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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.

e 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
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 The most popular explanation for these changes is based on skill-biased
technological change (SBTC).

e According to this framework, the demand for different types of workers comes
from an aggregate production function of the form F(AyH, A, L), where H and
L are employment levels of high-skill and low-skill workers, and Ay and A4;
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 thanin A;, provided that F has an elasticity of
substitution greater than one).
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* 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 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.

* 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.
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Figure 2: Relationships 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).
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* 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 workers 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 productivity growth despite rapid
automation are not puzzles within this framework.
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* Second, we derive a simple equation linking wage changes of a demographic
group to the task displacement it experiences, which forms the basis of our
reduced-form analysis.

e 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.
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* Qur work contributes to various literatures.

* The firstis 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.
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 The second is the literature exploring the effects of lower equipment and
computer prices on wage inequality through capital-skill complementarity.

e 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.
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* 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.

e 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.
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* 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.
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2. Conceptual Framework: Tasks, Wages,

and Inequality




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,

A
1 A-1 A-1
y=<Mj:r (M-y(x)) 2 'dx> ,

where x indexes tasks.
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* 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 (whereg e G ={1,2,...,G}):

y() = Ai - P () kG + ) Ag g () - £5(0).

gey

* Here, £;(x) denotes the amount of labor of type g allocated to task x, while
k(x) is the amount of capital allocated to task x.

* Inaddition, Ay and the A,'s represent standard factor-augmenting
technologies, which make factors uniformly more productive at all tasks.
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* More novel and important for our purposes, productivity also has a task-
specific component, represented by the functions ¥, (x) and {1/Jg (x)}geg,

which determine comparative advantage and specialization patterns.

* Task-specific productivity is zero for factors that cannot perform the relevant
task.
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* 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- L (k()/q(0) - dx.

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

e To formalize this notion, we define a critical object for the rest of our analysis:
Jg, 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 asupply of labor € = (4,45, ..., €¢), a market equilibrium is given by
wages w = (wrq, W, ..., W¢), capital production decisions k(x), and an
allocation of tasks to factors {7}, 73, ..., I }, such that:

i.  The allocation of tasks to factors minimizes costs.
ii. The choice of capital maximizes net output.

iii. The markets for capital and different types of labor clear.

* Throughout, we set the final good as the numeraire, so that the 1 's
correspond to real wages and the real user cost of capital is R(x) = 1/q(x).
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* Task shares: Cost minimization implies that the sets of tasks allocated to
factors satisfy:

( X: ' < ) forj < g; \
1:bg(x) ) Ag 1/J](x) ) Aj ,
= al’ < ad - forj > |
Do) Ay ;0 A ) () A T
T = {x: . < ) for allj}
Yr(x) - q(x) - A — (%) - 4;
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* Given an allocation of tasks to factors, we define:

1
I (w,¥) = W Yy(x)* 1. dx and
Tg

1 -
e ®) = 37 | (@) - q00)"" - dx

* The quantities I'; and I, 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 J; and J, and thus on wages, factor-
augmenting technologies and task productivities.

 Hence we write them as functions of the vectors of wages w and technology

Y = ({wk(x),tpg (x)}xe:r’A"’ {Ag}geg)’ but will omit this dependence when it
causes no confusion.

5



* 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 A;}_l - [, < 1) and assume
throughout that it is satisfied.
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* Proposition 1 (Equilibrium) There exists a unique equilibrium. In this
equilibrium, output, wages, and factor shares can be expressed as functions of

task shares:
o1
-1

(1) -y=(1—Aﬁ_1-l"; )\A-(ZFJ‘ (~1 f{,,)AAI) )

9eG
1
2 wo = L) AT TR for all
( ) Uy = (]— . g . g fO? (Ll q € g.
‘g
(3) boahry,
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* 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
1/2 for standard reasons) and the factor-augmenting technology, A, raised to

the power (1 — 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[}'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.
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* The effects of technology: Our conceptual framework clarifies that different
types of technologies have distinct impacts on wages, productivity, and output.

* We now discuss the effects of three types of technologies.
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1. Factor augmenting: higher A, or Ay 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).
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2. Productivity deepening: increases in Y, (x) for x € J; orin Y (x)
for x € T),—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.
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3. Task displacement: increases in Y (x) for x € J;—which therefore lead to
automation and a reallocation of tasks away from workers toward capital.

*  Well-known examples of technologies 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.
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* 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};'s and I

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.
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Figure 3: The direct effects of technology and ripple effects
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* 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., Y4(x) > 0
only if 1 (x) = 0 forall g" # g).

2. There exist ) > 0 and q > 0 such that Y, (x) > Y and q(x) > q for all
x €8 = {x:y,(x) > 0}
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* Inthe 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 d In ngeep > 0 denote the direct effect of productivity
deepening (for capital or some types of labor) on the task share of group g;

and dIn ngISp denote the direct displacement effect experienced by group g

due to automation (i.e., because capital productivity Y, (x) increases at tasks
previously performed by this group).
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* These direct effects can be expressed as follows:

-1
dInT deep J lpg() -dInyg(x)dx

9

dInT dlsp j g ()™ 1dx/Mj g (x)* 1dx,

where D, € T is the subset of tasks in which, after the technological change,
capital outperforms workers from group g (as shown in the right panel of
Figure 3).
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* Finally, we define
— 1 A-1 d 1 /'l—ld
Mg =37 ), e mgCOdx /7 | g0
g g

as the average cost savings from producing the tasks in D, with the now more
cost effective capital.

* In this expression, 7, (x) is the cost saving of automating task x previously
performed by workers group g.
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Proposition 2 (Technology Effects) Suppose Assumption 1 holds, so that there
are no ripple 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

A-1 A-1 1 .
dIn Ay + = —d InTdep — 1dIn e,

dInw, :Xd Iny+

(unTFP:zj%ﬂ@unAg+dmrf@)+§f(dhuu+dhﬂg¢@)+Ej%admrfw-

9eG geg

1 |
dlns™ =(A-1) - (dlnAk ~ dlnfgeep ) v zgsg -dlnf;pr. (I+(A=1)-7,),
ge

dlny = . (d In TFP+ s™ -dIn .S‘K) :

1 .S‘K
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 The impact of factor-augmenting technologies on TFP can be computed from
(5)as XyegSg - dInAy + s - dInAy.

e 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 SgL%, where Sj is the share of skilled labor in GDP.

» Likewise, a 1% increase in the productivity of capital at all tasks leads to an
increase in TFP of sX%.

* Thus, relative to their modest effects on the wage structure (especially for

values of A close to 1), factor-augmenting technologies have large productivity
effects.
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* 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 d In ngISp in the proposition.

* The impact of this type of technology on wages in (4) becomes

1 1 disp
idlny—idlan :
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* 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.

e Thisis also in stark contrast to what one would get from factor-augmenting
technologies, whose impact on factor shares depends on whether A; 1(with

no ripple effects, is also the elasticity of substitution between capital and
labor).
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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 € 7 = {1,2, ..., I }.

* OQutputinindustry i is produced by combining the tasks in some set 7;, with
measure M;, using a CES aggregator with elasticity A = 0:

1 A-1 A-1
Vi = i'<ﬁ (M; - y(x)) 'dx> ,
i )7,

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

* As before, tasks, Jgi denotes the set of tasks in industry i allocated to workers

of type g and J;; denotes those allocated to capital.
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* Likewise, we define industry-level task shares, I';; and I}, as:

1 1 _
Toioo W) =7 | (M s T, W) = 3 | (@) - q00)" -
LJgi L ki

* 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 = (py, P2, ..., P;) is the vector of industry prices.

* The next proposition generalizes Proposition 1 to this environment and
characterizes the equilibrium in terms of task shares.
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* 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:

i Y 2 Al 1% A-1 )
(b) Wy = (— . ;nilg . Z 5, (p) . (_»43'_})3') . Tgi
9

i€l
1 . . . ﬁ
(9) P (%\l Thi+ Y wg - Ay 'rgf)
A4 9€G
(10) 1= si (p).
i€l

0



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 environment.

* 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.
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» Task displacement and wage structure: As before, denote the effects
productivity deepening and automation on task shares in industry i by

d 1n r9€ep

gi and d In ngilsp’ respectively.
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« Differentiating Equation (8) and using Assumption 1, we obtain a generalization

of (4):
1 A-1 |
(11) a’.hl -u.?g :—d hl Y + d_ lll 44(; + Z W‘E . ([ 111 I*dt?ep
A A L 1€l . gt
1 i ) | .,
+ 3 EEZEF.;J; : (d.hl s? +(1-=A)(dInp; +dIn A.i)) — iéw; _ dlnrjfb,

where a)g", denotes the share of group g's wage income earned in industry i, so
that Y;c; wh = 1.

e Equation (11) shows that wages depend on four terms.
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1. The common expansion of output: d In y, which captures the productivity
effect.

* In our reduced-form regressions, this effect will be absorbed by the
constant term.
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2. Group-specific shifters: % (d InAg + Xies a)g dln I‘de p) which represent
the contribution of factor-augmenting technologies and productivity

deepening.

* Following the SBTC literature, 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:

danity Y dInTeeP | =
1 ndg+ ) wg- Ly = Qedu(g) T Ygender(g) T Vo’

=N

where v, is an additional unobserved component, and Aedu(g) and

Ygender(g) will be absorbed by dummies for education levels and gender.

* Asa further refinement, we allow group-specific shifters to also depend
on baseline group wages, which may proxy for skills as well.
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3. Industry shifters:

1 .
Industry shifterg = IZ w!‘J -(d1n SLY + (1—=A)(dInp; +dInA;)),

1€J

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 transformation, or the uneven effects of automation
in some sectors).

* In our reduced-form regressions, 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.
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4. Task displacement:

Task displacement, = z a)é -dIn ngilsp.

N)

* 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 our model is that groups
exposed to task 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.
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* 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:

e 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.
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* 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.
e 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.
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» 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, = z wh - (wgi/wi) - (—dInsp).
ie7

* This measure comprises three terms: (1) a group's exposure to different
industries, a)é, which is given by the share of wages earned by workers of
group g in industry i; (2) the percent decline in the labor share, —d In Sl-L,
which in our framework is tightly linked to automation in industry i; (3)
a)gi/a)f, which captures the relative specialization of group g in industry i'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.
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e Our second strategy uses direct measures of automation technologies (and
offshoring):

Task displacement due to automation, = wt - (wk /owl) - automation in industry;.
13 p g g gi/ Wi Vi
i€J

* 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 displacement based on labor share
declines, which enables us to compare coefficient estimates across
specifications.
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3. Data, Measurement, and Descriptive

Patterns




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.

 We complement these industry data with proxies of the adoption of
automation technologies, 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 Federation of
Robotics (IFR).

* 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.
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3.2 Task Displacement and Changes in the

Labor Share across Industries




* Figure 4 reveals considerable variation in task displacement across industries,
with the largest levels of task displacement seen in mining, chemical products,
petroleum, car manufacturing, and computers and electronics.

* 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.

e This is further confirmed in Figure 5, where we see a significant positive

association between three measures of automation and industry task
displacement.
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Figure 5: Relationship between automation technologies and task

displacement across industries

A. Industry task displacement (%), 1987-2016

B. Industry task displacement (%), 1987-2016

C. Industry task displacement (%), 1987-2016

@ B 2
21 2 2 1
Chemicals Chemicals Chemicals
F f F
Metals “Motor ve Motor vehicles
_-/--
8 e S 8
.-’/

“Comp. services ~ _— Comp. services
I —— S : S

;getan’/-/“/ Plastics Peidfes Plastics
ede— e - =R .

_Restaurants urants (Res
o JCProf. services o Prof. services = Prof. services

W L @
=N = =
= AgricultureApparel o | CAgridnnaes! o | Agripaie

; 1' 7 . : 3 5 ; 0 ; % @ o

Log of one plus adjusted penetration Change in share of software Component driven
of robots and specialized equipment by automation

62



* The industry-level variation in addition provides support for Assumption 2.

* |n 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.
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Figure 6: Relationship between task displacement and the decline of

routine jobs across industries

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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3.3 Task Displacement and Wages across

Demographic Groups




* We now present descriptive statistics for our measure of task displacement at
the level of demographic 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)).
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Figure 7: Task displacement across 500 demographic groups
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* 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 fortunes of some demographic groups.

e 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.
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Figure 8: Reduced-form relationship between task displacement and

real wage changes

A. Change in hourly wages, 1980-2016
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* Figure 8—like Figure 7—identifies different education levels, highlighting that
task displacement 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, Figure 9 displays average task displacement and average real wage
change by gender and education.

* |t 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.
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4. Reduced-Form Evidence of the Effects of

Task Displacement




4.1 Baseline OLS Results




* Table 1 presents estimates from an empirical analogue of Equation (11):

(14) Alnwy, = % - Task displacement, + ° - Industry shifter; + Aedu(g) T Ygender(g) + vy.

* Here g indexes our 500 demographic groups, and A In w, 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.

* Asin 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.
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Table 1: Task Displacement and Changes in Real Hourly Wages, 1980-

2016

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)

Task displacement -1.598 -1.323 -1.307 -1.659

P (0.094) (0.158) (0.188) (0.444)

e 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)
Syarc 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 % %

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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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.
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Table 2: Estimates Instrumenting Task Displacement with Automation

and Offshoring Measures

DEPENDENT VARIABLE: CHANGE IN WAGES 1980-2016

INSTRUMENT: RosoT APR SPECIALIZED SOFTWARE Roepor APR MACHINERY AND COMBINED OFFSHORING
MACHINERY AND SOFTWARE SOFTWARE MEASURE
(1) (2) (3) (4) (5) (6) (7)
PaneEL A. REDUCED-FORM ESTIMATES

; . . . -2.014 -2.029
Routine at industries adopting robots (0.451) (0.430)

Routine at industries adopting specialized (.96 -1.352
machinery (0.430) (0.315)

; . . . . -4.076 -4.007 -4.645
Routine at industries adopting software (0.823) (0.880) (0.918)

; L . -1.334
Routine at automating industries o

) (0.210)

; . . -2.243
Routine at offshoring industries (1.000)
Share variance explained by task displacement 0.30 0.16 017 0.47 0.42 0.52 0.09
R-squared 0.79 0.77 (.80 0.83 0.82 0.83 0.76
Observations 500 500 500 500 500 500 500

PANEL B. IV ESTIMATES
Task displacement :L.?lﬁ -0.804 -1.480 -1.345 -_l.?'.fj -.l.EF.fJ_ -[_ZI.‘.i'..'i_
(0.246) (0.317) (0.357) (0.214) (0.184) (0.193) (0.200)
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 095.00 44.08 67.40 43092 831.72 THH.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 :L 265 -0.186 -2.951 -2.075 -1.425 -LGTT -2.494
- - (0.830) (0.934) (1.003) (0.534) (0.462) (0.466) (0.714)
Exposure to industry labor share decline ,E}';}[]? -1.656 0857 .103 362 U410 0.063
: (0.913) (1.558) (1.346) (0.792) (0.743) (0.636) (0.9549)

Relative specialization in routine jobs 'E}'_l:}l ' 0165 0269 0137 0.037 0.075 0201
e ) T (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 a3.m2 5.46 32.80 220.90 156.33 23.71
Observations 500 500 500 500 a0 500 500
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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.
* |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.
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Table 3: Task Displacement vs. SBTC, 1980-2016

DEPENDENT VARIABLE: CHANGE IN REAL WAGES 1980-2016

SBTC BY EDUCATION LEVEL AvLLowinG FOR SBTC BY WAGE 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 eollege 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 _]_:3.[3?\ ~1.279 _.I'UQS '—E].D[}E
(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 (.55 0.54 0.43 0.38
R-squared 0.76 0.84 0.84 0.81 (.85 0.84
First-stage F T85.80 562.20
Observations 500 500 500 500 500 500
Other covariates:
Industry shifters and v v Y v Y v

manufacturing share
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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.

