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wage inequality. We also propose a methodology for evaluating the full general equilibrium
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methodology explains how major changes in wage inequality can go hand-in-hand with modest
productivity gains.
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1 INTRODUCTION

Wage and earnings inequality have risen sharply in the US and other industrialized economies
over the last four decades.! Figure 1 depicts some salient aspects of US developments: while the
real wages of workers with a post-graduate degree rose, the real wages of low-education workers
declined significantly. The real earnings of men without a high-school degree are now 15% lower
than they were in 1980.
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FIGURE 1: Cumulative growth of real wages by gender and education (from Autor, 2019)

The most popular explanation for these changes is based on skill-biased technological change
(SBTC).2 According to this framework, the demand for different types of workers comes from
an aggregate production function of the form F(AyH, ArL), where H and L are employment
levels of high-skill and low-skill workers, and Ay and Ay represent technologies (or equipment)
augmenting these two types of workers. SBTC corresponds to technology becoming more favorable
to high-skill workers (e.g., a greater increase in Ay than in Ay, provided that F' has an elasticity
of substitution greater than one). One of the most powerful pieces of evidence offered in favor of
SBTC in the 1990s was that increases in the demand for skills were pervasive across industries.
This evidence also motivated the interpretation that industry-level differences in technology played
a limited role in the transformation of US wage structure.

This paper proposes an alternative approach for thinking about wage inequality. We argue
that much of the changes in US wage structure are driven by the automation of tasks previously
performed by certain types of workers in some industries (e.g., numerically-controlled machinery or
industrial robots replacing blue-collar workers in manufacturing or specialized software replacing

clerical workers). Workers who are not displaced from the tasks in which they have a comparative

'See Acemoglu and Autor (2011), Goldin and Katz (2008), and Autor (2019) for overviews.

2The literature has also recognized the role played by changes in labor market institutions (especially declining
minimum wages and unionization) and globalization. See, for example, DiNardo, Fortin and Lemieux (1996).

3More precisely, the within-industry component of skill upgrading was much larger than the between-component,
representing the change in employment in high-skill relative to low-skill industries (see, for example, Bound and
Johnson, 1992; Berman, Bound and Griliches, 1994; Berman, Bound and Machin, 1998).



advantage, such as those with a postgraduate degree or women with a college degree, enjoyed
real wage gains, while those, including low-education men, who used to specialize in tasks and

industries undergoing rapid automation, experienced stagnant or declining real wages.

A. Role of specialization across industries B. Accounting for relative specialization in routine jobs
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FIGURE 2: Relationship between change in real wages and a demographic group’s exposure to industries with
declining labor share (left panel) and exposure to routine jobs in industries with declining labor share (right panel).
The dots in the figures represents 500 demographic groups, with their size indicating their share of hours worked.

Figure 2 provides motivating evidence for our explanation by revisiting the role of industry
and declining labor shares—a telltale sign of automation—in US wage inequality. The left panel
documents that worker groups (defined by 500 cells distinguished by gender, age, education, race,
and native/immigrant status) that specialized in 1980 in industries that experienced subsequent
labor share declines saw their relative wages fall between 1980 and 2016. In contrast to an
expectation based on the previous literature, this variation accounts for 40% of the changes in the
wage structure between these groups. The right panel shows that this relationship is driven by
worker groups who specialized in routine tasks—those that are easier to automate given existing
technologies—within those industries. The task displacement measure in the right panel, which
in addition incorporates information on whether a group specializes in routine tasks in industries
with declining labor share, explains 67% of the changes in the wage structure (while the residual
explanatory power of the variable used on the left falls to 10%). Put simply, a large share of the
changes in the US wage structure during the last four decades are accounted for by the relative
wage declines of workers that specialized in routine tasks at industries that experienced labor
share declines. We will see that the same pattern holds when we focus on the component of the
labor share decline driven by automation technologies.

Our framework clarifies why worker groups that specialize in tasks being automated will

bear the brunt of these changes and will suffer relative and potentially absolute wage declines.

4This variable is defined for each group as the sum over industries of their 1980 share of employment in an industry
times that industry’s subsequent labor share decline. The exact construction of the right-hand side variables used
in this figure and our data sources are described in Section 3.



To explain these facts, we start with a model of production in which each industry performs a
range of tasks, some of which can be automated, and we identify these with “routine” tasks.
There are several groups of workers, each with a different comparative advantage across tasks and
industries. While we allow technology to directly complement/augment different types of workers,
the innovation of our model is to allow for automation technologies that increase the productivity
of capital in certain routine tasks that used to be produced by workers.?

Our framework delivers three key results. First, and in contrast to models of SBTC with
factor-augmenting technologies, in our framework automation can have a negative effect on work-
ers who are displaced from tasks they used to perform, and such changes can take place with
limited increases in total factor productivity (TFP). Hence, real wage declines and slow produc-
tivity growth despite rapid automation are not puzzles within this framework. Second, we derive
a simple equation linking wage changes of a demographic group to the task displacement it experi-
ences, which forms the basis of our reduced-form analysis. Third, our framework implies that the
task displacement experienced by a group can be measured by its employment share in routine
tasks in industries undergoing automation. Moreover, the extent of automation in an industry
can be inferred from declines in its labor share, thus providing an explanation for the relationship
reported in the right panel of Figure 2.

The second part of the paper documents a robust and negative (reduced-form) relationship
between our measure of task displacement and real wages across groups of workers. Our baseline
results use the decline in an industry labor share to infer the overall extent of automation and task
displacement taking place in that industry. We show that close to 50% of the variation in labor
shares (and measured task displacement) across industries is driven by automation technologies,
including the adoption of industrial robots, specialized machinery and software. In line with this
result, we find a very similar negative relationship between wage changes and task displacement
using an IV strategy that exploits the component of the labor share decline driven by automa-
tion. We document that offshoring also contributes to task displacement (and conceptually, its
effects on wages should be similar since it also works by displacing workers from their tasks),
but quantitatively it accounts for a smaller portion of observed wage changes than automation.
These results bolster our confidence that task displacement driven by automation technologies is
responsible for the relationships depicted in Figure 2.

Importantly, task displacement retains its defining role when we flexibly control for various

SWe define automation technologies as any technology that enables machines/algorithms/capital to perform
tasks previously allocated to humans, which results in the displacement of workers from these tasks. Note, however,
that task displacement does not need to be associated with “job loss”, and can take the form of a worker being
reallocated within the same firm or a decline in hiring of new workers into certain tasks.

% There are many determinants of industry labor shares and we discuss them and explore their effects later. It is
useful to note here that we find a significant portion of industry labor share declines to be driven by the displacement
of workers from (routine) tasks because of automation (and to a lesser degree offshoring). See Elsby, Hobijn and
Sahin (2013), Karabarbounis and Neiman (2013), Piketty (2014), Dao, Das and Koczan (2019), and Hubmer (2020)
on the decline of the labor share; Acemoglu, Lelarge and Restrepo (2020) and Acemoglu and Restrepo (2020) on the
role of automation in labor share declines; De Loecker, Eeckhout and Unger (2020) on the role of rising markups;
and Autor et al. (2020) on superstar firms.



forms of SBTC (for example, allowing the productivity of workers to evolve as a function of their
education levels over time). Our estimates indicate that task displacement explains 50%—70% of
the observed changes in wage structure between 1980 and 2016, while these traditional SBTC
proxies account for less than 10%. Furthermore, the relationship between task displacement and
real wages remains unchanged when we control for other potential determinants of industry labor
shares and wages, such as rising concentration, markups, import competition and the decline
of unions, or when we exploit regional variation in specialization patterns or focus on different
sub-periods. Consistent with the notion that these trends reflect changes in labor demand, we
also estimate negative effects on employment outcomes.

Although our reduced-form analysis documents a strong negative relationship between task
displacement and relative wage changes across worker groups, it misses three indirect effects
affecting real wages in general equilibrium. First, in our regressions, the common effect of pro-
ductivity increases on real wages goes into the intercept, and so our results are not informative
about real wage level changes. Second, because automation and task displacement concentrate in
a handful of industries, they will change the sectoral composition of the economy, which can in
turn shift the demand for different types of workers. Third, our reduced-form evidence focuses on
the direct effects of task displacement, but does not account for ripple effects, which result from
displaced workers competing against others for non-automated tasks, bidding down their wages
and spreading negative wage effects of automation more broadly in the population.

To account for these general equilibrium effects, in the last part of the paper we turn to a
quantitative exercise exploring the implications of task displacement for the wage structure, real
wage levels, TFP, output, and the sectoral composition of the economy. Our model provides
explicit formulas to compute all these general equilibrium effects as functions of our measure of
task displacement as well as the cost savings from automation, industry demand elasticities, and
a propagation matriz capturing the strength of ripple effects between different groups of workers
(i.e., how much the displacement of group g affects the wage of group g’ due to task reallocation).
We show how these ripple effects can be estimated by parametrizing group-level interactions as
functions of the distance between groups along a number of dimensions. We then combine these
ripple effect estimates with a standard parametrization of demand across industries and available
estimates of the cost savings from automation.

We find that task displacement—incorporating general equilibrium effects—accounts for about
50% of the observed relative wage changes during this period and explains 80% of the observed
increase in the college premium. These sizable distributional effects are accompanied by modest
increases in the average wage level, GDP and TFP. For example, technologies causing task dis-
placement only account for a 3.8% increase in TFP between 1980 and 2016. We thus conclude
that automation can explain a sizable fraction of changes in wage structure and real wage declines
in the data, while having a tiny impact on productivity growth.

Our work contributes to various literatures. The first is the literature on SBTC, with papers



such as Bound and Johnson (1992), Katz and Murphy (1992) and Card and Lemieux (2001) that
explored the evolution of between-group wage inequality in response to changes in factor supplies
and technologies augmenting the productivity of educated workers. We differ from this literature
because of our distinct conceptual framework and focus on task displacement as the main driving
force of changes in wage structure.

The second is the literature exploring the effects of lower equipment and computer prices
on wage inequality through capital-skill complementarity. This literature goes back to Griliches
(1969), and its implications for US wage inequality have been explored in Krusell et al. (2000).
Relatedly, Krueger (1993) and Autor, Katz and Krueger (1998) emphasized the role of the com-
plementarity between computers and skills. More recently, Burstein, Morales and Vogel (2019)
quantify the effects of lower computer prices on inequality in a model where skilled workers have
a comparative advantage in using computers. These papers quantify the effects of lower cap-
ital prices on inequality by assuming that capital directly complements skilled workers. Our
framework complements this work by underscoring the role of task displacement as a separate
mechanism contributing to wage inequality. We also clarify the distinction between automation
and the capital-skill complementarity studied in this literature. Notably, we show that automation
has a powerful impact on inequality even if there are no direct capital-skill complementarities.

Third, and most closely related to our paper is Autor, Levy and Murnane (2003), who explore
the effects of technologies automating routine tasks and complementing non-routine ones on the
occupational and task structure of the economy. Our paper can be seen as a generalization of
their conceptual framework, enabling us to clarify the role of task displacement and quantify its
effects on changes in US inequality.”

Finally, our conceptual framework builds on previous task models, in particular, Zeira (1998),
Acemoglu and Zilibotti (2001), Acemoglu and Autor (2011), and Acemoglu and Restrepo (2018),
as well as Grossman and Rossi-Hansberg’s (2008) model of offshoring. Our two main innovations
relative to these papers are: (i) the general structure of comparative advantage and the flexible
manner in which technologies affect the allocation of tasks to workers; (ii) our derivation of explicit
formulas linking a group’s wage change to its task displacement. These formulas underpin all of
our empirical work.

The rest of the paper is organized as follows. The next section introduces our framework
and derives the key equations for our empirical work. Section 3 presents our data sources and
measurement strategy. Section 4 presents our reduced-form evidence. Section 5 presents our
quantitative exercise. Appendix A contains proofs and reports our main robustness checks. Ap-
pendix B, which is available upon request, provides additional theoretical results and robustness

checks for our quantitative exercise.

"Our findings complement works on job polarization, such as Goos and Manning (2007), Goos, Manning and
Salomons (2014), Acemoglu and Autor (2011), and Autor and Dorn (2013). In particular, we document that groups
most affected by task displacement are in the middle of the wage distribution, thus linking task displacement to
polarization. Other works studying the decline of routine occupations and their macroeconomic implications include
Gregory, Salomons and Zierahn (2018), Lee and Shin (2017), Jaimovich et al. (2020), and Atalay et al. (2020).



2 CONCEPTUAL FRAMEWORK: TASKS, WAGES, AND INEQUALITY

We start with a single-sector model, which illustrates how tasks are allocated to factors and how
task displacement affects wages. We then move to our full model, including multiple sectors, and
formally derive the task displacement measure we will use in our empirical work. We defer the

analysis of general equilibrium effects to Section 5.

