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Abstract

How will generative Al (GenAl) affect wage inequality across occupations? Be-
yond standard labor-demand effects, GenAl can reshape the wage distribution by
lowering the expertise required to enter occupations, thereby expanding the pool of
potential workers. We develop a general-equilibrium model in which changes in oc-
cupational wages reflect the interaction between these labor supply shifts and pro-
ductivity gains, generating a productivity-scarcity race. Using O*NET task data and
large language model (LLM) ratings, we construct novel measures of GenAl-induced
changes in occupational expertise requirements and the resulting Potential Supply
Shifts (PSS), alongside a companion measure of Potential Productivity Gains (PPG).
We validate the LLM-based measures against occupational characteristics and real-
world GenAl usage data. In our quantitative exercises, these forces operate in op-
posite directions: occupational productivity gains widen between-occupation wage

inequality, whereas reduced entry barriers compress it.
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1 Introduction

The rapid diffusion of generative Al (GenAl) tools since 2023 and the accelerating pace of
model improvement have raised a central question for labor economics: how will GenAl
reshape the wage distribution? Much of the existing discussion approaches this question
from the labor-demand side, focusing on how GenAl raises productivity, automates sub-
sets of tasks, and creates new ones (e.g., Eloundou et al., 2024). This emphasis continues
a long tradition in labor economics of studying how technology reshapes relative labor
demand, from the race between education and technology (Tinbergen, 1974; Katz and
Murphy, 1992; Goldin and Katz, 2008) to task-based models in which technology substi-
tutes for labor in some tasks and complements it in others (Acemoglu and Autor, 2011;

Acemoglu and Restrepo, 2018).

In this paper, we study how GenAl affects the wage distribution across occupations.
We argue that, in addition to its demand-side effects, GenAl can reshape occupational
outcomes through a labor-supply channel, a la Autor and Thompson (2025), by lowering
expertise-based entry barriers. In the spirit of Autor and Thompson (2025), we define
occupational expertise as the specialized knowledge, training, or credentials required to
perform an occupation’s tasks at a professional level. By lowering the human expertise
required to perform occupational task bundles, GenAl can expand the pool of workers
who are qualified to perform a given job. For example, GenAl systems that provide real-
time guidance can enable nurse practitioners to carry out components of diagnosis that
previously required physicians, and paralegals to perform components of document pro-
duction that previously required attorneys and their specialized legal expertise.! This
expansion of potential labor supply increases occupational contestability and can put
downward pressure on wage premia. The overall distributional impact of GenAl there-
fore depends on the interaction between demand-side forces, such as productivity gains

and automation, and supply-side forces operating through occupational entry barriers.

We study these mechanisms theoretically and empirically. We begin by developing a
parsimonious general equilibrium model of occupations and expertise, inspired by Autor

and Thompson (2025). The aim is to provide a simple and tractable framework that iso-

! Autor (2024) suggests that Al can “enable a larger set of workers possessing complementary knowledge
to perform some of the higher-stakes decision-making tasks currently arrogated to elite experts like doctors,
lawyers, coders and educators.”



lates the two channels at the core of our analysis, maps naturally to the empirical objects
we construct, and provides the basis for the quantitative counterfactuals that follow. In
the model, occupations have heterogeneous expertise requirements and workers differ in
a one-dimensional index of expertise (this one-dimensionality assumption is later relaxed
in the dynamic extension). Workers can work only in occupations for which they meet
the requirement, implying that workers who qualify for high-requirement occupations
also qualify for all lower-requirement ones, and wages are determined competitively un-
der CES demand. To map expertise requirements into realized employment, we embed
occupational choice in a discrete-choice framework: more expert workers are more likely
to sort into higher-barrier occupations, but may choose lower-barrier jobs due to idiosyn-

cratic fit and outside options.

In this framework, technology such as GenAl affects occupational wages through two
distinct channels. First, by augmenting labor productivity, GenAl shifts occupational la-
bor demand outward, raising wages most in occupations where it delivers the largest pro-
ductivity gains. Second, by changing the expertise required to perform an occupation’s
task bundle, GenAl can alter entry barriers and, when it lowers them, expand the pool of
workers who can supply labor to that occupation, putting downward pressure on scarcity
premia. The equilibrium effect on the wage distribution depends on how these two forces
vary across occupations. A first-order approximation makes the resulting race between pro-
ductivity and scarcity transparent: the change in each occupation’s wage in partial equilib-
rium equals the net effect of a demand-side term proportional to its Potential Productivity
Gain (PPG) and a supply-side term proportional to its Potential Supply Shift (PSS)—the
change in the number of newly eligible workers when an occupation’s expertise thresh-

old shifts—with the labor demand elasticity governing their relative strength.>>

The PSS index is the key object capturing the supply-side effect of GenAl. In the model,
PSS is determined by several components. First, each occupation has a baseline expertise

requirement that aggregates the expertise needed for its individual tasks. GenAlI can

2The term productivity—scarcity race echoes the classical race between education and technology (Tin-
bergen, 1974; Goldin and Katz, 2008), where technology has been studied primarily through its effect on
labor demand. Here, by contrast, we focus on how technology also shifts supply, by reducing the expertise
required to enter an occupation.

3Under stronger assumptions, we also derive (in Appendix A.4) an exact closed-form race condition
for the expertise premium—the elasticity of wages with respect to occupational expertise requirements. This
object is related to, but distinct from, overall wage inequality.



change this requirement through two margins: an extensive margin, in which some tasks
are fully automated and removed from the occupation’s task bundle, and an intensive
margin, in which tasks that remain human-performed become easier because workers
have access to a GenAl assistant. Combining these two margins yields a post-GenAl
expertise requirement. PSS then measures how many additional workers clear this new,
potentially lower threshold, given the distribution of expertise in the workforce. Like
common exposure measures in the literature (e.g., Eloundou et al., 2024), PSS is therefore
an occupation-level index constructed from task-level assessments that can be computed
without solving for equilibrium. But whereas exposure indices summarize the demand-
side scope for GenAl to affect an occupation by identifying which tasks can be automated
or augmented, PSS captures the supply-side consequence: how much the pool of qualified

workers changes when those task-level changes alter the occupation’s entry barrier.

Motivated by the model, we construct empirical counterparts to its two channels us-
ing O*NET task statements for 19,265 tasks across 923 occupations. Constructing the
PSS measure requires three ingredients: baseline task expertise, GenAl-induced changes
in those requirements, and a mapping from expertise changes to shifts in the qualified
labor pool. For baseline expertise, we follow the definition of expertise in Autor and
Thompson (2025) as a barrier to entry and use large language models (LLMs) to assign
expertise scores to each task. Tasks that require more education, specialized training, or
credentials receive higher scores, while tasks that most workers can perform with mini-
mal instruction receive lower scores. The resulting occupation-level expertise measures
are highly stable across frontier LLMs and strongly correlated with O*NET indicators of
skill, including required education, experience, and wages. To capture the effect of GenAl
on expertise requirements, we quantify the two margins: the extensive margin (task au-
tomation) and the intensive margin (reductions in task difficulty). We measure the ex-
tensive margin by updating the task-level automation exposure measure of Eloundou
et al. (2024) to reflect current GenAl capabilities, and the intensive margin by re-rating
task expertise under the counterfactual that workers have access to a capable GenAl as-
sistant. Finally, we translate the resulting occupation-level expertise changes into supply
shifts by approximating the workforce expertise distribution using baseline occupational

requirements.4

“The full datasets are available at https://github.com/s-mahdihosseini/GenAI_Expertise.
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We validate the extensive—intensive distinction using real-world Al usage data from
the Anthropic Economic Index (Appel et al., 2026). The AEI classifies user-GenAl inter-
actions across O*NET tasks into categories, including task delegation (the user offloads
the task to GenAl, conceptually aligned with our extensive margin) and Al-assisted learn-
ing (the user retains the task while using GenAl for guidance, aligned with our intensive
margin). Consistent with this mapping, our extensive-margin measure is positively cor-
related with task delegation and negatively correlated with Al-assisted learning, while
our intensive-margin measure shows the reverse pattern. This pattern supports the in-
terpretation that our LLM-based measures of the two margins indeed capture distinct

mechanisms: task automation and task assistance.

On the demand side, we construct the empirical PPG measure by aggregating task-
level time savings into an occupation-level productivity index using O*NET task fre-
quency and importance weights. This empirical implementation mirrors the model’s
decomposition: PSS captures how GenAl changes occupational entry barriers and the
potential labor supply, while PPG captures how it changes labor productivity and, hence,

labor demand.

Next, we examine how PSS and PPG vary across occupations. PSS increases with oc-
cupational expertise but declines sharply in the upper tail. This pattern reflects the thin
right tail of the expertise distribution: when few workers are near very high expertise
thresholds, even large reductions in required expertise generate only modest expansions
in the pool of eligible workers. By contrast, PPG rises almost monotonically with exper-
tise, indicating larger GenAl-driven time savings in higher-expertise occupations. These
patterns help interpret the quantitative results that follow. We also compare PSS to the
dominant empirical approach for measuring GenAl’s effects across occupations, namely
exposure indices that classify tasks as affected or automatable and average them into
occupation-level exposure levels (e.g., Eloundou et al., 2024). We find that PSS varies
substantially even among occupations with nearly identical exposure levels, implying
that exposure alone is an incomplete statistic for changes in entry barriers and effective
labor supply. This highlights the value of PSS as a complementary, supply-side measure

when assessing GenAl'’s labor-market impacts.

We then embed the empirical measures of expertise changes and productivity gains

into the deliberately parsimonious calibrated model to quantify their general-equilibrium



implications for occupational wages. To isolate the model’s two channels, we study three
counterfactual GenAl scenarios: one in which GenAl affects occupations only through
productivity gains, holding expertise requirements fixed; one in which it affects occupa-
tions only through reductions in expertise requirements, holding productivity fixed; and
one in which both channels operate simultaneously. The quantitative results align with
the descriptive evidence. Lower-wage occupations experience limited direct productivity
gains, but their wages rise indirectly as reduced entry barriers in higher-expertise occupa-
tions draw workers upward, tightening labor supply at the bottom.” Occupations in the
upper-middle of the wage distribution realize substantial productivity gains but also face
meaningful declines in scarcity premia as entry barriers fall. At the top of the expertise
distribution, wages rise sharply from productivity improvements while supply responses
remain small, since few workers lie near very high expertise thresholds. Overall, the
quantitative exercises confirm the model’s productivity—scarcity race: productivity gains
tend to widen cross-occupation wage inequality, while reductions in expertise require-
ments compress it. In our calibration, productivity wins this race: wage inequality rises
on net, as the compression from lower entry barriers offsets only part of the divergence

generated by productivity gains.

We complement the parsimonious analysis with a dynamic extension that incorpo-
rates occupation-specific expertise and worker switching costs, tracing how the entry-
barrier channel unfolds over time. The model replaces the one-dimensional expertise
threshold with a richer occupation-to-occupation retraining cost matrix. This captures
the intuition that, for example, moving from nursing into medicine is far easier than mov-
ing from nursing into law—even when the destination occupations require similar levels
of overall expertise.® We construct this matrix using LLM-based estimates of pairwise
retraining times across all 3-digit SOC occupations, and validate it against an indepen-
dent O*NET-based measure of directed skill gaps. Beyond the retraining distance, the
model allows some occupations to be inherently harder to leave and others harder to en-

ter through occupation-specific adjustment costs, which are calibrated to match observed

5This is related to the “ripple effects” in Acemoglu and Restrepo (2022): shocks in one part of the oc-
cupational distribution can affect wages elsewhere through worker reallocation. However, the source of
reallocation differs: in their model it comes from automation-induced displacement, while here it comes
from lower entry barriers in higher-expertise occupations.

®The pairwise switching-cost framework nests the hierarchical expertise model as a special case. If
switching costs are set to zero for moves into occupations with equal or lower expertise requirements and
to infinity otherwise, the retraining matrix is reduced to the hierarchical expertise case.



worker transition patterns from a large longitudinal sample of U.S. workers (Schubert
et al., 2024).

We model the Al shock as a heterogeneous reduction in pairwise retraining distances,
with some occupation pairs affected far more than others. We find that—consistent with
the static framework—this channel reduces long-run between-occupation wage inequal-
ity by approximately 9 percent. The compression is concentrated in the upper half of
the distribution, where reduced switching costs erode scarcity premia as more workers
can retrain into high-wage occupations. The adjustment is gradual: at the calibrated pa-
rameters, roughly 80 percent of the long-run effect is realized within nine years, with the
remainder materializing thereafter. At the occupation level, high-wage cognitive occupa-
tions absorb large net employment inflows, driving down their wages. In contrast, low-
wage service occupations shed workers, and their wages rise modestly as labor supply
tightens. These dynamics highlight that the equalizing effects of reduced entry barriers

may take time to fully materialize and play out unevenly across occupations.

We conclude by noting several limitations. The LLM-based counterfactual assessments—
particularly how GenAlI changes task expertise—are inherently difficult to validate and
should be interpreted cautiously. That said, related evidence is broadly consistent with
our framework: Klein Teeselink and Carey (2026) construct an independent LLM-based
expertise measure that is highly correlated with ours, and, using job postings across 39
countries and exploiting ChatGPT’s release as a shock, find that expertise-raising automa-
tion increases advertised wages while expertise-lowering automation does not. In addi-
tion, we hold the set of tasks and occupations fixed, abstracting from endogenous task
creation and task rebundling dynamics (e.g., Acemoglu and Restrepo, 2019; Autor et al.,
2024; Garicano, Luis and Li, Jin and Wu, Yanhui, 2026) that may materially alter these
patterns. Finally, realized effects will depend on the pace and extent of adoption, which
we do not model. With these caveats, the central message is clear: beyond productiv-
ity, GenAl reshapes wage inequality by altering occupational entry barriers. The balance
between productivity gains and expertise-driven supply expansions will play a decisive

role in determining the distributional impact of GenAl.

The remainder of the paper proceeds as follows. Section 2 briefly discusses the related
literature. Section 3 presents the static general-equilibrium model in which GenAl affects

occupational wages through entry-barrier erosion and productivity gains, and derives



a first-order characterization of the productivity—scarcity race. Section 4 describes the
data and constructs our key measures. Section 5 embeds these measures in the calibrated
model and decomposes GenAl’s inequality implications into supply-side and demand-
side components. Section 6 extends the framework to a dynamic setting with pairwise

switching costs. Section 7 concludes.

2 Related Literature

The economic analysis of technology-driven wage inequality has a long intellectual his-
tory. A tradition dating to Tinbergen (1974) and Freeman (1975), formalized in Katz and
Murphy (1992) and synthesized by Goldin and Katz (2008), frames skill premia as the out-
come of a race between education and technology: skill-biased technology raises relative de-
mand for skilled labor, while the supply of educated workers determines whether premia
widen or compress. This paper extends this seminal framework. Building on Autor and
Thompson (2025), we argue that technology itself—specifically GenAl—can also shift the
supply side of the race, by changing the expertise required to perform occupations and,

with it, the set of workers who qualify.”

Relative to Autor and Thompson (2025), our contribution is to adapt the expertise
framework to generative Al and to quantify its implications for between-occupation wage
inequality. We introduce a novel occupation-level measure, the Potential Supply Shift
(PSS), which maps GenAl-induced changes in task-level expertise requirements into changes
in the share of workers newly qualified to perform each occupation. We also extend the
expertise framework by allowing technology to affect expertise through an intensive mar-
gin in which tasks remain human-performed yet become easier with Al assistance. We
then combine these supply-side forces with occupation-level productivity gains in a cali-
brated general equilibrium model to study how GenAlI's demand- and supply-side effects
jointly shape occupational outcomes and wage inequality. Finally, we extend the static,

one-dimensional expertise framework to a dynamic setting in which entry barriers are

"Danieli (2024) studies a related mechanism in the context of routine-biased technological change: skill-
replacing technology lowers the return to skill in routine occupations, directly compressing wage gaps
within those occupations and also inducing compositional changes as higher-skill routine workers exit and
routine jobs become lower-skill on average. Our focus instead is on occupation-level entry-barrier erosion
under GenAl across the occupational distribution.



represented by a pairwise retraining cost matrix across occupations.

Our analysis also builds on the task-based approach to technological change (Autor
et al., 2003; Acemoglu and Autor, 2011; Acemoglu and Restrepo, 2018), which decom-
poses production into tasks and allows technology to substitute for labor in some tasks
and complement it in others. A large body of recent work applies this approach to Al,
measuring occupation-level “exposure” from task content (e.g., Eloundou et al., 2024;
ILO, 2025; Hampole et al., 2025; Felten et al., 2023). These measures summarize how
strongly GenAl applies to an occupation’s tasks and are typically used to study demand-
side channels such as automation and productivity gains. We complement this demand-
side tradition with a distinct supply-side margin: technology’s effect on the entry barrier
into an occupation, defined as the expertise required to perform its task bundle. The
Potential Productivity Gain (PPG) index we construct is in the spirit of exposure indices;
the Potential Supply Shift (PSS) is the corresponding occupation-level object on the supply

side.

A fast-growing empirical literature uses these exposure measures to estimate the la-
bor market effects of GenAl to date by combining them with administrative employment
data, job postings, and online platform outcomes. Several studies find that employment
and hiring of young workers in the most exposed occupations have declined since the
launch of ChatGPT (Brynjolfsson et al., 2025; Klein Teeselink, 2025; Massenkoff and Mc-
Crory, 2026), especially within adopting firms (Hosseini and Lichtinger, 2025). Comple-
menting this evidence, Klein Teeselink and Carey (2026) analyze hundreds of millions
of job postings across 39 countries and find that exposure predicts declines in job post-
ings following the release of ChatGPT, while wage responses vary depending on whether
automation lowers or raises expertise requirements. Moreover, de Souza (2026) uses ad-
ministrative software registry data from Brazil and finds that Al in production settings
increases employment of low-skilled and young workers by enabling them to perform
complex tasks that previously required expertise, providing direct evidence of the barrier-
reduction channel central to our framework. Similarly, Cruces et al. (2026) find that access
to a generative-Al assistant significantly reduces the productivity gap between lower-
and higher-education workers in a randomized experiment where workers were asked to

complete a business problem-solving task.

Our analysis is closest to recent task-based approaches that translate GenAl'’s task-



level capabilities into predictions about wages. Freund and Mann (2025) study how au-
tomation reshapes the task mix within jobs and affects wages through changes in task
importance and worker productivity across tasks. A key implication is that occupation-
level exposure shares can conceal substantial heterogeneity because outcomes depend on
which tasks are affected. In contrast, we focus on a different margin: how GenAl lowers
occupational entry requirements and thereby expands the set of workers who can credibly
supply labor to an occupation, which we summarize with an occupation-level Potential
Supply Shift (PSS) index, designed to be a simple counterpart to exposure measures but
targeted to supply-side effects.

