Census Bureau show that our copyright intensive
industries concord with those identified in earlier studies.

4 While aggregation to the three-digit level allows for consistent measurement across data sources, it necessarily
combines activities that may respond differently to technological change. In particular, NAICS 513 includes both
traditional publishing and software publishing. Although these segments are often viewed as being affected in
opposite ways by advances in Al (which is ostensibly fueled by the software industry), the direction of these effects
is not unambiguous. While traditional publishing may face displacement or task reorganization pressures, recent
evidence suggests that Al tools may also substitute for certain types of coding and routine programming tasks,
particularly for early-career workers (Brynjolfsson, et al., 2025). As a result, the estimates for NAICS 513 should be
interpreted as reflecting a combination of heterogeneous effects within and across these activities, rather than a
simple contrast between positively and negatively affected groups.



In addition to their reliance on copyright protection, these industries are well suited for studying
Al-related employment shocks. A growing empirical literature identifies the information sector
as among the most exposed to advances in artificial intelligence. Acemoglu et al. (2022)
document that information sector industries face particularly high exposure to automation and
Al-driven task reallocation. Felten et al. (2021) similarly show elevated Al exposure in software
publishing, web publishing, and news syndication. More recent work reinforces this conclusion
in the context of generative Al. McElheran et al. (2024) identify substantial susceptibility to Al
across information sector industries, including several that are copyright-intensive. Eisfeldt et al.
(2023) find that the two industrial sectors most exposed to generative Al are Information
(NAICS 51) and Professional, Scientific, and Technical Services (NAICS 54) are the two sectors

Figure 1: Mean State-Level Employment by Three-Digit NAICS Industry
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most exposed to generative Al, explicitly linking the emergence of generative Al in late 2022 to a
sector-specific technological shock.

As an initial descriptive exercise, we examine aggregate employment trends in copyright-

intensive industries within the information sector using data from the Census Bureau’s Quarterly
Workforce Indicators (QWI). Figure 1 plots state-level employment indices for NAICS 512, 513,
and 516 relative to all other three-digit industries. Prior to the introduction of generative Al in the
fourth quarter of 2022, both groups follow similar trends, including a decline associated with the
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onset of the COVID-19 pandemic in the first quarter of 2020 and a recovery beginning in the
third quarter of the same year. Following the introduction of generative Al in late 2022,
employment in the copyright-intensive industries begins to gradually decline, while employment
in other information-sector industries continues to rise.

Between the fourth quarter of 2022 and the fourth quarter of 2024, employment fell by 6.0% on
average in the copyright-intensive industries, while it increased by 3.9% in all other three-digit
NAICS industries. Further analyses (reported in Appendix A) show that the trends in these two
groups were parallel before the introduction of generative Al, and that the subsequent relative
decline for copyright-intensive industries is statistically significant.

The remainder of the paper dissects this aggregate pattern by examining employment dynamics
at finer levels of geography and worker characteristics using the same underlying QWI data.

Census Quarterly Workforce Indicators

We use employment data from the Quarterly Workforce Indicators (QWTI) for metropolitan
statistical areas (MSAs) at the three-digit NAICS level, produced by the U.S. Census Bureau as
part of the Longitudinal Employer—-Household Dynamics (LEHD) program.’ This data covers
about 86% of the US population (OMB, 2023). The LEHD program combines data from state
unemployment insurance systems with Census demographic information to produce panel data.®
The QWI dataset provides quarterly measures of employment and earnings disaggregated by
industry, geography, and worker demographic characteristics.” This allows for fine-grained
analysis of how labor market outcomes vary within narrowly defined segments of the workforce.

Our measurement of employment is quarterly stable employment, defined as the number of
individuals who were employed throughout the full quarter. We also use stable monthly earnings,
defined as average monthly earnings for persons employed throughout the entire quarter in the
given industry, as a control variable indicating the strength of labor demand. Wages summarize
local labor demand relative to labor supply and capture unobserved economic conditions that
may jointly affect employment and firms’ adoption of new technologies (Acemoglu & Restrepo,
2020; Morietti, 2011). We also use aggregate employment by MSA and quarter as a control for
time-variant and MSA-variant factors affecting labor markets.

Using the QWI data on employment and earnings we create categorical variables to test how
employment varies by one of three worker-characteristic indicators: educational attainment,

> Industry detail in QWI is available at both the three-digit and four-digit NAICS levels, although coverage is
substantially more complete at the three-digit level. Therefore, we use the three-digit NAICS classification described
above (NAICS 512, 513, and 516).

¢ Because QWI data are derived from unemployment insurance wage records, they capture payroll employment
relationships and do not include independent contractors or self-employed workers (U.S. Census Bureau, LEHD
Program).

7 QWI data apply a consistent NAICS industry classification throughout the study period, avoiding the
discontinuities that arise in administrative series when industry definitions are revised.
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gender, and age. Our categories for levels of educational attainment are, (1) less than high
school, (2) high school or equivalent, (3) some college or associates degree, and (4) bachelor’s
degree or higher. Our categories for gender are, (1) men, and (2) women.? Finally, our categories
for age are, (1) 22-24 years old, (2) 25-34 years old, (3) 35-44 years old, (4) 45-54 years old, and
(5) 55-64 years old.

