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1. Introduction
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• Wage and earnings inequality have risen sharply in the US and other 
industrialized economies over the last four decades. 

• Figure 1 depicts some salient aspects of US developments: while the real 
wages of workers with a post-graduate degree rose, the real wages of low-
education workers declined significantly. 

• The real earnings of men without a high-school degree are now 15% lower 
than they were in 1980.
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Figure 1: Cumulative Growth of Real Wages by Gender and Education 
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• The most popular explanation for these changes is based on skill-biased 
technological change (SBTC). 

• According to this framework, the demand for different types of workers comes 
from an aggregate production function of the form 𝐹(𝐴𝐻𝐻, 𝐴𝐿𝐿), where 𝐻 and 
𝐿 are employment levels of high-skill and low-skill workers, and 𝐴𝐻 and 𝐴𝐿
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 𝐴𝐻 than in 𝐴𝐿, 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. 

• 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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• Our work contributes to various literatures. 

• The first is the literature on SBTC, with papers such as Bound and Johnson 
(1992), Katz and Murphy (1992) and Card and Lemieux (2001) that explored 
the evolution of between-group wage inequality in response to changes in 
factor supplies and technologies augmenting the productivity of educated 
workers. 

• We differ from this literature because of our distinct conceptual framework 
and focus on task displacement as the main driving force of changes in wage 
structure.
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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.

• 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. 

• 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
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2.1 Single Sector
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• 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 𝜆 ≥ 0,

where 𝑥 indexes tasks.

𝑦 =
1

𝑀
න
𝒯

𝑀 ⋅ 𝑦 𝑥
𝜆−1
𝜆 ⋅ 𝑑𝑥

𝜆
𝜆−1

,
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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 (where 𝑔 ∈ 𝒢 = {1,2, … , 𝐺}):

• Here, ℓ𝑔(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. 

• In addition, 𝐴𝑘 and the 𝐴𝑔's represent standard factor-augmenting 

technologies, which make factors uniformly more productive at all tasks.

𝑦 𝑥 = 𝐴𝑘 ⋅ 𝜓𝑘 𝑥 ⋅ 𝑘 𝑥 +

𝑔∈𝒢

𝐴𝑔 ⋅ 𝜓𝑔 𝑥 ⋅ ℓ𝑔 𝑥 .
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• More novel and important for our purposes, productivity also has a task-

specific component, represented by the functions 𝜓𝑘(𝑥) and 𝜓𝑔 𝑥
𝑔∈𝒢

, 

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:

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

𝑐 = 𝑦 −න
𝒯

(𝑘(𝑥)/𝑞(𝑥)) ⋅ 𝑑𝑥.
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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. 

• To formalize this notion, we define a critical object for the rest of our analysis: 
𝒯𝑔, which represents the set of tasks allocated to labor of type 𝑔; and 𝒯𝑘, which 

is analogously the set of tasks allocated to capital. 

• Given a supply of labor ℓ = (ℓ1, ℓ2, … , ℓ𝐺), a market equilibrium is given by 
wages 𝓌 = (𝓌1,𝓌2, … ,𝓌𝐺), capital production decisions 𝑘(𝑥), and an 
allocation of tasks to factors {𝒯𝑘 , 𝒯1, … , 𝒯𝐺}, 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 𝓌𝑔'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:

𝒯𝑔 =

𝑥:
𝓌𝑔

𝜓𝑔 𝑥 ⋅ 𝐴𝑔
≤

𝓌𝑗

𝜓𝑗 𝑥 ⋅ 𝐴𝑗
for 𝑗 < 𝑔;

𝓌𝑔

𝜓𝑔 𝑥 ⋅ 𝐴𝑔
<

𝓌𝑗

𝜓𝑗 𝑥 ⋅ 𝐴𝑗
,

1

𝜓𝑘 𝑥 ⋅ 𝑞 𝑥 ⋅ 𝐴𝑘
for 𝑗 > 𝑔

𝒯𝑘 = 𝑥:
1

𝜓𝑘 𝑥 ⋅ 𝑞 𝑥 ⋅ 𝐴𝑘
≤

𝓌𝑗

𝜓𝑗 𝑥 ⋅ 𝐴𝑗
for all 𝑗
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• Given an allocation of tasks to factors, we define:

• The quantities Γ𝑔 and Γ𝑘, 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 𝒯𝑔 and 𝒯𝑘, and thus on wages, factor-

augmenting technologies and task productivities. 

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

Ψ = 𝜓𝑘 𝑥 , 𝜓𝑔 𝑥
𝑥∈𝒯

, 𝐴𝑘 , 𝐴𝑔 𝑔∈𝒢
, but will omit this dependence when it 

causes no confusion.

Γ𝑔 𝓌,Ψ =
1

𝑀
න
𝒯𝑔

𝜓𝑔 𝑥 𝜆−1 ⋅ 𝑑𝑥 and

Γ𝑘 𝓌,Ψ =
1

𝑀
න
𝒯𝑘

𝜓𝑘 𝑥 ⋅ 𝑞 𝑥
𝜆−1

⋅ 𝑑𝑥.
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• 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 𝐴𝑘
𝜆−1 ⋅ Γ𝑘 < 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:
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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/𝜆 for standard reasons) and the factor-augmenting technology, 𝐴𝑔, raised to 

the power (𝜆 − 1)/𝜆. 

• This exponent captures the fact that improvements in the productivity of 
workers from group 𝑔 reduce the price of tasks they produce, and if 𝜆 < 1 this 
price effect dominates. 

• More novel is that real wages also depend directly on task shares, the Γ𝑔'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 𝐴𝑔 or 𝐴𝑘 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 𝜓𝑔(𝑥) for 𝑥 ∈ 𝒯𝑔 or in 𝜓𝑘(𝑥)

for 𝑥 ∈ 𝑇𝑘—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 𝜓𝑘(𝑥) for 𝑥 ∈ 𝒯𝑔—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 Γ𝑔's and Γ𝑘
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



Heckman 32

• 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., 𝜓𝑔(𝑥) > 0

only if 𝜓𝑔′ 𝑥 = 0 for all 𝑔′ ≠ 𝑔).

2. There exist 𝜓 > 0 and 𝑞 > 0 such that 𝜓𝑘 𝑥 > 𝜓 and 𝑞 𝑥 > 𝑞 for all 

𝑥 ∈ 𝒮 = {𝑥: 𝜓𝑘 𝑥 > 0}.
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• In the next proposition, we characterize the effects of different types of 
technologies on factor prices, TFP, and output under Assumption 1. 