2.1 Single Sector

Environment and equilibrium: Output is produced by combining a mass M of tasks in a

set T using a CES aggregator with elasticity of substitution A > 0,

v=(5; [T<M-y<x>>ﬁ*dx)“,

where = indexes tasks. For example, producing a shirt requires a range of tasks, including de-
signing it; cleaning, carding, combing, and spinning the fibers; weaving, knitting, and bonding of
yarn; dying, chemical processing, and finishing; marketing and advertising; transport; and various
wholesale and retail tasks.

The key economic decision in this model is how to perform these different tasks. Each task can

be produced using capital or different types of labor indexed by g (where g€ G ={1,2,...,G}):
y(@) = A (@) k(z) + ] Ag-hg(@) - Ly().
geg

Here, ¢,4(z) denotes the amount of labor of type g allocated to task x, while k(x) is the amount
of capital allocated to task x. In addition, Aj and the A,’s represent standard factor-augmenting
technologies, which make factors uniformly more productive at all tasks. More novel and im-
portant for our purposes, productivity also has a task-specific component, represented by the
functions v, (x) and {14(x)}g4eg, which determine comparative advantage and specialization pat-
terns. Task-specific productivity is zero for factors that cannot perform the relevant task.
Capital is supplied elastically and can be produced using the final good at a constant marginal
cost 1/q(x). Net output, which is equal to consumption, is therefore obtained by subtracting the

production cost of capital goods from output:

c=y- [ (h@)/a(x)-dr.

We assume that all types of labor are supplied inelastically, and we denote the total supply of
labor of type g by ¢,.

A market equilibrium in this economy is defined as an allocation of tasks to factors and a
production plan for capital goods that maximize consumption. To formalize this notion, we

define a critical object for the rest of our analysis: 74, which represents the set of tasks allocated



to labor of type g, and T, which is analogously the set of tasks allocated to capital. Given a supply
of labor €= (¢1,¢,...,4g), a market equilibrium is given by wages w = (w1, ws,...,wg), capital
production decisions k(x), and an allocation of tasks to factors {7, 71,..., 7}, such that: (i)
the allocation of tasks to factors minimizes costs; (ii) the choice of capital maximizes net output;
and (iii) the markets for capital and different types of labor clear.

Throughout, we set the final good as the numeraire, so that the w,’s correspond to real wages

and the real user cost of capital is R(z) = 1/q(x).

Task shares: Cost minimization implies that the sets of tasks allocated to factors satisfy:®

" {"E %(x)'Agswj(m)'Aj A 1/19(96)-Ag<¢j(x)-Aj’¢k(x)-q(:c)-Ak orj>g
1 ] .
B for all 5| .
K {a: V(@) - q(z) - Ag SQ/)j(ﬂf)‘Aj o j}

Given an allocation of tasks to factors, we define:

1
y(w, ) =1 /;_ Y () - da and
g

De(w, ) =57 [ (0n(o) - a(@)* - da.

The quantities I'y and I'y, which we refer to as the task shares of workers of type g and capital,
respectively, give the measure of the set of tasks allocated to a factor weighted by the “importance”
of the tasks.” Task shares depend on the sets T4 and T, and thus on wages, factor-augmenting
technologies and task productivities. Hence we write them as functions of the vectors of wages w
and technology ¥ = ({¢x(x), ¥¢(x), ¢(z)}eeT, Ak, {Ag}geg), but will omit this dependence when
it causes no confusion.

The next proposition characterizes the equilibrium (all proofs are in Appendix A-1), and
expresses factor prices, shares, and output as functions of task shares. Because production in this
economy is “roundabout” (capital is produced linearly from the final good), output can be infinite.
In Appendix B-1, we derive an Inada condition that ensures finite output (in the one-sector case,

this condition implies Ag_l T’y <1) and assume throughout that it is satisfied.

PROPOSITION 1 (EQUILIBRIUM) There exists a unique equilibrium. In this equilibrium, output,

8When a task can be produced at the exact same unit cost by different factors, we assume it is allocated to
capital or to the type of labor with the higher index. This rule simplifies our exposition and has no substantive
effect on equilibrium, except that in Proposition 1, it enables us to state that the equilibrium is unique (rather than
“essentially” unique at these non-generic points of cost equality).

9In particular, this importance weight depends on the revenue share of the task in total costs, and hence the
productivity of the factor performing the task has an exponent equal to the elasticity of substitution minus one.



wages, and factor shares can be expressed as functions of task shares:

2
A 1 a1 VM
(1) y=(1—A2_1'Fk)“'(ZF;?'(Ag'ﬁg)A) ,
9¢9
1
) (Z) A% T foraligeg
wg‘@ Ayt Ty forallgeg,
(3) SK =A271 -Fk.

The proposition shows that output can be represented as a CES aggregate of different types of
labor and capital, with elasticity of substitution A. This representation differs from the standard
CES production function for three reasons. First, the distribution parameters, which are exoge-
nous in the standard CES, are now endogenous and given by the task shares I';’s. They not only
depend on factor prices (via the dependence of the sets 7, and 7j on factor prices), but also on
technology. In particular, automation technologies impact equilibrium prices and quantities by
reallocating tasks away from labor, directly changing the I'y’s and I'j;. Second, despite appear-
ances, the elasticity of substitution between factors is not equal to A\, but depends on endogenous
substitution taking place as tasks are reallocated (again captured by changes in the sets 7, and
Tk, or variations in the I'y’s and I', in response to factor prices). Finally, the term 1 —Aﬁ‘l T >0
in front of the CES accounts for the roundabout nature of production.

Equation (2) shows that real wages are given by the marginal product of each type of labor,
which is a function of output per worker (raised to the power 1/\ for standard reasons) and the
factor-augmenting technology, A,, raised to the power (A —1)/A. This exponent captures the
fact that improvements in the productivity of workers from group g reduce the price of tasks
they produce, and if A < 1 this price effect dominates. More novel is that real wages also depend
directly on task shares, the I'y’s, highlighting a key aspect of our model: the real wage of a factor
is linked to the set of tasks allocated to that factor.

Proposition 1 implies that we can study and quantify the effects of technology on wages, factor

shares, and output simply by tracing its impact on task shares, as we next discuss in detail.

The effects of technology: Our conceptual framework clarifies that different types of tech-
nologies have distinct impacts on wages, productivity, and output. We now discuss the effects of

three types of technologies:

e factor augmenting: higher A, or A resulting in uniform increases in productivity in all
tasks. Factor-augmenting technologies have been the focus of much of the macro and labor
literatures, and as we will see, they are qualitatively different from task displacement (and
arguably a significant abstraction, since there are no examples of technologies that increase

factor productivity in all tasks).



e productivity deepening: increases in 1)4(x) for x € T, or in ¢y (x) for € Tp—which
result in an increase in the productivity of a factor at the tasks it is currently performing.
For example, we may have improvements in the tools used by workers to perform one of
their tasks (think of GPS making drivers better at navigation, or upgrades in the capital
equipment used to produce the same task). The defining feature of this type of technological

progress is that it does not directly displace factors from the tasks they were performing.

e task displacement: increases in ¢, (x) for « € T,—which therefore lead to automation and
a reallocation of tasks away from workers toward capital. Well-known examples of technolo-
gies causing task displacement include the introduction of numerical control or industrial
robots for blue-collar tasks previously performed by manual workers or the introduction of
specialized software automating various back-office and clerical tasks. Offshoring also leads
to task displacement, and one can think about it in this framework by assuming that tasks
can be performed abroad and imported in exchange of the final good (see also Grossman
and Rossi-Hansberg, 2008).

Figure 3 depicts the effects of productivity deepening and task displacement on the allocation
of tasks to factors. The figure highlights that the total impact of a change in technology on task
shares is comprised of a direct effect, given by the changes in the I'y’s and I'j;, driven by productivity
deepening and displacement holding all prices constant; and indirect or ripple effects, driven by
the reallocation of tasks across factors in response to changes in factor prices. The direct effects
are shown with the shaded areas, which indicate the tasks where productivity increases, while the
induced ripple effects are depicted with the dashed curves. The ripple effects alter the task shares
and prices of factors that are not themselves directly impacted by new technologies.

In this section, we provide a characterization of the implications of these three technologies
abstracting from ripple effects. This allow us to illustrate the distinct direct impacts of these
technologies and derive a simple equation to explore the role of these direct effects. We characterize
the full general equilibrium response of wage inequality to task displacement, including ripple
effects in Section 5, where we also estimate them.

The following assumption rules out ripple effects and is maintained until Section 5:

ASSUMPTION 1 1. Workers can only produce non-overlapping sets of tasks (i.e., ¥g(x) > 0
only if g (x) =0 for all g" # g).

2. There exist 1 >0 and > 0 such that ¢(x) > and q(x) >q for all x € S = {x : Yp(x) > 0}.

The first part of the assumption imposes that each tasks can be performed at most by one
type of labor, which ensures that a group displaced from the tasks it specializes in cannot in turn
displace other workers from their tasks. The second part imposes that capital productivity is high

enough and the cost of capital is low enough that all tasks in the set S = {x : ¥ (x) > 0}, where
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FIGURE 3: The direct effects of technology and ripple effects. The left panel shows the effects of an increase of
dln I‘Seep in the productivity of group g in tasks in 7g. The right panel depicts the effects of automation technologies
reducing the task share of worker g by dln F‘;‘Sp.

capital has positive productivity, will be allocated to capital (see Appendix B-1 for details and
for a derivation of these thresholds).

In the next proposition, we characterize the effects of different types of technologies on factor
prices, TFP, and output under Assumption 1. We present a characterization in terms of the
infinitesimal changes in the direct effects of these technologies. In particular, we let d1n Fgeep >0
denote the direct effect of productivity deepening (for capital or some types of labor) on the task
share of group g; and dIn FSiSp denote the direct displacement effect experienced by group g due
to automation (i.e., because capital productivity ¢y (z) increases at tasks previously performed
by this group).'’ These direct effects can be expressed as follows:

1 wg(x))\_l

dlnTdeer = —
g MJr, T,

is 1 - 1 -
dlnrg p:M ng @bg(x))\ 1dIE/M[Ed}g($)A 1dl‘a

where D, ¢ 7, is the subset of tasks in which, after the technological change, capital outperforms

~dIng(x)dx

1011 this case, the relevant change is at the extensive margin: a discrete increase in the productivity of capital in
an infinitesimal set of tasks previously performed by labor.

10



workers from group ¢ (as shown in the right panel of Figure 3). Finally, we define

1 _ 1 _
=g fo, o [ [ o) e

as the average cost savings from producing the tasks in D, with the now more cost effective
capital. In this expression, mq4(z) is the cost saving of automating task = previously performed

by workers group ¢.'!

PROPOSITION 2 (TECHNOLOGY EFFECTS) Suppose Assumption 1 holds, so that there are no rip-
ple effects. Consider a change in technology (including factor-augmenting, productivity deepening,

and task-displacement). The impact on real wages, TFP, output, and the capital share are

-1 -1 1 <
Al Ay + AL e —dInT %P,
A g A g

1
(4) dInwy, =Xdlny+

(5) dlnTFP= ngg (Al Ay + dInTger) + 5% (dIn Ay + dInT, ) + Egsg AT
'S ge

1 .
(6)  dlns®=(A-1)-(dIn Ay + dIn T ) + — ngg-dlnrgwp 1+ (A=1)-7y),
ge

(7) dlny = -(dln TFP+ 5" - dlns").

1-sK

To clarify the distinct economic forces generated by various technologies, let us first consider
the implications of factor-augmenting technologies making workers of group ¢ (or capital) more
productive at all tasks—the dln A, and dIn A}, terms in the proposition. The real wage of group
g is affected primarily by productivity gains, represented by dIny. This productivity effect raises
the wages of all workers and is a consequence of the higher demand for all tasks generated by the
increase in output. As a result, without ripple effects, factor-augmenting technologies increasing
the productivity of group g raise the wage of all other workers (and factor-augmenting technologies
increasing the productivity of capital raise all wages). Moreover, factor-augmenting technologies
only affect relative wages through the term % -dln Ay, whose sign depends on whether A s 1.
This ambiguous impact is rooted in the fact that factor-augmenting technologies make workers
from group g more productive but also lower the price of the tasks they produce. When A\ > 1
the first effect dominates and improvements in the productivity of group g at tasks it currently
performs lead to higher wages for this group as well. This is the standard mechanism emphasized
in the SBTC literature (e.g., Bound and Johnson, 1992, Katz and Murphy, 1992).

