Who Hires for Al after ChatGPT?
Evidence from Job Postings by U.S. Firms

By ZiHAN SUN*

ChatGPT made advanced Al tools easier to access, but it is un-
clear whether this translated into greater demand for Al-related
workers. This paper studies how U.S. firms changed their demand
for Al-related labor after the release of ChatGPT. Using Revelio
Labs job postings from January 2021 to September 2025, I classify
job descriptions into AI RE&D, Al application, and non-Al roles,
and aggregate expected hires to the firm-month level. This dis-
tinction separates hiring for internal Al capability building from
hiring for application-oriented integration. I then compare post-
ChatGPT changes across large and small firms in technology and
non-technology sectors using panel fized-effects regressions. The
results show that Al labor demand did not expand uniformly. Al
RED hiring increased mainly among large technology firms, while
Al application hiring also rose among large non-technology firms.
Smaller firms show little evidence of increased AI hiring, and I
find little evidence that Al-related hiring crowded out non-Al va-
cancies in the short run. I interpret these patterns as evidence that
firms responded to easier access to Al along different labor-market
margins: application-oriented hiring broadened among large firms,
while internal Al capability building remained concentrated among
firms with scale and technological capacity. These patterns help ex-
plain why broader access to Al tools need not translate into broad-
based Al-specific hiring.

The release of ChatGPT in late 2022 made advanced Al capabilities much
easier for firms to access. This change created an ambiguous prediction for labor
demand. Easier access to Al may increase hiring if firms need workers to develop
models, build Al systems, or integrate Al tools into products and workflows. At
the same time, it may reduce the need for internal Al capability building if firms
can rely on external tools, APIs, cloud services, or vendor-provided software.
This paper asks whether firms increased their demand for Al-related labor after
ChatGPT, which types of firms responded, and whether the response reflected
AT development or application-oriented integration.

This distinction is important because job postings observe only one margin of
AT adoption. A firm can use Al without hiring AI workers, especially if it relies
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on software subscriptions, APIs, cloud services, or vendor-provided tools. This
is likely to matter for smaller firms, for which building an internal Al team may
remain costly even after ChatGPT lowered access cost. A limited hiring response
among smaller firms therefore should not be read as evidence that they did not
use Al It may instead indicate that AI adoption occurred through margins that
are less visible in vacancy data. By contrast, when a firm posts vacancies for
AT workers, adoption involves a more visible organizational investment in tal-
ent, data, infrastructure, and workflow redesign. I therefore interpret Al-related
postings as evidence on whether firms build or integrate Al capabilities through
internal labor, not as a complete measure of Al use.

Existing research has explored three related questions. The first question is
whether Al raises productivity. Micro-level studies of specific tasks often find
that generative Al can improve performance, reduce completion time, or help
less experienced workers perform better (Noy and Zhang, 2023; Brynjolfsson, Li
and Raymond, 2025). These studies show that AI can be productive in well-
defined settings. At broader levels of aggregation, however, the evidence remains
less settled. Existing estimates suggest that measured productivity gains appear
positive but still modest, and the extent to which Al will generate large, broad-
based productivity improvements remains uncertain (Acemoglu, 2025).

The second question is how Al affects labor. Much of this literature uses task-
based or occupational measures of Al exposure and links them to employment,
wages, or worker-level outcomes. These studies provide useful evidence on where
AT may substitute for or complement labor (Frey and Osborne, 2017; Felten,
Raj and Seamans, 2021; Eloundou et al., 2024). Some evidence suggests weaker
subsequent labor demand in more exposed tasks or worker groups (Hosseini Maa-
soum and Lichtinger, 2025; Brynjolfsson, Chandar and Chen, 2025), but broad
firm-level or industry-level labor replacement remains harder to detect (Acemoglu
et al., 2022q; Hartley et al., 2024). Possible explanations are that Al changes the
composition of work within jobs, increases demand for complementary workers,
or creates new roles, even when some tasks are exposed to automation (Acemoglu
and Restrepo, 2018; Hampole et al., 2025; Autor and Thompson, 2025; Manning
and Aguirre, 2026).

The third question is which firms adopt or invest in Al. Existing evidence shows
substantial heterogeneity across firms: Al adoption is more common among larger
firms, younger firms, technology-intensive firms, and firms with stronger digital,
organizational, or innovation-related complements (Acemoglu et al., 2022b, 2023;
McElheran et al., 2024; Baslandze et al., 2026). This literature also suggests that
adoption is not a uniform margin: firms differ not only in whether they use Al,
but also in how Al is embedded in production. What remains less clear is how
these firm-level differences in Al adoption translate into labor demand after a
large decline in the cost of accessing Al

This paper studies a narrower but economically important question: when ac-
cess to Al becomes easier, which firms choose to build or integrate Al capabili-
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ties through internal labor? This approach complements studies of Al exposure,
productivity, and survey-based adoption. Exposure measures describe where Al
could affect tasks, and surveys can measure whether firms report using Al. Va-
cancy data instead show whether firms are willing to devote workers to Al-related
activities. This labor-market perspective allows me to separate two margins that
are often combined in broader measures of Al labor: AI R&D roles, which are
closer to building Al capabilities, and Al application roles, which are closer to
integrating existing tools into products and workflows.

I use Revelio Labs job postings from January 2021 through September 2025 to
measure firms’ demand for Al-related labor. The sample consists of active online-
posting firms that can be linked to firm characteristics, yielding a firm-month
panel of 2,888 firms. This setting is well-suited for studying early firm responses
to ChatGPT because job postings capture vacancy demand before changes appear
in realized employment. Job descriptions also provide rich information about the
tasks and responsibilities associated with each vacancy, allowing me to distinguish
different forms of Al-related work within the same firm and even within the same
role title.

I classify postings into AI R&D, AT application, and non-Al roles using a two-
step procedure. I first use dictionaries to identify candidate Al-related postings,
and then classify job descriptions based on role-specific evidence of AI work. This
approach first differs from broader Al-skilled labor measures that often treat Al
labor as a single category (Babina et al., 2024; Li, 2025). It also differs from
widely used Al exposure measures. Exposure measures are useful for studying
potential substitution or augmentation, but they capture potential changes to
work tasks rather than actual Al use and do not imply inevitable displacement
(Babina, 2026; Manning and Aguirre, 2026). They can also be sensitive to the
rubric, model, or annotator used to construct exposure scores (Yin, Vu and Per-
sico, 2026). My measure instead separates Al R&D from Al application roles and
uses observed vacancy text to identify whether a firm is hiring for Al develop-
ment or Al application work. It is also complementary to firm surveys, which can
ask directly about Al use but may provide less information on the specific labor
margin through which firms build or integrate Al internally. To reduce classifica-
tion error, I validate the classification using manual checks and alternative large
language model classifications.

The empirical analysis proceeds in three steps. To study heterogeneity, I classify
firms along two predetermined dimensions: industry and pre-ChatGPT employ-
ment size. Combining these dimensions yields four groups: large technology, large
non-technology, small technology, and small non-technology firms. I first describe
raw pre- and post-ChatGPT changes in Al expected hires across these groups. I
then estimate absolute within-group post changes using firm-month regressions
with firm fixed effects and controls for seasonality. These regressions ask whether
each firm group increased Al hiring after ChatGPT relative to its own pre-period
level. Finally, I estimate the main relative specification with firm fixed effects
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and monthly fixed effects. In this specification, small non-technology firms are
the omitted group, and the coefficients measure whether other firm types ex-
panded Al hiring more than small non-technology firms. The main outcomes
are monthly log(1 + expected hires) for AT R&D and AI application roles. I also
examine non-Al and total expected hires to study short-run crowd-out at the
vacancy margin.

