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Agenda

1 Tasks, Automation, and the Rise in U.S. Wage Inequality: Acemoglu-Restrepo ’22

2 New Frontiers: The Origins and Content of New Work, 1940–2018 (ACSS ’24)

What is the occupational content of new work?

Where does new work come from?

What does new work do?

3 Conclusions and next steps

4 [Optional self-study] Skill Complementarity of Broadband Internet: Akerman, Gaarder, Mogstad ’15
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Labor share decline: Observed and predicted
1988 D. ACEMOGLU AND P. RESTREPO

FIGURE 3.—Percent decline in industry labor shares (in light gray/blue) and automation-driven labor share
declines (in dark gray/orange), 1987–2016. See text for variable definitions.

in mining, chemical products, petroleum, primary metals, motor vehicles, computers and
electronics, computer services, and legal services. There is also a strong correlation be-
tween the light gray (blue) and the dark gray (orange) bars, indicating that industries with
the largest labor share declines are those that have been at the forefront of automation
technology adoption. Industries most affected by automation are consequently similar to
those listed above and include motor vehicles, primary metals, computers and electronics,
computer services, plastic and rubber products, and legal services.17

Figure 4 illustrates the relationship between automation and industry labor share
changes. Panel A depicts a strong negative association between labor share changes and
adjusted penetration of robots (R2 = 0!18). Panel B shows this association for the com-
bined change in specialized software and dedicated machinery services (R2 = 0!32). Panel
C presents the relationship between observed labor share changes and the predicted la-
bor share decline based on our three proxies of automation, which together account for
45% of the variation in industry labor share changes. Table A-I in the Supplemental Mate-
rial further explores this relationship. It shows that offshoring matters for the labor share
decline as well, but accounts for only 2% of the variation across industries.

Table A-I also confirms that the inclusion of changes in total capital to value added
ratio, sales concentration, markups, import competition, and unionization rates does
not change the correlation between our proxies of automation and industry labor share

17Assumption 2 receives support from industry-level variation as well. Figure B-1 and Table B-2 in Appendix
B-4 document a strong negative association between labor share declines, or its automation-driven component,
and reductions in the demand for routine tasks across industries (measured in one of three ways: total wages
in routine jobs, total hours in routine jobs, or total number of workers in routine jobs).
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Predictors of labor share decline
TASKS, AUTOMATION, AND RISE IN U.S. WAGE INEQUALITY 1989

FIGURE 4.—Relationship between automation technologies and changes in industry labor shares. See text
for variable definitions. The five industries with the highest and the five industries with the lowest changes in
their labor shares are identified in the figures.

changes. In fact, conditional on our proxies of automation, these variables do not have a
sizable or statistically significant effect on industry’s labor shares. Note also that changes
in total capital to value added ratio are a “bad control,” since our proxies of automa-
tion all contribute to the capital stock. Nevertheless, the fact that this variable has no
discernible effect on our results suggests that specialized software, dedicated equipment,
and industrial robots capture types of capital that lead to sizable declines in labor shares,
presumably because they are used for automation, while other forms of capital are not.

3.3. Task Displacement and Wages Across Demographic Groups

We compute (direct) task displacement for our 500 demographic groups using equa-
tion (14). Specialization patterns across industries and routine jobs, the ω terms, are
computed from the 1980 Census—a year that predates major advances in automation
technologies—while −d ln sL"auto

i corresponds to the 1987–2016 change in industry labor
share or its component driven by automation technologies, as described in the previous
subsection.18

Figure 5 presents our two measures of task displacement for the 500 groups of workers.
Panel A shows that these two measures—one computed from changes in the labor share
on the horizontal axis, and the other exploiting the component driven by automation
on the vertical axis—are strongly correlated (R2 = 0#95). This figure also reveals sizable
differences in task displacement across demographic groups, using either measure: some
demographic groups experienced a 25% direct reduction due to automation between 1980
and 2016, while others saw no change in their task shares.

Panel B plots our measure of task displacement based on automation-driven labor share
declines for all groups sorted by their baseline wage in 1980. We see that (direct) task

18We created a consistent mapping of the 49 industries in the BEA data to the Census industry classification.
For each industry, we computed the share of wages earned in routine jobs by a demographic group, using the
definition of routine occupations described in Acemoglu and Autor (2011), where a third of the occupations in
1980 are classified as routine. Further details on the data used are provided in Appendix B-3. If instead we use
data from the 2000 Census, the resulting task displacement measure is very similar (with a rank correlation of
0#93 with our baseline measure), confirming the strong persistence of specialization patterns.
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Setup: The familiar task model

Aggregate production function

Y =

(
1

M

∫
τ

(M · y (x))
λ−1
λ

) λ
λ−1

• Equivalent to setup we’ve been using so far

• Only diff is that elasticity of substitution is λ > 0. If λ = 1, back in Cobb-Douglas case

Task level production function

y (x) = Akψk (x) · k (s) + Σg∈GAg · ψg (x) lg (x)

• Also equivalent to familiar setup

• One type of capital

• G types of labor, each inelastically supplied lg

• ψk (x) and {ψg}g∈G determine comparative advantage

• Task-specific productivity is zero for factors that cannot perform a task

Autor: 14.662 Spring 2026 Skills, tasks, technologies February 25, 2026 (rev 2026/03/01) 5 / 67



Setup: The familiar task model

Capital production function (“roundabout”)

c = y −
∫
τ

(k (x) /q (x)) · dx

• Hence, all factors are ultimately labor (kind of a paradox)

Equilibrium conditions

• Labor endowments L = (l1, l2, ..., lG )

• Wages w = (w1,w , ...,wG )

• Labor allocations lg (x), capital allocation k(x)

1 Allocation of tasks to factors minimizes cost

2 Capital production decisions maximize net output

3 Markets for labor and capital clear
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Group specific exposure to routine task displacement

