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Economists and workers alike have long worried about the prospect of
technological displacement of labor.! Recent advances in artificial
intelligence (AI) have reignited the perennial concern that technology will
automate away most tasks performed by workers, leading to large declines
in labor demand, depressed wages, and diminished job opportunities for
workers. Yet systematic evidence on how technological advances shape
labor demand over the long run remains limited. The difficulty is that even
when technologies are labor-saving, their net impact is ambiguous: They
directly substitute for labor in some tasks, but may also raise overall pro-
ductivity, induce reallocation toward complementary tasks, and increase
aggregate labor demand.

Our goal is twofold. First, we aim to tease apart these forces and under-
stand the role that technological progress has played in shaping the demand
for labor over the long run. Overall, we find that technological innovation
has led to economically meaningful shifts in labor demand across occupa-
tions: It has consistently increased demand for occupations with higher
education requirements, occupations that pay higher wages, and occupa-
tions with a greater fraction of female workers. Second, we explore the
extent to which the experience over the last two centuries is informative
about the role that advances in Al are likely to play in shaping the composi-
tion of the labor force in the medium run. In sharp contrast to the past two
centuries, our framework suggests that Al—by substituting primarily for
cognitive tasks—will shift relative demand toward occupations with lower
education, lower wages, and a greater share of male workers.

Our starting point is a simple theoretical model based on Hampole and
others (2025) that links task-specific technological advances to overall labor
demand for an occupation. The model nests both direct and indirect chan-
nels. A technology that improves a task-specific form of capital substitutes
for labor in that task. If it applies broadly across all tasks of an occupation—

1. In ca. 350 BCE, Aristotle wrote: “[If] the shuttle would weave and the plectrum touch
the lyre without a hand to guide them, chief workmen would not want servants, nor masters
slaves” (Aristotle 1885, p. 6). In 1811, skilled weavers and textile workers (the Luddites)
worried that mechanizing manufacturing (and the unskilled laborers operating the new looms)
would rob them of their means of income. In 1930, Keynes worried about technological unem-
ployment: “We are being afflicted with a new disease of . . . technological unemployment . . .
due to our discovery of means of economising the use of labour outrunning the pace at which
we can find new uses for labour” (Keynes 1978, p. 325). More recently, a McKinsey report
estimated that between 400 million and 800 million jobs could be lost worldwide due to new
technologies by the year 2030 (Manyika and others 2017).
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as with the automatic telephone switching system that displaced operators—
the result is a sharp reduction in labor demand. If it applies only to a narrow
set of tasks—say, a tool that automates expense reporting for academic
economists—the negative impact on labor demand is mitigated, or possibly
reversed. Specifically, because workers optimally reallocate time across
tasks, automation in one task has ripple effects: It frees up labor for other
tasks within the occupation, and it can raise overall productivity in ways
that boost labor demand in other, not directly affected, occupations.

The model implies that the labor market impact of a specific technology
can be summarized by three statistics. First, the mean exposure of an occu-
pation’s tasks to technology improvements is, in general, negatively related
to demand for that occupation. Thus, a moderate improvement in a tech-
nology, which is related to all the tasks of a particular occupation will lower
demand—even a basic tractor will reduce demand for farm labor. Second,
the degree to which the technology exposure is concentrated in a subset
of tasks allows workers to reallocate their effort and thus increases their
productivity and the labor demand for their occupation. Third, the degree
of productivity improvements as a result of these technological advances
directly determines the shift in labor demand across all indirectly affected
occupations.

Measuring workers’ exposure to technology presents two core chal-
lenges: identifying technological improvements and determining the extent
to which they substitute for specific tasks. We begin by using patent docu-
ments as our measure of innovation. While not all inventions are patented,
the patent record provides a consistent proxy for technological change
dating back to the mid-nineteenth century. Mapping technology to tasks is
more subtle. Occupation-specific tasks evolve over time as the structure
of work changes. To address this, we use a state-of-the-art large language
model (LLM) with web search capabilities to generate comprehensive task
descriptions for US Census occupations in each decade from 1850 to 2010.
We then quantify exposure using modern natural language processing tech-
niques: Both patent text and task descriptions are embedded as numerical
vectors, and their semantic similarity is computed via cosine distance. A task
is classified as exposed to a new technology if its vector representation
closely aligns with that of contemporaneous patents. This approach allows
us to track the evolving overlap between new technologies and the tasks
performed by workers over time.

Naturally, the direction of technological innovation can be endogenous to
the current state of the market for specific types of workers. To strengthen our
interpretation of the findings as identifying the causal effect of technology
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on labor demand, we develop a shift-share identification strategy inspired
by Acemoglu, Akcigit, and Kerr (2016). Specifically, our identification
strategy leverages the degree to which breakthrough technological advances,
according to Kelly and others (2021), in upstream technologies diffuses to
innovations in downstream, labor-saving technologies. For example, our
instrument leverages the proliferation of breakthrough technologies occur-
ring in the upstream cooperative patent classification (CPC) technology
class G11 (Information Storage), which led to downstream improvements in
the technology class G06 (Computing, Calculating, and Counting) during the
1980s and 1990s; around the turn of the twentieth century, our instrumental
variables (IV) approach predicts that upstream breakthroughs in technology
class B61 (Railways) resulted in downstream innovations in technology
class B60 (Vehicles in general).

Consistent with the model, we find that the average exposure of an occu-
pation’s tasks to the technologies developed in a given period is signifi-
cantly negatively related to subsequent employment growth. However, for
a given level of mean exposure, labor demand for that occupation increases
if the technology exposure is concentrated in a subset of tasks. Examining
how these results vary across different periods, we find that our results are
broadly consistent across periods, with the exception of the 1880-1920
period. This early period coincides with a number of changes in the defi-
nitions of occupations, a shift that the census occupation classifications
fail to adequately capture. Thus, in the remainder of the paper we focus
on the post-1900 period. Doing so allows us to also control for differential
industry trends (the census starts collecting information on industry in
1910). Our results remain similar if we include the interaction of industry
and decade year effects—in which case we are comparing employment
growth in differentially exposed occupations within a particular industry.
Last, using the census industry assignments starting in 1910, our estimates
reveal a positive relation between increases in the rate of patents that are
relevant for a particular industry and employment across all occupations
in that industry.

Taken together, our findings paint a fuller picture of how technological
change has shaped the relative labor demand for different occupations over
the last century or more. On the one hand, technology has directly substi-
tuted for specific worker tasks, which ceteris paribus has decreased labor
demand for these tasks. However, this does not necessarily imply that
the demand for labor decreased, due to the presence of these two quantita-
tively relevant offsetting forces: Labor-saving technologies allowed workers
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to direct their effort to tasks not substituted by technology, while the result-
ing productivity improvements increased the overall demand for labor for
affected occupations relative to others.

That said, the relative importance of these forces varies across occupa-
tions. In particular, consistent with the prevailing view on job polarization
(Autor and Dorn 2013; Autor, Katz, and Kearney 2006; Goos, Manning,
and Salomons 2014), we find that occupations at the middle of the skill
(income) distribution have been significantly more exposed to technology
in the post-1980 period than workers at either the top or the bottom of the
distribution. Importantly, however, our results indicate that this pattern of
technology-induced job polarization likely started earlier—possibly to the
middle and even early twentieth century. This is consistent with Barany
and Siegel (2018), who argue that labor market polarization can be dated
to at least the post-1950 period, not just post-1980. Moreover, we even find
some evidence of technology-related polarization slightly earlier, going
back to the 1910-1960 subsample of our data. In sum, we find that job
polarization is not just a post-1980 story. It has been going on for decades,
and technology accounts for a substantial share. But consistent with prior
work, the phenomenon intensifies after 1980, and our technology measures
play a larger role in that period.

In addition, we sort occupations into employment-weighted quintiles
based on their average educational attainment or share of workers who
are female. Across the whole sample period and within each subperiod
we analyze, we find a consistent pattern of technology-induced decline
in the employment shares of less educated occupations and also of male-
intensive occupations. Thus our measures of occupational technological
exposure are consistent with the pattern of rising returns to education in the
labor market (Katz and Murphy 1992; Card and Lemieux 2001; Goldin and
Katz 2008) and its relation to skill-biased technological change (Berman,
Bound, and Machin 1998; Krusell and others 2000). Our results on technology-
induced employment expansion in female-heavy occupations in turn may
also speak to the long-run decline in male labor force participation, which dates
back at least to the mid-twentieth century (Parsons 1980).

A key advantage of our measure is that it also includes time series varia-
tion in the direction of innovation over time. Examining the time series, we
see that, prior to 1980, innovation was consistently associated with manual
physical tasks; by contrast, the innovations of the late twentieth and early
twenty-first century have become relatively more related to cognitive tasks.
This pattern is partly driven by the increased prevalence of breakthrough
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patents related to computers and electronics. Last, occupations that are asso-
ciated with interpersonal tasks have consistently low exposures to innovation
throughout the entire sample period.

A natural question is whether the substitutability between new technolo-
gies and worker tasks is stable across task types and over time. To address
this, we decompose our mean task exposure measure into manual, cognitive,
and interpersonal components and relate each to subsequent occupation-
level employment changes. Three patterns emerge. First, exposure of manual
tasks is consistently associated with employment declines, indicating that
technological progress has persistently substituted for manual effort. Second,
exposure of cognitive tasks shows a time-varying relation: Before the infor-
mation and communications technology (ICT) revolution, it is associated
with employment gains, but after the 1960s the effect turns negative. This
shift suggests that earlier innovations complemented cognitive work, while
more recent advances—especially in computing and software—have sub-
stituted for it. Finally, exposure of interpersonal tasks shows no systematic
link to employment changes, implying that social skills may provide some
insurance against labor-saving technologies, consistent with their rising
importance in the labor market documented by Deming (2017).

We also exploit variation across worker cohorts to study how the link
between employment growth and technology exposure differs by age. The
employment changes we document are not driven solely by younger cohorts
avoiding entry into exposed occupations. Instead, we find a strong nega-
tive relationship between mean exposure and employment growth among
incumbents, tracking each age group forward as it ages. In specifications
without the exposure concentration measure, the magnitude of the expo-
sure coefficients increases steadily from the youngest to the oldest cohorts,
consistent with human capital having a vintage-specific component. When
we include concentration, however, the pattern shifts: Concentration coef-
ficients are especially large for the youngest incumbents, suggesting that
the productivity gains from task reallocation accrue disproportionately to
younger workers.

In sum, our empirical results largely validate the model’s predictions
regarding the impact of technology exposure on labor demand. In the final
part of the paper we use the structure of the model, with some additional
assumptions, to explore the impact of advances in Al on relative labor
demand across occupations over the medium run. Overall, a robust pattern
emerges: We expect that Al advances will partially reverse the trends in
relative employment growth induced by technology during the twentieth
century. That is, we expect that Al will increase the relative demand for
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occupations with lower education requirements, lower pay, and lower share
of female workers. These cross-sectional predictions are obtained under the
assumption that Al is likely to automate certain cognitive tasks performed
by workers, which do not require significant prior experience—in much
the same way that mechanization in the twentieth century substituted for
manual tasks performed by workers.

Our analysis connects to a large literature on labor-substituting techno-
logical change. One influential strand emphasizes the role of automation
in displacing routine tasks, showing that occupations with higher routine
task intensity have been more exposed to recent labor-saving advances
(Autor, Katz, and Kearney 2006; Acemoglu and Autor 2011; Goos, Manning,
and Salomons 2014). A second strand develops direct measures of labor-
saving technologies and quantifies their labor market consequences.? Our
contribution is to bring a long-run perspective: Rather than focusing on
recent decades or specific technologies, we trace how successive waves of
innovation since the mid-nineteenth century have reshaped labor demand
across occupations.

Related work by Autor and Thompson (2025) also emphasizes how labor-
substituting technological change can have nuanced effects depending on
which specific tasks within a job are affected. Their model highlights how
automation-induced changes in expertise requirements within a job operate
like an occupational supply shift: Jobs that remove relatively nonexpert
tasks due to automation may see both falling employment and rising wages,
because the remaining nonautomated tasks require workers to maintain a
higher level of expertise. Our mechanism instead emphasizes how the distri-
bution of task exposure to technological change may mediate the size of the
labor demand shift: Comparing two jobs facing the same average amount of
labor-saving technological exposure across all their tasks, we expect the job
with technology exposure that is more concentrated in a subset of tasks to
experience better demand outcomes. This is because the ability to reallocate
effort to unaffected tasks mitigates the negative direct effects of average
exposure to technological substitution.

Closest to our work is Hampole and others (2025), who leverage detailed
data on worker resumes and firm job postings to examine the impact of

2. An incomplete list includes Webb (2020); Jiang, Tang, and others (2025); Acemoglu
and Restrepo (2022); Humlum (2021); Dauth and others (2021); Koch, Manuylov, and Smolka
(2021); de Souza and Li (2023); Kogan and others (2023); Mann and Piittmann (2023); Jiang,
Park, and others (2025); Hémous and others (2025); and Aghion and others (2020).
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Al on labor demand during the 2010-2020 period. Using their model as a
guide, we leverage data on patents to construct measures of the mean and
concentration of technology exposure at the task level over the last two
centuries. Given the long time span of our analysis, the granularity of our
exposure measures is significantly lower—we can only construct our expo-
sure measures at the occupation level. Nevertheless, we reach some similar
conclusions: Occupations with high mean exposure to labor-saving tech-
nologies experience declines in labor demand, while the degree to which
technology exposure is concentrated in a subset of tasks has an offsetting
effect. Unlike Hampole and others (2025), we cannot observe technology
adoption at the firm level, which limits our ability to estimate the degree of
productivity spillovers in the data.

I. Theoretical Framework

To guide measurement, we first begin with a simple model based on
Hampole and others (2025). A central implication of their framework is
that the effect of technological change on labor demand depends on how
capital-augmenting shocks are distributed across the tasks that define an
occupation. When improvements are broad-based—raising capital produc-
tivity across most tasks—capital substitutes directly for labor, leading to
a decline in occupational labor demand. By contrast, when advances are
uneven and concentrated in a subset of tasks, workers shift effort toward
the remaining tasks, raising their marginal productivity and potentially
increasing labor demand overall.

L.A. Setup

A single final consumption good (the numeraire) is produced using a
nested constant elasticity of substitution (CES) production function. In the
outer nest, aggregate output Y is a CES composite of the output Y, of a
continuum of different industries indexed by /,

0
(1) ?=<La§YfT]d1)e .
where 0 captures the elasticity of substitution across industries and ¢, is a
weight capturing an industry’s importance in the final good. Here, o, can
represent the level of industry total factor productivity or the number of
products produced by the industry; see Hampole and others (2025) for
more details.
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Each industry produces its output Y, by combining the output of many
occupations,

[ a(o. 1)1 (o, I)XT_I]% .

The parameter y governs the elasticity of substitution across different occu-
pations within an industry, and oo, /) is a weight capturing the impor-
tance of occupation o in industry / output. Relative to Hampole and others
(2025), we simplify by assuming that firms are perfectly competitive within
industries. Hence, all firms price at marginal cost and earn zero profits in
equilibrium.

Workers in occupation o employed in industry / produce output Y(o, /)
as a CES composite of different tasks,

(2) Y, =

1 v

. o)~ [ g P07

where the relevant subset of tasks 7 ( 0,1 ) is occupation-specific. The CES
parameter y governs the elasticity of substitution across tasks within a
given job, controlling the extent to which tasks are complements (y < 1) or
substitutes (y > 1) in production of Y(o, /). We economize on notation at
the task level by suppressing the industry and occupation subscripts unless
needed. As above, the weight o j), which may vary by industry, occupation,
and task, captures the importance of task j in production.

Each task j in job (0) is produced by a labor input /() and a capital

input &( j),

S O ST

Here, v captures the elasticity of substitution between capital &( j) and labor
(/). In discussing comparative statics obtained from the model, we assume
that v > y. This assumption implies that reductions in the user cost of &( ;)
specific to task j will likely be labor-saving.

As in Acemoglu and Restrepo (2022), ¢( j) captures the quality-adjusted
price of capital k() that is specific to task j—that is, the rate at which
the final good can be transformed into capital specific to task j. Given our
objective of capturing long-run shifts in the economy, capital is assumed
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to fully depreciate after production, and part of the final good is used as an
intermediate input in production of capital. Following Hampole and others
(2025) and Kogan and others (2023), innovations affect the real economy
by reducing the quality-adjusted price of capital g( j),

) Alog q(j)=—¢(J).

Each technological improvement is potentially applicable to several tasks
within a job—defined as an occupation-industry pair. A given technological
improvement that is applicable to job (o) can therefore be represented as a
job-specific vector € of weakly positive random variables. If g( j) > 0, that
implies the arrival of an improved (or cheaper) labor-saving technology
that is specific to task j. For now, we are completely agnostic about the joint
distribution of these technology improvements.

The last piece is labor supply. The first-order condition for labor supply
at the occupation-industry level satisfies

(©) N(o.1)=aa(o)(W(o.1)).

where W(o, ) is the equilibrium wage offered to workers in industry 7 and
occupation o.

In addition to choosing how many efficiency units of labor to allocate to
each occupation-industry cell, the Hampole and others (2025) framework
allows workers to optimally choose the fraction of time to allocate to each
task in order to maximize total earnings. The effective supply of labor by
workers in task j is equal to

() i(j)=a(ifn(i) ",

where B € (0, 1) captures the degree of decreasing returns to effort at the
task level. As B — 1, the allocation of efficiency units across tasks is fixed
at the exogenous level oy j). By contrast, as B — 0, workers can friction-
lessly reallocate time across tasks. Lowering B increases the flexibility of
workers to respond to changes in their productivity across tasks by reallo-
cating time. For each efficiency unit of labor, we normalize the total number
of hours a worker can supply across all tasks, which is equal to one. Given
the above, the optimal hours supply of a worker in job (o, /) to task j is
equal to
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®) hi)= 1
Zcgton lk)w(kP

where w( j) is the occupation-specific wage in task j. Thus, incorporating
the optimal hours choice in equation (8), a worker’s total earnings in job (0)
per efficiency unit equals

O Wot)= % @) () =[S el )é]ﬁ’

which depends on the worker’s allocation of time and the (job-specific)
task prices w( j).

1.B. Model Implications

With our model in hand, we can analyze the impact of a shift in € on
equilibrium earnings and employment. Approximating around the symmetric
equilibrium in which the labor share is constant across tasks, Hampole and
others (2025) derive a simple linear equation for employment growth due
to changes in technology,

(10) AlogN(o, 1)~ {n.m(e)+ 2%

Direct effects

,%C( >+ Aloga, +(n.A.log Z,

Industry spillovers

Cn ——A.log Q.
—X

Aggregate spillovers

Equation (10) serves as the foundation of our empirical analysis. We next
discuss its key components.

The first two terms in equation (10) capture the direct effect of technol-
ogy improvements on labor demand, which depends on two key sufficient
statistics. The first statistic is

(1) m(e) Zjeﬂa,,)%e<f>’

Zkej(a,]) a

that is, the task importance—weighted mean improvement of the technol-
ogy across all tasks within the industry-occupation cell. The impact of the
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occupation’s mean exposure, equation (11), on labor demand depends on
the elasticity of labor demand { and

B sk(v—x)
CHvsetx(1-s)

(12) Nw =

where s, is the capital share, which is assumed to be equal across all tasks.

The sign of 1,, depends on whether the elasticity of substitution between
capital and labor v exceeds the elasticity of substitution ¥ across occupa-
tions within industries. To see why, consider a capital improvement that is
specific to task j. This improvement directly substitutes for labor in task j,
with v capturing the elasticity of substitution between capital and labor. At
the same time, the productivity of the occupation has increased, and thus
labor demand for its output; and ¥ is equal to the elasticity of demand for
that occupation (Hicks 1932). The resulting impact on labor demand (and
wage earnings) is a function of the sign of v — , that is, whether the decline
in labor demand due to improvements in labor-saving technology is greater
than the increase in labor demand for the occupation as its productivity
increases.

The second term in equation (10) captures the extent to which technologi-
cal improvements are concentrated in specific tasks. This term depends on
the degree to which technology improvements are concentrated in specific
tasks,

) c<e>zz,€,°‘<—">k)<e<j>—m<e>)i

as well as

skﬁ<v—\|l)
(l—B)-f-B(Vsk-l-w(l—sk))

’

(14) n,=-

which captures the impact of €(j) on the wage paid for task j w( ;) relative
to the effect on €( /) on the wage paid on other tasks j'# /.

This concentration effect emerges due to two forces. First, in the model,
workers can optimally respond to changes in labor productivity by reallocat-
ing time across tasks, with the scope for reallocation being inversely related
to B. Second, log wages are a convex function of the vector of task-level
wages, so Jensen’s inequality implies that (appropriately weighted) mean
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preserving spreads in task prices log w(j) increase occupation wages and
labor demand. The more that productivity improvements are concentrated
in a subset of tasks, both effects become larger quantitatively. The concen-
tration effect is unambiguously positive, partially offsetting the (typically
negative) direct effects associated with m(g).

The final two terms in equation (10) capture productivity spillovers. The
third term captures increases in labor demand due to technology improve-
ments. This term in turn depends on two economic forces: first, changes in o,
for instance, due to the creation of new products; and second, changes in
industry productivity Z,, as the cost of production falls. The extent to which
changes in industry productivity increase labor demand depends on

s _810gw<j)_ 80—
( ) nj: alogZ, _SkV+S1X+€.

As industry 7 becomes more productive, it will increase its labor demand
for occupations. At the same time, however, whether the demand for the
industry’s output increases or decreases depends on 0. If the elasticity of
substitution across industries 0 is greater than the elasticity of substitution
across occupations within a given firm Y, then an increase in industry pro-
ductivity leads to an increase in the wage of each task. The final term in
equation (10) captures aggregate labor demand and supply effects.

In the next section, we will construct direct empirical proxies for the first
three terms in equation (10). Most importantly, our empirical design will
include calendar year fixed effects; therefore, we cannot directly estimate
the last term in equation (10). Given this “missing intercept” problem, our
empirical regressions can only identify relative employment shifts across
occupations and industries. This issue becomes even more salient in the
pre-1910 sample, given that the census only included industry codes in 1910.
This implies that, for the pre-1910 period, both the third and the fourth
terms in equation (10) are absorbed.

II. Measurement

Our model in the previous section implies that the impact of a specific
technology on labor demand for a specific occupation can be summarized
by three objects: the average improvement in the labor-saving technol-
ogy across the tasks performed by workers in that job, equation (11); the
degree to which these improvements are concentrated in specific tasks,
equation (13); and the impact of industry spillovers—the term involving Z,
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in equation (10). In this section, we describe how we construct empirical
analogues of these objects in the data.

11.A. Data Sources

Our broad goal is to use the textual description of these innovations to
relate these innovations to the tasks that workers do. Here, we briefly describe
the sources of data for our empirical analysis. We relegate all details to the
online appendix.

TECHNOLOGY IMPROVEMENTS We measure technology improvements using
patents. We obtain the textual description of innovations of patents for
the 1836-2024 period from Google Patents and PatentsView. Since the
quality of the extracted text varies considerably over time, we use a modern
LLM to obtain a concise description of the key new innovation from each
patent document. To represent these patent summaries in numerical data, we
use embeddings provided by OpenAl.* Online appendix B.1.1 and B.1.2
provide further details.

We next construct a coarse measure of which industries are particularly
likely to see productivity improvements from technology p. In particular, as
part of the LLM-generated summary in the previous section, we also query
the LLM to provide a likely industry of use for each patent. Using the same
OpenAl embeddings as above, we compute the cosine similarity between
these industry-of-use descriptions from the LLM and the textual descrip-
tions of the industries from the census (using the time-consistent IND1950
census industry scheme). We assign a patent as relevant to a given census
industry if the census industry title is the most textually similar to the
patent’s industry-of-use description (based on cosine similarity of the
embeddings generated for the patent industry of use and census industry
title); we further assign the patent to the industry if the textual similarity is
in the top 1 percent of all industry-patent similarity pairs for patents issued
in that decade.* Online appendix B.1.3 provides further details.

As part of some of the descriptive analysis in the next section, we group
technologies into broad categories over different time periods. To do so,

3. We use the OpenAl text-embedding-3-small model. Embeddings are geometric repre-
sentations of the semantic meaning of text and have the property that the cosine similarity of
two embedding vectors has a high value when the words have a similar meaning (see, e.g.,
Mikolov and others 2013).