The closest paper in spirit to ours is the recent study by Althoff and Reichardt (2026),
who develop and estimate a dynamic task-based model in which workers accumulate
multidimensional skills over their careers and choose occupations based on compara-
tive advantage. In their framework, Al affects workers through augmentation, automa-
tion, and task simplification, and their richer worker-level structure allows them to study
within-occupation inequality and individual transition paths. Our approach is comple-
mentary but differs along several dimensions. While Althoff and Reichardt (2026) model
inequality both within and between occupations, we focus on the between-occupation
margin, which allows us to cleanly isolate two channels—entry-barrier erosion and pro-
ductivity gains—in a parsimonious and tractable general-equilibrium framework. This
tractability also enables us to derive closed-form conditions for the productivity—scarcity
race (Appendix A.4), and yields the Potential Supply Shift (PSS), a model-driven in-
dex that can be computed directly from task-level data without solving for equilibrium.
Additionally, our dynamic extension features a pairwise switching-cost matrix that cap-
tures asymmetric retraining costs across occupation pairs, whereas Althoff and Reichardt
(2026) use a single scalar switching cost and let differential mobility arise from skill dis-
tances. The two models also yield different quantitative implications. Althoff and Re-
ichardt (2026) find that task simplification is strongly and monotonically equalizing while
productivity gains are roughly uniform across the wage distribution. In contrast, in our
quantitative exercise productivity gains disproportionately benefit higher-wage occupa-
tions, increasing between-occupation inequality, while entry-barrier reductions generate
a U-shaped pattern of wage changes whose equalizing effect is realized gradually as

workers face switching costs that slow reallocation.
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Our dynamic extension also relates to a broader literature on worker reallocation
with occupational switching frictions, including Artug et al. (2010), Dix-Carneiro (2014),
Caliendo et al. (2019), and Traiberman (2019). Especially relevant is Traiberman (2019),
who studies worker adjustment to import competition in a dynamic occupational choice
model with occupation-specific human capital and switching costs estimated from ob-
served worker transitions. Our framework differs in two main respects. First, the shock in
our setting operates through GenAl-driven reductions in occupational entry barriers and
retraining requirements rather than trade-induced demand shifts. Second, rather than re-
cover all switching frictions from realized worker flows, we measure pairwise retraining
requirements directly using LLM-based assessments, while still calibrating occupation-

specific adjustment costs to observed transitions.

3 Model

This section develops a parsimonious general-equilibrium model of occupational wages
and inequality. The model is designed to isolate, with minimal structure, the two chan-
nels we can discipline tightly with our data: (i) productivity gains from GenAl that raise
marginal productivity of labor and shift labor demand, and (ii) expertise-based scarcity that
governs occupational entry and effective labor supply. The goal is to provide a simple and
tractable framework that makes these mechanisms transparent and yields objects that can
be brought to the data. The model also provides the basis for the quantitative counter-
factuals in Section 5. The key distributional mechanism is a race between these forces:
productivity gains tend to widen wage differentials across occupations, while reductions

in expertise barriers increase contestability and compress scarcity premia.

3.1 Environment: Workers, Occupations, and Tasks

The economy contains a unit mass of workers. Worker i has an innate expertise level

e; € R drawn from a continuous distribution F with density f.5

8The static model treats expertise as a one-dimensional, general index. The dynamic extension in Sec-
tion 6 relaxes this by replacing the single threshold with a matrix of occupation-to-occupation retraining
distances, capturing occupation-specific components of expertise in a flexible way.
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There is a finite set of occupations O. Each occupation 0 € O consists of a finite set
of tasks T,. Each task t € T, has an expertise requirement r,; € IRy, representing the
minimum training or knowledge needed to perform the task at a professional level, and
an importance weight ¢, > 0, reflecting how critical the task is to the occupation’s core

function.

Expertise requirement (entry barrier). The occupation-level expertise requirement ag-

gregates task-level requirements via a generalized (power) mean:

1/p
YteT, Pot 7’¢ft
Ry, = [/—~—— , > 1. 1

’ ( YteT, Pot 3 @

A worker with expertise ¢ can work in occupation o if and only if e > R,. The parameter
p controls how much the hardest tasks in an occupation determine its entry barrier. At
p = 1, the barrier is the importance-weighted mean of task requirements. As p — oo, it
converges to max; rot. In this limiting case, the entry condition in our model coincides
with that of Autor and Thompson (2025), where each worker must perform all of an oc-
cupation’s tasks and entry is governed by the most demanding one (the “task-bundling”
assumption).” Autor and Thompson (2025) show that under task bundling and hierarchi-
cal expertise,'” conditional on entry, a worker’s output does not depend on how far her
expertise exceeds the barrier—though her expertise remains valuable because it expands
the set of occupations she can enter. The strict max is a natural theoretical benchmark but
likely overstates how rigidly one task governs entry: in practice, workers can compensate
for weakness in one task with strength in others. The power-mean framework nests both
extremes—and any intermediate case—as special cases. Appendix A.2 shows that our

main findings are robust across a wide range of p values.

 Appendix A.1 develops the hierarchical-feasibility (0 — o) special case in detail.
19Tn Autor and Thompson (2025), hierarchical expertise means that a worker with expertise e; can com-
plete task ¢ if and only if ¢; > ¢.
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3.2 Demand: Occupational Production and Final Demand

Occupational output. Occupation o produces a differentiated intermediate input Y, us-
ing labor:
Yo = Ao L, (2)

where A, > 0 is occupation-specific labor productivity and L, is employment in occupa-

tion o.

At the task level, producing one unit of occupational output requires h, units of labor
time on task t. Total labor time per unit is H, = } ¢, hot, so that A, = 1/ H,. Define the
task’s share of baseline labor time as Ay := hot/ Hy. Any technology that reduces h,; for
some task t lowers H, and thereby raises A,. This formulation is in the spirit of the time-
accounting approach in Acemoglu (2025), where task-level time savings map directly into
occupation-level productivity gains. Formally, we model tasks within an occupation as

combining through a Leontief technology,

Y, = min {&} ,
teT, | hot
where /,; denotes labor time allocated to task t in occupation o and h,; is the labor time re-
quired on that task per unit of occupational output. This implies perfect complementarity
across tasks within an occupation—every task must be completed in fixed proportions—
consistent with the inseparability principle in Autor and Thompson (2025). Under ef-

ficient task allocation, ¢,; = hotY, for all t, so total labor used in occupation o is L, =
Yiet, Lot = Yo Yset, Mot, which yields Y, = A,L, with A, = 1/H, and Hy = Y e, hot.!!

Final demand. A competitive final-good producer aggregates occupational inputs with
a CES technology:

1 o1 %
Y:(Zﬂgyov) , o>1, (3)

0e0

1See Appendix A.3 for the formal mapping from task-level time savings to the occupation-level produc-
tivity shock 77,.
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where &, > 0 captures demand weights and ¢ is the elasticity of substitution across occu-

pational outputs.'? The final good is the numeraire.

Under perfect competition, wages equal marginal revenue product. Combining Equa-

tions (2)—(3) yields an inverse labor-demand schedule of the form

1 1
"L, ", 4)

where x is common across occupations (a normalization pinned down by the numeraire).

Define the occupation-specific demand—-productivity shifter

_1
T

1
B, := k85 AL (5)

Equation (4) highlights the demand-side source of wage dispersion: higher B, implies
higher wages for a given employment level.

3.3 Labor Supply: Feasibility and Occupational Choice

Eligibility does not mechanically imply employment because eligible workers must choose

among multiple feasible occupations. We therefore microfound occupational labor sup-

ply via a discrete-choice model with idiosyncratic preferences over occupations.'?

Feasibility. A worker with expertise e can choose occupationo € O if and onlyife > R,.
Define the feasible set O(e) ;== {0 € O: e > R,}.

Occupational choice. Utility from choosing occupation o is

uj, = logw, + €,

12We follow Autor and Thompson (2025), who similarly impose CES gross-substitutability across occu-
pations (A > 1) and calibrate A = 4 in their numerical exercises. More broadly, ¢ > 1 is standard in CES
skill-demand models, with estimates between skilled and unskilled labor typically in the range 1.4-2 (Katz
and Murphy, 1992; Acemoglu and Autor, 2011).

13This specification—a logit with idiosyncratic preferences over differentiated occupations—is standard
in the structural occupational-choice literature (e.g., Traiberman, 2019) and is the occupational analog of the
firm-level wage-setting model of Card et al. (2018).
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where ¢;, are i.i.d.™ Type-I extreme value with scale T > 0, and u;, = —co if ¢; < R,. The
resulting choice probabilities follow a multinomial logit. In particular, the probability that

a worker with expertise e chooses occupation o, given wages w and requirements R, is

wl/T

= 1{e > R,}. (6)

sole;w, R) =
ol ) YkeO(e) Wi

As T — 0, choices concentrate on the highest-wage feasible occupation.

Aggregate labor supply. Employment in occupation o € O is

(o]

LE(w,R) = [ solesw, R) fle) de. 7)

0

Define the eligible pool

and the average take-up rate among eligible workers 5,(w, R) such that LS = S, - 5,. This de-
composition separates the scarcity margin (eligibility) from the allocation margin (sorting

among feasible options).

3.4 Equilibrium and GenAlI Shocks

An equilibrium is a vector of wages {w, },c0 and employments {L,},c0 such that, for
each occupation o,
wo =B, L;Y7 and L, =LJ(w,R). 9)

Because utility depends on log w,, multiplying all wages by a common factor does not
affect occupational choice probabilities; hence the level of « is irrelevant for allocations

and can be normalized. We calibrate { B, } and 7 in Section 5.1.1.

GenAl affects outcomes through two channels in the benchmark model. Both operate
at the task level and aggregate to occupation-level objects via the structures introduced in
Section 3.1-3.2.

14We abstract from non-wage amenities in the baseline specification; Appendix A.17 shows results are
robust to including them.
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Productivity (demand) channel: Potential Productivity Gain. GenAlI reduces the labor
time required for some tasks. Let g+ € [0, 1] denote the fraction of labor time saved on
task t in occupation 0 when a worker uses GenAl. The occupation-level Potential Produc-

tivity Gain (PPG) is the work-volume-weighted average of task-level time savings:

PPG, := ) Aot &ots (10)

teT,

where Ay = h,/H, are the baseline labor-time shares defined in Section 3.2.> Post-
GenAl, labor time per unit falls to H! = (1 — PPG,) H,, which implies a labor-augmenting

productivity gain:
AN = A, exp(mo), 7 = —log(1— PPG,). (11)

Under Equations (4)—(5), this shifts labor demand through B,.

Scarcity (expertise) channel: Potential Supply Shift. GenAlrelaxes expertise-based en-
try barriers by changing the occupation’s task bundle through two margins. On the exten-
sive margin, GenAl fully automates some tasks, removing them from the set performed by
labor. Let ao; € {0, 1} indicate whether task t is automated. On the intensive margin, tasks
that remain human-performed become easier: GenAl changes the expertise required from

ror to 7.1 Combining both margins, the post-GenAl expertise requirement is

~ 1/
R, := Yrer, @ot (1 — aot) 74 o
o - ZteTo Pot (1 — aot) .

(12)

5The linear aggregation in Equation (10) follows from the time-accounting production structure: each
task must be completed, so total time saved is the share-weighted sum of task-level savings. This dif-
fers from the power-mean aggregation for expertise (Equation (1)) because the two objects have different
economic content—and correspondingly use different weights. Expertise requirements concern feasibility—
whether a worker can perform the occupation at all—where harder tasks naturally receive disproportionate
weight, so the aggregation uses importance weights ¢,;. Productivity concerns efficiency—how much time
the occupation’s full task bundle requires—where each task’s contribution is proportional to its share of
total labor time, so the aggregation uses time shares A;.

16This extensive margin resonates with the “expertise exposure” concept of Autor and Thompson (2025),
though it focuses on potential shifts induced by GenAlI automation rather than on realized changes from
past technologies. The intensive margin is closely related to “task simplification” in Althoff and Reichardt
(2026).
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In principle, GenAl could either raise (ﬁo > R,) or lower (ﬁo < R,) an occupation’s
expertise requirement depending on which tasks it automates and simplifies. The change
in the entry barrier generates a Potential Supply Shift: the shift in the share of the workforce

that meets the occupation’s expertise threshold.

3.5 The productivity—scarcity Race

Potential Supply Shift (PSS). The key supply-side object is how many workers become
newly eligible when entry barriers fall, which we term the Potential Supply Shift (PSS).
Fix an occupation 0 € O. When the entry requirement falls from R, to R,, the increase in
the eligible pool is

PSS, := [F(R,) — F(Ro)]. (13)

For a small reduction R, = R, — AR,, PSS, ~ f(Ry) AR,, so potential inflows are larger
when expertise density is high near the pre-Al threshold.

Outside options and marginal take-up. Newly eligible workers have feasible alterna-

tives. Holding wages fixed, define the outside-option index just below the threshold:

QRy) = Y /"
k:Rk<Ro

The take-up rate of marginally newly eligible workers is

1/t
M= (14)

S = .
ws’ T+ Q(Ry)

At fixed wages, the induced increase in labor supply is approximately

ALS| =~ sy’ PSS,. (15)
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Local incidence. Let ¢, := dlogL]/dlogw, denote the own-wage elasticity of labor

supply (holding requirements fixed). A first-order approximation implies

c—1 1 PSS
Alogw, ~ PPG, — sy ——, 16
Og 0 \0. _'_ 80 (i \0- + 80 (o] LO ) ( )
produvctivity expertise‘g(pansion
AlogL, ~ ——— PPG Sy , 17
g (o] . 0,+ 80 o0 + g‘i_ €0 0 Lo ) ( )
prodlzgtivity expertise:xpansion

where we use the first-order approximation 71, ~ PPG,. These formulas make the
productivity—scarcity race!” transparent: PPG, enters the demand side, PSS, enters the
supply side, and o governs the relative strength of each channel. In the quantitative
exercise we solve the full system in Equation (9) numerically and allow for reallocation
across all occupations. The local expressions above are meant for intuition rather than

measurement.

Appendix A.4 shows that, under stronger distributional assumptions, one can go fur-
ther and obtain an exact closed-form characterization, not of wage inequality itself, but of
the expertise premium, that is, how steeply wages rise with occupational expertise require-
ments. The expertise premium is related to, but distinct from, cross-occupation wage
inequality, which also depends on how workers are distributed across occupations.'® The
analytical result yields a sharp race condition: the expertise premium steepens when pro-
ductivity gains rise with expertise more strongly than the proportional expansion in the
eligible labor pool does, once the former is scaled by the demand elasticity. Appendix A.5
estimates the underlying gradients directly and shows that the two terms in the race con-
dition are close in magnitude, consistent with the quantitative counterfactuals in Sec-

tion 5.

7The name echoes the classical race between education and technology (Tinbergen, 1974; Goldin and
Katz, 2008), with one key difference: here technology shifts both sides of the race—demand through pro-
ductivity gains and supply through reductions in expertise barriers.

18For example, if most workers are concentrated in occupations with similar expertise requirements, the
expertise premium can be steep even when overall wage dispersion is low.
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3.6 Discussion: Automation and Displacement

The benchmark model focuses on two channels that our data can discipline tightly: pro-
ductivity gains and expertise-based scarcity. A third channel—task-level displacement, in
which firms substitute from labor to automation services—is also potentially relevant but
raises distinct identification challenges that motivate treating it separately. The displace-
ment channel operates through firms” decision to substitute from labor to automation
services. In task-based models of automation (Acemoglu and Restrepo, 2022; Acemoglu,
2025), the equilibrium incidence of this channel depends on the balance between a substi-
tution effect (automation replaces labor in affected tasks) and a scale effect (lower unit costs
raise output demand, partially restoring labor demand). Which force dominates depends
on objects that are difficult to discipline empirically: the effective price of automation ser-
vices, the within-occupation elasticity of substitution between labor and automation, and

the mapping from task-level exposure to structural substitution parameters.'”

Appendix A.7 formalizes this extension by introducing a CES task-level production
function that nests the benchmark model as a special case. Appendix A.8 documents that
the displacement channel’s effect on inequality is highly sensitive to these additional pa-
rameters: across plausible calibrations, it can range from strongly inequality-increasing to
inequality-decreasing. In contrast, the productivity and scarcity channels are disciplined
entirely by observable task-level data: PPG, is constructed from task-level exposure in-
dicators and work-volume weights, and PSS, is constructed from task-level expertise
ratings and the empirical distribution of worker expertise (Section 4). We therefore treat
the productivity—scarcity race as the benchmark and displacement as a complementary

extension whose quantitative incidence remains an open empirical question.

4 Data, Key Variables, and Descriptive Findings

This section takes the model to the data. The model identifies two occupation-level objects
that shape the productivity—scarcity race: the Potential Productivity Gains (PPG,), which
enters the demand side through Equation (10), and the Potential Supply Shift (PSS,),

9Relatedly, Autor and Kausik (2026) show that under constant returns to scale, the wage-maximizing
labor share depends only on the capital-to-labor ratio, and estimate that all twelve industrialized countries
they study exceed this level—implying that further automation would raise wages.
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which enters the supply side through Equation (13). Both are constructed from task-
level primitives—time savings g,:, expertise requirements r,; and 7o, and automation
indicators a,,—and from the current cross-occupation distribution of workers. We mea-
sure these objects using O*NET task statements for 19,265 tasks across 923 occupations
(O*NET, 2023), complemented by LLM-based evaluations. The complete task-level and

occupation-level datasets are publicly available.?’

We proceed in two parts. Section 4.1 constructs the supply-side objects: the baseline
expertise requirement R, (Equation (1)), the post-GenAl requirement R, (Equation (12)),
and the resulting PSS,. Section 4.2 constructs the demand-side object PPG,. We then
document how PSS and PPG vary across the occupational distribution (Section 4.3) and

benchmark PSS against standard exposure measures.

4.1 Potential Supply Shift (PSS)

The central supply-side object is the change in the fraction of workers with sufficient
expertise to perform an occupation following GenAl effects, defined in the model as
PSS, = F(R,) —F (ﬁo) (Equation (13)). We construct this in three steps. First, we measure
the baseline expertise requirement R, of each O*NET occupation. Second, we estimate
how GenAlI changes this requirement through the two channels formalized in Section 3.4:
an extensive margin (a,¢), in which some tasks are automated and removed from the bun-
dle performed by labor, and an intensive margin (7,), in which remaining tasks become
easier to perform with GenAl assistance. Third, we translate the resulting R, into changes
in the size of the qualified workforce using an empirical approximation of the expertise
distribution F.

