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Abstract. How does generative artificial intelligence (GenAl) reshape the skills that orga-
nizations seek as they adapt to a new general-purpose technology? GenAl effectively
retrieves data, performs analysis, and conveys information, so it can substitute for workers
doing these activities and complement workers relying on them. A natural consequence is
skill deprioritization, a systematic reduction in firms’ demand for human skills that GenAl
can effectively address as organizations adjust the division of labor and integration of
effort. We draw on a theoretically grounded classification of organizing skills—task divi-
sion, task allocation, information provision, reward distribution, and exception
management—and a queuing theory model of organizing efficiency to predict which skills
firms will deprioritize first. Using a quasiexperimental design that leverages the introduc-
tion of ChatGPT as an exogenous shock, we analyze 1,820 publicly listed U.S. companies
and track changes in their hiring demand patterns over a period of a £12-month window
surrounds the shock. We find significant declines in demand for monitoring (reward distri-
bution), operational exceptions, and task division skills, with information provision also
showing declines. Task allocation and conflict resolution showed greater stability, suggest-
ing greater reliance on human judgment. These effects intensify following GPT-4’s release,
indicating that capability improvements also drive adaptation. Our findings demonstrate
that firms engage in immediate and selective skill deprioritization, raising questions about
longer-term hollowing out of human expertise in automated domains. We contribute a
novel taxonomy of organizing skills, extend queuing theory to the GenAlI context, and pro-
vide early empirical evidence on how GenAl is reshaping organizational skill demands.
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Introduction

also implies substantial uncertainty about their produc-

Emerging research on artificial intelligence (Al), and
more recently, on generative artificial intelligence
(GenAl) has largely examined whether Al substitutes
or complements humans at the task level, with partic-
ular attention to potential productivity gains and
automation efficiencies (Choudhury et al. 2020, Yil-
maz et al. 2023, Wang et al. 2024, Choi et al. 2025,
Demirci et al. 2025). This focus is natural because
GenAl is a general-purpose technology that can be
deployed on its own or combined with other technolo-
gies to solve a wide range of problems (Bick et al.
2026). Yet, the breadth of general-purpose technologies

tivity consequences, in part because general-purpose
technologies typically require complementary organi-
zational changes before their benefits are fully realized
(David 1990). Just as the steam engine reshaped the
geography of production (Rosenberg and Trajtenberg
2004) and the dynamo catalyzed factory redesigns
(David 1990), so may GenAl reorganize how firms col-
lect, integrate, and apply information in decision mak-
ing. A natural path to study such reorganization is
through changes in the firm’s workforce. We focus on
an early and understudied mechanism of organiza-
tional adaptation to GenAl skill deprioritization,’
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which we define as a systematic reduction in firms’
demand for human skills that can be effectively
addressed by GenAl. Specifically, we examine how
GenAlI reshapes organizational skill demands across
core organizing functions and document emerging
patterns of skill deprioritization as firms begin to
adapt to the new technology. Because our empirical
window is shortly after GenAl became widely acces-
sible, we interpret these patterns as early signals
of how firms expect GenAl to reshape organizing
rather than as direct evidence of realized internal
reorganization.

To theorize these patterns, we revisit the founda-
tional organizing problems emphasized by scholars
since March and Simon (1958): division of labor and
integration of effort. Division of labor refers to breaking
organizational goals into discrete tasks and assigning
resources, whereas integration of effort encompasses
coordination, information sharing, motivation, and con-
flict resolution (Puranam et al. 2014; Puranam 2018;
Raveendran et al. 2020, 2022; Tonellato et al. 2024).
These organizing functions shape what firms hire for
and therefore, provide a concrete theoretical lens for
analyzing how firms respond to GenAl technologies
when adjusting skill demand.

Central to understanding such effects is the need to
elucidate Al's impact on the nature of work, particu-
larly with respect to the GenAl applications of large
language models (LLMs), such as OpenAl’s GPT,
Google’s Gemini, and Meta’s Llama. These models are
trained on massive data sets and use billions of para-
meters to predict words in response to user prompts.
Unlike previous technologies, LLMs do not require
the explicit ex ante codification of knowledge; instead,
they implicitly learn statistical regularities from
diverse inputs, especially textual data. LLM-based
GenAl systems can generate, revise, summarize, and
translate text; draft workplace communications (e.g.,
emails, memos, and reports); and support analytical
and interpretive knowledge work by rapidly synthe-
sizing information from multiple sources. These capabil-
ities plausibly constitute a general-purpose technology
shock to managerial problem-solving and by extension,
to how organizations address the problems of division
of labor and integration of effort. It is, therefore, unlikely
that organizations will respond to such novel computer-
assisted capabilities by having the same individuals per-
form the same tasks in the same way.

We expect that one immediate adjustment is skill
deprioritization; as LLMs expand what can be accom-
plished by fewer human inputs, firms can reduce
demand for skills tied to organizing functions that
become less labor intensive. The long-run effects on
organizations or the job market may be larger than the
initial response because general-purpose technologies
typically diffuse through a process of experimentation,

learning, and complementary reorganization (David
1990). Accordingly, we emphasize that our study exam-
ines the early stages of GenAl adoption. We quantify
and characterize immediate effects on skill demand
shortly after ChatGPT’s release while recognizing that
the full impact may unfold over years as firms learn
how to integrate GenAl capabilities into managerial
organizing functions. We also do not assume instanta-
neous recognition or optimization; rather, we interpret
our estimates as capturing initial firm reactions.

Empirically documenting these early adjustments is
crucial for two reasons. First, it provides insights into
how GenAl is beginning to reshape the nature of
work and labor market dynamics beyond productiv-
ity gains on specific tasks, establishing a baseline for
assessing how these impacts evolve as these technolo-
gies evolve (Dixon et al. 2021, Yilmaz et al. 2023, Hui
et al. 2024, Law and Shen 2025). Second, it can inform
firms and policymakers seeking to anticipate and
respond to shifts in skill demand induced by GenAL

We analyze firm-level labor market data on skills
associated with the problems of organizing (Puranam
2018): task division, task allocation, information provi-
sion, reward distribution, and exception management.
This mapping provides a theoretically grounded and
systematic lens for assessing how GenAl relates to
core managerial organizing functions. To derive our
theoretical predictions, we view organizations as
engaging in problem-solving and apply a queuing
model comprising a problem arrival process, a set of
problem-solvers with associated problem-solving pro-
cesses, and probability distributions for the behavior
of each of these (see Adan and Resing 2015). This
approach has previously been used to model decision
making in organizations by Glynn et al. (2020); we
extend this approach to characterize how the added
capabilities offered by GenAl can enhance task-skill
matching in organizing functions.

To empirically test how LLMs affect problems of
organizing, we adopt a quasiexperimental design that
leverages the public release of ChatGPT as an exoge-
nous availability® shock to traditional Al and GenAL
Our sample comprises 1,820 publicly listed U.S. com-
panies, with hiring demand data tracked over a +12-
month window surrounding the launch of ChatGPT.
Using a difference-in-differences (DiD) approach, we
compare changes in job postings for skills related to
organizing functions among firms with higher versus
lower exposure to GenAl. To define GenAl exposure,
we use the Al exposure measure introduced by Felten
et al. (2021), which was subsequently updated to bet-
ter capture GenAl-related occupational exposure (Fel-
ten et al. 2023). We find that following ChatGPT’s
release, firms with higher GenAl exposure exhibit an
immediate statistically significant decline in demand
for skills related to task division and information
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provision. We find a significant decline across all
information provision subcategories—coordination,
synchronous communication, and asynchronous com-
munication. We also observe reductions in skills asso-
ciated with monitoring within reward distribution
and on the operational side of exception management.
In contrast, we find no statistically significant changes
in skill demand related to task allocation (staffing and
mapping), reward distribution incentives, and excep-
tion management conflict resolution. We discuss the
theoretical and practical implications of these findings
for how GenAl may reshape managerial organizing
functions.

Our study makes three main contributions. First,
we show that a theoretical model of organizations
solving problems optimally provides a useful founda-
tion for predicting early reductions in human skill
demand following GenAl availability. Although we
do not claim that the firms are behaving fully opti-
mally, our results suggest that the optimal queuing
model is a good first approximation because firms
adjust their hiring demand in ways that are direction-
ally consistent with its predictions. In particular, the
model predicts that with enhanced GenAl capabilities,
organizations would anticipate reducing problem-
solvers in functions where GenAl can (1) process
information more quickly, (2) reduce task interdepen-
dencies, and (3) automate standardized monitoring
tasks. Our empirical findings closely match these the-
oretical predictions. For instance, the model antici-
pated reductions in information provision and task
division skills, which we observed in a statistically
significant decline of 21.3% in coordination skills and
23% in task division-related job postings. The model’s
prediction that GenAl would most strongly impact
structured, rule-based organizational tasks proved
remarkably accurate, suggesting that early hiring
adjustments approximate rational resource allocation.

Second, we document the immediate effects of
GenAl availability on industry-wide changes in the
demand for human skills. As GenAl renders certain
skills redundant or less valuable (Yilmaz et al. 2023,
Demirci et al. 2025), firms appear to adjust their skill
portfolios to improve fit with the anticipated effects of
GenAl. This reorganization allows firms to restore
strategic alignment with the new technological envi-
ronment rather than simply reacting to demand shifts
(Lieberman et al. 2017, Wuebker et al. 2023, Tandon
et al. 2024). Our study complements research on
GenAl-driven organizational transformation by
highlighting skill deprioritization—a mechanism that
has received comparatively less attention than skill
augmentation or reskilling—and by providing evi-
dence on which organizing functions appear most
exposed in the early period. Our findings also suggest
that demand for certain organizing skills may become

scarcer in the labor market, with implications for how
managerial work and organizational structure and
processes may evolve in the future.

Finally, we advance existing models of categorizing
skills into substantive clusters (e.g., Autor et al. 2003,
Deming and Kahn 2018) by proposing a theoretically
grounded taxonomy for organizing them. To identify
which jobs perform which organizing tasks, we
develop a structured methodological framework that
combines a hand-curated analysis of meanings with
natural language processing scaling capabilities. The
resulting framework both supports our empirical tests
and offers tools for future research on GenAl and orga-
nizing, including how the technology may reshape the
division of labor, coordination architecture, and mana-
gerial problem-solving.