4. For example, the LLM indicates that the industry of use for US patent 6,009,696
(harvester head for dried-on-the-vine raisins) is “most likely to be used in the agricultural
industry, specifically in the production of vine crops such as raisins, olives, and other tree
crops.” Based off the textual similarity between this sentence and the census industry descrip-
tion, we match this patent to census industry 356, Agricultural Machinery and Tractors.
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we estimate a k-means clustering algorithm on the document embeddings
in order to separate patents into twenty groups over three distinct technol-
ogy periods (1850-1920, 19201980, and 1980-2020). Then, we provide
a large number of example summaries from each cluster to the OpenAl 03
model and ask it to provide concise labels summarizing each technology.
See online appendix B.1.4 for further details.

TASKS A key challenge in our long-run empirical analysis is that the
scope and function of occupations have changed over time. Given our
use of the census data, an important constraint is the census definitions of
occupations (which change over time). Unfortunately, a detailed descrip-
tion of what these occupations do is not available—the earliest vintage of
the Dictionary of Occupational Titles (DOT) starts in 1939. To overcome
this challenge, we employ a specialized LLM trained to understand and
execute web search queries (GPT-40 search preview model), and direct
the LLM to provide a list of tasks performed by each census occupation,
in each decade from 1850 to 2010, in the style of occupation task descrip-
tions in O*NET. The result of this query is a combination of 84,393 task-
occupation-decade, spanning the years 1850-2010. On average, the search
query returns approximately fourteen tasks per occupation in each decade.
Online appendix table A.1 lists some examples. As before, we represent
these tasks as numerical vectors using the same embeddings from OpenAl
that we use for the technology descriptions in the previous section. Online
appendix B.2.1 provides further details on the procedure.

These LLM-sourced task descriptions play a key role in our empirical
analysis. To validate these descriptions, we compare their semantic mean-
ing with either the DOT or O*NET counterparts whenever these are avail-
able. Specifically, for each occupation in the 1940, 1980, and 2010 decades,
we compute the (cosine) similarity between the average task embedding of
the LLM-sourced task descriptions and the average task embedding of its
DOT or O*NET counterparts. We then compare the distribution of these
similarity scores to a placebo distribution where we randomly compare
the LLM tasks with a different occupation in the DOT or O*NET. As
we see in online appendix figure A.1, the task descriptions we obtain from
the LLM are fairly similar to their DOT or O*NET counterparts from the
same period and are significantly different from the placebo distribution.
Interestingly enough, the LLM tasks from the 2010 period are particu-
larly close to the O*NET tasks, which suggests that these tasks are part
of the LLM’s search query. In brief, using this procedure allows us to
measure worker tasks during periods where official sources are not easily
available.
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In addition, we use the same LLM (GPT-4o0 search preview) to obtain
a classification of these tasks into three categories: manual, cognitive, and
interpersonal. To help the LLM classify each task, we first manually classify
a list of forty-one distinct occupational work activities from O*NET into
a cognitive, manual, or interpersonal category. We then provide the LLM
with these categorizations as context for how to categorize a task into one of
the three categories. Approximately 45 percent of the task-occupation-year
triplets are classified as manual, 34 percent as cognitive, and 21 percent as
interpersonal tasks. See online appendix B.2.2 for details.

EMPLOYMENT We obtain employment counts using the IPUMS census
extracts. We extract information on gender, age, occupation, industry, and
labor force participation. We restrict the sample to census respondents age
1575 who report that they are employed. We exclude members of the
armed forces and occupation codes indicating a nonoccupational response.
Following Katz and Margo (2014), we include both men and women in
our analysis; however, we also investigate the robustness of our findings
by restricting to men. We compute employment in a specific occupation
(or industry, when available) using the census respondent weights. To com-
pute employment growth across decades, we aggregate the decade-specific
definition of census occupations into time-consistent classifications. Online
appendix B.3 contains further details.

11.B. Measuring Technology Exposure

The next step is to estimate the direction of technological progress, spe-
cifically, the extent to which the tasks of a particular occupation are exposed
to technological innovation in a given period.

TASK TECHNOLOGY EXPOSURE We measure the exposure of a task per-
formed by a given occupation to a particular technology using textual simi-
larity between the summary of patent documents and the LLM-sourced
tasks described above. For each pair of patents p and tasks j in a particu-
lar decade T, we compute the cosine similarity between their OpenAl text
embeddings. We consider a task j exposed to technology p if its cosine
similarity exceeds a particular threshold: As our baseline, we consider the
95th percentile of the distribution.’ Thus, we compute the probability that
task j is exposed to technology improvements in the period from 7'to 7+ H as

5. Time variation in our measure is confounded by changes in language over time. To
address this, we demean patent-task similarity scores by year and compute percentile cutoffs
separately for tasks in each census decade. Specifically, for a task j linked to a census occupa-
tion in decade 7, we calculate the 95th percentile cutoff using the distribution of similarity
scores across patents issued from twenty years before to twenty years after the start of decade 7.
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_ 1 |ZPEPTH1<similarity1,_j> p95>_

| T.T+H

(16) Exposure’;

Equation (16) measures the direction of technological progress in a given
decade: the average exposure of task j to technologies in patents issued
between years T and 7+ H. Through the lens of the model, we can interpret
equation (16) as being proportional to the degree of technology improve-
ments €( j) that are specific to task j in a particular period.

OCCUPATION TECHNOLOGY EXPOSURE The next step involves extrapolating
from task exposures to technology to the exposure of a particular occupa-
tion to technology. The model provides a useful guide—equations (11)
and (13)—which states that an occupation’s exposure to technology is a
function of not only its average task exposure to technology, but also the
extent to which this exposure is concentrated in particular tasks. We construct
the direct analogues of equations (11) and (13) in the data as

1
17) Mean Exposuref, = ——— Z/e/(afr) Exposure’;
|(.7)|
and
(18) Exposure Concentration’,
1

i m Zjel(”)(ExposurefT B Exposuregr>2.

Given our timing convention, equations (17) and (18) measure the flow of
innovation across one or two decades.®

There are two important caveats that we should keep in mind. First, the
measures of occupation exposure vary only at the occupation level; there
is no variation across industries. The reason is that our assignments of

For example, for the 1940 Census tasks, the cutoff is based on patents issued between 1920
and 1959. Using alternative thresholds (e.g., the 90th or 99th percentile) yields nearly iden-
tical results. Because the cutoffs are decade-specific, low-frequency time series variation in
our measure should be interpreted with caution. However, secular shifts in language are less
likely to confound the cross-sectional dimension of our exposure measures.

6. The fact that occupation definitions change over time implies that we need to subtly
modify equations (17) and (18) to map them into time-consistent census occupation codes. In
the cases where multiple decade-specific occupation codes map into a single time-consistent
occupation code (using the census OCC1950 scheme), we compute weighted averages of
equations (17) and (18), using the share of individuals in each aggregated occupation.
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patents to sectors using LLMs are a bit too coarse to accurately compute
equations (17) and (18) at the sector-occupation level.

Second, our measure of task exposure, equation (16), which is used to
construct equations (17) and (18), measures the direction of technological
progress in a given decade. What is missing from these expressions is a
measure of the infensity of technological progress. Given our use of patent
data, it is quite challenging to identify shifts in the intensity of innovation
that is directed to specific tasks—and potentially specific sectors. To over-
come this limitation, we will also explore the relation between technology
exposure and employment growth period by period.

INDUSTRY SPILLOVERS Given the long historical period we study, obtain-
ing consistent measures of industry output or productivity is difficult. We
therefore rely on patents, which we assign to industries using the LLM-
based procedure described above. Because the industry matching is text-
based and census industry descriptions are sparse, there are some industries
that persistently get matched to a large share of patents (such as IND1950
code 399, Miscellaneous Manufacturing Industries), while others get
matched to a small share. This creates large-level differences in the flow
of patents matched to an industry. To account for this, we instead rely on
growth rates in the number of patents assigned to a given industry. For
twenty-year employment changes, our industry spillover measure is

(19) Spill;} = log (Matched Patentsr_.r+20, ,)
— log( Matched Patents;—»._. T<,-)

where Matched Patents;. ., is the number of patents issued between
years T and T + 20, which are matched to industry /. The measure for
the ten-year horizon Spill}} is defined analogously. Accordingly, we map
the broad changes in technology-related industry productivity implied
by the model to the growth in the number of patents that are applicable to
that industry.

A SHIFT-SHARE IV The direction of innovation is likely endogenous to the
state of the labor market in a particular period. To address this concern we
build a shift-share IV that builds on Acemoglu, Akcigit, and Kerr (2016).
In particular, our shift-share identification strategy leverages the extent to
which variation in the arrival of breakthrough technologies in an “upstream”
technology class leads to the development of “downstream” (labor-saving)
technologies in other tech classes. Our identification assumption is that the
development of these upstream technologies is unrelated to the labor market
conditions of the occupations exposed to the downstream technologies.
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The construction of our shift-share instrument entails two steps. The
first step involves predicting the arrival of the number of patents NV_, in a
given tech class ¢ at time ¢ using a Poisson regression. Our predictor is con-
structed based on previous breakthrough innovations in other tech classes
that occurred in the past:

(20) 7\4(.1 = Zr Z(,r%(_ Qv?c.fﬁ X 1(-'.171-

The predicted number of downstream patents A, depends on two objects.
First, Q__,_,. is a technology diffusion matrix constructed based on the
textual similarity of patents: Its elements are the average similarity of
patents in technology class ¢ to patents in tech class ¢’ for patents issued
in tech class c at time ¢ and tech class ¢” at time ¢t —T; T= 35, ..., 20, which
represents a diffusion lag for innovation to propagate from tech class ¢’
to c. When constructing Q, we set its diagonal to zero: We only use spill-
overs to tech class ¢ from other tech classes ¢’. Second, I, is equal to the
intensity of breakthrough patents in tech class ¢ and year ¢, measured by
the number of patents that are breakthroughs according to Kelly and others
(2021) granted in year ¢ and in tech class c relative to total patents in year ¢
and tech class c. We estimate the Poisson regression at an annual frequency,
allowing the estimated coefficients to vary by decade 7, and then sum the
predicted number of patents each decade. Overall, equation (20) is a strong
predictor of subsequent patenting in tech class ¢, with an average ¢-statistic
of 4.2 across the decade-by-decade coefficients. See online appendix C.4
for further details.

The second step involves estimating the likelihood that a patent p from
tech class c is related to task j:

1

21 Ojr=r—
( ) 5T |P(-,T—1o|

Z,,E,,‘H 1 ( similarity , ;> p95 )

When constructing the exposure shares, equation (21), we use all patents
issued in the previous decade.

Putting the pieces together, our shift-share measure for the exposure
probability, equation (16), of task j to technological innovation in period T’
is given by

N{‘l7

(22) h=3 05X

| T.,T+H |
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Our instrument is equal to the sum across tech classes of the product of
the predicted shifts in the direction of innovation, equation (21), times
the predicted share of innovation in tech class ¢ in decade T over the
horizon H—the fitted values from the Poisson regression above divided
by the total number of patents during this period. Using equation (22), we
proceed to construct instruments for our mean (equation 17) and concentra-
tion (equation 18) measures, by replacing equation (16) with equation (22)
in their definition.

Last, we instrument for industry-level technological spillovers as follows.
The first step is to predict the level of patenting in the industry at the H-year
horizon based on innovation in upstream technologies as

(23) Predicted Patentsr .z = D, Trer10 X Nip,

where I';_ ., is the probability that a patent in time period 7 belonging to
tech class c is relevant for industry / given our textual mapping of patents
to industries. We compute the growth rate of equation (23) at the H-year
horizon to instrument for our industry spillover measure, equation (19).

11.C. Examples

A key advantage of our measure is that it is available for essentially all
years for which patents are available, and thus allows us to study very dif-
ferent technologies across long periods of time. Here, we first discuss some
specific examples and then examine which major innovations are driving
our exposure measures during different periods.

EXAMPLES FROM SPECIFIC INVENTIONS As an early example from the nine-
teenth century, consider the Bessemer process (US patents 16,082 and
49,055), the first method for mass-producing steel inexpensively. The
occupations most exposed to these patents were in the iron and steel indus-
tries. Another example is the invention of the sewing machine. US patent
276,146, issued in 1883, is most closely linked to sewing machine operators,
followed by carpet makers and thread makers. Other occupations had lower
mean exposure overall but concentrated exposure in specific tasks, such as
tailors and tailoresses, and shirt, cuff, and collar pattern makers. These exam-
ples illustrate how major breakthroughs in the Second Industrial Revolution
directly transformed manual occupations in textiles and metalworking.

A particularly vivid case of skill displacement is the cylinder machine
(US patent 814,612), a major innovation in the window glass industry during
the late nineteenth century and included by Kelly and others (2021) in their
list of breakthrough patents. Within a generation, the process of producing
window glass shifted from handblown to mechanization, and entire artisanal



LIU, PAPANIKOLAOU, SCHMIDT, and SEEGMILLER 235

branches of the industry disappeared. As Jerome (1934) documents, wages
of blowers and gatherers fell by 40 percent, and multiple skilled trades were
eliminated. We identify glassworks operatives as being among the most
related occupations to this patent. Moving to the early twentieth century,
Jerome (1934) describes the Barber-Colman warp-tying machine (patent
1,115,399), which could replace the work of about fifteen hand operators
and be run by a single tender. In our methodology, the closest occupations
include thread makers, sewing machine operators, lace makers, and carpet
makers. Another example is the drawing-in machine (patent 1,364,091),
which displaced five or six manual drawers-in with one operator and an
assistant, again mapping closely to textile occupations. Other cases from
this period further illustrate the link between particular patents and occu-
pational exposure: the refrigerator (patent 1,276,612), linked to traders and
dealers in ice; the modular combine harvester (patent 4,846,198), linked
to farm laborers; the cotton picker spindle (patent 2,716,320), linked to
textile weavers; the washing machine (patent 2,758,461), linked to laun-
dresses; and the automatic telephone exchange systems (patents 1,146,583
and 1,439,723), linked to telephone operators.

Not all examples from this period represent labor-saving innovations.
Some patents describe technologies that support cognitive tasks and could
plausibly complement labor rather than substitute for it. For instance, patent
1,138,792 (a calculating machine) relates to the task, “prepare financial
statements, such as balance sheets and profit and loss statements, by aggre-
gating data from various ledgers and journals,” performed by accountants
and auditors. Likewise, patent 2,655,941 pertains to the task, “diagnose
mechanical or hydraulic system failures to determine necessary repairs,”
performed by airplane mechanics and repairmen. These cases underscore
that exposure in our measure does not necessarily imply substitution but
can also capture technologies that enhance or complement human tasks.

Finally, in the second half of the twentieth century, labor-saving patents
shifted toward white-collar and service work. For example, US patent
5,911,135 (system for managing financial accounts by a priority alloca-
tion of funds among accounts) is most closely linked to financial officers,
accountants, and auditors. Patent 5,828,979 (automatic train control system
and method) is related to locomotive operating occupations and railroad
conductors and yardmasters. Patents 5,696,906 and 5,592,560, which cover
e-commerce technologies, are most closely associated with billing clerks
and sales occupations.

WHICH TECHNOLOGIES ARE DRIVING EXPOSURE? We next ask which types
of technologies drive our exposure measures. To do so, we split the sample
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into three periods and assign patents within each to twenty broad technol-
ogy groups, using the clustering and labeling procedure described in sec-
tion II.A and online appendix B.1.4. Figure 1 reports, for each period, the
share of overall exposure (dark grey bars) and the share of patents (light
grey bars).

1850-1920. Panel A covers the Second Industrial Revolution. The
largest source of exposure is woodworking machinery, reflecting the impor-
tance of agriculture and related industries early in the period. Textile and
manufacturing machines and railroad technology are also key contributors,
consistent with the replacement of artisanal production by mechanized
factory production. By contrast, categories such as packaging and containers
and household and leisure devices account for a sizable share of patents but
little worker exposure.

1920-1980. Panel B shows a similar imbalance. Mechanization tech-
nologies continue to dominate worker task exposure, well beyond their pat-
ent share. Meanwhile, several important innovations—industrial chemical
processes, chemical compositions and polymers, and electronics and com-
munications systems—generate many patents but little direct exposure, sug-
gesting they reshaped production without directly displacing tasks at the
occupational level.

1980-2020. Panel C highlights the ICT era. Software, networking, and
security systems emerge as the dominant source of worker task exposure,
especially late in the sample. Earlier in the period, printing, paper, and copy-
ing contributed disproportionately. Across the period, ICT-related categories
consistently drive exposure. Other breakthroughs, including advanced circuits
and signal processing and pharmaceutical and biotech innovations, account
for large patent volumes but a relatively small share of task exposure. A key
difference from earlier eras is that exposure now increasingly comes from
white-collar, cognitive technologies, in contrast to the manual, physical tech-
nologies that dominated earlier periods. We examine these occupational dif-
ferences in more detail below.

lll. Technology Exposure and Employment

Here, we discuss our main empirical findings regarding the impact of tech-
nology on the employment shares of different occupations. Section III.A
presents our first set of results, which focus on identifying the direct effect
of technology on labor demand, abstracting from productivity spillovers.
Section III.B estimates the impact of productivity spillovers. Section II1.C
examines what our estimates imply for changes in the composition of
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Figure 1. Composition of Overall Technology Exposure, by Technology Clusters
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(continued on next page)
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Figure 1. Composition of Overall Technology Exposure, by Technology Clusters
(Continued)
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Figure 1. Composition of Overall Technology Exposure, by Technology Clusters
(Continued)

Panel C: 1980-2020
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Source: Authors’ calculations.

Note: This figure plots the composition of technology exposure across twenty major technology clusters
identified for the 1850-2020 period. Specifically, we use a k-means algorithm to separate technologies
into twenty clusters, then use an LLM to generate short labels for each. The share of total occupational
exposure and the fraction of patents associated with each cluster are shown in dark grey and light grey bars,
respectively. Clusters are sorted vertically based on descending contributions to occupational exposure.



240 Brookings Papers on Economic Activity, Fall 2025

employment across occupations by education, average occupational wage
level, and gender. Section II1.D considers heterogeneity in the link between
exposure and employment growth by different task types and across dif-
ferent age groups.

111.A. Technology Exposure and Occupation Labor Demand

We begin our analysis using the full sample of occupation-decade employ-
ment counts spanning from 1850 to 2020. Given the absence of consistent
industry identifiers in the data, we are only able to identify the first two terms
of equation (10). Thus, initially, we will abstract away from measuring the
productivity effect of technology on labor demand.

BASELINE RESULTS We first examine the impact of the mean and concen-
trated technology exposure of occupation o to technology improvements
in decade beginning year T over a horizon of H of ten or twenty years. In
particular, we estimate

Nu,7‘+H

(24) log[ N ]= B Mean Exposure?;

o,T

+ Y Exposure Concentration; + cI',, + €,7.

Equation (24) is the direct empirical analogue of equation (10) in the model.
Here, N, ; denotes the employment of occupation o in census decade 7.
Given our timing convention, our ten-year specification relates the flow
of innovation that occurred, for instance between 1850 and 1860, to the
growth in employment over the same period. Depending on the specifi-
cation, the vector of controls I' includes calendar year effects, the share
of occupation o in total employment in period 7, and the occupation’s
employment growth over the last decade. Standard errors are clustered
at the occupation level. Table 1 shows the estimated coefficients 3 and y
across different specifications.

First, we see that occupations with greater average exposure to techno-
logical improvements experience significant declines in employment growth
relative to occupations with lower exposure. The coefficient f is consistently
negative and statistically significant across all specifications, with magni-
tudes increasing at longer horizons. The ordinary least squares (OLS) and
IV estimates are comparable. Economically, these effects are substantial:
A one standard deviation rise in mean task exposure predicts an 11-13 per-
centage point employment decline over a decade—for comparison, the
standard deviation of occupation employment growth is approximately
75 percent across a decade.
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Second, controlling for mean exposure, increased concentration of tech-
nology exposure across tasks partially offsets these employment declines.
That is, we see that the estimated coefficient y is now consistently posi-
tive across different specifications and horizons, though it is somewhat less
precisely estimated than the B coefficient. In terms of magnitudes, holding
the degree of mean exposure constant, a one standard deviation increase
in concentration is followed by approximately a 6—7 percentage point
increase in employment over the next decade.

Third, the OLS and IV specifications are largely comparable across
specifications. In general, there are two reasons to expect these two estimates
to differ. First, there could be classical measurement error, which would
tend to attenuate the OLS coefficients toward zero. Second, if labor-saving
innovations are endogenously directed toward certain occupations that are
expected to experience increased labor scarcity, then the OLS coefficient
could be larger in magnitude. However, the fact that the IV coefficients are
comparable in magnitude to the OLS estimates suggests that this type of
selection is unlikely to be driving our estimates.

Fourth, interpreting the signs of these coefficients through the lens of
the model, we see that the model indeed implies a positive estimate of .
By contrast, a negative estimate of 3 strongly suggests that our measure
of task exposure identifies technologies that substitute for labor in these
tasks—that is, the elasticity of substitution between capital and labor v is
greater than the elasticity of substitution across tasks .

Fifth, our baseline specification, equation (24), focuses on contempora-
neous effects of technology exposure on employment growth. Even though
we estimate long differences, delayed adoption may generate lagged
responses. To account for this, we reestimate equation (24) using employ-
ment growth over longer horizons as the dependent variable, while holding
exposure measures fixed at H = 10. Given the serial correlation of our mean
and exposure measures (90 and 71 percent, respectively, at the ten-year
horizon), we also include their lagged values to control for persistence in
technological development. Figure 2 shows that estimated coefficients rise
with the horizon but level off after about five decades, though standard
errors widen given the limited sample. These results suggest that our base-
line estimates likely understate the full extent of labor reallocation induced
by technology.

Last, recall from our discussion in section II.B, our mean and exposure
measures only identify the direction of technological innovation in a par-
ticular decade. Absent a direct measure of the intensity of technological
innovation that is consistently available over the entire period, we then
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Figure 2. Technology Exposure and Employment Growth, Dynamic Effects

Panel A: Mean technology exposure
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Panel B: Concentration of technology exposure
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Source: Authors’ calculations.

Note: This figure plots the coefficients from a long-horizon version of equation (24), in which the
dependent variable is long-horizon growth in occupation employment. The specification uses our ten-year
exposure measures as independent variables, and controls for one lag of the employment share and one
lag of our exposure measures. We report the I'V coefficients. Shaded bands represent 95 percent confidence

intervals.
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proceed to reestimate equation (24) every census decade. In online appen-
dix figure A.2, we plot the estimated coefficients B and 7y in each cross
section that corresponds to column 5 in panel B of table 1.

Examining figure A.2, we see that the estimated coefficients § and 7y
have consistent signs and magnitudes, with the notable exception of
during the 1880—-1920 period in which they remain not really statistically
different from zero. Online appendix table A.3 confirms this conclusion,
by reestimating equation (24) across three subsamples: corresponding to
technology improvements in the 1850—1920, 1910-1970, and 1960-2020
periods. Examining the table, we see that our estimates are statistically
weaker during the 1850-1920 period. However, they are significant and in
many cases have similar magnitudes in both the 1910-1970 and 1960-2020
subsamples.

Several explanations stand out for why our results are weaker in the
1880-1920 sample, which spans the Second Industrial Revolution. First,
technological advances of this era may have been more complementary to
labor than in later decades, particularly for skilled white-collar work (Goldin
and Katz 1998). When v = 7, the model predicts coefficients B and y near
zero, consistent with weak estimates. Second, technology may have affected
labor demand beyond direct substitution in production. Improvements in
transportation that expanded market access (Donaldson and Hornbeck
2016) likely boosted demand for manufactured goods. In the context of
our model, these changes would manifest as shifts in 0, (0) in equation (2).
Third, many forces beyond technology likely drove large shifts in both
labor supply and demand during 1880-1910. Standardization of tasks and
the division of labor expanded the pool of workers able to produce goods,
while immigration between 1870 and 1914 supplied many laborers suited
for factory work (O’Rourke, Taylor, and Williamson 1996; Abramitzky and
Boustan 2017). Finally, measurement is noisier in this period. Census occu-
pation codes were less consistent, and the harmonized series are coarse.
Factory jobs often received distinct occupation codes from pre-mechaniza-
tion artisan work. The 1910 Census marked a shift to a more standardized,
function-based classification system, improving longitudinal comparability.
For these reasons, in the rest of the paper we focus on the post-1910 period.