4.1.1 Step 1: Baseline Expertise of Tasks and Occupations

We begin by constructing a task-level measure of expertise following the framework of
Autor and Thompson (2025). Expertise is defined as a barrier to entry: tasks that re-
quire specialized training, credentials, or substantial occupation-specific knowledge re-

ceive higher scores, while tasks that most workers can perform with minimal instruction

20The datasets are available at https://github.com/s-mahdihosseini/GenAI_Expertise.
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receive lower scores. Using GPT-5.2, we assign each O*NET task an expertise score on a
tive-point scale from 1 (minimal expertise) to 5 (very high expertise). The full prompt is

provided in Appendix A.12.

We then aggregate task-level expertise to the occupation level. Because expertise is
measured on an ordinal scale, we map expertise categories into a continuous measure
based on the task-specific training time, measured in months, required for a typical adult
to perform the task at a professional level. To construct this mapping, we use an ad-
ditional LLM prompt to estimate training months for each task without GenAlI assis-
tance (Appendix A.13). Rather than imposing a single global mapping, we construct an
occupation-specific mapping by assigning, for each occupation and expertise category,
the median training time among tasks in that category. This approach captures system-
atic cross-occupation differences in how expertise translates into training requirements.

Table 1 reports the pooled category-to-training-time mapping for reference.

Table 1: Mapping Expertise Categories to Required Training Time

Expertise Category Description Training Months
No or minimal expertise; generic or basic tasks; learn
1 . i 1 .. 0.25
quickly with little training
5 Low expertise; short training; limited occupation- 1

specific knowledge

Moderate expertise; solid occupation-specific knowl-
3 edge; often requires credentials, apprenticeship, or sub- 4
stantial on-the-job learning

High expertise; advanced specialized knowledge; signif-

. .. e .. 12
icant training, degree, or certification

Very high expertise; deep specialized expertise; often ad-

> vanced professional or graduate-level training

60

Notes: The table reports the mapping between the 1-5 ordinal expertise scale and the continuous
measure of required training time (in months) used in our analysis. The mapping is derived
by calculating the median training time for all tasks within each expertise category, based on
estimates generated by GPT-5.2.

Using this mapping, we implement the model’s power-mean aggregator (Equation (1))
empirically. Let x*4! denote the training-month requirement for task  in occupation o
without GenAl—the empirical counterpart of the model’s expertise requirement r,;,—and

let w,; denote the O*NET task weight (1 for core tasks, 0.5 for supplemental tasks, follow-
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ing Eloundou et al. 2024), which serves as the empirical counterpart of the importance
weight ¢,;. We set p = 1 (the importance-weighted arithmetic mean), following Au-
tor and Thompson (2025), who measure occupational expertise as the average expertise
across tasks within an occupation (Appendix A.2 shows that our results are robust to

alternative values of p). The baseline occupation-level expertise requirement is then

Al
w thlO
XgoAI — ZteTo (0 ot (18)

Yie T, Wot ’

-~

B )

which is the empirical counterpart of R, from Equation (1).

Appendix A.15 validates this measure, showing it is highly stable across frontier LLMs
(R? > 0.90) and strongly correlated with O*NET-based measures of required education
and experience and with wages. Figure A.8a plots the distribution of X", The mean

baseline requirement is 9.61 months (SD 12.48), with a median of 5.24 months.

4.1.2 Step 2: The Effect of GenAl on Occupational Expertise Requirements

Extensive Margin: We next quantify the extensive margin formalized in Section 3.4:
GenAl fully automates some tasks, removing them from the set performed by labor (the
indicator a,; in Equation (12)). We identify automatable tasks by updating the task-level
automation exposure methodology of Eloundou et al. (2024) to reflect current GenAl ca-
pabilities. Using GPT-5.2 and an updated prompt (Appendix A.9), the model assigns each
task to one of five automation categories based on the share of task components that can
be performed by current GenAl systems: 1 (0 percent), 2 (0-50 percent), 3 (50-80 percent),
4 (80-100 percent), and 5 (100 percent automatable). We define a binary automation ex-
posure indicator a, € {0,1} (empirical counterpart of the model’s a,;) that equals one for
tasks in categories 4-5, i.e., at least 80 percent automatable. Under this definition, 4,107
tasks (21.3 percent) are classified as automatable. Appendix A.10 shows that occupation-
level exposure shares implied by this updated measure are strongly correlated with the

original Eloundou et al. (2024) measure.
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Intensive Margin: We next quantify the intensive margin: tasks that remain human-
performed become easier, reducing the expertise required from 7, to 7,¢ in the model’s
notation (Section 3.4). To measure this channel, we re-rate each task’s expertise under
a counterfactual in which the worker has access to a capable GenAl assistant, using a
separate prompt that combines the expertise definition with explicit GenAl capability
assumptions. Importantly, this prompt is issued independently of the baseline, so the
counterfactual rating is not a mechanical transformation of r,;. The full prompt is reported

in Appendix A.16.

Figure 1a compares the distribution of tasks across expertise categories with and with-
out GenAl assistance, and Figure 1b summarizes the implied transitions. The share of
tasks rated as high expertise (category 4) falls from 30.0 percent without GenAl to 8.4
percent with GenAl assistance, while the share in the lowest category rises from 6.0 per-
cent to 22.9 percent. Except for category 1, more than half of tasks in each category are
predicted to shift down by one expertise category; the pattern is most pronounced for
category 4 tasks, of which 79.0 percent are predicted to require only category 3 expertise

with GenAl assistance.

Combining the Extensive and Intensive Margins: Combining both margins yields the
empirical counterpart of the model’s post-GenAl expertise requirement R, (Equation (12)),
evaluated at p = 1:

withAl
Xgombined _ ZtETo w"t(l B ‘XOt)xot (19)

YT, Wor(1 — o)

. NV
]E[x(z)tgzthAI ‘“atZO]

withAl

where x7}

is the empirical counterpart of 7,; (entry barriers with GenAl assistance).

Figure A.8 in Appendix A.14 plots the distributions of occupation-level expertise un-
der each scenario. The combined post-GenAl distribution closely resembles the intensive-
margin distribution, indicating that in our exercise the intensive margin is quantitatively
dominant. This dominance is sensitive to our calibration: a higher assumed automation
threshold or a more capable GenAl would each push more weight onto the extensive
margin. Another important caveat is that we abstract from the creation of new tasks and

occupations in response to GenAl.
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Figure 1: The Expertise Distribution of Tasks With and Without GenAlI Assistance

Notes: The figure displays the shift in task-level expertise requirements due to GenAl as-
sistance. Panel (a) plots the distribution of tasks across the five expertise categories under
two scenarios: "Without LLM Assistance” (blue bars) and "With LLM Assistance” (red
bars). Panel (b) presents a transition matrix comparing the expertise level required without
GenAl (x-axis) to the level required with GenAl (y-axis). The size of each bubble and the
label above it correspond to the percentage of tasks starting in the x-axis category that tran-
sition to the y-axis category.

Validation with Real-World AI Usage Data: As an external validation of our two task-
level margins, we compare them to real-world GenAl usage patterns from the Anthropic
Economic Index (AEI; Appel et al., 2026). The idea is straightforward. If the extensive
and intensive margins capture distinct channels through which GenAlI affects work, they
should be associated with different modes of Al use in practice. Tasks that are more au-
tomatable should be more likely to be delegated to Al, whereas tasks for which Al mainly
lowers expertise requirements should be more likely to involve Al-assisted learning or

guidance.

The AEI provides task-level measures of how Anthropic’s Claude model is used in
practice, based on anonymized conversations matched to O*NET task statements. For
each task, it reports the log count of conversations involving the task, an average speedup
measure (human-only time relative to human-with-Al time), and the shares of conversa-
tions classified as “directive” (user delegates, Al executes) and “learning” (user seeks

explanations to build skill). We correlate these AEI measures with our two task-level
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margins: the extensive margin, measured by the automation indicator (a,s € {0,1}),
and the intensive margin, measured by the reduction in required training months, d,; =

x0AL _ withAl Figure 2 reports Pearson correlations.

The results are consistent with the distinction between the two margins. Both mar-
gins are positively correlated with task usage and speedup. This indicates that tasks our
measures identify as more Al-affected are also used more frequently with Al and are as-
sociated with larger time savings. But the two margins differ sharply in usage mode.
The extensive margin is positively correlated with directive use and negatively correlated
with learning use, while the intensive margin shows the opposite pattern. This is con-
sistent with the interpretation that more automatable tasks are more often delegated to
Al, whereas tasks for which Al lowers expertise requirements are more likely to involve
workers using Al to build capability while remaining actively engaged in the task. These
correlations are only suggestive, but they provide useful external evidence that the exten-
sive and intensive margins capture empirically distinct dimensions of GenAl’s effect on

occupational tasks in real-world applications.

0.3 4

0.2

0.14

Pearson r

0.0 1

—0.14

—0.2 1

Task Usage Count Speedup Directive Learning

| B Intensive Margin B Extensive Margin |

Figure 2: Correlations Between AEI Usage Metrics and Expertise Margins

Notes: The figure reports Pearson correlations between task-level AEI usage metrics and our two
margins of GenAl's effect on expertise requirements: the intensive margin (reduction in required
training months, blue) and the extensive margin (binary automation indicator, red). AEI metrics
are averaged across the Claude.ai and first-party API platforms. Error bars show 95% confidence
intervals. Data source: Anthropic Economic Index v4 (Appel et al., 2026).
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4.1.3 Step 3: Mapping Expertise Changes to Potential Labor Supply Shifts

The model defines the eligible pool as S,(R) = 1 — F(R,) (Equation (8)) and the Poten-
tial Supply Shift as PSS, = F(R,) — F(R,) (Equation (13)). Implementing these objects
requires an estimate of the expertise distribution F. We proxy this using the employment-
weighted distribution of baseline occupational expertise requirements X4 2l Let F(x)
denote the corresponding empirical employment-weighted CDF. When we need F(-) at
counterfactual expertise requirements, we evaluate it by linear interpolation over the em-
pirical CDF grid. Figure 3 plots the implied PDF and CDEFE. The distribution is right-

skewed, with substantial mass at low-to-moderate expertise levels and a thin upper tail.
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Figure 3: The Distribution of Workers Across Expertise Levels

Notes: Panel (a) displays the probability density function (PDF) and Panel (b) displays the cumu-
lative distribution function (CDF) of baseline occupational expertise, weighted by 2024 employ-
ment. This distribution serves as our proxy for the aggregate distribution of workforce expertise.

Applying the model’s definitions to the data, the empirical PSS for occupation o is
PSS, = F(XgOAI) . F(Xgombined)’ (20)

where X704l and X¢ombined are the empirical counterparts of R, and R,. A positive PSS, in-

21This is a proxy rather than an exact inversion of the model’s latent expertise distribution F: in the
model, observed employment reflects both expertise-based eligibility and idiosyncratic taste shocks across
feasible occupations. In Appendix A.17 we construct an alternative expertise distribution directly from
the educational attainment of the CPS data and show that our counterfactual results (Section 5)—both
qualitatively and in magnitude—are robust to this alternative measure.
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dicates that GenAllowers effective entry barriers, expanding the fraction of the workforce
qualified to perform the occupation. Figure 4 plots the distribution of PSS, across occu-
pations. The mean PSS is about 0.11, implying that for the average occupation, GenAl
expands the qualified labor pool by 11 percentage points of the workforce.
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Figure 4: Potential Supply Shift (PSS) Across Occupations

Notes: The figure displays the distribution of the occupation-level Potential Supply Shift (PSS).
PSS is defined as the increase in the share of the total workforce capable of performing the occu-
pation after GenAl integration: F(X!0Al) — F(Xgombined)

4.2 The Potential Productivity Gains (PPG) of Occupations

The model defines occupation-level potential productivity gains as PPG, = ) ; Aptgot
(Equation (10)), where g is the fraction of labor time saved on task t, and A is task
t’s baseline share of labor time within occupation 0. We implement this object using the
task-level exposure index f,; from Eloundou et al. (2024) as the empirical counterpart of
Qot- Specifically, B,s = 1 for tasks exposed to an LLM alone, corresponding to time savings
of at least 50 percent; B, = 0.5 for tasks exposed only with additional software integra-
tion; and B,; = 0 otherwise. To proxy the model’s labor-time shares A,;, we use O*NET
measures of task frequency (Freq,, converted to annualized occurrences) and task im-
portance (Imp,;, measured on a 1-5 scale). Their product captures each task’s share of

baseline work volume within the occupation. We then scale the resulting weighted aver-
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age by 0.5 to impose a conservative lower bound on implied time savings. The resulting

empirical measure is:

(21)

PPG, = 0.5 x (ZteTo Freqor x Impo > p “t> .

Ltet, Freqor X Impo;

Figure 5 plots the distribution of PPG, across occupations. The mean is 0.17 (SD 0.11),
implying that for the average occupation, GenAl could reduce total work time by roughly
17 percent under this conservative calibration. In the quantitative model (Section 5), we
map PPG, into the occupation-level productivity shock using Equation (11), so that 77, =
—log(1 — PPG,). Note that for small values of PPG,, 11, =~ PPG,.

50+ iMean (SD): 0.17 (0.11)
| IMedian: 0.18
40 i
I
= i
2 30- X
(o) 11
S5 [
= |
£ 201 I
X
[
104 |

0; Ll [
1 2 3 4 5

Potential Productivity Gains (Time Savings)

Figure 5: Potential Productivity Gains (PPG) Across Occupations

Notes: The figure shows the distribution of the occupation-level Potential Productivity Gains
(PPGy). PPG, is defined in Equation (21) as 0.5 times the work-volume-weighted average of the
task-level augmentation indicator B,; from Eloundou et al. (2024), where task work volume is
Fregot x Impot.

4.3 PSS and PPG Across the Occupational Distribution

This section summarizes how GenAl-induced changes in occupational entry barriers and
productivity vary across occupations. Figure 6 reports bin-scatter plots of PSS and PPG
against baseline expertise. Panel 6a shows that PSS increases with baseline expertise,

measured as (1 — S,) x 100, across most of the distribution, implying that GenAlI tends to
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relax entry barriers more strongly for many initially higher-expertise occupations. How-
ever, the relationship is sharply non-monotone: above roughly the 90th percentile, PSS
declines steeply, indicating comparatively small supply expansions in the extreme upper
tail. This upper-tail decline reflects the thin right tail of the workforce expertise distribu-
tion. When an occupation’s entry threshold lies far out in the upper tail, few workers sit
close to the cutoff, so even sizable reductions in required expertise translate into limited

expansions in the eligible pool.

Panel 6b plots PPG against baseline expertise. PPG rises strongly with baseline exper-
tise over most of the distribution: occupations that sit higher in the expertise distribution
are predicted to experience larger time savings from GenAl augmentation. The contrast
between the two panels is striking: while both PSS and PPG rise with expertise across
most of the distribution, the supply-side effect (PSS) reverses sharply in the upper tail

whereas the demand-side effect (PPG) continues to increase.
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Figure 6: PSS and PPG vs. Baseline Expertise—Bin-scatter Plots

Notes: The figure reports bin-scatter plots at the occupation level. Occupations are sorted by the
baseline expertise percentile, defined as (1 — S,) x 100, and grouped into equal-sized bins; each
point plots the bin mean of the y-axis variable against the bin mean of baseline expertise. Panel
(a) plots the Potential Supply Shift (PSS), defined as the change in the share of the workforce
qualified to perform the occupation after GenAl integration. Panel (b) plots the Potential Pro-
ductivity Gains (PPG,), defined in Section 4.2.

These patterns imply heterogeneous wage effects across the occupational distribution.
Lower-skilled occupations are predicted to experience relatively modest direct productiv-
ity gains, but may still be affected indirectly as reduced entry barriers expand access to

more skilled work. Occupations in the middle and upper-middle of the expertise distribu-
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tion combine substantial productivity gains with meaningful increases in contestability,
as relaxed entry barriers erode scarcity premia. By contrast, the highest-expertise occupa-
tions are predicted to benefit strongly from productivity improvements while experienc-
ing comparatively small supply responses, because reductions in expertise requirements
admit few additional workers from the thin upper tail of the expertise distribution. This
heterogeneity motivates the general equilibrium analysis that follows, which quantifies
how productivity gains and expertise-driven supply expansions jointly shape wages and

employment once workers reallocate across feasible occupations.

4.4 Benchmarking PSS Against Exposure Measures

A leading approach in the GenAl labor-market literature is to measure occupational “ex-
posure” by classifying tasks as automatable and then computing the share of exposed
tasks (e.g., ILO, 2025; Gmyrek et al., 2023; Eloundou et al., 2024; Felten et al., 2023). These
exposure indices play a central role in both research and policy discussions of GenAl (e.g.,
Goldman Sachs, 2023; ILO, 2025; OECD, 2024; IMF, 2025; Brynjolfsson et al., 2025; John-
ston and Makridis, 2025; The Budget Lab, 2025; Hosseini and Lichtinger, 2025). Because
exposure remains the dominant benchmark, it is useful to benchmark it against PSS, even
though this comparison is somewhat tangential to our main focus on distributional pat-

terns in expertise and productivity.

Exposure measures are useful for summarizing how strongly GenAl applies to an
occupation’s tasks, but they are less well suited to our question, which concerns how
GenAlI changes occupational entry barriers and effective labor supply. For that purpose,
exposure measures are incomplete for two reasons. First, they typically do not distin-
guish between impacts on high-expertise and low-expertise tasks, even though these
have different implications for entry barriers and scarcity premia (see Autor and Thomp-
son, 2025). Second, they often focus on extensive-margin automation and therefore miss
intensive-margin effects through which GenAl reduces the expertise required to perform
tasks that remain human-performed. Our PSS measure is designed to capture this supply-
side channel by incorporating task expertise and combining extensive-margin automation

with intensive-margin task simplification.

Figure 7 illustrates the relationship between PSS and an exposure measure, defined as
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the share of automatable tasks within an occupation (see Section 4.1.2 for details on the
automation measure). Panel (a) shows a positive association between exposure and PSS,
but also substantial dispersion: even among occupations with similar exposure shares,
PSS varies widely. Panel (b) shows that PSS rises with exposure at low to moderate ex-
posure levels, but the relationship flattens among highly exposed occupations. Together,
these patterns underscore that exposure alone is an incomplete statistic for characteriz-
ing GenAl-induced changes in occupational entry barriers and effective labor supply. To
make the dispersion concrete, Appendix Figure A.7 reports the PSS of occupations with
nearly identical aggregate exposure shares—between 29 and 31 percent (approximately
the 75th percentile of the exposure distribution). Despite their nearly identical exposure
levels, these occupations exhibit large differences in PSS. Treating them as equally ex-
posed, as is common in the literature, obscures economically meaningful heterogeneity

in how GenAl affects entry barriers and labor supply.
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Figure 7: Automation Exposure vs. PSS

Notes: The figure plots the occupation-level relationship between the share of exposed tasks and
the potential supply shift (PSS) index. Panel (a) shows a scatter plot in which each dot represents
a single occupation. Panel (b) presents a bin-scatter plot that groups occupations into equal-sized
bins based on aggregate exposure and plots the mean PSS within each bin.