A-R direct task displacement measure

Task displacementdirectg = Σ
i∈I
ωi
g ·

ωR
gi

ωR
i

·
(
−d ln sL,Autoi

)
• Assumption: Only routine tasks can be automated and, within an industry, different groups of workers

are displaced from their routine tasks at a common rate

• ωi
g is the share of group g workers’ wages earned in industry i (relative to their total earnings). Captures

group g ′s exposure to industry i

• Second term,
ωR
gi

ωR
i

parameterizes the specialization of group g in routine jobs within industry i

• ωR
gi is the share of wages earned in routine jobs in industry i by workers in group g relative to their total

earnings in that industry

• ωR
i is the share of wages earned in routine jobs by all workers in industry i relative to the total wage bill of

the industry

• Third term, −d ln sL,Autoi , is % fall in industry i ′s labor share (estimated to be) due to automation
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How are routine tasks measured?

• A consistent mapping of the 49 industries in the BEA data to Census industry classifications

• For each industry, compute the share of wages earned in routine jobs by a demographic group

• 500 demographic groups:

• 5 education groups

• 2 sexes

• 5 × 10-year age bins {16− 25, 26− 35, 36− 45, 46− 55, 56− 65}
• 5 race groups: White, Black, Hispanic, Asian, Other

• 2 nativities: US-born and foreign-born

• Definition of routine occupations from Acemoglu-Autor ’11 (actually from Autor-Dorn ’13), where

employment-weighted third of occupations in 1980 are classified as routine task-intensive
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(a) Very successful prediction; (b) monotone in education
1990 D. ACEMOGLU AND P. RESTREPO

FIGURE 5.—Direct task displacement measures for the 500 demographic groups in our sample. The left
panel shows a scatter plot between our two task displacement measures. The first, computed from observed
labor share declines, is on the horizontal axis, while the second, computed from automation-driven labor share
declines, is on the vertical axis. The 45◦ degree line is shown in black. The right panel plots our measure of
task displacement computed from automation-driven labor share declines against the baseline hourly wages of
groups in 1980. Marker sizes indicate the share of hours worked by each group and shades of gray (different
colors) indicate education levels. See text for variable definitions.

displacement has been particularly high during this period for groups in the middle of the
wage distribution—thus playing both an unequalizing and a polarizing role.

Figure 6 provides a first glimpse of the association between (direct) task displacement
and real wage changes across demographic groups. The top two panels plot the bivariate
relationship between our two task displacement measures and real wage changes from
1980 to 2016. These plots reveal a strong correlation between task displacement and
changes in real wages, with groups experiencing the highest levels of task displacement
seeing their real wages fall or stagnate. The bottom two panels display a simple falsifica-
tion exercise. They demonstrate that the relationships depicted in the top two panels are
not driven by secular trends adversely affecting some groups and are not present between
1950 and 1980—a period that predates major advances in automation. Rather, all demo-
graphic groups, including those that experienced adverse task displacement after 1980,
enjoyed robust real wage growth, of about 50%, between 1950 and 1980.

Both figures identify different education levels, highlighting that task displacement has
been much higher for workers without a college degree. Consequently, workers without
college have much lower, and in some cases negative, real wage changes. The relationship
between task displacement and real wage changes is not just between education groups,
however: a negative association between changes in wages and task displacement within
education groups is visible from this figure as well.

Table A-II in the Supplemental Material provides descriptive statistics for the 500 de-
mographic groups in our analysis and further corroborates these patterns. For example,
it shows that workers in the top quintile of the (direct) task displacement distribution saw
their real wage decline by 12%, while workers in the least exposed groups enjoyed real
wage growth of about 26%.
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Wage relationships: 1980–2016

TASKS, AUTOMATION, AND RISE IN U.S. WAGE INEQUALITY 1991

FIGURE 6.—Reduced-form relationship between task displacement and changes in real hourly wages. Panel
A plots changes in real hourly wages for 1980–2016 against our task displacement measure computed from
observed labor share declines. The slope of the regression line is −1!6 (standard error = 0.09). Panel B plots
changes in real wages for 1980–2016 against our task displacement measure computed from automation-driven
labor share declines for 1980–2016. The slope of the regression line is −1!65 (standard error = 0.10). Panels
C and D plot pre-trends (changes in real hourly wages for 1950–1980) against our two task displacement
measures for 1980–2016. The slopes of the regression lines in both Panels C and D are −0!28 (standard error =
0.28). Marker sizes indicate the share of hours worked by each group and shades of gray (different colors)
indicate education levels. See text for variable definitions.

4. REDUCED-FORM EVIDENCE OF THE EFFECTS OF TASK DISPLACEMENT

This section presents our main reduced-form results. It highlights how automation-
induced task displacement explains a large fraction of the changes in the U.S. wage struc-
ture between 1980 and 2016.

4.1. Baseline Results

Table I presents our baseline estimates from an empirical analogue of equation (13):

" lnwg = βd · Task displacementdirect
g +βs · Industry shiftersg + αedu(g)

+ γgender(g) + υg! (15)
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Wage relationships, falsification test: 1950–1980

TASKS, AUTOMATION, AND RISE IN U.S. WAGE INEQUALITY 1991

FIGURE 6.—Reduced-form relationship between task displacement and changes in real hourly wages. Panel
A plots changes in real hourly wages for 1980–2016 against our task displacement measure computed from
observed labor share declines. The slope of the regression line is −1!6 (standard error = 0.09). Panel B plots
changes in real wages for 1980–2016 against our task displacement measure computed from automation-driven
labor share declines for 1980–2016. The slope of the regression line is −1!65 (standard error = 0.10). Panels
C and D plot pre-trends (changes in real hourly wages for 1950–1980) against our two task displacement
measures for 1980–2016. The slopes of the regression lines in both Panels C and D are −0!28 (standard error =
0.28). Marker sizes indicate the share of hours worked by each group and shades of gray (different colors)
indicate education levels. See text for variable definitions.

