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Abstract

New technologies can raise demand for some workers while lowering it for

others, but knowing which workers gain and which lose is challenging. We

study this question for generative AI. Our model decomposes changes in labor

demand following firm AI adoption into a firm-wide productivity effect and

worker-type-specific changes in task content. We take the model to the data,

analyzing a sample of 1.25 billion job postings and 154 million employment

records across 41 countries. We infer AI adoption from job advertisements

that involve generative AI use. An instrumented event study shows that for-

eign affiliates of AI-adopting companies reduce the junior share of their work-

force relative to comparable control affiliates. The decline primarily comes

from growth in senior employment rather than from a fall in junior employ-

ment, with suggestive evidence of modest overall employment growth. Senior

employment shifts toward AI-exposed occupations, while our point estimates

suggest a shift away from these occupations among juniors. The model-based

decomposition provides suggestive evidence of modest productivity gains from

AI adoption.
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1 Introduction

New technologies can have different effects across workers within a firm. Between
1920 and 1940, AT&T replaced telephone operators with mechanical switching
across much of its network, one city at a time. Feigenbaum and Gross (2024)
show that when a city’s exchange converted to dial, the local telephone workforce
lost more than a third of its operators, with younger operators seeing the biggest
declines. Yet the same conversion raised employment of clerks, mechanics, electrical
engineers, and managers, who took on tasks the operators had performed and new
tasks the automatic equipment required. The same technology, in the same firm,
lowered demand for some workers and raised it for others.

We develop a model and an empirical strategy to identify how generative AI
adoption changes demand for different groups of workers within firms. First, AI
has a scale effect, whereby the technology lowers production costs and allows firms
to expand, increasing demand for all workers across the firm. Second, AI changes
the tasks that particular groups of workers perform. When AI fully takes over
certain tasks, it reduces demand for the workers who used to perform those tasks.
When AI creates new tasks, this increases demand for workers who perform them.
Productivity gains on existing tasks can go in either direction, as firms now require
fewer workers to complete a given number of tasks, but may increasingly rely on
these tasks in the production process. We call the net worker-specific effect labor
saving if it reduces demand, and labor expanding if it increases demand. The scale
effect can offset labor saving, so employment could grow even for groups whose tasks
are partially displaced.

These firm-level responses need not translate into similar changes in aggregate
employment. Our general equilibrium model captures this distinction by accounting
for adjustments in wages, prices, and labor supply. We derive a first-order rela-
tionship between firm-level employment effects and aggregate employment changes,
showing that they can have opposite signs. To understand how, consider that em-
ployment at adopters can grow relative to non-adopters because adopters lower their
prices and increase their market share. This redistribution of sales need not, how-
ever, increase aggregate spending on labor. In a benchmark case where firms have
the same production functions and adoption raises productivity uniformly across
occupations, productivity gains from AI capital raise real output but reduce the
labor share. If the value of non-employment also rises in real terms, this may induce
some workers to leave employment altogether. This causes aggregate employment
to fall, even though adopters grow compared to comparable non-adopters.

We then take the model to the data by examining how company AI adoption
changes affiliate employment relative to comparable control affiliates. We use Rev-
elio Labs data, containing 1.25 billion job postings and 154 million employment
records across 41 countries. We identify AI adoption from job advertisements that
involve generative AI, and construct a monthly affiliate-level employment panel from
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January 2021 through March 2026. We track workforce size and composition across
occupations and seniority levels to distinguish the scale effect from worker-specific
changes in labor demand. We identify the scale effect from employment changes in
occupations that are not directly affected by AI between treated and control affili-
ates. We then use changes in employment shares across different worker groups to
identify whether the worker-specific effects of AI are labor saving or labor expand-
ing for each group. Combining these worker-specific effects with the scale effect
identifies whether AI adoption ultimately increases or decreases each group’s overall
employment relative to non-adopters.

To estimate the effects of adoption, we must separate treatment from selection.
A positive shock to a firm, for example, may make it both more likely to adopt AI
and more likely to hire. Our design therefore proceeds in two steps. We first match
each country affiliate in an adopting company to observably similar non-adopter
affiliates in the same country and sector. We then use the multinational structure
of the data, instrumenting for AI adoption with the adoption rate among other
multinational parents headquartered in the same metropolitan area as the (foreign)
parent. The main idea is that firms are more likely to adopt when the firms around
them adopt (Cai and Szeidl, 2018; Kalyani et al., 2025), and corporate practices
flow from parents to their foreign affiliates (Bloom et al., 2012; Guadalupe et al.,
2012; Bilir and Morales, 2020). Together, these two processes give the instrument
its relevance. Identification then requires that peer adoption around the parent’s
headquarters affects the affiliate’s workforce only through the multinational’s AI
adoption. This is ex ante plausible because the peers operate in a different coun-
try from the affiliate and in different product and labor markets. We probe this
assumption via pre-trends and from several other angles in the robustness section.

The results show that AI adoption changes which workers an affiliate employs
more than how many. The junior share of employment at treated affiliates begins to
fall after the introduction of ChatGPT, and it is 1.9 percentage points lower than
in control affiliates by March 2026. This decline primarily reflects growth in senior
employment rather than a fall in junior employment: senior employment rises by
6.7 percent, while junior employment is 2.5 percent lower, an estimate that is not
statistically significant. Adoption shifts labor demand from the least-exposed se-
niors to the most-exposed seniors by 5 percent. It shifts labor demand away from
the most AI-exposed juniors towards the least-exposed juniors by 2 percent. Total
employment goes up by a marginally significant 3.3 percent. Occupation shares
move much less: in 21 of the 22 occupation groups, the change is smaller than half
a percentage point. The exception is computer and mathematical occupations, the
most AI-exposed of the 22 groups, whose employment share grows by 0.8 percentage
points while its junior share falls by 3.3 points. Through the lens of the model, gen-
erative AI has so far led to modest productivity increases that are seniority-biased.
AI is labor saving for junior workers and labor expanding for seniors in exposed
occupations. AI is labor expanding for computer and mathematical occupations,
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but these also see the largest seniority bias in their employment response from AI.
The shift from junior toward senior employment appears across most of the

world. We re-estimate the design separately for each of the 31 countries where the
instrument is strong enough to support a country-specific estimate, and combine the
results in a random-effects meta-analysis. The junior share decreases in 23 of the 31
countries, with statistically significant declines in seven, including the United States,
Brazil, and Saudi Arabia. The average decline across countries is 1.1 percentage
points. The other margins mirror the pooled results. Senior employment rises by
a marginally significant 3.4 percent on average, and no country shows a significant
decline in total employment. Junior employment losses run somewhat deeper in
richer and more digitized economies, and are shallower where labor regulation is
more rigid, although most of these correlations are statistically insignificant. Overall,
the shift away from junior workers thus shows initial evidence of generalization to
developing and middle-income countries.

This paper contributes to three literatures. The first is the task framework of Au-
tor et al. (2003); Acemoglu and Autor (2011); Acemoglu and Restrepo (2018, 2019,
2022), in which a technology displaces workers from some tasks, reinstates them
in others, and raises their productivity in the tasks they keep, while the adopting
unit’s lower cost raises its demand for all labor (for an overview, see Acemoglu,
Kong and Restrepo, 2025).1 Recent work brings this framework to the firm, model-
ing adopters who pay a fixed cost to automate. In Humlum (2019), adopters expand
output, shed production workers, and hire technical workers. Hubmer and Restrepo
(2026) use a firm-dynamics model to explain how the aggregate labor share can
fall while the typical firm’s labor share rises. Closest to our approach, Hampole
et al. (2025) relate changes in an occupation’s employment at a firm to the aver-
age exposure of its tasks to AI, the concentration of exposure across those tasks,
and firm-level growth. Concentrated exposure allows workers to reallocate effort
toward less-affected tasks, potentially increasing demand for the occupation. They
estimate these effects for U.S. public firms. Our model differs in two respects. First,
we allow adoption to raise or lower labor demand in each occupation-by-seniority
cell. Exposure to AI, as measured by scores such as those of Eloundou et al. (2024),
can therefore imply lower demand for one group of workers and higher demand
for another. Our empirical results corroborate that AI exposure is associated with
different employment responses across worker groups. Second, we derive a closed-
form, first-order relationship between firm-level difference-in-differences estimates
and general equilibrium employment changes, and establish conditions under which
they have opposite signs. Evidence on earlier technologies shows that adopters grow
relative to non-adopters (Acemoglu et al., 2020; Koch et al., 2021; Aghion et al.,

1Recent extensions consider how task-level automation changes jobs’ expertise requirements
(Autor and Thompson, 2025), raises the importance of surviving tasks (Freund and Mann, 2025),
and amends comparative advantage (Althoff and Reichardt, 2026).
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2026), shift their workforces toward engineers and managers (Bonfiglioli et al., 2024),
and separate from incumbent workers (Bessen et al., 2025).2

We also contribute to the rapidly growing empirical literature on the labor market
effects of generative AI. There are two primary strands of this literature. One strand
scores occupations by how much of their work generative AI can perform (Felten
et al., 2023; Gmyrek et al., 2023; Eloundou et al., 2024; Handa et al., 2025; Tomlinson
et al., 2025; Gmyrek et al., 2025), and examines the labor market trajectories of more
versus less exposed occupations and firms (Brynjolfsson et al., 2026; Klein Teeselink,
2025; Azar et al., 2025; Klein Teeselink and Carey, 2026; Lambert and Schindler,
2026; Orr et al., 2026). Many of these papers find evidence against widespread
displacement but find employment declines in more exposed occupations for junior
workers, with some evidence of pre-trends before the launch of ChatGPT (Frank
et al., 2026; Tucker, 2026).3 A second strand matching the empirical setting in this
paper measures which firms adopt the technology and compares their outcomes with
those of non-adopters. Conclusions in the literature range from declines in junior
employment (Hosseini Maasoum and Lichtinger, 2025) to null effects for earnings
and hours (Humlum and Vestergaard, 2025; Chen and Stratton, 2026; Aldasoro
et al., 2026; Yotzov et al., 2026; Bonney et al., 2026) to increases in employment
(Kharazian et al., 2026). Work on earlier workplace AI uses similar designs and
finds declines in labor demand in exposed jobs alongside growth of adopting firms
(Acemoglu et al., 2022; Babina et al., 2024; Hampole et al., 2025). The existing
research on the employment effects of generative AI lacks a framework for reconciling
discrepancies between the first strand of literature that studies AI exposure and the
second strand that studies AI adoption. In our model, an adopter–non-adopter
contrast reflects the balance of labor saving, labor expanding, and scale effects for
the group of workers in question, and the closed-form relation above states when
that contrast and the market-level change in an exposed occupation should differ.4

Our main empirical contribution is to infer the balance of these forces from affiliate
workforce changes alone, without making any ex-ante assumptions about the sign

2See also Acemoglu, Anderson, Beede, Buffington, Childress, Dinlersoz, Foster, Goldschlag,
Haltiwanger, Kroff, Restrepo and Zolas (2025) on which firms adopt advanced technologies, Dixon
et al. (2021) on robots and managerial employment, Hirvonen et al. (2022) on technology subsidies
and skill demand in Finland, and Lindner et al. (2022) on firm-level skill-biased technological
change. For earlier workplace AI, establishments with AI-suitable tasks reduce non-AI hiring
(Acemoglu et al., 2022), and AI-investing firms grow (Babina et al., 2024).

3See also Chandar (2025); Eckhardt and Goldschlag (2025); Gimbel et al. (2025); Massenkoff
and McCrory (2026).

4Yotzov et al. (2026) and Bonney et al. (2026) directly ask firms if AI has caused them to
increase or decrease employment, with most firms reporting that it has not changed employment
meaningfully. Our model may also help with interpreting these results. Firms that do not use
AI may report that AI has not affected their employment, while firms that do use AI may grow
relative to competitors and even in absolute terms due to the scale effect in our model. These
firm-level findings can still be consistent with shifts in general equilibrium suggested by trends in
occupational AI exposure studies.

5



of impacts.
Our analysis also provides some of the first international estimates for the em-

ployment effects of AI adoption across countries. Most existing evidence on gen-
erative AI and employment, including the work that uses adoption measures clos-
est to ours, comes from single high-income countries: the United States (Bryn-
jolfsson et al., 2026; Hosseini Maasoum and Lichtinger, 2025; Azar et al., 2025),
the UK (Klein Teeselink, 2025), Denmark (Humlum and Vestergaard, 2025), Fin-
land (Kauhanen and Rouvinen, 2025), Sweden (Engberg et al., 2025), and Norway
(Hernæs and Kostøl, 2026). The exceptions are Yotzov et al. (2026), who com-
pare firm surveys in four countries; Lambert and Schindler (2026), Klein Teeselink
and Carey (2026), and Huang et al. (2026) who study exposure in postings data
across a number of countries; and three studies of developing economies, Aguirre
and Meloni (2026) in Brazil, Ravanilla (2026) in the Philippines, and Hanney and
Kim (2026) in India, each of which finds evidence of slowing labor demand in certain
AI-exposed jobs. Because these studies differ in data, adoption or exposure mea-
sure, outcomes, and design, their estimates are hard to compare: within the United
States, and within Denmark, different approaches yield declines in junior employ-
ment in some studies and null effects in others (Hosseini Maasoum and Lichtinger,
2025; Chen and Stratton, 2026; Humlum and Vestergaard, 2025; Bonin et al., 2026).
We use the same data source, outcomes, adoption definition, and instrument in all
41 countries, so that differences in estimates reflect differences in effects rather than
methodological differences. The comparison shows that the decline in the junior
share is widespread and appears in the majority of countries, with statistically sig-
nificant effects in economies as different as the United States, Brazil, and Saudi
Arabia. We also examine whether income, digitization, and labor market regulation
explain why the effects are larger in some countries than in others. We caution that
even while using a consistent methodology, the composition of firms who appear in
the Revelio data may vary across countries, so the estimates should be understood
as relevant to digitally attached multinational firms.

Our final contribution is to the measurement of AI adoption itself. Following
the job-posting approach of Hosseini Maasoum and Lichtinger (2025), we identify AI
adoption from job advertisements that involve generative AI. We apply this measure
to 1.25 billion postings across 41 countries.5

The remainder of the paper proceeds as follows. Section 2 develops the model.
Section 3 describes the Revelio Labs data and the adoption measure, and documents
how adoption varies across countries and affiliates. Section 4 sets out the match-
ing procedure and the cross-border instrument. Section 5 reports the estimates,
compares them across countries, and uses the model to decompose the estimated

5Alternative measures of firms’ AI activity, such as surveys, patents, investor disclosures, and
software usage logs, capture different objects: whether firms invent AI or use it, whether they build
or buy it, and whether the data record what firms do or what investors believe (Babina, 2026).
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employment changes. Section 6 concludes.

2 Theoretical Framework

The theoretical framework developed in this section characterizes how firms adjust
their workforce in response to AI adoption. In Proposition 1 we derive how employ-
ment changes in adopting firms relative to comparable non-adopting firms. We show
how this may vary across groups of workers, such as by occupation and seniority.

The effect decomposes between three channels. Labor saving occurs when AI
replaces a worker’s tasks, depressing the firm’s demand for their services. When
tasks are complements in production, task-level productivity increases also reduce
labor demand. Labor expanding occurs when AI enables workers to take on new tasks
like prompt engineering or AI auditing. Finally, increases in a firm’s productivity
lead to a scale effect, with the firm expanding its inputs to meet rising demand.
The first two channels reshape which workers and factor inputs the firm employs;
the third reshapes how many. The balance of the first two decides whether AI
is a technology biased towards certain groups of workers. This section formalizes
the channels and microfounds regression methods to identify for which occupation–
seniority cells AI is labor saving and for which it is labor expanding. Derivations
and proofs are in Appendix A1; Appendices A2 and A3 close the model and relate
the firm-level comparison to general-equilibrium employment changes.

2.1 Environment

There is a continuum of firms f ∈ F = [0, 1], each producing a differentiated variety.
A representative consumer has CES preferences over the varieties:

Y =

[∫
F
ξ

1/σ
f y

(σ−1)/σ
f df

]σ/(σ−1)

, (1)

where σ > 1 is the elasticity of substitution across firms and ξf is a firm-specific
demand shifter. Maximizing (1) subject to the budget

∫
pfyf df ≤ E yields

yf = ξf p
−σ
f P σ−1E, (2)

where P is the CES price index of the varieties. We take E as given until Section 2.5,
which closes the model with a household side and an income identity.

Workers have an exogenous seniority s ∈ S and an occupation o ∈ O. A worker
type is the pair t = (o, s) ∈ T ≡ O × S, and wt is its wage. Besides labor, firms
can use AI capital k, rented at rate r per unit, but only after paying a firm-specific
fixed cost of adoption Ff ≥ 0.
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Output of firm f is a CES aggregate of its factor inputs,

yf =

[∑
g

(
Ψg
f x

g
f

)(η−1)/η

]η/(η−1)

, (3)

where g runs over the labor types and, at adopters, AI capital; xgf is the quantity of
factor g, written `tf for labor type t and kf for AI capital; and Ψg

f > 0 is the factor’s
effective productivity at firm f . The elasticity of substitution across factors, η > 0
with η 6= 1, is maintained throughout to be below the elasticity across firms, η < σ.6

Appendix A1.1 derives (3) from a task model. Firm output is a CES aggregate,
with elasticity η, over a continuum of tasks, and the firm assigns each task to the
factor that performs it at the lowest unit cost. The quantity (Ψg

f )
η−1 is then the

factor’s productivity, raised to η−1, integrated over the tasks assigned to it; we call
it the factor’s effective task content. It rises when the factor’s set of tasks expands
and declines when the set of tasks shrinks. A productivity gain on the tasks the
factor already performs raises it when tasks are substitutes (η > 1) and lowers it
when they are complements (η < 1), since less of a more productive factor is then
needed per unit of output. Equation (3) may alternatively be taken as primitive.

2.2 AI adoption and the labor-demand shifter

When firm f adopts AI, tasks may be reassigned across factors and productivity
may change within tasks. Three things can change relative to the pre-adoption
configuration:

(i) Displacement. Some tasks formerly performed by labor type t are reassigned
to AI capital because AI’s unit cost on them falls below labor’s: the set of tasks
performed by the type shrinks.

(ii) Reinstatement. New tasks are created (e.g., AI auditing, prompt engineer-
ing, AI workflow design), and the set of tasks performed by the type expands.

(iii) Per-task productivity gains. Within tasks a worker continues to perform,
AI assistance may raise productivity (e.g., copilots, summarization tools).

In addition, AI capital performs a set of tasks of positive measure after adoption.
Let Ψt,0

f and Ψt,A
f denote the type’s effective productivity before and after adoption.

The effect of adoption on labor type t at firm f is summarized by the log change in
the type’s effective task content,

α(o,s,f) ≡ (η − 1) ln

(
Ψt,A
f

Ψt,0
f

)
. (4)

6The case η = 1 is the Cobb-Douglas limit, where the outer exponent η/(η−1) of (3) is singular.
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The shifter decomposes additively into the contributions of channels (i)–(iii):

α(o,s,f) = α
(o,s,f)
reinst − α

(o,s,f)
disp + α

(o,s,f)
prod . (5)

Each component is a log ratio of effective task content on a different set of tasks:
αdisp ≥ 0 is the log task content of the tasks the type no longer performs, αreinst ≥ 0
the log task content gained from new tasks, and αprod the log change in task content
on the tasks the type retains. A per-task productivity gain raises αprod when η >
1 and lowers it when η < 1. Appendix A1.2 gives the formulas under the task
microfoundation and proves (5).

We call α(o,s,f) the labor-demand shifter for type (o, s) at firm f . AI is labor-
saving for a type if its shifter is negative and labor-expanding if it is positive. State-
ments about two types compare their shifters (we write α(t,f) for α(o,s,f), and drop
f when a single firm is understood): AI adoption is biased toward type t relative to
t′ if α(t) > α(t′), and biased against it otherwise.

2.3 Firm behavior

We now derive factor demand and the adoption decision at given factor prices. Write
wg for the price of factor g: the wage wt ≡ wo,s for labor type t = (o, s) and wk ≡ r
for AI capital. Cost minimization under (3) gives the factor demands and the unit
cost

xgf =
(
Ψg
f

)η−1
w−ηg cηf yf , (6)

cf =

[∑
g

(
wg/Ψ

g
f

)1−η
]1/(1−η)

, (7)

with the sums over the labor types and, at adopters, AI capital.7 We write cAf for
the unit cost of firm f if it adopts, evaluated at the post-adoption productivities
Ψt,A
f and including AI capital with productivity Ψk,A

f > 0, and cNAf for its unit cost

if it does not, evaluated at Ψt,0
f over the labor types only. By (4), an adopter’s

demand for labor type t is `tf = eα
(o,s,f)

(Ψt,0
f )η−1w−ηt (cAf )ηyf .

Each firm has zero mass in the sectoral aggregates, so it takes the price index
P and expenditure E as given, and sets the standard CES markup pf = µcf with
µ ≡ σ/(σ − 1). Combining with (2), output and variable profit are

yf = ξf µ
−σ c−σf P σ−1E, (8)

πf =
µ1−σ

σ
ξf c

1−σ
f P σ−1E, (9)

7The production function is a CES in the effective inputs Ψg
fx

g
f with prices wg/Ψ

g
f , and (6)–(7)

are the standard CES formulas; see Appendix A1.3.
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each evaluated at cAf or cNAf according to the firm’s adoption status. A firm adopts
iff the profit gain covers the fixed cost, πAf − πNAf ≥ Ff , that is, iff

ξf

[(
cAf
)1−σ −

(
cNAf

)1−σ
]
≥ σFf

µ1−σ P σ−1E
. (10)

Adoption is more attractive for larger firms (greater ξf ), for firms with a larger cost
reduction from AI, and for firms with a lower fixed cost. Because Ff ≥ 0 and σ > 1,
every adopter has cAf ≤ cNAf , strictly when Ff > 0.

2.4 Comparing employment at adopters and non-adopters

Call two firms f, f ′ twins if they share all production-side fundamentals—the de-
mand shifter ξf = ξf ′ , the pre-adoption effective productivity Ψt,0

f = Ψt,0
f ′ for every

type t, and the potential adoption technology ({α(t,f)}t,Ψk,A
f )—but differ in their

adoption fixed cost: Ff lies below the cutoff (10) and Ff ′ above it, so that f
adopts and f ′ does not. The next proposition compares an adopting twin to its
non-adopting twin at the same factor prices. The matched event study estimator
of Section 4 approximates this empirically: pre-period matching proxies for twin
status, and restricting to firms in a common labor market delivers common factor
prices.

Proposition 1 (Adopter–non-adopter type-level employment ratio). Let f be an
adopter and f ′ a non-adopting twin facing the same factor prices {wt}t∈T and r, the
same sectoral price index P , and the same nominal expenditure E. For every type
t = (o, s),

`t,Af

`t,NAf ′

= eα
(o,s,f) ·

(
cNAf ′

cAf

)σ−η

. (11)

Taking logs:

ln `t,Af − ln `t,NAf ′ = α(o,s,f)︸ ︷︷ ︸
type-specific shifter

+ (σ − η) ln
(
cNAf ′ /c

A
f

)︸ ︷︷ ︸
firm-specific scale term

. (12)

The proof is in Appendix A1.3. The decomposition in (12) is the central object
we take to the data. The first term is type-specific: it varies across cells within a
firm via α(o,s,f). The second term is firm-specific: it is identical across cells within
a firm (depending only on the firm’s overall cost reduction).

The scale term is positive for every adopter with Ff > 0: twins share Ψt,0, so
cNAf ′ = cNAf , the log cost reduction ln(cNAf ′ /c

A
f ) is then positive by (10), and σ > η. Its

coefficient combines two responses to a one-percent reduction in unit cost. Holding
wages fixed, labor per unit of output falls by η percent, because each type has
become relatively more expensive than the firm’s input bundle. Output rises by σ
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percent, because the cheaper variety gains market share. Since σ > η, the output
response dominates, so cost-reducing adoption raises the adopter’s demand for every
type, including types for which AI is labor-saving. A type can lose tasks to AI and
still grow at the adopting firm, provided the firm grows by enough. The overall
effect of adoption on a type’s employment is the sum of the type-specific shifter and
the firm-specific scale term.

Remark 1 (Identification). For a type with no change in effective productivity
(α(o,s,f) = 0), the log employment difference between an adopter and its non-adopting
twin equals the scale term (σ− η) ln(cNAf ′ /c

A
f ). The scale term can be identified from

employment changes for types not directly affected by AI.
The difference in employment changes between any two types t = (o, s) and

t̃ = (õ, s̃) equals[
ln `t,Af − ln `t,NAf ′

]
−
[
ln `t̃,Af − ln `t̃,NAf ′

]
= α(o,s,f) − α(õ,s̃,f). (13)

Differences in employment changes across types t and t̃ difference out the scale
term. They thus show whether AI is biased towards or against a type t relative to
another type t̃. For example, under the model differences in employment changes
between junior and senior workers within a firm recover whether AI is on average bi-
ased toward or against junior workers relative to senior workers. Within a seniority
level, differences in employment changes between more and less exposed occupations
recover whether AI is biased toward or against the more exposed occupation relative
to the less exposed occupation.

In particular, the scale term and the labor-demand shifters may be separately
identified. The scale term is identified from log employment changes for unexposed
workers. The labor demand shifter for a type is identified by comparing its employ-
ment changes to the unexposed type. This method holds as long as the firm employs
workers with α(o,s,f) = 0.

Remark 2 (CES assumption). Under CES firm production functions, the type-
specific term depends only on the type’s own shifter α(o,s,f), and the common term
equals (σ−η) ln(cNAf ′ /c

A
f ). Appendix A4 extends Proposition 1 to nested CES, where

a nest-specific cost term enters between the type-specific and the firm-level terms.8

Relation to labor-share evidence. Firm-level studies of other technologies infer
labor-saving technology from a fall in the labor share of costs at adopters (Acemoglu
et al., 2020; Koch et al., 2021), or, in Humlum (2019), from occupations’ wage bills

8Among homothetic, twice-differentiable technologies, constant pairwise elasticities of substi-
tution characterize the CES family (Uzawa, 1962; McFadden, 1963). Absent this condition, the
type-specific term in (12) depends on the vector of labor demand shifters and matrix of cross
elasticities.
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relative to intermediate inputs. We observe only headcount in the data, so we cannot
measure changes in the labor share of inputs. Instead we estimate the relative
employment effect of AI exposure across occupations to infer for which groups AI
is labor saving and for which it is labor expanding. This approach requires the
assumption of common markets, which allow us to measure effects in labor quantities
while differencing out any wage effects. A key contribution of Proposition 1 is that
the sign of the type-specific shifter is left free. A high exposure score such as
Eloundou et al. (2024) can result in lower demand for one group of workers and
higher demand for another. We can measure when AI is labor saving and when it
is labor expanding in the data, without making any ex-ante assumptions about the
sign of impacts.

2.5 Closing the model and equilibrium

Appendix A2 closes the model with a household labor supply block and an income
identity. In the labor supply block, workers of each seniority choose an occupation
or an outside option based on wages and a Fréchet taste shock. Firms and AI
capital are owned by capitalists, and total spending equals total market income.
Proposition 2 proves that an equilibrium exists.

Appendix A3 then studies the first-order effect of introducing AI into the econ-
omy. Starting from an equilibrium without AI, a set of firms gains access to a small
AI technology and adopts. Proposition 3 shows that the general-equilibrium change
in employment for an occupation differs from the matched adopter–non-adopter dif-
ference of Proposition 1 because of wage, price, and labor supply feedback. We
show in simulation (Table A1) that all sign combinations are possible: the sign of
the general equilibrium change in employment for an occupation can be the same as
the sign of the matched difference, or it can be opposite. The results suggest nuance
in comparing employment changes from AI estimated using different approaches.
Findings in the literature that use adoption-based differences-in-differences meth-
ods estimate a different quantity than approaches that track aggregate employment
changes.

3 Data and Descriptive Statistics

Our data come from Revelio Labs, a workforce-analytics provider that builds labor
force datasets from publicly available online records. We use two of their products,
namely online professional profiles predominantly from LinkedIn, and job postings.
The LinkedIn profile data contains the near universe of all public LinkedIn profiles,
containing information on each position any individual has held, including start
and end dates, an estimated O*NET-SOC occupation code, seniority, and company
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identifiers.9 For each occupation code, we measure AI exposure using Eloundou
et al. (2024).10

3.1 Definitions of Entities

We use the multinational structure of the Revelio data for our empirical analysis.
We define an entity as a subset of an organization in Revelio. The different types
of entities are defined below.

Company A company is a record in Revelio’s company database to which posi-
tions and job ads are attributed. An example of a company is Amazon Web Services.

Affiliate An affiliate is a company’s operations in one country. An example is
Amazon Web Services’ operations in the United States.

Parent Each company record carries a pointer to a parent, which is itself a com-
pany record. A company with no separate owner is its own parent. An example is
Amazon.com, Inc., which is the parent of Amazon Web Services.

Corporate group All companies that share a parent form a corporate group.
An example is Amazon.com, Inc., Amazon Web Services, and every other company
Amazon owns.

Foreign Affiliate An affiliate is a foreign affiliate when its parent is headquartered
in a different country than where the affiliate is located. An example is Amazon
Web Services’ operations in the United Kingdom, which is a foreign affiliate of
Amazon.com, Inc., headquartered in the United States.

These definitions are summarized in Table 1. Below, we discuss how we construct
the sample and define treatment and control. As a preview, a unit of observation is
a foreign affiliate. In our main specification, AI adoption is defined at the company
level using job postings. We instrument for company adoption using adoption rates
among peers in the parent’s metropolitan area.

9Revelio assigns each position one of seven seniority levels: entry, junior, associate, manager,
director, executive, and senior executive. The levels come from an ensemble model that combines
the position’s title, company, and industry with the worker’s career history and age.

10Eloundou et al. (2024) rate, for each of the 19,265 tasks in O*NET, whether a large language
model by itself (alpha), or with additional software built on top (beta), could cut the time a worker
needs to perform the task in half at equal quality. We use their occupation level beta scores.
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Table 1: Entities in the data

Entity Definition Example

Company A record in Revelio’s company
database. Positions and job postings
are attributed to companies.

Amazon Web Services

Affiliate A company’s operations in one
country. Our unit of observation.