The impact of factor-augmenting technologies on TFP can be computed from (5) as ¥eg 85 .
dln Ay + s¥ . dln Aj. This formula, which follows from Hulten’s theorem, has a simple envelope

logic: a 1% increase in the productivity of all workers in group g leads to an increase in TFP of

1 [( Ap-a(@) by (e)
g9

"'This cost-saving is in turn given as 74 (2) = T yyT e
9'7rg

A-1
) - 1] > 0, where the expression is evaluated

at the new level of capital productivity.

11



L
g

capital at all tasks leads to an increase in TFP of s%%. Thus, relative to their modest effects on

55 %, where s, is the share of skilled labor in GDP. Likewise, a 1% increase in the productivity of
the wage structure (especially for values of A close to 1), factor-augmenting technologies have large
productivity effects. If factor-augmenting technologies were at the root of changes in the wage
structure, then we should see sizable TFP gains (unless there is technological regress, see Acemoglu
and Restrepo, 2019). Note finally that, with no ripple effects, factor-augmenting technologies have
identical effects as technologies generating a deepening of productivity—the terms dln Fgcop and
dIn TP,

These results contrast with the effects of automation, which displaces some workers from the
tasks they are performing, and whose effects are captured by the term dInT ;ﬁSp in the proposition.
The impact of this type of technology on wages in (4) becomes %dlny— %dln ngSp. The first term
is once again the productivity effect, which raises the wages of all workers. More novel and
important for our purposes is the second term, which links wage changes to task displacement
and is negative (independently of whether A S 1). As we will see, this key insight generalizes to
our full model and forms the basis of our empirical work.

The implications of automation for TFP and factor shares are also very different from those
of factor-augmenting technologies. The change in TFP is now ¥ g 55 -dIn I‘giSp -mg. If my is small
for groups being displaced (meaning small productivity gains from substituting capital for labor),
then TFP growth could be arbitrarily small, even if there is considerable automation. As a result,
the displacement effect can outweigh the productivity effect and, as a result, the real wage for
displaced groups can decline despite the economy’s higher productivity.

Equation (6) also shows that task displacement always results in an increase in the capital
share and a reduction in the labor share of value added—an observation that will motivate our
measurement approach in Section 2.3. This is also in stark contrast to what one would get from
factor-augmenting technologies, whose impact on factor shares depends on whether A S 1 (with

no ripple effects, A is also the elasticity of substitution between capital and labor).

2.2 Full Model: Multiple Sectors

Our full model generalizes the one-sector setup in the previous subsection. There are multiple
industries indexed by i € Z = {1,2,...,I}. Output in industry ¢ is produced by combining the

tasks in some set 7;, with measure M;, using a CES aggregator with elasticity A > 0:

A
yA(Mi JREA Gy dx)

where x again indexes tasks and A; is a Hicks-neutral industry productivity term. As before,

tasks, T4 denotes the set of tasks in industry ¢ allocated to workers of type g and Tj; denotes

12



those allocated to capital. Likewise, we define industry-level task shares, I'y; and I'y;, as:

Lgi(w, ) = Mi [r Wy ()7 daiTs(w, W) = Mi [rki(wk(m) ()™ - da

We assume that industry outputs are combined into a single final good using a constant returns
to scale aggregator. Rather than specifying this aggregator, we work with the implied expenditure
shares, s} (p), where p = (p1,p2,...,pr) is the vector of industry prices.'?

The next proposition generalizes Proposition 1 to this environment and characterizes the

equilibrium in terms of task shares.

PROPOSITION 3 (EQUILIBRIUM IN MULTI-SECTOR ECONOMY) There is a unique equilibrium. In
this equilibrium, output, wages, and industry prices can be expressed as functions of task shares

defined implicitly by the solution to the system of equations:

(8) w, = (%) A (Zsz-”(p) (A r)

i€l
X =
9) Di 1 (Aﬁ‘l g + Z w;_’\ . A;‘_l -ng)
v 9€G

Y
(10) 1=3"s; (p).
1€l
The proposition shows that task shares, the I'y;’s and I'g;’s, continue to be a key determinant
of real wages, and we can express the equilibrium of the economy as a function of task shares,
though we no longer have a closed-form solution for output. Moreover, the effects of automation

technologies on equilibrium outcomes again work via their impact on task shares.

2.3 Mapping the Model to Data

In this subsection, we use Proposition 3 to derive an equation that links the change in wages
to the direct effects of task displacement (and other technologies), extending (4) to this envi-
ronment. This equation will form the basis of our reduced-form analysis. We will then use our
model to derive a measure of task displacement that captures its direct effects across groups of
workers. These equations and measures will be generalized to include ripple effects in our general

equilibrium analysis in Section 5.

Task displacement and wage structure: As before, denote the effects productivity deepen-

ing and automation on task shares in industry ¢ by dln I‘Sfep and dlIn ngSp, respectively. Differ-

12For example, a CES demand system over industries with elasticity of substitution 1 would imply s} (p) = ai-pg_" .
This formulation imposes homotheticity, which can be relaxed by allowing expenditure shares to also depend on

the level of consumption, but this is not central to our focus.
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entiating equation (8) and using Assumption 1, we obtain a generalization of (4):

1 A-1 ;
(11) dnwy =<dlny + == [dIn Ay + Y w! - dIn TP

A A 1€l I s

1 . 1 , .
5 Zw; (dlns! +(1-A)(dInp; +dln 4;)) - 3 Zw; -dInT; P,
€L i€l
where wf] denotes the share of group ¢’s wage income earned in industry ¢, so that ¥ ;.r w; =1.
Equation (11) shows that wages depend on four terms, which we next explain (and also outline

how they will be measured in our reduced-form empirical work):

o The common expansion of output: dlny, which captures the productivity effect. In our

reduced-form regressions, this effect will be absorbed by the constant term.

e Group-specific shifters: % (dln Ag+Yier wz dIn I‘gfep), which represent the contribution
of factor-augmenting technologies and productivity deepening. Following the SBTC litera-
ture, in our reduced-form regressions we will assume that these technologies augment certain
well-defined skills associated with education and also allow them to be gender-biased. In
particular, we parameterize these as:

A-1 3 deep
5 dlnAg+ ng -dln ng’ = Qiedu(g) T Vgender(g) T Vg
1€l

where vy is an additional unobserved component, and qieqy(g) and Ygender(g) Will be absorbed

by dummies for education levels and gender. As a further refinement, we allow group-specific

shifters to also depend on baseline group wages, which may proxy for skills as well.

o Industry shifters:

S wy - (dlns +(1-X)(dInp; +dIn A;)),

1
Industry shifterg = 3
i€l

which capture the effects coming from the expansion or contraction of industries in which a
demographic group specializes (for example, due to trade in final goods, structural transfor-
mation, or the uneven effects of automation in some sectors). In our reduced-form regres-
sions, we control for this term by including the exposure of a group to the change in value

added of the sectors in which it specializes.

e Tusk displacement:

. _ i disp
Task displacement,, = ZI:W; ~dInT ™.
1€

This term represents the direct effect of task displacement on a demographic group’s wages

and will be the focus of our empirical work. As equation (11) shows, the key prediction of

14



our model is that groups exposed to taks displacement should experience a decline in their
relative wages. Unlike other technologies, this effect is always negative—independently of
whether the elasticity of substitution A is above or below 1. Task displacement could come

from automation or offshoring, and we will later study their contribution to this process.

Measuring task displacement: We now turn to measuring task displacement. Our measure
summarizes the direct effects of task-displacing technologies on different groups of workers, and
will form the basis of our reduced-form regression analysis and quantitative evaluation.

We use two complementary strategies to measure task displacement, both of which rely on an
initial observation: task displacement takes place mainly in tasks that can be automated, which

we initially proxy with routine tasks.'®> Formally, we impose the following assumption:

ASSUMPTION 2 Only routine tasks are automated and, within an industry, different groups of

workers are displaced from their routine tasks at a common rate.

The next component of our measurement requires a proxy for the extent of task displacement
taking place in each industry. Our two strategies take different approaches to this problem. Our
first strategy develops a more comprehensive measure based on the idea that task displacement
is tightly linked to declines in industry labor shares, and uses the “unexplained” portion of the
change in labor share to infer task displacement at the industry level. Specifically, and as we
show in Appendix B-3, when A =1 (so that the task aggregator is Cobb-Douglas) and there are

no changes in industry markups, we have:

(12) Task displacement,, = Zw; : (wﬁ/wﬁ) - (~dInsk).

i€l
i
g7
given by the share of wages earned by workers of group ¢ in industry i; (2) the percent decline

This measure comprises three terms: (1) a group’s exposure to different industries, w!, which is

in the labor share, —dIn s

;/, which in our framework is tightly linked to automation in industry

i; (3) wfi/wf, which captures the relative specialization of group ¢ in industry ¢’s routine jobs,
where displacement takes place.'* The measure of task displacement in equation (12) is precisely
the one used in the right panel of Figure 2, while the left panel focuses on exposure to industries

with declining labor shares and ignores the relative specialization of workers in routine jobs.”

13The idea that routine tasks are easier to automate is the main premise of Autor, Levy and Murnane (2003) and
is in line with several studies that document a decline in routine jobs following automation, including Acemoglu
and Restrepo (2020) and Humlum (2020). We additionally show very similar results using various other measures
of which tasks can be automated.

Although which tasks can be automated will likely change with advances in AI, Al technologies are not present
for most of our sample. Acemoglu et al. (2020) show that AI use takes off in the US after 2015.

HMRelative specialization is given by the ratio of the share of wages earned in routine jobs by workers in group g
at industry i—wg—to the share of wages earned in routine jobs by all workers in industry i—w?®.

!5 Although we use the measure in equation (12) in most of our analysis, this formula can be extended to the
more general case where A # 1 and markups change over time, and we provide robustness checks using this more
general formulation later in the paper.
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Our second strategy uses direct measures of automation technologies (and offshoring):

(13) task displacement due to automationg = Zwé : (wﬁ Jwit) - automation in industry;.

i€l
Although these measures can be included directly on the right-hand side of our wage regressions,
we focus on specifications where they are used as instruments for the measure of task displace-
ment based on labor share declines, which enables us to compare coefficient estimates across
specifications.

These two strategies are complementary, and we present results using both throughout the
paper. While the second strategy has the advantage that it exploits actual measures of automa-
tion, such as adoption of industrial robots or specialized machinery and software, it might miss
other technologies generating task displacement. The more comprehensive measure exploiting the
unexplained decline in industry’s labor shares captures all dimensions of task displacement but

may be confounded by other economic forces impacting labor shares.

3 DATA, MEASUREMENT, AND DESCRIPTIVE PATTERNS

In this section, we describe our data sources, substantiate the link between task displacement
and automation technologies, and provide a first look at the relationship between a demographic

group’s task displacement and its real wage changes.

3.1 Main Data Sources

We use data from the BEA Integrated Industry-Level Production Accounts on industry labor
shares, factor prices, and value added for 49 industries that can be tracked consistently from 1987
to 2016.'6 We complement these industry data with proxies of the adoption of automation tech-
nologies, including BLS data on the change in the share of specialized machinery and software in

value added from 1987 to 2016, and measures of robot adoption by industry from the International

Namely, Appendix B-3 shows that, more generally, a measure of task displacement correcting for changes in
factor prices and markups can be constructed as:

; —dInst +dInp; - s¥ - (1-X)-(dlnw; — dIn R;)
Task displ t, = > wp - (wht fwit) - : A - 2,
as. 1Splacemen g ;wg (wg /OJ ) 1+ (A— 1).85 o

where dlnpu; is an estimate of the increase in markups in industry i. Put differently, rather than focusing on
the raw decline in the labor share, we now incorporate the effects of prices and markups on the labor share and
focus on the unexplained component. In addition, the term 1+ (A -1)- st 7; in the denominator adjusts for the
substitution toward automated tasks following a cost reduction of m;—the average cost saving from automation
in industry . When computing this measure, we set m; = 30%, a choice we discuss in detail in the quantitative
section. Appendix B-3 clarifies that this expression is an approximation because it ignores the effects of augmenting
technologies or productivity deepening. It also shows, however, that the contribution of these terms to changes in
the labor share is small, and that the approximation is accurate.

6 These 49 industries can be consistently tracked in Census data and BLS data and cover the entire non-
government sector. When constructing our measures of task displacement, we assume that workers in the gov-
ernment sector experience no automation or offshoring.

16



Federation of Robotics (IFR).!” In particular, we rely on the adjusted penetration of robots from
1993 to 2014 described in detail in Acemoglu and Restrepo (2020) as a measure of robot adoption
driven by international advances in technology. We also combine these measures into a single
index of automation, computed as the predicted decline in an industry’s labor share from 1987 to
2016 based on its robot adoption and utilization of software and specialized equipment (specifi-
cally, this is the predicted value of industry labor share given these three measures). In addition,
we look at a measure of changes in intermediate imports to proxy for offshoring (from Feenstra
and Hanson, 1999). Finally, to control for other trends affecting industries, we use data on sales
concentration, estimates of markups, unionization rates (from the CPS), measures of Chinese
import competition and industry TFP. These covariates are described in detail in Appendix B-4.