Theoretical Background

Foundations of Organizing Behavior

Research on organization design examines how formal
and informal organizational attributes—such as struc-
tures, processes, and systems—address coordination,
control, and motivation challenges (Simon 1947, March
and Simon 1958, Burns and Stalker 1961, Thompson
1967, Weber 1978, McEvily et al. 2014, Joseph and Sen-
gul 2025). This research has long emphasized that suc-
cessful organizational configurations must achieve
external and internal fit (Lawrence and Lorsch 1967,
Mintzberg 1979, Burton and Obel 2004), and accord-
ingly, structure, processes, and staffing need to adapt
to environmental and strategic conditions (Donaldson
and Joffe 2014). Recent studies further refine this notion
of “fit” by focusing on misfit dynamics, highlighting
how gaps between design elements and environmental
demands prompt rebalancing of resource portfolios
(Burton and Obel 2004, Puranam 2018).

The organization design literature conceptualizes the
problem of organizing along two dimensions: division
of labor and integration of effort (March and Simon
1958, Lawrence and Lorsch 1967, Mintzberg 1979, Pura-
nam 2018). Division of labor involves breaking down
the organization’s overarching goals into tasks (task
division) and assigning those tasks to individuals or
units (task allocation). Task division involves structur-
ing goals into manageable components and deciding
which tasks should be grouped or separated (Puranam
2018). Task allocation then matches tasks to the most
suitable individuals or units, considering skill require-
ments and interdependencies. Effective task allocation
hinges on individual skills and how tasks fit together to
generate synergies that align with both internal capabil-
ities and external demands.

Integration of effort ensures that interdependent
agents coordinate and work collectively toward orga-
nizational goals. The first component is information
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provision, which refers to how relevant information
flows among interdependent agents. Information pro-
vision can occur through synchronous channels (real-
time interactions) or asynchronous channels (such as
dashboards, documenting processes, and archiving
past decisions)—a distinction further elaborated on in
the literature (e.g., Rerup 2009, Joseph and Ocasio
2012), highlighting how organizational design can
shape managerial attention and feedback mecha-
nisms. The second component is reward distribution,
which includes designing incentive systems to moti-
vate desired behaviors and maintain goal alignment,
incorporating both tangible rewards (e.g., compensa-
tion) and intangible rewards (e.g., social recognition
and status). A third component is exception manage-
ment, which addresses unanticipated situations, coor-
dination failures, or conflicts. Effective exception
management depends on robust coordination mecha-
nisms that maintain knowledge flows and shared
understanding when routines break down within the
organization (Martin and Eisenhardt 2010, Foss et al.
2013).

Human-GenAl Coordination as an
Organizing Challenge
The availability of GenAl alters the problems of orga-
nizing in two ways. First, it expands the information
processing and decision-making capabilities available
to individuals. Second, it changes how information is
produced and shared, including automation that can
substitute for some forms of human-to-human com-
munication. Early Al technologies primarily excelled
at large-scale pattern recognition and the automation
of routine tasks, often outperforming humans in those
areas (Brynjolfsson and Mitchell 2017). At the same
time, their limited ability to interpret context, justify
decisions, or engage in normative reasoning meant
that organizations typically retained human oversight
for broader strategic decision making (Lebovitz et al.
2022). Recent advances in large language models blur
this division by improving performance on tasks
involving language, synthesis, and communication—
exhibiting capabilities that increasingly mimic facets
of human creativity and communication (Kellogg et al.
2020). This shift invites a re-examination of traditional
task division and coordination between human-Al
ensembles as organizations reconfigure work pro-
cesses to exploit these new capabilities (Anthony et al.
2023). It may require a recalibration of internal coordi-
nation processes as organizations reallocate responsi-
bilities from roles associated with routine supervision,
conflict resolution, or performance assessment.
Evidence from adjacent technologies suggests plau-
sible structural consequences. For example, Dixon
et al. (2021) demonstrate that investing in robotics can
expand managerial spans of control and flatten

hierarchical structures, partly by reallocating monitor-
ing and coordination functions to machines. Although
earlier Al systems handled real-time data analysis and
automated structured decisions, they largely relied on
human judgment for strategic direction and resolution
of unforeseen or unstructured issues (Choudhury et al.
2020). In contrast, the emergence of GenAl suggests
that tasks once considered uniquely human may
become automated, whereas other tasks remain
human but are completed more efficiently with GenAl
tools. These changes could, in turn, lead organizations
to reallocate responsibilities away from organizational
roles that are solved more efficiently using GenAl or
substituted by GenAl processes.

To understand how such reallocation of responsibil-
ity may shape the organizational skill requirements,
we apply a queuing model that allows for compara-
tive analysis of organizational capabilities under tech-
nological change (Glynn et al. 2020). We analyze the
first-order effect of GenAl on the problem-solving
capabilities of individuals by examining how this
technological advancement immediately affects orga-
nizational skill requirements. We also provide some
proposals on the second-order effects of GenAl, which
could enable the reorganization of information flow
and the reassignment of certain problem-solving tasks
from humans to Al decision making. However, we
note that these second-order effects require experi-
mentation, learning, and implementation, and there-
fore, they are unlikely to be observable soon after the
introduction of GenAL

The Glynn et al. (2020) model views the organiza-
tion as a queue that faces a Poisson-distributed arrival
process of problems. Problems are addressed by
assigning problem-solving individuals, and the model
specifies an expected solution time for each problem
following an exponential distribution. Importantly,
individuals do not necessarily solve problems inde-
pendently as they may work in teams or work in hier-
archies where supervisors approve solutions proposed
by subordinates. They may also have functional spe-
cialization that requires problems to be sorted and cor-
rectly assigned to a qualified problem-solver, or they
may have different levels of expertise requiring pro-
blems to be sorted by difficulty level and assigned to a
qualified problem-solver accordingly. Because these
organizing approaches can all be modeled as queues
with different structures, this framework allows for
the modeling of many organizational forms (Glynn
et al. 2020).

The first-order effects of GenAl on organizing
functions are relatively easier to predict. Because
each individual problem-solver has enhanced capabil-
ities, giving the exponential distribution describing
problem-solving duration a lower expected value,
fewer problem-solvers can accomplish the same tasks.
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However, the decrease will be nonlinear with increas-
ing capabilities as fewer problem-solvers lead to
greater risk in terms of a higher standard deviation of
solution times. This effect may be equal across orga-
nizing tasks and cannot be used to propose that speci-
fic organizing tasks are more vulnerable than others.
More specific effects are also plausible. Specifically,
we highlight three. First, because Al-enabled indivi-
duals solve problems more quickly and can draw on
GenAl’s stock of knowledge to address a broader
range of problems, task division and scheduling tasks
are simplified. Scheduling becomes less important as
faster problem-solving requires less scheduling
whether done individually or in teams. Traditionally,
managers spend considerable time breaking down
complex tasks, but GenAl may make this process
smoother. It can enable automated task decomposi-
tion, saving managerial resources. For example, the
project management software Jira uses a GenAl assis-
tant to transform high-level project descriptions into
detailed issues and subtasks, recommending work
items and dependencies.” In software teams, GenAl
assistants accelerate the planning phase by drafting
user stories and to-do lists. Jira’s Al can instantly cre-
ate a set of subtasks from a plain-language goal or
generate a work breakdown structure for an agile
sprint.* Likewise, task decomposition also becomes
simpler and faster because problem-solvers them-
selves are more flexible. With enhanced capabilities,
they can take on broader, less specialized roles,
thereby reducing the need to break down tasks. As
the theory proposes and the examples illustrate,
GenAl can reduce the resources needed for task divi-
sion as an organizing task. Because task division is
accompanied by behavior and outcome control to
ensure smooth operations, the exception management
created by this organizing task should also require
fewer resources. This reduction in resource use occurs
because GenAl systems can enable organizations to
automatically identify and fix operational flaws while
facilitating task decomposition in the first place. Stripe,
for example, built GPT-4 into its internal tools for fraud
detection and developer support, enabling it to process
large amounts of documentation and identify out-of-
pattern issues. Stripe’s GPT-4 analyzes support tickets
and code to troubleshoot integration problems, answer-
ing developer questions and highlighting likely bugs.
A second specific effect is related to improving
information gathering by GenAl-enabled individuals.
To the extent that GenAl facilitates the collection and
interpretation of information both externally and
internally within the organization, this enables an
effective information-pull mechanism governed by
each problem-solver, which in turn, lowers the need
for an information-push mechanism governed by the
organization. As a result, the information provision

task becomes easier to perform. It is also plausible
that GenAl enables direct retrieval, integration, and
analysis of information, allowing the organization to
delegate some decision-making tasks to automated
decision makers instead of human ones. Such a dele-
gation would be an additional reduction in the
resources needed for information gathering. For
example, in the public sector, large agencies are tap-
ping GenAl for translation and research assistance—
forms of knowledge provision that are crucial in gov-
ernment. The U.S. State Department, for instance,
launched an internal GenAl chatbot in 2024 for a thou-
sand diplomats and staff. Officials reported using it
for tasks such as summarizing policy documents and
translating text between languages, which helps dip-
lomats quickly digest information and communicate
across language barriers.®

A third specific effect concerns the automatic collec-
tion of information that can be used to monitor indi-
vidual effort and outcomes and hence, can be applied
for control and reward purposes. In many enterprises,
monitoring technology capabilities (e.g., performance
tracking software and automated metrics collection)
have outpaced information-gathering and analysis
technology for some time. GenAl now allows organi-
zations to use these richer data in an automated man-
ner, reducing the need for human problem-solvers to
interpret employees’ performance and assign rewards
to them. To the extent that such automation of reward
distribution occurs, the resources needed for this
task would also be reduced. For instance, the human
resources (HR) analytics platform Culture Amp ex-
perimented with ChatGPT to summarize multiple
sources of employee feedback. Instead of a manager
relying solely on memory, a GenAl agent can retrieve
data, such as kudos from Slack, customer comments,
and peer feedback, collected over months and use
them to generate a coherent performance summary.7

In contrast, we have weaker grounds to predict
immediate reductions in task allocation as an organiz-
ing effort, the design of incentives as a reward distri-
bution effort, or conflict resolution as an exception
management effort as individual selection and moti-
vation would presumably be similar when indivi-
duals are GenAl enabled, and the potential for
conflicts is also likely to remain. Nevertheless, we
posit that reductions in these organizing efforts are
also plausible through the second-order effects of
GenAl, not only enabling individuals to perform a
greater variety of tasks with more information and
greater speed but also, allowing reorganization of the
firm and changes in the division of labor between
human and automated information distribution and
decision making. If such effects occur, they should be
observed later than the first-order effects. We expect
organizations first to change work processes in more
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straightforward ways and later engage in more com-
plex reorganization. We will examine whether these
second-order effects can be detected in our data; how-
ever, the longer duration of implementing such
changes may make them difficult to detect.

