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Abstract

Does artificial intelligence automate work or augment workers’ productive capabilities? Our
results show that it can do both, through distinct channels that conventional exposure mea-
sures obscure. We distinguish these channels by linking U.S. patents to occupations’ tasks
and tools, with patent—task matches capturing automation and patent—tool matches captur-
ing augmentation. Using the origins and diffusion of historical Al breakthroughs to predict
contemporary local exposure, we find large but opposing labor-market effects. A one-standard-
deviation increase in Al automation reduces occupational employment by 21 percent, with
little effect on wages; Al augmentation instead raises wages by 8 percent, alongside some
employment growth. We also find that a larger Al share within each channel strengthens la-
bor displacement through automation while shifting augmentation’s effects from employment
growth toward wage gains. The labor-market consequences of Al therefore depend critically
on the balance between automation and augmentation rather than overall exposure alone.
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1 Introduction

The accelerating momentum of artificial intelligence (AI) has intensified concerns about its impact
on the labor market. A central question is whether AI will primarily replace human labor by
performing tasks autonomously or enhance workers’ capabilities and boost their productivity.
Consider two workers in different jobs exposed to the same recent wave of Al: a statistical assistant
increasingly relies on Al software that automatically classifies, organizes, and retrieves information
that previously required manual processing. A radiologist, by contrast, uses Al-assisted diagnostic
software to interpret medical images more quickly and accurately while retaining responsibility
for the diagnosis. In both cases Al changes how work is performed, yet in fundamentally different
ways. In the first, Al substitutes for human labor by performing workers’ tasks; in the second, it
complements labor by improving the tools through which work is carried out.

Understanding the distinct roles of these two forces is therefore crucial for predicting Al’s
impact on employment and wages and, ultimately, whether AI helps or harms workers. Although
fears of large-scale labor displacement have concerned economists and workers for decades (see
Brynjolfsson and McAfee 2015), historical experience and modern task-based theory suggest
that automation has often been counterbalanced by the creation of new labor-intensive tasks,
leading to a reshuffling of workers across tasks rather than mass unemployment (Acemoglu and
Restrepo 2018; Acemoglu and Restrepo 2019). AI, however, may differ from earlier waves of
technological change because it can potentially automate a much broader range of activities
(Acemoglu 2021; Acemoglu et al. 2026), including non-routine cognitive tasks in which human
labor has increasingly specialized in response to the automation of routine work over recent
decades (e.g., Autor et al. 2003; Autor and Dorn 2013). At the same time, Al can operate as
a worker-augmenting tool, raising productivity in tasks that remain assigned to labor (Agrawal
et al. 2026). Which of these channels predominates in Al-driven technological change—and with
what consequences for employment and wages—remains an open empirical question.

Answering this question requires distinguishing between the two channels. A single measure of
AT exposure may mask their potentially opposing effects and obscure their distinct consequences
for workers. We operationalize these channels empirically through a simple task—tool distinction:
tasks describe what workers do to produce output, whereas tools describe what workers use to
perform their tasks. Innovations that resemble an occupation’s tasks are therefore more likely to
automate activities currently performed by workers, whereas innovations that resemble its tools
are more likely to augment workers by enhancing their productive capabilities. We implement

this approach using transformer-based language models that measure the semantic similarity



between the text of each U.S. patent and the task and tool descriptions of detailed O*NET
occupations. Patent—task similarity defines our measure of automation exposure, whereas patent—
tool similarity defines our measure of augmentation exposure. Combining these measures with
the USPTO’s Artificial Intelligence Patent Dataset (Pairolero et al. 2025) separates each channel
into its Al and non-Al components. This allows us to examine both how Al-driven automation
and augmentation affect labor-market outcomes and whether the Al share within each channel
matters beyond workers’ overall exposure to automating and augmenting innovation.

Although our patent—task and patent—tool similarity measures are derived from the entire
universe of U.S. utility patents, a second key feature of our approach is that we explicitly incor-
porate a local dimension into the measurement of technological exposure. Building on evidence
that knowledge spillovers are geographically localized (Jaffe et al. 1993) and that adjustments
in employment and skills associated with new technologies spread only gradually across space
(Kalyani et al. 2025), we posit that workers are more directly exposed to innovations located
in their surrounding economic environment. Consequently, technological change may affect even
the same occupation differently across local labor markets. For example, a chemical technician
employed in a commuting zone with intensive laboratory-instrument innovation is likely to expe-
rience substantially greater exposure to productivity-enhancing augmentation than an otherwise
similar technician elsewhere. We capture this geographic variation by assigning patents to com-
muting zones based primarily on assignee locations and constructing occupation—commuting-zone
exposure measures. Although we do not observe workplace adoption directly, patent assignees—
most of which are firms—provide a natural geographic anchor for these innovations.

A central challenge for identifying the causal effects of local Al exposure on labor-market
outcomes is that innovation is not randomly distributed across space. To address this concern,
we instrument contemporaneous local Al automation and augmentation exposure using measures
designed to capture the spatial diffusion of historical Al breakthroughs originating in more distant
commuting zones. Specifically, we use the classification developed by Kelly et al. (2021) to identify
patents granted between 1980 and 2000—well before the recent wave of widespread Al adoption—
that are textually distinct from prior inventions but closely related to subsequent inventions,
thereby capturing novel technological directions on which later innovation builds. We combine
this classification with the USPTOQO’s Artificial Intelligence Patent Dataset to identify Al-related
breakthroughs, determine their automation and augmentation relevance based on our patent—task
and patent—tool similarity scores, and weight them by geographic distance. To reduce concerns

that the instruments reflect persistent local conditions or direct spillovers from nearby innovation,



we exclude breakthroughs originating in or near the focal commuting zone. We further show that
our estimates are robust to a range of alternative instrument constructions and are not driven by
breakthroughs originating in a small number of historically dominant AI innovation hubs, such
as Silicon Valley or the Northeast Corridor.

The analysis yields three main findings. First, distinguishing between Al-driven automation
and augmentation reveals markedly different labor-market effects. Our preferred 2SLS estimates
imply that, between 2005-07 and 2022-24, a one-standard-deviation increase in Al automation
exposure reduces occupational wage bills by approximately 22 percent and employment by 21 per-
cent, with little effect on hourly wages. By contrast, an equivalent increase in Al augmentation
exposure raises occupational wage bills by approximately 16 percent, reflecting hourly-wage gains
alongside employment growth. This contrast between the effects of automation and augmentation
is particularly pronounced in recent years.

Second, the composition of technological change matters in addition to its overall intensity.
Holding total automation and augmentation exposure constant, we find that a greater Al share
within automating innovation strengthens employment displacement, whereas a greater Al share
within augmenting innovation shifts adjustment away from employment growth and toward wage
gains. Together, these findings are consistent with concerns that Al may reinforce the labor-
displacing direction of technological change (Acemoglu and Restrepo 2020; Acemoglu 2021),
while also illustrating its potential to expand workers’ productive capabilities when it augments
rather than automates human labor (Acemoglu 2025; Acemoglu et al. 2026).

Third, the effects of Al depend importantly on the workers and tasks exposed to it. More
highly educated local workforces experience larger employment losses when innovation shifts
toward Al automation, but benefit more when that shift occurs through augmentation. Routine-
intensive occupations, by contrast, fare worse as innovation becomes more Al-intensive, partic-
ularly through the automation channel. These patterns highlight that who gains and who loses
from AI depends not only on exposure itself, but also on workers’ skills, the tasks they perform,
and the kind of Al they face.

Our paper contributes to the growing empirical literature on the labor-market consequences
of artificial intelligence. Existing approaches commonly summarize occupational Al exposure
using a single index based on relationships between AI and occupational tasks or abilities (e.g.,
Brynjolfsson et al. 2018; Webb 2019; Felten et al. 2021). Combining these measures with online
job vacancy data, Acemoglu et al. (2022) document reductions in non-Al job postings and changes

in skill requirements at Al-exposed establishments, but find no detectable employment or wage



effects in more Al-exposed occupations and industries. More recent empirical evidence paints
a more nuanced picture, documenting substantial productivity gains in particular workplace
settings (Brynjolfsson et al. 2025; Cui et al. 2026), changes in task content within occupations
and the reallocation of labor across tasks within firms (Gathmann et al. 2024; Hampole et al.
2025), limited short-run effects on earnings and hours despite widespread adoption and task
reorganization (Humlum and Vestergaard 2025), and relative employment declines among younger
workers in highly Al-exposed occupations (Brynjolfsson et al. 2026). Together, this evidence
shows that Al is already reshaping work. However, because existing studies typically summarize
exposure along a single dimension or focus on particular adoption settings, the relative roles of
automation and augmentation remain empirically unsettled. We address this gap by bringing
both channels into a unified task—tool measurement framework and estimating their distinct
labor-market effects across occupations and local labor markets throughout the United States.
Our study is most closely related to an emerging literature that distinguishes between labor-
automating and labor-augmenting technological change. Autor et al. (2024) identify automat-
ing innovations through their relationship with occupational tasks and augmenting innovations
through their relationship with job-title-based descriptions of occupational outputs, while Mar-
guerit (2025) extends this approach specifically to Al. Kogan et al. (2023) and Chen and Wang
(2024) instead distinguish labor-substituting from labor-augmenting technologies using different
classification strategies. The former matches patents to occupational tasks classified as rou-
tine or non-routine, interpreting the resulting exposures as labor-saving or labor-augmenting,
respectively. The latter groups Al patents by functional capability and then labels the result-
ing categories as augmenting or displacing based on their estimated employment effects within
exposed occupational segments. Compared with these approaches, our study differs along three
dimensions. First and most importantly, we identify augmentation through innovations related to
the tools workers use. This complements Autor et al. (2024) and Marguerit (2025) by capturing
a distinct margin of augmentation that may be particularly relevant for AI because improved
tools can enhance workers’ productive capabilities within established occupations without neces-
sarily changing occupational outputs. Moreover, our approach does not impose an exclusive ex
ante classification, and the two channels are defined independently of subsequent labor-market
outcomes. Consequently, the same innovation may naturally affect a given occupation through
automation, augmentation, or both. Second, we distinguish AI from non-Al innovation within
both channels, allowing us to test whether the AI content of technological change matters be-

yond the overall intensity of automating and augmenting innovation. To our knowledge, ours is



the first study to examine this Al-versus-non-Al composition within both channels. Third, we
introduce a spatial dimension by allowing the same occupation to face different levels of techno-
logical exposure across local labor markets, consistent with evidence that technological diffusion
is geographically localized and gradual (Jaffe et al. 1993; Kalyani et al. 2025) and extending re-
cent work on the labor-market effects of Al and emerging digital technologies across U.S. regions
(Huang 2024; Prytkova and Petit 2026).

The remainder of the paper proceeds as follows. Section 2 develops the conceptual framework.
Section 3 describes the construction of the automation and augmentation exposure measures, and
Section 4 documents their descriptive patterns. Section 5 presents the identification strategy,

while Section 6 reports the main results and heterogeneity analyses. Section 7 concludes.

2 Conceptual Framework

We motivate the empirical analysis with a task-based framework that allows technological expo-
sure to vary across local labor markets and distinguishes task automation, in which technologies
perform tasks without labor, from tool augmentation, in which technologies enhance the tools
used jointly with workers. Accordingly, the same occupation may face different combinations
of automation and augmentation across local labor markets. The framework is deliberately
technology-neutral: both AI and non-Al innovations may operate through either channel. Its
purpose is to discipline this task—tool distinction and clarify its labor-market implications rather

than to provide a separate structural theory of AIL!

2.1 Tasks and Tools in Production

Consider occupation o in commuting zone c. Occupational output is produced by combining a

continuum of tasks indexed by i € [0, 1]:

1 - o1
Y, = [/ Yooli) o dz'] . 0>0, o#1, (1)
0

where o denotes the elasticity of substitution across tasks. We leave the degree of substitutability

across tasks otherwise unrestricted, as the conditional technological effects on which we focus

!The framework builds on the task-based approach of Acemoglu and Autor (2011) and Acemoglu and Restrepo
(2018), in which production takes place through tasks that may be allocated between labor and capital. We draw
in particular on the extension of Acemoglu and Restrepo (2018) in which labor-performed tasks combine labor
with labor-complementary capital, while separate capital inputs can perform tasks autonomously. In the context
of AI, Acemoglu (2025) similarly distinguishes extensive-margin automation from task complementarities, while
Agrawal et al. (2026) emphasize the potential for AI to raise worker productivity without automating the tasks
they perform.



below do not depend on a particular value of o.
A task may be produced either by workers using complementary tools or, when technologically
feasible, autonomously using capital, software, or algorithms. We represent output under the two

production methods as

ygc(i) = ’)’é:/(i)eoc(i)1_’/v {Tococ(i)}" yig(l) = Agg%f((i)kw(wv 0<rk<L (2)

Here, ¢,.(i) denotes labor and x,.(i) the occupational tool input used jointly with workers. The
parameter [',. captures the productivity of these labor-complementary tools, while x governs the
role of the tool input in the labor—tool production method. A common productivity shifter for
the labor—tool method is normalized to one. By contrast, k..(i) denotes autonomous capital,
software, or algorithms, while AX captures their productivity. The functions v% (i) and 7/ (4)
capture task-specific productivity under the two production methods.? Following the standard
task framework, we order tasks such that labor’s comparative advantage increases with the task

index,

d [vf(i)l -0 )

di | K (i)
For tasks for which both production methods are technologically feasible, the lower-cost pro-

duction method is used. Let w,. denote the occupational wage, Rfa the unit cost of the tool

input, and R the rental cost of autonomous capital. Cost minimization implies

1 wo. \17% [ RX \" RE
Ly =+ [ _Woc. loc. Ki) = ——0c__
ko= () () 0= asg W

For simplicity, we summarize technological feasibility and cost-minimizing assignment by an
effective automation frontier I,,. € [0, 1]. Tasks below I,. are performed autonomously, while tasks
above I, are performed through the labor-tool method. A task may remain above the frontier
either because autonomous production is not yet technologically feasible or because it is feasible
but more costly than the labor—tool method. Appendix I separates these technological-feasibility

and cost-minimization components of the effective frontier.

2The functions v (i) and X (i) are taken to be common across commuting zones, consistent with our use of
occupational task and tool inventories from O*NET. Local variation instead enters through the technology shifters
AE and I',., input costs, and the resulting task assignment.



2.2 Automation and Augmentation

Within this environment, automation and augmentation capture two distinct channels through

which technological change can affect work:

dl,e >0 ,  dlpe>0 or dRX <O0. (5)
N——
task automation tool augmentation

Automation expands the set of tasks performed autonomously. This may occur because techno-
logical progress makes autonomous production feasible for tasks that previously required workers
or because it makes autonomous production cost-effective for tasks that were already technologi-
cally feasible. In either case, an increase in I, shifts additional tasks from the labor—tool method
to autonomous production. Tool augmentation instead improves the complementary technology
used by workers. Conditional on a task remaining performed through the labor-tool method, a
higher I',. raises the productivity of the tool input, while a lower Rg‘; reduces its unit cost. Both
changes reduce the cost of producing the task using labor and tools. Figure 1 visualizes the two

technological margins.

Panel A. Task automation

Autonomous tasks Labor—tool tasks
0 1o 1
A
~
IO — I
Autonomous tasks Automated tasks Labor—tool tasks
0 I 1

Panel B. Tool augmentation

Autonomous tasks Labor—tool tasks

0 IR

Autonomous tasks More productive labor—tool tasks

0 1 1

Figure 1: Task Automation and Tool Augmentation in Task Space

Notes: Panel A illustrates task automation as an increase in the effective automation frontier from Iy to Iy > Io,
shifting tasks between Iy and I; from the labor—tool method to autonomous production. Panel B illustrates the I'
margin of tool augmentation as an increase from I'g to I'y > I'g, raising the productivity of tasks that continue to
be performed using labor and tools while holding task allocation fixed.



The distinction shown in Figure 1 is particularly relevant for a powerful general-purpose
technology like Al because its broad and increasingly flexible capabilities allow it to operate
through different margins across tasks, workplace settings, and organizational structures. While
the same Al technology may perform some activities autonomously, it can support workers in
others by providing information, recommendations, software, or other complementary inputs that
improve how workers perform their tasks.

Our formal definition of tool augmentation deliberately isolates this direct labor-complementary
margin. More generally, improvements in occupational tools may also affect task assignment
through relative costs or induce broader changes in the organization or composition of work,
including the tasks workers perform. For simplicity, the comparative statics presented below hold
task assignment fixed, while such adjustments may form part of the overall empirical labor-market

response to tool-augmenting innovation.

2.3 From Technological Change to Labor-Market Outcomes
The two technological channels have distinct direct effects on labor. For a task produced using
labor and tools, cost minimization implies

Coc(i) = L= HQoLc(i)Z/OC(i)' (6)

wOC

Aggregating over tasks performed by labor gives conditional occupational labor demand,

1—k
Loc:

1
/‘ﬁﬁwawm. (7)

oc

Woc

Automation. An outward shift in the automation frontier directly removes labor from the

tasks that switch to autonomous production. Holding task output and factor prices fixed,

0L
6Ioc

= (Lo yoe(Tue) < 0. (8)

direct oc

This is the direct displacement effect of automation. At the same time, lower production costs
may expand occupational output, generating a countervailing scale effect. The equilibrium em-
ployment response therefore depends on the balance between the direct displacement effect, the

countervailing scale effect, and associated factor-price adjustments.

Augmentation. Holding task assignment fixed, tool augmentation changes labor requirements

within tasks that remain performed through the labor—tool method. Conditional on task output



and wages, equations (4) and (6) imply

Olnloc(i) Olnloe(i) .
BTFOC = —K, W =K, 1> IOC. (9)

Hence, more productive tools or a lower cost of the tool input reduce the amount of labor required

to produce a given quantity of a task. For given labor and tool inputs, a higher I',. simultaneously

raises the physical marginal product of labor. Letting M PLL (i) = 0yL.(i) /0loc(i),

W =k >0, 1> I (10)
Tool augmentation can therefore raise worker productivity even as it reduces the labor input
required per unit of task output. Whether employment rises or falls depends on the resulting
equilibrium adjustment, including the extent to which lower production costs expand task and
occupational output. Likewise, a higher physical marginal product of labor does not imply an
unambiguously higher equilibrium wage, since wages depend on the value rather than the physical
marginal product of labor and therefore also reflect adjustments in task prices and other equi-
librium responses (Acemoglu 2025). At the occupation—commuting-zone level, these responses
may also incorporate worker mobility and local price adjustments. Consequently, our framework

delivers clear direct technological effects but leaves the equilibrium responses of employment,

wages, and the wage bill to be determined empirically.

3 Measuring AI Automation and Augmentation

We translate the theoretical distinction between automation and augmentation into empirical
measures of two channels of localized technological change, which we further separate into Al and
non-Al components. The first, automation exposure, measures the extent to which local innovative
activity is related to occupational tasks and therefore captures the potential for technology to
substitute for labor. The second, augmentation erposure, measures the extent to which local
innovative activity is related to the tools workers use in production and therefore captures the

potential for technology to augment workers’ productive capabilities.

3.1 AI Patent Classification

Our underlying data comprise the universe of U.S. utility patents granted between 1980 and
2021, including patent titles, abstracts, grant years, and locational information on inventors and

assignees, obtained from the United States Patent and Trademark Office (USPTO) PatentsView



records. To distinguish Al-related from non-Al innovation, we rely on the Artificial Intelligence
Patent Dataset (AIPD) 2023, developed by the USPTO. The dataset uses transformer-based
language models trained on patent text to assign each patent a predicted probability for each
of eight Al functions: machine learning, evolutionary computation, natural language processing,
speech, computer vision, knowledge processing, Al hardware, and planning and decision systems
(Pairolero et al. 2025). We classify a patent as Al-related if its predicted probability for at least
one function is at least 86 percent, using the authors’ midpoint threshold designed to balance
precision and recall. Combining the AIPD classification with the patent—task and patent—tool
similarity measures introduced below allows us to distinguish AI from non-Al automation and

augmentation.

3.2 Patent—Task and Patent—Tool Similarity

Occupational task and tool inventories are obtained from O*NET version 25.0, which serves as
the fixed reference for constructing our automation and augmentation measures. Appendix A.4
describes their assignment to our occupation panel, while Appendix Table A.1 provides exam-
ples from the resulting task and tool inventories for four occupations. We measure the textual
similarity between patents and occupational task and tool descriptions in three steps. First, we
use one language model to embed patent titles and abstracts and task descriptions in a shared
semantic space, and a separate model to embed patent titles and abstracts and tool descriptions
in another. Second, we compute pairwise patent—task and patent—tool cosine similarities. Third,
we retain only the strongest matches using percentile-based similarity thresholds.

An embedding converts a piece of text into a vector in a high-dimensional semantic space
designed to capture its contextual meaning. Using such embeddings therefore allows us to identify
a close relationship between phrases such as “a method for classifying electronic documents” and
“sort or classify information according to guidelines,” even when they share relatively few words.
We measure the similarity between two embeddings using cosine similarity, which increases as
the vectors point in more similar directions.?