On the worker side, we use US Census and American Community Survey (ACS) data to trace
the labor market outcomes of 500 demographic groups defined by gender, education (less than
high school, high school graduate, some college, college degree, and post-graduate degree), age
(proxied by 10—year age bins, from 16-25 years to 56—65), race/ethnicity (White, Black, Asian,
Hispanic, Other), and native vs. foreign-born. For each demographic group, we measure real
hourly wages and other labor market outcomes in 1980 (using the 1980 US Census) and in 2016
(pooling data from the 2014-2018 ACS), and compute the change in real wages, employment,
and non-participation rates from 1980 to 2016. In Section 4.7, we also zero in on variation in
labor market outcomes for demographic groups across US regions and commuting zones. Further
details on these data are provided in Appendix B-4.

We measure task displacement for these 500 demographic groups exploiting their specialization
patterns across industries and in routine jobs from the 1980 Census—a year that predates major
advances in automation technologies. To do so, we create a consistent mapping of the 49 industries
in the BEA data to the Census industry classification, and for each industry, compute the share of
wages earned in routine jobs by a demographic group, using the definition of routine occupations
described in Acemoglu and Autor (2011). About a third of the occupations in the 1980 Census

are classified as routine according to this measure (see Appendix B-4).

3.2 Task Displacement and Changes in the Labor Share across Industries

The blue bars in Figure 4 summarize our measure of task displacement at the industry level,
which is given by the percent decline in an industry labor share that is not explained by changes
in factor prices.'® The whiskers indicate the range of estimates for task displacement as we vary
the elasticity of substitution A\ from 0.8 to 1.2 (we justify this range of elasticities in Section 5).

The figure reveals considerable variation in task displacement across industries, with the largest

1"The BLS Total Multifactor Productivity tables provide alternative series for labor share and factor prices in
the 49 industries used in our analysis. These figures are based on the same underlying data as the BEA’s, but use
different imputations and exclude non-profit firms and firms producing services that are difficult to price. All of
our results are robust to using data from the BLS Total Multifactor Productivity Tables.

18T what follows, all changes are re-scaled to 36-year equivalent changes, so that they match the length of the
time window for which we measure real wage changes.
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levels of task displacement seen in mining, chemical products, petroleum, car manufacturing,
and computers and electronics. In what follows, we focus on the measure of task displacement
computed for A = 1 (in which case, industry-level task displacement is the same as the percent

decline in an industry’s labor share), and we use different values of A for robustness.

Task displacement and component due to observed technologies (in %), 1987-2016
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FIGURE 4: Task displacement 1987-2016 and index of automation. The blue bars provide our baseline measure
of task displacement and the whiskers give the range of estimates obtained as we vary A from 0.8 to 1.2 , while the
yellow bars show the component of task displacement explained by our index of automation. See text for variable
definitions.

The figure also plots our index of automation, which points to an important role of technology
in generating task displacement and declining labor shares across industries. This is further
confirmed in Figure 5, where we see a significant positive association between three measures of
automation and industry task displacement. The first, in the left panel, is the adjusted penetration
of robots; the second, in the middle panel, is the change in the share of software and specialized
equipment in value added; and finally the third panel shows our single index of automation.
This last summary measure explains 50% of the variation in the change in labor shares and task
displacement across industries. We provide further evidence on this point in Table A-1 in the
Appendix, where we demonstrate that offshoring is also associated with task displacement, though
it only explains 2% of the industry variation in the data. Moreover, changes in sales concentration,
markups, import competition, and declining unionization rates, are not, or are only weakly,
correlated with industry labor share changes and task displacement, and their inclusion does not

affect the association between task displacement and our measures of automation technologies.
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A. Industry task displacement (%), 1987-2016 B. Industry task displacement (%), 1987-2016 C. Industry task displacement (%), 1987-2016
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FIGURE 5: Relationship between automation technologies and task displacement across industries. See text for
variable definitions. The five industries with the highest and lowest levels of task displacement are identified in the
figures.

The industry-level variation in addition provides support for Assumption 2. In particular,
Figure 6 depicts a strong negative association between task displacement 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).!* With all three
measures, there is a significant decline in routine jobs in industries experiencing task displacement.
Table B-1 in the Appendix demonstrates the robustness of this relationship and confirms that it

holds when we instrument task displacement using our index of automation.

A. Percent change routine wages, 1980-2016 B. Percent change routine hours, 1980-2016 C. Percent change routine employment, 1980-2016
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FIGURE 6: Relationship between task displacement and the decline of routine jobs across industries. See text for
variable definitions. The five industries with the highest and lowest levels of task displacement are identified in the
figures.

9To avoid changes in occupational definitions after 2016, in this exercise we focus on changes in routine jobs by
industry between 1980 (from the 1980 US Census) and the 2012-2016 American Community Survey.
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3.3 Task Displacement and Wages Across Demographic Groups

We now present descriptive statistics for our measure of task displacement at the level of demo-
graphic groups and take a preliminary look at its association with real wage changes. Figure 7
shows large differences across demographic groups in terms of task displacement between 1980
and 2016, with some experiencing a 25% reduction in their task shares, while others saw no change
in theirs. Importantly, 95% of the variation in task displacement across groups is driven by our
index of automation technologies, as can be seen from the left panel of Figure 7, which depicts
task displacement by demographic group (computed using equation (12)) against the component

driven by automation technologies (computed using equation (13)).

Task displacement across groups Task displacement across groups
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FIGURE 7: Task displacement across 500 demographic groups. The left panel shows a scatter plot between task
displacement (on the vertical axis) and the component driven by the index of automation (in the horizontal axis).
The 45° line is shown in red. The right panel plots our measure of task displacement against the baseline hourly
wages of groups in 1980. Marker sizes indicate the share of hours worked by each group and different colors indicate
education levels. See text for variable definitions.

The right panel of Figure 7 depicts task displacement by demographic group against a group’s
real wage in 1980 and documents that task 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 8 provides a first glimpse at the relationship between task displacement and real wage
changes across demographic groups. The left panel plots the bivariate correlation between our
task displacement measure and real wage changes between 1980 and 2016 (as in the right panel
of Figure 2). The figure reveals a powerful negative relationship 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 right panel displays a falsification exercise demonstrating

that the relationship depicted in the left panel is not driven by secular declines in labor market

2OPjgure A-1 in the Appendix presents similar patterns for different values of A and also confirms that these
changes are very highly correlated (over 90%) with our baseline measure in equation (12).
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fortunes of some demographic groups. It confirms that there is no correlation between our task
displacement measure, which only uses post-1980 information, and real wage changes between
1950 and 1980—a period that predates major advances in automation. All demographic groups,
including those who later on experienced adverse task displacement after 1980, enjoyed robust

real wage growth, of about 50%, between 1950 and 1980.

A. Change in hourly wages, 1980-2016 B. Previous change in hourly wages, 1950-1980
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FIGURE 8: Reduced-form relationship between task displacement and real wage changes. Panel A plots changes in
real wages for 1980-2016. The slope of the regression line is —1.6 (standard error = 0.09). Panel B plots pretrends in
wages for 19501980, where the slope of the regression line is 0.2 (standard error = 0.2). Marker sizes indicate the
share of hours worked by each group and different colors indicate education levels. See text for variable definitions.

Figure 8—like Figure 7—identifies different education levels, highlighting that task displace-
ment has been much higher for workers without a college degree. Still, the negative association
between change in wages and task displacement is visible within education groups. Relatedly, Fig-
ure 9 displays average task displacement and average real wage change by gender and education.
It reveals that men without college degree have experienced the highest levels of task displacement
as well as substantial real wage declines, while men and women with a post-graduate degree and
women with a college degree have been subject to negligible task displacement and have enjoyed
robust real wage growth. Once again, these patterns are explained by the component of task
displacement driven by automation technologies.

Table A-2 in the Appendix provides descriptive statistics and further corroborates these
patterns. For example, it shows that workers in the top quintile of the task displacement
distribution—experiencing the highest task displacement—saw their real wage decline by 12%,

while workers in the least exposed groups enjoyed real wage growth of about 26%.

4 REDUCED-FORM EVIDENCE OF THE EFFECTS OF TASK DISPLACEMENT

This section presents our main reduced-form results. It highlights how the direct effects of task
displacement explain a large fraction of the changes in the US wage structure between 1980

and 2016, and shows that task displacement is tightly linked to automation and its effects are
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Task displacement and wage changes across groups
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FIGURE 9: Task displacement, component of task displacement driven by automation, and real wage changes by
education level and gender. See text for variable definitions.

not driven by changes in markups, industry concentration, import competition from China, or

declining unionization rates.

4.1 Baseline OLS Results

Table 1 presents estimates from an empirical analogue of equation (11):
(14) Alnwy = 8% . Task displacement, + 3° - Industry shifter; + dedqu(g) + Vgender(g) + Vg-

Here g indexes our 500 demographic groups, and Alnw, denotes the log change in real hourly
wages for workers in group g between 1980 and 2016. The error term v, represents residual group-
specific changes in supply or demand, which are assumed to be orthogonal to task displacement.
As in all of our other results, regressions are weighted by the share of hours worked by each group
and standard errors are robust to heteroskedasticity.

Column 1 presents a bivariate regression identical to the one shown in Figure 8. We see a
precise and sizable negative relationship between task displacement and wage growth, with a
coefficient of 1.6 (s.e. = 0.1). This estimate implies that a 25% increase in task displacement (or
decrease in task share), which corresponds to the displacement experienced by white American
men aged 26-35 with no high school degree, is associated with a 40% decline in the relative wage
of the group. The bottom rows report the share of the variation in wage changes explained by
task displacement as well as the R2.2! Our measure of task displacement alone explains 67% of

the variation in wage changes between 1980 and 2016.%2

2IFollowing Klenow and Rodriguez-Clare (1997), we decompose the variance of y in the linear model y = 3, z; 3; +&
Cov(y,z;)
Var(y)

These shares add up to the R? of the regression, but could be negative and, as a result, some could exceed 100%.

22In Appendix Table A-3, we show that task displacement also explains over 50% of wage declines. Thus it is
not only that task displacement predicts relative wage changes, but it also predicts which groups experience wage
declines—a topic to which we return in Section 5.

as Var(y) = Y; Bi-Cov(y, z;) + Cov(y,e) and compute the share of the variance in y explained by z; as ;-
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The rest of the table documents that this bivariate relationship is robust. Column 2 controls
for industry shifters, which absorb labor demand changes coming from the expansion of industries
in which a demographic group specializes. The coefficient estimate for task displacement is similar
to the one in column 1, -1.32 (s.e. =0.16). Column 3, which we take as our baseline specification
for the rest of the paper, controls for gender and education dummies and a group’s exposure to
manufacturing, thus accounting for other demand factors favoring highly-educated workers and
for the secular decline of manufacturing. The coefficient estimate remains very similar to column
2, -1.31 (s.e. = 0.19). Even after the inclusion of these controls, task displacement still explains
55% of the variation in wage changes during this period.

Our task displacement measure combines industry-level changes in labor shares with the dis-
tribution of employment of workers across industries and occupations (where occupations are
classified into routine and non-routine). Column 4 includes two more variables, corresponding to
the constituent parts making up our task displacement measure. The first is the same variable
as the one we considered in the left panel of Figure 2 in the Introduction: the exposure of a
demographic group to industry-level declines in the labor share, but without focusing on whether
employment is in routine or non-routine tasks in that industry. The second is a group’s rela-
tive specialization in routine jobs, but this time without exploiting industry-level changes in task
displacement.?®> Column 4 shows that these two variables themselves do not explain real wage
changes (conditional on task displacement and covariates), while our measure of task displace-
ment remains negatively associated with wage changes. This result confirms that our measure of
task displacement is not confounded by other industry-level changes potentially impacting labor
shares and wages or by other trends affecting workers specializing in routine tasks. Rather, it
is demographic groups specializing in routine tasks in industries undergoing sizable labor share

declines that suffer (relative) wage declines.

