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We answer three core questions about the hypothesized role of newly emerg- 
ing job categories (“new work”) in counterbalancing the erosive effect of task- 
displacing automation on labor demand: what is the substantive content of new 

work, where does it come from, and what effect does it have on labor demand? 
We construct a novel database spanning eight decades of new job titles linked 
to U.S. Census microdata and to patent-based measures of occupations’ exposure 
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to labor-augmenting and labor-automating innovations. The majority of current 
employment is in new job specialties introduced since 1940, but the locus of new- 
work creation has shifted from middle-paid production and clerical occupations 
over 1940–1980 to high-paid professional occupations and secondarily to low-paid 
services since 1980. New work emerges in response to technological innovations 
that complement the outputs of occupations and demand shocks that raise occupa- 
tional demand. Innovations that automate tasks or reduce occupational demand 
slow new-work emergence. Although the flow of augmentation and automation 

innovations is positively correlated across occupations, the former boosts occupa- 
tional labor demand while the latter depresses it. The demand-eroding effects 
of automation innovations have intensified in the past four decades while the 
demand-increasing effects of augmentation innovations have not. JEL codes: E24, 
J11, J23, J24.
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I. INTRODUCTION 

 economic literature analyzes how rapidly evolving 

nologies—information and communications technolo- 
ics, artificial intelligence—affect employment, skill 
nd earnings levels. Focusing on the substitution of 
or workers in tasks where automation has rising 

e advantage, this research anticipates and inter- 
decline of middle-skill employment in high-income 

.k.a. job polarization) and attendant effects on wage 

documents the concentrated impact of industrial 
 labor demand in heavy manufacturing industries 
ufacturing-intensive communities, and explores how 

telligence may change the structure of occupations. 
ork is comparatively silent—with key exceptions, 
elow—on the flip side of the ledger: the augmentation 

abor and the generation of new work activities that 
s labor. Economic literature on the impact of techno- 
ge on employment has primarily treated the set of 

tasks as finite and static, implying that as automation 

bor is shunted into an ever-narrowing scope of activ- 
Susskind (2020) . Casual observation and historical 
ggest the opposite: as employment in labor-intensive 

 as agriculture, textiles, and mining has eroded, the 

ariety of labor-demanding activities has expanded, for 
 medicine, software, electronics, health care, finance, 
ent, recreation, personal care, and other domains. 
k by Acemoglu and Restrepo advances the theoretical 
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rontier on this topic (Acemoglu and Restrepo 2018 , 2019a ), but 
 major empirical challenge remains: there is almost no direct, 
onsistent measurement of either the emergence of new work 

asks within occupations and industries or of the technological 
nd economic forces that are hypothesized to give rise to them. 

This article systematically studies the nature, sources, and 

onsequences of the emergence of new work in the United States 
etween 1940 and 2018. We seek to consistently measure the 

ubstantive content of new work over eight decades, explore the 

orces that explain when and where new work emerges, and 

ssess whether, as hypothesized in recent literature, new work 

xerts a countervailing force to the employment-eroding effects of 
ask-displacing automation. Our empirical analysis is motivated 

y a two-sector general equilibrium task model that, building on 

cemoglu and Autor (2011) and Acemoglu and Restrepo (2018 , 
019b) , draws economic linkages between task automation, new- 
ask creation, innovation incentives, and the locus and attendant 
kill demands of new work. Because our main contributions are 

mpirical, the formal model is developed in Online Appendix
ection J, with intuition provided in the body of the article. 

Our analysis is grounded in three constructs that we opera- 
ionalize using purpose-built data. The first is new work itself, by 

hich we mean the introduction of new job tasks or job categories 
equiring specialized human expertise. Following path-breaking 

ork by Lin (2011) , we construct a database of new job tasks 
ntroduced over eight decades, sourced from nearly a century of 
nternal reference volumes used by U.S. Census Bureau employ- 
es to classify the free-text job descriptions of census respondents 
nto occupation and industry categories in each decade. This 
ensus Alphabetical Index of Occupations and Industries (CAI) is 
pdated during the processing of each decade’s census to reflect 
ew write-in titles (“micro-titles”) detected by census coders. 1 

ollowing Lin (2011) , we track the emergence of new micro-titles 
n each decade by comparing successive editions of the CAI. 
onsider, for example, the micro-titles of “Technician, fingernail”

added in 2000) and “Solar photovoltaic electrician” (added in 

018), which highlight two salient attributes of new work. First, 
1. While census tabulations and public-use data sources report several hun- 
red distinct occupation and industry codes in each census year (which we call 
acro-titles), these titles reflect concatenations of approximately 30,000 occu- 

ational and 20,000 industry-level micro-titles enumerated in the CAI in each 

ecade between 1930 and 2018 (U.S. Census Bureau). 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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new work typically requires expertise acquired through study,
apprenticeship, or practical experience (e.g., in cosmetology, in
the electrical trades), though the extent of expertise clearly
varies across categories. Second, new work often reflects the
development of novel expertise in existing work activities (e.g.,
electrical trade skills specific to solar installations) or through an
increase in the market scale of a niche activity (e.g., nail care)
rather than a fundamentally new human endeavor. 2 

The second and third constructs that we operationalize
are the flow of augmentation and automation innovations over
eight decades. In our terminology, augmentation innovations are
technologies that increase the capabilities, quality, variety, or
utility of the outputs of occupations, potentially generating new
demands for worker expertise and specialization. Conversely,
automation innovations are technologies that substitute for the
labor inputs of occupations, potentially replacing workers per-
forming these tasks. We construct augmentation and automation
measures using natural language processing tools (NLP) to map
the full text of all U.S. utility patents issued between 1920 and
2018 to the domain of occupations. Following methods introduced
by Kogan et al. (2021) , we represent both patent documents and
occupational descriptions as weighted averages of word embed-
dings, which are geometric representations of word meanings. We
then characterize the semantic closeness between patent texts
and occupational descriptions by measuring their proximity in
embedding space. Each patent may be classified as an automation
innovation, an augmentation innovation, both, or neither. 

To capture augmentation innovations, we harness the full set
of micro-titles in the CAI associated with each macro-occupation
in each decade to provide a text corpus describing the occupation’s
outputs. For example, in 1999, the U.S. Patent and Trademark
Office (USPTO) granted patent US5924427A for a “Method of
strengthening and repairing fingernails.” Our procedure links
this patent to the census macro-occupation of “Miscellaneous per-
sonal appearance workers,” which encompasses the micro-title of
“Technician, fingernail.” Similarly, our algorithm links the 2014
patent US7605498B2 “Systems for highly efficient solar power
2. There are exceptions: in the 1900 census, Orville and Wilbur Wright each 

reported their occupation as “Merchant, bicycle”; in the subsequent census, they 
both reported “Inventor, aeroplane” (United States Census 1900 , 1910 ). Four 
decades later, the title of Airplane Designer was prevalent enough to gain its own 

entry in the 1950 CAI. 
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onversion” to the macro-occupation “Electrical and electronics 
ngineers” which includes the micro-title “Solar photovoltaic 
lectrician.”

To capture automation innovations, we follow Webb (2020) , 
echezleprêtre et al. (2021) , Kogan et al. (2021) , and Mann 

nd Püttmann (2023) in identifying similarities between the 

ontent of patents and the tasks that workers perform in specific 
ccupations—that is, their work inputs. We measure these task 

nputs using the 1939 Dictionary of Occupational Titles (DOT) 
or the 1940–1980 period, and the 1977 DOT for the 1980–2018 

eriod (U.S. Department of Labor, Employment and Training 

dministration 1939 , 1977 ), again calculating semantic simi- 
arities with the full corpus of utility patents issued between 

920 and 2018. For example, in 1979, the USPTO granted 

atent US4141082A for a “Wash-and-wear coat.” Our algorithm 

inks this patent to the macro-occupation of “Laundry and dry- 
leaning workers.” Similarly, our algorithm links the 1976 patent 
S3938435A, “Automatic mail processing apparatus,” to the 

acro-occupation of “Mail and paper handlers.” It bears empha- 
is that we apply fully parallel procedures for classifying augmen- 
ation and automation innovations, with the sole difference being 

he corpora of text used to characterize occupational outputs ver- 
us inputs. Accordingly, the distinct classifications we generate 

or augmentation and automation innovations stem entirely from 

ifferences in semantic content between the corpora of task in- 
uts and occupational outputs, rather than procedural artifacts. 

The empirical analysis proceeds in three steps. The first step 

s to characterize the substantive content of new work. We quan- 
ify its (approximate) contribution to overall employment growth 

etween 1940 and 2018, and document how its occupational 
omposition and educational requirements have evolved across 
he two four-decade intervals of the sample. We estimate that the 

ajority of current employment is found in new job specialties 
new work) introduced after 1940. But the locus of new-work 

reation has substantially shifted over the eight decades of our 
ample. Between 1940 and 1980, a substantial share of new work 

ccrued to middle-paid production and clerical occupations. In 

he more recent four decades, new work has primarily emerged 

n high-paid professional occupations and secondarily in low-paid 

ervice occupations. 
The second step analyzes where new work comes from. We 

osit that new job tasks (i.e., new work) derive from two primary 

ources. A first source is augmentation innovations, meaning the 
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introduction of new processes and products (e.g., solar voltaic
cells), new services (e.g., fingernail hardening), and entirely new
products or industries (e.g., dry-cleaning, commercial air travel),
that create novel demands for expertise and specific competencies
that correspond to new work tasks and are reified in new job
titles in our empirical analysis. Conversely, if automation inno-
vations primarily enable machines to subsume existing tasks,
as per Acemoglu and Restrepo (2018 , 2019b) , these innovations
should not spur the introduction of new labor-using tasks. (While
it is quite plausible that automation innovations give rise to new
machine tasks, we are not able to measure such tasks.) 

Consistent with this reasoning, we find that augmentation
and automation innovations have distinct, asymmetric relation-
ships to the creation of new work. Augmentation innovations
strongly predict the locus of new-task creation, as measured by
the emergence of new job titles, across occupations and over time.
By contrast, automation innovations do not predict where new
work emerges. As we show below, augmentation and automa-
tion innovation flows are strongly positively correlated at the
occupational level, so this is a stringent test. 

The second driver of new work that we consider is fluc-
tuations in market size that increase or depress the value of
occupational outputs. We document that the flow of new work
responds elastically to shifts in demand for occupational output.
Adverse demand shocks, which we identify using the widely
studied China trade shock (Autor, Dorn, and Hanson 2016 ),
slow the emergence of new work tasks in exposed occupations,
even conditional on exposure to augmentation innovations and
contemporaneous changes in employment. Conversely, positive
occupational demand shocks, which we identify using shifts in
demographic structure following DellaVigna and Pollet (2007) ,
accelerate the emergence of new work in exposed occupations.
These demographic shifts help account for the emergence of new
job types in lower-paid personal services that have been relatively
immune to labor-augmenting innovations but are nevertheless a
key locus of new-work creation for noncollege workers over the
last four decades. 

Our final set of results turns the focus from new work—
meaning new occupational titles—to shifts in overall occupa-
tional labor demand. While it is easy to verify that new tasks
differentially emerge in growing occupations—or equivalently
that employment differentially expands in occupations in which
new tasks are emerging—this correlation does not directly test



THE ORIGINS AND CONTENT OF NEW WORK 1405

t
p
b
fl
o
w
n
i
d
fi
o
o
d

j
w
c
i
i
t
i
t
n
c
e

t
p
s
s
o
e
t
d
s
a
a

(
K
(
(

D
ow

nloaded from
 https://academ

ic.oup.com
/qje/article/139/3/1399/7630187 by guest on 28 July 2024
he role of innovation in spurring or eroding employment. To 

rovide that test, we regress occupational employment and wage 

ill changes over two four-decade periods on measures of the 

ow of augmentation and automation innovations to which these 

ccupations are exposed. We document that employment and 

age bills grow in occupations exposed to augmentation in- 
ovations and contract in occupations exposed to automation 

nnovations. The pattern of results further suggests that the 

emand-eroding effects of automation innovations have intensi- 
ed in the past four decades while the demand-increasing effects 
f augmentation innovations have not—though we stress that 
ur innovation-exposure measures lack sufficient cardinality to 

raw definitive conclusions. 
Because both innovation and employment are plausibly 

ointly determined at the occupational level, it is critical to ask 

hether these findings capture causal relationships. We test for 
ausality by developing an instrumental variables strategy that 
dentifies shifts in the flow of augmentation and automation 

nnovations stemming from breakthrough innovations occurring 

wo decades earlier. Using these breakthrough innovations as 
nstruments for subsequent downstream patent flows, we es- 
ablish that augmentation innovations cause the emergence of 
ew work and the growth of occupational employment, while 

onversely, automation innovations do not spur new work but do 

rode occupational employment. 
Our work contributes to three branches of literature on 

echnology, skills, and employment. A first studies the inter- 
lay between supply, demand, technologies, and institutions in 

haping the long-run evolution of skill demands, occupational 
tructure, and wage inequality. 3 A foundational assumption 

f this literature is that technological change has non-neutral 
ffects on the skill composition of labor demand. We contribute to 

his literature by linking changes in the structure of occupational 
emands to the shifting locus of innovation over eight decades, 
howing that: new work is a quantitatively large contributor to 

ggregate employment change, that it emerges where innovative 

ctivity is focused, and that the locus of new-work generation 
3. This vast literature includes Goldin and Margo (1992) , Katz and Murphy 
1992) , DiNardo, Fortin, and Lemieux (1996) , Acemoglu (1998) , Autor, Katz, and 
rueger (1998) , Katz and Autor (1999) , Krusell et al. (2000) , Card and Lemieux 

2001) , Goldin and Katz (2008) , Autor, Goldin, and Katz (2020) , Haanwinckel 
2023) , and Vogel (2023) . 
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has shifted across recent decades, leading to overall changes in
occupational structure. 

We secondarily contribute to a contemporary literature that
explores how automation technologies substitute for existing
work, as measured by occupational structure or job tasks. 4 Our
work is closely related to Webb (2020) , Dechezleprêtre et al.
(2021) , Mann and Püttmann (2023) , and most directly Kogan
et al. (2021) , who use NLP tools to identify innovations recorded
in patents that potentially substitute for the tasks performed by
workers, as well as papers by Brynjolfsson and Mitchell (2017) ;
Brynjolfsson, Mitchell, and Rock (2018) ; Eloundou et al. (2023) ;
Felten, Raj, and Seamans (2018 , 2019 , 2023) that predict which
occupational tasks can be performed by artificial intelligence.
Distinct from this literature, we develop a method to iden-
tify innovations that generate new work tasks by augmenting
occupational outputs. 