4. REDUCED-FORM EVIDENCE OF THE EFFECTS OF TASK DISPLACEMENT

This section presents our main reduced-form results. It highlights how automation-
induced task displacement explains a large fraction of the changes in the U.S. wage struc-
ture between 1980 and 2016.

4.1. Baseline Results

Table I presents our baseline estimates from an empirical analogue of equation (13):

" lnwg = βd · Task displacementdirect
g +βs · Industry shiftersg + αedu(g)

+ γgender(g) + υg! (15)
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Margins of adjustment to technical change

1 Common productivity effect increases wages (this is the Solow residual or TFP)

2 In the presence of multiple sectors, wages additionally depend on changes in industry composition that

take place in response to technological shifts. Workers’ exposure depends on their industry affiliations

3 Each group g ′s wage depends on its direct task displacement—the automation-induced displacement it

experiences, now summed across all industries

Autor: 14.662 Spring 2026 Skills, tasks, technologies February 25, 2026 (rev 2026/03/01) 12 / 67



Decomposition of wage change components

Acemoglu-Restrepo ’22
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Margins of adjustment to technical change

1 Common productivity effect increases wages (this is the Solow residual or TFP)

2 In the presence of multiple sectors, wages additionally depend on changes in industry composition that

take place in response to technological shifts. Workers’ exposure depends on their industry affiliations

3 Each group g ′s wage depends on its direct task displacement—the automation-induced displacement it

experiences, now summed across all industries

4 ‘Ripple’ effects determine propagation of displacement effects
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Automation, Capital Deepening, and Ripple Effects
1982 D. ACEMOGLU AND P. RESTREPO

FIGURE 2.—The direct effects of technology and ripple effects. The left panel shows the effects of an in-
crease of d ln!deep

g in the productivity of group g in tasks in Tg . The right panel depicts the effects of automation
technologies that reduce the task share of worker g by d ln!auto

g .

productivity is high enough and the cost of capital is low enough that all tasks in the set
S = {x : ψk(x) > 0}, where capital has positive productivity, will be allocated to capital,
that is, Tk = S (see Appendix B-1 for details and a derivation of these thresholds).

The next proposition characterizes the implications of these technologies for wages,
TFP, and output in terms of their direct effects on task shares and cost savings from au-
tomation.

PROPOSITION 2—Technology Comparative Statics: Consider a change in technology
(such as factor-augmenting, productivity-deepening, and automation). The impact on real
wages, TFP, output, and the capital share are

d lnwg = 1
λ
d ln y + λ− 1

λ
d ln Ãg − 1

λ
d ln!auto

g $ (6)

d ln y = 1
1 − sK

·
(
d ln tfp + sK · d ln sK

)
$ (7)

d ln tfp =
∑

g∈G

sLg · d ln Ãg + sK · d ln Ãk +
∑

g∈G

sLg · d ln!auto
g ·πg$ (8)

d ln sK = (λ− 1) · d ln Ãk + 1
sK

·
∑

g∈G

sLg · d ln!auto
g ·

(
1 + (λ− 1) ·πg

)
$ $ (9)

where d ln Ãg = d lnAg + d ln!deep
g , d ln Ãk = d lnAk + d ln!deep

k , and sLg = wg · &g/y is the
share of group g in GDP.

Let us first consider factor-augmenting and productivity-deepening technologies that
make workers (or capital) more productive at their current tasks. With no ripple effects,
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Decomposition of wage change components: Adding ripple effects

Q: Why do ripple effects make the slope shallower?2012 D. ACEMOGLU AND P. RESTREPO

FIGURE 7.—Contribution of productivity effects, industry shifts, direct displacement effects, and ripple ef-
fects to the predicted change in hourly wages, 1980–2016. Marker sizes indicate the share of hours worked by
each group and shades of gray (different colors) indicate education levels. See text for variable definitions.

1980 population, experienced real wage declines). This result highlights how automation
can generate meaningful real wage declines, which contrasts with the canonical SBTC
model, where technological progress is predicted to increase the real wages of all groups.
Second, in general equilibrium, task displacement generates a 21% increase in the college
premium (80% of the observed increase) and a 22% increase in the post-graduate pre-
mium (55% of the observed increase). Finally, task displacement alone closes the gender
gap by about 2%. Interestingly, in all these cases, the direct effects of task displacement
are dampened once we account for ripple effects. For example, the direct effect of au-
tomation is to reduce the gender gap by 6%, but because displaced men compete for
tasks previously performed by women, in general equilibrium the gender premium de-
clines only by 2%.

Despite matching several salient aspects of the changes in the U.S. wage structure, our
model misses a significant portion of wage growth for highly-educated workers at the top
of the wage distribution. This may reflect the complementarity between some of the new
technologies and post-graduate workers or other forces, such as winner-take-all dynamics
in some high-skill professions, which are both absent from our model.