4.2 Baseline IV results

We now exploit information on measures of automation and offshoring to instrument for task
displacement (constructed from industry labor share declines). This strategy thus focuses on the
component of task displacement driven by automation technologies. Table 2 presents our findings.
Panel A shows the reduced-form relationship between real wage changes and the automation
measure in equation (13), focusing on our baseline specification from column 3 in Table 1.
Column 1 uses the adjusted penetration of robots from Acemoglu and Restrepo (2020). In-

dustrial robotics is an archetypal example of automation technology, but is relevant mostly in the

23Formally, these controls are defined as

exposure to industry labor share declines = Zw; -(=dIn le)
i€l

)
relative specialization in routine jobs = E w; .
4 w?
€L i
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good-producing sectors, thus leaving out non-robotics, software-based automation taking place
in other sectors. Columns 2 and 3 focus on, respectively, specialized machinery and software as
proxies for automation. Columns 4 and 5 include the software measure together with the other
two measures, while column 6 uses the index of automation constructed from all three variables.
In all six specifications, we see a sizable effect of these variables on real wages. For example, the
share of the variation in wage changes explained by our automation index in column 6 is of 52%
(as compared to 55% for our task displacement measure in column3 of Table 1).

In column 7, we turn to offshoring, measured as the share of imported intermediates in an
industry. As expected, offshoring also contributes to task displacement and depresses real wages of
exposed groups, but it only explains 9% of the variation in wage changes. The results in columns
6 and 7 form the basis for our claim that the bulk of the variation in task displacement is driven
by automation technologies, with a smaller contribution from offshoring.

Panel B presents our IV estimates, again focusing on the specification from column 3 of
Table 1. In each column, the variables indicated at the heading are used as instrument for the
measure of task displacement from equation (12). Across columns 1-6, the first-stage F-statistic
is quite high, ranging from 44 to 2,357, indicating that cross-industry differences in automation
provide a powerful source of variation in task displacement. The IV estimates are broadly similar
to the OLS in Table 1. For example, in column 6, where we use the automation index, task
displacement has a coefficient of -1.28 with a standard error of 0.19. The models in columns 4 and
5, where we have multiple instruments, pass the Hansen over-identification test, which bolsters
our presumption that these measures are impacting wages via the same economic channel—the
effects of automation technologies working through task displacement.

Finally, Panel C probes the robustness of our IV estimates by focusing on the specification
from column 4 of Table 1, where we also control for exposure to industry labor share declines
(also instrumented using our measures of automation) and relative specialization in routine jobs,
which is treated as exogenous. The results are similar to those in Panel B, even if somewhat less

precise. In column 6, for example, the IV estimate is -1.68 (s.e. = 0.47).

4.3 Task Displacement versus SBTC

How important is task displacement relative to other forms of SBTC? Table 3 explores this
question by considering different specifications of SBTC. The first column of this table regresses
wage changes on a full set of dummies for gender and education levels, but excludes our task
displacement measure. As explained in Section 2.3, these controls absorb any factor-augmenting
productivity trends common to all workers with the same education level or gender.?* Column
1 shows that without controlling for task displacement, these SBTC variables are significant

and have the expected signs. For example, the relative wage of workers with a college (but no

24This allows for a slightly more general formulation of SBTC than the one used in Katz and Murphy (1992)
and Autor, Katz and Krueger (1998), who parameterize SBTC as separate productivity trends for college and
non-college workers.
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postgraduate) degree increased by 24.5% relative to those with high school, and the relative wage
of workers with a postgraduate degree increased by 42% relative to those with high school. In
this model, education dummies explain 55% of the variation in wage changes during this period.

However, most of these differences between workers with different education levels disappear
once our task displacement measure is included in column 2 (which is identical to column 3 of
Table 1) or when it is instrumented with our index of automation in column 3. In particular,
there is no longer any differential wage growth for workers with a college degree relative to those
with a high school degree. Likewise, task displacement explains 75% of the rise in the post-college
premium, which goes down from 41.6% to 8.3%. In line with these findings, task displacement
explains 55% of the changes in the wage structure, while the education dummies explain 8%. Task
displacement also explains about 7% (out of 17%) of the change in real wages for women relative
to men during this period. These results are the basis of our claim that much of the changes in
wage structure in the US between 1980 and 2016 are related to task displacement, with a minor
role for residual and standard forms of factor-augmenting SBTC.

The next three columns go one step further and control for other types of factor-augmenting
technologies by allowing for differential trends by the baseline real wage level of the demographic
group. The results are broadly similar to those in the first three columns, and our task displace-
ment measure explains 43% of the observed wage changes while education dummies and baseline
wages jointly explain 16% of the variation.

In Table A-4 in the Appendix, we also control for the differential evolution of the supply
(population size) of different demographic groups, which is the equivalent of the relative supply
controls in Katz and Murphy (1992) and Card and Lemieux (2001). The inclusion of these controls
further raises the explanatory power of our task displacement measure (because demographic shifts
have gone in favor of groups experiencing task displacement). Now, task displacement explains
72% of the changes in wage structure, while the education dummies continue to explain a small
portion (4%) of the variation.

In summary, these results suggest that task displacement has been at the root of the changes
in the wage structure from 1980 to today, while other forms of SBTC have limited explanatory

power.

4.4 Employment Outcomes

If task displacement leads to lower labor demand for a demographic group, we could see an impact
not just on its wage but on its employment as well.2> Table 4 provides results for the 1980-2016
period, focusing on the employment to population ratios in the top panel and non-participation
rate in the bottom panel.

We find that task displacement is associated with lower employment to population ratios, both

25 Appendix B-1 provides an extension of our model that allows for endogenous supply responses and shows that
task displacement will lead to a relative decline in hours worked. This decline could be involuntary if the labor
market is not competitive (see, for example, Kim and Vogel, 2021).
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in OLS (columns 1-3) and IV specifications using our index of automation as instrument (columns
4-6). Panel B reveals that most of the adjustment takes place via an increase in non-participation.
For example, using the estimates from column 2, we see that a 10 percentage point higher task
displacement is associated with a 4.6 percentage point decline in employment (s.e.=1.4) and a
similar 3.7 percentage point increase in non-participation (s.e.=1.4). Additionally, columns 3 and
6 in both panels confirm that the employment effects do not reflect adverse trends against all
workers specialized in routine jobs or those employed in industries with declining labor shares,
but are instead driven by task displacement. Overall, our task displacement measure explains
between 15% and 36% of the variation in employment and participation changes over this time

period.?%

4.5 Confounding Trends: Imports, Deunionization and Other Capital

In this and the next subsection, we control for other changes affecting the US labor market and
contrast their effects with those of task displacement.

Column 1 in Panel A of Table 5 includes the exposure of different demographic groups to
industries experiencing greater Chinese import competition as an explanatory variable. Although
industry shifters already account for the effects of trade in final goods, this control allows for
other direct effects of trade with China on the wage structure. Column 2 controls for workers’
exposure to industries with declining unionization rates, which may have reduced their rents, thus
contributing both to labor share declines and changes in the wage structure. In both specifications,
task displacement has a very similar coefficient both in OLS and IV and continues to explain a
large fraction of changes in the US wage structure. Moreover, we find no evidence that Chinese
import competition or declining unionization rates have a direct effect on the wage structure.?”

Columns 3 and 4 contrast the effects of task displacement with those of other forms of invest-
ment and technological progress. Column 3 controls for overall changes in the capital-labor ratio
of industries, which will affect labor shares away from the A = 1 benchmark. Although the CES
task displacement measures we consider in the Appendix and described in footnote 15 correct for
this type of capital deepening parametrically, the specifications presented here allow us to con-
trast the effects of task displacement to those of investments in other types of capital goods that
do not involve automation. Consistent with our emphasis on the distinct effects of automation
on the wage structure, we find that, conditional on task displacement, higher capital-labor ratios
have no impact on wages. Finally, column 4 controls for differential wage trends for workers in
industries experiencing TFP increases. Conditional on task displacement and industry shifters,

we find that other technologies increasing TFP at the industry level do not affect wage inequality.

26Table B-2 in the Appendix shows similar results for hours per worker and the unemployment rate, though the
responses of these margins are somewhat less robust than for employment to population ratio and non-participation.

2"Both variables have a small effect working through industry shifts, but no additional effect via task displacement.
Note, in particular, that as Figure A-2 documents, conditional on our index of automation, trade and declining
unionization do not appear to be correlated with task displacement.
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This reaffirms that the effects of non-automation technologies that raise TFP are very different
from the task-displacing effects of automation.?®

Columns 5-8 provide analogous IV estimates using our index of automation to instrument
for task displacement, and in Panel B we go one step further and allow these shocks to have a
differential effect on routine jobs in exposed industries. In all of these specifications, there is no
evidence of a sizable role for these other forces, and task displacement’s effects continue to be

precisely-estimated and similar to our baseline results.?’

4.6 Confounding Trends: Concentration and Markups

We next explore the role of rising sales concentration and markups, which impact industry labor
shares and might directly affect the wage structure.> Table 6 provides our findings. Column 1 in
Panel A controls for workers’ exposure to industries with rising sales concentration, and the next
three columns include their exposure to markup changes across industries using three alternative
estimates of markups at the industry level. These are: markups computed from accounting data;
markups estimated using the (inverse of the) material share and markup estimates following
the approach in De Loecker, Eeckhout and Unger (2020) (see Appendix B-4 for details). These
specifications thus capture the possibility that workers in industries experiencing an increase in
markups or concentration might suffer lower wages. Columns 5-8 provide IV estimates where we
instrument task displacement using the index of automation.

In all specifications, we see that the OLS and IV estimates of the effects of our task displace-
ment variable are very similar to before—ranging between -1.25 and -1.31—while exposure to
rising concentration or markups have little explanatory power for wages.

Panel B goes one step further and uses a measure of task displacement that partials out the
component of the labor share decline in an industry driven by markups (as explained in footnote
15). This correction does not affect our conclusions, and our point estimates for the effects of task
displacement remain sizable and precisely estimated. Even with this correction, markup changes
do not have a robust effect and explain no more than 3% of the variation in wage changes.

The findings in this table suggest that our task displacement variable is not picking up con-

founding effects of rising markups or concentration. Overall, it appears that it is task displacement

28The findings in columns 3—4 are in line with our model. For example, under Assumption 1, increases in capital
productivity in tasks it is already performing will lead to greater capital utilization but will not cause any task
displacement, and as such will not negatively impact workers specializing in routine tasks in these industries.
Likewise, industry TFP growth should only affect labor demand through the industry shifters, which are already
being controlled for in these regressions.

29Table A-5 shows that these results are very similar when we control for exposure to labor share declines and
relative specialization in routine occupations as in column 4 of Table 1.

30 Appendix B-1 provides an extension of our model to an economy with markups at the industry level. We explain
how changes in markups can directly impact the wages of workers that specialize in sectors with rising markups
and how to correct for these effects as we do in Panel B of Table 6 (see also footnote 15). Table A-6 provides
additional specifications that allow markups to have a differential effect on workers in routine jobs. Finally, Table
A-7 shows the robustness of the patterns reported here to controlling for exposure to industry labor share declines
and relative specialization in routine occupations.
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rather than rising market power that has played a defining role in the surge in US wage inequality

over the last four decades.

4.7 Regional Variation

Task and industry composition vary greatly across regions and commuting zones in the US. To
further test the association between task displacement and wages, we now investigate whether
regional variation in task displacement also predicts changes in sub-national wage structures.

Table 7 provides estimates that exploit regional differences in specialization patterns. The
main difference is that now the unit of observation is given by group-region cells, and we exploit
differences in specialization across these cells to construct our task displacement measures. In
Panel A we look at 300 demographic groups defined by gender, education, age, and race across
nine US regions (giving us a total of 2,633 observations excluding empty cells). The OLS estimates
in columns 1-3 and the IV estimates in columns 4-6 are very similar to those in Tables 1 and 2.

In Panel B we attempt to separate regional and national changes by including a full set of
demographic group fixed effects, which absorb all national trends affecting a demographic group.
We find negative and significant but smaller effects of task displacement (especially in columns
2-3 and 5-6). These estimates imply that task displacement at the regional level matters and has
a precisely-estimated negative impact on wages, which is in line with our theory. Nevertheless,
these results also indicate that local differences in task displacement are not as important as
national changes for understanding the evolution of the wage structure.®!

Panels C and D repeat this exercise for 54 demographic groups defined by a coarser grouping
of gender, education, age, and race, but now across 722 US commuting zones (for a total of 20,768

observations). The results are very similar to those in Panels A and B.

4.8 Further Robustness Checks

The Appendix provides a number of additional checks, all of which support our main conclusions:

First, in Table A-8, we provide estimates of the effects of task displacement excluding immi-
grants, as well as separate estimates for men and women.

Second, in Table B-3, we checked our results for 1980-2007, thus avoiding any persistent effects
of the Great Recession, with similar results.