The results show that post-ChatGPT Al labor demand increased unevenly
across Al margins and across firms. The descriptive patterns and absolute within-
group regressions show that Al R&D hiring increased significantly only among
large technology firms, while Al application hiring increased among both large
technology and large non-technology firms. The relative specifications sharpen
this pattern. Compared with small non-technology firms, large technology firms
increased both Al R&D and Al application hiring, while large non-technology
firms increased Al application hiring but not Al R&D hiring. Small technology
firms did not show a statistically significant increase in either AI margin. These
results suggest that ChatGPT broadened the application margin of Al labor de-
mand, but Al capability building remained concentrated among large technology
firms. More broadly, this pattern points to one reason aggregate employment
effects may be difficult to detect: firms may respond through different adoption
margins, including margins that generate little new Al-specific hiring. The main
Al-hiring findings are robust to rerunning the classification with an alternative
LLM and to alternative definitions of technology firms, firm size, and the analysis
sample.

I find little evidence of short-run crowd-out from Al-related hiring to non-Al
hiring at the vacancy margin. Large technology firms increased Al-related hir-
ing without a significant decline in non-Al or total expected hires, while large
non-technology firms increased Al application hiring alongside broader vacancy
expansion. These patterns are more consistent with continued demand for comple-
mentary workers and organizational capacity than with an immediate reallocation
away from non-Al vacancies.

This paper makes three contributions. First, it provides a job-description-based
measure of Al labor demand that distinguishes AI R&D from Al application roles.
This distinction is useful because building Al capabilities and applying existing
AT tools require different types of workers and are likely to respond differently to
a decline in access costs.

Second, the paper clarifies the distinction between easier access to Al tools
and internal Al capability building. ChatGPT may have lowered the cost of
accessing powerful Al capabilities, but this does not imply that all firms have the
incentives or capacity to build Al teams. The evidence shows that AT R&D hiring
remained concentrated among large technology firms, while Al application hiring
diffused more broadly but mainly among large firms. In this sense, the paper
shows that democratizing access to Al tools is not the same as democratizing the
organizational capacity to build and reorganize around Al.
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Third, the paper provides a labor-demand interpretation of heterogeneous Al
adoption. If firms respond through different adoption margins, then expanding Al
use need not generate broad-based Al-related hiring. Weak Al-hiring responses
among some firms should therefore be interpreted cautiously: they may reflect
limited AI use, but they may also reflect adoption through software, APIs, ven-
dors, or existing workers rather than new Al vacancies. This helps explain why
aggregate employment effects may be difficult to detect even when Al use is ex-
panding. Consistent with this interpretation, I find little evidence that early
Al-related hiring came at the expense of broad non-Al vacancy demand.

These findings also have implications for interpreting aggregate labor-market ef-
fects. If Al use, Al application, and Al capability building occur through different
firm-level margins, then the aggregate effects of Al will depend not only on what
the technology can do, but also on which firms build, integrate, or purchase Al
capabilities. The firm-level heterogeneity documented here suggests that muted
aggregate employment responses need not imply limited Al use. They may in-
stead reflect the fact that some forms of adoption require internal Al labor, while
others are less visible in hiring data.

I. Data, Measurement, and Classification

This section describes how I construct the firm-month panel used to measure
Al-related labor demand. The analysis combines online job postings, job de-
scriptions, and firm characteristics. The goal is to convert job-level text into
firm-month measures of Al R&D hiring, Al application hiring, non-Al hiring,
and total expected hiring.

The main measurement challenge is that Al-related work can appear in differ-
ent forms. Some jobs are closer to developing Al capabilities, while others are
closer to integrating existing Al tools into products and workflows. These two
types of Al labor demand have different economic meanings and are not always
distinguishable from job titles alone. I therefore use a two-step classification pro-
cedure: dictionary-based candidate generation followed by job-description-level
classification.

A. Job Postings Data and Sample Construction

The main data source is Revelio Labs job postings data for U.S. firms. For
each job posting, the data contain a job identifier, the posting firm identifier,
the posting date, the job title, the job description, and the expected number of
hires. I use the firm identifier, rcid, to link postings to firm-level characteristics,
including industry and pre-ChatGPT employment size.

The sample should not be interpreted as the universe of all U.S. firms. It consists
of firms with observable online job postings, valid firm identifiers, and sufficient
firm-level information. Relative to the broader population of firms, these firms
are likely to be larger, more active in formal labor markets, and more likely to use
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digital recruiting channels. The analysis therefore speaks to Al-related vacancy
demand among active online-posting firms rather than all businesses.

The baseline sample covers January 2021 through September 2025. I start the
sample in 2021 to avoid the sharp labor market disruptions during the first year
of the COVID-19 pandemic. The sample window includes both the pre-ChatGPT
period and the period after ChatGPT was publicly released in November 2022.
In the baseline empirical specification, I define the post-ChatGPT period as be-
ginning in December 2022.

The unit of observation in the main panel is a firm-month. I restrict the sample
to firms that post at least ten jobs in at least one month during the sample period.
This restriction does not require a firm to post ten jobs every month. It removes
firms with too little observed posting activity to construct meaningful monthly
outcomes. The resulting baseline sample contains 2,888 firms.

Job postings are useful for this research question because they measure vacancy
demand and contain job-level text. They capture firms’ forward-looking labor
demand before changes appear in realized employment, which helps study early
responses to the release of ChatGPT. Job descriptions also provide information
about role-specific responsibilities and required skills, making it possible to dis-
tinguish jobs that develop Al systems from jobs that apply Al technologies or do
not involve AI work. This job-description-based classification is less speculative
than estimating occupational Al exposure: rather than asking whether Al could
automate or accelerate a task, I classify whether the observed job description
contains role-specific evidence of Al development, Al application, or neither.

A corresponding limitation is that job postings do not measure realized em-
ployment outcomes. Throughout the paper, outcomes based on expected hires
should be interpreted as measures of vacancy demand or intended hiring.

B. Firm Type Classification

The empirical analysis compares how different types of firms adjust Al-related
hiring after ChatGPT. I classify firms along two dimensions: industry and size.
The industry dimension separates technology firms from non-technology firms.
The size dimension separates large firms from smaller firms using the pre-ChatGPT
employment size. Combining these two dimensions produces four firm groups:
large technology firms, small technology firms, large non-technology firms, and
small non-technology firms.

I define technology firms using NAICS codes. This classification is based on
relatively stable pre-existing firm characteristics rather than post-ChatGPT out-
comes. The technology industries include hardware manufacturing, software pub-
lishing, cloud infrastructure, data platforms, and IT services, corresponding to
NAICS 334, 511, 518, 519, and 5415. Firms outside these industries are classified
as non-technology firms.

Firm size is measured using pre-sample employment stock from Revelio indi-
vidual profiles. I use February 2020 employment to avoid measuring firm size
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after the pandemic shock or after the release of ChatGPT. Firms above the 75th
percentile of the employment distribution are classified as large firms, and the
remaining firms are classified as small firms. In the baseline sample, the 75th
percentile cutoff corresponds to approximately 1,680 employees.