The second panel of Table VIII turns to the model’s implications for aggregates. De-
spite the large distributional effects documented above, task displacement generates only
a cumulative 3.4% TFP gain over 1980–2016, and this is the reason why average real
wages are predicted to grow slowly (only by 5.2%) and many groups experience real wage
declines. This small TFP increase is intuitive in light of the characterization in Proposi-
tion 4: TFP gains from automation can be approximated as the product of the share in
GDP of displaced tasks (

∑
g

∑
i s

L
gi · d ln!auto

gi ), which is approximately 10%, and average
cost reductions of 30%, thus yielding a 0"1 × 0"3 ≈ 3% increase in TFP. In contrast to this
small automation-induced increase in productivity, in the data TFP grew by 35% during
this period, and average real wages rose by 29% (though two thirds of the latter is due to
educational upgrading of the workforce, which is not present in our model). These num-
bers confirm that there were other technological advances—such as factor-augmenting
and productivity-deepening technologies, industry TFP, or even new tasks—contributing
to GDP, wage growth, and productivity between 1980 and 2016. However, the congru-
ence between the model-implied changes in wage structure and the data suggests that
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Actual versus predicted wage changes
TASKS, AUTOMATION, AND RISE IN U.S. WAGE INEQUALITY 2013

FIGURE 8.—Observed wage changes (vertical axis) versus predicted wage changes in general equilibrium
due to automation (horizontal axis). the 45◦ line is shown in black. Marker sizes indicate the share of hours
worked by each group and shades of gray (different colors) indicate education levels. See text for variable
definitions.

these other technological changes had small effects on inequality, except possibly at the
top of the wage distribution. Finally, task displacement due to automation accounts for
the observed decline in the labor share (by construction) and the observed increase in the
capital-GDP ratio over this period. This last finding implies that the amount of investment
accompanying automation in our model is in the ballpark of the data.

The third panel of Table VIII summarizes the industry implications of task displace-
ment. In line with the modest TFP gains estimated above, we see that task displacement
generates small changes in industry composition and accounts for only 0.5 of the 8.8 per-
centage point decline in the share of manufacturing in GDP. Despite its small impact on
industry composition, task displacement within manufacturing generates a large, 13%,
reduction in the wage bill of that sector, accounting for a third of the decline in manufac-
turing labor demand for 1980–2016.

6. CONCLUDING REMARKS

This paper argued that a significant portion of the rise in U.S. wage inequality over the
last four decades has been driven by automation (and to a lesser extent offshoring), which
displaces certain worker groups from employment opportunities for which they had com-
parative advantage. To develop this point, we proposed a conceptual framework where
tasks are allocated to different types of labor and capital, and automation technologies ex-
pand the set of tasks performed by capital at the expense of workers previously employed
in these tasks. We derived a simple equation linking wage changes of a demographic group
to the task displacement it experiences.

Our reduced-form evidence is based on estimating this equation and reveals a num-
ber of striking new facts. Most notably, we documented that 50–70% of the changes in
the U.S. wage structure between 1980 and 2016 are accounted for by the relative wage
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Some follow-up questions

1 Results imply very strong comparative advantage diffs across narrow demographic groups – plausible?

2 Many of the demo groups that fared badly are much less numerous than they used to be

3 Do results differ by gender – and if so, how and why?

4 Does this work too well?
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Agenda

1 Tasks, Automation, and the Rise in U.S. Wage Inequality: Acemoglu-Restrepo ’22

2 New Frontiers: The Origins and Content of New Work, 1940–2018 (ACSS ’24)

What is the occupational content of new work?

Where does new work come from?

What does new work do?

3 Conclusions and next steps

4 [Optional self-study] Skill Complementarity of Broadband Internet: Akerman, Gaarder, Mogstad ’15
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Objectives: Analyzing new work

1 What is the content of new work? Measure over eight decades, 1940–2018

2 Where does new work come from? Explore its technological and economic origins

3 What does new work do? Analyze its relationship to labor demand
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Conceptual model
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Summary of conceptual model

A two-sector task model of labor demand, with two types of technical change

• Two types of labor, H and L, inelastically supplied
• Labor flows freely across sectors (law of one price for skills)

• Two types of capital, KS and KU , inelastically supplied
• Capital is sector-specific, does not flow across sectors

• Two sectors: H and L intensive, producing YS and YU

• Each sector produces a distinct good, using a CES production function

• Uses high skill labor, low skill labor, and capital.

• The S sector is more skill-intensive than the U sector

• A unit mass of tasks in each sector, with different skill intensities

• Outputs of both sectors combined Cobb-Douglas to form a unique final good, Y

Autor: 14.662 Spring 2026 Skills, tasks, technologies February 25, 2026 (rev 2026/03/01) 22 / 67



Summary of conceptual model continued

A two-sector task model of labor demand, with two types of technical change

• Endogenous technological responses in each sector

• Automation & new task creation can occur in each sector, w/different effects on labor demand

• Demand shift favoring either sector spurs new task creation in that sector

• Capital scarcity in each sector spurs automation in that sector

• Positive sectoral demand shocks cause more new task creation than automation b/c labor flows across
sectors, capital does not

• Sectoral demand shocks raise price of capital relative to labor, induces labor-using new task creation

Autor: 14.662 Spring 2026 Skills, tasks, technologies February 25, 2026 (rev 2026/03/01) 23 / 67



Main testable hypotheses (informally)

1 Augmentation creates new tasks; Automation does not

• Augmentation complements labor’s outputs, demands specialization, new expertise

• Conversely, automation substitutes labor’s inputs, doesn’t generate labor-using tasks

2 New task creation responds elastically to demand shocks

• Outward shifts in occupational demand accelerate emergence of new tasks

• Inward shifts in occupational demand slow emergence of new tasks

3 Augmentation & automation occur in same occs—with opposing employment effects

• New task creation → Increases employment and wagebill

• Task automation → Decreases employment and wagebill
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Identify new titles using Census coding volumes, 1940–2018

Census/ACS

Patent 

Corpus 

Augmentation Exposure Measure

(By Ind X Occ)

Automation Exposure Measure

(By Occ)

Employment and Wages

(By Ind X Occ)

Decennial Census Alphabetical 
Index (CAI)


Decennial Census Alphabetical 
Index (CAI)


Dictionary of Occupational Titles 
(DOT)


New Title Measure

(By Occ)

New Titles Augmentation Patents Automation Patents
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Census Alphabetical Index (CAIO) of Occupations and Industries 1940–2018