Most directly, this article contributes to research on the
micro- and macroeconomic origins of new work, including Goldin
and Katz (1998) , Lin (2011) , Acemoglu and Restrepo (2018 ,
2019a) , Atack, Margo, and Rhode (2019) , Frey (2019) , Atalay
et al. (2020) , Atalay and Sarada (2020) , Deming and Noray
(2020) , and Kim (2022) . We extend the pioneering work in Lin
(2011) , while expanding its scope to provide direct, represen-
tative, and time-consistent measurement of new-task creation
across eight decades. 5 Distinct from any prior work of which we
are aware, we identify innovations that complement occupational
outputs, which we hypothesize (and empirically confirm) spur
new-task creation. This technique enables us to document that
automation and augmentation have measurable and distinct
effects on both new-work creation and occupational employment. 
4. Relevant works include Autor, Levy, and Murnane (2003) , Autor, Katz, 
and Kearney (2006) , Goos and Manning (2007) , Goos, Manning, and Salomons 
(2009 , 2014) , Acemoglu and Autor (2011) , Autor and Dorn (2013) , Michaels, Na- 
traj, and Van Reenen (2014) , Akerman, Gaarder, and Mogstad (2015) , Bárány and 
Siegel (2018) , Cortes et al. (2020) , Acemoglu and Restrepo (2022) , and Böhm, von 

Gaudecker, and Schran (2022) . 
5. In related work, Acemoglu and Restrepo (2019a) develop a set of ingenious 

proxies for the appearance of new work based on changes in labor share and in the 
mix of three-digit occupations (what we call macro-occupations) within industries. 
Atalay et al. (2020) , Atalay and Sarada (2020) , and Deming and Noray (2020) , 
measure the appearance of new work by analyzing the text of job advertisements. 
Kim (2022) finds that greater import competition spurs a relative increase in em- 
ployment in managerial occupations (which are intensive in new work). 

st on 28 July 2024
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The article proceeds as follows. Section II details our meth- 
ds for identifying new work, describes how the locus of new 

ork has evolved over 1940–2018, and outlines how we identify 

ugmentation and automation innovations embodied in patents 
hat link to specific occupations. Section III briefly sketches our 
heoretical model, which is formalized in the Online Appendix. 
ection IV uses both OLS and instrumental variables methods 
o test the relationship between innovation, demand shifts, and 

ew-work creation. The final empirical section, Section V , as- 
esses whether augmentation and automation innovations have 

easurable, countervailing effects on occupational employment 
nd wage bill growth. Section VI concludes. 

II. DATA AND MEASUREMENT 

Our analysis links data on the emergence of new titles, 
he flow of augmentation and automation innovations, and the 

volution of employment and earnings in industry-occupation 

ells over eight decades, 1940–2018. To characterize employment 
nd earnings by occupation and industry, we use IPUMS census 
amples for 1940 through 2000 and census ACS samples for 
014–2018 (Ruggles et al. 2022 ). Our databases of new titles, 
ugmentation flows, and automation flows are purpose-built for 
his study and we document them here. 

I.A. Measuring New Work 

We leverage Census Bureau historical coding volumes for 
ccupations and industries for 1930 through 2018 (industry data 

tarts in 1940) that are released each decade as the CAI. Each 

ecade’s index contains approximately 35,000 occupation and 

5,000 industry micro-titles, each classified to a more aggregated 

macro) census occupation or industry code. These indices serve 

s reference documents for census coders who classify individual 
ensus write-ins for job title and industry of employment, which 

re always reported as free text fields. This process has been 

erformed consistently for occupations since 1900 and is illus- 
rated for occupations in the American Community Survey (ACS) 
n Online Appendix Figure A.VIII. Unfortunately, the Census 
ureau does not systematically remove potentially extinct titles 

rom the CAI (since they may occasionally reoccur), meaning that 
he CAI is not suitable for measuring work obsolescence. 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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When census coders encounter multiple instances of a
write-in occupational title that cannot be ascribed to an exist-
ing micro-title, they bring it to the attention of Census Bureau
managers, who perform an internal review to determine whether
the title is sufficiently distinct and prevalent to be added to the
index. For example, the micro-occupation-title “Artificial intel-
ligence specialist” was added to the CAI in 2000 and classified
to the broader occupational title “Computer scientists and sys-
tems analysts,” which appears in published census tabulations
and public-use data sets. The two-stage process for adding a
new title—detection by coders, review by managers—clarifies
why, for example, “Mental-health counselor” was added in 1970,
“Artificial intelligence specialist” in 2000, and “Sommelier” in
2010. Although workers performed these jobs in earlier decades,
these specializations were too rare to warrant inclusion beyond a
generic counselor, computer scientist, or restaurant server title.
To provide concrete illustration, Online Appendix D2 enumerates
examples of new titles introduced between 1940 and 2018 in two
office occupations (Office machine operators; Stenographers, typ-
ists, and secretaries), one professional occupation (Dentists), and
one blue-collar occupation (Automobile mechanics). New title ad-
ditions typically reflect emerging expertise demands for new tech-
nologies, changes in educational requirements, and in the case
of dentists, the addition of new clientele (Pediatric orthodontist)
and entirely new types of services (e.g., Maxillofacial surgeon). 

The Census Bureau does not highlight or separately list
titles that are newly added to the CAI, and it frequently re-
names outdated job titles, adds new phrasings of existing titles,
and removes gendered forms (e.g., Key boy). Hence, consis-
tently tracking the flow of new CAI titles requires a mixture
of automated and manual steps. We compare title lists across
successive CAI decades using fuzzy matching and extensive man-
ual revision to discard false positives stemming from rewording,
reformatting of the index, and title additions that do not reflect
discernible modifications to preexisting counterparts. We do not,
for example, count “Software applications developer” as a new
micro-occupation, since “Software developer” was already present
when this title appeared. Our overarching aim is to retain new
titles that reflect plausibly new work activities, meaning that
they add a particular task specialization, work method or tool,
or professional or educational requirement ( Online Appendix D1
provides details.) 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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TABLE I 
EXAMPLES OF NEW TITLES ADDED TO THE CENSUS ALPHABETICAL INDEX OF 

OCCUPATIONS BY VOLUME, 1940–2018 

Year Example titles added 

1940 Automatic welding machine operator Acrobatic dancer 
1950 Airplane designer Tattooer 
1960 Textile chemist Pageants director 
1970 Engineer computer application Mental-health counselor 
1980 Controller, remotely piloted vehicle Hypnotherapist 
1990 Circuit layout designer Conference planner 
2000 Artificial intelligence specialist Amusement park worker 
2010 Technician, wind turbine Sommelier 
2018 Cybersecurity analyst Drama therapist 

Notes. The table reports examples of new titles added to the census Alphabetical Index of Occupations 
volume of year Y corresponding to titles recognized by census coders between the start of the prior decade and 
the year preceding the volume’s release, for example, the 1950 CAI volume includes new titles incorporated 
between 1940 and 1949. 
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Table I provides examples of the diversity of micro-titles 
dded to the CAI in each decade from 1940 through 2018 (where, 
or example, new titles in the 1950 CAI reflect those detected 

y census staff between 1940 and 1950). The left-hand column 

eports titles that are plausibly associated with new or evolving 

echnologies: “Airplane designers” in 1950, “Engineers of com- 
uter applications” in 1970, “Circuit layout designers” in 1990, 
nd “Technicians of wind turbines” in 2010. Many new titles do 

ot have immediate technological origins, however. As shown in 

he right-hand column of Table I , these titles appear to reflect 
hanging tastes, income levels, and demographics, including 

Tattooers” in 1950, “Hypnotherapists” in 1980, “Conference 

lanners” in 1990, and “Drama therapists” in 2018. These exam- 
les motivate looking beyond exclusively technological forces, as 
e do below, in analyzing the sources of new-work creation. 

How representative of new work is the CAI-based measure? 
ithout a comparable source against which to benchmark it, 
e provide a novel test of external validity by confirming that 

he CAI captures new occupational titles as they enter common 

sage in the English language. Using the Google Ngram viewer 
Michel et al. 2011 ), we calculate the frequency in digitized 

nglish-language books of both new and preexisting occupational 
itles in each year between 1940 to 2018. 6 The eight panels of 
6. We thank Peter Lambert of LSE for suggesting this analysis. 



1410 THE QUARTERLY JOURNAL OF ECONOMICS

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/qje/article/139/3/1399/7630187 by guest on 28 July 2024
Online Appendix Figure A.1 report the usage frequency of all
titles added to the CAI in each decade relative to those present at
the start of the decade. Frequencies are normalized as the ratio
of instances of the new title (of length n ) in a year (excluding
unmatched titles) relative to the total number of n -grams in that
year. In each cohort of new titles, the median new title is added to
the CAI during approximately the decade before or during which
it attains peak usage in the English language, suggesting that
the CAI provides a somewhat conservative enumeration of new
work. 7 Online Appendix Figure A.V further corroborates that
this pattern holds across four broad occupational categories that
encompass the totality of employment: blue-collar occupations,
professional and information occupations, personal service occu-
pations, and business service occupations. ( Online Appendix C de-
tails these occupational groups.) These findings substantiate that
our database, built from successive CAI editions, provides a rep-
resentative, time-consistent measure of the emergence of new job
titles in the United States over the eight decades of the sample. 

II.B. The Evolution of New Work, 1940–2018 

What do these data tell us about the evolution of new work?
A first finding is that new work is quantitatively important.
Our estimates imply that the majority of contemporary work as
of 2018—roughly 60%—is found in new job titles added since
1940. Figure I reports the contribution of new work to overall
employment between 1940 and 2018 in 12 exhaustive, mutually
exclusive broad occupational categories. These are ordered from
lowest to highest paying, with farming and mining occupations
on the left side of the scale and managerial workers on the right
side. We further distinguish between 2018 employment found in
occupational titles that existed in 1940 versus 2018 employment
in occupational titles that were added thereafter. While the
majority of contemporary work is new since 1940, the share of
employment in new work differs substantially by occupational
category. Among professionals—the occupation that added the
most workers during these eight decades—this share is 74%.
For the production occupation—which added the second smallest
number of workers since 1940 (after farming)—this share is 46%.
7. Titles that become newly prominent in one era do not remain at peak promi- 
nence in perpetuity, however, typically declining by 20% to 50% in the three to five 
decades after entering the CAI. 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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FIGURE I 

Employment Counts by Broad Occupation in 1940 and 2018, Distinguishing 
between Titles Present in 1940 versus Those Added Subsequently 

This figure reports the distribution of employment in 1940 and 2018 across 
broad occupational categories ordered from lowest to highest paying. The first 
set of bars shows 1940 employment. The second set of bars shows 2018 employ- 
ment, divided into estimated 2018 employment in occupational titles that existed 
in 1940 (bottom), and estimated 2018 employment in occupation titles that were 
added since 1940 (top). Employment in 2018 is estimated by constructing a cu- 
mulative new-title share in each broad occupation—summing the number of new 

titles added over 1940–2018, and dividing this by the total number of titles in 

the 2018 index, adjusted for (the small number of) titles that were removed. See 
Online Appendix D3 for additional details. 
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ecause the Census Bureau does not record or report the count of 
espondents within micro-titles, the estimates in Figure I should 

e understood as approximate. We follow Lin (2011) in imputing 

mployment counts in new titles by multiplying the new-title 

hare in each census macro-occupation—equal to the ratio of new 

icro-titles to total micro-titles within a census occupation—by 

otal employment in the occupation. 8 
8. Lin (2011) validates this approach using a special version of the April 1971 
urrent Population Survey where a subsample of workers are assigned DOT ti- 

les. We further explore this imputation in Online Appendix H2 using census 
omplete Count data for 1940, which contains both macro-titles and the free 

ext write-in micro-titles supplied by census respondents. The count of workers 
n new titles is strongly increasing in the new-title share—though the slope is 
elow one—and this relationship is more precise when using ordinal share ranks 
ather than cardinal shares. 

 2024

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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FIGURE II 

Difference between the Occupational Distribution of the Flow of New Work 
versus the Stock of Preexisting Work by Education Group, 1940–1980 and 

1980–2018 

This figure reports the difference in the share of employment in new work ver- 
sus the share of employment in existing work separately by education group and 
period. Each panel reports this difference across 12 broad occupational categories 
ordered from lowest to highest paying. The first set of bars represent the aver- 
age difference in employment shares over 1940–1980, while the second set of bars 
represent the difference over 1980–2018. 
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A second result is that the occupational distribution of new
work has changed markedly over the past eight decades, and in a
manner that presages the changing overall shape of employment
growth and skill demands. This is shown in Figure II , which
plots the contrast between the flow of new work and the stock
of preexisting work during 1940–1980 and 1980–2018 for non-
college workers (high school degree or below) and college workers
(BA or above). 9 Between 1940 and 1980, the flow of new work
largely replicated the stock of existing work. The subsequent
four decades display a marked contrast: there is a sharp decline
after 1980 in the flow of new work relative to the stock of existing
work in traditional middle-skill, middle-pay occupations, in-
cluding construction, transportation, production, and clerical and
9. Analogous to the procedure for Figure I , we estimate the average educa- 
tional attainment of workers employed in new titles by taking the average of edu- 
cational attainment of all workers in their macro-occupation-by-industry cell and 
weighting across all macro-titles to aggregate to broader occupation categories 
(where using respondents’ macro-occupation and macro-industry to assign char- 
acteristics increases the specificity of the imputation). 
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dministrative support. This pattern is consistent with the widely 

ocumented phenomenon of occupational polarization unfolding 

n these decades (Autor, Katz, and Kearney 2006 ; Goos and Man- 
ing 2007 ; Autor and Dorn 2013 ; Goos, Manning, and Salomons 
014 ; Michaels, Natraj, and Van Reenen 2014 ; Autor 2019 ). 10 

A third finding is that the pattern of polarization is distinct 
or college and noncollege workers. Among college-educated work- 
rs, the entirety of the decline in new middle-skill occupations 
s accounted for by a corresponding rise in employment in new 

rofessional occupations. Among noncollege workers, however, 
ost of the decline in new middle-skill occupations is offset by a 

harp increase in new low-paid personal and health service oc- 
upations, accompanied by a modest increase in new professional 
ccupations. Thus, the emergence of new work over the past four 
ecades has led the overall polarization of occupational structure. 
y implication, employment polarization does not merely reflect 
n erosion of employment in existing middle-skill work but also 

 change in the locus of new-work creation. 

I.C. Measuring Augmentation and Automation Innovations 

Critical to analyzing the relationship between innovation 

nd new work is identifying innovations that potentially comple- 
ent worker outputs (augmentation) and substitute for worker 

nputs (automation). We draw on three data sources for this task: 
he corpus of all U.S. utility patents issued between 1920 and 

018, the CAI, and DOT. The patent data provide a lexicon of po- 
ential augmentation and automation innovations for the period 

f interest. Patent data present the best substantively detailed, 
ime-consistent measure of the flow of innovative activity in 

he U.S. economy, despite well-known limitations—including not 
apturing the totality of technological innovation (Moser 2012 ) 
nd overrepresenting innovations that are difficult to protect as 
rade secrets. 11 
10. Online Appendix Figure A.VI documents that between the first and second 
alves of our sample, there is a sharp absolute decline in the flow of new work in 

raditional middle-skill, middle-pay occupations. 
11. Patent texts were obtained by Kelly et al. (2021) from the USPTO patent 

earch website for patents issued from 1976 to 2015, and from Google Patents 
rior to 1976. We extend the Kelly et al. (2021) sample of patents issued from 

015 to 2018 by scraping the patent text from the Google Patents website. We 
lso scrape Google Patents for the issue date and primary three-digit Coopera- 
ive Patent Classification (CPC) code for each patent in our sample. Before 1976, 

ly 2024

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data


1414 THE QUARTERLY JOURNAL OF ECONOMICS

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D
ow

nloaded from
 https://academ

ic.oup.com
/qje/article/139/3/1399/7630187 by guest on 28 July 2024
Identifying patents that may substitute for workers’ occu-
pational inputs (automation innovations) requires a text corpus
that characterizes the tasks that workers perform in their jobs.
For this purpose, we follow Webb (2020) and Kogan et al. (2021)
in employing the DOT (U.S. Department of Labor, Employment
and Training Administration 1939 , 1977 ), which describes in
detail the primary duties of workers in each occupational title. To
avoid capturing occupational outputs, we use only task descrip-
tions from the DOT, purging any occupational titles contained in
these descriptions. Consistent with Webb (2020) and Kogan et al.
(2021) , we expect that patents that overlap with workers’ occu-
pational tasks reflect innovations that may potentially replace
workers in these tasks. 

Identifying patents that may complement workers’ occupa-
tional outputs (augmentation innovations) requires a text corpus
that characterizes the outputs of each occupation. We harness the
CAI, which supplies tens of thousands of occupation and industry
micro-titles in each decade’s CAI. We hypothesize that patents
that link to the CAI corpus reflect innovations that increase the
capabilities, quality, variety, or utility of the outputs of occupa-
tions, potentially generating new demands for worker expertise
and specialization. This step precisely parallels our method for
identifying automation innovations, but we are not aware of any
prior work that systematically characterizes innovations that are
complementary to labor. The empirical success of this method
(demonstrated below) is a key contribution of this article. 