• We present a characterization in terms of the infinitesimal changes in the 
direct effects of these technologies. 

• In particular, we let 𝑑 ln Γ𝑔
deep

≥ 0 denote the direct effect of productivity 

deepening (for capital or some types of labor) on the task share of group 𝑔; 

and 𝑑 ln Γ𝑔
disp

denote the direct displacement effect experienced by group 𝑔

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

where 𝒟𝑔 ⊆ 𝒯𝑔 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).

𝑑 ln Γ𝑔
deep

=
1

𝑀
න
𝒯𝑔

𝜓𝑔 𝑥 𝜆−1

Γ𝑔
⋅ 𝑑 ln𝜓𝑔 𝑥 𝑑𝑥

𝑑 ln Γ𝑔
disp

=
1

𝑀
න
𝒟𝑔

൘𝜓𝑔 𝑥 𝜆−1𝑑𝑥
1

𝑀
න
𝒯𝑔

𝜓𝑔 𝑥 𝜆−1𝑑𝑥,
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• Finally, we define

as the average cost savings from producing the tasks in 𝒟𝑔 with the now more 

cost effective capital. 

• In this expression, 𝜋𝑔(𝑥) is the cost saving of automating task 𝑥 previously 

performed by workers group 𝑔.

𝜋𝑔 =
1

𝑀
න
𝒟𝑔

𝜓𝑔 𝑥 𝜆−1 ⋅ ൘𝜋𝑔 𝑥 𝑑𝑥
1

𝑀
න
𝒟𝑔

𝜓𝑔 𝑥 𝜆−1𝑑𝑥
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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
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• The impact of factor-augmenting technologies on TFP can be computed from 
(5) as σ𝑔∈𝒢 𝑠𝑔

𝐿 ⋅ 𝑑 ln𝐴𝑔 + 𝑠𝐾 ⋅ 𝑑 ln𝐴𝑘. 

• 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 𝑠𝑔

𝐿%, where 𝑠𝑔
𝐿 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 𝑠𝐾%. 

• Thus, relative to their modest effects on the wage structure (especially for 
values of 𝜆 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 ln Γ𝑔
disp

in the proposition.

• The impact of this type of technology on wages in (4) becomes 
1

𝜆
𝑑 ln 𝑦 −

1

𝜆
𝑑 ln Γ𝑔

disp
.
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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. 

• This is also in stark contrast to what one would get from factor-augmenting 

technologies, whose impact on factor shares depends on whether 𝜆 <
>
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
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• Our full model generalizes the one-sector setup in the previous subsection. 

• There are multiple industries indexed by 𝑖 ∈ ℐ = 1,2, … , 𝐼 .

• Output in industry 𝑖 is produced by combining the tasks in some set 𝒯𝑖, with 
measure 𝑀𝑖, using a CES aggregator with elasticity 𝜆 ≥ 0:

• where 𝑥 again indexes tasks and 𝐴𝑖 is a Hicks-neutral industry productivity 
term. 

• As before, tasks, 𝒯𝑔𝑖 denotes the set of tasks in industry 𝑖 allocated to workers 

of type 𝑔 and 𝒯𝑘𝑖 denotes those allocated to capital.

𝑦𝑖 = 𝐴𝑖 ⋅
1

𝑀𝑖
න
𝒯𝑖

𝑀𝑖 ⋅ 𝑦 𝑥
𝜆−1
𝜆 ⋅ 𝑑𝑥

𝜆
𝜆−1

,
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• Likewise, we define industry-level task shares, Γ𝑔𝑖 and Γ𝑘𝑖, as:

• 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, 𝑠𝑖
𝑌(𝒑), where 𝒑 = (𝑝1, 𝑝2, … , 𝑝𝐼) is the vector of industry prices.

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

Γ𝑔𝑖 𝓌,Ψ =
1

𝑀𝑖
න
𝒯𝑔𝑖

𝜓𝑔 𝑥 𝜆−1 ⋅ 𝑑𝑥; Γ𝑘𝑖 𝓌,Ψ =
1

𝑀𝑖
න
𝒯𝑘𝑖

𝜓𝑘 𝑥 ⋅ 𝑞 𝑥
𝜆−1

⋅ 𝑑𝑥.



Heckman 43

• 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:
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2.3 Mapping the Model to Data
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• 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 ln Γ𝑔𝑖
deep

and 𝑑 ln Γ𝑔𝑖
disp

, respectively. 
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• Differentiating Equation (8) and using Assumption 1, we obtain a generalization 
of (4):

where 𝜔𝑔
𝑖 denotes the share of group 𝑔's wage income earned in industry 𝑖, so 

that σ𝑖∈ℐ𝜔𝑔
𝑖 = 1.

• Equation (11) shows that wages depend on four terms.
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1. The common expansion of output: 𝑑 ln 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: 
𝜆−1

𝜆
𝑑 ln𝐴𝑔 + σ𝑖∈ℐ𝜔𝑔

𝑖 ⋅ 𝑑 ln Γ𝑔𝑖
deep

, 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:

where 𝑣𝑔 is an additional unobserved component, and 𝛼edu(𝑔) and 

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

• As a further refinement, we allow group-specific shifters to also depend 
on baseline group wages, which may proxy for skills as well.

𝜆 − 1

𝜆
𝑑 ln𝐴𝑔 + 

𝑖∈ℐ

𝜔𝑔
𝑖 ⋅ 𝑑 ln Γ𝑔𝑖

deep
= 𝛼edu 𝑔 + 𝛾gender 𝑔 + 𝑣𝑔,
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3. Industry shifters: 

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.

Industry shifter𝑔 =
1

𝜆


𝑖∈ℐ

𝜔𝑔
𝑖 ⋅ (𝑑 ln 𝑠𝑖

𝑌 + (1 − 𝜆)(𝑑 ln 𝑝𝑖 + 𝑑 ln𝐴𝑖)),
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4. Task displacement:

• 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 𝜆 is above or below 1. 

• Task displacement could come from automation or offshoring, and we will 
later study their contribution to this process.

Task displacement𝑔 =

𝑖∈ℐ

𝜔𝑔
𝑖 ⋅ 𝑑 ln Γ𝑔𝑖

disp
.
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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: 

• 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. 

• 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 𝜆 = 1 (so that the task 
aggregator is Cobb-Douglas) and there are no changes in industry markups, we 
have:

• This measure comprises three terms: (1) a group's exposure to different 

industries, 𝜔𝑔
𝑖 , 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 ln 𝑠𝑖
𝐿, 

which in our framework is tightly linked to automation in industry 𝑖; (3) 

𝜔𝑔𝑖
𝑅 /𝜔𝑖

𝑅, 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.