* 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 in OLS (columns 1-3) and IV specifications using our

index of automation as instrument (columns 4-6).

e Overall, our task displacement measure explains between 15% and 36% of the
variation in employment and participation changes over this time period.
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Table 4: Task Displacement and Employment Outcomes, 1980-2016

DEPENDENT VARIABLE: LABOR MARKET OUTCOMES 1930-2016

OLS ESTIMATES

I'V ESTIMATES

(1) (2) (3) (4) (5) (6)
PANEL A. EMPLOYMENT TO POPULATION RATIO
Task displacement —[}.GTG_ —_(].-165 _—IIJ.TSS —_(].TE[}_ .—IZJ.-1'2‘2 —[}.TEQ_
(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 T85.80 156.33
Observations 500 500 500 500 500 500
PANEL B. NON-PARTICIPATION RATE
Task displacement (].GBS. IE).‘JH .(].T-T-E D'Tlg. .“'33? (].747.
(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 T785.80 156.33
Observations 500 500 500 500 500 500
Covariates:
Industry shifters, mamifacturing share, P P P P
education and gender dummies N N N N
Exposure to labor share declines and p p

relative specialization in routine jobs
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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.

* See Table 5.
* 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.
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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

“HINESE LCLINE IN siNG KL "HINESE ICLINE IN =G KL
]C.‘::]]I[’]':r]“l]t:l"):i' l']."?[]{:.";[]['ﬁ.-tl'['ll{}.\' H]]:wf';lt-:m J;:.*:I Hsive TED By ](1[E|I>][:IEI'F:I' I'SIEC;.":[I}'..:'I'[]{:?; ”E[?::']']{DJE::'I Rsmic THP By
S S INDUSTRY e . N INDUSTRY
COMPETITION RATES INDUSTRY COMPETITION RATES INDUSTRY
(1) (2 (3) (4) (5) (6) (7) (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
(0.203) (0.219) (0.189]) (0.18T) (0.203) (0.210) (0.193) (0.189)
- . 0012 0.017 0.014 0042 0.012 -0.032 0.015 -0.031
Effect of other shodks by industry [0.013) (0.841) (D.078) (0.371) (0.012) (0.821) (0.078) (0.367)
5.L.-.=|:{' 1.arm1.1_<-r~ explained by task 0.53 0.55 0.55 0.55 0.52 0.54 0.53 0.54
dizplacement
R-squared 0.84 0,54 0.84 0.34 0.54 0.84 0.584 0.84
First-stage F 851.32 1126.35 BR3 48 052 66
Ohservations 500 A00 500 500 500 A00 500 500
PaNEL B. CONTROLLING FOR EFFECTS ON WORKERS IN ROUTINE JOBS
e -1.312 -1.629 -1.128 1200 -1.285 -1.580 -1.055 -1.267
lask displacement (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 0601 -0.059 -0.044
jobs (0.006) (0.806) (0.054) (0.196) (0.006) (0.8040) (0.059) (0.197)
Share variance explained by task 0.55 0.68 04T 0.54 0.54 0.66 0.44 0.53
displacement
R-squared 0.84 0,54 0.84 0.84 0.54 0.84 0.84 0.84
First-stage F 020,10 224 85 36242 686,25
Observations 500 500 00 S 500 500 500 500
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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.

* The findings in this table suggest that our task displacement variable is not
picking up confounding effects of rising markups or concentration.

* OQverall, it appears that it is task displacement rather than rising market power

that has played a defining role in the surge in US wage inequality over the last
four decades.
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Table 6: Task Displacement and Changes in Real Hourly Wages—

Controlling for Changes in Markups and Industry Concentration, 1980-
2016

DEPENDENT VARIABLE: CHANGE IN WAGES 1980-2016

OLS ESTIMATES

IV ESTIMATES

RisING SALES
CONCENTRATION

MARKUPS FROM
ACCOUNTING
APPROACH

MARKUPS FROM

MATERIALS
SHARE

MARKUPS FROM
DLEU {2020)

RISING SaLES
CONCENTRATION

MARKUPS FROM
ACCOUNTING
APPROACH

MARKUPS FROM
MATERIALS
SHARE

MARKUPS FROM

DLEU {2020)

(1) (2) (3 is) (&) 7 (8)
PANEL A. CONTROLLING FOR MAIN EFFECT OF MARKUPS AND CONCENTRATION
Task displacement ~1.368 ~1315 “LAlT LAt 1330 125 -1.286
(0.1T8) (0.204) (0,204 (0.183) [0.186) (0.204) (D187
Exposure to rising markups or 1.874 0.261 0. 767 0670 1.835 0.211 -0.663
coneentration (1.420) (1.442) (0.423) (1.005) (1.433) (1.419) (1.000)
Share variance explained by:
- task displacement 0.57 0.55 0.59 0.55 0.56 0.54 0.54
- markups/concetration 0.104 -0.00 -0.07 0.01 0.04 -0.00 0.01
R-squared 0.84 0.54 0.84 0.84 0.84 0.84 0.54
First-stage F 74T THE T84
Ohservations 500 500 500 500 500 500 500
PaNEL B. NET OUT MARKUPS FROM CONSTRUCTION OF TASK DISPLACEMENT
Task displacement .—I.Tiiﬁ.‘ .—1.712 —l.]f'z. l—ll.ii'lii. .—I.E[]EJ —].TE:H .—.l.i]‘J[]l .—I. 177
(0.223) (D.238) (0.149) {0.161) (0.257) (0.277) (0.164) (0.151)
Exposure to rising markups or 0694 -0.684 -2.089 -2.127 0.721 -0.654 -2.016 -1.930
concentration (1.503) (1.397) (0.528] (0.T48) [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 083 0.83 0.85 0.86 0.83 0.83 0.85 0.56
First-stage F 471 405 301 197
Ohservations 500 500 500 500 500 500 500 500
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4.7 Regional Variation




e Task and industry composition vary greatly across regions and commuting
zones in the US.

e 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.
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Table 7: Task Displacement and Changes in Real Hourly Wages, 1980-

2016: Regional Variation

DEPENDENT VARIABLE: CHANGE IN REAL WAGES 1980-2016

OLS ESTIMATES [V ESTIMATES
(1) (2) (3) (4) (5) (G)
Panen A. VariaTion across US REGIONS
Task displacement -1.601 -1.070 -1.307 -1.650 -1.134 -1.497
(0.111) (0.118) (0.252) (0.107) (0.121) (0.285)
R-squared 0.62 0.81 0.82 (hLG62 &1 0.81
First-stage ' 1548.83 893.34 146.35
Ohservations 2633 2633 2633 2633 2633 2633
Parer B. VariaTion across US REGIONS ABSORBING NATIONAL TRENDS BY GROUP
Task displacement -1.296 -0.263 -0.373 -1.714 -0.412 -0.601
(0.100) (0.082) (0.119) (0.007) (0.112) (0.171)
R-squared 0.88 0.95 0.95 0.26 0.70 0.71
First-stage F 203.03 546.96 15016
Observations 2633 2633 2633 2633 2633 2633
PaneL C. VARIATION ACROSS COMMUTING ZONES
Task displacement -1.234 -0.943 -1.119 -1.385 -1.225 -1.472
(0.146) (0.140) (0.221) (0.189) (0.180) (0.286)
R-squared 0.36 0.56 0.56 0.35 0.55 0.54
First-stage I 558.65 487.63 92,12
Observations 20768 20768 20768 20768 20768 20768
PAnEL D). VARIATION ACROSS COMMUTING ZONES ABSORBING NATIONAL TRENDS BY GROUP
Task displacement -0.76T -0.418 0414 -1.169 -0.522 -0.567
(0.070) (0.065) (0.147) (0.007) (0.061) (0L188)
R-squared 0.71 0.78 0.79 0.10 0.36 0.39
First-stage I 694.53 137.33 60,31
Observations 20768 20768 20768 ATHE 20768 20768
Covariates:
Industry shifters, manufacturing share, P P P P
education and gender dummies N N N N
Exposure to labor share declines and v Y

relative specialization in routine jobs
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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 immigrants, 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 2000-2016, which explore the differential patterns of task
displacement between these sub-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.
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* 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).

e 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).
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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.

e 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.

e Third, although our regressions control for observed industry 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.
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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 L A-1.
s¥ 0,0)-(Arp)*t 3, Jry Ye (O T Hax,

Fg (W, (; LIJ) = Zie? =(; =T

gi

1 L -1
st @.0)-(Arp)*t 3 I, Wi

[ (w, §, W) = Yieg =(; r
i =Lki

which are given by a weighted sum of industry-specific task shares, I'; (or I;),
and also depend on industry shifters, { = ({4, ..., {}).
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To characterize ripple effects, consider any technological change with a direct

effect of z, on the real wage of group g, and denote by 3 the column vector of
Z4's.

» Differentiating (2), we obtain:

(1 _19InT(w,{, tp))‘l
10InT(w,{,¥) A d Inw

dlnw=z+i nio cdlnw = dlnw = <

- 2,
Q)

where 0 InT'(w, {, W) /0 Inw is the G X G Jacobian of the function

Inl'(w,{,¥) = (InT;(w,,¥),Inl,(w,{,¥), ..., InT; (w, {, ¥)) with
respect to the vector of wages wr.

We refer to the G X G matrix ® as the propagation matrix.
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* In the Appendix, we prove that O is well defined and has positive entries.

* Inparticular 8,4, = 0 captures the extent to which workers of type g’ compete
for marginal tasks against workers of type g.

* Second, we show that the row sum of ©, which we label by &4, is always
between 0 and 1.

e Third, the propagation matrix satisfies the following symmetry property:
0
g — % =gy — Qg,g/sgL for any two groups g and g’ (where s is the labor
g

share of group g in output).
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* Finally, the propagation matrix tells us whether different workers are
g—-complements or g—substitutes: an increase in the supply of workers of type
g’ reduces the real wage of type g if and only if Oggr > SgL, ‘ Eg-

* In what follows, we denote row g of the propagation matrix by
G)g = (Hgl: ey HgG)-

* The next proposition characterizes the general equilibrium effects of task
displacement on wages, industry prices, TFP, and output.

* We use d In x to designate the column vector of (d In x4, ..., d In x;) across

groups of workers, and with some abuse of notation, we denote the vector of
industry pricesbydInp = (dInp,,dInp,, ...,dInp;).
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* 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 :
dlnw, =0, - (; ~dlny + ;fﬂ In¢ - Zd In I‘d”p) for all g€ G,

91 Y
dIn(, = ngi : (dlﬂ 5 (P) cdlnp+(A-1)- (1’.111-;,:-1-) for all ge G,

= Jlnp

dlnp; = Z .ﬂé’i . (a’. Inwg —dIn I‘jjﬁp ) «;rg!-_) foralliel,
EY

din TFP=Y" s} (p) Y. sb;-dIn TP - 7y,
i€l geG
dlny =—— - (dln TFP+ s dlnst),
% 1
dlns™ = - = sé’ (dInwg —dlny).
S 9eG
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5.2 Parametrization, Calibration, and

Estimation




* 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, g;, exceeds A. As a result, when we incorporate
ripple effects and task reallocation, the task displacement experienced by
group g in industry i can be expressed as

—dIns; —sf-(1-0;) - (dlnw; —dInR;)
1+(/1—1)°SI:L'7TL' ,

dlSp . R R
(15) dIn I, = (wgi/ ;') -

and the task displacement measure in Equation (12) becomes

Task displacement,
—dInsf —sf-(1-0y) - (dlnw; —dInR;)

= LR /ol -
z“’g (wgi/ @7) 1+ (A —-1)-sf-m
geY

(16)

66



* Industry demand: We use a simple CES demand system across industries:

st =a;-p; "

* Following Buera, Kaboski and Rogerson (2015), we set the elasticity of
substitution between industries ton = 0.2.
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* Propagation matrix: Motivated by the symmetry property of the propagation
matrix described above, we parameterize the extent of competition for tasks
between two demographic groups g and g’ as a function of their distance
(dissimilarity) across n € N dimensions.

* In particular, we assume that

1 /
Oggr = E(Sg — egr) - Sé'r +Yen B f (dgg,) : sgr forall g’ # g and

0,4 = 0 forall g,

where f is a decreasing function of the distance along a given dimension n
between groups g’ and g, denoted here by dgg,.

* The parameter ,, = 0 gives the importance of dimension n in mediating ripple
effects.
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Using this parameterization, the wage effects from Proposition 4 can be
written as:

Eg f
(17) d Inw, _T dlny - X ask displacement
- [h' _ ) Z L f(dn N E f, - Task displacement ; + vy,
g'+g A nel

1
subject to: £, =0 + Z (E(: —zg )+, Bn fdy 4 )) h:;, and G 2 0,

where f is chosen as an inverted sigmoid function of the distance between
two groups.
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 The parameters of this system can be estimated by GMM exploiting the
moment conditions

1 L N L _

E Ug . <1,Z, z f(dg’g,) . Sg/ . Zgl, . z f(dg,g’) . Sgl . Zgl> = O,
9'#g 9'#g

* where 3 is either our measure of task displacement, or alternatively, our

index of automation (so that we only exploit automation-induced changes in
demand).
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* Table 8 provides our estimates 8/ and 8,,/A in Equation (17).

e 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 age X education 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.
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Table 8: Estimates of the Propagation Matrix

DEPENDENT VARIABLE: CHANGE IN WAGES 1980-2016
GMM ESTIMATES GMM UsSING AUTOMATION INDEX

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

Own effect, /A 0.885 0.881 0.818 0.878 0.872 0.800
' (0.047) (0.050) (0.053) (0.048) (0.050) (0.054)
Contribution of ripple effects via 0.362 0.357 0.310 0.366 0.360 0.321
occupational similarity (0.087) (0.090) (0.091) (0.087) (0.091) (0.091)
Contribution of ripple effects via 0.221 0.222 0.363 0.225 0.225 0.366
industry similarity (0.105) (0.105) (0.113) (0.105) (0.105) (0.113)
Contribution of ripple effects via 0.179 0.179 0.170 0.178 0.179 0.167
education—age groups (0.024) (0.024) (0.024) (0.024) (0.024) (0.024)
Observations 500 500 500 500 500 500
Covariates:
Industry shifters v v v v
Manufacturing share v v

Notes: This table presents estimates of the propagation matrix using the parametrization in equation (17). Here, ripple effects are parametrized as functions of the
similarity of groups in terms of their 1980 occupational distribution, industry distribution, and eduecationxage groups. The table reports our estimates of the common
diagonal term # and a summary measure of the strength of ripple effects operating through each of these dimensions, defined by

g g'+g

Contribution of ripple effects 3” ( z Z Fldyyr) - sq - 'rj]-

which equals the average sum of the off diagonal terms of the propagation matrix explained by each dimension of similarity. Estimates and standard errors are obtained
via GMM. Columns 1-3 provide GMM estimates using our measure of task displacement to construct the instruments used in the moment conditions. Columns 4-6
provide GMM estimates using our index of automation to construct the instruments used in the moment conditions. All models are weighted by the share of hours
worked by each group in 1980.
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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.
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Table 9: Results from Quantitative Exercise

MODEL PREDICTION
COMPUTED USING
PropPosiTioN 4

Data FoR
19802016

VARIATION DUE TO
AUTOMATION INDEX

(1) (2) (3)
WAGE sTRUCTURE:
Share wage changes explained:
-due to industry shifts 6.78% 5.72%
-adding direct displacement effects 100.54% 24.21%
—accounting for ripple effects 48.35% 41.10%
Rise in college premium 25.51% 21.82% 18.20%
-part due to direct displacement effect 40.92% 33.01%
Rise in post-college premium 40.42% 24.06% 19.88%
-part due to direct displacement effect 48.04% 39.11%
Change in gender gap 15.37% 1.83%
-part due to direct displacement effect 6.31%
Share with declining wages 53.10% 41.71%
-part due to direct displacement effects 49.61%
Wages for men with no high school B.21% -TAB%

(=) (=]

-part due to direct displacement effects

lages fc i i i SCNOC
Wages for women with no high school
-part due to direct displacement effects

AGGREGATES:
Change in average wages, dInw

Change in GDP per capita, dlny
Change in TFP, dIntfp
Change in lahor share, ds”

Change in K/Y ratio

SECTORAL PATTERNS:
Share manufacturing in GDP

Change in manufacturing wage bill

-13.97%

10.94% 1.24%
6.21%

20.15% 5.71%
70.00%, 23.42%
35% 3.77%
-8 p.p. -11.69 p.p
30.00% 41.93%
-2.80 p.p -0.41 p.p
-35.00% -8.23%

-0.06%

4.61%

18.93%

3.04%
-0.45 p.p

35.15%

-0.43 p.p
-0.98%
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e This information is also displayed in Figure 10, which decomposes the effects
of the various mechanisms via which task displacement affects the wage
structure.