This four-group classification is motivated by the idea that firms may differ in
both their ability and their need to build Al capabilities. Technology firms are
more likely to have prior Al-related technical capacity and business exposure to
AT technologies. Large firms are more likely to have the organizational resources,
data infrastructure, and complementary assets needed to absorb the fixed costs of
AT adoption. ChatGPT may lower the cost of accessing frontier Al capabilities,
but firms may still respond in different ways. Large technology firms may expand
AT development. Non-technology firms may focus more on Al application roles.
Smaller firms may adopt Al through external software or subscriptions without
building large internal Al teams.

The distribution of firms reflects the selected sample of active online-posting
firms. Small non-technology firms are the largest group, with 1,826 firms, or
about 63% of the sample. Large non-technology firms account for 710 firms.
Technology firms are less common: the sample contains 239 small technology
firms and 113 large technology firms. This distribution is useful for interpretation
because the baseline group in many specifications is small non-technology firms,
while large technology firms represent the group with the strongest prior Al-
related capabilities.

C. Identifying Al-Related Job Postings

The central measurement task is to classify job postings into Al-related and
non-Al categories. I use a two-step procedure. The first step uses dictionaries to
generate a high-recall set of candidate Al-related postings. The second step uses
a large language model classifier, implemented with ChatGPT 5.4 nano, to assign
each candidate job description to one of four labels: AT _RND, AT_APP, NON_AI, or
UNCLEAR. Appendix A reports the dictionary terms, classification prompt, manual
audit procedure, and robustness checks using an alternative LLM classifier.

The dictionary step is used for candidate generation. It removes clearly unre-
lated postings from the classification task and reduces the number of job descrip-
tions that require detailed review. This step is useful because most job postings
do not contain Al-related work. At the same time, a purely dictionary-based
approach would be too rigid for the final measure. It could classify a job as
Al-related because it contains a small number of Al-related words, even if Al is
peripheral to the job. It could also confuse ordinary software engineering, data
analysis, cloud engineering, or business intelligence work with Al work. For this
reason, I use dictionaries only to define the candidate set. Final labels are assigned
using the job description.

The second-stage classifier reads the job description and assigns one of four
labels:
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AT _RND. This label refers to roles whose core responsibilities involve AT develop-
ment or the Al model lifecycle. These include jobs that develop, train, fine-tune,
evaluate, deploy, maintain, scale, monitor, or serve Al, machine learning, LLM,
NLP, computer vision, reinforcement learning, MLOps, inference, or model in-
frastructure systems.

AT _APP. This label refers to roles whose core responsibilities involve applying,
integrating, configuring, implementing, or delivering Al technologies in products,
workflows, customer solutions, analytics systems, or decision systems. These roles
do not own the underlying model development or Al infrastructure.

NON_AI. This label refers to roles without substantive AI, machine learning, or
LLM work. Ordinary software engineering, data analysis, business intelligence,
cloud engineering, generic automation, finance, operations, sales, teaching, main-
tenance, and healthcare roles are classified as non-Al unless the job description
contains explicit job-specific Al responsibilities.

UNCLEAR. This label refers to postings with missing, empty, too short, or too
vague descriptions. I use this label only when the description does not contain
enough information to identify the actual duties of the job.

The classification follows three additional rules. First, the classifier focuses on
job-specific responsibilities and actual duties. Since job descriptions often contain
company overviews, product descriptions, or mission statements, a posting is
not classified as Al-related only because the company describes itself as using
Al Second, the distinction between AI_RND and AI_APP depends on whether the
job owns Al technology creation or applies existing Al capabilities. Third, the
classification is conservative. If explicit job-specific Al evidence is absent, the
posting is not classified as Al-related, even if the title contains Al-related terms.

Postings that are not selected by the dictionary stage are treated as non-Al in
the main construction. Among candidate postings, only those classified as AI_RND
or AT_APP enter the main AI hiring measures. Since most UNCLEAR labels are
caused by insufficient information in the job description rather than substantively
ambiguous Al postings, those classified as UNCLEAR are not counted as Al hiring
either.

D. Outcome Variables

I aggregate classified postings to the firm-month level. The main outcomes
measure Al R&D hiring, Al application hiring, total Al hiring, non-Al hiring,
and total expected hiring.

Let H;; denote total expected hires by firm ¢ in month . Let HffN D" denote
expected hires from postings classified as AI_RND, and let H{?P P denote expected
hires from postings classified as AT_APP. Total Al hiring is defined as

AI _ 77RND APP
Hy" =H~7 " +Hy .

Non-AlT hiring is defined as residual hiring demand not classified as AI R&D or
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AT application:
HYONAT _ pp.,  gAI,

The main Al measures are therefore conservative. A posting contributes to Al
hiring only if it contains explicit job-specific evidence of AI R&D or Al application
work.

The main hiring-volume outcomes are:

log(1+HENDY og(14+HATT), log(1+HAZT), log(1+HYONAL) | log(14-Hyt).

These log expected-hire measures capture changes in the level of vacancy de-
mand and are the main outcomes in the empirical analysis. As supplementary
measures of hiring composition, I also construct Al hiring shares, defined as Al
expected hires divided by total expected hires at the firm-month level. Because
changes in these shares can reflect either changes in Al hiring or changes in non-
AT hiring, the main analysis emphasizes level outcomes, and the appendix reports
share-based results.

II. Conceptual Framework and Empirical Implications

In this section, I use the distinction between AI capability building and Al
application-oriented integration to guide the empirical analysis. The key idea
is that lower access costs after ChatGPT need not affect all firms or all types
of Al work in the same way. Firms differ in whether they build Al internally,
adapt existing tools, or rely on external providers, and these choices depend
on complementary assets such as scale, technical labor, data, and organizational
capacity. This framework motivates estimating AT R&D and Al application hiring
separately and comparing responses across firm types.

A. Adoption Margins and What Vacancy Data Observe

AT adoption can occur through different margins. Firms may build Al ca-
pabilities internally, integrate existing Al tools into firm-specific products and
workflows, or rely on external providers. Job postings observe one part of this
process: whether firms use labor to build or integrate Al capabilities.

The release of ChatGPT makes this labor margin especially relevant. By mak-
ing advanced Al capabilities easier to access through a general-purpose interface,
ChatGPT may have expanded firms’ ability to experiment with Al without re-
quiring every firm to build an internal Al team (Cai et al., 2025). Some responses
require new Al-related workers, while others can occur through external tools or
existing organizational routines. In vacancy data, only the hiring-based response
is directly visible.

For the empirical analysis, this logic motivates estimating Al R&D and Al ap-
plication hiring separately. Al R&D is closer to building Al capabilities, while
AT application is closer to integrating existing Al tools into firm-specific products
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and workflows. Both are observed in job postings, but they correspond to differ-
ent organizational choices: hiring workers to build Al capabilities versus hiring
workers to apply existing tools.

B.  Firm Heterogeneity in the Make-or-Buy Margin

The make-or-buy margin is likely to vary systematically across firms. Large
firms may have stronger incentives and greater capacity to build Al capabili-
ties internally or customize Al tools to their own products, data, and workflows.
Smaller firms may instead find it less costly to access Al through externally pro-
vided tools. Recent evidence on Al spending and software use is consistent with
this margin, showing that firms can access Al through both internal development
and externally provided software or services (de Souza, 2026; Baslandze et al.,
2026).