While some studies of technological change emphasize individual-level outcomes, analyzing
labor-market adjustment at the geographic level is a well-established and widely used approach.
A large literature examines how technology and other structural shocks shape employment
patterns and displacement across regions. Prominent examples include Autor, Dorn, and
Hanson’s (2013) analysis of regional exposure to trade, Acemoglu and Restrepo’s (2020) study
of industrial robots, and Bartik’s (2015) work on recessions. Consistent with this literature, our
use of metropolitan-area data from the QWI allows us to examine how generative Al exposure is
associated with aggregate employment adjustments and heterogeneous outcomes across distinct
demographic groups.

Data from Job Listings

To measure employer demand for Al capabilities in each local labor market, we use data on job
postings that require Al-related skills (“Al job listings’) compiled by the University of
Maryland-LinkUp AI Maps project. The Al Maps data are disaggregated by MSA and by
industrial sector, with industry defined at the two-digit NAICS level. We construct our Al job
listings variable using counts of listings per quarter and MSA. This gives us an indicator of
sector-wide exposure to Al adoption within the information sector. We aggregate monthly jobs
postings to the quarterly level by averaging monthly observations within each quarter.

To construct the dataset, the University of Maryland—LinkUp AI Maps project first crawls
private-sector firm websites to collect a comprehensive set of online job listings. It then applies a
keyword-based screening process to identify postings that may involve Al-related skills. These
candidate postings are subsequently evaluated using a fine-tuned large language model, which is
trained to distinguish job listings that genuinely require Al skills from those that merely
reference related terms. Finally, a sample of the classified postings is manually reviewed by
human researchers to validate the accuracy of the model’s classifications. According to the
project’s authors, this multi-stage approach yields more accurate identification of Al-related job
postings than methods relying solely on keyword matching, such as those used by commercial
data providers such as Lightcast (Shi, et al., 2025).

Online job listings are a standard data source for measuring firm labor and skill demand in real
time because they provide high-frequency signals about skills employers are seeking, and the
tasks they need accomplished. This approach is increasingly common in labor economics
(Deming & Kahn, 2018; Atalay, et al., 2024) and sociology studies of the workforce (Zhang &

8 QWI does not report earnings for transgender or nonbinary people.
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Wang, 2024; Wilmers & Zhang, 2022). This includes research that examines the labor-market
effects of new technologies generally (Hershbein & Khan, 2017; Acemoglu & Restrepo, 2020),
and Al specifically (Shi, et al., 2025; Acemoglu, et al., 2022; Das, et al., 2020; Babina, et al.,
2024). A central reason the literature relies on postings is that they allow researchers to observe
the skill content of jobs rather than inferring skill change only from occupational reallocation.
Deming and Noray (2020), for instance, explicitly motivate vacancy data as ideal for measuring
changing job skill requirements because vacancies directly measure employer demand for
specific skills over time. At the same time, it is important to interpret job postings correctly. A
posting is best understood as a statement of employer intentions and desired worker attributes at
the recruitment stage, not a complete record of realized hires.

Finally, an Al job listing on its own should not be interpreted as direct evidence of worker
displacement. The skill-based/task-based theories of technological change described above imply
that Al can be labor-substituting in some tasks and workers (a displacement force) while also
raising productivity and expanding demand for complementary tasks, potentially increasing
hiring in other roles (a complementarity force). In addition, some postings may correspond to
contract or freelance roles that are not captured in payroll-based employment data. Accordingly,
we treat Al-related postings as an indicator of shifting skill demand and anticipated task
reorganization.

Methodology

We estimate a series of panel models to examine how employer demand for Al-related skills,
measured using Al job listings, is associated with industry-level employment patterns in
copyright-intensive industries within the information sector.

The general model is:
In(Emp);j,r = a + BiIn(AD;j, + B2Cijc + B3(In(AI) X C X After);j, + PuXijr + FE;j: + &t

Throughout, Al-related job listings are interpreted as a signal of employer demand for Al-related
skills rather than as a direct measure of realized hiring or job creation. In this specification, the
dependent variable is the logarithm of quarterly stable employment in metropolitan area i,
industry j, and quarter ¢£. Our main independent variable is the logarithm of Al-related job
listings, measured at the same geographic and temporal level. We include Al job listings both on
their own and interacted with a categorical indicator for worker characteristics (C), which
alternately captures educational attainment, gender, or age group.

To assess whether the relationship between Al-related labor demand and employment changed
with the emergence of generative Al, we interact Al job listings and worker characteristics with
an indicator variable (After) equal to one for quarters beginning in 2023Q1 and zero otherwise.
This triple interaction allows the association between Al job listings and employment to vary
across worker groups and to differ before and after the widespread diffusion of generative Al
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The model includes metropolitan-area, industry, and time fixed effects, as well as a vector of
control variables capturing local labor market conditions. These controls include stable monthly
earnings, total employment across all industries in the metropolitan area, and the working-age
population. All models are estimated using ordinary least squares (OLS), and standard errors are
clustered by metropolitan area and quarter.

Results

In each of the following subsections, we first present regression results to demonstrate basic
relationships for copyright intensive industries at each of our three three-digit NAICS levels and
aggregated across the three. We then show graphic representations of comparative statics to more
clearly illustrate how the relationships between employment and Al job listings in these
industries vary for workers with different characteristic profiles. Comparative statics are based
on an increase in Al job listings from two to three, corresponding to a one-listing increase from
the conditional median of Al job listings among nonzero observations. We apply this same
change across all specifications to facilitate comparisons across industries and time periods.