* 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.

i



Figure 10: Contribution of productivity effects, industry shifts, direct

displacement effects, and ripple effects to the predicted change in

A. Productivity effect
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* 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).

8



Figure 11: Direct effects of task displacement compared to general

equilibrium effects after accounting for ripple effects

Direct effects and ripple effects, 1980-2016
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* Asasummary, 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.

e Itis 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.
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Figure 12: Predicted (horizontal axis) vs. observed (vertical axis) wage

changes

Observed and predicted wage change, 1980-2016
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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 workgroups 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.
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* Our reduced-form evidence is based on estimating this equation and reveals a
number of striking 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 regression 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, 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.
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e 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 general equilibrium effects of
task displacement, which can account for the implications of automation
working through productivity gains, ripple effects and changes in industry
composition.

e 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 inequality,

but only small productivity gains—thus providing a possible resolution to a
puzzling feature of US data.
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* 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.

* 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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Appendix




A-1 Proofs of the Results in the Main Text




* Proof of Proposition 1. We first show that an equilibrium exists and is unique.

* The equilibrium of this economy solves the following optimization problem

max y—fr[k(;c}fq(;c})-d;c

1k(z),b1(x),....fa(x) }xeT
biect to: y = (= [ (M) -az) ™
: Jjec 0 - e J: . T " e Y
A U VIV S o)

y(x) = Ap - p(x) - k(x) + ng-lg cpg(x) - ly(x) YreT,
ge

fg:frfg(;c)-df Vg<G.
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* This involves the maximization of a concave objective function subject to a
convex constraint set.

* As a result, this optimization problem is i. unbounded or ii. has a unique
solution (up to a set of measure zero).
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* Suppose the problem is not unbounded (Proposition B-2 in this appendix
provides conditions under which the maximization problem is bounded).

* Let w, be the Lagrange multiplier associated with the constraint for labor of

type g. It follows that the solution to this optimization problem is given by an
allocation of tasks to factors such that

w W g7 1
Tacqx: e < J , — for all ¢’ },
I k Ag-Yg(x) Ay -tYg(x) tr(z)-q(r)- Ax '
r 1 w
TS x:— < 9 . for all

o



* The tie-breaking rule described in footnote 8 then selects a unique equilibrium
allocation.

* This argument shows that, when the maximization problem is bounded, there

is a unique equilibrium, where the task allocation is as described in the main
text.

* In what follows, we characterize the equilibrium as a function of this unique
task allocation.
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e The demand for task x is

(A-1) () =y p(e) ™

where p(x) is this task's price.

* Given the allocation of tasks {T, T, ..., T}, this price is

1

if e T
Ap-q(x) - vr(x) sE Tk
(A-2) p(z) = 1
wg |
A ol (N ifreT,.
Ag - g(x) q

5



* This implies that the demand for capital and labor at the task level is given by:

oy () ()M e,
() fa() =
0 if ©¢ 7.
' %-y-(ﬂg-gsg(f))*—‘--w;’* if £ e 7,
Lo(x) =4
0 if ©¢7,.
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* To derive Equation (2), we integrate over the demand for labor across tasks in
the previous expression and rearrange to obtain:

A1

1
1 , _ _ y \* AL 1 , _ A
f :f_.. . _A_ T ’}‘l.-!)i.d-: o= | = A . —f /¥ -'Ald;'.
1= I M Y- (Ag-tg(x)) Wy 4L = Wy 2 g M T, y(x) L
* Equation (1) follows by noting that by definition gross output y is

y= [ y(@)p(x)ds.

o



* Substituting for y(x) from Equation (A-1), we obtain the ideal price condition:

|
(A-3) 1= — fr p(z) .

e Substituting for the equilibrium task prices from equation (A-2) yields

1—A*—1-(if( (z) -1 {I’))}L_ldi‘)+z Yo H. if o ()
SOk M S R 4, M Jr, P )

9¢G
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* Next substituting for w, from Equation (2), we can rewrite this equation in
terms of task shares as

1 , A
1:A§—l-rk+zrg-(éy4€) .
geG ‘gt tg

* Rearranging this equation and using the fact that A;}_lf‘k < 1yields the
expression for output in Equation (1).
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* Finally, we can compute factor shares as:

-1 _ -1
sK = i \/;1 y-p(;{r)l Ad;ﬂ:/y: ;ii ‘-1}..
K

« Because of constant-returns to scale, we must have st = 1 — s¥,

* To conclude, note that in any competitive equilibrium we have s*, s € [0,1],
and so

1> r’-‘li_l ']-_.ﬂ‘r

as claimed in the main text. m
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* Proof of Proposition 2. We now characterize the effects of a small change in
technology.

* Asin the text, we use ibg C T, to denote the set of tasks that used to be
performed by group g and where, after the technological change, capital now
outperforms labor.

* The definitions of d In ngeep and d In nglSp in the main text imply

(A-4) dInTy=(A-1)dInT)*P - dInT9"P.
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* To characterize the effects of technology on wages, we first log-differentiate
Equation (2):

}‘; ldln_f{g+%dlnl_'g.

dlnwg = %dlny +

* Plugging the formula for d In T in (A-4) yields the expression for wage changes
in (4).
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* Let us next define changes in TFP, which are:
dInTFP =dlny - s - dInk,

where k = ka k(x)/q(x)dx.

* This definition corresponds to gross TFP, defined as the change in gross output
that is not explain by the change in capital and intermediate inputs, k.

e This can also be written in its dual representation as:

(A-5) dInTFP = Zsjdmuug—f s®(z)dIn g(z)dz,
geG Tie

« where s¥(x) denotes the share of capital k(x) in gross output and SgL denote
the share of labor of type g in gross output.
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* To obtain this expression, note that because of constant returns to scale,
Euler's theorem implies

y= Y wely+ ]'?‘1 k(x)/q(x)dzr.

geg

* For any small change in technology, we have

dlny = Zgjdlmwﬁ Sf"(-,a;)dlna-(i-.)di-.—fr s®(zx)dIng(z)dx

9¢G K K

1 New ;¢ new ¢ .
> fpﬂ(ﬂ- (x)/q"" (x))dx.

geg

where the k"*W(x) and g"**W(x) denote the new capital usage and prices in
the newly-automated tasks.
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* Rearranging, we have

dlny—(fr oK (z)dIn k(. )d.L+—Zf (K" () /g™ (x ))di)

k HEQ

= Z sgL ~dInwg - j?-l- SK(I)dlnq(I)dI,

geG
* Finally, using the fact that

Kk = Lk Sﬁ(i)dlna(l d.L+—Zf (K" () /g™ () )d,

Y Y gegG

we obtain the dual representation of TFP.
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 We now return to determining the contribution of different types of
technologies to TFP.

* For this, we use the ideal price index condition in Equation (A-3), which we can
rewrite as

1 w,\' (1 .
L=y (M ﬁfﬂl) """""*“(I"})A_ldi) "2, (A_g) (U ﬁ %(I)A_ldr)'

gely g
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* Log-differentiating this equation following an arbitrary change in technology
and capital prices, we obtain:

(A-6) Z 55 dlnwg - ];_ SK{:I-')dhl q(x)dx =si. (dln Ap+dln f’ieep)
geG k

+ 3 sk (dln Ay + dInT5™P)

1| g s
+ lsf‘h dIn TP - Y sk dinrder |,
9<G

e Let us define the last line as

1

A=
A-1

K disp L disp
S dhl]__k Z,;:;Sg dlnfg ],
gek

which represents the reallocation of tasks from labor to capital.

e



* To develop this expression further, let us recall the definition of the cost-saving
gains from automating task x:

)= : A - q(x) - () o
mg(x) = A-1 !(ug Ay -by(z) ) — 1] > 0.

* Averaging this across tasks, we obtain the average cost-saving gains from
automating tasks in fbg (which was also defined in the text):

= ! SR C SO 1 A=l g
Tg = M fﬂgﬁg(i) : Lg(.i.)d_a./ﬂf jl;ﬂ bg(x) .
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e Using these definitions, A can be rewritten as

qeG

g
1-A
1 w , _
geg ¥ o g
” 1-A
-1 o[ ) g ()
geG -~ g
1-XA 1
= 3 = b (;Lt))*_ld;tr)-?r
2(5) (G o)

T

1-A
A= Z -1 [AA : _U'f (g(x) - Pr(x ))A Ldr - (z_g) %Lﬂ -u',rg(;af)}‘_ldif]



1-1
° 1 L _ E . l A-1 .
Next, using the fact that s; = (Ag) (M ng PYg(x) dx), we can rewrite A

as:

1 f . A—1
| Yelx) T dr
: — Z Sé . .'.1.{ Dg

T -WQZZSj-dIHPgigp-ﬂg.
3 | AAa=1 g 7
i frg (z)dr 4G

* Substituting this expression for A into Equation (A-6) and using the dual
representation of TFP in Equation (A-5), we obtain the TFP expressions in
Equation (5) as desired.
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* The output equation, (7), can be obtained from the TFP equation, (5).
* Note that by definition we have

dlny=dInTFP + s - dInk.

* Moreover, k = s¥ -y, which implies

dink = dlns" + dIny.

5



 Combining these two equations yields

1
1—sK
1

1-s

(dInTFP + s . dlns™)

dlny =

dnk = (dInTFP + dIns™).

K

* To obtain the factor share changes, note that
dns® = (A-1)-(dIn Ay +dInT) + dIn TP,

which follows from the fact that sX = Aﬁ_l - T
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* We can rewrite this expression as follows:

dins® =(A-1 dlnAHdlnrd“P L
I

geG

~1)-A+ Y sk -dlnrgiﬁp)

~(A-1)- (dlnAHdlnrd“P) % Y sk dIn T3P (14 (A-1) 7).
gel

* which yields Equation (6) in the proposition. =
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* Proof of Proposition 3. We first show that an equilibrium exists and is unique.

* Denote the aggregator of industry output by H(y4, ..., y;). The equilibrium of
this economy solves the following optimization problem

max  Hoou) - [ (k@)/a()) -de

subject to: y; = (% fr{ﬂ-f-y(;c)}% -d;r:)’h_l Viel,

u(z) = A Un(z) - k(z) + ¥ Ag -y (x) Ly(x) VzeT,

geG

Eg:frfg(;r)vd;c vgeG.
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e This involves the maximization of a concave objective function subject to a
convex constraint set.

* As a result, this optimization problem is i. unbounded or ii. has a unique
solution (up to a set of measure zero).

* Suppose the problem is not unbounded (Proposition B-2 in this appendix
* provides conditions under which the maximization problem is bounded).

* Letaw, be the Lagrange multiplier associated with the constraint for labor of
type g.
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* It follows that the solution is given by an allocation of tasks to factors such that

10, ETI, 1
Tgi€{x: J < g for all ¢’ },
! { Agi - tg(x) ~ Agii- g () Ur(x) - g) - Aps }
1 wg
Tii €1z < for all g
* { Up(x) - q(x)- "Lk: Agi - Ug(x ) }

* The tie-breaking rule described in footnote 8 then selects a unique equilibrium
allocation.

* This argument shows that, when the maximization problem is bounded, there
is a unique equilibrium, where the task allocation is as described in the main
text.

* In what follows, we characterize the equilibrium as a function of this unique

task allocation (we provide a sufficient condition for finite output at the end of
the proof).

=



e The demand for task x in sector i is

1

=3 Vs (@) P07 (A

y(x)

* Given {Jy;, T34, -, T5i}, the price of task x is

1
: if ¢ Ty
A 4(0) - a(@)
p(l‘) = .
u—fg if = eTg,.
| Ag ()

e



 The demand for capital and labor at task x can be written as

ﬁ cy-st (p)- (Apa)™ - (A q(z) - Up(x) ifze Ty,
k(z)/a(z) =
’ it ¢ T,
%ﬂ yesi () (Aip) ™ (Ag g ()M w i xeT,
lg() =1
U if = ¢ 7.
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* Integrating these demands, as in the proof of Proposition 1, and rearranging,
we have

1 g -_— ] — —
b=3 [ =y sl (0)- (Ap) " (A - g (0)) i - d
icd = Tar =M1

1 1
ap & Al X
:,u.g:(fi) A (Zs (p)- (A;p)1- W f by () ld.L) _,
q icl -

which thus establishes Equation (8) as desired.
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* To derive the industry price index in Equation (9), we observe that

1
1 1 -

iU = p(x)-y(x)de = p; = — f T l_kd-:) :

piovi= [ o)y =pi= (57 [ o) s

* Using the allocation of tasks, {7}, 73, ---, T;}, this implies

1

___l L -y 1A ..)1_)‘
bi __-‘f 12 (ﬂ.frj, flz p(i.) dlt.
1

_1 [ 1 IUSTRPIRAVEE I IR S DU ES NP B (L AR -
—I(AL(EAE(QUJH(-L)) d-*') Z g Ag (ﬂ'ir:' ];;ﬁ -9( ) d)) )

geG

which yields Equation (10) in the proposition.
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* Finally, because industry shares must add up to 1, Equation (10) holds,
completing the proof.

e Although not reported, factor shares can be computed as

(A-T) st =AY (p) - (Aup) M T
el
(A-8) sh=1-A70 Y sV (p) - (Ap)™ ! T
iel
|

5



* Proof of Proposition 4. We first provide a proof for the existence and some of
the properties of the propagation matrix 0.

e Define the matrix
~ lﬂln?(w,g,@)

Y¥=1
A d1Inw

* This matrix satisfies several properties.

* First, because arg/awg, > 0, all of its off-diagonal entries are negative.

* This implies that ); is a Z-matrix.
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* Second, ); has a positive dominant diagonal.

* This follows from the fact that

19Inl
Ygg=1-— 950
99 A ﬁhlwg g
and
1 dlnl’
Yoa — Xog|=1-) — ZEEN

aq qq i~

gzi:g 7 AOInwg
0 In Fg

* This last inequality follows from the fact that », , < 0, which is true

0 Inw

gl
since when all wage rise by the same amount, workers lose tasks to capital but
do not experience task reallocation among them.

e



* Third, all eigenvalues of ), have a real part that exceeds 1.

* This follows from an application of Gershgorin circle theorem, which states
that for each eigenvalue ¢ pf )}, we can find a dimension g such that

le = Xggl| < Z Xgg’]-
g'#g

e This inequality requires that

R(e) €| Lgg - Z Eggrls Xgg + Z Xge| |-
9'=g g'zg

* Because }.;,— ngig | Xgg:1 > 1forall g, as shown above, all eigenvalues of
Y have a real part that is greater than 1.

i



* Fourth, since ), has negative off diagonal elements and all of its eigenvalues
have a positive real part, we can conclude that it is an M—-matrix.

* Because ) is an M-matrix, its inverse © exists and has positive and real entries,

Hgg, > 0, as desired.

* Moreover, each eigenvalue of 0 has a real part that is positive and less than 1.
* Finally, the row and column sums of ® are also less than 1.

* |n particular, denote by 95 the sum of the elements of row g of 0.