Finally, although our theoretical model focuses on
the immediate efficiency gains that GenAl offers, it is
important to acknowledge that these first-order adap-
tations have potential costs. The same processes that
broaden individual capabilities and speed up tasks
may also introduce unintended negative externalities,
such as the erosion of deep expertise or the emergence
of new challenges related to algorithmic management.
These could be problematic, especially because some
of them would unfold over time. Substituting human
experts with GenAl could reduce the effectiveness of
responses to unusual challenges because human experts
can reason from first principles and adapt causal models
to unprecedented situations, whereas GenAl is con-
strained by patterns learned from training data. Reduc-
ing the middle management layer also weakens the
promotion tournament by leaving fewer candidates
competing for promotion and reducing the ability to
test their capabilities as their work will be supported
and partially substituted by GenAl Although a full
exploration of these issues is beyond the scope of what
we directly measure, we revisit these important long-
term challenges in the Discussion section.

From Skill Deprioritization to Reorganizing

This section explains why the selective deprioritization
of task division and information provision skills im-
plies a wider reconfiguration of the managerial func-
tion, thus reorganizing the firm. We formalize that a
decrease in the demand for task division and informa-
tion provision skills necessarily expands managerial
span of control when the variance of problem-solving
times declines.

Research on the span of control—the number
of direct reports that a manager supervises—shows
that it is jointly determined by (i) the arrival rate of
decisions that a manager must endorse and (ii) the
variance in the time required to process each decision
(Keren and Levhari 1979, 1989; Garicano 2000; Gari-
cano and Rossi-Hansberg 2006; Puranam 2018;
Aghion et al. 2021). GenAl applications, such as
ChatGPT, reduce both the arrival rate and the proces-
sing time for many coordination and monitoring
tasks. For example, GenAl enables autogenerated pro-
gress updates, prevalidated crossfunctional handoffs,
and anomaly flags from dashboards rather than
human subordinates. Queuing theory, therefore, pre-
dicts that a manager’s effective service rate increases
as the variance of service times declines. When the
coefficient of variation ¢ falls, the expected waiting
time in an M/G/1 queue declines convexly, so k

additional subordinates (“customers” in the original
model) can be absorbed without raising the expected
delay (Glynn et al. 2020). Put differently, a selective
fall in coordination labor mechanically widens the fea-
sible span of control even if the total problem arrival
rate is unchanged.

Let problems arrive at a manager m according to a
Poisson process with rate A and have service times
that follow an exponential distribution with mean '

and variance i~ *. When GenAl reallocates a share 0 <
@ <1 of coordination work to an LLM-enabled agent,
the residual variance becomes

G]zzfost = (1 - qb)aizvre'
For an M/G/1 queue, the expected waiting time is

Ao?

E[W] =m/

where p = A/u. Holding u constant and substituting
02, the manager can admit additional subordinates An
such that

A(l - (P)G;re

— <A\ 2(1-p)),
O < NG (201 )

where A~ is the average arrival rate generated by one
subordinate. Solving yields

A~ %- (02,)/(A).

This suggests that for any 0 < ¢ < 1 and utilization p
< 1, the feasible span of control increases monotoni-
cally in ¢; the effect is amplified when pre-GenAl var-
iance 0” and baseline utilization p are high.

If firms exploit this advantage, we expect to observe
(i) a decrease in postings for task division and infor-
mation provision skills and (ii) a parallel expansion in
the required managerial span of control. Our empirics
focus on the first set of predictions. Accordingly, our
theory predicts that firms will initially reduce human
resources allocated to task division and scheduling,
information provision, and monitoring for reward dis-
tribution and will later reduce human resources
assigned to task allocation, designing incentives, and
conflict resolution. To test whether the changes follow
our expectations, we empirically investigate how
GenAl influences organizational skill demand by
leveraging the public release of ChatGPT as an ex-
ogenous shock as detailed in the next section.

Methods

To assess the impact of Al on skill demand, we
employ a quasiexperimental design using real-world
observational data. We take advantage of ChatGPT’s
public release as a natural experiment, an unexpected
event that allows us to examine how companies with
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different levels of GenAl exposure responded to this
technological advancement.

The launch of ChatGPT serves as a compelling qua-
siexperimental setting for three reasons. First, the
introduction of ChatGPT marked a major advance in
GenAl capabilities that was revealed to all market par-
ticipants roughly at the same time. It also concretely
reshaped managerial beliefs about what GenAl could
do. Although earlier Al may have seemed abstract or
narrow in scope, ChatGPT offered concrete demon-
strations of natural language and generative capabili-
ties across a wider range of tasks, including complex
cognitive tasks. This broad and visible exposure plau-
sibly prompted decision makers to update their expec-
tations about which organizing tasks could be
automated or augmented by GenAl, with implications
for workforce planning and skill requirements embed-
ded in hiring demand. Second, the introduction of
ChatGPT as a shock is empirically meaningful
because of its heterogeneous effects across our sam-
ple. Following Felten et al. (2023), we identified com-
panies that are more likely to be affected by this
technological advancement based on their exposure to
GenAl-relevant tasks. Specifically, we define treated
companies as those predominantly operating in task
environments where GenAl's natural language pro-
cessing and generative capabilities have the most sig-
nificant impact (see the Treated Companies section for
operationalization). Third, the timing of ChatGPT’s
release is also credibly exogenous, limiting concerns
about anticipatory adjustment. Managers plausibly
lacked advance knowledge of its release and well-
formed priors about its scope. Additionally, compa-
nies lacked the incentives and capacity to self-select
into either treatment or control groups.

To operationalize this design, we implement a
difference-in-differences approach:

Vit =it + PPostGPT; x Treated; + OXj + 0i+ 61+ €,

where i indicates firms, t refers to year-month, 6; and
Ot refer to the company and year-month fixed effects,
and ¢; represents the error term. The dependent vari-
able y; is the count of job postings by firm i in month ¢
that require a specific subset of skills. The interaction
term PostGPT; X Treated; is our regressor of interest,
identifying treated companies after the ChatGPT
release by OpenAl. We do not add PostGPT; and
Treated; first-order terms as separate regressors
because these are collinear with time and firm fixed
effects. We study a =*12-month window around
ChatGPT’s public release on November 30, 2022; oper-
ationally, December 2022 onward is the postperiod.
We chose this *=12-month window because the pre-
period (from December 2021 to November 2022) pro-
vides sufficient history to establish baseline hiring
demand patterns while being recent enough to avoid

contamination from earlier Al developments. Further-
more, the postperiod (from December 2022 to Novem-
ber 2023) allows sufficient time for organizations to
adjust their hiring demand in response to the shock
while being short enough to minimize the risk of con-
founding events, such as subsequent GenAl releases
or broader macroeconomic changes that could poten-
tially affect our results.

We employ a Poisson pseudomaximum likelihood
(PPML) estimator with high-dimensional fixed effects
and cluster standard errors at the company level. We
chose PPML for three key reasons. (i) It accommo-
dates count variables with a large number of zeros
without requiring problematic transformations, (ii) it
yields consistent estimates even when the underlying
data are not truly Poisson distributed, and (iii) it is
robust to heteroskedasticity (Santos Silva and Ten-
reyro 2006, Chen and Roth 2024).

Data and Variables

We analyze a sample of 1,820 publicly listed U.S. com-
panies, tracking hiring demand decisions over *12
months around the exogenous shock, which resulted
in 40,465 firm-month observations. Our dataset inte-
grates three sources: Lightcast, Compustat, and Reve-
lio. Lightcast maps the entire U.S. job market daily,
with detailed information at the job-posting level,
whereas Compustat and Revelio provide company-
level control variables. Online Appendix A provides a
detailed description of the sample construction pro-
cess, including the matching procedures and the num-
ber of companies matched at each step.

Treated Companies. We identified treated companies
using the Al exposure measure originally proposed
by Felten et al. (2021) and later explicitly updated to
account for occupations exposed to GenAl (Felten et al.
2023). This measure has two main components: (1) the
mapping between 52 human abilities and more than
800 occupations as listed in the Occupational Informa-
tion Network (O*NET) database developed by the
U.S. Department of Labor and (2) a crowdsourced
matrix quantifying the perceived exposure of these 52
human abilities to various Al applications (Felten et al.
2021). For our research, we focus specifically on the
“language modeling” Al application and use the O*NET
database updated to 2023.

We classify firms into treatment and control groups
in four steps. First, we replicated Felten et al. (2023)
artificial intelligence occupational exposure (AIOE) as
follows:

52
Z]‘:l Aj X L]'k X Ijk
S L X L

where k indexes occupations and j indexes each of the

AIOE; =
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52 occupational abilities. The term A; captures the
exposure of ability j to “language modeling” Al appli-
cation, and Lj and [ are weights for ability j’s impor-
tance and prevalence by occupation k, respectively.
Second, using Lightcast, we computed monthly counts
of job postings by four-digit North American Industry
Classification System (NAICS) industries and O*NET
occupations for the period 2021-2023. We then calculated
the ratio of each O*NET occupation’s monthly count to
the total monthly job postings within the corresponding
four-digit NAICS industry. This ratio represents the rela-
tive prevalence of an occupation within each industry-
month combination. Third, we constructed the monthly
four-digit NAICS GenAl exposure:

K
GenAl Exposure (monthly),, = ZAIOEk X Skn,
k=1

where n indexes four-digit NAICS industries and k
refers to an occupation. The term S, is the prevalence
of occupation k in industry n, and AIOE; weights expo-
sure by occupational composition. Finally, we average
monthly GenAl exposure over the pre-ChatGPT period
to obtain an industry-level GenAl exposure measure.
Firms in industries whose pre-ChatGPT GenAl expo-
sure exceeds the pre-ChatGPT sample mean are classi-
fied as treated (we also replicate our results using the
sample median) (see Table D3 in Online Appendix D).