Because occupational tasks and tools differ in their textual content, we construct their em-
beddings using two domain-specific sentence-transformer models. For patent—task comparisons,
which underlie automation exposure, we use JobBERT V2 (Decorte et al. 2025), an updated ver-
sion of the JobBERT framework developed by Decorte et al. (2021). JobBERT V2 is trained on

3Formally, for texts represented by vectors a and b, cosine similarity is given by cos(a,b) = a'b/(]|a|||b]|).
Because the embeddings are normalized to unit length, this expression reduces to their dot product, a'b. Higher
values indicate greater semantic similarity.
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millions of job postings enriched with skill information and is therefore well suited to identifying
semantic relationships between patent text and descriptions of the activities workers perform.
For patent—tool comparisons, which underlie augmentation exposure, we use PatentSBERTa
(Bekamiri et al. 2024), a sentence-transformer model trained specifically on patent documents.
We choose this model because occupational tools refer primarily to technological artifacts and
inputs—such as equipment, hardware, and instruments—that are conceptually closer to the tech-
nological objects described in patents than to the activities described in job postings.? We
represent each patent by combining its title and abstract into a single text and, within each
comparison, embed both sides of the match using the same model.

Based on these embeddings, we compute cosine similarity scores between every patent—task
pair and every patent—tool pair. The resulting similarity matrices contain billions of pairs, the
vast majority of which reflect weak semantic relationships. To isolate the strongest links, we
convert the continuous similarity scores into binary matches using percentile thresholds from the

corresponding pooled similarity distributions. Specifically, we define

HES =1y, > 7%, HE = 1[5, > 7] (11)

where sy, and s, denote the cosine similarities between patent p and task ¢ and between patent p
and tool r, respectively. The indicators Htt;‘Sk and Hﬁg"l equal one when the corresponding

task and 7_‘cool are

similarity reaches the channel-specific threshold. In our baseline specification, 7
set at the 90th percentiles of the pooled patent—task and patent—tool similarity distributions.
Appendix Figure C.1 shows the pooled distributions used to define these thresholds, together
with the corresponding Al and non-Al distributions.

Figure 2 illustrates the patent—task and patent—tool matching procedure using one occupation-
specific example from each channel. Panel A shows how an Al patent that automatically extracts
and enters information from heterogeneous documents (US 10,817,656) matches tasks performed
by statistical assistants, including entering, checking, and updating data. Panel B shows how
an Al patent for intensity-modulated radiation treatment (US 7,180,980) matches tools used by
radiation therapists, including medical linear accelerators and multileaf collimators.

Figure 3 broadens this illustration by comparing patent—task and patent—tool matches across

representative occupations from all 22 two-digit SOC groups and representative patents from the

eight Al technology functions listed in Appendix Table A.2.

4 Although we deliberately use PatentSBERTa for patent—tool comparisons, the qualitative pattern of our main
results is robust to constructing augmentation exposure with a general-purpose MPNet language model that is not
trained specifically on patent text; see Appendix Table E.2.
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A. Automation exposure

US 10,817,656

Origin: Roseland, NJ

Title

Statistical assistants
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addition, the method for ...

»
>

Figure 2: Occupation Examples of Patent—Task and Patent—Tool Matching
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into a unified database from . €4 ond update databases 0.503
heterogenous documents. An 4 of 6 displayed tasks exceed
image file is received. The the threshold
image file is displayed in a o Compile reports, charts or graphs 0.310
first area of a window rendered 0 interpreting findings
on a tangible display device.
The fields for data entry are )
displayed in a second area of embed with JobBERT V2: e, o l»)]s( uss data \)Iv.(\\(‘]llfll ion 0952
the window. Optical character requirements with clients
recognition is performed on the ... >
B. Augmentation exposure
US 7,180,980 e, Radiation therapists
Origin: Chico, CA
Title cos(er, e,)
Method for intensity
modulated radiation Medicgl linear accelerator B
treat t usine e, intensity modulated radiation 0.732
trealment using therapy (IMRT) collimators
independent collimator
Jaws Multi-leaf rad h
Tulti-leaf radiation therapy -
above the threshold: match ©€r2 collimators 0.568
Abstract,
The present invention is a R ; .
. adiation therapy beam directin g
method for treatment planning Match rule €3 wedges L & 0.531
and delivery of the radiation § tool
treatment plan for the Cos(e“ eP) 2T = 0.307
intensity-modulated radiation 3 of 7 displayed tools exceed €4 Patient positioning headrests 0.233
therapy (IMRT) treatment using the threshold
linear accelerators (LINACs) e,5  Lead alloy shielding blocks 0.226
not equipped with a multileaf
collimator (MLC). The present e,  Dynamic phantoms 0.920
invention makes the use of a
simpler collimator consisting embed with PatentSBERT2: e . .
of only 4 collimator jaws. In o - P e;7  Digital cameras 0.195

Notes: Panel A illustrates patent—task matching for statistical assistants using the JobBERT V2 language model,
while Panel B illustrates patent—tool matching for radiation therapists using the PatentSBERTa language model.
Colored entries meet the corresponding channel-specific 90th-percentile cosine-similarity threshold and are classified
as matches. For readability, only six of the 14 tasks of statistical assistants and seven of the 63 tools of radiation
therapists are displayed.
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Figure 3: Patent—Task and Patent—Tool Matches Across Occupations and Al Functions

Notes: Rows show the detailed occupation with the largest national FTE employment share within each two-
digit SOC group in 2005-07, excluding residual occupations (“other” or “n.e.c.”). Columns show the eight AIPD
technology functions. Each function is represented by the AI patent granted during 2005-2021 and assigned
exclusively to that function whose title-and-abstract PatentSBERTa embedding has the highest cosine similarity to
the mean embedding of the corresponding function-specific patent corpus. Cells report the unweighted shares of the
occupation’s O*NET tasks and tools satisfying the matching indicators in equation (11), using 7*** = 0.314 and
rtool = 0.307. Linked USPTO patent records, in column order, are US 10,733,041, US 10,635,736, US 8,667,121,
US 9,661,319, US 9,600,141, US 8,874,044, US 8,918,121, and US 9,578,487.
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To construct Figure 3, we select the detailed occupation with the largest national full-time-
equivalent (FTE) employment share within each group in the pooled 2005-07 American Com-
munity Survey (ACS) data. For each Al function, we select, among Al patents granted between
2005 and 2021, the patent whose embedding lies closest to the centroid of the function-specific
patent corpus. An advantageous feature of our procedure is that patent—task and patent—tool
matches are determined independently using the same underlying patent universe, so a patent
is not assigned exclusively to either channel. The same innovation may therefore match occupa-
tional tasks, occupational tools, or both, allowing our measures to capture the possibility that it
automates some activities while complementing workers in others.’

Because the same O*NET tools may be shared across a wide range of occupations, Fig-
ure 3 shows that tool matches are comparatively widespread across the grid. This pattern is
particularly prominent among occupations whose O*NET inventories include general-purpose
computing and communication tools. By contrast, task matches are more concentrated in spe-
cific occupation-technology pairs because O*NET tasks are defined at the occupation level.®
Among the occupations displayed, task-match shares are especially high for network and com-
puter systems administrators across several of the selected computing patents and for market
and survey researchers under the information-retrieval patent (US 9,600,141), while the vehicle
surround-view camera-calibration patent (US 9,661,319) produces its highest task-match share for
automotive service technicians and mechanics. Because each Al function is represented by only
one patent, Figure 3 is illustrative rather than a summary of the full distribution of Al innovation.
Nevertheless, the occupation rankings based on average task- and tool-match shares across the
eight displayed patents align closely with the corresponding national Al exposure measures, with
rank correlations of 0.9 or above.

The next subsection aggregates these patent—task and patent—tool matches across all patents
assigned to each commuting zone to construct the local occupation-level automation and aug-

mentation exposure measures used in our main analysis.

3.3 Local Automation and Augmentation Exposure

We construct automation and augmentation exposure measures for each occupation—commuting-

zone pair using a balanced panel of 430 occupations that can be consistently tracked across

SFor a separate description of how the automation and augmentation composition of the U.S. patent stock
evolves over time, we construct a patent-level classification based on each patent’s maximum similarity to any
occupational task or tool. This classification is exclusive by construction and is used only for the descriptive
analysis in Appendix D.

S Appendix A.4 describes these O*NET task and tool data characteristics in more detail.
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Census and ACS occupation classifications from 2000 onward.” Local labor markets are defined
using the commuting zones of Tolbert and Sizer (1996), which group counties into economically
integrated labor markets based on commuting patterns. Patents granted between 2005 and 2021
are assigned to commuting zones based on assignee locations and, when assignee locations are
unavailable, inventor locations.® Let P, denote the resulting set of patents assigned to commuting

zone c.

Automation Exposure. Let 7, denote the set of tasks associated with occupation o. To
account for differences in task importance, we use O*NET’s importance scores wys, which we
normalize within occupations so that the weights sum to one.

Using these weights, we define automation exposure for occupation o in commuting zone c as

Autoc _ Z task Z taskv wg?Sk _ Wot : (12)

W A4+
teT, pEP. Zt/en ot

task i5 the normalized O*NET importance weight for task ¢ in occupation o, and Hiy task

where w3
is the patent—task match defined in equation (11). An occupation receives greater automation
exposure when patents assigned to its commuting zone generate more matches with its tasks,

with matches to more important tasks receiving greater weight.

Augmentation Exposure. Let R, denote the set of tools associated with occupation o. Be-
cause O*NET does not provide importance scores for tools, we construct occupation-specific
weights based on how closely each tool relates to the occupation’s tasks. The intuition behind
this approach is straightforward: workers use tools to perform tasks, so a tool that is semanti-
cally closely related to an occupation’s overall task profile is likely to be more relevant to that
occupation.

We first represent occupation o by an importance-weighted average of its task embeddings,

normalized to unit length:

étask ZtGT taSkt
[ e wied ||

7Of the 430 occupations, 416 are assigned directly to O*NET task and tool inventories. For the remaining
14 residual occupation categories without O*NET counterparts, we impute exposure using the average exposure
of directly matched occupations in the corresponding broader occupational category. The construction of the
occupation panel is described in Appendix A.2, while the assignment of O*NET tasks and tools to this panel is
documented in Appendix A.4.

8 Among geographically assigned domestic patents with assignee information, 98.4 percent have a single assignee,
while approximately 14 percent of geographically assigned domestic patents rely on the inventor-location fallback.
Further details on geographic assignment are provided in Appendix A.5.

(13)
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where e/ denotes the JobBERT V2 embedding of task ¢, and e!*** denotes the unit-normalized
importance-weighted task profile of occupation 0. We assign each tool a raw relevance score equal
to its cosine similarity with this task profile, set negative similarities to zero, and normalize the

resulting scores within occupations:

1 S . ) ,aj'tool

~tool __ - tas tool __ or

W, = Iax {0, coS (er , €, )} ; Wop = ﬁ’ (14)
r"ER, W ot

where e/ denotes the JobBERT V2 embedding of tool r, we®! is its raw relevance score for

tool

occupation o, and w

is the corresponding normalized tool weight. For this weighting step,
tasks and tools are embedded in a common JobBERT V2 space so that their cosine similarity
provides a meaningful comparison, while patent—tool matches remain those defined above using
PatentSBERTa.”

Local augmentation exposure is then defined as

tool tool
Aug, = Y wit > H, (15)
TERQ p€73'c

so that occupations receive greater augmentation exposure when patents assigned to their com-
muting zone generate more matches with their tools, with matches to more relevant tools receiving

greater weight.

AI and Non-AI Exposure. We next use the Al classification described in Section 3.1 and
decompose both automation and augmentation exposure into Al and non-Al components. Let
D?I equal one if patent p is classified as Al-related and zero otherwise. Al automation exposure

is defined as

Authl =) " wik > DYHESE, (16)
teTo pEP,

while Al augmentation exposure is defined as

Aughl =) " wieet Y DMH (17)
reRo pEP.

9To assess whether using task information to weight tools mechanically influences the relationship between our
automation and augmentation measures, we construct alternative tool weights based on the similarity between
tool descriptions and occupation-title profiles constructed from O*NET Alternate Titles. The resulting alternative
weights are highly correlated with our preferred task-profile-based weights, and our results are robust to this
alternative weighting procedure; see Appendix Table E.2.
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The corresponding non-Al measures, denoted Au and Aug , are obtained by replacing
D;“I with (1 — Dﬁl). By construction, the untransformed AI and non-Al measures sum to total

exposure within each channel.

Relative AI Exposure. To distinguish the composition of technological exposure from its
overall intensity, we construct relative measures equal to the Al share of total automation or
augmentation exposure:

Aut! Augh!
AutoRcelAI _ oc AugRelAI _ Eoc

N Au‘c?cI + Autol\ICOnAI ’ oc Augf?cI + AugNonAI .

ocC

(18)

By construction, these measures range from zero to one, with higher values indicating a larger
AT share within the corresponding channel. Thus, two occupation—commuting-zone cells may
face the same total amount of automation or augmentation exposure but differ in the share
attributable to Al. Appendix Figures C.2 and C.3 show the spatial distributions of the average

level and relative exposure measures, respectively, across the 741 U.S. commuting zones.

Transformation. The raw level-exposure measures are highly right-skewed and contain many
zeros. We therefore apply the inverse hyperbolic sine (IHS) transformation to all level-exposure
measures, which compresses the upper tail while retaining occupation—commuting-zone cells with
zero exposure. The relative measures in equation (18) are calculated from the untransformed
level measures and are not themselves transformed. Because these measures are defined only for
cells with positive total exposure in the corresponding channel, cells with zero total exposure have

undefined relative Al shares and are omitted from analyses involving the respective measure.

4 Descriptive Patterns of AT Exposure

Before turning to identification and the labor-market analysis, Figure 4 illustrates how Al automa-
tion and augmentation exposure vary across detailed occupations. Panel A reports employment-
weighted occupation averages of the standardized Al exposure measures. Although the automa-
tion and augmentation measures are strongly related, occupations differ in their relative ori-
entation toward the two channels. We illustrate this dispersion around the equality line by
marking occupations with comparatively greater automation exposure in maroon and those with
comparatively greater augmentation exposure in blue. Computer programmers and database ad-
ministrators, for example, exhibit comparatively greater automation exposure, whereas childcare

workers and some managerial and service occupations show greater augmentation exposure.
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Figure 4: Occupation-Level AT Automation and Augmentation Exposure

Notes: Panel A reports employment-weighted occupation averages across commuting zones of the standardized
inverse-hyperbolic-sine-transformed AI automation and augmentation exposure measures constructed from patents
granted during 2005-2021. Panel B reports the corresponding occupation averages of the Al share of total exposure
within each channel. The dashed line denotes equality between the measures shown on the two axes. Maroon
observations lie below the equality line and blue observations lie above it, indicating relatively greater automation
and augmentation exposure, respectively, in Panel A and a relatively larger AI share within the corresponding
channel in Panel B. Occupation labels identify the five observations furthest from the equality line on each side of
each panel. Bubble sizes are proportional to occupations’ national FTE employment shares in 2005-07. The figure
includes all 416 occupations directly assigned to O*NET task and tool inventories and excludes the 14 residual

n.e.c. occupations with imputed exposure measures.

18



Panel B plots the AI share of total automation exposure against the Al share of total aug-
mentation exposure, using the same colors to indicate whether Al accounts for a larger share of
exposure within the automation or augmentation channel. For most occupations, Al represents a
larger share of augmentation exposure than of automation exposure, although the size of this dif-
ference varies considerably across occupations. Sales engineers, purchasing managers, and actors
exhibit substantially larger Al shares within augmentation than automation, whereas computer
and information systems managers and several financial occupations exhibit the opposite pattern.
Appendix Table C.1 provides complementary evidence by listing the ten occupations most highly
exposed under each measure.

These occupation-level averages, however, conceal considerable geographic variation. To
demonstrate this, Table 1 decomposes the employment-weighted variation in each exposure mea-
sure into variation across commuting zones within detailed occupations and variation between
occupation means. For Al automation and augmentation exposure, 85.3 percent of the varia-
tion in automation and 87.9 percent of the variation in augmentation occurs within occupations
across commuting zones. Hence, workers in the same detailed occupation may face substantially
different exposure depending on the innovative activity associated with their local labor market.

Geographic variation also remains important when considering the composition rather than
the overall intensity of technological exposure. Within-occupation variation accounts for 57.9 per-
cent of the variation in relative Al automation exposure and 56.1 percent of the corresponding
variation in relative Al augmentation exposure. Assigning a single national exposure measure to
each occupation would therefore neglect a substantial share of the variation in both the intensity
and Al composition of automating and augmenting technological change. This local variation

motivates the spatial identification strategy introduced in the next section.

Table 1: Within- and Between-Occupation Variation in Al Exposure

Descriptive statistics ‘ Variance decomposition (%) ‘ Sample
Exposure measure Mean SD ‘ Within Between ‘ Observations Occupations CZs
AT automation 4.267 2.665 85.3 14.7 91,595 416 741
AT augmentation 5.165 2.781 87.9 12.1 91,595 416 741
Relative Al automation 0.145 0.142 57.9 42.1 89,183 416 720
Relative Al augmentation 0.190 0.135 56.1 43.9 89,206 416 720

Notes: The table reports employment-weighted descriptive statistics and variance decompositions across
occupation—commuting-zone cells. The within component captures variation across commuting zones within de-
tailed occupations, while the between component captures variation in employment-weighted occupation means.
The two components are reported as percentages of total variance and sum to 100 within each row. Al automation
and augmentation exposure are inverse-hyperbolic-sine transformed but not standardized. Relative Al exposure is
the AI share of total exposure within the corresponding channel and is defined only for cells with positive total
exposure in that channel. The sample includes 416 occupations and excludes the 14 residual n.e.c. occupations
with imputed exposure measures.
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5 Identification Strategy

The key challenge in estimating the labor-market effects of local Al exposure is that this expo-
sure is not randomly assigned. Regions with stronger employment growth, higher productivity, or
more favorable economic conditions may both generate Al-related innovations and adopt Al tech-
nologies more rapidly. Local industrial specialization and workforce characteristics may similarly
influence both the development and adoption of Al technologies and subsequent labor-market
outcomes. Observed relationships between local Al exposure and changes in employment or
wages may therefore reflect underlying economic trends rather than the causal effects of local
AT exposure. This concern is particularly relevant in our setting because Al-related automat-
ing and augmenting innovation is concentrated in economically dynamic areas, such as Silicon
Valley and the Northeast Corridor, and may extend into nearby labor markets through geograph-
ically localized knowledge and technology spillovers. To address these concerns, we develop an
instrumental-variable strategy that exploits the historical geography of breakthrough AI inno-
vations and their subsequent spatial diffusion across U.S. local labor markets. In this strategy,
spatial diffusion refers to the geographic propagation of innovative activity, as reflected in subse-

quent local patenting, rather than to directly observed workplace adoption.

5.1 Spatial Diffusion Instrument

We first identify historical breakthrough patents granted between 1980 and 2000 and distinguish
which of these patents are Al-related.'? To do so, we combine the text-based breakthrough-patent
measure developed by Kelly et al. (2021) with the AI patent classification of Pairolero et al.
(2025). Kelly et al. (2021) characterize breakthrough patents as inventions that are novel relative
to prior innovation but closely related to subsequent technological developments.'! Al patenting
was particularly breakthrough-intensive during this historical window: 59 percent of Al patents
granted between 1980 and 2000 satisfy our breakthrough criterion, compared with 14 percent of
non-Al patents. Further details on the patent data and breakthrough construction are provided

in Appendix A.5. These historical AI breakthroughs substantially predate the recent period

10We use 1980-2000 as our baseline historical window because it provides a broad pre-period for capturing the
geography of frontier AI innovation while ending before the 2005-2021 period used to construct contemporary
exposure. As a stricter temporal robustness check, Appendix Table H.1 reconstructs the instruments using only
breakthrough patents granted during 1980-1990. The resulting estimates preserve the qualitative pattern of the
baseline results, although the estimated effects are larger in magnitude.

"' The measure assigns greater importance to patents that combine low textual similarity to preceding patents
with high similarity to patents granted over the subsequent ten years. Autor et al. (2024) use lagged breakthrough
patents as instruments for subsequent flows of automating and augmenting innovation. Following their implemen-
tation, we classify a patent as a breakthrough if its importance lies in the top decile of the corresponding grant-year
distribution.
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of widespread Al diffusion and adoption. Building on evidence that new technologies spread
gradually from the places where they first emerge (Kalyani et al. 2025), we use the locations of
these historical breakthroughs as the starting points for constructing spatial exposure.!?

Because the patent—task and patent—tool matching procedure described in Section 3 is applied
to the entire patent universe from 1980 to 2021, we can characterize historical Al breakthroughs
according to their automation and augmentation relevance for each occupation. To define spa-
tial proximity, we represent commuting-zone geography as a contiguity network in which ad-
jacent commuting zones are connected and define rings around each focal commuting zone by
shortest-path distance in this network. For every occupation—commuting-zone pair, we aggregate
occupation-specific breakthrough exposure across commuting zones of origin using inverse-ring-
distance weights. Instrumental exposure is therefore greater when historical Al breakthroughs
are more relevant to an occupation’s tasks or tools and originate closer to the focal commuting
zone in the contiguity network.