(12) Task displacement𝑔 =

𝑖∈ℐ

𝜔𝑔
𝑖 ⋅ ( Τ𝜔𝑔𝑖

𝑅 𝜔𝑖
𝑅) ⋅ (−𝑑 ln 𝑠𝑖

𝐿).
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• Our second strategy uses direct measures of automation technologies (and 
offshoring):

• 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.

(13) Task displacement due to automation𝑔 =

𝑖∈ℐ

𝜔𝑔
𝑖 ⋅ ( Τ𝜔𝑔𝑖

𝑅 𝜔𝑖
𝑅) ⋅ automation in industry𝑖 .
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3. Data, Measurement, and Descriptive 
Patterns
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3.1 Main Data Sources
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• 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.



Heckman 59

3.2 Task Displacement and Changes in the 
Labor Share across Industries
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• 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. 

• 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 4: Task displacement 1987-2016 and index of automation
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Figure 5: Relationship between automation technologies and task 
displacement across industries
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• The industry-level variation in addition provides support for Assumption 2. 

• In particular, Figure 6 depicts a strong negative association between task 
displacement and reductions in the demand for routine tasks across industries 
(measured in one of three ways: total wages in routine jobs, total hours in 
routine jobs, or total number of workers in routine jobs).

• With all three measures, there is a significant decline in routine jobs in 
industries experiencing task displacement.
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Figure 6: Relationship between task displacement and the decline of 
routine jobs across industries
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3.3 Task Displacement and Wages across 
Demographic Groups
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• 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. 

• 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
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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.

• It reveals that men without college degree have experienced the highest levels 
of task displacement as well as substantial real wage declines, while men and 
women with a post-graduate degree and women with a college degree have 
been subject to negligible task displacement and have enjoyed robust real 
wage growth. 

• Once again, these patterns are explained by the component of task 
displacement driven by automation technologies.
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Figure 9: Task displacement, component of task displacement, driven 
by automation, and real wage changes by education level and gender
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4. Reduced-Form Evidence of the Effects of 
Task Displacement
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4.1 Baseline OLS Results
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• Table 1 presents estimates from an empirical analogue of Equation (11):

• Here 𝑔 indexes our 500 demographic groups, and Δ ln𝓌𝑔 denotes the log

change in real hourly wages for workers in group 𝑔 between 1980 and 2016. 

• The error term 𝑣𝑔 represents residual group-specific changes in supply or 

demand, which are assumed to be orthogonal to task displacement.

• As in all of our other results, regressions are weighted by the share of hours 
worked by each group and standard errors are robust to heteroskedasticity.

• Column 1 presents a bivariate regression identical to the one shown in Figure 
8.

(14) Δ ln𝓌𝑔 = 𝛽𝑑 ⋅ Task displacement𝑔 + 𝛽𝑠 ⋅ Industry shifter𝑔 + 𝛼edu 𝑔 + 𝛾gender 𝑔 + 𝑣𝑔 .
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Table 1: Task Displacement and Changes in Real Hourly Wages, 1980-
2016



Heckman 76

4.2 Baseline IV Results
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• 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
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4.3 Task Displacement versus SBTC
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• 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
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4.4 Employment Outcomes
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• 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).

• 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
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4.5 Confounding Trends: Imports, 
Deunionization and Other Capital
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• 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
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4.6 Confounding Trends: Concentration and 
Markups
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• 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. 

• Overall, 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
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4.7 Regional Variation
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• Task and industry composition vary greatly across regions and commuting 
zones in the US. 

• To further test the association between task displacement and wages, we now 
investigate whether regional variation in task displacement also predicts 
changes in sub-national wage structures.

• Table 7 provides estimates that exploit regional differences in specialization 
patterns. 

• The main difference is that now the unit of observation is given by group-
region cells, and we exploit differences in specialization across these cells to 
construct our task displacement measures.
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Table 7: Task Displacement and Changes in Real Hourly Wages, 1980-
2016: Regional Variation
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4.8 Further Robustness Checks



Heckman 95

• 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). 

• 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
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• Our reduced-form evidence documented a strong negative relationship 
between task displacement and relative wage changes. 

• This evidence misses three general equilibrium effects, however. 

• First, in our regressions the common effect of productivity on real wages is 
included in the intercept, making our estimates uninformative about wage 
level changes. 

• Second, our regression estimates focus on the direct effects of task 
displacement and do not account for the resulting ripple effects, which also 
impact the wage structure. 

• Third, although our regressions control for observed 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
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• 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

which are given by a weighted sum of industry-specific task shares, Γ𝑔𝑖 (or Γ𝑘𝑖), 

and also depend on industry shifters, 𝜁 = 𝜁1, … , 𝜁𝐼 .

Γ𝑔 𝓌, 𝜁,Ψ = σ𝑖∈ℐ
𝑠𝑖
𝑌 𝑝,𝑐 ⋅ 𝐴𝑖⋅𝑝𝑖

𝜆−1

=𝜁𝑖
⋅

1

𝑀𝑖
𝒯𝑔𝑖

𝜓𝑔 𝑥 𝜆−1⋅𝑑𝑥,

=Γ𝑔𝑖

Γ𝑘 𝓌, 𝜁,Ψ = σ𝑖∈ℐ
𝑠𝑖
𝑌 𝑝,𝑐 ⋅ 𝐴𝑖⋅𝑝𝑖

𝜆−1

=𝜁𝑖
⋅

1

𝑀𝑖
𝒯𝑘𝑖

𝜓𝑘 𝑥 𝜆−1⋅𝑑𝑥,

=Γ𝑘𝑖
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• To characterize ripple effects, consider any technological change with a direct 
effect of 𝓏𝑔 on the real wage of group 𝑔, and denote by 𝓏 the column vector of 

𝓏𝑔’s. 

• Differentiating (2), we obtain:

where 𝜕 ln Γ(𝓌, 𝜁, Ψ)/𝜕 ln𝓌 is the 𝐺 × 𝐺 Jacobian of the function 
ln Γ 𝓌, 𝜁,Ψ = (ln Γ1 𝓌, 𝜁,Ψ , ln Γ2 𝓌, 𝜁,Ψ ,… , ln Γ𝐺(𝓌, 𝜁,Ψ)) with 
respect to the vector of wages 𝓌.

• We refer to the 𝐺 × 𝐺 matrix Θ as the propagation matrix.