• Detailed lists of occupation titles (15K–30K) and

industry titles (10K–20K) in each decade

• Each title classified to a Census occupation or Census

industry

• Intended as coding aide for occupation and industry
write-ins

• Comprehensive list of specific industries and
occupations [...] continuously updated through
review of census and survey questionnaires’

• We use CAIO volumes 1940, 1950, 1960, 1970, 1980,

1990, 2000, 2010, 2018
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Example of Index of Occupation (CAIO) entries, 1990

Examples of job titles
• Artificial-limb fitter
• Brain-wave technician
• Extracorporeal-circulation

specialist
• Ocular-care technician
• Surgical-brace maker

∼30,000 titles per edition

Each title is classified
to a Census occupation

Identify new titles by
comparing successive
CAIO editions
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What is new work? Example job titles captured by U.S. Census, 1940–2018

New job titles added to Census Index of Occupations

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
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Google Ngram Viewer data: Census captures new titles as they popularize
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Quantifying new work

• Quantifying the flow of new titles (‘new work’)

1 Flow of newtitlesjt by Census occupation during a decade (e.g., 1940 – 1950)

2 or new title share
newtitlesjt
alltitlesjt

, equals the flow of new titles over stock of titles within Census occupation during

a decade

• Do not use cardinal properties of measure in primary analysis

• Studying predictors of new title flows by occupation × decade

• When analyzing employment/wage outcomes, treat new titles as an intermediating variable, not a cause
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Majority of jobs done in 2018 not yet ‘invented’ as of 1940
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New work polarizes relative to pre-existing work between 1980 and 2018

Occupational locus of new vs. pre-existing work by education and era
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Using patent texts to measure augmenting and automating innovations

Census/ACS

Patent 

Corpus 

Innovation Exposure Measure

(By Ind X Occ)

Automation Exposure Measure

(By Occ)

Employment and Wages

(By Ind X Occ)

Decennial Census Alphabetical 
Index (CAI)


Decennial Census Alphabetical 
Index (CAI)


Dictionary of Occupational Titles 
(DOT)


New Title Measure

(By Occ)
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Health Technologists & Technicians: Outputs vs. Inputs (automation)

Census Index of Occupations, 1990 Dictionary of Occupational Titles, 1939, ’77
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Linking Augmentation & Automation technologies to occupations
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Automation and augmentation co-occur in many occupations, 1940–1980

Telegraph operators

Elevator operatorsConductors, railroad, bus & street railway

Compositors and typesetters

Clergymen

Professors and instructors

Designers

Surveyors

Civil and aeronautical engineers

Mechanical engineers

Buyers and dept heads, store

Bookkeepers

Office machine operators

0
20

40
60

80
10

0
Au

gm
en

ta
tio

n 
Pa

te
nt

s 
Ex

po
su

re
 (p

er
ce

nt
ile

s)

0 20 40 60 80 100
Automation Patents Exposure (percentiles)

Autor: 14.662 Spring 2026 Skills, tasks, technologies February 25, 2026 (rev 2026/03/01) 37 / 67



Automation and augmentation co-occur in many occupations, 1980–2018
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Do augmentation and automation have distinct relationships with new titles?

The hypothesis

• New titles emerge in augmentation-exposed occupations

• New titles do not (differentially) emerge in automation-exposed occupations

Testing the hypothesis

• Outcome variable: Emergence rate of new titles in an occupation in each decade, 1940 – 2018

• Explanatory variables: Flows of augmentation & automation patents linked to that occupation in each

decade, 1940 – 2018

Prediction

• The flow of augmentation patents predicts new title emergence in each decade

• the flow of automation patents does not
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Do augmentation and automation have distinct relationships with new titles?

Relating augmentation and automation to new occupation titles, 1940–2018

ln (E [newtitlesjt ]) = β1AugXjt + β2AutXjt + β3
Ej,t−1∑
j Ej,t−1

+ Dt (+DJt)

• newtitlesjt : Occupational new title count

• AugXjt : Occupational exposure to augmentation, log patent count

• AutXjt : Occupational exposure to automation, log patent count

• Controls: Occupational employment shares, and fixed effects, where J indexes 12 broad occupation

groups
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New titles emerge in augmentation-exposed occupations

Dependent Variable: Occupational New Title Count, 1940–2018

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

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)

N 1,535 1,535 1,535 1,535 1,535

Occ Emp Shares X X X X X

Time FE X X X

Broad Occ × Time FE X X

Negative binomial models, coefficients multiplied by 100. Twelve broad occupations are defined consistently across all decades. Standard errors clustered by
occupation × 40-year period in parentheses. Observations 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 < 0.10, ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.
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New job titles emerge in occupations experiencing technological augmentation

Newtitlesjt = β1AugXjt + β2 (Ejt/ΣjEjt) + Dt + εjt
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Do occupational demand shifts spur/retard new job type creation?

Relating new title emergence in consistent occupation cells to occupational exposure to changes in

industry demands, 1980/90–2018

lnE [newtitlesjt ] = β1DemandXk
jt + Dt + γZjt

• newtitlesjt : Occupational new title count

• DemandXk
jt =

∑
i

Eij,t−1

Ej,t−1
×∆demandk

it

• Eij,t−1

Ej,t−1
: share of occupation j ’s employment in industry i at start of decade (t − 1)

• ∆demandkit : industry i ’s predicted change in demand due to:
• ∆ industry imports from China to developed countries other than the US; or

• ∆ pop age structure × age-specific commodity demands

• Zjt : Controls, including occupational employment shares, manufacturing employment shares, and

exposure to augmentation.
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Occupational exposure to China-U.S. trade shock: It’s not just production occs
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Less new title creation in occupations exposed to import competition

Dependent Variable: Occupational New Title Count

Years 2000 & 2018 Years 1980 & 1990 (Placebo Test)