Marginal changes in the relationship between skill demand and employment below zero in our
comparative statics analyses indicate patterns consistent with displacement pressures associated
with increased Al-related labor demand, insofar as rising job postings coincide with declines in
stable employment. Importantly, job listings capture employer hiring intentions and may also
reflect increased labor market churn or replacement hiring rather than net job creation. However,
when increases in Al job listings are accompanied by reductions in stable employment, the
resulting divergence is difficult to reconcile with pure worker reallocation and is instead
consistent with restructuring dynamics. Predicted changes above one indicate that Al-related
labor demand is associated with more-than-proportional employment growth, consistent with
complementarities or spillover effects, while predicted changes between zero and one reflect a
less-than-proportional translation of job postings into realized employment, even when the
overall relationship remains positive. The values corresponding to our comparative statics figures
are reported in Appendix B.

Education

We begin with the model estimates and comparative statics by educational attainment. Table 2
presents estimates from regressions of logged quarterly employment on Al job listings and their
interactions with education and the period after the introduction of generative Al. Prior to the
introduction of generative Al, job listings for workers with Al skills are generally negative or
statistically insignificant for workers without four-year college degrees, while these listings are
positively associated with employment for workers Bachelor’s degrees or higher degrees. These
pre-generative Al patterns are consistent with Al-related labor demand complementing higher-
skilled workers more strongly than lower-skilled workers. Following the introduction of
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generative Al, the positive association between Al job listings and employment among the most
highly educated workers diminishes in magnitude, consistent with a weaker translation of Al-
related labor demand into employment growth in the post-period.

Figure 2 illustrates the change in employment associated with an increase of one Al job listing,
evaluated separately by educational attainment. Across all panels, the results indicate that labor-
market gains associated with Al are concentrated among the most highly educated workers. In
the pooled estimates shown in panel (a), increases in Al job listings are associated with small and
statistically insignificant changes in the relationship between skill demand and employment for
workers who did not complete high school and for those with some college but no four-year
degree. Employment responses associated with skill demand are negative for workers whose
highest level of education is a high school diploma, and significantly so in the pre-generative Al
period. By contrast, workers with at least a bachelor’s degree experience large and statistically
significant employment gains associated with increased Al job listings in both periods, although
the magnitude of these gains declines following the introduction of generative Al.
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Table 2: Al Jobs Listings as a Predictor of Logged Employment: Variation by Level of Educational Attainment

M @) 3) @)
Pooled NAICS 512 NAICS 513 NAICS 516
Copyright
Industries
Ln(AI+1) -0.0182 -0.0630""" 0.0279 0.00672
(-1.66) (-3.80) (1.55) (0.46)
Edu(2) 0.810"" 0.678"" 0.955"" 0.878""
(46.38) (33.49) (52.45) (42.14)
Edu(3) 1.081" 0.883"" 1.243" 1.209""
(47.76) (35.22) (66.72) (42.03)
Edu(4) 1.138™* 0.867"" 1.401™ 1.216™
(24.50) (19.25) (43.01) (22.13)
Ln(AT+1) x Edu(2) -0.0171 0.0298" -0.0599™" -0.0502°"
(-1.78) (2.54) (-6.51) (-4.74)
Ln(AI+1) x Edu(3) 0.0156 0.0698"" -0.0216" -0.0325™
(1.74) (5.53) (-2.67) (-3.13)
Ln(AI+1) x Edu(4) 0.142"™" 0.171™" 0.134™ 0.0976""
(9.22) (8.28) (7.30) (5.78)
Ln(AI+1) x After 0.0132 -0.0177 0.0369" -0.00534
(1.59) (-1.58) (2.66) (-0.26)
Edu(2) x After -0.0516" -0.0214 -0.104™ -0.0493™
(-5.79) (-1.92) (-7.34) (-5.42)
Edu (3) x After -0.0554™" -0.0294" -0.106™" -0.0551°"
(-5.39) (-2.05) (-7.32) (-5.05)
Edu(4) x After -0.0581"" -0.0729" -0.0786™" -0.0458"
(-3.96) (-3.08) (-4.13) (-2.91)
Ln(AI+1) x Edu(2) = After 0.00216 -0.00893" 0.0191" 0.00231
(0.60) (-2.37) (3.23) (0.54)
Ln(AI+1) x Edu(3) = After -0.00642" -0.0131™ 0.00560 -0.00423
(-2.80) (-3.04) (1.22) (-1.33)
Ln(Al+1) x Edu(4) x After -0.0233" -0.0157 -0.0285" -0.0185™
(-4.04) (-2.02) (-3.20) (-3.80)
Ln(Population) 0.120 0.426™ 0.0615 -0.0910
(1.76) (3.31) (0.57) (-0.95)
Ln(Wage) 0.0853 -0.107" 0.0437 0.305™
(1.11) (-2.21) (1.18) (3.12)
Ln(Total Employment) 1.279" 1.053™ 1.380" 1.405™
(10.77) (7.88) (13.63) (5.04)
Constant -14.317" -14.32™" -13.99™ -15.22™
(-8.86) (-6.42) (-7.29) (-5.14)
N 83,420 26,220 29,257 27,942
Adjusted R? 0.874 0.966 0.977 0.970
Within-Entity R 0.390 0.590 0.820 0.817
Industry F.E. Y N N N
Metropolitan Area F.E. Y Y Y Y
Time F.E. Y Y Y Y

Notes: Edu(1) = Less than High School; Edu(2) = High School or Equivalent; Edu(3)= Some College or
Associates Degree; Edu(4) = Bachelor’s Degree or Higher. Models estimated with OLS. Standard errors clustered
by MSA and quarter are reported in parentheses. *p<0.10, **p<0.05, ***p<0.01.