Our baseline instrument excludes breakthrough patents originating in the focal commuting
zone and the first two surrounding contiguity rings.'® Imposing this buffer reduces the concern
that historical breakthroughs reflect persistent local inventive capacity or shared economic condi-
tions within nearby innovation networks that could independently affect subsequent labor-market
outcomes. Appendix Figure F.2 provides descriptive support for this choice by showing that con-
temporaneous spatial correlation in Al exposure is concentrated at short contiguity-ring distances
and declines sharply with distance within both channels. Appendix Table F.1 shows that his-
torical Al breakthrough exposure continues to predict subsequent local Al exposure far beyond
this buffer, with its predictive content generally declining with geographic distance. These pat-
terns play important but distinct roles in our design: the former motivates the exclusion buffer,
whereas the latter documents the geographic gradient in instrument relevance underlying our
distance-weighting approach.

For occupation o in commuting zone ¢, the instrument for channel k£ € {Aut, Aug} is

kAl 1/dc;
ZEM = " wy BT, w,:j:i/ g (19)
Jide>3 EZ 1/dee
tdeg>3

12WWe use the same USPTO location information and assignment procedure as for our contemporaneous exposure
measures. Patents assigned to locations outside the United States or for which no location can be determined are
excluded; see Appendix A.5 for details.

13Qeven geographically isolated commuting zones—one in Alaska, four in Hawaii, Nantucket County in Mas-
sachusetts, and San Juan County in Washington—have no eligible donors after imposing the two-ring exclusion
buffer and are assigned zero instrumental exposure. Other Alaskan commuting zones retain eligible donors within
their connected networks. Excluding the seven affected commuting zones leaves our results virtually unchanged.
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where BTfj’AI denotes occupation-specific exposure in channel k to historical AI breakthrough
patents originating in commuting zone j. The variable d.; denotes the shortest-path distance
between commuting zones ¢ and j in the contiguity network, measured in rings. Thus, d.; > 3
excludes the focal commuting zone and its first two surrounding rings. For focal commuting zones
with eligible donors, the inverse-ring-distance weights w.; are normalized to sum to one across all
eligible origin commuting zones. Figure 5 illustrates the exclusion buffer and inverse-ring-distance

weighting used to construct the instrument.

[ Focal CZ

Excluded buffer (d < 2)

El Donor CZ, higher weight 1/d (closer)
Donor CZ, lower weight 1/d (farther)

Figure 5: Spatial Construction of the Historical Al Breakthrough Instruments
Notes: The figure illustrates the spatial weighting used to construct the historical instruments from Al breakthrough
patents granted during 1980-2000. Breakthroughs originating in the focal commuting zone or its first two contiguity
rings are excluded. Eligible donor commuting zones at contiguity distance d > 3 receive weights proportional to

1/d, normalized to sum to one across eligible donors, where d is the shortest-path distance in the commuting-zone
contiguity network. Alaska and Hawaii are omitted from the map for visual clarity but remain in the sample.

5.2 Econometric Specification

Using the spatial diffusion instruments developed above, we estimate the following second-stage
specification:

AY,e = BrAutsy) + BoAughe + 6 Auth ™M + S Augh ™M + XLy + A (o) + Eocs (20)

C

where AY,. denotes the long-run change in a labor-market outcome for occupation o in com-
muting zone c. We measure local occupational labor-market outcomes using the ACS, pooling
observations over 2005-07 and 2022-24. We restrict our sample to occupation—commuting-zone
cells with at least ten observations in each period. Outcomes are the log change in FTE em-

ployment, the log change in the wage bill, and the change in mean log hourly wage between the
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two periods. Further details on the sample restrictions and variable construction are provided in
Appendix A.1.

The variables AutfcI and Aug?cI measure local occupational exposure to Al-driven automation

NonAI

tNonAI
oc oc )

and augmentation, respectively. Their non-Al counterparts, Au and Aug are con-
structed analogously using patents not classified as Al-related. The vector X,. contains baseline
controls, including the shares of workers below age 30, above age 55, female, foreign-born, and
employed in manufacturing. In an augmented specification, we additionally control for baseline
college share and occupational routine intensity.'* The term Ac,b(o) denotes commuting-zone-
by-broad-occupation fixed effects, with occupations classified into five broad groups and b(0)
indicating the group to which occupation o belongs.'”

The two endogenous Al exposure measures in equation (20) are jointly instrumented using

the spatial exposure measures constructed from historical Al breakthroughs:

Aut?l = oy ZAWAL L o ZARAL L ! g 4 Aeb(o) + Uoc o)

A

AugOI = 7r21Zf;“t’AI + WQQZ(‘)Acug’AI + Wlocaz + )‘c,b(o) + Voc,

C

where W, = (AutglonAI,AuggconAI,X’OC)/ collects the included non-Al exposure measures and
baseline controls.
To examine whether the composition of technological change matters in addition to its overall

intensity, we estimate

AY,e = B AuEIA + By AughA + 51 Autoe + G2Aug,, + Xboy + Acp(o) + Eocs (22)

tRAL and AugReA denote the AI shares of total automation and aug-

where the variables Au
mentation exposure defined in equation (18). Conditional on total exposure within each channel
(Aut,. and Aug,.), S1 and By capture the effect of shifting the composition of automating and
augmenting innovation toward Al and away from non-Al innovation.

For each channel k € {Aut,Aug}, we apply the same spatial weighting procedure to Al

and non-Al historical breakthroughs and, whenever total historical breakthrough exposure in

channel k is positive, construct the relative instrument as

MFollowing Firpo et al. (2011), we construct a routine-intensity index combining five O*NET Work Context
measures: degree of automation, importance of repeating the same tasks, structured versus unstructured work,
pace determined by the speed of equipment, and time spent making repetitive motions. Appendix A.3 describes
the construction in detail.

5The five broad occupational groups follow the broad groupings of the 2010 Census occupational classification
and aggregate the following two-digit SOC major groups: management, business, science, and arts occupations
(11-29); service occupations (31-39); sales and office occupations (41-43); natural resources, construction, and
maintenance occupations (45-49); and production, transportation, and material moving occupations (51-53).
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The two relative Al exposure measures are jointly instrumented using their corresponding
relative breakthrough-exposure measures. The corresponding first stages include total automation
and augmentation exposure, the baseline controls, and the same fixed effects as equation (22). All
specifications are weighted by 2005-07 FTE employment shares, and standard errors are clustered

at the commuting-zone level.

5.3 Instrument Relevance and Identifying Assumptions

A second identification challenge in our setting is separately identifying the labor-market effects
of Al-driven automation and augmentation. Although conceptually distinct, both channels may
arise from the same locally generated innovations, resulting in a high correlation between the
exposure measures across occupation—commuting-zone pairs (corr = 0.95). Identification there-
fore requires instruments that generate sufficiently distinct variation across the two channels.
Historical Al breakthroughs are particularly useful in this regard because they represent novel
technological advances that reveal early, occupation-specific links between AI technologies and
workers’ tasks and tools. Reassuringly, we find that the corresponding instruments are substan-
tially less correlated (corr = 0.48), as illustrated in Appendix Figure F.3.

More formally, Table 2 shows that the automation instrument has a substantially larger
loading in the automation first stage than in the augmentation first stage, while the augmentation
instrument loads more strongly on augmentation than on automation. Although some cross-
loading is expected because our agnostic measurement strategy described in Section 3 allows the
same innovation to contribute to both channels through independent patent-task and patent—
tool matches, the larger own-channel loadings indicate that the instruments capture distinct
dimensions of Al-related technological change. The Sanderson—Windmeijer statistics indicate
strong conditional first stages for both endogenous exposure measures, while the Kleibergen—
Paap F-statistic indicates strong joint relevance of the excluded instruments. A similar pattern
holds for the relative Al specifications.

The validity of our identification strategy requires that, conditional on the controls and fixed
effects included in the specification, spatial exposure to historical AI breakthroughs does not
affect post-baseline changes in local occupational labor-market outcomes through channels other
than contemporaneous local Al automation and augmentation exposure. Several features of the

empirical design mitigate potential threats to this assumption. First, following the approach of
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Table 2: First-Stage Regressions for Al and Relative Al Exposure

AT exposure

Relative Al exposure

(1) 2 (3) (4)
Automation Augmentation Automation Augmentation
Automation IV 0.327*%* -0.002
(0.009) (0.002)
Augmentation IV 0.117*%* 0.355%**
(0.007) (0.006)
Relative automation IV 8.603*** 0.372%**
(0.304) (0.046)
Relative augmentation TV 1.467%** 11.310***
(0.276) (0.296)
Baseline workforce controls v v v v
Non-AT exposure controls v v
Total exposure controls v v
CZ x broad occupation FE v v v v
SW F-statistic 1494.65 3575.49 1412.10 1757.03
KP F-statistic 711.01 463.04
Observations 93,026 93,026 89,001 89,001

Notes: The table reports first-stage regressions from the preferred 2SLS specifications. Columns (1)—(2) use stan-
dardized Al automation and augmentation exposure, while columns (3)—(4) use standardized relative Al exposure,
defined as the Al share of total exposure within each channel. The relative specifications use the common sample
for which both relative exposure measures and instruments are defined, requiring positive total local and historical
breakthrough exposure in both channels. Excluded instruments are distance-weighted AI breakthrough exposure
constructed outside the two-ring exclusion buffer; relative instruments are the corresponding Al shares. All spec-
ifications are weighted by 2005-07 FTE employment shares. Sanderson—Windmeijer statistics assess conditional
first-stage strength for each endogenous exposure, while the Kleibergen-Paap F'-statistic summarizes the joint

strength of the excluded instruments. Standard errors are clustered by commuting zone. ***, ** and * indicate

significance at the 1, 5, and 10 percent levels.

Autor et al. (2024), we construct the instruments exclusively from breakthrough patents rather
than from the broader flow of Al patenting activity. These Al breakthrough patents were granted
between 1980 and 2000 and therefore predate the outcome period and substantially predate the
recent widespread adoption of Al technologies. Second, excluding breakthroughs originating in
the focal commuting zone and its first two surrounding rings reduces the influence of persistent
local and neighboring economic conditions associated with historical innovative activity. Third,
we condition on baseline workforce characteristics, commuting-zone-by-broad-occupation fixed ef-
fects, and technological-exposure controls—non-Al automation and augmentation exposure in the
baseline specifications and total exposure within each channel in the relative Al specifications—to
account for broader patterns of automating and augmenting technological change.

We complement our design features with a broad set of robustness checks that vary the in-
strument construction, including larger exclusion buffers, alternative distance-weighting schemes,
more narrowly defined sets of donor rings, an earlier breakthrough window, and the exclusion of

major Al innovation hubs from the donor set, as documented in Appendices G and H.
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6 Main Results

6.1 Effects of ATl Automation and Augmentation

Table 3 presents the baseline 2SLS estimates of the effects of Al automation and augmentation
exposure on three labor-market outcomes. The unit of observation is an occupation—commuting-
zone cell, and the dependent variables are the log changes in the wage bill and FTE employment
and the change in mean log hourly wage between 2005-07 and 2022-24. The THS-transformed
AT exposure measures are standardized within the common estimation sample, so that the re-
ported coefficients capture the effect of a one-standard-deviation increase in exposure on the
corresponding outcome. Columns (1)—(4) progressively introduce more demanding geographic
and occupational fixed effects. Our preferred specification is reported in column (4), while col-
umn (5) additionally controls for baseline college share and routine intensity.'6

The results reveal a clear contrast between Al automation and augmentation. Across all spec-
ifications, greater Al automation exposure is estimated to substantially reduce both wage bills
and employment. In our preferred specification, a one-standard-deviation increase in Al automa-
tion exposure implies a reduction in the wage bill of 0.248 log points, equivalent to approximately
22 percent, and a reduction in employment of 0.231 log points (21 percent). The estimated effect
on hourly wages is small and statistically insignificant. By contrast, a one-standard-deviation
increase in Al augmentation exposure implies a 0.145-log-point rise in the wage bill (16 percent),
reflecting gains of 0.079 log points in hourly wages (8 percent) and 0.067 log points in employment
(7 percent). The estimated employment effect becomes smaller and statistically insignificant after
controlling for baseline college share and occupational routine intensity in column (5), whereas
the estimated wage effect is more robust across specifications, remaining positive and statistically
significant throughout.

The finding that the decline in wage bills from Al automation primarily reflects employment
losses rather than wage adjustments is consistent with the displacement effect of automation
dominating any countervailing scale response, as described in Section 2. The corresponding
hourly-wage response is less clear: the estimated effect is small, statistically insignificant in
our preferred specification, and varies in sign across specifications. The muted average wage
response may reflect heterogeneous effects across occupations that partly offset one another.

This interpretation is consistent with recent evidence from Autor and Thompson (2025), which

16We treat baseline college share and routine intensity separately from the other controls because they capture
dimensions of skill composition and task structure along which technological change may affect occupational labor
demand heterogeneously. We consequently treat column (5) as a sensitivity check.
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Table 3: Effects of AT Automation and Augmentation on Local Labor Markets

(1) (2) (3) (4) (5)

Panel A: Wage bill change

AT Automation -0.154%** -0.155%** -0.248*** -0.248*** -0.099***
(0.033) (0.028) (0.021) (0.019) (0.021)

AT Augmentation 0.165%** 0.223%%* 0.163%** 0.145%** 0.0917%**
(0.048) (0.047) (0.027) (0.026) (0.024)

Panel B: Employment change

Al Automation -0.151%** -0.139%** -0.230%** -0.2317%** -0.132%**
(0.028) (0.024) (0.018) (0.016) (0.018)

AT Augmentation 0.133%** 0.147*%* 0.084*** 0.067*%* 0.030
(0.039) (0.038) (0.021) (0.020) (0.019)

Panel C: Hourly wage change

Al Automation -0.009 -0.018** -0.013 -0.011 0.014*
(0.008) (0.007) (0.008) (0.007) (0.008)

AT Augmentation 0.035%** 0.068*** 0.082*** 0.079%** 0.071%%*
(0.013) (0.012) (0.010) (0.010) (0.010)

State FE v

CZ FE v v

Broad occupation FE v

CZ x broad occupation FE v v

College share v

Routine intensity v

KP F-statistic 486.04 623.53 551.09 711.01 719.79

Observations 93,026 93,026 93,026 93,026 93,026

Notes: The table reports 2SLS estimates for occupation—commuting-zone cells using the common estimation sample
of column (5). The dependent variables are log changes in wage bills and FTE employment and changes in average
log hourly wages between 2005-07 and 2022—24. Al automation and augmentation exposure are inverse-hyperbolic-
sine transformed and standardized within this sample. They are instrumented using the corresponding distance-
weighted exposure measures constructed from Al breakthrough patents granted during 1980-2000 outside the two-
ring exclusion buffer. All specifications control for non-Al automation and augmentation exposure and baseline
workforce characteristics (shares below age 30, above age 55, female, foreign-born, and employed in manufacturing).
Estimates are weighted by 2005-07 FTE employment shares, and standard errors clustered by commuting zone are
reported in parentheses. The Kleibergen—Paap F'-statistic is the cluster-robust weak-identification statistic for the

sokok skok

excluded instruments. , ™™, and * indicate significance at the 1, 5, and 10 percent levels.

emphasizes that automation may raise or lower wages depending on how it changes the expertise
required for tasks that workers continue to perform.

The results for AT augmentation point to a different pattern of adjustment. Whereas Autor et
al. (2024) find that their output-based measure of augmentation predicts wage-bill growth almost
entirely through employment gains, our tool-based measure yields a substantial positive effect on
average hourly wages. This wage response is consistent with the productivity-enhancing role of
tool augmentation emphasized in Section 2, although our estimates do not identify productivity
directly.

The qualitative contrast between Al automation and augmentation, most clearly along the

automation—employment and augmentation—wage margins, remains evident across a range of
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measurement choices and instrument constructions.'” These include alternative patent-task and
patent—tool matching thresholds, job-title-profile-based tool weights instead of task-profile-based
weights, the use of a general-purpose MPNet language model, and the alternative instrument
constructions outlined in Section 5. The corresponding results and additional discussion are

reported in the Appendix.

6.2 Effects Across Time Periods

The baseline estimates average technological exposure and labor-market adjustment over a period
in which AI capabilities and innovative activity changed substantially. To examine whether the
effects of automation and augmentation differ across this period, we split contemporary exposure
into an early window, 2005-2013, and a late window, 2014—2021, and relate these measures
to labor-market changes from 2005-07 to 2014-16 and from 2014-16 to 2022-24, respectively.
Because the two outcome windows differ in length, outcome changes are decadalized, while the
AT exposure measures are standardized within each period. Table 4 reports the resulting 2SLS
estimates together with p-values for tests of whether the early- and late-period coefficients differ.

The results show that the contrast between the effects of automation and augmentation be-
comes clearly more pronounced in the later period. Al automation reduces employment in both
periods, but the negative effect increases in magnitude from —0.098 to —0.158 log points, while the
negative wage-bill effect more than doubles from —0.078 to —0.195 log points. The hourly-wage
response also changes markedly, from 0.031 log points in the early period to —0.042 log points
in the later period. This sign reversal indicates that the wage consequences of Al automation
became substantially less favorable in the later period.

For augmentation, the pattern moves in the opposite direction. In the early period, Al
augmentation raises hourly wages by 0.029 log points but has little effect on employment or the
wage bill. In the later period, by contrast, it raises employment by 0.089 log points and hourly
wages by 0.061 log points, producing a substantially larger wage-bill effect of 0.141 log points.
The stronger estimated augmentation effects in the later period point to Al-driven augmentation
as a potentially important countervailing force to the employment losses associated with Al
automation. These temporal differences are supported by the equality tests, which reject equality
of the early- and late-period coefficients for the wage-bill and employment effects of both channels

and for the hourly-wage effect of automation, while the difference in augmentation’s hourly-wage

1"We additionally examine the sensitivity of statistical inference to alternative forms of residual dependence.
Conley spatial-HAC standard errors are similar to the baseline commuting-zone-clustered standard errors, while
statistical precision is substantially reduced under more conservative two-way clustering by commuting zone and
detailed occupation; see Appendix Table F.3.
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Table 4: Effects of AI Automation and Augmentation Across Time Periods

Early period Late period Equality test
(1) (2) p-value

Exposure window 20052013 2014-2021

Outcome window 200507 to 2014-16 2014-16 to 2022—24

Panel A: Decadalized wage bill change

AT Automation -0.078%** -0.195%** < 0.001
(0.016) (0.020)

AT Augmentation 0.029 0.141%%* 0.002
(0.021) (0.025)

Panel B: Decadalized employment change

AT Automation -0.098*** -0.158*** 0.029
(0.015) (0.018)

AT Augmentation -0.007 0.089%** 0.002
(0.018) (0.020)

Panel C: Decadalized hourly wage change

AT Automation 0.031%** -0.042%** < 0.001
(0.006) (0.008)

AT Augmentation 0.029%** 0.061*** 0.058
(0.009) (0.012)

KP F-statistic 492.95 527.45

Observations 86,510 86,510

Notes: Columns (1) and (2) report separate 2SLS estimates for the early and late exposure
and outcome windows shown above. The dependent variables are log changes in wage bills and
FTE employment and changes in average log hourly wages. Outcomes are decadalized by mul-
tiplying the early-period changes by 10/9 and the late-period changes by 10/8. Al automation
and augmentation exposure are inverse-hyperbolic-sine transformed and standardized separately
within each period. The exposure measures are instrumented using the corresponding historical-
breakthrough instruments constructed from AI breakthrough patents granted during 1980-2000
outside the two-ring exclusion buffer. Both specifications control for period-specific non-Al au-
tomation and augmentation exposure and starting-period workforce characteristics (shares below
age 30, above age 55, female, foreign-born, and employed in manufacturing), include commuting-
zone-by-broad-occupation fixed effects, and use the same balanced sample and 2005-07 FTE
employment-share weights. Standard errors clustered by commuting zone are reported in paren-
theses. The final column reports p-values from stacked tests of equality between the early- and
late-period coefficients, allowing instruments, controls, and fixed effects to vary by period. The
Kleibergen—Paap F'-statistic is the cluster-robust weak-identification statistic for the excluded
instruments. ***, ** and * indicate significance at the 1, 5, and 10 percent levels.

effect is significant only at the 10 percent level.

6.3 Relative AI Automation and Augmentation Effects

We next ask whether the technological composition within the two channels matters. In other
words, does shifting automation or augmentation exposure toward Al and away from non-Al inno-
vation alter the labor-market effects associated with those channels? This question is increasingly
important because Al has become a rapidly growing component of technological change, as il-

lustrated in Appendix Figure F.1. To answer it, we estimate equation (22) using the relative

29



AT exposure measures constructed in Section 3.3, which capture the Al share of total exposure
within each channel, while controlling for total automation and augmentation exposure.

The preferred 2SLS estimates in column (4) of Table 5 suggest that increasing the Al share
of automation exposure has adverse effects on both wage-bill and employment growth. A one-
standard-deviation increase in relative Al automation exposure is associated with reductions of
0.030 log points in the wage bill, equivalent to approximately 3.0 percent, and 0.027 log points
in employment (2.7 percent). The estimated effect on hourly wages is considerably smaller but
positive, at 0.005 log points (0.5 percent). When baseline college share and routine intensity are
added in column (5), the negative employment and wage-bill effects are substantially attenuated,
whereas the positive hourly-wage effect becomes larger and more precisely estimated.