𝑑 ln𝓌 = 𝓏 +
1

𝜆

𝜕 ln Γ(𝓌, 𝜁, Ψ)

𝜕 ln𝓌
⋅ 𝑑 ln𝓌֜ 𝑑 ln𝓌 =

1 −
1
𝜆
𝜕 ln Γ 𝓌, 𝜁, Ψ

𝜕 ln𝓌

−1

Θ
⋅ 𝓏,
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• In the Appendix, we prove that Θ is well defined and has positive entries. 

• In particular 𝜃𝑔𝑔′ ≥ 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 Θ, which we label by 𝜀𝑔, is always 

between 0 and 1. 

• Third, the propagation matrix satisfies the following symmetry property:       

𝜀𝑔 −
𝜃
𝑔𝑔′

𝑠
𝑔′
𝐿 = 𝜀𝑔′ − 𝜃𝑔′𝑔/𝑠𝑔

𝐿 for any two groups 𝑔 and 𝑔′ (where 𝑠𝑔
𝐿 is the labor 

share of group 𝑔 in output). 
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• Finally, the propagation matrix tells us whether different workers are 
q−complements or q−substitutes: an increase in the supply of workers of type 
𝑔′ reduces the real wage of type 𝑔 if and only if 𝜃𝑔𝑔′ > 𝑠𝑔′

𝐿 ⋅ 𝜀𝑔.

• In what follows, we denote row 𝑔 of the propagation matrix by                     

Θ𝑔 = 𝜃𝑔1, … , 𝜃𝑔𝐺 .

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

• We use 𝑑 ln 𝑥 to designate the column vector of (𝑑 ln 𝑥1, … , 𝑑 ln 𝑥𝐺) across 
groups of workers, and with some abuse of notation, we denote the vector of 
industry prices by 𝑑 ln 𝑝 = (𝑑 ln 𝑝1, 𝑑 ln 𝑝2, … , 𝑑 ln 𝑝𝐼).
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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:
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5.2 Parametrization, Calibration, and 
Estimation
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• Measuring task displacement and the cost savings from automation: Recall 
that 𝜆 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, 𝜎𝑖, exceeds 𝜆. 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

and the task displacement measure in Equation (12) becomes

(15) 𝑑 ln Γ𝑔𝑖
disp

= (𝜔𝑔𝑖
𝑅 /𝜔𝑖

𝑅) ⋅
−𝑑 ln 𝑠𝑖

𝐿 − 𝑠𝑖
𝐾 ⋅ 1 − 𝜎𝑖 ⋅ (𝑑 ln𝓌𝑖 − 𝑑 ln𝑅𝑖)

1 + 𝜆 − 1 ⋅ 𝑠𝑖
𝐿 ⋅ 𝜋𝑖

,

(16)

Task displacement𝑔

= 

𝑔∈𝒢

𝜔𝑔
𝑖 ⋅ ( ൗ𝜔𝑔𝑖

𝑅 𝜔𝑖
𝑅) ⋅

−𝑑 ln 𝑠𝑖
𝐿 − 𝑠𝑖

𝐾 ⋅ 1 − 𝜎𝑖 ⋅ (𝑑 ln𝓌𝑖 − 𝑑 ln𝑅𝑖)

1 + 𝜆 − 1 ⋅ 𝑠𝑖
𝐿 ⋅ 𝜋𝑖
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• Industry demand: We use a simple CES demand system across industries: 

𝑠𝑖
𝑌 𝑝 = 𝛼𝑖 ⋅ 𝑝𝑖

1−𝜂
. 

• Following Buera, Kaboski and Rogerson (2015), we set the elasticity of 
substitution between industries to 𝜂 = 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

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

𝑛 .

• The parameter 𝛽𝑛 ≥ 0 gives the importance of dimension n in mediating ripple 
effects.

𝜃𝑔𝑔′ =
1

2
𝜀𝑔 − 𝜀𝑔′ ⋅ 𝑠𝑔′

𝐿 + σ𝑛∈𝒩 𝛽𝑛 ⋅ 𝑓 𝑑𝑔𝑔′
𝑛 ⋅ 𝑠𝑔′

𝐿 for all 𝑔′ ≠ 𝑔 and

𝜃𝑔𝑔 = 𝜃 for all 𝑔,
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• Using this parameterization, the wage effects from Proposition 4 can be 
written as:

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

• where 𝓏𝑔 is either our measure of task displacement, or alternatively, our 

index of automation (so that we only exploit automation-induced changes in 
demand).

𝔼 𝑣𝑔 ⋅ 1, 𝓏, 

𝑔′≠𝑔

𝑓 𝑑𝑔,𝑔′
1 ⋅ 𝑠𝑔′

𝐿 ⋅ 𝓏𝑔′ , … , 

𝑔′≠𝑔

𝑓 𝑑𝑔,𝑔′
𝑁 ⋅ 𝑠𝑔′

𝐿 ⋅ 𝓏𝑔′ = 0,
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• Table 8 provides our estimates Τ𝜃 𝜆 and Τ𝛽𝑛 𝜆 in Equation (17). 

• Columns 1-3 use our task displacement measure in Equation (16) to form 
moment conditions, while columns 4-6 use the index of automation. 

• The estimates in Panel A of Table 8 provide evidence of significant ripple 
effects by occupation, industry, and within age × 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
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5.3 Quantitative Results
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• 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
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• 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.
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Figure 10: Contribution of productivity effects, industry shifts, direct 
displacement effects, and ripple effects to the predicted change in 

wages for 1980-2016 
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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).
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Figure 11: Direct effects of task displacement compared to general 
equilibrium effects after accounting for ripple effects 
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• As a summary, Figure 12 plots the predicted wage changes in the model and 
the observed real wage changes between 1980 and 2016. 

• In addition to accounting for a large fraction of the variation in US wage 
structure, task displacement can explain several other salient aspects of the 
labor market this period.

• It is also worth noting, however, that our model misses a significant portion of 
wage growth coming from highly-educated workers at the top of the wage 
distribution.

• This may reflect the complementarity between some of the new technologies 
and post-graduate skills or other forces, such as winner-take-all dynamics in 
some high-skill professions, which are both absent from our model.
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Figure 12: Predicted (horizontal axis) vs. observed (vertical axis) wage 
changes 
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6. Concluding Remarks 
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• 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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• 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. 

• 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
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A-1 Proofs of the Results in the Main Text
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• Proof of Proposition 1. We first show that an equilibrium exists and is unique. 

• The equilibrium of this economy solves the following optimization problem
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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 𝑤𝑔 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
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• 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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• The demand for task x is

where 𝑝(𝑥) is this task's price. 