To link occupations to relevant patents, we follow Kogan
et al. (2021) , who measure textual similarities between patent
texts and job descriptions using word embeddings, which are
geometric representations of word meanings. Distinct from con-
ventional measures of text similarity (e.g., the commonly used
bag of words approach found in Gentzkow, Kelly, and Taddy 2019 ;
Atalay et al. 2020 ; Kim 2022 ), word embeddings locate closely
related words nearby to one another in embedding space. This
is valuable because patent texts and occupational descriptions
often use dissimilar terms for related concepts. As an example,
the verbs research and quantify are not synonymous, nor do they
each patent document was a single block of text. Subsequently, patent texts were 
divided into abstract, description, and claims sections. We use the entire text of 
each patent. 
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FIGURE III 

Linking Patents to Occupations and Industries 

This figure summarizes our five-step procedure for linking patents to occupa- 
tions. The middle row describes the method for cleaning and processing patent 
data in preparation for creating the linkages. The top row depicts the method for 
creating augmentation-based patent matches using occupation and industry titles 
from the CAI. The bottom row depicts the method for creating automation-based 
patent matches using DOT task descriptions. 
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ave common etymology, but each is among the three closest 
elatives of the other in English language embedding space. 12 

Figure III provides a schematic overview of this procedure, 
hich we detail in Online Appendix E. Our procedure cleans each 

atent, CAI, and DOT text document by removing prepositions 
nd other stop words and retaining nouns and verbs, and then 

epresents each document as a term frequency-inverse document 
requency (TF-IDF) weighted average of the word embeddings 
or each word in the document. It next calculates the matrix of 
osine similarity scores among the document vectors for each 

atent issued in a decade and the CAI and DOT document 
ectors for each occupation (CAI and DOT) and industry (CAI) 
12. Calculated using http://vectors.nlpl.eu/explore/embeddings/en/
ssociates/# on the English Wikipedia corpus with queries research_VERB 
nd quantify_VERB on June 24, 2022. 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
http://vectors.nlpl.eu/explore/embeddings/en/associates/
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cell, and computes industry-occupation (CAI) similarity scores
by taking an average of the patent-industry CAI similarity
score, and the patent-occupation CAI similarity score. Lastly, it
retains the top 15% most similar patent-occupation (DOT) and
patent-industry-occupation (CAI) matches in a decade, and then
sums the weighted count of top 15% matched patents for each
occupation-decade (or industry-occupation-decade), with weights
equal to each patent’s cohort-specific relative citation frequency.
We use citation data obtained from the USPTO PatentsView
database for patents issued since 1976; for earlier patents, we
rely on a database of historical patent citations introduced in
Berkes (2018) . 13 Because it is infeasible to construct a fully
balanced panel of detailed occupations over 1940–2018 without
sacrificing substantial resolution, we instead create two balanced
panels that cover the first and second halves of our sample.
Online Appendix C provides details, and Online Appendix Table
A.VI reports descriptive statistics on these augmentation and
automation exposure measures. 14 We emphasize that the links
we establish between patents and occupations have a many-to-
many structure: a given patent may have an augmentation link
to one occupation and an automation link to another (or even to
the same occupation to which it is augmentation-linked). Most
occupations are linked to dozens—and in some cases, hundreds
or thousands—of patents in each decade, so no single patent
plays an outsized role in determining the augmentation and
automation exposure of any given occupation. It is the totality of
augmentation and automation links drawn for each occupation
that provides identification. 

II.D. Occupational Exposure to Innovation 

Figure IV previews the substantive content of the automation
and augmentation exposure measures by plotting the bivariate
relationship between percentiles of each at the level of consistent
three-digit (macro) occupations over 1940–1980 (166 occupations)
and 1980–2018 (306 occupations), where the occupation-level
13. We thank Enrico Berkes for making these data available to us. 
14. When estimating occupation-level models, we establish patent linkages to 

CAI occupation titles alone; when estimating occupation-by-industry models, we 
also leverage CAI industry titles to establish patent matches. Unlike the CAI, the 
DOT contains only occupation-level textual information, so automation exposure 
measures are always defined at the occupation level. 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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FIGURE IV 

The Relationship between Exposure to Automation and Augmentation Patents at 
the Occupation Level 

This figure presents a scatter plot of the relationship between occupational expo- 
sure to automation and augmentation patents for 1940–1980 (Panel A) and 1980–
2018 (Panel B). Each point corresponds to the average percentile of automation 

( x -axis) and augmentation ( y -axis) exposure of one consistently defined three-digit 
census occupation, where the average is taken over 1940–1980 ( N = 166 occupa- 
tions per year) in Panel A and over 1980–2018 ( N = 306 occupations per year) in 

Panel B. The 45-degree line in each panel is plotted with dashes. 
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augmentation and automation exposure are averaged in the
four-decade periods. Immediately evident from the figure is that
occupations that are more exposed to augmentation are on aver-
age also more exposed to automation. The employment-weighted
cross-occupation correlation between augmentation and automa-
tion exposure is 0.74 over 1980–2018 and 0.63 over 1940–1980.
This positive correlation is expected as many technologies con-
tain both automation and non-automation components. It is also
consistent with our conceptual framework, sketched below, which
highlights that demand forces that raise the value of occupational
output create incentives for the introduction of both augmenta-
tion and automation innovations. (This may partly reflect the
limitations of our classification procedure for cleanly distinguish-
ing between augmentation and automation innovations.) 

While the positive occupational correlation between augmen-
tation and automation exposure is prominent in Figure IV , the
off-diagonal components of this figure ultimately provide identi-
fying variation for the analysis that follows. Between 1980–2018,
the macro-occupations of Radiologic technologists and techni-
cians, Cabinetmakers and bench carpenters, and Machinists all
had high rates of automation relative to augmentation exposure.
The same applies to Compositors and typesetters, Elevator op-
erators, and Telegraph operators in 1940–1980. Our conceptual
framework predicts that employment in these occupations would
tend to erode. Conversely, augmentation outpaced automation
between 1980 and 2018 in the occupations of Industrial engi-
neers, Operations and systems researchers and analysts, and
(to a lesser degree) Managers and specialists in marketing,
advertising, and public relations and Business and promotion
agents. In the prior four decades, Shipping and receiving clerks,
Buyers and department heads, Civil and aeronautical engineers,
and, to a lesser extent, Bookkeepers were all more exposed to
augmentation than automation. We would expect these occupa-
tions to expand in these subperiods. Conversely, the on-diagonal
examples capture occupations with a relatively balanced degree
of exposure to both automation and augmentation, either because
they are highly subject to both forces (e.g., Assemblers of electri-
cal equipment over 1980–2018 and Office machine operators over
1940–1980) or because they are relatively insulated from both
(e.g., Clergy and religious workers in both periods). 

Inspection of patents that are augmenting for one oc-
cupation but automating for another reveals further logical
relationships. For example, patents issued between 2010–2018
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hat are augmentation-linked to the macro-occupation Com- 
uter systems analysts & computer scientists are most often 

utomation-linked to occupations in technicians or clerical and 

dministrative support—occupations that are particularly sus- 
eptible to software-based automation during this period of rapid 

igital growth. Online Appendix Table A.I enumerates examples 
f individual patents that are augmenting for Computer systems 
nalysts & computer scientists yet automating for other occu- 
ations. Example patents include “Methods and apparatus for 
toring confidential information,” which is automation-linked 

o Billing clerks & related financial records processing; “Direct 
onnectivity system for healthcare administrative transactions,”
hich is automation-linked to Health record technologists & 

echnicians; and “System and method for securing data,” which 

s automation-linked to Office machine operators, computer and 

eripheral equipment operators, and other telecom operators. 
e expect that technologies developed in these patents can be 

arnessed by computer scientists to automate tasks in linked 

ccupations. 
Online Appendix Figure A.IV provides insight into aug- 

entation and automation potential at the technology level, 
istinct from the occupation-level as above. This figure plots the 

ugmentation shares of all linked patents within each three-digit 
PC technology class on a zero to one scale, where a share of 
ero indicates all class patents are automation innovations and 

 share of one indicates that all class patents are augmentation 

nnovations. These share data are organized into nine broad 

echnology classes and are reported separately for 1940–1980 

nd 1980–2018. The broad class of Instruments and Information 

echnologies contains on average the most augmenting detailed 

hree-digit CPC classes, followed by Electricity and electronics, 
nd Consumer goods and entertainment. Conversely, Engineer- 
ng, construction, and mining is the most automating broad class, 
ollowed by Chemistry and metallurgy, Health and agriculture, 
nd Manufacturing process. There is also substantial variation 

n augmentation shares within broad classes and over time: 
nnovations in Transportation and in Lighting, heating, and 

uclear have become less augmenting in the most recent four 
ecades relative to the prior four, whereas the opposite is true for 
nstruments and information, and Electricity and electronics. As 
etailed in Section IV.B , these secular shifts in the locus of patent- 
ng across broad technology classes that have occurred since 1940 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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affect the intensity of augmentation and automation innovations
and shape the set of occupations exposed to these forces. 

III. THEORETICAL MOTIVATION 

To formalize the intuitions that guide our empirical analysis,
we provide a model in Online Appendix J that considers how
three forces shape the endogenous creation of new job tasks, the
elimination of old tasks, and the demand for labor at the level
of occupations. These forces are augmentation, which generates
new labor-using job tasks; automation, which reallocates existing
tasks from labor to capital; and shifts in consumer demand,
which affect task automation and new-task creation by changing
innovation incentives. Our framework generalizes the single-
sector setting in Acemoglu and Restrepo (2018) to two sectors
with different skill intensities. This serves two purposes. First,
it allows us to consider the implications of augmentation and
automation for occupational demand (where sectors represent
occupations) rather than exclusively for aggregate labor demand.
Second, the interaction of these sectors is central for considering
the impact of demand shifts on new-work creation. 

We posit that new job tasks (i.e., new work) derive from two
primary sources. A first is augmentation innovations, meaning
new processes and products (e.g., solar voltaic cells), new ser-
vices (e.g., fingernail hardening), and entirely new products or
industries (e.g., dry-cleaning, commercial air travel) that create
new demands for expert knowledge and competencies, which are
reflected in new job titles in our empirical analysis. Second, even
absent specific technological advances, our conceptual framework
implies that by raising the value of occupational outputs, posi-
tive demand shocks—stemming, for example, from demographic
shifts—create incentives for entrepreneurs to introduce both
augmentation and automation innovations. 15 Formally, sectoral
15. For example, the Bureau of Labor Statistics reports that solar energy in- 
stallation managers (O*NET code 47-1011.03) is a recently emerging occupation 

whose primary task is to “Direct work crews installing residential or commer- 
cial solar photovoltaic or thermal systems” in the rapidly expanding renewable 
energy sector (U.S. Department of Labor: Employment and Training Administra- 
tion 2022 ). This title is in turn a specialization of a broader occupational category, 
first-line supervisors of construction trades and extraction workers (O*NET code 
47-1011.00), that is also common in this sector. This title exemplifies the intu- 
ition that sectoral demand shifts generate both more work—here greater demand 

ly 2024

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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emand shocks in the model raise the value of sectoral output, 
purring entrepreneurs to introduce both new augmentation and 

utomation innovations in that sector. Further, by generating 

ector-specific capital scarcity, these shocks create an additional 
ncentive for entrepreneurs to prioritize new augmentation in- 
ovations, since these are labor-using and capital-saving (as in 

cemoglu and Restrepo 2018 ). 
These mechanisms give rise to two empirical implications: 

i. Augmentation innovations spur the emergence of new 

work, whereas automation innovations do not. This 
asymmetry has both a conceptual and empirical founda- 
tion. Conceptually, automation should primarily displace 

workers from existing tasks rather than directly creating 

new work tasks. Empirically, our new-work measure enu- 
merates new job titles as they are captured by the Census 
Bureau, but it does not detect titles that go out of com- 
mon usage since these are not systematically purged by 

the Census Bureau. We test for these asymmetric effects 
in Section IV . 

ii. Positive demand shocks spur the introduction of new oc- 
cupational titles and, further, generate a positive cross- 
occupation correlation between the flow of augmentation 

and automation innovations (visible in Figure IV ). 

A third set of predictions concerns the relationship between 

nnovation and occupational labor demand. Augmentation inno- 
ations unambiguously raise occupational labor demand in our 
onceptual framework since they both create new labor-using 

asks that raise (relative) demand for labor (a substitution ef- 
ect) and increase the value of occupational services, yielding a 

omplementary scale effect. Conversely, substitution and scale 

ffects are partly offsetting in the case of automation innova- 
ions: automation of labor-using tasks reduces employment via 

he substitution effect while the scale effect (stemming from 

igher productivity) pushes in the opposite direction (as in 
or first-line supervisors—and new work, more specialized sectoral expertise, here 
olar energy installation managers. For negative demand shifts—stemming from 

mport competition, for example—we expect the opposite effect, such that new- 
ork emergence decelerates. We test for the link between demand shifts and new- 
ork emergence, holding constant the direct effect of augmentation innovations, 

n Section IV.C . 

4
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Acemoglu and Restrepo 2018 ). The structure of consumer pref-
erences in our model guarantees that the substitution effect
dominates: automation innovations spur a relative contraction
in labor demand in exposed occupations, opposite to the case
of augmentation innovations. Section V tests whether, despite
their positive cross-occupation correlation, augmentation and
automation innovations have measurable, countervailing effects
on occupational employment and wage bills (i.e., the product of
employment and wages). 

This framework implies that the positive effects of augmen-
tation flows and demand shifts on the emergence of new work
are causal, as are the countervailing effects of augmentation
and automation flows on occupational labor demand. We employ
two instrumental variable strategies to test causality. To assess
the causal effects of demand shocks on new-title emergence, we
exploit exogenous occupational labor demand shifts stemming
from trade shocks and demographic changes. To estimate the
causal effect of augmentation and automation innovations on
occupational labor demand, we isolate unanticipated flows of oc-
cupational augmentation and automation innovations stemming
from novel upstream innovations occurring in prior decades. 

IV. THE EFFECTS OF INNOVATION AND DEMAND SHIFTS ON 

NEW-WORK CREATION 

This section empirically characterizes the forces that explain
where and when new job tasks emerge by relating the emergence
of new occupational tasks to the exposure of occupations to (i)
augmentation innovations; (ii) automation innovations; and (iii)
positive and negative demand shifts. Our focus here is on forces
that affect the creation of new work, measured by the emergence
of new titles. We take up the effects of new-work creation on
occupational labor demand and employment in Section V . 

IV.A. Do Augmentation Innovations Spur New Work? 