For augmentation, the positive but small and statistically insignificant wage-bill effect in
column (4) conceals sizable and precisely estimated adjustments along the employment and wage
margins. Conditional on overall augmentation exposure, a one-standard-deviation increase in
relative Al augmentation exposure reduces employment by 0.027 log points (2.7 percent) while
simultaneously raising hourly wages by 0.030 log points (3.0 percent). These opposing responses
largely offset one another in the wage bill.

The findings presented in Table 5 therefore suggest that AI sharpens distinct dimensions
of the labor-market consequences of the two channels, strengthening the employment-displacing
effect of automation while shifting the effects of augmentation away from employment growth and
toward wage gains. Direct comparisons of Al and non-Al level-exposure measures yield similar
qualitative patterns, as shown in Appendix Table E.3. Taken together, this wage-oriented shift
through the augmentation channel combined with stronger employment displacement through Al-
related automation echoes recent concerns that AI may reinforce the labor-displacing direction of
technological change in the twenty-first century (Acemoglu and Restrepo 2020; Acemoglu 2021;
Acemoglu et al. 2026).

Finally, we examine whether the effects of relative Al exposure vary systematically with the
skill composition and task structure of occupation—commuting-zone cells. To do so, we build
on the 2SLS specification reported in column (5) of Table 5 and separately interact the relative
ATl automation and augmentation measures with baseline college share and occupational routine
intensity.'® We then plot the resulting marginal effects evaluated at selected percentiles of each

characteristic’s distribution. Panel A of Figure 6 shows modest positive estimated effects of

¥We instrument these interaction terms using the corresponding interactions between the relative historical-
breakthrough instruments and the respective characteristic. We also interact total automation and augmentation
exposure with that characteristic, allowing the effects of overall exposure to vary along the same dimension.
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Table 5: Effects of Relative Al Automation and Augmentation on Local Labor Markets

(1) (2) (3) (4) (5)

Panel A: Wage bill change

Relative AT Automation -0.011 -0.006 -0.029*** -0.030*** 0.005
(0.014) (0.012) (0.008) (0.008) (0.009)

Relative Al Augmentation 0.003 0.025%* 0.016** 0.009 0.005
(0.008) (0.010) (0.008) (0.007) (0.008)

Panel B: Employment change

Relative AT Automation -0.000 0.000 -0.025%** -0.027%** -0.004
(0.013) (0.012) (0.009) (0.008) (0.009)

Relative AT Augmentation -0.022+** -0.010 -0.021%** -0.027%** -0.028***
(0.007) (0.009) (0.007) (0.007) (0.008)

Panel C: Hourly wage change

Relative AT Automation -0.002 0.002 0.005* 0.005* 0.013%**
(0.003) (0.003) (0.003) (0.003) (0.003)

Relative AT Augmentation 0.017%** 0.025%** 0.032*** 0.030%** 0.028%**
(0.003) (0.004) (0.004) (0.004) (0.003)

State FE v

CZ FE v v

Broad occupation FE v

CZ x broad occupation FE v v

College share v

Routine intensity v

KP F-statistic 379.22 481.74 486.33 463.04 424.84

Observations 89,001 89,001 89,001 89,001 89,001

Notes: The table reports 2SLS estimates for occupation—commuting-zone cells using the common estimation
sample of column (5). The dependent variables are log changes in wage bills and FTE employment and changes
in average log hourly wages between 2005—-07 and 2022—24. Relative Al automation and augmentation exposure
are defined as the AI share of total exposure within each channel and standardized within this sample. They are
instrumented using the corresponding Al shares of distance-weighted historical-breakthrough exposure constructed
from patents granted during 1980-2000 outside the two-ring exclusion buffer. The estimation sample requires
positive total contemporary and historical-breakthrough exposure in both channels. All specifications control for
total automation and augmentation exposure and baseline workforce characteristics (shares below age 30, above age
55, female, foreign-born, and employed in manufacturing). Estimates are weighted by 2005-07 FTE employment
shares, and standard errors clustered by commuting zone are reported in parentheses. The Kleibergen—Paap F-

statistic is the cluster-robust weak-identification statistic for the excluded instruments. , ™", and * indicate
significance at the 1, 5, and 10 percent levels.

relative Al automation exposure on employment, hourly-wage, and wage-bill growth at the lower
end of the college-share distribution. These effects decline steadily as college share rises, with the
employment and wage-bill effects turning negative toward the upper end of the distribution. This
gradient suggests that shifting the composition of automating innovation from non-Al toward Al
may be particularly labor-displacing for more highly educated workforces.

Panel B shows the opposite gradient across the college-share distribution, revealing substan-
tial heterogeneity behind the offsetting average hourly-wage and employment effects reported in
Table 5. Across the lower and middle parts of the college-share distribution, shifting augmenta-

tion exposure toward Al substantially dampens employment and wage-bill growth but produces
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Figure 6: Marginal Effects of Relative Al Exposure across the College-Share and
Routine-Intensity Distributions

Notes: The figure reports 2SLS marginal effects of a one-standard-deviation increase in relative Al automation and
augmentation exposure, evaluated from the 5th through the 95th percentiles of baseline college share (Panels A
and B) and occupational routine intensity (Panels C and D). The three series show effects on the log changes in
the wage bill and FTE employment and the change in mean log hourly wage. Both relative Al exposure mea-
sures and their interactions with the respective characteristic are instrumented using the corresponding relative
historical-breakthrough exposure measures and their interactions with that characteristic. All specifications con-
trol for baseline college share, occupational routine intensity, total automation and augmentation exposure, the
interactions of both total-exposure measures with the respective characteristic, baseline workforce characteristics
(shares below age 30, above age 55, female, foreign-born, and employed in manufacturing), and commuting-zone-
by-broad-occupation fixed effects. Percentile cutoffs are calculated using 2005-07 FTE employment-share weights,
which are also used in the regressions. The Kleibergen—Paap F'-statistics are 55.6 for the college-share specification
and 80.5 for the routine-intensity specification. Standard errors are clustered by commuting zone, and shaded
bands denote 95 percent confidence intervals.

effectively no additional hourly-wage growth. As the college share rises, however, the estimated ef-
fects on employment and wage-bill growth eventually turn positive, while the wage effect becomes
noticeably larger at the top of the distribution. This pattern is consistent with Al-enabled tools
being more complementary to expertise and judgment in occupation—commuting-zone cells with
more highly educated workforces. Taken together, Panels A and B show that both the adverse

and favorable effects of shifting the innovation mix toward AI are unevenly distributed. Conse-
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quently, the overall skill gradient of AI’s labor-market effects depends on the relative strength of
the automation and augmentation channels.

Panels C and D show the routine-intensity gradients of relative Al automation and augmen-
tation exposure, respectively. The estimated employment and wage-bill effects of both channels
become more negative as routine intensity rises, although this pattern is more pronounced for
automation. The hourly-wage effect of relative Al automation moves in the opposite direction, be-
coming increasingly positive with routine intensity. For relative Al augmentation, all three effects
decline as routine intensity rises, although the hourly-wage effect remains positive throughout.
These results indicate that, in routine-intensive occupations, the positive wage effects of a higher
Al share do not offset weaker employment growth. Overall, Figure 6 highlights that the labor-
market consequences of Al are not only channel-specific but also vary strongly with workforce

skill composition and occupational routine intensity.

7 Conclusion

This paper develops an empirical framework for studying how AI reshapes labor markets by
distinguishing innovations that automate workers’ tasks from those that augment their produc-
tive capabilities by improving the tools they use. Using transformer-based language models, we
link text from geolocated U.S. patents to occupational task and tool descriptions and construct
occupation—commuting-zone measures of exposure to both channels. We then exploit variation in
contemporary local Al exposure predicted by the spatial diffusion of historical AI breakthroughs
to estimate their effects on employment, hourly wages, and wage bills.

Consistent with task-based theory, the results reveal a clear contrast between the two channels.
AT automation reduces employment and wage-bill growth, whereas Al augmentation increases
wage bills, primarily through higher wages but more recently also through employment gains.
These channel-specific effects become more pronounced over time and are robust across several
alternative exposure measures and instrument constructions.

Our results further highlight that AT changes the strength and form of these two channels. As
the AI share of automating innovation rises, the labor-displacing effects of automation become
stronger. Within augmentation, by contrast, a higher AI share shifts adjustment away from
employment growth and toward wage gains. These compositional effects are highly heterogeneous:
when innovation shifts toward Al, more educated local workforces experience larger losses through
automation but greater gains through augmentation, while routine-intensive occupations tend to

fare worse, particularly through the automation channel.
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Three limitations define the scope of our analysis. First, our measures capture exposure to
locally assigned patented innovations rather than realized workplace adoption. Assignee locations
provide a natural geographic anchor for where patented innovations originate, although the same
technology may ultimately be implemented differently across workplaces. Our measures also
necessarily focus on patented innovation and therefore do not capture other forms of Al diffusion,
including imported, open-source, or off-the-shelf technologies. Second, our exposure measures
cover innovations patented between 2005 and 2021. The analysis therefore does not fully capture
the recent diffusion of generative Al, and the magnitude and distribution of these effects may
evolve as Al technologies continue to develop and spread. Third, our design identifies local rather
than aggregate national labor-market effects. Accordingly, whether these local employment and
wage effects aggregate nationally or are offset by adjustment across occupations and regions
remains an important question beyond the scope of our design.

Our study points to a clear conclusion: Al does not have a single labor-market effect. Al that
automates workers’ tasks reduces employment and wage-bill growth, whereas Al that improves
the tools workers use raises hourly wages and can increase employment. Which force dominates
will depend on the direction, diffusion, and adoption of future Al innovation. The automation—
augmentation distinction may therefore become increasingly important as Al accounts for a larger
share of technological change and appears to affect workers differently from non-Al innovation

within both channels.
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A Data Appendix

A.1 ACS Microdata

To analyze wage and employment changes at the occupation—commuting-zone level, sufficiently
large cell sizes are required. We therefore pool American Community Survey (ACS) microdata
from 2005-2007, 2014-2016, and 2022-2024, obtained from IPUMS (Ruggles et al. 2025). The
underlying sample consists of employed individuals aged 18-64 years, excluding individuals resid-
ing in institutional group quarters, such as prisons and mental institutions, workers in military

occupations, and unpaid family workers.

Commuting Zone Assignment. We assign each individual to one of the 741 commuting
zones in the United States using the commuting zone classification developed by Tolbert and Sizer
(1996). Because Census and ACS microdata identify individuals only at the Public Use Microdata
Area (PUMA) level, we combine PUMAs with the widely used PUMA-to-CZ crosswalk provided
by Dorn (2009). When a PUMA overlaps multiple commuting zones, we replicate observations
across the relevant commuting zones and scale their sampling weights according to the share
of the PUMA population residing in each commuting zone. The resulting weights sum to the

original ACS sampling weight.

Weight Adjustments. We divide the ACS person sampling weights by three to account for
pooling three survey years within each period. We then construct labor-supply weights by mul-
tiplying the adjusted person weights by annual hours worked, calculated as the product of weeks
worked during the previous year and usual weekly hours worked. Individuals reporting zero weeks
worked are assigned missing labor-supply weights and are therefore excluded from calculations

using these weights.

Occupation—Commuting-Zone Cells. To ensure reliable estimates of employment and wage
changes, we retain only occupation—commuting-zone cells containing at least ten observations in
both the 2005-2007 and 2022-2024 periods used in the long-run analysis. This restriction removes
199,283 of the 296,938 occupation—commuting-zone cells (67.1 percent), but only 2.44 million of
the 21.04 million individuals in the underlying sample (11.6 percent). Despite the exclusion of a
noticeable number of small cells, all 430 occupations in the occ2010fr occupation panel remain
represented in the final long-run estimation sample. In unreported robustness checks, increasing

the minimum cell size to 20 or 30 leaves the main findings intact.

Employment, Wages, and Wage Bills. Our main outcome variables are changes in employ-
ment, hourly wages, and wage bills at the occupation—-commuting-zone level between 2005-07
and 2022-24. Employment is measured in full-time-equivalent (FTE) workers to account for
changes in both employment and hours. For each worker, annual hours are calculated as weeks

worked multiplied by usual weekly hours. Following Autor et al. (2024), we construct occupation—
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commuting-zone FTE employment by summing individual annual hours using the adjusted ACS
person sampling weights and dividing the resulting total by 35 hours per week and 50 weeks
per year. Occupation—commuting-zone wage bills are constructed by aggregating workers’ annual
labor earnings, measured in 2010 CPI-adjusted dollars, using the adjusted person weights. Indi-
vidual hourly wages are calculated by dividing annual labor earnings by annual hours worked and
are winsorized at the 1st and 99th percentiles separately for each period to limit the influence
of outliers. Average log hourly wages within occupation—commuting-zone cells are constructed
using the labor-supply weights described above. The empirical analysis is based on log changes

in employment and wage bills and changes in average log hourly wages.

A.2 Occupation Panel Construction

The analysis uses the balanced occupation panel, occ2010fr, introduced in Roncone (2026), which
consists of 430 occupations that can be consistently tracked across Census and ACS occupation
classifications from 2000 onward. The panel was constructed to preserve occupational granularity
while maintaining a stable occupation structure over time. Relative to the widely used balanced
occupation panel developed by Dorn (2009), the occ2010fr panel preserves approximately 30 per-
cent more occupation categories. The additional detail is particularly valuable for technology-
and knowledge-intensive occupations, which are represented by a larger and more differentiated
set of occupation categories in post-2000 classifications.

The panel was constructed by combining Census and IPUMS occupation crosswalks with of-
ficial occupation conversion rates (Beckhusen 2020). For occupation splits and newly emerging
occupations, mappings follow the largest employment-weighted conversion rate when the corre-
sponding share exceeds 80 percent; otherwise, a broader occupation category is constructed to
preserve consistency across classification systems. Occupation mergers are mapped using the
official conversion rates. Residual occupations classified as “not elsewhere classified” (n.e.c.) are
grouped within broader 2-digit or 3-digit occupation categories when a consistent assignment to

more detailed occupations is not possible across classification systems.

A.3 Occupational Routine Intensity

Following Firpo et al. (2011), we construct an occupation-level routine-intensity index using five
O*NET version 16.0 Work Context measures: degree of automation, importance of repeating the
same tasks, structured versus unstructured work, pace determined by the speed of equipment, and
time spent making repetitive motions. We map these measures to the occ2010fr panel using the
same occupational crosswalk used to assign O*NET tasks and tools. Each component is min—max
normalized to range from 0 to 10 across the 430 panel occupations, with the structured-versus-
unstructured-work measure reversed so that higher values indicate more structured work. We
take the unweighted mean of the five components and rescale the resulting index to range from
0 to 10, with higher values indicating greater routine intensity. The resulting occupation-level

value is assigned to every corresponding occupation—commuting-zone cell.

39



A.4 Assignment of O*NET Tasks and Tools

Occupational tasks are obtained from the O*NET Task Ratings database, while occupational
tools are obtained from the O*NET Tools Used database. We use O*NET version 25.0 as the
fixed reference inventory. The Tools Used inventory covers a broad range of productive equipment,
machinery, instruments, and computing devices across occupations, including desktop computers,
drainage pumps, hammers, and viscometers. O*NET also provides a separate Technology Skills
inventory, which primarily records named software packages, programming languages, and digital
applications associated with each occupation. We exclude this inventory because our framework
defines augmentation through the tools workers use rather than through their technology-related
skill requirements. Including it could blur this distinction and cause the augmentation measure

to partly capture pre-existing differences in occupational digital specialization.

Dealing with Newly Introduced O*NET Occupations. Some detailed occupations in
O*NET version 25.0 were introduced only after the beginning of our AI exposure period. These
additions may reflect either genuinely emerging occupations or changes in the taxonomy that
recognize occupations and specializations that previously existed but were not separately classi-
fied. Because these cases cannot be consistently distinguished, including all later additions could
make measured exposure partly dependent on subsequent changes in the O*NET taxonomy. To
reduce this influence, we retain version 25.0 task and tool records only for occupations that can
be linked to occupations already present in version 16.0, approximately a decade earlier. The

resulting task and tool inventories draw on more than 850 detailed O*NET occupations.

Aggregating Multiple O*NET Occupations. Although the 8-digit O*NET occupation
codes are more granular than the occupation categories used in the ACS, the two systems can
be linked through the Standard Occupational Classification (SOC) framework. To translate the
O*NET task and tool inventories to our occ2010fr occupation panel, we aggregate information
across matched O*NET occupations. Whenever O*NET decomposes a 6-digit occupation into
multiple specialized 8-digit categories, we combine the task and tool descriptions from these spe-
cialized categories with those of the corresponding broader 6-digit occupation to retain as much

information as possible.

Task and Tool Weighting. To account for differences in the relative importance of tasks
within occupations, we use the task importance ratings provided in O*NET version 25.0. These
ratings are measured on a five-point scale ranging from 1 (not important) to 5 (extremely im-
portant). Although O*NET tasks are generally occupation-specific, duplicate tasks can arise
when closely related O*NET occupations are aggregated into the same occupation in our panel.
In these cases, we collapse duplicate task descriptions into a single task and average the con-
tributing importance ratings. We then normalize the resulting task importance ratings within
each panel occupation so that the weights sum to one, thereby accounting for differences across

occupations in the number of recorded tasks.
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As O*NET does not provide analogous importance ratings for tools, we construct occupation-
specific tool weights by measuring the semantic similarity between each O*NET tool description
and the unit-normalized, importance-weighted task profile of the corresponding occupation, con-
structed using these task weights. We calculate these similarities using JobBERT V2, a language
model trained specifically on job- and skill-related text, set negative similarities to zero, and
normalize the resulting scores across tools within each occupation so that the weights sum to
one. In an alternative construction, we replace the task profile with a profile based on each oc-
cupation’s O*NET Alternate Titles and measure the semantic similarity between this title-based
representation and its tools. This alternative addresses the concern that using task information
to weight tools may mechanically alter the relationship between our task-automation and tool-
augmentation measures. Although both weighting schemes yield nearly identical estimates, we

prefer the task-profile weighting scheme because its economic rationale is more direct.

Dealing with Residual Occupation Categories. We distinguish between two types of resid-
ual occupations in our panel. First, some residual occupations (“other”) can be directly matched
to residual O*NET occupations and therefore inherit the corresponding task and tool descrip-
tions. Second, some residual occupation categories (“n.e.c.”) either do not correspond to any
O*NET occupation retained in our inventory or can be matched only to a single 8-digit O*NET
occupation that is unlikely to be representative of the broader residual category. In these cases,
we do not assign tasks and tools directly. Instead, after constructing the automation and aug-
mentation exposure measures for all 416 occupations with valid O*NET matches, we impute the
corresponding measures for the 14 remaining residual occupations within each commuting zone
using the unweighted mean across directly matched occupations in the corresponding broader

occupational category.

Resulting Task and Tool Inventories. After mapping O*NET version 25.0 to the occ2010fr
occupation panel, the resulting inventories for occupations with valid O*NET matches contain ap-
proximately 16,100 distinct task descriptions and 17,300 distinct tool examples. Directly matched
occupations are assigned, on average, 39 tasks (range: 6-264) and 80 tools (range: 3-676). In
contrast to tasks, individual tools are often shared across a much broader range of occupations.
For example, whereas jet guns are assigned only to pumping station operators, desktop com-
puters appear in more than 250 occupations in our panel. The semantic weighting procedure
described above allows the relevance of the same tool to vary across occupations by assigning
occupation-specific weights. As a result, desktop computers receive the highest semantic weight
among the tools assigned to financial analysts but rank 217th out of 232 tools for printing press
operators. For illustration, Table A.1 reports the five highest-ranked tasks and tools for four

selected occupations.
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Table A.1: Examples of Top Tasks and Tools for Selected Detailed Occupations

A. Lodging Managers (340)

Top 5 Tasks Top 5 Tools
1. Answer inquiries on hotel policies and services, and resolve guest 1. Cash registers
complaints. 2. Credit card processing ma-
2. Set room rates, establish budgets, and allocate departmental chines

funds.

3. Coordinate hotel activities with other managers.

Greet and register guests.