Figure 2: Change in Employment Level Associated with An Increase of 1 AI Job Listing: Variation by Educational Attainment
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Notes: Y-axis: Additional jobs associated with an increase of one Al job listing, starting from the conditional
median listings. Error bars indicate 95 percent confidence intervals. The delineation between “Before Gen AI” and
“After Gen AI” is Q4 2022.

The industry-specific panels show that there is substantial heterogeneity across industries. In
NAICS 512 (panel b), employment responses for the two least educated groups are significantly
negative in both periods, with the magnitude of these declines increasing after the introduction of
generative Al. In NAICS 513 (panel c), workers in each of the three educational groups with less
than a bachelor’s degree experience increases in employment following the introduction of
generative Al, with these effects statistically significant for two of the three groups. In NAICS
516 (panel d), employment is negatively associated with Al job listings for workers with a high
school diploma or some college education in both periods, while workers with at least a four-
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year college degree exhibit a positive and statistically significant relationship. The one common
pattern across the three industries is that the most highly educated segments of the labor market
consistently experience the largest employment gains.

Taken together, the panels in Figure 2 indicate that increases in Al-related labor demand are
associated with sharply divergent employment patterns across educational groups. Employment
gains consistent with Al acting as a complement to labor are concentrated among the most highly
educated workers, while for others the relationship between Al job listings and overall
employment is generally small, statistically insignificant, and often negative.

Gender

We now turn to how the relationship between Al job listings and employment differs for male
and female workers. Table 3 reports regressions of logged employment on Al job listings and
their interactions with a gender indicator equal to one for women and zero for men.

In the pooled results, there is a positive association between Al job listings and employment for
men, particularly in the period prior to the introduction of generative Al. This positive
relationship is offset by negative interaction terms with the Female indicator, implying that the
association does not extend to women. In the industry-specific models, results for NAICS 516
are largely statistically insignificant for both men and women.

As with the education analysis, we use comparative statics to illustrate the magnitude of gender
differences in employment responses to increases in Al job listings. Figure 3 presents the
predicted change in employment associated with a one-unit increase in Al job listings, evaluated
separately for men and women.

In the pooled results shown in panel (a), increases in Al job listings are associated with positive
changes in the relationship between skill demand and employment for men prior to generative
Al, with smaller gains in the post-period. By contrast, the predicted employment response for
women is close to zero and statistically insignificant in both periods.

The industry-specific panels reveal a similar pattern in two of the three industries. Prior to
generative Al, Al job listings are positively and significantly associated with employment for
men in NAICS 512 and 513, while after generative Al this relationship remains significant only
in NAICS 513. For women, the relationship between Al job listings and employment is
statistically insignificant in both periods across all industries.

Overall, Figure 3 indicates that increases in Al job listings are associated with additional
employment for men, although this relationship weakens following the introduction of generative
Al. However, we find no statistically significant relationship between Al job listings and
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Table 3: Al Jobs Listings as a Predictor of Logged Employment: Variation by Gender

(1) (2) 3) (4)
Pooled NAICS 512 NAICS 513  NAICS 516
Copyright
Industries
Ln(AI+1) 0.046™" 0.044™ 0.083"" 0.010
(0.010) (0.018) (0.017) (0.013)
Female -0.251° -0.376™ -0.091° -0.365""
(0.019) (0.023) (0.023) (0.019)
Ln(AI+1) x Female -0.051" -0.056™" -0.089" 0.006
(0.008) (0.010) (0.014) (0.013)
Ln(AI+1) x After -0.009 -0.051™" 0.027" -0.015
(0.010) (0.014) (0.013) (0.023)
Female x After -0.008 -0.011 -0.014 0.010
(0.008) (0.015) (0.011) (0.011)
Ln(AI+1) x Female x After 0.013™ 0.025™ 0.013™" 0.002
(0.004) (0.006) (0.005) (0.005)
Ln(Wage) 0.121" -0.139"™ 0.104™ 0.258"
(0.069) (0.051) (0.039) (0.099)
Ln(Population) 0.139™ 0.429™" 0.066 -0.083
(0.067) (0.115) (0.104) (0.100)
Ln(Total Emp) 1.258™ 1.021" 1.380™" 1.423"
(0.099) (0.099) (0.103) (0.273)
Constant -12.806™" -11.814™" -12.806™" -13.327°"
(1.419) (1.830) (1.875) (2.950)
N 41,923 13,630 14,355 13,938
Adjusted R® 0.866 0.964 0.977 0.972
Within-Entity R? 0.083 0.330 0.210 0.447
Industry F.E. Y N N N
Metropolitan Area F.E. Y Y Y Y
Time F.E. Y Y Y Y

Notes: Models estimated with OLS. Standard errors clustered by MSA and quarter are reported in
parentheses. *p<0.10, **p<0.05, ***p<0.01.
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Figure 3: Change in Employment Associated with An Increase of 1 AI Job Listing: Variation by Gender
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Notes: Y-axis: Additional jobs associated with an increase of one Al job listing, starting from the conditional median
listings. Error bars indicate 95 percent confidence intervals. The delineation between “Before Gen AI” and “After Gen
Al” is Q4 2022.

employment for women in either period or in any of the copyright-intensive industries
considered.

Age

Lastly, we examine how the relationship between Al job listings and employment in copyright-
intensive industries varies across age groups. Error! Reference source not found. reports
regressions of logged employment on Al job listings interacted with age-group indicators. The
omitted category is workers aged 22—24, and the interaction terms capture how the association
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between Al job listings and employment differs across age groups relative to this youngest
cohort.