Our classification procedure yields 966 treated firms
and 854 control firms. This distribution emerged natu-
rally from our data, resulting in a near-balanced split.
Online Appendix A reports the top and bottom 20
industries in terms of GenAl exposure in our sample.
Figure Al in Online Appendix A shows that in the 12
months postrelease, treated firms post substantially
more jobs requiring GenAl skills than control firms,
providing support for the validity of our treatment
and control group assignment (see also Figure C1 in
Online Appendix C for monthly trends).

Problems of Organizing. Our dependent variables
measure monthly firm-level job postings requiring
skills related to the problems of organizing (Puranam
et al. 2014; Puranam 2018, 2024). We operationalize
these using Lightcast’s skill-level taxonomy (version
9.25), which includes 33,832 unique skills linked to job
postings and accompanied by short descriptions (~70
words) describing its function. For instance, a product
manager job in a software company might be associ-
ated with product management, engineering design
processes, and prioritization. Further, “prioritization”
is defined by Lightcast’s skill-level taxonomy as “the
ability to effectively plan and prioritize by assessing
the relative importance and urgency of a task, activity,
or event.” We use these descriptions to classify skills
into five a priori categories reflecting the problems of

organizing: task division, task allocation, information
provision, reward distribution, and exception manage-
ment. We restrict the analysis to job postings that include
at least one of these management-related skills, excluding
postings unlikely to involve organizing functions (e.g.,
lathe operator roles).

To map the 33,832 skills to these categories, we use
a multistep process. First, we conducted topic model-
ing to explore the semantic landscape and filter for
relevant skills. Specifically, we estimated 20 latent
Dirichlet allocation models, varying the number of
topics from 5 to 100 in increments of 5. We evaluated
the models based on a bundle of coherence scores, top
keywords, and skill descriptions for each topic. The
65-topic solution provides the best discrimination of
themes for our scope, with four topics highly associ-
ated with our five organizing function categories. We
selected all skills with high posterior probabilities for
those topics, yielding a filtered set of 1,765 skills.

Second, we manually read the descriptions of the
1,765 filtered skills, defining 10 labels as summarized
in Table 1. We split the Puranam (2018) five high-level
categories into more granular subcategories® for two
reasons. First, theoretically, more fine-grained subcate-
gories allow for sharper predictions about where
GenAl should matter (e.g., GenAl affecting operational
exceptions versus conflict resolution). Second, empiri-
cally, it improves measurement by defining categories
that are both minimal (containing the smallest possible
set of semantic attributes of the concept) and in-
dependent (each label does not rely on any other label
to explain the meaning). These properties increase
confidence that the subsequent machine learning--
based projection will accurately capture the intended
meanings.

This manual labeling process identified 397 skills
that matched our categories (true positives) and 1,368
skills that did not match our categories (true nega-
tives) of the 1,765 skills filtered using topic modeling.
We validated the above classification by having a
research assistant produce hand-curated labeling over
the same set of 1,765 skills. In doing so, we achieved
average precision, recall, and F1 score across all labels
of 0.83, 0.81, and 0.83, respectively, suggesting a satis-
factory level of agreement. On the true-positive sub-
set alone, we reached a Cohen’s kappa of 0.7928.
Lastly, we discussed cases of disagreement to improve
label definitions and identify boundary cases.

Third, we scale our classification of the 10 labels to
all 33,832 skills using GPT-40 to determine whether
each skill reflects one or more (multilabel classifica-
tion) of our organizing problem categories. Each skill
is labeled by three independent GPT-40 agents and
assigned a label when at least two agents agree.
Accordingly, we treat GPT-40 agents as filters to
determine the final set for manual screening. Next, we
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Table 1. Universal Problems of Organizing

Category

Synopsis

Example of skills

Task division

Task allocation
Staffing

Mapping

Information provision
Coordination

Synchronous

Asynchronous

Reward distribution
Monitoring

Incentives

The process of breaking down work into smaller
components, focusing on sorting, sequencing,
and structuring tasks before execution

Recruiting and selecting individuals for specific
tasks based on skill fit and job requirements

Assigning specific human or nonhuman resources
(tools and technology) to tasks

Information sharing to synchronize efforts among
different individuals or teams

Information sharing via real-time communication
(e.g., meetings and calls)

Information sharing via asynchronous, documented
communication, such as emails, reports, and
wikis

Monitoring or measuring employees’ tasks and
behaviors to assess employees’ performance

Designing and implementing motivational rewards
(monetary or nonmonetary) to encourage

Process sequencing, planning, scheduling, activity
sequencing, and prioritization

Human resource planning, human resource
strategy, capacity planning, staff planning, and
workforce planning operations

Assigning employees, competency mapping,
organizational architecture, resource allocation,
and delegated authority

Crossfunctional coordination, process integration,
collaboration, coordinating, and stakeholder
coordination

Verbal communication skills, speech fluency, social
communications, professional speaking, and
interactive communications

Report writing, professional writing, structured
writing, project documentation, and writing
outlines

Employee monitoring, plan of action and
milestones, employee performance management,
workforce productivity, and performance review

Reward management, executive compensation
strategy, high-potential programs, benefits

desired behavior
Exception management

Conflict Identifying and addressing conflict between
employees
Operational Identifying, analyzing, and resolving unexpected

operational problems

strategies, and compensation strategy

Employee conflict resolution, conflict resolution,
conflict transformation, de-escalation techniques,
and organizational conflict

Overcoming obstacles, A3 problem-solving
techniques, creative problem-solving, root cause
corrective action, and deviation investigations

Note. A3, paper size (11.7 x 16.5 inches).

validated the model’s filtering ability against the man-
ually labeled sample from step 2. Here, GPT-40
achieved 93% accuracy, 86% recall, and 89% F1 score
in identifying true negatives. On the full data set, the
model identified 1,369 candidate instances.

Finally, we manually labeled the 1,369 candidate
instances retrieved in the previous step. This process
identified 657 true positives mapping onto 719 skill-
label relationships.

We use these skill-problem pairings to count the
number of job postings related to each of the 10 orga-
nizing function categories for our dependent vari-
ables. Through this step, we processed 11,154,915 job
postings. The skill categories are not mutually exclu-
sive, so a job post may refer to multiple skill categories
(multilabel classification).

Online Appendix B presents the topical map derived
from the 65-topic model. It also includes the prompt
used to configure GPT-40 agents, a bar chart showing
skill frequencies by label, and the full list of 657 skills
by problem of organizing. Online Appendix B4

provides further justification for using GPT-4o filtering
rather than traditional keyword-based approaches.

Control Variables. Our baseline DiD includes the fol-
lowing controls: size, return on assets (ROA), lever-
age, the ratio of research and development over total
assets (R&D/TA), a research and development (R&D)
dummy to further distinguish companies with no R&D
investments, the ratio of capital expenditures over total
assets (Capex/TA), and a workforce change indicator.
The first set of control variables is computed using
quarterly financial data from Compustat. Size is mea-
sured as log (1 + total assets). ROA is quarterly net
income divided by total assets. Leverage is the ratio of
total liabilities (sum of short-term and long-term debt)
over total assets. R&D/TA is computed as quarterly
R&D expenses divided by total assets (missing R&D
values are set to zero). We include an R&D dummy
equal to one for firms reporting positive R&D expen-
ditures and zero otherwise. Finally, Capex/TA is
quarterly capital expenditures over total assets.
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We also control for workforce change, which is
measured as the month-over-month percentage differ-
ence in head count, which can be negative (contrac-
tion) or positive (expansion). For example, firms
undergoing substantial layoffs may exhibit temporar-
ily depressed demand for hiring or shifts in skill
demand because of restructuring rather than GenAlL
We used Revelio to track changes in each company’s
head count by month:

HC, — HC;,
Workforce Change,, = —HC.,
where i refers to a company and f is a month-year.
The term HC; refers to the total number of employees
associated with a company in month t, whereas HC;_;
is the total for the previous month.

Figure A2 in Online Appendix A compares the evo-
lution of workforce change between the treated and
control groups across the =12-month window around
November 2022. The trends in workforce change
between treated and control groups are similar across
the study period, indicating no substantial differences
in workforce reduction patterns.

Descriptives. Table 2 reports descriptive statistics for
key variables across 40,465 firm-month observations.
The average firm size is 7.87 (measured as the log of
total assets), profitability is close to zero (ROA), lever-
age is 0.30, and the capital expenditures ratio is 2%

Table 2. Summary Statistics

Variable N  Mean SD pl0  Median p90

EM (Conflict) 40,465 13.67 7177 0.00  1.00 23.00
EM (Operational) 40,465 63.59 246.10 0.00 5.00 128.00
IP (Asynchronous) 40,465 60.06 236.15 0.00 5.00 113.00
IP (Coordination) 40,465 52.85 23213 0.00 4.00 96.00
IP (Synchronous) 40,465 7551 327.83 0.00 6.00 139.00
RD (Incentives) 40,465 144 792 0.00 0.00 2.00
RD (Monitoring) 40,465 24.62 107.34 0.00 1.00 45.00
TA (Mapping) 40,465 1298 50.18 0.00 1.00 26.00

TA (Staffing) 40465 514 4472 0.00 0.00 7.00
Task Division 40,465 89.27 33298 0.00 8.00 180.00
GenAlI Exposure 40,465 053 050 0.00 1.00 1.00
(dummy)
GenAl Exposure 40,465 0.35 0.31 -0.08 0.36 0.77
(monthly)
Size 40465 787 215 515 787 10.66
ROA 40,465 —0.01 0.08 —-0.07 0.01 0.04
Leverage 40465 030 027 003 026 0.59
R&D/TA 40,465 0.02 0.04 0.00 0.00 0.05
R&D (dummy) 40465 042 049 0.00 0.00 1.00
Capex/TA 40,465  0.02 0.03 0.00 0.01 0.05
WEC 40,465  0.00 0.04 —-0.01 0.00 0.02

Note. EM, exception management; IP, information provision; p,
percentile; RD, reward distribution; SD, standard deviation; TA, task
allocation; WFC, workforce change.

relative to total assets. Forty-two percent of firms
report positive R&D expenditures, with an average
R&D intensity of 2%. Fifty-three percent of firms in
the sample are classified as highly exposed to GenAl,
with an average monthly GenAl exposure score
of 0.35.