• Given the allocation of tasks {𝑇𝑘 , 𝑇1, … , 𝑇𝐺}, this price is
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• This implies that the demand for capital and labor at the task level is given by:



Heckman 135

• To derive Equation (2), we integrate over the demand for labor across tasks in 
the previous expression and rearrange to obtain:

• Equation (1) follows by noting that by definition gross output y is
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• Substituting for 𝑦(𝑥) from Equation (A-1), we obtain the ideal price condition:

• Substituting for the equilibrium task prices from equation (A-2) yields
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• Next substituting for 𝑤𝑔 from Equation (2), we can rewrite this equation in 

terms of task shares as

• Rearranging this equation and using the fact that 𝐴𝑘
𝜆−1Γ𝑘 < 1 yields the 

expression for output in Equation (1).
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• Finally, we can compute factor shares as:

• Because of constant-returns to scale, we must have 𝑠𝐿 = 1 − 𝑠𝐾.

• To conclude, note that in any competitive equilibrium we have 𝑠𝐿, 𝑠𝐾 ∈ [0,1], 
and so

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

• As in the text, we use D𝑔 ⊂ 𝑇𝑔 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 ln Γ𝑔
deep

and 𝑑 ln Γ𝑔
disp

in the main text imply
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• To characterize the effects of technology on wages, we first log-differentiate 
Equation (2):

• Plugging the formula for 𝑑 ln Γ𝑔 in (A-4) yields the expression for wage changes 

in (4).
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• Let us next define changes in TFP, which are:

where 𝑘 = 𝑇𝑘
Τ𝑘(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. 

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

• where 𝑠𝐾(𝑥) denotes the share of capital 𝑘(𝑥) in gross output and 𝑠𝑔
𝐿 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

• For any small change in technology, we have

where the 𝑘new(𝑥) and 𝑞new(𝑥) denote the new capital usage and prices in 
the newly-automated tasks.
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• Rearranging, we have

• Finally, using the fact that

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



Heckman 145

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

• Let us define the last line as

which represents the reallocation of tasks from labor to capital.
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• To develop this expression further, let us recall the definition of the cost-saving 
gains from automating task 𝑥:

• Averaging this across tasks, we obtain the average cost-saving gains from 
automating tasks in D𝑔 (which was also defined in the text):
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• Using these definitions, Δ can be rewritten as
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• Next, using the fact that 𝑠𝑔
𝐿 =

𝑤𝑔

𝐴𝑔

1−𝜆

⋅
1

𝑀
𝑇𝑔

𝜓𝑔 𝑥 𝜆−1𝑑𝑥 , we can rewrite Δ

as:

• Substituting this expression for Δ 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.



Heckman 149

• The output equation, (7), can be obtained from the TFP equation, (5). 

• Note that by definition we have

• Moreover, 𝑘 = 𝑠𝐾 ⋅ 𝑦, which implies
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• Combining these two equations yields

• To obtain the factor share changes, note that

which follows from the fact that 𝑠𝐾 = 𝐴𝑘
𝜆−1 ⋅ Γ𝑘.
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• We can rewrite this expression as follows:

• 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(𝑦1, … , 𝑦𝐼). The equilibrium of 
this economy solves the following optimization problem
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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). 

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

• Let 𝓌𝑔 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

• 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).
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• The demand for task 𝑥 in sector 𝑖 is

• Given {𝒯𝑘𝑖 , 𝒯1𝑖 , … , 𝒯𝐺𝑖}, the price of task 𝑥 is
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• The demand for capital and labor at task 𝑥 can be written as
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• Integrating these demands, as in the proof of Proposition 1, and rearranging, 
we have

which thus establishes Equation (8) as desired.



Heckman 158

• To derive the industry price index in Equation (9), we observe that

• Using the allocation of tasks, {𝒯𝑘𝑖 , 𝒯1𝑖 , … , 𝒯𝐺𝑖}, this implies

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.

• Although not reported, factor shares can be computed as

∎
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• Proof of Proposition 4. We first provide a proof for the existence and some of 
the properties of the propagation matrix Θ.

• Define the matrix

• This matrix satisfies several properties. 

• First, because Τ𝜕Γ𝑔 𝜕𝓌𝑔′ ≥ 0, all of its off-diagonal entries are negative. 

• This implies that σ is a 𝑍−matrix.



Heckman 161

• Second, σ has a positive dominant diagonal. 

• This follows from the fact that

and

• This last inequality follows from the fact that σ𝑔′
𝜕 ln Γ𝑔

𝜕 ln𝓌𝑔′
≤ 0, which is true 

since when all wage rise by the same amount, workers lose tasks to capital but 
do not experience task reallocation among them.
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• Third, all eigenvalues of σ have a real part that exceeds 1. 

• This follows from an application of Gershgorin circle theorem, which states 
that for each eigenvalue 𝜀 pf σ, we can find a dimension 𝑔 such that

• This inequality requires that

• Because σ𝑔𝑔−σ𝑔′≠𝑔 | σ𝑔𝑔′ | > 1 for all 𝑔, as shown above, all eigenvalues of 

σ have a real part that is greater than 1.
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• Fourth, since σ 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 σ is an 𝑀−matrix, its inverse Θ exists and has positive and real entries, 
𝜃𝑔𝑔′ ≥ 0, as desired. 

• Moreover, each eigenvalue of Θ has a real part that is positive and less than 1. 

• Finally, the row and column sums of Θ are also less than 1. 

• In particular, denote by 𝜃𝑔
𝑟 the sum of the elements of row 𝑔 of Θ. 

• Then:
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• This equality requires that

• Now, suppose without loss of generality, that 𝜃1
𝑟 > 𝜃2

𝑟 > ⋯ > 𝜃𝐺
𝑟 > 0 (all rows 

must have strictly positive sums, since 𝜃𝑔𝑔′ = 0 for all 𝑔′ would imply that Θ is 

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

• We have

which implies that
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• Because σ𝑔′
𝜕 ln Γ1

𝑑 ln𝓌𝑔′
≤ 0, we can rewrite this inequality as

• An identical argument establishes that column sums of Θ lie in (0,1).

• Having introduced the propagation matrix Θ, we are now in a position to 
derive the formulas characterizing the effects of technology on wages, sectoral 
prices, and TFP.
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• First, define 𝓌𝑔
𝑒 = 𝓌𝑔/𝐴𝑔 as the wage per efficiency unit of labor of 𝑔

workers. 

• Equation (8) then implies

• Log-differentiating this equation in response to an automation (task-displacing) 
technology, we obtain:
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• Stacking these equations for all groups, we can write:
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• We can solve this system of equations as

which implies

where
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• Turning to industry prices, note that these are given by Equation (10). 