Consider, for example, Postsecondary Teaching Assistants and Aerospace Engineers.
Both occupations have similar shares of exposed tasks, yet their predicted PSS differs
sharply: Teaching Assistants exhibit a large PSS, close to 30 percentage points, while the
PSS for Aerospace Engineers is close to zero. Several forces contribute to this difference.
On the intensive margin, GenAl simplifies tasks in both occupations, reducing required

expertise. On the extensive margin, however, GenAl is predicted to automate relatively
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high-expertise tasks for Teaching Assistants, such as grading and course material prepa-
ration, which lowers the occupation’s effective expertise requirement. For Aerospace En-
gineers, by contrast, exposure is concentrated in lower- and moderate-expertise tasks,
such as documentation and record keeping, which raises the average expertise of the re-
maining task bundle and partially offsets intensive-margin effects. Initial expertise levels
also matter: Aerospace Engineers sit far out in the upper tail of the expertise distribution,
where worker density is low, so comparable reductions in required expertise translate into
smaller increases in effective labor supply than for Teaching Assistants, who are closer to
the center of the expertise distribution where density is higher. This interaction between
task composition and the underlying expertise distribution explains why PSS can differ

sharply even among occupations with similar exposure.

5 Inequality Implications

This section quantifies how GenAl affects the distribution of occupational wages through
the two forces emphasized by the model: (i) productivity gains, which raise marginal rev-
enue products and shift labor demand, and (ii) expertise reductions, which relax entry-
barrier constraints and expand the pool of workers eligible for each occupation (the scarcity

channel).

Section 5.1 embeds the empirically constructed PSS and PPG measures into the cali-
brated equilibrium system from Section 3.4 and solves for counterfactual wages numer-
ically, allowing the full non-parametric structure of the occupation distribution to shape
outcomes.”?> Appendix A.5 complements this analysis by taking the closed-form race
condition for the expertise premium (Appendix A.4) directly to the data, estimating how
productivity gains and supply-pool expansions vary with expertise across occupations
and finding that the two race-condition forces are close in magnitude, with productivity

slightly dominating.

22The local comparative statics in Section 3.5 provide intuition but are not designed for the potentially
large and heterogeneous changes induced by GenAl. Large shocks can generate non-linear responses, and
expertise reductions can shift the relevant scarcity margins by expanding feasible sets non-uniformly across
the expertise distribution. For these reasons, we solve the full wage-employment system (Section 3.4)
numerically.
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5.1 Quantitative Counterfactual Exercise
5.1.1 Calibration and Implementation

We take the baseline (pre-Al) occupational wage and employment vectors from the O*NET
data. To construct the distribution of worker expertise, we assign each occupation an ex-
pertise level as described in Section 4.1.1 and map all workers employed in that occupa-
tion to that expertise level. This yields an employment-weighted distribution of occupa-
tional expertise, which we use as a proxy for the underlying distribution of worker ex-
pertise in the baseline economy. While this construction abstracts from within-occupation
heterogeneity in expertise, it preserves the cross-occupation structure that governs feasi-
bility and scarcity in the model. It is worth noting that this proxy does not invert the
model’s latent expertise distribution F: in the model, observed employment reflects both
expertise-based eligibility and idiosyncratic taste shocks across feasible occupations. As
an alternative, Appendix A.17 constructs an expertise distribution from CPS ASEC 2024
educational attainment data. The two measures are highly correlated at the occupation
level (Pearson correlation of 0.826 across 889 occupations), and our counterfactual results

are robust, both qualitatively and quantitatively, to using this alternative measure.

We then solve for the model objects that rationalize these baseline wages and em-
ployment levels as an equilibrium under baseline feasibility. The two key parameters
governing equilibrium sensitivity are the CES elasticity of substitution across occupa-
tional inputs, o, and the dispersion parameter in occupational choice, T. The vector of
occupation-specific wedges {B, } is calibrated so that the observed baseline wage vector
is an exact fixed point of the model given baseline employment and feasibility. This cali-
bration ensures that counterfactual changes are interpreted as deviations from a correctly
matched baseline equilibrium, rather than reflecting baseline misfit.>> Table 2 summa-
rizes the parameters used in the quantitative exercise, their roles in the model, and the

moments or conditions used for calibration.

23 Appendix A.17 shows that the main results are robust to enriching the model with occupation-specific
amenities that match observed employment shares via a BLP-style contraction mapping.
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Table 2: Calibration Targets and Parameter Values

Object Role Target (baseline) Value /
outcome

o4 Substitution across occupations Standard value 5.0

T Choice dispersion (sorting / Baseline employment 0.71

reallocation friction) dispersion: Var(logL,)
{Bo}oco Occupation-specific wedges GE fixed-point condition: Calibrated
wo = By Ly /7 occupation-by-

occupation

Notes: B, is chosen so that the observed baseline wage vector is an exact fixed point of the model under
baseline feasibility.

5.1.2 The Effect of GenAl on the Wage Distribution

In this section, we evaluate three counterfactual environments: (i) expertise reductions
only, in which GenAl relaxes feasibility constraints through intensive and/or extensive
margins without affecting productivity; (ii) productivity gains only, in which occupation-
specific productivity shifts A, — Aye”™ occur with feasibility held fixed; and (iii) com-
bined effects, in which expertise reductions and productivity gains operate simultane-
ously. For each environment, we compute partial-equilibrium (PE) outcomes—which
hold the broader wage structure fixed—and general-equilibrium (GE) outcomes—which
allow workers to reallocate across occupations subject to feasibility constraints (i.e., work-
ers can enter only occupations whose expertise requirements they meet) and idiosyncratic
fit.

We begin by presenting aggregate changes in the wage distribution, and then turn to
the incidence of wage changes across the pre-Al wage distribution to clarify the mecha-

nisms behind these aggregate patterns.

Aggregate wage inequality. Table 3 reports standard inequality statistics, and Figure A.13
in Appendix A.18 plots the corresponding employment-weighted densities of occupa-

tional log wages.

Expertise reductions only. Relaxing expertise constraints is equalizing. In general equi-
librium, the variance of log wages falls from 0.201 to 0.187, and upper-tail inequality
declines substantially: the p90—p50 gap falls from 0.733 to 0.670. These effects reflect
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reduced scarcity in high-expertise occupations as lower entry barriers expand the pool of
eligible workers. General-equilibrium reallocation amplifies the compression relative to

partial equilibrium, as newly eligible workers sort into previously scarce occupations.

Productivity gains only. When GenAl raises productivity without changing feasibility,
wage dispersion increases. In general equilibrium, the variance of log wages rises to 0.253,
and the p90— p50 gap increases to 0.857. Although worker reallocation dampens these
effects relative to partial equilibrium, productivity gains remain strongly disequalizing,

with larger wage increases concentrated in higher-wage occupations.

Joint counterfactual. When both expertise reductions and productivity gains operate
simultaneously, the two forces partially offset. In general equilibrium, overall wage dis-
persion rises modestly relative to baseline: the variance of log wages increases from 0.201
to 0.230, while the p90— p50 gap rises from 0.733 to 0.789. Lower-tail inequality increases
slightly, with the p50—p10 gap rising from 0.421 to 0.451. Overall, the joint outcome
highlights the productivity—scarcity tradeoff: productivity gains push wages apart, while
expertise reductions compress wage premia, yielding a net effect on inequality that is

modest in aggregate but uneven across the distribution.?*

Table 3: Wage Inequality Under Baseline and GenAI Counterfactuals

Scenario Var(logw)  p10 p50 p90  p90 — pl0 p50 — p10 p90 — p50

Baseline 0.201 10.495 10916 11.648 1.154 0.421 0.733
Supply PE 0.192 10.540 10964 11.634 1.094 0.424 0.670
Supply GE 0.187 10.596 10.990 11.660 1.064 0.394 0.670
Prod PE 0.264 10.538 11.070 11.928 1.389 0.531 0.858
Prod GE 0.253 10.549 11.049 11.906 1.356 0.500 0.857
Both PE 0.247 10.631 11.115 11.952 1.322 0.485 0.837
Both GE 0.230 10.686 11.136 11.925 1.240 0.451 0.789

Notes: Employment-weighted wage moments. “Supply” corresponds to expertise re-
ductions (scarcity channel); “Prod” corresponds to productivity gains (demand channel);
“Both” combines both forces. PE holds the broader wage structure fixed; GE allows real-
location across feasible occupations.

Wage changes by initial wage percentile. Aggregate distributions summarize how in-

equality changes overall, but they do not show where in the pre-Al wage distribution gains

24These patterns are robust to both an alternative expertise distribution derived from CPS educational
attainment and to the inclusion of occupation-specific amenities (Appendix A.17).
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and losses occur. To make the model mechanism transparent—and to connect directly to
the descriptive evidence on how PSS and PPG vary across the expertise and wage dis-
tributions (Section 4.3)—we plot wage changes against an occupation’s position in the

baseline wage distribution.

Figure 8 plots, on the x-axis, the occupation’s percentile in the pre-Al wage distribu-
tion and, on the y-axis, the percentage change in wages in general equilibrium. The figure

is shown separately for expertise reductions only and productivity gains only.

Expertise reductions (scarcity channel). Wage changes under expertise reductions are
U-shaped across the initial wage distribution. Occupations in the lower tail experience
wage gains as reduced entry barriers expand access to higher-paying jobs. In the middle
of the distribution, wages fall as contestability increases and scarcity premia are eroded.
At the top of the distribution, downward wage pressures diminish sharply and wages
rebound toward zero, consistent with the descriptive finding that PSS is small in the ex-
treme upper tail (Figure 6a): because the workforce expertise distribution is thin at very
high thresholds, even sizable reductions in required expertise admit relatively few newly
eligible workers. This U-shaped pattern is robust to the choice of the aggregation expo-
nent p (Appendix A.2, Figure A.3).

Productivity gains. In contrast, productivity gains generate an increasing profile of
wage changes across the initial wage distribution. This pattern mirrors the descriptive
evidence that PPG is higher for more expert—and hence higher-wage—occupations (Fig-
ure 6b), so demand shifts are concentrated toward the upper part of the distribution. The

productivity channel is therefore strongly disequalizing in isolation.
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Figure 8: Wage Changes in GE by Pre-AI Wage Percentile

Notes: Each panel plots the percentage change in occupational wages (general equilibrium)
against the occupation’s percentile in the baseline wage distribution. Points are employment-
weighted averages within percentile bins of the pre-Al wage distribution. The two panels corre-
spond to (i) expertise reductions only (scarcity channel), and (ii) productivity gains only (demand
channel).

5.1.3 GE Responses and the Role of PSS

This subsection examines how much of the general-equilibrium adjustment driven by ex-
pertise reductions can be explained by the Potential Supply Shift (PSS). Recall that PSS
is a deliberately simple, reduced-form measure: it captures how GenAl changes occupa-
tional entry barriers and the size of the eligible workforce, but it abstracts from the full
structure of endogenous occupational choice, outside options, and general-equilibrium
teedbacks embedded in the model. In this sense, PSS is a coarse summary statistic of the

supply-side shock rather than a structural object.

Despite this simplicity, PSS is highly informative about equilibrium outcomes. Focus-
ing on the supply-only counterfactual, Figures 9a and 9b plot general-equilibrium changes
in occupational wages and employment against PSS. Occupations with larger expertise-
driven expansions of effective labor supply experience systematically larger declines in
wages and larger increases in employment. The relationship is strong and monotone,
with PSS explaining a substantial share of cross-occupation variation in general-equilibrium
responses (R? = 0.54 in both regressions). These patterns emerge even though the under-

lying equilibrium incorporates endogenous worker reallocation, wages, and outside op-
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tions. That PSS—a deliberately simple, reduced-form measure—accounts for so much of
this cross-occupation heterogeneity highlights its value as a summary statistic for GenAl’s
supply-side effects, one that can be computed directly from task-level data without solv-

ing for equilibrium.
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Figure 9: General-Equilibrium Supply Responses and Potential Supply Shift

Notes: Each panel plots binned scatterplots of general-equilibrium changes in occupational
wages and employment against the Potential Supply Shift (PSS), focusing on the supply-
only counterfactual. Changes are measured relative to the baseline equilibrium. Bins are
employment-weighted. Occupations with zero PSS are excluded.

6 Dynamic Extension

6.1 Motivation

The static model in Sections 3-5 treats occupational entry barriers as one-dimensional ex-
pertise thresholds: any worker whose expertise exceeds the threshold can enter, regard-
less of their current occupation. This abstraction misses two features of real labor markets.
First, switching costs in practice are pair-specific—moving from nursing to medicine is far
easier than moving from nursing to law, even when the destination occupations require
similar levels of overall expertise. Second, the static framework can only compare steady
states before and after an Al shock; it is silent on how the equalizing effects of reduced
entry barriers unfold over time. This section addresses both limitations with a dynamic

model in which forward-looking workers face pairwise retraining distances that differ
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across origin-destination pairs. The Al shock is modeled as a reduction in these pairwise
retraining distances that varies across occupation pairs. The model then delivers a transi-
tion path that traces worker reallocation across occupations and the resulting implications

for inequality over time.

6.2 Model
6.2.1 Dynamic Occupational Choice

Time is discrete and measured in years. Each worker is characterized by their current
occupation s € {1,...,]}. Workers are infinitely lived and discount the future at rate
B € (0,1). A worker employed in occupation o earns the market wage w,; there is no

within-occupation ability heterogeneity, consistent with the static model.

Each period, a worker in occupation s chooses a destination o by solving the Bellman
equation

| 1 — o1 v
V(s) = Tlog ) exp| o0 — 0 ot a0+ BV (22)
o=1

where g, is a time-invariant amenity, T > 0 is the dispersion of i.i.d. Type-I extreme value

taste shocks, and c;, is the disutility of switching from occupation s to occupation o.

Heterogeneous switching costs. We decompose cs, into an origin-specific stickiness com-
ponent and a destination-specific barrier component, both scaled by the retraining dis-

tance:
cso = (K" +x1') dso. (23)

The origin parameter k"' > 0 captures how costly it is to leave occupation s; it rational-
izes the fact that some occupations (e.g. those with strong specific human capital or tenure
attachment) see low outflow rates. The destination parameter " > 0 captures how costly
it is to enter o; it rationalizes the fact that some occupations (e.g. licensed professions) see
low inflow rates from many origins. Allowing these two dimensions of heterogeneity lets
the model match the full cross-occupation structure of observed mobility—who moves,
from where, and to where—rather than only the aggregate mobility rate, and yields coun-

terfactual predictions interpretable at the level of individual occupations.
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The logit transition probability from s to o0 is
exp[v(o | s)/7]
J
Y explo(o” | s)/T]
o'=1

(o |s) = , v(0]s) = logw, —csolots + a0+ P V(0). (24)

The stationary distribution p(0) = Y s 7t(o | s) u(s) is the ergodic distribution of the re-
sulting Markov chain. Labor supply in each occupation equals L, = (o), and wages

satisfy the same CES inverse demand as in the static model: w, = B, - L, e,

6.2.2 Al Shock

We model the supply-side effects of Al as a permanent, unexpected change in pairwise
retraining distances, ds, — d?ol. Lower values of d?ol—as is the case for most occupation
pairs—reflect the idea that access to GenAl makes it easier for workers in origin occupa-
tion s to acquire the skills required to enter destination 0. By assumption, the switching-
cost parameters (x°%, k") are structural and held fixed across pre- and post-Al equilibria,
along with 7, productivity shifters { B, }, and amenities {4, }. The single channel through

which the shock propagates is therefore the reduction in pairwise retraining distances.

This shock is the dynamic analogue of the supply-side mechanism in the static model.
In the static framework, GenAl lowers occupation-specific expertise requirements and ex-
pands the set of workers qualified to perform a given occupation. In the dynamic setting,
the same force operates through bilateral retraining frictions: GenAl reduces the time re-
quired to retrain across occupation pairs, making some transitions easier than others. The
dynamic model therefore captures the same entry-barrier erosion mechanism as the static
model, but in a richer environment in which accessibility depends on the worker’s origin

occupation rather than on a single common expertise threshold.

6.3 Data Inputs
6.3.1 Pre-Al Retraining Distance Matrix

The first input to the dynamic model is a directed retraining distance matrix ds, that mea-

sures, for each ordered pair of 3-digit SOC occupations (s, 0), the time (in years) required
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for a worker currently in occupation s to retrain for occupation 0. We construct this ma-
trix using LLM-based evaluations, prompting the LLM (using GPT-5 Nano) to assess the
retraining time for each occupation pair based on the task bundles of the origin and des-

tination occupations in the O*NET database.

The retraining matrix is asymmetric by construction: ds, # dos in general. Switching
into a high-skill occupation (e.g., from nursing assistant to physician) involves a large re-
training burden, while switching out involves a much smaller one, because the high-skill
worker already possesses most of the skills needed in the lower-requirement occupation.
The diagonal is zero (d,, = 0). We aggregate from 6-digit SOC-level estimates to the 3-
digit SOC level (] = 94 occupation groups) by averaging across detailed occupation pairs

within each 3-digit group.

Validation against O*NET data. To validate the LLM-based retraining estimates, we
construct an independent benchmark using O*NET occupational skill and knowledge
data. For each occupation, O*NET reports proficiency levels on 35 skill dimensions and
33 knowledge dimensions (68 total). We compute a directed skill-shortfall measure for

each occupation pair:

68
d9NET = ¥ max(0, of — o), (25)
k=1

where 0¥ is the O*NET Level rating for occupation o0 on dimension k. This captures the
additional proficiency a worker in s would need to acquire across all dimensions to meet
the requirements of o. Like d;,, this measure is non-negative, zero on the diagonal, and
O*NET
S0

asymmetric. We rescale d so that the mean off-diagonal entry equals 2 years.

Figure 10 plots the LLM-based retraining estimates against the O*NET skill-shortfall
measure across all J(] — 1) = 8,742 off-diagonal occupation pairs. The two measures are
positively correlated, with Pearson » = 0.49 and Spearman p = 0.65. This correlation
is notable given that the two measures are constructed from entirely different data: the
LLM estimates reflect holistic assessments of retraining time, while the O*NET measure
is a mechanical aggregation of skill-level gaps. The strong rank correlation confirms that
the LLM-based retraining matrix captures the ordinal structure of occupational distances

as reflected in skill requirements.
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Figure 10: Validation: LLM Retraining Estimates vs. O*NET Skill Shortfall

Notes: Each point represents an ordered pair of 3-digit SOC occupations (N = 8,742 off-diagonal
pairs). The x-axis is the O*NET directed skill-shortfall dO™NET (in months) and the y-axis is the
LLM-based retraining estimate (in months). Orange lines are OLS fits.