Across specifications, the coefficient on Al job listings is negative and statistically significant in
most regressions, indicating a negative relationship between Al job listings and employment for
the youngest group of workers. The interaction with the post-generative Al indicator suggests
that this negative relationship becomes more pronounced following the introduction of
generative Al

The age-group interactions reveal a clear lifecycle pattern. Relative to the youngest workers, the
relationship between Al job listings and employment improves as workers move into prime
working ages but weakens again for workers aged 55—-64. This pattern appears consistently in the
pooled regressions as well as in the industry-specific estimates.

In order to assess overall marginal effects, Figure 4 presents the predicted change in employment
associated with a one-unit increase in Al job listings, evaluated separately by age group. Across
all panels, increases in Al job listings are associated with employment losses for the youngest
and oldest workers and employment gains for prime-age workers, although the magnitude and
statistical significance of these effects vary by industry. In NAICS 512, employment responses
are statistically insignificant for workers aged 25—-34, become increasingly positive for the next
two age groups, and then decline and become insignificant again for workers aged 55-64. In
NAICS 513, the largest employment gains occur among workers aged 25-34, with effects
diminishing at older ages and turning negative for the oldest group. For workers aged 35-44 and
45-54, employment gains associated with an additional Al job listing increase after the
introduction of generative Al. NAICS 516 exhibits a similar pattern to NAICS 513, although the
employment gains for workers aged 45—54 are statistically insignificant.

Overall, Figure 4 demonstrates that increases in Al job listings are associated with strongly age-
differentiated employment responses. The youngest and oldest workers tend to be associated
with weak or negative changes in the relationship between skill demand and employment, while
prime-age workers are associated with the most favorable employment patterns. These age-based
differences are evident prior to the introduction of generative Al and persist thereafter.
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Table 4: Al Jobs Listings as a Predictor of Logged Employment: Variation by Age Group

Q)] (2) (3) )
Pooled NAICS 512 NAICS 513 NAICS 516
Copyright
Industries
Ln(AI+1) -0.132"" -0.205™" -0.005 -0.137""
(0.017) (0.022) 0.021) (0.029)
Age(25-34) 0.965"" 0.679"" 1.494™ 1.055"
(0.037) 0.041) (0.028) (0.035)
Age(35-44) 0.857° 0.436"" 1.5957" 0.924™"
(0.057) (0.066) (0.038) (0.057)
Age(45-54) 0.785""" 0.215™ 1.576™" 0.914™
(0.060) (0.073) (0.042) (0.065)
Age(55-64) 0.716" 0.041 1.5287 0.8407"
(0.061) (0.078) (0.043) (0.069)
Ln(AI+1) x Age(25-34) 0.231"" 0218 0.162™" 0.239""
(0.016) 0.021) 0.017) (0.018)
Ln(AT+1) x Age(35-44) 0.231°" 0.280"" 0.105"" 0.244™
(0.020) (0.029) (0.020) (0.027)
Ln(Al+1) x Age(45-54) 0.178"" 0.289" 0.038" 0.167""
(0.022) 0.031) 0.022) (0.035)
Ln(AI+1) x Age(55-64) 0.073™ 0.229"" -0.0947 0.063
(0.024) (0.031) (0.024) (0.039)
Ln(Al+1) x After -0.032"" -0.009 -0.036"" -0.048"
(0.008) (0.015) (0.014) (0.021)
Age(25-34) x After -0.008 -0.035 0.164™" -0.082""
(0.019) 0.031) (0.032) (0.026)
Age(35-44) = After 0.006 0.015 01277 -0.047
(0.024) (0.046) (0.036) (0.026)
Age(45-54) x After -0.066" -0.064 -0.008 -0.041
(0.026) (0.048) (0.034) (0.028)
Age(55-64) x After -0.1117° -0.114™ -0.118" -0.013
(0.028) (0.054) (0.034) (0.031)
Ln(Al+1) x Age(25-34) * After 0.022° -0.016 0.027" 0.038"
(0.008) (0.016) (0.011) (0.014)
Ln(Al+1) x Age(35-44) x After 0.031°" -0.027 0.061"" 0.038"
(0.006) 0.018) 0.013) (0.014)
Ln(Al+1) x Age(45-54) x After 0.041°" -0.015 0.075™" 0.041°"
(0.006) (0.018) (0.015) (0.011)
Ln(AI+1) x Age(55-64) = After 0.049"" -0.010 0.105™" 0.031"
(0.007) (0.016) (0.019) (0.009)
Ln(Wage) 01717 -0.073° 0.095™" 0.221°"
(0.052) (0.037) (0.032) (0.066)
Ln(Population) 0.098 0.399" 0.056 -0.127
(0.061) 0.118) 0.104) (0.100)
Ln(Total Employment) 1.262° 1.082° 1.4147° 1.417°
(0.101) (0.126) (0.099) (0.264)
Constant -14.696"" -14.443™ -15.427"" -14.324™
(1.402) (2.118) (1.809) (2.995)
N 99,408 31,384 34,733 33,291
Adjusted R* 0.842 0.934 0.962 0.947
Within-Entity R® 0.321 0.392 0.970 0.683
Industry F.E. Y N N N
Metropolitan Area F.E. Y Y Y Y
Time F.E. Y Y Y Y

Notes: Baseline age group is 22-24. Models estimated with OLS. Standard errors clustered by MSA and
quarter are reported in parentheses. *p<0.10, ¥**p<0.05, ***p<0.01.