5. Monitor hotel revenue.

3. Multi-line telephone systems

10-key calculators

5. Private automatic branch ex-

change (PABX) systems

B. Aerospace Engineers (1320)

Top 5 Tasks Top 5 Tools
1. Develop mathematical models for engineering design. 1. Impinging jet apparatus
2. Conduct experimental and stress tests on aircraft and aerospace 2. Spectrometers
systems. 3. Axial flow turbines
3. Develop conceptual designs for aircraft and aerospace systems. 4. Flight management systems
4. Investigate and resolve technical problems with aircraft and (FMS)
aerospace vehicles. 5. Propellant combustion cham-
5. Prepare technical reports and documentation for engineering staff bers
and customers.
C. Personal and Home Care Aides (4610)
Top 5 Tasks Top 5 Tools
1. Provide bedside and personal care, including mobility and hy- 1. Wheelchairs
giene assistance. 9 Walkers
2. Maintain client records and report changes in client condition. 3. Tablet computers
3. Monitor vital signs and administer healthcare tasks under clinical 4. Back braces
supervision.
. . . . 5. Shower chairs
4. Participate in case reviews to evaluate client needs and plan on-
going care.
5. Provide personal care and companionship during recovery or fam-
ily disruption.
D. Tire Builders (8940)
Top 5 Tasks Top 5 Tools
1. Place tires into molds for new tread. 1. Tire stitchers
2. Fit inner tubes and final layers of rubber onto tires. 2. Curing presses
3. Buff tires according to specifications for width and undertread 3. Tire band building machines
depth. 4. Rubber slab cutters
4. Build rubber treads onto tire casings for vulcanization. 5. Tire building drums

5. Apply solvents to tire plies to ensure adhesion and strengthen

tires.

Notes: The table reports the five highest-ranked tasks and tools for selected occupations after mapping O*NET
version 25.0 to the occ2010fr occupation panel. Tasks are ranked according to normalized O*NET importance
weights. Tools are ranked according to the baseline task-profile weights described in the text. The corresponding
weights are omitted for brevity. Task descriptions are abbreviated for presentation.
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A.5 Patent Data

We construct the patent-level dataset from USPTO PatentsView records.!? Starting from the full
set of granted patents, we retain utility patents granted between 1980 and 2021, exclude reissue
and withdrawn patents, and merge patent titles and abstracts using the patent identifier. We
remove all patents without an abstract. This restriction affects only 796 patents and therefore
represents a negligible share of the underlying patent universe. The resulting patent-level dataset
contains unique patent identifiers and complete title and abstract information for all retained
observations.

Next, we merge the cleaned patent records to the Artificial Intelligence Patent Dataset 2023
(AIPD 2023) using the patent identifier (Pairolero et al. 2025). Our baseline indicator classifies
a patent as Al-related if its predicted probability for at least one of eight Al functions is at least
86 percent: machine learning, evolutionary computation, natural language processing, speech,
computer vision, knowledge processing, Al hardware, and planning and decision systems. The
component classifications are not mutually exclusive, so a patent may satisfy the 86-percent
threshold for more than one Al component.

We additionally merge the patent records to the breakthrough measures of Kelly et al. (2021)
using the same patent identifier. Our baseline breakthrough indicator is based on their residual
forward-similarity measure, which identifies patents that are relatively dissimilar to preceding
inventions but closely related to patents granted over the subsequent ten years. Following Autor
et al. (2024), we classify patents in the top decile of the corresponding grant-year distribution
as breakthroughs. In the empirical analysis, Al breakthrough patents granted between 1980 and
2000 are used to construct the historical instruments, whereas all eligible patents granted between
2005 and 2021 are used to construct contemporaneous local exposure. Patents granted between
2001 and 2004 therefore enter neither measure by construction, although they remain in the
underlying patent dataset for descriptive exercises.

To assign patents geographically, we merge assignee and inventor location information and
map U.S. county identifiers from the USPTO data to commuting zones. We use the location of
the first listed assignee whenever it can be mapped to a U.S. commuting zone and, if no valid
assignee commuting-zone assignment is available, the location of the first listed inventor. Among
geographically assigned domestic patents with assignee information, 98.4 percent have a single
assignee, while approximately 14 percent of geographically assigned domestic patents rely on the
inventor-location fallback. Foreign patents and patents that cannot be assigned to a valid U.S.
commuting zone under this assignee—inventor assignment rule are excluded when constructing
local U.S. patent exposure.

The resulting geographically assigned domestic patent universe contains 48,452 Al patents in
the 1980-2000 historical instrument window, of which 28,763 satisfy our breakthrough criterion,
and 470,498 AT patents in the 2005—2021 contemporaneous exposure window. Table A.2 reports
these Al patent counts across the eight AIPD components.

YPatentsView is an official U.S. Patent and Trademark Office research database providing structured and
disambiguated patent data.
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Table A.2: AI Patents and Al Breakthrough Patents by Al Component and Period

Instrument window, 1980-2000 ‘ Exposure window, 20052021
Al patents AT breakthroughs ‘ Al patents

AT component N Share (%) N Share (%) | N Share (%)
Planning and decision systems 14,111 29.1 8,016 27.9 | 212,535 45.2
AT hardware 18,147 37.5 12,047 419 | 191,219 40.6
Knowledge processing 4,681 9.7 4,038 14.0 | 128,238 27.3
Computer vision 13,829 28.5 8,604 29.9 | 103,986 22.1
Natural language processing 5,327 11.0 4,137 14.4 83,451 17.7
Machine learning 4,580 9.5 3,078 10.7 65,139 13.8
Speech 4,591 9.5 2,474 8.6 33,923 7.2
Evolutionary computation 1,048 2.2 629 2.2 21,888 4.7
Any Al component 48,452 100.0 28,763 100.0 ‘ 470,498 100.0

Notes: The table reports Al patents and Al breakthrough patents by component of the USPTO Artificial Intelli-
gence Patent Dataset (Pairolero et al. 2025) for the historical instrument window (1980-2000) and the contempora-
neous exposure window (2005-2021). A patent is assigned to a component when its predicted probability for that
component is at least 86 percent. Al breakthrough patents are Al-classified patents in the top decile of the Kelly
et al. (2021) breakthrough measure within the corresponding grant-year distribution. Component classifications are
not mutually exclusive, so patents satisfying the threshold for multiple components are counted in each applicable
row. Consequently, component-specific counts and shares may sum to more than the number of unique Al patents
and 100 percent, respectively. Shares are calculated relative to the number of unique patents classified in at least
one Al component in the corresponding column block; the “Any AI component” row therefore equals 100 percent
by construction. Patent counts are restricted to domestic patents with a valid U.S. commuting-zone assignment.
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B Semantic Content of AI Automation and Augmentation

The word clouds summarize the semantic content of Al patents most closely related to occu-

pational tasks and tools. Within each AI function, patents granted between 2005 and 2021 are

ranked separately by their maximum semantic similarity to any occupational task for automa-

tion and to any occupational tool for augmentation. The 5,000 highest-scoring patents in each

function—channel combination are used to construct the clouds from patent titles and abstracts.

Automation clouds display lemmatized verb—object pairs, while augmentation clouds display dis-

tinctive words and two-word phrases. Term size reflects how distinctive a term is for a given Al

function relative to the other AI functions within the same channel, rather than how frequently

the term appears in absolute terms.
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C Additional Descriptive Evidence

—— All patents EEEE Al patents Non-Al patents
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3.51 Poo = 0.314

Number of pairs (billions per 0.01 bin)

Panel B. Patent—tool similarity
Poo = 0.307

3.0 1

2.5 1

2.0

1.5

1.01

Number of pairs (billions per 0.01 bin)

I
0.0+ __,--IlIIIIIIIII | IIIIIIIIli.II- | - . . . . .
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Cosine similarity

Figure C.1: Distributions of Patent—Task and Patent—Tool Cosine Similarity by Al Status

Notes: The figure plots cosine-similarity distributions for patent—task pairs (Panel A, JobBERT V2) and patent—
tool pairs (Panel B, PatentSBERTa), separately by AI status. The sample comprises geographically assigned
U.S. utility patents granted during 19802021, paired with all task or tool descriptions assigned to occupations in
the occ2010fr panel. The vertical dashed lines mark the 90th percentiles of the corresponding pooled similarity
distributions used as the baseline matching thresholds. Similarity scores are grouped into bins in the figure, whereas
the matching thresholds are calculated from the full distributions. Black outlines show the pooled distributions
for all patent pairs, while the shaded distributions distinguish AI and non-AI patents using the panel-specific

automation and augmentation color schemes.
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Table C.1: Occupations with the Highest Al Automation and Augmentation Exposure

AT Automation

Al Augmentation

Panel A: AI exposure

Rank Occupation Exposure Occupation Exposure
1 Statistical assistants 8.278 Radiation therapists 8.771
2 Proofreaders and copy markers 8.245 Food and tobacco roasting, baking, 8.675

and drying machine operators and
tenders
3 Astronomers and physicists 8.195 Ambulance drivers and attendants, 8.653
except emergency medical techni-
cians
4 Television, video, and motion pic- 8.173 Agricultural and biomedical engi- 8.639
ture camera operators and editors neers
5 Etchers and engravers 8.079 Proofreaders and copy markers 8.612
6 Rail-track laying and maintenance 8.052 Agents and business managers of 8.605
equipment operators artists, performers, and athletes
7 Mathematicians, statisticians and 7.961 Buyers and purchasing agents, farm 8.477
mathematical science occupations products
8 New accounts clerks 7.947 Economists 8.442
9 Computer hardware engineers 7.919 Actors 8.393
10 Biological technicians 7.891 Producers and directors 8.287

Panel B: Relative AI exposure

Rank Occupation Al share Occupation Al share
1 Financial examiners 47.1% Actuaries 49.1%
2 Personal financial advisors 46.2% Economists 48.4%
3 Credit analysts 46.0% Financial examiners 46.8%
4 Computer and information systems 45.3% Sales engineers 46.8%

managers
5 Database administrators and archi- 45.0% Operations research analysts 46.5%
tects
6 Budget analysts 42.9% Financial analysts 44.7%
7 Financial specialists, other 42.2% Insurance underwriters 44.6%
8 Actuaries 42.0% Budget analysts 43.6%
9 Public relations and fundraising 39.5% Purchasing managers 42.9%
managers
10 Urban and regional planners 38.4% Statistical assistants 41.4%

Notes: The table reports the ten detailed occupations with the highest employment-weighted average Al au-
tomation and augmentation exposure across commuting zones, using 2005-07 FTE employment shares as weights.
Panel A ranks occupations using inverse-hyperbolic-sine-transformed but unstandardized Al exposure. Panel B
ranks occupations using relative Al exposure, defined as the Al share of total exposure within the corresponding
channel. Relative exposure is averaged across occupation—commuting-zone cells with positive total exposure in
the relevant channel. Rankings exclude residual n.e.c. occupations whose exposure measures are imputed from
related occupations.
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Panel A. Al automation exposure

Al Automation Exposure
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Figure C.2: Spatial Distribution of AT Automation and Augmentation Exposure

Notes: The maps display commuting-zone averages of the inverse-hyperbolic-sine-transformed AI automation and
augmentation exposure measures, weighted across occupations using 2005-07 FTE employment shares. Commuting
zones with zero exposure are shown in gray. Among commuting zones with strictly positive exposure, values are
grouped into five quintiles calculated without employment weights.
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Panel A. Relative Al automation exposure

Al Share in Automation
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Figure C.3: Spatial Distribution of Relative Al Automation and Augmentation Exposure

Notes: The maps display commuting-zone averages of the relative Al automation and augmentation exposure
measures, weighted across occupations using 2005-07 FTE employment shares. Commuting zones with a zero Al
share are shown in gray. Among commuting zones with strictly positive relative exposure, values are grouped
into five quintiles calculated without employment weights. Commuting zones for which the relative Al share is
undefined because no total exposure is observed in the corresponding channel are shown in black.
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D Complementary Evidence on Automation and Augmentation
in the U.S. Patent Stock

D.1 Patent-Level Classification

This appendix develops a patent-level classification that assigns each U.S. utility patent granted
between 1980 and 2021 to one of four mutually exclusive categories: Automating, Augmenting,
Dual, or Neither. The classification is based on patents’ semantic similarity to occupational
tasks and tools and complements the occupation—commuting-zone exposure measures developed
in Section 3. Whereas those measures aggregate many patent—task and patent—tool matches, the
classification developed here serves a purely descriptive purpose by assigning each patent to only
a single category based on its strongest task and tool relationships. Its implementation therefore
differs from the pairwise thresholding procedure used to construct the exposure measures. The
resulting classification allows us to characterize the evolution of automating and augmenting

innovation in the U.S. patent stock and the changing role of AI within each channel.

D.1.1 Embedding and Similarity

The classification uses the same language models employed in the main analysis. For each
patent p, we combine its title and abstract into a single text and embed it once using each
model. Each occupational task ¢ = 1,...,7T is embedded using JobBERT V2 (Decorte et al.
2025), and each occupational tool r = 1,..., R is embedded using PatentSBERTa (Bekamiri et
al. 2024). Let e/ and eg denote the embeddings of task ¢ and patent p, and let eZ” and e]],j denote

the embeddings of tool r and patent p. The corresponding cosine similarities are

stp:cos(e;],eg), t=1,...,T, (24)
s,,p:cos(ef,eg), r=1,...,R

D.1.2 Per-Patent Maximum Similarity and Threshold Selection

For this descriptive exercise, we assign each patent to a single, mutually exclusive category. We
therefore summarize each patent’s relationship to occupational tasks and tools using its maximum

similarity to any task and any tool:

s;?fé‘ax = max sy, s;‘?&lax = Max spp. (25)

We define the patent-level classification thresholds 735 and 7199 as the 90th percentiles of the
empirical distributions of S;‘ﬁ‘ax and s;?gllax, respectively.

The max subscript distinguishes these thresholds, which are defined over per-patent maximum

similarities, from the pairwise thresholds 7t and 7%°°! used to construct the occupation-level

exposure measures. Applying the pairwise thresholding procedure used for the exposure measures
would be inappropriate in this context. Because each patent is compared with thousands of

occupational tasks and tools, almost all patents would exceed the task threshold for at least one
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task and simultaneously the tool threshold for at least one tool, causing the majority of patents to
be classified as Dual. Applying thresholds to the distributions of per-patent maximum similarities
instead produces a more informative patent-level classification for the descriptive analysis of the

patent stock that follows.

D.1.3 Classification Rule

Each patent is assigned to exactly one category according to whether its maximum task and tool

similarities exceed the corresponding patent-level thresholds:

e Jtask task tool tool

Dual, if spmax = Tmax and spino > o0,
; i Jtask task tool tool

Automating, if sphix = Tmax and Sp0ax < Thax

Class(p) = (26)

; i Jtask task tool tool

Augmenting, if s < Tmax and sp70, > 7o,
Neither. if stask o ptask g gtool < ptool

. ’ p,max max p,max max*

By construction, approximately 10 percent of patents exceed the patent-level task threshold and
10 percent exceed the patent-level tool threshold. The share classified as Dual depends on the

overlap between the upper tails of the two maximum-similarity distributions.

D.2 Automation and Augmentation in the U.S. Patent Stock

The patent-level classification reveals three descriptive patterns. First, Al becomes increasingly
important within both automating and augmenting innovation. The lower panel of Figure D.1
shows that the Al shares within both classes are small during the 1980s but rise sharply from the
mid-1990s onward. By 2021, Al accounts for approximately 14 percent of automating patents and
21 percent of augmenting patents. The Al share is higher within the augmenting class for most
of the period, and the gap has widened in recent years. This pattern parallels the occupation-
level evidence that Al accounts for a larger share of augmentation exposure than of automation
exposure across most occupations.

Second, the upper panel of Figure D.1 shows that the annual shares classified exclusively as
automating or augmenting decline over time. We interpret this pattern with caution because
the patent-level thresholds are defined from the pooled 1980-2021 distributions of per-patent
maximum task and tool similarities. Annual classification rates can therefore shift as patent
descriptions become more or less semantically similar to the fixed O*NET task and tool inven-
tories and as the overlap between patents exceeding the task and tool thresholds changes. Mean
patent-text length is essentially unchanged between 1980 and 2021 (760 versus 751 characters),
suggesting that the decline is not simply driven by shorter descriptions. Accordingly, these an-
nual category shares are best viewed as descriptive rather than as direct measures of changes
in the economy-wide prevalence of labor-automating or labor-augmenting technological change.

Figure D.2 reinforces this distinction by showing that the absolute numbers of both automating
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and augmenting patents rise substantially over the period despite their declining shares of the
overall patent stock.

Third, Figures D.3-D.5 characterize the technological composition of automating and aug-
menting patents and its evolution over time. Among Al patents, the two classes display broadly
similar distributions across the eight AIPD technology functions, with computer vision and plan-
ning and decision systems accounting for the largest shares in both channels. Their distributions
across Cooperative Patent Classification (CPC) sections are likewise relatively similar. Al patents
in both classes are heavily concentrated in Section G (Physics), which contains much of modern
computing and information processing. By contrast, non-Al patents are distributed much more

broadly across CPC sections over the sample period.
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Figure D.1: The Composition of the U.S. Patent Stock: Automation, Augmentation, and Al

Notes: The upper panel reports the annual share of U.S. utility patents classified as automating, augmenting, or
dual based on the patent-level classification procedure described in Appendix D.1. Patents classified as neither
automating nor augmenting are omitted from the figure. Automating patents exceed only the 90th-percentile
threshold of the per-patent maximum task-similarity distribution, augmenting patents exceed only the correspond-
ing threshold of the per-patent maximum tool-similarity distribution, and dual patents exceed both thresholds.
The lower panel reports the share of patents classified as Al-related within each patent-level category using the Al
classification of Pairolero et al. (2025). Annual shares are calculated using USPTO utility patents granted between
1980 and 2021.
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Figure D.2: Annual Counts of Automating and Augmenting Patents by Al Status

Notes: The figure plots the annual number of patents classified as automating (Panel A) and augmenting (Panel B)
based on the patent-level classification described in Appendix D.1. Within each class, patents are divided into Al
and non-Al patents using the AI classification of Pairolero et al. (2025). The shaded areas are stacked, so their
combined height gives the total number of patents in the corresponding class in each year, with the darker area

representing Al patents and the lighter area non-Al patents.
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Figure D.3: Evolution of AI Function Composition within Automating and Augmenting Patents

Notes: The figure plots the annual distribution of AT technology functions among Al patents classified as automating
(Panel A) and augmenting (Panel B). Within each panel and year, function shares are calculated relative to the
corresponding set of Al patents and sum to 100 percent. Patents classified into multiple AI technology functions are
fractionally allocated across those functions such that each patent contributes a total weight of one. The patent-
level automation and augmentation classification follows the procedure described in Appendix D.1. AI patents and

their technology functions are identified using the AI classification of Pairolero et al. (2025).
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Figure D.4: CPC Technology Composition within Automating and Augmenting Al Patents

Notes: The figure plots the annual distribution of Cooperative Patent Classification (CPC) technology sections
among Al patents classified as automating (Panel A) and augmenting (Panel B). Within each panel and year, section
shares are calculated relative to the corresponding set of AI patents and sum to 100 percent. Patents assigned to
multiple CPC technology sections are fractionally allocated across those sections such that each patent contributes
a total weight of one. The patent-level automation and augmentation classification follows the procedure described
in Appendix D.1. AI patents are identified using the Al classification of Pairolero et al. (2025).
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Figure D.5: CPC Technology Composition within Automating and Augmenting Non-Al Patents

Notes: The figure plots the annual distribution of Cooperative Patent Classification (CPC) technology sections
among non-Al patents classified as automating (Panel A) and augmenting (Panel B). Within each panel and
year, section shares are calculated relative to the corresponding set of non-Al patents and sum to 100 percent.
Patents assigned to multiple CPC technology sections are fractionally allocated across those sections such that
each patent contributes a total weight of one. The patent-level automation and augmentation classification follows

the procedure described in Appendix D.1. Non-Al patents are defined as patents not identified as Al-related using
the classification of Pairolero et al. (2025).
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E Measurement and Exposure Robustness

Alternative similarity thresholds. We first examine whether the estimated effects depend
on the similarity threshold used to define patent—task and patent—tool matches, considering alter-
native cutoffs from the 75th to the 99th percentile. Table E.1 shows that the negative effects of
AT automation on employment and the wage bill remain statistically significant across all thresh-
olds, while its hourly-wage effect is more sensitive to the cutoff but remains comparatively small
throughout. The estimated wage-bill effect of Al augmentation is positive at every cutoff and
statistically significant from the 85th percentile onward. For Al augmentation, the underlying
employment and wage responses display a systematic pattern: as the matching criterion becomes
more stringent, the estimated employment effect shifts from negative to increasingly positive,
whereas the positive wage effect becomes smaller. However, even as its magnitude declines, the

positive wage response remains statistically significant at every cutoff.

Alternative augmentation measures. Table E.2 assesses the robustness of the augmentation
results to two choices in the construction of the exposure measure: the method used to weight
the relevance of occupational tools and the language model used to match patents to tools. First,
weighting tools according to their similarity to occupation-title profiles constructed from the
O*NET Alternate Titles database, rather than to occupations’ task profiles, produces estimates
that are very close to the baseline results. Second, we reconstruct Al augmentation exposure
and its corresponding historical instrument using the general-purpose MPNet model in place of
PatentSBERTa. While the patent-domain specialization of PatentSBERTa is a deliberate feature
of our baseline design, the MPNet specification tests to what extent the results depend on this
model choice. We leave the Al automation exposure measure and its corresponding instrument
unchanged, retaining JobBERT V2 for patent—task matching. Under the MPNet specification, the
wage-bill and hourly-wage effects of Al augmentation remain positive and statistically significant,

while the positive employment effect becomes smaller and statistically insignificant.