* Then:

O-(1,1,..., 1), =(6;.65,....60) =X (6].65,....65) =(1,1,...,1).
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* This equality requires that
Z ~gg'

* Now, suppose without loss of generality, that 8] > 63 > --- > 8/ > 0 (all rows
must have strictly positive sums, since 6,4, = 0 for all g’ would imply that 0 is

singular, contradicting the fact that all its eigenvalues have real parts in (0,1)).

e We have
Yi1-07 + Z Elgwﬁ‘;;: 1,
E |

which implies that

dInl’y o < 1+l dInl'y

10InT"y -
(l— g < — ..
}u 721 d In Wy A o] dln Wer

i 0 =1
Adlll-usl) b

e



0 1ln Fl
B
ecause Zg,d

< 0, we can rewrite this inequality as
ln WQ[

dlnl’y

'i"'
. < 1.
dlnug

HT<1+—Z

* Anidentical argument establishes that column sums of @ lie in (0,1).

Having introduced the propagation matrix ®, we are now in a position to

derive the formulas characterizing the effects of technology on wages, sectoral
prices, and TFP.

e



* First, define wge = wy /A4 as the wage per efficiency unit of labor of g
workers.

* Equation (8) then implies

; ( J )% [y(w, ¢ 11!}%
[ : . 'I:| R .
7\ 4,4, g
» Log-differentiating this equation in response to an automation (task-displacing)
technology, we obtain:
19InT,

dInT9™P + — N wy-dInG; +
a4 L wadinGit 35T

1 1

dlnu.';:Idlny— 3 ~dlnw.

ee



Stacking these equations for all groups, we can write:

((dinw¢ \ [ diny\ [ Sigwi-dn¢ \ [ dInT{P ) (dlnw )
dnwj | 1| dlny 1| Yiezwoi-dIng 1 dhll_'gmp 1 dInT d Inwf
RN T AR XL |TAome |
\ dInwg, ) \ dlny ) \ Liezwai-dIng; | \ dlnf"éisp ) \ dInwg, |

e



* We can solve this system of equations as

r( dInwy \ ( dlny \ ( YieT wii - dIn G ) ( dlnf’?ii;p \
dlnwi _ E@_ dlny +l{_j_ Y ieT woi -dIn; _19. dlnf’gmp
\ dinwg ) \ dlny ) \ Siezwei-dIng; ) | dInT%P

which implies

£ 1 1 .
dlnw, = fcﬂny +36ydIn( -6, dln pdise
where
dln sy
dn(y = Z;ug?;-dlnq,; = Zr.ugz- - (Ijs—z(p) +dln p+(A-1) -dlnpg).
il icl dlnp
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e Turning to industry prices, note that these are given by Equation (10).

* By definition, the equilibrium task allocation {7};, 73;, ..., T¢; } solves the cost-
minimization problem:

1

; 1 A-1 1= 4 A1 o
pi = min — VA T+ Y w ATy _
(T TienTa} A ( b ' QEZ(; g g gi
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 The envelope theorem then implies that

dlnpi = Z 552. -dlll'tt-‘g— (Aipi)h 1 )_1Ja 1 dl—ﬂf;:? Z u'l A )_1)-1 1 de]&-p |
9@ )" 1 geG

* since the reallocation of tasks across factors in response to changes in factor

prices has a second-order effect on industry prices.

* Here, the term

L— (ﬁljjr,)’l l ["1)1 . dP‘f;bp Zu'l A f‘li I dr\d]&-p]
956

* is a generalization of the term A in the proof of Proposition 2, and again
corresponds to cost savings from the reallocation of tasks from labor to capital,
but now in industry i.
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« Similarly, we define the industry versions of cost savings at the task level (when
tasks in the set Dy; in industry { previous to perform by factor g are

automated):
. A-1
1 A - q(x) - g ()
=53 [(9 Ag - 1hy(x) o
and average percent cost-saving gains in industry i as

oo L f
T M; Jp

e e[ [ e

g1

i



* Using these definitions, we can write A; as

1-X
1 1 w 1
Ay =(Ap; ) AN f Y- (VL — | 22 _ f b (V1

geG
1-A

~(Ap)" Y o J; e (As:-q(r-}--um(x)ﬁ"‘(E) ()™ | dir

4 M; Jp, A-1 A,

1-A

=(Aipi))*_lz.i-f (“_H) g ()" - mgi () dr

o M; Jp, \ A,

1-A

Z(Aipi))i_lz(ﬂ) (Lf tﬂl‘g(if))*_ld;tr)-"rgi.

AV M; Jo,,

5



e Again as in the proof of Proposition 2, using the fact that

Wy

1-1
_ 1 _
sg; = (Aip)*! (E) ‘ (E ng Py () 1dx), we get

1 .
1-{ [4 ?":‘g(“t)}t_ldi |
Ai =), 55:‘ - 12 - “Tgi = ), 55:‘ -dIn f??p ‘i
geg — f EWQ(-J;)’)‘_ld;E ged
_‘Uri Ty '

which yields the desired formula for d In p; in the proposition.
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* We now turn to TFP.

* As before, we use the dual definition of TFP, which now implies

(A-9) dInTFP = Y sk - dInw,.
geg

* To derive a formula for TFP, first note that given a price vector p, we can define
the cost of producing the final good as c"*(p).

* Moreover, Shephard's lemma implies that

ac" (p) p,
s

st (p) =

pi‘—”

5



e Our choice of numeraire, which implies that the final good has a price of 1,
then implies

1=c"(p).

* Log-differentiating this expression yields

0= Z 5?(1}) -dIn p;
el

=) 5?.(1}) : (Z 55:‘ : (dln-u;g —dln Pg;ﬁp : ﬂgi))

iel qeG

= Z 55 cdlnwg - Z S}F(P) Z '551' *Tgi

qeG icel qeG

5



* Rearranging this expression, and using the dual definition of TFP in Equation
(A-9), yields the formula for the contribution of automation to TFP in the
proposition.

e Turning to output, the primal definition of TFP implies

dlny=dInTFP + s* . dInk.

* Moreoverk = sX -y, which implies

dink=dlns® +dlny.

e



 Combining these two equations yields

1
1- sk

1

1-s

diny =

(dInTFP + s* - dIns™)

dlnk =

— (dInTFP +dIns").

* Finally, we provide a derivation for the change in the capital share.

* Recall that the capital share is given by

I—SI{ L 1 L
& dlns :—EZSQ (dInwy —dlny).
v geg

dlns™ = -
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A-2 Additional Figures and Tables




Figure A-1: Task displacement across 500 demographic groups sorted

by their hourly wage in 1980

Baseline task displacement Elasticity of substitution of 0.8 Elasticity of subsfitution of 1.2
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Figure A-2 (first panel): Relationship between task displacement 1987-

2016 and sales concentration

A. Task displacement (%), 1987-2016 B. Conditional on automation measure, 1987-2016
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Figure A-2 (second panel): Relationship between task displacement

1987-2016 and rising

A. Task displacement (%), 1987-2016

B. Conditional on automation measure, 1987-2016
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Figure A-2 (third panel): Relationship between task displacement 1987-

2016 and Chinese import penetration

A. Task displacement (%), 1987-2016

B. Conditional on automation measure, 1987-2016
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Figure A-2 (fourth panel): Relationship between task displacement

1987-2016 and declining unionization

A. Task displacement (%), 1987-2016 B. Conditional on automation measure, 1987-2016
= =
J % -

Chemicals
o Metals Mo ¥
= =l
Comp. gervices Chemicals
R - e 5
etall o — Plastics
= ___..-—--"'F-Eéét-él;;ants 1 &Restaurants [
- Prof. services . " CRetail, ooMghals T o
@ Tﬁ&ﬁ?@ﬁﬁes

) N Plastickorikdtoraschicles )
= Agriculture Apparel s Apparel

T
20

0 10 0 0 10 n
Decline in unionization rate (in p.p), 1983--2016 Decline in unionization rate (in p.p), 1983--2016

5



Table A-1: Determinants of task displacement and labor share declines

across industries, 1987-2016

DEPENDENT VARIABLE: TASK DISPLACEMENT AND LABOR SHARE DECLINES, 1087-2016
(1) (2) (3) (4) () (6) (7) (8)

PANEL A: LABOR SHARE DECLINE, 1987-2016

— ration of robots 0,582 0.341 0.323 0 0383
Adjusted penatralion of robots (0.103) (0.122) (0.115) (0.125) {0.121) (0.157)
Change in share of specialized machinery 1440 1655 1624 N 1611
- HAREE T = shecladized o : (0.301) (0.330) (0.340) (0.365) (0.340)
Change in shs £ softws kR T 3.072 3.489 3.323 3.419 3.489
~hange In share of sollware (1.206) (1.247) (1.206) (1.274) (1.262) (1.210)
- . . . - 0,496
Change in share of imported intermediates P
[0.295)
o ) ~0.008
Change tail index of revenue concentration (0.119)
(0.112)
Percent change in accounting markups ,[]'LF',L
(0.180)
. N . 0,097
Chinese imports penetration o
(0,170}
1.045
Decline in unionization rate l'[]{ .
(0.084)
F-stat tochnology variahles 15.88 21.21 19.07 17.41 18.41 15.85 17.88 11.25
Share variance explained by technology 0.27 0.45 0.50 0.49 0.51 0.49 0.51 0.49
R-squared 0.27 0.50 0.51 0.51 0.54 0.51 0.51
Observations ] 49 ] 49 19 49 49
PanEL B: TASK DISPLACEMENT, 1987-2016
. . 1.298 0.967 0.936 0.957 1.016 0.745
Adjusted penetration of robots
1 ! uhe (0.353) (0.414) (0.395) ( (0.420) (0.533)
Change in share of specialized machinery 3.050 2282 2,238 2101 200l
e i ' - ( (0.509) (0.650) (0.657)
Change in share of software 2043 b1 328 403
B . (1.956) (2.038) (2.073) (1.881)
L ) . L 0.529
Change in share of imported intermediates —
(0.554)
o _ . -0.046
Change tail index of revenue concentration (0.253)
(0.253)
9
Pecrent change in accounting markups ,[]'_M:
(0.327)
L L o -0.003
Chinese imports penetration 0.244)
U424 )
). 28
Decline in unionization rate l"?],
(0.252)
F-stat technology variables 0.35 19.10 15.27 13.50 13.51 11.08 14.65 .52
Share variance explained by technology 0.35 0.35 0.48 0.46 0.48 0.47 0.48 0.42
R-squared 035 0.35 0.48 0.49 0.48 0.49 0.48 0.50
Ohservations 10 49 40 19 40 10 40 40
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Table A-2: Summary statistics for demographic groups by quintiles of

task displacement

LABOR-MARKET QOUTCOMES EDUCATIONAL LEVELS

EMPLOYMENT

. , TC
N B Task DIs- 1'1'"“_'[" W “[' POPULATION Hourey COMPLETED SoME COMPLETED Past- - ) )
QUINTILE N B CHANGE CHANGE ) e ) . o ] ] SHARE MALE
PLACEMENT B e RATI WAGE 1980 HIGH-SCHOOL COLLEGE COLLEGE COLLEGE
19802016 1980-2007 N
CHANGE
1980-2016
1—Lowest 191 4.8% 26.5% 24.2% 0.00 pp 526.9 0.0% 12.2% 42.1% 44.8% B0.0%
2 141 15.5% 5.9% 7.1% -0.20 pp 518.3 17.5% 69.2% 1.8% 0.1% 61.8%%
3 63 21.0% 3.1% 3.6% -3.71 pp 517.3 T3.0% 13.2% 0.2% 0.0% 55.5%
E 69 24.9% -5.1% -3.4% -8.72 pp §15.1 36.9% 19.4% 0.0% 0.0% 66.35%
5—Highest 36 28.9% -12.0% -8.5% -16.23 pp 815.7 61.2% 1.2% 0.0% 0.0% 09.3%
All 500 16.8% 7.2% 7.6% -4.20 pp 5109 32.8% 22.3% 13.4% 13.9% 73.0%

Notes: This table presents summary statistics for the 500 demographic groups used in our analysis. These groups are defined by gender, education, age, race, and
native /immigrant status. The table breaks down these groups by quintiles of exposure to task displacement and provides summary statistics for groups in each quintile
and for all groups pooled together. See the main text and Appendix B-4 for definitions and data sources.
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Table A-3: Task displacement and real wage declines, 1980-2016

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

(1} (2) (3) (4)
Paner A. DuMMY FOR DECLINING REAL WAGES 1980-2016
. 4.071 3.691 4.164 6.586
Task displacement (0.265) (0.630) (1.062) (1.614)
Ldustre <hifters -0.200 0.495 -0.317
ndustry shiters (0.383) (0.641) (0.789)
Exposure to industry labor share -2.880
decline {2.499)
Relative specialization in routine -0.446
jobs (0.266)
Share variance explaine r task
_%1 wre variance explained by task 0.48 0.44 0.49 0.78
displacement
R-squared 0.48 0.49 0.65 0.66
Ohservations 500 500 500 500

PaneL B. REAL WAGE DECLINES, 1980-2016

Task displacement -0-445 U418 -0.647 -1.149
(0.072) (0.020) (0.074) (0.166)
Industry shifters .0'[]31 .[}'EE 0185
3 (0.025) (0.077) (0.069)
Exposure to industry labor share 0.729
decline {0.208)
Relative specialization in routine 0.087
jobs (D.023)
S%mre variance explained by task 0.50 0.47 073 1.30
displacement
R-squared 0.50 0.51 0.78 0.80
Observations 500 500 500 500
Other covariates:
Manufacturing share, and y y

education and gender dummies
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Table A-4: Task displacement vs. SBTC—Controlling for changes in

relative supply, 1980-2016

DEPENDENT VARIABLE: CHANGE IN REAL WACES 1980-2016

SBTC BY EDUCATION LEVEL ArvowinG For SBTC BY WACE LEVEL
OLS OLS IV OLS OLS IV
(1) (2) (3) (4) (5) (6)
Gender: women 0.193 0.094 0.099 0.254 0.159 0.175
(0.029) (0.020) (0.019) (0.028) (0.026) (0D.028)
Education: no high school -0.098 -0.041 -0.044 0.039 0.014 0.018
(0.076) (0.050) (0.051) (0.034) (0.033) (0.032)
Education: some college 0.128 -0.066 -0.056 0.035 -0.052 -0.038
(0.063) (0.034) (0.036) (0.025) (0.030) (0.031)
Education: full college 0.375 -0.027 -0.008 0.192 0.006 0.037
(0.084) (0.054) (0.055) (0.036) (0.049) (0.049)
Education: more than eollege 0.499 0.026 0.049 0.202 0.070 0.107
(0.067) (0.079) (0.076) (0.047) (0.067) (0.063)
Log of hourly wage in 1980 0.254 0.137 0.156
(0.055) (0.049) (0.053)
Change in supply -0.104 -0.060 -0.062 -0.014 -0.026 -0.024
(0.062) (0.035) (0.036) (0.024) (0.023) (0.023)
. -1.718 -1.634 -1.152 -0.962
Task displacement (0.312) (0.207) (0.208) (0.201)
Share variance explained by:
- educational dummies 0.75 0.04 0.08 0.39 0.08 0.13
- baseline wage 0.16 0.09 0.10
- supply changes -0.28 -0.16 -0.17 -0.04 -0.07 -0.06
- task displacement 0.72 0.69 0.48 0.40
R-squared 0.43 0.75 0.74 0.80 0.83 0.83
First-stage F 9.98 18.73 2.96 34.42 34.96 5.82
Observations 493 403 493 403 493 493

Other covariates:
Industry shifters and mamufacturing share Vv v v v v v
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Table A-5: Task displacement and changes in real hourly wages—

Controlling for other trends and for exposure to industry labor share

declines and relative specialization in routine jobs

OLS ESTIMATES

DEPENDENT VARIABLE: CHANCE IN WACES 1980-2016

IV ESTIMATES

CHINESE
IMPORTS'

DECLINE IN
UNIONIZATION

Rising K /L

CHINESE
IMPORTS'