This margin helps interpret firm-size differences in Al labor demand. A weak
Al-hiring response among smaller firms does not necessarily imply a weak response
to Al It is also consistent with Al use that leaves a smaller footprint in vacancy
data, for example when firms rely more on external tools or existing workers
than on building new Al teams. Conversely, a stronger Al-hiring response among
larger firms is more likely to reflect Al adoption that requires internal labor, such
as capability building or firm-specific customization.

Lower access costs also do not eliminate the importance of complementary
assets. Building or customizing Al capabilities requires more than access to a
model. Firms also need specialized workers, relevant data, and use cases that
justify reorganizing workflows around the technology (Aghion et al., 2019). These
complements are likely to be stronger in large firms and technology-intensive
firms. They should matter especially for AI R&D, which requires deeper technical
capacity and specialized labor. Al application hiring may diffuse more broadly
because it is closer to the use and integration margin. Even so, firms still need
the capacity to identify use cases and embed Al tools into existing workflows.

C.  Empirical Implications

The framework yields three empirical implications.

First, post-ChatGPT Al hiring should increase among firms with stronger com-
plementary assets, especially firms that combine scale with technological capacity.
If lower access costs make Al easier to use but internal capability building still
requires technical labor, data, managerial capacity, and workflow integration,
then the hiring response should be strongest among firms that already have these
complements.

Second, Al application hiring may diffuse more broadly than AT R&D hiring,
but this diffusion need not extend equally to smaller firms. AI R&D is closer
to internal technology development and should depend more heavily on technical
capacity. Al application is closer to the use and integration margin, making
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it more likely than AT R&D to appear outside the technology sector. But it
still requires firms to identify use cases, coordinate implementation, and embed
Al tools into production. This makes it possible for the application margin to
broaden beyond large technology firms without becoming broad-based across all
firm groups.

Third, Al-related hiring need not immediately come at the expense of non-Al
hiring. If building or integrating Al requires complementary workers, supports
product development, or expands Al-enabled business functions, then firms in-
creasing Al-related hiring may also continue hiring non-Al workers. I therefore
examine non-Al and total hiring outcomes to ask whether Al-related hiring is
associated with short-run crowd-out at the vacancy margin.

These implications guide the empirical analysis in the next section. I estimate
whether post-ChatGPT changes in Al-related expected hires differ across the four
firm groups defined above, focusing on level outcomes as the main measures of Al
labor demand. I then examine non-Al and total expected hires to assess whether
Al-related hiring is associated with short-run crowd-out at the vacancy margin.

III. Empirical Analysis

A. Descriptive Patterns and Within-Group Changes

TABLE 1—PRE- AND P0OST-CHATGPT AI EXPECTED HIRES BY FIRM GROUP

Pre  Post Change Percent Change

Outcome Firm group Mean Mean Post—Pre (%)

ATl R&D Large technology 0.474  0.543 0.070 14.7
AT R&D Large non-technology 0.239  0.235 -0.003 -14
AT R&D Small technology 0.079 0.066 -0.012 -15.6
AI R&D Small non-technology  0.056  0.050 -0.006 -10.5
AT application Large technology 0.281 0.377 0.096 34.2
AT application Large non-technology 0.144  0.169 0.025 17.2
AT application Small technology 0.036 0.044 0.008 22.5
AT application Small non-technology 0.030  0.031 0.002 5.5

Note: The table reports firm-level averages of monthly log(1 + expected hires) within the pre- and post-
ChatGPT periods. Each firm is weighted equally within a firm group. The four firm groups are defined
in Section I.B. The pre-period ends before the release of ChatGPT, and the post-period begins after the
release of ChatGPT.

Table 1 reports pre- and post-ChatGPT averages of Al expected hires by
firm group. The table focuses on count-based outcomes, measured as monthly
log(1 + expected hires). Two facts stand out. First, Al hiring was already highly
uneven before ChatGPT: large technology firms had the highest pre-period lev-
els of both AI R&D and Al application hiring, followed by large non-technology
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firms. Second, the post-ChatGPT changes differ sharply across the two Al mar-
gins. AI R&D hiring increases only among large technology firms, while Al ap-
plication hiring rises more broadly, especially among large technology and large
non-technology firms.

These raw averages do not control for persistent differences across firms or
seasonal hiring patterns. I therefore estimate a pooling regression that compares
each firm’s post-ChatGPT AI hiring demand with its own pre-period level, net
of seasonality:

(1) Yit = Qi + Nne) + Z By (Post; x FirmGroup]) + e,
geG

G = {LargeTech, LargeNonTech, SmallTech, SmallNonTech}.

Here, ¢ indexes firms and ¢ indexes months. Firm fixed effects, «;, absorb time-
invariant differences across firms, including persistent differences in baseline hiring
intensity, business models, and pre-existing technology orientation. Month-of-
year fixed effects, 7,,), absorb recurring seasonal hiring patterns. Post; is an
indicator for the post-ChatGPT period. The coefficients [, estimate absolute
post-ChatGPT changes within each firm group relative to that group’s own pre-
period level.

TABLE 2—P0sT-CHATGPT CHANGES IN AT EXPECTED HIRES BY FIRM GROUP

Log expected hires

Firm group AT R&D Al application
Large technology 0.071*+* 0.097***
(0.032) (0.031)
Large non-technology ~ -0.003 0.025%%*
(0.009) (0.008)
Small technology -0.010 0.009
(0.010) (0.007)
Small non-technology  -0.006* 0.002
(0.003) (0.002)
Firm FE Yes Yes
Month-of-year FE Yes Yes
Observations 161,342 161,342

Note: The table reports estimates from firm-month regressions of Al hiring outcomes on interactions
between a post-ChatGPT indicator and the four firm-group indicators. The specification includes firm
fixed effects and month-of-year fixed effects. The post period begins in December 2022. The four firm
groups are defined in Section I.B. The dependent variables are monthly log(1+ expected hires) for Al
R&D roles and Al application roles. The coefficients estimate absolute within-group post-ChatGPT
changes. Standard errors, clustered at the firm level, are reported in parentheses. *, ** and *** denote
significance at the 10, 5, and 1 percent levels.

The regression results reinforce the descriptive patterns. AI R&D expected hires
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increase significantly only among large technology firms. In contrast, Al applica-
tion expected hires increase significantly among both large technology and large
non-technology firms. Small firms do not show statistically significant increases
in either log outcome. Appendix Table B1 reports the corresponding share-based
estimates as supplementary evidence on hiring composition. The next subsection
turns to relative differences across firm groups.

B. Post-ChatGPT Al Hiring by Firm Type

I estimate relative post-ChatGPT changes in Al hiring across the four firm
groups. The baseline specification is
(2)
Yit = a;+ M+ 51 Posty x LargeT ech;+ 52 Post; x LargeNonT ech;+ B3 Posty x SmallTech;+e;,

where the omitted group is small non-technology firms. The main outcomes
are count-based measures of Al labor demand, log(1 + H®VPit) and log(1 +
HAPPit). As before, firm fixed effects absorb time-invariant differences across
firms. Unlike the within-group specification above, this specification includes
monthly fixed effects, A\;, which absorb aggregate labor-market conditions and
other shocks common to all firms in a given month. The coefficients therefore
measure differential post-ChatGPT changes in Al-related expected hires relative
to small non-technology firms. Standard errors are clustered at the firm level.