Amazon Web Services in
the United States

Parent The company at the top of the
ownership chain. A company with no
owner is its own parent.

Amazon.com, Inc.

Corporate group All companies with the same parent. Amazon.com, Inc.,
Amazon Web Services,
Whole Foods Market,
and the rest of Amazon

Foreign affiliate An affiliate whose parent is
headquartered in another country.
Our estimation sample.

Amazon Web Services in
the United Kingdom

3.2 Sample Construction

The unit of observation is an affiliate. We first describe the restrictions that define
the panel of affiliates, then the subset of foreign affiliates on which we estimate.

Affiliates We keep affiliates with at least 50 positions in October 2022, the month
before ChatGPT’s launch, so that occupation and seniority shares do not swing with
a handful of hires. Second, the affiliate must have at least one active position in
every month from January 2021 through March 2026, which rules out entry and exit.
Third, its October 2022 positions must span at least three distinct occupations, so
that composition has room to shift.

Companies The affiliate’s company must have posted at least one job advertise-
ment of any kind before November 2022 and at least one thereafter. This is to
ensure that the company remains active on the platform.

Countries To ensure reasonable measures of AI adoption rates by country in the
descriptive statistics, we keep countries with at least 50 distinct affiliates that posted
a verified AI job in that country. This drops Kenya, Nigeria, Latvia, Estonia, Slove-
nia, Costa Rica, Ethiopia, Iceland, Russia, and Iran; in Russia and Iran, LinkedIn
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is officially blocked.

Foreign Affiliates After the above restrictions, the resulting panel contains
395,638 affiliates across 41 countries at monthly frequency from January 2021
through March 2026. This is the sample we use for descriptive statistics about AI
adoption rates unless otherwise noted. The estimation sample used to estimate
the effect of AI adoption on employment is the subset of 100,813 foreign affiliates,
whose parent is headquartered in a different country. We filter to foreign affiliates
to ensure that the instrument, which is based on the adoption rate of peers in
a parent’s metropolitan area, is well-defined and plausibly satisfies the exclusion
restriction. The metropolitan area of the parent’s headquarters must contain at
least ten multinational parents, so that the instrument rests on at least nine peers.
The instrument is discussed further in Section 4.

3.3 Measuring Adoption of Generative AI

We measure a company’s adoption of generative AI from the text of its job post-
ings in two stages. In the first stage, we flag all posts that contain generative-AI
terms, including model and product names (ChatGPT, Claude, Gemini, Copilot,
Llama, Mistral, Stable Diffusion, Midjourney, DALL-E), core vocabulary (large
language model, generative AI, GPT, prompt engineering), and developer tooling
(LangChain, retrieval-augmented generation, vector database, OpenAI API, Azure
OpenAI).11 This yields more than 2 million candidate postings between January
2021 and March 2026. In the second stage we pass every candidate through a large
language model (Llama 3.1 8B Instruct) to judge whether the advertised job in-
volves generative AI, whether by using tools such as ChatGPT, by building with
large-language-model frameworks, or by listing experience with such tools as pre-
ferred. This filters out stray keyword matches (an airline’s copilots, applicants
named Claude, “LLM” as a law degree), postings that involve conventional machine
learning rather than generative AI, and ads that mention the technology only to
restrict it, for instance to bar the use of ChatGPT in applications. This leaves 1.36
million postings, 99 percent of them posted after ChatGPT’s launch. We label a
company an adopter if it has at least one AI posting after November 1, 2022. The
adopter label therefore indicates that a company has brought generative AI into
some part of its work. It does not indicate how this affects demand across workers,
which is the focus of our estimates in Section 5.

Although the screening vocabulary includes English terms, most keywords are
model and product names or technical acronyms used internationally, such as Chat-
GPT, Copilot, GPT, and LLM. These terms should help detect AI-related re-
quirements across posting languages. Moreover, the observed country rankings do

11Appendix A6 gives the full keyword list and the verification prompt.
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not suggest a systematic advantage for English-speaking countries, as several non-
English-speaking countries have higher AI-posting shares than the United States
or the United Kingdom. One small data caveat is that the AI posting data for
the United States only runs to October 2025, which means that we miss a small
proportion of late adopters.

3.4 Descriptive Statistics

We first report statistics about AI adoption across the broader set of 395,638 af-
filiates.12 These affiliates come from 41 countries, with monthly observations from
January 2021 through March 2026. Countries range from advanced economies such
as the United States, Germany, and Japan to middle-income and developing coun-
tries such as Brazil, Turkey, South Africa, India, Indonesia, and Egypt. The median
sample affiliate has 112 positions at baseline, and together the sample affiliates hold
154 million positions in October 2022. The United States contributes the most af-
filiates (123,074), Luxembourg the fewest (489). Table A6 in Appendix A7 reports
posting counts and AI shares by country.13

Figure 1 ranks countries by the AI share of their postings.14 India tops the
ranking ahead of Israel (0.53 percent), Slovakia (0.43 percent), and Luxembourg
(0.36 percent), with Lithuania (0.32 percent) and Poland (0.31 percent) close behind;
the United States ranks tenth of the 41 countries at 0.17 percent.15 The AI share of

12This section reports statistics for the broader set of affiliates to show how the prevalence of AI
job postings varies across industries and across countries. Throughout, an affiliate is treated if its
company posted an AI job in any country, the treatment definition of Section 4. These statistics
complement a small but growing set of reports on AI adoption around the world (Bick et al., 2024;
Chatterji et al., 2025; Appel et al., 2025; Eurostat, 2025; Yotzov et al., 2026; Klein Teeselink and
Carey, 2026). We define treatment at the company level because companies may adjust operations
globally in response to adoption in some affiliates.

13Table A7 in Appendix A7 reports affiliate-level counts, baseline characteristics, and treatment
shares by country.

14These counts cover the full universe of postings in the 41 sample countries, absent sample
restrictions on the affiliates.

15Microsoft’s telemetry-based estimate of the share of 15-to-64-year-olds who used a generative
AI product in the first quarter of 2026 is 17.8 percent worldwide, 63.4 percent in Singapore,
42.2 percent in the United Kingdom, 38.1 percent in Israel, 31.3 percent in the United States,
22.5 percent in Japan, 19.1 percent in Brazil, and 17.6 percent in India (Microsoft AI Economy
Institute, 2026). The Anthropic Economic Index places per-capita Claude use highest in Israel
and Singapore, with the United States at 3.6 times and India at 0.3 times the level its working-age
population would predict, although India is second only to the United States in total use (Appel
et al., 2025). OpenAI’s ranking of countries by ChatGPT messages per working-age person shows
the same pattern, with Singapore first and India in the lower half (OpenAI, 2026). Israel and
Singapore rank near the top in both our data and these sources, but India ranks first here and
near the bottom in population use, while the United Kingdom, Japan, and Brazil rank far higher
in population use than in AI hiring. The posting share used in this paper measures hiring for roles
that involve AI rather than use by the population, and the sample reflects employers who advertise
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postings has risen steadily and more than quadrupled between the end of 2023 and
March 2026.

This ranking reflects which entities advertise on LinkedIn as much as how in-
tensively they adopt AI. The AI share of postings differs by a factor of fifty across
industries (Figure 2), so a country whose postings come disproportionately from
software and IT services such as India will rank high even if its companies adopt
at the same rate as similar companies elsewhere. In countries such as the United
States, coverage reaches roughly two thirds of official employment, and the posting
sample resembles the wider economy far more closely (Section 3.5). We therefore
interpret Figure 1 as describing where AI hiring is happening on LinkedIn rather
than as a measure of national adoption rates.16

Across affiliates, treatment lines up with the selection in our model. Larger and
more exposed affiliates are more likely to be treated, that is, to belong to a company
that adopts, and so are affiliates that pay higher wages (see column 4 of Table 2).
A doubling of employment raises the probability that the affiliate is treated by 6
percentage points, against a sample mean of 15.4 percent. A one standard deviation
(0.10) increase in the workforce’s average exposure score adds 2.8 points, and a
10 percent higher average wage adds 3 points. The junior share of employment
matters least: holding size, exposure, and pay fixed, a 10 percentage point higher
junior share raises the probability by about 1 point.

AI jobs constitute only 0.60 percent of job postings in adopting companies. The
median adopting company posted three AI jobs by March 2026, and one in four
posted one (Table A8). AI jobs cluster in a few occupations, as four in five adopting
companies posted at least one AI job in computer and mathematical occupations,
followed at a distance by management (20 percent of adopting companies), busi-
ness and financial operations (18 percent), and architecture and engineering (15
percent).17 AI jobs are typically in more exposed occupations than other postings,
and have an average exposure score of 0.62 against 0.49 for others. Approximately
58 percent of AI jobs fall in a highly exposed occupation group against 26 percent
of other postings. For 94 percent of AI jobs, the affiliate was already posting in that
occupation group before ChatGPT’s release. AI postings are concentrated across

on LinkedIn.
16In the U.S. Census Bureau’s Business Trends and Outlook Survey, 19.8 percent of firms re-

ported using AI in May 2026, led by information (39.7 percent) and finance and insurance (33.9
percent) (U.S. Census Bureau, 2026; Bonney et al., 2026). In Eurostat’s 2025 survey, 20 percent
of EU enterprises with ten or more employees used AI, led by information and communication (63
percent) and professional, scientific, and technical activities (40 percent), with construction lowest
at 11 percent (Eurostat, 2025). Our posting shares also put information first (0.63 percent) but
place education and health care second (0.21 percent) and professional and business services fifth.
Our adoption metric measures something different from these surveys. Surveys ask respondents
whether their firm uses AI at all. Our measure records how this gets reflected in job postings.

17In Section 5.2.2, we use this variation and estimate treatment effects separately by the occu-
pation of the company’s first AI job.
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Figure 1: AI share of job postings by country
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Notes: The figure ranks countries by the share of their job advertisements that involve generative
AI. For each country, the bar reports LLM-verified AI job advertisements as a percentage of all
job advertisements posted between November 2022 and March 2026. Postings come from the full
Revelio job-listings universe in the country, with no affiliate-level sample restrictions, and each
posting is counted once, on the date it first appears. The country sample is discussed in Section 3.
It requires a minimum number of distinct AI-posting affiliates in a country and excludes Russia
and Iran, where LinkedIn is officially blocked. ∗United States: posting data end in October 2025,
so its AI and total postings are both counted through that month. Table A6 reports the underlying
posting counts.

companies as well as occupations: the ten largest AI job posters, mainly online
tutoring and data-annotation platforms, account for 40 percent of all AI postings.
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Figure 2: AI share of job postings by industry
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Notes: The figure ranks broad industry sectors by the share of job advertisements that involve
generative AI, pooling all countries. For each sector, the bar reports LLM-verified AI job adver-
tisements as a percentage of all job advertisements posted between November 2022 and March
2026. Sectors aggregate Revelio’s industry classification into the broad groups used throughout
the paper; postings that cannot be matched to a company with an industry code are excluded.
United States postings are counted through October 2025. For the posting universe and the coun-
try sample, see Figure 1.

Because we treat adoption as binary, this concentration does not affect our esti-
mates.18

Taken together, treated affiliates are larger, more exposed, and better paid than
untreated affiliates in the same country and sector. This selection is why our empir-
ical analysis compares treated affiliates to matched controls rather than to average
affiliates and requires an instrument for treatment.

3.5 Representativeness

One may be concerned that LinkedIn profiles provide a non-representative sample
of workers. To measure the degree of the problem, we benchmark Revelio against
official labor force statistics at the one-digit occupation level (see Appendix A8 for
the full analysis). Coverage varies across countries, with active Revelio positions
roughly two-thirds as large as official employment in the United States and the

18Section 5.3 shows additional results for an intensity-of-treatment measure.
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Table 2: Affiliate-level predictors of treatment

Treated (0/1)

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

Log employment 0.091∗∗∗ 0.091∗∗∗ 0.093∗∗∗ 0.085∗∗∗

(0.006) (0.006) (0.006) (0.004)
Average AI exposure 0.681∗∗∗ 0.505∗∗∗ 0.279∗∗∗

(0.072) (0.064) (0.024)
Junior share −0.267∗∗∗ 0.105∗∗∗

(0.054) (0.036)
Log average wage 0.336∗∗∗

(0.083)

Country FE Yes Yes Yes Yes
Sector FE Yes Yes Yes Yes
Outcome mean 0.154 0.154 0.154 0.154
Observations 395,554 395,554 395,554 395,554
Adjusted R2 0.145 0.165 0.176 0.213

Notes: The table reports linear probability models of treatment on affiliate characteristics measured
before ChatGPT’s launch, adding one predictor at a time. The outcome is an indicator for the
affiliate being treated, that is, for its company having posted at least one LLM-verified AI job
advertisement in any country between November 2022 and March 2026. The sample is the affiliates
satisfying the sample restrictions of Section 3 in every analysis country, including the United States,
whose shorter adoption window ends in October 2025 and is absorbed by the country fixed effects.
All predictors are measured in October 2022: log employment; the workforce’s average AI exposure,
defined as the occupation-level GPT-4 exposure score of Eloundou et al. (2024); the junior share of
employment, defined as Revelio seniority levels 1–2; and the log of the affiliate’s average imputed
wage. Outcome mean is the mean of the dependent variable across sample affiliates. Standard
errors, in parentheses, are clustered by country. ∗/∗∗/∗∗∗: p < 0.10/0.05/0.01.

United Kingdom, a quarter in Brazil and Germany, and 8 percent in India. The
occupational mix mirrors official shares well in high-coverage countries (a correlation
of 0.73 in the United States and 0.87 in the United Kingdom), but relatively poorly in
most low- and middle-income countries. In general, the data oversamples managers
and professionals, and under-represents people working in agriculture, construction,
and manual labor. Revelio employment also grows faster than official employment
in most occupation groups, which is likely caused by platform growth rather than
increased labor force participation.

These measurement facts are important inputs into our methodological design.
Aggregate employment levels are confounded by LinkedIn coverage and entry, and
this varies by occupation, seniority, country, and industry in ways that might con-
found aggregate analysis. Accordingly we do not study trends in aggregate employ-
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ment outcomes in this paper. All estimation instead compares treated and control
entities in the same country, sector, and month and matches on baseline size, AI
exposure, and the junior share of employment. This ensures that, if the exclusion
restriction of the instrument holds conditional on the matching, then coverage differ-
ences across countries and platform growth over time do not confound the internal
validity of our results since representativeness is conditionally exogenous.19

4 Empirical Methodology

This section sets out our empirical methodology. Each observation in the analysis
is an affiliate-month. We start by defining treatment and control, then describe
approaches for addressing endogeneity, and finally set out the estimating equations.
We conclude with a discussion of the assumptions under which the design identifies
a causal effect of company adoption.

4.1 Treatment and Control

We measure adoption from job advertisements, as described in Section 3.3. We
define an affiliate as treated if the associated company is an adopter, whether or not
the AI job was advertised in the affiliate’s country. A company that adopts AI may
endogenously change its global operations, such as by shifting more customer service
operations to AI chatbots. Consequently, we measure adoption at the company level
rather than at the foreign affiliate level in our main specification.20 An affiliate is a
candidate for the control group if no company in its corporate group is an adopter.
Affiliates whose own company did not adopt but whose corporate group contains an
adopter are neither treated nor control and are excluded, since the group’s adoption
may affect them. In a robustness check we instead define treatment at the level of
the parent’s own company record, so that every affiliate of an adopting parent is
treated.

Throughout the analyses, we date treatment at November 2022, when ChatGPT
was launched, for every treated affiliate, rather than at the month of the company’s

19Likewise, workers may revise their profiles in the years after their job ends (Bloom et al.,
2026). Our estimation strategy requires that this behavior is exogenous given the matching and
instrument.

20Only 30 percent of treated affiliates advertised an AI job in their own country. A variant treats
an affiliate only when its company advertised in the affiliate’s own country. Such affiliates tend to
be part of large multinationals, especially in the technology sector, with poor matching candidates.
Consequently the treated affiliates under that definition grew faster than their matched controls
before ChatGPT’s launch, so the variant fails the pre-trend test. Using the same sample of affiliates
but with treatment defined at the company level similarly fails pre-trends, even as pre-trends are
null with the same treatment definition in our main sample. This implies that restricting to foreign
affiliates with local AI postings leads to a poor pool of counterfactual affiliates.
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first AI job advertisement. In Section 5.3.2 we split treated affiliates by the date of
the company’s first advertisement and show heterogeneity in results.

4.2 Matching and Instrumental Variables

As our model and data show, AI adoption is endogenous, with larger, more prof-
itable, and more AI exposed entities more likely to adopt the technology. As such,
treated and control affiliates differ in many observed and unobserved characteristics
that may correlate with both AI adoption and changes in workforce composition,
and a simple comparison would combine the effects of treatment and selection. In
addition, company shocks such as funding rounds, IPOs, R&D discoveries, and
product launches might affect both sides of the equation in a way that will not be
captured by any kind of fixed effects.

To separate treatment from selection, we proceed in two steps. Both steps exploit
the structure of multinational corporate groups, so we restrict the sample to foreign
affiliates. We first describe the matching procedure and the instrument. The next
sections set out the estimating equations and discuss the assumptions under which
the design identifies a causal effect of adoption.

Matching Equation (10) in the model predicts that adoption is a function of
firm size and employment composition. In addition, Proposition 1 requires firms
to operate in common labor and product markets. Accordingly, we match treated
affiliates along these dimensions. Within each country, we match each treated foreign
affiliate to up to five control foreign affiliates in the same 12-sector industry, selected
by Mahalanobis distance on the affiliate’s log employment, average AI exposure of its
workforce, and junior share of employment, all measured in October 2022. We match
with replacement and require each control to lie within half a standard deviation of
the treated affiliate on all three variables; treated affiliates with no control inside
these calipers are dropped. When a treated affiliate is matched to k controls, the
treated affiliate receives weight one and each control weight 1/k. Table A10 in
Appendix A9 gives summary statistics for the matching sample, including the raw
number of affiliates entering the matching procedure, the number of treated affiliates
dropped by the calipers, and the number of controls per treated affiliate. The table
also shows how the matching variables and the outcome variables compare between
treated and control affiliates in the full sample and the matched sample.

We match only on baseline levels in October 2022, not growth rates prior to that.
This matches the predictions of the model. Further, it helps us validate that our
results are not driven by mean reversion or an Ashenfelter dip (Ashenfelter, 1978).
Matching only on baseline levels makes satisfying pre-trends a more demanding and
sharper test of the identifying assumptions.
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Instrument. Even conditional on matching, treatment might be correlated with
unobserved characteristics of affiliates in ways that affect employment. We thus
instrument for treatment status. The instrument is based on two channels of tech-
nology diffusion. First, when firms around the parent’s headquarters integrate gen-
erative AI, the parent gains information and working examples, and the technology
becomes more salient, which make the parent more likely to adopt (Cai and Szeidl,
2018; Kalyani et al., 2025). Second, corporate practices and technology adoption
decisions often flow from parent companies to their affiliates (Bloom et al., 2012;
Guadalupe et al., 2012; Bilir and Morales, 2020). Peer adoption around the parent’s
headquarters can therefore drive treatment at the company and its affiliates.

We use this idea to construct an instrument for adoption. Let p(f) denote affiliate
f ’s parent, a(f) the metropolitan area of that parent’s headquarters, and Pa the
set of multinational parents headquartered in a. The instrument is the leave-out
adoption rate among the other parents in the same metropolitan area,

Zf =
1

|Pa(f)| − 1

∑
p∈Pa(f), p 6=p(f)

Ap, (14)

where Ap equals one if any company in parent p’s corporate group is an adopter.
Because the sum excludes p(f), postings by the affiliate’s own parent, or by any
other company in its group, do not enter Zf . We compute Zf only in metropolitan
areas with at least ten multinational parents, so that it never rests on fewer than
nine peers. We standardize Zf to mean zero and unit variance over the matched esti-
mation sample, so that first-stage coefficients measure the effect of a one-standard-
deviation increase in the peer adoption rate. The country-level analyses of Sec-
tion 5.2.1 standardize within country.

4.3 Estimation Approach

We estimate our instrumented matched difference-in-differences model in long dif-
ferences. Formally, let q measure months relative to the launch of ChatGPT in
November 2022. The panel runs from q = −22 (January 2021) to q = 40 (March
2026), and October 2022 (q = −1) is the baseline from which we take differences. For
employment outcomes, we use log(max{N, 1}), where N is the relevant employment
count, retaining observations with zero junior or senior employment. For affiliate f
in matched set m and outcome y, the long difference is ∆qyfm = yf,q − yf,−1. For
every month q 6= −1 we estimate, by two-stage least squares, the cross-sectional
regression

∆qyfm = βqDf + µmq + εfmq, (15)

with first stage
Df = γq Zf + κmq + ufmq, (16)
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where Df indicates that affiliate f ’s company posted at least one AI job from Novem-
ber 2022 onward, in any country, and µmq and κmq are matched-set fixed effects, so
that both stages compare affiliates only within matched sets. We cluster standard
errors by the metropolitan area of the parent’s headquarters, the level at which the
instrument varies.

The coefficients βq trace out an event study. For q < −1 they are placebo long
differences that test whether treated and control affiliates were on parallel paths
before the introduction of LLMs; for q ≥ 0 they give the treatment effect in each
month after October 2022. We summarize post-period effects with the coefficient at
March 2026 (q = 40).

Our headline estimates pool all 41 countries in a single regression. Because
matched sets are formed within country and sector, the matched-set fixed effects
absorb any shock common to a set, including country- and sector-specific shocks
over the window. The pooled coefficient is a weighted average of within-country
effects. The effect of adoption need not be the same in the United States as in India,
so we also estimate (15) country by country and combine the endpoint estimates
(q = 40) in a random-effects meta-analysis (DerSimonian and Laird, 1986), which
lets us examine the distribution of effects around the world.

The long-difference specification matters for interpretation. Standard 2SLS esti-
mators do not in general estimate a positively weighted average of treatment effects
unless the specification is fully saturated in the covariates (Blandhol et al., 2026).
When covariates enter additively, as the affiliate and month fixed effects of a panel
event study do, some treatment effects can receive negative weights, so that one
could estimate a negative effect even if adoption raised the outcome at every affili-
ate. Long differencing avoids this problem. Differencing from October 2022 removes
the affiliate effect by construction, and the only covariates left in each monthly cross-
section are matched-set indicators, which is a saturated specification. Under stan-
dard LATE assumptions, each monthly coefficient is therefore a positively weighted
average of matched-set effects for compliers, the affiliates whose treatment status
responds to the peer environment around their parent’s headquarters. Under this
interpretation, the estimates capture effects in affiliates on the margin of treatment,
who are pushed into the treatment group because their parent’s peers adopted AI.

4.4 Identification Assumptions

For the instrument to be valid, peer adoption around the parent’s headquarters must
be unrelated to the other determinants of the affiliate’s workforce. Our design rules
out several sources of confounding. First, because the instrument is built from other
parents’ adoption decisions, it does not respond to shocks to the affiliate’s company,
such as funding rounds or product launches. Second, because the peers sit in a
different country from the affiliate, the instrument is also insulated from shocks to
the affiliate’s local market. Third, matching within country and sector on baseline
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AI exposure controls for shocks that hit a whole sector in a country symmetrically,
and for factors that track AI exposure itself, such as interest-rate changes or the
scope for remote work (Dingel and Neiman, 2020; Lambert and Schindler, 2026).

One remaining concern is that a shock to the parent’s home market could affect
both peer adoption and the affiliate’s outcomes. A boom in the metropolitan area of
the parent’s headquarters could raise peer adoption, because firms have more cash
to spare for AI investment, and at the same time raise the parent’s cash flow, which
funds expansion abroad. This pattern predicts that the instrument should raise
overall affiliate employment, whereas we find only a modest and imprecise increase.
It may nonetheless bias our estimates. We address the concern in two ways. First,
in a robustness exercise we add the employment growth of the other multinational
parents headquartered in the same metropolitan area as a ‘bad’ control in both
stages, which absorbs any generic expansion around the headquarters. Because
peer growth partly reflects the peers’ own adoption, this control can absorb part of
the true effect, so the check is conservative. Second, we consider robustness to using
an alternative instrument that uses a peer group of multinational parents in the
same headquarters country and sector as the focal parent rather than in the same
metropolitan area. This is a different source of variation that may be less subject to
shocks local to the parent’s metropolitan area. Section 5.3.1 reports these checks.

The exclusion restriction requires, in addition, that the parent’s peer adoption
affects the affiliate’s workforce only through the company’s adoption. Most direct
channels are less plausible, since the peers operate in a different country and in
different product and labor markets from the affiliate, but three are harder to dis-
miss. The first is the parent’s own adoption. A parent that integrates generative AI
may centralize exposed tasks at headquarters and reduce its affiliates’ junior ranks
whether or not the company adopts. Our estimates would then capture the effect of
the corporate group’s adoption on the affiliate rather than of its company’s adop-
tion. To gauge it, we compare our main estimates with estimates in which adoption
is measured by the parent’s own postings rather than the company’s. Two further
channels arise because adoption by nearby firms changes the parent’s environment in
ways that can reach the affiliate without any effect of adoption in its company. One
is organizational imitation: local peers reorganize, and a parent may copy their prac-
tices, fewer junior hires or flatter teams, across its group irrespective of AI. As a ro-
bustness we rebuild the instrument from peers outside the parent’s sector, under the
idea that firms imitate these organizational practices mainly within their industry;
if organizational imitation drove the results, they should weaken once same-sector
peers are removed, lending more credence to AI adoption as the relevant channel.
The other is the local labor market: wide AI adoption near headquarters may bid
up or down workers’ wages, which may affect the parent’s employment decisions
abroad. In that case the instrument moves the affiliate’s workforce through reloca-
tion rather than AI. As discussed below, OLS and synthetic difference-in-differences
estimates that do not rely on the cross-border instrument are less subject to this
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concern.
Last, our approach requires monotonicity: peer adoption around the parent may

make an affiliate’s company more likely to adopt or leave it unaffected, but it should
not make it less likely (Imbens and Angrist, 1994). To examine this assumption, we
estimate the first stage separately by parent sector and by affiliate size and check
that no subgroup responds negatively to the instrument.

Despite these checks, we acknowledge our instrument is not perfect, and the
exclusion restriction remains untestable. We therefore complement the IV with
two alternative designs. The first is a matched difference-in-differences event study,
which applies our matching procedure and then compares adopters with their con-
trols directly, without instrumenting adoption. The second is synthetic difference-in-
differences (Arkhangelsky et al., 2021), which replaces the nearest-neighbor matches
with estimated weights on control affiliates and pre-treatment months, chosen so that
the synthetic control group tracks the treated group before November 2022. Both
designs use the same treatment definition, timing, eligibility rules, and outcomes as
our main analysis but a broader sample: because neither requires the cross-border
instrument, we estimate both on every eligible affiliate in the 41 analysis coun-
tries, domestic and foreign affiliates alike. The identifying assumptions differ as
well: the event study relies on parallel trends within matched sets, and synthetic
difference-in-differences on parallel trends after reweighting. Appendix A14 provides
full methodological details for both designs. The OLS design in particular is more
vulnerable to confounding by unobserved affiliate shocks, so we interpret it as a
complementary robustness exercise rather than as a replacement for the IV.

5 Results

This section shows the main results for the effect of company AI adoption on affiliate-
level workforce composition. The goal of our empirical exercise is to examine for
which groups of workers and which occupations AI has been labor saving, and for
which it has been labor expanding, to date. We furthermore examine heterogeneity
in these effects across countries, and show how the estimates change under alter-
native identification strategies. We end with a model-based decomposition of the
estimated employment changes into scale and bias terms.

Before turning to the treatment effects, we first establish that the instrument is
relevant: affiliates whose parents are surrounded by adopters are indeed more likely
to be treated, that is, to belong to a company that adopts. Table 3 shows that a
one-standard-deviation increase in the peer adoption rate raises the probability that
the affiliate’s company adopts by 16 percentage points, which gives an effective first-
stage F statistic of 104.2, well above conventional weak-instrument thresholds. In
other words, the pattern is consistent with generative AI diffusing along corporate
networks, from the firms around a parent’s headquarters to that parent’s affiliates
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abroad. Section 5.3.1 provides supporting evidence, showing that the first stage is
positive in every parent sector and affiliate size tercile, in line with the monotonicity
assumption, and it stays strong when we exclude any of the ten metropolitan areas
that contribute the most treated affiliates.

5.1 Workforce Composition

Starting with the effect of AI adoption on workforce seniority, Panel A in Figure 3
plots the effect of adoption on junior employment as a fraction of an affiliate’s
total employment. Before the introduction of ChatGPT, the junior share followed
similar trajectories in treated and control affiliates. After the introduction of LLMs,
however, the junior share begins to decline almost immediately, and continues to
gradually decline for three years. By March 2026, the junior share of employment in
treated affiliates decreased by 1.9 percentage points compared to control affiliates,
as shown by the end-period estimates in Table 3. Juniors hold 57.1 percent of
positions at matched treated affiliates at baseline (an employment-weighted share),
so the 1.9-point drop is equivalent to 3.3 percent of that baseline share.

A falling junior share can reflect fewer juniors, more seniors, or both. Panels B
and C estimate the effect of adoption on each group separately. Junior employment
at treated affiliates falls quickly after the launch of ChatGPT, and decreases by
2.9 percent relative to matched controls within a year, although the estimates are
somewhat imprecise. The gap then stays constant around that margin. Senior
employment, by contrast, barely moves for the first year and a half, and then climbs
steadily, ending 6.7 percent higher at treated affiliates. The decrease in the junior
share is therefore primarily driven by the increase in senior employment; junior
employment is lower at treated affiliates, but not significantly so. To put these
magnitudes in terms of people: the average matched treated affiliate has roughly
255 positions in October 2022, 145 of them junior. The point estimates imply that
by March 2026 it employs about 8 more seniors than it would have without adoption,
and about 4 fewer juniors.