Rismvc TFP BY DECLINE 1N

INDUSTRY

RATIO BY

UNIONIZATION

Risivg K /L

RATIO BY

Rising TFP BY
INDUSTRY

COMPETITION RATES INDUSTRY COMPETITION RATES INDUSTRY
(1) )] (3 (4) (5) (6) (7) (8)
PaNEL A. CONTROLLING FOR MAIN EFFECT OF OTHER SHOCKS
Task displacement -1.&01 -1.816 -1.767 -1.813 -1.483 -1.753 -1.672 -1.763
Ask disg (0.524) (0.467) (0.574) (0.476) [0.6E) (0.520) (0.640) (0.586)
. et 0.003 1.136 -0.028 0164 0,006 1.065 -0.017 0,149
Effect of other shocks by industry (0.019) (1.532) (0.004) (0.380) (0.022) (1.560) (0.087) [0.411)
Share variance explained by task 0.67 0.76 0.74 0.76 0.62 0.73 0.70 0.74
digplacement
R-squared 084 0.84 0.84 084 0,84 0.84 0.84 0,84
First-stage F 206.62 277.15 210.06 18747
Ohservations 500 500 a00 500 A00 A00 500 500
PanEL B. CONTROLLING FOR EFFECTS ON WORKERS IN ROUTINE JOBS
Task displacement -1.730 -2.388 -1.785 1726 -1.675 -2.447 -1.828 -1.695
- I (0.459) (0.715) (0.444) (0.438) (0.512) (0.905) (0.4T8) (0.496)
Effect of other shocks on routine -0.008 1.013 -0.127 -0.144 -0.007 1.060 -0.128 -0.141
jobs (0.012) (0.854) (0.064) (0.247) (0.012) (0.0983) (0.063) (0.252)
Share variance explained by task 0.73 1.00 0.75 0.72 0.70 1.03 0.77 071
digplacement
R-squared 084 0.84 0.84 084 0,84 0.84 0.84 0,84
First-stage F 201,82 00,349 27201 26817
Ohservations 500 500 00 500 500 S00 500 500
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Table A-6: Task displacement and changes in real hourly wages—

Controlling for differential effect of markups and concentration on
routine jobs

DEPENDENT VARIABLE: CHANCE IN WACES 1080-2016

OLS ESTIMATES IV ESTIMATES
MARKUPS FROM  MARKUPS FROM , MARKUPS FROM  MARKUPS FROM
RISING SALES B i MARKUPS FROM RISING SALES I Lo MARKUPS FROM
CONCENTRATION ACCOUNTING MATERIALS DLEU (2020) CONCENTRATION ACCOUNTING MATERIALS DLEU (2020)
e APPROACH SHARE S Skl A APPROACH SHARE i S
(1) (2) (3) (4) (5 (6) (7) (8]

PaNEL A CONTROLLING FOR EFFECTS OF MARKUPS AND CONCENTRATION ON WORKERS IN ROUTINE JOBS

Task displacement .-I.'E[.][]. .-].ZiLiiii -.l'ﬁ]il. .-.I. li}t‘:‘ .-]. 152 -].ﬂiii-.'i. .-.l.'é-L..‘J. .-I.[]Ei-'j
(0.106) (0.354) (0.237) (0.171) (0.218) (0.440) (0.240) (0.174)
Effects of rising markups or -0.526 0.207 0.041 1.870 -0.603 -0.146 0.074 1801
concentration on routine jobs (0. TDE) (1.354) (0.221) (0.535) [0.815) (1.551) (0.217) [0.523)
Share variance explained by:
- task displacement 0.50 0.57 0.54 0.46 0.48 0.52 0.52 0.45
- markups/concetration 0.01 -0.02 0.00 -0.08 0.01 0.01 000 -0.08
R-zsquared 0.84 0.54 0.84 0.85 0.54 0.84 0.84 0.85
First-stage F 515 178 723 721
Ohservations 500 500 500 500 500 500 500 500

PanEL B. NET OUT MARKUPS FROM CONSTRUCTION OF TASK DISPLACEMENT

Task displacement .'I"Lrj?. .-].:iLi:Ei -l.j.’JE]. .'.I' li}ﬁ. .-I.-!;!ll ']'235. .'.l'Q'L.'rj. .'I'[]f'z
(0.238) (0.354) (0.237) (0.171) (0.270) (0.440) (0.240) (0.174)
Effects of rising markups or -1.101 -1.157 -1.249 0.764 -1.155 -1.384 -1.176 ]
concentration on routine jobs (0.745) [1.064) (0.419) (0.609) (0.757) (1.169) (0.419) (0.593)
Share variance explained by:
- task displacement 049 0.45 0.63 0.42 0.47 0.41 061 0.41
- markups/concetration 0.0 0.10 -0.08 -0.03 0.01 0.12 -0.08 -0.03
R-zsquared 0.84 0.584 0.84 0.85 0.54 0.84 0.84 0.85
First-stage F 348 178 723 721
Ohservations 500 500 500 500 500 500 500 500
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Table A-7: Task displacement and changes in real hourly wages—
Controlling for changes in markups and concentrations and for

exposure to industry labor share declines and relative specialization in
routine jobs

DEPENDENT VARIABLE: CHANGE IN WAGES 1980-2016

OLS ESTIMATES IV ESTIMATES
MARKUPSE FROM  MARKUPS FROM . MarkupPs FROM  MARKUPS FROM
RIsING SALES e - MARKUPS FROM RISING SALES N L MARKUPS FROM
CONCENTRATION ACCOUNTING MATERIALS DLEU (2020) CONCENTRATION ACCOUNTING MATERIALS DLEU (2020
R ) APPROACH SHARE s e ’ APPROACH SHARE T AEEE
(1) @ (3) (4) (5) (6) (7) (8)

PANEL A. CONTROLLING FOR MAIN EFFECT OF MARKUPS AND CONCENTRATION

Task displacement - ! .;i:i-.’il .-].t‘:] 1 -.';’.UT.-L. .-.|.1'-J|_:{. .-].Z{T-': -].I-]”‘-L. .-.'2.13_I. l—I.-!{J-’)
(0.461) [0.454) (0.460) [0.542) (0.481) (0.486) (0.527) (0.584)
Exposure to rising markups or 1965 0.721 -1.200 0404 1. 084 0. 740 -1.312 -0.468
concentration (1.556) (1.754) (0.552) [1.158) (1.485) (1.766) (0.576) [1.163)
Share variance explained by:
- task displacement 0.58 0.68 0.87 .66 0.58 0.66 080 0.63
- markups/concotration 0.04 -0.01 -0.12 0.01 0.04 -0.01 -0.12 0.01
R-zquared 0.584 0.54 0.85 0.84 0.54 0.84 0.85 0.84
First-stage F 326 185 252 214
Observations 500 A00 500 500 500 500 500 500

PaNEL B. NET OUT MARKUPS FROM CONSTRUCTION OF TASK DISPLACEMENT

Task displacement - ! .'2It‘:. .-] 651 -l.ﬂ-':-L. .-ll.‘.T.T[]. .-I.T22 -].’*jl. l-.l..'iTti-. .-I.'j'_f’ti-
(0.554) (0. 560 (0.229) (0.401) (0.60s5) (0574 (0.345) [0.436)
Exposure to rising markups or 1662 -0.640 -2.511 -2.045 0.951 -1.042 -2.73 -1.935
concentration (1.67T) (1.903) (0.645) (0.713) (1.67T0) (2.013) (0.805) [0.786)
Share variance explained hy:
- task displacement 0.40 0.54 0,60 0.74 057 0.62 067 0.46
- markups/concotration 0.04 0.01 -0.23 0.03 0.02 0.02 -0.25 0.03
R-squared 0.84 0.583 0.85 0.87 083 0.83 0.85 0.86
First-stage F 236 355 108 47
Observations 500 A00 500 500 500 500 500 500
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Table A-8: Task displacement and changes in real hourly wages for men,

women, and native-born workers, 1980-2016

DEPENDENT VARIABLES:
CHANGE 1IN WAGES, 1980-2016

(1) (2) (3) (4)
PaneEL A. CHANGE IN REAL WAGES FOR NATIVE-BORN WORKERS 1980-2016
, -1.573 -1.288 -1.482 -1.660
Task displacement
ek displacemen (0.099) (0.191) (0.231) (0.526)
J L J A
e 0.212 0.113 0.213
Industry shifters (0.115) (0.176) (0.292)
Qé I .E o E- = F LaskK -
.__h wre variance explained by task 0.68 0.56 0.64 0.72
displacement
R-squared 0.68 0.71 0.85 0.85
Observations 250 250 250 250
PaneL B. CHANGE IN REAL WAGES FOR MEN 1980-2016
) -1.515 -1.083 -0.827 -1.570
Task displacement
I (0.107) (0.193) (0.085) (0.302)
J | ) |
Tndust hift 0.374 0.G604 0.520
stry = =} 2 (
ndustry shitters (0.158) (0.124) (0.123)
Share variance explai -
.__h wre variance explained by task 0.84 0.60 0.46 0.87
displacement
R-squared 0.84 0.86 0.96 0.96
Observations 250 250 250 250
Panerl C. CHANGE IN REAL WAGES FOR WOMEN 1980-2016
Task displacement -1.568 -1.676 -2.657 -2.509
s P {D.182) (0.234) (0.367) {0.790)
. 0,077 0.754 0.240
Industry shifters (0.084) (0.282) (0.358)
q'é = .E 8 e E- F LaskK e
._h wre variance explained by task 0.53 0.57 0.90 0.95
displacement
R-squared 0.53 0.54 0.66 0.68
Observations 250 250 250 250
Other covariates:
Manufacturing share, and . -

education and gender dummies

Exposure to labor share declines

and relative specialization in o
routine johs

i




Table A-9: Task displacement and changes in real hourly wages,

stacked-differences models, 1980-2000 and 2000-2016

DEPENDENT VARIAR
CHANMCE IN R WA 1080-2000, 2000-2016
(1) ™ 3) {4}

L=

PaNEL A. COMMON COEFFICIENTS ACROSE PERIODS
-1.310 -1.045 B 1

Task displacer
ask displacement 102

Industry shifters

[0.058)
Exposure to industry labor share
decline

Exposure to routine occupations

Shere variance explained by

0.33
0.19
0.42

in 80= 0.24
t in O0= 0.54
R-squaraed 0.42
O'borvations

10000

'E PERIOD

Task displacement

Share variance explained by

- task D46 0.44
- task displs ent in 80 0.26 0.26
- task ¥ i 0.59

placa :
R-squared 0.42
Observations 1000
PaANEL
-2.081
(0.277)
-1.100
(0.113)

10600
10 ESTIMATES OF TaSK DIZPLAC

Task displecoment 3000 ._l"!'m

Task displecoment (016

045
0.42
049
R-squared 046
Observations 1000

1000 1000

'\-/ '\-/ h/
. - - h/ ‘/
education dummi
sosure to labor share declines
s
.

192



Table A-10: Task displacement and changes in real hourly wages—

Alternative measures of jobs that can be automated

DEPENDENT VARIABLE: CHANGE IN REAL WACGES 1980-2016

() (2) (3) (4)
PaneL A. Top 40

Tl sl -1.301 -1.016 -1.100

Task displacement (0.147) {0.164) (0.193)

:?.h;me variance explained by task 0.52 0.38 0.41 0.03
displacement

R-squared 0.52 0.64 0.82 0.84
Ohservations 500 500 500 500

PANEL B. ALTERNATIVE DEFINITIONS

e g -LATH -1 :

Task displacement (0.082) (0.1 (0.107)

Share variance explained by task 0.76 067 067 072

displacement

R-squared 0.76 0.77
Ohservations 500 500

PaNEL C. OCCUPATIONS SUITABLE TO
1.18 -1.163

Task displacement

(0.111 (0.157)

:?.hnre variance explained by task 0.60 0.68 0.40 0.38
displacement
R-squared .69 0.68 081 0.82
Ohservations 300 500 500 500

PANEL D. OCCUPATIONS SUITAELE TO AUTOMATION VIA SOFTWARE
el AT a7 -1.709 -1.456 -1.546
Task displacement (0.150) (0.513)
:?.hnre variance explained by task 0.68 0.66 0.56 0.50
displacement
R-squared 0.68 0.68 0.81 0.82
Ohservations 300 500 500 500

WPATIONS SUITABLE TO AUTOMATION

PANEL E. OcC
VIA ROBOTS OR SOFTWARE

Tl i -1.459 -1.417 -1.027 -0.860
Task displacement (0.092) {0.116) (0.173) (0.324)
:?.hnre variance explained by task 0.71 0.60 0.50 0.49
displacement
R-squared 0.71 0.71 0.81 0.82
Ohservations 500 500 500 500
Covariates:
Industry shifters " v v
:\lz:nut'e.u'Lur:_ng share, gender and v v
education dummies
Exposure to labor share declines and v

relative specialization in routine jobs
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Table A-11: Robustness checks for estimates of full general equilibrium

effects

BAsELINE BASELINE BASELINE BAsELINE EsTimaTes oF  ESTIMATES OF
DaTa FOR CALIBRATION CALIBRATION CALIBRATION CALIBRATION PROPAGATION PROPAGATION
1980-2016 BUT SETTING BUT SETTING BUT SETTING BUT SETTING MATRIX FOR MATRIX FOR
A=0.625 o= 08 mi=1.2 T=0.5 f=1 K=25
(1) (2) (3) (4) (&) (6) (7)

WAGE STRUCTURE:
Share wage changes explained:
-due to industry shifts 7.99% 4.85% 8.40% B.08% 6.82% 6.88%%
-adding direct displacement effects 23.00% 00.88% 100.90% 101.84% 100.58% 100.64%
-accounting for ripple effects 50.61% 34.75% 58.50% 46405 48.63% 49.17%
Rise in college premium 25.51% 22.40% 19.38% 22.31% 21.33% 21.63% 22.45%
-part due to direct displacement effect 32.74% 45.96% 35.80% 40.92% 40.92% 40.92%
Rise in post-college preminm 40.42% 20.54% 25.21% 23.19% 24.01% 24.87T%
-part due to direct displacement effect 54.06% 42.01% 48.04% 48.04% 48.04%
Change in gender gap 15.37% -1.45% 8.52% 1.17T% 2.13% 1.73%
-part due to direct displacement effect -0.19% 12.81% 6.31% 6.31% 6.31%
Share with declining wages 53.10% 48.97% 34.20% 26.49% 40.84% 46.24%
-part due to direct displacement effects 55.52% 38.49% 34.58% 51.41% 48.83%
Wages for men with no high school -8.21% -T.67% -2.74% -11.32% -3.16% -T.2T% -7.13%
-part due to direct displacement effects -11.02% -10.02% -17.50% -9.32% -15.32% -13.25%
Wages for women with no high school 10.94%, 1.47% -2.18%, 5.38% 4.66% 1.52% 1.07%
-part due to direct displacement effects 5.13% 2.48% 10.37% 10.865% 4.86% 6.93%
AGGREGATES:
Change in average wages, d Inw 29.15% 5.71% 6.41% 5.02% 9.52% 5.T1% 5.71%
Change in GDP per capita, dlny 70.00% 23.52% 26.72% 20.34% 25.75% 22.75% 23.7T8%
Change in TFP, dIntfp 35% 3TTR 4.23% 3.31% 6.29% 3.TT%h 3.97%
Change in labor share, ds® -5 p.p -11.75 p.p -13.40 p.p -10.11 pp. -10.71 p.p -11.24 pp -11.93 p.p.
Change in K[Y ratio 30.00% 42.12% 46.83% 37T.N% 39.01% 40.62% 42 62%
SECTORAL PATTERNS:
Share manufacturing in GDP -8.80 p.p -0.42 p.p -0.36 p.p. -0.46 p.p. -0.60 p.p. -0.42 p.p. -0.42 p.p.