6.3.2 Post-Al Retraining Distances

We construct the post-Al retraining distance matrix d4! by re-estimating pairwise retrain-
ing times using the same LLM-based procedure as in Section 6.3.1, under the counterfac-
tual that workers have access to a capable GenAl assistant. The employment-weighted
mean of the off-diagonal retraining distance falls from 1.15 years pre-Al to 0.89 years

post-Al, a reduction of approximately 23 percent.

6.3.3 Occupation-to-Occupation Flow Data

The third input is observed occupational mobility. We use the Occupational Transitions
Public Data Set of Schubert et al. (2024), which records origin—destination flow shares
for occupational switchers at the 6-digit SOC level based on a large longitudinal sample
of U.S. workers. For each origin occupation, the file reports conditional transition shares

7t(o | s, switch) to each destination that sum to one, along with the total count of switchers
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from that origin. We aggregate the 6-digit data to the model’s SOC3 universe by summing
switch counts and dropping within-SOC3 moves, which at our level of aggregation are

“stay” events.

Two occupation-specific moments emerge from this aggregation and will be used to
discipline the model: the origin-specific annual outflow rate m32% (the share of workers
in occupation s who leave it over a year), and the share of switchers landing in each
destination, f3% = Y 77(o | s, switch) - L33/ ¥, L4 weighted by data employment at

the origin.

6.4 Calibration

Table 4 summarizes the calibration. The elasticity of substitution (¢ = 5) and discount
factor (B = 0.95) are set externally. The retraining distance matrix ds, and the post-Al
matrix d4 are constructed as described in Section 6.3. The pre-Al steady state is pinned
down by two sequential inversions. First, amenities {a,} are recovered via a BLP-style
contraction mapping that matches model-implied employment shares to data.>> Sec-
ond, given the model-implied labor supply, productivity shifters are backed out from
B, = wdata. 177, Together, these inversions ensure that the pre-Al steady state exactly re-
produces the observed wage and employment distributions. The taste-shock dispersion T
is estimated by the simulated method of moments targeting the cross-occupation variance
of log wages. The 2] heterogeneous switching-cost parameters (x°4¢,x") are calibrated
by a fixed-point iteration that targets two vectors of moments: the | origin-specific annual
outflow rates {md2} and the ] destination inflow shares among switchers { f$2%}, giving
a just-identified system. The calibrated model matches these flow moments essentially
exactly: the correlation between model-implied and observed destination inflow shares
is +0.998, and the correlation between model-implied and observed origin outflow rates
is +0.984.

ZBecause the present value of a permanent flow amenity 4, is amplified by the factor 1/(1 — ) through
the Bellman recursion, the inversion applies a (1 — ) correction to translate between flow and continuation
values.
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Table 4: Dynamic Model: Calibrated Parameters

Parameter Role Value Source / Target

B Discount factor 0.95 Standard

o CES elasticity 5.0 Same as static model

T Choice dispersion 0.463 SMM: Var (log w,)

wout Origin stickiness (J) calibrated ~ Origin outflow rates {mdat@}

xin Destination barriers (J)  calibrated  Destination inflow shares { fdat}

Notes: The 2] occupation-specific cost parameters are jointly calibrated to the occupation-
to-occupation flow moments of Schubert et al. (2024). At the calibrated parameters, the
correlation between model and data inflow shares is +0.998 and between model and
data outflow rates is +0.984.

6.5 Results
6.5.1 Long-Run Steady-State Comparison

Table 5 reports the long-run comparison of pre- and post-Al steady states. Between-
occupation wage inequality declines across all measures: the variance of log wages falls
from 0.208 to 0.190 (—8.7 percent), the p90—p50 gap contracts from 0.840 to 0.735 (—12.5
percent), and the p90—p10 gap narrows from 1.228 to 1.110 (—9.6 percent). The compres-
sion is particularly pronounced in the upper half of the distribution, consistent with the
erosion of scarcity premia in high-wage occupations as reduced switching costs expand
the pool of potential entrants. The magnitude of this decline is broadly consistent with
the supply-only counterfactual in the static framework, where expertise reductions alone

reduce the variance of log wages by approximately 7 percent (Table 3).

Table 5: Dynamic AI Counterfactual: Long-Run Steady-State Comparison

Var (log w) p90 — p50 p90 — p10

Pre-Al steady state 0.208 0.840 1.228
Post-Al steady state 0.190 0.735 1.110
% change —8.7% —12.5% —9.6%

Notes: Long-run (steady-state) comparison of the pre-Al and
post-Al equilibria under the calibrated two-way switching-cost
specification. p90 — p50 and p90 — p10 are employment-weighted
log-wage percentile gaps computed using data employment
shares, consistent with the static model’s inequality statistics.
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6.5.2 Transition Dynamics

A central advantage of the dynamic model over the static framework is that it tells us
how the adjustment unfolds in time. Figure 11 plots the transition path of Var(logw,)
following the shock.?® The compression begins immediately—as soon as lower retraining
distances make new transitions attractive—and proceeds rapidly. Half of the long-run
decline in variance is realized within five years, eighty percent within nine years, and
essentially all of it within roughly twenty-five years. The speed of adjustment is governed
by the ratio of switching costs to idiosyncratic taste-shock dispersion, which is disciplined
jointly by T and by the heterogeneous « vectors that match the observed cross-occupation

flow matrix.

Transition Path of Between-Occupation Wage Inequality

0.2075 1 H —— Var(logw,) along transition
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0.2050
50% adjustment
by year 5

0.2025 A

0.2000 -

o
N
©
~
ol

80% by year 9

5 0.1950 /

0.1925 4

Variance of log occupational wages

Long-run change: AVar(logw) = —0.018 (-8.7%)

0.1900

0 5 10 15 20 25 30
Years after Al shock

Figure 11: Transition Path of Between-Occupation Wage Inequality After the AI Shock

Notes: The figure plots the variance of log occupational wages (weighted by employment shares)
along the transition path from the pre-Al to the post-Al steady state. The AI shock reduces
pairwise retraining distances ds,, lowering occupational switching costs. Productivity shifters
{B,}, amenities {a,}, and the switching-cost vectors (x°%, k") are held fixed.

26We solve the transition path between the pre- and post-Al steady states by backward induction on

the value function given a guessed wage path, forward propagation of the distribution y; from pipre, and

-1/0

damped iteration on wages until the labor-market clearing condition wo, = BoL,

holds at every period.
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6.5.3 Who Moves and Where

Because the model matches the joint distribution of observed flows, the post-Al counter-
factual is interpretable at the level of individual occupations. Figure 12 reports the thirty
occupations with the largest net employment inflows and the thirty with the largest net

outflows under the long-run counterfactual. Three patterns emerge.

First, the expanding occupations are concentrated in high-wage cognitive occupations:
Computer Occupations (+1.9M workers, 440 percent), Other Management (41.7M, +50
percent), Lawyers (+1.1M, +136 percent), Financial Specialists (+1.0M, +34 percent),
Marketing and Sales Managers (+0.7M, +64 percent), and Mathematical Science Occupa-
tions (+0.6M, +156 percent).”” Second, wages fall in every expanding occupation, with
declines ranging from roughly zero to twenty-four percent. This is the scarcity channel
operating through reallocation: when Al reduces the retraining distance into a high-wage
occupation from many origins, the scarcity premium the occupation commands erodes,
even without any change in demand or productivity. Third, the contracting occupations
are concentrated in low-wage service and manual jobs: Material Moving (—1.8M, —23
percent), Retail Sales (—1.6M), Food Service (—1.6M), Home Health Aides (—1.0M), Mo-
tor Vehicle Operators (—0.7M). In these occupations, wages generally rise modestly, by

roughly 1 to 5 percent, because worker outflow tightens local supply.

Importantly, these results isolate the supply-side channel: they reflect the effects of
GenAl on pairwise retraining distances, holding productivity, task sets, and demand con-
ditions fixed. In practice, the net effect of GenAl on any occupation will also depend on
demand-side forces—automation of existing tasks, productivity gains in retained tasks,

and new task creation—that the dynamic model abstracts from.

Takeaways. The dynamic model yields three main conclusions. First, the direction of
the supply-side channel identified in the static framework is robust: reductions in pair-
wise retraining distances compress between-occupation wage inequality in the long run,
with Var(log w,) falling by roughly 9 percent. Second, the reallocation is highly concen-

trated: high-wage cognitive occupations absorb large inflows and experience meaningful

ZThese large percentage changes reflect the long-run steady-state comparison and should not be read
as short-run forecasts; the transition dynamics above indicate that adjustments materialize gradually over
years.
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Figure 12: Occupation-Level Employment Reallocation Under the Al Counterfactual

Notes: Left panel: the thirty occupations with the largest net employment inflows, comparing
pre- and post-Al long-run steady states. Right panel: the thirty occupations with the largest
net outflows. Bars report AL in thousands of workers; the label next to each bar reports the

percentage change in the occupation’s predicted wage.

wage declines, while low-wage service occupations shed workers and see modest wage
gains. Third, whereas the static framework can only compare steady states before and
after the shock, the dynamic model traces the convergence path: half of the long-run

compression materializes within five years and eighty percent within nine.

7 Conclusion

How will generative Al reshape wage inequality across occupations? This paper ar-
gues that an important part of the answer operates through a productivity—scarcity race.
GenAl can raise wages by augmenting labor productivity, but it can also compress wage
premia by lowering expertise-based entry barriers and expanding the set of workers who
can perform high-expertise work. The distributional effects of GenAl depend on the rel-

ative strength of these channels and on where entry barriers are relaxed in the workforce
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expertise distribution.

To capture the supply-side channel, we introduce and make publicly available a Po-
tential Supply Shift (PSS) index, which maps task-level GenAl effects into changes in the
share of the workforce qualified to perform each occupation. Using O*NET task data for
923 occupations, we combine LLM-based evaluations with a task-based framework that
distinguishes two mechanisms through which GenAlI alters expertise requirements. On
the extensive margin, some tasks are automated and removed from labor’s task bundle.
On the intensive margin, tasks remain human-performed but become easier, reducing
the expertise required to perform them. We validate this distinction using real-world Al
usage data from the Anthropic Economic Index, which confirms that the two margins cor-
respond to different patterns of human—Al interaction. Aggregating these effects yields a
post-GenAl expertise threshold for each occupation. PSS then maps the implied change
in expertise thresholds into the employment-weighted distribution of baseline expertise,

capturing how many workers become newly eligible to work in each occupation.

We document three key facts. First, PSS increases with baseline expertise and wages
across most of the distribution, but falls sharply in the extreme upper tail. This pattern is
consistent with the thinness of the expertise distribution at very high thresholds, so com-
parable reductions in required expertise translate into only limited inflows of newly qual-
ified workers. Second, PSS is positively associated with predicted productivity gains, im-
plying that many upper-middle occupations combine sizable time savings with sizable re-
ductions in entry barriers. Third, PSS varies widely even among occupations with nearly
identical automation-exposure shares. This suggests that exposure measures, while in-
formative about automatable task shares, are weak predictors of how GenAl reshapes

occupational entry barriers and effective labor supply.

To interpret these patterns, we develop a general equilibrium model with discrete
tasks, CES demand, and occupational choice with outside options. The model clarifies
how GenAl affects wages through two opposing forces: productivity gains raise marginal
revenue products and tend to widen the wage distribution, while expertise-driven sup-
ply expansions increase contestability and compress scarcity premia. Under additional
distributional assumptions, we derive in Appendix A.4 closed-form expressions for the
post-GenAl wage gradient and a sharp race condition: the wage structure steepens if

and only if differential productivity gains, amplified by the elasticity of substitution, ex-
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ceed the rate at which entry-barrier erosion expands the eligible pool across the expertise
distribution. Quantitative counterfactuals show that expertise expansion alone is equal-
izing, while productivity gains alone increase dispersion. When both channels operate
together, these forces partially offset. Under our baseline calibration, the net effect on
cross-occupation wage inequality is modest, though the magnitude of each channel de-

pends on assumptions about the strength and timing of GenAl’s effects.

We complement the static analysis with a dynamic extension in which forward-looking
workers face pairwise occupational switching costs, replacing the static model’s one-
dimensional expertise threshold with a richer occupation-to-occupation retraining cost
matrix. Using LLM-based retraining estimates validated against O*NET skill gaps, we
model the Al shock as a reduction in pairwise retraining distances. In the calibrated dy-
namic model, Al-driven reductions in retraining distances compress between-occupation
wage inequality by approximately 9 percent, consistent with the equalizing direction of
the scarcity channel in the static framework. Importantly, whereas the static model can
only compare steady states before and after the shock, the dynamic model reveals that
the equalizing effect begins immediately but materializes gradually: roughly 80 percent
of the long-run inequality decline is realized within the first nine years, with the remain-

ing adjustment occurring slowly as the economy approaches its new steady state.

Several limitations apply. The LLM-based counterfactual assessments—particularly
how GenAlI changes task expertise—are difficult to validate directly and should be in-
terpreted cautiously. We hold the set of tasks and occupations fixed, abstracting from
endogenous task creation (e.g., Acemoglu and Restrepo, 2019; Autor et al., 2024). More
generally, realized impacts will depend on the pace and extent of adoption, which we do

not model.

Overall, the results highlight that GenAl’s distributional effects cannot be understood
through productivity effects alone. If productivity gains dominate, GenAl is more likely
to increase wage inequality by reinforcing returns in high-wage occupations. If entry-
barrier erosion substantially expands access to high-expertise work, GenAl is more likely
to reduce inequality by lowering occupational scarcity premia. The balance between these
forces—the race between productivity and scarcity—will determine how GenAlI reshapes

the wage structure across occupations.
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A  Supplemental Appendix

A.1 Task-Based Microfoundation: Hierarchical Feasibility as a Limit-

ing Case

This appendix develops the hierarchical-feasibility (0 — o0) special case of the power-
mean entry barrier introduced in Section 3.1. Under hierarchical feasibility, the occupa-

tion’s binding expertise requirement is determined by its single most demanding task.

Hierarchical feasibility. Assume that a worker with expertise e can perform task (o, t)
if and only if e > r,;. Production in occupation o requires completing all tasks assigned to

labor, so the occupation’s binding expertise requirement is

RY™ := max ry. (26)
teT,

This corresponds to p — co in the general power-mean aggregator (1).

GenAlI and changes in the binding requirement. Under hierarchical feasibility, GenAl

affects the binding requirement through both margins described in Section 3.4.

On the extensive margin, GenAl automates a subset of tasks. Let T' := {t € T, :
a,¢ = 0} denote the tasks that remain assigned to labor. The post-automation binding

requirement is

t .
RS = max 7. (27)
teTk

Automating the most demanding task can produce a discrete drop in the entry barrier;

automating a less demanding task leaves the barrier unchanged.

On the intensive margin, tasks remain human-performed but access to GenAl lowers
the expertise required. Let 7,y < 7o denote the GenAl-assisted requirement for task ¢.
Combining both margins:

Ry™ := max 7. (28)
teTk

Al



Relation to the general power-mean aggregation. Equations (26)—(28) are the p — oo
limits of the general power-mean formulas (1) and (12) used in the main model. The
hierarchical-feasibility case provides a clean theoretical benchmark in which a single task
is binding, while the finite-p specification allows the full task distribution to matter. In
the empirical implementation (Section 4.1), we set p = 1, which yields the weighted arith-
metic mean. The general power mean nests both as special cases and allows intermediate
specifications that place progressively more weight on high-expertise tasks as p increases

above 1.
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A.2 Sensitivity to the Aggregation Exponent p

The baseline analysis sets p = 1 in Equation (1), so that an occupation’s entry barrier is
the importance-weighted arithmetic mean of its task-level expertise requirements. This
appendix examines the sensitivity of both descriptive and general-equilibrium results to
the choice of p, considering values p € {1,2,3,5,10} that span from the arithmetic mean

to a near-maximum aggregator.

A.2.1 Occupation-Level Expertise Rankings

Because the power mean is monotonically increasing in p, raising the aggregation ex-
ponent shifts the level of every occupation’s entry barrier upward. The economically
relevant question is whether the ranking of occupations changes materially. Figure A.1
reports pairwise Pearson and Spearman rank correlations of occupation-level expertise

R, across the five values of p.

All pairwise correlations exceed 0.88 (Pearson) and 0.94 (Spearman rank). Adjacent
values—for example, p = 1 versus p = 2—correlate above 0.99. Even the most distant
pair (0 = 1 versus p = 10) exhibits a Pearson correlation of 0.88 and a Spearman rank
correlation of 0.94. The near-preservation of rankings reflects the fact that most occu-
pations have relatively homogeneous within-occupation task difficulty, so the particular

exponent used to aggregate across tasks has limited scope to reorder occupations.

A.2.2 Potential Supply Shift (PSS)

Figure A.2 plots the Potential Supply Shift—the descriptive measure of how much the
eligible workforce expands due to reduced entry barriers—against the baseline exper-
tise percentile, for each value of p. The inverted-U pattern documented in the main text
(Figure 6a) is present for all aggregation rules: PSS peaks in the middle of the expertise

distribution and is small at both extremes.

As p increases, PSS compresses slightly. This is because higher p raises the level of both
R, and R,, pushing expertise requirements into a range where the employment-weighted
CDF F(+) is thinner, thereby reducing the mass of newly eligible workers. The qualitative

shape, however, is stable.
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Pearson Correlation Spearman Rank Correlation

0.992 0.979

p=1 p=2 p=3 p=5 p=10

Figure A.1: Cross-p Correlations of Occupation-Level Expertise R,

Notes: Each cell reports the pairwise correlation of occupation-level expertise requirements R,
computed under two different values of p in Equation (1). Left panel: Pearson correlation. Right
panel: Spearman rank correlation. The sample consists of 923 occupations with non-missing
task-level expertise and importance weights.

PSS vs Expertise Percentile: Sensitivity to p
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Figure A.2: PSS vs. Expertise Percentile Under Different p

Notes: Each line plots employment-weighted bin averages of the Potential Supply Shift (PSS)
against occupation-level expertise percentiles, for a given value of p in the power-mean aggre-
gator (1). PSS measures the change in the share of workers whose expertise exceeds the occupa-
tion’s entry barrier. 20 equally spaced bins of the expertise percentile distribution are used.
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A.2.3 General-Equilibrium Wage Effects

Figure A.3 presents the distributional pattern of supply-channel wage changes across the
pre-Al wage distribution (analogous to Figure 8a in the main text). The U-shaped pattern
is robust: low-wage occupations gain as barriers fall and workers gain access to higher-
paying jobs; middle-wage occupations experience the largest wage declines as contesta-
bility increases; and high-wage occupations are relatively insulated. The curves are qual-
itatively identical across all five aggregation rules, with the magnitude of wage changes

attenuating as p increases.