On average, firms list task division skills in 89 post-
ings per month. Demand for information provision is
also substantial; synchronous communication skills
appear in an average of 76 postings, asynchronous
communication skills appear in an average of 60 post-
ings, and coordination tasks appear in an average of
53 postings. Exception management skills also show
strong demand, particularly for operational-related
skills, and they appear on average in 64 postings per
firm month. Reward distribution and task allocation
skills are referenced in relatively fewer postings.
Because job postings can contain multiple skill catego-
ries, these counts are not mutually exclusive.

Table D1 in Online Appendix D reports correlations
among the 10 variables representing the demand for
the organizing functions ranging from 0.21 to 0.91,
with all significant at the 5% level. Figure C1 in Online
Appendix C provides additional descriptive insights
on the demand for skills relevant to GenAl The trends
indicate that during the study time period, demand
for GenAl skills rose sharply driven primarily by
firms with high GenAl exposure.

Results

Baseline Results

Panel A of Table 3 reports the baseline DiD estimates
of GenAl exposure on hiring demand for skills associ-
ated with the organizing functions. We omit control
variables in these specifications to avoid the potential
issue of “bad controls.”” All estimates include firm
and year-month fixed effects with standard errors
clustered at the firm level. We find a statistically sig-
nificant decline in the demand for task division skills
within job postings ( = —0.261, p < 0.001). This corre-
sponds to a 23% reduction, suggesting that following
exposure to GenAl, treated firms reduce their demand
for skills related to decomposing, structuring, and
sequencing work before execution. Similarly, we also
find a substantial reduction in demand for informa-
tion provision skills. Demand for coordination skills
declined by 21.3% (8 = —0.240, p < 0.01), demand for
synchronous communication skills declined by 18.5%
(B = —0.204, p < 0.05), and demand for asynchronous
communication skills declined by 21.4% (8 = —0.241, p
< 0.01). For reward distribution, the estimates indicate
a significant decrease in monitoring skills in job post-
ings, with a 23.2% reduction (f = —0.264, p < 0.001).
There is no statistically significant change in incentive
provision skills. Within exception management, the
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Table 3. Demand for Skills After the GenAl Availability Shock

@ @ ®) *)

Task allocation

®) ©) @) ®) ©) (10)

Information provision

Reward distribution =~ Exception management

Task
Variable Division (Staffing) (Mapping) (Coord) (Sync) (Async) (Monitor) (Incentive) (Conflict) (Operational)
Panel A
PostGPT x Treated —0.261**  0.162 —0.097 —0.240** —0.204* —0.241* —-0.264*™* —0.150 —0.224 —0.211**
(0.067) (0.315) (0.082) (0.084) (0.087) (0.081) (0.078) (0.105) (0.131) (0.074)
Constant 6.274%*  3.976%** 4.392%** 5.925%*  6.216***  5.913%*  5174%* 2.387*** 4.745%** 5.924***
(0.012) (0.063) (0.018) (0.016) (0.017) (0.015) (0.014) (0.021) (0.024) (0.015)
N 38,551 30,302 33,997 37,368 38,336 38,204 35,373 26,344 33,501 37,905
Pseudo-R? 0.929 0.818 0.865 0.919 0.921 0.919 0.902 0.685 0.882 0.918
Panel B
PostGPT x Treated —0.260**  0.181 —0.087 —0.237**  —0.204* —0.243* —-0.259* —0.151 —0.218 —0.209**
(0.068) (0.308) (0.081) (0.082) (0.086) (0.082) (0.079) (0.103) (0.130) (0.075)
Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Constant 2.780 5.121* 4.166* 4953 3.753 3.772 3.286 —0.897 0.404 4.854*
(2.014) (2.357) (1.896) (2.536) (2.574) (2.242) (2.291) (3.395) (3.103) (2.401)
N 38,551 30,302 33,997 37,368 38,336 38,204 35,373 26,344 33,501 37,905
Pseudo-R? 0.929 0.819 0.865 0.920 0.921 0.919 0.902 0.685 0.882 0.918

Notes. Hiring demand data were tracked over a =12-month window from the ChatGPT release. All specifications include firm and year-month
fixed effects. Standard errors are robust to heteroskedasticity and clustered at the firm level. Refer to Online Appendix D for the full tables with

controls. Async, asynchronous; Coord, coordination; Sync, synchronous.

*p < 0.05; **p < 0.01; **p < 0.001.

demand for operational exception management skills
declined by 19% (f = —0.211, p < 0.01), whereas con-
flict management shows no significant difference fol-
lowing the introduction of ChatGPT. Finally, neither
staffing nor mapping dimensions of task allocation
were affected by the GenAl availability shock.

Panel B of Table 3 includes control variables in the
baseline specification. The results remain consistent
with the previous analysis (panel A of Table 3).
Demand for task division declines by 22.9%. Similarly,
job postings related to information provision skills
show significant reductions, with coordination skills
decreasing by 21.1%, synchronous information-
sharing skills decreasing by 18.5%, and asynchronous
information-sharing skills decreasing by 21.6%. The
monitoring skills component of reward distribution
experiences a decline of 22.8%, whereas demand for
operational exception management skills decreases by
18.9%. Table D3 in Online Appendix D replicates the
analyses using a median-based (rather than mean-
based) dichotomization of GenAl exposure with con-
sistent results.

Figure 1 plots coefficients with 95% confidence
intervals from a dynamic DiD specification. The speci-
fication is consistent with our DiD approach, incorpo-
rating the same control variables, fixed effects, and
clustered standard errors, but this model includes
month-year dummies rather than relying on a single
post-ChatGPT indicator using November 2022' as
the reference period (i.e., t — 1). Thus, we estimated

the following:
]/jit =a+ Z ﬁzl[tit = Z] + GXit + 51’ + (St + ejit/
z#-1

where z represents the months relative to the year-
month when ChatGPT is introduced. The plotted esti-
mates support the validity of the parallel-trends
assumption for most of our dependent variables in
the pretreatment period. The only exception is task
allocation (staffing), where the pre-ChatGPT distribu-
tion (from December 2021 to November 2022) reveals
a divergence between the treatment and control
groups. To formally assess the assumption of parallel
trends, we conduct a x* test to evaluate the joint sig-
nificance of the pretreatment coefficients. We fail to
reject the null hypothesis for all outcomes of interest,
indicating no statistically significant differences in
pretreatment trends except for task allocation (staff-
ing), which is significant at 5%.

Continuous Industry-Level GenAl Exposure
We next relax the binary treatment classification by
interacting the post indicator with the continuous
industry-level GenAl exposure measured as of Novem-
ber 2022. Panel A of Table 4 reports these estimates.
The findings mirror those reported in Table 3 except for
information provision (synchronous) skills, where the
effect differs.

The results show that firms with higher GenAlI expo-
sure experience a statistically significant reduction in
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Figure 1. (Color online) Dynamic Effects
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Table 4. Demand for Skills with Continuous Industry-Level GenAlI Exposure (Panel A) Post-GPT-3.5 and Post-GPT-4 (Panel B)

M ) ®G) *)

Task allocation

Information provision

®) () @) ®) ©) (10)

Reward distribution =~ Exception management

Task
Variable Division (Staffing) (Mapping) (Coord) (Sync) (Async) (Monitor) (Incentive) (Conflict) (Operational)
Panel A
PostGPT x GenAl Exposure —0.349** 0.502 -0.118  —0.311* -0.241 -—0.343** —0.321* —0.186 —0.321 —0.293*
(November 2022) (0.107) (0.520) (0.124)  (0.132)  (0.132) (0.125) (0.126) (0.148) (0.169) (0.118)
Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes Yes
Constant 3.001 5.303* 4.177* 5.145* 3927  4.043 3.410 —0.725 0.503 5.004*
(1.927) (2.292) (1.859)  (2.425) (2.473) (2.144) (2.218) (3.437) (3.077) (2.328)
N 38,551 30,302 33,997 37,368 38,336 38,204 35,373 26,344 33,501 37,905
Pseudo-R? 0.929 0.820 0.865 0.919 0921 0919 0.902 0.685 0.882 0.918
Panel B
GPT-3.5 x Treated —0.262**  —0.265 —-0.096 —0.272* —-0.203 —-0.220* —0.164 —0.145 —0.213 —0.150
(0.092) (0.164) (0.094)  (0.106) (0.113) (0.108)  (0.090) (0.133) (0.135) (0.100)
GPT-4 x Treated —0.260***  0.299 —0.083  —0.225** —0.204* —0.250** —0.291** —0.153 —0.219 —0.230**

0.069)  (0.362)  (0.086)  (0.084)

Controls Yes Yes Yes Yes
Constant 2.781 5.344* 4.168* 4.961*
(2.012) (2.314) (1.896) (2.531)
N 38,551 30,302 33,997 37,368
Pseudo-R? 0.929 0.820 0.865 0.920

(0.086) (0.079)  (0.082) 0.113)  (0.134) (0.073)

Yes Yes Yes Yes Yes Yes

3.752 3.766 3.236 —0.901 0.404 4.830*
(2.574) (2.242)  (2.300) (3.409) (3.103) (2.408)
38,336 38,204 35,373 26,344 33,501 37,905

0.921 0.919 0.902 0.685 0.882 0.918

Notes. Hiring demand data were tracked over a =12-month window from the ChatGPT release. All specifications include firm and year-month
fixed effects. Standard errors are robust to heteroskedasticity and clustered at the firm level. Refer to Online Appendix D for the full tables with

controls. Async, asynchronous; Coord, coordination; Sync, synchronous.