Third, in Table A-9 we present stacked-differences models with two periods, 1980-2000 and
20002016, which explore the differential patterns of task displacement between these sub-periods.
Panel A estimates the same specifications as in Table 1, but now using stacked differences, while

Panel B allows covariates to have different coefficients in the two subperiods. The results in both

3In the presence of migration and trade across regions (especially relevant for manufacturing industries), regional
task displacement should have a smaller impact than national trends, because the latter can cause strong ripple
effects for workers in the same demographic group across different regions. For example, in the limit case where
tasks can be traded across regions with no transaction or transport costs (or labor is perfectly mobile), one would
expect task displacement to reduce the wages of all workers in a given group by the same amount across all regions.
In Panel B, the national effect is absorbed by the group fixed effects.
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panels are similar to, but smaller in some specifications than, those in Table 1. In Panel C, we
report period-by-period estimates of the effects of task displacement on wage changes, and confirm
that our estimates are comparable across the 1980-2000 and 2000-2016 periods.

Fourth, Table B-4 verifies that our results are similar when we compute the task displacement
measure using different values of the elasticity of substitution to account for changes in factor
prices using the formulas in footnote 15. Table B-5 confirms that the results are robust to
using labor share data from the BLS, excluding extractive industries, winsorizing the labor share
changes, or focusing only on industries with a declining labor share to construct our measure of
task displacement (rather than our baseline measure which exploited both declines and increases
in industry labor shares). Table A-10 reports similar results when we utilize several alternative
measures of which jobs can be automated. Most importantly, the results are similar when we rely

on the measure of automatable jobs from Webb (2020).

5 GENERAL EQUILIBRIUM EFFECTS AND QUANTITATIVE ANALYSIS

Our reduced-form evidence documented a strong negative relationship between task displacement
and relative wage changes. This evidence misses three general equilibrium effects, however. First,
in our regressions the common effect of productivity on real wages is included in the intercept,
making our estimates uninformative about wage level changes. Second, our regression estimates
focus on the direct effects of task displacement and do not account for the resulting ripple effects,
which also impact the wage structure. Third, although our regressions control for observed indus-
try changes, they do not separate out industry shifts induced by task displacement, thus missing
one component of the total effect of automation and offshoring. In this section, we develop our

full general equilibrium model, which enables us to quantify these mechanisms.

5.1 General Equilibrium Effects and the Propagation Matrix

We first generalize Proposition 2 to the case in which Assumption 1 is relaxed and there are ripple

effects. For this purpose, let us define aggregate task shares as

1
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which are given by a weighted sum of industry-specific task shares, I'j; (or I'y;), and also depend
on industry shifters, ¢ = ((1,...,(r). Because worker groups now compete for tasks, task shares
in each industry are a function of both wages and technology.

To characterize ripple effects, consider any technological change with a direct effect of z, on
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the real wage of group g, and denote by z the column vector of z,’s. Differentiating (2), we obtain:

-1
dlnw:z.{.lw.dlnw:}dlnw:(1_lalnr(w7C7\Ij)) -z,

A Olnw A Olnw

)

where 0InT'(w,{, ¥)/dInw is the G x G Jacobian of the function InT'(w, , ¥) = (InT'y (w, {, V),
InTo(w, ¢, ¥), ..., InTe(w, ¢, ¥)) with respect to the vector of wages w. This Jacobian summa-
rizes the effect of a change in wages on the task allocation. We refer to the G x G matrix © as
the propagation matriz . The propagation matrix summarizes the general equilibrium effects of a
vector of shocks z once we account for ripple effects.

In the Appendix, we prove that © is well defined and has positive entries. In particular 644 >0
captures the extent to which workers of type ¢’ compete for marginal tasks against workers of type
g. Second, we show that the row sum of ©, which we label by ¢, is always between 0 and 1. Third,
the propagation matrix satisfies the following symmetry property: 4 — 0,4/ /85; =gy —bOg4/ sgL for
any two groups g and g’ (where 35 is the labor share of group ¢ in output). Finally, the propagation
matrix tells us whether different workers are g—complements or g—substitutes: an increase in the
supply of workers of type ¢’ reduces the real wage of type ¢ if and only if 6,4 > 35, g (see
Appendix B-1 for additional properties of the propagation matrix). In what follows, we denote
row g of the propagation matrix by 04 = (041, ...,0,c).

The next proposition characterizes the general equilibrium effects of task displacement on
wages, industry prices, TFP, and output. We use dlnx to designate the column vector of
(dlnxy,...,dlnxg) across groups of workers, and with some abuse of notation, we denote the

vector of industry prices by dln p = (dlnp;,dlnps,...,dlnpr).

PROPOSITION 4 (COUNTERFACTUALS) The effect of task displacement on wages, industry prices,

and aggregates is given by the solution to the system of equations:

1 1 1 :
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This proposition generalizes Proposition 2 to an economy with multiple sectors and ripple
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effects, but for notational simplicity, focuses on task-displacing technologies.??> The expression for
wages transparently illustrates the general equilibrium forces described above: real wage changes
depend on the expansion of output, induced shifts in sectoral composition, and the ripple effects
summarized by the propagation matrix. It is because of ripple effects that a demographic group’s
real wage now depends on the task displacement experienced by other groups.

The formulas in this proposition provide the basis for our quantitative exercise. In particular,
the proposition shows that one can use our measures of task displacement across groups and
industries, together with a demand system for industries, estimates of the propagation matrix,
and estimates of the cost savings from automation, to compute the full general equilibrium effects

of these technologies.

5.2 Parametrization, Calibration, and Estimation

This subsection describes our measurement of task displacement in the presence of ripple effects.

It also explains how we parametrize the model and estimate the propagation matrix.

Measuring task displacement and the cost savings from automation: Recall that A is
the elasticity of substitution between capital and labor in an industry holding the task allocation
constant, while the elasticity of substitution incorporating task reallocation, o;, exceeds A. As a
result, when we incorporate ripple effects and task reallocation, the task displacement experienced

by group g in industry ¢ can be expressed as

~dlnsk - sK.(1-0;)- (dlnw; - dIn R;)
1+(A-1)-sk-m ’

di Ry R
(15) dInTy™ = (wgi/w]t) -
and the task displacement measure in equation (12) becomes

: ~dlnsF - sK.(1-0;)- (dlnw; - dIn R;)
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To compute these measures, we set o; = 1, which is in the spirit of our baseline assumption in
Section 2.3. We explore the robustness of our results to o; = 0.8 and o; = 1.2 in the Appendix.
This range for the elasticity of substitution between capital and labor aligns with the available
empirical estimates (see Oberfield and Raval, 2020; Karabarbounis and Neiman, 2013). For the
elasticity of substitution between tasks, which should be lower than o;, we choose A = 0.5, which

is in line with the estimates in Humlum (2020).3

32The proposition also shows that ripple effects do not affect our expressions for TFP, output, or sectoral prices.
This is thanks to the envelope theorem: in an efficient economy, induced worker reallocation has only second-order
effects on TFP and industry prices, even though it has a first-order impact on labor demand and wages.

33The reason why we choose a different value of A here than in the reduced-form analysis is that, in the absence of
ripple effects, the task allocation of factors is constant and A gives the elasticity of substitution between factors. In
contrast, with ripple effects, the relevant elasticity is o;, which is greater than A. For ¢;, we explored the robustness
of our findings to values ranging from 0.8 to 1.2—the same range used in our reduced-form analysis. The Appendix
also provides results for A = 0.625, which is the value implied by our reduced-form regression evidence, where the
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Finally, we set the cost savings from automation to 7; = 30% for all industries, which is in line

with estimates for industrial robots surveyed in Acemoglu and Restrepo (2020).3*

Industry demand: We use a simple CES demand system across industries as in footnote
12: le(p) = - p;_n. Following Buera, Kaboski and Rogerson (2015), we set the elasticity of

substitution between industries to 1 =0.2.

Propagation matrix: Motivated by the symmetry property of the propagation matrix de-
scribed above, we parameterize the extent of competition for tasks between two demographic
groups g and ¢’ as a function of their distance (dissimilarity) across n € N’ dimensions. In partic-

ular, we assume that

e %(eg —eg) skt > B f(dyy) sk forall ¢’ # g and 8,4 =0 for all g,
neN

where f is a decreasing function of the distance along a given dimension n between groups g’ and
g, denoted here by dgg,. The assumption of common diagonal term is consistent with our reduced-
form evidence, which did not find major heterogeneities across groups. The parameter 3, > 0 gives
the importance of dimension n in mediating ripple effects. We choose the following dimensions
along which we measure distance between groups: occupational and industry employment shares
(which account for similarity in the types of tasks performed), and education by age (which allows
for the possibility that, among workers with or without college, workers of similar ages might be
more substitutable than those of different ages; see Card and Lemieux (2001)).

Using this parameterization, the wage effects from Proposition 4 can be written as:

6
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where f is chosen as an inverted sigmoid function of the distance between two groups.*® The

coeflicient estimate for task displacement, —1.6, corresponds to —1/X in the absence of ripple effects. Tables A-11
and B-6 summarize our findings.

34In practice, cost savings might be different across industries, but we do not have separate estimates.

35We compute distances using the dissimilarity measures d‘;?gc,“pations =1¥, |wg-wy| and =13z lwg -
w;,|, where the sum runs over 330 occupations and 192 industries in the US Census, respectively. In addition, the
sigmoid function takes the form

dindustries
9,9

1
1+ (1/dy 1)

f(dg,g’) =

R

where k > 1 is a tuning parameter governing the decay of the function. For x = 1 we get f(d) = 1-d. More
generally, the sigmoid function has a maximum of 1 when there is no dissimilarity between two groups. In our
baseline estimates in Table 8, we use a quadratic tuning parameter, x = 2. In the Appendix, we provide similar
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parameters of this system can be estimated by GMM exploiting the moment conditions

E [vg . (1,,29, > f(d;g,) . 55, Ry D f(dgfg,) . 85, 'zg/)] =0,
g'+g g'+g

where z4 is either our measure of task displacement, or alternatively, our index of automation (so

that we only exploit automation-induced changes in demand).

Table 8 provides our estimates for #/\ and 3,/\ in equation (17). Columns 1-3 use our
task displacement measure in equation (16) to form moment conditions, while columns 4-6 use
the index of automation. The estimates in Panel A of Table 8 provide evidence of significant
ripple effects by occupation, industry, and within agexeducation cells, and suggest that these are
all of comparable importance.?® These estimates also imply that demographic groups suffering
displacement will compete for tasks performed by other groups that have similar age and education

and specialize in similar occupations and industries.

5.3 Quantitative Results

This subsection presents our quantitative results using the estimates of the propagation matrix
from column 1 of Table 8. We use Proposition 4 to compute the effects of task displacement
across workers and industries. We treat task displacement, as measured in equations (15) and
(16), as the driving force affecting the wage structure. Thus, this exercise leaves out other forms
of technological progress (including factor-augmenting technologies, productivity deepening, new
tasks, and sectoral TFPs) and changes in factor supplies driven by education and demographics.

Table 9 summarizes our findings. The first column depicts the data, while the second column
presents the model-implied numbers when we feed in industry-level labor share changes as the
driving force. Finally, the third column, instead, feeds in the component of industry labor share
changes driven by our index of automation (with very similar results to those in column 2). The
first panel of the table presents the effects on wage inequality. This information is also displayed
in Figure 10, which decomposes the effects of the various mechanisms via which task displacement
affects the wage structure.

Panel A of the figure plots the productivity effect (1/)) - dlny, which raises the wages for all
demographic groups by close to 45%. Panel B adds the implications of industry shifts caused
by task displacement, (1/\)-dIn¢. Because task displacement concentrates and reduces costs
in manufacturing, mining, and retail, it induces an expansion of the service sector (similar to a

Baumol effect), boosting the demand for workers specializing in services. Quantitatively, however,

estimates for different values of the tuning parameter; see Tables A-11 and B-6.
36The table reports the average contribution of ripple effects along dimension n € A" to the off-diagonal terms of
the propagation matrix, which is computed as

. . . ,877, 1 n L L
Contribution of ripple effects,, = — - oz D fdyy) sy - sq -

A g g'#g
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this effect is small, accounting for less than 7% of the observed changes in the US wage structure.?”

Panel C adds the direct effects of task displacement, —(1/X)-dIn T4P and confirms the pattern
documented in our reduced-form analysis: direct task displacement plays a dominant role in
changes in the US wage structure between 1980 and 2016. We also see in this panel that the
direct impact of task displacement causes as much as a 25% decline in the real wages of some
groups. There are, nonetheless, some notable differences from the reduced-form evidence. While
in the reduced-form regressions, task displacement accounted for 50%-70% of the changes in the
US wage structure, the second row of Table 9 shows that it accounts for as much as 100% of
the variation here. This, however, overstates the full impact of task displacement, because of the
ripple effects shown in the next row of the table and in Panel D of Figure 10.