To better understand the relative decline in junior employment, we next examine
the extent to which the change in junior positions tend to be concentrated in high
AI-exposure occupations. Our model shows that such a concentration would be
consistent with the interpretation that AI is labor saving for high-exposure junior
roles in particular. We therefore estimate the effect of AI adoption on the difference
between two shares of junior employment: the share in the most exposed occupations
(top quartile of exposure) and the share in the least exposed occupations (bottom
quartile). By taking the difference of the two shares, we investigate shifts in exposure
conditional on total junior employment, which allows us to abstract from all factors
that move junior employment as a whole, including affiliate-level scale effects and
overall shifts between juniors and seniors. In other words, the estimate tells us how
AI adoption reallocates juniors across occupations, holding fixed how many juniors
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Figure 3: Event study plots for the effect of AI adoption on junior versus senior
employment
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Notes: The figure plots the estimated effect of treatment, adoption of generative AI by the affil-
iate’s company, on the seniority mix of the affiliate’s workforce, month by month. Each point is
a two-stage least squares coefficient βq from Equation (15), in which the outcome enters as the
long difference between the month on the horizontal axis and October 2022, the month before
ChatGPT’s launch. The sample is the matched sample of Section 4: foreign affiliates of multi-
national groups whose company posted at least one AI job advertisement from November 2022
onward, each paired with control foreign affiliates matched within country and sector on baseline
employment, average AI exposure, and junior employment share. Treatment is instrumented by
the leave-out AI adoption rate among the other multinational parents headquartered in the same
metropolitan area as the affiliate’s own parent, and match fixed effects restrict every comparison
to affiliates within the same matched set. Panel A plots the junior share of employment, Panel B
log junior employment, Panel C log senior employment, and Panel D log total employment, where
junior covers Revelio seniority levels 1–2 and senior levels 3–7. Shaded bands are 95% confidence
intervals, clustered by the metropolitan area of the parent’s headquarters. The dashed vertical line
marks ChatGPT’s launch in November 2022.
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Table 3: Effect of AI adoption on employment and workforce composition

Log employment Junior share Q4−Q1 exposure share

Total Junior Senior Total Junior Senior

AI adoption 0.033∗ −0.025 0.067∗∗∗ −0.019∗∗∗ 0.001 −0.006 0.009∗∗

(0.020) (0.023) (0.022) (0.004) (0.003) (0.004) (0.004)

Match fixed effects Yes Yes Yes Yes Yes Yes Yes
Countries 41 41 41 41 41 41 41
Treated affiliates 26,102 26,102 26,102 26,102 26,102 26,102 26,102
Control affiliates 27,697 27,697 27,697 27,697 27,697 27,697 27,697
Effective first-stage F 104.2 104.2 104.2 104.2 104.2 104.2 104.2

Notes: The table reports the estimated effect of AI adoption on each column outcome at the
March 2026 endpoint of the panel, that is, the coefficient βq from Equation (15) in the final month,
estimated by two-stage least squares and pooled across countries. AI adoption indicates that the
affiliate’s company posted at least one AI job advertisement after November 2022, instrumented by
the leave-out AI adoption rate among the other multinational parents headquartered in the same
metropolitan area as the affiliate’s own parent. The sample is the matched sample of Section 4:
adopting foreign affiliates, each paired with non-adopting foreign affiliates matched within country
and sector on baseline employment, average AI exposure, and junior employment share, with match
fixed effects restricting every comparison to affiliates within the same matched set. Sample counts
describe the matched design. Affiliates are distinct company–country pairs; control affiliates reused
across matched sets are counted once. Junior covers Revelio seniority levels 1–2 and senior levels
3–7; the Q4−Q1 exposure share is the difference between the share of employment in occupations
in the top quartile of AI exposure and the share in occupations in the bottom quartile. The
effective first-stage F is the cluster-robust F statistic of the design first stage, which is common to
all outcomes and, with a single instrument, equals the Montiel Olea–Pflueger effective F . Standard
errors, in parentheses, are clustered by the metropolitan area of the parent’s headquarters. The
corresponding estimates from the matched and synthetic difference-in-differences designs are in
Table A11. ∗/∗∗/∗∗∗: p < 0.10/0.05/0.01.

the affiliate employs. We then repeat this analysis for seniors.
Figure 4 shows the results. Among juniors (Panel A), the share working in the

most exposed occupations falls relative to the share in the least exposed occupations,
with the difference falling by 0.6 percentage points by March 2026, although the
estimate is not statistically significant. Among seniors (Panel B), the shift goes
in the opposite direction, as the difference between the top- and bottom-quartile
shares of senior employment rises by 0.9 percentage points. Taken together, these
estimates are consistent with the interpretation that AI is labor saving for junior
roles and labor expanding for senior roles.

The results so far describe which workers treated affiliates employ, but they say
less about whether treated affiliates grow relative to controls. Panel D of Figure 3
plots the effect of adoption on log total employment. Total employment at treated
affiliates tracks that of their matched controls for the first year and a half after

29



Figure 4: Event study plots for the effect of AI adoption on employment shares in
high- versus low-exposure occupations
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Notes: The figure plots the estimated effect of AI adoption on where an affiliate’s workers sit
in the AI-exposure distribution. The outcome in each panel is the difference between the share
of employment in occupations in the top quartile of AI exposure and the share in occupations
in the bottom quartile, so that the estimates describe how adoption reallocates workers across
occupations while holding fixed how many the affiliate employs. Panel A measures this contrast
within junior employment, Panel B within senior employment, and Panel C across the whole
workforce. We assign detailed O*NET-SOC occupations to exposure quartiles using the GPT-4
beta score of Eloundou et al. (2024). Cutoffs are the employment-weighted quartiles of this score
among positions active on 1 October 2022 in the pooled profile data across all available countries,
before restricting to the estimation sample. The cutoffs are common to all affiliates and countries.
For the design, sample, and all other definitions, see Figure 3.

ChatGPT’s launch: the junior decline and the senior increase offset each other, so
the workforce is recomposed rather than resized. From mid-2024 the senior increase
begins to dominate, and by March 2026 total employment is 3.3 percent higher at
treated affiliates (Table 3). The estimate is marginally significant at the 10% level.
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This estimate is consistent with a small increase in the workforce of treated affiliates
relative to controls, but does not by itself isolate the scale effect from changes in
worker-specific labor demand. We discuss estimation of the scale term and of the
bias of AI across worker types in Section 5.4.

Two caveats apply. First, the matched comparison nets out any effect of AI
that reaches adopters and non-adopters alike, so the estimate says that treated affil-
iates grow relative to control affiliates, not that employment rises in the aggregate;
Appendix A3 shows that the two can differ in sign. Second, the design compares
affiliates, not corporate groups, so growth at a treated affiliate may come at the
expense of other parts of the same group. Section 5.3.1 returns to this point when
adoption is measured at the level of the parent.

The second dimension of affiliate-level workforce recomposition we consider is
occupation. We estimate how AI adoption affects which types of occupations peo-
ple hold within those affiliates. We focus on employment shares across 22 two-digit
occupation groups in our data. Using shares rather than levels allows us to isolate
changes in workforce composition from changes in overall affiliate size. For each
occupation in the analysis, we re-match treated and control affiliates, keeping only
the affiliates that already employed at least one person in that occupation in Octo-
ber 2022, and adding the occupation’s baseline employment share as an additional
matching variable. We thus use 22 different matched samples for this analysis. We
consider two outcomes, namely employment in occupation o as a fraction of total
affiliate employment, and the share of juniors in occupation o.

The left panel of Figure 5 shows the results. In contrast to the junior vs. senior
changes, most occupations move comparatively little. In 21 of the 22 groups, the
share effect is smaller than half a percentage point in absolute value. The main
exception is computer and mathematical occupations, which is also the most AI-
exposed of the 22 groups. This group grows by 0.8 percentage points, suggesting that
AI is labor expanding rather than labor saving for these occupations. Labor saving
cases (occupations with shrinking shares) are slightly less apparent, and we only
find a somewhat sizable decline (−0.3 p.p.) for business and financial operations,
although even this decline is non-significant. Figure A10 repeats the analysis with a
Bonferroni correction across the 22 groups. The gain in computer and mathematical
occupations remains statistically significant.

That occupation shares do not move all that much suggests the shift from juniors
to seniors happens because of shifts within occupations rather than between them.
We analyze within-occupation shifts by examining how the share of juniors in each
occupation changes in treated affiliates compared to control affiliates. The right
panel of Figure 5 shows the results. Adoption lowers the junior share in 16 of the
22 groups. Five declines are statistically significant: legal (−4.9 percentage points),
computer and mathematical (−3.3), business and financial operations (−3.2), sales
(−2.6), and management (−1.0), of which computer and mathematical and business
and financial operations survive a Bonferroni correction (Figure A10). The five
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Figure 5: Effect of AI adoption on affiliate-level occupation shares
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Notes: The figure ranks occupation groups by the estimated effect of AI adoption on their place
in the affiliate. Each estimate is the two-stage least squares coefficient from Equation (15) at
the March 2026 endpoint, in share units. The left panel plots the occupation’s share of affiliate
employment and the right panel the junior share of employment within the occupation, both
ordered by the left panel’s estimates; the junior and senior anchors have no within-occupation
junior share and so appear in the left panel only. Occupations are the two-digit SOC major
groups, each estimated on its own matched sample: the affiliates that employed the occupation
in October 2022, re-matched with the occupation’s baseline share added to the main design’s
matching variables. Whiskers are 95% confidence intervals, clustered by the metropolitan area
of the parent’s headquarters. For the treatment definition, instrument, and matched sample, see
Figure 3.

occupations with significant declines are all in the upper half of our exposure ranking
with three of them in the top five.

Taken together, our results show that AI is labor expanding for seniors and for
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workers in computer and mathematical occupations, whose employment shares rise
at treated affiliates, and labor saving for juniors, lowering the relative demand for
entry-level roles across professions.

5.2 Heterogeneity

The pooled estimates assign a single effect to every treated affiliate, from a Japanese
manufacturer’s plant in Brazil to an American software company’s London office.
This section explores how the effects differ. We first estimate them country by
country (Section 5.2.1). We then split the pooled sample by the affiliate’s baseline
AI exposure, size, and sector, and by the occupation of the company’s first AI job
(Section 5.2.2).

5.2.1 Country-Level Heterogeneity

Our evidence so far pools a wide set of countries with different levels of development,
labor market institutions, and digital infrastructure. These factors could lead to
vastly different treatment effects across countries, for example because firms in high-
wage economies may have more to gain from replacing junior labor, or firms with
dense digital infrastructure may find the technology easier to deploy. The current
section explores how the observed effects differ across these countries. This exercise
also informs us about the generalizability of our findings.

We estimate our main IV routine separately for each country. We focus on the
set of 31 countries with a sufficiently strong first-stage F statistic (10 or higher),
since the instrument is too weak elsewhere to support a country-specific estimate.
We combine the resulting endpoint estimates (March 2026) in a random-effects
meta-analysis, which gives both a mean effect across countries and a measure of
how widely the effects vary around it. We then correlate the country estimates
with five characteristics (measured in 2022, except digital readiness in 2024 and the
ICT employment share in the latest available year up to 2022): GDP per capita
at purchasing power parity, digital readiness, the ICT share of employment, labor
market rigidity, and ICT service exports as a share of GDP. Because the country es-
timates differ widely in precision, the meta-analysis weights countries by the inverse
of the sum of their sampling variance and the estimated between-country variance,
while the correlations use inverse sampling-variance weights. The between-country
variance is estimated by restricted maximum likelihood (REML).

Figure 6 shows the results. The decline in the junior share is widespread, and
we observe negative point estimates for 23 of the 31 countries. Seven of these are
statistically significant, and occur in countries with vastly different institutions and
levels of development (United States, the United Kingdom, Spain, Poland, Brazil,
Mexico, and Saudi Arabia). A random-effects meta-analysis puts the mean effect
at −1.1 percentage points, with moderate heterogeneity across countries (I2 = 42
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Figure 6: Effect of AI adoption on employment and workforce composition, by
country
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Notes: The figure shows how the estimated effect of AI adoption varies across countries. Each row
reports a country-specific two-stage least squares estimate, obtained by estimating Equation (15)
on that country alone and reading the coefficient at the March 2026 endpoint of the panel; the
horizontal line is its 95% confidence interval. The panels report the four headline outcomes:
log total employment, log junior employment, log senior employment, and the junior share of
employment. Countries are listed alphabetically, and countries in which the instrument is too
weak to support a country-specific estimate are omitted. The bottom row reports the random-
effects meta-analysis of the country estimates, which weights each country by the inverse of the
sum of its sampling variance and the between-country variance estimated by restricted maximum
likelihood (REML). For the treatment definition, the instrument, and the matched sample, see
Figure 3.

percent). This aligns with our pooled result, which showed a 1.9 percentage point
decline in the junior share.
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The other employment margins also mirror the pooled results: total and junior
employment show no significant change, and senior employment rises by 3.4 percent
on average, which is marginally significant. Two countries show significant total-
employment gains (Sweden and Spain), and none shows a significant decline. For
all three employment outcomes, the cross-country dispersion is small enough that
we cannot reject a common effect (I2 between 18 and 29 percent).

Next, we test what factors explain the differences in effects across countries,
and consider whether the effects of AI adoption depend on how rich, digitized, or
regulated a country is. Appendix Figures A11–A15 plot the country-level estimates
against five country characteristics. Junior employment losses run somewhat deeper
in richer economies (r = −0.37) and in more digitized ones (r = −0.29 for digital
readiness, r = −0.20 for ICT service exports), as we would expect if high-wage
firms have more to gain from replacing junior labor and digitized economies find
the technology easier to deploy. The losses are smaller where labor regulation is
more rigid (r = +0.20), consistent with the higher cost or difficulty of reducing
junior employment.21 Among these correlations, only one association is statistically
significant, which is partly explained by the fact that the sample consists of 31
relatively imprecise country estimates. For the other outcomes (total employment,
senior employment, and the junior share), we do not find meaningful heterogeneity.

Taken together, these results indicate that the recomposition we document is
not just a rich-country phenomenon. The junior share falls in Brazil and Mexico
by about as much as it does in the United States, the United Kingdom, and Spain,
and it is negative, though smaller and imprecisely estimated, in Egypt, Colombia,
and Indonesia; country characteristics such as income, digital readiness, ICT em-
ployment, and labor regulation explain little of the remaining variation in treatment
effects. Given the small sample size, however, we take all evidence in this section as
suggestive.

5.2.2 Additional Heterogeneity

Next, we go from country-level heterogeneity to affiliate-level heterogeneity. We
consider heterogeneous treatment effects by the affiliate’s baseline AI exposure, size,
and sector (technology versus non-technology), and examine whether the effects
differ depending on the occupation in which the AI job is posted. Each analysis
re-estimates our main empirical model on a subset of the matched sample while
keeping treatment, instrument, matching, eligibility, and clustering the same. In
every subsample, treated affiliates keep the same matched controls as in the main
analysis. We caution that for certain cuts of the data we find evidence of pre-trends
in employment outcomes, so the estimates should be viewed as somewhat more

21Mirroring our findings, Klein Teeselink and Carey (2026) show that countries with more rigid
labor markets mostly adjust by reducing new hiring.
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suggestive relative to the main results in the paper.22

Starting with exposure, we compare treatment effects among high-exposure and
low-exposure affiliates. Baseline exposure measures how many tasks within the
affiliate AI can perform. Hence, higher exposure should arguably lead to larger
treatment effects. To test this, we split the treated affiliates at their median base-
line exposure. Figure A16 shows the results for both groups.23 The results are
almost entirely driven by the above-median group. Among these affiliates, adop-
tion lowers the junior share by 3.4 percentage points, raises senior employment by
10.4 percent, and lowers junior employment by 6.5 percent. Below the median, the
pooled coefficients are close to zero and statistically insignificant, although the com-
puter and mathematical share still gains 0.4 percentage points (Figure A18). The
computer and mathematical result also strengthens among above-median affiliates,
where the occupation’s employment share gains 1.3 percentage points and the junior
share within it falls by 4.7 points, both larger than our main estimates (Figures A17
and A18). In other words, the affiliates whose existing work can be performed by
AI account for virtually all of the recomposition we observe. This result ties the
effect of technological feasibility (exposure) to that of adoption.

We next consider size, and split matched treated affiliates at their pooled me-
dian baseline employment of 122 positions (Figure A19). The junior share effect
is nearly identical on the two sides, falling by 1.8–1.9 percentage points in both.
Smaller treated affiliates grow after adoption, with total employment up 5.7 per-
cent and senior employment up 8.2 percent, whereas we find a senior-employment
increase of 5.0 percent for larger treated affiliates. In the occupation-level analy-
sis, the computer and mathematical employment share gains 1.1 percentage points
among smaller treated affiliates and 0.5 points among larger ones, and the junior
share within the occupation falls on both sides of the split (Figures A20 and A21).
Adoption thus shifts an affiliate’s workforce composition toward seniors across the
size distribution, while the growth effect of adoption is concentrated among the
smaller affiliates.

The third split separates technology affiliates, defined as those in the information
sector, from all other affiliates. The information sector has the highest AI share of
job postings, three times that of the next sector, and the most exposed workforce in
our data (Section 3), so the exposure logic of the first split predicts stronger effects
among technology affiliates. The split also bears on a common objection to firm-
level AI studies, namely that they describe the technology sector rather than the
economy, or reflect the unwinding of pandemic-era overhiring, although it should be
noted that all our analyses match within country and sector, so any correction that
hit the whole technology sector applies to treated and control affiliates alike.

22Note also that scales of the dependent variables differ across figures in this section given the
heterogeneous effect sizes.

23Both groups have a sufficiently strong first stage (F = 116 for below median, and 70 for above).
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The results show that adoption lowers the junior share by 3.9 percentage points,
raises senior employment by 14.6 percent, and raises total employment by 7.8 percent
among technology affiliates. Outside of tech, the same pattern appears, but in
smaller magnitudes. The junior share falls by 0.9 points, senior employment rises
by 2.9 percent, and total employment remains stable (Figure A22). The same holds
for the occupation-level analysis, as the computer and mathematical employment
share increases by 1.6 percentage points among technology affiliates and by 0.4
points in other industries (Figures A23 and A24). The recomposition thus appears
in both groups, but is larger among technology affiliates.

Our fourth heterogeneity check considers how effects differ depending on the
occupation in which the company first advertises an AI job.24 Unlike exposure, size,
and sector, this analysis describes heterogeneity in the type of treatment rather than
in a pre-determined affiliate trait. We separately estimate our treatment effects for
each occupation as long as the occupation has a first-stage F statistic above 10.
The companies of 70.8 percent of matched treated affiliates first advertise AI jobs in
computer and mathematical occupations; 10 out of 22 occupations have a sufficiently
large F statistic. Figure A25 shows that the junior-share effect is negative in all ten
categories and significant in six. The results for total junior and senior employment
(Figure A26 and Figure A27) are more mixed, with some positive and some negative
estimates, most of which are insignificant. We conclude that the decline in the junior
share is not a by-product of hiring AI engineers, and that affiliates of companies
whose first AI job advertisement is for a lawyer, a manager, or a designer shift away
from junior workers as well.

Across the four splits, the decline in the junior share appears across affiliate size,
both inside and outside the technology sector, and across a number of occupation
groups. As such, this result appears to be robust and widespread.

5.3 Robustness Checks

5.3.1 Instrument Validity

The validity of our IV estimates is based on the assumption that peer adoption
around the parent’s headquarters affects the affiliate’s workforce only through
whether the affiliate’s company adopts. We work through a range of concerns in
this section, summarizing every check by the March 2026 endpoint estimates of the
main effects unless stated otherwise.

The first concern is that a local boom could raise peer adoption and the parent’s
cash flow at the same time, and that cash flow funds expansion abroad. To test
this, we add local employment growth as a control. We measure this variable by
the average employment growth between the pre- and post-ChatGPT periods of
other multinational parents headquartered in the same metropolitan area as the

24This is based on the occupation code of the company’s first classifiable AI job listing.
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affiliate’s parent. This is a ‘bad’ control, because post-launch growth is affected by
local adoption rates, so the control absorbs part of the treatment effect along with
any generic local boom. The check is therefore conservative, biasing our estimates
toward zero. Our estimates barely move when we add this control (Figure A28
and Figure A44). The first stage stays strong at F = 116.6, the junior share still
falls by 1.9 percentage points, senior employment still rises by 6.9 percent, junior
employment falls by an insignificant 2.1 percent, and seniors still reallocate toward
more exposed occupations.

A second way to address potential shocks to the parent’s locality is to change the
peer group itself. To do so, we rebuild the instrument from multinational parents
in the same headquarters country and sector as the focal parent, rather than the
same metropolitan area. The instrument is weaker, with a first-stage F of 20.1,
and the confidence intervals widen accordingly, but the point estimates move if any-
thing away from zero. The junior share falls by 2.3 percentage points and senior
employment rises by 9.8 percent, both significant, while junior employment falls by
an insignificant 2.2 percent, close to our main estimate (Figure A29). The realloca-
tion of seniors toward highly exposed occupations nearly doubles to 1.7 percentage
points, and the computer and mathematical employment share goes up by 1.2 points
(Figure A45). The estimates are qualitatively similar using this alternative source
of variation for the instrument, which offers evidence that local conditions around
the headquarters may not be sufficient to explain the results.

Another possibility is that a parent that adopts generative AI may centralize
exposed work at headquarters and reduce its affiliate’s junior ranks whether or
not the affiliate’s own company adopts. To assess this channel, we re-estimate the
model with adoption measured at the parent company rather than at the affiliate’s
company, so an affiliate counts as treated only when its parent’s own company
posts an AI job. The control pool stays as it is, namely corporate groups that
never posted an AI job anywhere. Affiliates whose own company adopted under a
non-adopting headquarters are neither treated under the new definition nor clean
controls, so we exclude them from the sample. If centralization at the parent drives
our results, parent adoption should reproduce our results in full, whereas if adoption
by the affiliate’s own company matters, the headquarters-based estimates should be
smaller.25 Figure A30 shows that the estimates are indeed smaller. The decline in
the junior share shrinks from 1.9 to 1.1 percentage points and now comes from junior
employment, which falls by an imprecisely estimated 3.6 percent, as the rise in senior
employment goes toward zero. The computer and mathematical share increases by
a reduced 0.6 points. Parent adoption thus seems to have more muted effects on its
own, with larger impacts on workforce composition from company adoption.

25This robustness check does not isolate the direct effect of headquarters adoption, because the
companies of many affiliates of adopting parents adopt themselves, so the estimates combine the
direct channel with company adoption that follows from headquarters adoption.

38



The next concern is imitation. A parent surrounded by adopters may copy their
organizational hierarchies and pass those practices on to its affiliates, irrespective
of AI. Because imitation of this kind is most likely to occur within industries, we
rebuild the instrument from metro peer parents outside the focal parent’s own sector,
so as to exclude same-industry practices transmission from the instrument. The
instrument remains strong, with a first-stage F of 100.9. The junior share falls by
1.5 percentage points and senior employment rises by 4.6 percent, both smaller than
the main estimates, while junior employment falls by 2.7 percent, so the pattern is
qualitatively unchanged (Figure A28 and Figure A46).

Our interpretation of the estimates as a local average treatment effect further re-
quires monotonicity, which holds that peer adoption around the parent never makes
an affiliate less likely to be treated. To test this, we estimate the first stage sepa-
rately within parent sectors and affiliate size terciles (Figure A31). All eleven sector
estimates are positive, ranging from 0.07 in other services to 0.32 in government,
and ten are significant, as are all three size terciles. These results support the
monotonicity assumption.

Another concern is that a handful of large technology hubs are driving most of
the identifying variation in the instrument. We re-estimate the pooled endpoint after
dropping, one at a time, each of the ten metropolitan areas that contribute the most
treated affiliates (Figure A32; Figure A47 repeats the exercise for the occupation
shares). The effect on the junior share ranges from −1.5 percentage points, when
we drop San Francisco, to −2.0 points, when we drop Paris, and the effect on senior
employment ranges from 5.7 to 7.5 percent. The first-stage F never falls below 90.
Removing New York, London, San Jose, or Tokyo changes the junior-share estimate
by at most 0.1 percentage points. As such, the results are robust to excluding any
particular metropolitan area.

5.3.2 Additional Robustness Checks

Next, we consider a set of additional robustness checks that vary our identification
strategy and the sample construction.

We start by dropping the instrument entirely and re-estimating the treatment
effect in two ways: a matched difference-in-differences event study that compares
treated affiliates with their nearest-neighbor controls directly, and a synthetic
difference-in-differences (SDID) that replaces the matches with weights on control
affiliates and pre-treatment months, chosen so that the synthetic comparison group
tracks the treated affiliates before November 2022 (Arkhangelsky et al., 2021).
Appendix A14 gives additional details on the methodologies. Because neither
design relies on the HQ peer instrument, these analyses need not be restricted to
affiliates of multinational companies. To nonetheless keep our analyses comparable,
we estimate the analyses both for the affiliate sample used in the main analyses, as
well as for the full sample of affiliates. This allows us to separate differences across
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estimators from differences in samples. Throughout, we report both designs at the
March 2026 endpoint.

For the foreign-affiliate sample, both designs reproduce the main compositional
shifts (Figures A35 and A37). The junior share falls by 1.5 percentage points in
the matched design and by 1.4 points in the synthetic design, in line with the 1.9-
point 2SLS decline. Similarly, the share of computer and mathematical employment
increases by 0.4 percentage points in the matched design and 0.3 points in the syn-
thetic design, against 0.8 points in the 2SLS estimate (Figures A49 and A51). The
synthetic estimates also mirror the main analysis on the remaining outcomes: by
March 2026, total employment is 5.4 percent higher and senior employment 7.2 per-
cent higher at treated affiliates than at their synthetic control, junior employment
is 1.5 percent higher, and the top-minus-bottom exposure-quartile share gap rises
among seniors (0.5 percentage points) while falling among juniors (0.2 points). The
synthetic design fits the pre-treatment months within each country by construc-
tion, and the pooled pre-treatment gaps never exceed 0.3 percent of employment
or 0.1 points of the junior share. The matched design, by contrast, shows clear
pre-treatment divergences between treated and control affiliates for every employ-
ment level. These divergences corroborate the need for our IV analysis and force
us to disregard the matched design’s estimates for those outcomes. In particular,
the matched design finds junior employment 7.0 percent and total employment 10.8
percent higher at treated affiliates by March 2026, the opposite sign to the instru-
mented estimate for juniors, which is what one expects if adopters were already on
steeper growth paths. The synthetic design gives results very similar to the 2SLS
estimates under different identifying assumptions, which offers further support for
the main results.

When we extend both designs to the full sample of affiliates, the results change
little. The junior share falls by 1.3 percentage points in both the matched and
the synthetic design, while the share of computer and mathematical employment
increases (Table A11 and figs. A36, A48 and A50). The synthetic employment
effects are slightly smaller in magnitude. By March 2026, senior employment is 4.3
percent higher and junior employment 1.1 percent lower at treated affiliates than at
their synthetic control, and total employment is 2.7 percent higher. The matched
design again shows the same pre-treatment divergences as on the foreign-affiliate
sample. Taken together, the compositional shifts are consistent across estimators
and samples.

We next replace the binary adoption indicator with a continuous measure of how
heavily the company hires for AI work. We measure treatment intensity by the ratio
of its worldwide AI openings from November 2022 onward to its job postings in the
22 months before the launch.26 The results in Figure A38 are qualitatively identical

26We use logs to address outliers, and add 1 to each ratio to deal with the fact that all control
affiliates have a ratio of zero.
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to our main results although the first stage weakens from 104.2 to 40.1. By March
2026, a 0.1 log-point higher adoption intensity (roughly the adoption intensity of the
ninetieth-percentile adopter) lowers the junior share by 4.1 percentage points, raises
senior employment by 16 percent, and reallocates seniors toward exposed occupa-
tions, while junior and total employment do not move significantly. Similarly, the
share of employees working in Computer and Mathematical occupations increases
with adoption. In other words, the workforce changes we observe hold whether we
measure adoption at the extensive margin (whether companies adopt) or incorporate
the intensive margin (how intensely they adopt).

Another concern is that identifying AI adoption through job advertisements may
select companies recruiting in particular occupations, especially computer and math-
ematical occupations. Employment growth in those occupations among treated af-
filiates could therefore partly reflect occupation-specific recruitment associated with
our adoption measure. To address this concern, we redo the matching with an addi-
tional restriction on the controls. We identify the two-digit occupation category of
each treated company’s first classifiable AI posting anywhere in our data, and im-
pose that each control affiliate must have at least one job advertised by its company
in that category in the affiliate’s country in the post-treatment period. The result-
ing sample contains 43,781 unique affiliates (22,909 treated and 20,872 controls),
forming 22,909 matched sets, and the first-stage F increases from 104.2 to 112.0.
The junior share still falls by 1.9 percentage points, although the decline is now
driven more by junior employment, which falls by approximately 6.0 percent, than
by senior employment, which increases by an insignificant 3.5 percent (Figure A39).
The computer and mathematical employment share still gains 0.8 percentage points
and the junior share within that occupation still falls by 3.6 points (Figure A52).
Thus, the compositional shifts we observe do not appear to be a mechanical feature
of our adoption definition.

Last, the main specification requires each control affiliate’s company to have
posted at least one job anywhere in our data from November 2022 onward. Because
this conditions the control pool on post-period hiring activity, which is itself a
function of treatment status, we re-match after dropping the requirement, which
raises the number of distinct control affiliates from 27,697 to 27,923. The results in
Figures A43 and A54 are essentially unchanged.

Overall, across a range of robustness exercises there appears to be a decline in
the junior share of employment in treated affiliates. This tends to coincide with a
modest increase in overall employment driven by seniors. Senior employment tends
to become more AI-exposed, and junior employment less so. The share of workers
in computer and mathematical occupations increases. Diagnostics for assessing the
robustness of the results include pre-trends, which are largely insignificant in the
main results but show some prior trends in certain heterogeneity analyses; alterna-
tive sources of identifying variation, such as the country-by-sector instrument and
synthetic difference-in-differences; and the other exercises considered above.
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Timing A remaining concern involves timing. Some of our results emerge within
a year of the launch of ChatGPT, yet the companies of many treated affiliates post
their first AI job only in 2024 or 2025. Although companies plausibly start using AI
in their workflows before it appears in their advertisements, these effects nonetheless
seem early. We consider additional analyses to understand the timing of the effects.

Figure A40 estimates the effects separately for affiliates whose company’s first AI
advertisement appeared in 2023, in 2024, and in 2025 or later, each cohort against
its own matched controls. The first stage is strong for the 2023 and 2024 cohorts
(F = 227 and 75) and weak for the 2025 cohort (F = 24).