Supply-Channel Wage Changes: Sensitivity to p
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Figure A.3: Supply-Channel Wage Changes by Pre-Al Wage Percentile Under Different p

Notes: Each line plots employment-weighted bin averages of the percentage change in occupa-
tional wages (general equilibrium, supply channel only) against the occupation’s percentile in
the baseline wage distribution, for a given value of p. This figure is the multi-o analog of Fig-
ure 8a. 20 equally spaced bins of the pre-Al wage percentile distribution are used.

Table A.1 reports the main inequality statistics from the general-equilibrium coun-
terfactuals under each aggregation rule. The supply channel (expertise reductions only)
reduces the variance of log wages by 4.0-6.6%, with larger compressions at lower p. The
productivity channel raises inequality by 26-31%, and the combined effect is a net in-
crease of 15-21%. Across all values of p, the productivity channel dominates the supply

channel.
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Table A.1: GE Inequality Effects by Power-Mean Exponent p

p=1 p=2 p=3 p=5 p=10
Calibrated parameters
T 0717 0.805 0.861 0.929 0.980
Baseline Var(log w) 0.201 0.192 0.188 0.184 0.183
% change in Var(log w)
Supply only —66 —61 55 —47 —-40

Productivity only ~ +25.7 +279 +28.8 +29.8 +30.7

Both channels

+14.7 4169 +182 +194 +20.6

Notes: Each column reports general-equilibrium results under a different power-mean aggre-
gation exponent p for the task-to-occupation expertise mapping. 7 is the logit taste parameter
calibrated to match observed employment shares. “Supply only” isolates the wage effects of
reduced entry barriers. “Productivity only” isolates the wage effects of higher occupational pro-
ductivity. “Both channels” combines both mechanisms. All percentage changes are relative to

the pre-Al baseline.
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A.3 Mapping Potential Productivity Gains into Model Productivity Shocks

As described in Section 3, the model’s demand-side GenAl shock is a labor-augmenting
productivity increase, A2l = A, exp(7,), where 7, is the log change in effective produc-
tivity in occupation o (Section 3.5). We interpret PPG, as the fraction of total work time
that can be saved within occupation o when GenAl is used for augmentation, holding the

occupation’s task bundle fixed.

Let T, denote the baseline labor time required to produce one unit of occupational

output. If GenAl reduces the time requirement by a fraction PPG,, then
TAl = (1 - PPG,) T,.

Because labor productivity is inversely related to time per unit, the implied multiplicative

productivity change is
AL /TAL 1
A, 1/T, 1-PPG,

Equating this with A2 = A, exp(71,) yields

Al
Ty = log<i€ ) = —log(1 — PPG,). (29)

0

For example, if PPG, = 0.20, then GenAlI reduces time per unit by 20 percent and raises
effective labor productivity by 1/(1 — 0.20) = 1.25, so 7, = log(1.25).
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A.4 Analytical Characterization of the Expertise Premium

This appendix characterizes how GenAl affects the expertise premium—the elasticity of
wages with respect to occupational expertise requirements—under distributional assump-
tions that deliver closed-form results. The expertise premium, ¢ := dlogw/dlogr, mea-
sures how steeply wages rise with the expertise threshold an occupation demands. It is
related to, but distinct from, overall wage inequality: changes in ¢ shift the slope of the
wage—expertise relationship, whereas wage inequality also depends on the distribution
of workers across expertise levels and general-equilibrium reallocation. The assumptions
required for tractability (two occupations, or a Pareto expertise distribution with power-
law demand) are more restrictive than the general model in Section 3.5, which places no
parametric restrictions and which we solve numerically in Section 5. The analytical mod-
els are therefore complementary to the quantitative framework: they sacrifice generality
for transparency and make explicit which primitives determine whether GenAl steepens

or flattens the expertise premium. Full derivations and proofs are in Appendix A.6.

A4.1 Two-Occupation Model

Consider two occupations, Low (L) and High (H), with expertise requirements Ry = 0 <
Rpy. Let mp := F(Rpy) be the mass of workers qualified for L only and mpy := 1 — F(Rpy)
the mass qualified for both. Define the expertise premium x := wy/wy. GenAl affects
the economy through the productivity channel, Alog(By/B) ~ “-1(PPGy — PPGy),
and the scarcity channel, PSSy = dmy > 0.

Proposition 1 (The productivity—scarcity race). Under simultaneous PPG and PSS shocks,

the change in the expertise premium is:

oc—1 1 1 1
dl *=D PPGy — PP - — | —+— )P
ogXx P ( GH GL) o 1 +P (LH + LL) SSH ’ (30)

1711 5 : '
productivity: widens premium scarcity: compresses premium

where p = (wg/wp)Y T and D :=1/(1+ E/0) € (0,1) is a GE dampening factor.

The premium widens when the PPG differential is large relative to the scarcity term,

and compresses when PSS is large. The two-occupation model delivers level predictions:
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PSS and PPG enter as occupation-specific magnitudes. It also yields a wage-level decom-
position (Appendix A.6): the scarcity channel raises wy (workers exit L, reducing its sup-
ply) and lowers wy (new entrants erode the scarcity premium), so both effects compress

the premium.

A.4.2 Continuous Assignment Model and the Wage Gradient

To characterize the cross-occupation wage structure, consider a continuum of occupations
indexed by baseline expertise requirement r, with Pareto-distributed expertise (F(e) =
1—(r/e)?, 6 > 1), power-law demand (B(r) = bF), and CES final demand with elasticity
o > 1. Under perfect sorting (t = 0), each worker chooses the highest-wage feasible
occupation, and the model yields a tractable power-law characterization of wages, w(r) o

r. The central object of interest is the expertise premium:

_dlogw

~ dlogr’ (31)

¢:

the elasticity of wages with respect to occupational expertise. A higher ¢ means that
wages rise more steeply with expertise, so occupations that require more expertise com-
mand proportionally higher wages.?® In the baseline economy,

c=p+ L (32)

We next characterize how the expertise premium changes when technology shifts both
labor demand and labor supply. The key distributional objects are two gradients that
capture how PPG (the demand shift) and PSS (the supply shift) vary systematically across

the expertise distribution:

dPPG(r)
dlogr

110g(51(1)/5(1))
gr

Gprg 1= ’ (33)

where S(r) = 1 — F(r) is the baseline eligible pool (as in Equation (8)) and S4!(r) =

1 — F(R(r)) is the post-GenAl eligible pool. Gypc measures the rate at which productivity

Z8Note that ¢ is distinct from cross-occupation wage inequality, such as Var(log w), which depends both
on the wage gradient and on the distribution of workers across occupations.
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gains rise with expertise; Gpss measures the rate at which the proportional eligible-pool

expansion grows with expertise.

Proposition 2 (Post-GenAl Expertise Premium). Under Pareto expertise, power-law demand,
log-linear productivity gains, and perfect sorting (T = 0), the post-GenAl economy admits the

following analytical characterization of the expertise premium:

oc—1 0+1—-gG
CAI - [3 + gPPG + —PSS; (34)
demand?mdient scarcit;;radient
and the change in the expertise premium is
Al 1
¢ —¢= E_ [((7 - 1) Gppc — gpss] . (35)

Equation (35) yields a sharp race condition: the expertise premium steepens—meaning

that GenAl increases the return to occupational expertise—if and only if

(0 —1) Gppc > Gpss- (36)

Productivity dominates when Gpps is large, reflecting strongly skill-biased productiv-
ity gains, and when ¢ is large, so that substitutability amplifies the demand response.
Scarcity dominates when Gpg; is large, which occurs when barrier compression is strong
and the expertise tail is thin, so that even modest reductions in expertise requirements
generate large proportional expansions of the eligible pool at high expertise levels. The
race condition depends only on observable cross-occupation gradients and the CES elas-
ticity, making these objects sufficient statistics for characterizing the effect of GenAl on

the expertise premium.
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A.5 Empirical Assessment of the Analytical Race Condition

We complement the quantitative counterfactuals in Section 5.1.2 with a direct empirical
assessment of the race condition derived in Appendix A.4. That characterization implies
that the expertise premium steepens if and only if (¢ — 1) Gppe > Gpss (Equation (36)),
where Gppc and Gpss denote, respectively, the gradients of PPG and of the log proportional
expansion in the eligible pool with respect to log expertise (Equation (33)). Because these
objects are defined over observables, the race condition can be evaluated directly in the
data. In this sense, Gppc and Gpss are sufficient statistics for the change in the expertise

premium.

We estimate Gppg as the slope from an employment-weighted regression of occupation-
level PPG, on log R,, where R, is the baseline expertise requirement (months of training
without GenAl). We estimate Gpgs as the slope from an employment-weighted regression
of log(S£''/S,) on log Ry, where S, = 1 — F(R,) and S&' = 1 — F(R,) are the baseline
and post-GenAl eligible pools defined in Section 4.1.%

Table A.2 reports the estimates. In the baseline specification (employment-weighted,
o =1D5), Gope = 0.036 and Gpss = 0.133, both precisely estimated. The race condition
yields (o — 1)QPPG = 0.143 > 0.133 = Gpss: the productivity force slightly exceeds the
scarcity force, implying that GenAl steepens the expertise premium. The implied change is
A¢ = +0.002, an increase of less than 1 percent relative to the baseline empirical expertise
premium (¢ ~ 0.31, estimated by regressing log wages on log expertise). To gauge the
magnitude: across the p90-p10 range of baseline expertise, A = 40.002 widens the
log wage gap by about 0.007, which is negligible relative to the baseline p90-p10 log
wage gap of approximately 1.15. The two forces are therefore close in magnitude, with
the productivity channel slightly dominating on average. The result is robust to using
unweighted OLS (A¢ = +0.003).

The closed-form race condition points toward slight steepening, consistent in direc-
tion with the quantitative counterfactuals in Section 5.1.2, which also show that wage
inequality rises modestly on net, though with a larger magnitude. This gap between the

expertise-premium prediction and the full-model inequality prediction reflects precisely

2Because GenAl raises the effective expertise requirement for a small number of occupations (about 7
percent of occupations, representing 6 percent of employment), S{ < S, in those cases. These observations
are included in all regressions; excluding them strengthens the result.
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Table A.2: Empirical Assessment of the productivity—scarcity Race Condition

Specification GPPG QPSS (0' -1 ) GPPG QFSS Ag

Employment-weighted  0.036 0.133 0.143 0.133  +0.002
(0.002)  (0.006)

Unweighted 0.039 0.143 0.156 0.143  +0.003

(0.003)  (0.009)

Notes: Gppe is the slope from regressing PPG, on log R,; Gpss is the slope
from regressing log(.%H /S,) on logR,. Standard errors in parentheses.
AC = [(0 —1)Gppc — Upss] /0. 0 = 5. N = 885 occupations.

the distinction between the two objects: the expertise premium captures the slope of the
wage—expertise relationship, whereas overall inequality also reflects worker reallocation

and general-equilibrium adjustments across the full occupation distribution.
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A.6 Analytical Appendix: The productivity—scarcity Race

This appendix provides the full derivations underlying the analytical results in Appendix A 4.
Section A.6.1 develops the two-occupation model. Section A.6.2 develops the continuous
assignment model with Pareto-distributed expertise. Under perfect sorting (t = 0), the
model admits an exact, globally valid, closed-form wage gradient expressed directly in
terms of the cross-occupation gradients of PPG and PSS. A robustness result then estab-

lishes that this gradient is unchanged when sorting is imperfect (T > 0).

A.6.1 Two-Occupation Model

Setup. There are two occupations, Low (L) and High (H), with expertise requirements
R; = 0 < Ry. Workers draw expertise e from a continuous distribution F(-) with density
f. Define my := F(Rp) (mass qualified for L only) and mp := 1 — F(Ry) (mass qualified
for both), with m 4+ mpy = 1. Demand shifters are By, By > 0, the CES elasticity isc > 1,

and logit choice dispersion is T > 0.

Workers with e < Ry can only work in L. Workers with e > Ry choose between L

and H via multinomial logit. Defining p := (wp/wy )7, labor supply is:

1Y
Ly =mpy- - ——, 37
HE M (37)
1

Labor demand is w, = B, L, ™/ foro € {L,H}.

Equilibrium characterization. The equilibrium skill premium x* := wy /wr is the unique

solution to:

By my p )_1/0 1/t
_ Bu , — X7, 39
¥ By, (mL(1+P)+mH p=x (39)

Proof. Taking the ratio of the two demand equations and substituting (37)—(38) yields
(39). Denoting the right-hand side ¥(x): as x — 0, ¥(x) — o0; as x — oo, ¥(x) —
(By/Br)(mp/mp) "7 < co. Since ¥ is continuous and strictly decreasing while x is the

identity, there is a unique crossing. O
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Under perfect sorting (T — 0), all high-type workers sort into H:

BH my —1/e
Ly =m;, Ly=my, w,=B, m;l/a, x* = B_L (m—L) ) (40)

Comparative statics with PPG and PSS. GenAl affects the two-occupation economy
through PPG and PSS. The productivity channel operates through the demand-shifter

ratio:
oc—1

Alog i_H ~ (PPGy — PPGy). (41)
L

The scarcity channel operates through the expansion of mp:
PSSy := F(Ry) — F(Ry) = dmy > 0. (42)
Define the GE dampening factor D :=1/(1+&/0) € (0,1), where £ := dlog(Ly/Ly)/dlog x|, >
Proof of Proposition 1. Totally differentiate log x = log(By/Br) — (1/0)log(Ly/Ly).
At fixed x, increasing mpy by PSSy changes the employment ratioby dlog(Ly/Lr)/0mpy|x =

l0/(1+p)](1/Ly +1/Ly). Combining with the endogenous response dlog(Ly /L) =
& dlog x and solving yields Equation (30). O

Wage-level decomposition under perfect sorting. When 7 — 0:

c—1 1 mr,
Alogwy = —— PPGL+ —log———F—— , 43
WL =75 LT %% —PSsy (43)
— — N ~ g
productivity scarcity gain: workers exit L
c—1 1 mpy + PSS
Alogwy = —— PPGy — —log —1——>°H (44)
o (% my
N———— o o’ ~ ~ >
productivity scarcity loss: workers enter H

Proof. From (40), wi! = BM(mZ) =1/, Using Alog B, ~ (0 — 1)/ - PPG,, mil = my, —
PSSy, and m&l = my + PSSy. O

The scarcity channel raises w; (workers exit L, reducing its supply) and lowers wy
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(new entrants increase supply and erode the scarcity premium). Both effects compress
the premium. The productivity channel raises both wages, but by potentially different

amounts.

A.6.2 Continuous Assignment Model with Pareto Expertise

Environment. Occupations form a continuum indexed by baseline expertise require-
ment r € [r,00), r > 0. Demand is B(r) = brf, b > 0, B > 0. Expertise is Pareto:
1—F(e) = (r/e)?, fle) = 0rfe= 1) ¢ > r, 6 > 1. CES final demand implies w(r) =
B(r)¢(r)~V7, ¢ > 1.

Exact baseline equilibrium under perfect sorting (t = 0). Under perfect sorting, each
worker with expertise e chooses the highest-wage feasible occupation. With baseline
requirements R(r) = r and wages increasing in r (verified below), the assignment is
r(e) = e: each worker works in the occupation that exactly matches their expertise. Em-

ployment density equals expertise density:
(r) = f(r) =02~ (0+1), r>r, (45)
which integrates to one. Substituting into the wage equation:
w(r) = brP <919r—(6+1))_1/‘7 — p(6r)~ 1/ O+ /0

Since B+ (0 +1)/0 > 0, wages are increasing in , confirming the sorting assumption.

The baseline wage gradient is:

__dlogw 0+1
= dlogr —,5—|-—U : (46)

This expression is exact and holds globally on [r, ), with no approximation involved.

GenAlI shocks: two observable gradients. PPG gradient. GenAl raises productivity:
A(r)M = A(r) exp(7(r)), where 7t(r) ~ PPG(r) for moderate gains. Under log-linearity,
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PPG(r) = PPGy + Gppc - log(r/r), where

d PPG(r)

dlogr “7)

Gppe 1=

is the rate at which productivity gains rise with expertise. Through B « A'~1/7, the

demand exponent becomes B + (¢ — 1)Gppc /0.

PSS gradient. GenAl reduces the entry requirement from R(r) = r to R(r) < r. Under

anchored power-law compression R(r) = r!~%r% (which satisfies R(r) = 1,0 < 6 < 1):

Y Alry _ (1% SA(r) (7 (1-2)8
=) s"0=G)" T _<£) : 49
with constant log-derivative:
_ dlog(s"(r)/5(r)) _
Gpss 1= dlogr = (1-9)6. (49)

Gpss is positive when 6 < 1 (GenAl compresses barriers), meaning the supply expansion
is proportionally larger for higher-expertise occupations. It is determined by two primi-

tives: barrier compression (1 — §) and tail thinness (0).

Proof of Proposition 2 (exact post-GenAl wage gradient under 7 = 0). Under 7 =
0 and the post-Al barrier R(r) = r'~9r%, worker e accesses occupations up to r*(e) =
rl0=1)/31/3  Gince wages are increasing in r (verified below), the assignment is 7*(e). By
change of variables (e = R(r) = r'=%r°, de = r' %610~ 1dr):

~ ~ 97,9 B B -
10) = PR R ] = gy 000 = 00070,

This integrates to one: 86r°% [~ r~(®**1)dr = 1. The post-Al demand shifter is BA!(r) =

belo—1)PPGo/ vy pt(0—1)Gppc /0 F;om inverse demand:

wAI(T’) = BAI(T”) KAI(T’)_UU o pPH(e=1)Gppc/o+(66+1) /0
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Using Gpss = (1 —0)0: (60 +1)/0 = (0 +1 — Gpss) /0. The gradient is therefore ¢! =
B+ (0 —1)Gppe/ 0+ (0 +1— Gpss) /0, and the change is ¢4 — & = [(0— 1)Gppc — Gpss| /0
No approximation is involved at any step. O

Robustness: the wage gradient is independent of 7. The perfect-sorting assumption
delivers exact closed forms because employment density equals the expertise density
evaluated at the assignment function. A natural question is whether the wage gradi-
ent changes when sorting is imperfect (t > 0), so that workers sometimes choose feasible

occupations other than the highest-wage option.