Once ripple effects are added (row 3 in Table 9), task displacement, with its full general
equilibrium effects, is predicted to explain about 48% of changes in the US wage structure. The
reason why this is significantly less than the direct impact of task displacement shown in row 2
is because ripple effects spread (“democratize”) the negative consequences of displacement across
demographic groups and also reduce the burden on directly-affected groups. For example, the
impact on high school-graduate white men aged 26-35 in Panel C of Figure 10 is -14%. But once we
allow for the ripple effects—which incorporate the fact that they now compete for non-automated
tasks performed by other demographic groups—we find the total effect on this group in Panel
D of Figure 10 to be -5.3%. In contrast, without the ripple effects, white high school-dropout
women aged 26-35 are predicted to experience a 4% real wage increase, but incorporating the
ripple effects, they suffer a 1% decline in their real wage.

The consequences of ripple effects are further illustrated in Figure 11. The figure plots the
direct effects of task displacement against the baseline wage of demographic groups (marker sizes
are proportional to hours worked by each group). For each group, we also include an arrow
indicating the direction of change due to ripple effects: the red markers designate groups that
benefit from ripple effects, while blue markers highlight those losing out from ripple effects. Two
features standout from this figure. First, 153 directly affected groups (accounting for 34% of
hours worked) that would have suffered larger wage losses due to task displacement are helped by
ripple effects, while 347 groups that are, on the whole, less impacted by direct task displacement
themselves share in the relative wage declines because of the ripple effects. Second, while the
directly-affected groups are typically among those that already had lower wages in 1980, the

indirectly-affected groups are more evenly spread in terms of their 1980 wage distribution.

3TThis finding reiterates that most of the effects of task displacement are “within-industry”: they are caused

by reduced demand for affected demographic groups depressing their wages and thus their earnings in all of the
industries in which they are employed, even though this reduced labor demand originates in the subset of industries
undergoing rapid automation.

The fact that (“between”) industry shifts induced by task displacement are playing a minor role in our context
does not rule out the possibility that industry shifts generated by secular structural transformation and trade
could have bigger effects on the wage structure. See, for example, Buera, Kaboski and Rogerson (2015) and
Galle, Rodriguez-Clare and Yi (2017) for recent contributions quantifying the distributional effects of structural
transformation and trade.
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FIGURE 10: Contribution of productivity effects, industry shifts, direct displacement effects, and ripple effects to
the predicted change in wages for 1980-2016. Marker sizes indicate the share of hours worked by each group and
different colors indicate education levels. See text for variable definitions.

A final feature of the predicted wage changes in Panel D of Figure 10 is worth noting: even
though there is a large (close to 45%) productivity effect, the real wage level of 131 demographic
groups (making up 42% of the 1980 population) declines because of task displacement (in the
data, 121 groups, making up 53% of the 1980 population, experienced real wage declines). This
result highlights how task displacement can generate meaningful real wage declines. In contrast,
the canonical SBTC model cannot explain real wage declines.

As a summary, Figure 12 plots the predicted wage changes in the model and the observed
real wage changes between 1980 and 2016. In addition to accounting for a large fraction of the
variation in US wage structure, task displacement can explain several other salient aspects of the
labor market this period. First, our quantitative results imply a 6.7% decline in the real wage
of low-education men compared to a 8.2% decline in the data. Second, in general equilibrium,
task displacement generates a 21% increase in the college premium and a 23% increase in the
post-college premium (over high school graduates)—accounting for 80% and 55% of the observed
increases, respectively. 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. It is also worth noting, however, that our model misses a significant
portion of wage growth coming from highly-educated workers at the top of the wage distribution.
This may reflect the complementarity between some of the new technologies and post-graduate
skills 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 9 turns to the model’s implications for aggregates. Despite the
large distributional effects documented above, task displacement generates only a 3.8% TFP gain

in the aggregate, and this is the reason why average real wages are predicted to grow slowly (only
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Direct effects and ripple effects, 1980-2016
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FIGURE 11: Direct effects of task displacement compared to general equilibrium effects after accounting for ripple
effects. Marker sizes indicate the share of hours worked by each group. The red markers identify groups for which
ripple effects dampened the effect of task displacement on their wages. The blue markers identify groups for which
ripple effects reduced their wages. See text for variable definitions.

by 5.7%) and many groups experience real wage declines.*® In contrast, in the data, TFP grew by
35% during this period, and average real wages rose by 29% (though two thirds of this is due to
changes in the composition of the workforce, which are not present in our model). These numbers
confirm our earlier conclusion that there were other technological advances—such as productivity
deepening, factor augmenting, sectoral TFP, or even new tasks—contributing to output, wage
growth, and productivity between 1980 and 2016. However, the congruence between the model-
implied changes in wage structure and the data suggests that these other technological changes
had small effects on inequality, except possibly at the top of the wage distribution. Finally,
task displacement accounts for the observed decline in the labor share (by construction) and the
observed increase in the capital-output ratio over this period. This suggests that the amount of
investment accompanying automation in our model is in the ballpark of the data.

The third panel of Table 9 summarizes the sectoral implications of task displacement. In line
with the small TFP gains estimated above, we see that task displacement generates small changes
in industry composition and accounts for only 0.4 of the 8.8 percentage point decline in the share
of manufacturing in value added. The results in this panel and in Panel B of Figure 10 further

reinforce the view that automation and offshoring affect the economy and inequality through very

38In a competitive economy with elastic supply of capital (as in our model), dInTFP = ¥, sg -dInwg, which

shows that average wage growth equals (1/sL) -dIn TFP > 0. Thus the modest wage gains are directly linked to the
small TFP gains generated by automation. While the model predicts a larger increase in output per worker, this is
driven not by higher TFP, but by growing investment (the rising capital-output ratio).
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Observed and predicted wage change, 1980-2016
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FIGURE 12: Predicted (horizontal axis) vs. observed (vertical axis) wage changes. The 45° line is shown in red.
Marker sizes indicate the share of hours worked by each group and different colors indicate education levels. See
text for variable definitions.

different channels than structural transformation or trade in final goods.?’

6 CONCLUDING REMARKS

This paper argued that a significant portion of the rise in US wage inequality over the last four
decades has been driven by automation (and to a lesser extent offshoring) displacing certain work-
groups from employment opportunities for which they had comparative advantage. To develop
this point, we proposed a conceptual framework where tasks are allocated to different types of
labor and capital, and automation technologies expand the set of tasks performed by capital and
displace 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 number of strik-
ing new facts. Most notably, we documented that between 50% and 70% of the changes in US wage
structure between 1980 and 2016 are accounted for by the relative wage declines of worker groups
specialized in routine tasks in industries experiencing rapid automation. In our first set of regres-
sion models, industry level task displacement is approximated by (the unexplained component of)
labor share declines. We also estimate very similar results using explicit measures of industry-level
automation and offshoring, confirming that our task displacement variable captures the effects

of automation technologies (and to a lesser degree offshoring) rather than increasing markups,

39Despite its small effect on sectoral shares, task displacement taking place within manufacturing generates a
large 8.2% reduction in the wage bill of that sector, which accounts for 25% of the decline in manufacturing labor
demand for 1980-2016.
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industry concentration, or import competition. These alternative economic trends themselves do
not appear to play a major role in the evolution of the US wage structure.

Our reduced-form regressions estimate the direct effects of task displacement on relative wages,
but miss important general equilibrium forces. We developed a methodology to quantify the gen-
eral equilibrium effects of task displacement, which can account for the implications of automation
working through productivity gains, ripple effects and changes in industry composition. Our full
quantitative evaluation shows that task displacement explains close to 50% of the observed changes
in US wage structure. Most notably, task displacement leads to sizable increases in wage inequal-
ity, but only small productivity gains—thus providing a possible resolution to a puzzling feature
of US data.

There are several interesting areas for future research. First, our framework has been static,
and thus any effects from capital accumulation, dynamic incentives for the development of new
technologies and education and skill acquisition are absent. Incorporating those is an important
direction for future research. Second, and relatedly, we did not attempt to model and estimate
the effects of technologies introducing new labor-intensive tasks (which we argued to have been
important in previous work, Acemoglu and Restrepo, 2018). This is yet another avenue for future
research. Finally, our empirical work has been confined to the US and the 1980-2016 period,
for which we have all the data components necessary for implementing our reduced-form and
structural estimation. Expanding these data sources and the empirical exploration of the role of
task displacement to earlier periods and other economies is an important direction for research that
may help us understand the technological and institutional reasons why the US wage structure

was quite stable for the three decades leading up to the mid-1970s.
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TABLE 1: TASK DISPLACEMENT AND CHANGES IN REAL HOURLY WAGES, 1980-2016.

DEPENDENT VARIABLES:
CHANGE IN WAGES AND WAGE DECLINES, 1980-2016

(1) (2) (3) (4)
. -1.598 -1.323 -1.307 -1.659
Task displacement (0.094) (0.158) (0.188) (0.444)
. 0.210 0.310 0.347
Industry shifters (0.091) (0.120) (0.158)
Exposure to industry labor share 0.178
decline (0.664)
Relative specialization in routine 0.072
jobs (0.073)
Share variance explained by task 0.67 0.55 0.55 0.70
displacement
R-squared 0.67 0.70 0.84 0.84
Observations 500 500 500 500
Other covariates:
Manufacturing share, and v v

education and gender dummies

Notes: This table presents estimates of the relationship between task displacement and the change in real wages
across 500 demographic groups, defined by gender, education, age, race, and native/immigrant status. The de-
pendent variable is the change in real wages for each group from 1980 to 2016. Besides the covariates reported in
the table, columns 3 and 4 control for baseline wage shares in manufacturing and dummies for education (for no
high school degree, some college, college degree and postgraduate degree) and gender. All regressions are weighted
by the share of hours worked by each group in 1980. Standard errors robust to heteroskedasticity are reported in

parentheses.
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TABLE 2: IV ESTIMATES INSTRUMENTING TASK DISPLACEMENT WITH AUTOMATION AND OFFSHORING MEASURES.

DEPENDENT VARIABLE: CHANGE IN WAGES 1980-2016
SPECIALIZED RoBoT APR MACHINERY AND COMBINED

INSTRUMENT: RoBoT APR SOFTWARE OFFSHORING
MACHINERY AND SOFTWARE SOFTWARE MEASURE

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

PANEL A. REDUCED-FORM ESTIMATES

Routine at industries adopting robots (_525114) (_02 2325)
Routine at industries adopting specialized -0.969 -1.352
machinery (0.430) (0.315)
Routine at industries adopting software (_(;1 g 27 :f) (_ (;1 g :3) 07) (_ (;1 96385)
Routine at automating industries <1334
(0.210)
Routine at offshoring industries (_125(;1 93)
Share variance explained by task displacement 0.30 0.16 0.17 0.47 0.42 0.52 0.09
R-squared 0.79 0.77 0.80 0.83 0.82 0.83 0.76
Observations 500 500 500 500 500 500 500
PANEL B. IV ESTIMATES
Task displacement -1.216 -0.894 -1.480 -1.345 -1.216 -1.279 -0.813
(0.246) (0.317) (0.357) (0.214) (0.184) (0.193) (0.299)
Share variance explained by task displacement 0.51 0.38 0.62 0.56 0.51 0.54 0.34
R-squared 0.84 0.83 0.83 0.84 0.84 0.84 0.82
First-stage F 98.00 44.98 67.40 439.92 831.72 785.80 30.62
Overid p-value 0.56 0.31
Observations 500 500 500 500 500 500 500
PANEL C. ROLE OF INDUSTRY AND OCCUPATION IN DRIVING RESULTS
Task displacement -1.265 -0.186 -2.951 -2.075 -1.425 -1.677 -2.494
(0.830) (0.934) (1.003) (0.534) (0.462) (0.466) (0.714)
Exposure to industry labor share decline 0302 -1.656 -0.857 0.103 0.362 0-310 0.063
(0.913) (1.558) (1.346) (0.792) (0.743) (0.686) (0.959)
Relative specialization in routine jobs 0.011 -0.165 0.269 0.137 0.037 0.075 0-201
(0.143) (0.161) (0.147) (0.088) (0.080) (0.081) (0.110)
R-squared 0.83 0.82 0.79 0.83 0.84 0.84 0.83
First-stage F 6.32 33.72 5.46 32.80 229.90 156.33 23.71
Observations 500 500 500 500 500 500 500

Notes: This table presents reduced-form and IV estimates of the relationship between task displacement and changes in real wages for 500 demographic groups, defined by gender,
education, age, race, and native/immigrant status. The dependent variable is the change in real wages for each group from 1980 to 2016. Panel A provides reduced-form estimates,
where the instruments are indicated at the column headers and described in detail in the text and Appendix B-4. Panel B provides IV estimates. Panel C provides IV estimates
where we also control for relative specialization in routine jobs and exposure to industry labor share declines (this last term instrumented too using our proxies for technology and
offshoring). Besides the covariates reported in the table, all specifications control for industry shifters, group’s baseline wage share in manufacturing, and dummies for education (for
no high school degree, some college, college degree and postgraduate degree) and gender. When using our index of automation as an instrument, we report first-stage F—statistics that
are adjusted for the degrees of freedom lost in the construction of the index. All regressions are weighted by the share of hours worked by each group in 1980. Standard errors robust
to heteroskedasticity are reported in parentheses.
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TABLE 3: TASK DISPLACEMENT Vs. SBTC, 1980-2016.