For the 2023 and 2024 cohorts, no pre-launch coefficient on the junior share,
senior employment, or total employment is significant, and the 2024 cohort tends to
respond later than the 2023 cohort. By December 2023, the junior share has fallen
by 0.8 percentage points in the 2023 cohort and 0.6 points in the 2024 cohort; senior
employment has risen by 2.4 percent in the 2023 cohort and is unchanged in the
2024 cohort, and total employment is 0.8 percent higher against 1.8 percent lower.
Once the 2024 cohort starts advertising, its estimates catch up: by March 2026 the
junior share is down 1.6 points in the 2023 cohort and 2.0 points in the 2024 cohort,
and senior employment is up 8.5 and 6.1 percent. The 2024 cohort’s junior share
does begin to fall during 2023, before its first advertisement, at roughly two thirds
of the 2023 cohort’s pace.

The 2025 cohort behaves differently. Its estimates are noisier, and its employ-
ment levels drift upward over the pre-period, from about 10 log points below the
control path in January 2021 to zero at the launch. Its junior share falls by 1.5
points by December 2023 and 2.7 points by December 2024, before any company in
the cohort has advertised an AI job, and by March 2026 its junior employment is 11
percent lower with total employment 3 percent lower, both imprecise. Companies
in this cohort also differ from earlier adopters. They are less often headquartered
in the United States (37 against 48 percent), their affiliates are smaller (median
baseline employment of 112 against 127 positions) and start with a higher junior
share (57 against 53 percent), and they post a median of three AI advertisements in
total, against 25 for earlier adopters. The notable pre-trends and small first-stage F
statistic suggest that the matched controls provide a poor counterfactual for later
adopters and that the instrument is fairly weak.27

Where the design is cleanest, with strong first stages and matched controls that
track the treated affiliates before the launch, the response therefore follows the
timing of adoption: the 2024 cohort moves later than the 2023 cohort. Where the
first stage is weak and the pre-launch fit is poorer, the estimated response precedes
the company’s first advertisement. We read the 2025 cohort’s estimates as less

27In the 2025 cohort the instrument must predict adoption among companies that did not adopt
until 2025 despite heavy adoption by their parent’s peers. This selection in timing could work
against the peer effect and result in a weak first stage.
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reliable rather than as strong evidence that the response precedes adoption, but we
cannot rule out that part of the response among the latest adopters reflects factors
other than their own adoption.

As an additional test, we compare early adopters to similar late adopters. Rather
than matching to never-treated affiliates, we match affiliates whose company first
advertised in 2024 or earlier to affiliates whose company first advertised in 2025
or later (Figure A41). The junior share of the earlier group is already 1.6 points
lower than that of the later group by December 2024, before any late adopter has
advertised an AI job, and 1.8 points lower by March 2026 (first-stage F = 81),
with senior and total employment changes of similar size to the main estimates but
imprecise. Because late adopters begin adopting in January 2025, the coefficients
from that month onward compare earlier with later adoption rather than adoption
with none. This suggests that among comparable firms, early adopters see earlier
impacts than late adopters.

Finally, we re-run the design with a placebo launch date of January 2022, keeping
the original sample, matching, and instrument, and examine the coefficients over the
ten months between the placebo treatment date and the launch of ChatGPT, which
is the end of the placebo sample (Figure A42 and Figure A53). Over that window
the junior share moves by at most 0.2 percentage points and ends it exactly at the
baseline, while total, junior, and senior employment, along with the reallocation of
juniors and seniors across exposure levels, do not differ significantly from zero in the
post period. No occupation share moves by more than 0.3 percentage points over
the window, and only two of the 44 occupation-level confidence intervals exclude
zero.

5.4 Scale and Bias

Finally, we use these empirical results to estimate the scale effect and labor demand
shifters in the model of Section 2. Remark 1 shows that the scale term and the
labor-demand shifters can be recovered from log employment in the least-exposed
cells and from differences across cells.

We do not estimate those cell-level logs directly because employment in seniority-
by-AI-exposure cells is often zero (Chen and Roth, 2024). Instead, we use a first-
order approximation that can be computed directly from the log-employment and
share coefficients reported in our results. Appendix A5 gives the exact computation.
We approximate the scale term for a seniority level as the log employment change
for the least AI-exposed quartile of jobs. We approximate the bias of AI for a
seniority as the difference between the log employment change for the most-exposed
quartile and that for the least-exposed quartile. We allow the scale term to vary by
seniority, consistent with the nested production function of Appendix A4. The scale
terms may also differ by seniority if the least-exposed quartile is itself affected by AI
(αQ1,s 6= 0). The estimated bias and scale terms should accordingly be interpreted
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Figure 7: Event study plots for the bias and scale terms of AI adoption
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(b) Bias, seniors
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(c) Scale term, juniors
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(d) Scale term, seniors
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Notes: The figure plots the bias and scale terms of Proposition 1, in log units, month by month.
Panels A and B plot the bias of AI toward the most-exposed occupations within juniors and within
seniors, αQ4,s − αQ1,s, the implied effect of adoption on log employment in the top quartile of AI
exposure minus that in the bottom quartile. Panels C and D plot the scale term for each group, the
implied effect on log employment in the bottom exposure quartile. Both are computed from the
two-stage least squares long-difference coefficients of Equation (15) on log group employment and
on the top- and bottom-quartile exposure shares within the group, as described in Appendix A5.
Sample, instrument, matching, and weights as in Figure 3. Junior covers Revelio seniority levels
1–2 and senior levels 3–7. Shaded bands are 95% confidence intervals from delta-method standard
errors clustered by the metropolitan area of the parent’s headquarters. The dashed vertical line
marks ChatGPT’s launch in November 2022.

as an approximation.
Figure 7 traces the bias and scale terms month by month, and Table 4 reports

them at the March 2026 endpoint. AI adoption is biased toward the most-exposed
seniors: their employment rises by 5.0 percent relative to the least-exposed seniors,
an estimate significant at the 5 percent level. Among juniors the bias runs the other
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Table 4: Bias and scale terms of AI adoption in log units

Bias: αQ4 − αQ1 Scale term Senior − junior

Juniors Seniors Juniors Seniors All scale

2SLS −0.020 0.050∗∗ −0.018 0.043 0.025 0.061∗∗

(0.014) (0.023) (0.021) (0.028) (0.019) (0.025)
OLS −0.001 0.042∗∗∗ 0.069∗∗∗ 0.117∗∗∗ 0.097∗∗∗ 0.048∗∗∗

(0.004) (0.006) (0.007) (0.010) (0.008) (0.007)

Match fixed effects Yes Yes Yes Yes Yes Yes
Effective first-stage F 104.2 104.2 104.2 104.2 104.2 104.2

Notes: The table maps the estimates of Table 3 into the objects of Proposition 1 at the March 2026
endpoint. For seniority group s and exposure cell c, cell employment is group employment times the
cell’s share of the group, so to first order the effect of adoption on log cell employment equals the
effect on log group employment plus the effect on the cell share divided by its baseline share. The
bias is the implied effect on log employment in the top exposure quartile minus that in the bottom
quartile within the group; the scale term is the implied effect on log employment in the bottom
quartile, which equals the firm-level scale term when AI leaves the least-exposed occupations’ task
content unchanged; the last column is the difference between the senior and junior scale terms,
zero under a single firm-level scale term. Baseline shares are October 2022 employment-weighted
shares among matched adopting foreign affiliates (bottom quartile: 21.3 percent of juniors, 6.8
percent of seniors; top quartile: 35.2 and 31.6 percent). Standard errors, in parentheses, are delta-
method standard errors from a regression that stacks the underlying share and log-employment
long differences, with match fixed effects and clustering by the metropolitan area of the parent’s
headquarters. Sample, instrument, and weights as in Table 3. ∗/∗∗/∗∗∗: p < 0.10/0.05/0.01.

way, at −2.0 percent relative to the least-exposed juniors, though the estimate
is not statistically distinguishable from zero at the endpoint. The implied scale
terms are +4.3 percent for seniors, −1.8 percent for juniors, and +2.5 percent for
all workers, none individually significant, and the last consistent with the modest
total-employment effect in Figure 3. The difference between the senior and junior
scale terms, 6.1 percentage points, is significant.

Overall, these results give suggestive evidence that AI adoption leads to a modest
scale effect. AI is biased against exposed juniors and biased towards exposed seniors.

6 Conclusion

It is notoriously difficult to know which workers a new technology will replace, and
generative AI is unlikely to prove an exception. Exposure scores cannot settle the
question, because they measure the potential for labor-saving and labor-expanding
uses alike. We pair a task-based model of firm-level adoption with large-scale em-
ployment data to measure which jobs gain and lose from AI adoption. Our model
shows how endogenous AI adoption changes a firm’s employment through labor-
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saving and labor-expanding shifts in labor demand and through a scale effect. It
shows that comparisons between adopters and otherwise similar non-adopters reveal,
for each group of workers, whether AI is on net labor saving or labor expanding.

We test the framework on 1.25 billion job postings and 154 million positions in
41 countries, coding companies as AI adopters once they post a job advertisement
that involves generative AI. We instrument company adoption in the foreign-affiliate
sample with the adoption rate among the other multinational parents headquartered
in the same metropolitan area as the affiliate’s parent. By March 2026, adoption
has lowered the junior share of employment by 1.9 percentage points relative to
matched controls. Junior employment falls by 2.5 percent, although this estimate
is imprecise, and senior employment rises by 6.7 percent. The share of employees
in computer and mathematical occupations increases by 0.8 percentage points, and
within the occupation employment shifts from juniors to seniors. The decline in
the junior share is consistent across the world, appearing in 23 of the 31 countries
we can estimate separately. Taken together, our evidence is consistent with the
conclusion that generative AI has so far been labor saving for junior workers and
labor expanding for senior workers and for workers in computer and mathematical
occupations. Through the lens of the model, adoption shifts labor demand toward
the most AI-exposed seniors by 5 percent relative to less-exposed seniors, and away
from the most AI-exposed juniors by 2 percent relative to less-exposed juniors.
Scale effects are modest, with a point estimate of 2.5 percent across the affiliate’s
workforce.

We acknowledge some limitations. First, LinkedIn profiles over-represent man-
agers and professionals and cover some countries better than others, so our estimates
describe parts of the economy visible on the platform. Second, our instrument is
imperfect, and although our robustness checks help address the exclusion-restriction
channels we can test, no set of checks rules out every channel. Relatedly, our in-
strumented estimates come from affiliates of foreign multinationals, which are larger
and more internationally integrated than the average affiliate. The matched event
study and the synthetic difference-in-differences, however, which require no instru-
ment and extend to domestic affiliates, show similar recomposition. Third, we do
not observe the exact moment when a company starts using generative AI. Job ad-
vertisements likely lag AI adoption, which is why we date treatment at the launch
of ChatGPT rather than at the company’s first AI posting. Moreover, companies
that use the technology without ever advertising AI jobs count as non-adopters in
our data. This likely biases our estimates toward zero, however, suggesting that the
true effects are likely to be, if anything, larger than the ones we report. Fourth,
our panel covers just over three years after the launch of ChatGPT. The estimates
therefore capture the initial reorganization of treated affiliates, which need not be
the same as the long-run equilibrium in which wages, training, and career choices
have had time to adjust.

AI adoption has not (yet) led to large workforce reductions at treated affiliates,
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but our results indicate that it has led to a shift in composition away from junior
workers. These shifts may have implications for the pipeline of experienced workers
that firms will draw on in the future (Ide, 2025). Our model highlights that more
work is needed to assess if these findings apply in equilibrium, and our empirical
results do not make predictions about how they will persist. Policy reports such as
World Economic Forum (2026) urge employers to keep hiring at the entry level and
governments to build other routes into skilled work. Whether these interventions
are needed depends on these questions about generalization and persistence.

Our results suggest several directions for future research. First, treated affiliates
and their matched controls hire in the same labor market and face the same wages,
leaving open the question of whether senior wages rise and junior pay declines with
the observed employment changes. Second, we measure recomposition across ex-
isting occupations. Like earlier technologies, AI will also create new kinds of work
(Autor et al., 2024), which our classification cannot yet record. Finally, as the tech-
nology continues to improve, AI may be labor saving and labor expanding for a
different set of workers than it is today, and future research can use our framework
to find out.
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A1 Proofs for the Firm-Level Model

A1.1 The reduced-form production function (3)

Task aggregator. Output of firm f is a CES aggregator over a continuum of
tasks Zf ⊂ R+ with elasticity of substitution η:

yf =

[∫
Zf
qf (z)(η−1)/ηdz

]η/(η−1)

, (17)

where qf (z) is the quantity of task-z output. The set of tasks Zf may differ across
firms.

Task assignment. Each task z is performed by a single factor g (a labor type or,
at adopters, AI capital) with productivity ψgf (z), a measurable function of z bounded
between positive constants. If factor g performs task z, then qf (z) = ψgf (z) · xgf (z),
where xgf (z) is the input quantity of factor g allocated to task z. Firms minimize
cost by assigning each task to the factor with the lowest unit cost wg/ψ

g
f (z). Let

Zgf = {z ∈ Zf : g does task z} denote the set of tasks performed by factor g at firm
f , a measurable set of finite positive measure, so that Ψg

f in (18) below is finite and

positive for either range of η, with
⋃
g Z

g
f = Zf and Zgf ∩ Z

g′

f = ∅ for g 6= g′.

Effective factor productivity. Define

Ψg
f ≡

(∫
Zgf

ψgf (z)η−1dz

)1/(η−1)

, (18)

the firm- and factor-specific integrated effective productivity over the factor’s task
set, so that (Ψg

f )
η−1 =

∫
Zgf
ψgf (z)η−1dz is the factor’s effective task content of Sec-

tion 2.1.

Derivation. This subsection derives the reduced-form CES production function
in factor inputs (3) from the task aggregator (17). The key step is the optimization
of xgf (z) across tasks z ∈ Zgf for given total factor input xgf ≡

∫
Zgf
xgf (z) dz.

Setup. Substituting the assignment qf (z) = ψgf (z)xgf (z) on Zgf into (17) and using
the disjoint partition Zf =

⊔
g Z

g
f (in the first integral, g is the factor performing

task z):

y
(η−1)/η
f =

∫
Zf

(
ψgf (z)xgf (z)

)(η−1)/η
dz =

∑
g

∫
Zgf

(
ψgf (z)xgf (z)

)(η−1)/η
dz. (19)
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This is not yet (3) because the right-hand side still depends on the full task-level
profile xgf (·), not just on the totals {xgf}.

Task-level allocation. The firm chooses the task-level profiles {xgf (·)} to mini-
mize cost

∑
g wg x

g
f subject to producing yf through the task aggregator (17). We

solve this in two stages. Since the cost objective depends on the profiles only through
their totals {xgf}, the firm can first choose the profiles to make output as large as
possible holding the totals fixed, and then minimize cost over the totals. The first
stage separates across factors: each profile xgf (·) enters the split aggregator (19) only

through its own term and contributes additively to y
(η−1)/η
f .

One direction-of-optimization subtlety deserves note. For η > 1 the exponent
(η−1)/η is positive, y is increasing in each term of (19), and the first stage maximizes∫
Zgf

(ψgfx
g
f )

(η−1)/ηdz subject to
∫
Zgf
xgf (z) dz = xgf . For η < 1 the exponent is negative:

yf =
[∑

g

∫
(ψx)(η−1)/η

]η/(η−1)
has a negative outer exponent, so y is decreasing in

each inner term, and making output as large as possible means minimizing the
same integral. In both cases the optimizer is interior and characterized by the same
stationarity condition:

η − 1

η
ψgf (z)(η−1)/η xgf (z)−1/η = λg =⇒ xgf (z) =

(
η − 1

η λg

)η
ψgf (z)η−1,

for a multiplier λg pinned down by the budget. (For η > 1 the inner problem is
concave and the condition is sufficient for the max; for η < 1 the map x 7→ x(η−1)/η

is convex and the same condition is sufficient for the min.)
Write xgf (z) = Kg ψ

g
f (z)η−1 where Kg ≡ [(η − 1)/(η λg)]

η is constant in z. Inte-
grating over Zgf and using the budget and the definition (18):

xgf = Kg

∫
Zgf

ψgf (z)η−1 dz = Kg (Ψg
f )
η−1 =⇒ Kg =

xgf
(Ψg

f )
η−1

,

so the optimal within-factor allocation is

xgf (z) =
ψgf (z)η−1

(Ψg
f )
η−1

xgf . (20)

For η > 1 the allocation loads on higher-productivity tasks; for η < 1 (complements)
it loads on lower-productivity tasks, as expected.

Substitute and aggregate. Plugging (20) into the factor-g term of (19), the
integrand becomes(

ψgf (z)xgf (z)
)(η−1)/η

= (xgf )
(η−1)/η (Ψg

f )
−(η−1)2/η ψgf (z)η−1,
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and integrating over Zgf using
∫
Zgf
ψgf (z)η−1 dz = (Ψg

f )
η−1:∫

Zgf

(
ψgf (z)xgf (z)

)(η−1)/η
dz = (xgf )

(η−1)/η (Ψg
f )

(η−1)− (η−1)2/η =
(
Ψg
f x

g
f

)(η−1)/η
,

since the exponent on Ψg
f collapses to (η−1)

[
1−(η−1)/η

]
= (η−1)/η. Substituting

into (19) and raising both sides to η/(η − 1) yields (3).

A1.2 Additive decomposition of the labor-demand shifter (5)

Fix a type t = (o, s) and firm f . Write Z t,pre
f and Z t,post

f for the type’s task sets before

and after adoption, ψtf and ψt,post
f for its per-task productivities before and after,

Ψt,pre
f ≡ Ψt,0

f and Ψt,post
f ≡ Ψt,A

f for the corresponding effective productivities (18),

and Z t,rf ≡ Z
t,pre
f ∩ Z t,post

f for the retained-task domain. The three components of

(5) are log ratios of integrated effective task content
∫
ψη−1 dz on different domains:

• α
(o,s,f)
disp = ln

(∫
Zt,pref

ψtf (z)η−1 dz∫
Zt,rf

ψtf (z)η−1 dz

)
≥ 0 : log shrinkage of effective task

content from labor’s task set — tasks the type no longer performs, reassigned
to AI capital under channel (i).

• α
(o,s,f)
reinst = ln

∫Zt,postf
ψt,post
f (z)η−1 dz∫

Zt,rf
ψt,post
f (z)η−1 dz

 ≥ 0 : log expansion of effective task

content from reinstatement of new tasks under channel (ii).

• α
(o,s,f)
prod = ln

∫Zt,rf ψt,post
f (z)η−1 dz∫

Zt,rf
ψtf (z)η−1 dz

 : log change in integrated effective task

content on the retained domain from per-task productivity gains under channel
(iii). When ψt,post

f (z) ≥ ψtf (z) pointwise on Z t,rf , this term is ≥ 0 for η > 1
(since ψη−1 is increasing in ψ) and ≤ 0 for η < 1 (since ψη−1 is decreasing).

For this fixed (t, f), abbreviate the four integrated effective task-content terms en-
tering the three components as

P ≡
∫
Zt,pref

ψtf
η−1, Rpre ≡

∫
Zt,rf

ψtf
η−1,

Rpost ≡
∫
Zt,rf

ψt,post
f

η−1, Q ≡
∫
Zt,postf

ψt,post
f

η−1,

so that αdisp = ln(P/Rpre), αreinst = ln(Q/Rpost), αprod = ln(Rpost/Rpre), and
α(o,s,f) = ln(Q/P ) by (4).
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Lemma 1 (Additive decomposition of the shifter). Let η > 0, η 6= 1, and suppose
P,Rpre, Rpost, Q are finite and strictly positive—equivalently, given the bounds on ψ,
that the retained domain has positive measure, |Z t,rf | > 0. Then:

α
(o,s,f)
reinst − α

(o,s,f)
disp + α

(o,s,f)
prod = α(o,s,f).

Proof. All four quantities lie in (0,∞), so each log of a ratio expands as a difference
of logs:

αreinst − αdisp + αprod =
(
lnQ− lnRpost

)
−
(
lnP − lnRpre

)
+
(
lnRpost − lnRpre

)
= lnQ− lnP,

since lnRpost and lnRpre each appear twice with opposite signs. By (18), Q =

(Ψt,post
f )η−1 and P = (Ψt,pre

f )η−1, so ln(Q/P ) = ln
(
Ψt,post
f /Ψt,pre

f

)η−1
= α(o,s,f) by

(4).

A1.3 Derivation of the factor demands and proof of Propo-
sition 1

Derivation of (6)–(7). The reduced-form production function (3) is a standard CES
with effective input prices wg/Ψ

g
f . Substitute x̃g ≡ Ψg

fx
g and w̃g ≡ wg/Ψ

g
f ; the

production function becomes the symmetric CES yf = [
∑

g(x̃
g)(η−1)/η]η/(η−1), and

the cost objective becomes
∑

g w̃
gx̃g. The standard CES cost-minimization formulas

give x̃g = (w̃g)−ηcηfyf and cf = [
∑

g(w̃
g)1−η]1/(1−η). Substituting back yields (6) and

(7).
For non-adopters, AI capital is not in the firm’s factor set: the unit-cost sum in

(7) is over the labor types T only, and xk,NAf = 0 trivially.

Proof of Proposition 1. By (6) and (4),

`t,Af = eα
(o,s,f)

(Ψt,0
f )η−1w−ηt cA,ηf yAf , `t,NAf ′ = (Ψt,0

f ′ )
η−1w−ηt cNA,ηf ′ yNAf ′ .

The twin assumption gives Ψt,0
f = Ψt,0

f ′ and the common-factor-price assumption

gives the same wt (and the same r, embedded in cAf ) in both expressions, so

`t,Af

`t,NAf ′

= eα
(o,s,f)

(
cAf
cNAf ′

)η
yAf
yNAf ′

.

By (8), ydf = ξfµ
−σ(cdf )

−σP σ−1E. Common P and E together with ξf = ξf ′ give

yAf /y
NA
f ′ = (cAf /c

NA
f ′ )−σ, so the ratio is eα

(o,s,f)
(cAf /c

NA
f ′ )η−σ = eα

(o,s,f)
(cNAf ′ /c

A
f )σ−η,

which is (11).
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A2 Labor Supply and Equilibrium

This appendix closes the model: we specify workers and capitalists, derive labor
supply, define equilibrium, and prove existence. Throughout the appendices, df ∈
{A,NA} denotes firm f ’s adoption status; Ψt,A

f and Ψt,NA
f ≡ Ψt,0

f are its post- and

pre-adoption effective productivities, so that (Ψt,A
f )η−1 = eα

(t,f)
(Ψt,0

f )η−1 by (4); and

cdf , y
d
f , π

d
f , and xg,df are the unit cost, output, variable profit, and factor demands

of Section 2.3 under status d. Appendix A3 characterizes the general-equilibrium
response to adoption to first order; Appendix A3.6 solves the nonlinear system
numerically.

A2.1 Workers and capitalists

There is a population N s of workers of each seniority s ∈ S. A worker i of seniority
s chooses an option j from the market occupations O and the outside option j = 0.
Choosing a market occupation o, the worker supplies one unit of type-(o, s) labor,
is paid the wage wo,s of Section 2.3, and consumes wo,s/P units of the bundle (1).
Choosing the outside option, the worker supplies no market labor and engages in
home production of value w0,s, an exogenous quantity denominated in the same
nominal units as wages, worth w0,s/P units of the bundle.28 Utility from option j

is consumption times an option-specific taste shock z
(j,s)
i :

ui(j, s) = z
(j,s)
i · wj,s/P. (21)

The taste shocks (z
(j,s)
i )j∈O∪{0} are independent across options and workers, with

Fréchet marginals
Pr
(
z

(j,s)
i ≤ z

)
= exp

(
−Tj,s · z−ζ

)
, (22)

with shape ζ > 0 and scales Tj,s > 0. Throughout, j indexes options in O ∪ {0},
while a cell (o, s) always has o ∈ O: the set T = O × S contains market cells only,
and the outside option of seniority s is written (0, s).

Firms are owned by capitalists, who supply no labor. AI capital is supplied
perfectly elastically at the exogenous rental rate r, and capitalists receive the rental
flow rK on the units rented, K =

∫
1df=A kf df , and aggregate dividends Π − F̄ ,

where Π =
∫
πf df is total variable profit (9) and F̄ =

∫
1df=AFf df ; adoption

fixed costs are spent on goods, an adopting firm purchasing Ff/P units of the
consumption bundle. Capitalists spend their income on the bundle.

28Denominating the outside option in the same units as wages, and hence as sectoral expenditure,
means that its real value w0,s/P rises one-for-one with real output E/P : a technology that lowers
the price of market output raises the value of non-employment along with real wages. This is
the treatment in Hsieh et al. (2019), where home production is one more sector whose return
is determined jointly with market wages and whose output counts toward total output, so that
participation depends only on market returns relative to the home sector.
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All spending on the bundle—worker consumption, capitalist consumption, and
adopter fixed costs—is allocated across varieties to maximize (1), so aggregate vari-
ety demand is (2) with E equal to total spending. Workers employed in the sector
spend

∑
(o,s) wo,sLo,s, where Lo,s is the mass of workers in cell (o, s) (Appendix A2.2);

capitalists spend rK + Π − F̄ ; adopters spend F̄ . Total spending on the bundle
therefore equals total market income:

E =
∑

(o,s)∈T

wo,s Lo,s + rK + Π. (23)

We normalize E = 1; the remaining nominal primitives—w0,s, r, and the adoption
costs Ff—are thereby denominated in units of sectoral expenditure.

A2.2 Occupation choice and labor supply

Worker i chooses the option maximizing utility (21), that is, maximizing z
(j,s)
i wj,s.

Lemma 2 (Fréchet labor supply). The mass of seniority-s workers choosing market
occupation o is

Lo,s =
To,sw

ζ
o,s

Ds
·N s, Ds ≡

∑
j∈O∪{0}

Tj,sw
ζ
j,s. (24)

Aggregate seniority-s market employment is Ls =
∑

o∈O Lo,s = (1 − πs0)N s, where

πs0 = T0,sw
ζ
0,s/D

s is the outside-option share.

Proof. The value of option j is Vj ≡ z(j,s)wj,s, with Pr(Vj ≤ v) = exp(−Sjv−ζ)
where Sj ≡ Tj,sw

ζ
j,s: Fréchet with scale Sj and shape ζ. Write S ≡

∑
j Sj = Ds.

For any j and x ≥ 0, using dFj(v) = Sj ζv
−ζ−1e−Sjv

−ζ
dv and independence across

options,

Pr
(
j wins, Vj ≤ x

)
=

∫ x

0

∏
j′ 6=j

e−Sj′v
−ζ
dFj(v)

=

∫ x

0

Sj ζv
−ζ−1 e−Sv

−ζ
dv =

Sj
S
e−Sx

−ζ
.

Letting x→∞ gives Pr(j wins) = Sj/S; multiplying byN s gives (24), and summing
over o ∈ O gives Ls.

Each worker supplies one unit of labor, so Lo,s is simultaneously the cell’s em-
ployment count, its labor input in production, and its wage bill divided by wo,s.
The supply primitives {Tj,s, w0,s, N

s} are fixed across the AI and no-AI regimes;
adoption affects labor supply only through the market wages.
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A2.3 Equilibrium definition

Aggregate firm demand for type (o, s), integrating the cost-minimizing factor de-
mands (6) across firms, is

LDo,s =

∫
F
`

(o,s),df
f df = w−ηo,s

∫
F

(
Ψ

(o,s),df
f

)η−1(
c
df
f

)η
y
df
f df. (25)

Definition 1. An equilibrium consists of wages {wo,s}(o,s)∈T , a sectoral price in-
dex P , worker masses {Lo,s}(o,s)∈T , and a measurable profile of adoption decisions,
prices, outputs, and factor demands {df , pf , yf , (`tf )t, kf}f∈F , with E = 1 (Ap-
pendix A2.1), satisfying the optimality conditions (i)–(v) and the market-clearing
conditions (vi)–(vii):

(i) Output equals product demand (2): yf = ξf p
−σ
f P σ−1E.

(ii) Factor demands minimize the cost of producing yf given df : every factor input

satisfies (6), with unit cost c
df
f given by (7).

(iii) Prices carry the CES markup: pf = µ c
df
f (Section 2.3).

(iv) Adoption is optimal for almost every firm: df = A iff πAf − πNAf ≥ Ff , the
cutoff (10).

(v) Workers choose the option maximizing utility (21), so the worker masses are
(24) (Lemma 2): Lo,s = To,sw

ζ
o,sN

s/Ds.

(vi) The goods market clears: spending on varieties exhausts expenditure,∫
F
pf yf df = E.

Substituting (i),
∫
pfyf df = E P σ−1

∫
ξf p

1−σ
f df , so the condition holds iff the

price index is consistent with posted prices:

P 1−σ =

∫
F
ξf p

1−σ
f df. (26)

(vii) Every type-(o, s) labor market clears: LDo,s = Lo,s, with demand LDo,s from (25)
and the worker masses from (v).

The conditions match the unknowns one for one. Given ({wo,s}, P, {df}), condi-

tions (i)–(iii) and (v) determine every remaining object uniquely: (7) gives c
df
f , (iii)

gives pf , (i) gives yf , (ii) gives the factor demands, and (v) gives the worker masses.
The remaining conditions then restrict the remaining unknowns: (iv) restricts each
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df , (vi) restricts P , and (vii) is |T | restrictions on the |T | wages. Proposition 2
shows a solution exists.

Two candidate conditions are absent because the listed conditions imply them.
Firm-level goods clearing (firm f produces the quantity demanded at its posted
price) is condition (i) itself: a price-setting firm chooses a point on its demand curve
and has no separate supply schedule. The income identity (23) is Walras’ law rather
than an independent condition. Under constant returns each firm’s total cost equals
its factor payments, so aggregate revenue is

∫
F pfyf df =

∑
(o,s)∈T wo,sL

D
o,s+rK+Π.

Subtracting (23) with E = 1 gives
∫
F pfyf df − 1 =

∑
(o,s)∈T wo,s

(
LDo,s − Lo,s

)
. The

identity therefore holds once the goods market clears (vi) and every labor market
clears (vii).

A2.4 Existence of equilibrium

Assumption 1.

(a) Elasticities and supply primitives: η > 0, η 6= 1; σ > max{1, η}; ζ > 0; r > 0;
and, for every seniority s, N s > 0, w0,s > 0, and Tj,s > 0 for all j ∈ O ∪ {0}.