B P-F PF P-F P- Pl PF P
Change in manufacturing wage bill -35.00% -8.19% -7.36% -B.84% -6.93% -R.01% -7.80%
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B-1 Additional Theory Results




* Existence of q and conditions for finite output

* This section proves the existence of the threshold g introduced in Assumption
1 and provides primitive conditions under which the economy will produce
finite output.

* Proposition B-1 (Existence of q) Suppose that workers can only produce non-
overlapping sets of tasks (i.e., Y, (x) > 0 only if wgr(x) =0forallg + g').
Consider the set of tasks where capital has positive productivity, S =
{x: Y (x) > 0}. Suppose that there exists > 0, such that for all x € § we
have Y, (x) > . Then there exists a threshold q such that, if q(x) > q for all
x €S8, all the tasks in S are allocated to capital.

58



* Proof. Consider an allocation with 7, = § and where
Ty = {x:lpg(x) >0,x ¢ 5}.

e This allocation is the unique equilibrium of the economy if and only if

Wy S 1
f'lg . L‘g{i) B q'[:IJ . *';h: . ﬁ!ﬂ.(;{fj

for all € S and g€ G.

* Using the formula for wages in Equation (2) and the fact that 1, (x) > 1, it
follows that a sufficient condition for this inequality is that

1 1
Yy EY A1 1 . A1 EY
- . ‘,-’_1 A " S f i1 " d; *
Eg ) g ( M Jzapy(2)>0,2¢8 ¢ g(i) L S 1

: > - for all r€ &S and g€ G,
Ag - tg(x) qo- Ak - ¢ I

(B-1) (

where gy = irelgq(x).
X
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* The left-hand side of (B-1) is increasing in g, (since output increases in q(x)
and the candidate task allocation remains unchanged); while the right-hand
side is decreasing in gy and converges to zero as qg goes to infinity.

* Let g denote the point at which (B-1) holds with equality.

* It follows thatif g, = q (thatis, g(x) = g for all x € §), inequality (B-1) holds
and the task allocation described in Assumption 1 is the unique equilibrium. =
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* Finally, we provide conditions under which the economy produces final output.

 Todo so, it is convenient to introduce the derived production function of the
economy as

F(k,£)=maxH(y1,...,yr)

subject to: y; = (% ﬁ(lfy{i))% : d;rr)ﬁ Viel,

y(x) = Ap - Up(x) - k(x) + ZE;AQ hg(x) Lg(x) Yo eT,
geL

{, = frfg(-,u) .dz YgeG,
k= [ (k(z)/a(x)) - da.
* This gives a standard constant-returns to scale production function that

depends on the supply of labor and the total resources used to produce
capital, k.
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* Proposition B-2 (Finite output) The economy produces finite output if and only
if the following Inada condition holds:

(B-2) lim Fr(k,€) < 1.

k—soo

Moreover, in any equilibrium with positive and finite consumption, we have
that sX € [0,1). Instead, in any equilibrium with infinite output, s¥ = 1.
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* Proof. A competitive equilibrium maximizes c(k) = F(k,¥) — k.

* When the Inada condition (B-2) holds, we have that c(k) reaches a unique
maximum at some k* > 0.

e Moreover, c(k*) = (1 — sK)F(k*, ¢), which requires s¥ € [0,1).

* When the Inada condition fails, c(k) is an increasing function and the
economy achieves infinite output.
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* Moreover, because I}im F,.(k,£) > 1, we have that Ilim F.(k,?) =m > 1.

* Thus, the capital share is given by

s& = lim Fi(k. £) -k =m- lim b =m- lim ; L,

 where we used I'Hbpital's rule in the third step. =
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e Extensions with Markups and Endogenous Labor supply

* Proposition B-3 (Extension with markups) Given labor-supply levels
L = (¥q,%,,...,2¢) and industry markups u = (uq, U, ..., Uy), and conditional
on an allocation of tasks {J;, 71, .--, Ii }, equilibrium wages, industry prices,
and output are a solution to the system of equations

y A\ —;’1 %
(B-3) Wg = (f_j ZI S5 ("12}7'2) Hi - Pgi)
g i€
(, x
i _ _ _ )
(B-4) Di :? ~ »1’;:‘ L. [hi + Z u-‘; A -A; L. Pgi)
i\ geg
(B-5) 1=>"s; (p)
icl
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* Proposition B-3 (Cont’d) Moreover, following advances in automation or
changes in markups, the change in the real wage of group g is given by

1

0 dIn( - %E]g-dlnﬁ[’disf" for all g € G,

dInw, :Ef ~dlny +

where the industry shifters are now given by

dlns) (p)
d1n p

dIn ¢, :ngi .

dlnp+(A-1)-dlnp; - dln,ui-) for all g €G.
icl
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* Proof. Let
p
mc;

Hi

denote the markup charged in industry i, where p; is the industry price and
mc; the marginal cost.

* Production optimality requires that
Jy
dy(x)

mc; = _'!TJ'[:;[.'}/' ay = p{:;f_} = bi .
Iy(x) i
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e Using this last equation, we can solve for the quantity of task x used in sector i
as

(B-6) y(x) = % yes; (p)- (e p()) - (Aip) i,

where p(x) is the price of task x.
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* Following the same steps as in the proof of Proposition 3, we can therefore
compute the demand for capital and labor at task x as

| % cy-p st (p) - (Aipi) T (Ak-q(z) ()M iz e T
k() fq() =
. if x ¢ Tt.
(s ) (A (A @) e,
0,(x) =1
! if o ¢7,.
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* To derive Equation (B-3), we add-up the demand for labor across tasks, and
rearrange the resulting expression:

bg = Zf Y p st (p) - (Aip)™ - (Ag - g ()M wpt - da

=

1
Yy A A1l B
:,.wg:(#_) Ay '(Z#z- st (p)- (Aw)* 51 f ()™ lau)

1

-4 icT

* To derive the industry price index in Equation (B-5), note that due to constant
returns to scale and the presence of markups, we must have

1
1 L 1 Y )1—).
Py fﬁp(t) y(x)de = p Ai(ﬂ-ﬂ Tp{i) 1
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* Using the allocation of tasks {7%;, 71;, .-, Tg; }, this implies

1
i 1f - )_f’*
p; = d
p 4(1{ p(x) r
1

1-X
‘)-1]-? ("13\-. (;{ (Q'(.E'-) . 'Elf’,l;{;i':))}l_ld-c) + Z' IL.‘;‘_J\ . _;-1;_1 ; (ﬁ \[}'};! ﬁ’g{if)f}t—ldif)) ]

gels

which yields the expression for industry prices in the proposition.

* Finally, because industry shares must add up to 1, we have Equation (B-5),
which is equivalent to a price-index condition for industries.

* The expressions for wage changes and industry shifters are derived using the

same steps as in the proof of Proposition 4, but now accounting for the
markup term in Equation (B-4). m

565



* Proposition B-4 (Extension with labor supply) Suppose that households choose
their labor supply and consumption to maximize

Cl—qf_- £:1+~:r
g g , .
max - subject to: cy < wy- Ly,

boeg 1 —¢¢ 1+

and let¢ = (1 —¢.)/(¢. + ¢p). Conditional on an allocation of tasks
{Tki» T1ir > T}, equilibrium wages, labor supply, industry prices, and output
solve the system

L
A+g

= - _

(B-7) wy =y - Ag* -(Zsi—' (p)- (Aip)* ™ Ty
ieT

L e , pees

(B-8) by =y™s - Ag ™ . (Z st (p) - (Aips)* ™" Pgi)
icT

. ey
(B-9) Pi=7 (Ai‘._l hs + Z w;_)‘ -A;‘_l : ng)

! geg
(B-10) (1 -4 Y s () - (Aip)™ Tm‘) -y

icl

(B-11) 1=Y"s (p).

el
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* Proposition B-4 (Cont’d) Moreover, the effect of task displacement on wages
and employment is given by

-

=9 . _ disp
dlnw, )H_{: dlny+}k+q0 dIn¢ )H_(‘_O -dInT™Y for all g€ G,
dlné, = )m, .dlny + Mqo .dIn¢ - Mqo dInT%P for all g€ G,

where the propagation matrix now becomes

i - -1
E]:(]l— 1 dlnf’(usc,'lf))

A+cC J In w
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* Proof. The household problem gives the labor-supply curve

(B-12) by = w,

* Plugging this labor-supply curve into the expression for wages in Equation (8)
yields

1 1
XA : X
Wy = ( yq ) Agt (E si (p)- (Aipi )™ Pgi) :

Wy el

* Using this equation to solve for w, yields Equation (B-7).

* Inturn, plugging (B-7) into Equation (B-12) yields (B-8).
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* The derivations of the remaining expressions in the proposition are identical to
those in the proof of Proposition 3.

* Turning to the effect of technologies on wage changes, and following the same
steps as in the derivation of Proposition 4, we obtain

cdInw.

dInT
dlnu!g:%dlny_%dhlgg_;dlnrdlhp—F_%“’Q? d].ﬂC; i@]_l; ufr
1E

Using the fact that dInf; = ¢ - d Inwy, (from the labor-supply curve in B-12),
we can rewrite this as

. JdInT
dlntug:;il dlny - ! a’hll_'glbp+ ngi dIn; + : - 2. dlnw.

4+ ¢ At¢ A+¢ 7 A+¢cdlnw

* Solving this system for wage changes gives the formula for the propagation
matrix in the proposition. m
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* Propagation Matrix and Elasticities of Substitution

* This section provides additional properties of the propagation matrix and
relates it to traditional definitions of elasticities of substitution.

* First, let us recall that the Morishima elasticity of substitution between capital
and labor of type g can be defined as

1
@111{55@3‘:} .
dln Ay

Ok £, =

1+
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» Similarly, the Morishima elasticity of substitution between capital and labor
can be defined as

1

Okt = )
d1n(s"/s%)
d1n Ay,

_|_

and the Morishima elasticity of substitution between labor of type g' and g
can be defined as

1
dln(sy[s})
Olnly

Te by =

1+

e



* The Morishima elasticities tell us about changes in factor shares as one factor
becomes more abundant or productive.

* In the presence of multiple factors, these elasticities need not be symmetric, as
is the case with only two factors of production.

* Also, define the g-elasticity of substitution between capital and labor of type g
by the identity

Q 1
G-A‘rf.r; Bl
1 @lnwg
sk 9ln A N

and the g-elasticity of substitution between labor of type g’ and g by
Q 1

Tyt " 1 Olnw,

55 dlnt,

A.

e



The g-elasticities of substitution tell us whether factors are g-complements (a

positive elasticity) or g—substitutes (a negative elasticity), and are symmetric in
a competitive economy by definition (a corollary of Young's theorem).

Note that in all these definitions we are holding k—the resources devoted to
produce capital—constant.
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* Proposition B-5 (Elasticities of substitution and @) The Morishima elasticity of

substitution between capital and labor is
L

1 S
Okt = 77 where: £ := Z S—QLEQ e (0,1).
— 4 — {f— 1) gEg
A sk
Moreover, the Morishima elasticities of substitution between pairs of factors
are
1 1
Ok, =— ~ T Tp by = T ,
S9k EL L. _ 5 (=_ | Sg’ ﬁ Oy Ogg
}LS +)'ll5 +(“.§" 1)+Sk("' ]') 1+ \ '(ug_:_-.g:—(SLr— SLF
g g

and the g-elasticities of substitution are
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* Proof. First, note that we can rewrite the definition of the set Jgy as

E={f: ;1 -'wg'ﬂki , 1 -.wgpﬂk, , 1 v I}
Ug(x) Ag Vg () Ay r(z)-q(z)
1 1 T Ar vj-‘]_k.
ﬁ = {I- . “ . J HQI} .
k(x) - q{-f) vg(z) Ay

* These expressions imply that the effect of an increase in A, on the allocation
of tasks is equivalent to a uniform rise in wages.

e Thatis:

OlnT, 5 OInT,
A, 5 Onwy’
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* Using this property, we can compute the change in wages as

1 1dInl 1dInT
dlnw, = ~dlny+— 9 . dlnw+ <~ =9
e XY T X o T T X ol

~dIn Ay,.

 We can then solve for the change in wages as

dlnw = %Bdlny+ E}%E-dln}lk.

* Moreover, using the definition of 0, we get

1
O-X=0-1.
A
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* Plugging this into the expression for wages, we obtain

dlnw, = %g-dlny+ (¢,- 1)dIn Ay,

* Finally, holding k constant, we have that dIny = s¥X - dIn 4. Therefore

B-13 — = —
( ) JE sk 91n A

£,

* |n addition, we also have that
: L
dIn P

B-14
( ) dln A

1 1 dlnw,

k

£ 1
:_§+

N T (eg—1).
. s

:(%—1)-5‘%(%—1}
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* Using Equation (B-14), we can compute the Morishima elasticity of substitution
between capital and labor as

Ly k
L:1+ dln(s™[s")
Ok ¢ dln A
1 dlnst
:1 + .
sk 9ln A .

L L

s dlns

=1+ L E J g
k sl 91n Ay

S

geG k
L

1 S E I
1223 ((3-1) @)

geg

1 ((& L
:1+¢((1—1)-5 +{:3—1j|)

=
: o1
:Z_FS_A.{:_]-)
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* Similarly, using Equation (B-14), we can compute the Morishima elasticity of

substitution between capital and labor of type g as

L O1In(sk [s*)
=1+
Tk b, dln Ay

A In 55
dln A

st 91n st

+ A )
L sk 91ln Ay

k

* We now turn to the elasticities involving changes in £,.

* Following a change in {’g,, we have:

£ B0t
(B-15) dInwg = fdlny— %dlufgs.
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* Holding k constant, dIny = sj,.

* Therefore,

1 1 dlnw, 1 ( Hgg;)
= =—|eg,- .
Q I » 97 L
':re‘_q:.fﬂ S g dInt, . A S g

* Finally, we can write the Morishima elasticity of substitution between labor of
type g’ and g as

1 - 8111[55;'5;;]
ay , l, d1In ng

g ¥

dInw,
Olnly

- OInwgy
Oln Ly

:1—|—

ke ke
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* Using the formula for the change in wages in Equation (B-15), we obtain

L
1 14 5q’ e — ¢ gy Ogg
- g =g" - :
Tt 8, A Ser Sk

which completes proof of the proposition. m
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* Proposition B-6 (Quasi-symmetry of the propagation matrix) The propagation
matrix satisfies the symmetry property

6 (s
-~ _ ‘99" _ _ "4
g9 "4
. . Q ) L . .
Proof. By definition a{,gl,{,g =04 00 which implies the symmetry property in

(B-16). m
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B-2 Estimating the Propagation Matrix




e This appendix provides additional details regarding the estimation of the
propagation matrix.

* Qur estimation strategy makes two assumptions:

1. The propagation matrix has a common diagonal term 6,, = 6 = 0. This

is motivated by the strong reduced form evidence between task
displacement and the observed change in real wages.

2. The extent of competition for tasks between groups is determined by

their similarity across a set of characteristics V.. We operationalize this by
assuming that

Hgg’ Hg’g .
L oL 2 ), B fldg ).

2 g g neN
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e Using these two assumptions, and combining them with the theoretical
restriction that

. Ogg' - Ogg
SgF SQ

yields the parametrization used in the main text.
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B-3 Measuring Task Displacement




 Theoretical derivations

* This section derives our measures of task displacement in the extended version
of our model that allows for markups.

* We assume that tasks can be partitioned into routine tasks R; and non-routine
tasks JV;, whose union equals 7;.

* Moreover, let R;; and V; denote the (disjoint) sets of routine and non-
routine tasks allocated to workers of type g.
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e Assumption 2 is equivalent to:
i.  Only routine tasks have been automated, which implies that Dy; € R;

ii. Routine tasks in a given industry have been automated at the same rate
for all workers, which implies that

[p,, bg(x)*dx
J{ﬂ- Ug(x) 1 =vi20forallg.
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* Before continuing with our derivations, we introduce some notation that we
will use throughout this appendix.

* Define by w} the share of wages in some cell X earned within another sub-cell
Y.