TABLE 3—PosT-CHATGPT AI EXPECTED HIRES BY FIRM GROUP

AT R&D AT application
expected hires expected hires

Post x Large technology 0.0759** 0.0946%**
(0.0324) (0.0306)
Post x Large non-technology 0.0022 0.0228%***
(0.0099) (0.0082)
Post x Small technology -0.0049 0.0068
(0.0108) (0.0070)
Firm fixed effects Yes Yes
Month fixed effects Yes Yes
Observations 161,342 161,342
R? 0.710 0.630

Note: The dependent variables are monthly log(1 + expected hires) for AI R&D roles and AI application
roles. The omitted group is small non-technology firms. Firm groups are defined in Section I.B. All
specifications include firm fixed effects and month fixed effects. Standard errors are clustered at the firm
level and reported in parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.

Table 3 reports the main estimates. Column 1 shows that the post-ChatGPT
increase in AI R&D hiring is concentrated among large technology firms. Relative
to small non-technology firms, large technology firms increase Al R&D expected
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hires by 0.0759 log points after ChatGPT. The estimates for large non-technology
firms and small technology firms are close to zero and statistically insignificant.

Pairwise contrasts, reported in Appendix Table B2, reinforce this interpretation.
The large-technology response in AI R&D is significantly larger than the large-
non-technology response and also significantly larger than the small-technology
response. Thus, the Al R&D response is not simply a large-firm effect or a
technology-sector effect in isolation. It is concentrated among firms that combine
organizational scale with technological capability.

Column 2 shows a broader, but still uneven, response for Al application hiring.
Large technology firms again exhibit the largest increase, with a coefficient of
0.0946 log points. Large non-technology firms also increase Al application ex-
pected hires by 0.0228 log points, while small technology firms do not show a sta-
tistically significant increase. Pairwise contrasts show that the large-technology
response is significantly larger than both the large-non-technology and small-
technology responses.

These results support the framework’s main implication: post-ChatGPT Al
labor demand expanded through different margins across firms. Al capability
building, measured by AT R&D hiring, remained concentrated among firms with
both scale and technological capacity. Al application hiring diffused more broadly,
extending to large non-technology firms, but did not expand significantly among
small firms.

C. Non-AI Hiring and Crowd-Out

Given the increase in Al-related hiring among large technology firms and large
non-technology firms, I next examine whether these increases were accompanied
by declines in non-Al hiring. This exercise provides evidence on short-run crowd-
out at the vacancy margin.

I estimate absolute within-group changes using the same pooled within-group
specification as in equation (1), replacing the dependent variable with non-Al
expected hires and total expected hires. This specification asks whether each
firm group reduced non-Al or total vacancy demand after ChatGPT relative to
its own pre-period level.

Table 4 reports the results. For large technology firms, the estimates show
no statistically significant decline in either non-Al or total expected hires, de-
spite the significant increase in Al-related hiring documented above. For large
non-technology firms, both non-Al and total expected hires increase significantly,
suggesting that the rise in Al application hiring occurred alongside broader va-
cancy expansion rather than through a reduction in non-Al roles. Small tech-
nology firms show a significant decline in both non-Al and total expected hires,
but this group does not exhibit a significant increase in Al hiring. This makes
it difficult to interpret the decline as Al-driven crowd-out. Overall, I find little
evidence that early Al-related hiring came at the expense of non-Al vacancy de-
mand. Among the firm groups that increased Al hiring, broader vacancy demand
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TABLE 4—Po0ST-CHATGPT CHANGES IN NON-AI AND TOTAL EXPECTED HIRES BY FIRM GROUP

Log expected hires
Firm group Non-Al Total
Large technology -0.034 -0.032

(0.079) (0.079)
Large non-technology — 0.362***  (.362%**

(0.033) (0.033)

Small technology -0.161%**  -0.160***
(0.059) (0.059)
Small non-technology -0.014 -0.014
(0.020) (0.020)
Firm FE Yes Yes
Month-of-year FE Yes Yes
Observations 161,342 161,342

Note: The table reports estimates from firm-month regressions of non-Al and total expected-hire out-
comes on interactions between a post-ChatGPT indicator and the four firm-group indicators. The spec-
ification includes firm fixed effects and month-of-year fixed effects. The post period begins in December
2022. The four firm groups are defined in Section I.B. The dependent variables are monthly log(1+
expected hires) for non-Al roles and all roles. The coefficients estimate absolute within-group post-
ChatGPT changes relative to each group’s own pre-period level. Standard errors, clustered at the firm
level, are reported in parentheses. *, ** and *** denote significance at the 10, 5, and 1 percent levels.

was either stable or expanding.
D. Robustness

I report robustness checks in Appendix Tables B3—B7. I first examine whether
the results depend on the large language model used in the second-stage job-
description classification. Appendix Tables B3-B6 repeat the main analyses using
the alternative LLM classifier, Gemini 2.5 Flash Lite, holding fixed the candidate
universe, label definitions, and aggregation procedure. The alternative classifier
assigns more candidate postings to Al categories and fewer to UNCLEAR, but the
pattern of firm-level heterogeneity remains qualitatively unchanged. The AT R&D
response remains concentrated among large technology firms. The AI application
response remains strongest among large technology firms, with weaker positive
evidence among large non-technology firms. Small technology firms again show
no robust increase in either Al margin. These results suggest that the main
conclusions are not driven by the choice of LLM classifier.

Appendix Table B7 reports additional checks that vary the firm-type defini-
tion and sample construction. I define technology firms using a narrower 4-digit
NAICS classification, redefine large firms using the median of pre-period employ-
ment, and restrict the sample to a balanced panel of firms observed in every
month from January 2021 to September 2025. These checks preserve the four-
group specification and focus on the two main level outcomes, log(1 + HR*NPit)
and log(1 + HAPP4t).
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The main conclusions are stable across these additional checks. The post-
ChatGPT increase in AI R&D hiring remains concentrated among large technol-
ogy firms. For Al application hiring, the large-technology response is also robust.
The evidence for large non-technology firms remains positive but is more sen-
sitive to the firm-type definition: it is significant in the balanced-panel sample,
marginally significant under the 4-digit technology definition, and smaller under
the median-size cutoff. Small technology firms do not show a significant increase
in either AT R&D or AT application hiring in any specification.

IV. Conclusion and Future Work

This paper studies how firms changed their demand for Al-related labor after
the release of ChatGPT. Using job postings from U.S. firms, I distinguish between
AT R&D roles, which are closer to Al capability building, and Al application roles,
which are closer to integrating existing Al tools into products and workflows. The
main finding is that post-ChatGPT Al labor demand did not expand uniformly
across firms. Al R&D hiring increased primarily among large technology firms,
while AT application hiring also rose among large non-technology firms. Smaller
firms show little evidence of increased Al hiring.

Taken together, these patterns point to a more specific conclusion: lower ac-
cess costs did not eliminate the firm-level barriers to building Al capabilities
internally. ChatGPT made advanced Al tools easier to access, but building and
customizing Al inside the firm still appears to require scale, specialized talent,
and the organizational capacity to redesign workflows around the technology. The
broader response in Al application hiring suggests that existing AI tools can be
integrated outside the technology sector, but mainly among firms large enough
to adapt them to firm-specific products and workflows.