(b) Firm primitives are measurable functions of f with uniform bounds: Ff ≥ 0;

ξf ∈ [ξ, ξ̄] ⊂ (0,∞) with
∫
ξf df = 1; Ψt,d

f ∈ [Ψ, Ψ̄] ⊂ (0,∞) for all t and
both adoption statuses d (baseline productivities and labor-demand shifters are
bounded); and Ψk,A

f ∈ [Ψ, Ψ̄].

(c) No atom of indifferent adopters: for every wage vector w ∈ R|T |++ and price
index P > 0, the set {f : πAf (w, P )− πNAf (w, P ) = Ff} has Lebesgue measure
zero. This holds if, conditional on the production primitives, Ff is continu-
ously distributed across firms.

Fix a compact box Wbox =
∏

(o,s)∈T [wmin, wmax] ⊂ R|T |++ of wage vectors, with

arbitrary 0 < wmin < wmax. Two consequences of Assumption 1(b) are used re-
peatedly. Let κ1 and κ2 be the smaller and the larger of Ψη−1 and Ψ̄η−1. Since
(wg/Ψ

g
f )

1−η = w1−η
g (Ψg

f )
η−1, every labor term in the unit cost (7) satisfies κ1w

1−η
g ≤

(wg/Ψ
g
f )

1−η ≤ κ2w
1−η
g . And on Wbox, every firm’s unit cost at its realized adoption

status df satisfies

clo ≤ cdf ≤ chi ≡ |T |1/(1−η) w
max

Ψ
, (27)

for some constant clo > 0 depending only on the box and the primitive bounds.
For the upper bound: cNAf is increasing in every wage and decreasing in every
productivity, so it is at most its value at wg = wmax and Ψg

f = Ψ for all g, which

is chi; and an adopter has cAf ≤ cNAf , because the cutoff (10) with Ff ≥ 0 requires
(cAf )1−σ ≥ (cNAf )1−σ. For the lower bound: cNAf is at least its value at wg = wmin and
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Ψg
f = Ψ̄; for cAf , when η < 1 the AI term is a positive addition to the labor sum in

(7), and when η > 1 the AI term is at most (r/Ψ̄)1−η, so the sum is bounded above
and cAf , with the negative exponent 1/(1− η), is bounded below.

An equilibrium is a wage vector at which excess demand vanishes, but the price
index and the adoption decisions are simultaneously determined at any candidate
wage vector. We first resolve that inner fixed point in the price index and adoption
decisions. At given (P,w) the cutoff (10) determines adoption firm by firm, so the
inner problem reduces to a fixed point in the scalar index alone. Adoption incentives
increase in P (the right-hand side of the cutoff (10) is decreasing in P ), while more
adoption lowers P (adopters price lower). Lemma 3 shows that the inner fixed point
exists and is unique.

Lemma 3 (Price-index/adoption fixed point). For w ∈ Wbox and P > 0, let
df (P,w) = A iff the cutoff condition (10) holds at (w, P ), and let

G(P,w) ≡
[∫
F
ξf
(
µ c

df (P,w)

f (w)
)1−σ

df

]1/(1−σ)

be the price index generated by the prices firms post when they take the index to be
P . Then:

(i) Boundedness: there exist 0 < Plo ≤ Phi <∞, independent of w ∈ Wbox, such
that G(P,w) ∈ [Plo, Phi] for all P > 0.

(ii) Continuity: G is jointly continuous in (P,w).

(iii) Monotonicity: G is weakly decreasing in P .

Consequently, for each w ∈ Wbox there is exactly one P ∗(w) with G(P ∗(w),w) =
P ∗(w): existence follows from (i)–(ii), uniqueness from (iii).

Proof. Boundedness (i). Set Plo = µclo and Phi = µchi from the cost bounds (27).

Since
∫
ξfdf = 1, G is a generalized (1 − σ)-mean of the values µc

df
f ∈ [µclo, µchi],

which gives (i).
Continuity (ii). Both cAf (w) and cNAf (w) are continuous in w for every f . Take

(Pn,wn)→ (P,w). The integrand converges for every firm whose adoption decision
is locally constant, i.e., every firm not exactly indifferent at (P,w)—a set of full
measure by Assumption 1(c)—because costs are continuous and the cutoff compar-
ison is strict for such firms. The integrand is uniformly bounded, so dominated
convergence gives G(Pn,wn)→ G(P,w).

Monotonicity (iii). The cutoff (10) has right-hand side proportional to P−(σ−1),
which is decreasing in P (as σ > 1), so the set of adopters {f : df = A} weakly
expands as P rises. Every firm that switches into adoption weakly lowers its price:
the cutoff with Ff ≥ 0 requires (cAf )1−σ ≥ (cNAf )1−σ, hence cAf ≤ cNAf since σ > 1.
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A lower price weakly raises the integrand ξf (µc)
1−σ (as 1 − σ < 0), hence weakly

raises G1−σ and weakly lowers G.
Fixed point. Fix w and let h(P ) ≡ G(P,w) − P on [Plo, Phi]. By (i), h(Plo) =

G(Plo,w)− Plo ≥ 0 and h(Phi) ≤ 0; by (ii), h is continuous; the intermediate value
theorem gives a root—existence uses only (i) and (ii). By (iii), h is strictly decreasing
(weakly decreasing G minus strictly increasing identity), so the root is unique.

Given w, write df (w) ≡ df (P
∗(w),w) and define excess demand

Zo,s(w) ≡ LDo,s(w)− LSo,s(w), (28)

with LD from (25) evaluated at (P ∗(w), df (w)) and E = 1, and LS the supply (24).
The outer step requires these solved objects to vary continuously with wages; this
is a separate claim from the inner loop, and we record it next.

Corollary 1 (Continuity of the inner solution). P ∗(·) and Z(·) are continuous on
Wbox.

Proof. P ∗. Let wn → w and set Pn = P ∗(wn) ∈ [Plo, Phi]. Consider any convergent
subsequence Pnj → P̄ . By definition of P ∗, each term satisfies G(Pnj ,wnj) = Pnj .
As j → ∞, (Pnj ,wnj) → (P̄ ,w), so the left side converges to G(P̄ ,w) by the
joint continuity of G (Lemma 3(ii)), while the right side converges to P̄ ; hence
G(P̄ ,w) = P̄ . By Lemma 3 the fixed point at w is unique, so P̄ = P ∗(w).

Next, every subsequence of the bounded sequence {Pn} has a further subsequence
converging to P ∗(w), so Pn → P ∗(w) by the subsubsequence convergence criterion.
To see this, suppose, for contradiction, that Pn 6→ P ∗(w). Then there is an ε > 0
and a subsequence {Pnk} whose every term stays at distance ≥ ε from P ∗(w).
The subsequence {Pnk} lies in the compact interval [Plo, Phi], so by the Bolzano–
Weierstrass theorem it has a further convergent subsequence, which converges to
P ∗(w) by the previous paragraph. But every term of this sub-subsequence is at
least ε away from P ∗(w), so its limit is too—a contradiction. Hence Pn → P ∗(w).

Z. As wn → w, (P ∗(wn),wn) → (P ∗(w),w) by the previous step. For every
firm not indifferent at (P ∗(w),w)—a set of full measure by Assumption 1(c)—the
adoption decision is locally constant, so the integrand of LD in (25) converges firm
by firm; it is uniformly bounded on Wbox × [Plo, Phi] (the cost bounds (27) and
wo,s ≥ wmin), so dominated convergence gives LDo,s(wn)→ LDo,s(w). The supply (24)
is continuous in w. Hence Z(wn)→ Z(w).

Existence is now a problem in wages alone. Conditions (i)–(iii) and (v) of Defini-
tion 1 hold at every candidate (w, P, {df}), because they define the prices, outputs,
factor demands, and worker masses. For every w ∈ Wbox, Lemma 3 selects P ∗(w)
and {df (w)} at which conditions (iv) and (vi) hold as well: df (w) is optimal for
almost every firm by construction, and P ∗(w) = G(P ∗(w),w) is the index con-
sistency (26). A wage vector w, together with these selections and the allocation
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they define, is therefore an equilibrium if and only if condition (vii) holds, that is,
Z(w) = 0. Proposition 2 shows that such a wage vector exists. Its proof bounds
excess demand through the wage-bill identity : from (6), factor (o, s)’s wage bill at
firm f is its cost share times the firm’s total cost, and total cost is revenue over the
markup, while condition (vi) at P ∗(w) gives

∫
F pfyf df = E = 1:

wo,s L
D
o,s =

∫
F

(wo,s/Ψ
(o,s),df
f )1−η∑

g(wg/Ψ
g,df
f )1−η︸ ︷︷ ︸

cost share s̄
(o,s)
f (w)∈ [0,1]

· pfyf
µ

df. (29)

Proposition 2 (Equilibrium existence). Under Assumption 1, an equilibrium in
the sense of Definition 1 exists.

Proof. For each cell (o, s) ∈ T , let

Wmax
o,s ≡ {w ∈ Wbox : wo,s = wmax}, Wmin

o,s ≡ {w ∈ Wbox : wo,s = wmin}

be the two faces of the box on which cell (o, s)’s wage is at its ceiling or at its
floor, the other wages being anywhere in [wmin, wmax]; the boundary of Wbox is
the union of these 2|T | faces. We show that there are a floor wmin and a ceiling
wmax such that, for every (o, s), supply exceeds demand in cell (o, s) on Wmax

o,s and
demand exceeds supply on Wmin

o,s . Since Z is continuous on the box (Corollary 1),
the Poincaré–Miranda theorem then yields a zero of Z in the box—an equilibrium
by the reduction above.

Step 1: the upper faces. Fix any (o, s) ∈ T and any w ∈ Wmax
o,s . From (29), since

cost shares are at most one and
∫
py = 1,

LDo,s ≤
1

µwmax
,

so demand is arbitrarily small for wmax large enough. For supply, let wmax1 denote
the wage vector with every market wage equal to wmax. In the labor supply equation
(24), the denominator Ds is increasing in every market wage and every market wage
in w is at most wmax, so Ds(w) ≤ Ds(wmax1). The numerator To,s(w

max)ζN s is the
same at w and at wmax1. Hence

LSo,s(w) ≥ LSo,s(w
max1) =

To,s (wmax)ζ

T0,sw
ζ
0,s + (wmax)ζ

∑
o′∈O To′,s

N s

−−−−−→
wmax→∞

To,s∑
o′∈O To′,s

N s > 0,

so supply is bounded away from zero, uniformly on Wmax
o,s , for wmax large enough.

Choose wmax large enough that LDo,s < LSo,s on Wmax
o,s for every (o, s); the choice does

not involve wmin. Then Zo,s < 0 on Wmax
o,s for every (o, s).
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Step 2: the lower faces. Fix any (o, s) ∈ T and any w ∈ Wmin
o,s . Supply satisfies

LSo,s ≤ N s always (by (24), in fact LSo,s → 0 as wmin → 0, the home-production value
w0,s being a primitive), so it suffices to show that LDo,s exceeds maxsN

s on Wmin
o,s

once wmin is small. By (29) with
∫
py = 1,

LDo,s ≥
inff s̄

(o,s)
f

µwmin
,

so it suffices to bound the cost share of the cheap factor from below, uniformly over
firms and over the face. Each labor term in the cost share is the product of a wage
part and a productivity part, (wg/Ψ

g
f )

1−η = w1−η
g (Ψg

f )
η−1, and the productivity part

lies in [κ1, κ2] by (27).

Case η < 1. The denominator of the cost share in (29) is (c
df
f )1−η, and c

df
f ≤ chi

by (27), where chi depends on wmax but not on wmin, so

s̄
(o,s)
f ≥ κ1 (wmin)1−η

c 1−η
hi

.

Case η > 1. The share is the own term divided by the sum of all terms, so it is
increasing in the own term and decreasing in every other term; a lower bound on the
own term and upper bounds on the other terms therefore give a lower bound on the
share. For the own term the wage part is exactly (wmin)1−η, because wo,s = wmin on
the face, so the own term is at least κ1(wmin)1−η. For a competing labor term, wg
can be anywhere in [wmin, wmax]; since 1− η < 0, the wage part w1−η

g is decreasing
in wg and is largest at wg = wmin—every competitor as cheap as the own factor—so
each of the |T | − 1 competing terms is at most κ2(wmin)1−η. The AI term, present
only at adopters, is at most κ3 ≡ (r/Ψ̄)1−η, since Ψk,A

f ≤ Ψ̄. Hence

s̄
(o,s)
f ≥ κ1(wmin)1−η

κ1(wmin)1−η + (|T | − 1)κ2(wmin)1−η + κ3

=
κ1

κ1 + (|T | − 1)κ2 + κ3 (wmin)η−1
,

dividing numerator and denominator by (wmin)1−η. We restrict the floor to wmin ≤ 1;
the floor is ours to choose, and it is sent to zero below. Then (wmin)η−1 ≤ 1, so the
denominator is at most κ1 + (|T | − 1)κ2 + κ3, and

s̄
(o,s)
f ≥ κ1

κ1 + (|T | − 1)κ2 + κ3

≡ smin > 0.

Substituting each case’s share bound into LDo,s ≥ inff s̄
(o,s)
f /(µwmin) gives

LDo,s ≥
κ1

µ c 1−η
hi

(wmin)−η (η < 1), LDo,s ≥
smin

µ
(wmin)−1 (η > 1),

69



and both bounds diverge as wmin → 0. Choose wmin ≤ 1 small enough that the
relevant bound exceeds maxsN

s; then Zo,s > 0 on Wmin
o,s for every (o, s).

Step 3: a zero of excess demand. On the box Wbox so constructed, Zo,s > 0 on
Wmin

o,s and Zo,s < 0 onWmax
o,s for every (o, s) ∈ T (Steps 1–2), and Z is continuous on

Wbox (Corollary 1). By the Poincaré–Miranda theorem,29 Z has a zero w∗ ∈ Wbox.
Step 4: the zero is an equilibrium. Z(w∗) = 0 says that all labor markets

clear, which is condition (vii) of Definition 1. Conditions (i)–(vi) hold at w∗ by the
reduction preceding the proposition, so w∗, together with P ∗(w∗), {df (w∗)}, and
the allocation they define, is an equilibrium.

A3 Matched Differences and General-Equilibrium

Changes

Proposition 1 compares an adopter with a non-adopting twin at common wages.
The general-equilibrium change in cell employment when a set of firms adopts is
a different object: wages, the price index, and the outside-option margin adjust,
and the adjustment affects adopters and non-adopters alike. This appendix relates
the two to first order; Section 2.5 summarizes the result. For simplicity, we restrict
attention to a single seniority, |S| = 1, and drop the index s: cells are occupations
o ∈ O, the Fréchet denominator of (24) is D, and the outside-option share of
Lemma 2 is π0 = T0w

ζ
0/D, the fraction of workers who choose the outside option.

A3.1 The perturbation

The no-AI equilibrium is the equilibrium of Appendix A2 in which AI is unavailable,
so that no firm adopts; a bar denotes a quantity’s value there, so w̄ is the no-AI
wage vector. We linearize around it, along the following family of economies.

Definition 2 (The ε-economies). For ε ∈ [0, ε̄), the ε-economy differs from the
no-AI economy only in adoption costs and in the technology available to adopters:

(i) Who can adopt. A set A ⊂ F of positive measure has adoption cost Ff = 0;
every other firm has an adoption cost exceeding any attainable gain.

(ii) Labor-demand shifters. Adopters’ shifters are α(o,f)(ε) = ε a(o,f), with a mea-
surable and bounded.

29The Poincaré–Miranda theorem: if f :
∏n

i=1[ai, bi] → Rn is continuous and, for every i, fi
takes opposite signs (or vanishes) on the two opposite faces xi = ai and xi = bi, then f has a zero.
It is the n-dimensional intermediate value theorem, stated and proved by Poincaré in 1883–1886;
Miranda (1940) showed it equivalent to Brouwer’s fixed-point theorem, and Kulpa (1997) gives a
direct proof.
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(iii) AI cost term. Adopters’ AI cost term in the unit cost (7) is ε kf , with kf ≥ 0
measurable and bounded (kf = 0 meaning no AI capital).

(iv) Adoption lowers cost. With s̄ of ≡ (w̄o/Ψ
o,0
f )1−η/(cNAf (w̄))1−η firm f ’s baseline

cost share of occupation o, for all f ∈ A and some b > 0,

bf ≡
1

η − 1

[∑
o∈O

s̄ of a
(o,f) +

kf
(cNAf (w̄))1−η

]
≥ b > 0. (30)

Condition (iv) ensures that adoption lowers cost to first order, so that the firms
in A adopt.

A3.2 The decomposition

The decomposition that follows in Proposition 3 compares two objects. The first
object compared is the matched-DiD estimand. By Proposition 1, an adopter and
its twin differ in cell-o employment, to first order, by

α(o,f) + (σ − η) ln
(
cNAf /cAf

)
= α(o,f) + (σ − η) δf ,

where δf ≡ ln cNAf (w̄)− ln cAf (w̄; ε) is the adopter’s log unit-cost reduction at the no-
AI wages. Averaged over adopters and weighted by employment, the matched-DiD
estimand30 for cell o is

τo ≡
1

ρo

∫
A
λ̄of
[
α(o,f) + (σ − η) δf

]
df, (31)

where λ̄of ≡ ¯̀o
f/L̄o is firm f ’s share density of occupation-o employment and ρo ≡∫

A λ̄
o
f df is adopters’ total share of baseline occupation employment.

The second object is the general-equilibrium change in cell employment. For
this, define ωf ≡

∑
o′∈O s̄

o′

f d lnwo′ , the cost-share-weighted average of the wage
changes, which is how wages move firm f ’s unit cost to first order; its average over
the firms employing occupation o, ωo ≡

∫
λ̄of ωf df ; and d lnD and d lnP , the first

order changes in the Fréchet denominator of (24) and in the price index.

Proposition 3 (Matched-DiD estimand and general-equilibrium change).

(a) Fix a no-AI equilibrium with wages w̄. For all sufficiently small ε > 0, the
ε-economy has an equilibrium with adopter set A and wages w(ε), where w(·)
is continuously differentiable and w(0) = w̄. Its price index and allocation
are those that conditions (i)–(iii), (v), and (vi) of Definition 1 assign to w(ε).
Along this path, every equilibrium quantity is continuously differentiable in ε.

30The matched estimator of the empirical section weights each treated firm equally (controls
receive weight 1/k per matched pair), whereas τo weights adopters by their baseline share of
cell employment, the weighting under which adopters’ contributions add up to the change in cell
employment.
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(b) Along this path,

d lnLo =
ζ

η + ζ

[
ρo τo − (σ − η)ωo

]
+ Γ,

Γ ≡ ζ (σ − 1)

η + ζ
d lnP − η

η + ζ
d lnD.

(32)

The proof is in Appendix A3.5. The first term is the matched-DiD estimand
scaled by ρo ζ/(η+ζ) < 1: adopters are a fraction ρo of the cell, and their additional
demand raises the cell’s wage, which moves employment only through the supply
elasticity ζ against the demand elasticity η. The second term is the only other
occupation-specific one: a rise in the wages that occupation-o employers pay, ωo > 0,
raises their unit costs and lowers their sales, and since σ > η the lost scale reduces
occupation-o employment. The remaining term Γ is common to every occupation:
the price-index term and the outside-option term shift every cell’s employment alike.
The second and third terms contain the equilibrium wage changes, so (32) does not
by itself sign the difference between d lnLo and τo.

A3.3 A closed-form case

Example 1 (Uniform productivity gain). In Definition 2, let adopters share the
same technology and the same presence in every occupation:

(a) a(o,f) = (η − 1) ã0 for every o ∈ O and f ∈ A, with ã0 > 0;

(b) kf = k̃ (cNAf (w̄))1−η for every f ∈ A, with k̃ ≥ 0 and ã0 + k̃/(η − 1) > 0, so
that (iv) holds;

(c) ρo = ρ for every o ∈ O.

Write α̃0 ≡ ε ã0 for adopters’ productivity gain, κ̃ ≡ ε k̃ for AI’s first-order share of
an adopter’s cost, and κ ≡ ρ κ̃ for its share of sector cost. Then for every o ∈ O,

τo = (σ − 1) α̃0 +
σ − η
η − 1

κ̃, d lnwo = − κ

1 + ζπ0

,

d lnLo = − ζπ0

1 + ζπ0

κ.
(33)

Moreover, writing δ ≡ α̃0 + κ̃/(η − 1) > 0 for adopters’ log cost reduction, the price
index falls, d lnP = −ρδ − κ/(1 + ζπ0) < 0, and labor’s share of income falls from
1/µ to (1− κ)/µ.

The proof is in Appendix A3.5.6. The DiD estimand τo is positive when the
productivity gain α̃0 is large enough. The AI cost term (σ− η)/(η− 1) κ̃ is positive

72



when tasks are substitutes, η > 1, and negative when tasks are complements, η < 1.
The general-equilibrium change is never positive: it is zero without AI capital and
negative with it, in proportion to AI’s share of sector cost, and it does not depend
on α̃0.

The reason is as follows. Adoption lowers prices, so real output rises. But
adopters spend part of their costs on AI capital, so the labor share falls, from 1/µ
to (1 − κ)/µ of income. The value of the outside option rises with real output, so
its value relative to employment rises. This reduces the share of workers who are
employed, in proportion to the participation margin ζπ0, where ζ is the Fréchet
parameter and π0 is the outside-option share.

A3.4 Simulated equilibria

The results of Appendices A3.1–A3.3 are first order. This subsection solves the full
nonlinear equilibrium of Definition 1, with endogenous adoption, and asks which
combinations of signs of the matched-DiD estimand and the general-equilibrium
change occur. The economy has two occupations and one seniority; occupation 1 is
the cheaper one at the no-AI equilibrium. Firms share the same production tech-
nology and differ in their demand shifters ξf and adoption costs Ff . The elasticities
are η = 0.5, σ = 4, and ζ = 2, and the outside-option share is π0 = 0.37. Adopters’
technology is described by α̃o, the log change in occupation-o labor productivity, so
that α(o,f) = (η−1)α̃o, and by κ̃, AI’s share of an adopter’s cost at the no-AI wages.
Appendix A3.6 gives every parameter value and the solution method. For each sce-
nario, τo is the matched-DiD estimand of Proposition 1: each adopter’s occupation-o
employment relative to its own no-adoption counterfactual at the new equilibrium
wages and price index, averaged over adopters with baseline employment weights.
d lnLo is the log change in occupation-o employment between the no-AI equilibrium
and the equilibrium with AI.

All four combinations of signs occur for occupation 1. In the first scenario,
adopters’ productivity gain is in the expensive occupation; with complementary
tasks this raises their demand for occupation 1, and the sector employs more
occupation-1 workers at a higher wage. In the second, a uniform gain with AI
capital raises adopters’ employment relative to their twins, while AI spending dis-
places the sector’s wage bill, wages fall, and workers leave for the outside option. In
the third, the gain is concentrated in the expensive occupation and AI capital ab-
sorbs most of the cost reduction. Adopters employ fewer occupation-1 workers than
their twins, because their scale gain is small and AI displaces labor; occupation-1
employment nonetheless rises, because adopters’ demand tilts toward occupation 1,
its wage falls by less than the other occupation’s, and workers move from occupation
2 into occupation 1. In the fourth, a uniform gain with AI capital absorbing most
of it lowers both. The third and fourth scenarios are so-so technologies in the sense
of Acemoglu and Restrepo (2019): AI performs a large share of adopters’ tasks at
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Adopters’ technology Occupation 1 (cheap) Occupation 2 (expensive)

Scenario α̃1 α̃2 κ̃
Share

adopting
τ1 d lnL1 τ2 d lnL2

Gain in the
expensive
occupation only

0.00 0.40 0.00 0.99 +0.831 +0.088 +0.631 −0.071

Uniform gain, with
AI capital

0.30 0.30 0.10 0.96 +0.141 −0.046 +0.141 −0.046

Gain mainly in the
expensive
occupation, AI
capital absorbs
most of it

0.13 0.68 0.20 0.18 −0.046 +0.004 −0.321 −0.032

Uniform gain, AI
capital absorbs
most of it

0.50 0.50 0.20 0.79 −0.135 −0.081 −0.135 −0.081

Table A1: Matched-DiD estimand and general-equilibrium change by occupation in
simulated equilibria. α̃o: log labor-productivity gain at adopters in occupation o; κ̃:
AI’s share of an adopter’s cost at the no-AI wages; share adopting: share of firms
that adopt in the equilibrium with AI. τo: adopters’ log occupation-o employment
relative to their no-adoption counterfactual at the new equilibrium (Proposition 1),
baseline-employment weighted. d lnLo: log change in occupation-o employment
between the two equilibria. η = 0.5, σ = 4, ζ = 2, π0 = 0.37; two occupations, one
seniority, 500 firms with a common technology (Appendix A3.6).

a cost close to labor’s, so displacement is large and the productivity gain small; in
the third, the displacement falls on the expensive occupation. The matched-DiD
estimand and the general-equilibrium change are distinct quantities, and the sign of
one does not determine the sign of the other.

A3.5 Proofs of Proposition 3 and Example 1

Appendices A3.5.1–A3.5.5 prove Proposition 3; Appendix A3.5.6 proves Example 1.
The proof of Proposition 3 has five steps. The maps that define the ε-economy
are smooth (A3.5.1); their derivatives with respect to wages and the technology
are computed (A3.5.2)—derivatives of demand and supply schedules at arbitrary
wage changes, not yet changes in equilibrium quantities; the Jacobian of the market-
clearing conditions is nonsingular (A3.5.3); the implicit function theorem turns these
into the equilibrium path of part (a) (A3.5.4); and part (b) follows by evaluating
the derivatives of A3.5.2 in the direction the path moves (A3.5.5).
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A3.5.1 The maps are smooth

Fix the adopter set A. This subsection establishes the regularity that the rest of the
appendix uses: every map that defines the ε-economy at given wages—unit costs,
prices, outputs, labor demands, the price index, and aggregate labor demand and
supply—is C∞ in (w, ε) near (w̄, 0), with derivatives bounded uniformly across firms,
and the adopter’s cost reduction δf has derivative bf at ε = 0. Lemma 5 differentiates
these maps, and the implicit function theorem in A3.5.4 uses their smoothness. The
fixed adopter set is what makes smoothness available: were adoption re-optimized
along the family, the maps would contain the indicator of each firm’s adoption
decision.

The maps are as follows. A non-adopter’s unit cost is cNAf (w) =

[
∑

o(wo/Ψ
o,0
f )1−η]1/(1−η). For an adopter, (4) gives (Ψo,A

f )η−1 = eεa
(o,f)

(Ψo,0
f )η−1, so

by Definition 2(ii)–(iii)

cAf (w; ε) = Bf (w; ε)1/(1−η), Bf (w; ε) ≡
∑
o∈O

eεa
(o,f)(

wo/Ψ
o,0
f

)1−η
+ ε kf . (34)

At ε = 0, cAf (w; 0) = cNAf (w): the 0-economy is the no-AI economy. Write cf = cAf
for f ∈ A and cf = cNAf otherwise. The remaining objects are pf = µcf ; the price

index P (w; ε) = [
∫
ξf (µcf )

1−σdf ]1/(1−σ); yf = ξfµ
−σc−σf P σ−1; `of = (Ψo

f )
η−1w−ηo c ηf yf ;

LDo =
∫
`of df ; and LSo = Tow

ζ
oN/D(w). The adopter’s log unit-cost reduction at the

no-AI wages is
δf (ε) ≡ ln cNAf (w̄)− ln cAf (w̄; ε). (35)

Lemma 4 (Smoothness). Let W = [wmin, wmax]n be a compact box containing w̄ in
its interior. There is ε0 > 0 such that, on the interior of W × [−ε0, ε0]:

(i) the maps cf , pf , yf , `of are C∞ in (w, ε) with derivatives of every order bounded
uniformly in f , and P , LDo , LSo are C∞;

(ii) δf (0) = 0 and δ′f (0) = bf , with bf as in (30); hence δf (ε) = ε bf +O(ε2).

Proof. The firm-level maps are compositions of exponentials, powers, and sums, so
they are C∞ at every point where Bf > 0; the only failure point is Bf = 0, where
the power 1/(1 − η) in (34) is not smooth. Choose ε0 so that Bf stays away from
zero on the domain: onW , Assumption 1(b) bounds the labor sum of Bf below by a
constant β > 0 uniform in f ; with ā and k̄ bounding |a(o,f)| and kf (Definition 2(ii)–

(iii)), take ε0 with e−ε0ā ≥ 1
2

and ε0k̄ ≤ β/4. Then Bf ≥ β/4 for all |ε| ≤ ε0; for
ε < 0 the AI term εkf is negative, which is why ε0 must be small.

Next, Assumption 1(b) and the bounds of Definition 2(ii)–(iii) further imply that
the derivatives of every order are bounded uniformly in f : each derivative depends
on f only through the primitives ξf , Ψo,0

f , a(o,f), kf and through Bf , and all of these
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are uniformly bounded (Bf also from above, by eε0āβ̄ + ε0k̄ with β̄ the uniform
upper bound on the labor sum). This is what smoothness of the integrals requires:
by differentiation under the integral sign, P 1−σ and LDo are C∞; P 1−σ is bounded
away from zero, so P is C∞. LSo is C∞ directly, since D(w) > 0 on W .

Finally, at (w̄, 0) the bracket equals (cNAf (w̄))1−η, and differentiating (34),

d

dε
ln cAf (w̄; ε)

∣∣∣
ε=0

=
1

1− η
·
∑

o∈O a
(o,f)
(
w̄o/Ψ

o,0
f

)1−η
+ kf(

cNAf (w̄)
)1−η = − bf ,

with bf as in (30). So δf (0) = 0 and δ′f (0) = bf , and δf (ε) = εbf + O(ε2) since δf is
C∞ by (i).

A3.5.2 First-order responses of demand and supply

Throughout this appendix, d denotes the first-order change at (w̄, 0): for a log-wage
change d ln w ∈ Rn and the technology change ε, and for a quantity F (w; ε),

dF ≡
∑
o∈O

∂F

∂ lnwo

∣∣∣
(w̄,0)

d lnwo +
∂F

∂ε

∣∣∣
(w̄,0)

ε.