*p < 0.05; **p < 0.01; **p < 0.001.

demand for task division skills in job postings, with a
coefficient estimate of —0.349 (p < 0.01). Similarly, there
is a substantial and statistically significant decline in
demand for skills associated with information provi-
sion (coordination; § = —0.311, p < 0.05) and informa-
tion provision (asynchronous; p = —0.343, p < 0.01).
The demand for information provision (synchronous)
skills remains statistically unchanged. For reward dis-
tribution, we find a significant decline in demand for
monitoring skills ( = —0.321, p < 0.05), whereas the
demand for skills focused on the design of incentives
shows no statistically significant variation. For ex-
ception management, demand for operational skills
decreases significantly (8 = —0.293, p < 0.05), whereas
conflict-resolution skills remain unaffected. Finally, we
find no significant changes in demand for task alloca-
tion skills whether related to staffing or mapping. Table
D5 in Online Appendix D replicates these analyses
using a monthly continuous GenAl exposure measure
with consistent results.

Distinguishing the Effect of GPT-3.5 vs. GPT-4

Our study rests on the premise that the introduction
of ChatGPT may have helped managers form expecta-
tions regarding the scope and applicability of Al tech-
nologies. Accordingly, we posit that managers update
their hiring demand in response to their own interac-
tions with ChatGPT or those of their peers. To test the

robustness of this claim, we examine the subsequent
upgrade from GPT-3.5 to GPT-4 in March 2023. GPT-4
was regarded as a major improvement over GPT-3.5
with enhanced accuracy across a broad set of tasks.
GPT-4 remained state of the art for over a year and has
been available as a legacy model for over two years.
Consistent with our theory, subsequent capability
improvements to GPT-4 should strengthen the effects.
To test this, we split our treatment into GPT-3.5
(November 30, 2022) and GPT-4 (March 14, 2023), with
a GPT-3.5 dummy that takes the value of one between
December 2022 and February 2023 and zero otherwise
and a GPT-4 dummy that takes the value of one from
March 2023 onward and zero otherwise. Panel B of
Table 4 replicates the DiD specification in panel B of
Table 3 while separately estimating the effects of GPT-
3.5 and GPT-4. Tables D7 and D8 in Online Appendix
D further replicate this analysis using, respectively, the
continuous GenAl exposure measure as of November
2022 and the time-varying monthly exposure measure.
Results in panel B of Table 4 show a marked increase in
the magnitude of the coefficients for information provi-
sion (asynchronous), reward distribution (monitoring),
and exception management (operational) during the
GPT-4 period alongside an increase in the significance
level for task division and information provision (coordi-
nation). Tables D7 and D8 in Online Appendix D further
provide support for our claim, with most coefficients



Downloaded from informs.org by [216.73.216.82] on 25 July 2026, at 14:59 . For personal use only, all rights reserved.

14

Devigili et al.: Reorganizing in the Age of Generative Artificial Intelligence

Management Science, Articles in Advance, pp. 1-21, © 2026 The Author(s)

exhibiting increases in magnitude, suggesting that the
release of GPT-4 intensified the observed effects of
GenAl exposure on firms” hiring demand. This increase
in the effect when GPT-4 became available is consistent
with a change in expectations modifying hiring demand.

Robustness

We conduct several robustness checks to validate
our findings. First, we performed a placebo analysis
to assess whether the observed effects could be
explained by random fluctuations rather than the
release of ChatGPT. Specifically, we selected three
pseudointervention dates set at 6, 9, and 12 months
prior to the actual launch of ChatGPT. For each pseu-
dointervention, we constructed samples spanning
*+12 months around the assigned date and replicated
our DiD analysis. The resulting estimates are reported
in Tables E1-E3 in Online Appendix E. We find no
significant effects for the pseudointerventions at 9 and
12 months. For the 6-month pseudointervention, the
only significant coefficient is smaller in magnitude
and exhibits lower statistical significance. These esti-
mates provide evidence that our main results are
unlikely to be driven by random fluctuations, which
reinforces our causal interpretation.

Second, we perform two sensitivity analyses. First,
we follow Rambachan and Roth (2023) to assess the
robustness of our results to violations in the parallel-
trends assumption. Figure F1 in Online Appendix F
reports the results of this analysis at the monthly level,
showing how our estimates change when we allow
for bounded deviations from strict parallel trends.
Second, Tables F1 and F2 in Online Appendix F
replicate our main analysis using the extended two-
way fixed effects (ETWFE) estimator proposed by
Wooldridge (2023). In both cases, task division, infor-
mation provision (asynchronous), reward distribution
(monitoring), and exception management (operational)
remain as the most robust outcomes, consistent with
our main analysis.

Third, we replicate our analysis using a keyword-
based approach to provide additional reassurance
that our main results are not an artifact of the filtering
approach via GPT-4o0 agents. To do so, we began by
compiling a list of seed terms from existing definitions
of the constructs of interest (e.g., Puranam et al. 2014;
Puranam 2018, 2024). Using GPT-40 agents, we then
expanded each set to 20 terms by providing the agents
with both the seed words and our skill taxonomy (see
Table B2 in Online Appendix B for the list of terms
used). Adopting a dictionary-based approach, we
operationalize the dependent variables as the total
number of job postings for firm f in year-month f that
contain at least one of the identified keywords. Tables
G1-G4 in Online Appendix G present the regression
results. Results remain consistent.

Fourth, we excluded technology companies from
our DiD analysis given that they may have had prior
knowledge or expectations regarding the applicability
of Al and GenAl. Following the approach of Babina
et al. (2024), we removed all firms classified under the
two-digit NAICS codes 51 (Information) and 54
(Professional, Scientific, and Technical Services), and
we re-estimated our models. Tables H1 and H2 in
Online Appendix H replicate the main analyses. The
estimates remain largely consistent, suggesting that
our main results are not driven by this subset of firms.
The only exception is the coefficient for information
provision (synchronous), which in Table H1 in Online
Appendix H, is not statistically significant, but it is
statistically significant in Table H2 in Online Appen-
dix H.

Fifth, we used an alternative method for classifying
treated and control firms. We identified treated indus-
tries based on the share of job postings in nonroutine
cognitive occupations following the classification
approach of Jaimovich and Siu (2012). Industries
where more than 50% of job postings in the year pre-
ceding the shock were for nonroutine cognitive roles
were assigned to the treatment group. This method
resulted in 1,052 companies classified as treated and
768 companies classified as controls (see Online
Appendix I for additional details on the classification
process). We then replicated our main analyses in
Tables I1 and 12 in Online Appendix I. The findings
remain largely consistent with our main results
apart from exception management (conflict), which
shows a negative impact following the introduction of
ChatGPT. On the one hand, these findings provide
additional reassurance regarding the robustness of
our main results. On the other hand, the observed
expansion in GenAl’s scope of influence further sup-
ports the use of the GenAl exposure measure pro-
posed by Felten et al. (2023). Although classification
based on nonroutine cognitive occupations captures a
relevant dimension of GenAl impact, it may overesti-
mate or underestimate the true effect. This is because
it does not explicitly account for the “language mod-
el” capabilities of GenAl systems like GPT-3.5 and
GPT-4. Thus, performing a nonroutine cognitive occu-
pation is a necessary but not sufficient condition for
exposure to GenAl; within these occupations, certain
tasks and abilities are more susceptible to automation
or augmentation by language models, which ulti-
mately shapes the degree of exposure.

Sixth, we replicated our analyses using coarsened
exact matching (CEM). We implemented a restrictive
k-to-k matching procedure based on the simple mov-
ing average of key control variables measured
between January 2021 and November 2022: Size, ROA,
Leverage, R&D/TA, R&D dummy, Capex/TA, and Work-
force Change indicator. This matching process resulted
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in a balanced sample of 397 treated and 397 control
units, totaling 794 companies. The CEM-based esti-
mates are reported in Tables J1 and J2 in Online
Appendix J. The results remain consistent with our
baseline analysis, with two exceptions in Table J1 in
Online Appendix J: information provision (synchro-
nous) and reward distribution (monitoring).

Seventh, we tested the following additional specifi-
cations as reported in Online Appendix K. (1) We
replicated the estimates by taking a seemingly unre-
lated regression approach to account for potential cor-
relation among the unobserved components across
dependent variables. Through this specification, we
also tested alternative clustering for standard errors at
the firm and skill levels and at the firm-skill level. The
results in Table K1 in Online Appendix K largely con-
firm our main results. (2) Tables K2 and K3 in Online
Appendix K present aggregate effects across the five
organizational problem areas. Task division, task allo-
cation, and information provision results remain sta-
ble. However, the negative coefficients for reward
distribution and exception management mask under-
lying heterogeneity across their respective subdimen-
sions. (3) We replicate our analysis using a simple
ordinary least squares (OLS) specification with the
canonical log transformation, In(y + 1), of the depen-
dent variables (Tables K4 and K5 in Online Appendix
K). Results are broadly consistent with our main find-
ings but should be interpreted with caution. Even
after applying the log transformation, the distribution
of the dependent variables remains more consistent
with a Poisson process, suggesting that the PPML esti-
mator remains the more appropriate choice for this
analysis. (4) In Tables K6 and K7 in Online Appendix
K, we replicated our main findings using the tradi-
tional DiD specification described in Angrist and
Pischke (2009) estimated with both Poisson and nega-
tive binomial estimators (see Online Appendix K).
Results remain consistent. (5) In Tables K8 and K9 in
Online Appendix K, we relax the assumption of addi-
tive and separable effects of the launch of GPT-3.5 and
GPT-4 running separate models for each shock. Esti-
mates remain consistent.