In our conceptual framework, economic forces that comple-
ment occupational outputs lead to the demand for new specialties
and expertise reflected in new tasks. One of those forces is aug-
mentation. The first hypothesis that we test is that new job tasks
emerge differentially in occupations that are more exposed to
augmentation innovations. Using the flow of new job titles as a
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easure of the emergence of new work, we estimate models of 
he following form: 

ln E
[
Newtitles j,t 

] = β1 AugX j,t + β2 AutX j,t 

+ β3 
Ej,t−10 ∑ 

j Ej,t−10 
+ δt (+ δJ,t ) , 1) 

here j indexes consistent census occupations, and t indexes 
ecadal intervals. 16 The dependent variable is a measure of the 

ow of new work titles emerging in a consistent census occupation 

n a decade, and the independent variables of interest are AugX j,t 
nd AutX j,t , measuring occupational exposure to augmentation 

nd automation innovations, respectively, as revealed by textual 
inks between patents and the CAI (augmentation) and DOT (au- 
omation). The dependent and key independent variables in year 
are measured as cumulative flows over the preceding decade: 
ew titles observed in 1950 are those that emerge between 1940 

nd 1949; augmentation and automation exposure in 1950 are 

qual to the log count of linked augmentation and automation 

atents awarded over 1940–1949. Accordingly, β1 and β2 can be 

ead as elasticities. 
Decade fixed effects absorb temporal variation in the total 

umber of new titles. We control for the employment share of 
ach occupation j at the start of the decade ( Ej,t−10 /

∑ 

j Ej,t−10 ) to 

emove any mechanical association between new-title counts and 

elative occupational employment size. 17 In some specifications, 
e further add main effects for the 12 consistently defined broad 

ccupational groups, indexed by J, and their interaction with 

ecade fixed effects. All regressions are weighted by start-of- 
ecade occupational employment shares. (All core results for 
ew-title flows and occupational employment changes, found in 

ables II , V , and VI , are qualitatively comparable and statis- 
ically robust when estimated without weights.) Based on our 
onceptual framework, we expect β1 > 0 : more augmentation- 
xposed occupations will add more new titles. 
16. Because the CAI was largely not updated between 2000 and 2010, and 
as then substantially updated in 2018, the last time interval of our sample is 
000–2018 rather than 2010–2018. 

17. Excluding this control leads to larger point estimates for both the aug- 
entation measure and automation measure but does not qualitatively change 

he results. 
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TABLE II 
OCCUPATIONAL NEW-TITLE EMERGENCE AND AUGMENTATION VERSUS 

AUTOMATION EXPOSURE, 1940–2018 

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

Panel A: 1940–2018 
Augmentation exposure 17 .81 ∗∗∗ 21 .46 ∗∗∗ 16 .85 ∗∗∗ 21 .02 ∗∗∗

(3 .52) (3 .74) (3 .96) (3 .54) 
Automation exposure 12 .75 ∗∗ 1 .89 2 .35 

(3 .93) (4 .52) (4 .07) 

Panel B: 1940–1980 
Augmentation exposure 23 .46 ∗∗∗ 27 .23 ∗∗∗ 19 .48 ∗∗∗ 26 .11 ∗∗∗

(5 .09) (4 .80) (5 .79) (4 .45) 
Automation exposure 19 .56 ∗∗∗ 8 .15 + 9 .07 + 

(4 .21) (4 .85) (4 .87) 

Panel C: 1980–2018 
Augmentation exposure 8 .14 ∗ 12 .35 ∗∗∗ 14 .87 ∗∗∗ 13 .86 ∗∗∗

(4 .08) (2 .31) (3 .72) (2 .08) 
Automation exposure −1 .21 −12 .99 ∗ −5 .43 

(5 .07) (5 .37) (6 .19) 

Occ. emp. shares X X X X X
Time FE X X X 

Broad occ. × time FE X X 

Notes. Dependent variable: occupational new-title count. Negative binomial models, coefficients multiplied 
by 100. N = 1,535 in Panel A; N = 628 in Panel B; N = 907 in Panel C. Twelve broad occupations are 
defined consistently across all decades. Standard errors clustered by occupation × 40-year period are in 
parentheses. Observations are weighted by start-of-period occupational employment shares. Augmentation 
and automation exposure measures correspond to the log of the weighted counts of matched patents. + p < 
. 10 , ∗ p < . 05 , ∗∗ p < . 01 , ∗∗∗ p < . 001 . 
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The first panel of Table II reports estimates of equation (1)
for the full eight decades of the sample, where all coefficients have
been multiplied by 100 for readability. Because the outcome mea-
sure in this table, the count of new titles in a macro-occupation
in a decade, contains zeros, we fit a negative binomial regression
for count data. 18 In subsequent instrumental variables (IV) es-
timates of these models, we use a combination of log and linear
dependent variable models because IV models for count data are
less well developed. As will be apparent, our results are robust
18. The working paper version of this article (Autor et al. 2022 ) estimated 
count models using the inverse hyperbolic sine (IHS) transformation. Because 
subsequent work has underscored the sensitivity of the IHS transformation to the 
treatment of zeros (Chen and Roth 2024 ; Mullahy and Norton 2022 ), we use more 
traditional count models in the final article. This leaves our results substantively 
unchanged. 
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o these alternative ways of handling zeros. The first column of 
able II reports a specification that excludes major occupation-by- 
ecade main effects. The point estimate of 17 . 81 (std. err. = 3.52) 
mplies that each 10% increment to augmentation exposure pre- 
icts an additional 1.8% faster rate of new-title emergence over 
he course of a decade. The second column adds 12 occupation 

ummies and their interactions with decade effects, and hence 

s identified by variation in new-title emergence rates across 
etailed occupations within broad occupational categories within 

ecades. The point estimate of 21 . 46 (std. err. = 3.74) is slightly 

arger than in the prior column while precision is unaffected. 
Our conceptual model implies distinct relationships between 

ugmentation versus automation innovations and the flow of new 

ork: augmentation innovations generate new labor-using tasks, 
eflected in new titles; automation innovations do not generate 

uch tasks. The next columns of Table II test this prediction. Col- 
mn 3 removes the augmentation exposure variable (AugX) and 

eplaces it with the automation exposure variable (AutX) using 

he specification in column (1). Entered independently, the flow of 
utomation innovations also predicts the flow of new titles, with a 

oint estimate on AutX of 12.75 ( std. err. = 3 . 93 ). This pattern is
xpected given that automation and augmentation exposures are 

trongly positively correlated across occupations (see Figure IV ). 
hen both innovation measures are simultaneously included in 

olumns (4) and (5), augmentation patents continue to robustly 

redict the flow of new titles ( ˆ β1 = 16 . 85 (3 . 96) in column (4), and
ˆ 1 = 21 . 02 (3 . 54) in column (5)) whereas automation patents have 

 small and statistically insignificant relationship with new-title 

ows ( ˆ β2 = 1 . 89 (4 . 52) in column (4), and 

ˆ β2 = 2 . 35 (4 . 07) in
olumn (5)). 

Recognizing that count data models may be somewhat 
unctional-form dependent, we present a number of alternative 

stimators in Online Appendix Table A.II, including Poisson 

stimates in Panel A; OLS log count estimates (the intensive 

argin, excluding zeros) in Panel B; and a linear probability 

odel for the occurrence of any new title (the extensive margin) 
n Panel C. These models support the findings in Table II : aug- 

entation exposure strongly predicts the emergence of new titles 
n both the intensive and extensive margins; this relationship 

s generally strengthened by including broad occupation by time 

ffects (drawing identification from within broad occupation by 

ecade comparisons); conditional on augmentation exposure, 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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automation exposure has no robust predictive relationship with
new-title emergence and, moreover, is always insignificant and
close to zero when controlling for broad occupation by decade ef-
fects. In Online Appendix I we further show that our findings are
robust to instead using Lin’s (2011) measure of new titles for each
of the three overlapping sample decades (1980–2000). The compa-
rability of findings is reassuring because for the 1980s and 1990s,
Lin (2011) identifies new titles from the DOT rather than the CAI
and obtains newly added titles directly from a Conversion Table
of Code and Title Changes available for these two decades only. 

Leveraging the fact that we have distinct occupational pan-
els for the two halves of our sample, we report estimates for
1940–1980 and 1980–2018 in Table II , Panels B and C. These
provide a consistent picture. In all cases, augmentation patents
significantly predict faster arrival rates of new occupational job
titles. Automation patents are either weakly positive or weakly
negative predictors of new-title emergence when augmentation
patents are simultaneously included (with one exception in Panel
C, column (4)). The precision of the augmentation estimates rises
(with almost no change in magnitude) when broad occupation
category by decade dummies are included (columns (2) and (5)) to
contrast new-title flows across detailed occupations within broad
categories in each decade. Thus, despite marked differences in
the locus of new-work emergence across these four-decade periods
(documented in Figure II ), augmentation innovations strongly
predict where new titles emerge in both eras. A comparison
of the point estimates for 1980–2018 versus 1940–1980 does
reveal a substantially shallower, but still robustly significant,
elasticity of new-title creation with respect to augmentation
innovations in the latter half of the sample ( ̂  β40 −80 

1 = 26 . 11 (4 . 45)
versus ˆ β80 −18 

1 = 13 . 86 (2 . 08) ) in the final columns of Panels B
and C. This pattern hints that the relationship between innova-
tion and new-task creation may have slowed in recent decades
relative to the first four decades after World War II. This decel-
eration of the new-work creation component of innovation will
be a recurrent theme of our analysis, which we synthesize in
Section V.B . 19 
19. A potential concern with comparing estimated elasticities across time 
periods is that the CAI’s sensitivity at detecting new titles might fluctuate 
across decades. This should not bias elasticity estimates, however, if such fluc- 
tuations affect only the rate of new-title capture but not its distribution across 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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FIGURE V 

The Relationship between Exposure to Augmentation Patents and Occupational 
New-Title Emergence 

Each panel is a binscatter showing the relationship between augmentation ex- 
posure and new-title emergence within broad occupations. The x -axis plots the 
logarithm of augmentation patent matches, and the y -axis plots the logarithm of 
new-micro-title counts. Observations with zero new titles or zero augmentation 

innovations are dropped in this log-log plot. Circles correspond to data for 1940–
1980, and triangles correspond to data for 1980–2018. 
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Figure V depicts the variation that drives these estimates 
ith a set of binscatters plotting the (log of) the flow of augmen- 

ation innovations within the 12 broad occupational categories 
gainst the (log of) the flow of new occupational job titles, sepa- 
ately for 1940–1980 and 1980–2018. The predictive relationship 

etween augmentation innovations and the arrival of new titles 
s a pervasive feature of the data. In 11 of 12 occupations (all but 
ransportation) and in both halves of the sample, there is a clear, 
pward-sloping relationship between augmentation innovations 
nd new-title flows. (There are not enough detailed occupations 
ith nonzero new titles to estimate this relationship for Health 

ervice occupations in the 1940–1980 period.) 
ccupations. Formally, let the number of new occupational titles captured in 

ecade t be proportional to the true (latent) number of new titles: Yj,t = φY ∗
j,t 

here φ > 0 . If the structural equation relating new-title flows to augmentation 

ows is ln Y ∗
j,t = α + γ ln Aug Xj,t (as estimated above), then 

∂ ln Yt 
∂ ln AugX t 

= ∂ ln Yt 
∂ ln Y∗

t 
×

∂ ln Y∗
t 

∂ ln AugX t 
= γ . 

4
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IV.B. Testing Causal Relationships: Augmentation, Automation, 
and New Work 

The new-title estimates reflect conditional correlations that
may not have a causal interpretation. Our conceptual model,
for example, implies that demand shifts favoring a given sector
generate both new augmentation and new automation patents,
where the former catalyzes the introduction of new titles. This
raises the concern that the estimates are tainted by simultaneity
bias stemming from unmeasured demand shifts. (Though, if
variation in innovation rates and new-task creation is primarily
driven by demand shifts, we would expect both augmentation and
automation innovations to predict new-title emergence—which is
not the case.) To more definitively distinguish causality from cor-
relation requires isolating exogenous flows of augmentation and
automation innovations. We sketch a strategy for doing so here. 

Our IV strategy exploits the occurrence of breakthrough
innovations (Kelly et al. 2021 ), which represent discontinuous
advances in the innovation environment that materialize at a
specific point in time. Breakthrough patents are both novel and
impactful: novel in that they are conceptually distinct from their
predecessors, relying less on prior art; impactful in that they
influence future scientific advances, catalyzing a host of follow-on
innovations. This chain of reasoning implies that breakthroughs,
recorded in patents, can potentially be used to identify exogenous
flows of follow-on innovations. The identification assumption
is that the precise timing of breakthroughs is not anticipated
(conditional on preexisting trends), while the arrival of follow-on
innovations is causally affected by the timing of antecedent
breakthroughs. 

Our implementation of this idea harnesses Kelly et al.’s
(2021) breakthrough-innovation measure, which operationalizes
the novelty and impactfulness of patents using NLP tools. Kelly
et al. (2021) compare the similarity of each U.S. utility patent
granted relative to those that precede it (backward similarity)
to measure its novelty, and compare it to those that follow it
(forward similarity) to measure impact. A breakthrough patent
is one that has a high ratio of forward to backward similarity,
where each is measured over the 5 years before (backward) or
10 years after (forward) the patent date. Our analysis uses the
top 10% of breakthrough patents granted in each decade, but
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FIGURE VI 

Breakthrough-Patent Flows by Class versus All Patent Flows by Class 

This figure presents the distribution of breakthrough (Panel A) and total (Panel 
B) patents by 10 broad technological classes in each year between 1900 and 
2002 (breakthroughs) and 1900 and 2018 (all patents). We use the classifica- 
tion of patent three-digit CPC classes into broad technology groups from Kelly 
et al. (2021) , while excluding patents assigned to the broad classes “weapons” and 
“other,” which together make up less than 1% of all patents. 
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ur results are robust to a range of breakthrough thresholds and 

orward-/backward-similarity window lengths. 
The two panels of Figure VI illustrate the substantive 

ifference between breakthrough patents and the full popula- 
ion of patents (inclusive of breakthroughs). The figure reports 
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stacked area plots of the distribution of breakthrough and
non-breakthrough patents granted in each year between 1900
and 2002 across 10 broad, exhaustive, and mutually exclusive
technology classes. 20 Panel A shows that the locus of break-
throughs has changed dramatically across decades. In the first
two decades of the twentieth century, breakthroughs are con-
centrated in Engineering, Transportation, and Manufacturing
processes. Over the next four decades, between 1920 and 1960,
the locus of breakthrough innovations shifts increasingly to
Chemistry and metallurgy. After 1960, two technology categories
grow to dominate breakthrough innovations: Instruments and
information, followed by Electricity and electronics. Panel B
reports analogous data for overall patenting. Unlike the pattern
for breakthrough patents in Panel A, the evolution of overall
patenting across domains in Panel B is relatively muted and
slow-moving. Nevertheless, consistent with the expectation that
breakthrough patents shift the tide of innovation across domains,
the class distribution of the full set of patents appears to echo
that of breakthroughs with a lag of approximately two decades. 

Figure VII , Panel A confirms this pattern by plotting the
predictive relationship between breakthroughs within 119 three-
digit detailed CPC technology classes between 1920 through
2000 and subsequent patenting within that class two decades
later. 21 This figure documents that prior breakthroughs are a
strong predictor of subsequent patent flows, even conditional on
prior non-breakthrough patent flows. The nine binscatters in the
figure—one for each broad technology class, each plotted with
a distinct marker—reveal a consistent upward-sloping relation-
ship between detailed class-level patent flows and breakthrough
patents occurring in those classes two decades earlier, with an
overall slope of ˆ βt−20 = 0 . 42 ( 0 . 03) . 22 
20. These classes are Transportation; Manufacturing process; Lighting, heat- 
ing, and nuclear; Instruments and information; Health; Engineering, construc- 
tion, and mining; Electricity and electronics; Consumer goods and entertainment; 
Chemistry and metallurgy; and Agriculture and food. 

21. The predictive relationship is estimated by regressing log patent flows 
by technology class and decade on log breakthrough patent flows lagged by two 
decades, controlling for log non-breakthrough patent flow counts (also lagged by 
two decades) and decade fixed effects. We aggregate several small CPC classes to 
arrive at 119 classes. 