Automation and augmentation across patent universes. To better understand how the
automation—augmentation distinction differs between Al and non-Al innovation, we retain the
baseline workforce controls and commuting-zone-by-broad-occupation fixed effects and construct
the exposure measures separately from Al patents, the full patent universe, and non-Al patents.
In each case, automation and augmentation exposure are jointly instrumented using the corre-
sponding historical breakthrough exposure measures. Table E.3 shows that the estimates based
on the full patent universe generally lie between those obtained for AI and non-Al patents. Com-
paring the two patent groups reveals two additional patterns consistent with the results for the
relative Al exposure measures in Section 6.3. First, the negative employment and wage-bill ef-
fects of automation are substantially larger in magnitude for AI than for non-Al exposure, with
the employment point estimate for Al automation nearly twice as large. Second, augmentation
operates through different adjustment margins: non-Al augmentation yields a positive and sta-

tistically significant employment effect, whereas the employment effect of Al augmentation is
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small and statistically insignificant. By contrast, the positive wage effect of Al augmentation is

markedly larger than that of non-Al augmentation.

Exposure from neighboring commuting zones. The baseline exposure measures are con-
structed using patents originating in the focal commuting zone. To assess sensitivity to this local
definition and allow exposure to innovative activity to extend across commuting-zone bound-
aries, we expand contemporary exposure to include patents originating in immediately adjacent
commuting zones, while leaving the historical instruments unchanged. Table E.4 shows that the
main patterns remain largely unchanged: Al automation continues to reduce employment and
the wage bill, while Al augmentation raises hourly wages and the wage bill and yields positive
employment estimates. The Kleibergen—Paap F-statistic also increases substantially under this

broader spatial definition.

Positive-exposure sample. Because the exposure measures are constructed from local patent-
ing, a substantial number of occupation—commuting-zone cells have zero Al automation or aug-
mentation exposure. To assess whether the baseline results are driven by comparisons involving
these cells, we restrict the sample to cells with strictly positive local Al exposure in both chan-
nels. We therefore rely exclusively on intensive-margin variation among cells exposed to both
automation and augmentation. Table E.5 shows that the estimates remain similar in sign and

magnitude to the baseline results.

Relative AI exposure measures. We conduct analogous robustness exercises for the rela-
tive Al exposure measures, which capture the Al share of total automation and augmentation
exposure within each channel. Table E.6 indicates that the main composition effects are gen-
erally stable across alternative similarity thresholds, augmentation measures, spatial exposure
definitions, and the positive-exposure sample. A higher Al share within automation produces
negative employment and wage-bill estimates across the alternative constructions, except under
the MPNet specification, where the wage-bill estimate turns positive and the employment effect is
close to zero. The hourly-wage effect of relative AI automation remains comparatively small. For
augmentation, the central pattern of lower employment growth and higher hourly-wage growth is
preserved across all alternative constructions, although the MPNet estimates are more sensitive

in magnitude and imply a negative wage-bill effect.

61



Table E.1: Robustness to Alternative Patent—Task and Patent—Tool Similarity Thresholds

Percentile cutoff

75th 85th 90th 95th 99th
Panel A: Wage bill change
AT Automation -0.249*** -0.25T*** -0.248*** -0.205%** -0.164***
(0.035) (0.023) (0.019) (0.016) (0.015)
AT Augmentation 0.044 0.116%** 0.145%** 0.146*** 0.134%%*
(0.036) (0.029) (0.026) (0.023) (0.022)
Panel B: Employment change
AT Automation -0.191%** -0.228*** -0.231%** -0.203*** -0.181***
(0.034) (0.021) (0.016) (0.013) (0.014)
AT Augmentation -0.109*** 0.013 0.067*** 0.101%** 0.140%**
(0.029) (0.023) (0.020) (0.018) (0.019)
Panel C: Hourly wage change
AT Automation -0.029** -0.017** -0.011 -0.002 0.011**
(0.012) (0.009) (0.007) (0.006) (0.005)
AT Augmentation 0.139%** 0.100%** 0.079%** 0.056%** 0.016**
(0.014) (0.011) (0.010) (0.008) (0.007)
KP F-statistic 691.03 698.60 711.01 746.70 520.56
Observations 93,026 93,026 93,026 93,026 93,026

Notes: The table reports 2SLS estimates for occupation—commuting-zone cells using the common estimation
sample of column (5) and the preferred specification in column (4) of Table 3. The dependent variables are log
changes in wage bills and FTE employment and changes in average log hourly wages between 2005-07 and 2022-24.
Columns vary the percentile threshold used to define patent—task and patent—tool matches; the 90th percentile is
the baseline threshold. At each threshold, Al automation and augmentation exposure, the corresponding histor-
ical breakthrough instruments, and the non-AI automation and augmentation exposure controls are constructed
using the same cutoff. AI automation and augmentation exposure are inverse-hyperbolic-sine transformed and
standardized within the common estimation sample. All specifications include the corresponding threshold-specific
non-Al exposure controls, baseline workforce controls (shares below age 30, above age 55, female, foreign-born, and
employed in manufacturing), and commuting-zone-by-broad-occupation fixed effects. Estimates are weighted by
2005-07 FTE employment shares, and standard errors clustered by commuting zone are reported in parentheses.
The Kleibergen—Paap F'-statistic is the cluster-robust weak-identification statistic for the excluded instruments.

skok kR

, ™, and * indicate significance at the 1, 5, and 10 percent levels.
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Table E.2: Robustness to Alternative Measures of Al Augmentation

O*NET Alternate MPNet
Baseline Titles weights model
Panel A: Wage bill change
AT Automation -0.248*** -0.247*** -0.222%**
(0.019) (0.019) (0.019)
AT Augmentation 0.145%%* 0.1471%%* 0.072%%*
(0.026) (0.025) (0.025)
Panel B: Employment change
AT Automation -0.231%** -0.229*** -0.211%**
(0.016) (0.016) (0.017)
AT Augmentation 0.067#** 0.063%** 0.017
(0.020) (0.020) (0.020)
Panel C: Hourly wage change
AT Automation -0.011 -0.012* -0.005
(0.007) (0.007) (0.007)
AT Augmentation 0.079*** 0.080*** 0.056%**
(0.010) (0.010) (0.009)
KP F-statistic 711.01 711.51 699.37
Observations 93,026 93,026 93,026

Notes: The table reports 2SLS estimates for occupation—commuting-zone cells us-
ing the common estimation sample of column (5) and the preferred specification in
column (4) of Table 3. Column (1) reports the baseline estimates. Column (2) re-
places the baseline Al augmentation exposure measure and corresponding historical
instrument with measures using occupation-title-profile tool weights constructed from
O*NET Alternate Titles. Column (3) replaces the baseline Al augmentation exposure
measure and corresponding historical instrument with MPNet-based measures. The
baseline Al automation exposure measure and corresponding historical instrument are
retained throughout. Al exposure measures are inverse-hyperbolic-sine transformed and
standardized within the common estimation sample. All specifications include baseline
non-Al automation and augmentation controls, baseline workforce controls (shares be-
low age 30, above age 55, female, foreign-born, and employed in manufacturing), and
commuting-zone-by-broad-occupation fixed effects. Estimates are weighted by 2005—
07 FTE employment shares, and standard errors clustered by commuting zone are
reported in parentheses. The Kleibergen—Paap F-statistic is the cluster-robust weak-
identification statistic for the excluded instruments. ***, ** and * indicate significance
at the 1, 5, and 10 percent levels.
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Table E.3: Automation and Augmentation across Patent Universes

(1) (2) (3)

Al patents All patents Non-ATl patents
Panel A: Wage bill change
Automation -0.105%** -0.067*** -0.061***
(0.013) (0.013) (0.013)
Augmentation 0.030* 0.097*** 0.124%%*
(0.016) (0.024) (0.021)
Panel B: Employment change
Automation -0.109*** -0.069*** -0.060***
(0.011) (0.011) (0.011)
Augmentation -0.022 0.035 0.083***
(0.015) (0.026) (0.022)
Panel C: Hourly wage change
Automation -0.002 -0.014*** -0.018***
(0.003) (0.004) (0.004)
Augmentation 0.060*** 0.050%** 0.025%**
(0.006) (0.008) (0.007)
KP F-statistic 722.96 264.35 420.40
Observations 93,026 93,026 93,026

Notes: The table compares 2SLS estimates of automation and augmentation
exposure constructed from alternative patent universes using the common esti-
mation sample of column (5) of Table 3. Column (1) uses Al patents, column (2)
the full patent universe, and column (3) non-Al patents. In each column, au-
tomation and augmentation are jointly instrumented using the corresponding
historical breakthrough exposure measures constructed from the same patent uni-
verse. Contemporary exposure measures are inverse-hyperbolic-sine transformed
and standardized within the common estimation sample. All specifications include
baseline workforce controls (shares below age 30, above age 55, female, foreign-
born, and employed in manufacturing) and commuting-zone-by-broad-occupation
fixed effects. Estimates are weighted by 2005-07 FTE employment shares, and
standard errors clustered by commuting zone are reported in parentheses. The
Kleibergen—Paap F-statistic is the cluster-robust weak-identification statistic for
* k¥ * %k

the excluded instruments. , ™ and * indicate significance at the 1, 5, and 10
percent levels.
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Table E.4: Robustness to Al Exposure from Own and Neighboring Commuting Zones

(1) (2) (3) (4) (5)

Panel A: Wage bill change

AT Automation -0.136*** -0.123*** -0.265%** -0.272%** -0.130%**
(0.031) (0.027) (0.020) (0.019) (0.022)

AT Augmentation 0.172%%* 0.151%%* 0.164%** 0.146%** 0.099%**
(0.042) (0.040) (0.027) (0.027) (0.025)

Panel B: Employment change

Al Automation -0.114%** -0.102%** -0.240%** -0.246%** -0.153%**
(0.026) (0.022) (0.017) (0.016) (0.017)

AT Augmentation 0.115%** 0.075%* 0.082%** 0.063*** 0.032
(0.035) (0.032) (0.021) (0.021) (0.020)

Panel C: Hourly wage change

AT Automation -0.025*** -0.025*** -0.021%** -0.021%** 0.003
(0.007) (0.007) (0.008) (0.008) (0.008)

AT Augmentation 0.055%** 0.074%** 0.089*** 0.087*** 0.079%**
(0.012) (0.011) (0.010) (0.010) (0.010)

State FE v

CZ FE v v

Broad occupation FE v

CZ x broad occupation FE v v

College share v

Routine intensity v

KP F-statistic 575.62 1484.03 1271.45 1667.12 1660.32

Observations 93,026 93,026 93,026 93,026 93,026

Notes: The table reports 2SLS estimates for occupation—commuting-zone cells after expanding contemporary Al
automation and augmentation exposure to include patents originating in the focal commuting zone and directly
adjacent commuting zones. All specifications use the common estimation sample of column (5) of Table 3. The
historical instruments are unchanged from the baseline specification. Al automation and augmentation exposure
are inverse-hyperbolic-sine transformed and standardized within the common estimation sample. All specifications
control for non-Al automation and augmentation exposure constructed using the same own-plus-adjacent-CZ def-
inition and baseline workforce controls (shares below age 30, above age 55, female, foreign-born, and employed
in manufacturing). Estimates are weighted by 2005-07 FTE employment shares, and standard errors clustered
by commuting zone are reported in parentheses. The Kleibergen—Paap F'-statistic is the cluster-robust weak-
identification statistic for the excluded instruments. ***, ** and * indicate significance at the 1, 5, and 10 percent
levels.
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Table E.5: Intensive-Margin Robustness: Positive Local Al Exposure in Both Channels

(1) (2) (3) (4) (5)

Panel A: Wage bill change

AT Automation -0.165%*** -0.158*** -0.268*** -0.262%** -0.112%**
(0.034) (0.029) (0.021) (0.020) (0.022)

AT Augmentation 0.184%** 0.229%** 0.183%** 0.158%** 0.107%**
(0.048) (0.047) (0.027) (0.026) (0.024)

Panel B: Employment change

Al Automation -0.157%** -0.139%** -0.248%** -0.243%** -0.142%**
(0.029) (0.025) (0.019) (0.017) (0.018)

AT Augmentation 0.141%%* 0.149%** 0.102%*** 0.078%** 0.042**
(0.040) (0.039) (0.021) (0.020) (0.019)

Panel C: Hourly wage change

AT Automation -0.014* -0.020*** -0.016* -0.012%* 0.011
(0.008) (0.007) (0.008) (0.007) (0.008)

AT Augmentation 0.044%** 0.071%%* 0.084*** 0.080*** 0.073%**
(0.013) (0.012) (0.010) (0.010) (0.010)

State FE v

CZ FE v v

Broad occupation FE v

CZ x broad occupation FE v v

College share v

Routine intensity v

KP F-statistic 602.55 726.61 620.22 798.99 791.13

Observations 69,238 69,238 69,238 69,238 69,238

Notes: The sample is restricted to occupation—commuting-zone cells with strictly positive local Al automation
and augmentation exposure during 2005-2021. The restriction is imposed on the common estimation sample of
column (5) of Table 3, and all columns and panels use the resulting common restricted sample. AI automation
and augmentation exposure are inverse-hyperbolic-sine transformed and standardized within this sample. All
specifications control for non-Al automation and augmentation exposure and baseline workforce controls (shares
below age 30, above age 55, female, foreign-born, and employed in manufacturing). Estimates are weighted by
2005-07 FTE employment shares, and standard errors clustered by commuting zone are reported in parentheses.
The Kleibergen—Paap F-statistic is the cluster-robust weak-identification statistic for the excluded instruments.

e ** and * indicate significance at the 1, 5, and 10 percent levels.
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Table E.6: Robustness of Relative AI Automation and Augmentation Effects

Similarity thresholds — Augmentation measures FExposure and sample

Alt. title ~ MPNet  Adjacent  p oo

Baseline p85 P95 weights model CZs exposure
Panel A: Wage bill change
Relative AT Automation -0.030***  -0.030***  -0.016** -0.027%%* 0.016** -0.029%**  -0.030%**
(0.008) (0.009) (0.007) (0.008) (0.008) (0.007) (0.008)
Relative AI Augmentation  0.009 0.003 0.004 0.003 -0.078%** 0.003 0.009

(0.007) (0.007) (0.007) (0.007) (0.008) (0.006) (0.007)
Panel B: Employment change

Relative AT Automation  -0.027%¥*  -0.026***  -0.010 -0.022%%%  -0.001 -0.025%%%  _0.020%**
(0.008) (0.010) (0.007) (0.008) (0.009) (0.008) (0.009)

Relative AT Augmentation  -0.026%**  -0.035%%%  -0.031%%%  -0.033%%* -0.078%%%  -0.026%%%  -0.024%**
(0.007) (0.008) (0.007) (0.007) (0.008) (0.006) (0.007)

Panel C: Hourly wage change

Relative AT Automation 0.005* 0.006** 0.004 0.005%* 0.019%** 0.005%* 0.007**
(0.003)  (0.003)  (0.003)  (0.003)  (0.003)  (0.003)  (0.003)
Relative AT Augmentation ~ 0.029%**  (0.031***  0.028***  0.030***  0.006* 0.024%**  0.028***
(0.003)  (0.004)  (0.003)  (0.003)  (0.003)  (0.003)  (0.003)
KP F-statistic 464.64 341.33 609.59 418.17 552.17 537.70 510.57
Observations 86,645 86,645 86,645 86,645 86,645 86,645 68,489

Notes: The table reports 2SLS estimates for occupation—commuting-zone cells using the preferred specification in
column (4) of Table 5. The dependent variables are log changes in wage bills and FTE employment and changes
in average log hourly wages between 2005-07 and 2022-24. Relative Al automation and augmentation exposure
are defined as the AI shares of total exposure within each channel and instrumented using the corresponding
AT shares of total historical-breakthrough exposure. Column (1) uses the baseline 90th-percentile construction.
Columns (2)—(3) use the 85th- and 95th-percentile similarity thresholds, with the corresponding threshold-specific
total-exposure controls. Columns (4)—(5) replace the baseline relative AI augmentation measure and correspond-
ing historical instrument with measures based on occupation-title-profile tool weights constructed from O*NET
Alternate Titles and the MPNet matching model, respectively, while retaining the baseline relative AI automation
measure and its corresponding historical instrument, as well as the baseline total automation and augmentation
controls. Column (6) expands contemporary exposure to include the focal commuting zone and directly adjacent
commuting zones, uses total-exposure controls constructed with the same own-plus-adjacent-CZ definition, and
retains the baseline historical instruments. Columns (1)—(6) use a common robustness sample nested within the
common estimation sample of column (5) of Table 5 and requiring all alternative relative measures and corre-
sponding instruments to be defined. Column (7) further restricts this sample to cells with strictly positive baseline
local AT automation and augmentation exposure. Relative Al exposure measures are standardized within each es-
timation sample. All specifications include baseline workforce controls (shares below age 30, above age 55, female,
foreign-born, and employed in manufacturing) and commuting-zone-by-broad-occupation fixed effects. Estimates
are weighted by 2005-07 FTE employment shares, and standard errors clustered by commuting zone are reported
in parentheses. The Kleibergen—Paap F-statistic is the cluster-robust weak-identification statistic for the excluded
instruments. ***, ** and * indicate significance at the 1, 5, and 10 percent levels.
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F Supporting Evidence for the Baseline IV Design

This section documents the historical and spatial structure underlying the instruments, assesses
whether historical breakthroughs generate sufficiently distinct variation in automation and aug-
mentation exposure, and examines reduced-form relationships and inference robustness. Fig-
ure F.1 shows the evolution of Al and AI breakthrough patenting and marks the breakthrough
period used to construct the instruments and the contemporaneous patent period used to measure
local Al exposure. During the instrument period, the Al share of breakthrough patents rose from
around 5 percent in 1980 to roughly 25 percent by 2000. Over the same period, the Al share of

all patents increased more gradually and remained below 10 percent.
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Figure F.1: Evolution of Al Patenting and AI Breakthrough Patenting in the United States

Notes: Panel A plots the annual share of Al patents among geographically assigned domestic U.S. utility patents,
and Panel B the AI share among breakthrough patents. Al patents are identified using the USPTO Artificial
Intelligence Patent Dataset (AIPD), classifying a patent as Al-related when its predicted probability for at least
one Al function is at least 86 percent (Pairolero et al. 2025). Breakthrough patents are defined as patents in the
top decile of the grant-year distribution of the residual forward-similarity measure of Kelly et al. (2021). Vertical

lines mark the 1980-2000 historical breakthrough window and the 2005-2021 contemporaneous exposure window.
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Two-Ring Exclusion Buffer. To characterize the spatial correlation in contemporaneous Al
exposure, let E¥ (d) denote the raw exposure of occupation o in focal commuting zone ¢ orig-
inating from patents in commuting zones located exactly d contiguity rings away. The index
k € {Aut, Aug} denotes the automation or augmentation channel, and E¥.(0) denotes exposure

originating in the focal commuting zone. For each distance d, Appendix Figure F.2 reports

Pk (d) = Corr(y yes, (EE.(0), EL(d)) (27)

where Sy contains occupation—commuting-zone cells for which the focal commuting zone has at
least one donor commuting zone at that distance. In both channels, these unweighted correlations
decline sharply across the nearest rings and remain close to zero at greater distances. This
concentration of spatial co-movement within the nearest rings is consistent with localized spatial
dependence in innovative activity and motivates excluding the focal commuting zone and its first

two surrounding rings when constructing the instruments.
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Figure F.2: Correlation Between Local and Ring-Specific AT Exposure

Notes: The figure reports unweighted correlations across occupation—commuting-zone cells between raw local Al
exposure and exposure originating from Al patents granted between 2005 and 2021 in commuting zones located
exactly d contiguity rings from the focal commuting zone. Rings 1-20 are shown; at each distance, focal com-
muting zones whose contiguity networks do not extend to that ring are omitted. Shaded bands report 95 percent
confidence intervals based on 1,000 bootstrap replications clustered by focal commuting zone. The dashed vertical

line separates the two excluded rings from ring 3, the first ring included in the instruments.

Geographic Distance and Historical Breakthrough Exposure. The construction of our
spatial instruments is motivated by the idea that historical breakthroughs closer to a focal com-

muting zone may contain more predictive information about subsequent local Al exposure than
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more distant breakthroughs. We therefore examine how the predictive content of historical Al
breakthroughs varies with distance. This exercise complements Appendix Figure F.2, which mo-
tivates the two-ring exclusion buffer using contemporaneous exposure, and provides descriptive
evidence on the spatial structure of historical breakthrough exposure beyond ring 2. We group
donor commuting zones into five mutually exclusive distance bands based on contiguity-ring dis-
tance from the focal commuting zone: the focal CZ, rings 1-2, rings 3-5, rings 6-10, and rings
11 and beyond.

Let B € {0,1-2,3-5,6-10,11+} denote mutually exclusive distance bands, where B = 0
refers to the focal commuting zone. For channel k € {Aut, Aug}, we define average historical

breakthrough exposure from band B as

k
Y BT
k o jide; €EB

BT,.(B) = TN.AB) (28)

where BTffj denotes occupation-specific exposure in channel k£ to historical Al breakthrough
patents originating in commuting zone j, and N.(B) is the number of donor commuting zones in
band B. Dividing by the number of donors avoids mechanically larger exposure in more distant
bands simply because they contain more commuting zones.