Supplementary Analysis

To provide additional evidence on the skill deprioriti-
zation patterns, we conducted two extensions. First,
Online Appendix L1 examines changes in skill
demand relative to total demand. Following recent
methodological recommendations, we estimate mod-
els of skill demand controlling for total demand rather
than relying on ratio specifications that are less suited
for statistical inference (Certo et al. 2020, Wulff et al.
2023). Tables L1 and L2 in Online Appendix L show
that even after accounting for firm-level variation in
total demand, the negative effects for coordination

and task division skills remain consistent. Second, in
Online Appendix L2, we analyze managerial hiring
demand relative to nonmanagerial hiring demand as
a proxy for managerial intensity and span of control.
Tables L3 and L4 in Online Appendix L indicate that
firms exposed to GenAl post fewer managerial open-
ings (i.e., reduce managerial hiring demand) relative to
nonmanagerial openings, consistent with an expansion
in managerial span of control. Together with evidence
of rising demand for GenAl-related skills (Online
Appendix C), these findings suggest a selective deprior-
itization of coordination-intensive skills, with broader
implications for firms” organizational structures.

Furthermore, one might question whether LLM-
based technologies, such as ChatGPT, can plausibly
shape firms’ hiring priors in ways that lead to skill
deprioritization. We address this with two falsification
tests. First, we examine the launch of GitHub Copilot
(June 21, 2022) using a DiD specification (Online
Appendix L3). Given Copilot’s narrower scope of
applicability and technical user base, we would not
expect comparable effects, and indeed, Tables L5 and
L6 in Online Appendix L confirm this expectation.
Second, we replicate our analysis using the broader
Al exposure measure from Felten et al. (2021) (Online
Appendix L4). Although we observe consistent effects
on task division, reward distribution (monitoring),
and exception management (operational), Tables L7
and L8 in Online Appendix L show that key domains
where LLMs matter most, such as writing-related
tasks, are not captured by this broader specification.
At the same time, it shows a distinctive effect on task
allocation (mapping), which opens up interesting
future research on the non-LLM-based GenAl role in
assigning individuals and resources to tasks. On the
one hand, the latter reinforces the value of using the
Felten et al. (2023) exposure to fully capture LLMs’
impact on firms’ priors. On the other hand, it also
offers some initial evidence on how our findings may
generalize to other types of GenAl applications. Over-
all, these falsification tests corroborate our interpretation
that LLM-based technologies had an influence on firms’
hiring priors, leading to skill deprioritization.

Discussion

This study examines how GenAl affects the set of skills
that organizations seek in external hiring to address the
general problems of organizing. Based on our theoreti-
cal framework, we derive three primary predictions.
First, GenAl enables individuals to solve problems
more quickly and draw on broader knowledge, re-
ducing the resources required for traditional task divi-
sion and scheduling. Second, information gathering
and interpretation become more efficient, supporting
a shift from organizational-push to individual-pull
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mechanisms of information access. Finally, monitoring
and performance evaluation become increasingly auto-
mated, reducing the human resources traditionally allo-
cated to these oversight functions. These predictions
follow from conceptualizing organizations as dynamic
queuing systems with increasingly capable problem-
solvers enabled by GenAl (Glynn et al. 2020). We do
not assume perfect optimization, but we recognize that
organizations can incrementally adapt their work pro-
cesses in response to technological capabilities, approxi-
mating more efficient organizational designs. We also
do not assume immediate recognition of the potential
GenAl contribution to productivity; instead, we focus
on initial organizational responses to its availability,
which we interpret as revealing how decision makers
currently assess its scope.

GenAl Efficiencies

Our results show that the largest declines in skill
demand appear in monitoring (reward distribution)
and task division tasks. The deprioritization of moni-
toring skills likely stems from GenAl'’s suitability for
standardized evaluation tasks: processing structured
performance data, consistently applying evaluation
criteria, and generating feedback. These capabilities
plausibly substitute for managerial monitoring. Fur-
thermore, GenAl can analyze performance patterns at
a scale and speed that human managers cannot match.
The significant drop in monitoring skills suggests that
organizations perceive these functions as having lower
barriers to GenAl substitution and potentially higher
returns from automation than other organizing func-
tions. Additionally, monitoring tasks, at least from an
organization’s perspective, often involve structured and
predictable decisions based on predefined criteria, mak-
ing them more amenable to algorithmic approaches
than tasks that require nuanced contextual judgment or
social calibration.

Although it is plausible that the increase in automatic
surveillance and assessment of work performance
reduces the human role in monitoring for distributing
rewards, it is also possible that GenAl may be used as
an investment in restructuring the division of labor in
ways that simplify monitoring for reward distribution
by reducing or automating the handling of task interde-
pendence. The decline in demand for coordination
skills supports this interpretation, suggesting that
GenAl may be changing how organizations manage
task interdependencies. Interdependence of tasks arises
from division of tasks into specialized subtasks and
assigning expert problem-solvers to each. Yet, GenAl-
enabled organizations may better integrate subtasks
because GenAl enhances problem-solvers’ capabilities,
thereby reducing interdependence and consequently,
the need to share information among problem-solvers.
Reduced demand for coordination and monitoring

skills thus aligns with a perspective in which GenAl
enables reorganization in ways that economize on task
interdependence.

Interestingly, although monitoring showed a strong
decline, demand for incentives skills remained largely
unchanged. This asymmetry suggests that organiza-
tions may be willing to automate performance track-
ing and assessments while continuing to rely on
human judgment for designing and implementing
reward systems, which still require contextual under-
standing and legitimacy that current GenAl systems
lack. More broadly, the significant impact on task
division and asynchronous information provision
alongside insignificant effects on task allocation sug-
gests a selective set of changes in organizational skill
demands. GenAl currently appears to impact formal
and documentation-heavy processes rather than real-
time interactions and staffing decisions where the
judgment is more interpersonal and context sensitive.

Potential GenAl Negative Externalities

Although our findings highlight the immediate effi-
ciency gains that drive skill deprioritization, it is impor-
tant to consider the potential negative externalities and
longer-term challenges that may arise from these orga-
nizational adaptations. Because we do not directly mea-
sure such outcomes, we treat the following as plausible
longer-run considerations rather than tested claims.
First, the shift away from specialized roles toward
broader, GenAl-assisted responsibilities creates a risk
of knowledge hollowing and weaker error detection.
As firms deprioritize skills in areas such as task divi-
sion and monitoring, they may unintentionally erode
the deep expertise or tacit knowledge that comes from
specialization. When human problem-solvers assume
broader roles, they may become less likely to spot sub-
tle errors or find novel solutions to the problems that
they face. Overreliance on GenAl for task decomposi-
tion or analysis could reduce an organization’s capabil-
ity to perform these functions independently, creating a
strategic vulnerability.

Second, greater reliance on GenAl for information
processing may erode critical skills and increase con-
flict. The shift to automated information summary and
quick digestion of complex data necessarily removes
nuances and context-specific information. This may
have negative consequences for decision making and
may paradoxically increase conflict because of misun-
derstandings (Kogak et al. 2023, Acemoglu and
Wolitzky 2024). Our finding that demand for conflict-
resolution skills did not decline even as demand for
other management skills did may be an early indicator
of this underlying tension.

Relatedly, LLM-enabled asynchronous information
provision may lead to information overload while cre-
ating dependencies on tools whose limitations are not
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fully understood. The configuration of these systems
(e.g., what data they access and how they present
information) can subtly shape organizational priori-
ties, potentially marginalizing certain viewpoints in
ways that affect deliberation on complex tasks. Fur-
ther, LLM-mediated monitoring may induce gaming
behaviors as employees optimize for measurable
metrics, potentially eroding trust, autonomy, and intrin-
sic motivation. Greater reliance on GenAlI for operational
exceptions may reduce opportunities for learning by
doing and weaken employees” problem-solving capabili-
ties. When task divisions become less explicit (as GenAl
makes handoffs more fluid), organizational processes
may become more fragile, breaking down when the
technology fails or when problems fall outside its scope.
These second-order risks qualify the near-term efficiency
gains that we document.

Finally, the deprioritization of human monitoring
skills signals a clear move toward new forms of algo-
rithmic management, which introduces its own set of
challenges. As GenAl systems take on monitoring and
assessment, the design of what is measured and how it
is measured becomes critically important, potentially
shifting workers” focus from substantive problem-
solving to blind execution of quantifiable metrics.
Research has already highlighted employee resistance
to the control and surveillance inherent in algorithmic
management systems (Kellogg et al. 2020). Although
we do not observe an immediate spike in conflict-
resolution hiring demand, these pressures could accu-
mulate as Al integration deepens, representing a signif-
icant challenge for future organizational design.

Contributions

Our findings contribute in three ways. First, they show
that organizations engage in selective skill deprioritiza-
tion rather than uniform capability enhancement. This
extends prior research on technological change and
organizational adaptation (Barley 1986, Orlikowski
1992, Zammuto et al. 2007) by showing how firms stra-
tegically reallocate resources away from activities in
which GenAl provides the strongest complementarities
or substitution effects. The significant reductions in job
postings related to task division, information provision,
reward distribution (monitoring), and exception man-
agement (operational) indicate that these skill domains
are particularly susceptible to Al-induced transforma-
tion. This selective pattern also aligns with recent work
on how organizations adapt differentially to GenAl
capabilities (Shrestha et al. 2019, Waardenburg et al.
2021).

Second, we advance queuing theory applications in
organizational contexts (Cohen et al. 1972, Glynn et al.
2020) by demonstrating how GenAl-enhanced problem-
solving capabilities differently shape organizing func-
tions. The substantial decline in demand for information

provision skills suggests that GenAl is transforming
how organizations handle information flows, supporting
predictions from queuing models that enhanced individ-
ual capabilities reduce the need for organizational
information-push mechanisms. Similarly, the decline in
demand for monitoring skills aligns with predictions
that GenAl enables more efficient quality control pro-
cesses with fewer human resources, linking to emerging
work on algorithmic management (Kellogg et al. 2020,
Bailey et al. 2022).

Lastly, our study contributes to the emerging litera-
ture on human-Al collaboration (Kellogg et al. 2024,
Choudhary et al. 2025, Dell’Acqua et al. 2025).
Although existing research offers microlevel insights
into how human and Al agents may collaborate by
complementing or substituting each other, it says less
about the meso-level and macro-level consequences of
novel divisions of labor. By examining meso-level
organizational adaptations to human-Al ensembles,
our study provides insights into the changing nature
of work and how organizations are responding with
new hiring demand practices, with implications that
also extend to the broader labor market.