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

Import Exposure −15.44** −12.13* −17.49*** −17.73*** 3.95 11.77 −2.99 −1.76

(5.23) (5.53) (5.13) (5.17) (20.40) (20.47) (13.24) (12.53)

Augmentation Exposure 7.94+ 9.38** 8.32** 19.57*** 20.00*** 20.60***

(4.60) (3.00) (2.91) (3.15) (1.77) (1.92)

N 610 610 610 610 588 588 588 588

Time FE X X X X X X X X

Occ Emp Shares X X X X X X X X

Ind Exposure Control X X X X X X X X

Broad Occ FE X X X X X X

∆ Occ Emp Shares X X

Negative binomial models, coefficients multiplied by 100. Standard errors clustered by occupation in parentheses. Observations 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 < 0.10, ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.
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Correlation: Where new titles emerge 1940–1980, employment grows
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Correlation equally strong in 1980–2018, driven by different occupations
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Does augmentation expand employment—and does automation erode it?

The hypothesis

• Occupations exposed to augmentation technologies see rising employment

• Occupations exposed to automation technologies see falling employment

Testing the hypothesis

• Outcome variable: Growth in occupation’s employment, 1940–1980 & 1980–2018

• Explanatory variable 1: Flow of augmentation patents linked to occupation

• Explanatory variable 2: Flow of automation patents linked to occupation

Prediction

• Occupations that are augmented grow; those that are automated contract

• A strenuous test: Most occupations are exposed to both simultaneously
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Augmentation vs. automation: Opposite impacts on employment growth?

Predict employment growth within 3-digit ind-occ cells, 1940–1980 & 1980–2018

∆Eij = β1AugXij + β2AutXj + Di (+DJ) + εij

• ∆Eij : Log employment change by consistent Census occupation j and industry i , long differences over

1940–1980 and 1980–2018

• AugXij : Augmentation exposure

• AutXj : Automation exposure

• Controls: Fixed effects, where J indexes 12 broad occupation groups.

Builds on Kogan et al ’19, Webb ’20, but with key addition: Augmentation
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1940-2018 (OLS & IV): Emp grows with augmentation, shrinks with automation

Dependent Variable: Decadalized Log Employment Change in Occ-Ind Cells, Stacked Long-Difference

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

OLS

Augmentation Exposure 0.82*** 1.18*** 1.51*** 1.36***

(0.21) (0.21) (0.21) (0.22)

Automation Exposure −1.82*** −0.61 −2.27*** −1.00*

(0.27) (0.40) (0.27) (0.40)

R2 0.52 0.57 0.53 0.56 0.53 0.57

2SLS

Augmentation Exposure 2.73** 2.78** 4.34*** 3.60***

(0.92) (0.94) (0.93) (0.96)

Automation Exposure −3.24*** −3.94*** −4.02*** −4.21***

(0.63) (0.91) (0.62) (0.93)

F-stat (Aug) 259.30 262.57 127.90 150.59

F-stat (Aut) 327.80 292.63 202.73 145.03

Ind × Time FE X X X X X X

Broad Occ × Time FE X X X

N = 33,900 changes in employment and wagebill in consistently defined Census occupations over 1940–1980 and 1980–2018. Dependent variable is decadalized and multiplied by 100 so that

growth rates are expressed in per-decade percentage points. +p < 0.10, ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.
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Employment growth in industry-occupation cells, 1940–1980
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Employment growth in industry-occupation cells, 1980–2018
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1940-2018 (OLS & IV): Impacts both inside & outside of manufacturing

100 × Decadalized 100 × Decadalized

∆Ln(Employment) ∆Ln(Adjusted Wagebill)

Non-Manuf Manuf Non-Manuf Manuf

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

OLS

Augmentation Exposure 1.58*** 1.16*** 1.74*** 1.11***

(0.25) (0.32) (0.29) (0.32)

Automation Exposure −2.65*** −1.01** −2.64*** −1.32***

(0.33) (0.37) (0.35) (0.37)

R2 0.52 0.55 0.51 0.52

2SLS

Augmentation Exposure 4.04*** 4.57** 4.90*** 4.77**

(1.10) (1.77) (1.21) (1.76)

Automation Exposure −3.68*** −6.10*** −3.30*** −6.46***

(0.70) (1.10) (0.74) (1.11)

F-stat (Aug) 90.41 79.05 90.41 79.05

F-stat (Aut) 155.31 58.28 155.31 58.28

Ind × Time FE X X X X

N 21,795 12,105 21,795 12,105

Changes in employment and wagebill in consistently defined Census occupations over 1940–1980 and 1980–2018. Standard errors clustered by industry-occupation cell in parentheses. +p < 0.10,

∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.
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Recap

1 The content of new work

• More than 60% of 2018 employment in job titles that didn’t exist in 1940

• Locus of new job title creation polarized after 1980
• 1940-80 – Flow of new work largely reflects stock of pre-existing work
• 1980-18 – Non-college low-paid personal svc occs, College prof and mgmt occs

2 Where new work comes from

• Augmentation and demand shocks both shape where new work emerges
• Augmentation patents generate ‘new work’ (new titles) but automation patents do not
• New title flows respond elastically to inward/outward demand shocks

3 What new work does

• Task displacement and new task creation occur simultaneously, yet...
• Augmentation expands occupational employment and wagebills
• Automation erodes occupational employment and wagebills
• Labor displacement from automation appears to have accelerated since 1980

4 What’s needed next on this agenda?
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Agenda

1 Tasks, Automation, and the Rise in U.S. Wage Inequality: Acemoglu-Restrepo ’22

2 New Frontiers: The Origins and Content of New Work, 1940–2018 (ACSS ’24)

What is the occupational content of new work?

Where does new work come from?

What does new work do?