For each band, we calculate

p¥(B) = Corr,, (asinh(Efc(O)) , asinh (ﬁiJB))) . (29)

where E* (0) is the contemporary local exposure measure used in the main analysis. Correla-
tions are weighted by 2005-07 FTE employment shares and estimated on a common sample of
occupation-commuting-zone cells nested within the common estimation sample of column (5) of
Table 3 and for which both contemporary local Al exposure measures and historical breakthrough
exposure are observed in all five bands. For inference, both variables are standardized using the
same weights, and the corresponding weighted bivariate regressions are estimated with standard
errors clustered by commuting zone.

Appendix Table F.1 shows a clear geographic gradient in both channels. For automation,
the weighted correlation declines from 0.925 in the focal commuting zone to 0.479 in rings 1-2,
0.338 in rings 3-5, and 0.124 in rings 6-10. For augmentation, the corresponding correlations
decline from 0.942 to 0.482, 0.351, and 0.100. Adjacent-band Wald tests indicate statistically
significant declines at the 10 percent level through rings 6-10 in both channels. Beyond ring 10,
the correlations do not differ significantly from those in rings 6-10 (p = 0.361 for automation
and p = 0.828 for augmentation). This pattern indicates that the predictive content of historical
breakthroughs is substantially stronger among geographically closer donor commuting zones and
broadly levels off at greater distances.

It is important to note that this geographic pattern is not required for identification and
should not be interpreted as a test of the exclusion restriction or of the exact inverse-distance

functional form. Rather, it provides descriptive support for assigning greater weight to nearer
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Table F.1: Geographic Distance and the Predictive Content of Historical AT Innovation

Own CZ Rings 1-2  Rings 3-5 Rings 6-10 Rings 11+

Panel A: Local AI automation exposure

Weighted correlation 0.925 0.479 0.338 0.124 0.185
(0.025) (0.085) (0.059) (0.045) (0.041)
Equality with preceding band (p-value) - < 0.001 0.052 0.004 0.361

Panel B: Local AI augmentation exposure

Weighted correlation 0.942 0.482 0.351 0.100 0.117

(0.022) (0.086) (0.073) (0.052) (0.044)
Equality with preceding band (p-value) — < 0.001 0.075 0.004 0.828
Observations 91,316 91,316 91,316 91,316 91,316

Notes: The table reports weighted correlations between contemporary local Al exposure and historical Al break-
through exposure originating from five mutually exclusive contiguity-distance bands: the focal commuting zone,
rings 1-2, rings 3-5, rings 6-10, and rings 11 and beyond. Historical exposure is measured per donor commut-
ing zone, and both contemporary and historical exposure measures are inverse-hyperbolic-sine transformed. All
correlations are estimated on a common sample of occupation—commuting-zone cells nested within the common
estimation sample of column (5) of Table 3 and for which both contemporary local Al exposure measures and his-
torical breakthrough exposure are observed in all five bands. Estimates are weighted by 2005-07 FTE employment
shares. For inference, the two variables entering each correlation are standardized using the same weights, and
the corresponding weighted bivariate regressions are estimated with standard errors clustered by commuting zone,
reported in parentheses. The Wald-test rows report cluster-robust p-values for equality of each correlation with
the correlation in the immediately preceding distance band.

eligible donor commuting zones. Complementing this exercise, Appendix Table H.4 shows that

the estimates are robust to using steeper inverse-square distance weights.

Correlation Between AI Automation and Augmentation Exposure. Appendix Fig-
ure F.3 visualizes the relationship between the automation and augmentation measures of Al
exposure. Panel A shows that the contemporary local exposure measures, EA(0) and E?cug(O),
are strongly positively correlated (corr = 0.95), reflecting their shared geographic origins and
the fact that the same Al patents may match both occupational tasks and tools. By contrast,
Panel B shows that the corresponding historical-breakthrough instruments are clearly less cor-
related (corr = 0.48). The instruments therefore contain substantially more distinct variation
across the two channels. Together with the conditional first-stage statistics reported in Table 2,
this provides supporting evidence that the instruments retain sufficient predictive power for each
exposure measure conditional on the other, allowing us to distinguish the two channels empiri-

cally.

Reduced-Form Evidence. Appendix Table F.2 reports reduced-form estimates relating the
historical Al automation and augmentation instruments directly to the three main labor-market
outcomes, with both instruments entered jointly. Across all specifications, the automation in-
strument is negatively associated with wage-bill and employment growth, while its association
with hourly-wage growth is comparatively small and less stable. The augmentation instrument
is positively associated with wage-bill and hourly-wage growth throughout. Its association with

employment growth is positive and statistically significant in columns (1)—(2) but becomes close
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Panel A. Local Al exposure Panel B. Historical AI breakthrough exposure

Employment-weighted corr. = 0.95 Employment-weighted corr. = 0.48
157

=
1

Augmentation exposure
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Automation exposure Automation breakthrough exposure

Figure F.3: Correlation Between Al Automation and Augmentation Exposure

Notes: Panel A plots local AT automation and augmentation exposure constructed from Al patents granted between
2005 and 2021. Panel B plots the corresponding instrumental-variable measures constructed from Al breakthrough
patents granted between 1980 and 2000 originating outside the two-ring exclusion buffer. Both panels display
inverse-hyperbolic-sine-transformed measures. Observations are occupation—commuting-zone cells from the com-
mon estimation sample of column (5) of Table 3. Marker area is proportional to 2005-07 FTE employment shares,

which are also used to weight the reported correlations and linear fits.

to zero once broad occupation fixed effects are introduced. Although consistent with our main
results, these reduced-form coefficients should be interpreted in conjunction with the joint first-

stage relationships reported in Table 2.

Inference Robustness. Because the identifying variation is geographically structured around
focal commuting zones and occupation-specific outcomes within the same local labor market may
be affected by common shocks, we cluster standard errors by commuting zone in our baseline
specification. This choice is consistent with the design-based motivation discussed by Abadie
et al. (2023), which emphasizes that the clustering level should reflect the structure of the un-
derlying identifying variation. Appendix Table F.3 examines sensitivity to alternative forms of
residual dependence. Conley spatial-HAC standard errors (Conley 1999), which allow for resid-
ual correlation across nearby commuting zones over a range of distance cutoffs, are similar in
magnitude to the baseline commuting-zone-clustered standard errors and leave all statistical con-
clusions unchanged. We also consider a more conservative specification with two-way clustering
by commuting zone and detailed occupation, which additionally allows arbitrary residual corre-
lation within detailed occupations across commuting zones. The resulting standard errors are

substantially larger, yielding less precise inference under two-way clustering.

72



Table F.2: Reduced-Form Estimates for AI Automation and Augmentation Instruments

(1) (2) (3) (4) (5)

Panel A: Wage bill change

Automation IV -0.034*** -0.035*** -0.055%** -0.058*** -0.023%**
(0.007) (0.006) (0.005) (0.005) (0.005)

Augmentation IV 0.025** 0.041%** 0.020*** 0.017%%* 0.015%**
(0.010) (0.010) (0.006) (0.006) (0.005)

Panel B: Employment change

Automation IV -0.033*** -0.032%** -0.051%** -0.054%** -0.031%%*
(0.006) (0.006) (0.004) (0.004) (0.004)

Augmentation IV 0.017%* 0.023%** 0.002 -0.002 -0.003
(0.008) (0.008) (0.005) (0.005) (0.004)

Panel C: Hourly wage change

Automation IV -0.002 -0.004** -0.003 -0.003* 0.003*
(0.002) (0.002) (0.002) (0.002) (0.002)

Augmentation IV 0.008%** 0.016%** 0.020%** 0.020%** 0.020%**
(0.003) (0.003) (0.002) (0.002) (0.002)

State FE v

CZ FE v v

Broad occupation FE v

CZ x broad occupation FE v v

College share v

Routine intensity v

Observations 93,026 93,026 93,026 93,026 93,026

Notes: The table reports reduced-form regressions of wage-bill, employment, and hourly-wage changes on the
excluded historical Al automation and augmentation instruments, which enter jointly in every specification. All
columns and panels use the common estimation sample of column (5) of Table 3. The instruments are inverse-
hyperbolic-sine transformed and standardized within this common sample. All specifications control for non-Al
automation and augmentation exposure and baseline workforce characteristics (shares below age 30, above age
55, female, foreign-born, and employed in manufacturing). Estimates are weighted by 2005-07 FTE employment
shares, and standard errors clustered by commuting zone are reported in parentheses. ***, **  and * indicate
significance at the 1, 5, and 10 percent levels.
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Table F.3: Inference Robustness for Al Automation and Augmentation Estimates

Wage-bill change

Employment change

Hourly-wage change

Automation Augmentation Automation Augmentation Automation Augmentation
(1) (2) (3) (4) (5) (6)

Point estimate -0.248 0.145 -0.231 0.067 -0.011 0.079
Standard errors

CZ cluster (0.019) (0.026) (0.016) (0.020) (0.007) (0.010)
Conley, 500 km (0.021) (0.023) (0.017) (0.019) (0.009) (0.011)
Conley, 1,000 km  (0.021) (0.022) (0.018) (0.020) (0.009) (0.011)
Conley, 2,000 km (0.023) (0.022) (0.019) (0.021) (0.009) (0.011)
Conley, 3,500 km (0.022) (0.021) (0.019) (0.019) (0.007) (0.010)
Two-way cluster (0.193) (0.232) (0.189) (0.217) (0.027) (0.052)
Observations 93,026 93,026 93,026

Notes: The table reports 2SLS estimates from the preferred specification of column (4) of Table 3, estimated
The automation and augmentation exposure measures are
inverse-hyperbolic-sine transformed and standardized within this sample. The first row reports the point estimates,
which are held constant across inference procedures. The subsequent rows report standard errors clustered by
commuting zone, Conley spatial-HAC standard errors using Bartlett kernels at the indicated distance cutoffs, and
standard errors two-way clustered by commuting zone and detailed occupation. All specifications control for non-Al
automation and augmentation exposure and baseline workforce characteristics (shares below age 30, above age 55,
female, foreign-born, and employed in manufacturing), include commuting-zone-by-broad-occupation fixed effects,
and are weighted by 2005-07 FTE employment shares.

on the common estimation sample of column (5).
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G Robustness to Major Al Innovation Hubs

AT innovation in the United States is geographically concentrated. Figure G.1 illustrates this con-
centration for the two patent populations underlying our empirical design: historical Al break-
through patents granted between 1980 and 2000 in Panel A and contemporary Al patents granted
between 2005 and 2021 in Panel B. Historical Al breakthroughs were concentrated particularly
in Silicon Valley and along the Northeast Corridor, including New York and Boston, and many of
these locations remain among the largest centers of contemporary Al patenting, as further doc-
umented in Appendix Tables G.2 and G.3. In each period, the three largest hubs alone account

for more than 40 percent of the corresponding patents in our geographically assigned sample.
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Figure G.1: Geographic Concentration of Historical and Contemporary Al Innovation

Notes: Panel A maps Al breakthrough patents granted during 1980-2000, and Panel B maps Al patents granted
during 2005-2021. Patent origins are assigned to commuting zones using the first listed assignee location when a
valid U.S. commuting-zone assignment is available and otherwise the first inventor location. Patents classified as
foreign or lacking a valid U.S. commuting-zone assignment are excluded. Gray denotes commuting zones with no
relevant patents. Among commuting zones with positive counts, darker shading indicates a higher percentile rank

within the corresponding period-specific distribution.

This concentration raises two distinct concerns. First, the identifying variation in the in-
struments may depend disproportionately on breakthroughs originating in a small number of
historically dominant AI hubs. Second, the estimated labor-market effects may be disproportion-
ately influenced by contemporary Al hubs, where exposure is unusually high and local economic
conditions may differ systematically from those elsewhere. Table G.1 examines these two concerns
separately.

Columns (2)—(3) address the first concern by reconstructing the historical instruments after
excluding the three and ten largest historical Al breakthrough hubs, respectively, from the set

of donor commuting zones. The estimation sample and contemporary exposure measures remain
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Table G.1: Robustness to Major Historical and Contemporary Al Hubs

IV donor exclusions Sample exclusions
Baseline Top 3 Top 10 Top 5 Top 30
Panel A: Wage bill change
AT Automation -0.248*** -0.281%** -0.306*** -0.238*** -0.245%**
(0.019) (0.019) (0.022) (0.018) (0.023)
AT Augmentation 0.145%** 0.168%** 0.185%** 0.118%** 0.103%%**
(0.026) (0.026) (0.029) (0.024) (0.026)
Panel B: Employment change
AT Automation -0.231%** -0.260%** -0.287*** -0.222%** -0.230***
(0.016) (0.017) (0.020) (0.016) (0.022)
AT Augmentation 0.067*** 0.089%** 0.106*** 0.050** 0.049**
(0.020) (0.020) (0.022) (0.020) (0.023)
Panel C: Hourly wage change
AT Automation -0.011 -0.017** -0.018** -0.008 0.004
(0.007) (0.007) (0.007) (0.007) (0.008)
AT Augmentation 0.079*** 0.084%** 0.091%** 0.068%** 0.043%**
(0.010) (0.010) (0.011) (0.009) (0.008)
KP F-statistic 711.01 817.14 971.39 592.67 533.94
Observations 93,026 93,026 93,026 91,216 83,137

Notes: The table reports 2SLS estimates for occupation—commuting-zone cells based on the common estimation
sample of column (5) of Table 3, with additional sample exclusions in columns (4)—(5). The dependent variables are
log changes in wage bills and FTE employment and changes in average log hourly wages between 2005-07 and 2022—
24. Al automation and augmentation exposure are inverse-hyperbolic-sine transformed and standardized within
the baseline common estimation sample, with this standardization held fixed across all five columns. Column (1)
reproduces column (4) of Table 3. Columns (2)—(3) reconstruct the historical instruments after excluding the
three and ten largest historical AI breakthrough hubs, respectively, from the donor set. These hubs are ranked
by the number of AI breakthrough patents granted during 1980-2000; the contemporary exposure measures and
estimation sample remain unchanged. Columns (4)—(5) retain the baseline exposure measures and instruments but
exclude from the estimation sample the five and thirty largest contemporary Al patent hubs, respectively, ranked
by the number of unique Al patents granted during 2005-2021. All specifications control for non-Al automation
and augmentation exposure and baseline workforce characteristics (shares below age 30, above age 55, female,
foreign-born, and employed in manufacturing), include commuting-zone-by-broad-occupation fixed effects, and are
weighted by 2005-07 FTE employment shares. Standard errors clustered by commuting zone are reported in
parentheses. The Kleibergen—Paap F-statistic is the cluster-robust weak-identification statistic for the excluded

instruments. ***, ** and * indicate significance at the 1, 5, and 10 percent levels.

unchanged. The resulting estimates preserve the baseline pattern and are somewhat larger in
magnitude, while the instruments remain strong.

Columns (4)—(5) address the second concern by retaining the baseline exposure measures and
instruments but excluding the five and thirty largest contemporary Al patent hubs, respectively,
from the estimation sample. The automation employment and wage-bill estimates remain par-
ticularly stable, while the automation hourly-wage estimates remain small. The augmentation
estimates become somewhat smaller as the largest contemporary hubs are removed but remain
positive and statistically significant across all three outcomes. These results indicate that our

main findings are not driven by a small number of dominant AI innovation hubs.
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Table G.2: Major Historical AI Breakthrough Hubs, 1980-2000

(Commuting zones excluded from the donor set in the major-hub robustness analysis)

Commuting Zone AT Breakthroughs ~ Share (%)  All Breakthroughs  AI Share (%)

1 New York, NY (19400) 5,062 17.6 23,941 21.1
2 San Jose, CA (37500) 4,486 15.6 22,047 20.3
3 Boston, MA (20500) 2,091 7.3 10,713 19.5
4 Newark, NJ (19600) 1,612 5.6 10,681 15.1
5  Los Angeles, CA (38300) 1,224 4.3 9,130 13.4
6 Hartford, CT (20901) 1,148 4.0 6,813 16.9
7 Washington, DC (11304) 1,091 3.8 7,168 15.2
8 Chicago, IL (24300) 1,074 3.7 10,158 10.6
9  San Francisco, CA (37800) 1,005 3.5 6,326 15.9
10 Seattle, WA (39400) 991 3.4 3,342 29.7
Top 10 total 19,784 68.8 110,319 17.9

Notes: Commuting zones are ranked by the number of AI breakthrough patents granted during 1980-2000,
using the same geographic assignment as in the baseline instrument construction. For each commuting zone,
the table reports the number of AI breakthrough patents, its share of all 28,763 geographically assigned U.S.
AT breakthrough patents, the total number of breakthrough patents, and the share of those patents classified as
Al-related. Of the 741 commuting zones, 311 contain at least one Al breakthrough patent. In the robustness
analysis in columns (2)—(3) of Table G.1, the top three and top ten commuting zones are excluded from the set
of donor commuting zones used to construct the alternative instruments; the recipient commuting zones, local
exposure measures, and estimation sample remain unchanged. City and state labels correspond to the principal
city within each commuting-zone polygon; CZ identifiers are reported in parentheses.
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Table G.3: Major Contemporary Al Innovation Hubs, 2005-2021

(Commuting zones excluded from the estimation sample in the major-hub robustness analysis)

Commuting Zone AT Patents Share (%) All Patents AT Share (%)

1 San Jose, CA (37500) 93,918 20.0 288,680 32.5
2 New York, NY (19400) 70,349 15.0 166,913 42.1
3 Seattle, WA (39400) 39,108 8.3 76,133 51.4
4 San Francisco, CA (37800) 38,847 8.3 111,766 34.8
5 Boston, MA (20500) 19,953 4.2 90,762 22.0
6 Los Angeles, CA (38300) 16,983 3.6 106,338 16.0
7 Washington, DC (11304) 11,088 2.5 45,815 26.2
8 Houston, TX (32000) 11,400 2.4 78,464 14.5
9 Newark, NJ (19600) 10,925 2.3 68,396 16.0
10 Chicago, IL (24300) 10,867 2.3 72,008 15.1
11 Atlanta, GA (09100) 10,822 2.3 40,288 26.9
12 San Diego, CA (38000) 9,796 2.1 65,512 15.0
13 Detroit, MI (11600) 7,962 1.7 68,625 11.6
14 Dallas, TX (33100) 6,932 1.5 41,351 16.8
15 Hartford, CT (20901) 6,614 1.4 44,434 14.9
16 Austin, TX (31201) 6,614 1.4 32,045 20.6
17 Albany, NY (18600) 4,599 1.0 29,905 15.4
18 Raleigh, NC (01701) 4,190 0.9 17,109 24.5
19 Reno, NV (37604) 4,118 0.9 11,721 35.1
20 Philadelphia, PA (19700) 4,087 0.9 27,380 14.9
21 Denver, CO (28900) 3,792 0.8 21,441 17.7
22 Charlotte, NC (00900) 3,674 0.8 13,624 27.0
23 Minneapolis, MN (21501) 3,589 0.8 37,235 9.6
24 Wilmington, DE (19800) 3,579 0.8 29,593 12.1
25 Portland, OR, (38801) 3,373 0.7 18,572 18.2
26 Boise, ID (35801) 2,478 0.5 21,230 11.7
27 Phoenix, AZ (35001) 2,383 0.5 18,667 12.8
28 Cleveland, OH (15200) 2,360 0.5 21,905 10.8
29 Kansas City, MO (29502) 2,329 0.5 11,329 20.6
30 Rochester, NY (18000) 2,028 0.4 12,773 15.9
Top 30 total 419,657 89.2 1,690,014 24.8

Notes: Commuting zones are ranked by the number of AI patents granted during 2005-2021, using the same
geographic assignment as in the construction of the contemporaneous exposure measures. For each commuting
zone, the table reports the number of Al patents, its share of all 470,498 geographically assigned U.S. Al patents,
the total number of patents, and the share of those patents classified as Al-related. Of the 741 commuting zones,
534 contain at least one Al patent. In the robustness analysis in columns (4)—(5) of Table G.1, the top five and top
thirty commuting zones are excluded from the estimation sample; the local exposure measures and instruments
remain unchanged. City and state labels correspond to the principal city within each commuting-zone polygon;
CZ identifiers are reported in parentheses.

78



H Robustness to Alternative Instrument Constructions

Earlier historical breakthrough window. Table H.1 addresses the concern that the baseline
breakthrough window, which extends through 2000, may provide insufficient temporal separation
from the contemporary exposure period beginning in 2005. We therefore reconstruct the instru-
ments using only Al breakthroughs granted during 1980-1990. We treat this earlier window as an
alternative rather than our preferred specification because it draws on a substantially smaller set
of breakthroughs. The 2SLS estimates remain qualitatively consistent with the baseline results
but are larger in magnitude. This is particularly pronounced for Al augmentation, whose employ-
ment estimate rises from 0.067 to 0.260, while the hourly-wage estimate changes much less. Al
automation likewise produces larger negative employment and wage-bill estimates. Thus, while
the magnitude of the estimates is noticeably sensitive to the historical window, their direction

across both channels and all three outcomes is preserved.