The results also help interpret the labor-market effects of AI. Al adoption need
not appear as broad-based Al-specific hiring. Some firms may build Al capa-
bilities internally, others may hire workers to integrate existing tools, and still
others may adopt Al through software, APIs, or vendor-provided tools that are
less visible in vacancy data. A related result is that I find little evidence that
early Al-related hiring came at the expense of non-Al vacancy demand. Among
the firm groups that increased Al hiring, broader vacancy demand was either sta-
ble or expanding. This suggests that early Al-related hiring was accompanied by
continued demand for complementary workers and organizational capacity, rather
than by a simple reallocation away from non-Al jobs.

Future work should combine vacancy data with more direct measures of Al
use, including software adoption, Al service purchases, APIs, cloud tools, and
vendor products. Such data would make it possible to distinguish firms that
build or integrate Al capabilities internally from firms that adopt Al primarily
through external providers. A second direction is to study what firms use Al
for and how those use cases affect workers. Al used for software development,
customer service, forecasting, search, or workflow automation may have different
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implications for tasks, wages, career paths, and organizational structure. These
differences are likely to matter for understanding when Al complements labor,
when it substitutes for particular tasks, and why aggregate employment effects
may remain difficult to detect even as Al use expands.
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APPENDIX A. CLASSIFICATION AND VALIDATION DETAILS

Al

Dictionary-Based Candidate Generation

The dictionary stage is used only for candidate generation. It identifies postings
that are potentially Al-related and sends them to the job-description-level classi-
fier. The dictionary stage does not determine the final AT R&D or Al application
labels. Final labels are assigned using the full job description, as described in

Appendix A.2.

Candidate postings enter the classification universe through three inclusion
sources: core Al title matches, strict job-description matches, and strong Al-
adjacent title matches. I then apply a conservative hard-exclusion screen to re-
move obvious non-Al role titles before classification.

Step Matching unit Purpose

Core title Standardized role  Captures postings whose titles directly

dictionary title indicate Al, machine learning, LLM,
NLP, computer vision, or related Al
roles.

Strict JD Job description Adds postings whose titles are not

dictionary explicit Al titles but whose job

Strong adjacent
title dictionary

Hard exclusion
dictionary

Standardized role
title

Standardized role
title

descriptions contain strict Al-related
evidence. This step uses phrase-specific
context rules to keep JD hits with
stronger links to AI, model, or
application work.

Captures adjacent technical titles that
may involve Al work, such as applied
scientist, algorithm, recommender,
search relevance, robotics, perception,
RPA, or MLOps roles.

Removes obvious non-Al occupations
and generic engineering titles unless the
title contains explicit Al-related
context.
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Core title phrases include artificial intelligence, machine learning, deep learning,
computer vision, natural language processing, large language model(s), generative
Al GenAl, foundation model(s), reinforcement learning, Al engineer, Al scien-
tist, machine learning engineer, deep learning engineer, computer vision engineer,
NLP engineer, LLM engineer, Al researcher, machine learning scientist, and re-
search scientist machine learning. Short title tokens include AI, NLP, and LLM.
Standalone ML and applied scientist are not included in the core title dictionary.

The strict job-description dictionary contains core AI concepts, Al model-
lifecycle terms, AI tools and libraries, and application-oriented Al terms. Core
concepts include deep learning, neural networks, natural language processing,
reinforcement learning, large language models, foundation models, generative
Al, diffusion models, transformer models, model serving, inference, AI mod-
els, Al systems, and Al algorithms. Model-lifecycle and tool terms include ma-
chine learning model training, model evaluation, model deployment, fine-tuning,
MLOps, PyTorch, TensorFlow, Hugging Face, scikit-learn, OpenCV, and CUDA.
Application-oriented terms include LLM APIs, OpenAl API, Anthropic API,
retrieval-augmented generation, embedding search, vector databases, LangChain,
Llamalndex, AI agents, Al-powered products, Al implementation, Al integra-
tion, AT workflows, AT solutions, AI platforms, recommendation systems, search
relevance, and fraud detection models.

For potentially ambiguous phrases, the strict JD dictionary requires local job-
duty context. For example, machine learning must appear near model-building,
training, deployment, evaluation, pipeline, inference, or similar work terms; LLM
is retained only when it refers to language-model work rather than legal degrees;
fine-tuning is retained only in model-related contexts; and Al platform or Al
solution phrases are retained only when connected to implementation, integration,
product, or workflow responsibilities.

The strong adjacent title dictionary includes applied scientist; algorithm engi-
neer, algorithms engineer, and algorithm scientist; ranking engineer or scientist;
search ranking and search relevance; relevance engineer or scientist; recommen-
dation engineer, recommendations engineer, recommendation scientist, recom-
mender systems, and recommendation systems; information retrieval; robotics
engineer or scientist; autonomous systems and autonomous vehicle; perception
engineer or scientist; sensor fusion; motion planning; path planning; intelligent
automation; RPA developer, RPA engineer, and RPA architect; and MLOps.
Boundary tokens include RPA and MLOps. Broad data and analytics titles,
generic research scientist titles, generic modeling or optimization titles, and model-
risk titles are not included in this adjacent-title dictionary.

The hard-exclusion dictionary removes obvious false-positive role titles. Exact
exclusions include generic engineering titles such as engineer, engineer I, mechan-
ical engineer, civil engineer, manufacturing engineer, process engineer, quality
engineer, sales engineer, service engineer, support engineer, and related non-Al
engineering titles. Additional pattern-based exclusions cover clearly non-Al oc-
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cupations such as tutor, teacher, nurse, physician, therapist, counselor, dental,
veterinary, pharmacy, driver, cashier, server, cook, chef, barista, bartender, and
retail roles. These pattern-based exclusions are guarded by Al-context terms,
so titles containing explicit Al, machine learning, NLP, LLM, GenAI, MLOps,
robotics, autonomous, perception, RPA, or automation context are retained. Am-
biguous implementation roles such as solutions engineer, solutions architect, tech-
nical consultant, and technical sales engineer are not hard-excluded at this stage;
they remain in the candidate pool and are resolved by the job-description-level
classifier.

A2.  Job-Description-Level Classification Prompt

The second-stage classifier assigns each candidate posting to one of four labels:
AT_RND, AT_APP, NON_AI, or UNCLEAR. I use ChatGPT 5.4 nano to classify
the candidate job descriptions. The classifier uses the standardized role title and
the job description, with the description truncated to 3,000 characters. The model
is run in batches with temperature set to zero. The prompt instructs the model
to focus on job-specific responsibilities rather than the role title alone or company
boilerplate. The full static prompt is reproduced below.

You are a careful job-posting classifier.

You must return only one valid JSON object.
Do not return markdown, code fences, explanations, or any text outside the JSON obje

The JSON object must have exactly one top-level key: results.

results must be a list with exactly one result object for each input job.
Each result object must use exactly these keys:

job_id, label, confidence, evidence_flag, short_reason.

short_reason must be one concise sentence under 25 words.

Classify each job posting into exactly one of:
AI_RND, AI_APP, NON_AI, UNCLEAR.

You are classifying individual job descriptions for an economics research project on
Label definitions:

AI_RND:

The job’s core responsibilities involve developing, training, fine-tuning, evaluating
deploying, or maintaining AI/ML/LLM/NLP/CV/RL models, algorithms, model infrastructu

MLOps, inference systems, or AI systems.

AI_APP:
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The job’s core responsibilities involve applying, integrating, configuring, or delive
AT/ML/LLM technologies into products, business processes, customer solutions, data p1
workflows, or decision systems. This includes building AI-powered applications, using
RAG, embeddings, vector databases, or Al-enabled product features.