ROBUSTNESS CHECKS We perform several robustness checks to our main
analysis. First, our baseline results pool male and female workers. One
concern is that long-run changes in female labor force participation could
affect our findings. Online appendix table A.5 shows this is not the case:
Restricting the sample to men yields qualitatively and quantitatively simi-
lar results.
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Second, we explore the sensitivity of our results if we were to obtain
the tasks performed by each occupation using alternative LLMs. Our base-
line uses GPT-40 search preview; we also generate tasks with GPT-40 and
Llama 403B. Online appendix tables A.6—A.8 show that these models per-
form somewhat worse during 1850—1920 but lead to comparable results in
1910-1970 and 1960-2020.

Third, we reestimate our baseline regression weighting occupations by
their employment shares, right-winsorized at the top 5 percent to avoid
domination by very large occupations. Online appendix table A.4 shows
the results are similar to the unweighted baseline.

Fourth, our empirical measures of the mean and concentration in task
exposure are fairly highly correlated in the cross section—occupations with
high degrees of technology tend to have concentrated task exposures. This
raises the question of how the estimates of B change if we just focus on the
first-order effects. As we see in online appendix table A.2, including only
the mean exposure measure leads to smaller estimates of B: A one standard
deviation increase in mean exposure is now followed by approximately a
6—7 percentage point decline in employment.

Fifth, we test whether our measures simply capture broad secular shifts
in labor demand, such as the decline of manual work. As we show later,
manual tasks are more exposed to technology than other task types, so
falling demand for manual labor could confound our results. We therefore
explore specifications that add controls for each occupation’s initial share
of manual and cognitive tasks in the 1910-2020 sample. Online appendix
table A.9 shows that coefficients on mean exposure shrink modestly and
become less precise, but remain significantly different from zero. Coeffi-
cients on concentration, by contrast, fall sharply and lose precision, suggest-
ing this measure partly reflects exposure differences already embedded in
broad task categories.

Finally, we address the possibility that our estimates reflect industry-
level trends such as the secular decline of manufacturing. We reestimate
equation (24) at the occupation-industry-decade level, restricting attention
to the post-1910 period when industry codes are available. Online appendix
table A.10 shows that including industry trends produces somewhat smaller
coefficients but otherwise similar results.

111.B. Estimating the Impact of Technology Spillovers on Labor Demand

We next turn our attention to estimating the impact of productivity spill-
overs on labor demand. Doing so requires a modification to our empirical
analysis: We now estimate our coefficients at the occupation-industry-decade
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level. Since industry classifications are only reliably available in the census
post-1910, we restrict attention to this period. In particular, we estimate

NuIT+H
(25) og[ N

] = B Mean Exposure; + y Exposure Concentration?,
o,I,T

+ 8 Splll;‘l’r + Cr(),m + 80,Ts

where Spill/; is our measure of productivity spillovers in industry / in
year T and horizon H. Now, N, denotes the employment of occupation o
in census decade T in industry /, where industries refer to the census
industry classifications (IND1950). As in our baseline results, the vector
of controls I'" includes calendar year effects and the share of occupation o
in total employment in period 7. In addition, we include sector level (or
sector interacted with decade) fixed effects. Sectors correspond to sixteen
broad industry categories derived from the IND1950 classification. Inter-
acting these sector-level fixed effects with decade fixed effects allows us
to partial out broad trends across sectors (for example, services versus
manufacturing) while still at the same time identifying productivity spill-
overs across the more granular industries within each sector.

Table 2 presents our estimates of B, y, and 8. Examining the table, we
note that the coefficient & of employment growth is positively and signifi-
cantly related to our productivity spillover measure. Focusing on panel A,
which reports the OLS estimates, a one standard deviation increase in
our spillover measure is associated with approximately an 8—10 percent-
age point increase in employment growth over the next decade, and a
17-20 percentage point increase over the next two decades. Examining the
IV estimates in panel B, we note that our instrument for spillovers is quite
weak in the ten-year period, hence we view these estimates as not reliable.
The instrument is somewhat stronger at a horizon of twenty years, in which
case the IV estimates are close to the OLS estimates. Last, the coefficients 3
and vy are both strongly statistically significant across specifications, though
their magnitudes are a bit smaller than our baseline estimates.

The estimated coefficient & is related to the third term in equation (15)
capturing industry spillovers. This term is a function of the extent to which
new technologies increase the number of new products at the industry
level—the o, term—and also depends on the relative value of the elasticity
of substitution across industries 6 compared to the elasticity of substitution
across occupations within an industry 7y, together with the magnitude of
productivity improvements at the industry level.



(28nd 1x2u U0 panuiu0)

SI10°0 ¥10°0 €100 €100 L00°0 900°0 900°0 S00°0 (umpim)
€9¥°9C1 €9v°9C1 €9¥°9C1 €9¥°9C1 TOT°LET TOT°LET TOI°LET TOT°LET N
(6£¢) (Lg©) (6£¢) (Lg©) (8L1) (sv'2) (8L1) (S749)

s 0C s L1 w55 0C sk L1 #5901 sl '8 wx9°01 #x%x91'8 Jono[[ids Ansnpuy
(LLo) (9L7) (98°1) (98°1) amsodxd
#x%x9S°6 #xx1S5°6 #xV9'Y #xESY Jse) ul uonenuaduo))

(9¢°¢) (se9) (7o) o) (500 (500 (T (€T
wsx0'ST— wx0'ST—  sexs61'L— sk €0 L— #35%C0'8— #x%90"L— w00 P— w5 CC V— 2Insodxd yse) uBdN
S0 vV [Pued
8 ) ) (9] (¥ (¢ () (D (%) yimo.3 yuawdojduizy

uoz1ioy 4vad-(7
s13A0][1dS uoneAouU| pue sjosjuo) A1psnpuj ‘ymoln judwiojdwy pue ainsodxy Aojouyda] g Ijqelr

Uoz1I0Y AD2A-() [



"A1oA130adsar ‘sjoaa] 1uad1ad (o] pue quodiad ¢ Quosrad | oy je 9oUBIYIUTIS [BIIISIILIS AJOUIP 4 PUB 4y “wux "0T = H YHM SUOISSOISAI
MOUS SIYIO Y} A[IYM ‘(O] = A [IIM SUOISSAITAI MOYS $—] SUWN[OD) "} PN[OUI SIAYIO0 ) [IYM ‘QINSBIW UONLIIUIOUOI 2InsodXd FUIPN[OXd SAILWIISI MOYS §
pue ‘g ‘7 ‘1 suwnjo) ‘sojewinsd A[ oy suodar g [oued oiym ‘SO Sulsn SJuIoYFo0o pajewnyso ay) spodar y [oued ‘Ansnpur pue uonednooo £q paIosn[o ore
(sosoyjuared ur) s10119 piepue)§ "paipuny uo Aq parjdinw are pue d[qerrea juopuadopur Yy ur A3ULYO UONRIAIP PIEPUL)S AUO € 0} PU0dsalIod S)uIdYJe0)
"UONRIISTUIWIPY O1[qNJ PUB {SIOIAIOG PIJR[IY PUL [BUOISSIJOIJ SIOIAIOG [BUOSIO] (S9I1AIOS I1edoy pue ssouisng )ejsg [y pue ‘oourInsu] ‘Ooueul,] opel]
183 OpeI], A[BSO[OYA SIIIAIOS AIRJIUBS PUB SINI[N)() SUONEIIUNWIIOII[I], ‘Uoneliodsuel], ‘JuLmjoejnuejy Spoon) s[qeInpuoy SuLnjdenueA Spoon [qein(g
‘uononnsuo)) Jurury Suryst] pue ‘A1sa1o, ‘OINnNoLSY :UONBIYISSL[O 0G6 [ NI Y} WOIJ PIALISP Ik s9L1030)ed AISnpul peolq Ud)XIs 0} puodsaliod jey) $10J005
-a1eys juowkojdwo pagSe| pue (s109]J0 PIX 10303 x JedA J0) S1091J0 PAXIJ 10J03s PLOIq ‘s109JJ0 PIaXY Jeak apnjour ' I sjonuo)) ‘0007—0161 Sutuueds 7 sopeosp 10

Lroe
<H173 417 10 + H'nds @ + *uonenuasuo) amsodxyg A + */amsodxg uesN ¢ = % Sop
+ c>~
{WLI0J Q) JO SUOISSaIZa1 wolj s} nsal s310da1 9A0qe 9[qe) Y], :9I0N
‘SUONR[NO[BD SIOYINY :90IN0S
X X X X X X X X Je| ‘areys yuowkordwy
X X X X q 103098 x JBIX
X X X X .0 103095
X X X X CERLLI
(14 91 |14 ¥C 6C L € 14 (10n0[(1ds) ye15-.1
96L 09L ¥8€°S 00T°T (uonenuaouod) Je1s-
9L9°T 819°1 0LET S6T°T €06°C 68T 891t ISTy (omsodxo) yeis-
(urgm)
956°ST1 956°6T1 956°ST1 956°ST1 LE9'SET LE9'SET LE9SET LE9'SET N
(ov'L) (¥6°L) (ot'L) (¥6°L) Q1°L1) (6£°00) (81°LD) (6£°02)
w161 *€G1 *x1°61 *€S1 €€V e 14 #+E' €V e 4 Joaoqqids Ansnpup
¥80) (€80 06'1) (88°1) amsodxo
%5058 Al #x01'Y %90 Sk} ur uonenuadUoy)
(€79 (1z°¢) (10 (s10) (902 (900 1z (zz 1)
-l wxxC 91— sanl¥ 6— ##%5S 6— *xxST 8~ #3808~ ##%x96— w8 V— ansodxa yjse) uedy
Al :g Pueq
8 () ) (c) (r) (c) @ (1) (%) imou3 yuswdopduiy
uoz1Io0Y 4va2d-(7 uozLIoY AD2A-() |

(panuiuo)) s1aao|[ids uoreaouu| pue sjosjuo) Ansnpuj ‘ymoln judwojdwy pue ainsodx3 ASojouyda] g qer



LIU, PAPANIKOLAOU, SCHMIDT, and SEEGMILLER 249

Last, we explore the extent to which these estimates are consistent
across different subsamples. We find that our estimates are broadly com-
parable across the 1910—1970 and 1960-2020 periods, as we can see in
online appendix tables A.12 and A.13. Further restricting the sample to
only male workers leads to very similar results, as we see in online appen-
dix table A.11.

111.C. Implications for Shifts in Composition of Labor Demand

So far, our estimates show how technology shifts relative labor demand
across occupations. We now ask what these estimates imply for the chang-
ing composition of labor across different types of occupations. To do this,
we reestimate equation (25) decade by decade, focusing on a twenty-year
horizon and plotting the resulting OLS estimates corresponding to column 8
of table 2.” This approach lets us account for the fact that the mean and
exposure measures capture the direction of innovation but not necessarily
its intensity. Online appendix figure A.3 shows the estimates over time. The
only real outlier is 1910-1940, when coefficients are especially large—
consistent with Field (2003), who argues this was the most technologically
intensive period of the twentieth century. This decade-by-decade approach
highlights not just the direction of innovation, but also the intensity of tech-
nology’s impact on employment over time.

Next, we use the time-varying estimates of B, y, and 0 from equation (25)
to construct predicted employment share growth at the occupation level:

(26) Tech-Predicted Growth, ;7720 = E) Mean Exposure?,
+ ¥ Exposure Concentration®;

+ 8 Spill4,.

We compare this to actual employment share growth log(N,;.,) —
log(N, ;7).

We then aggregate these occupation-level growth rates at a broader
occupation group level using the start-of-period employment share of each
occupation in the category. We group occupations in three ways: based on
average educational attainment on each occupation; based on the female
share of employment; and ten broad occupational groups sorted by average

7. The IV estimates for the mean and concentration exposure measures are close to the
OLS results. The IV for the spillover measure is somewhat underpowered, especially in
decade-by-decade estimation, so those coefficients are less stable.
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earnings, following Autor and others (2024). To summarize across decades,
we pool within group g and report averages of predicted and actual annual
growth in employment shares. In all cases, we demean by subtracting the
across-group average so that the pooled values sum to zero in each decade.
This exercise allows us to assess how well technology explains long-run
differences in employment growth by education, gender, and broad occu-
pation group.

BY WORKER SKILL (EDUCATION) The mainstream view is that twentieth-
century technology was skill-biased: It raised demand for high-skill workers
relative to low-skill ones (Goldin and Katz 2008; Katz and Margo 2014;
Card and Lemieux 2001). Berman, Bound, and Machin (1998) and Krusell
and others (2000) formalize this pattern as skill-biased technological
change. We test this idea by estimating predicted employment growth by
education. We measure education requirements within occupations using
the IPUMS EDSCORS50 prior to 1980 and EDSCOR90 afterward—the
share of workers with at least one year of college within each census occu-
pation code. Panel A of figure 3 plots the mean predicted employment
growth by quintiles of education, for the full 1910-2020 sample. Online
appendix figure A.4 breaks this into subperiods. Each panel also shows the
realized employment changes.

Panel A of Figure 3 shows that, over the last century, technology raised
demand for high-education occupations relative to low-education ones. The
effect is large: Our estimates imply that technological progress increased
the relative demand for highly educated occupations by approximately
1.1 percentage points per year compared to the demand for occupations
with lower levels of education. But the difference shrinks over time, falling
to 0.9 percentage points in 1980-2020 as we see in panel A of table 3.
A likely reason is the ICT revolution: As we will show in section II1.D, we
find that ICT increasingly substitutes for cognitive skills. Since more highly
educated occupations also tend to do more cognitive tasks, this increased
degree of substitutability likely led to relatively lower labor demand for
these types of workers.

Panel A of table 3 shows that over the full sample, the gap in realized
employment growth is approximately 3 percentage points per year between
the highest and the lowest occupation education score groups; our esti-
mates of exposure to technological progress can account for a third of that
gap over this period. Moreover, the top quintile of occupations has gained
in employment share relative to the bottom quintile across all subsamples;
depending on the time period, technology explains between 27 and 47 per-
cent of the change.
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Figure 3. Technology Exposure and Shifts in Labor Demand Across Occupations

Panel A: Educational attainment (1910-2020)
Employment growth (annual, %)
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Panel B: Polarization (1910-2020)
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Source: Authors’ calculations.

Note: This figure plots actual and technology-predicted average growth rates in employment shares
based off estimates of equation (26), and also by occupational educational rank, following the procedure
described in section III.C. In panel A, we sort occupations into yearly employment-weighted quintiles
based off educational attainment (IPUMs variable EDSCORS50 for years before 1980 and EDSCOR 90
for 1980 onward). In panel B, we sort occupations into broad time-consistent groups following Autor and
others (2024); occupation groups are sorted from left to right based off their average wages. In panel C,
we group occupations based on the share of female workers in the occupation.
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Table 3. The Role of Technology in Accounting for Observed Shifts in Labor Composition
Full sample Subperiods
1910-2020  1910-1960  1950-1990  1980-2020

Panel A: Occupation education level
Employment growth (annual, %)

Realized: high — low 3.1 4.0 3.1 2.0
Predicted: high — low 1.1 1.1 1.2 0.9
% of gap explained 34.8 27.5 394 47.4

Panel B: Occupation wages
Employment growth (annual, %)

Realized: low-skill — middle-skill 1.7 1.0 1.3 2.5
Predicted: low-skill — middle-skill 0.8 0.4 0.7 1.6
% of gap explained 49.6 35.1 58.0 63.2
Employment growth (annual, %)

Realized: high-skill — middle-skill 2.1 1.7 2.5 2.1
Predicted: high-skill — middle-skill 0.9 0.5 1.1 1.4
% of gap explained 433 27.2 44.4 65.8

Panel C: Occupation female employment share
Employment growth (annual, %)

Realized: high — low 1.6 1.6 2.4 0.8
Predicted: high — low 0.8 0.5 0.7 1.2
% of gap explained 47.8 31.1 29.9 145.2

Source: Authors’ calculations.

Note: In panel A of this table, we compare the average annualized actual and technology-predicted relative
employment growth of occupations in the top employment-weighted quintile of educational attainment to the
bottom quintile. In panel B, we compare the average actual and technology-predicted growth of middle-skill
occupations relative to either low-skill services or high-skill occupations, using an occupational categorization
inspired by Autor and others (2024). Finally, in panel C, we compare the relative actual and technology-predicted
employment growth of occupations in the top employment-weighted quintile to those in the bottom quintile
based off the share of workers who are female. Predicted employment growth comes from estimates of online
appendix figure A.3. See section II1.C for more details.

Our findings relate to Goldin and Katz (2008), who emphasize that the
college wage premium fluctuated: high early in the century, compressed
mid-century, then soaring after 1980. They attribute this to supply as well
as demand. Our estimates show that technology consistently raised rela-
tive demand for educated occupations. But realized employment growth
of educated occupations was largest in 1910-1960—precisely when our
measures explain the least. This is consistent with supply-side factors
(such as government subsidization of education post-WWII) causing a
temporary increase in the growth of educated labor supply that outpaced
pure technological considerations, leading to a temporarily deflated col-
lege premium.
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BY OCCUPATION WAGES We next examine the degree to which our esti-
mates can account for the observed degree of job polarization in the twenti-
eth century. Following Autor and others (2024), we group occupations into
ten broad categories, ordered left to right from low to high wage in figure 3.
Unlike the twelve-group scheme in Autor and others (2024), we collapse the
three small service categories into one low-skill services group, given the
small size of health services early in the panel. Panel B of figure 3 covers
the 1910-2020 period; panel B of table 3 and online appendix figure A.5
split the sample.

Examining the bars in the middle, and consistent with the literature
on polarization (Autor, Katz, and Kearney 2006; Goos, Manning, and
Salomons 2014; Autor and Dorn 2013), we find a decline in employment
shares in low- and middle-skill occupations, like production, construction,
and transportation occupations, across the whole time period. Technology-
predicted growth in employment shares tracks these declines closely. At
the same time, low-skill services on the left and high-skill occupations—
professionals, managers, and, to a lesser extent, sales and technicians—grow
in relative terms. Again, technology exposure lines up with these shifts.

These patterns are consistent across subperiods. Production declines in
relative terms in every subsample, transportation in most. Our measures
capture these patterns well. The post-1980 era shows the sharpest polariza-
tion, as highlighted in the literature, but we see that the process starts earlier.
Consistent with Barany and Siegel (2018), we find evidence of polarization
in the post-1950 period, with a shift toward low-skill services and high-
skill professionals (panel C of online appendix figure A.5). Further we see
in panel B of figure A.5 that this pattern can even be traced earlier to the
1910-1960 period, suggesting that technology-related polarization has been
an ongoing phenomenon for a longer period of time than previously recog-
nized, even for up to a century.

To dig deeper, we focus on middle-skill, manual jobs—production, trans-
portation, and construction—compared to low-skill services and to high-skill
occupations (technicians, professionals, and managers). Including clerical
and administrative jobs with middle-skill or sales with high-skill leads to
similar conclusions. Table 3, panel B, reports relative changes. Low-skill
services grew 1.7 percent per year relative to middle-skill jobs, while tech-
nology predicts 0.8 percent. Technology thus explains about half of the shift.
Across subperiods, it explains between 35 and 63 percent of the change,
depending on the time period in question. In the bottom three rows of panel B,
table 3, we examine the other half of the polarization phenomenon: the
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shift toward high-skill occupations and away from these middle-skill
occupations. From 1910 to 2020, high-skill jobs gained 2.1 percent per year
relative to middle-skill jobs; technology explains 43 percent. By subperiod,
the share explained ranges from 27 to 66 percent. In both cases, the contri-
bution of technology is larger in the post-1980 era.

BY OCCUPATION FEMALE SHARE Female labor force participation has
shifted dramatically over the past 150 years. As Ngai, Olivetti, and Petrongolo
(2024) document, women’s employment followed a U-shaped path: It fell
as the economy moved out of farming, then rose again as employment
shifted from manufacturing into services. Over the twentieth century, the
expansion of clerical, office, and later, service jobs, was central to rising
female employment and hours (Goldin 2006).

Our results show that technological progress over the past century has
consistently favored white-collar service jobs over blue-collar production.
A natural next question is whether these same forces can explain shifts in
labor demand across occupations that differ by gender composition. We
therefore compare predicted employment growth from our technology mea-
sures across occupations grouped by their initial female share. Panel C of
figure 3 covers 1910-2020; online appendix figure A.6 examines subperiods
separately.

Two patterns stand out. First, occupations with higher initial female shares
grew substantially relative to male-dominated ones. Second, technology
exposure explains much of this growth. Panel C of table 3 shows that, from
1910 to 2020, female-intensive occupations gained about 1.6 percentage
points per year relative to male-intensive occupations. Our measures explain
about half of that—0.8 percentage points per year. Looking by subperiod,
technology accounts for roughly one-third of the shift in both 1910-1960 and
1950-1990, and somewhat more than the observed shift during 1980-2020.

In sum, we find evidence that technology pulled women into the labor
market, and it did so long before 1980. Our estimates show that demand
shifted steadily toward female-intensive occupations as technology favored
services over production. The mechanism we emphasize operates through
labor demand, not just supply. Of course, technological change also likely
boosted female labor supply by substituting for home production (see
Greenwood, Seshadri, and Yorukoglu 2005; Albanesi and Olivetti 2016;
Bose, Jain, and Walker 2022). But the demand story is clear: Occupations
with more women grew faster, and technology explains a large share of
that growth. This pattern links directly to our polarization results. As Ngai
and Petrongolo (2017) argue, the service economy underpins rising female
labor force participation. Our measures provide the technology-based
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mechanism for that argument, and they show the shift started as early as
1910-1960, not only after 1980.

111.D. Heterogeneity

We next turn to heterogeneity, asking how exposure differs across tasks
and across age groups.

HETEROGENEITY BY TASK TYPES Our analysis so far has implicitly assumed
that the elasticity of substitution between capital and labor is similar across
different types of tasks. This may not be a particularly good assumption:
Technologies that are semantically similar to the description of interpersonal
tasks are unlikely to have the same degree of substitution as technologies
that are similar to manual tasks. Further, there are probably reasons to think
that these elasticities of substitution change over time.

To explore this idea further, we next decompose our mean exposure
measure into three components, that is, the ones arising from the technol-
ogy exposure of manual M, cognitive C, and interpersonal / tasks. Specifi-
cally, the mean exposure measure is equal to the sum of the exposure of
the manual, cognitive, and interpersonal mean task exposure, multiplied by
their respective task shares,

(27) Mean Exposure!; = Y Task Share?, X Mean Exposure [,

‘EE{M.C,I}

where each task-type t{M, C, I} mean exposure is equal to

1
(28) Mean Exposure ¥ = —| > jes(orr) Exposuref;,

|4(0,7.7)

and J(o, T 7) denotes the tasks of type T performed by occupation o in
decade T. These measures are motivated by the model of Kogan and others
(2023), who show that they emerge as key sufficient statistics for worker
exposure in a model with CES production and tasks that differ in terms of
their elasticities of substitution between capital and labor (v in our model).

Figure 4 shows how the composition of which workers are most exposed
has shifted across different task categories over the sample period. For
each year, we measure how technological innovation is distributed across
different types of work by calculating the share of high-similarity patent-
task links that involve manual, cognitive, or interpersonal tasks. Examin-
ing the figure, a few points stand out. First, throughout the entire sample,
occupations emphasizing manual tasks are overall much more exposed to
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Figure 4. Composition of Overall Technology Exposure, by Task Type

Exposure
Manual
08
0.6 -
04r
021 Cognitive
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Year
Source: Authors’ calculations.
Note: This figure shows how the share of technology exposure varies across task types—manual,
cognitive, and interpersonal —over time. For each year ¢, we compute the fraction of all high-similarity
patent-task links that involve tasks of a given type t. In particular, ¢ is the share of all valid patent-task

matches exceeding the 95th percentile similarity threshold, which correspond to type T tasks. The figure
plots these shares, smoothed using a LOWESS filter (bandwidth = 0.1), for all years 1850-2010.

automation than occupations emphasizing cognitive or interpersonal tasks.
This is consistent with the traditional view that automation primarily affects
workers in manufacturing industries (blue-collar workers). However, the
ICT revolution has likely expanded the set of occupations that are affected
to white-collar workers. Indeed, as we see in the figure, there is an increas-
ing trend in the exposure of occupations emphasizing cognitive tasks since
the mid-1980s. Online appendix figure A.7 shows the breakdown of manual,
cognitive, and interpersonal exposure across major clusters. ICT-related
technologies, with software appearing at the top of the list, emerge among
the set of technologies with the highest exposure to cognitive and inter-
personal tasks.