22. The broad classes of Health and Agriculture are combined because the 
former broad class contains only two detailed three-digit classes. 

n 28 July 2024
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FIGURE VII 

Predictive Relationship between Breakthrough Patents and 20-Year Forward 
Patent Flows and 10-Year Backward Patent Flows by Technology Class 

This figure presents conditional correlations between breakthrough technol- 
ogy flows and subsequent patent flows in Panel A, and prior patent flows in 

Panel B. Panel A regresses log patent flows by technology class and decade on 

log breakthrough patent flows lagged by two decades, while controlling for log 
non-breakthrough patent flow counts lagged by two decades and decade fixed ef- 
fects: ˆ β = 0 . 42 , std. err. = 0 . 03 , N = 1 ,051. Panel B regresses log patent flows by 
technology class and decade on log breakthrough patent flows one decade forward, 
while controlling for log non-breakthrough patent flow counts one decade forward 
and decade fixed effects: β = −0 . 02 , std. err. = 0 . 02 , N = 1,044. Standard errors 
are clustered by three-digit technology class. 
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Might this pattern reflect existing trends whereby break-
throughs occur in already active patenting classes? Figure VII ,
Panel B replaces the 20-year lagged breakthrough predictor with
the 10-year lead of breakthroughs in each class, controlling for
the corresponding (log) count of non-breakthrough patents as
well as decade fixed effects. The estimate of ˆ βt+10 = −0 . 02 ( 0 . 02)
is small, imprecise, and opposite in sign to the predictive rela-
tionship in Panel A. This is consistent with the hypothesis that
breakthroughs spur subsequent downstream innovations in the
technology classes in which they originate, whereas flows of con-
temporary non-breakthrough innovations do not spur subsequent
breakthroughs in the same classes. 

We exploit this mechanism to isolate exogenous variation
in the augmentation and automation patent flows to which each
occupation is exposed. This variation provides instrumental vari-
ables for the endogenous flows of augmentation and automation
innovations used above. 

i. Following the textual matching procedure detailed in
Section II.C , we form automation and augmentation links
for each occupation (and later, for industry-occupation
cells) using patents lagged by two decades and occupa-
tional description texts lagged by zero to three decades,
depending on the data source.23 

ii. For each set of occupation-patent matches from the prior
step, we sum the matched patents from two decades ear-
lier that are among the top 10% of breakthrough patents
for the decade. This is done twice, once for augmenta-
tion matches, NAug, 10 

j,t−20 , and once for automation matches,

NAut, 10 
j,t−20 . 
23. Recall that the automation links for 1940–1980 are based on the DOT 

1939 volume, while automation links for 1980–2018 are based on the DOT 1977 
volume. Implicitly, these automation links are lagged by zero to three decades. 
Augmentation textual links, by contrast, are based on CAI volumes that are 
lagged by one decade. Absent a consistent occupation scheme for bridging CAI vol- 
umes prior to 1930—which would require considerable coarsening of the data—we 
cannot apply a longer lag. As documented in Online Appendix Table A.II, Panel 
D, temporal variation across CAI volumes is not ultimately central to the predic- 
tive relationship between patent flows and new-title emergence: we obtain sim- 
ilar results when linking patents to the initial CAI volume for each four-decade 
subperiod—similar to the DOT. We also obtain similar results when removing new 

titles from each decade’s CAI before obtaining augmentation-linked patents, as 
shown in Online Appendix Table A.II, Panel E and Online Appendix Table A.XII. 

st on 28 July 2024

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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iii. Occupations are then classified as augmentation 

breakthrough-exposed if they are above the me- 
dian of the matched augmentation breakthrough 

count measure, and similarly for automation break- 
through exposure: BAug, 10 

j,t−20 = 1
[ 
NAug, 10 

j,t−20 > ˜ NAug, 10 
j,t−20 

] 
, 

BAut, 10 
j,t−20 = 1

[ 
NAut, 10 

j,t−20 >
˜ NAut, 10 

j,t−20 

] 
, where a tilde denotes the 

decadal employment-weighted cross-sectional median 

of a variable in the regression sample. Because manu- 
facturing industries are intrinsically patent intensive, 
we compute medians separately for groups of occupa- 
tions that have above- versus below-50% start-of-period 

employment in manufacturing. 
iv. To similarly account for non-breakthrough patent expo- 

sure, we perform a parallel procedure that identifies oc- 
cupations that are highly exposed to all lagged matched 

patents in each decade: BAug, 100 
j,t−20 = 1

[ 
NAug, 100 

j,t−20 > ˜ NAug, 100 
j,t−20 

] 
, 

BAut, 100 
j,t−20 = 1

[ 
NAut, 100 

j,t−20 > ˜ NAut, 100 
j,t−20 

] 
. 

v. The IV models estimate a variant of equation (1) for 
the effect of automation and augmentation exposure on 

the flow of occupational new titles, where BAug, 10 
j,t−20 and 

BAut, 10 
j,t−20 serve as instruments for the endogenous vari- 

ables AugX j,t and AutX j,t . In this specification, BAug, 100 
j,t−20 

and BAut, 100 
j,t−20 serve as controls for overall prior augmen- 

tation and automation exposure. As highlighted above, 
we use 2SLS models for this exercise, distinct from the 

negative-binomial count models reported in Table II . 
(Recall that OLS variants of the new-title models pre- 
sented in Online Appendix Table A.II strongly corrobo- 
rate the new-title models using count data models.) 

Table III reports first-stage estimates. Columns (1) and (2) 
abulate models with only one endogenous variable (AugX in col- 
mn (1), AutX in column (2)) and the corresponding breakthrough 

nstruments. Since the standard deviation of our augmentation 

xposure measure is 3.45 (see Online Appendix Table A.VI), 
he first-stage coefficient in column (1) of 2.26 ( std. err. = 0 . 41 ) 
ndicates that, accounting for overall occupational patent expo- 
ure, occupations that are above the median of augmentation 

reakthrough exposure experience an increase of 0.64 standard 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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TABLE III 
FIRST-STAGE ESTIMATES FOR NEW-TITLES REGRESSIONS, 1940–2018 

(1) (2) (3) 

Aug Aut Aug Aut 

Panel A: 1940–2018 
Augmentation IV 2 .26 ∗∗∗ 2 .20 ∗∗∗ 0 .23 

(0 .41) (0 .43) (0 .32) 
Automation IV 2 .40 ∗∗∗ 0 .67 2 .37 ∗∗∗

(0 .32) (0 .65) (0 .36) 
F -stat. 30 .88 56 .59 27 .50 28 .96 
Sanderson-Windmeijer F -stat. 30 .88 56 .59 49 .47 35 .39 

Panel B: 1940–1980 
Augmentation IV 1 .17 + 1 .70 ∗∗ −0 .01 

(0 .62) (0 .54) (0 .33) 
Automation IV 3 .45 ∗∗∗ 2 .19 + 3 .58 ∗∗∗

(0 .66) (1 .16) (0 .75) 
F -stat. 3 .63 27 .21 8 .20 11 .46 
Sanderson-Windmeijer F -stat. 3 .63 27 .21 8 .94 9 .29 

Panel C: 1980–2018 
Augmentation IV 2 .82 ∗∗∗ 2 .94 ∗∗∗ 0 .78 ∗∗

(0 .35) (0 .48) (0 .30) 
Automation IV 1 .66 ∗∗∗ −0 .82 1 .35 ∗∗∗

(0 .20) (0 .73) (0 .23) 
F -stat. 65 .73 68 .15 40 .91 29 .68 
Sanderson-Windmeijer F -stat. 65 .73 68 .15 62 .03 30 .37 

Occ. emp. shares X X X X
Time FE X X X X

Notes. Dependent variable: log patent count. N = 1,276 in Panel A; N = 589 in Panel B; N = 687 in Panel 
C. First-stage estimates for columns (1), (3), and (4) are in Table IV . Specifications additionally control for 
indicators for being above the cross-sectional median in total augmenting or automating patent matches two 
decades prior, and whether the occupation has greater than 50% employment in manufacturing industries. 
Standard errors clustered by occupation × 40-year period are in parentheses. Observations are weighted by 
start-of-period occupational employment shares. Augmentation and automation exposure measures corre- 
spond to the log of the weighted counts of matched patents. + p < . 10 , ∗ p < . 05 , ∗∗ p < . 01 , ∗∗∗ p < . 001 . 
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deviations in augmentation exposure two decades later. Col-
umn (2) reports a similar relationship for automation exposure,
with a first-stage coefficient 2.40 ( std. err. = 0 . 32 ). The third
specification in the table, which spans two columns, reports the
first stages for augmentation and automation patents estimated
jointly. The first-stage coefficients for augmentation and au-
tomation in this joint specification are closely comparable to the
standalone estimates in column (2) while the cross-instrument
predictive relationships are surprisingly modest. In particular,
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Aut, 10 
j,t−20 has essentially no predictive power for subsequent aug- 

entation patent flows AutX j,t while, similarly, BAug, 10 
j,t−20 is not 

redictive of subsequent augmentation patent flows AutX j,t . 
he instruments are able to isolate independent variation in 

ugmentation and automation patent flows. 
Panels B and C report separate first-stage estimates for the 

wo halves of the sample. While there is strong identification of 
oth endogenous variables in the pooled full-sample specifica- 
ion, the instruments have a weaker first stage in the first half 
f the sample, 1940–1980, with F -statistics of 8.20 and 11.46 on 

ugmentation and automation, respectively. We treat the second- 
tage estimates for this period with due caution. In the latter half 
f the sample, both instruments play a role in identifying each 

ndogenous variable, though the within-category coefficients re- 
ain larger and more precise than the cross-category coefficients. 

Table IV reports 2SLS estimates of the effects of augmenta- 
ion and automation patents on the emergence of new work be- 
ween 1940 and 2018. Instrumenting augmentation patent flows 
sing breakthrough patents from two decades earlier, column (1) 
btains a coefficient of ˆ β

Aug 
40 −18 = 24 . 42 (7 . 46) , implying that a 10%

ncrease in augmentation patenting exposure increases new-title 

mergence by about 2.4% over the course of a decade. When 

road occupation by decade effects are added in column (2), this 
oint estimate falls modestly to 

ˆ β
Aug 
40 −18 = 21 . 30 (5 . 81) and preci- 

ion increases. Column (3) removes the augmentation exposure 

ariable and adds the automation exposure measure in its place. 
istinct from the OLS estimates, automation patents do not by 

hemselves positively predict the flow of new titles—the point 
stimate is small and imprecise ( ̂  βAut 

40 −18 = −3 . 01 (11 . 82)) . When 

nstrumented augmentation and automation patent flows are 

oth included in columns (4) and (5), the estimated effect of 
ugmentation patents on new-title emergence is comparable in 

agnitude and precision to the estimates in earlier columns, 
hile the coefficient on automation patents is imprecise, with an 

nconsistent sign in both columns. These 2SLS results are overall 
ubstantively similar to their non-instrumented counterparts 
n Table II . (Unreported placebo regressions that instead use 

V dummies for exposure to the bottom 10% of augmenting or 
utomating innovations—the least innovative patents—have 

eaker first-stage predictive power and no clear second-stage 

elationship.) 
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TABLE IV 

2SLS ESTIMATES FOR NEW-TITLES REGRESSIONS, 1940–2018 

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

Panel A: 1940–2018 
Augmentation exposure 24 .42 ∗∗ 21 .30 ∗∗∗ 29 .54 ∗∗∗ 19 .52 ∗∗

(7 .46) (5 .81) (8 .58) (6 .66) 
Automation exposure −3 .01 −14 .56 4 .21 

(11 .82) (11 .29) (9 .71) 
F -stat. (aug) 30 .88 60 .16 27 .50 37 .16 
F -stat. (aut) 56 .59 28 .96 52 .05 

Panel B: 1940–1980 
Augmentation exposure 64 .64 ∗ 30 .17 ∗∗∗ 56 .79 ∗∗ 24 .82 ∗

(29 .15) (8 .79) (19 .88) (11 .78) 
Automation exposure 9 .80 −17 .29 15 .75 

(15 .16) (17 .23) (17 .74) 
F -stat. (aug) 3 .63 11 .04 8 .20 8 .72 
F -stat. (aut) 27 .21 11 .46 13 .79 

Panel C: 1980–2018 
Augmentation exposure 7 .80 + 10 .50 + 21 .08 ∗∗ 15 .36 ∗

(4 .67) (6 .31) (7 .11) (5 .93) 
Automation exposure −22 .70 −26 .73 + −13 .43 

(14 .99) (13 .60) (9 .80) 
F -stats (aug) 65 .73 52 .32 40 .91 37 .44 
F -stats (aut) 68 .15 29 .68 35 .90 

Occ. emp. shares X X X X X 

Time FE X X X 

Broad occ. × time FE X X 

Notes. Dependent variable: log occupational new-title count. N = 1,276 in Panel A; N = 589 in Panel B; 
N = 687 in Panel C. Coefficients are multiplied by 100. Specifications additionally control for indicators for 
being above the cross-sectional median in total augmenting or automating patent matches two decades prior, 
and whether the occupation has greater than 50% employment in manufacturing industries. Standard errors 
clustered by occupation × 40-year period are in parentheses. Observations are weighted by start-of-period 
occupational employment shares. Augmentation and automation exposure measures correspond to the log of 
the weighted counts of matched patents. + p < . 10 , ∗ p < . 05 , ∗∗ p < . 01 , ∗∗∗ p < . 001 . 
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Following the format of Table II , Panels B and C of Table IV
report separate estimates for the two four-decade halves of the
sample. Focusing for brevity on the final column of results (col-
umn (5)), the estimated causal effect of augmentation innovations
on new-title emergence is positive and statistically significant in
both 1940–1980 and 1980–2018. Consistent with earlier findings,
the point estimates for automation innovations are generally im-
precise and not consistently signed. Also echoing earlier results,
the point estimates for the effect of augmentation innovations on
new-title flows are considerably larger in the earlier 1940–1980
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eriod ( ̂  β
Aug 
40 −80 = 24 . 82 (11 . 78 )) than in the later 1980–2014 period

 ̂

 β
Aug 
80 −18 = 15 . 36 (5 . 93) ). We offer the caveat that the estimates for

he earlier period have a weaker (though still conventionally ro- 
ust) first stage and hence should be viewed somewhat cautiously. 

While the negative binomial analysis in Table II simultane- 
usly accounts for intensive-margin (number of new titles) and 

xtensive-margin (any new titles) responses to augmentation 

nd automation, the 2SLS models compel us to analyze the two 

eparately. Online Appendix Table A.IX explores the extensive- 
argin effects of augmentation and automation patent flows for 

he 1940–2018 period, with corresponding first-stage estimates 
n Online Appendix Table A.VIII. In these linear probability 

odels, the dependent variable is a dummy equal to one if an 

ccupation has a positive count of new titles in the relevant 
ecade (and zero otherwise). The first-stage estimates again 

eveal strong identification in this slightly larger sample (where 

ccupations with zero new titles are retained). The second-stage 

stimates for the effect of augmentation patents on new-title 

ows are positive but relatively imprecise, with the exception of 
olumn (2) ( ̂  β

Aug 
40 −18 = 1 . 99 (0 . 97) ). Similarly, the estimated slopes 

n automation innovations are imprecise and vary in magnitude 

cross columns. It bears noting that the vast majority of the 

ariation in new-title emergence occurs on the intensive margin: 
3% of occupation-year observations have at least one new title, 
nd when weighting by employment shares (as is done in the 

egressions), this number rises to 94%. It is therefore perhaps 
nsurprising that the dummy IV linear probability model does 
ot identify this effect precisely. Nevertheless, the OLS and 2SLS 

stimates for the extensive-margin are broadly consistent: OLS 

xtensive-margin estimates reported earlier in Online Appendix
able A.II, Panel C find quantitatively comparable—but far more 

recise—patterns than their 2SLS counterparts. (As with the 

ntensive-margin results, 2SLS estimates of the impact of aug- 
entation are slightly larger than corresponding OLS models.) 