3 Conclusions and next steps

4 [Optional self-study] Skill Complementarity of Broadband Internet: Akerman, Gaarder, Mogstad ’15
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Conclusions and next steps

Robert Solow ’57 (1924-2023) established the central role of tech ∆ in economic growth

• But economists over-learned Solow’s lesson (though Solow did not)

• Growth is good, but consequences are potentially nuanced, not necessarily Pareto-improving

• This was long understood re international trade, only recently widely recognized re tech ∆

Some fairly urgent questions

1 Do we have too much or too little automation?

2 Do we have enough ‘new tasks’–and are these even needed?

3 What shapes labor and skill complementarity/substitution attributes of new work?

4 Has automation accelerated relative to augmentation/reinstatement? And if so, why?

5 How will AI change these answers?

These questions did not seem as urgent a decade ago
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Agenda

1 Tasks, Automation, and the Rise in U.S. Wage Inequality: Acemoglu-Restrepo ’22

2 New Frontiers: The Origins and Content of New Work, 1940–2018 (ACSS ’24)

What is the occupational content of new work?

Where does new work come from?

What does new work do?

3 Conclusions and next steps

4 [Optional self-study] Skill Complementarity of Broadband Internet: Akerman, Gaarder, Mogstad ’15
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The skill complementarity of broadband Internet:

Rollout of broadband Internet in Norway, 2001 – 2005
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[.75,1]
No data

2001 2003 2005

FIGURE I

Geographical Distribution of Broadband Availability Rates

The graphs show the geographical distribution of broadband availability rates of households in 2001, 2003, and 2005.
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Estimated effect of broadband availability on wages and employment by skill level

By comparison, hourly wages increase throughout our sample
period. In 2007, our estimates suggest the wages are (0.6 percent
lower) 1.8 percent higher for (un)skilled workers than they would
have been in the absence of the broadband expansion. Online
Appendix Figure B.3 complements by comparing the actual and
counterfactual time trends in relative wage bills (i.e., the skilled
wage bill divided by the unskilled wage bill). To compute the
trends in relative wage bills, we combine the predicted effects
on wages and employment. We find that the expansion of

TABLE III

INTENTION-TO-TREAT EFFECTS ON WAGES AND EMPLOYMENT

(1) (2) (3) (4)
Dependent variable Log hourly wage Employment

2 skills 3 skills 2 skills 3 skills

Unskilled 2.939*** 0.691***
(0.00455) (0.00262)

Low skilled 2.905*** 0.664***
(0.00431) (0.00231)

Medium skilled 2.977*** 0.731***
(0.00454) (0.00288)

Skilled 3.169*** 3.171*** 0.734*** 0.737***
(0.00420) (0.00407) (0.00480) (0.00477)

Availability !
Unskilled "0.00622 0.000794

(0.00455) (0.00252)
Low skilled "0.0108*** "0.00392

(0.00325) (0.00244)
Medium skilled "0.00793 0.00388

(0.00600) (0.00281)
Skilled 0.0178** 0.0202*** 0.0208** 0.0225**

(0.00720) (0.00692) (0.00920) (0.00892)
Worker-year observations 8,759,388 8,759,388 20,327,515 20,327,515

p-values
Test for no skill bias .000 .000 .012 .001

Notes. * p< .10, ** p< .05, *** p< .01. Estimates are based on the model in equation (1), using
worker-year observations over the period 2001–2007. Columns (1) and (2) consider the sample of workers
aged 18–67 who are recorded in the wage statistics survey; the dependent variable is the log hourly wage
in a given year. Columns (3) and (4) consider the entire population of individuals between the ages of 18
and 67; the dependent variable is an employment dummy, taking the value of 1 if the individual is
employed in a given year. (Un)Skilled comprises workers with(out) a college degree. Low skilled comprises
individuals without high school diploma, and medium skilled consists of high school graduates (without a
college degree). All regressions include fixed effects for year, municipality, and industry and controls for
gender, years of experience, and years of experience squared. The standard errors are clustered at the
municipality level and robust to heteroskedasticity. We report p-values from two-sided tests of the null
hypothesis that the coefficient on availability ! log skilled is equal to the coefficient on availability! log
unskilled (or availability ! log low skilled).
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Estimated effect of broadband availability on evolution of high-skill wages

(a) Log hourly wages
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FIGURE III

Actual and Counterfactual Trends in Labor Market Outcomes

Solid line = actual outcome. Dashed line = counterfactual outcome in the ab-
sence of broadband internet expansion. A counterfactual outcome is measured as
the actual outcome minus the predicted effect of broadband availability on the
outcome. For comparability, in each graph the vertical axis covers four standard
deviations of the labor market outcome across municipalities and years.
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Estimated effect of broadband availability on evolution of low-skill wages

(a) Log hourly wages
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FIGURE III

Actual and Counterfactual Trends in Labor Market Outcomes

Solid line = actual outcome. Dashed line = counterfactual outcome in the ab-
sence of broadband internet expansion. A counterfactual outcome is measured as
the actual outcome minus the predicted effect of broadband availability on the
outcome. For comparability, in each graph the vertical axis covers four standard
deviations of the labor market outcome across municipalities and years.
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Estimated effect of broadband availability on log value-added by skill group

availability of broadband internet. This prediction incorporates
both the change in the intercept and the shifts in the output elas-
ticities of capital, unskilled labor, and skilled labor. As such, it
tells us the extent to which increased availability of broadband
raises firm productivity, that is, how much more output the firm

TABLE IV

INTENTION-TO-TREAT EFFECTS ON OUTPUT ELASTICITIES

(1) (2)
Dependent variable Log value added

2 skills 3 skills

Intercept 3.880*** 4.537***
(0.0965) (0.0791)

Log capital 0.100*** 0.0981***
(0.00495) (0.00490)