• By definition, the equilibrium task allocation {𝒯𝑘𝑖 , 𝒯1𝑖 , … , 𝒯𝐺𝑖} solves the cost-
minimization problem:
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• The envelope theorem then implies that

• 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

• is a generalization of the term Δ 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 𝒟𝑔𝑖 in industry 𝑖 previous to perform by factor 𝑔 are 

automated):

and average percent cost-saving gains in industry 𝑖 as
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• Using these definitions, we can write Δ𝑖 as
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• Again as in the proof of Proposition 2, using the fact that                                

𝑠𝑔𝑖
𝐿 = 𝐴𝑖𝑝𝑖

𝜆−1 𝓌𝑔

𝐴𝑔

1−𝜆

⋅
1

𝑀𝑖
𝒯𝑔

𝜓𝑔 𝑥 𝜆−1𝑑𝑥 , we get

which yields the desired formula for 𝑑 ln 𝑝𝑖 in the proposition.
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• We now turn to TFP. 

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

• 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 𝑐ℎ 𝑝 . 

• Moreover, Shephard's lemma implies that
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• Our choice of numeraire, which implies that the final good has a price of 1, 
then implies

• Log-differentiating this expression yields
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• 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.

• Turning to output, the primal definition of TFP implies

• Moreover,𝑘 = 𝑠𝐾 ⋅ 𝑦, which implies
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• Combining these two equations yields

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

• Recall that the capital share is given by

∎
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A-2 Additional Figures and Tables
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Figure A-1: Task displacement across 500 demographic groups sorted 
by their hourly wage in 1980
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Figure A-2 (first panel): Relationship between task displacement 1987-
2016 and sales concentration
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Figure A-2 (second panel): Relationship between task displacement 
1987-2016 and rising
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Figure A-2 (third panel): Relationship between task displacement 1987-
2016 and Chinese import penetration
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Figure A-2 (fourth panel): Relationship between task displacement 
1987-2016 and declining unionization
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Table A-1: Determinants of task displacement and labor share declines 
across industries, 1987-2016 
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Table A-2: Summary statistics for demographic groups by quintiles of 
task displacement
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Table A-3: Task displacement and real wage declines, 1980-2016
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Table A-4: Task displacement vs. SBTC—Controlling for changes in 
relative supply, 1980-2016
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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
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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 
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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
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Table A-8: Task displacement and changes in real hourly wages for men, 
women, and native-born workers, 1980-2016
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Table A-9: Task displacement and changes in real hourly wages, 
stacked-differences models, 1980-2000 and 2000-2016
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Table A-10: Task displacement and changes in real hourly wages—
Alternative measures of jobs that can be automated
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Table A-11: Robustness checks for estimates of full general equilibrium 
effects
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B-1 Additional Theory Results
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• Existence of ഥ𝒒 and conditions for finite output

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

• Proposition B-1 (Existence of ഥ𝒒) Suppose that workers can only produce non-
overlapping sets of tasks (i.e., 𝜓𝑔 𝑥 > 0 only if 𝜓𝑔′ 𝑥 = 0 for all 𝑔 ≠ 𝑔′). 

Consider the set of tasks where capital has positive productivity, 𝒮 =
{𝑥:𝜓𝑘 𝑥 > 0}. Suppose that there exists ഫ𝜓 > 0, such that for all 𝑥 ∈ 𝒮 we 

have 𝜓𝑘 𝑥 > ഫ𝜓. Then there exists a threshold ത𝑞 such that, if 𝑞(𝑥) > ത𝑞 for all 

𝑥 ∈ 𝒮, all the tasks in 𝒮 are allocated to capital.
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• Proof. Consider an allocation with 𝒯𝑘 = 𝒮 and where                                        

𝒯𝑔 = 𝑥:𝜓𝑔 𝑥 > 0, 𝑥 ∉ 𝒮 .

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

• Using the formula for wages in Equation (2) and the fact that 𝜓𝑘 𝑥 > ഫ𝜓, it 

follows that a sufficient condition for this inequality is that

where 𝑞0 = inf
𝑥∈𝒮

𝑞(𝑥).
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• The left-hand side of (B-1) is increasing in 𝑞0 (since output increases in 𝑞(𝑥)
and the candidate task allocation remains unchanged); while the right-hand 
side is decreasing in 𝑞0 and converges to zero as 𝑞0 goes to infinity. 

• Let ത𝑞 denote the point at which (B-1) holds with equality. 

• It follows that if 𝑞𝑜 ≥ ത𝑞 (that is, 𝑞 𝑥 ≥ ത𝑞 for all 𝑥 ∈ 𝒮), 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. 

• To do so, it is convenient to introduce the derived production function of the 
economy as

• 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:

Moreover, in any equilibrium with positive and finite consumption, we have 
that 𝑠𝐾 ∈ [0,1). Instead, in any equilibrium with infinite output, 𝑠𝐾 = 1.
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• Proof. A competitive equilibrium maximizes 𝑐 𝑘 = 𝐹 𝑘, ℓ − 𝑘.

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

• Moreover, 𝑐 𝑘∗ = 1 − 𝑠𝐾 𝐹(𝑘∗, ℓ), which requires 𝑠𝐾 ∈ [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 lim
𝑘→∞

𝐹𝑘 𝑘, ℓ > 1, we have that lim
𝑘→∞

𝐹𝑘 𝑘, ℓ = 𝑚 > 1.

• Thus, the capital share is given by

• where we used l'Hôpital's rule in the third step. ∎
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• Extensions with Markups and Endogenous Labor supply

• Proposition B-3 (Extension with markups) Given labor-supply levels                 
ℓ = (ℓ1, ℓ2, … , ℓ𝐺) and industry markups 𝜇 = (𝜇1, 𝜇2, … , 𝜇𝐼), and conditional 
on an allocation of tasks {𝒯𝑘𝑖 , 𝒯1𝑖 , … , 𝒯𝐺𝑖}, equilibrium wages, industry prices, 
and output are a solution to the system of equations



Heckman 204

• 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

where the industry shifters are now given by



Heckman 205

• Proof. Let

denote the markup charged in industry 𝑖, where 𝑝𝑖 is the industry price and 
mc𝑖 the marginal cost. 