Armed with this decomposition, we then reestimate equation (24) and
replace our mean exposure measure with its individual components. Table 4
presents the estimated coefficients. Panel A focuses on the post-1910
period, while panels B and C report results separately for the 1910-1970 and
19602020 periods. Given that, in the context of the model, decomposing
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the exposure measure in this fashion to a large extent already captures the
concentration of exposure to specific tasks, we report results with and with-
out our baseline concentration measure.

Examining table 4, we see two notable patterns. First, the exposure of
manual tasks to technology is negatively predictive of subsequent employ-
ment growth at the occupation level consistently. Second, focusing on the
entire post-1910 period in panel A, we see that the exposure of cognitive
tasks to technology is not significantly related to subsequent employ-
ment growth. Panels B and C indicate why this is likely the case: In the
1910-1970 period, the exposure of cognitive tasks to technology is in fact
positively related to subsequent employment growth. By contrast, during
the second period (1960-2020), we see that exposure to cognitive tasks is
negatively linked with employment growth significantly. Throughout our
sample, we see that the exposure of interpersonal tasks to technology—
a small share of our overall exposure measure—is not related to subsequent
employment growth. Perhaps not surprisingly, decomposing our mean
measure into distinct task groups also implies that the relation between our
overall task concentration measure and subsequent employment growth is
less precisely estimated than before.

Through the lens of the model, these two patterns indicate that technol-
ogy has consistently substituted for manual tasks throughout the twentieth
century. By contrast, in the pre-ICT period, technology served to comple-
ment cognitive tasks—in the context of the model, an elasticity of substitu-
tion between technology and cognitive tasks that is smaller than the elasticity
of substitution across tasks v < y. By contrast, the arrival of computers
starting from the 1960s and onward implies that technology improvements
such as computer software could also substitute for certain cognitive tasks
as well—probably routine cognitive tasks, consistent with the evidence in
Kogan and others (2023) and Hampole and others (2025).

HETEROGENEITY BY AGE Although the decennial census provides repeated
cross sections, we can track cohorts over time and decompose employment
growth by age group. Table 5 reports two sets of longitudinal comparisons.
First, we study young workers—age 16—25—over horizons H € 10, 20:

(29) log No,agee[lG,ZS],T+H

(),ageE[IG,ZS],T

] = Benlrams Mean EXpOSllI'Cf,T

+ Yenrans EXposure Concentration?,

+ Cenlranl.s ro,T + en.emrams,T .



6£9°0 °L60 1€0°0 6100 (uonenuddU0o “Junok = pjo) d
0000 000°0 000°0 0000 7180 0000 SIv0 000°0 (ueowr ‘Sunok = pjo) d
£00°0 900°0 S00°0 700°0 (uonenuaouod ‘Junok = prur) d
670 SLO0 868°0 100°0 LTT°0 €170 €0v°0 600°0 (ueowr ‘Sunok = prur) d
X X X X X X X X 3e[ ‘oFe uonednoso a3eroAe x 11040
X X X X X X X X Je] ‘a1eys juowkojdwd x 31040
X X X X X X X X H 1eak-31040)
LOY6 LOY6 LOY'6 LOY6 089°6 089°6 089°6 089°6 N
Al Al ST0 ST10 Al Al ST0 S710 loyewinsy
(€1%) 6'¢) (602 F6'1)
A #4xC1C ##58°S #5669 21nsodxa s} ul UOHBIUIIUOD x §9—9
Lry) (8%'20) (80'%) (6v'0) (T1o) Orn (500 (€1
s+ 06— s 9E— #xx$ CS— sl VE— %6 91— wxx Cl— wxxC LI— wxxb 11— 2Insodxa yse) uBdW x G9—9¢
8¢ (99°¢) (6£2) sz
28701 A £9G°C «%6L°9 21nsodxa S} Ul UONBIIUIIUOD x GH—97
(9L¢) 0172 (59°¢) (1o ((429) (czD) (s¢ (zen)
sxxl SCT— %50 L]— #%%C 90— wxxb SI— 2556 11— wxx8C L— swxxb Cl— #xx0L"9— 2unsodxa yse} UBdW x SH—9T
(29°9) (349 (sev) (S0v)
exx961 v 1T wxC €l PR | 21nsodxd Sk} Ul UONBIIUIIU0D x G7T—9]
(0s°9) (60°¢) (1¢°9) (60°¢) ((r47] 920 (86'¢) (€72
o st €1— #4%9°97— #x9L ' 8— w1 9T— #81°6— w29 P 1— SeT- a1nsodxa yse} ueaw x 79[
(8T1) (z6'¢) (8872 (L90)
***@.V~ ***w.oﬁ *hh,m **Ov.h amsodxd &mﬁ a: Coﬁmbﬁmoﬁoo x Sjuenuy
(8T1) (ov2) o1y (60 (€L2) (6€1) (850 Len
#4497 TE— #448°00— wanb TE— waxb 81— sl VI—  x2x56'6— #x#E€'ST—  #x%S0°6— 2Ins0dxXd S} UBSW x SJUBTUL
(8 () 9) (s) (*) () ) (1 140100 pup 23p Aq ‘Yimo4s yuswdojduiry

uozrioy 4vad-(g

UOzLIOY ADIA-() |

19333 Hoyo) pue gy ‘yimoin judwfojdw] pue ainsodx3 AZojouydal g 3|qelL



‘A1oAn0adsar ‘sjoAd] 1ued1ad 1 pue guodred ¢ quaoiad | oY) Je 00UBOYIUSIS [RONSIIL)S 9JOUAP 4 PUB 4y ‘4 u s KI[ENDI JUSIOYIO00 10 $150) SNOLIBA UO SonjeA-d Aedsip
9[qe} oY) JO Smo1 Inoj [euy Y[, ‘uonednodo Aq pa1oisn|d axe (sesayjualed ur) SI0LS piepuelS ‘paipuny duo Aq parjdnnur a1e pue djqeLreA Judpuadopur oy ur 93uLyd UOHEBIASD plepue)s
Quo © 0} puodso1I0d SJUSIOYFI0)) "HOY0D o 10J A[ojeredos pajewn)so a1 sJudIoyJa0o Y], ‘suonednooo unpim ofe sioxiom dFeroae paSTe| pue ‘areys juowkodwo pagSe| ‘s109530

Llszor]zaire
N

paxy 1eak opnjour £°  sponuo)) So st 9jqerrea juapuadop oy} a1oym ‘(syuenus) g—] smoi Jo uondooxa o yum (8—¢ smoi) {[c9 ‘ot] ‘[st ‘9z] ‘[sT 911} 2 [¢q ‘»] 101

+r{szorls N

PAURIEL
N
Sor

H+ L H+qH+D ]

A WIS L hM_“co:mbzvomoo amsodxg ="\ + smohsmomxm ueoN 7"g =
! ;
N

{WLIOJ A} JO SUOISSAIFAT W0y s)[nsax spodar aaoqe [qe) YL 190N
‘SUOTE[NO[BD SIOYNY :90IN0S



262 Brookings Papers on Economic Activity, Fall 2025

Because these workers were at most fifteen in year 7, most are new
entrants into the labor force. This specification therefore links our exposure
measures to entry into exposed occupations. The first rows of table 5 report
Bentrants AN Vareanss @CTOSS specifications and horizons.

Second, we follow cohorts as they age:

NO.!IgEE’a‘FH‘b‘FHI,T‘FH

(30) log = B.-» Mean Exposure’;

o.agee[n,b],T

+ Y.-» Exposure Concentration?,
+ Cu*bro,T + 8z),u*b.T

for [a.b] € {[16, 25.|26. 45].[46. 65]}.

This specification measures the effect of exposure on employment growth
for young, middle-aged, and older incumbents. Controls include year fixed
effects, lagged employment shares, and the lagged average age of workers
in the occupation.

Technological transitions may be particularly benign in a world in which
reallocation can take place mostly through changes in entry of new workers,
as these workers may be most easily able to switch between potential jobs
without displacing existing skills and expertise. Stated differently, a model
with switching costs that increase with experience (with age acting as a
noisy proxy for experience) would likely predict employment elastici-
ties that are declining in age (see, e.g., Kambourov and Manovskii 2009;
Cortes and others 2020, for related evidence). If this was indeed the case,
we would expect our estimate 3., to be larger in magnitude than our esti-
mates for overall occupational employment and the analogous coefficient
to be smaller for incumbents and decline with age.

Examining table 5, we see that the impact of our exposure measures
for entrants is somewhat larger than the pooled coefficients in table 1,
which is consistent with the presence of switching costs. Among incumbents,
mean exposure coefficients decline sharply with age, with older cohorts
significantly more negatively affected. The impact of exposure concentra-
tion declines with age, suggesting that younger workers benefit more from
opportunities for task reallocation.

Overall, these results show that technology-induced reallocation is not
borne mainly by new entrants, but falls heavily on incumbents—especially
older workers. The fact that the impact of mean exposure is increasing
with age is inconsistent with the idea that switching costs increase with
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experience—unless these are switches into nonemployment. By contrast,
this pattern is consistent with the existence of vintage-specific human
capital: New technologies displace existing skills and expertise, and older
workers are more likely to hold those vulnerable skills. This evidence
complements Kogan and others (2023), who find similar displacement
effects in the post-1980 period using data on individual worker earnings.

IV. Implications for the Impact of Al on Labor Demand

Our results so far suggest that the model in section I provides a useful
framework for understanding how technological advances shape labor
demand. We now turn to the implications of this framework for advances
in AL Forecasting is inherently difficult, so this exercise requires assump-
tions about which tasks Al is most likely to substitute for, the key model
parameters, and the magnitude of spillovers. In section IV.A, we lay out
these choices, drawing where possible on the estimates from the previous
section. Section IV.B reports the resulting implications for labor demand,
and section IV.C discusses the main caveats.

IV.A. Calibration

Here, we briefly discuss our parameterization of the model. We relegate
all details to online appendix D.

Al AND WORKER TASKS The first step is to take a stand on which tasks
Al is likely to substitute for. In our baseline, we assume Al can perform
all cognitive tasks that do not require substantial experience, as measured
by the O*NET specific vocational preparation (SVP) score. Tasks requir-
ing less than one year of SVP are treated as fully exposed; tasks requiring
one to five years are treated as 50 percent exposed, facing half the capital
price shock of a fully exposed task. Tasks are classified into SVP categories
using an LLM prompt following Kogan and others (2023), described in the
online appendix. Roughly 5 percent of tasks fall in the highest category
(more than five years of training) and 32 percent require one to five years,
implying that about one-third of tasks are exposed to Al substitution in this
baseline. As a robustness check, we also use the task-level generative Al
exposure measures from Eloundou and others (2024). We take their pre-
ferred P version of exposure, assigning 50 percent exposure to tasks with a
score of 0.5 and full exposure to tasks with a score of one.

Al AND PRODUCTIVITY IMPROVEMENTS Next, we take a stand on the decline
in the quality-adjusted price of “Al capital.” We assume its cost will fall at
the same rate as computer hardware. Caunedo, Jaume, and Keller (2023)
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estimate that computer prices declined by about 14 percent per year between
1984 and 2015. We assume the price of Al capital will decline by the same
amount each year over the next decade.

Al AND NEW PRODUCTS Al may also shift labor demand by enabling firms
to introduce new products (Babina and others 2024). To capture this chan-
nel, we allow for shocks to industry-level shifts in a,, which we assume
are driven by the industry’s rate of new Al-related patenting relative to its
stock of existing technologies. To simulate industry-specific growth in o,
we combine the probabilistic assignment of patents to the North American
Industry Classification System (NAICS) industries from Goldschlag,
Lybbert, and Zolas (2019), data on Al patent counts and growth rates
from the United States Patent and Trademark Office Al Patent Database
(Pairolero and others 2025), and an estimate of the elasticity of new product
creation with respect to patenting from Argente and others (2025).

MODEL PARAMETERS For the key elasticities, we set the elasticity of sub-
stitution across occupations, %, to 1.34 following Caunedo, Jaume, and
Keller (2023). In the baseline we also set the elasticity across industries,
0, equal to 1.34 so that spillovers operate only through changes in ¢, and
as a robustness check we consider 6 = 1.72 from Kogan and others (2023),
which introduces spillovers through the industry cost efficiency index Z,.
The elasticity of substitution across tasks is set to y = 0.5, consistent with
Humlum (2021) and Acemoglu and Restrepo (2022), while the degree of
decreasing returns at the task level, 3, has no clear empirical counterpart;
we take = 0.5 as the baseline but note that f = 0.75 yields similar results.
The task-level elasticity of substitution between Al capital and labor, v,
is a central parameter in our calibration. We identify it from the empiri-
cal relation between employment growth and technology exposure, using
the ratio of the estimated P coefficient to the square root of the estimated
v coefficient. The magnitude of this ratio is increasing in v and indepen-
dent of the magnitude of the technology shock €. Targeting the OLS esti-
mates from the ten-year horizon in column 4 of table 2 yields a value of
v =4.63. Last, we calibrate the across-market elasticity of labor supply
to 0.42, following Berger, Herkenhoff, and Mongey (2022).

OTHER ASSUMPTIONS The last step in parameterizing the model requires
us to map the observed distribution of employment shares to the model. We
do so using the Bureau of Labor Statistics (BLS) Occupational Employ-
ment and Wage Statistics (OEWS) data on occupation-industry employment
shares, assuming an initial steady state with equal capital intensity across
occupations so that wage bill shares match the 2024 distribution. To dis-
cipline the remaining task-level CES parameters, we assume symmetric
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initial capital prices and set the labor share to s, = 60 percent, following
Karabarbounis and Neiman (2013).

IV.B. Model Predictions

We focus on the model’s predictions for shifts in relative labor demand
across occupations. Figure 5 and the first column of table 6 present the
baseline results, grouping occupations by educational attainment (panel A),
hourly wages (panel B), and female employment share (panel C). Overall,
the model implies that Al will raise relative demand for lower-educated,
lower-paid, and more male-dominated occupations, partly reversing the
patterns of technological change during the twentieth century shown in
figure 3.

The effects are economically meaningful. Over the next decade, labor
demand for high-education occupations is projected to fall by 0.65 per-
cent per year relative to low-education jobs, though the occupations requir-
ing average levels of education are projected to contract the most. Relative
to mid-wage occupations, demand is expected to decline by 0.59 percent
annually for managers, 0.29 percent for sales and professionals, and
0.85 percent for clerical and technical jobs. Finally, occupations with higher
female shares are predicted to contract relative to male-dominated ones by
about 0.53 percent per year.

Table 6 demonstrates that these predictions are robust to alternative
parameterizations. Eliminating the possibility that Al stimulates new
product creation—and hence suppressing industry-level increases in labor
demand—yields nearly identical results, as shown in column 2 and figure 5.
Column 3 shows that using the task exposure measure from Eloundou
and others (2024) produces qualitatively similar shifts, though the magni-
tudes are notably larger, particularly for sales and professional occupations,
which are predicted to face an annual decline in labor demand of 0.82 per-
cent relative to middle-wage jobs. Finally, column 4 indicates that relaxing
the assumption 6 =y has essentially no effect on the implied reallocation
patterns.

IV.C. Caveats

Our simple model makes a number of simplifying assumptions and omits
several important economic forces. As such, our analysis comes with several
important caveats that we discuss here.

NEW TASKS Advances in Al can lead to the creation of new tasks. This
possibility is absent in our model, partly because LLM-sourced task
descriptions are too crude to analyze trends in the creation of new tasks.
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Figure 5. Al and Shifts in Labor Demand
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Source: Authors’ calculations.

Note: This figure plots predicted annualized relative employment growth from our Al model simulations
described in section IV for occupations categorized by education score, broad occupation group, and
share of workers who are female.
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Table 6. Model-Implied Impact of Al on Labor Composition

Model predictions (annualized % rates)

Eloundou
No and others Industry productivity
product (2024) spillovers
Baseline innovation exposures (0=172>yx=134)
(1) 2) 3) 4)
Panel A: Occupation education level
High — low —0.65 -0.71 -1.21 —0.63
Panel B: Occupation wages
Managers — middle- —-0.59 —-0.70 -1.05 -0.59
skill
Sales/professionals — -0.29 —0.42 —0.82 -0.28
middle-skill
Clerks/technicians — —0.85 —-0.95 -1.12 —0.85

middle-skill

Panel C: Occupation female employment share
High — low —-0.53 —-0.57 —-0.56 —0.54

Source: Authors’ calculations.

Note: This table examines aggregate outcomes implied by our model simulation of the impact of Al In
the first column we impose our baseline assumption that 6 =y and allow for Al-related product innova-
tion. In the succeeding columns we differ from the baseline by dropping product innovation, replacing
our baseline assumption that cognitive tasks are exposed to Al with the Eloundou and others (2024)
measure of exposure to generative Al and allowing for additional technology spillovers by calibrating
0 > x using an estimate for 6 taken from Kogan and others (2023). Growth rates are in annualized terms
and in percent rates. We assume Al capital prices follow the same average decline as those observed for
user cost of computer hardware (13.96 percent per year) over the 1984-2015 period, as calculated by
Caunedo, Jaume, and Keller (2023). See section IV and the online appendix for further details.

Depending on which occupations perform these new tasks, this possibility
can be an additional driver of cross-occupational shifts in labor demand.

Al AS COMPLEMENT TO LABOR Our model has a sharp distinction between
Al capital and human workers. Our baseline assumption is that Al will sub-
stitute for certain cognitive tasks that are currently performed by workers.
An alternative, perhaps highly speculative, view is that some of these tech-
nological advances can enhance the effective quantity of labor. For instance,
advances in Al can be similar to improvements in human education—
workers could pay a fee to download new skills and expertise immediately to
their technology-enhanced brains. In this case, Al can be a labor-augmenting
technology that could complement certain types of tasks, similar to the find-
ings for the nonroutine exposure for the 1980-2010 period in Kogan and
others (2023).

CAPITAL VERSUS WAGE INCOME The prediction that Al advances are likely
to reduce income inequality pertains solely to labor not capital income.



268 Brookings Papers on Economic Activity, Fall 2025

To the extent that financial claims to the new technological advances in
Al are not widely owned across households, as in the model of Kogan,
Papanikolaou, and Stoffman (2020), advances in Al can lead to an increase
in income inequality at the right tail.

SKILL DISPLACEMENT Most importantly, our unit of analysis is a specific
occupation, not an individual worker. Even if advances in Al increase
demand for a specific occupation, individual workers can be left behind
if they lack the skills to fully take advantage of these new technologies—
consistent with the evidence in Kogan and others (2023). To the extent
that younger workers face a lower cost of acquiring new skills than older
workers—or simply have a larger incentive to acquire new skills—we
would expect younger workers to be less adversely affected relative to
older workers from Al-induced declines in labor demand, consistent with
results in table 5.

V. Conclusion

Using new measures of technology exposure that are implied by our model,
we document that advances in technology over the last century or more
have led to meaningful shifts in labor demand across affected occupations:
Labor-saving technology advances have consistently increased the relative
labor demand for occupations with higher education requirements, higher
wages, and higher fraction of female workers.
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Comments and Discussion

COMMENT BY
WILLIAM KERR Liu, Papanikolaou, Schmidt, and Seegmiller tackle in
this paper a first-order question in macro labor: how technological innova-
tions, filtered through the lens of tasks to be performed in the workplace,
shape occupational employment over the long run, and what the historical
record implies for the potential labor impacts of artificial intelligence (Al).
The authors’ contribution is threefold. First, they offer a task-based model
that delivers sufficient statistics—a “mean exposure” term that captures
the total intensity with which a technology overlaps an occupation’s task
set, and an “exposure concentration” term that captures how unevenly
that exposure is distributed across tasks—so that empirical work maps
directly to theory. Second, they construct a frontier long-run measure-
ment framework that uses large language model (LLM) text methods to link
patents to occupation-specific tasks over more than a century. Third, they
provide empirical evidence that higher mean exposure predicts subsequent
declines in occupational employment, while (conditional on mean exposure)
greater exposure concentration mitigates those declines by enabling within-
occupation reallocation toward nonexposed tasks. The authors conclude
with a forward-looking calibration of the labor impacts of Al, which sug-
gests a future retilting of relative labor demand across education and occu-
pation groups. Whereas recent technologies have typically favored highly
educated and skilled workers, that may be less likely going forward given
Al’s capabilities to take on advanced cognitive tasks.

CORE PAPER There is much to admire in the core paper, especially its
tight integration of theory, measurement, and evidence. The model provides
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sufficient statistics that the empirical work estimates directly, confirming
a negative impact on mean exposure and a positive coefficient on expo-
sure concentration. Built around decadal data, the long-run perspective also
adds value by showcasing technology eras. The authors have the capability
to separate patent volume and task exposure, showing for example that
many chemical and electronics breakthroughs generated abundant patents
with little direct task exposure, while woodworking, railroads, and later
software had a disproportionate impact on some tasks and thus occupa-
tions. This paper thus brings new micro data sources to issues often dis-
cussed economy-wide in theory and measured in aggregates. Heterogeneity
analyses by education, wages, and gender indicate a tilt of demand toward
higher-education and higher-wage occupations on average and those staffed
disproportionately by female workers. Some wedges narrow post-1980
as information and communications technology begins to substitute for
more cognitive tasks. The work provides some intriguing evidence that
job polarization may have commenced by the 1960s or before, earlier than
often thought.

The authors’ use of powerful frontier LLMs for data generation and
measurement makes all this possible. Different models pursue the con-
struction of likely task descriptions of occupations for earlier eras (since
the Dictionary of Occupational Titles was first published in 1939) and
compare the text of patents during eras to determine potential automation.
Each step appears sound, but there may be unanticipated ways that the
LLM language patterns cast today’s information backward and possibly
create circular links. To their credit, the authors are experts in this frontier
work and use alternative LLMs, but differences are larger in the nineteenth
century, precisely where measurement is hardest. As they take the data
forward for further uses, I encourage the authors to run more adversarial
models (or use good old-fashioned human grading, lest technology take on
all roles!) that explicitly test historical feasibility (e.g., “Does this set of
tasks accurately characterize this occupation’s work in 18807 Which task
looks most anomalous?”). Confidence thresholds brought to the generated
data would confirm and clarify their information signal.

There are also immediate avenues for the empirical work to take the next
step. The authors tackle the direction of technology change, but they mostly
forgo, for now, the pace of change. This rate would be quite material for
thinking through, for example, the ability of workers to reskill over tasks,
in addition to concomitant productivity enhancements. The framework
also abstracts from the required diffusion of newly patented technologies
to the workplace, which takes a while and has been at different paces over
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the 160 years spanned by this study. This relates to a need to unpack the
serial and cross-correlations of the mean task exposure of an occupation
and its exposure concentration, which are tightly connected to each other as
shown in figure 2 and table 2 of the paper. A dutiful discussion about a tech-
nology paper should also (in all times and places) advocate for nonpatent
alternatives for technology to be incorporated into an analysis, but that is
far easier said from the sidelines than accomplished in practice.

CONCEPTUAL CONSIDERATIONS ABOUT OCCUPATIONS The heart of my reflec-
tions on this paper, however, revolve around the strengths and liabilities
of using an occupation-task framework to investigate labor impacts from
technology change. The theory behind this research stream makes the cap-
tured channels clear and accessible, and they also can be used to ponder
what is missing. The tight link of the theory and empirics, which I praised
above and connects to Hampole and others (2025), means that we need to
contemplate the framework seriously to understand where additional impact
for workers from technologies could come about."

The lens of tasks is unquestionably discerning in many settings. Chipotle
founder Steve Ells opened Kernel in New York City in February 2024 with
the ambition of running the fast casual restaurant with three people com-
pared to a typical team of ten or more (Kingson 2024). The description
of automation undertaken at Kernel was almost one for one with tasks:
A six-axis robot arm portioned and fed food items onto a conveyor for
reheating, ordering and pickup were fully conducted through digital apps
and lockers, and so on. The venture turned out not to be successful, but
the authors’ model captures the ambition exactly, including the consolida-
tion of taskwork for those who remained at the restaurant to nonautomated
roles. Many images of technology in the workplace—from more automated
warehouses to virtual bots for administrative work—are similarly intuitive
in this approach.