In summary, 2SLS estimates corroborate earlier non- 
nstrumented results: new augmentation innovations catalyze 

he emergence of new work across occupations and over time, 
hereas new automation innovations have no similar effect, 

uggesting that these measures capture economically distinct 
omponents of innovation. One skeptical interpretation is that 
utomation patents are simply a noisy measure of augmentation 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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patents, which causes the automation measure to be significant
on its own but nonrobust to the inclusion of augmentation. Mil-
itating against this interpretation is that automation patents
have significant independent and opposite-signed (relative
to augmentation patents) predictive power for employment and
wage bill growth in OLS and 2SLS models, as shown in Section V .
We view the distinct relationships between augmentation, au-
tomation, and new-title flows as (provisional) confirmation of our
hypotheses. 

The 2SLS estimates also echo another finding from the
OLS models: the new-work-generating effects of augmentation
innovations appear to have slackened over time—indeed, the
point estimates are less than half the size in 1980–2018 than in
1940–1980. This time pattern could potentially reflect a change
in the sensitivity of the Census Bureau’s procedure for capturing
new titles in the CAI. There are two reasons to suspect otherwise.
First, the identification of ˆ β stems from cross-occupation compar-
isons in the flow of augmentation patents and new titles—and
there is no expectation that a change in CAI data-collection
procedures would weaken these cross-occupation correlations.
Second, our evidence below for employment and wage bills—
where measurement is highly stable across decades—shows a
similar evolution in the latter four decades of the sample. 

IV.C. Demand Shocks and New-Work Creation 

While technological innovations are one force contributing to
new-work creation, our conceptual framework implies that occu-
pational demand shifts also shape the flow of new work: positive
demand shifts spur innovations that generate new occupational
specialties, and negative demand shifts slow the rate of new-
work emergence. We test these predictions, first by exploiting the
well-documented China trade shock (Autor, Dorn, and Hanson
2016 ) to identify the impact of adverse demand shocks on the
flow of new titles; and second, by exploiting demographic shifts,
following DellaVigna and Pollet (2007) , to identify the effect of
positive demand shocks on the flow of new titles. In both cases,
we identify occupations’ differential exposure to positive and
negative demand shifts by leveraging their employment distribu-
tions across more versus less exposed industries. Although both
inward and outward demand shifts are expected to affect the
arrival rate of new work, we find it useful to apply countervailing
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ests because new work never flows in reverse and occupational 
itles are rarely removed from the CAI. In addition, the two 

emand shock instruments cover different time intervals. 

1. Trade Shocks and Demand Contraction. Starting in the 

arly 1990s, import competition from China generated a sizable 

egative demand shock to many labor-intensive domestic U.S. 
anufacturing industries (Bernard, Jensen, and Schott 2006 ; 
utor, Dorn, and Hanson 2013 , 2021 ; Autor et al. 2014 ; Pierce 

nd Schott 2016 ; Acemoglu et al. 2016 ). These shocks directly af- 
ected product demand across industries and, since occupational 
mployment shares differ across industries, indirectly affected la- 
or demand across occupations. We use this variation to construct 
 measure of occupational exposure to the China trade shock, 
everaging shifts in imports from China among a set of developed 

ountries other than the United States. 24 This trade-exposure 

easure captures a plausibly exogenous shock to domestic occu- 
ational demand stemming from rising Chinese productivity and 

alling China-facing trade barriers between 1991 and 2014. Occu- 
ational exposure to import competition varies substantially both 

etween and within production and non-production occupations 
ver 1990–2014, as highlighted in Online Appendix Figure A.II. 

2. Demographics Shocks and Demand Expansion. As a 

ource of positive demand shifts, we follow DellaVigna and Pol- 
et (2007) in exploiting changes in the demographic structure 

f the U.S. population to predict movements in industry-level 
emands, which in turn affect occupation-level demands. 25 For 
his exercise, we obtain predicted consumption across product 
ategories for household members of different ages and combine 

hese age-specific coefficients with population data to construct 
24. Related work maps trade shocks to labor market outcomes in Brazil, 
anada, India, Norway, Germany, Mexico, and elsewhere (Chiquiar 2008 ; 
opalova 2010 ; Kovak 2013 ; Dauth, Findeisen, and Suedekum 2014 ; Balsvik, 
ensen, and Salvanes 2015 ; Branstetter et al. 2019 ; Devlin, Kovak, and Morrow 

021 ). Our approach follows Autor, Dorn, and Hanson (2013) and subsequent pa- 
ers, with the difference that we project the trade shock variation to the occu- 
ation level. Online Appendix F1 details the construction of this demand-shift 
easure. 

25. Our work is related to Mazzolari and Ragusa (2013) , Leonardi (2015) , 
nd Comin, Danieli, and Mestieri (2020) , who analyze the causal effects of age, 
ducation, and income on employment via consumption. 

 28 July 2024

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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occupational exposure as a function of changes in predicted con-
sumption by industry over 1980–2018, which are in turn based
on changes in population age structure. This demand measure
accounts for interindustry input-output linkages, and hence cor-
responds to final demands. Online Appendix F2 provides details
on the measure’s construction. 

3. Demand Shifts and New-Work Emergence: Estimates.
We leverage these two sources of variation to estimate the ef-
fects of occupational demand shocks on the emergence of new
occupational titles using the following count data model: 

ln E
[
Newtitles j,t 

] = βk 
1 × DemandX 

k 
j,t + β2 AugX j,t 

+ β3 

∑ 

k 

γ jk,t + X ′ 
j,t β4 + δt , (2) 

where DemandX 

k 
j,t =

∑ 

K 

γ jk,t ˆ Dk,t is the shift-share demand
measure, equal to the sum of predicted log changes in industry
employment ˆ Dk,t in industries k multiplied by the start-of-decade
share of employment in occupation j contained in industry k ,
denoted by γ jk,t . The sum of occupational exposure weights,∑ 

k γ jk,t , is included to account for the incomplete shares term
in shift-share instrumental variables models (Borusyak, Hull,
and Jaravel 2022 ). 26 Additional controls include occupational
augmentation exposure, AugX j,t , and a set of decade dummies,
δt . To purge any potential mechanical association between occu-
pational size and the rate of new-title emergence, Xj,t controls
for occupations’ initial (start of period) employment share and, in
one specification, for their contemporaneous employment share
change. The coefficient βk 

1 corresponds to the estimated effect of
demand shift DemandX 

k 
j,t for k ∈ { C, D } on new-title flows, where

denotes China trade exposure and D denotes exposure to de-
mographic demand. As with earlier models for new-title counts,
we estimate this equation with a negative binomial regression. 

Our conceptual model predicts that βC 

1 < 0 and βD 

1 > 0 :
inward occupational demand shifts slow new-work creation and
outward occupational demand shifts accelerate it. Estimates of
26. Shares do not sum to one because nonmanufacturing industries are not 
directly exposed to trade shocks; and public sector services are not enumerated 
in Consumer Expenditure Survey data and hence do not contribute to the demo- 
graphic demand-shock measure. 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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TABLE V 

OCCUPATIONAL NEW-TITLE EMERGENCE AND DEMAND CONTRACTIONS AND 

EXPANSIONS 

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

Panel A: Negative Trade Shock 1990–2000 and 2000–2018 
Import exposure −9 .83 −15 .44 ∗∗ −12 .13 ∗ −17 .49 ∗∗∗ −17 .73 ∗∗∗

(6 .09) (5 .23) (5 .53) (5 .13) (5 .17) 
Augmentation exposure 7 .94 + 9 .38 ∗∗ 8 .32 ∗∗

(4 .60) (3 .00) (2 .91) 

Panel B: Negative Trade Shock, Placebo Test 1970–1980 and 1980–1990 
Import exposure 14 .50 3 .95 11 .77 −2 .99 −1 .76 

(26 .06) (20 .40) (20 .47) (13 .24) (12 .53) 
Augmentation exposure 19 .57 ∗∗∗ 20 .00 ∗∗∗ 20 .60 ∗∗∗

(3 .15) (1 .77) (1 .92) 

Panel C: Positive Demographic Shock 1980–2000 and 2000–2018 
Demand-shift exposure 18 .39 ∗∗∗ 12 .83 + 18 .53 ∗∗∗ 14 .86 ∗ 14 .75 ∗

(5 .49) (6 .66) (5 .35) (6 .71) (6 .60) 
Augmentation exposure 5 .36 11 .17 ∗∗∗ 10 .56 ∗∗∗

(4 .97) (2 .43) (2 .37) 

Time FE X X X X X 

Occ. emp. shares X X X X X
Ind. exposure control X X X X X 

Broad occ. FE X X X 

� occ. emp. shares X 

Notes. Dependent variable: occupational new-title count. Negative binomial models, coefficients multiplied 
by 100. N = 610 in Panels A and C; N = 588 in Panel B. Panel A estimates the relationship between new 

titles emerging 1990–2018 and occupational exposure to import competition in the same period. Panel B 
(a placebo test) estimates the relationship between new titles emerging over 1970–1990 and occupational 
exposure to import competition over the 1990-2018 period. Panel C estimates the relationship between new 

titles emerging over 1980–2000 and 2000–2018 and occupational exposure to demographically driven demand 
shocks. Standard errors clustered by occupation are in parentheses. Observations are weighted by start-of- 
period occupational employment shares. Augmentation and automation exposure measures correspond to the 
log of the weighted counts of matched patents. + p < . 10 , ∗ p < . 05 , ∗∗ p < . 01 , ∗∗∗ p < . 001 . 
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quation (2) in Table V support these predictions. Panel A reports 
he effect of inward occupational demand shocks (stemming from 

rade shocks) on the emergence of new occupational titles be- 
ween 1990–2000 and 2000–2018. The first specification controls 
or decade main effects, occupational employment shares, and 

he sum of exposure shares. The column (1) estimate finds an 

mprecise negative effect of demand contractions on new-title 

mergence ( ̂  βC 

1 = −9 . 83 (6 . 09) ). Column (2) adds dummies for 
road occupational groups, so identification stems from contrasts 
cross detailed occupations within the 12 broad occupational cat- 
gories depicted in Online Appendix Figure A.II—from variation 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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within rather than between rows of the figure. The estimated
effect of import exposure increases in absolute magnitude and
precision to 

ˆ βC 

1 = −15 . 44 (5 . 23) . 
Column (3) adds the occupation-level augmentation exposure

measure from above to the column (1) model, thus allowing both
demand shocks and augmentation innovations to affect new-
title emergence. The augmentation variable obtains a positive
coefficient of ˆ β2 = 7 . 94 (4 . 60) . Column (4) again includes broad
occupation fixed effects: this further increases the magnitude and
precision of the import exposure variable ( ̂  βC 

1 = −17 . 49 (5 . 13) )
and the augmentation exposure term ( ̂  β2 = 9 . 38 (3 . 00) ). Column
(5) additionally controls for the contemporaneous change in occu-
pational employment shares—which is quite conservative since
employment shares are an intermediate outcome that is directly
affected by the China trade shock. Nevertheless, the coefficients
of interest are hardly affected. 

Might these estimates reflect long-standing trends in new-
work creation in trade-exposed occupations that predate the
China trade shock? Table V , Panel B confronts this concern with
a placebo test. The dependent variable in this panel is the flow of
new occupational titles from the 20 years prior to the China trade
shock, 1970–1980 and 1980–1990, while the independent vari-
able is the post-1990 change in import exposure, as per Panel A.
These placebo estimates reveal that recent Chinese import com-
petition has little to no predictive power for the emergence of new
titles from 1970 through 1990 in subsequently trade-exposed oc-
cupations. Estimates are imprecisely positive in the first three
columns and are negative and close to zero in the final two
columns, which contain the full complement of controls. These re-
sults increase our confidence that the estimates in Panel A reflect
the causal impact of demand contractions on the flow of new work.

Table V , Panel C presents a parallel exercise exploiting demo-
graphic demand shifts in place of trade shocks, here extending the
sample window backward to 1980. Consistent with expectations,
positive demand shifts speed the emergence of new occupational
titles. In column (1), the point estimate of ˆ βD 

1 = 18 . 39 (5 . 49) on
the demographic demand index implies that a 10% increase in oc-
cupational demand-shock exposure increases the rate of occupa-
tional new-title emergence by approximately 1.8%. Subsequent
columns of Panel C explore robustness by applying the same
specifications used for the trade-based demand shock. Across all
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FIGURE VIII 

Predicted � Occupational New-Title Share Percentile from Exposure to 
Augmentation versus Exposure to Demand Shifts, 1980–2000 and 2000–2018 

This figure plots partial predicted new-title flows from exposure to demand 
shifts against partial predicted new-title flows due to augmentation exposure 
(both in percentile terms) for consistent census occupations. Predictions are based 
on Online Appendix Table A.X, column (4). Dashed lines indicate median pre- 
dicted changes. 
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olumns, occupations with higher predicted demand growth stem- 
ing from demographic change exhibit faster new-title emer- 

ence. As in Panels A and B, the coefficient on augmentation ex- 
osure is positive and precisely estimated. Moreover, its inclusion 

as a relatively small effect on the coefficient on the demand shift 
ariable. Figure VIII shows why this is the case: the set of occupa- 
ions most exposed to demographic demand shifts is substantively 

ifferent from those most exposed to augmentation innovations. 
sing the partial predicted effects from a version of Table V , we 

nd that augmentation exposure and demand exposure are es- 
entially uncorrelated over 1980–2018. Figure VIII indicates that 
emographic demand shifts can help account for the emergence of 
ew titles in personal service and care jobs such as housekeepers, 
aiters, food preparation workers, and licensed practical nurses 

see also Mazzolari and Ragusa 2013 ; Leonardi 2015 ; Comin, 
anieli, and Mestieri 2020 ). Conversely, new-title emergence in 

igh-tech jobs, such as electrical engineers and computer systems 
nalysts, is primarily predicted by augmentation exposure. 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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The evidence in Table V highlights that new work has
multiple origins: the flow of augmentation innovations and the
operation of demand shifts both shape where new specialized,
labor-using tasks emerge. These results also offer a further
substantive implication. Much evidence documents that rising
import competition has depressed employment in trade-exposed
industries and associated occupations during the past three
decades (see evidence summarized in Autor, Dorn, and Hanson
2021 ). The Table V results reveal that this competitive pressure
not only numerically reduces employment but also depresses the
emergence of new categories of specialized work: it yields fewer
jobs and less new work. This distinction is relevant because, as
we show in Online Appendix Table A.XV, new work appears to be
better remunerated than existing work in the same occupation,
possibly because it is more specialized. 

V. AUGMENTATION, AUTOMATION, AND OCCUPATIONAL LABOR 

DEMAND 

What does our evidence on the determinants of new work
imply for occupational employment and labor demand more
generally? The findings so far do not unambiguously answer
this question since employment could potentially contract in
occupations where new titles emerge or expand in occupations
where tasks are automated. Our conceptual model predicts
that because new-task creation generates new demand for hu-
man expertise, it will expand employment and wage bills in
augmentation-exposed occupations; and conversely because task
automation is labor displacing, it will erode employment and
wage bills in automation-exposed occupations (see Proposition 2
in Online Appendix J). We explore those implications here. 

Figure IX motivates this analysis by documenting the strik-
ing association between new-title emergence and occupational
employment growth across both halves of our sample, netting
out the correlation between start-of-period title count and occu-
pational employment growth (which is generally negative since
larger occupations grow more slowly). The locus of new-title
emergence and employment growth has shifted substantially
across the four-decade intervals of our sample, yet new-title
flows strongly predict the set of occupations that gain and lose
ground in both periods. Between 1940 and 1980, occupations
rapidly adding both employment and new titles include clerical

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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(nec)

FIGURE IX 

Correlations between Employment Growth and New-Title Emergence Rates, 
1940–1980 and 1980–2018 

This figure illustrates the relationship between log new-title counts and 
decadalized occupational employment growth, controlling for initial-year log title 
counts, and using initial-year employment shares as weights. Plotted lines corre- 
spond to weighted partial fitted values. The weighted partial correlation between 

log employment growth and the log of new-title flows is 0.333 for 1940–1980 and 
0.482 for 1980–2018. Axis labels are exponentiated. 
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occupations such as stenographers, typists, secretaries, office
machine operators, and bookkeepers, and blue-collar production
occupations such as foremen, mechanics and repairmen, and
operative workers. Simultaneously, occupations including ele-
vator operators, lumbermen, railroad switchmen, dressmakers,
and mining occupations grew slowly and added few titles. In the
subsequent four decades, 1980–2018, professional and personal
services dominate the occupations rapidly adding employment
and new titles: computer software developers, dental laboratory
and medical appliance technicians, vocational and educational
counselors, registered nurses, and hairdressers and cosmetol-
ogists. Conversely, blue-collar production occupations, such as
machinists, machine feeders and off-bearers, and white-collar
clerical occupations, including bank tellers, typists, secretaries,
and stenographers, added relatively few occupational titles and
exhibited substantial relative employment declines. 