Figure 4: Change in Employment Associated with An Increase of 1 AI Job Listing: Variation by Age
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Notes: Y-axis: Additional jobs associated with an increase of one Al job listing, starting from the conditional median
listings. Error bars indicate 95 percent confidence intervals. The delineation between “Before Gen AI” and “After Gen
AT” is Q4 2022.

Conclusion

This paper examines how employer demand for Al-related skills, measured using job postings, is
associated with industry-level employment patterns in copyright-intensive industries within the
U.S. information sector. Motivated by task-based theories of technological change and by the
unique capacity of generative Al to produce expressive content, we combine employment data
from the Census Bureau’s Quarterly Workforce Indicators with data on Al-related job postings to
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study labor market adjustment before and after the widespread diffusion of generative Al in late
2022.

We have documented three main findings. First, at an aggregate level, employment in copyright-
intensive information industries declined following the early diffusion of generative Al, while
employment in other industries did not experience a comparable average decline. The divergence
we document here is consistent with the possibility that copyright-intensive industries are
experiencing distinct adjustment pressures in the generative-Al era, though establishing causality
remains an important task for future research.

Second, we find a statistically significant relationship between Al-related job listings and
employment within these industries, but one that varies across worker groups. Prior to the
introduction of generative Al, increases in demand for workers with Al skills were generally
associated with neutral or positive employment patterns. After late 2022, however, this
relationship becomes more polarized. Workers who had not completed a four-year college
degree, women, the youngest workers, and the oldest workers become more likely to experience
no or negative changes in the relationship between skill demand and employment, while positive
employment relationships persist for highly educated people, men, and prime-age workers.

Third, our results indicate that the diffusion of generative Al coincides with changes not only in
the level but also in the nature of labor market adjustment in copyright-intensive industries.
Employment relationships that were strongly positive prior to generative Al generally persisted
but with reduced magnitude afterward, while weaker relationships often become insignificant or
negative.

These findings align closely with prior research emphasizing that technological change produces
uneven and stratified labor-market adjustment rather than uniform displacement. The
concentration of positive employment responses among highly educated and prime-age workers
is consistent with task-based accounts suggesting that new technologies tend to complement non-
routine cognitive work while creating adjustment pressures for workers whose tasks are more
easily reorganized or reallocated (Autor, et al., 2003; Acemoglu & Autor, 2011). At the same
time, the weaker or negative employment responses observed for less-educated, younger, and
older workers mirror earlier evidence that technological shocks generate heterogeneous
outcomes across worker groups and local labor markets (Acemoglu & Restrepo, 2020; Felten, et
al., 2021).

The goal of our paper has been deliberately modest: to document early descriptive patterns using
available data, interpret them within the social-science literature, and identify areas where further
research is warranted. There are several directions for future research; Our analysis is conducted
at the three-digit industry level because our data source had the best balance of completeness and
detail at that level. With other data sources, future research could study these industries with
more precision. Furthermore, our work does not directly observe task content or occupational
reallocation within firms. Future work could integrate occupational or task-level data to better
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identify the mechanisms underlying the heterogeneous employment responses within the creative
industries. In addition, while job postings provide a forward-looking measure of employer
demand for Al skills, they do not capture realized hiring or internal task reorganization within
firms. Similarly, jobs listings may sometimes reflect changes in labor market reallocation rates
(churn), thus masking or confounding economically significant changes in labor market
outcomes. Linking postings data to firm-level employment transitions or individual worker
outcomes could further clarify how Al adoption translates into employment gains or losses.
Finally, the post-generative Al period remains relatively short, and longer-run adjustment
dynamics remain an open question.

The findings have implications for how policymakers and researchers monitor labor market
adjustment in sectors exposed to generative Al. Copyright-intensive industries are economically
significant and central to the production of creative and information goods, and they are among
the sectors most exposed to generative Al-driven labor market disruption. The heterogeneous
employment responses we document suggest that generative Al may exacerbate existing
disparities across worker groups within these industries, even in the absence of aggregate job
loss. Understanding the relationship between generative Al and employment in these industries
may assist the evaluation of the broader consequences of Al adoption for creative labor markets
and the institutions that govern them. More generally, our results underscore the importance of
monitoring labor market adjustment in sectors where technological change directly intersects
with intellectual property, creative production, and the organization of information-intensive
work.
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Appendix A: Difference in Differences Test of Overall Employment Trends

We estimate a difference-in-differences regression to assess whether employment in copyright-
intensive industries within the information sector declined relative to other industries following
the widespread introduction of generative Al tools in late 2022.

We use the most complete data available on stable employment at the three-digit NAICS level
from the Census Bureau’s Quarterly Workforce Indicators (QWI). The dataset covers all U.S.
states except Alaska, and all reported three-digit NAICS industries on a quarterly basis from the
first quarter of 2018 through the fourth quarter of 2024, yielding a total of 121,630 observations.
Stable employment is measured at the state—industry level, allowing us to construct a panel of
state—NAICS pairs observed over time.

Our test group consists of three copyright-intensive industries within the information sector:
Motion Picture and Sound Recording Industries (NAICS 512), Publishing Industries (NAICS
513), and Broadcasting and Content Providers (NAICS 516). All other three-digit NAICS
industries serve as the comparison group. We define the treatment period as beginning in the first
quarter of 2023, corresponding to the first full quarter after the public release and rapid diffusion
of generative Al tools.