Here d ln w is an arbitrary log-wage change, and the maps are the demand and supply
schedules of A3.5.1, defined at any wages: the lemma below is calculus about these
schedules and does not assert market clearing (d lnLDo = d lnLSo ) or tie d ln w to
equilibrium. Table A2 collects the notation.

Symbol Definition Description

δf ln cNAf (w̄)− ln cAf (w̄; ε) adopter f ’s log cost reduction at the no-AI wages; εbf +O(ε2)

s̄ of (w̄o/Ψ
o,0
f )1−η/(cNAf (w̄))1−η firm f ’s baseline cost share of occupation o

ωf
∑

o′ s̄
o′
f d lnwo′ cost-share-weighted average of the wage changes at firm f

λ̄of
¯̀o
f /L̄o firm f ’s share density of baseline occupation-o employment

ρo
∫
A λ̄

o
f df adopters’ share of baseline occupation-o employment

τo ρ−1
o

∫
A λ̄

o
f

[
α(o,f) + (σ − η)δf

]
df matched-DiD estimand for occupation o, (31)

ωo
∫
λ̄of ωf df average of ωf , weighted by occupation-o employment

πo L̄o/N baseline share of workers in occupation o

v̄f ξf p̄
1−σ
f /P̄ 1−σ firm f ’s baseline revenue share density;

∫
v̄f df = 1

δP
∫
A v̄f δf df revenue-weighted average of adopters’ cost reductions

ωP
∫
v̄f ωf df revenue-weighted average of the ωf

Table A2: Notation for Appendix A3.5.

The lemma differentiates each equilibrium map in turn.
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Lemma 5 (Responses of demand and supply). For every firm f , every cell o, and
every direction (d ln w, ε),

d ln cf = − δf 1f∈A + ωf , (36)

d lnP = − δP + ωP , (37)

d ln yf = −σ d ln cf + (σ − 1) d lnP, (38)

d ln `of = α(o,f)1f∈A − η d lnwo + (η − σ) d ln cf + (σ − 1) d lnP, (39)

d lnLDo = −η d lnwo + ρoτo − (σ − 1) δP + (σ − 1)ωP + (η − σ)ωo, (40)

d lnLSo = ζ d lnwo − d lnD. (41)

Proof. By Lemma 4 the maps are differentiable at (w̄, 0); for the integrals P and
LDo , differentiation under the integral sign is justified by the uniform bounds of
Lemma 4.

Cost. At ε = 0, cAf (· ; 0) = cNAf , so for adopters and non-adopters alike

∂ ln cf/∂ lnwo′ at (w̄, 0) is the baseline cost share s̄ o
′

f . In ε, ∂ε ln cAf (w̄; 0) = −bf
by (35)–(30), and cNAf does not depend on ε. Hence d ln cf = −εbf 1f∈A +∑

o′ s̄
o′

f d lnwo′ , which is (36) since δf = εbf to first order.
Price index. Differentiating (26) with pf = µcf gives (1 − σ) d lnP =

∫
v̄f (1 −

σ) d ln cf df , so d lnP =
∫
v̄f d ln cf df = −δP + ωP , which is (37); the superscript P

records that these two averages are the pieces of the price-index response.
Output. Equation (38) is (8) in logs, with E = 1.
Cell demand. From (6), ln `of = ln(Ψo

f )
η−1 − η lnwo + η ln cf + ln yf . By (4) and

Definition 2(ii), ∂ε ln(Ψo,A
f )η−1 = a(o,f), so d ln(Ψo

f )
η−1 = α(o,f)1f∈A; substituting

(38) gives (39).
Aggregate demand. d lnLDo =

∫
λ̄of d ln `of df . Substituting (39) with (36)–(37):

the shifter and cost-reduction terms integrate to
∫
A λ̄

o
f

[
α(o,f) + (σ − η)δf

]
df = ρoτo

by (31); the ωf term integrates to (η − σ)ωo; the −η d lnwo and price-index terms
do not vary across firms and pass through, since

∫
λ̄of df = 1. This is (40).

Supply. From (24), lnLSo = lnTo + ζ lnwo + lnN − lnD, and ∂ lnD/∂ lnwo′ =
ζTo′w̄

ζ
o′/D̄ = ζL̄o′/N = ζπo′ , so d lnD = ζ

∑
o′ πo′ d lnwo′ . This is (41).

A3.5.3 The Jacobian is nonsingular

Proposition 3(a) applies the implicit function theorem to the market-clearing system
Z(w; ε) = 0, where Zo ≡ LDo − LSo . Lemma 4 established that Z is C∞ near (w̄, 0).
Lemma 6 establishes the theorem’s remaining condition: the Jacobian of Z with
respect to log wages is nonsingular there—no first-order wage movement leaves every
labor market clearing.

Lemma 6 (Regularity). The Jacobian of the market-clearing conditions (vii) of
Definition 1 with respect to log wages is nonsingular at every no-AI equilibrium.
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Proof. Step 1: reduction to a matrix kernel. Set ε = 0 in Lemma 5, so that δf , τo,
and δP vanish and only the log-wage change remains; write x ≡ d ln w. Subtracting
(41) from (40),

d lnLDo − d lnLSo = −(η+ ζ)xo + (η− σ) (Ωx)o + (σ− 1) S̄>x+ ζ π>x ≡ −(Mx)o,

where Ωoo′ ≡
∫
λ̄of s̄

o′

f df (so that ωo = (Ωx)o), S̄o′ ≡
∫
v̄f s̄

o′

f df (so that ωP = S̄>x),

1 ≡ (1, . . . , 1)> is the vector of ones, and

M ≡ A− 1q>, A ≡ (η + ζ) I + (σ − η) Ω, q ≡ (σ − 1) S̄ + ζ π.

At the no-AI equilibrium LDo = LSo = L̄o, so the first-order change of the level
LDo − LSo is L̄o (d lnLDo − d lnLSo ) = −L̄o (Mx)o: the Jacobian is −diag(L̄o)M . It
therefore suffices to show that Mx = 0 implies x = 0.

Step 2: if Mx = 0, then x is uniform. Call a wage change x uniform if all its
entries are equal—x = c1 for a scalar c, so that every wage moves by the same
proportion. This step shows that Mx = 0 forces x to be uniform; Step 3 then shows
that a uniform x with Mx = 0 is zero. The price-index and outside-option channels
enter M through the rank-one matrix 1q>, which moves every market by the same
amount q>x; so if Mx = 0, then

0 = Mx = Ax− 1 (q>x) =⇒ Ax = (q>x) 1,

and it suffices that A is invertible and maps 1 to a multiple of itself.
The eigenvalues of Ω are real and lie in [0, 1]. Let

Λ ≡ diag(w̄oL̄o), Boo′ ≡
∫

(w̄o ¯̀
o
f )(w̄o′ ¯̀

o′

f )

C̄f
df,

where C̄f = c̄f ȳf is firm f ’s baseline total cost. Since λ̄of = ¯̀o
f/L̄o and s̄ o

′

f =

w̄o′ ¯̀
o′

f /C̄f , we have ΛΩ = B. B is symmetric, and positive semidefinite because

x>Bx =
∫ (∑

o xow̄o
¯̀o
f

)2
/C̄f df ≥ 0. Hence Λ1/2ΩΛ−1/2 = Λ−1/2BΛ−1/2: Ω is similar

to a symmetric positive semidefinite matrix, and similar matrices (X and TXT−1

for invertible T ) have the same eigenvalues, so the eigenvalues of Ω are real and
nonnegative. They are at most one: Ω has nonnegative entries and unit row sums
(Ω1 = 1, since each row of Ω is a weighted average of firms’ cost-share vectors, and
cost shares sum to one), so for any eigenpair Ωv = λv, picking an entry i with |vi|
largest gives

|λ| |vi| =
∣∣∣∑
o′

Ωio′vo′
∣∣∣ ≤ |vi|∑

o′

Ωio′ = |vi|.

If Ωv = λv, then Av =
[
(η+ ζ) + (σ− η)λ

]
v, and every eigenvalue of A is of this

form because A is a polynomial in Ω. With λ ∈ [0, 1], these numbers lie between
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η+ ζ and σ+ ζ, both positive, so A is invertible. And A1 = (σ+ ζ)1, by Ω1 = 1, so

A−11 = 1/(σ+ζ). Applying A−1 to Ax = (q>x) 1 gives x = q>x
σ+ζ

1, a scalar multiple
of 1: x is uniform.

Step 3: if x is uniform and Mx = 0, then x = 0. With E fixed, a uniform wage
rise raises every cost and price in proportion, so labor demand falls one-for-one. The
outside option’s value is fixed, so labor supply rises by ζπ0. In the algebra: applying

q> to x = q>x
σ+ζ

1 and using q>1 = (σ − 1) + ζ(1− π0),

q>x = q>x · (σ − 1) + ζ(1− π0)

σ + ζ
=⇒ q>x · 1 + ζπ0

σ + ζ
= 0,

so q>x = 0 and x = 0.

A3.5.4 Proof of part (a)

Part (a) makes two claims: a continuously differentiable wage path w(ε) through w̄
exists, and the allocation it induces is an equilibrium of the ε-economy. The implicit
function theorem delivers the path (Step 1). Every condition of Definition 1 then
holds by construction except adoption optimality, which is the substance of Step 2.

Step 1: the wage path. View Z(ln w; ε), with Zo ≡ LDo −LSo , as a function of log
wages. By Lemma 4 it is C∞ on an open set containing (ln w̄, 0), and Z(ln w̄; 0) = 0
because w̄ is a no-AI equilibrium and the 0-economy is the no-AI economy. By
Lemma 6 its Jacobian in log wages is nonsingular at that point. By the implicit
function theorem there exist ε1 ∈ (0, ε0), a neighborhood V of ln w̄, and a unique
C∞ map ln w : (−ε1, ε1) → V with ln w(0) = ln w̄ and Z(ln w(ε); ε) = 0; write
w(ε) ≡ exp(ln w(ε)).

Step 2: the path is an equilibrium for ε ∈ [0, ε1). Given w(ε), define the allocation
and the price index by conditions (i)–(iii), (v), and (vi) of Definition 1, as part (a)
states; these conditions then hold by construction, and (vii) is Z(ln w(ε); ε) = 0.
Only (iv), adoption optimality, requires an argument. Firms outside A cannot
adopt. A firm f ∈ A has zero adoption cost, so adopting is optimal iff ∆f ≡
(cAf )1−σ − (cNAf )1−σ ≥ 0; and since σ > 1, ∆f has the sign of

gf (ε) ≡ ln cNAf (w(ε))− ln cAf (w(ε); ε).

It therefore suffices that gf (ε) > 0 for every adopter, so that adoption is strictly
optimal. Continuity is not enough: gf (0) = 0, and the bound must hold for all
adopters on a common interval. We use a first-order bound with uniform control of
the curvature. By the chain rule,

g′f (ε) = − ∂ε ln cAf
(
w(ε); ε

)
+
∑
o∈O

[
so,NAf − so,Af

](
w(ε); ε

) d lnwo(ε)

dε
,
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where so,df = ∂ ln cdf/∂ lnwo are the cost shares: wage movements along the path

affect both costs through their cost shares, and the technology affects cAf alone.
At ε = 0 the two cost functions coincide, so the difference in cost shares vanishes
and only the technology term survives: g′f (0) = δ′f (0) = bf ≥ b, by Lemma 4(ii)
and Definition 2(iv). Shrink ε1 so that ln w(·) and its first two derivatives are
bounded on [0, ε1]; by the uniform bounds of Lemma 4, gf is then C2 with |g′′f | ≤ C
on [0, ε1] for a constant C independent of f . Hence gf (ε) ≥ b ε − Cε2/2 > 0 for
0 < ε < min{ε1, 2b/C}. Shrinking ε1 once more, every firm in A strictly prefers to
adopt, which is (iv). Finally, every equilibrium quantity is a C∞ function of (w, ε)
composed with the C∞ path w(ε), hence continuously differentiable in ε.

A3.5.5 Proof of part (b)

Part (b) claims the decomposition (32). The proof differentiates market clearing
along the path: this yields a linear system that the wage response solves (Step 1),
and substituting the wage response into labor supply yields (32) (Step 2).

Step 1: the wage response solves a linear system. Part (a) provides a continuously
differentiable family of equilibria, so market clearing holds identically in ε and can
be differentiated. By the chain rule, the first-order change of any quantity F (w(ε); ε)
along the path is dF of Appendix A3.5.2, evaluated in the direction the path moves:
d ln w is now the first-order change in equilibrium wages, not an arbitrary wage
change. Condition (vii) of Definition 1 holds along the path, so d lnLDo = d lnLSo for
every o; substituting (40)–(41), and using (37) to write −(σ − 1) δP + (σ − 1)ωP =
(σ − 1) d lnP , the wage changes satisfy

(η + ζ) d lnwo = ρo τo + (σ − 1) d lnP + (η − σ)ωo + d lnD, o ∈ O. (42)

Substituting d lnP = −δP + S̄>d ln w, ωo = (Ω d ln w)o, and d lnD = ζ π>d ln w,
and collecting every d ln w term on the left, (42) reads

(M d ln w)o = ρo τo − (σ − 1) δP ,

with M exactly as in Lemma 6: a linear system in d ln w with a nonsingular coeffi-
cient matrix, which therefore determines d ln w uniquely.

Step 2: substitute into labor supply. Markets clear along the path, so d lnLo =
d lnLSo = ζ d lnwo − d lnD by (41). Solving (42) for d lnwo and substituting,

d lnLo =
ζ

η + ζ

[
ρoτo − (σ − η)ωo + (σ − 1) d lnP + d lnD

]
− d lnD,

and ζ/(η+ ζ)− 1 = −η/(η+ ζ) on the d lnD terms, which is (32) with Γ as defined
there.
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A3.5.6 Proof of Example 1

The example claims the three formulas of (33) and the statements about the price
index and the labor share. Step 1 computes the estimand directly; Steps 2–3 solve
the wage system (42) by guess-and-verify; Step 4 substitutes into labor supply; Step
5 proves the price-index and labor-share statements.

Step 1: the estimand. By hypotheses (a)–(b) and (30), using that cost shares
sum to one, bf = ã0 + k̃/(η − 1) for every adopter, so to first order δf = εbf =
α̃0 + κ̃/(η − 1) ≡ δ, the same for every adopter. The integrand of (31) is then
constant across adopters, so the weights integrate to one and

τo = (η − 1) α̃0 + (σ − η) δ = (σ − 1) α̃0 +
σ − η
η − 1

κ̃,

the first formula of (33).
Step 2: adopters’ revenue share equals ρ. The price index weights firms by rev-

enue, while hypothesis (c) fixes adopters’ share of employment; this step shows the
two coincide at the baseline. At the no-AI equilibrium a firm’s revenue is µ times
its wage bill: v̄f = p̄f ȳf = µ c̄f ȳf , and by the factor demands (6),

∑
o w̄o

¯̀o
f =

c̄ ηf ȳf
∑

o(w̄o/Ψ
o,0
f )1−η = c̄f ȳf , since no firm uses AI capital at the baseline. Integrat-

ing over adopters, using hypothesis (c) and then µ
∑

o w̄oL̄o =
∫
v̄f df ,∫

A
v̄f df = µ

∑
o

w̄o

∫
A

¯̀o
f df = µ

∑
o

w̄o ρ L̄o = ρ

∫
v̄f df = ρ.

Step 3: the wage change is uniform, ŵ = −κ/(1 + ζπ0). Guess a common wage
change, d lnwo = ŵ for every o, and verify it in the wage system (42); the coefficient
matrix is nonsingular, so the verified guess is the solution. With a common wage
change, ωf = ŵ for every firm, because cost shares sum to one; hence ωo = ŵ;
d lnP =

∫
v̄f (−δ 1f∈A + ŵ) df = −ρδ + ŵ by Step 2; and d lnD = ζ

∑
o πoŵ =

ζ(1− π0)ŵ. Substituting into (42),

(η + ζ) ŵ = ρτo − (σ − 1) ρ δ + (σ − 1)ŵ + (η − σ)ŵ + ζ(1− π0)ŵ.

By Step 1, ρτo − (σ − 1)ρδ = ρ(η − 1)(α̃0 − δ) = −ρκ̃ = −κ. The ŵ terms on the
right sum to (η − 1)ŵ + ζ(1 − π0)ŵ; moving them left leaves (1 + ζπ0) ŵ = −κ, so
ŵ = −κ/(1 + ζπ0), the second formula of (33).

Step 4: the employment change. By (41),

d lnLo = ζŵ − d lnD = ζŵ − ζ(1− π0)ŵ = ζπ0 ŵ = − ζπ0

1 + ζπ0

κ,

the third formula of (33).
Step 5: the price index and the labor share. By Step 3, d lnP = −ρδ + ŵ =

−ρδ−κ/(1 + ζπ0), which is negative because δ > 0 by condition (iv). The wage bill
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is
∑

owoLo, and by Steps 3–4 its log change is ŵ + ζπ0ŵ = (1 + ζπ0)ŵ = −κ, the
same in every occupation. At the no-AI equilibrium the wage bill equals E/µ = 1/µ
by Step 2, so to first order it equals (1− κ)/µ with AI; since E = 1 is total income
by (23), this is labor’s share of income.

A3.6 Numerical simulation

This appendix describes the simulated economy of Appendix A3.4.

A3.6.1 Setup

The economy has two occupations and one seniority. F = 500 firms approximate
the continuum of Section 2, with

∑
f ξf = 1 in place of

∫
ξf df = 1. Population

N = 1 and expenditure E = 1 are normalizations. The primitives are:

• Elasticities: η = 0.5, so that tasks are complements; σ = 4; ζ = 2.

• Demand shifters ξf ∼ lognormal(0, 0.7), normalized to sum to one. This is the
only source of heterogeneity in firm size.

• Production technology, common to all firms: Ψ1,0
f = e0.5 and Ψ2,0

f = 1. With
a common technology every firm has the same cost shares, so adopters share
the same cost reduction δ and adoption selects on fixed costs only.

• Fréchet scales T1 = 1.5 and T2 = 0.5; outside option w0 = 1 with T0 =
(0.4/0.6)(T1 + T2), which gives an outside-option share of π0 = 0.368 at the
no-AI equilibrium.

• Adoption costs Ff = φf π̄f , where π̄f is the firm’s variable profit at the no-AI
equilibrium and φf is lognormal with median 0.05 and log standard deviation
1 (interquartile range 0.025–0.098).

• Adopters’ technology, which defines a scenario: Ψo,A
f = eα̃o Ψo,0

f , so that

α(o,f) = (η − 1)α̃o; and an AI cost term (r/Ψk,A
f )1−η in the unit cost (7) set

to κ̃
1−κ̃
∑

o(w̄o/Ψ
o,A
f )1−η, so that AI’s share of the adopter’s cost at the no-AI

wages w̄ is κ̃. Only the ratio r/Ψk,A
f matters, and r = 1.

At the no-AI equilibrium, wages are w̄ = (0.877, 1.504), so occupation 1 is the
cheaper one; the occupations’ cost shares are (S̄1, S̄2) = (0.373, 0.627) and their
shares of market employment are (h1, h2) = (0.505, 0.495).
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A3.6.2 Solution

For given wages w, unit costs cNAf (w) and cAf (w) follow from (7). The price index
and the adopter set are the fixed point of Lemma 3: for a candidate P , firm f
adopts if (µ1−σ/σ) ξfP

σ−1E [(cAf )1−σ− (cNAf )1−σ] ≥ Ff , and G(P ) is the index of the
resulting prices; P −G(P ) is increasing, and bisection finds its zero. Output, labor
demands, and labor supply then follow from conditions (i), (ii), and (v) of Defi-
nition 1, and the two market-clearing conditions (vii) are solved for (lnw1, lnw2)
by a Newton-type root finder. The no-AI equilibrium is solved with adoption un-
available. With a finite number of firms, excess demand jumps when a marginal
firm’s adoption decision flips, so market clearing holds up to the size of one firm’s
employment; the largest log residual across the scenarios of Table A1 is 3 × 10−4,
an order of magnitude below the smallest employment change reported.

A3.6.3 Outcomes

For each adopter f , the matched-DiD estimand is ln `of (w
′, P ′) − ln `o,NAf (w′, P ′),

where (w′, P ′) are the wages and price index of the equilibrium with AI and `o,NAf is
the firm’s labor demand had it not adopted, evaluated at the same wages and price
index. This is the comparison of Proposition 1. τo averages it over adopters with
weights equal to their baseline occupation-o employment; the firm-total estimand
τ uses baseline total employment. d lnLo and d lnL are log changes in occupation
and total market employment between the two equilibria. Table A3 reports all
outcomes. As a check on the solver, a uniform productivity gain without AI capital
(α̃1 = α̃2 = 0.30, κ̃ = 0) reproduces Example 1: τo = 0.900 in both occupations and
d lnLo = 0 to numerical precision.

A4 Robustness to Nested CES Production

The propositions in the main text are stated under the single-level CES produc-
tion function (3). Up to monotone transformations, CES is essentially the unique
homothetic, twice-differentiable production function whose pairwise elasticities of
substitution are constant (Uzawa’s theorem and its extensions), so strict devia-
tions from CES generally yield non-constant cross-elasticities and break the clean
Proposition 1 decomposition. One generalization preserves the structure: nested
CES, where cells are partitioned into nests with potentially different within-nest
and across-nest elasticities. This appendix derives the counterpart of Proposition 1.

A4.1 Setup

Partition the labor types T into disjoint nests {Tg}g∈G; in the application each
seniority is a nest. AI capital occupies its own singleton nest {k} at the outer level :
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Occupation 1 Occupation 2

Scenario
Share

adopting
κ d lnw1 d lnw2 d lnP τ1 d lnL1 τ2 d lnL2 τ ; d lnL

Gain in the
expensive
occupation only

0.99 0.000 +0.055 −0.025 −0.231 +0.831 +0.0883 +0.631 −0.0713 +0.735; +0.0125

Uniform gain,
with AI capital

0.96 0.100 −0.059 −0.059 −0.140 +0.141 −0.0455 +0.141 −0.0455 +0.141; −0.0455

Gain mainly in
the expensive
occupation, AI
capital absorbs
most of it

0.18 0.038 −0.010 −0.028 −0.022 −0.046 +0.0038 −0.321 −0.0316 −0.173; −0.0136

Uniform gain, AI
capital absorbs
most of it

0.79 0.167 −0.102 −0.102 −0.129 −0.135 −0.0805 −0.135 −0.0805 −0.135; −0.0805

Table A3: Full outcomes for the scenarios of Table A1. κ: AI’s share of sector cost
in the equilibrium with AI. d lnwo and d lnP : log changes in wages and the price
index. Totals: firm-total matched-DiD estimand τ and log change in total market
employment d lnL.

AI capital competes with seniority bundles, not with individual cells inside a bundle.
Let g(t) denote the nest of cell t. The two-level production function is:

Zg
f =

∑
t∈Tg

(
Ψt
f x

t
f

)(ηg−1)/ηg

ηg/(ηg−1)

(ηg > 0, ηg 6= 1), (43)

yf =

[∑
g∈G

(
Zg
f

)(η∗−1)/η∗
+
(
Ψk
f kf

)(η∗−1)/η∗

]η∗/(η∗−1)

(η∗ > 0, η∗ 6= 1), (44)

with the AI term present only at adopters. The single-level function (3) is the special
case ηg = η∗ for all g.

Lemma 7 (Nested CES factor demands). Cost minimization at factor prices {wt}, r
under (43)–(44) yields cell-level labor demand

`tf =
(
Ψt
f

)ηg(t)−1
w
−ηg(t)
t

(
c
g(t)
f

)ηg(t)−η∗ (cf)η∗ yf , (45)

where

cgf ≡
[∑
t∈Tg

(wt/Ψ
t
f )

1−ηg
]1/(1−ηg)

and cf ≡
[∑

g

(cgf )
1−η∗+(r/Ψk

f )
1−η∗

]1/(1−η∗)
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are the nest-g and firm-level unit costs (AI term at adopters only). With CES
product-market demand of elasticity σ > 1, yf ∝ c−σf as in the single-level case.

Proof. Solve the two-level cost minimization sequentially. The inner problem (pro-
duce Zg at minimum cost) is a standard CES and gives, exactly as in (6)–(7) with
(Zg, ηg, c

g) in place of (y, η, c): `t = (Ψt
f )
ηg−1w

−ηg
t (cg)ηgZg for t ∈ Tg. The outer

problem treats each nest composite as a factor with price cg (by the inner stage, one
unit of Zg costs cg) and gives Zg = (cg)−η∗cη∗y. Substituting the second into the
first yields (45).

Relative to the single-level demand (6), the extra term (c
g(t)
f )ηg(t)−η∗ carries nest-

level cost information; it vanishes when ηg(t) = η∗.

A4.2 Adopter–twin comparison under nesting

Proposition 4 (Proposition 1 under nested CES). Let f be an adopter and f ′ a
non-adopting twin facing the same factor prices, the same price index P , and the
same expenditure E. For every cell t in nest g,

ln `t,Af − ln `t,NAf ′ =
ηg − 1

η − 1
α(t,f) + (ηg − η∗) ln

cg,Af

cg,NAf ′

+ (η∗ − σ) ln
cAf
cNAf ′

, (46)

where cg,Af and cg,NAf ′ are the nest-g unit costs of Lemma 7 at the two firms, and cAf ,

cNAf ′ their firm-level unit costs.

Proof. By Lemma 7,

`t,Af = (Ψt,A
f )ηg−1w

−ηg
t (cg,Af )ηg−η∗ (cAf )η∗ yf ,

`t,NAf ′ = (Ψt,0
f ′ )

ηg−1w
−ηg
t (cg,NAf ′ )ηg−η∗ (cNAf ′ )η∗ yf ′ .

The wage terms are common and cancel in the ratio. Twins share Ψt,0 and ξ,
so (Ψt,A

f /Ψt,0
f ′ )

ηg−1 = exp
(ηg−1

η−1
α(t,f)

)
by (4), and yf/yf ′ = (cAf /c

NA
f ′ )−σ by the last

statement of Lemma 7 with common P and E. Taking logs of the ratio gives
(46).

Relative to (12), the nest-level cost term is new. Its coefficient ηg − η∗ nets two
responses to a cheaper nest bundle. Through the within-nest elasticity, demand for
each cell per unit of the bundle falls by ηg percent, because the cell has become
relatively more expensive than the bundle. Through the across-nest elasticity, the
firm’s use of the cheaper bundle rises by η∗ percent. A cheaper nest therefore raises
demand for its cells if and only if η∗ > ηg. The term vanishes when ηg = η∗, and (46)
is (12) when ηg = η∗ = η for all g. Contrasting two cells in the same nest cancels
the second and third terms, so within-nest contrasts identify shifter differences up
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to the factor (ηg−1)/(η−1); contrasting cells in different nests leaves the difference
of their nest-level terms. With seniority as the nest, the within-seniority quartile
contrasts of Section 2.4 are unaffected, and junior-versus-senior contrasts carry the
nest-level terms.

A5 Computing the Scale and Bias Terms

This appendix gives the computation behind Figure 7 and Table 4. Let Lf,s be
employment in seniority group s at affiliate f and ωf,c,s = Lf,c,s/Lf,s the share of
that group in exposure quartile c, so that lnLf,c,s = lnLf,s + lnωf,c,s. Write βLsq
and β

ωc,s
q for the coefficients of (15) when the outcome is log group employment

and the cell share, respectively, and ω̄c,s for the cell’s baseline share in October
2022. Expanding lnωf,c,s to first order around ω̄c,s, the effect of adoption on log cell
employment is

βLc,sq ≈ βLsq +
β
ωc,s
q

ω̄c,s
. (47)

The expansion is around the pooled baseline share rather than each affiliate’s own,
which keeps affiliates with no baseline employment in a cell in the calculation, at
the cost of an approximation when baseline shares differ across affiliates. A quartile
cell aggregates occupations, so define its shifter as αQ,s ≡ ln

∑
o∈Q θo,s e

α(o,s,f)
, where

θo,s is occupation o’s baseline share of the cell’s employment; summing (11) over the
cell’s occupations gives lnLAQ,s − lnLNAQ,s = αQ,s + (σ − η) ln(cNAf ′ /c

A
f ), so (13) holds

for cells, and αQ1,s = 0 holds when every occupation in the bottom quartile has
a zero shifter. Differencing the top and bottom exposure quartiles within group s
removes the scale term, so the bias of AI toward the most-exposed cell is

αQ4,s − αQ1,s ≈
β
ωQ4,s
q

ω̄Q4,s

− β
ωQ1,s
q

ω̄Q1,s

, (48)

and, when AI leaves the task content of the least-exposed occupations unchanged
(αQ1,s = 0), the scale term of (12) is the implied effect on log employment in the
bottom quartile,

(σ − η) ln
(
cNAf ′ /c

A
f

)
≈ βLsq +

β
ωQ1,s
q

ω̄Q1,s

. (49)

We evaluate (48) and (49) in every event month for Figure 7 and at the March
2026 endpoint (q = 40) for Table 4, for juniors, seniors, and all workers. The baseline
shares ω̄c,s are October 2022 employment-weighted shares among matched treated
affiliates: the bottom quartile holds 21.3 percent of juniors and 6.8 percent of seniors,
and the top quartile 35.2 and 31.6 percent. Because the bottom-quartile shares are
small, especially among seniors, a share change of a fraction of a percentage point in
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that cell translates into a percentage change of several points, which is why the top-
minus-bottom share gap of Figure 4 cannot be used on its own: the two share changes
enter (48) with different weights. Figure A1 therefore reports the two share effects
separately for each group. Standard errors come from a regression that, for each
event month, stacks the log-employment and share long differences with outcome-
specific treatment indicators, instruments, and match-by-outcome fixed effects, so
that the covariance between the coefficients is estimated. The combinations in (48)
and (49) are then delta-method standard errors with the baseline shares treated
as known, clustered by the metropolitan area of the parent’s headquarters. Under
Proposition 1 the scale term is common to every type within a firm; the last column
of Table 4 reports the difference between the senior and junior scale terms, whose
standard error comes from the same stacked regression.
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Figure A1: Event study plots for the effect of AI adoption on the bottom- and top-
quartile exposure shares within seniority groups
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(c) Bottom-quartile share, seniors
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Notes: The figure plots the share inputs to (48) and (49). Each point is a two-stage least squares
coefficient βq from Equation (15) in which the outcome is the share of the seniority group’s em-
ployment in occupations in the bottom quartile (Panels A and C) or the top quartile (Panels B
and D) of AI exposure, entered as the long difference between the month on the horizontal axis
and October 2022. Panels A and B are shares of junior employment and Panels C and D shares
of senior employment, where junior covers Revelio seniority levels 1–2 and senior levels 3–7. The
difference between the top- and bottom-quartile effects within each group is the outcome plotted
in Figure 4. Sample, instrument, matching, and weights as in Figure 3. Shaded bands are 95%
confidence intervals, clustered by the metropolitan area of the parent’s headquarters. The dashed
vertical line marks ChatGPT’s launch in November 2022.
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A6 Additional Details on the AI Adoption Metric

This appendix documents the two stages of the adoption measure of Section 3.3.