These patterns echo the evidence from Figure II , showing
that the locus of new-work creation shifted from the middle-
paid center of the occupational distribution before 1980, to the
high-paid and low-paid tails of this distribution after 1980.
Online Appendix Figure A.III facilitates a more direct com-
parison of new-title growth rates across periods by applying
a consistent set of occupation codes over 1940–2018, albeit at
the cost of substantially lower occupational resolution. What
stands out from this figure is the shifting fortunes of routine
task-intensive occupations—blue-collar occupations such as op-
erative and kindred workers, metal workers, and mechanics, and
white-collar occupations such as shipping and receiving clerks,
stenographers, typists, and secretaries, and library attendants
and assistants. These occupations were well above the median
of new-title growth between 1940 and 1980, and then fell sub-
stantially in rank (i.e., below the 45-degree line) during the next
four decades, coinciding with the decline of routine task-intensive
employment (Autor and Dorn 2013 ). 

These correlations between employment growth and new-
title flows should not be interpreted as causal. Indeed, the prior
results in Table V underscore that the co-occurrence of new occu-
pational tasks and rising occupational employment could reflect
the operation of demand shifts. To understand the effects of aug-
mentation and automation on labor demand, we shift focus from
new titles to employment and wage bills. Using OLS and 2SLS
models, we analyze the correlational and causal relationships

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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etween augmentation and automation innovations and changes 
n occupational employment and wage bills. 

.A. Employment and Wage Bills: Main Results 

To assess the relationship between augmentation exposure, 
utomation exposure, employment, and wage bills, we estimate 

odels of the form: 

3) 100 × � ln (Yi j,t ) = β1 AugX i j,t + β2 AutX j,t + γi,t + δJ,t + εi j,t , 

here the dependent variable is the log change in full-time 

quivalent employment (annual hours divided by 35 hours × 50 

eeks) or wage bill in consistent three-digit industry i by occu- 
ation j cells, multiplied by 100 so changes roughly correspond 

o percentage points. While the new-title models were limited to 

ccupation-by-decade variation in the outcome variable, this esti- 
ation is able to exploit richer occupation-by-industry-by-decade 

ariation in employment and wage bills. The key independent 
ariables are AugX i j,t , quantifying exposure to augmentation in 

ndustry-by-occupation cells, and AutX j,t , quantifying exposure 

o automation in occupation cells. The augmentation measure is 
xtended to vary at the industry-occupation level by aggregating 

atents that exhibit jointly high textual similarity to occupation 

itles and industry titles (see Online Appendix E). Because the 

nalysis here focuses on employment changes over four-decade 

ntervals (1940–1980 and 1980–2018), we take (the log of) the 

um of citation-weighted patent matches for AugX i j,t and AutX j,t 
n each interval. The inclusion of a full set of industry-by-decade 

ummy variables, γi,t (116 industries for 1940–1980, 206 in- 
ustries for 1980–2018), means that the coefficients of interest 
re identified by changes in within-industry occupational em- 
loyment, holding constant overall industry employment shifts. 
dditional specifications include broad occupation fixed effects 

urther interacted with time period dummies, δJ,t . Standard 

rrors are clustered on industry-by-occupation cells. 
Table VI presents OLS estimates in columns (1) and (2) 

nd 2SLS estimates in columns (3) and (4). The first panel of 
able VI fits a stacked long-difference version of equation (3) over 
ight decades where each observation is the log change in em- 
loyment in consistent industry-occupation cells in a four-decade 

nterval (1940–1980 or 1980–2018). Column (1) finds that occu- 
ations that are more exposed to augmentation exhibit faster 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data


1448 THE QUARTERLY JOURNAL OF ECONOMICS

TABLE VI 
THE RELATIONSHIP BETWEEN CHANGES IN EMPLOYMENT AND WAGE BILLS AND 

EXPOSURE TO AUGMENTATION AND AUTOMATION WITHIN INDUSTRY-OCCUPATION 

CELLS, OLS AND 2SLS STACKED LONG-DIFFERENCE REGRESSIONS, 1940–2018 

OLS 2SLS 

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

Panel A: Decadalized �ln(employment) 
Augmentation exposure 1 .51 ∗∗∗ 1 .36 ∗∗∗ 4 .37 ∗∗∗ 3 .63 ∗∗∗

(0 .21) (0 .22) (0 .93) (0 .96) 
Automation exposure −2 .27 ∗∗∗ −1 .00 ∗ −4 .02 ∗∗∗ −4 .21 ∗∗∗

(0 .27) (0 .40) (0 .62) (0 .93) 
R2 0 .53 0 .57 

Panel B: Decadalized �ln(wage bill) 
Augmentation exposure 1 .50 ∗∗∗ 1 .41 ∗∗∗ 4 .95 ∗∗∗ 4 .04 ∗∗∗

(0 .23) (0 .25) (1 .02) (0 .98) 
Automation exposure −2 .21 ∗∗∗ −0 .97 ∗ −3 .17 ∗∗∗ −3 .43 ∗∗∗

(0 .28) (0 .42) (0 .67) (0 .97) 
R2 0 .53 0 .57 

Panel C: Decadalized �E[ln(wage bill)] 
Augmentation exposure 1 .39 ∗∗∗ 1 .30 ∗∗∗ 4 .15 ∗∗∗ 3 .31 ∗∗∗

(0 .20) (0 .21) (0 .91) (0 .93) 
Automation exposure −2 .13 ∗∗∗ −1 .01 ∗∗ −3 .40 ∗∗∗ −3 .74 ∗∗∗

(0 .27) (0 .38) (0 .63) (0 .91) 
R2 0 .55 0 .58 

Panel D: Decadalized �ln(adjusted wage bill) 
Augmentation exposure 1 .62 ∗∗∗ 1 .47 ∗∗∗ 5 .18 ∗∗∗ 4 .36 ∗∗∗

(0 .24) (0 .25) (1 .03) (1 .00) 
Automation exposure −2 .34 ∗∗∗ −0 .96 ∗ −3 .79 ∗∗∗ −3 .90 ∗∗∗

(0 .28) (0 .44) (0 .66) (0 .99) 
R2 0 .52 0 .56 

F -stat. (Aug) 127 .76 150 .56 
F -stat. (Aut) 202 .85 145 .10 
Ind. × time FE X X X X 

Broad occ. × time FE X X 

Notes. N = 33,900 changes in employment and wage bill in consistently defined census occupations over 
1940–1980 and 1980–2018. Dependent variables are decadalized and multiplied by 100 so that growth rates 
are expressed in per decade percentage points. All employment and wage bill changes are winsorized at the 
99th percentile. Wage bill variables sum the product of hours and wages for all workers. Hourly wages are 
imputed to cells where employment but not wages are observed. 2SLS specifications additionally control for 
indicators for being above the cross-sectional median in total augmenting or automating patent matches two 
decades prior. Standard errors are clustered by industry-occupation cell (using Stata commands reghdfe and 
ivreghdfe ) in parentheses. Observations are weighted by start-of-period employment share for each industry- 
occupation cell. Long-differences are four-decade changes, 1940–1980 and 1980–2018. Augmentation and 
automation exposure measures correspond to the log of the weighted counts of matched patents. + p < . 10 , 
∗ p < . 05 , ∗∗ p < . 01 , ∗∗∗ p < . 001 . 
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mployment growth and conversely, those more exposed to au- 
omation exhibit slower employment growth. Indeed, augmen- 
ation and automation have precisely estimated but opposite- 
igned predictive relationships with occupational employment. 
n column (1), 10% more augmentation exposure predicts 0.15% 

ore employment growth ( ˆ β1 = 1 . 51 (0 . 21) ), and 10% more au-
omation exposure predicts 0.23% less employment growth ( ˆ β2 = 

2 . 27 (0 . 27) ). Column (2) adds controls for broad occupation by 

ime-effects, demonstrating that these predictive relationships 
tem from contrasts within and between broad occupational 
ategories. 

To address endogeneity concerns discussed earlier, the sec- 
nd pair of columns in Table VI present 2SLS estimates that 
se breakthrough patent flows from the prior two decades as 

nstruments for observed augmentation and automation patent 
ows. 27 First-stage estimates for these models are reported in 

nline Appendix Table A.III. The 2SLS results confirm the impli- 
ations of the OLS estimates but with greater magnitude: a 10% 

ncrease in augmentation exposure spurs 0.36% additional em- 
loyment growth ( ̂  β = 3 . 63 (0 . 96) ) over the course of a decade in
he 2SLS model relative to 0.14% in the corresponding OLS col- 
mn; a 10% increase in automation exposure spurs a 0.42% reduc- 
ion in employment growth ( ̂  β = −4 . 21 (0 . 93) ) over the course of a
ecade in the 2SLS model relative to 0.10% in the OLS estimate. 
he larger point estimates for the automation and augmentation 

mployment elasticities in these 2SLS estimates suggest that 
ttenuation due to measurement error may impart a larger bias 
o the OLS estimates than does simultaneity. We make the caveat 
27. As with earlier 2SLS models, we normalize the breakthrough exposure 
nstruments with sector-specific (manufacturing versus nonmanufacturing) me- 
ian breakthrough thresholds. Let NA, 10 

ji,t−20 equal breakthrough patent exposure 
ount for occupation j in industry i in decade t − 20 , where A ∈ {Aug , Aut } . Like 
he endogenous variable, the breakthrough matches NA, 10 

ji,t−20 are also aggregated 
ver a four-decade period, except the aggregation window is lagged by 20 years 
s with our previous 2SLS analysis. Occupation by industry cells are classified 
s breakthrough-exposed according to BA, 10 

ji,t−20 = 1
[ 
NA, 10 

ji,t−20 > 

˜ NA, 10 
j,i ∈manuf ,t−20 

] 
×

i ∈ manuf 
] + 1

[ 
NA, 10 

j,i,t−20 > 

˜ NA, 10 
j,i/ ∈ manuf ,t−20 

] 
× [

i / ∈ manuf 
]
. Here, the tilde denotes 

he employment-weighted cross-sectional median of the variable defined over 
ndustry-occupation cells, subsetting according to whether industry i is or is not 
n the manufacturing sector. We analogously construct BA, 100 

ji,t−20 , denoting above- 
edian overall (breakthrough + non-breakthrough) patent exposure. 

by guest on 28 July 2024

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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that the 2SLS estimates have broader confidence intervals than
their OLS counterpart, so that OLS point estimates generally
fall within the 95% confidence bands of their 2SLS counterparts. 

The next set of results in Table VI focus on the wage bill,
equal to the product of employment and earnings (Panel B).
These wage bill estimates prove highly comparable to the corre-
sponding employment results in Panel A: the OLS coefficient for
the effect of augmentation innovations on the wage bill in column
(2) of Panel B is 1 . 41 (0 . 25) versus 1 . 36 (0 . 22) on employment
in column (2) of Panel A. For the 2SLS estimates in column (4),
the point estimates are 4 . 04 (0 . 98) for the wage bill (Panel B)
versus 3 . 63 (0 . 96) for employment (Panel A). The corresponding
OLS estimates for automation innovations are −0 . 97 (0 . 42) for
the wage bill and −1 . 00 (0 . 40) for employment, while their 2SLS
counterparts are −3 . 43 (0 . 97) for the wage bill and −4 . 21 (0 . 93)
for employment. These patterns are consistent with the inter-
pretation that employment and wage bills move one for one,
suggesting a unitary elasticity of substitution across occupations
(also assumed in our model, where occupations correspond to
sectors). This literal interpretation should be qualified, however.
Papers by Böhm, von Gaudecker, and Schran (2022) and Autor
and Dorn (2009) demonstrate that contracting occupations (here,
those more exposed to automation) tend to retain both more
experienced workers and workers with relatively high earnings
given their experience, while the opposite occurs in expanding
occupations (here, those more exposed to augmentation). These
compositional shifts, which are akin to quantity rather than
price changes in an earnings equation, cloud inference on the
effect of augmentation and automation on wage bills net of these
compositional shifts. 

To (imperfectly) address this compositional issue, we esti-
mate the effect of augmentation and automation innovations on
composition-adjusted wages, as detailed in Online Appendix G.
Briefly, we use cross-sectional Mincerian wage regressions in
each census year to predict the log hourly wage of each worker
based exclusively on her schooling, race, and gender, each inter-
acted with a quadratic in age. We take the cell-level average of
these predictions to form the expected wage in each industry-
occupation cell ( ̂  Wi j,t ), purged of industry-occupation premia. This
procedure delivers two new wage bill change measures (alongside
the observed wage bill change, �Wi j,t ): the expected wage bill
change ( �̂ Wi j,t ); and the composition-adjusted wage bill change

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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 �˜ Wi j,t ), equal to the observed log change in employment plus the 

og difference between the observed and composition-adjusted 

age change. 
Table VI , Panel C uses as the dependent variable the ex- 

ected wage, �̂ Wi j,t . Consistent with Böhm, von Gaudecker, 
nd Schran (2022) , expected wage bill changes are less positive 

or augmentation exposure and more negative for automation 

xposure than are observed wage bill changes—particularly 

n 2SLS models. This pattern suggests that adverse composi- 
ional shifts in augmentation-exposed occupations partly mask 

ny positive wage relationship, whereas positive compositional 
hifts in automation-exposed occupations mask negative wage 

ffects. Panel D combines these results to estimate models for 
omposition-adjusted wage bills. Accounting for compositional 
hanges within industry-occupation cells, estimates find that 
ugmentation innovations have a meaningfully larger positive 

ffect on wage bills than on employment. Focusing on 2SLS esti- 
ates, Panel A, column (4) finds that a 10% rise in augmentation 

xposure spurs a 0.36% rise in employment ( ̂  β1 = 3 . 63 (0 . 96) ), 
nd in Panel D, column (4), a 0.44% rise in the adjusted wage bill 
 ̂

 β1 = 4 . 36 (1 . 00) ). By implication, the wage premium in the ex-
osed industry-occupation cell rises by 0.08% ( 0 . 44 −0 . 36 = 0 . 08 ).
his difference between employment and wage bill effects, which 

s pronounced in 2SLS models but nevertheless apparent in OLS 

odels, hints that new work may be more skilled or better remu- 
erated than (simply) more work. We return to this point below. 28 

As a further extension, we explore sectoral impacts. Much 

f the economic literature on the labor-demand impact of tech- 
ological innovations focuses on manufacturing, where capital 

nvestments are well measured and technologies are often in- 
ensively used, for example, in the case of industrial robotics 
e.g., Berman, Bound, and Griliches 1994 ; Doms, Dunne, and 

roske 1997 ; Lewis 2011 ; Acemoglu and Restrepo 2020 ; Curtis 
t al. 2021 ; Dechezleprêtre et al. 2021 ; Humlum 2021 ; Aghion 

t al. 2022 ; Hirvonen, Stenhammar, and Tuhkuri 2022 ). The 

ugmentation and automation exposure measures developed 

ere are not confined to manufacturing since they are based on 

he semantic content of occupations and innovations. Leveraging 

his fact, Online Appendix Table A.V reports a corresponding set 
28. We do not find that automation has larger negative effects on occupational 
age bills than occupational employment in either OLS or 2SLS models. 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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of OLS and 2SLS employment and adjusted-wage-bill models for
the 1940–2018 period, estimated separately for manufacturing
and nonmanufacturing. Within both the manufacturing and
nonmanufacturing sectors, along employment and wage bill mar-
gins, and using both OLS and 2SLS models, we find that augmen-
tation innovations significantly raise occupational labor demand,
whereas automation innovations significantly depress it. 