* For example, define a)g as the share of wages earned by members of group g
in industry i as a fraction of their total wage income:

p)- (Aip:) - Ty,
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* Define a)gi as the share of wages earned by members of group g in industry i
in routine jobs as a fraction of the total wage income earned by workers of
group g in industry i:

| A-1
ho(T dx
:~H__‘/;ﬂ=Lg(I) '
'\.A.-'g..!' —_ I )i_]- &
N d;'.
\/]; LQ("L) :

gt

 And define a)f as the share of wages earned by workers in industry i in routine

jobs as a fraction of the total wage income earned by workers in industry i:

1-A - A-1
w g (T dx
E q \/};};m : H( )

LLIH: ,';'_I'Eg
: -\ . A=l
>y [, @)

geG
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* We next define the average cost-saving gains from automating tasks in sector i
as

* where a)fg is the share of wages in industry i paid to g workers in routine jobs,
and wf is the share of wages in industry i paid to workers in routine jobs.

* Finally, for each type of worker g, define the elasticity agLi by

1 81115:; k L
- =k (1= k).
w! Olnw, s - (1=og)

* When ang- > 1, an increase in w, reduces the labor share.

* Instead, when agLi < 1, an increase in w, increases the labor share.
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* The following proposition characterizes the change in the labor share as a
function of various driving forces:

1. Task displacement generated by automation or offshoring, d In ngilsp

generating productivity gains g > 0;

2. Productivity deepening and factor augmenting technologies taking place

in that industry, and denoted by d In Fgcleep and d In Ag;. Note that, in

this proposition, factor-augmenting technologies may vary by industry;

3. Changes in markups at the industry level, denoted by d In y;;
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4. Changes in wages, d In w, due to other shocks in the economy or changes in
factor supplies;

5. And changes in the user cost of capital. In particular, we assume there are two
types of technologies increasing the productivity of capital or reducing its
price. On the one hand we have the task displacement technologies
introduced above. And on the other hand, we have uniform declines in the
user cost of capital driven by lower capital prices at all tasks or cheap access to

credit. Formally, we write q(x) = % - qo(x) and consider changes in qq(x)
l

leading to task displacement or changes in R; common to all uses of capital in
a given industry.
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* Proposition B-7 (Industry labor shares) Let SiL denote the labor share in
industry i. Also, let q(x) = % - qo(x), where R; captures uniform changes in
l

the price of capital at all tasks in industry i, and let wji = wy,/Ag4 denote the

wages per efficiency unit of [abor paid in industry i for workers of type g.
Following a change in technology (task displacement, productivity deepening,
Ay, Agi, and A;) factor prices (wy, R;), and markups u;, we have

dinst=—dinp; - (1+(A-1)-sF-m) -l 9,
+(1-s8)-(A-1)- (Z w? - dInT5P - dlnr‘ﬁ_ffp)
geG
+(1-s)-(1-cF)-dlnwt - (1-sE) - (1-0F) - dIn(R; /As),
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* Proposition B-7 (Cont’d)

where

e

} 7 . crgz- ok = > wi- ok
- d In we ;
'gr gely

u.:f -dlnw

P e

and

dlnw; = ) w! - dlnwy,.
HY
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* Proof. Given a vector of wages and technologies, we can write the labor share

as
Zt.'ﬂljﬁ. ]_—'
1 geG
(B-17) sk=—.
Yo AT Y ws T Ty

geg

where recall that the denominator is also equal to

= AT+ Y i, T,
gl
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* We can decompose changes in the labor share into four terms:

;. contribution of contribution of contribution of
dlns; = + _ + ‘
markups task displacement prod. deepening
contribution of contribution of
+ + :
eff. wage changes price of capital

e which we now derive in detail.
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1. Contribution of markups: this is simply given by —d In y; .

2. Contribution of task displacement: we can compute this as

contribution of R I R
== S w9+ (1-A) sy - > w7

task displacement 9cG geg

where the first term captures the effect of task displacement on the numerator
and the second term the effect on the denominator of the labor share
expression in Equation (B-17). Using the definition of m;, this can be simplified
as

contribution of
=—(1+(\- 1)- sk ;) Wi 9.

task displacement
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3. Contribution of productivity deepening: we can compute this as

ontributi f |
;:d“ th;;:n?n =(A-1)- ) - dlﬂf‘ﬁfe" -(A-1)- (Sj > w!-dn PSE“F +sF.dIn Pigﬂp) T

where the first term captures the effect of task displacement on the
numerator and the second term the effect on the denominator of the labor
share expression in equation (B-17). We can rewrite this as

contribution of

prod. deepening

= (A-1)-(1-s5)- (Z w! - dInTP - ffhll_'i?ep)
geg
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4. Contribution of wages per efficiency unit of labor: We now turn to the
contribution of wages per efficiency unit of labor. Using the definition of ang-,
we can compute their effect as

contribution of

=Y wl - (1-sf) - (1-0g) - dInw,.

wage changes e

Using the definition of g/ and d In w;, we obtain

contribution of
=(1-s)-(1-oF)-dnw;,.
wage changes
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5. Contribution of price of capital: To compute the effects of a uniform change in
capital prices, we first provide explicit formulas for agLi, which we will use in
our derivations below. We have that

1 6*1115,{”_ 1 ( dInTy,;

OInwgyr;

G (1-A)+ YW

_9. =—3° I
q

? ﬁlnu!g w;

w

—SL-Mf-(l—A)),

where the first two terms capture the effect of task displacement on the
numerator and the third term the effect on the denominator of the labor share
expression in Equation (B-17).

e



* Here, we used the fact that the effect of wages on the denominator equals the
direct effect holding the task allocation constant—an implication of the
envelope theorem. We can rewrite this expression as

1 Jdln sf I w? dln Ly
. = {]_—5 ) (1_)\)"‘ ! . p )
u.:f dInw, ; ; u.:f dlnwy;

which implies that

1 w? Olnl,,
L g
R

7 1—.5,1’-L 7 .a.,,fr Olnwy,
and

W 9Ty,

B-18 1-s).-(A=0ol) = L It
( ) ( 51) ( ng) Z; ,;Jf 6‘11111'9:1

e



e Consider a uniform change in the cost per efficiency unit of capital
d In(R;/Ay;) on the labor share of industry 1.

* The effect of this change in the allocation of tasks is the same as a uniform
reduction in wages of d In(R; /Ay;)-

* Moreover, the effect of d In(R;/A;) on the denominator of the labor share is
just its direct effect—an application of the envelope theorem.
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 Thus, we get

contribution of

AT, |
PRI GIn(RijAw) — ¥ (1-\) -dIn(R:/Ar),

_ Attt
Z Z " dlnw

price of capital 95G g g

where the first term captures the effect of task changes on the numerator and
the second term the effect on the denominator of the labor share expression
in Equation (B-17).

* Using Equation (B-18), we can rewrite this expression as

ontributi f
COMMEDTHOn 08 _ Yw! - (1-sf)-(A-ok)-dIn(Ri[Ap) - sf - (1= X) - dIn(Ri/ Ar:).

price of capital 9<G
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* Finally, using the definition of al-K, we can rewrite this as

ribution of :
contribution of —(1-sF)-(1- o) - dIn(R:/AL),

price of capital

which completes the proof of the proposition. m

* We are now in a position to derive the measures of task displacement used in
the text.

* We start with the case with no ripple effects, no change in markups, and
A = 1, which gives the baseline measure in Equation (12).
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* Proposition B-8 Suppose that Assumptions 1 and 2 hold. Suppose also that

A = 1 and there are no markups. Then o} = 6 = 1 and task displacement

can be computed as

R

"'.L_I

dIn TP = 2;.:; —%-(-dlnsf) and  dnT) = “—’j,% -(~dInsk).
ic 4 it

Moreover, total task displacement taking place in industry i is given by

dInT{"* =3 wf - dInT57 = (~dInsl).
el
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* Proof. Proposition B-7 implies that

dllle——LuR v = ;= —( dh}: )
W
* Moreover, by definition
fp, ba(x) e [r (e e [p bg(x)da R

dInT{P = ;= % (~dInsl).

f,},_r;! yg( ).J'I. ld_L f,?_ Erg( ))& ld{ fﬂr;; 1‘.*’ ))i ld.L Ql #1

and task displacement for worker groups is given by

dInTy*P = Y w)-dInTP = 3w} 9* .(-dIns?).
i€l icL "‘"i
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* Proposition B-9 Suppose that Assumptions 1 and 2 hold. Then, O'iL = criK = A
In the absence of productivity deepening or factor-augmenting technologies
affecting the labor share, task displacement can be computed as

1 Pd“‘p Z U—’; —dhlSiL—dlll,r.Li +(1-s; Ly. (1—)\) (dlnw; —dIn R;)
n W "
icT '-l'-flz l+(1}"l ].) 2 .""?.
P wit —dlnst —dnp; + (1-sL)-(1-A)- (dlnw; -dIn R,)
11 . = . )
g Wk 1+(A-1)-sb-m

Moreover, total task displacement taking place in industry i is given by

L _ _ L _ _
dln Pd”p ng I1n l_dwp —~dIns; —dnp; +(1-s;7) - (1 )1) (d In w; dlnﬁ}
i 1+(A-1)-s
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* Proof. Proposition B-7 implies that

dlnsl = —dnp; —(1+(A=1)-s* - m)-wfF .9, + (1-s5)-(1-2) - (dlnw; - dIn R;),

which gives

~—dlnst—dnp;+(1-s5)-(1-X) - (dlnw; - dIng;)
B (1+(A=1)-sk-m)-wl ,

i

v
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* Moreover, following the same steps as in the proof of Proposition B-8, we get

A-1
gl x dx
dlnf’g::bp:fpf?’ o )

f:rz g () ld‘i ff:',,,,’lvgr(i)'ji tdr

f'ﬁﬂ LH{J)A Lda f’Rﬂz ‘r'g(l-}’l ldz
o
:w'.i.rgi"?_?l

wﬁ_—dlnsf—dlnm +(1-sh). (1—}.) (dlnwi —dlnRi)
W] 1+(A-1)-sF.m

and task displacement for worker groups is given by

' L L N .
dlnf’dmp Zw dlnlﬁdlhp—zw .-‘-’gg —dlns; —dln,uz-Jr(l—si)-(lgl)-(dlnui—dlnﬁq)r
il el 1"‘{:/\—1)'52- - TG
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e Our final Proposition derives a version of our measure of task displacement
that allows for ripple effects.

* Equation (16) corresponds to the special case of this formula when there are

no changes in markups and g} = g/%.
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* Proposition B-10 Suppose that Assumptions 2 holds. In the absence of
productivity deepening or factor-augmenting technologies affecting the labor
share, task displacement can be computed as

wet | ~dInst—dlnp; + (1-sE)-(1-ob) - dlnw;— (1-sF)- (1-0K)-dIn R,

(e

]

dln TP =N 0.
J 1;19 T 1+(A-1)-sk.m

o pisp_ gt st —dlnp+ (1=sP)- (1= of) - dlnw, - (1= sF) - (1= oK) -dln B,
nl ;== . _

Wyt 1+(A=1)-sk-m

i

Moreover, total task displacement taking place in industry i is given by
dIn Pfiﬁp = erd_,f dln 1—.;3:;:533
TE

_—dlnst—dlnp;+ (1-sF)-(1-0F) -dlnw; - (1-sf) - (1-of)-dIn R
- 1+()k—l)~sf-frg '
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* Proof. Proposition B-7 implies that
cﬂns}_’-L =—dlnp; —(1+(A-1) -ST:-L - T) -w{;ﬁ--ﬁi +(1- sf} (1 - r:rf)-dlnu!i

~(1-sH)-(1-0%)-dnR;,

which gives

_—dlnsF—dlnp+(1-sF)-(1-0})-dnw; - (1-sF)-(1-07)-dIn R,

Y; =
(1+()k—1)-5iL-?Ti)-qu
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Following the same steps as in the proof of Proposition B-8, we get

Jp,, o(x)*dz
/7, Lg(i}’l tdx

qz

Jry bo(a N [ by (x) e

g1

J{?;.. Wg( ()N ld;c fmm ft.;"!g(;r))*‘ld;r

d1n rdl“P

:,f_b.;.ﬁi
Cwgt —dInsF—dlnp;+(1-sF)-(1-0F) -dlnw; - (1-sF)-(1-0X)-dIn R,
Wi 1+(A\=1)-sF-m '

and task displacement for worker groups is given by

dIn T3P = Z wh-dIn TP

—Zw ';:.:5 —~dInst —dInp; + (1-sF)-(1-oF)-dlnw,; - (1_55).(1_51{{)&11]1?1_.
ieT '1 1+(}"_1)'=5"2
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* Empirical implementation and bounding exercise

* The empirical implementation of our measures of task displacement in
Propositions B-8 and B-9 is straightforward.

* However, the formulas in Proposition B-10 depend on two elasticities of

« substitution, o and ¢}, which may differ due to the fact that we have
different types of workers, and that when wages rise in one industry, we may
be capturing the substitution of different worker groups for capital in marginal
tasks.

 When implementing these formulas, we will assume that ¢ = ¢/, and use
empirical estimates of the elasticity of substitution between capital and labor
at the industry level, g;, to discipline their common value.

* This is motivated by the fact that empirical estimates of the elasticity of
substitution between capital and labor are also estimating some combination

of the group-specific elasticities, a%;’s.

gl
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* |n addition, when computing task displacement, we will use empirical
estimates of d Inw; and d In R; from the BLS, which account for changes in
wages, the quality of workers, and quality-adjusted prices of capital used in an
industry.

* We note also that, although our model has common wages for a given skill
across industries, the expressions in Propositions B-9 and B-10 apply without

modification to the case in which wages are industry-specific.

* In addition, our formula is not affected by factor-neutral improvements in TFP
in industry i, since these do not affect an industry's labor share.
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* While our formulas incorporate the effects of changes in factor prices, they
miss the contribution of general factor-augmenting technologies.

 Now we provide upper bounds on the effects of this type of technological
change on our estimates of task displacement, which will reveal that this type
of technological change tends to have a very small effect on our inferred task
displacement measures.
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* We focus on our measures in Proposition B-10 obtained for A = 0.5 and o;
ranging from 0.8 to 1.2 (these technologies do not affect our measures if
0o; = 1)

* In particular, for g; < 1, the contribution of factor-augmenting technologies to
the change in the labor share is between —s* - (1 — ;) - d In Ay; (where
d In Ap; is a weighted average of d In A,4; across workers) and

SiK : (1 — O'l') . dlnAkl-.

* Moreover, assuming no technological regress, we have that the total increase
in (gross output) TFP in industry i must exceed both §lL -dInA;; and

§X . d1n A;, where now 5} and §F denote the share of labor and capital in
gross output (an application of Hulten's theorem).
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* As aresult, we can bound the contribution of factor-augmenting technologies
to lie in the interval

K K
[—j—L (1-0:)-dInTFP;, - (1 - gi)-meFPi].

5?- ;

* Likewise, for g; > 1, the contribution of factor-augmenting technologies to the
change in the labor share is between —s5 - (o; — 1) - d In 4; and
sX - (0; — 1) - dIn Ap;, which we can bound by

K sk

I:—% (o;—1)-dInTFP;, % (o;—1)- dlnTFPz] .
51- 52.
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* Figure B-4 presents our measures of task displacement across industries and
worker groups using Equation (16) for o; = 0.8 and 0; = 1.2, depicting the
bounds on the contribution of factor-augmenting technologies using the
whiskers.

* When constructing these bounds, we assume that industries with declining TFP
between 1987 and 2016, experienced no factor-augmenting improvements.

* Except for a handful of IT-intensive industries with vast increases in TFP
(electronics, computers, and communications), our bounds exclude anything
other than very small effects of factor-augmenting technologies on the decline
in labor shares and our task displacement measure.

* This is because these technologies have limited distributional effects but
generate large TFP gains.

* Through the lens of our model, and given the pervasive lack of productivity

growth observed across industries, these technologies cannot play a key role in
explaining the decline in the labor share.