With T > 0 and logit occupational choice (utility u = logw(r) + &(r), € ~ Type-1 EV
with scale T), conjecturing w(r) = C(7)r¢ and defining { := ¢/ 7 + 1, the inclusive value
is ®(e) = C1/T(e¢ — %) /. For interior r (r/r bounded away from one), ®(e) ~ C1/7e¢ /¢,

and aggregating over eligible workers:

0(r) o 18T / " e 01140) go o 4E/T . p=(6+0) — p=(6+1)
r

since (/T —60—( = —(0+1). From demand: { = 8+ (0 + 1)/0, confirming the gradi-

ent is independent of 7. The constant C(7) depends on 7, but ¢ does not. The boundary

correction is of order (r/r)¢ with { > 1, vanishing rapidly for all but the lowest-expertise

occupations. The post-GenAl extension follows identically, yielding 4! as in Proposi-

tion 2.

This T-independence reflects the self-similarity of the Pareto distribution: with power-
law wages and Pareto expertise, the logit choice probabilities maintain the same power-
law structure regardless of 7. Changing T rescales wage and employment levels but pre-

serves the gradient.

Reading the formula. The post-GenAl wage gradient decomposes into a demand gra-
dient and a scarcity gradient. The demand gradient § + (0 — 1)Gppc /0 captures how fast
labor demand rises with expertise; GenAl steepens this when Gppc > 0. The scarcity gra-
dient (0 + 1 — Gpss) /0 captures how fast wages rise due to progressively scarcer labor;
GenAl flattens this by Gpss/0 because proportionally larger eligible-pool expansions at

higher expertise levels erode the scarcity advantage.
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Decomposition table.

Demand gradient Scarcity gradient Wage gradient ¢

Baseline B % B+ %

PPG only ﬁ+a;1gppc % ‘§+0;19ppc
PSS only B L;gpss ‘- g(z;ss

PPG + PSS p+ LGy 2L 10_ Orss o, (0= 1)QZPG ~ Giss

PPG affects only the demand gradient; PSS affects only the scarcity gradient. The two

forces enter additively with opposite signs.

The race condition. The wage gradient steepens if and only if (¢ — 1) Gppg > Gpss. Pro-
ductivity dominates when productivity gains are strongly skill-biased (Gpp; large), sub-
stitutability is high (¢ large), or GenAl does not differentially erode barriers at higher
expertise levels (Gpss small). Scarcity dominates when barrier compression is strong and
the expertise tail is thin (Gpss = (1 — §)0 large), substitutability is low (o small), or pro-
ductivity gains are not concentrated in high-expertise work.

PSS shape in the continuum. Under Pareto expertise and anchored compression:

PSS(r) = (5)59 - (5)9. (50)

r r

The level of PSS is hump-shaped in r: zero at r = r, rising through the middle of the
distribution, and declining in the upper tail as both S4! and S vanish. This matches
the empirical pattern in Figure 6a. The proportional expansion S*!(r)/S(r) is, by contrast,
monotonically increasing. It is the proportional expansion whose gradient, Gpss, governs

the wage gradient.

Gradient vs. cross-occupation inequality. The wage gradient is a local object: the log-

elasticity of w with respect to r, constant across all r > r. Under perfect sorting, it is exact
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and globally valid. It flattens unambiguously when Gpss > 0.

Cross-occupation wage inequality (Var(log w)) depends on both the gradient and the
employment-weighted distribution of workers across occupations. Under barrier com-
pression with sorting in the unbounded continuum, the latter changes: workers reach
further up the ladder, stretching the occupation distribution. This stretching can offset
the flatter gradient in an unbounded setting. In the quantitative model with a fixed finite
set of occupations, this stretching does not arise: occupations are fixed, and barrier com-
pression redistributes workers among existing occupations. The finite model therefore
delivers the expected result that barrier compression is equalizing, consistent with the
gradient. The continuum gradient captures the force that drives equalization in the finite

model; the finite occupation structure is needed for inequality measurement.

Connection between the two models.

Force Two-occupation Continuum
1 -1
Productivity UT(PPGH — PPG,) 7 — Grrc
. Y 1 1 ) Gpss
Scarcit ——— | —+ — | PSS
y 1+p)0 (L w o L) 77" o
Race condition PPG gap vs. PSS term (0—1) Gppc Z Gbrss
1

GE dampening D Built into gradient

T11&/0

The two formulations capture the same economic forces. The two-occupation model
delivers level predictions with PSS and PPG entering as occupation-specific magnitudes.
The continuum model characterizes the gradient of wages across the expertise distribu-
tion, with Gppg and Gpss measuring how PPG and the proportional PSS expansion vary

systematically with expertise.

Mapping to empirical objects.
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Parameter Empirical counterpart

Grrc Slope of PPG, against logR, (or expertise per-
centile) across occupations

Ghrss Slope of log(S2/S,) against log R, across occupa-
tions

B Cross-occupation demand gradient (from baseline

wages and employment)

0 Pareto shape of expertise distribution
o CES elasticity of substitution across occupations
T Logit dispersion (does not affect the wage gradient)
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A.7 Automation as a Demand-Side Channel: An Extension with Au-

tomation Services

This appendix extends the benchmark model by introducing a classical automation/dis-
placement margin on the demand side. The extension nests the benchmark model when
automation services are prohibitively expensive or when the technology offers no scope
for substitution away from labor. The goal is conceptual: to show how a task-based mea-
sure of automation feasibility enters the occupational labor-demand schedule, and to clar-
ify which additional objects must be specified to quantify its equilibrium incidence. A
key distinction is that our task-based exposure measures discipline technological scope for
substitution (captured by I,), not the equilibrium level of adoption, which depends on

relative prices and substitution elasticities.

A.7.1 Task Structure and Automation Services

Each occupation o consists of tasks t € T, = {1,..., J,} with O*NET weights w,; > 0 and

normalized weights

Wot
o= Y =1,
LseT, Wos tET,

Let /o > 0 denote labor time allocated to task (o,t) and let ko; > 0 denote automation
services (e.g., Al services or Al-enabled capital services) used in that task. We interpret k;
as an input measured in efficiency units and priced at a rental rate r, which is an effective
unit cost that subsumes compute/model costs as well as complementary integration, su-
pervision, and organizational adjustment. Labor is augmented by GenAl through 7, as
in (11).

We model each task as a CES combination of effective labor and automation services:

n—1

1 -1 1 -1
Yot = <(1 — Iot)y] (e”“fof) o+ I(;Yt kotﬂ ) , I € [0, 1], n > 1. (51)
The parameter I,; captures the scope for automation in task (o0,t). When I,; = 0, the

task is strictly labor-only; when I,; > 0, the producer can substitute between labor and

automation services depending on relative prices.
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Task outputs are aggregated into occupational output via a CES aggregator:

AN
Yo=A0| Y why, : (52)

teT,

Define total labor and automation services in occupation o:

Lo := Z Lo, Ko = Z kot,

teT, teTo

and define the task-weighted automation capability (occupation exposure) as

To =) wotlot € [0,1]. (53)
teT,

A.7.2 Occupation-Level Reduced Form and Unit Cost

Under cost-minimizing allocation across tasks for given totals (L,, K,), the nested CES
structure (51)—(52) reduces to an occupation-level CES between effective labor and au-
tomation services:

n

Y, = A0 ((1— )T (%Lo)'T + (Z,)F ()T )7 (54)

Producers rent automation services at a fixed rental rate r > 0 (perfectly elastic supply).

Given (w,, r), cost minimization implies the standard CES input ratio in efficiency units:

KO Io wO 77
= . 55
e’ L, 1-17, (re”o) (55)
The corresponding unit cost (and competitive output price) is
1 wo \ 11 1-y =
po — Co(wO,r,. 7-[0,1-0) - A_ (1 _Io) <eno) +Ior . (56)
o0

A22



A.7.3 Labor Demand with Automation Services

Final demand remains CES across occupations as in (3). Under perfect competition, p, =
co(-) and CES demand implies Y, = d,p, Y. Combining demand with (56) and the

implied factor shares yields an occupational labor-demand schedule:

/)
1

o\ 1— %
(1—IO)+IO(M ) 77] , 57

L(I)D(wO; @0) — DO 6(0—1)7'(0 ZUO_U (1 — ID)

0

where D, := Y ¢, A7~! is an occupation-specific shifter and Q, = (r, 700, Lo, 1,0).

Equation (57) makes clear why the automation channel is difficult to quantify with
occupation-level exposure data alone. First, the effect of Z, depends on the relative price
re’™ /w,, but r is an effective deployment cost rather than an observed market price. Sec-
ond, the magnitude of substitution depends on the within-occupation elasticity #. Third,
even holding (7,7) fixed, the sign and size of the general-equilibrium effect depend on
o, which governs the strength of output expansion when unit costs fall. As a result, the
same exposure profile {Z, } can imply sharply different wage and inequality effects across

plausible calibrations.

A.7.4 Interpretation and Relation to the Benchmark Model

The benchmark model corresponds to a limit case of this extension. If 7, = 0 for all
occupations (no scope for automation services), or if r is sufficiently large that the cost-
minimizing mix uses essentially no automation services, then (57) collapses to the familiar
CES demand schedule LD = Dye("~17w 7, and the only channels shaping wages are

productivity and scarcity.

In the main text, we therefore focus on the productivity—scarcity race using the bench-
mark model, and we treat automation/displacement as an additional demand-side chan-

nel whose quantitative incidence is explored only through sensitivity analysis (Appendix A.8).
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A.8 Sensitivity to Calibration Choices

This appendix documents that the distributional implications of the demand-side au-
tomation channel in Appendix A.7 are sensitive to parameters that are not well mea-
sured in available data. This motivates our decision to treat automation as an exten-
sion rather than a centerpiece of the quantitative analysis. That said, the sign of the
automation channel may be more constrained than the parameter sensitivity below sug-
gests: Autor and Kausik (2026) show that when the prevailing labor share exceeds its
wage-maximizing level—a condition they estimate holds across twelve industrialized
economies—automation that further reduces labor share raises average wages, though

it may still increase inequality across sectors.

A.8.1 Which Additional Parameters Does Automation Require?

Relative to the benchmark productivity—scarcity model, the automation extension re-

quires at least three additional objects:

1. The effective price of automation services, r. This is the unit rental rate of AI/automa-
tion services in efficiency units comparable to labor costs. Importantly, » should be in-
terpreted as an effective cost of deploying automation services in production (including
integration, complementary engineering, monitoring/supervision, compliance, and li-
ability), not merely the posted price of a model API. This effective cost is not directly

observed at the occupation level and may vary across settings.

2. The within-occupation elasticity of substitution, 7. This governs how sharply firms
substitute from labor to automation services when relative prices change. The K/L
ratio scales as (w,/(re’™))" in (55), so even moderate uncertainty about 7 can imply

large differences in implied substitution.

3. The mapping from task exposure to technology parameters. Empirically, we observe
task-level exposure classifications and construct occupation-level exposure shares. Trans-
lating these into the structural objects (I,;) or Z, requires a modeling choice (binary vs.
continuous, thresholds, and how exposure relates to substitution possibilities), and ex-

posure alone does not identify equilibrium adoption without (r, 7).
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The final-demand elasticity ¢ also matters for automation incidence because it governs
the scale (output expansion) response to lower unit costs. While ¢ is more commonly

parameterized in applied work, plausible values still vary across contexts.

A.8.2 Analytical Sensitivity: Scale Effects vs. Substitution Effects

A key reason automation is hard to sign is that an increase in automation capability Z,

generates two opposing forces in (57):

1. Substitution effect: holding output fixed, more scope for automation shifts the cost-

minimizing input mix away from labor.

2. Scale effect: if automation reduces unit cost, output demand for occupation o expands

under CES final demand, raising the demand for all inputs.

Which force dominates depends on (¢, 77) and on relative prices through re™ /w,.

To illustrate, define

reo\ 1 w, \1-1
uo = ( ) — ( :[ ) ’ BO = (1 _IO) +IDuO-
W, ¥ el

Holding wages fixed, the impact of automation capability on labor demand implied by

(57) is:
dlog LY

1 c—1n u,—1
aIO ’

ity -1 B,

(58)

w

The first term in (58) is a mechanical substitution force: increasing 7, lowers labor’s
weight in the CES aggregator. The second term is a scale effect that operates through
unit costs and final-demand expansion; its magnitude and sign are governed by ;%’17 and
by the relative-price index u,. When ¢ < 7, substitution tends to dominate and labor
demand falls as automation feasibility rises. When o > 7, scale effects can offset or
reverse substitution, so labor demand (and wages) may rise even as automation becomes

more feasible.
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A.8.3 Distributional Sensitivity Across Occupations

Even with constant r, automation incentives vary systematically with baseline wages be-
cause the relative price re™ /w, varies across occupations. Holding (r,7) fixed, higher-
wage occupations face stronger incentives to substitute toward automation services (lower
re’™ /w,), which can compress upper-tail wages if substitution dominates. But when ¢ is
large, cost reductions can generate substantial output expansion, potentially raising la-
bor demand and wages in the same high-wage occupations. Because w, is endogenous
in general equilibrium, these relative-price and scale mechanisms interact, making the

distributional incidence of automation especially sensitive to (7,7, 7).

A.8.4 Empirical Sensitivity Exercises

In the quantitative appendix to the paper, we implement a parameter-sweep exercise
based on the automation extension (Appendix A.7). We vary (r,7,0) over a grid of plau-
sible values and recompute the automation-only counterfactual (and the joint counterfac-

tual with productivity and scarcity).

Table A.3: Automation Sensitivity Grid: Parameter Choices

Parameter Low  Baseline High
Automation-service rental rate r (relative to median wage)  0.25 1.00 2.00
Within-occupation substitution elasticity # 2 10 20
Final-demand elasticity across occupations ¢ 2 5 8

Notes: Grid used in the sensitivity exercises for the automation-services extension. The
purpose is to illustrate that automation incidence can vary substantially with (7,7, 7).

Table A.4: Wage Inequality Under Automation-Only Counterfactual: Sensitivity

Calibration Var(log w) p10 p50 p90 p50 — p10 p90 — p50  p90 — p10
Low r, High 0.1735 99791 10.1250 10.8491 0.1459 0.7241 0.8701
Baseline (7,7, 0) 0.1255 10.4775 10.8432 11.3561 0.3657 0.5129 0.8786
High r, Low 7 0.2141 10.3991 10.8096 11.4928 0.4105 0.6832 1.0937

Notes: Table reports employment-weighted inequality moments for log annual wages under
the automation-only counterfactual, for three illustrative calibrations. Percentiles are of the
employment-weighted wage distribution.

Across plausible calibrations, the automation channel can generate small or large ef-
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Automation-only GE: sensitivity of A Var(log w) to (r, eta) (sigma fixed)
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Figure A.4: Sensitivity of Aggregate Inequality Effects to (r,7)

Automation incidence vs baseline wage: varying r (eta=10.0, sigma=4.0)
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Figure A.5: Sensitivity of the Cross-Occupation Incidence of Automation

fects, and it can either compress or widen the wage distribution. This sensitivity reflects
genuine economic ambiguity (scale vs. substitution) amplified by limited empirical infor-
mation on the effective cost of automation services and substitution elasticities. For this
reason, we treat automation as an extension and emphasize the productivity and scarcity
channels—where our task-based measures provide more direct empirical discipline—in

the benchmark quantitative analysis.
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A9 LLM Prompt—Automation Exposure Measure

You are a “Dual-Expert” evaluator with two distinct, high-level competencies:

1. *Domain Expert:** You deeply understand the occupation listed below, including tacit knowledge, informal practices, inter-

personal nuance, real-world context, and the hidden complexity that non-experts overlook.

2. **Gen Al Expert:** You understand the real capabilities and limitations of modern LLMs, agentic workflows, RAG systems,

tool use (Python/APIs), and multimodal models. You can distinguish between “demo-level” and “production-reliable” Al behavior.
Your job is to integrate BOTH perspectives.

Evaluate the automation exposure of a specific occupational task: *Current December 2025 LLM abilities

AUTOMATION RUBRIC (T0-T4 — USE EXACT DEFINITIONS)

**T0 — No Automation** System cannot perform any meaningful component of the task. Typically highly physical, deeply

emotional, or restricted by legal requirements.

**T1 — Low Automation** System can perform 0-50% of the task. Core work relies on physical action, real-world perception,

in-person nuance, or tacit knowledge Al cannot substitute.

**T2 — Moderate Automation (Hybrid)** System can perform 50-80% of the task at high quality. Human involvement remains

essential for: - physical actions, - in-person communication, - or tacit, context-dependent judgment.

**T3 — High Automation (Human-in-the-Loop)** System can perform 80-100% at high quality, BUT human oversight is required

because of: - liability /safety, - stakeholder trust expectations, - rare catastrophic failure modes.

**T4 — Full Automation (Autonomous)** System performs 100% of the task with high quality. Human oversight is *not routinely

needed* and humans are *not liable* for errors. The entire workflow is digitally executable end-to-end.

CAPABILITY ASSUMPTIONS
LLM(Current, Year 2025)**
**CAN:**
- Multi-step planning and reasoning
- Advanced multimodal analysis (vision/audio/docs/charts)
- Retrieval-augmented generation with large knowledge bases
- API/Python/Excel /SQL tool use
- Code generation, debugging, and software automation
- Structured workflow execution and agentic autonomy
- Up-to-date factual retrieval via internet tools
- Data analysis, visualization, and cleaning
- Idea generation, brainstorming, and research assistance
- High-quality writing, summarization, and translation
- Professional communication and long-context coherence
- Document extraction, comparison, and synthesis
- Business analytics, forecasting, and competitive intelligence
- UX/UI design, creative writing, images, audio, and video generation
- App/website creation and end-to-end automation
- Long-term memory and personalization (where enabled)
- Self-correction, critique, and verification loops
- Persistent agentic behaviors across sessions

- Scientific reasoning: literature synthesis, experimental design
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*CANNOT:** - Perform any physical actions
- Conduct tactile or in-person inspection
- Guarantee correctness in high-stakes situations
- Substitute for human judgment where regulation requires a human

- Provide genuine emotional presence or tacit human understanding

### OUTPUT FORMAT (MANDATORY JSON)
Return exactly:

{"T”:"T0—T1 —T2 — T3 —T4" }

i
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A.10 Comparing Automation Exposure Measures

This appendix compares our updated occupation-level automation exposure measure to
the original measure developed by Eloundou et al. (2024). Figure A.6 plots, for each
occupation, the share of tasks classified as automatable under our GPT-5.2-based measure
against the corresponding share implied by the original GPT-4-based measure. Each point
represents a single O*NET occupation. The figure shows a strong positive relationship

between the two measures.

y =0.87x +0.02 ° °
R2=0.76 . ° ° Lo

Share of Automatable Tasks (Eloundou)

0 2 4 6 8 1
Share of Automatable Tasks (Our Measure)

Figure A.6: Comparing Our Automation Exposure Measure to Eloundou et al. (2024)

Notes: Each point represents an O*NET occupation. The vertical axis reports the share of tasks
classified as automatable using the automation measure of Eloundou et al. (2024), while the
horizontal axis reports the corresponding share under our updated GPT-5.2-based measure.
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A.11 PSS Dispersion Among Occupations with Similar Exposure Shares

This appendix complements the main-text discussion in Section 4.4. To make the disper-
sion of PSS at fixed exposure concrete, Figure A.7 displays PSS for all occupations with
exposure between 29 and 31 percent (approximately the 75th percentile of the exposure
distribution). Despite their nearly identical aggregate exposure shares, these occupations
exhibit large differences in PSS, reinforcing the conclusion that exposure alone is an in-
complete statistic for characterizing GenAl-induced changes in occupational entry barri-

ers and effective labor supply.