NON_ATI:

The job description does not contain substantive AI/ML/LLM work. Ordinary software er
data analysis, BI, SQL, dashboards, cloud engineering, generic automation, teaching,
retail, sales, finance, trading, operations, or maintenance should be NON_AI unless ¢
AI/ML/LLM responsibilities are present.

UNCLEAR:
The description is missing, too short, or too vague to classify.

Important rules:
- Classify the job description, not the role title alone. Focus on job—specific resps
- Label AI_RND or AI_APP only when AI/ML/LLM/NLP/CV/RL work is explicitly tied to th:
- Company boilerplate rule: If AI/ML/LLM appears only in the company overview, produ
- AT_RND vs AI_APP:

AI_RND = the job owns AI/ML technology creation or model lifecycle work.

AI_APP = the job applies, integrates, configures, or delivers existing AI/ML/LLM c:
- Classify as AI_RND when the job’s own duties involve developing, training, fine-tu
- For technical ML engineer/scientist/developer roles, classify as AI_RND when the r
- Classify as AI_APP when the job mainly applies, integrates, configures, deploys, ir
- For customer-facing, consulting, product, project-management, solution-architect,
- Deployment, monitoring, or productionization alone is not enough for AI_RND. It is
- Do not infer AI work merely from words like data, analytics, automation, digital, :
- Do not classify as AI_RND when the evidence is only AI-adjacent infrastructure, cl
- For non-AI technical jobs involving non-AI algorithms, models, firmware, optimizat:
- If AI/ML appears only in preferred qualifications, classify as NON_AI unless it is
- Do not classify a job as AI_APP merely because the worker may use ChatGPT, Copilot
- If the title is AI/ML-related but the description lacks job-specific AI/ML duties ¢
- Use UNCLEAR only when the description is missing, empty, too short, or too vague t
- Be comnservative. If explicit job-specific AI/ML/LLM evidence is absent, choose NON.
- Use evidence_flag to indicate the main reason for the classification.

Allowed evidence_flag values:
explicit_ai_ml_model_development
ml_engineering_or_mLOps
1lm_or_genai

nlp_cv_rl

ai_product_or_solution
ai_integration_or_workflow
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ordinary_software_or_cloud
generic_data_or_analytics_only
generic_automation_only
non_ai_algorithm_or_modeling
company_boilerplate_only
preferred_only_ai_signal
non_ai_occupation
insufficient_information

For each input posting, the model returns one classification result with five
fields: job_id, label, confidence, evidence_flag, and short_reason. The confidence
score and evidence flag are used for validation and audit checks, while the final
empirical measures only use the labels.

A3. Manual Audit and Validation

I used manual audit checks both to refine the prompt and to validate the final
classifier. In an initial local pilot, I constructed a sample from two sources: bound-
ary or ambiguous role titles and job descriptions containing Al-related dictionary
terms. The boundary sample was designed to include roles where Al classification
was likely to be difficult, while the description-positive sample was designed to
test whether Al-related language in the text reflected actual job responsibilities.

The initial pilot used ChatGPT 5.4 mini as a prompt-development exercise.
This pilot revealed an important source of false positives: some postings contained
Al-related language in company descriptions, team overviews, product descrip-
tions, or aspirational statements, even though the specific job did not involve Al
work. I therefore revised the prompt to emphasize role-specific responsibilities,
required qualifications, and actual duties. I also added an explicit company-
boilerplate rule: if Al-related language appears only in the employer overview,
product description, mission statement, or general company Al initiatives, the
posting is classified as NON_AI rather than AI_RND or AT_APP.

The production classification used ChatGPT 5.4 nano. Before applying the
classifier to the full candidate universe, I ran small-batch tests using the final
model and prompt. After these checks, I applied the classifier to the candidate
universe in batches. FEach posting received a label, confidence score, evidence
flag, and short reason. I then manually audited a final quality-check sample from
the production output. In this final audit file, 5 of 1,152 reviewed rows required
manual overrides. This corresponds to an override rate of 0.43 percent. The label
distribution in this audit sample was 49.4 percent AI_APP, 11.9 percent AI_RND,
20.1 percent NON_AI, and 18.6 percent UNCLEAR.

A4. Alternative LLM Classification

As a robustness check, I repeat the second-stage job-description classification
using Gemini 2.5 Flash Lite. This exercise changes only the LLM used for classi-
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fication. The candidate universe, label definitions, static prompt, output schema,
post-processing rules, and firm-month aggregation procedure are held fixed. The
goal is to assess whether the empirical results depend on the specific LLM clas-
sifier used to convert candidate job descriptions into Al R&D, Al application,
non-Al, and UNCLEAR labels.

The alternative classifier produces a somewhat more Al-inclusive label distri-
bution than the baseline ChatGPT 5.4 nano classifier. Among the same 501,938
candidate postings, the total Al share rises from 66.9 percent to 74.0 percent.
This increase is driven mainly by a higher AT R&D share, while the UNCLEAR
share falls from 5.9 percent to 3.1 percent. Thus, the alternative classifier is more
likely to resolve candidate postings into substantive AI categories rather than
UNCLEAR or non-Al labels.

Appendix Tables B3—B6 report the corresponding firm-level results using the
Gemini-based labels. Despite the shift in the job-level label distribution, the
main empirical patterns are qualitatively unchanged. AI R&D hiring remains
concentrated among large technology firms, and Al application hiring remains
strongest among large firms. The robustness check therefore suggests that the
paper’s main conclusions are not driven by the choice of LLM classifier.
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APPENDIX B. ADDITIONAL RESULTS AND ROBUSTNESS TABLES

TABLE B1—Po0osT-CHATGPT CHANGES IN Al HIRING SHARES BY FIRM GROUP

Expected-hire share

Firm group Al R&D Al application
Large technology 0.076** 0.076***
(0.035) (0.029)
Large non-technology ~ 0.003 0.027***
(0.012) (0.005)
Small technology 0.012 0.059*
(0.046) (0.034)
Small non-technology  0.046** 0.022
(0.022) (0.014)
Firm FE Yes Yes
Month-of-year FE Yes Yes
Observations 161,342 161,342

Note: The table reports estimates from firm-month regressions of Al hiring-share outcomes on interac-
tions between a post-ChatGPT indicator and the four firm-group indicators. The specification includes
firm fixed effects and month-of-year fixed effects. The dependent variables are Al R&D expected hires
and Al application expected hires divided by total expected hires at the firm-month level. Coefficients
and standard errors are multiplied by 100 and can be interpreted as percentage-point changes. Standard
errors, clustered at the firm level, are reported in parentheses. *, ** and *** denote significance at the
10, 5, and 1 percent levels.