Stage 1: keyword screen. We query the text of every job advertisement in the
Revelio listings universe for the 41 sample countries, from January 2021 through
March 2026, with a case-insensitive regular expression built from the 32 terms in
Table A4. Each term is matched as a whole word, that is, with a space on either
side, so that “LLM” does not match “LLMs” inside a longer token and “GPT” does
not match “GPTW”. An advertisement is a candidate if its description matches at
least one term. The screen returns 2,092,460 candidates across the countries in the
raw data.

Stage 2: LLM verification. Every candidate is passed to Llama 3.1 8B Instruct
(Grattafiori et al., 2024) with the prompt in Table A5, at temperature zero and with
the description truncated to its first 4,000 characters. The model answers “yes” or
“no”. The prompt asks whether the advertisement indicates that the job involves
using generative AI tools, counting optional or preferred mentions (“experience with
ChatGPT is a plus”) as “yes”, and instructs the model to answer “no” when the
technology is mentioned only to prohibit it, when a keyword is a false positive (a law
degree, a person’s name, Capgemini, a red-amber-green status, an airline copilot),
when only conventional machine learning is mentioned, or when the advertisement
discusses only whether such tools may be used in applications. Of the 2,092,460

Table A4: Keyword list for the first-stage screen

Group Terms

Model and product
names

ChatGPT; GPT; Claude; Gemini; Copilot; Llama; Mistral;
Stable diffusion; Midjourney; Dall-e

Core vocabulary large language model; LLM; generative AI; Gen AI; prompt
engineering; prompt design; transformer-based model

Developer tooling
and frameworks

LangChain; LlamaIndex; HuggingFace Transformers;
RetrievalQA; RAG; retrieval-augmented generation; vector
embeddings; vector database

APIs and
infrastructure

OpenAI API; Anthropic Claude API; Azure OpenAI;
Google Vertex AI Generative; Pinecone; Weaviate; Milvus

Notes: The 32 terms of the first-stage screen, grouped as in Section 3.3. Matching is case-insensitive
and requires the term to appear as a whole word. An advertisement is a candidate for the second
stage if its description contains at least one term.
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Table A5: Prompt for the second-stage LLM verification

We are measuring firm-level adoption of generative AI from job descriptions.

As a first pass, job descriptions were selected from Revelio Labs if they

contained at least one GenAI-related keyword (e.g., "ChatGPT", "LLM", "generative

AI", "LangChain"). This prompt serves as a second pass to remove false

positives. Job descriptions may be truncated.

Does this job description indicate the need to use generative AI?

Answer "yes" if the job involves using generative AI tools, including:

Tools/APIs: ChatGPT, GPT-3, GPT-4, GPT-5, OpenAI, Azure OpenAI, Copilot, Claude,

Gemini, Anthropic

Frameworks: LangChain, LlamaIndex, HuggingFace Transformers, RetrievalQA

Concepts: large language model, LLM, generative AI, Gen AI, GenAI, prompt

engineering, prompt design

RAG: retrieval-augmented generation, RAG (in AI context), vector embeddings,

vector database

Infrastructure: Pinecone, Weaviate, Milvus, Google Vertex AI

Note: "Experience with [GenAI tool] is a plus" or similar optional/preferred

mentions still count as "yes", as long as the tools are generative AI tools.

Answer "no" if:

GenAI is mentioned negatively ("don’t use", "prohibited", "not allowed")

Keywords are false positives (e.g., LLM = law degree, Claude = person’s name,

Gemini = Capgemini, RAG = Red-Amber-Green status, Copilot = airplane pilot).

These are examples; flag any keyword that clearly refers to something other than

generative AI.

Only traditional ML/AI is mentioned (machine learning, neural networks, deep

learning) without GenAI

The job only discusses whether generative AI tools like ChatGPT can or cannot be

used in applications, without indicating that the job itself involves using these

tools

Answer only "yes" or "no".

Job: {description}

Notes: The prompt is reproduced verbatim from the verification script; {description} is replaced
by the first 4,000 characters of the advertisement. The model is Meta Llama 3.1 8B Instruct, called
through an inference API with temperature zero and a ten-token response limit. The prompt’s
own keyword list omits some screen terms (Llama, Mistral, Stable diffusion, Midjourney, Dall-e,
transformer-based model), so advertisements flagged only on those terms are judged under the
general instruction rather than an explicit rule.

candidates, 1,365,826 (65 percent) are verified, 706,061 are rejected, and 20,573 (1
percent) returned an API error and are treated as rejected. Verified advertisements
in the 41 sample countries number 1,362,406, of which 99 percent are posted on or
after November 1, 2022.
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Figure A2: AI share of job postings over time
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Notes: The figure tracks the share of job advertisements that involve generative AI over time.
For each month from November 2022 through March 2026, the series report LLM-verified AI job
advertisements as a percentage of all job advertisements first posted that month. Colored lines
show India, Brazil, Japan, Germany, and South Africa; gray lines show the remaining countries.
The dashed black line pools all countries except the United States, whose posting data end in
October 2025 and would otherwise introduce a composition break in the pooled series. Gray lines
are truncated at the top of the axis: in a country with few postings in a month, a single hiring
burst can push that month’s share far above the range shown. For the posting universe and the
country sample, see Figure 1.

Adoption over time. Figure A2 plots the monthly AI share of postings by coun-
try, and Figure A3 the share of employment at treated affiliates by sector, month
by month, in the descriptive sample of Section 3. Treatment accumulates fastest
in the information sector, where companies employing more than two thirds of the
sector’s positions had posted an AI job by March 2026, and slowest in government
and other services.
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Figure A3: Share of employment at treated affiliates, by sector
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Notes: The figure plots, for each month from November 2022 through March 2026, the share of
October 2022 positions held by affiliates that are treated by that month, that is, whose company
had posted at least one LLM-verified AI job advertisement anywhere in the world on or before the
end of the month. The sample is the affiliates satisfying the sample restrictions of Section 3 across
the 41 analysis countries, pooled; each affiliate is weighted by its positions in October 2022. Sectors
aggregate Revelio’s industry classification into the twelve groups used throughout the paper, and
the dashed black line pools all sectors. United States AI-posting data end in October 2025, so
treatment there stops accumulating after that month.
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A7 AI Adoption Descriptives

This appendix reports posting counts and AI shares by country (Table A6), affiliate
counts, baseline characteristics, and treatment shares by country (Table A7), and
the AI job postings of adopting companies (Table A8).
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Table A6: AI share of job postings by country

Job AI job AI share
Country postings postings (%)

India 40,408,907 236,822 0.59
Israel 1,352,853 7,119 0.53
Slovakia 274,484 1,180 0.43
Luxembourg 527,278 1,909 0.36
Lithuania 250,496 801 0.32
Poland 9,069,188 28,289 0.31
Spain 33,001,402 72,673 0.22
Singapore 6,893,611 14,660 0.21
Hungary 1,365,437 2,888 0.21
United States∗ 398,397,264 690,893 0.17
Canada 23,746,017 40,591 0.17
Denmark 1,755,037 2,810 0.16
Portugal 7,862,269 10,685 0.14
Finland 1,767,811 2,314 0.13
Ireland 3,220,413 4,061 0.13
Greece 1,333,445 1,666 0.12
Czech Republic 2,976,608 3,315 0.11
Norway 2,322,857 2,496 0.11
United Arab Emirates 4,185,813 4,382 0.10
Australia 30,803,582 30,117 0.10
Saudi Arabia 1,592,424 1,494 0.09
New Zealand 2,343,417 1,899 0.08
Egypt 1,446,662 1,074 0.07
South Africa 5,994,396 3,847 0.06
United Kingdom 56,970,613 36,348 0.06
Indonesia 4,545,686 2,726 0.06
Switzerland 8,118,464 4,771 0.06
Sweden 5,108,164 2,836 0.06
South Korea 3,420,881 1,829 0.05
Turkey 2,107,903 1,050 0.05
Italy 60,830,641 26,749 0.04
Colombia 12,149,012 4,974 0.04
Germany 71,203,479 26,519 0.04
Austria 4,287,420 1,489 0.03
Mexico 44,892,154 14,470 0.03
Belgium 6,528,233 2,086 0.03
Netherlands 22,703,983 6,840 0.03
Chile 4,960,535 936 0.02
France 89,430,778 15,896 0.02
Brazil 145,060,543 18,224 0.01
Japan 121,699,258 6,038 0.005

All countries 1,246,909,418 1,341,766 0.11

Notes: The table reports, for each country, the number of distinct job advertisements posted
between November 2022 and March 2026, the number of those that are LLM-verified AI job
advertisements, and the resulting AI share. The unit is a distinct company–advertisement pair,
dated by the day it first appears, and the universe covers all postings in the country with none
of the sample restrictions on affiliates or companies of Section 3. A country enters the analysis
sample only when enough distinct affiliates posted an LLM-verified AI job advertisement there,
which excludes Kenya, Nigeria, Latvia, Estonia, Slovenia, Costa Rica, Ethiopia, and Iceland;
Russia and Iran are excluded because LinkedIn is officially blocked there, leaving coverage that is
not comparable with the rest of the sample. ∗Shorter data window, applied to both the numerator
and the denominator (United States: November 2022 to October 2025). Figure 1 plots the AI
shares reported here.
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Table A7: Treatment and sample characteristics by country

Treated Median Mean AI Junior
Country Affiliates Treated share (%) employment exposure share (%)

Singapore 3,135 1,417 45.2 103 0.517 47.7
Slovakia 500 200 40.0 100 0.578 59.2
Japan 1,783 709 39.8 105 0.539 46.9
South Korea 1,264 490 38.8 114 0.534 51.0
Hungary 1,104 424 38.4 104 0.570 60.4
Israel 1,860 665 35.8 97 0.599 48.9
Luxembourg 489 170 34.8 99 0.537 51.7
Ireland 2,429 789 32.5 104 0.497 62.2
Czech Republic 2,034 599 29.4 96 0.547 59.7
Poland 5,009 1,470 29.3 105 0.560 61.0
Lithuania 571 163 28.5 96 0.561 55.8
Portugal 2,700 694 25.7 107 0.506 65.5
Greece 1,238 311 25.1 98 0.517 65.3
Austria 1,877 458 24.4 95 0.529 53.2
Spain 9,081 2,007 22.1 107 0.501 61.6
Belgium 4,230 903 21.3 100 0.506 61.8
Switzerland 4,128 871 21.1 103 0.499 54.3
New Zealand 1,809 372 20.6 107 0.498 58.8
India 36,558 7,487 20.5 114 0.573 60.9
Colombia 3,781 774 20.5 119 0.527 63.4
Germany 15,965 3,262 20.4 99 0.530 52.0
South Africa 4,275 869 20.3 112 0.503 67.2
Mexico 7,435 1,507 20.3 109 0.519 63.0
Finland 1,872 369 19.7 108 0.506 59.4
United Arab Emirates 5,354 1,039 19.4 107 0.469 65.8
Denmark 3,273 623 19.0 109 0.487 61.8
Australia 11,323 2,018 17.8 105 0.484 59.2
Italy 9,784 1,734 17.7 104 0.502 66.3
Chile 3,117 552 17.7 116 0.492 62.0
Sweden 4,803 847 17.6 112 0.494 60.8
Egypt 3,395 583 17.2 115 0.518 64.8
Canada 16,696 2,853 17.1 103 0.487 64.5
Norway 2,288 385 16.8 108 0.481 54.9
United Kingdom 28,408 4,651 16.4 104 0.494 56.0
Turkey 5,253 823 15.7 108 0.503 68.1
Saudi Arabia 3,562 527 14.8 126 0.479 65.3
Netherlands 12,178 1,718 14.1 105 0.479 64.0
Indonesia 5,907 801 13.6 124 0.502 72.3
France 19,410 2,626 13.5 106 0.497 59.1
Brazil 22,686 2,353 10.4 118 0.500 73.9
United States∗ 123,074 9,933 8.1 124 0.488 58.1

All countries 395,638 61,046 15.4 112 0.505 60.5

Notes: The table reports, for each country, the number of affiliates that satisfy the sample restric-
tions of Section 3, the number and share of them that are treated, that is, whose company posted
at least one LLM-verified AI job advertisement in any country between November 2022 and March
2026, the median number of positions in October 2022, and unweighted affiliate-level means of
two baseline characteristics: the workforce’s average AI exposure, defined as the occupation-level
GPT-4 exposure score of Eloundou et al. (2024), and the junior share of employment, defined as
Revelio seniority levels 1–2. Both characteristics are measured in October 2022, the month before
ChatGPT’s launch. A country enters the analysis sample only when enough distinct companies
posted an LLM-verified AI job advertisement there, which excludes Kenya, Nigeria, Latvia, Esto-
nia, Slovenia, Costa Rica, Ethiopia, and Iceland; Russia and Iran are excluded because LinkedIn
is officially blocked there, leaving coverage that is not comparable with the rest of the sample.
∗United States: its AI-posting data end in October 2025, so its treated count and treated share
cover a shorter window than the countries measured through March 2026 and are understated; the
treatment-share rankings in the corresponding figures therefore exclude it.
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Table A8: AI job postings at adopting companies

Panel A: Job postings per adopting company

Mean P25 Median P75 P90

All job postings 7,817 263 812 2,970 11,101
AI job postings 46.9 1.0 3.0 11.0 36.0
AI share of postings (%) 1.82 0.18 0.56 1.65 4.08

Panel B: AI versus other job postings

AI Other Difference

Average exposure of the occupation group 0.621 0.485 0.136
In a high-exposure occupation group (%) 57.9 26.4 31.6
In an occupation group new to the affiliate (%) 6.4 3.3 3.1
Number of postings 1,212,401 199,485,782

Panel C: Occupation of the posting

Share of postings (%) Adopting AI share of Group

AI Other companies (%) the group (%) exposure

Computer & Mathematical 56.8 18.2 79.6 1.86 0.746
Educational Instruction & Library 18.5 2.2 3.6 4.89 0.403
Management 5.0 12.9 19.8 0.23 0.467
Business & Financial Operations 4.0 10.2 18.3 0.24 0.546
Arts, Design, Entertainment & Media 3.4 2.3 14.0 0.87 0.538
Architecture & Engineering 3.3 6.0 15.0 0.33 0.505
Life, Physical & Social Science 3.0 2.2 5.7 0.81 0.506
Sales & Related 2.3 9.7 6.6 0.14 0.524
All other occupations 3.7 36.2 8.9 0.06 0.416

Total 100.0 100.0 100.0 0.60 0.621

Notes: The table describes the job postings of the 26,174 companies that posted at least one
LLM-verified AI job advertisement between November 2022 and March 2026, 7.9 percent of the
332,898 companies meeting the sample restrictions of Section 3 in at least one of the 41 sample
countries. A company is a Revelio company identifier, the level at which adoption is defined,
and its postings are pooled across the sample countries in which it is eligible; a posting is a
distinct company–advertisement pair dated by its first posting date. United States postings, AI
and total alike, are counted through October 2025, when its AI verification data end. Pooled across
adopting companies, AI postings are 0.60 percent of all postings. They are concentrated: the ten
largest AI posters account for 40 percent of them, so the quantiles in Panel A and the adopting
companies column of Panel C — the share of adopting companies with at least one AI posting in
the group, which therefore sums to more than 100 — weight every company equally and describe
the typical adopter better than the posting-weighted shares do. Panel C’s company percentages
use the 25,999 companies with at least one AI posting carrying a usable occupation code. Panels
B and C are at the posting level and cover the postings carrying a usable occupation code (98.8
percent of AI and 98.1 percent of other postings); occupations are the two-digit SOC major groups,
and a group’s exposure is the October 2022 employment-weighted average GPT-4 exposure score
(Eloundou et al., 2024) of the occupations in it (AI-posting-weighted across groups in the last two
rows). A high-exposure group is one whose average exposure exceeds the top-quartile cutoff used
for the paper’s exposure outcomes (0.58): Computer & Mathematical and Office & Administrative
Support. A posting is in a group new to the affiliate if the company posted no advertisement in that
group in the same country between January 2021 and October 2022; this row is the only statistic
in the table measured at the affiliate level, every other statistic pools a company’s postings across
countries. The sample keeps countries where more than 50 distinct companies posted a verified AI
job and excludes Russia and Iran, where LinkedIn is blocked.
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A8 Revelio Labs Representativeness

This section benchmarks Revelio Labs data against official labor force statistics.
For each country and year we count the positions active in that year, map their
O*NET codes to the nine major groups of the International Standard Classification
of Occupations, and compare the counts and shares against Eurostat for 21 countries,
and against the International Labour Organization for 14 others. The benchmark
covers 35 of the 41 countries in our sample, and we use the most recent year each
source reports.31

Coverage varies by a factor of thirty across countries (Table A9). Active Revelio
positions amount to 67 percent of official employment in the United States and 63
percent in the United Kingdom, and 13 countries reach at least half. The median
country reaches 29 percent. At the other end, Revelio captures 24 percent of employ-
ment in Germany and Brazil, 7.9 percent in India, and 2.1 percent in Japan, where
domestic career platforms are responsible for most professional hiring. Singapore
exceeds official employment outright, at 330 percent, because regional headquarters
there list workers whom the national survey counts elsewhere or not at all.

Coverage is uneven across occupations as well. In the median country, man-
agers hold 24 percent of Revelio positions against 5 percent of official employment.
Professionals and technicians together hold 51 percent against 38 percent.32 The
four manual groups, which cover agriculture, craft and trades, plant and machine
operators, and elementary occupations, hold 5.3 percent of Revelio positions against
31 percent of official employment. Figure A4 shows the pattern country by country.
The correspondence between the two share distributions is close in countries where
coverage is high, with a correlation of 0.73 in the United States, 0.87 in the United
Kingdom, and 0.85 in Ireland, but low when coverage is thin.

Figure A5 plots year-over-year growth in Revelio against year-over-year growth in
the official series, pooling countries, years, and occupation groups from 2022 through
2024. Revelio grows faster than the official series in eight of the nine groups, by 0.5
percentage points a year for professionals and by 2.7 points for technicians. Within
countries, the correlation between national growth rates and Revelio Labs growth

31Eurostat publishes employed persons by two-digit occupation in its Labour Force Survey, and
the ILO publishes the same series through its Data Explorer. Both classify workers by ISCO-08,
so we aggregate their two-digit codes to the nine major groups and aggregate the O*NET codes
in Revelio to the same nine groups. Armed forces occupations fall out of the comparison, because
O*NET is a civilian classification. Canada, the Netherlands, New Zealand, Saudi Arabia, South
Africa, and South Korea report occupation on national classifications that we do not harmonize
here.

32Part of the excess of professional workers is an artifact of the crosswalk. O*NET has no
counterpart to the ISCO group of technicians and associate professionals, so our mapping matches
healthcare support occupations to that group and matches the remaining candidates to profes-
sionals. Reporting professionals and technicians as one block cuts the median gap from 28 to 15
percentage points. The managerial and manual gaps do not depend on this choice.
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Table A9: Revelio coverage of official employment, by country

Coverage Share Coverage Share
Country (%) correlation Country (%) correlation

Singapore 330 0.80 Israel 29 0.78
Luxembourg 91 0.81 Austria 27 0.50
Denmark 76 0.67 Greece 25 0.65
United States 67 0.73 Lithuania 24 0.81
Switzerland 65 0.72 Brazil 24 0.12
United Kingdom 63 0.87 Czech Republic 24 0.40
Sweden 62 0.79 Germany 23 0.48
Australia 59 0.83 Poland 19 0.70
Ireland 59 0.85 Turkey 16 0.08
Belgium 56 0.78 Hungary 15 0.41
Norway 55 0.77 Colombia 15 −0.08
France 53 0.65 Slovakia 14 0.37
United Arab Emirates∗ 51 0.34 Mexico 11 −0.20
Portugal 47 0.69 Egypt 11 −0.07
Finland 45 0.60 India 8 −0.32
Italy 40 0.26 Indonesia∗ 5 −0.32
Spain 38 0.48 Japan∗ 2 0.16
Chile∗ 29 0.34

Median, all 35 countries 29 0.60

Notes: The table compares the Revelio workforce with official labor force statistics for the 35 sample
countries that report employment by occupation on a harmonized classification. Coverage is the
number of Revelio positions active in the reference year, as a percentage of official employment in
the same year, summing over the nine ISCO-08 major groups. Revelio counts positions rather than
people, so a worker who holds two jobs enters the numerator twice. The share correlation is the
correlation between the Revelio and the official vector of employment shares across the same nine
groups, so it measures whether the occupational mix in Revelio matches the mix in the economy,
and it is invariant to the level of coverage. Official employment comes from the Eurostat Labour
Force Survey for 21 countries and from the ILO Data Explorer for 14 countries. Armed forces
occupations are excluded from both series. The reference year is 2024 unless marked. ∗Latest
year the official source reports (United Arab Emirates, Chile, and Japan: 2022; Indonesia: 2023).
Figure A4 plots the underlying occupation shares.

rates is also relatively weak.
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Figure A4: Occupation employment shares in Revelio and official statistics
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Notes: Each panel plots, for one country, the share of employment in each of the nine ISCO-08
major groups. Blue markers give the official share and orange markers the Revelio share, and the
connecting line measures the gap between them. Revelio shares count the positions active in the
year shown in the panel heading, classified by the O*NET code Revelio assigns to the position and
aggregated to ISCO major groups. Official shares come from Eurostat or from the ILO, as the
panel heading records. Armed forces occupations are excluded from both series. Table A9 lists
the source and reference year for every country.
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Figure A5: Employment growth in Revelio and official statistics, by occupation
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Notes: Each panel plots year-over-year employment growth in Revelio against year-over-year em-
ployment growth in the official series for one ISCO-08 major group. A marker is a country-year,
pooling the 24 countries for which both sources report at least three consecutive years between
2021 and 2024. The solid line is the ordinary least squares fit and the dashed line is the 45-degree
line along which the two sources would agree. Each panel reports the Spearman rank correlation,
the fitted slope, and the mean gap in percentage points between Revelio growth and official growth.
For the construction of the two series, see Figure A4.
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A9 The Matched Sample

This appendix documents the matched sample of Section 4. Table A10 reports how
the matching step selects the sample and how well it balances the matching variables
and the outcomes.

Table A10: The matched sample

Panel A: Sample sizes

Treated affiliates in the full sample 37,993
Control affiliates in the full sample 40,551
Matched sets (treated affiliates matched) 26,102 (68.7%)

dropped by the calipers 11,819 (31.1%)
dropped for lack of controls in the cell 72 (0.2%)

Distinct control affiliates matched 27,697 (68.3%)
Controls per treated affiliate, mean and median 3.57 and 5
Treated companies, full sample and matched 10,689 and 9,473
Control companies, full sample and matched 29,938 and 21,405

Panel B: Baseline means, October 2022

Full sample Matched sample

Treated Control Std. diff. Treated Control Std. diff.

Matching variables
Log employment 5.317 4.755 0.575 5.012 4.966 0.053
Average AI exposure 0.555 0.501 0.523 0.551 0.550 0.016
Junior share of employment 0.532 0.631 -0.557 0.543 0.547 -0.025
Outcomes
Log junior employment 4.609 4.245 0.337 4.334 4.300 0.034
Log senior employment 4.461 3.620 0.772 4.138 4.085 0.057
Q4−Q1 exposure share, total 0.224 0.036 0.545 0.216 0.204 0.036
Q4−Q1 exposure share, junior 0.248 0.039 0.531 0.239 0.229 0.026
Q4−Q1 exposure share, senior 0.225 0.067 0.549 0.218 0.197 0.074

Affiliates 37,993 40,551 26,102 27,697

Notes: The table describes the matched sample of Section 4. The full sample is the set of affiliates
that enter the matching step: eligible affiliates whose parent is headquartered in another coun-
try, with a defined headquarters-metro instrument and non-missing baseline employment and AI
exposure. Treated affiliates are those whose company posted at least one AI job advertisement
after November 2022; control affiliates belong to corporate groups that never posted one, and their
companies posted at least one job advertisement of any kind anywhere in our data after that date.
Within each country and sector, a treated affiliate is matched with replacement to up to five con-
trols by Mahalanobis distance on the three matching variables, with a caliper of half a standard
deviation on each; it drops out when no control lies within the calipers, when its country–sector
cell has fewer than two controls with complete matching variables, or when its own matching vari-
ables are incomplete. Every control carries weight one over the number of controls in its set, so a
control matched to several treated affiliates counts once per set. Panel A percentages are shares of
the full-sample treated affiliates (control affiliates for the distinct-controls row). Panel B reports
October 2022 means for treated and control affiliates in the full sample, each affiliate once, and
in the matched sample at these weights, with the normalized difference: the difference in means
divided by the square root of the average of the two variances. Log employment and the junior
share at baseline coincide with the first and third matching variables, so they appear once. For
the outcome definitions, see Table 3.
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A10 Occupation-Level Event Studies

This appendix reports the event studies behind the occupation-level endpoint es-
timates in the left panel of Figure 5. Each panel plots the effect of AI adoption
on one two-digit occupation group’s share of affiliate employment. All 22 groups
clear the first-stage F screen, so none are omitted. Figure A10 repeats the endpoint
estimates of Figure 5 with Bonferroni-corrected confidence intervals.
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Figure A6: Event study plots for the effect of AI adoption on affiliate-level occupa-
tion shares, SOC 11–21
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Notes: Each panel plots the estimated effect of AI adoption on one occupation group’s share
of affiliate employment, month by month and in share units. The coefficients are the two-stage
least squares estimates βq from Equation (15), with the outcome measured as the long difference
from October 2022, the month before ChatGPT’s launch. Occupations are the two-digit SOC
major groups, shown in SOC order across Figures A6–A9, whose panels share a common vertical
axis. Each occupation is estimated on its own matched sample: the affiliates that employed it
in October 2022, re-matched with the occupation’s baseline share added to the main design’s
matching variables. Shaded bands are 95% confidence intervals, clustered by the metropolitan
area of the parent’s headquarters. The dashed vertical line marks ChatGPT’s launch in November
2022. For the treatment definition, instrument, and matched sample, see Figure 3.
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Figure A7: Event study plots for the effect of AI adoption on affiliate-level occupa-
tion shares, SOC 23–33
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Notes: Each panel plots the estimated effect of AI adoption on one occupation group’s share of
affiliate employment, month by month and in share units. For all other definitions, see Figure A6.
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Figure A8: Event study plots for the effect of AI adoption on affiliate-level occupa-
tion shares, SOC 35–45
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Notes: Each panel plots the estimated effect of AI adoption on one occupation group’s share of
affiliate employment, month by month and in share units. For all other definitions, see Figure A6.
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Figure A9: Event study plots for the effect of AI adoption on affiliate-level occupa-
tion shares, SOC 47–53
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Notes: Each panel plots the estimated effect of AI adoption on one occupation group’s share of
affiliate employment, month by month and in share units. For all other definitions, see Figure A6.
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Figure A10: Effect of AI adoption on affiliate-level occupation shares, Bonferroni-
corrected intervals
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Notes: The figure repeats Figure 5 with the confidence intervals widened by a Bonferroni correction
across the occupation groups, which holds the family-wise error rate at 5% over the whole set of
occupations rather than at each interval separately. The point estimates are unchanged. The
junior and senior anchors keep their uncorrected intervals, as they do not belong to the occupation
family. For all other definitions, see Figure 5.
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A11 Country-Level Correlations

This appendix reports the correlations behind the country-level results in Sec-
tion 5.2. Each figure plots the country-level 2SLS endpoint estimates for the four
headline outcomes against one country characteristic; the notes to Figure A11 define
the sample, weighting, and markers.
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Figure A11: Effect of AI adoption on employment and workforce composition, by
country GDP per capita
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Notes: The figure asks whether the estimated effect of AI adoption varies with how rich a country is.
Each panel plots the country-level two-stage least squares endpoint estimates of Figure 6 against
GDP per capita, measured in 2022 at purchasing power parity in constant 2021 international
dollars (World Bank, 2026) and plotted on a log scale, which is also the scale on which the
reported correlation is computed. The top row shows log total employment (left) and log junior
employment (right); the bottom row shows log senior employment (left) and the junior share of
employment (right). Countries in which the instrument is too weak to support a country-specific
estimate are omitted. Point size is proportional to the precision of the country estimate, measured
as the inverse of its squared standard error, relative to the average precision in the panel, so that
sizes are comparable within but not across panels. The fitted line and shaded band come from
a precision-weighted regression, and the annotation beside the line reports the precision-weighted
correlation and the p-value of the slope of that regression.
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Figure A12: Effect of AI adoption on employment and workforce composition, by
country digital readiness
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Notes: Each panel plots the country-level two-stage least squares endpoint estimates against the
overall score of the 2024 IMD World Digital Competitiveness Ranking (International Institute
for Management Development, 2024), a composite measure of a country’s capacity to adopt and
exploit digital technologies. For all other definitions, see Figure A11.
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Figure A13: Effect of AI adoption on employment and workforce composition, by
country ICT employment share
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Notes: Each panel plots the country-level two-stage least squares endpoint estimates against em-
ployment in information and communication (ISIC Rev. 4 section J) as a share of total employment,
measured in the latest year available up to 2022 (International Labour Organization, 2026). For
all other definitions, see Figure A11.
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Figure A14: Effect of AI adoption on employment and workforce composition, by
country labor market rigidity