Larger geographic exclusion buffer. The baseline instruments exclude historical break-
throughs originating in the focal commuting zone and the first two surrounding contiguity rings.
Table H.2 adopts a more conservative exclusion rule by constructing the instruments only from
breakthroughs located at least six contiguity rings away from the focal commuting zone. The
resulting estimates are very similar to the baseline estimates in both sign and magnitude. The
stability of the estimates under this wider buffer reduces the concern that the baseline results are
driven by spatial spillovers or other economic linkages associated with geographically proximate

historical innovation.

Intermediate-distance breakthrough exposure. As a complementary exercise, we con-
struct the instruments exclusively from historical breakthroughs originating in rings 3-5, with
the estimates reported in Table H.3. Whereas the preceding exercise deliberately excludes these
rings, this specification instead omits more distant breakthroughs and uses only the nearest donor
rings eligible under the baseline exclusion rule. The estimates preserve the baseline pattern and
are broadly comparable in magnitude, although the augmentation employment estimate becomes

somewhat smaller and less precise.

Alternative distance weighting. Table H.4 examines whether the results depend on the
particular spatial-decay assumption used to construct the historical instruments. Instead of the
baseline inverse-distance weights, 1/d, the instruments weight breakthroughs using inverse-square
distance weights, 1/d?, placing substantially greater weight on nearer donor locations outside the
exclusion buffer. Complementing the preceding spatial exercises, the steeper distance weighting

leaves the estimates nearly unchanged.

Relative AI exposure measures. Finally, Table H.5 repeats these instrument-construction

exercises for the relative Al exposure measures using the preferred specification throughout. The
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contemporary relative Al exposure measures and the corresponding total automation and aug-
mentation exposure controls are held fixed across columns for comparison. For automation, the
negative employment and wage-bill estimates are preserved across all instrument constructions,
while the hourly-wage estimates remain comparatively small. For augmentation, the positive
hourly-wage estimates are similarly stable, while the employment estimate is more sensitive,
especially to the earlier historical breakthrough window, mirroring the sensitivity of the level
augmentation estimates in Table H.1. This is also reflected in the corresponding augmenta-
tion wage-bill estimates, although they remain nonnegative across all constructions despite the

noticeable changes in magnitude.
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Table H.1: Robustness to an Earlier Historical Al Breakthrough Window

Baseline IV Earlier-window IV
1980-2000 1980-1990
Panel A: Wage bill change
AT Automation -0.248*** -0.514***
(0.019) (0.030)
AT Augmentation 0.145%%* 0.327%**
(0.026) (0.037)
Panel B: Employment change
AT Automation -0.231%** -0.485***
(0.016) (0.025)
AT Augmentation 0.067*** 0.260***
(0.020) (0.029)
Panel C: Hourly wage change
AT Automation -0.011 -0.030%***
(0.007) (0.010)
AT Augmentation 0.079%** 0.092%**
(0.010) (0.012)
KP F-statistic 711.01 613.96
Observations 93,026 93,026

Notes: The table reports 2SLS estimates comparing the preferred specifi-
cation under the baseline and earlier historical breakthrough windows. The
first column uses the baseline historical Al breakthrough instruments con-
structed from patents granted during 1980-2000. The second column re-
places these instruments with otherwise analogous instruments constructed
exclusively from Al breakthrough patents granted during 1980-1990. Con-
temporary local Al automation and augmentation exposure continue to
cover 2005-2021 and are unchanged across columns. Both instrument
sets use the baseline 90th-percentile patent—task and patent—tool similarity
threshold and the same two-ring exclusion buffer, with donor commuting
zones from ring 3 onward. Both columns and all panels use the common
estimation sample of column (5) of Table 3. AI automation and augmen-
tation exposure are inverse-hyperbolic-sine transformed and standardized
within this common sample. All specifications control for non-Al automa-
tion and augmentation exposure and baseline workforce characteristics
(shares below age 30, above age 55, female, foreign-born, and employed
in manufacturing), include commuting-zone-by-broad-occupation fixed ef-
fects, and are weighted by 2005-07 FTE employment shares. Standard
errors clustered by commuting zone are reported in parentheses. The
Kleibergen—Paap F-statistic is the cluster-robust weak-identification statis-
tic for the excluded instruments. ***, ** and * indicate significance at the
1, 5, and 10 percent levels.
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Table H.2: Robustness to a Five-Ring Exclusion Buffer

(1) (2) (3) (4) (5)

Panel A: Wage bill change

AT Automation -0.152%** -0.149*** -0.253*** -0.262%** -0.110***
(0.034) (0.029) (0.022) (0.019) (0.022)

AT Augmentation 0.167%%* 0.215%** 0.171%%* 0.160%** 0.105%**
(0.051) (0.047) (0.027) (0.027) (0.024)

Panel B: Employment change

AT Automation -0.147*** -0.131%** -0.233*** -0.242%** -0.142%**
(0.029) (0.025) (0.019) (0.016) (0.018)

AT Augmentation 0.138%** 0.137%#%* 0.092%** 0.080%** 0.042%*
(0.041) (0.039) (0.021) (0.020) (0.019)

Panel C: Hourly wage change

AT Automation -0.014* -0.021*** -0.017** -0.015** 0.010
(0.008) (0.007) (0.008) (0.008) (0.009)

AT Augmentation 0.034** 0.071%%* 0.085%** 0.084%** 0.075%**
(0.013) (0.013) (0.011) (0.011) (0.011)

State FE v

CZ FE v v

Broad occupation FE v

CZ x broad occupation FE v v

College share v

Routine intensity v

KP F-statistic 423.97 475.93 417.25 570.92 545.95

Observations 93,026 93,026 93,026 93,026 93,026

Notes: The table reports 2SLS estimates for occupation—commuting-zone cells using historical AI breakthrough
instruments constructed with a five-ring exclusion buffer. The excluded instruments use Al breakthrough patents
granted during 1980-2000 originating at least six contiguity rings from the focal commuting zone. Contemporary
local Al automation and augmentation exposure remain unchanged. All columns and panels use the common
estimation sample of column (5) of Table 3. AI automation and augmentation exposure are inverse-hyperbolic-
sine transformed and standardized within this common sample. All specifications control for non-Al automation
and augmentation exposure and baseline workforce characteristics (shares below age 30, above age 55, female,
foreign-born, and employed in manufacturing). Estimates are weighted by 2005-07 FTE employment shares, and
standard errors clustered by commuting zone are reported in parentheses. The Kleibergen-Paap F-statistic is the
cluster-robust weak-identification statistic for the excluded instruments. *** ** and * indicate significance at the
1, 5, and 10 percent levels.
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Table H.3: Robustness to Breakthrough Exposure from Rings 3-5

(1) (2) (3) (4) (5)

Panel A: Wage bill change

AT Automation -0.120%** -0.135%** -0.239%** -0.228*** -0.088***
(0.039) (0.030) (0.026) (0.024) (0.026)

AT Augmentation 0.059 0.181%** 0.121%%* 0.118%** 0.074%%*
(0.069) (0.049) (0.032) (0.028) (0.026)

Panel B: Employment change

Al Automation -0.121%** -0.120%** -0.223*** -0.213%** -0.122%**
(0.034) (0.028) (0.025) (0.023) (0.025)

AT Augmentation 0.031 0.106%** 0.045* 0.042%* 0.012
(0.055) (0.039) (0.026) (0.023) (0.022)

Panel C: Hourly wage change

AT Automation -0.004 -0.016** -0.011 -0.009 0.015%*
(0.010) (0.008) (0.008) (0.008) (0.008)

AT Augmentation 0.029 0.067*** 0.082%** 0.078%** 0.070%**
(0.021) (0.014) (0.012) (0.010) (0.010)

State FE v

CZ FE v v

Broad occupation FE v

CZ x broad occupation FE v v

College share v

Routine intensity v

KP F-statistic 55.66 343.68 326.90 393.15 334.20

Observations 93,026 93,026 93,026 93,026 93,026

Notes: The table reports 2SLS estimates for occupation—commuting-zone cells using historical Al breakthrough in-

struments constructed exclusively from contiguity rings 3—5 around the focal commuting zone. The focal commuting
zone and rings 1-2 remain excluded, while breakthrough exposure from ring 6 onward is omitted. Contemporary
local Al automation and augmentation exposure remain unchanged. All columns and panels use the common
estimation sample of column (5) of Table 3. AI automation and augmentation exposure are inverse-hyperbolic-
sine transformed and standardized within this common sample. All specifications control for non-Al automation
and augmentation exposure and baseline workforce characteristics (shares below age 30, above age 55, female,
foreign-born, and employed in manufacturing). Estimates are weighted by 2005-07 FTE employment shares, and
standard errors clustered by commuting zone are reported in parentheses. The Kleibergen-Paap F-statistic is the
cluster-robust weak-identification statistic for the excluded instruments. *** ** and * indicate significance at the
1, 5, and 10 percent levels.
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Table H.4: Robustness to Inverse-Square Distance Weighting

(1) (2) (3) (4) (5)

Panel A: Wage bill change

AT Automation -0.144*** -0.146*** -0.244%** -0.237*** -0.090***
(0.034) (0.028) (0.021) (0.020) (0.022)

Al Augmentation 0.148%** 0.210%** 0.154*** 0.132%** 0.081%**
(0.048) (0.046) (0.027) (0.026) (0.024)

Panel B: Employment change

AT Automation -0.144*** -0.131%** -0.228*** -0.222%** -0.125***
(0.030) (0.025) (0.020) (0.018) (0.020)

AT Augmentation 0.114%%* 0.136%** 0.077%%* 0.056%** 0.021
(0.040) (0.039) (0.022) (0.021) (0.019)

Panel C: Hourly wage change

AT Automation -0.006 -0.016** -0.010 -0.009 0.016**
(0.008) (0.007) (0.008) (0.007) (0.008)

AT Augmentation 0.035%* 0.066%** 0.081*** 0.078%** 0.070%**
(0.014) (0.012) (0.010) (0.010) (0.010)

State FE v

CZ FE v v

Broad occupation FE v

CZ x broad occupation FE v v

College share v

Routine intensity v

KP F-statistic 120.63 699.53 617.67 752.31 764.46

Observations 93,026 93,026 93,026 93,026 93,026

Notes: The table reports 2SLS estimates for occupation—commuting-zone cells using historical AI breakthrough
instruments that weight exposure by the inverse square of contiguity-ring distance, 1/d?, rather than the base-
line inverse-distance weight, 1/d. As in the baseline construction, the focal commuting zone and rings 1-2 are
excluded, and historical breakthrough exposure from ring 3 onward is used. Contemporary local Al automation
and augmentation exposure remain unchanged. All columns and panels use the common estimation sample of
column (5) of Table 3. Al automation and augmentation exposure are inverse-hyperbolic-sine transformed and
standardized within this common sample. All specifications control for non-Al automation and augmentation
exposure and baseline workforce characteristics (shares below age 30, above age 55, female, foreign-born, and
employed in manufacturing). Estimates are weighted by 2005-07 FTE employment shares, and standard errors
clustered by commuting zone are reported in parentheses. The Kleibergen—Paap F-statistic is the cluster-robust
weak-identification statistic for the excluded instruments. ***, ** and * indicate significance at the 1, 5, and 10
percent levels.
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Table H.5: Robustness of Relative Al Effects to Alternative Instrument Constructions

Earlier Five-ring Rings Inverse-square
Baseline window buffer 3-5 weights
IV window 1980-2000 1980-1990 1980-2000 1980-2000 1980-2000
Spatial construction d>3,1/d d>3,1/d d>6,1/d 3<d<5,1/d d>3,1/d*
Panel A: Wage bill change
Relative AT Automation -0.030%** -0.089%*** -0.025%** -0.044*** -0.036***
(0.008) (0.008) (0.007) (0.011) (0.010)
Relative AT Augmentation 0.009 0.061*** 0.002 0.022** 0.015%*
(0.007) (0.008) (0.007) (0.009) (0.008)
Panel B: Employment change
Relative AT Automation -0.026*** -0.082%** -0.021+** -0.040*** -0.032%**
(0.008) (0.007) (0.007) (0.011) (0.010)
Relative AT Augmentation -0.027%%* 0.023%** -0.034%** -0.012 -0.021**
(0.007) (0.006) (0.007) (0.010) (0.009)
Panel C: Hourly wage change
Relative AT Automation 0.005* -0.003 0.006** 0.004 0.004
(0.003) (0.003) (0.003) (0.003) (0.003)
Relative AT Augmentation 0.030%** 0.038%** 0.029%** 0.0317%** 0.0317%**
(0.004) (0.003) (0.004) (0.003) (0.003)
KP F-statistic 464.06 669.83 377.25 337.83 498.86
Observations 88,539 88,539 88,539 88,539 88,539

Notes: The table reports 2SLS estimates for occupation—commuting-zone cells using alternative historical Al
breakthrough instrument constructions for the relative Al exposure measures. Relative Al automation and aug-
mentation exposure are defined as the Al shares of total exposure within each channel and instrumented using the
corresponding Al shares of total historical-breakthrough exposure. The contemporary relative Al exposure mea-
sures are held fixed across columns; only the corresponding historical instrument constructions vary. Column (1)
uses AI breakthroughs granted during 1980-2000, excludes the focal commuting zone and rings 1-2, and weights
exposure from ring 3 onward by 1/d. Column (2) uses the earlier 1980-1990 breakthrough window with the same
spatial construction. Column (3) expands the exclusion buffer through ring 5, column (4) uses only breakthrough
exposure from rings 3-5, and column (5) replaces the baseline 1/d weights with 1/d*. All columns use a com-
mon estimation sample requiring every alternative relative instrument to be defined. Relative Al automation and
augmentation are standardized within this common sample. All specifications control for total automation and
augmentation exposure and baseline workforce characteristics (shares below age 30, above age 55, female, foreign-
born, and employed in manufacturing) and include commuting-zone-by-broad-occupation fixed effects. Estimates
are weighted by 2005-07 FTE employment shares, and standard errors clustered by commuting zone are reported
in parentheses. The Kleibergen—Paap F-statistic is the cluster-robust weak-identification statistic for the excluded

instruments. ***, ** and * indicate significance at the 1, 5, and 10 percent levels.
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I Details and Derivations for the Conceptual Framework

This appendix provides additional details and derivations for the conceptual framework in Sec-
tion 2. We first derive the task-level unit costs and then distinguish explicitly between the
technological feasibility of autonomous production and its cost-minimizing use. We finally derive
the conditional labor-demand and physical-productivity effects underlying the labor-market im-
plications in the main text. These derivations do not impose unconditional signs on equilibrium

employment, wages, or the wage bill.

I.1 Unit Costs

Recall from equation (2) that task ¢ may be produced through the labor-tool method or, when

technologically feasible, through autonomous production. Output under the two methods is

Yee(1) = 42 () loc (D) {Tocwoc(@)},  yhe(i) = ARAE (1) koc(d), (30)

where 0 < k < 1. The labor—tool method is technologically available throughout the task space.
Let I, € [0,1] denote the occupation-specific technological feasibility frontier for autonomous
production. Autonomous production is technologically feasible for tasks i < I,,, whereas tasks
with i > I, currently require labor. We take this technological feasibility frontier to be common
across commuting zones because it captures the tasks that existing technology is capable of
performing autonomously rather than the extent of its local implementation.

Let w,. denote the occupational wage, R.X, the unit cost of the tool input, and R, the rental

cost of autonomous capital. Consider first the labor-tool method. Its unit cost is obtained from

gb(i) = min o {wocloc(i) + Riaoc(i)} | (31)

ZOC(i)7$OC 1

subject to

’YOL(Z‘)EOC(Z')liK {Toctoc(i)}" > 1. (32)

Because the production function is Cobb-Douglas and homogeneous of degree one in labor

and the tool input, cost minimization implies

Wocloc(i) = (1 — H)qoLc(i)v Rgf;xoc(i) = quLc(i)- (33)
Hence,
— k)L (i kgL (i
pe(i) = L5 eel) wifoc( L (i) = M), (34)

Substituting equation (34) into the unit-output condition (32) gives

L= L) [(1 - n)qécu)} [roquc(”] " (35)

Woe RX
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and since the exponents sum to one, solving for ¢.(i) yields

. 1 Wee \'7F RX "
Q(I;C(Z): ’YOL('L-) <1—I€) (Iiroc) . (36)

Conditional on autonomous production being technologically feasible, producing one unit of

task output requires

1
koc(t 37
V= a5E BT
The corresponding conditional unit cost of autonomous production is therefore
RK
K
Goe (1) = (38)
ARAKG)

For tasks above the technological feasibility frontier, i > I,,, autonomous production is not
technologically feasible. Equivalently, its effective unit cost can be treated as infinite. The

minimum cost of producing task ¢ can therefore be written as

. min {qoc qoc( )} ) i S jOv
QOC(/L) = (39)
qk.(i), i> I,
Equation (39) separates technological feasibility from cost-minimizing task assignment. For
i < I,, both production methods are technologically feasible and the method actually used is
determined by their relative unit costs.

Equations (36) and (38) give the unit costs reported in equation (4) in the main text. Con-

ditional on the corresponding production method being technologically available and used,

Olngl.(i) _ d1ng.(i) 91ln g (i)

910 Toe & dmRX oln AK (40)

Thus, greater tool productivity or a lower unit cost of the tool input reduces the cost of producing

a task using labor and tools, while greater productivity of autonomous technology lowers the

conditional cost of autonomous production.

1.2 Technological Feasibility and Cost-Minimizing Task Assignment

Within the technologically feasible set, i < I, task 7 is performed through autonomous production

whenever

qhe(i) < ql(d), (41)
or, using equations (36) and (38)
Ly AK 11—k X K
’Yo (7’) S oc ( Woc ) Roc (42)
vEK(i) = RE\1-«k kL oe
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Define relative labor productivity across tasks as

e (i)

Vo (i)

As in the standard task framework, suppose that labor’s comparative advantage increases with
the task index,

W, (i)

(43)

v (i) > 0. (44)

This monotonicity implies that the relative-cost comparison can be summarized by an economic

assignment threshold lfoc. When the threshold is interior, it satisfies

qfc(foc) = qﬁi(Ioc), (45)

or equivalently,

~ AK ( wee N7 [ RX "
lI’O(Ioc) = Rigg (1 — Iﬁ;) (’fFoc . (46)

The two thresholds therefore have different meanings. The technological feasibility frontier I,
determines which tasks autonomous technology is currently capable of performing. The economic
assignment threshold I determines, conditional on technological feasibility, the range of tasks
for which autonomous production would be less costly than the labor—tool method. Actual task

assignment is limited by both conditions, so the effective automation frontier used in Section 2 is

I,. = min {fo, ZJC} . (47)

Tasks with ¢ < I, are performed autonomously, while tasks with ¢ > I,,. are performed by workers
using complementary tools.?"

Changes in the effective automation frontier can therefore arise either from an expansion
in the set of tasks that autonomous technology is capable of performing or from improvements
in the productivity or reductions in the cost of autonomous production that make it the cost-
minimizing method for additional tasks. Improvements in autonomous technology that affect
only tasks already performed autonomously, without changing I,., instead represent a deepening
of automation, a margin we do not consider further here.

Because gl (i) enters the relative-cost condition in equation (46), improvements in comple-
mentary tools may in principle also lower the economic assignment threshold foc by making
production using labor and tools relatively less costly. The main-text comparative statics ab-
stract from this induced task-reassignment margin and isolate the direct tool-complementarity

effect conditional on the task continuing to be performed by labor.

20For simplicity, the expressions above describe an interior economic threshold. Corner cases can be represented
by truncating I,. at the boundaries of the task space.
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1.3 Conditional Labor Demand and Productivity

The labor-demand expressions in Section 2 follow directly from the conditional factor demands
of the labor—tool production method. To produce y,.(i) units of a labor-performed task, total
expenditure is ¢%.(i)yoc(i). Because labor accounts for the share 1 —  of expenditure under the

Cobb-Douglas technology, equation (33) implies

Wocloc(i) = (1 — ’i)qOLc(i)yOC(i)‘ (48)

Equation (48) gives equation (6) in the main text. Aggregating over labor-performed tasks yields
equation (7). Holding task output and factor prices fixed, applying Leibniz’s rule to its lower
integration bound gives the direct automation effect in equation (8).

For tool augmentation, equations (36) and (6) additionally imply, conditional on task output,
wages, and task assignment,

ETi Iy S )

Thus, greater tool productivity or a lower unit cost of the tool input reduces the amount of labor
demanded to produce a given quantity of a task that remains performed by labor.

A higher I, simultaneously raises the physical marginal product of labor. From equation (30),

Oyae (1)
0o (1)

Holding labor and the tool input fixed therefore gives

MPLgc(i) = =(1- H)'YOL(Z‘)EOC(Z')%C {Toctoc(i)}" . (50)

Oln MPLE (i)
0lnT,.

Tool augmentation can therefore raise workers’ physical productivity while reducing the amount

=k >0, 1> Ipe. (51)

of labor demanded for a given level of task output. These are conditional technological effects
rather than equilibrium employment or wage effects. Lower production costs may increase task
and occupational output, while equilibrium wages depend on the value rather than the phys-
ical marginal product of labor and therefore also reflect adjustments in task prices and other

equilibrium responses.
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