Log unskilled 0.576***
(0.0116)

Log low skilled 0.298***
(0.00804)

Log medium skilled 0.265***
(0.00684)

Log skilled 0.136*** 0.134***
(0.00678) (0.00636)

Availability !
Intercept "0.500*** "0.561***

(0.111) (0.0976)
Log capital "0.00169 0.000188

(0.00750) (0.00661)
Log unskilled "0.0226

(0.0234)
Log low skilled "0.0274***

(0.00934)
Log medium skilled 0.0179*

(0.00967)
Log skilled 0.0755*** 0.0645***

(0.0166) (0.0137)
Firm-year observations 149,676 137,498

p-values
Test for no skill bias .012 .000

Notes. * p< .10, ** p< .05, *** p< .01. Estimates are based on the model in equation (1), using the
population of joint-stock firms over the period 2001–2007. The dependent variable is the log value added
in a given year. (Un)Skilled comprises workers with(out) a college degree. Low skilled comprises individ-
uals without high school diploma and medium skilled consists of high school graduates (without a college
degree). All regressions include fixed effects for year, municipality, and industry. The standard errors are
clustered at the municipality level and robust to heteroskedasticity. The hypothesis tests report p-values
from two-sided tests of the null hypothesis that the coefficient on availability! log skilled is equal to the
coefficient on availability! log unskilled (or availability! log low skilled).
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Estimated effect of broadband on output elasticity of high-skill labor

(a) Output elasticity: Skilled labor
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(b) Output elasticity: Unskilled labor
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FIGURE II

Output Elasticities and Skill Premiums, Before and After the Largest Increase
in Availability Rates (Period 0)

Period 0 represents the year with the strongest growth in availability rates
in a given municipality. In each period, we estimate Cobb-Douglas production
functions and wage regressions. Graphs (a) and (b) report period-specific OLS
estimates of the output elasticity of skilled and unskilled labor. Graph (c) re-
ports period-specific OLS estimates of log hourly wage on a dummy for skilled
and controls for gender and potential experience.
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Estimated effect of broadband on output elasticity of low-skill labor

(a) Output elasticity: Skilled labor

0
.2

.4
.6

.8
1

Av
ail

ab
ilit

y r
ate

.14
.16

.18
.2

.22
.24

Co
eff

ici
en

t o
n s

kil
led

 w
ag

e b
ills

−3 −2 −1 0 1 2 3
Year relative to period with largest increase in availability rates

Output elasticity of skilled workers
Availability rate

(b) Output elasticity: Unskilled labor
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FIGURE II

Output Elasticities and Skill Premiums, Before and After the Largest Increase
in Availability Rates (Period 0)

Period 0 represents the year with the strongest growth in availability rates
in a given municipality. In each period, we estimate Cobb-Douglas production
functions and wage regressions. Graphs (a) and (b) report period-specific OLS
estimates of the output elasticity of skilled and unskilled labor. Graph (c) re-
ports period-specific OLS estimates of log hourly wage on a dummy for skilled
and controls for gender and potential experience.
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Estimated effect of broadband availability on task-wage premiums

intensity. Importantly, columns (2) and (3) show the estimates
are quite similar when we control for skill levels and their inter-
action with broadband availability.

Taken together, the results presented in Online Appendix
Table B.14 and Table VIII suggest an important mechanism
behind the skill bias of broadband internet is that it complements

TABLE VIII

WAGE REGRESSIONS WITH INTERACTIONS BETWEEN TASKS AND BROADBAND AVAILABILITY

(1) (2) (3)
Dependent variable Log hourly wage

Skill categories

2 skill
levels

3 skill
levels

Abstract 0.371*** 0.283*** 0.272***
(0.0142) (0.0139) (0.0140)

Routine !0.0641*** !0.0664*** !0.0700***
(0.00653) (0.00573) (0.00577)

Manual 0.0248*** 0.0156** 0.0138*
(0.00791) (0.00769) (0.00740)

Availability"Abstract 0.173*** 0.157*** 0.157***
(0.0320) (0.0298) (0.0297)

Availability"Routine !0.0357*** !0.0344*** !0.0338***
(0.00798) (0.00766) (0.00791)

Availability"Manual 0.00200 0.00145 0.00273
(0.0115) (0.0107) (0.0104)

Worker-year observations 4,586,333 4,586,333 4,586,333
Controlling for educational attainment:

Skill levels No Yes Yes
Availability"Skill levels No Yes Yes

Tests for no task bias: p-values
Equality of abstract and routine .000 .000 .000
Equality of abstract and manual .000 .000 .000
Equality of manual and routine .041 .040 .036

Notes. * p< .10, ** p< .05, *** p< .01. We consider workers aged 18–67 over the period 2001–2007
who are recorded in the wage statistics survey and for which we observe occupation codes at the four-digit
level. The occupation codes are linked with measures of task intensity from the Dictionary of Occupational
Title (DOT), as reported by Autor and Dorn (2013). Following Autor, Levy, and Murnane (2003), we
convert the DOT measures into percentiles of the task distribution. Column (1) presents results from a
regression of worker-year observations of log hourly wages on task intensities and their interaction with
broadband availability in the local labor market. Column (2) adds indicator variables for two levels of skill
and their interaction with broadband availability. Column (3) includes indicator variables for three levels
of skills and their interaction with broadband availability. (Un)Skilled comprises workers with(out) a
college degree. Low skilled comprises individuals without high school diploma and medium skilled consists
of high school graduates (without a college degree). All regressions include fixed effects for year, munici-
pality, and industry and controls for gender, years of experience, and years of experience squared. The
standard errors are clustered at the municipality level and robust to heteroskedasticity. We report p-
values from two-sided tests of the null hypothesis that the coefficients on the interaction variables of the
different task intensities are equal.
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