Mechanisms and Development

Our analysis of organizational responses to GPT-3.5
versus GPT-4 provides additional insights into the
mechanisms driving skill deprioritization. The larger
effects following GPT-4’s introduction period, particu-
larly for skills demand related to information provision
(asynchronous), reward distribution (monitoring), and
exception management (operational), suggest that
capability improvement rather than mere awareness
drives organizational adaptation. This natural experi-
ment helps distinguish between two potential mecha-
nisms: (1) changes in managerial beliefs about GenAl'’s
potential, which would be primarily triggered by the
initial ChatGPT-3.5 release, and (2) actual capability
improvement enabling more substantial organizational
restructuring, which would be more pronounced with
GPT-4’s superior capabilities. Our results support the
latter mechanism, aligning with technology adoption
models that emphasize performance expectancy as a
key driver of organizational change (Venkatesh et al.
2003, Beaudry and Pinsonneault 2005). The stronger
effects observed with GPT-4 suggest that organizations
respond more decisively when GenAl demonstrates
more advanced capabilities, indicating that skill
deprioritization is driven by substantive capability
enhancement rather than by hype or novelty effects.

At the same time, it also suggests that the skill
deprioritization that we currently observe may be the
first step in a process of skill reprioritization. Two pro-
cesses are occurring in parallel, and both involve gains
in GenAl skills among employees. Lower-level work-
ers may become less dependent on middle managers
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as they draw on GenAl to obtain the needed informa-
tion for independent decision making, thereby devel-
oping skills in GenAl-augmented information and
decision making. Fewer middle managers overseeing
an organization of the same scale handle fewer coordi-
nation and exception management decisions per
employee, but they likely handle the same number or
even more in total. This also suggests that GenAl-
augmented information collection and decision mak-
ing will likely become a valued capability at multiple
hierarchical levels, especially because middle man-
agers also sometimes need to check whether the inde-
pendent decisions taken at the lower levels are really
optimal for the firm.

Overall, our study documents the immediate effects
of firms’ responses to the inflow of GenAl capabilities
through the selective deskilling of their labor force.
This is a crucial first step, and a key next step in future
research is to identify the processes that underlie each
of these effects as well as the second-order effects,
including how GenAl tools fundamentally shape reor-
ganization when nonhuman problem-solvers handle
greater parts of their operations. Although GenAl is
poised to enhance productivity and create new roles,
it will necessitate a significant adaptation of the work-
force and likely raise strategic considerations about
skills relevant to the organization.

In the medium term, the restructuring of organizing
functions driven by GenAl may intensify intraorgani-
zational conflict, even if our data currently show no
significant short-run effect on conflict-resolution roles.
This aligns with the Kellogg et al. (2020) argument
regarding employee resistance to algorithmic manage-
ment. Pressures may accumulate as GenAl-based
surveillance becomes more salient and as reduced inter-
dependence shifts accountability toward individuals—
conditions that employees are likely to resist. Organiza-
tions could respond by temporarily increasing demand
for conflict-resolution skills, restructuring internal work-
flows, or adopting other strategies to proactively reduce
human-Al frictions; this deserves further investigation.

In the longer term, GenAl may enable the emer-
gence of novel organizational forms that blend human
and GenAl capabilities in ways that differ from
traditional hierarchical structures. The reduced need
for coordination and monitoring might enable
organizations to operate with significantly flatter hier-
archies (Lee and Edmondson 2017) or network-based
structures that were previously impractical because
of coordination costs. Increasing spans of control
could reduce managerial intensity and layers, reallo-
cating humans toward strategic and political tasks
while operational decisions become more automated.
This raises a strategic question about how organiza-
tions will develop and maintain unique capabilities
when key knowledge-generating activities become

increasingly mediated by GenAl. For example, as
organizations like Google potentially outsource cod-
ing tasks to GenAl, how will they ensure the develop-
ment of proprietary technical capabilities that serve as
sources of competitive advantage? The risk of organi-
zational knowledge hollowing—where critical tacit
knowledge erodes as tasks are delegated to GenAl—
represents a significant strategic challenge. One
response could be for organizations to develop new
approaches to knowledge management that explicitly
account for human-AlI collaborative learning, in which
Al enhances rather than substitutes for organizational
learning processes. It could also involve deliberately
maintaining human expertise in strategically critical
domains while delegating other domains coupled with
processes designed to enable human-Al learning rather
than substitution.

Limitations

Although our study provides important insights,
some limitations should be noted. First, our analysis is
based on publicly listed U.S. companies, which may
not fully capture the dynamics in privately held firms
or other national contexts. Publicly listed companies
in the United States are typically large, with more for-
malized hiring processes and better access to cutting-
edge technologies compared with smaller or non-U.S.
firms. Extending the analysis to different types of
organizations and geographical and regulatory
regimes is an important next step to assess the broader
applicability of our results.

Second, our skills classification method combines
topic modeling and manual labeling. Although we
achieved high validation accuracy, there is always a
risk of misclassification or incomplete capture of the
nuanced organizing functions of skills in different
contexts. Future work should test whether alternative
approaches to skill classification produce similar
results.

Third, our identification strategy uses the release of
ChatGPT as an exogenous shock, but there may be
potential spillovers between the treatment and control
groups. If control firms are also exposed to informa-
tion about GenAl capabilities, estimated effects could
be attenuated. This means that our approach may be
conservative as the effects would likely be even stron-
ger without spillovers.

Fourth, as we noted, our short-run estimates reflect
initial inferences about how GenAl capabilities may
impact organizing behavior. Because the inferences
are based on descriptions of what GenAl can do and
initial trials, they are most likely incomplete. Changes
in the nature and extent of organizational changes are
likely to occur over time as GenAl capabilities become
better understood. The reduction in demand for cer-
tain types of skills and organizational roles is a
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comparatively direct response; deeper reorganization,
including the integration of more autonomous GenAl
decision making and automated information distribu-
tion, may unfold over time. We, therefore, interpret
initial responses as a lower bound on longer-run
structural changes.

Finally, the theoretical framework that we employ
along with the recent evidence from different eco-
nomic settings suggests that the skill deprioritization
that we identify is part of a broader trend. The Al
exposure measure from Felten et al. (2021), which
underpins our identification strategy in the Supple-
mentary Analysis section (Online Appendix L4), is
itself built on a framework assessing occupational
exposure not just to language models but to a variety
of Al applications, including image generation and
code generation. This provides a theoretical basis for
expecting similar transformative effects across differ-
ent domains of white-collar work. Indeed, recent
empirical work confirms this crossdomain impact. A
study by Hui et al. (2024) on a large online freelance
marketplace found that the introduction of both text-
based (ChatGPT) and image-based (e.g.,, DALL-E 2)
GenAl models led to significant reductions in employ-
ment and earnings for freelancers in affected occupa-
tions. This finding of adverse effects in a flexible gig
economy, which mirrors the decline in hiring demand
that we observe in established firms, suggests that the
phenomenon is robust across different organizational
forms. Notably, Hui et al. (2024) also find suggestive
evidence that high-quality, top-rated freelancers were
disproportionately affected, which resonates with our
concept of skill deprioritization among knowledge
workers.

Conclusion

Our study opens several exciting avenues for future
research. Our findings raise important questions
about the broader structural consequences of GenAl
adoption. For instance, work on flat organizations
(Lee and Edmondson 2017, Foss and Klein 2022) and
multiple organizational goals (Gaba and Greve 2019)
may offer alternative explanations for why certain
skill domains, such as task allocation or conflict man-
agement, remain stable even as others decline. More
broadly, the organizational forms enabled by GenAl
and the constraints that limit their emergence should
become a central topic in management research. We
hope that this study encourages future work to fur-
ther explore how GenAl is reshaping the organiza-
tional architecture of firms.
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Endnotes

1 By deprioritization, we mean that the skill is less used by firms,
not that it is seen as normatively less valuable. Deprioritization of
skills in the workplace often occurs because workplace use of skills
and societal valuations of skills are frequently decoupled. One of
the authors learned to operate a lathe in middle school, indicating
some societal valuation of this skill, but has never used one since.

2 ChatGPT represents an availability shock to GenAl and Al capa-
bilities by reducing barriers across multiple dimensions. It lowers
knowledge barriers by enabling nontechnical audiences to leverage
complex GenAl and Al capabilities, it lowers prototyping costs by
fostering rapid experimentation, and it may accelerate skill acquisi-
tion and shorten the learning curve—all of the above, even from a
smartphone.

3 See hitps: //www.atlassian.com /platform /artificial-intelligence.

#See https://thejiraguy.com/2023/12/11/atlassian-intelligence-is-
here/.

5 Gee https://www.techcircle.in/2023/03/16/11-companies-using-
gpt-4-in-consumer-products.

6 See https://fedscoop.com/state-department-encouraging-workers-
to-use-chatgpt.

7See https: //www.shrm.org/topics-tools /news/ technology /how-
hr-using-generative-ai-performance-management.

8 To illustrate how we arrived at the 10 subcategories, consider the
“information provision” category. Puranam (2018, p. 11) defines
this as ensuring that agents have information “to execute their own
actions and coordinate actions with others.” This definition alone
(which contains “and”) suggests a split. Our qualitative reading of
thousands of job postings then revealed a third dimension related
to the mode of communication—whether it was synchronous (e.g.,
presenting) or asynchronous (e.g., report writing). For this reason,
we split “information provision” into three distinct subcategories:
coordination, synchronous communication, and asynchronous com-
munication. We applied a similar logic, which is grounded in the-
ory and our qualitative data analysis, to the other core categories.

9 A bad control is a control variable that is itself affected by the treat-
ment. In DiD designs, controlling for variables that may be endoge-
nous to the treatment can lead to biased estimates (Angrist and
Pischke 2009).

1% ChatGPT was introduced November 30, 2022. For this reason, we
consider November as our reference period (f — 1) and December
as the month in which the treatment starts.
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