Teaching Assistants, Postsecondary

Geological Technicians, Except Hydrologic Technicians
Farm and Home Management Educators

Mechanical Engineering Technologists and Technicians
English Language and Literature Teachers, Postsecondary
Communications Teachers, Postsecondary

Computer and Information Systems Managers
Environmental Science Teachers, Postsecondary
Energy Engineers, Except Wind and Solar
Transportation Engineers

Public Relations Specialists

Financial Examiners

Robotics Engineers

Quality Control Analysts

Sales Managers

Logistics Engineers

Instructional Coordinators

Food Cooking Machine Operators and Tenders
Photographers

Gas Compressor and Gas Pumping Station Operators
Political Scientists

Fitness and Wellness Coordinators

Education Teachers, Postsecondary

Medical Dosimetrists

First-Line Supervisors of Retail Sales Workers

Food Service Managers

Credit Counselors

Geneticists

Postal Service Mail Sorter

Printing Press Operators

Gambling Managers

Aerospace Engineers

A1 2 3
Potential Supply Shift (PSS)

o

Figure A.7: PSS of Occupations with ~30% Automatable Tasks

Notes: The figure displays PSS for all occupations with 29-31 percent exposed tasks (approxi-
mately the 75th percentile of the exposure distribution), illustrating that occupations with nearly
identical exposure shares can exhibit large differences in PSS.

>
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A.12 LLM Prompt—Task-Level Expertise Measure

i

You are rating the expertise required to perform individual job tasks from O*NET.

By "expertise” we mean specialized knowledge, training, or skill that: - acts as a barrier to entry (not everyone can do it), and - typi-
cally commands a wage premium.

Generic physical or social tasks that almost any adult could do with minimal training are “no or low expertise”.

Give each task a 1-5 expertise score:

1 = No or minimal expertise - Generic or very basic tasks - Can be learned quickly with little training.

2 = Low expertise - Some short training required - Limited occupation-specific knowledge.

3 = Moderate expertise - Solid occupation-specific knowledge - Often some credential, apprenticeship, or substantial on-the-job learn-
ing.

4 = High expertise - Advanced specialized knowledge - Significant training, degree, or certification.

5 = Very high expertise - Deep specialized expertise - Often advanced professional or graduate-level training.

Output STRICT JSON ONLY:

"expertise_score”: 1-5 integer,

"expertise_label”: “no_or_minimal” — “low” — "moderate” — “high” — “very_high”,
”confidence”: 0.0-1.0

Do NOT include explanations. Do NOT include text before or after the JSON. Output ONLY valid JSON. No markdown. No com-
ments. No words before or after.

i
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A.13 LLM Prompt—Required Training Time

””” You are rating the expertise required to perform individual job tasks from O*NET.

For each task, estimate the minimum amount of specific education and training time (in months) required for a typical adult to

learn to perform this task at a professional level.

Guidelines: - Consider specialized knowledge, training, or skill needed. - Focus on training/education time required to reach

professional competence, not years of generic work experience. - Respond with a single number in months (e.g., 0.5, 6, 18, 36, 60).

Output STRICT JSON ONLY:

{

"training_months": number,

"confidence": 0.0-1.0

Do NOT include explanations. Do NOT include text before or after the JSON. Output ONLY valid JSON. No markdown. No

i

comments. No words before or after.
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A.14 Expertise Distributions Under GenAlI Scenarios

This appendix plots the distributions of four occupation-level expertise measures, each

computed as a task-weighted average (with weights of 1 for core tasks and 0.5 for supple-

noAl
Xo

mental tasks) under different GenAl scenarios. The baseline measure averages task-

level expertise ratings without any GenAl effects. The extensive-margin measure X¢¢sive

averages expertise over only the tasks that are not classified as automatable (i.e., tasks

with a,s = 0), thereby capturing the effect of removing automated tasks from the occu-

pation’s task bundle. The intensive-margin measure X."¢"stve

withAl
ot

averages the GenAl-assisted
expertise ratings x over the full set of tasks, capturing the reduction in required ex-
pertise when workers perform all tasks with GenAl assistance. Finally, the combined mea-
sure XS°"P"ed applies both margins simultaneously: it averages GenAl-assisted expertise

over only the non-automated tasks, as defined in equation (19).
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Figure A.8: Average Expertise Across Occupations

Notes: Each panel plots the distribution of occupation-level expertise requirements, measured in
mapped training months. Panel (a): baseline expertise X!, Panel (b): extensive-margin ex-
pertise X% (averaging over non-automated tasks only). Panel (c): intensive-margin exper-
tise X{Hensive (a]] tasks re-rated with GenAl assistance). Panel (d): combined expertise Xcombined
(GenAl-assisted ratings over non-automated tasks). See text above for formal definitions.
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A.15 Validation of the LLM-Based Expertise Measure

To validate the LLM-generated expertise measure, Figure A.9 compares occupation-level
average expertise scores generated by GPT-5.2 with those produced by Llama 3.3 70B and
Claude Haiku 4.5 using the same prompt. The correlations are extremely high, indicating

that the measure is stable and replicable across models.

80

y = 0.80x + 0.12
R2 = 0.96

y = L17x + 0.25
R2 = 0.97

60

40

20

Average Expertise (llama)
Average Expertise (Claude)

0 20 40 60 80 0 20 40 60 80
Average Expertise (GPT-5.2) Average Expertise (GPT-5.2)
(a) GPT-5.2 vs. Llama-3.3:70B (b) GPT-5.2 vs. Claude-Haiku 4.5

Figure A.9: Comparing the Occupational Expertise Measure Across LLM Models

Notes: Each point represents an occupation. The figure compares occupation-level average ex-
pertise scores generated by GPT-5.2 with scores produced by Llama 3.3 70B (Panel a) and Claude
Haiku 4.5 (Panel b) using the same prompt.

We also merge in occupation characteristics from the O*NET 30.0 Database, including
the levels of education and experience required for each occupation. These data are col-
lected through questionnaires that ask job incumbents to report the education and expe-
rience expected of a new hire.>’ We additionally merge average and median wage levels
from the May 2024 Occupational Employment and Wage Statistics (OEWS) provided by
the BLS.! Figure A.10 shows strong positive correlations between an occupation’s aver-
age expertise and its required education, required experience, and wage levels, providing

further validation for our expertise measure.

30For the O*NET 30.0 Education, Training, and Experience Database, see onetcen-
ter.org/dictionary/28.2/excel. For the questionnaires, see onetcenter.org/questionnaires. The dataset
reports the share of incumbents selecting each education and experience category. We convert these
categories into years and compute weighted averages.

31For the OEWS data, see https://www.bls.gov/oes.
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Figure A.10: Average Expertise and Occupational Characteristics

Notes: Each point represents an occupation. The figure plots average expertise scores against
required education (Panel a), required experience(Panel b), mean wage (Panel c), and median
wage (Panel d).
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A.16 LLM Prompt—Task-Level Expertise with GenAlI Assistance

### ROLE & PERSONA
You are a "Dual-Ezpert" evaluator with two distinct, high-level

competencies:

1. **Domain Ezpert:**
You deeply understand the occupation listed below, including
tacit knowledge, informal practices, interpersonal nuance, real-world contezt,

and the hidden complexity that non-experts overlook.

2. *xGen AI Ezpert:x*

You understand the real capabilities and limitations of modern
LLMs, agentic workflows, RAG systems, tool use (Python/APIs), and multimodal
models. You can distinguish between "demo-level” and "production-reliable"”" AI

behavior.
Your job is to integrate BOTH perspectives.

### GOAL

For the task below, provide TWO expertise ratings AND TWO
training-time estimates:

1) WITHOUT access to an LLM assistant

2) WITH access to a capable LLM assistant (current December 2025

abilities)
Ezpertise means spectialized knowledge, training, or skill that:
- acts as a barrier to entry (not everyone can do it), and
- typically commands a wage premium.

Use the SAME 1-5 scale for both exzpertise ratings:

1 = No or minimal expertise — Generic/basic tasks - learn quickly

with little training
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\N)
]

Low expertise — short training - limited occupation-specific
knowledge
3

Moderate expertise - solid occupation-specific knowledge -
often credential/apprenticeship/substantial on-the-job learning

4 = High expertise - advanced spectalized knowledge - significant
training/degree/certification

5 = Very high expertiise - deep specialized expertise — often

advanced professional/graduate-level training

Training-time estimate:
- Report the MINIMUM specific education/training time (in months)
required for a typical adult to learn to perform the task at a professional
level.
- Focus on task-specific training/education time, not generic
years of work experience.

- Months may be fractional (e.g., 0.5, 6, 18, 36, 60).

### CAPABILITY ASSUMPTIONS (ONLY FOR THE "WITH LLM" RATING)

LLM(Current, Year 2025)
CAN:

Multi-step planning and reasoning

- Advanced multimodal analysis (vision/audio/docs/charts)

- Retrieval-augmented generation with large knowledge bases

API/Python/Excel/SQL tool use

- Code generation, debugging, and software automation

Structured workflow execution and agentic autonomy

Up-to-date factual retrieval via internet tools
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generation

Data analysis, visualization, and cleaning

Idea generation, brainstorming, and research assistance

High-quality writing, summarization, and translation

Professtional communication and long-context coherence

Document extraction, comparison, and synthesis

Business analytics, forecasting, and competitive intelligence

UX/UI design, creative writing, timages, audio, and video

App/website creation and end-to-end automation

Long-term memory and personalization (where enabled)

Self-correction, critique, and verification loops

Persistent agentic behaviors across sessions

Scientific reasoning: literature synthesis, experimental design

CANNOT :

Perform any physical actions

Conduct tactile or in-person inspection

Guarantee correctness in high-stakes situations

Substitute for human judgment where regulation requirTes a human
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- Provide genuine emotional presence or tacit human understanding

### OUTPUT FORMAT (MANDATORY JSON)

Return ezactly:

{
"expertise_without_llm": 1-5 integer,
"training_months_without_llm": number,
"expertise_with_llm": 1-5 integer,
"training_months_with_llm": number

}

No other keys.
No ezplanations.

Output ONLY walid JSON. No markdown. No text before or after.

nmnn
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A.17 Robustness: Expertise Distribution and Occupational Amenities

Our baseline model has two potential concerns regarding the identification of inequality
effects. First, the distribution of expertise F(-) is inferred from occupation-level training
requirements, which may partially reflect endogenous occupational assignment rather
than an exogenous stock of human capital. Second, the model abstracts from non-wage
job characteristics (amenities) that affect occupational sorting in the data. We address
both concerns in this section, showing that our results are robust to (i) replacing the
occupation-based expertise distribution with one derived from population-wide educa-
tional attainment, and (ii) introducing occupation-specific amenities that match observed
employment shares exactly. To incorporate amenities, we augment the worker’s indirect
utility from occupation o to u;, = logw, + a, + ¢;,, where a4, is an occupation-specific
amenity and ¢;, is i.i.d. Type-I extreme value. Given observed employment shares and
wages, we invert the a,’s via a BLP-style contraction mapping so that the model repro-

duces the data employment distribution exactly.

A.17.1 Construction of the CPS Education-Based Distribution

We use Table 2 of the Census Bureau’s Educational Attainment in the United States: 2024,
drawn from the CPS Annual Social and Economic Supplement (ASEC). This table reports
the number of individuals aged 25 and over by highest educational attainment, which we

map to months of post-high-school education as follows:

This yields a distribution with mean expertise of 30.0 months and median of 24.0 months
beyond high school. We construct the CDF by linearly interpolating between the discrete
mass points; for each occupation o with training requirement R, (in months), the share of

the population qualified is ps, = 1 — Fcps(Ry).

A.17.2 Comparison of Expertise Distributions

Figure A.11 compares the baseline (occupation-based) and CPS (education-based) exper-
tise CDFs. The CPS measure places less mass near zero and more mass at standard degree
completion points (24, 48, 72 months), reflecting its reliance on formal educational attain-

ment alone. Despite these differences in shape, the two distributions are strongly corre-
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Table A.5: Mapping Educational Attainment to Months of Post-High-School Education

Category Pop. (thousands) Months post-HS Share (HS+)
High school graduate (incl. GED) 64,010 0 0.305
Some college, no degree 32,170 12 0.153
Associate’s degree 25,060 24 0.119
Bachelor’s degree 54,560 48 0.260
Master’s degree 26,010 72 0.124
Professional degree (JD, MD) 3,211 84 0.015
Doctoral degree (PhD) 5,113 108 0.024
Total (HS+) 210,134 1.000

Source: U.S. Census Bureau, CPS ASEC 2024. Individuals without a high school diploma (19,643 thousand,
8.5% of population 25+) are excluded consistent with our model, which conditions on high school
completion. Shares are renormalized to sum to one over the HS+ population.

lated at the occupation level: the Pearson correlation between F,aseline (Ro) and Feps(R,)

is 0.825 across 885 occupations (Figure A.11b).
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Figure A.11: Comparison of baseline and CPS education-based expertise distributions.
Panel (a) plots both CDFs over months of post-high-school education. Panel (b) shows
Foaseline (Ro) versus Feps(R,) evaluated at the training requirement of each of the 885 oc-
cupations; the correlation is 0.825.
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A.17.3 Counterfactual Results

We run the full counterfactual under four model variants that cross two dimensions: the
source of the expertise distribution (baseline vs. CPS) and the inclusion of occupation-
specific amenities (with vs. without). In all variants we hold ¢ = 5 and calibrate T = 0.717
to minimize the distance between model and data employment shares under the baseline
specification. In the amenity variants, occupation-specific amenities 4, are additionally
inverted to match employment shares exactly; the resulting model employment shares
correlate with the data at 0.95 under the baseline distribution and above 0.99 under the
CPS distribution.

Figure A.12 compares the percentage change in Var(log w) across the four variants.
Three patterns are robust across all specifications. First, the scarcity channel reduces wage
inequality, with the variance of log wages falling by 4-7% across the four variants. Sec-
ond, the productivity channel increases inequality, with the variance rising by 13-26%.
Third, the net effect of both channels together is a moderate increase in inequality, rang-
ing from +3% to +15% across variants. The direction and approximate magnitude of
each channel’s effect are preserved regardless of which expertise distribution or amenity
specification we use.

Scarcity Productivity Both channels
+30% -

+25.7% _ +26.2%

+25% [
+20% [
| +14.5%

+15% [

+10% |-

AVar(log w) (%)

+5% -

0%

-5%

-10% [

Baseline F CPS F

[ Bascline F A |, oo o [0 CPSF WA [ oo

Figure A.12: Change in Var(log w) in general equilibrium for the four model variants.
Each bar shows the percentage change from the variant’s own baseline. Left panel:

scarcity channel only. Center panel: productivity channel only. Right panel: both chan-
nels combined.
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A.17.4 Additional Inequality Measures

Table A.6 reports the full set of inequality statistics for the CPS education-based model
with amenities—our most conservative specification, which addresses both the endoge-

nous expertise distribution concern and the omitted amenities concern simultaneously.

Table A.6: Wage Inequality under CPS Education-Based Distribution with Amenities

Scenario Var(log w) poo—p10 Pso—P10 P9o—P50 P99—P90
Baseline 0.263 1.279 0.628 0.651 0.646
Scarcity PE 0.255 1.279 0.654 0.625 0.597
Scarcity GE 0.251 1.251 0.644 0.607 0.617
Productivity PE 0.324 1.510 0.807 0.703 0.548

Productivity GE 0.311 1.435 0.768 0.667 0.604

Both channels PE 0.312 1.482 0.847 0.635 0.468
Both channels GE 0.295 1.400 0.760 0.640 0.525

Notes: All statistics are employment-weighted using scenario-consistent employment. PE denotes partial
equilibrium; GE denotes general equilibrium (exact fixed point). This specification uses the CPS
education-based expertise distribution with occupation-specific amenities inverted to match data
employment shares exactly.

A.17.5 Discussion

The key takeaway is that our results are robust across both dimensions of variation.
Whether we infer expertise from occupation-specific training requirements or from the
population-wide distribution of educational attainment, and whether or not we include

occupation-specific amenities, three findings are preserved:

1. The scarcity channel compresses the wage distribution (Var(log w) falls by 4-7%).

2. The productivity channel expands the wage distribution (Var(log w) rises by 13-
26%).

3. The net effect is a modest increase in inequality when both channels operate to-
gether (+3-15%).
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The CPS education-based distribution has the advantage of being exogenous to the
occupational structure. The amenity extension ensures the model matches observed em-
ployment shares exactly, eliminating concerns that misspecified sorting could drive the
counterfactual results. Together, these robustness exercises strengthen the case that our
findings reflect fundamental economic forces—the expansion of labor supply into high-
barrier occupations and the erosion of scarcity rents—rather than artifacts of particular

measurement or modeling choices.
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A.18 Counterfactual Wage Distributions

Density

= Current
Post-AI (PE)
—— Post-Al (GE)

= Current
Post-AI (PE)
—— Post-Al (GE)

0.81

0.6

Density

0.24

0.0+

T T T T T T T T
10.0 10.5 11.0 11.5 12.0 12.5 13.0 13.5 14.0 10.0 10.5

T T T T T T
11.0 11.5 12.0 12.5 13.0 13.5
log(annual wage)

log(annual wage)

(a) Expertise Reductions Only (b) Productivity Gains Only
—— Current
Post-Al (PE)
0.8 —— Post-Al (GE)

0.6

Density

0.2+

0.0+

10.0 10.5 11.0 11.5 12.0 12.5 13.0 13.5 14.0
log(annual wage)

(c) Expertise Reductions and Productivity Gains

Figure A.13: Employment-Weighted Wage Distributions Across Counterfactuals

Notes: Employment-weighted densities of occupational log wages under three counterfactuals:

(a) expertise reductions only, (b) productivity gains only, and (c) both. Each panel compares PE
and GE; GE allows worker reallocation across feasible occupations.
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