We estimate a difference-in-differences model using Stata with state—industry fixed effects and
common time effects. The model includes state—industry fixed effects and common time effects,
identifying the average treatment effect on the treated from differential changes in employment
following the onset of treatment. Stable employment is our dependent variable. The panel is
defined at the state—industry level, with each state—NAICS pair treated as a panel variable and
time indexed by a quarterly variable that runs from 1 to 28 over the sample period.

The estimated average treatment effect on the treated (ATET) is -1,432, and it is statistically
significant at the 99% confidence level. An ATET of —1,432 means that, on average, treated units
experienced 1,432 fewer employed workers per group—time period than they would have in the
absence of treatment, relative to the contemporaneous change observed in the control units.

We assess the validity of the difference-in-differences design using both formal and graphical
tests of parallel trends. A test of differential pre-treatment trends yields an F-statistic of 2.89 (p =
0.089), which does not reject the null hypothesis of parallel trends at conventional significance
levels, providing no evidence of differential pre-treatment trends. Figure A1 offers a visual
confirmation of both the parallel trends prior to treatment, and the divergence afterward.
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Figure Al: Graphical Demonstration of Parallel Trends
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Several caveats warrant emphasis. First, the analysis relies on three-digit NAICS aggregates,
which may mask heterogeneity across finer industry groups and occupations. Second, the
treatment group is relatively small compared to the set of control industries, which may influence
average trends and increase sensitivity to idiosyncratic shocks. Third, copyright-intensive
industries within the information sector experienced particularly pronounced disruptions during
the COVID period, raising the possibility that post-2022 patterns partially reflect differential
recovery dynamics rather than reflecting changes associated with the diffusion of generative Al.

Related to the third caveat, the post-2022 period overlaps with the 2023 Writers Guild of
America (WGA) and SAG-AFTRA strikes, which affected production activity in parts of the
motion picture and television industries. However, many workers directly involved in these
strikes—particularly screenwriters—are classified as independent contractors and therefore are
not captured in employment measures based on employer payroll records (Bureau of Labor
Statistics, 2023). Because the QWI data used in this study are constructed from unemployment
insurance wage records and similarly capture only payroll employment relationships, excluding
independent contractors (U.S. Census Bureau, 2023), the direct effect of the strikes on measured
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employment is likely attenuated. To the extent that the strikes affect observed employment
patterns, this is more likely to occur through indirect channels—such as production slowdowns
affecting payroll employees in related occupations—rather than through the direct absence of
striking workers from employment counts. To assess the degree to which strike-related
disruptions may influence our estimates, we re-estimated the models excluding observations
from New York and California during the second and third quarters of 2023, where strike effects
would be most likely to appear. The results show no material change in the magnitude or sign of
the estimated treatment effects.
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Appendix B: Predicted Employment Responses by Worker Characteristics

(Data Used in Figures 2-4)

Table B.1: Change in Employment Level Associated with An Increase of 1 Al Job Listing: Variation by Educational

Attainment
Industry Period Educational  Change in Standard
Attainment  Employment Error
Al NAICS 51 Copyright Industries 2018Q1 - 2022Q4 1 -0.522 0.313
All NAICS 51 Copyright Industries 2018Q1 - 20220Q4 2 -1.011 0.245
All NAICS 51 Copyright Industries 2018Q1 - 2022Q4 3 -0.074 0.236
All NAICS 51 Copyright Industries 2018Q1 - 2022Q4 4 3.634 0.388
All NAICS 51 Copyright Industries 2023Q1 - 2024Q4 1 -0.144 0.370
All NAICS 51 Copyright Industries 2023Q1 - 2024Q4 2 -0.574 0.316
All NAICS 51 Copyright Industries 2023Q1 - 2024Q4 3 0.121 0.303
All NAICS 51 Copyright Industries 2023Q1 - 2024Q4 4 3.334 0.388
NAICS 512 2018Q1 - 2022Q4 1 -1.796 0.469
NAICS 512 2018Q1 - 2022Q4 2 -0.950 0.389
NAICS 512 2018Q1 - 2022Q4 3 0.196 0.393
NAICS 512 2018Q1 - 2022Q4 4 3.167 0.537
NAICS 512 2023Q1 - 2024Q4 1 -2.296 0.594
NAICS 512 2023Q1 - 2024Q4 2 -1.707 0.479
NAICS 512 2023Q1 - 2024Q4 3 -0.688 0.471
NAICS 512 2023Q1 - 2024Q4 4 2.181 0.553
NAICS 513 2018Q1 -2022Q4 1 0.805 0.520
NAICS 513 2018Q1 - 2022Q4 2 -0.916 0.476
NAICS 513 2018Q1 - 2022Q4 3 0.181 0.458
NAICS 513 2018Q1 -2022Q4 4 4.780 0.595
NAICS 513 2023Q1 - 2024Q4 1 1.880 0.647
NAICS 513 2023Q1 - 2024Q4 2 0.692 0.648
NAICS 513 2023Q1 - 2024Q4 3 1.412 0.634
NAICS 513 2023Q1 - 2024Q4 4 5.031 0.691
NAICS 516 2018Q1 -2022Q4 1 0.194 0.418
NAICS 516 2018Q1 - 2022Q4 2 -1.243 0.395
NAICS 516 2018Q1 - 2022Q4 3 -0.739 0.417
NAICS 516 2018Q1 - 2022Q4 4 3.047 0.520
NAICS 516 2023Q1 - 2024Q4 1 0.040 0.479
NAICS 516 2023Q1 - 2024Q4 2 -1.329 0.399
NAICS 516 2023Q1 - 2024Q4 3 -1.011 0.358
NAICS 516 2023Q1 - 2024Q4 4 2.344 0.534
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Table B.2: Change in Employment Level Associated with An Increase of 1 AI Job Listing: Variation by Gender