A second step requires thinking through the structure and boundaries
embedded in the occupational classifications collected with the decennial

1. Conceptually, the task-based approach echoes and extends the framework in Acemoglu
and Autor (2011) and the broader task-centric narrative that grows out of Autor, Levy, and
Murnane’s (2003 ) seminal work. Prominent empirical research strands include routine-biased
technological change and polarization (Autor and Dorn 2013; Michaels, Natraj, and Van
Reenen 2014; Jaimovich and Siu 2020), robots and local labor market effects (Graetz and
Michaels 2018; Acemoglu and Restrepo 2020; Dauth and others 2021), within-occupation
task change captured in vacancies and historical job ads (Hershbein and Kahn 2018; Atalay
and others 2020), early Al exposure indexes (Felten, Raj, and Seamans 2021; Webb 2020),
and field evidence on LLMs (Brynjolfsson, Li, and Raymond 2025; Noy and Zhang 2023).
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census. Looking at the underlying codes provides many assurances. For
example, technology observers often comment on the cataclysmic failure
of video rental stores in the face of streaming. But the occupational code
in question is “retail sales clerk,” which captures well the capacity of
potentially displaced individuals from the shuttered Blockbuster to easily
find new work at other retail establishments. But there are also trickier
examples. One of the occupations is “miner,” which carries lots of political
significance, to put it mildly. The classification is not “energy extraction
worker.” Thus, the task-occupation framework would capture well efforts
by technology to enhance the productivity of a coal miner, while missing
that the most significant innovations for the fate of a coal miner sit in other
sectors, such as the rapid improvements in solar power technologies and
battery storage, which can substitute for coal as an energy input.

Stretching slightly the concept of “concentration” that is central to the
authors’ work, we can also recognize additional ways technology, tasks, and
occupations interact, which are less captured by the model. In the medical
profession, scans of patients via CT (computed tomography) and MRI
(magnetic resonance imaging) machines are important and in high demand.
These machines are very expensive capital investments, and hospitals and
practices seek to continually utilize them. Medical professionals help
patients into and out of the machines, and others run and analyze the scans.
IONIC Health, a Brazilian startup recently acquired by GE HealthCare
(2023), saw an opportunity in the amount of waiting time that individuals
running the machines experienced. The company developed new technol-
ogy that retrofits traditional machines to allow remote operation: remote
operational control of the machine itself, necessary data feeds, and video
links. By itself, this technology could result in labor cost savings by placing
the individuals running the equipment in less expensive locations. The
bigger impact for labor, though, came from the new capacity of a dedicated
external employee to manage multiple machines at different locations in
parallel, overcoming the idle time associated with a single machine and
thus significantly boosting labor productivity. Similar consolidations, often
combined with remote work, have occurred in port management and manu-
facturing, and remote surgery may be a future use case.

Agrawal, Gans, and Goldfarb (2018) also contemplate two other types
of consolidations worth dwelling upon. The first recognizes the incentives
to “close the loop” on technology’s role in a workplace or work stream
when full automation becomes feasible. Imagine a warechouse where every
task is automated except for a final task that remains conducted by humans.
There is significant and disproportionate incentive to automate that last
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step because it thereby frees the overall operation of the warehouse in
many respects, such as its physical location and internal layout. In one
heavily automated facility I visited, the stored goods no longer needed to
be grouped together by type or even by owner, as the system had complete
awareness and the collecting robots whizzed to where each item was
located. The facility was several stories tall, but most items were stored
on deep shelves that were not easily accessible to workers. I earlier com-
mended the authors for having a model and empirical approach that could be
linked to micro data to see impacts of technology in the workplace. Future
work could build upon the distinctions of mean exposure versus exposure
concentration to capture these settings.

It will also be fascinating to observe how occupational definitions change
with new technologies and reallocated work. Consider the classic example
of a school bus driver. When autonomous vehicles take on the core task of
the bus driver’s job, most parents are still going to want to have a human
on board the school bus, if for no other reason than to monitor the kids and
ensure their safety. If not driving the bus, then what will the employee also
do? Perhaps they start a class early, converging to a traditional “teacher”
job title. Or maybe the work gets fully reoriented in unanticipated ways.
The authors’ data can shed insight into these occupational adjustments in
the face of technological changes, similar to Lin’s (2011) work tracing the
emergence of new occupations to more diversified cities.

To close, it is useful to note empirical evidence on the importance of
declining occupations, which sits at the heart of this work and Kogan and
others (2023). This paper estimates relative occupational demand, not the
employment and earnings trajectories of workers employed in those occu-
pations. Policymakers also care deeply about how workers experience these
adjustments, which includes the capacity of displaced workers to reposi-
tion themselves in the labor market and undertake reskilling. Building on
a large literature that considers job loss and entry into weak labor markets
(Jacobson, Lalonde, and Sullivan 1993; Davis and von Wachter 2011;
Kahn 2010; Oreopoulos, von Wachter, and Heisz 2012), Edin and others
(2023) quantify the impact of being in a declining occupation in Sweden
during the 19862013 period; ongoing work by Barth and others (2026a,
2026b) explores parallel patterns in Norwegian data for 2007-2024 and
in US data for 2000-2020. In the Swedish experience, workers initially
employed in declining occupations (measured as a 25 percent net decline
in employment in the occupation over the period) show diminished careers.
Conditional on many individual traits including initial earnings, workers
in declining occupations suffer about 2.1 percent fewer work years during
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the ensuing period and experience about 5.0 percent lower career earnings.
Larger earnings losses, amounting to about 10 percent, can occur for those
starting at the bottom of the occupation-specific wage distribution.

LOOKING AHEAD TO AI'S IMPACT The authors close with provocative fore-
casts of how Al will have an impact on the labor market based upon tasks
where we have seen past and ongoing use of the new technology. This
approach leads to a reasonable conclusion that AI’s impact will differ from
those of recent technology waves that mostly served to heighten demand
for and compensation of highly educated and skilled workers relative to
the rest of the labor force. If Al increasingly takes on the tasks of these
high-skilled workers less exposed to prior waves, labor demand may shift
in relative terms over coming years toward occupations that have tradi-
tionally been lower-paid and disproportionately staffed by lower-educated
male workers.

There is a trickiness, to put it mildly, in modeling the likely conse-
quences of seismic shifts in technology, which Al appears to be initiating.
Tech futurists like Lee (2018) worry that a task-oriented model misses
the scope for sector-killing innovations, but the worry can be even more
mundane. Dial back to the mid-2000s and consider the advent of the smart-
phone, itself building on the technology wave of the Internet and World
Wide Web. Forward-looking pundits might well have picked some tasks
the technology could one day be used for, such as customer interfaces,
payments, and navigation. But even if aware of the launch of UberCab in
March 2009, few of us would have contemplated that ride-sharing would
be the largest consequence (thus far) for the workforce from smartphones.
The tasks can be visible, but the combinations and integrations of them
are nearly impossible to forecast. To overly bake this point, oDesk (later
to become Upwork) was founded in 2003 to provide global contracting of
digital work via the Internet. I would have bet quite a bit that the potential
of placing almost any digital office task anywhere in the world would have
swamped the impact of ride-sharing. In fall of 2025, Uber’s market cap was
$208 billion, compared to $2.1 billion for Upwork.?

Returning to academics, Webb (2020) gives one of the first representa-
tions of how Al technologies affected different parts of the occupational
wage distribution using the text of patents and occupational tasks. His

2. Market capitalizations from November 3, 2025, using https://public.com/stocks/upwk/
market-cap and https://public.com/stocks/uber/market-cap.
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Figure 1. Impact of Patented Technologies on Tasks by Occupational Wage Percentile

Standardized scores

20 40 60 80

Occupational wage percentile

Source: Reproduced from presentation material by Webb (2020) with author’s permission.

descriptive work showcases three waves of technologies. Figure 1, pre-
pared by Webb for presentations, shows the waves together using stan-
dardized scores. Robotics held significant impact for occupations in the
bottom half of the wage distribution, commensurate with its historical con-
sequences for sectors like agriculture and manufacturing. Computers and
software held significant impact for occupations sitting in the middle of the
wage distribution, closely aligned with the polarization literature that cap-
tures recent labor market dynamics. While Al was still emerging at the time
of Webb’s study, it showed its most significant impacts in the upper part of
the wage distribution, peaking near to the 90th percentile. This aligns with
many of the early use cases for Al, such as marketing.

The authors’ projections in this paper of the impact of Al on the labor
market are closely aligned with Webb’s representation. My somewhat unfair
and orthogonal critique is that significant investment is being made to link
Al with robotics and related technologies that bring the skills of Al into the
physical world. The robotics arms in restaurants like Kernel will benefit
from learning from other robotic arms. A world full of autonomous vehicles
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may constitute the ultimate expression of Al given that what is needed for
self-driving cars is the ability to handle nonroutine cognitive issues facing
drivers. If I view Al’s impact in isolation and only cognitive in nature,
I agree the impacts sit at the upper end of the occupational wage distribu-
tion. If we open the aperture to consider its codevelopment with robotics, all
bets are off for me as to which occupations will face the greatest substi-
tution threats at the task level versus complementary reinforcement.
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COMMENT BY

CHRISTINA PATTERSON The central question that Liu, Papanikolaou,
Schmidt, and Seegmiller study—whether new technologies ultimately dis-
place workers or create new opportunities—is almost as old as economics
itself. David Ricardo (2004, p. 388) worried in the early nineteenth century
that “the substitution of machinery for human labour” could be “very inju-
rious” to workers, and a century later John Maynard Keynes (1978) warned
of looming “technological unemployment.” It seems fitting, therefore, that
historical data spanning centuries would be a powerful place to look for
answers to this question. This paper takes an ambitious step in that direc-
tion, using recent advances in large language models (LLMs) to build a
comprehensive and unified historical data set of both technologies and the
tasks or industries that they affect.

Given that this paper tackles a classic question, it is worth reflecting on
how it relates to and extends an already substantial body of work docu-
menting that technology reshapes labor demand. The literature on skill-
biased technological change shows that new technologies have historically
raised the relative demand for high-skill workers, helping to explain rising
wage inequality (Katz and Murphy 1992; Autor, Katz, and Kearney 2006).
The capital-skill complementarity literature offers a complementary view:
New forms of capital tend to complement skilled labor more than unskilled
labor, leading again to a reallocation of labor demand and a higher skill
premium (Krusell and others 2000; Goldin and Katz 1998, 2008). More
recently, task-based frameworks have shifted the focus from skills to con-
ceptualizing jobs as bundles of tasks: some routine and automatable, others
nonroutine and hard to codify. This work has been central to our understand-
ing that technology causes not just a bias toward higher-skill jobs but also
job polarization and the hollowing out of middle-skill routine jobs (Autor,
Levy, and Murnane 2003; Acemoglu and Autor 2011; Autor and Dorn 2013).

We know much less about the channels through which specific technol-
ogies affect labor demand. This paper adds to our understanding of these
questions by interpreting an enormous amount of historical data through
the lens of a structural model. The model builds on the task-based frame-
works, specifically that of Hampole and others (2025), and conceptualizes
the effect of technology on labor demand as coming through three terms.
First, labor demand for an occupation depends on the average exposure of
an occupation’s tasks to task-related technologies. In principle, such tech-
nologies could be labor-augmenting (e.g., a typewriter for an author) or
labor-saving (e.g., a loom for a weaver), but empirically, the authors show
that most of the task-related technologies over the past several decades
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have been labor-saving. Second, labor demand depends on how unevenly
exposure to new technologies is distributed across an occupation’s tasks.
If exposure is concentrated on a few tasks, there may be scope for workers
to reallocate effort to other, less affected tasks within the same occupation.
Third, labor demand is affected by spillovers, capturing how technological
innovations affecting some tasks in an industry feed into productivity growth
and product demand more broadly.

This structure allows the authors to bring a long-run perspective to
familiar themes in the literature on skill-biased and routine-biased techno-
logical change. Broadly speaking, the historical patterns they uncover line
up well with what we have come to expect: Technology has contributed to
employment polarization, with disproportionate exposure of middle-skill
occupations, and this process appears to have begun earlier than the standard
post-1980 narrative suggests. They also find that technology has consis-
tently favored higher-education, higher-wage, and more female occupa-
tions over much of the twentieth century, in line with work such as Goldin
and Katz (2008) and Autor, Katz, and Kearney (2006). In this sense, the
main contribution is less to overturn conventional wisdom than to place
it on a firmer and more unified empirical footing, showing how a single
framework can organize a wide range of historical facts about technology
and labor demand.

The rest of my comments focus on the authors’ interpretation of the eco-
nomic forces driving the empirical patterns that they recover. In particular,
I discuss what we learn from the “concentration” and “industry spillover”
terms, and how we should interpret these historical findings when thinking
about the consequences of the new wave of disruptive technologies from
artificial intelligence (Al).

INTERPRETING THE CONCENTRATION TERM The concentration term in the
model is fundamentally about reallocation potential within an occupation.
If a new technology affects only a few tasks in an occupation, workers can
shift effort to other tasks that become relatively more valuable and this
dampens the drop in labor demand for those workers.

Mathematically, this force appears as a variance of exposure across tasks,
weighted by each task’s importance in production. Tasks that account for a
large share of the occupation’s contribution to output receive more weight,
while marginal tasks receive relatively little. A high weighted variance
means that exposure is unevenly distributed across economically impor-
tant tasks.

In the empirical implementation, however, the concentration term is
computed as the unweighted variance of exposure across the tasks that the
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LLM produces for each occupation and decade. This is a reasonable and
transparent starting point, given that historical data do not provide task-
level production weights, but it introduces a subtle and important question:
What counts as a task? The paper relies on an LLM to generate task lists,
and in practice this consistently yields ten to fifteen tasks per occupation
per decade. Take, for example, a telephone operator in the 1920s. When
prompted, the LLM provided me a list of twelve tasks: plugging cords,
monitoring lights, logging long-distance calls, ringing subscribers, provid-
ing directory assistance, routing emergency calls, and so on. From a pro-
duction perspective, many of these are not distinct tasks. Instead, they seem
both to me and ChatGPT (when prompted differently) to be fragments of
one core task, which one might summarize as “manually connecting and
managing calls.”

This seems to be a general pattern, not one specific to the selected case
of a telephone operator. For example, occupations such as tollbooth opera-
tors and dentists often end up with a similar number of tasks, even though
one occupation arguably has many more truly distinct tasks than the other.
This suggests that the LLM has limited discipline on task aggregation—
core tasks tend to be split into several subtasks to reach a list of ten to fifteen
tasks for each occupation-decade.

This is an important distinction when tasks are not weighted in the con-
struction of both the variance and average task exposure terms. Consider what
happened with introduction of the automatic telephone exchange system,
which mechanically connected calls and dramatically reduced the need
for human operators. In the authors’ framework, such a technology would
likely appear as affecting many of the LLM-generated subtasks: plugging
cords, watching lights, ringing phones, disconnecting calls, and monitoring
call quality. From the perspective of the unweighted variance of exposure,
this looks like a diffuse pattern: Many tasks are hit, so exposure appears
spread out, and concentration appears low. But conceptually, this is a tech-
nology that annihilated a single core task. By contrast, if a technology
mainly touched a narrow, peripheral set of tasks, then exposure could look
highly concentrated. Indeed, it seems plausible that the methodology is
most likely to yield concentrated exposure when it is primarily peripheral
tasks that are affected.

This observation suggests two different narratives behind the strong
positive coefficient on the concentration term in the authors’ table 1. The
first is the one implied by the model: When exposure is concentrated in a
subset of tasks, workers can reallocate within the occupation to tasks that are
less affected, and this reallocation quantitatively mitigates the employment
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losses from the technology. An alternative interpretation, however, is that
smaller employment losses occurred when core tasks were spared. Under
this view, the positive coefficient on concentration is picking up the fact
that employment falls much more when a core task is affected than when
only peripheral tasks are affected. This would be true even if there was no
reallocation of workers across tasks.

These two interpretations have very different implications. The first tells
an optimistic story in the face of Al: Even if Al automates some core
tasks within an occupation, workers may reallocate within the job, and
the adverse employment effects may be muted. The second paints a more
fragile picture: Resilience depends on core tasks being left intact. My sense
is that reality probably combines elements of both, and disentangling them
is important if we want to extrapolate the historical evidence to the future.

One constructive way forward would be to bring information on task
importance into the empirical concentration measure. The authors note that
they do not have direct data on 0yy), the production weights, but the spirit
of the paper is to lean on modern language models when traditional data are
unavailable. The authors could ask the LLM not only to list tasks but also
to assign approximate importance weights—for example, the share of time
or value added associated with each task. In my telephone operator experi-
ment, the LLM suggested to me that roughly 80 percent of the job was in
the core activity of connecting and monitoring calls. Using such weights
to construct a weighted variance of exposure would bring the empirical
measure closer to the model’s sufficient statistic and help clarify whether
the large positive concentration coefficient is really about reallocation or
about which tasks are affected.

INTERPRETING INDUSTRY SPILLOVERS My second comment concerns the
interpretation of the industry spillover term. In the model, industry spillovers
arise from two sources. First, they come from spillovers in the true sense
of the word, which occur when task-specific technologies raise industry-
level productivity, lower effective production costs, and thereby increase
demand for the industry’s output. That, in turn, raises labor demand for
all occupations in the industry, including those not directly automated.
Second, this term captures total factor productivity shocks to an industry,
which occur potentially independently from the labor-related technologies.

To highlight the relevance of these alternative technologies, let us return
to the telecommunications industry in the early twentieth century. For
telephone operators, the automatic telephone exchange was a direct, task-
specific innovation that automated the core task of connecting calls.
Feigenbaum and Gross (2024) show that its adoption led to large and rapid
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job losses for operators. At the same time, there were other important
innovations in the industry, such as long-distance repeaters that extended
the reach of calls, cables that increased line capacity, improved circuits
that reduced noise, and desk sets that made telephones more attractive for
households. All of these expanded the market for telephone service and
increased demand for the industry.

All of these innovations enter the empirical industry spillover measure
through the same channel, in that they all reflect patenting growth in the tele-
communications industry. Thus, when we see that higher industry patenting
is associated with higher employment across occupations, we learn that
industries undergoing rapid innovation tend to experience stronger labor
demand growth. It does not directly inform the strength of the spillovers.

A second comment, closely related, is that because the industry spill-
over term is specified at the industry level and enters the regression uni-
formly for all occupations in that industry, it may mask within-industry
polarization. In the telecommunications example, some innovations (like
long-distance repeaters) likely increased demand for both operators and
technical workers. However, that technology likely had no offsetting
demand effect for the telephone operators, who were no longer needed
for local calls after the mechanical switch. In the empirical specification,
however, the positive industry patent term shifts employment for all tele-
communications occupations in the same direction, effectively assigning
local operators some of the demand growth generated elsewhere in the
industry. This uniform spillover therefore tends to compress differences in
employment outcomes across occupations within an industry. My sense is
that, absent this averaging force, the authors’ estimates of the role of tech-
nology in driving polarization across occupations would be even stronger.

FROM JOBS TO WORKERS A final observation, which the authors themselves
emphasize, is that the analysis is conducted at the level of the occupation
(or the occupation by industry). That is a reasonable first step in an
analysis that spans nearly two centuries of data. However, it is important to
remember that what we care about is ultimately the impact of technology
on workers, not just jobs.

The telephone operator case is again a helpful reminder of the importance
of this distinction. Automation effectively eliminated the occupation in
many firms, but worker-level outcomes were more muted because workers
reallocated across occupations over time. Some younger cohorts never
entered the occupation in the first place, some older workers transitioned
into clerical or service roles, and others left the labor force. Occupation-
level employment data, even with excellent measures of technological
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exposure, cannot speak to the importance of this cross-occupation real-
location. Understanding the impact of these technologies on workers is an
important next step.

CONCLUSION This paper uses new methods to construct a sweeping data
set of occupation-level exposure to technological innovations over the past
several decades. The model provides a uniform framework to interpret
these historical data, and the evidence confirms that technology has both
direct and offsetting effects on labor demand. Understanding the balance
between these forces is essential for thinking about workers’ prospects in
the upcoming era of rapid innovation, and I look forward to seeing work
that builds on these data to continue to learn from the past.
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GENERAL DISCUSSION  John Haltiwanger brought up the concept of
expertise, as often emphasized by David Autor.! He asked if the authors’
model accounts for whether nonautomated tasks require workers to have
expertise. Gerald Cohen relatedly questioned where expertise—or, as he
defined it, the need to make a judgment in the face of uncertainty (e.g.,
unclear instructions)—enters the authors’ model, as such nonroutine tasks
seem more difficult to replace with technology.

Haltiwanger further stressed that patents are an imperfect measure of
innovation, considering the time needed for technology diffusion. While
patent data may track technological change more closely in high-tech
industries, in others (e.g., retail trade), they could overlook the complex
relationship between new technologies and their effects on the labor
market, Haltiwanger suggested. Barcode, for example, was patented in 1952
but did not immediately affect retail workers, and it took several decades
before this technology revolutionized the sector, he noted.

Katharine Abraham also emphasized the lagged relationship between
innovation and labor market impact, pointing to factory electrification as
another example. Moreover, in addition to time for diffusion, Abraham
observed that implementing new technologies often requires large invest-
ments by firms. She asked whether the authors think artificial intelligence
(AI) would follow a similar trajectory and require a similar level of invest-
ment, noting that a more rapid adoption of Al could be more disruptive
to affected workers than the gradual examples of technological changes.
Furthermore, Abraham echoed discussant William Kerr’s suggestion of
stress testing some of the authors’ estimates for the pre-1940 period when
validation data from the Dictionary of Occupational Titles (DOT) and O*NET

1. See, for example, David Autor and Neil Thompson, “Expertise,” Journal of the European
Economic Association 23, no. 4 (2025): 1203-71.

2. Google Patents, “Classifying Apparatus and Method,” patent 2,612,994, https://
patents.google.com/patent/US2612994A/en.
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are unavailable. To gauge how well the large language model (LLM) per-
forms without validation data, she suggested the authors explicitly prompt
their model to ignore DOT and O*NET data when assigning tasks to occu-
pations for later years and, provided the model follows their instructions,
see whether it yields similar results.

Following up to Abraham’s comment on investment in Al by firms,
Caroline Hoxby suggested the authors exploit the variation in firms’ train-
ing data availability to refine their predictions about which occupations Al
would replace.

Referring to discussant Christina Patterson’s observation that the authors’
model does not assign weights to tasks and has little discipline in task
aggregation, Pinelopi Goldberg pointed out that the model’s predictions
seem to match the direction of the actual change in employment but under-
state the magnitude of this change. She wondered if the absence of weights
causes the model to exaggerate the labor substitution effect.

Michéle Tertilt was surprised by the model’s prediction that Al would
reduce demand for female labor. Given that high-contact occupations—
such as teachers, nurses, and childcare workers—typically held by women
seem difficult to automate, Tertilt pondered if the absence of weights led to
the authors’ prediction. She contended that these occupations likely spend
only a few hours on tasks that Al could replace, and unless one weighs
more important tasks more heavily, the model may overstate the impact of
automating these tasks. Janice Eberly likewise asked if the predicted fall in
demand for female labor relates to the concentration of cognitive tasks in
occupations typically held by women. Moreover, she inquired whether the
spillover effects captured by the authors’ estimates are at the occupational
level or the firm level.

Tatyana Deryugina asked about the creation of new occupations, espe-
cially those made possible by innovation. She pointed to software engineers
as an example of an occupation that could not exist without technological
advancements and wondered if the authors’ analysis, as it stands, misses
these dynamics.

Adrien Auclert acknowledged that the authors’ analysis could, in its
present form, only present the effects of Al on relative labor demand due
to the missing intercept problem. But he thought that the authors could
specify the labor supply side of the model to some extent—making some
assumptions (e.g., about labor supply elasticities)}—and examine the aggre-
gate effect on the labor market. David Romer suggested the authors assume
flat labor supply curves to begin, as this would allow them to estimate shifts
in total rather than relative labor demand.
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In response to comments on the aggregation and weight assignment of
tasks as well as validation of model output, Lawrence Schmidt reiterated
that the LLM assigns tasks to occupations in a manner consistent with vali-
dation data from DOT and O*NET for the same year and its performance
for several example occupations seems reasonable. Schmidt contended that
the model’s lack of discipline when defining tasks could implicitly generate
weights, with more important tasks appearing more often in a disaggregated
list of tasks. He also highlighted the value of their data’s ordinal nature
and the stable occupational definitions yielded by their model.