• Production optimality requires that
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• Using this last equation, we can solve for the quantity of task 𝑥 used in sector 𝑖
as

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
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• To derive Equation (B-3), we add-up the demand for labor across tasks, and 
rearrange the resulting expression:

• 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
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• Using the allocation of tasks {𝒯𝑘𝑖 , 𝒯1𝑖 , … , 𝒯𝐺𝑖}, this implies

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

and let 𝜍 = (1 − 𝜍𝑐)/(𝜍𝑐 + 𝜍ℓ). Conditional on an allocation of tasks 
{𝒯𝑘𝑖 , 𝒯1𝑖 , … , 𝒯𝐺𝑖}, equilibrium wages, labor supply, industry prices, and output 
solve the system 
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• Proposition B-4 (Cont’d) Moreover, the effect of task displacement on wages 
and employment is given by

where the propagation matrix now becomes
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• Proof. The household problem gives the labor-supply curve

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

• Using this equation to solve for 𝓌𝑔 yields Equation (B-7). 

• In turn, 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

• Using the fact that 𝑑 ln ℓ𝑔 = 𝜍 ⋅ 𝑑 ln𝓌𝑔 (from the labor-supply curve in B-12), 

we can rewrite this as

• Solving this system for wage changes gives the formula for the propagation 
matrix in the proposition. ∎
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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
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• Similarly, the Morishima elasticity of substitution between capital and labor 
can be defined as

and the Morishima elasticity of substitution between labor of type 𝑔′ and 𝑔
can be defined as
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• 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 𝑞−elasticity of substitution between capital and labor of type 𝑔
by the identity

and the 𝑞−elasticity of substitution between labor of type 𝑔′ and 𝑔 by
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• The 𝑞−elasticities of substitution tell us whether factors are 𝑞−complements (a 
positive elasticity) or 𝑞−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 𝜣) The Morishima elasticity of 
substitution between capital and labor is

Moreover, the Morishima elasticities of substitution between pairs of factors 
are

and the 𝑞−elasticities of substitution are
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• Proof. First, note that we can rewrite the definition of the set 𝒯𝑔 as

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

• That is:
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• Using this property, we can compute the change in wages as

• We can then solve for the change in wages as

• Moreover, using the definition of Θ, we get
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• Plugging this into the expression for wages, we obtain

• Finally, holding 𝑘 constant, we have that 𝑑 ln 𝑦 = 𝑠𝐾 ⋅ 𝑑 ln𝐴𝑘. Therefore

• In addition, we also have that
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• Using Equation (B-14), we can compute the Morishima elasticity of substitution 
between capital and labor as
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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

• We now turn to the elasticities involving changes in ℓ𝑔′. 

• Following a change in ℓ𝑔′, we have:
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• Holding 𝑘 constant, 𝑑 ln 𝑦 = 𝑠𝑔′
𝐿 . 

• Therefore,

• Finally, we can write the Morishima elasticity of substitution between labor of 
type 𝑔′ and 𝑔 as
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• Using the formula for the change in wages in Equation (B-15), we obtain

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

• Proof. By definition 𝜎ℓ
𝑔′
,ℓ𝑔

𝑄
= 𝜎ℓ𝑔,ℓ𝑔′

𝑄
, which implies the symmetry property in 

(B-16). ∎
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B-2 Estimating the Propagation Matrix
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• This appendix provides additional details regarding the estimation of the 
propagation matrix.

• Our estimation strategy makes two assumptions:

1. The propagation matrix has a common diagonal term 𝜃𝑔𝑔 = 𝜃 ≥ 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 𝒩. We operationalize this by 
assuming that
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• Using these two assumptions, and combining them with the theoretical 
restriction that

yields the parametrization used in the main text.
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B-3 Measuring Task Displacement
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• 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 ℛ𝑖 and non-routine 
tasks 𝒩𝑖, whose union equals 𝒯𝑖. 

• Moreover, let ℛ𝑔𝑖 and 𝒩𝑔𝑖 denote the (disjoint) sets of routine and non-

routine tasks allocated to workers of type 𝑔.
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• Assumption 2 is equivalent to:

i. Only routine tasks have been automated, which implies that 𝒟𝑔𝑖 ⊂ ℛ𝑔𝑖

ii. Routine tasks in a given industry have been automated at the same rate 
for all workers, which implies that
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• Before continuing with our derivations, we introduce some notation that we 
will use throughout this appendix. 

• Define by 𝜔𝑋
𝑌 the share of wages in some cell 𝑋 earned within another sub-cell 

𝑌. 

• For example, define 𝜔𝑔
𝑖 as the share of wages earned by members of group 𝑔

in industry 𝑖 as a fraction of their total wage income:
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• Define 𝜔𝑔𝑖
𝑅 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:

• And define 𝜔𝑖
𝑅 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:
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• We next define the average cost-saving gains from automating tasks in sector i
as

• where 𝜔𝑖
𝑅𝑔

is the share of wages in industry 𝑖 paid to 𝑔 workers in routine jobs, 

and 𝜔𝑖
𝑅 is the share of wages in industry 𝑖 paid to workers in routine jobs.

• Finally, for each type of worker 𝑔, define the elasticity 𝜎𝑔𝑖
𝐿 by

• When 𝜎𝑔𝑖
𝐿 > 1, an increase in 𝓌𝑔 reduces the labor share. 

• Instead, when 𝜎𝑔𝑖
𝐿 < 1, an increase in 𝓌𝑔 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 ln Γ𝑔𝑖
disp

generating productivity gains 𝜋𝑔𝑖 > 0;

2. Productivity deepening and factor augmenting technologies taking place 

in that industry, and denoted by 𝑑 ln Γ𝑔𝑖
deep

and 𝑑 ln𝐴𝑔𝑖. Note that, in 

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

3. Changes in markups at the industry level, denoted by 𝑑 ln 𝜇𝑖;
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4. Changes in wages, 𝑑 ln𝓌𝑔 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 =
1

𝑅𝑖
⋅ 𝑞0(𝑥) and consider changes in 𝑞0(𝑥)

leading to task displacement or changes in 𝑅𝑖 common to all uses of capital in 
a given industry.
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• Proposition B-7 (Industry labor shares) Let 𝑠𝑖
𝐿 denote the labor share in 

industry 𝑖. Also, let 𝑞 𝑥 =
1

𝑅𝑖
⋅ 𝑞0(𝑥), where 𝑅𝑖 captures uniform changes in 

the price of capital at all tasks in industry 𝑖, and let 𝓌𝑔𝑖
𝑒 = 𝓌𝑔/𝐴𝑔𝑖 denote the 

wages per efficiency unit of labor paid in industry 𝑖 for workers of type 𝑔. 
Following a change in technology (task displacement, productivity deepening, 
𝐴𝑘𝑖 , 𝐴𝑔𝑖 , and 𝐴𝑖) factor prices (𝓌𝑔, 𝑅𝑖), and markups 𝜇𝑖, we have
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• Proposition B-7 (Cont’d)

where 

and
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• Proof. Given a vector of wages and technologies, we can write the labor share 
as

where recall that the denominator is also equal to



Heckman 241

• We can decompose changes in the labor share into four terms:

• which we now derive in detail.
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1. Contribution of markups: this is simply given by −𝑑 ln 𝜇𝑖 .