Industry Period Gender Change in Standard
Employment Error
All NAICS 51 Copyright Industries 2018Q1 - 202204 Male 1.336 0.284
All NAICS 51 Copyright Industries 2018Q1 - 2022Q4 Female -0.136 0.290
All NAICS 51 Copyright Industries 2023Q1 - 2024Q4 Male 1.079 0.382
All NAICS 51 Copyright Industries 2023Q1 - 2024Q4 Female -0.009 0.356
NAICS 512 2018Q1 -2022Q4 Male 1.273 0.514
NAICS 512 2018Q1 -2022Q4 Female -0.343 0.483
NAICS 512 2023Q1 - 2024Q4 Male -0.207 0.536
NAICS 512 2023Q1 - 2024Q4 Female -1.079 0.608
NAICS 513 2018Q1 - 2022Q4 Male 2415 0.495
NAICS 513 2018Q1 -2022Q4 Female -0.175 0.492
NAICS 513 2023Q1 - 2024Q4 Male 3.222 0.690
NAICS 513 2023Q1 - 2024Q4 Female 0.984 0.640
NAICS 516 2018Q1 - 2022Q4 Male 0.274 0.379
NAICS 516 2018Q1 - 2022Q4 Female 0.449 0.510
NAICS 516 2023Q1 - 2024Q4 Male -0.157 0.542
NAICS 516 2023Q1 - 2024Q4 Female 0.071 0.381
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Table B.3: Change in Employment Level Associated with An Increase of 1 AI Job Listing: Variation by Age Group

Industry Period Age Group Change in Standard
Employment Error
All NAICS 51 Copyright Industries 2018Q1 -2022Q4 22-24 -3.738 0.478
All NAICS 51 Copyright Industries 2018Q1 - 2022Q4 25-34 2.863 0.280
Al NAICS 51 Copyright Industries 2018Q1 - 2022Q4 35-44 2.881 0.297
All NAICS 51 Copyright Industries 2018Q1 -2022Q4 45-54 1.330 0.288
All NAICS 51 Copyright Industries 2018Q1 -2022Q4 55-64 -1.695 0.401
All NAICS 51 Copyright Industries 2023Q1 - 2024Q4 22-24 -4.631 0.517
All NAICS 51 Copyright Industries 2023Q1 - 2024Q4 25-34 2.548 0.339
All NAICS 51 Copyright Industries 2023Q1 - 2024Q4 35-44 2.829 0.346
All NAICS 51 Copyright Industries 2023Q1 - 2024Q4 45-54 1.572 0.322
All NAICS 51 Copyright Industries 2023Q1 - 2024Q4 55-64 -1.212 0.381
NAICS 512 2018Q1 - 2022Q4 22-24 -5.735 0.598
NAICS 512 2018Q1 -2022Q4 25-34 0.365 0.405
NAICS 512 2018Q1 -2022Q4 35-44 2.177 0.453
NAICS 512 2018Q1 - 2022Q4 45-54 2.445 0.461
NAICS 512 2018Q1 - 2022Q4 55-64 0.685 0.494
NAICS 512 2023Q1 - 2024Q4 22-24 -5.972 0.738
NAICS 512 2023Q1 - 2024Q4 25-34 -0.361 0.517
NAICS 512 2023Q1 - 2024Q4 35-44 1.131 0.500
NAICS 512 2023Q1 - 2024Q4 45-54 1.742 0.508
NAICS 512 2023Q1 - 2024Q4 55-64 0.142 0.522
NAICS 513 2018Q1 -2022Q4 22-24 -0.149 0.611
NAICS 513 2018Q1 -2022Q4 25-34 4.610 0.524
NAICS 513 2018Q1 - 2022Q4 35-44 2.906 0.531
NAICS 513 2018Q1 - 2022Q4 45-54 0.935 0.465
NAICS 513 2018Q1 - 2022Q4 55-64 -2.808 0.542
NAICS 513 2023Q1 - 2024Q4 22-24 -1.177 0.758
NAICS 513 2023Q1 - 2024Q4 25-34 4.334 0.695
NAICS 513 2023Q1 - 2024Q4 35-44 3.639 0.681
NAICS 513 2023Q1 - 2024Q4 45-54 2.072 0.651
NAICS 513 2023Q1 - 2024Q4 55-64 -0.852 0.638
NAICS 516 2018Q1 - 2022Q4 22-24 -3.857 0.795
NAICS 516 2018Q1 - 2022Q4 25-34 2.981 0.580
NAICS 516 2018Q1 - 2022Q4 35-44 3.138 0.442
NAICS 516 2018Q1 - 2022Q4 45-54 0.873 0.523
NAICS 516 2018Q1 - 2022Q4 55-64 -2.088 0.680
NAICS 516 2023Q1 - 2024Q4 22-24 -5.180 0.649
NAICS 516 2023Q1 - 2024Q4 25-34 2.668 0.636
NAICS 516 2023Q1 - 2024Q4 35-44 2.845 0.576
NAICS 516 2023Q1 - 2024Q4 45-54 0.661 0.492
NAICS 516 2023Q1 - 2024Q4 55-64 -2.558 0.568
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