United Arab Emirates

Australia

Austria

BelgiumBrazil

Switzerland

Chile

Colombia

Czech Republic

Germany

Denmark

Egypt

Spain

Finland

France

United Kingdom

Indonesia

Ireland

Italy

Mexico

Netherlands

Norway

New Zealand

Poland

Portugal

Saudi Arabia

Singapore

Sweden

Turkey

United States

South Africa

r = −0.02, p = 0.89

United Arab Emirates

Australia

Austria

Belgium

Brazil

Switzerland

Chile

Colombia

Czech Republic

Germany

Denmark

Egypt

Spain

Finland

France

United Kingdom

Indonesia

Ireland

Italy

Mexico

Netherlands

Norway

New Zealand

Poland

Portugal

Saudi Arabia

Singapore

Sweden

Turkey

United States

South Africa

r = −0.09, p = 0.61

United Arab Emirates

Australia

Austria Belgium

Brazil

Switzerland

Chile

Colombia

Czech Republic

Germany

Denmark

Egypt

Spain

Finland

France

United Kingdom

Indonesia

Ireland

Italy

Mexico

Netherlands

Norway

New Zealand

Poland

Portugal

Saudi Arabia

Singapore

Sweden

TurkeyUnited States

South Africa

r = 0.20, p = 0.28

United Arab Emirates

Australia

Austria

Belgium

Brazil

Switzerland

Chile

Colombia

Czech Republic

Germany

Denmark

Egypt

Spain

Finland

France

United Kingdom

Indonesia

Ireland

Italy

Mexico

Netherlands
Norway

New Zealand

Poland

Portugal
Saudi Arabia

Singapore

Sweden

Turkey

United States

South Africa

r = 0.20, p = 0.29

Log senior employment Junior employment share

Log employment Log junior employment

0.2 0.4 0.6 0.2 0.4 0.6

−0.1

0.0

0.1

−0.04

−0.02

0.00

0.02

0.04

−0.2

−0.1

0.0

0.1

0.2

−0.3

−0.2

−0.1

0.0

0.1

0.2

Labor market rigidity

2S
LS

 e
ffe

ct
 a

t m
on

th
 +

40
 (

M
ar

ch
 2

02
6)

Notes: Each panel plots the country-level two-stage least squares endpoint estimates against labor
market rigidity, measured by the CBR Labour Regulation Index in 2022 (Adams et al., 2023). The
index reads the statutory and case law of each country and codes indicators of worker protection
covering alternative forms of employment, working time, dismissal, employee representation, and
industrial action. Each indicator runs from zero to one and the index is their unweighted mean,
so higher values indicate more protective labor law. For all other definitions, see Figure A11.
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Figure A15: Effect of AI adoption on employment and workforce composition, by
country ICT service exports
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Notes: Each panel plots the country-level two-stage least squares endpoint estimates against ex-
ports of telecommunications, computer, and information services as a share of GDP in 2022 (World
Bank, 2026). The characteristic is plotted on a log scale, which is also the scale on which the re-
ported correlation is computed, so that Ireland, by far the largest exporter in the sample, does not
compress the remaining countries into a single cluster. For all other definitions, see Figure A11.
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A12 Additional Heterogeneity Figures

This appendix collects the figures behind Section 5.2.2: the splits by baseline AI ex-
posure (Figures A16–A18), by baseline size (Figures A19–A21), by technology versus
non-technology sector (Figures A22–A24), and by the occupation of the company’s
first AI job (Figures A25–A27).
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Figure A16: Event study plots for the effect of AI adoption on employment and
workforce composition, by baseline AI exposure
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Notes: Each panel overlays the pooled event study estimated separately on matched sets whose
treated affiliate sits above (blue) or below (red) the median baseline AI exposure of the matched
treated affiliates, where baseline exposure is the average GPT-4 exposure score of the affiliate’s
October 2022 workforce. Whole matched sets move with their treated affiliate, so a control is
never separated from the adopter it was matched to. Treatment, instrument, matching, eligibility,
outcomes, and clustering are held at their main-specification values. For all other definitions, see
Figures 3 and 4.
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Figure A17: Effect of AI adoption on affiliate-level occupation shares, above-median-
exposure affiliates
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Notes: The figure repeats Figure 5 on matched occupation samples restricted to matched sets whose
treated affiliate sits above the median baseline AI exposure of the matched treated affiliates, the
above-median group of Figure A16. Occupations whose first stage is too weak in this subsample
are omitted. For all other definitions, see Figure 5.
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Figure A18: Effect of AI adoption on affiliate-level occupation shares, below-median-
exposure affiliates
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Notes: The figure repeats Figure 5 on matched occupation samples restricted to matched sets
whose treated affiliate sits below the median baseline AI exposure. For all other definitions, see
Figure A17.
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Figure A19: Event study plots for the effect of AI adoption on employment and
workforce composition, by baseline affiliate size
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Notes: Each panel overlays the pooled event study estimated separately on matched sets whose
treated affiliate sits at or above (blue) or below (red) the pooled median October 2022 employment
of the matched treated affiliates, 122 positions. Whole matched sets move with their treated
affiliate, so a control is never separated from the adopter it was matched to. Treatment, instrument,
matching, eligibility, outcomes, and clustering are held at their main-specification values. For all
other definitions, see Figures 3 and 4.
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Figure A20: Effect of AI adoption on affiliate-level occupation shares, smaller
adopters
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Notes: The figure repeats Figure 5 on matched occupation samples restricted to matched sets
whose treated affiliate sits below the pooled median October 2022 employment of the matched
treated affiliates, 122 positions, the smaller adopters of Figure A19. Occupations whose first stage
is too weak in this subsample are omitted. For all other definitions, see Figure 5.
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Figure A21: Effect of AI adoption on affiliate-level occupation shares, larger adopters
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Notes: The figure repeats Figure 5 on matched occupation samples restricted to matched sets
whose treated affiliate sits at or above the pooled median October 2022 employment of the matched
treated affiliates, 122 positions. For all other definitions, see Figure A20.
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Figure A22: Event study plots for the effect of AI adoption on employment and
workforce composition, technology versus non-technology affiliates
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Notes: Each panel overlays the pooled event study estimated separately on technology affiliates
(blue), defined as the RICS “Information” sector, and on all other affiliates (red). The matched
sample is split by the treated affiliate’s sector; because matching is exact on sector, the split parti-
tions whole matched sets. Treatment, instrument, matching, eligibility, outcomes, and clustering
are held at their main-specification values. For all other definitions, see Figures 3 and 4.
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Figure A23: Effect of AI adoption on affiliate-level occupation shares, technology
affiliates
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Notes: The figure repeats Figure 5 on matched occupation samples restricted to technology affili-
ates, defined as the RICS “Information” sector; because matching is exact on sector, the restriction
keeps whole matched sets. Occupations whose first stage is too weak in this subsample are omitted.
For all other definitions, see Figure 5.
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Figure A24: Effect of AI adoption on affiliate-level occupation shares, non-
technology affiliates
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Notes: The figure repeats Figure 5 on matched occupation samples restricted to affiliates outside
the technology sector. For all other definitions, see Figure A23.
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Figure A25: Junior share of employment, by occupation of the first AI job
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Notes: The figure asks whether the estimated effects depend on the occupation category of a
company’s first classifiable AI job advertisement. Each row reports the pooled two-stage least
squares endpoint estimate at March 2026, re-estimated on the matched sets whose treated affiliate’s
company’s first classifiable AI job advertisement anywhere in our data after ChatGPT’s launch
falls in the given two-digit occupation category; the label beside each row reports the number
of matched treated affiliates behind it. Whole matched sets move with their treated affiliate,
and treatment, instrument, matching, eligibility, outcomes, and clustering are held at their main-
specification values; categories in which the instrument is too weak to support an estimate are
omitted. Whiskers are 95% confidence intervals. For all other definitions, see Figure 3.

Figure A26: Log junior employment, by occupation of the first AI job
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Notes: The figure repeats Figure A25 for log junior employment. For all definitions, see Figure A25.
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Figure A27: Log senior employment, by occupation of the first AI job
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Notes: The figure repeats Figure A25 for log senior employment. For all definitions, see Figure A25.
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A13 Instrument-Validity Figures

This appendix collects the figures behind the instrument-validity checks of Sec-
tion 5.3.1, in the order in which the checks are described there (Figures A28–A32),
and the split of the main event studies by the treated affiliate’s predicted propensity
to adopt (Figure A33).
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Figure A28: Event study plots for the effect of AI adoption on employment and
workforce composition, peer growth control and sector-purged instrument
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Notes: Each panel overlays the pooled event study under two modifications that target the exclu-
sion restriction. The peer-growth-control series (red) adds to both stages the leave-one-parent-out
mean employment growth of multinational parents headquartered in the same metropolitan area,
measured across each parent group’s eligible entities over the post-launch period relative to the
pre-launch period, which absorbs any generic boom around the headquarters that could raise both
peer AI adoption and the parent’s resources. The sector-purged series (purple) rebuilds the in-
strument from metro peer parents outside the focal parent’s own sector, so that within-industry
competition and same-industry shocks cannot travel through the instrument. Everything else is
held at the main-specification values. For all other definitions, see Figures 3 and 4.
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Figure A29: Event study plots for the effect of AI adoption on employment and
workforce composition, alternative instrument
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Notes: Each panel overlays the pooled event study under two versions of the instrument. The
main specification (blue) instruments AI adoption with the leave-out AI adoption rate among
multinational parents headquartered in the same metropolitan area as the affiliate’s parent; the
alternative (red) uses the leave-out rate among parents in the same headquarters country and RICS
sector. Treatment, matching, eligibility, and outcomes are held fixed, and only the instrument and
the level at which standard errors are clustered change. Shaded bands are 95% confidence intervals,
clustered at the level of whichever instrument is in use. For all other definitions, see Figures 3
and 4.
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Figure A30: Event study plots for the effect of AI adoption on employment and
workforce composition, alternative adoption definition
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Notes: Each panel overlays the pooled event study under two definitions of treatment. Main treats
an affiliate as treated if its company posted an AI job advertisement from November 2022 onward,
in any country; HQ adopts treats every affiliate of a parent as treated if the headquarters entity
posted one. Both series draw their controls from the same pool, namely affiliates whose parent
group never posted an AI job advertisement anywhere, so only the treated set moves: under HQ
adopts, affiliates whose own company advertised an AI job under a headquarters entity that did
not are dropped rather than recoded as controls. Eligibility, matching, instrument, outcomes, and
clustering are held at their main-specification values. For all other definitions, see Figures 3 and 4.
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Figure A31: Effect of peer AI adoption on company-level AI adoption, by subgroup

(a) By parent sector
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Notes: The figure reports the first stage of the instrument separately within subgroups, as a check
on the monotonicity assumption, which requires that peer adoption around the parent never makes
an affiliate less likely to be treated and would be violated by a significantly negative coefficient in
any subgroup. Each row plots the coefficient from regressing the affiliate’s treatment indicator on
the standardized instrument, with matched-set fixed effects and design weights, estimated within
parent sectors in Panel A and within terciles of baseline affiliate employment in Panel B. Whiskers
are 95% confidence intervals, clustered by the metropolitan area of the parent’s headquarters.
Subgroups with too few treated affiliates or with a single instrument cluster are omitted. For all
other definitions, see Figure 3.
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Figure A32: Effect of AI adoption on employment and workforce composition, leav-
ing out one metropolitan area at a time
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Notes: The figure asks whether any single location drives the results. Each row re-estimates the
pooled two-stage least squares endpoint at March 2026 after excluding every affiliate whose parent
is headquartered in one of the metropolitan areas that contribute the most treated affiliates, one
metropolitan area at a time. The dashed vertical line marks the full-sample estimate and the solid
vertical line marks zero; whiskers are 95% confidence intervals, clustered by the metropolitan area
of the parent’s headquarters. For all other definitions, see Figure 3.
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Figure A33: Event study plots for the effect of AI adoption on employment and
workforce composition, by predicted adoption propensity
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Notes: Each panel overlays the pooled event study with matched sets split by the treated affiliate’s
predicted probability of treatment. The propensity is the fitted value from a linear probability
model of adoption on baseline log employment, average AI exposure, and junior employment share
with sector and country fixed effects, estimated on the eligible cross-border universe; the cut points
are terciles of the propensity distribution among adopters. Whole matched sets move with their
treated affiliate, and treatment, instrument, matching, eligibility, outcomes, and clustering are held
at their main-specification values. For all other definitions, see Figures 3 and 4.

132



A14 Matched Difference-in-Differences and Syn-

thetic Difference-in-Differences

This appendix provides details for the matched difference-in-differences and syn-
thetic difference-in-differences robustness checks. Both analyses keep the treatment
definition, the November 2022 treatment date, the eligibility criteria of Section 3,
and the outcomes of the main analysis constant. Because neither design uses the
instrument, neither requires the restriction to foreign affiliates. To maintain compa-
rability, we nevertheless estimate both designs on the foreign-affiliate sample of the
main analysis first. We then extend the sample to the full universe of eligible affil-
iates of Section 3, domestic and foreign alike. Together, the two analyses separate
differences that come from the estimation approach from differences that come from
the sample. The latter is also informative about how far our main results generalize
beyond foreign affiliates.

The matched difference-in-differences applies the matching procedure of Section 4
to each sample and then compares treated affiliates with their matched controls
directly, without the instrument.

The synthetic difference-in-differences replaces the nearest-neighbor matches
with estimated weights on control affiliates and on pre-treatment months (Arkhangel-
sky et al., 2021). For every country and outcome, we form a balanced affiliate-
by-month panel from January 2021 through March 2026 that contains the treated
affiliates and all eligible control affiliates. Affiliates with a missing outcome value
in any month are dropped for that outcome, as the estimator requires a complete
panel. The estimator solves

τ̂ = arg min
τ, η, θ

∑
f

∑
t

(
yft − ηf − θt − τ DfPt

)2
ω̂f λ̂t, (50)

where t measures calendar months, Pt indicates months from November 2022 on-
ward, Df indicates that affiliate f is treated, that is, that its company posted at least
one AI job advertisement from November 2022 onward, and ηf and θt are affiliate

and month fixed effects. The unit weights ω̂f and time weights λ̂t are estimated in a
preliminary step, following the regularization of Arkhangelsky et al. (2021). The unit
weights, equal across treated affiliates, choose control affiliates whose weighted aver-
age tracks the average treated affiliate as closely as possible over the pre-treatment
months, up to a constant. The time weights, equal across post-treatment months,
select the pre-treatment months whose outcomes best predict the post-treatment
average among control affiliates. The estimate τ̂ is the average treatment effect on
treated affiliates over the 41 post-treatment months. In other words, the estima-
tor runs the familiar difference-in-differences after reweighting affiliates and months
so that treated affiliates and their synthetic control already move together before
November 2022.
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Table A11: Effect of AI adoption on employment and workforce composition,
matched and synthetic difference-in-differences

Log employment Junior share Q4−Q1 exposure share

Total Junior Senior Total Junior Senior

Panel A: Matched difference-in-differences

AI adoption 0.079∗∗∗ 0.045∗∗∗ 0.106∗∗∗ −0.013∗∗∗ 0.004∗∗∗ 0.001 0.009∗∗∗

(0.002) (0.002) (0.003) (0.0004) (0.0003) (0.001) (0.0004)

Affiliate × match FE Yes Yes Yes Yes Yes Yes Yes
Match × month FE Yes Yes Yes Yes Yes Yes Yes
Countries 41 41 41 41 41 41 41

Panel B: Synthetic difference-in-differences

AI adoption 0.027∗∗∗ −0.011 0.043∗∗∗ −0.013∗∗∗ 0.001 −0.002∗∗∗ 0.006∗∗∗

(0.007) (0.007) (0.009) (0.001) (0.001) (0.001) (0.001)

Countries 41 41 41 41 41 41 41

Notes: The table reports the estimated effect of AI adoption on each column outcome under two
identification strategies that do not use the instrument, both estimated on the full eligible universe
of affiliates, domestic and foreign alike; an affiliate is treated if its company posted at least one AI
job advertisement after November 2022. Both panels report the March 2026 endpoint, the same
month as the two-stage least squares estimates. Panel A reports the endpoint of the pooled matched
difference-in-differences event study, which compares adopting affiliates with their matched con-
trols, with standard errors clustered by ultimate parent company. Panel B reports the endpoint
of the synthetic difference-in-differences gap trajectory of Equation (50): country trajectories are
pooled month by month by random-effects meta-analysis, and each country’s month-specific stan-
dard error is a leave-one-parent-out jackknife that holds the estimated unit and time weights fixed.
Appendix A14 gives full estimation details for both designs. For the outcome definitions and the
corresponding two-stage least squares estimates, see Table 3. ∗/∗∗/∗∗∗: p < 0.10/0.05/0.01.

For inference, we use a leave-one-out jackknife at the parent level. We drop
one corporate group at a time, all of its affiliates together, recompute the estimate
with the weights held fixed and the remaining unit weights renormalized, and take
the jackknife variance across the resulting estimates. This mirrors the parent-level
clustering of the matched design.
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Figure A34: Event study plots for the effect of AI adoption on employment and
workforce composition, matched difference-in-differences
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Notes: The figure plots the matched difference-in-differences event study, which compares treated
affiliates with their matched controls directly rather than instrumenting treatment. Each point is
the estimated gap between treated affiliates and their controls in that month, relative to October
2022, estimated by weighted least squares with affiliate-by-matched-set and matched-set-by-month
fixed effects, so that every comparison stays within a matched set and calendar month. The sample
is the full eligible universe of affiliates of Section 3, domestic and foreign alike; an affiliate is treated
if its company posted at least one AI job advertisement from November 2022 onward, and each
is matched within country and sector to control affiliates on baseline employment, average AI
exposure, and junior employment share, as described in Section 4. Panels A–D plot log affiliate
employment, the junior share of employment, log junior employment, and log senior employment,
where junior covers Revelio seniority levels 1–2 and senior levels 3–7. Panels E–G plot the difference
between the share of employment in occupations in the top quartile of AI exposure and the share
in the bottom quartile, within junior employment, within senior employment, and across the whole
workforce. Shaded bands are 95% confidence intervals, clustered by parent. The dashed vertical
line marks ChatGPT’s launch in November 2022.
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Figure A35: Event study plots for the effect of AI adoption on employment and work-
force composition, matched difference-in-differences on the foreign-affiliate sample
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Notes: The figure repeats Figure A34 on the foreign-affiliate sample of the two-stage least squares
analysis, namely the affiliates whose parent is headquartered in another country and for which the
instrument is defined. For all other definitions, see Figure A34.
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Figure A36: Event study plots for the effect of AI adoption on employment and
workforce composition, synthetic difference-in-differences
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Notes: The figure plots the synthetic difference-in-differences design of Arkhangelsky et al. (2021),
which replaces nearest-neighbor matching with estimated weights on control affiliates and on pre-
treatment months. Each point is the gap between treated affiliates and their synthetic control
in that month, net of the time-weighted pre-treatment gap, so that the series is centered on zero
before November 2022. The sample is the full eligible universe of affiliates of Section 3, domestic
and foreign alike; an affiliate is treated if its company posted at least one AI job advertisement
from November 2022 onward, and controls are affiliates in corporate groups that never posted one.
Panels A–D plot log affiliate employment, the junior share of employment, log junior employment,
and log senior employment, where junior covers Revelio seniority levels 1–2 and senior levels 3–7.
Panels E–G plot the same gap in the difference between the share of employment in occupations in
the top quartile of AI exposure and the share in the bottom quartile, within junior employment,
within senior employment, and across the whole workforce. Country trajectories are pooled month
by month by random-effects meta-analysis. Shaded bands are 95 percent confidence intervals from
each country’s leave-one-parent-out jackknife of the full trajectory, which holds the estimated unit
and time weights fixed at their full-sample values. Because the unit weights are chosen to fit the
pre-treatment months, the pre-treatment bands describe the quality of that fit rather than a test
of parallel trends. The dashed vertical line marks ChatGPT’s launch in November 2022.
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Figure A37: Event study plots for the effect of AI adoption on employment and work-
force composition, synthetic difference-in-differences on the foreign-affiliate sample
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Notes: The figure repeats Figure A36 on the foreign-affiliate sample of the two-stage least squares
analysis, namely the affiliates whose parent is headquartered in another country and for which
the instrument is defined. Bands and pooling are as in Figure A36. For all other definitions, see
Figure A36.
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A15 Additional Robustness Figures

This appendix collects the figures behind the remaining checks of Section 5.3.2, in
the order in which they are described there (Figures A38–A43).
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Figure A38: Event study plots for the effect of AI adoption on employment and
workforce composition, adoption intensity

(a) Log employment

−2

−1

0

1

2021 2022 2023 2024 2025 2026
Date

E
st

im
at

e

(b) Junior share of employment

−0.6

−0.4

−0.2

0.0

2021 2022 2023 2024 2025 2026
Date

E
st

im
at

e

(c) Log junior employment

−2

−1

0

1

2021 2022 2023 2024 2025 2026
Date

E
st

im
at

e

(d) Log senior employment

−2

−1

0

1

2

2021 2022 2023 2024 2025 2026
Date

E
st

im
at

e

(e) High- minus low-exposure
share, junior

−0.4

−0.2

0.0

0.2

2021 2022 2023 2024 2025 2026
Date

E
st

im
at

e

(f) High- minus low-exposure
share, senior

−0.1

0.0

0.1

0.2

0.3

2021 2022 2023 2024 2025 2026
Date

E
st

im
at

e

(g) High- minus low-exposure
share, overall

−0.1

0.0

0.1

0.2

2021 2022 2023 2024 2025 2026
Date

E
st

im
at

e

Notes: Each panel replaces the binary adoption indicator of the main design with a continuous
measure of how heavily the company hires for AI work, so that the coefficient reads as the effect
of a one-unit increase in the log dose. The dose is the log of one plus the ratio of the AI job
advertisements the company posted anywhere in the world from November 2022 onward to all the
job advertisements it posted anywhere in the world before ChatGPT’s launch, from the start of
the listings data through October 2022. The denominator is fixed before treatment begins and
so cannot respond to adoption itself, and the log compresses the heavy right tail of AI-native
companies that posted little before the launch. The dose is measured for the company as a whole
and assigned identically to each of its affiliates; matched controls carry a dose of zero. The dose is
instrumented by the same standardized peer adoption rate as in the main design, and the matched
sample, fixed effects, and clustering are unchanged. For all other definitions, see Figures 3 and 4.
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Figure A39: Event study plots for the effect of AI adoption on employment and
workforce composition, same-category control postings
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Notes: Each panel re-estimates the pooled event study after restricting the control pool to affiliates
whose companies posted at least one job advertisement in the affiliate’s country from November
2022 onward in the two-digit occupation category of the treated affiliate’s company’s first clas-
sifiable AI posting anywhere in our data. Because an advertised AI job is itself a posting in its
occupation category, the restriction ensures that controls are observably hiring in that category as
well. Treated affiliates are re-matched against the restricted pool; treatment, instrument, eligibil-
ity, outcomes, and clustering are held at their main-specification values. For all other definitions,
see Figures 3 and 4.
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Figure A40: Event study plots for the effect of AI adoption on employment and
workforce composition, by year of the company’s first AI advertisement
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Notes: Each column reports the pooled event study for affiliates whose company’s first AI adver-
tisement appeared in 2023, in 2024, or in 2025 or later, and each row reports one outcome, with
a common vertical scale across the three cohorts. Each cohort retains its matched never-adopter
controls; whole matched sets follow the treated affiliate. Treatment, instrument, matching, eligi-
bility, outcomes, and clustering follow the main specification. The dashed line marks ChatGPT’s
launch; the dotted line marks 1 January of the cohort’s first-advertisement year. The last three
rows show the difference between employment shares in the highest and lowest exposure quartiles
for juniors, seniors, and all workers. Shaded bands are 95% confidence intervals. For all other
definitions, see Figures 3 and 4.
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Figure A41: Event study plots for the effect of AI adoption on employment and
workforce composition, early versus late adopters
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Notes: Each panel re-estimates the pooled event study on affiliates of adopting companies alone.
Treated affiliates are those whose companies’ first AI job advertisement appeared between Novem-
ber 2022 and December 2024, and controls are drawn exclusively from affiliates of late-adopting
companies, whose first AI job advertisement appeared in January 2025 or later, so that both
groups select into adoption and only the timing differs. Affiliates of early-adopting companies are
re-matched against the late-adopter pool; matching, instrument, eligibility, outcomes, and cluster-
ing are held at their main-specification values, and the event clock stays centered on ChatGPT’s
launch. Because late adopters begin adopting in January 2025, coefficients from that month on-
ward compare earlier with later adoption rather than adoption with none. For all other definitions,
see Figures 3 and 4.
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Figure A42: Event study plots for the effect of AI adoption on employment and
workforce composition, placebo launch date
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Notes: Each panel re-estimates the pooled event study under a placebo launch date of January
2022. Sample, treatment, matching, eligibility, instrument, outcomes, and clustering are held
at their main-specification values, and only the event clock moves: the baseline month becomes
December 2021, and the months from ChatGPT’s actual launch onward are dropped, so the coef-
ficients to the right of the dashed line cover only the months that separate the placebo date from
the actual launch. The dashed vertical line marks the placebo launch in January 2022 and the
dotted vertical line marks ChatGPT’s actual launch in November 2022. For all other definitions,
see Figures 3 and 4.
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Figure A43: Event study plots for the effect of AI adoption on employment and
workforce composition, no posting requirement for controls
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Notes: Each panel re-estimates the pooled event study after dropping the requirement that each
control affiliate’s company post at least one job advertisement anywhere in our data from Novem-
ber 2022 onward, a condition that would otherwise select the control pool on post-launch hiring
activity. Treated affiliates are re-matched against the enlarged control pool; treatment, instru-
ment, eligibility, outcomes, and clustering are held at their main-specification values. For all other
definitions, see Figures 3 and 4.
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Figure A44: Effect of AI adoption on affiliate-level occupation shares, peer growth
control
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Notes: The figure repeats Figure 5 adding to both stages the leave-one-parent-out mean employ-
ment growth of multinational parents headquartered in the same metropolitan area, the peer-
growth control of Figure A28. Occupations whose first stage is too weak under this specification
are omitted. For all other definitions, see Figure 5.

A16 Occupation-Level Results for the Robust-

ness Checks

This appendix repeats the occupation-level analysis of Figure 5 for each robustness
check of Section 5.3, in the order in which the checks are described there (Fig-
ures A44–A54).
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Figure A45: Effect of AI adoption on affiliate-level occupation shares, country ×
sector instrument
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Notes: The figure repeats Figure 5 with adoption instrumented by the leave-out AI adoption
rate among multinational parents in the same headquarters country and sector as the focal parent,
rather than in the same headquarters metropolitan area, on the same matched occupation samples.
Standard errors are clustered at the country-by-sector level, and occupations whose first stage is
too weak under this instrument are omitted. For all other definitions, see Figure 5.
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Figure A46: Effect of AI adoption on affiliate-level occupation shares, sector-purged
instrument
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Notes: The figure repeats Figure 5 with the instrument rebuilt from metro peer parents outside
the focal parent’s own sector, the sector-purged instrument of Figure A28. Occupations whose
first stage is too weak under this instrument are omitted. For all other definitions, see Figure 5.

148



Figure A47: Effect of AI adoption on affiliate-level occupation shares, leaving out
one metropolitan area at a time
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Notes: For each occupation, the point marks the full-sample endpoint estimate of Figure 5, the thin
gray whisker its 95% confidence interval, and the thick shaded band the range of the estimates
obtained by excluding, one at a time, each of the metropolitan areas that contribute the most
treated affiliates, as in Figure A32. Occupations whose full-sample first stage is too weak are
omitted. For all other definitions, see Figure 5.
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Figure A48: Effect of AI adoption on affiliate-level occupation shares, matched
difference-in-differences
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Notes: The figure repeats Figure 5 under the matched difference-in-differences design of Fig-
ure A34, which compares adopters with their matched controls directly rather than instrumenting
adoption and is estimated on the full eligible universe of affiliates. For all other definitions, see
Figure 5.
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Figure A49: Effect of AI adoption on affiliate-level occupation shares, matched
difference-in-differences on the foreign-affiliate sample
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Notes: The figure repeats Figure A48 on the foreign-affiliate sample of the two-stage least squares
analysis, namely the affiliates whose parent is headquartered in another country and for which the
instrument is defined, the sample of Figure A35. For all other definitions, see Figure 5.
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Figure A50: Effect of AI adoption on affiliate-level occupation shares, synthetic
difference-in-differences
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Notes: The figure repeats Figure 5 under the synthetic difference-in-differences design of Fig-
ure A36 (Arkhangelsky et al., 2021), estimated on the full eligible universe of affiliates. Each
estimate is the March 2026 endpoint of the pooled gap trajectory for that occupation, with coun-
try trajectories pooled month by month by random-effects meta-analysis and standard errors from
the leave-one-parent-out jackknife of Figure A36. For all other definitions, see Figure 5.
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Figure A51: Effect of AI adoption on affiliate-level occupation shares, synthetic
difference-in-differences on the foreign-affiliate sample
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Notes: The figure repeats Figure A50 on the foreign-affiliate sample of the two-stage least squares
analysis, namely the affiliates whose parent is headquartered in another country and for which the
instrument is defined, the sample of Figure A37. For all other definitions, see Figure 5.
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Figure A52: Effect of AI adoption on affiliate-level occupation shares, same-category
control postings
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Notes: The figure repeats Figure 5 on occupation samples re-matched after restricting the control
pool to affiliates whose companies posted at least one job advertisement in the affiliate’s country
from November 2022 onward in the occupation category of the treated affiliate’s company’s first
classifiable AI posting anywhere in our data, the sample-construction check of Figure A39. For all
other definitions, see Figure 5.
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Figure A53: Effect of AI adoption on affiliate-level occupation shares, placebo launch
date
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Notes: The figure repeats Figure 5 under the placebo launch date of January 2022 used in Fig-
ure A42: each effect is the change from the December 2021 placebo baseline to October 2022, the
month before ChatGPT’s actual launch, so that the real post-launch period never enters. Sample,
matching, instrument, and clustering are held at their main-specification values, and occupations
whose first stage is too weak are omitted. For all other definitions, see Figure 5.
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Figure A54: Effect of AI adoption on affiliate-level occupation shares, no posting
requirement for controls
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Notes: The figure repeats Figure 5 on occupation samples re-matched without requiring each
control affiliate’s company to post a job advertisement anywhere in our data from November 2022
onward, the sample-construction check of Figure A43. Occupations whose first stage is too weak
in this sample are omitted. For all other definitions, see Figure 5.
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