Dimitris Papanikolaou affirmed the importance of validating the model’s
output. To Abraham’s suggestion of stress testing estimates with the LLM,
he cautioned that their instructions were not always followed by the model,
and that in its current form, it is difficult to know with certainty what
sources the model consults. He acknowledged that their current task-based
framework, which is based on the constant elasticity of substitution (CES)
structure, fails to capture the differential effects observed by Patterson and
other participants. He shared that they are exploring a model based on a
network structure at the industry and occupation levels, which would allow
certain occupations to serve as inputs into other occupations and, in turn,
allow for differential spillover effects. Papanikolaou further clarified that their
current framework requires one to decide how narrowly a task is defined:
While running a regression or drafting a paper could constitute individual
tasks, one could alternatively treat conducting research as a single task.
The authors agreed that weights matter but indicated their results appear
reasonable even without weights. Papanikolaou noted that they had done
another research and found similar results using weights from O*NET,
which suggests that the model captures the relative importance of tasks
to some extent.> On whether LLM could be used to formulate weights,
Papanikolaou and Schmidt both emphasized the limitations of LLMs, in
their current form, to produce numeric outputs.

In addition to defining tasks, researchers must also delineate which tasks
they expect Al to perform in their model, Papanikolaou reflected. Thus,
regarding the predicted decline in female labor demand, he explained that
such prediction follows from the concentration of women in clerical and
administrative work, occupations whose tasks the authors believe Al will
largely be able to perform. He concurred with Hoxby that access to firms’

3. Menaka Hampole, Dimitris Papanikolaou, Lawrence D. W. Schmidt, and Bryan
Seegmiller, “Artificial Intelligence and the Labor Market,” working paper 33509 (Cambridge,
Mass.: National Bureau of Economic Research, 2025).
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training data would allow them to validate their predictions and specify
more accurate counterfactual scenarios.

Papanikolaou and Schmidt recognized that the creation of new occu-
pations requires a conceptual understanding of who performs new tasks,
with Papanikolaou noting that the literature has yet to determine why tasks
are bundled together in certain occupations. Schmidt added that model-
ing the creation of new tasks is possible but measuring the emergence of
these tasks—and who does them—remains difficult. In future research,
the authors hoped to investigate how task descriptions have changed over
time, although such an exercise seems infeasible given LLM’s current
limitations.

In terms of technological exposure and spillovers, Schmidt concurred
that if most of a worker’s tasks are exposed to technological changes, the sub-
stitution effect could be substantial; however, he emphasized, it is rare that
technology can do everything this worker is doing. Schmidt suggested
that the most exposed workers are likely to work in industries witness-
ing the most technological progress and hence these workers could also
benefit from such progress the most. Thus, while their analysis concludes
that higher exposure on average hurts workers, it is not the case that new
technologies invariably harm exposed workers, Schmidt resolved. In fact,
it appears that the positive spillovers from the first wave of Al were large
enough to offset the direct displacement effects, he noted. Papanikolaou
conceded that the authors’ spillover estimates are somewhat attenuated,
because their analysis lacks information on firms, a potentially important
piece given many spillovers take place at the firm level.

Considering the effects on nonroutine tasks in particular, Schmidt pos-
ited that innovations that automate nonroutine tasks could trigger worker
substitution rather than replacement outright. He discussed how, in the
post-1980s period, such innovations increased labor demand while still
displacing older, higher-paid incumbent workers by redistributing jobs
toward younger workers. He added that variation across cohorts suggests
that younger workers seem more responsive to technological exposure:
Perhaps, they are more willing to develop the expertise that a technology
cannot or has not yet acquired.

On the use of patent data and technology diffusion, Papanikolaou agreed
that patents overlook diffusion but pointed out that other data—such as
information from 10-K forms or earnings calls—are also imprecise. He
expressed hope, however, that advances in LLMs will make new data avail-
able to economic historians. Schmidt further noted that the Al adoption
data currently available are heavily biased to firms. He agreed that patents
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are an imperfect measure as many Al advancements are not patentable. He
likewise voiced an interest in exploring new data sources.

To comments by Auclert and Romer on general equilibrium, Papanikolaou
responded that although their model could be augmented to consider
impacts on aggregate labor demand under assumptions about labor supply
responses and industry-level spillovers, it would be difficult to discipline
these assumptions. Jon Steinsson supported the authors’ decision to set
aside general equilibrium considerations and instead focus on changes in
relative labor demand. Steinsson noted that balanced growth preferences—
which imply that the income and substitution effects on labor supply cancel
each other out—should serve as the authors’ benchmark, as one would need
to articulate why their model deviates from such a benchmark before arguing
for aggregate impacts.



Appendix

A Model Appendix

Section A.1 contains the key equilibrium conditions characterizing the solution of our model. We

then discuss how we compute the solution of our quantitative exercises related to Al in section A.2

A.1 Key Model Equations

Here, we reproduce the key equations which are necessary for solving for the equilibrium of our
model. For further details, including detailed derivations, we refer the model to Hampole et al.
(2025). Our model is essentially nested in theirs with two minor changes. First, we assume perfect
competition in labor and product markets, which implies that the terms reflecting markups and
monopsony wedges (© and M(j) in Hampole et al. (2025)) both equal one and can be omitted from
the labor demand equation. We now proceed to reproduce the main equations of the model.
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A.2 Al counterfactual calculations

To compute the implied changes and employment and wages associated with our Al counterfactual,
we use the following procedure. We assume that the economy begins in a symmetric steady state in
which w(j), q(j), and 7; are the same across all tasks. In this case, we can then pin down all alpha
parameters using the observed allocation of labor across industries and occupations, with the total
amount of labor normalized to 1. Without loss of generality, we separately identify ~; from g(j)
by normalizing that w(j) = ¢(j), then picking the common task price which is consistent with a
marginal cost of per-task output of 1 and our target for the capital share. We then pin down ¢ to
match the level of aggregate labor supply associated with this initial allocation.

Next, to solve for the new steady state, we look for a growth rate of aggregate wages and
output which satisfies the equilibrium conditions specified above. Rather than rely on the loglinear
approximation presented in the text, we solve the equilibrium conditions exactly. This process is
greatly facilitated by the fact that equation (A.19) is the same across all tasks that have the same

£(7) within the same occupation-industry cell.

B Data Construction

B.1 Obtaining technology descriptions from patent data
B.1.1 Patent data

Our patent data comes from two sources. The pre-1976 patents (1836 - 1975) are scraped from
Google patents. Specifically, from year 1836 to 1975 (including), there are in total 3,924,149
patents (according to PatentMetrics). Post-1976 patents are downloaded directly from PatentsView.
PatentsView contains the full text of all patent documents from 1976 to 2024. There are in total

8Here ¢ is an aggregate labor supply normalizing constant which plays no role except to ensure that initial task
wages are constant and equal to capital prices in symmetric initial equilibrium for the model simulation, which we
discuss in appendix D.


https://patentsview.org/

8,206,179 patents that have a numeric patent number (we focus on these patents). We construct
patent text data by combining the patent title, abstract, brief summary, detailed description, and

claim (use the order as described).

B.1.2  Ezxtracting technology descriptions from patent documents

Our goal is to use the textual description of these innovations to relate them to the tasks that
workers do. Unfortunately, however, the quality of the extracted text of patent documents varies
considerably across years. Therefore, we use a modern large language model (LLM) to obtain a
concise description of the key new innovation from each patent document. In particular, we feed

each patent document into llama-3.1-8B-Instruct, along with the following prompt:

Here is a description of an invention from a patent issued in [PATENT ISSUE YEAR HERE].
Summarize the following: 1. what the invention does; 2. what is the main innovation; 3. how
it can be used in production at that time; 4. which industry or industries are most likely to
make use of this invention. Give detailed answers to each question, but each answer should
be no more than four sentences long. Please avoid extrapolating too much. Put your answer
to the four questions within a tuple as (1 &&&&& [ANSWER 1] 2 &&&&& [ANSWER 2] 3
&&&de&e [ANSWER 3] 4 &&&&& [ANSWER 4]). In other words, use &&&&& to split answers
to different questions, and replace [ANSWER, #] with the appropriate answer to each question.
All output should be contained within the tuple (do not output any other things). [PATENT
TEXT HERE].

The large language model we use has a maximum input capacity of approximately 131,000 tokens.
For patents exceeding this limit, we truncate the content and retain only the first 100,000 tokens.
These longer patent texts are more common in patents issued after 2000. If the LLM returns an
empty summary, we use llama-3.1-70B-Instruct to re-summarize those problematic summaries after
the first round. We are able to do so for all except for 3,141 out of all 3,924,149 pre-1976 patents.
Among them, there are 1215 patents that have empty patent text that can not be scrapped, 3
patents that have 404 website error. Among all 8,206,179 post-1976 patents, we are able to extract
valid summary for all except for 30,477 (0.37%) patents.

We then obtain a vector representation of these summaries using openai: text-embeddings-3-small
model. Thus, each patent can be represented as a vector of length 1,536. Note that summaries
include the brief summary of invention ([Answer 1] in the query), the main innovation of the patent
([Answer 2] in the query), the production use of the patent ([Answer 3] in the query). We use the

industry of use of the patent ([Answer 4] in the query) to assign industry code.



B.1.8 Patents to Industries

We use the same LLM model (llama-3.1-8B-Instruct) to obtain a coarse measure of which industries
are particularly likely to see productivity improvements from technology p. As we note above, our
LLM prompt includes a request for providing a likely industry of use. We use this to obtain a
coarse measure of which industries are particularly likely to see productivity improvements from
technology p. We obtain the vector representation of the industry-of-use descriptions using the same
embedding model and compute the cosine similarities with the textual descriptions of the ind1950
industries from Census.

We assign a patent as relevant to a given Census industry if the Census industry title is the
most textually similar to the patent’s industry of use description (based on cosine similarity of
the embeddings generated for the patent industry of use and Census industry title); we further
assign the patent to the industry if the textual similarity is in the top 1% of all industry-patent
similarity pairs for patents issued in that decade. In particular, for each calendar year, we determine
a similarity threshold by taking the 99th percentile of scores between 5,000 randomly sampled
patents’ embeddings and all ind1950 entries (or, if fewer than 5,000 patents exist in a given year,
the entire patent set). We then calculate the pairwise similarity between every patent embedding
and each industry embedding: an industry is assigned to a patent if it is either the most similar
industry overall or if its similarity exceeds the year-specific 99th-percentile threshold. Because
the Census “ind1950" classification is available for all Census years in our sample, we rely on this

industry classification scheme throughout.

B.1.4 Clustering Patents

To categorize technological innovations over time, we cluster patents into 20 distinct categories each
time period using vector representations derived from the patent summaries. Recognizing that the
nature of technological advancements evolves across historical periods, we split the sample into
three eras: 1850-1920, 1920-1980, and 1980—present. For each period, we apply the mini-batch
K-means algorithm to cluster all patents within that timeframe. To assign meaningful labels to each
cluster, we sample 500 patents per cluster and use GPT-40 to generate descriptive group names

based on the sampled content.

B.2 Tasks
B.2.1 Creating Time-varying Task Data

Next, we obtain a time varying description of the key tasks performed by each occupation in each
decade in our sample. In particular, for each Census occupation in each decade from 1850 to 2010,

we submit the following query to gpt-4o-search-preview



You are a labor economist and an expert on economic history studying the evolution of work.
Describe the list of tasks that the occupation [occupation title] would perform in their day to
day job in [year]. Be very careful to make your answer specific to that time period. Your answer
should be a list of tasks in JSON format, and should be written in the style of occupation
task descriptions in the O*NET database. Please be sure to avoid duplicating the same task
within your list; each task should be conceptually distinct. At the end please briefly provide a

comprehensive and highly specific list of your sources as well. [Formatting instructions follow]

We constrain the search context to the United States and configure the search context size to its
maximum setting. For each decade—occupation pair, the LLM generates a set of task titles and
corresponding descriptions. We concatenate each title with its description to form the final task
text representation. The result of this query is a combination of 84,393 task—occupation—decades,
spanning the years 1850 to 2010 (in 10 year intervals, excluding year 1890 as the Census microdata
for that year are not available). On average, the search query returns approximately 14 tasks per
occupation in each decade. We then represent these tasks as numerical vectors using the openai:
text-embeddings-3-small embeddings from OpenAl. For robustness, we perform this exercise using
two alternative LLMs: gpt-40-2024-11-20 (referred to as gpt-4o) and Meta-Llama-3.1-405B-Instruct
(Llama). Our baseline is gpt-4o-search-preview, due to its integrated web search capabilities.

These task descriptions obtained from the LLM will play a key role in our empirical analysis.
To ensure that these descriptions are indeed reliable, we perform a validation exercise using the
occupation task descriptions from the Dictionary of Occupational Titles (DOT) and O*NET. In
particular, we compare the semantic meaning of all these task descriptions between the LLM and the
DOT or O*NET counterparts, whenever these are available. Thus, for each occupation in the 1940,
1980, and 2010 decades, we compute the average task embedding of the LLM task descriptions and
compute its cosine similarity with the average task embedding of its DOT or O*NET counterpart.
We then compare the distribution of these similarity scores to a placebo distribution where we
randomly compare the LLM tasks with a different occupation in the DOT or O*NET. As we see
in Appendix Figure A.1, the task descriptions we obtain from the LLM are fairly similar to their
DOT or O*NET counterparts from the same period, with the within-occupation cosine similarity
between LLM tasks and DOT/O*NET having a distribution that is substantially shifted to the
right relative to the cross-occupation placebo. Interestingly enough, the LLM tasks from the 2010
period are particularly close to the O*NET tasks, which suggests that these tasks were part of the
LLM’s search query.

B.2.2  Task Classification - Manual, Cognitive, Interpersonal

We further use the same LLM we used to extract our occupation task description to classify tasks

into three categories: manual, cognitive, and interpersonal. To do so, we first obtain a complete



list of broad work activities from O*NET (edition 28.3). O*NET work activities are a less specific
categorization of the content of work than the detailed occupation tasks. There are 41 distinct work
activities, which we partition into manual, cognitive, and interpersonal categories. Our approach is
similar to Acemoglu and Autor (2011), who also inspect and group O*NET work activities into
different task types in order to broadly understand the task content of occupations. We list these
work activities falling under a given category to give textual context for the large language model

when classifying a given task. We submit the following prompt to gpt-40-search-preview

You are an expert labor economist. Your job is to read descriptions of a task performed by labor
and classify whether the task is most likely a "manual task", "interpersonal task" or "cognitive
task'. A manual task would be expected to emphasize at least some of the following characteristics:
Performing General Physical Activities; Handling and Moving Objects; Controlling Machines and
Processes; Operating Vehicles, Mechanized Devices, or Equipment; Repairing and Maintaining
Mechanical Equipment; Repairing and Maintaining Electronic Equipment; Inspecting Equipment,
Structures, or Materials; Drafting, Laying Out, and Specifying Technical Devices, Parts, and
Equipment. A interpersonal task would be expected to emphasize at least some of the following
characteristics: Communicating with Supervisors, Peers, or Subordinates; Communicating with
People Outside the Organization; Establishing and Maintaining Interpersonal Relationships;
Assisting and Caring for Others; Selling or Influencing Others; Resolving Conflicts and Negotiating
with Others; Performing for or Working Directly with the Public; Coordinating the Work
and Activities of Others; Developing and Building Teams; Training and Teaching Others;
Guiding, Directing, and Motivating Subordinates; Coaching and Developing Others; Providing
Consultation and Advice to Others; Staffing Organizational Units. A cognitive task would
be expected to emphasize at least some of the following characteristics: Getting Information;
Monitoring Processes, Materials, or Surroundings; Identifying Objects, Actions, and Events;
Estimating the Quantifiable Characteristics of Products, Events, or Information; Judging the
Qualities of Objects, Services, or People; Processing Information; Evaluating Information to
Determine Compliance with Standards; Analyzing Data or Information; Making Decisions and
Solving Problems; Thinking Creatively; Updating and Using Relevant Knowledge; Developing
Objectives and Strategies; Scheduling Work and Activities; Organizing, Planning, and Prioritizing
Work; Documenting/Recording Information; Interpreting the Meaning of Information for Others;
Working with Computers; Performing Administrative Activities; Monitoring and Controlling
Resources. #H#HHHHHHHHHHHHHHHHSH Here is the task text: [TASK TEXT HERE]
Based on the above definition, would this be considered a manual task, interpersonal task, or
cognitive task? Give a manual/interpersonal/cognitive/uncertain answer, along with a brief (no
more than one sentence) explanation. Your answer should be in the form of a tuple (answer,

explanation). Only include this tuple in your response.

Among all the 84,393 task—occupation—year triplets, 45% are classified as manual, 34% as cognitive,

and 21% as interpersonal.



B.2.3 Task Classification - Specific Vocational Preparation

For our Al simulations in section 4 of the main text, we assume that cognitive tasks are exposed
to AI. We classify cognitive tasks in O*NET using the exact prompt listed above. However, we
also assume that high-expertise cognitive tasks are not exposed to AI. We measure expertise by
mapping it the concept of “Specific Vocational Preparation" as defined by O*NET (see https:
//www.onetonline.org/help/online/svp.). In particular, we use a prompt originally constructed
by Kogan et al. (2023)-who demonstrate that the categories generated from this prompt are strongly
predictive of an occupation’s O*NET’s job zone category, which captures occupational skill and

training required. We send the following prompt to the OpenAl GPT-40 Search model:

Specific Vocational Preparation is the amount of lapsed time required by a typical
worker to learn the techniques, acquire the information, and develop the facility needed
for average performance in a specific job-worker situation.Tell me whether attaining
proficiency in the below occupation task requires A) an extensive amount (more than 5
years); B) a fair amount (1 to 5 years); C) a moderate amount (3 months to 1 year);
or D) very little (less than 3 months) of specific vocational preparation; and, explain
your reasoning in one sentence. You must format the answer in a tuple ‘((A/B/C/D,

one-sentence reasoning)’. The occupation task is: < Insert Task Description >

We classify 4.9% of O*NET tasks into the more than 5 year category; 32.4% into the 1 to 5 year
category; 39.3% into 3 months to 1 year; and 23.4% to fewer than 3 months.

B.3 Employment

We obtain employment counts using the [IPUMS Census extracts.

B.3.1 IPUMS Population Sample

We use the full population sample for the period 1850-1940, and use the 1% sample for 1950, 5%
sample for 1960, 1% state Form 1 sample for 1970, 5% state sample for 1980 and 1990. Due to the
smaller sample sizes for the ACS, in 2010, we use 2008-2012 ACS 5-year sample and take all data
for years from 2018-2012, as an average centered at year 2010. Similarly for 2020, we use 2018-2022
ACS 5-year sample, as an average centered at year 2020.

We use USA TPUMS census data to extract information related to population, including gender,

age, occupation, industry, labor force participation, education, weeks/hours worked, and income:

Decade(s) Data Source and Sample Description
1850-1940 Full population sample

1950 1% sample

1960 5% sample

1970 1% state Form 1 sample



https://www.onetonline.org/help/online/svp
https://www.onetonline.org/help/online/svp

1980 5% state sample

1990 5% state sample
2010 2012 ACS 5-year sample
2020 2022 ACS 5-year sample

We restrict the sample to census respondents aged 15 to 75 that report that they are employed.
(census variable labforce = 2 for years 1850-1920, and empstat = 1 for other years). We exclude
members of the armed forces and occupation codes indicating a non-occupational response, such as
helping at home (0cc1950 codes 975-999). Following Katz and Margo (2014), we include both men
and women in our analysis; however, we also investigate the robustness of our findings to restricting
to men. We compute employment in a specific occupation (or industry, i.e. ind1950 or in2d, when

available) using the Census responded weights (census variable perwt).

B.3.2  Consistent Occupation Codes

To compute employment growth across decades, we aggregate the decade—specific definition of census
occupations into time-consistent classifications between the two start- and end-of-period Census
years involved in the employment change. For occupation classifications, we rely on the 1950 Census
occupation coding scheme (IPUMs variable “occ1950") for employment change observations with
start-of-period Census years before 1980. We use a revision of the Census 1990 scheme created by
Autor et al. (2024) (called “occ1990dd_ 18") for employment change observations with start-of-period
years 1980 and later. Because there is less resolution of “occ1950" codes available in IPUMs data in
the year 1940 or post-1980, we convert 1950 occupations into a collapsed scheme (also introduced by
Autor et al. (2024) and called “occ1950rj") for any employment changes where the start-of-period or
end-of-period includes 1940, or if the end-of-period of the employment change is post-1980.

The detailed table with our time-consistent occupation coding scheme is below:

Employment StartYear Employment EndYear OccScheme
1850 1860 occl950
1850 1870 occl950
1860 1870 occl950
1860 1880 occl950
1870 1880 occl950
1880 1900 occl950
1900 1910 occl950
1900 1920 occl950
1910 1920 occl950
1910 1930 occl950
1920 1930 occl950
1920 1940 occl950
1930 1940 occl950r]j
1930 1950 occl950
1940 1950 occl1950r]j
1940 1960 occl950r]j
1950 1960 occl950
1950 1970 occl950
1960 1970 occl950
1960 1980 occl950r]j
1970 1980 occl950r]j
1970 1990 o0ccl950rj




1980 1990 0ccl1990

1980 2000 0ccl990
1990 2000 occl1990
1990 2010 0ccl1990
2000 2010 occl1990
2000 2020 0ccl990

We use matching weights wy,_,, to construct a weighted crosswalk from the year-specific
occupation code o’ to the time-consistent code o we use above. We take w,_,, to be the share of
individuals in a time-consistent occupation o who are also assigned to the year-specific occupation o
in the given Census decade based off Census employment counts. As we explain in the next section,
we use these to constructed weighted versions of time-consistent occupational technology exposure

mean and concentration across tasks.

C Measurement

Here, we discuss our measurement approach in detail.

C.1 Task exposure

Let T denote a decade period (e.g. 1940-49, 1950-59); j, an occupation task; p, a patent, and
similarity, ; the cosine similarity between the OpenAl text embeddings for patent p and task j.
Our goal is to determine whether a given patent exposes a particular task. We impose sparsity
in this relationship, by assuming that only pairs sufficiently in the right tail of the distribution
of similarity,, ; are related. For our baseline we impose a 95th percentile cutoff. Denote this 95th
percentile cutoff in the distribution of task-patent similarity scores as P95.

Due to trends in language, we de-mean similarity scores by year and compute percentile cutoffs
separately for the tasks in each Census decade. Specifically, for a task j which is relevant to a
Census occupation in decade T, we compute the P95 percentile cutoff of the similarity between all
patents issued in the 20 years before and after the start of Census decade T" and decade T tasks.
For example, for tasks in Census year 1940, the P95 threshold is calculated from the similarity score
distribution between all patents issued in 1920 1959 and all decade 1940 tasks.

Since it will be computationally costly to get the percentile, we take a 1/10000 sample from all
patent - task pairs except for decade 2000. For decade 2000, there are around 10,000 tasks and 3
million patents (1980 - 2019) in the window, which forms a similarity sequence of length 30 billion.
We take a 1/1000000 sample from it to compute P95.

We compute two versions of technological exposure of task j in decade T, mapped to either a
20-year or 10-year forward-looking horizon (H = 10 or H = 20). Let Py denote the set of patents
issued in the time window [T, T+ H) (so when T' = 1940, Pj¢ includes patents issued from 1940-1949,

inclusive, and Py includes patents issued from 1940-1959, inclusive) and Ny the number of patents



in Py. The exposure of the task j to technology is simply the probability it is relevant to patents

issued over that horizon:

1
ExposurefT =~ Z 1(similarity,, ; > p95) (A.20)
pEPH

C.2 Constructing Occupation-Level Measures of Exposure

The model labor demand equation (10) implies that the means and variances of task-level exposure
are a sufficient statistic for occupational employment growth. We therefore take the means and
variances (which is our measure of exposure concentration) of task-level exposure across all tasks
j which are relevant to Census occupation o. This yields our measures of occupational average
task exposure to technology, and Exposure Concentration in occupational exposure to technology.
Specifically, let J(o,T') denote the set of tasks j relevant to occupation o in Census decade beginning

in T. We have

1
H _ H
Mean Exposure, ; = (0.7 ‘e‘;T) Exposure; p (A.21)
j 07
and
1 2
Exposure ConcentrationgT = m Z (EXPOSUTQET — Mean EXPOSUTGET) (A.22)
TN jed(o0T)
for H = 10, 20.

To use the measure to examine employment across time, we map year-specific occupation-level
exposure to time-consistent occupation schemes, following the procedure discussed in Section B.3.2.

There is one nuance to consider for occupation-level exposures. While we observe and predict
employment-growth using the cross-time consistent schemes discussed previously in the appendix,
we generate task exposures for year-specific titles corresponding to time-varying Census occupation
coding schemes. In practice, the year-specific Census occupation codes for which we construct
LLM-generated occupational tasks may map to more than one of the time-consistent codes in the
list of time-consistent occupation codes used for each year. In such a case, we weight tasks for a
year-specific code according to its employment weight within the time-consistent code in that year:
if a year-specific occupation o’ has 5 tasks in decade T', and it makes up 10% of overall employment
in a time-consistent occupation o in decade T', then a single task j in occupation o’ will receive a
10% x 1/5 = 0.5% weight in computing occupation o overall mean exposure in decade T'. Similarly,
the same weight is applied when calculating exposure concentration across all tasks.