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

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 𝜋𝑖, this can be simplified 
as
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3. Contribution of productivity deepening: we can compute this as

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
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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 𝜎𝑔𝑖
𝐿 , 

we can compute their effect as

Using the definition of 𝜎𝑖
𝐿 and 𝑑 ln𝓌𝑖, we obtain
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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 𝜎𝑔𝑖
𝐿 , which we will use in 

our derivations below. We have that

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).
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• 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

which implies that

and
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• Consider a uniform change in the cost per efficiency unit of capital 
𝑑 ln(𝑅𝑖/𝐴𝑘𝑖) on the labor share of industry 𝑖. 

• The effect of this change in the allocation of tasks is the same as a uniform 
reduction in wages of 𝑑 ln(𝑅𝑖/𝐴𝑘𝑖). 

• Moreover, the effect of 𝑑 ln(𝑅𝑖/𝐴𝑘𝑖) 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

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
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• Finally, using the definition of 𝜎𝑖
𝐾, we can rewrite this as

which completes the proof of the proposition. ∎

• 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        
𝜆 = 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    

𝜆 = 1 and there are no markups. Then 𝜎𝑖
𝐿 = 𝜎𝑖

𝐾 = 1 and task displacement 
can be computed as

Moreover, total task displacement taking place in industry 𝑖 is given by
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• Proof. Proposition B-7 implies that

• Moreover, by definition

and task displacement for worker groups is given by 

∎
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• Proposition B-9 Suppose that Assumptions 1 and 2 hold. Then, 𝜎𝑖
𝐿 = 𝜎𝑖

𝐾 = 𝜆. 
In the absence of productivity deepening or factor-augmenting technologies 
affecting the labor share, task displacement can be computed as

Moreover, total task displacement taking place in industry 𝑖 is given by
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• Proof. Proposition B-7 implies that

which gives
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• Moreover, following the same steps as in the proof of Proposition B-8, we get

and task displacement for worker groups is given by

∎
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• 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 𝜎𝑖
𝐿 = 𝜎𝑖

𝐾.
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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

Moreover, total task displacement taking place in industry 𝑖 is given by
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• Proof. Proposition B-7 implies that

which gives 
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• Following the same steps as in the proof of Proposition B-8, we get

and task displacement for worker groups is given by

∎
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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, 𝜎𝑖
𝐾 and 𝜎𝑖

𝐿, 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 𝜎𝑖
𝐾 = 𝜎𝑖

𝐿, and use 
empirical estimates of the elasticity of substitution between capital and labor 
at the industry level, 𝜎𝑖, 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, 𝜎𝑔𝑖
𝐿 ’s.
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• In addition, when computing task displacement, we will use empirical 
estimates of 𝑑 ln𝓌𝑖 and 𝑑 ln𝑅𝑖 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 𝜆 = 0.5 and 𝜎𝑖
ranging from 0.8 to 1.2 (these technologies do not affect our measures if    
𝜎𝑖 = 1). 

• In particular, for 𝜎𝑖 < 1, the contribution of factor-augmenting technologies to 

the change in the labor share is between −𝑠𝑖
𝐾 ⋅ 1 − 𝜎𝑖 ⋅ 𝑑 ln𝐴ℓ𝑖 (where 

𝑑 ln𝐴ℓ𝑖 is a weighted average of 𝑑 ln𝐴𝑔𝑖 across workers) and                            

𝑠𝑖
𝐾 ⋅ 1 − 𝜎𝑖 ⋅ 𝑑 ln𝐴𝑘𝑖. 

• Moreover, assuming no technological regress, we have that the total increase 

in (gross output) TFP in industry 𝑖 must exceed both ǁ𝑠𝑖
𝐿 ⋅ 𝑑 ln𝐴𝐿𝑖 and              

ǁ𝑠𝑖
𝐾 ⋅ 𝑑 ln𝐴𝑘𝑖, where now ǁ𝑠𝑖

𝐿 and ǁ𝑠𝑖
𝐾 denote the share of labor and capital in 

gross output (an application of Hulten's theorem). 
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• As a result, we can bound the contribution of factor-augmenting technologies 
to lie in the interval

• Likewise, for 𝜎𝑖 > 1, the contribution of factor-augmenting technologies to the 

change in the labor share is between −𝑠𝑖
𝐾 ⋅ 𝜎𝑖 − 1 ⋅ 𝑑 ln𝐴𝑘𝑖 and                   

𝑠𝑖
𝐾 ⋅ 𝜎𝑖 − 1 ⋅ 𝑑 ln𝐴ℓ𝑖, which we can bound by
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• Figure B-4 presents our measures of task displacement across industries and 
worker groups using Equation (16) for 𝜎𝑖 = 0.8 and 𝜎𝑖 = 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.
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B-4 Data Appendix
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• 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.
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• 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

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. 

• Our 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:

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

• This approach also requires a measurement of the unobserved user cost of 
capital 𝑅𝑖.
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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. 

• That is:
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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
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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.



Heckman 275

• Routine occupations: Following Acemoglu and Autor (2011), we use ONET to 
define routine jobs. 

• In particular, for each Census occupation 𝑜, we compute a routine index given 
by

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

• As is 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

• 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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• 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 
quantity of capital per worker and TFP from the BEA Integrated Industry 
Accounts.



Heckman 278

B-5 Additional Figures and Tables
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Figure B-1: Labor share decline for 1987-2016 across industries from 
the 1987-2016 BEA Integrated Industry Accounts 
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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 
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Figure B-4: Bounds on measures of task displacement for 𝜎𝑖 = 0.8
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Figure B-4, Cont’d: Bounds on measures of task displacement for       
𝜎𝑖 = 1.2



Heckman 284

Table B-1: Relationship between task displacement and the decline of 
routine jobs across industries
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Table B-2: Task displacement and hours per worker and unemployment 
rates, 1980-2016
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Table B-3: Task displacement and changes in real hourly wages, 1980-
2007
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Table B-4: Task displacement and changes in real hourly wages—
Alternative price adjustments for task displacement
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Table B-5: Task displacement and changes in real hourly wages—
Alternative labor share measures
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Table B-6: Alternative estimates of the propagation matrix
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