TABLE B2—PAIRWISE CONTRASTS ACROSS FIRM GROUPS

Outcome Contrast Estimate Standard error
AT R&D Large technology — Large non-technology — 0.0736** (0.0336)
AT R&D Large technology — Small technology 0.0807** (0.0339)
AT application Large technology — Large non-technology — 0.0719** (0.0315)
AT application Large technology — Small technology 0.0878%*** (0.0312)

Note: The table reports pairwise contrasts from the four-group specification in Table 3. The dependent
variables are monthly log(1 + expected hires) for AT R&D roles and Al application roles. Each contrast
compares the post-ChatGPT response of large technology firms with the response of another firm group.
Standard errors are computed using the covariance matrix from the main regression and are reported in
parentheses. *p < 0.10, **p < 0.05, ***p < 0.01.
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TABLE B3—ALTERNATIVE LLM CLASSIFIER: PRE- AND POsT-CHATGPT AI EXPECTED HIRES BY FIRM

GROUP
Pre  Post Change Percent Change
Outcome Firm group Mean Mean Post-Pre (%)
AI R&D Large technology 0.501 0.586 0.085 16.9
AT R&D Large non-technology  0.255 0.255 0.001 0.2
AT R&D Small technology 0.084 0.072 -0.011 -13.5
AT R&D Small non-technology  0.060 0.056 -0.004 -6.7
AT application Large technology 0.303 0.378 0.076 25.0
AT application Large non-technology 0.155 0.168 0.013 8.2
AT application Small technology 0.043 0.045 0.002 4.8
AT application Small non-technology 0.032 0.030 -0.003 -8.3

Note: The table repeats the descriptive pre- and post-ChatGPT averages using the alternative Gemini
2.5 Flash Lite classifier. The table reports firm-level averages of monthly log(1 + expected hires) within
the pre- and post-ChatGPT periods. Each firm is weighted equally within a firm group. The four firm
groups are defined in Section 1.B. The pre-period ends before the release of ChatGPT, and the post-
period begins after the release of ChatGPT.

TABLE B4—ALTERNATIVE LLM CLASSIFIER: POST-CHATGPT CHANGES IN AT EXPECTED HIRES BY FIRM

GROUP
Log expected hires Expected-hire share
Firm group AT R&D AT application Al R&D Al application
Large technology 0.086** 0.077** 0.091** 0.087***
(0.035) (0.031) (0.037) (0.032)
Large non-technology  0.001 0.013* 0.008 0.021***
(0.010) (0.008) (0.013) (0.006)
Small technology -0.009 0.003 0.030 0.032
(0.010) (0.008) (0.045) (0.040)
Small non-technology  -0.004 -0.002 0.062%** -0.008
(0.003) (0.003) (0.021) (0.019)
Firm FE Yes Yes Yes Yes
Month-of-year FE Yes Yes Yes Yes
Observations 161,342 161,342 161,342 161,342

Note: The table repeats the absolute within-group post-ChatGPT regressions using the alternative Gem-
ini 2.5 Flash Lite classifier. The table reports estimates from firm-month regressions of Al hiring outcomes
on interactions between a post-ChatGPT indicator and the four firm-group indicators. The specification
includes firm fixed effects and month-of-year fixed effects. The post period begins in December 2022.
The first two columns use monthly log(1+ expected hires) for AI R&D roles and Al application roles
as dependent variables. The last two columns use AI R&D and Al application expected hires divided
by total expected hires at the firm-month level; coefficients and standard errors in these share columns
are multiplied by 100 and can be interpreted as percentage-point changes. The coefficients estimate
absolute within-group post-ChatGPT changes. Standard errors, clustered at the firm level, are reported

in parentheses. *, ** and *** denote significance at the 10, 5, and 1 percent levels.
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TABLE B5—ALTERNATIVE LLM CLASSIFIER: POST-CHATGPT Al EXPECTED HIRES BY FIRM GROUP

Log expected hires

Firm group ATl R&D Al application
Post x Large technology 0.089** 0.078**
(0.035) (0.031)
Post x Large non-technology 0.004 0.015*
(0.010) (0.008)
Post x Small technology -0.006 0.005
(0.011) (0.008)
Firm FE Yes Yes
Month FE Yes Yes
Observations 161,342 161,342
R? 0.713 0.626

Note: The table repeats the main four-group specification using the alternative Gemini 2.5 Flash Lite
classifier. The dependent variables are monthly log(1+ expected hires) for AI R&D roles and Al appli-
cation roles. The omitted group is small non-technology firms. Firm groups are defined in Section I.B.
All specifications include firm fixed effects and month fixed effects. Standard errors, clustered at the firm
level, are reported in parentheses. *, ** and *** denote significance at the 10, 5, and 1 percent levels.

TABLE B6—ALTERNATIVE LLM CLASSIFIER: POST-CHATGPT CHANGES IN NON-AI AND TOTAL EX-
PECTED HIRES BY FIRM GROUP

Log expected hires
Firm group Non-Al Total
Large technology -0.034 -0.032

(0.079) (0.079)
Large non-technology — 0.362***  (.362%**

(0.033) (0.033)

Small technology -0.161%F*%  -0.160***
(0.059) (0.059)
Small non-technology -0.014 -0.014
(0.020) (0.020)
Firm FE Yes Yes
Month-of-year FE Yes Yes
Observations 161,342 161,342

Note: The table repeats the non-Al and total expected-hire regressions using the alternative Gemini
2.5 Flash Lite classifier. The table reports estimates from firm-month regressions of non-Al and total
expected-hire outcomes on interactions between a post-ChatGPT indicator and the four firm-group
indicators. The specification includes firm fixed effects and month-of-year fixed effects. The post period
begins in December 2022. The four firm groups are defined in Section I.B. The dependent variables are
monthly log(1+4 expected hires) for non-Al roles and all roles. The coefficients estimate absolute within-
group post-ChatGPT changes relative to each group’s own pre-period level. Standard errors, clustered
at the firm level, are reported in parentheses. *, ** and *** denote significance at the 10, 5, and 1
percent levels.
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TABLE B7—Po0ST-CHATGPT AI HIRING UNDER ALTERNATIVE FIRM DEFINITIONS AND SAMPLES

AI R&D Al application
expected hires expected hires
Panel A. Narrow 4-digit technology definition

Post x Large technology 0.0504* 0.0856***
(0.0267) (0.0229)
Post x Large non-technology -0.0022 0.0150%*
(0.0097) (0.0081)
Post x Small technology -0.0128 -0.0064
(0.0079) (0.0064)
Observations 161,342 161,342
Panel B. Median size cutoff
Post x Large technology 0.0443** 0.0685***
(0.0221) (0.0203)
Post x Large non-technology -0.0047 0.0091
(0.0069) (0.0056)
Post x Small technology -0.0095 -0.0043
(0.0122) (0.0073)
Observations 161,342 161,342
Panel C. Balanced panel
Post x Large technology 0.0896*** 0.1042%**
(0.0343) (0.0328)
Post x Large non-technology 0.0062 0.0234***
(0.0099) (0.0084)
Post x Small technology -0.0012 0.0043
(0.0089) (0.0066)
Observations 140,790 140,790
Firm fixed effects Yes Yes
Month fixed effects Yes Yes

Note: The robustness checks use three alternative samples or definitions. First, the 4-digit technology
definition classifies firms as technology firms if their 4-digit NAICS code is 3341, 3342, 3344, 3345,
5132, 5182, 5192, or 5415. Second, the median-size specification defines large firms as firms with baseline
employment proxy above the sample median, corresponding to a cutoff of 433. Third, the balanced-panel
specification restricts the sample to firms observed in every month from January 2021 to September 2025.
The dependent variables are monthly log(1 + expected hires) for AT R&D roles and Al application
roles. FEach panel reports estimates from the four-group specification. The omitted group is small
non-technology firms under the corresponding firm-type definition. All specifications include firm fixed
effects and month fixed effects. Standard errors are clustered at the firm level and reported in parentheses.
*p < 0.10, **p < 0.05, ***p < 0.01.