More formally, if a time-specific Census occupation o’ has J, tasks, in a given decade, and
a share wy_,, in time-consistent code o come from year-specific census code o/, then each task

J in occupation o' receives weight w; = (1/Jy) X wy—, in computing the occupation mean and



concentration in equations (A.21) and (A.22). That is, in practice we calculate

Mean Exposureg;p = Z wj X ExposureET (A.23)
jeJ(o,T)
and
2
Exposure ConcentrationgT = Z wj X (ExposureET — Mean EXPOSUTGIOL,IT> : (A.24)
j€J(0,T)

C.3 Task Type Decomposition of Occupational Exposure - Manual, Cognitive,

and Interpersonal

As discussed above in Section B.2.2; we classify each task to one of the three types: manual, cognitive
and interpersonal. We use these categories to compute the technology exposure to the manual,
cognitive or the interpersonal part of the occupation. The measure construction is almost the
same as above, with the difference of using only tasks that are of speicific type for any occupation.
Specifically, denote task type 7 € {manual, cognitive, interpersonal}, Mean Exposuregjg the type
7 exposure of occupation o in decade T, for H horizon. We use J(o,T,C) for tasks relevant to

occupation o in decade T which is classified as type 7.

1
Mean Exposuregzg = m . Z ExposureET (A.25)
Jj€J(0,T'7)
We also define the type 7 task share of occupation o in decade T', as the share of tasks classified

as type 7 for all tasks occupation o performs in decade T

_ (o, T,7)|

Task Sharey, = J(0.T)) (A.26)

Using the definition above, we see that the occupational mean exposure is equal to the sum of
the exposure of the manual, cognitive and interpersonal mean task exposure, multiplied by their

respective task shares:
Mean ExposuregT = Z Task Sharej, 1 X Mean Exposureg’g (A.27)
T

C.3.1 Productivity Spillover

We compute the industry spillover measure using the growth rates in the number of patents issued
to each industry. The industry assignment for each patent is according to section B.1.3.

Specifically, for H-year employment changes, our industry spillover measure is

Spillf{T = log(Matched Patentsr_pip 1) — log(Matched Patentsp_p_,7,;) (A.28)



where Matched Patentsy_,7 g is the number of patents issued within window [T, T + H) that are

matched to industry 1.

C.4 Constructing a shift-share IV

Our shift-share identification strategy builds on Acemoglu et al. (2016), and leverages how the arrival
of breakthrough technologies diffuses to ‘downstream’ labor-saving technologies. The construction
of the shift-share instrument entails two steps. The first step (the shift) involves predicting the
arrival of breakthrough patents in a given tech class ¢ at time ¢ based on innovation in other tech

classes in the past,

)\c,t,r = Z Qc’—>c,t,7’ X Ic’,t—T' (A29)
c+#c

Here, Q.4 - is a technology diffusion matrix constructed based on the textual similarity of patents:
its elements are the average similarity of patents in technology class ¢ to patents in technology class
¢ for patents issued in tech class ¢ at time ¢ and tech class ¢ at time ¢t — 7; hence 7 represents a
diffusion lag period for innovation to propagate from tech class ¢’ to c. When constructing €2, we
set its diagonal to zero so that we only use spillovers to class ¢ from other technology classes ¢’.
I.; gives the intensity of breakthrough patents in class ¢ and year ¢, as measured by the share of
patents that are breakthroughs at time ¢ and in technology class c.

We then use a Poisson model to predict the number of patents issued in year t for tech class
¢, where the independent variable is the average value of A.;, across diffusion lags 7 =5, ..., 20.
We allow the coefficients in the Poisson model to vary by issue decade T'; this measure is a strong
predictor of subsequent patenting in tech class ¢, with an average t-stat of 4.2 across the decade-
by-decade coefficients. Finally, we aggregate yearly predicted patenting from the Poisson model to
the decade level. Finally, we divide by the total patents issued in that decade to get the tech class
predicted patenting share in decade T'. Call the predicted tech class number of patents NQT and
the predicted share of total patenting §C,T-

To construct the second step (the shares) we estimate the likelihood that a patent j from

technology class c is related to task j within the window [T'— 10,7 — 10 + H):

1 o
afT =NE Z 1(similarity,, ; > P95). (A.30)
C,T*lo pEPfT710

where P.1_19 is the set of patents issued to tech class c in decade T" — 10.

Our shift-share measure for the innovation exposure of task j is:

C



Finally, we compute the mean and variance of ZfT across all tasks 7 which are applicable to

occupation o. This yields our two I'Vs for a 10-year horizon of analysis, which we denote Z f :’FMean

and focomemmmn, respectively. The IVs at the 20-year horizon are constructed in the exact same
manner, except we replace ZVC’T with the implied tech-class patenting aggregated over a two-decade

forward-looking period instead of a single decade.

C.4.1 Industry Spillover IV

We instrument for industry-level technological spillovers as follows. Let I'7 . 7— g be the probability
that a patent in tech class ¢ came from industry I based on our textual mapping of patents to
industries in time period T, within time period [T'— H,T). We estimate I'7 . 7— g by the number of
patents in tech class ¢, divided by the number of patents in both tech class ¢ and industry I, within
time period [T — H,T). We instrument for the predicted matched patents in the industry at the
H-year horizon by taking

Predicted Matched Patentsr_, 74 H,1 = Z Lrer—m % S’fT (A.32)
(&

Then, following the definition of our industry spillover measure (A.28), we construct the IV for

spillover effect at the 20-year horizon by taking the log change:

Spill?;’H = log(Predicted Matched Patentsr_, 71 m,1) — log(Predicted Matched Patentsy_ g7 1)

(A.33)

D Model Simulation

Here, we discuss details of the model simulation.

D.1 Simulating new product creation

Our model simulation requires an assumption on the rate of Al-induced new product creation,
captured by growth in the model’s industry production share parameter o;. To map this to the
data, we first assume that patenting in AI generates new products. We use Pairolero et al. (2025)
to label patents as Al-related. We include any patent that Pairolero et al. (2025) tag as related to
machine-learning, computer vision, natural language processing, or speech recognition as Al-related,
using the strictest 93% cutoff for tagging Al patents (see their paper for details). We then take
a probabilistic mapping from patent 3-digit CPC technology classes to NAICS industries created
by Goldschlag et al. (2019). We use the Goldschlag et al. (2019) mapping to 6-digit NAICS 2007

industries, and then sum across all 6-digit industries within a 2-digit NAICS sector to get the share



of each patent assigned to that sector. We then sum across all patents for each industry and year to
get the total number of patents assigned to that industry each year.

Next, we need a mapping of new patents to product creation. For this, we follow Argente et al.
(2025), who report that the rate of new product creation within a firm follows the rate of new patent
issuance (relative to the stock of existing patents) with an elasticity 0.0469. We create the stock of
existing patents following Argente et al. (2025) by accumulating all patents assigned to the industry
over the last 20-years, with a depreciation rate of 15%. The Pairolero et al. (2025) patent database
coverage extends through the end of 2023, so we then create the rate of new Al patenting for each

industry I as of 2023:
New Al Patents Issued in 2023;

~ Stock of Existing Patents as of 2023,

T (A.34)

Finally, since we simulate over a horizon of 10 years, we adjust P; by calculating the expected total
flow of new AI patents from the end of 2024 to 2034. To do this, we calculate the average annual
growth rate in total AI patents from 2014 through 2023, which is g ~ 6.9%. Extrapolating this

same growth rate going forward, we then compute

Predicted flow of New Al Patents from 2024 to 2034; =
New AI Patents Issued in 20237 x ((1+¢)T™ — (1 +9¢))/g,

where we use the fact that 2 | K x (14 ¢)t = K x (1 +¢)T" = (14 g))/g9. We set T = 11, since
we simulate 10 years forward using BLS data as of the end of 2024, but cannot observe Al patents

after 2023. We call the resulting ratio

pAdjusted _ Predicted flow of New Al Patents from 2024 to 2034; (A.35)
I a Stock of Existing Patents as of 2023; ' ’

Finally, taking the elasticity of new product creation to the rate of new innovation from Argente et al.
(2025), we calculate the 10-year impact of Al on product innovation Aloga; = 0.0469 x PjA djusted
Since Goldschlag et al. (2019) does not provide a mapping of patents to the BLS 2-digit sector 55
(management of companies and enterprises), we assign the cross-sector average of PIA djusted ¢ that

particular sector.

D.2 Other Assumptions.

Calibrating the model requires us to map the observed distribution of employment shares to the
model. We focus on the distribution of labor across occupation x industry cells, which we take
from the BLS OEWS. Given that we do not have information about the capital intensity of each
occupation, we assume that the economy enters in an initial steady state in which all occupations

have the same level of capital intensity. In such a case, we can then set the weights ay and (o, I)



equal to the across industry and within industry, across occupation wage bill shares and exactly
match the initial allocation of labor in the economy as of 2024 in the BLS data. To capture aggregate
product innovation, in the post-shock equilibrium we no longer impose that the oy weights sum to 1
across industries. To reduce the dimensionality of the simulation, we remove all occupation—industry
pairs which make up less than 0.1% of an industry’s BLS employment. We also drop a small set
of occupations in the BLS data for which we cannot observe task-level exposure. Last, we assume
symmetric initial task-level capital prices and that the task-level labor share is s; = 60%, which we
take from the latest year of US data reported in Karabarbounis and Neiman (2013). This allows us
to calibrate the remaining CES task-level income share parameter +;, which we assume is common
across all tasks. Finally, the general equilibrium labor supply constant ¢ in equation (A.19) is
pinned down by our assumption that all w(j) = ¢(j) = ¢ in the initial symmetric equilibrium, where
the initial wage/capital price c is identified by the labor share s; combined with the market clearing

condition defined in (A.19).
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Appendix Figures and Tables

Figure A.1: Validation of LLM tasks using DOT/ONET

LLM vs DOT (1938)
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Note: The figure shows the distribution of cosine similarities between LLM (gpt-40-search-preview) task embeddings
and their DOT/O*NET counterparts. Task embeddings are averaged at the occupation level. We compare 1940
LLM tasks to 1939 DOT tasks, 1980 LLM tasks to 1977 DOT tasks, and 2010 LLM tasks to O*NET 2010 tasks.
Because LLM tasks use year-specific occupation codes, whereas DOT uses 0occ1950rj/0cc1990dd18, we match each
0cc1950rj/0cc1990dd18 occupation to the closest year-specific occupation using the crosswalk weights. For O*NET
2010, we link SOC codes to 2010 occupation codes. A placebo distribution pairs each occupation with a random,

non-matching occupation.



Figure A.2: Estimated Coeflicients, by Decade

A. Coeflicient on Mean Exposure

Coeff on Mean Exposure
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B. Coefficient on Task Concentration Exposure

Coeff on Concetration Exposure
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Note: This figure shows the coefficients of the following regression running for each decade T':

N,
log (NT;ZO> = f Mean Exposurei?T + 7 Concentrated Exposurei?T +clot +eo,T.

Decades 1870 and 1890 are missing due to a lack of 1890 census data. Panel A shows IV coeflicients of mean exposure,
and Panel B shows IV coefficients of concentrated exposure. Controls I', ; include a constant and lagged employment
share N, 1. 1. Coefficients correspond to a unit standard deviation of the dependent variable and are multiplied by
100. Standard errors are clustered by occupation. Shaded bands represent 90 percent confidence intervals.



Figure A.3: Estimated Coeflicients, by Decade

A. Coefficient on Mean Exposure (OLS)
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C. Coeflicient on Spillover Measure (OLS)
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Note: Figure shows the coefficients of the following regression running for each decade T"

N,
log (ﬁ) = 3 Mean ExposuregT + v Exposure ConcentrationfT +68Spill; 7 +clort + €01,

Panels A, B, and C show the coefficients of mean exposure, exposure concentration, and industry spillover, respectively.
Controls I', 1+ include sector fixed effects and lagged employment share. Coefficients correspond to a one-standard-

deviation change in the dependent variable and are multiplied by 100. Standard errors are clustered by occupation
and industry. Shaded bands represent 90 percent confidence intervals.
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Figure A.4: Technology Exposure and Shifts in Labor Demand Across Occupations: Education

A. Full Sample (1910-2020)
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Note: This figure plots actual and technology-predicted average growth rates in employment shares based off estimates of equation (26), and also by occupational
educational rank, following the procedure described in section 3.3 of the main text. In this figure we sort occupations into yearly employment-weighted quintiles based
off educational attainment. We sort using the IPUMs variable “edscor50" for years before 1980 and “edscor90" for 1980 and later.



Technology Exposure and Shifts in Labor Demand Across Occupations: Polarization

Figure A.5

B. 1910-1960 period

A. Full Sample (1910-2020)
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B Predicted Change in Employment Share

Actual Change in Employment Share

This figure plots actual and technology-predicted average growth rates in employment shares based off estimates of equation (26), and also within broad

occupation group categories, following the procedure described in section 3.3 of the main text. In this figure we sort occupations into broad time-consistent groups

following Autor et al. (2024). Occupation groups are sorted from left to right based off their average wages.

Note
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Figure A.6: Technology Exposure and Shifts in Labor Demand Across Occupations: Female Employment Share

A. Full Sample (1910-2020) B. 1910-1960 period
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Note: This figure plots actual and technology-predicted average annualized growth rates in employment shares based off estimates of equation (26), and also
by occupation gender composition ranking, following the procedure described in section 3.3 of the main text. In this figure we sort occupations into yearly
employment-weighted quintiles based off the share of workers in the occupation who are female.



69

Figure A.7: Composition of Cluster Technology Exposure, by Task Type
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Note: This figure plots the composition of technology exposure by each task type 7 € {Manual, Cognitive, Interpersonal} in each of the 20 clusters identified
in 1980-2025 period. The composition of each type-7 task, c,, is defined as the share of all task exposures that are contributed by type-7 tasks in each cluster 1.
Specifically, we define
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where K (T) is the set of all tasks in decade T', K(T,7) contains all type 7 tasks in K (T), the set of decades 7 = {1980, 1990, 2000}, and P(i,T) is the set of all
patents in cluster ¢ and issued in decade T'.
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Table A.1: Examples of Task Sources

Occupation

Sources

Tasks

1910 blast furnaces and
steel rolling mills (in-
cludes tin-plate factories)

Xtek, Inc. - Steel Mill Jobs - A Hardworking
History and a Lasting Legacy

MSU Geography - Steel Mill

Wages and Hours of Labor in the Iron and Steel
Industry in the United States, 1907 to 1912 -
Bulletin of the United States Bureau of Labor
Statistics, No. 151

The Working of Steel - Project Gutenberg

Unload raw materials such as iron ore, coke, and limestone from
railcars and transport them to storage areas or directly to the
blast furnace charging system.

Operate skip hoists to charge the blast furnace with measured
quantities of raw materials, ensuring proper layering and distri-
bution for efficient smelting.

Monitor and control the heating of blast furnace stoves to pro-
duce the necessary hot air blast, adjusting valves and dampers
to maintain optimal temperatures.

Regulate the flow of molten iron and slag from the blast furnace
during tapping operations, ensuring safe and efficient discharge
into ladles or molds.

Charge open-hearth furnaces with pig iron, scrap steel, and fluxes,
and control the heating process to produce steel of specified
composition and quality.

1940 firemen, fire depart-
ment

The Duties of a Fireman, City of Dayton Annual
Report for 1940

Job Bulletin, GovernmentJobs.com

Firefighter Job Description, City of Brentwood
Firefighter, Wikipedia

Respond to fire alarms and extinguish fires using appropriate
equipment and techniques.

Rescue individuals from burning buildings and other hazardous
situations.

Operate and maintain firefighting equipment, including hoses,
pumps, and ladders.

Perform routine maintenance and cleaning of fire stations, appa-
ratus, and equipment.

Participate in regular training drills to maintain firefighting skills
and physical fitness.

1950 airplane-mechanics
and repairmen

U.S. Department of Labor, Dictionary of Occu-
pational Titles, Fourth Edition, Revised 1949
Civil Aeronautics Administration, Aircraft Main-
tenance Manual, 1948

U.S. Air Force, Technical Order 00-20A-1, Main-
tenance Manual, 1950

Inspect aircraft frames, engines, and other components for wear,
damage, or defects, using hand tools and visual examination.
Perform routine maintenance tasks, such as changing oil, lubri-
cating parts, and replacing worn or defective parts.

Diagnose mechanical or hydraulic system failures to determine
necessary repairs.

Repair or replace defective parts, such as wings, brakes, electrical
systems, and other aircraft components.

Test aircraft systems to ensure proper functioning using diag-
nostic instruments.

Note: This table shows example tasks and examples of their corresponding sources as stated by gpt-4o-search-preview. The column “Tasks” lists examples of generated

task text.



Table A.2: Technology Exposure and Employment Growth, Mean Exposure Only

A. OLS
10-yr Horizon 20-yr Horizon
(1) (2) (3) (4) (5) (6)
Mean Task Exposure -7.88%FF  _7.95% 5. 81F -13.97  -14.0"*  -11.5%**
(1.17) (1.18) (1.21) (2.17) (2.17) (2.04)
Obs 3,212 3,212 2,452 3,166 3,166 2,410
R? (Within) 0.015 0.022 0.042 0.021 0.032 0.062
B. 1V
10-yr Horizon 20-yr Horizon
(1) (2) (3) (4) (5) (6)
Mean Task Exposure -8.39***  -8.54™*  -6.42*"* -15.8"** -16.1*** -13.4***
(1.18) (1.18) (1.25) (2.16) (2.16) (2.05)
Obs 3,212 3,212 2,452 3,166 3,166 2,410
R? (Within)
F stat (Exposure) 12,586 12,604 10,846 8,485 8,489 7,194
Year FE X X X X X X
Employment Share, Lag X X X X
Employment Share, Lag growth X X

Note: The table above reports results from regressions of the form
0,

N,
log <NT;H) = [ Mean ExposuregT +clo +€0,7-

for decades T' spanning from 1850-2000, excluding 1890. The main variable of interest is Mean ExposuregT, our
technology mean exposure measure, normalized to unit standard deviation. Controls I', ; include year fixed effects,

lagged employment share N, 7, and lagged employment growth log ( NN;LTm . The controls included in each regression

specification are denoted by X. Coefficients are multiplied by 100. The top panel reports the estimated coefficients
using OLS, while the bottom panel reports the IV estimates. Standard errors (in parentheses) are clustered by
occupation. Columns 1-3 show regressions with H = 10, and columns 4—6 show regressions with H = 20.



Table A.3: Technology Exposure and Employment Growth, Comparison across Subsamples

A. Early Sample (1850-1920)

OLS v
10-yr Horizon 20-yr Horizon 10-yr Horizon 20-yr Horizon
(1) 2) 3) (4) (5) (6) (7) (8)
Mean Task Exposure -6.34**  -8.79** -4.12 2.59 -5.44* 991 -3.85 -2.95
(2.58)  (347)  (411)  (6.17)  (257)  (3.50)  (4.06)  (6.71)
Concentration in Task Exposure 3.27 -8.64 6.38* -1.22
(3.23) (5.61) (3.45) (6.60)
Obs 776 776 791 791 776 776 791 791
R? (Within) 0.015 0.016 0.013 0.016
F stat (Exposure) 3,305 1,993 3,177 1,549
F stat (Concentration) . 565 . 290
B. Middle Sample (1910-1970)
OLS v
10-yr Horizon 20-yr Horizon 10-yr Horizon 20-yr Horizon
(1) () 3) (4) (5) (6) (7) (8)
Mean Task Exposure -4.67  -15.4% -13.6%F -33.2°**  -5.39"**  -15.6™** -15.2%** -32.2%**
(2.00) (3.68) (3.71) (6.27) (2.06) (4.29) (3.74) (6.82)
Concentration in Task Exposure 12.4%** 23.17%** 12.1** 20.5**
(4.14) (7.12) (5.16) (8.11)
Obs 1,116 1,116 1,153 1,153 1116 1,116 1,153 1,153
R? (Within) 0.016 0.025 0.037 0.051
F stat (Exposure) 6,565 3,354 8,080 4,066
F stat (Concentration) . 898 . 956
C. Later Sample (1960-2020)
OLS 1A%
10-yr Horizon 20-yr Horizon 10-yr Horizon 20-yr Horizon
(1) (2) 3) (4) () (6) (7) (8)
Mean Task Exposure S11.4% -15.0% 22147 -29.3%F _12.1%%F -15.8%*F  -23.8%**  -32.3"**
(1.41)  (271)  (2.95)  (5.00)  (1.44)  (2.80)  (2.92)  (5.21)
Concentration in Task Exposure 4.27* 9.62** 4.48* 10.7**
(2.26) (3.78) (2.40) (4.29)
Obs 1,320 1,320 1,222 1222 1320 1,320 1,222 1,222
R? (Within) 0.055  0.058  0.088  0.093
F stat (Exposure) 14,015 7,698 5,127 2,874
F stat (Concentration) . 4,175 . 1,790
Year FE X X X X X X X X
Employment Share, Lag X X X X X X X X

Note: The table above reports results from the following regressions estimated for different subsamples:

N,

log (]OVT'H{> = [ Mean ExposurefT + v Exposure ConcentrationfT +clot +€o,1.
o, T

Panels A, B, and C correspond to T' € [1850, 1900], [1910, 1950], [1960, 2000], respectively. Controls ', ; include year

fixed effects and lagged employment share. The coefficients correspond to a one-standard-deviation change in the

dependent variable and are multiplied by 100. Standard errors (in parentheses) are clustered by occupation.