DEPENDENT VARIABLE: CHANGE IN REAL WAGES 19802016
ALLOWING FOR SBTC BY WAGE LEVEL

SBTC BY EDUCATION LEVEL

OLS OLS v OLS OLS v
(1) (2) (3) (4) (5) (6)
Gender: women 0.173 0.104 0.105 0.245 0.154 0.165
(0.019) (0.020) (0.020) (0.024) (0.026) (0.027)
Education: no high school 0.016 0.023 0.023 0.051 0.039 0.040
(0.024) (0.020) (0.019) (0.023) (0.018) (0.018)
Education: some college 0.053 -0.070 -0.068 0.027 -0.057 -0.046
(0.031) (0.032) (0.033) (0.024) (0.031) (0.031)
Education: full college 0.245 -0.019 -0.013 0.180 0.005 0.027
(0.039) (0.050) (0.052) (0.036) (0.049) (0.050)
Education: more than college 0.416 0.083 0.090 0.292 0.093 0.118
(0.046) (0.062) (0.064) (0.048) (0.061) (0.061)
Log of hourly wage in 1980 0.235 0.115 0.130
(0.046) (0.043) (0.046)
Task displacement -1.307 -1.279 -1.028 -0.902
(0.188) (0.193) (0.185) (0.194)
Share variance explained by:
- educational dummies 0.55 0.08 0.09 0.37 0.09 0.12
- baseline wage 0.15 0.07 0.08
- task displacement 0.55 0.54 0.43 0.38
R~squared 0.76 0.84 0.84 0.81 0.85 0.84
First-stage F 785.80 562.20
Observations 500 500 500 500 500 500
Other covariates:
Industry shifters and v v % v v v

manufacturing share

Notes: This table presents estimates of the relationship between task displacement and different proxies of skill-biased technical change and the change in real wages
across 500 demographic groups. These groups are defined by gender, education, age, race, and native/immigrant status. The dependent variable is the change in real
wages for each group from 1980 to 2016. Columns 1-2 and 4-5 report OLS estimates. In columns 3 and 6 we report IV estimates instrumenting task displacement using
our index of automation. Besides the covariates reported in the table, all specifications control for industry shifters and baseline wage shares in manufacturing. The
bottom rows of the table report the share of variance explained by task displacement and the different proxies of skill biased technical change. When using our index
of automation as an instrument, we report first-stage F statistics that are adjusted for the degrees of freedom lost in the construction of the index. All regressions are

weighted by the share of hours worked by each group in 1980. Standard errors robust to heteroskedasticity are reported in parentheses.
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TABLE 4: TASK DISPLACEMENT AND EMPLOYMENT OUTCOMES, 1980-2016.

DEPENDENT VARIABLE: LABOR MARKET OUTCOMES 1980-2016

OLS ESTIMATES IV ESTIMATES
1) (2) 3) (4) (5) (6)
PANEL A. EMPLOYMENT TO POPULATION RATIO
Task displacement -0.676 -0.465 -0.785 -0.720 -0.422 -0.729
P (0.112) (0.141) (0.317) (0.112) (0.149) (0.366)
Share variance explained by:
- task displacement 0.31 0.21 0.36 0.33 0.19 0.34
- educational dummies 0.10 0.12 0.12 0.12
R-squared 0.31 0.77 0.78 0.31 0.77 0.78
First-stage F 3246.45 785.80 156.33
Observations 500 500 500 500 500 500

PANEL B. NON-PARTICIPATION RATE

Task displacement 0.668 0.374 0.772 0.718 0.337 0.747
P (0.120) (0.138) (0.312) (0.120) (0.149) (0.361)

Share variance explained by:

- task displacement 0.30 0.17 0.34 0.32 0.15 0.33

- educational dummies 0.16 0.19 0.18 0.19

R-squared 0.30 0.80 0.81 0.30 0.80 0.81

First-stage F 3246.45 785.80 156.33

Observations 500 500 500 500 500 500

Covariates:

Industll"y shifters, manufactm.rmg share, v v v v

education and gender dummies

Exposure to labor share declines and v v

relative specialization in routine jobs

Notes: This table presents estimates of the relationship between task displacement and labor market outcomes for 500 demographic groups, defined by gender, education,
age, race, and native/immigrant status. In Panel A, the dependent variable is the change in the employment to population ratio from 1980 to 2016. In Panel B, the
dependent variable is the change in the non-participation rate from 1980 to 2016. Columns 1-3 report OLS estimates. Columns 4-6 report IV estimates using our index
of automation to instrument task displacement. Besides the covariates reported in the table, columns 2—-3 and 5—6 control for industry shifters, baseline wage shares in
manufacturing, and dummies for education (for no high school degree, some college, college degree and postgraduate degree) and gender. Columns 3 and 6 control for
relative specialization in routine jobs and groups’ exposure to industry labor share declines. When using our index of automation as an instrument, we report first-stage
F statistics that are adjusted for the degrees of freedom lost in the construction of the index. All regressions are weighted by the share of hours worked by each group
in 1980. Standard errors robust to heteroskedasticity are reported in parentheses.
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TABLE 5: TASK DISPLACEMENT AND CHANGES IN REAL HOURLY WAGES—CONTROLLING FOR OTHER TRENDS, 1980-2016.

DEPENDENT VARIABLE: CHANGE IN WAGES 1980-2016

OLS ESTIMATES IV ESTIMATES
CHINESE’ DECLINE IN RiIsING K /L RisiNG TFP By CHINESE? DECLINE IN RiIsING K /L RisiNg TFP BY
IMPORTS UNIONIZATION RATIO BY IMPORTS UNIONIZATION RATIO BY
INDUSTRY INDUSTRY
COMPETITION RATES INDUSTRY COMPETITION RATES INDUSTRY
) 2 ®3) 4) (5) (6) Q) 8)
PANEL A. CONTROLLING FOR MAIN EFFECT OF OTHER SHOCKS
Task displacement -1.259 -1.308 -1.306 -1.314 -1.235 -1.277 -1.274 -1.285
ask dispiaceme (0.203) (0.219) (0.189) (0.187) (0.203) (0.210) (0.193) (0.189)
Effect of other shocks by industr 0.012 0.017 0.014 -0.042 0.012 -0.032 0.015 -0.031
v v (0.013) (0.841) (0.078) (0.371) (0.012) (0.821) (0.078) (0.367)
S'haro variance explained by task 0.53 0.55 0.55 0.55 0.52 0.54 0.53 0.54
displacement
R-squared 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.84
First-stage F 851.32 1126.35 883.48 952.66
Observations 500 500 500 500 500 500 500 500

PANEL B. CONTROLLING FOR EFFECTS ON WORKERS IN ROUTINE JOBS

Task displacement -1.312 -1.629 -1.128 -1.299 -1.285 -1.580 -1.055 -1.267
(0.184) (0.451) (0.221) (0.199) (0.185) (0.523) (0.264) (0.208)
Effect of other shocks on routine 0.001 0.678 -0.049 -0.035 0.001 0.601 -0.059 -0.044
jobs (0.006) (0.806) (0.054) (0.196) (0.006) (0.899) (0.059) (0.197)
S'hare variance explained by task 0.55 0.68 047 0.54 0.54 0.66 0.44 0.53
displacement
R-squared 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.84
First-stage F 929.19 224.85 362.42 686.25
Observations 500 500 500 500 500 500 500 500

Notes: This table presents estimates of the relationship between task displacement and the change in real wages across 500 demographic groups controlling for trade
in final goods, declining unionization rates, other forms of capital investments, and other technologies leading to productivity growth in an industry. These groups are
defined by gender, education, age, race, and native/immigrant status. The dependent variable is the change in real wages for each group from 1980 to 2016. In Panel A,
we control for the main effect of these shocks on workers in exposed industries. In Panel B, we allow these shocks to have a differential impact on workers in routine jobs
in exposed industries. Columns 1-4 report OLS estimates. Columns 5-8 report IV estimates using our index of automation to instrument task displacement. Besides
the covariates reported in the table, all specifications control for industry shifters, baseline wage share in manufacturing, and dummies for education (for no high school
degree, some college, college degree and postgraduate degree) and gender. When using our index of automation as an instrument, we report first-stage F statistics that
are adjusted for the degrees of freedom lost in the construction of the index. All regressions are weighted by the share of hours worked by each group in 1980. Standard
errors robust to heteroskedasticity are reported in parentheses.
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TABLE 6: TASK DISPLACEMENT AND CHANGES IN REAL HOURLY WAGES—CONTROLLING FOR CHANGES IN MARKUPS AND INDUSTRY CON-
CENTRATION, 1980-2016.

DEPENDENT VARIABLE: CHANGE IN WAGES 1980-2016

OLS ESTIMATES

IV ESTIMATES

RISING SALES

MARKUPS FROM

MARKUPS FROM

MARKUPS FROM

RISING SALES

MARKUPS FROM

MARKUPS FROM

MARKUPS FROM

CONCENTRATION ACCOUNTING MATERIALS DLEU (2020) CONCENTRATION ACCOUNTING MATERIALS DLEU (2020)
APPROACH SHARE APPROACH SHARE
(1) (2) 3) (4) (5) (6) (7) (3)
PANEL A. CONTROLLING FOR MAIN EFFECT OF MARKUPS AND CONCENTRATION
Task displacement -1.368 -1.315 -1.417 -1.314 -1.339 -1.283 -1.365 -1.286
(0.178) (0.204) (0.204) (0.183) (0.186) (0.204) (0.205) (0.187)
Exposure to rising markups or 1.874 0.261 -0.767 -0.670 1.835 0.211 -0.721 -0.663
concentration (1.429) (1.442) (0.425) (1.005) (1.433) (1.419) (0.417) (1.000)
Share variance explained by:
- task displacement 0.57 0.55 0.59 0.55 0.56 0.54 0.57 0.54
- markups/concetration 0.04 -0.00 -0.07 0.01 0.04 -0.00 -0.07 0.01
R-squared 0.84 0.84 0.84 0.84 0.84 0.84 0.84 0.84
First-stage F 747 798 704 784
Observations 500 500 500 500 500 500 500 500
PANEL B. NET OUT MARKUPS FROM CONSTRUCTION OF TASK DISPLACEMENT
Task displacement -1.738 -1.712 -1.122 -1.323 -1.809 -1.759 -1.090 -1.177
(0.223) (0.238) (0.149) (0.161) (0.257) (0.277) (0.164) (0.151)
Exposure to rising markups or 0.694 -0.684 -2.089 -2.127 0.721 -0.654 -2.016 -1.930
concentration (1.503) (1.397) (0.528) (0.748) (1.482) (1.377) (0.535) (0.794)
Share variance explained by:
- task displacement 0.57 0.56 0.54 0.50 0.60 0.58 0.53 0.44
- markups/concetration 0.02 0.01 -0.19 0.03 0.02 0.01 -0.19 0.03
R-squared 0.83 0.83 0.85 0.86 0.83 0.83 0.85 0.86
First-stage F 471 405 301 197
Observations 500 500 500 500 500 500 500 500

Notes: This table presents estimates of the relationship between task displacement and the change in real wages across 500 demographic groups controlling for changes
in market structure and markups. These groups are defined by gender, education, age, race, and native/immigrant status. The dependent variable is the change in real
wages for each group from 1980 to 2016. In Panel A, we control for groups’ specialization in industries with changes in market structure leading to higher markups. In
column 1, we proxy changes in market structure by rising sales concentration in the industry. In columns 2—4, we directly control for changes in markups. These are
computed as the ratio of revenue to costs in column 2, the inverse of the materials’ share in gross output in column 3, and markups estimated using a production function
approach as in De Loecker, Eeckhout and Unger (2020) in column 4. In Panel B, we also subtract the percent increase in markups from the percent decline in the labor
share when computing our measure of task displacement (using the accounting markup in columns 1 and 5). Columns 1-4 report OLS estimates. Columns 5-8 report
IV estimates using our index of automation to instrument task displacement. Besides the covariates reported in the table, all specifications control for industry shifters,
baseline wage shares in manufacturing, and d