V.B. Evidence of Accelerating Automation 

We observed that the elasticity of new-work creation, as
proxied by new job titles and with respect to augmentation
innovation, appears to have declined between 1940–1980 and
1980–2018 ( Tables II and IV ). We perform a parallel exercise
for occupational labor demand in Table VII , which reports OLS
and 2SLS models for the effects of augmentation and automation
innovations on employment and composition-adjusted wage bills
separately for 1940–1980 and 1980–2018. We note that there
is no intrinsic statistical relationship between these two mar-
gins of response—new-title creation versus occupational labor
demand—so we view this test of parallelism as informative. The
by-period estimates in Table VII yield three results. First, OLS
and 2SLS estimates strongly corroborate the positive impact of
augmentation innovations on employment and wage bills in the
four-decade intervals under study. Given that the measures from
these intervals are built from different patent cohorts, differ-
ent occupational labor task descriptors (1939 DOT versus 1977
DOT), and different occupational output descriptors (1950–1980
CAI versus 1990–2018 CAI), the stability and robustness of the
estimates across epochs buttresses confidence in the findings. 

Second, akin to the evidence for new-title flows, both OLS
and 2SLS models suggest a fall in the elasticity of employ-
ment creation with respect to augmentation innovations (and
a more negative elasticity with respect to automation) in the
second relative to first half of the sample. Referring to the
even columns of Table VII (which include broad occupation by
year dummies), the OLS elasticity estimate for the effect of
augmentation on employment falls from 

ˆ β40 −80 
1 = 2 . 12 (0 . 38)

to 

ˆ β80 −18 
1 = 0 . 78 (0 . 23) . The corresponding 2SLS elasticity es-

timate falls from 

ˆ β40 −80 
1 = 5 . 24 (2 . 42) to 

ˆ β80 −18 
1 = 2 . 79 (0 . 93) .

OLS and 2SLS estimates for the augmentation elasticity of the
wage bill also find qualitatively similar declines in magnitudes.
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TABLE VII 
RELATIONSHIP BETWEEN CHANGES IN EMPLOYMENT AND WAGE BILLS AND 

EXPOSURE TO AUGMENTATION AND AUTOMATION WITHIN INDUSTRY-OCCUPATION 

CELLS, OLS AND 2SLS STACKED LONG-DIFFERENCE REGRESSIONS, 1940–1980 
AND 1980–2018 

1940–1980 1980–2018 

OLS 2SLS OLS 2SLS 

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

Panel A: Decadalized �ln(employment) 
Augmentation 1 .85 ∗∗∗ 2 .12 ∗∗∗ 5 .78 ∗∗ 5 .24 ∗ 1 .27 ∗∗∗ 0 .78 ∗∗∗ 3 .35 ∗∗∗ 2 .79 ∗∗

exposure (0 .39) (0 .38) (2 .21) (2 .42) (0 .21) (0 .23) (0 .91) (0 .93) 
Automation −1 .47 ∗∗∗ −0 .27 −3 .97 ∗ −2 .79 −3 .86 ∗∗∗ −1 .98 ∗∗∗ −5 .05 ∗∗∗ −5 .07 ∗∗∗

exposure (0 .40) (0 .64) (1 .77) (2 .95) (0 .34) (0 .46) (0 .66) (0 .92) 
R2 0 .63 0 .66 0 .44 0 .48 

Panel B: Decadalized �ln(adjusted wage bill) 
Augmentation 2 .04 ∗∗∗ 2 .36 ∗∗∗ 6 .93 ∗∗ 6 .40 ∗ 1 .30 ∗∗∗ 0 .78 ∗∗∗ 3 .86 ∗∗∗ 3 .24 ∗∗∗

exposure (0 .45) (0 .45) (2 .33) (2 .54) (0 .23) (0 .23) (0 .96) (0 .96) 
Automation −1 .63 ∗∗∗ −0 .39 -4 .04 ∗ −2 .64 −3 .81 ∗∗∗ −1 .74 ∗∗∗ −4 .80 ∗∗∗ −4 .86 ∗∗∗

exposure (0 .41) (0 .69) (1 .76) (3 .05) (0 .39) (0 .50) (0 .67) (0 .95) 
R2 0 .61 0 .64 0 .44 0 .49 

F -stats (aug) 34 .80 46 .34 160 .12 150 .02 
F -stat. (aut) 38 .68 15 .16 169 .77 301 .79 
Ind. × time FE X X X X X X X X 

Broad occ. X X X X 

× time FE 

Notes. N = 6,520 changes in employment and wage bills in consistently defined census occupations over 
1940–1980, and N = 27,380 changes over 1980–2018. Dependent variable is decadalized and multiplied by 
100 so that growth rates are expressed in per-decade percentage points. All employment and wage bills 
changes are winsorized at the 99th percentile. Hourly wages are imputed to cells where employment but not 
wages are observed. 2SLS specifications additionally control for indicators for being above the cross-sectional 
median in total augmenting or automating patent matches two decades prior. Standard errors are clustered 
by industry-occupation cell (using Stata commands reghdfe and ivreghdfe ) in parentheses. Observations are 
weighted by start-of-period employment share for each industry-occupation cell. Long-differences are four- 
decade changes, 1940–1980 and 1980–2018. Augmentation and automation exposure measures correspond 
to the log of the weighted counts of matched patents. + p < . 10 , ∗ p < . 05 , ∗∗ p < . 01 , ∗∗∗ p < . 001 . 
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oreover, coefficient estimates in odd columns, which instead 

ely on between-broad-occupation variation, are generally larger 
nd much more precise for our automation measure (and for aug- 
entation in the case of IV estimates), but they also deliver the 

ame pattern of decreased augmentation and increased automa- 
ion intensity when comparing coefficients across time periods. 

Finally, we find a rise in the elasticity of employment and 

age bill erosion to automation during 1980–2018 relative to 

940–1980. Focusing on employment, the OLS estimate of this 
lasticity rises in absolute magnitude from 

ˆ β40 −80 
2 = −0 . 27 (0 . 64) 

o 

ˆ β80 −18 
2 = −1 . 98 (0 . 46) . The corresponding 2SLS estimate grows 

rom 

ˆ β40 −80 
2 = −2 . 79 (2 . 95) to 

ˆ β80 −18 
2 = −5 . 07 (0 . 92) . This pattern
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is inescapable in Figure X , which plots the conditional
relationship between augmentation, automation, and employ-
ment growth separately for these four-decade intervals, using
the somewhat more precise OLS estimates from columns (1) and
(5), which leverage between- as well as within-broad-occupation
variation. 

In summary, Tables VI and VII , and the supporting ma-
terial in Online Appendix Tables A.V and A.XV, corroborate a
central implication of our conceptual framework: despite their
positive rate of co-occurrence across occupations, augmentation
and automation have countervailing causal effects on sectoral
labor demand. This is true for employment and wage bills, for
the 1940–1980 and 1980–2018 periods, for manufacturing and
nonmanufacturing, and for OLS and 2SLS estimates, the latter
of which leverage breakthroughs occurring two decades earlier
as instruments for subsequent downstream innovations. 

Our findings are consistent with Kogan et al. (2021) and
Webb (2020) , who find that occupations that are more exposed to
automation (Kogan et al. 2021 ) or software patents (Webb 2020 )
have seen falling relative employment in recent decades. 29 Our
analysis adds two central findings to this body of work: isolating
a countervailing augmentation force, also stemming from inno-
vation, that is strongly predictive of occupational employment
growth; and providing causal evidence that such innovations
boost labor demand while automation innovations erode it. In
the terminology of Acemoglu and Restrepo (2019a) , we find
that automation is labor displacing and augmentation is labor
reinstating. Also consistent with their evidence, the constellation
of results for new-task creation and occupational labor demand
suggests that the labor-reinstating power of augmentation has
attenuated in recent decades while the labor-replacing force of
automation has accelerated. 

V.C. Is New Work Different from More Work? 

Our primary public use census and ACS data files, aug-
mented with new-title counts, document the prevalence of new
work in macro-occupations but do not allow us to observe which
29. Mann and Püttmann (2023) present a contrasting finding: service sec- 
tor employment grows relatively faster in commuting zones exposed to more 
automation patents. Given the differing unit of analysis—geographies versus 
occupations—these findings are not directly comparable. 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data


THE ORIGINS AND CONTENT OF NEW WORK 1455

FIGURE X 

Conditional Correlations between Automation, Augmentation, and Employment 
Growth (based on OLS Regressions) 

The figure reports binscatters of the employment-weighted conditional correla- 
tion between decadalized percent employment growth and exposure to augmenta- 
tion innovations (left side) and automation innovations (right side). Panel A corre- 
sponds to the regression specification in Table VII , Panel A, column (1) using con- 
sistently defined census industry ×occupation cells over 1940–1980 ( N = 6,520). 
Panel B corresponds to the regression specification in Table VII , Panel A, column 

(5) using consistently defined census industry ×occupation cells over 1980–2018 
( N = 27,380). 
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workers are directly employed in that work. These public-use
data sources are accordingly ill-suited to estimating wage differ-
entials in new work. Online Appendix H seeks to fill this gap
by harnessing data from the 1940 census Complete Count file
(Ruggles et al. 2021 ) to test whether new work is more skilled
or better paid than conventional work. The unique virtue of these
no-longer-confidential census Complete Count data is that they
report all fields for each census respondent, enabling direct obser-
vation of which workers are employed in new work, that is, em-
ployed in occupational titles that first appeared in the 1940 CAI. 

Online Appendix Table A.XV, Panel A explores whether
there is positive selection on observable characteristics of work-
ers into new work. Using a classification procedure detailed in
Online Appendix H1, we estimate that 2.6% of workers in 1940
were employed in new work titles that were first reported in that
decade. Fitting a linear probability model to these data reveals
that better-educated workers are significantly more likely to be
employed in new work. This is true unconditionally, and also
when accounting for a full set of macro-occupation main effects—
thus contrasting workers in the same census occupations—and
when further accounting for workers’ age, sex, race, state, and
urban versus rural status. Net of these factors, workers with any
secondary education are at least 10% more likely to be employed
in new work than those with less than a ninth-grade education
(the modal educational category in 1940). 

Online Appendix Table A.XV, Panel B explores whether there
is a wage differential in new work net of selection on observables.
Fitting an OLS cross-sectional wage regression to the 1940 data
shows that even after conditioning on a rich set of observables,
including macro-occupation main effects, education, race, gender,
age, state, and urban/rural status, workers employed in new work
earn on average 6.0% more than observably similar workers in
preexisting work. Although this evidence does not establish that
employment in new work raises wages, it indicates that either
workers earn a premium for new work or that new work attracts
workers with unobservably higher skill (even within the same
macro-occupation and level of education). Either interpretation
is consistent with the hypothesis that new work demands spe-
cialized skills or expertise relative to conventional work within
the same occupations. 

https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
https://academic.oup.com/qje/article-lookup/doi/10.1093/qje/qjae008#supplementary-data
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VI. CONCLUSION 

Much recent empirical work has documented the displace- 
ent of labor from existing job tasks by automation but is 
ostly silent on the countervailing force of labor reinstatement 

ccurring through the creation of new job tasks or categories 
equiring specialized human expertise. Using newly constructed 

easures of the emergence of new work within occupations, as 
ell as flows of innovations that may potentially augment or 
utomate these occupations, we find that the locus of new-work 

reation has shifted from middle-paid production and clerical 
ccupations in the first four decades after World War II, to high- 
aid professional and secondarily low-paid services since 1980. 
e show that new work emerges in response to technological 

nnovations that complement the outputs of occupations and 

emand shocks that raise occupational demand. Conversely, 
nnovations that automate existing job tasks do not yield new 

ork, while adverse occupational demand shifts slow the rate 

f new-work emergence. These flows of augmentation and au- 
omation innovations are positively correlated across occupations 
ut have countervailing effects on labor demand: augmentation 

nnovations boost occupational labor demand while automation 

nnovations erode it. These effects are present in both four-decade 

pochs of our sample and are evident in the manufacturing and 

onmanufacturing sectors. By harnessing shocks to the flow of 
ugmentation and automation innovations spurred by break- 
hrough innovations occurring two decades prior, we establish 

hat the effects of augmentation and automation innovations 
n new-work emergence and occupational labor demand are 

ausal. 
The data, methods, and findings in this article provide 

he foundation for further study of the role of innovation 

nd incentives in automating existing work and catalyzing de- 
ands for novel human expertise and specialization. Some 

ore questions that future research may seek to address 
nclude: 

i. Is automation accelerating relative to augmentation, as 
many researchers and policy makers fear, and have the 

loci of automation and augmentation shifted across oc- 
cupations and skill groups? On the latter question, our 
evidence is clear: automation has intensified in middle- 
skill occupations while augmentation has concentrated in 
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professional, technical, and managerial occupations and
to a lesser extent in personal service occupations. On
the former question the results suggest that in recent
decades the demand-eroding effects of automation inno-
vations have intensified, whereas the demand-increasing
effects of augmentation innovations have slowed. While
the augmentation and automation exposure measures de-
veloped here are too novel to warrant definitive conclu-
sions about acceleration or deceleration over the course
of many decades, the pattern of results across the mar-
gins of both employment and new-work emergence sug-
gest, as in Acemoglu and Restrepo (2019a) , that the past
four decades have seen relatively more automation and
less augmentation than the prior four. 

ii. Is new work more labor-augmenting than ‘more work’?
The finding that augmentation innovations increase oc-
cupational wage bills by boosting both employment and
wages suggests that new work may be more valuable
than more work—plausibly because new work demands
novel expertise and specialization that (initially) com-
mands a scarcity premium. Identifying and quantifying
such premia will require direct observations of job tasks
and earnings of workers engaged in new work, something
that is largely infeasible in our census public-use mi-
crodata. If, as we suspect, new work provides additional
opportunities for skill formation and earnings growth be-
yond more work, then policies that foster new-work cre-
ation may be of particular interest. 

iii. While our evidence establishes that augmentation and
automation move labor demand in countervailing direc-
tions, it does not answer why the locus of innovation has
shifted over time nor—more broadly—how elastic the lo-
cus and pace of augmentation and automation are to in-
centives. Theory has much to say on this topic (Acemoglu
2010 ; Acemoglu and Restrepo 2018 ; Ray and Mookher-
jee 2022 ), but direct measurement is a challenge. The
augmentation and automation innovation measures de-
veloped here, and tools for identifying them, may prove
valuable to this pursuit. 

iv. Will rapid advances in artificial intelligence shift the bal-
ance of innovation toward more rapid automation across
an expanding set of occupational domains? And to the
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degree that AI is not exclusively automating, what novel 
specialties will it catalyze and what skill sets will it 
complement? Early evidence on this question points to 

a broad range of potential effects, but definitive find- 
ings are elusive so far (Brynjolfsson and Mitchell 2017 ; 
Felten, Raj, and Seamans 2019 ; Babina et al. 2020 ; Webb 

2020 ; Acemoglu et al. 2022 ; Autor 2022 ; Brynjolfsson, 
Li, and Raymond 2023 ; Eloundou et al. 2023 ; Noy and 

Zhang 2023 ; Peng et al. 2023 ). AI innovations are how- 
ever well represented in patents (Webb 2020 ), suggest- 
ing that the classification methodology developed here 

may offer insight into AI’s potential for augmentation and 

automation. 
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