Table A.4: Technology Exposure and Employment Growth, Direct Effects, Employment Weights

A. OLS
10-yr Horizon 20-yr Horizon
nm @ @ G ®
Mean Task Exposure 11 S S11.8 2180 2167 -21.6%%

(2.46)  (2.58)  (2.98)  (3.89)  (4.09)  (4.22)

Concentration in Task Exposure 5.71***  5.66™*  7.14**  11.2"* 10.9"*  12.3***
(1.91) (1.98) (2.34) (2.80) (2.86) (3.09)

Obs 3,212 3,212 2,452 3,166 3,166 2,410
R? (Within) 0.025 0.030 0.029 0.046 0.055 0.064
B. 1V
10-yr Horizon 20-yr Horizon
m @ @ G ®
Mean Task Exposure 11 S11.2% 0 S11.9% 0 S23.2% 23,47 22 5%

(2.58)  (2.75)  (3.04)  (4.34)  (4.65)  (4.65)

Concentration in Task Exposure  4.46** 4.53** 5.70%* 104 10.4**  10.9***
(2.13) (2.24) (2.51) (3.27) (3.42) (3.51)

Obs 3,212 3,212 2,452 3,166 3,166 2,410
R? (Within)

F stat (Exposure) 2,499 2,474 1,855 1,465 1,462 1,087
F stat (Concentration) 1,407 1,408 1,114 948 955 817
Year FE X X X X X X
Employment Share, Lag X X X X
Employment Share, Lag growth X X

Note: The table above reports results from regressions of the form

No .
log <NT;H> = B Mean ExposuregT + ~v Exposure ConcentratlongT +cloi + €01

for decades T spanning from 1850-2000, excluding 1890. The variables of interest are Mean EXposurefT, technology

mean exposure, and Exposure ConcentrationgT, technology exposure concentration (both normalized to unit standard
deviation). Controls ', ; include year fixed effects, lagged employment share N, r, and lagged employment growth
NO
N, o,T{ 10
100. The top panel reports the estimated coefficients using OLS, while the bottom panel reports the IV estimates.
Standard errors (in parentheses) are clustered by occupation. Columns 1-3 show regressions with H = 10, and columns
4-6 show regressions with H = 20. Regressions are weighted by the employment share of which occupation; weights
are right-tail winsorized at the 5% level to reduce the influence of large occupations (for example, agriculture workers).

log ( ) The controls included in each regression specification are denoted by X. Coefficients are multiplied by



Table A.5: Technology Exposure and Employment Growth, Subsamples, Men Only

A. Early Sample (1850-1920)

OLS v
10-yr Horizon 20-yr Horizon 10-yr Horizon 20-yr Horizon
(1) 2) 3) (4) () (6) (7 (8)
Mean Task Exposure -4.32% -6.55% -0.89 5.49 -3.78 -7.22%* -0.86 0.48
(2.61) (3.49) (4.09) (6.10) (2.58) (3.58) (4.02) (6.62)
Concentration in Task Exposure 2.96 -8.19 4.89 -1.83
(3.26) (5.50) (3.58) (6.46)
Obs 776 776 791 791 776 776 791 791
R? (Within) 0.010 0.011 0.009 0.012
F stat (Exposure) 3,304 1,993 3,176 1,549
F stat (Concentration) 565 290
B. Middle Sample (1910-1970)
OLS v
10-yr Horizon 20-yr Horizon 10-yr Horizon 20-yr Horizon
(1) (2) (3) (4) (5) (6) (7 (8)
Mean Task Exposure -3.17 0 -12.9%* 111 -33.8%*  -3.96*  -13.1%*  -12.7%*  -33.8%**
(2.01) (3.86) (3.64) (5.86) (2.08) (4.60) (3.62) (5.95)
Concentration in Task Exposure 11.2** 26.8*** 10.8% 25. 7"
(4.42) (6.03) (5.63) (6.07)
Obs 1,116 1,116 1,151 1,151 1,116 1,116 1,151 1,151
R? (Within) 0.011 0.019 0.030 0.048
F stat (Exposure) 6,529 3,340 8,013 4,093
F stat (Concentration) 896 1,090
C. Later Sample (1960-2020)
OLS v
10-yr Horizon 20-yr Horizon 10-yr Horizon 20-yr Horizon
(1) 2) 3) (4) () (6) (7) (8)
Mean Task Exposure -9.79¥*  -13.20 -18.4F 2417 -10.47F -13.8%F -20.77F -26.8%*F
(1.36)  (2.61)  (2.86)  (4.89)  (1.38)  (274)  (2.82)  (5.14)
Concentration in Task Exposure 4.10* 6.90* 4.15% 7.70*
(2.20) (3.83) (2.38) (4.35)
Obs 1,318 1,318 1,222 1,222 1,318 1,318 1,222 1,222
R? (Within) 0.044 0.046 0.070 0.073
F stat (Exposure) 14,024 7,715 5,150 2,884
F stat (Concentration) 4,106 1,785
Year FE X X X X X X X X
Employment Share, Lag X X X X X X X X

Note:

The table above reports results from the same regressions as Table A.3, but restricts the sample to male labor

only. Panels A, B, and C correspond to T' € [1850, 1900], [1910, 1950], [1960, 2000], respectively. Controls I', ¢ include
year fixed effects and lagged employment share. Coeflicients correspond to a one-standard-deviation change in the

depende

nt variable and are multiplied by 100. Standard errors (in parentheses) are clustered by occupation.



Table A.6: Technology Exposure and Employment Growth, LLM Robustness: 1850-1920

A. Baseline (GPT4o-Search)

OLS v
10-yr Horizon 20-yr Horizon 10-yr Horizon 20-yr Horizon
(1) 2) 3) (4) (5) (6) (7) (8)
Mean Task Exposure -6.34*  -8.79*  -4.12 2.59  -544 -9.91"* -3.85  -2.95
(2.58) (3.47) (4.11) (6.17) (2.57)  (3.50) (4.06) (6.71)
Concentration in Task Exposure 3.27 -8.64 6.38* -1.22
(3.23) (5.61) (3.45) (6.60)
Obs 776 776 791 791 776 776 791 791
R? (Within) 0.015  0.016 0.013 0.016
F stat (Exposure) 3,305 1,993 3,177 1,549
F stat (Concentration) 565 290
B. Alternative LLM: GPT 4o
OLS v
10-yr Horizon 20-yr Horizon 10-yr Horizon 20-yr Horizon
) 2) 3) (4) () (6) (7) (8)
Mean Task Exposure -1.69 -6.57 0.29 -5.43 -1.73 -6.86*  -0.94 -741
(3.39) (4.17) (4.84) (6.07) (3.26) (3.89) (4.60) (5.65)
Concentration in Task Exposure 4.61%** 5.60*** 5.06"** 6.68***
(1.45) (2.12) (1.38) (1.90)
Obs 776 776 791 791 776 776 791 791
R? (Within) 0.009  0.014 0.011 0.015
F stat (Exposure) 2,427 7,323 1,989 7,164
F stat (Concentration) 61,556 30,759
C. Alternative LLM: Llama
OLS 1A%
10-yr Horizon 20-yr Horizon 10-yr Horizon 20-yr Horizon
(1) (2) (3) (4) (5) (6) (7) (8)
Mean Task Exposure -1.58 1.46 1.53 5.95 -2.33 -3.53 -0.40  -1.57
(3.60) (6.65) (4.86) (8.39) (3.39) (5.59) (4.71) (7.73)
Concentration in Task Exposure -2.92 -4.50 1.15 1.19
(4.37) (5.76) (3.55) (5.26)
Obs 776 776 791 791 776 776 791 791
R? (Within) 0.009 0.010 0.012 0.013
F stat (Exposure) 1,994 1,098 1,945 1,114
F stat (Concentration) 1,555 987
Year FE X X X X X X X X
Employment Share, Lag X X X X X X X X

Note:

No1T+H
ND,T

The table above reports results from regressions of the form

log (

Panels A, B, and C correspond to measures using tasks generated by gpt-4o-search-preview, gpt-40-2024-11-20. and
Meta-Llama-3.1-405B-Instruct, respectively. Controls I', + include year fixed effects and lagged employment share.
Coefficients correspond to a one-standard-deviation change in the dependent variable and are multiplied by 100.
Standard errors (in parentheses) are clustered by occupation.

) = Mean ExposuregT + v Exposure ConcentrationfT +clor+eor, T €[1850,1900].



Table A.7: Technology Exposure and Employment Growth, LLM Robustness: 1910-1970 (Appendix)

A. Baseline (GPT4o-Search)

OLS v
10-yr Horizon 20-yr Horizon 10-yr Horizon 20-yr Horizon
(1) 2) ®3) (4) (5) (6) (7) (8)
Mean Task Exposure -4.67  -15.47 -13.6%*  -33.2"* 539" -15.6"* -15.2%%  -32.2%
(2.00)  (3.68) (3.71) (6.27) (2.06) (4.29) (3.74) (6.82)
Concentration in Task Exposure 12.4%%* 23.1%** 12.1% 20.5**
(4.14) (7.12) (5.16) (8.11)
Obs 1,116 1,116 1,153 1,153 1,116 1,116 1,153 1,153
R? (Within) 0.016 0.025 0.037 0.051
F stat (Exposure) 6,565 3,354 8,080 4,066
F stat (Concentration) 898 956

B. Alternative LLM: GPT 4o

OLS v
10-yr Horizon 20-yr Horizon 10-yr Horizon 20-yr Horizon
(1) 2) ®3) (4) (5) (6) (7) (8)
Mean Task Exposure -0.96  -14.77* 549 -29.4% 211 -154%*  -7.60"  -30.2***
(2.09) (3.35) (4.07) (5.57) (2.05) (3.36) (3.98) (5.52)
Concentration in Task Exposure 24.3** 41. 7% 2427 40.8%**
(5.95) (8.03) (5.95) (8.00)
Obs 1,116 1,116 1,153 1,153 1,116 1,116 1,153 1,153
R? (Within) 0.011 0.030 0.023 0.062
F stat (Exposure) 5,373 3,091 7,268 5,276
F stat (Concentration) 1,299 2,659
C. Alternative LLM: Llama
OLS v
10-yr Horizon 20-yr Horizon 10-yr Horizon 20-yr Horizon
1) 2) 3) (4) (5) (6) (M) (8)
Mean Task Exposure =277 -7.200 -10.7%¢ -21.1F 0 411 -9.53%F -13.0"* -25.0"**
(2.16)  (2.89) (3.73) (4.89) (2.07) (3.01) (3.60) (5.10)
Concentration in Task Exposure 5.83** 13.7%% 7.32%* 16.5**
(2.91) (4.64) (3.38) (5.19)
Obs 1,116 1,116 1,153 1,153 1,116 1,116 1,153 1,153
R? (Within) 0.013 0.016 0.031 0.037
F stat (Exposure) 6,088 3,161 7,322 4,268
F stat (Concentration) 1,211 1,710
Year FE X X X X X X X X
Employment Share, Lag X X X X X X X X

Note:

log (

ND,T

The table above reports results from regressions of the form

N,
°T+H> = S Mean ExposuregT + v Exposure ConcentrationfT +clor+eor, T €[1910,1950].

Panels A, B, and C correspond to measures using tasks generated by gpt-4o-search-preview, gpt-40-2024-11-20. and
Meta-Llama-3.1-405B-Instruct, respectively. Controls I', + include year fixed effects and lagged employment share.
Coefficients correspond to a one-standard-deviation change in the dependent variable and are multiplied by 100.
Standard errors (in parentheses) are clustered by occupation.



Table A.8: Technology Exposure and Employment Growth, LLM Robustness: 1960-2020

A. Baseline (GPT4o-Search)

OLS v
10-yr Horizon 20-yr Horizon 10-yr Horizon 20-yr Horizon
(1) 2) 3) (4) (5) (6) (7) (8)
Mean Task Exposure S11.4% -15.0%%F -21.4% -29.3%* -12.1%%F 158" -23.8%F  -32.3"*
(1.41)  (271)  (295)  (5.00) (144) (2.80) (2.92)  (5.21)
Concentration in Task Exposure 4.27* 9.62** 4.48* 10.7%*
(2.26) (3.78) (2.40) (4.29)
Obs 1,320 1,320 1,222 1,222 1,320 1,320 1,222 1,222
R? (Within) 0.055 0.058 0.088 0.093
F stat (Exposure) 14,015 7,698 5,127 2,874
F stat (Concentration) . 4,175 . 1,790
B. Alternative LLM: GPT 4o
OLS v
10-yr Horizon 20-yr Horizon 10-yr Horizon 20-yr Horizon
(1) () 3) (4) (5) (6) (7) (8)
Mean Task Exposure -10.3***  -14.6™*  -18.6™* -30.8*** -11.1"** -15.6™* -21.7"** -34.3***
(1.35)  (2.34)  (2.82)  (4.64)  (1.38)  (246)  (2.84)  (4.85)
Concentration in Task Exposure 7.05%* 20.3*** 7.48** 21.8%%*
(2.98) (5.89) (3.21) (6.18)
Obs 1,320 1,320 1222 1,222 1320 1,320 1222 1,222
R? (Within) 0.046 0.051 0.069 0.087
F stat (Exposure) 15,201 8,043 6,250 3,329
F stat (Concentration) . 2,683 . 1,117
C. Alternative LLM: Llama
OLS 1A%
10-yr Horizon 20-yr Horizon 10-yr Horizon 20-yr Horizon
(1) (2) 3) (4) () (6) (7) (8)
Mean Task Exposure -10.3% -13.8%%%  -19.2%**  27.8%*  _11.4%F 1517 -22.9%%* _30.2%**
(1.40)  (214)  (2.91)  (4.04)  (1.43)  (222)  (2.96)  (4.39)
Concentration in Task Exposure 5.21** 12.4%** 5.58** 10.8**
(2.42) (4.35) (2.35) (4.36)
Obs 1,320 1,320 1,222 1222 1320 1,320 1,222 1,222
R? (Within) 0.047  0.050  0.074  0.082
F stat (Exposure) 11,247 5,469 4,703 2,263
F stat (Concentration) . 2,284 . 920
Year FE X X X X X X X X
Employment Share, Lag X X X X X X X X

Note: The table above reports results from regressions of the form

N,

log (W) = S Mean ExposuregT + v Exposure ConcentrationfT +clor+eor, T €[1960,2000].
o, T

Panels A, B, and C correspond to measures using tasks generated by gpt-4o-search-preview, gpt-40-2024-11-20. and

Meta-Llama-3.1-405B-Instruct, respectively. Controls I', + include year fixed effects and lagged employment share.

Coefficients correspond to a one-standard-deviation change in the dependent variable and are multiplied by 100.

Standard errors (in parentheses) are clustered by occupation.



Table A.9: Technology Exposure and Employment Growth, Manual Share Control

OLS v
10-yr Horizon 20-yr Horizon 10-yr Horizon 20-yr Horizon

(1) (2) (3) 4) (5) (6) (7) (8)

Mean Task Exposure -3.55**  -3.30 -7.10"™* -5.63 -4.32** -5.86* -7.35"* -8.64*
(1.66) (2.97) (251) (4.24) (1.70) (3.04) (2.83) (4.75)
Concentration in Task Exposure 3.76% 2.47 3.32 3.08
(1.94)  (3.20) (2.20) (3.66)
Obs 3,212 3,166 3,212 3,166 3,212 3,166 3,212 3,166
R? (Within) 0.032 0.052  0.033  0.052
F stat (Exposure) 8,251 5875 4,474 3,038
F stat (Concentration) . . 1,820 1,222
Year FE X X X X X X X X
Employment Share, Lag X X X X X X X X
Share of Manual Tasks X X X X X X X X
Share of Cognitive Tasks X X X X X X X X

Note: The table above reports results from regressions of the form

N,
log (JO\TTJ;I> = 8 Mean ExposuregT + v Exposure ConcentrationgT +clot +cor

for decades T spanning from 1850-2000, excluding 1890. The variables of interest are Mean ExposuregT, technology
mean exposure, and Exposure Concentrationf’T, technology exposure concentration (both normalized to unit standard

deviation). Controls IT', ; include year fixed effects, lagged employment share, and the occupational share of manual
and cognitive tasks. Coefficients are multiplied by 100. Standard errors (in parentheses) are clustered by occupation.



Table A.10: Technology Exposure and Employment Growth, Controlling for Industry Trends

A. OLS
Employment Growth (%) 10 Years 20 Years
(1) (2) (3) (4) (5) (6) (7) (8)
Mean Task Exposure S4.21%% 427 J812% 8. 37 JT.21 LT3 S14.97 J15.3%F
(1.24)  (1.24)  (2.06) (207)  (227) (232)  (3.41)  (3.48)
Concentration in Task Exposure 4.75%%  4.97 9.42%** Q.82
(1.88)  (1.87) (2.80)  (2.83)
N 149217 149217 149217 149217 138,923 138,923 138,923 138,923
R? (Within) 0.002 0.002 0.002 0.003 0.003 0.003 0.005 0.006
B. IV
Employment Growth (%) 10 Years 20 Years
(1) (2) (3) (4) (5) (6) (7) (8)
Mean Task Exposure -5.05%** 507 8117 -8.43*F  -9.64™*  -9.65*** -16.1"** -16.5"**
(1.20)  (L.21)  (2.08)  (2.09) (2.18)  (2.21)  (3.26) (3.32)
Concentration in Task Exposure 3.81% 4.17 8.20**  8.78***
(1.93)  (1.92) (2.86)  (2.89)
N 149,217 149217 149217 149217 138,923 138,923 138,923 138,923
R? (Within)
F stat (Exposure) 8,398 8,482 4,390 4,438 4,677 4,745 2,473 2,511
F stat (Concentration) . . 1,624 1,636 . . 1,150 1,162
Year FE X X X X
Industry FE X X X X
Year x Industry FE X X X X
Employment Share, Lag X X X X X X X X

Note: The table above reports results from regressions of the form

N,
log (W) = 8 Mean ExposuregT + ~v Exposure ConcentrationfT +clort + €o,1,7.
0,I,T ’

for decades T spanning from 1910-2000. The variables of interest are Mean ExposurefT, technology mean exposure,
and Exposure Concentrationﬁ{T, technology exposure concentration (both normalized to unit standard deviation).
Controls I', 1.+ include year fixed effects, industry fixed effects (or year x industry fixed effects), and lagged employment

share. Specific control specifications are denoted by X. Coefficients are multiplied by 100. Standard errors (in
parentheses) are clustered by occupation and industry.



Table A.11: Technology Exposure and Employment Growth, Industry Controls—Innovation Spillovers, Male
Only

A. OLS
Employment Growth (%) 10 Years 20 Years
(1) (2) (3) (4) (5) (6) (7) (8)
Mean Task Exposure -2.48* -2.43%  -5.92%* 59T _4.38* -4.30*  -11.5"**  -11.5***
(1.28)  (1.28)  (2.08)  (2.07) (234) (2.34)  (3.39)  (3.41)
Concentration in Task Exposure 4.20** 4.33** 8.79***  8.85***
(1.84)  (1.83) (2.68)  (2.69)
Industry Spillover 8.187*  10.8**  8.19** 10.8** 17.6***  21.0™* 17.6*** 21.0"**
(2.46)  (1.74)  (2.46)  (1L.74)  (3.38)  (343)  (3.38)  (3.43)
N 125,351 125,351 125,351 125,351 115,057 115,057 115,057 115,057
R? (Within) 0.004 0.006 0.005 0.006 0.011 0.012 0.013 0.014
B. 1V
Employment Growth (%) 10 Years 20 Years
(1) (2) (3) (4) (5) (6) (7) (8)
Mean Task Exposure -2.98*  -3.16%F  -5.95"*  -6.17"*  -6.84™* -6.73* -12.8%* -12.9"**
(1.26)  (1.25)  (2.08)  (2.08) (223) (2.23) (3.22)  (3.23)
Concentration in Task Exposure 3.72%* 3.77** 7.70%%  7.88***
(1.85)  (1.86) (2.73)  (2.73)
Industry Spillover 43.9** 422 43.9** 4227 15.8** 20.0%** 15.8** 20.0***
(19.30) (15.72) (19.29) (15.71) (7.87)  (7.33)  (7.87)  (7.33)
N 124,000 124,000 124,000 124,000 114,614 114,614 114,614 114,614
R? (Within)
F stat (Exposure) 4132 4,163 2,88 2913 2202 2360 1,619 1,676
F stat (Concentration) 1,056 1,355 742 761
F stat (Spillover) 7 3 6 39 27 21 18 67
Year FE X X X X
Sector FE X X X X
Year x Sector FE X X X X
Employment Share, Lag X X X X X X X X

Note: The table above reports results from the same regressions as Table 2, but restricts the sample to male labor
only. Controls I',; include year fixed effects, broad-sector fixed effects (or year x sector fixed effects), and lagged
employment share. Specific control specifications are denoted by X. Coefficients correspond to a one-standard-deviation
change in the independent variable and are multiplied by 100. Standard errors (in parentheses) are clustered by
occupation and industry. Panel A reports the estimated coefficients using OLS, while Panel B reports the IV estimates.
Columns 1, 2, 5, and 6 show estimation excluding exposure concentration measure, while the others include it. Columns
Columns 1-4 show regressions with H = 10, while the others show regressions with H = 20.



Table A.12: Technology Exposure and Employment Growth, Industry Controls-Innovation Spillovers
(1910-1970 period)

Note:

A. OLS
Employment Growth (%) 10 Years 20 Years
(1) (2) (3) (4) (5) (6) (7) (8)
Mean Task Exposure -1.78 -1.89  -9.85*** -10.0**  -3.20 -3.25  -16.2***  -16.3***
(2.33)  (2.33) (3.43) (3.44) (3.86)  (3.86) (5.57) (5.59)
Concentration in Task Exposure 9.91%**  9.99*** 16.2"**  16.3"**
(2.90)  (2.91) (4.50)  (4.54)
Industry Spillover 11.9**  16.8™*  11.9**  16.8** 29.3*** 32.9™* 29.2**  32.8"**
(4.66)  (2.95) (4.66) (2.95) (5.51)  (5.05) (5.51) (5.05)
N 61,669 61,669 61,669 61,669 54,821 54,821 54,821 54,821
R? (Within) 0.006 0.010 0.008 0.012 0.015 0.018 0.019 0.022
B. IV
Employment Growth (%) 10 Years 20 Years
(1) (2) (3) (4) (5) (6) (7) (8)
Mean Task Exposure -2.38 -2.37  -10.7**  -10.8***  -4.26 -4.32  -16.4**  -16.4***
(2.40)  (2.38) (3.60) (3.60) (3.83) (3.83) (5.45) (5.49)
Concentration in Task Exposure 10.5***  10.6™** 15. 7% 15.6™*
(3.30) (3.32) (4.86) (4.89)
Industry Spillover 86.4 53.7* 86.5 53.9* 17.7 25.2%* 17.5 25.1**
(77.92) (28.24) (78.03) (28.31) (13.30) (12.44) (13.35) (12.45)
N 61,319 61,319 61,319 61,319 54,682 54,682 54,682 54,682
R? (Within)
F stat (Exposure) 2,362 2,358 1,919 1,929 2,204 2,593 1,873 2,034
F stat (Concentration) 477 478 540 503
F stat (Spillover) 1 2 1 2 15 20 11 15
Year FE X X X X
Sector FE X X X X
Year x Sector FE X X X X
Employment Share, Lag X X X X X X X X

N,
log <OIT+H> = 8 Mean ExposuregT—i—'y Exposure ConcentrationgT—i—(S Spill; p4cTo 1t+e0,1,r, T € [1910,1950]

No1,1

The table above reports results from regressions of the form

for decades T spanning 1910-1950. Controls I', ;; include year fixed effects, broad-sector fixed effects (or year x
sector fixed effects), and lagged employment share. Specific control specifications are denoted by X. Coefficients
correspond to a one-standard-deviation change in the independent variable and are multiplied by 100. Standard errors
(in parentheses) are clustered by occupation and industry. Panel A reports the estimated coefficients using OLS,
while Panel B reports the IV estimates. Columns 1, 2, 5, and 6 show estimates excluding exposure concentration
measure, while the others include it. Columns 1-4 show regressions with H = 10, while the others show regressions
with H = 20.



Table A.13: Technology Exposure and Employment Growth, Industry Controls-Innovation Spillovers
(1960-2020 period)

A. OLS
Employment Growth (%) 10 Years 20 Years
(1) (2) (3) (4) (5) (6) (7) (8)
Mean Task Exposure -5.99%  -6.03™* 7T J7.230 _10.5%  -10.5%  -14.8%*F  -14.8%*
(1.31)  (1.31)  (229)  (2.28)  (242)  (242)  (4.03)  (4.04)
Concentration in Task Exposure 1.41 1.45 5.16 5.20
(1.94) (1.93) (3.55) (3.54)
Industry Spillover 4.07* 543" 407" 543" 10.5"*  13.5%*  10.5"*  13.5**
(1.86) (2.02) (1.86) (2.02) (3.55) (3.94) (3.55) (3.94)
N 75,523 75,523 75,523 75,523 71,642 71,642 71,642 71,642
R? (Within) 0.005 0.006 0.005 0.006 0.012 0.014 0.013 0.015
B. IV
Employment Growth (%) 10 Years 20 Years
(1) (2) (3) (4) (5) (6) (7) (8)
Mean Task Exposure -6.69%*  -6.74™*  -7.98* .07 -13.0"** -13.0** -17.7*  -17.8%
(1.29)  (1.28)  (218)  (2.18)  (2.36)  (2.36)  (3.80)  (3.81)
Concentration in Task Exposure 1.59 1.64 5.91* 5.96*
(1.91)  (1.92) (3.44)  (3.43)
Industry Spillover 36.7 36.1* 36.7 36.1* 15.6* 16.1* 15.6* 16.1*
(23.62) (20.80) (23.61) (20.79) (9.17)  (8.17)  (9.17)  (8.17)
N 74318 74,318 74,318 74,318 71274 71274 71274 71274
R? (Within)
F stat (Exposure) 5,287 5,495 4,073 4,181 2,212 2,241 1,711 1,748
F stat (Concentration) 2,750 2,496 1,037 1,021
F stat (Spillover) 2 2 2 2 10 10 7 6
Year FE X X X X
Sector FE X X X X
Year x Sector FE X X X X
Employment Share, Lag X X X X X X X X

Note: The table above reports results from regressions of the form

N,
log (W) = 8 Mean ExposuregT—i—'y Exposure ConcentrationgT—i—(S Spill; p4cTo 1t+e0,1,r, T € [1960,2000]

for decades T spanning 1910-2000. Controls I', ;; include year fixed effects, broad-sector fixed effects (or year x
sector fixed effects), and lagged employment share. Specific control specifications are denoted by X. Coefficients
correspond to a one-standard-deviation change in the independent variable and are multiplied by 100. Standard errors
(in parentheses) are clustered by occupation and industry. Panel A reports the estimated coefficients using OLS,
while Panel B reports the IV estimates. Columns 1, 2, 5, and 6 show estimates excluding exposure concentration
measure, while the others include it. Columns 1-4 show regressions with H = 10, while the others show regressions
with H = 20.
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