56



B-4 Data Appendix




* Industry data: Our main source of industry-level data are the BEA Integrated
industry accounts for 1987-2016.

* These data contain information on industry value added, labor compensation,
industry prices and factor prices for 61 NAICS industries.

* We aggregated these data to the 49 industries used in our analysis, which we
could track consistently both in the BEA and the worker-level data from the
1980 US Census.

* Finally, when computing changes in industry's labor shares, we winsorized
labor shares in value added at 20% to reduce noise in our measures of task

displacement coming from industries with low and volatile labor shares.

* Besides the BEA data, we also used data from the BLS multifactor productivity
tables for 1987-2016.

* These data are also available for 61 NAICS industries which we aggregated to
the 49 industries used in our analysis.

568



* We complement the industry data with proxies for the adoption of automation
technologies across industries.

* First, we use the measure of adjusted penetration of robots from Acemoglu
and Restrepo (2020), which is available for 1993-2014.

* This measure is constructed using data from the International Federation of
Robotics, and is defined for each industry i as

L1

robots, ; 2014 — robots. ; 1003 robots. ; 1993
- —output growth, ; 9904-1993 - -

APR, =
5

= Ce 1003 le.i1003

where the right-hand side is computed as an average among five European
countries, e, leading the US in the adoption of industrial robots.
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* Finally, we also use the share of software and specialized machinery in value
added from the BLS multifactor productivity tables.

* For software, we add custom-made software or software developed in
house—which are more relevant for automation than pre-packaged software
like Stata or Word.

* For specialized machinery, we add metalworking machinery (typically
numerically controlled machines capable of automatically producing a pre-
specified task), agricultural machinery other than tractors, specialized
machinery used in the service sector, specialized machinery used in industry
applications (which should also include industrial robots), construction
machinery, and material handling equipment used in industrial applications.

* For offshoring, we use a measure from Feenstra and Hanson (1999) recently
updated by Wright (2014) for 1990-2007.
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* Turning to our proxies for changes in market structure, we use changes in sales
concentration and several estimates of markups aggregated at the industry
level.

e Qur data for sales concentration comes from the Census Statistics of U.S.
Businesses (SUSB) and is only available for 1997-2016.

* Using these data, we computed the tail index of the sales distribution for all
the industries in our sample.

 The SUSB data can also be used to compute tail indices for the employment
distribution going back to 1992.

» Using this alternative proxy of concentration available over a longer period
didn't alter our findings.
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* For markups, we provide three different estimates.

* First, we compute markups in a given industry using an accounting approach,
which measures markups by the ratio of output to costs:

gross output,

Hi = R;K; + Variable inputs,

* This approach requires constant returns to scale and assumes there are no
adjustment costs.

e This approach also requires a measurement of the unobserved user cost of
capital R;.
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* Second, we compute the change in markups by looking at the percent decline
in the share of materials in gross output.

e Thatis:

Alnp; = —Alnshare materials;.
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* Finally, we compute markups using a production function approach as in De
Loecker, Eeckhout and Unger (2020).

* In this approach, markups are computed for firms in industry i as

elasticity variable inputs; ¢

Hi f = . .
S share variable inputs; ;
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* Census data: We use the 1980 US Census to measure group-level outcomes
and specialization patterns by industry and routine occupations.

* |In addition, we also use the 2000 US Census to measure group-level outcomes
for the year 2000.

* Finally, and to maximize our sample size, we use data from the pooled 2014-
2018 American Community Survey to measure outcomes around the year
2016.
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* Regional variation: Our estimates in Section 4.7 also exploit variation in
specialization patterns across regions.

* In particular, we use two different groupings. First, we look at workers in 300
different demographic groups across 9 Census regions.

* To maintain a reasonable cell size, in this exercise we define demographic
groups by gender, education, age (now defined by 16-30 years of age, 31-50

years, and 51-65 years) and race.

* Second, we look at workers in 54 different demographic groups across 722
commuting zones.
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* Routine occupations: Following Acemoglu and Autor (2011), we use ONET to
define routine jobs.

* In particular, for each Census occupation 0, we compute a routine index given
by

routine index, = routine manual input_ + routine cognitive input, — average task input,.

* Here, routine manual input, denotes the intensity of routine manual tasks in
occupation o, the term routine cognitive input, denotes the intensity of
routine cognitive tasks, and the term average task input, denotes the average
task intensity (capturing the extent to which workers also conduct manual and
analytical tasks).

* Asis common practice in the literature, we define an occupation as routine if it
is the top 33% of the routine index distribution.
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* Table A-10 explores the robustness of our results to using different thresholds
and alternative formulations of the routine index.

* In particular, in Panel A we define an occupation as routine if it is the top 40%
of the routine index distribution, and In Panel B we use an alternative index of
the form

routine index, = routine manual input, + routine cognitive input,.

* Panels C-E probed the robustness of our results to using Webb (2020) indices
of suitability for automation via robots and software and a combination of
both of them.

 These measures provide a ranking of occupations depending on their
suitability for automation, and we define an occupation as routine if it lies in
the top 33% of each measure.
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e Other covariates: Table 5 uses additional covariates.

* These include industries exposure to rising Chinese imports for 1990-2011,
which we obtained from Acemoglu et al. (2016); the decline in the
unionization rates by industry, which we computed for 1984-2016 using union
membership by industry from the CPS; and industry-level changes in the
guantity of capital per worker and TFP from the BEA Integrated Industry
Accounts.
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B-5 Additional Figures and Tables
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Figure B-1

Labor share decline (in p.p.), 1987-2016
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Figure B-2: Relationship between automation technologies and labor

share declines across industries
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Figure B-3: Relationship between labor share declines and reductions in

the demand for routine jobs across industries

A. Percent change routine wages, 1980-2016

B. Percent change routine hours, 1980-2016
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Table B-1: Relationship between task displacement and the decline of

routine jobs across industries

OLS ESTIMATES IV ESTIMATES

CHANGE IN LOG CHANGE IN LOG
CHANGE IN LOG CHANGE IN LOG o CHANGE IN LOG CHANGE IN LOG o o
. ) T o - o EMPLOYMENT IN ) o o R EMPLOYMENT IN

Dependent variable: WAGES IN ROUTINE HOURS IN ROUTINE ROUTINE JOBS WAGES IN ROUTINE  HOURS IN ROUTINE ROUTINE JORS
JOBS 1980-2016 JOBS 1980-2016 T JoBs 1980-2016 JOBS 1980-2016 P

19802016 19802016

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

PaNEL A: LABOR SHARE DECLINES, 1987-2016

Lahor share decline _-2.981 _-2.?1-5 -2.?.'3_-5 -4.427 -3.275 -3.135
(1.187) (1.152) (1.150) (1.471) (1.292) (1.288)
R-squared 0.12 0.12 0.12 0.09 0.11 0.12
First-stage F 32.92 32.92 32.92
Ohservations 48 48 48 48 48 48

PaNEL B: TASK DISPLACEMENT, 1987-2016

Task displacement _—2.113 _—1.91;] -1.631 -_‘2.4(]3 —.l.f“TEi —.]..T[)Q
(0.537) (0.518) (0.517) (0.744) (0.673) (0.674)
R-squared 0.21 0.20 0.20 0.20 0.20 0.20
First-stage F 3747 3747 3747
Ohservations 48 48 48 48 48 48

PANEL C: TASK DISPLACEMENT WITH ELASTICITY OF SUBSTITUTION (1.8, 1987-2016

Task displacement ._2'25.[] ._2'[)(."]2 _2'129 _.Q'SSJ _.]'393 _.]_:.319
(0.470) (0.469) (0.464) (0.777) (0.608) (0.693)
R-squared 0.26 0.26 0.27 0.25 0.25 0.26
First-stage F 27.63 27.63 27.63
Ohservations 48 48 48 48 48 48

PANEL D: TASK DISPLACEMENT WITH ELASTICITY OF SUBSTITUTION 1.2, 19872016

Task displacement ._1 E:-ll ._1 '4?'?3 1 '4.-26 _.2'266 _.] GTE» _.] .Q[)-l
(0.518) (0.498) (0.501) (0.732) (0.660) (0.664)
R-squared 0.14 0.12 0.12 0.12 0.11 0.12
First-stage F 42.39 42.39 42.39
Observations 18 48 48 48 48 48
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Table B-2: Task displacement and hours per worker and unemployment

rates, 1980-2016

DEPENDENT VARIABLE: LABOR MARKET OUTCOMES 19802016
OLS ESTIMATES IV ESTIMATES

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

PaneEL A. UNEMPLOYMENT RATE

Task displacement .[). 113 .[). 171 .[)'034 .[). 120 .[). 183. .[).{}LSl
(0.019) (0.044) (0.007) (0.021) (0.049) (0.107)
Share variance explained hy:
- task displacement 0.18 0.27 0.04 0.10 0.20 0.03
- educational dummies 0.00 -0.01 -0.00 -0.02
R-squared 0.18 0.28 0.29 0.18 0.28 0.29
First-stage F 3246.45 T85.80 156.33
Observations 500 500 500 500 500 500

PanNEL B. LOG HOURS PER WORKER

Task disolaceme -0.862 -0.581 0.790 -0.896 -0.611 0.693
ask displacement (0.180) (0.292) (0.619) (0.186) (0.299) (0.665)

Share variance explained by:

- task displacement 0.31 0.21 -0.28 0.32 0.22 -0.25

- educational dummies 0.13 -0.01 0.11 -0.03

R-squared 0.31 0.47 0.50 0.31 0.47 0.50

First-stage F 3246.45 T85.80 156.33

Ohservations 500 500 500 500 500 500

Covariates:

Industry shifters, manufacturing share,

education and gender dummies v v v v

Exposure to labor share declines and y y

relative specialization in routine jobs
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Table B-3: Task displacement and changes in real hourly wages, 1980-

2007

DEPENDENT VARIABLES:
CHANGE IN WAGES AND WAGE DECLINES, 1980-2007

(1) (2) (3 (4)
PANEL A. CHANGCE IN REAL WACES 1980-2007
Task displacement -1.777 -1.371 -0.920 -0.333
] o (0.110) (0.136) (0.179) ((.558)
Industry shifters |j.}22 0.505 0.492
. o (0.0=8) (0.143) (0.208)
Exposure to industry labor share -0.784
decline (0.832)
Relative specialization in routine -0.085
jobs (0.075)
S!.J‘arsl! variance explained by task 0.60 0.53 0.36 0.13
displacement
R-squared 0.69 0.74 0.82 0.83
Ohservations 500 500 500 500

PaNeEL B. REAL WAGE DECLINES, 1980-2007

Task displaceme -0.467 -(.486 -0.488 -0.296
ask displacement (0.057) (0.070) (0.008) (0.182)
Industry shifters -0.016 0.137 0.121
TAUSLLy Shilters (0.019) (0.078) (0.088)
Exposure to industry labor share 0.618
decline (0.233)
Relative specialization in routine 0.056
jobs (0.015)
Share variance explained by task 0.65 0.68 0.68 1.96
displacement e ’ | ’
R-squared 0.65 0.66 0.77 0.79
Observations 500 500 500 500

Other covariates:
Manufacturing share, and p
education and gender dummies
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Table B-4: Task displacement and changes in real hourly wages—

Alternative price adjustments for task displacement

s CHANCE 1N REAL waces 1080-2016
(3] (4)

DEPENDENT VARIA
(1)

Thask displacement

e explained by task

R-siu
Ohsarvations

Thask displacement

Share varianee explained by task

R-siu
Ohsarvations

Thask displacement

Share varianee explained by task
disp ent

R-squared

Ohsarvations

Thask displacement

Share varianes ¢
disp ent
R-squared
Ohsarvations

by task

Thask displacement

by task

v, ronder and

dueation dommies
Exposure to l: 1are declines
and relative specialization in
routine johs

Paner A, Task DISPLACEMENT For A =1 anp a;= 0.8
-1.349 -1L016 -1.188
(0.11E) [0.152)

0.51

0.84
500
ENT FOR A= 1

-1.rg

.71 .63 0.52

500

PameL C. Tasyk msPLACEMENT FoR A =05 ano o= 0.8
-1.220 -0.924 -1.074 1.858
(D.104) [0.138) (0.156) [0.347)

0.58

0.58 [ 0.84
500 Il 500
Paner ). Task msPLACEMENT FOR A= 0.5 anp o; =1
-1.436 -1.192 -1.172 -1.468
(.083) [0.141) (D.168) (0.402)

0.51

Ly .56 0.55 (60

0.84
500
Paner E. Task mispraceEMERT Foit A =05 anp o; = 1.2
-1.545 -1.362 -0.631
(0.07T) [0.135) (0.158) (0.487)

0.71

0.71
500

0.52 029

b o o
b L)
o

eckman



Table B-5: Task displacement and changes in real hourly wages—

Alternative labor share measures

DEPENDENT VARIABLE: CHANGE IN REAL WAGES 1980-2016
(1) (2) (3) (4)

PANEL A. EXCLUDING COMMODITIES

Task displacement -1675 -1.323 ) t.h 2144
(0.120) (0.174) (0.201) (0.456)

':.a_hnrta variance explained by task 0.63 0.50 0.52 0.80

displacement

R-squared 0.63 0.67 0.83 0.84

Observations 500 500 500 500

PANEL B. WINSORIZED LABOR SHARE CHANCES

I'nsk displacement (0.008) (0.165)

':.a_hnrta variance explained by task 0.66 054 056 078
displacement

R-squared 0.66 0.69 0.84 0.84
Observations 500 500 500 500

PANEL C. EXCLUDING INDUSTRIES WITH RISING LABOR SHARES

Task displacement -1.401 -1.250 -1.822 -.] 459
(0.090) (0.163) (0.196) (0.419)

':.a_hnrta variance explained by task 0.66 0.55 0.58 0.56

displacement

R-squared 0.66 0.68 0.84 0.84

Observations 500 500 500 500

PANEL D). GROSS LABOR SHARE CHANGES

Task displacement -1.393 -1.113 -0.900 -1.190
i e h (0.082) (0.105) (0.126) (0.310)

:.’.h“m variance explained by task 0.66 0.53 0.43 057

displacement

R-squared 0.66 0.74 0.83 0.83

Observations 500 500 500 ]

Covariates:

Industry shifters v e v

M:mut’z_u'Luriug H].lElT('. pender and v v

education dummies

Exposure to labor share declines and v

relative specialization in routine johs
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Table B-6: Alternative estimates of the propagation matrix

GMM

G AUT

NDENT VARIABLE: CHANGE IN WAGES 1980-2016
GMM iG AU

(4)

pational simlarity
ribm 3

Ohservations

Own effect, #fA

C

ribnti s offocts via
pational simila
mntributi

ustry similarity

> effects via

s offocts via

education age g

Ohservations

Own effect, #/A

ia
ia

ia

Observations

Covariates:
Industry shifters
M frue r share

0872

(0.052)

0,63

(0.181)

0.245

(0.192)

0.104

(0.023)

500

(0.025)

500

PaneL C. DEcay pa

0.668

(0.042)

0477

(0.082)

0,083

(0.096)

0.197

(0.022)

500

PANEL D. DECAY PARAN

1.038

(0.061)

0.184

(0.107)
0.30m

PaneL A. DECAY PARA
0806
(0.054)
0.496
(0.184)
0553
(02109
018G
(0.023)

500

Paner B. DECAY PaRA

3

(0.050)
0236
{0.062)

{0.045)
0.426
(0.084)
0.216
(0.104)
0.180
{0.022)

500

0.949
{0.064)
0.130
(0.106)

0.502
(0.130)
0.141
(0.027)

00

(0.022)

500

1.121
(0.061)

(0.028)

500

0860

0160

(0.025)

500

SETTING oy = [L8.
0.602

(0.0
r

(0.052}

0,
(0.210)
0.182
(0.023)

(0.084)
11,200
(0.104)
0.171
(0.022)

500

(0.107)
0.627
(0,130

Heckman
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