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THIS PAPER

1. real wage changes linked to task displacement 


2. method to measure task displacement across groups


3. reduced-form and quantitative exercise: task displacement due to 
automation accounts for 50-70% of changes in US wage structure

• Much of rise in US wage inequality due to uneven effects of  automation 
technologies across groups of society


• Different from canonical skill-biased technical change (SBTC) theories, 
based on  and  increasing.


• This paper: task framework to study effects of automation

Y = F(AH ⋅ H, AL ⋅ L) AH



• capital produced at rate  from the final good


• supply of labor fixed at 


• Equilibrium given by allocation that maximizes net output 
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A MODEL OF TASKS AND WAGE DETERMINATION
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THE ALLOCATION OF TASKS AND TASK SHARES
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EQUILIBRIUM AND TASK SHARES
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1. Task shares determine 
CES shares and wages 


2. Elasticity of substitution 
between  and other 
workers is 
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EFFECTS OF AUTOMATION

𝒯g′￼

𝒯k
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EFFECTS OF TECHNOLOGY ON WAGES
• Change in wages due to automation and factor-augmenting technologies:

d ln tfp = ∑
g
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g ⋅ πg)

d ln wg =
1
λ

⋅ d ln y +
σg − 1

σg
⋅ d ln Ag −

1
λ

⋅ d ln Γd
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Productivity 
effects

Direct effect from 
task displacement

• Factor-augmenting: small distributional effects and large productivity gains  


• Automation: large direct displacement effects and small productivity gains



• Previous formula can be extended to a multi-sector economy. 


• For now, we ignore ripple effects and return to them for quantification


• Key equation for our reduced-form analysis:
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MEASURING TASK DISPLACEMENT
• Assumption: only routine tasks automated and all workers displaced from 

routine tasks in an industry at the same rate.

task displacementd
g = ∑

i

ωgi ⋅
ωR

gi

ωR
i

⋅

revealed comparative 
advantage in routine jobs in 

industry

measures total task 
displacement in 

industry i

1. Use observed  (no markups/monopsony and CD; extensions in paper)


2. Use industry-level measures of automation (adoption of robots, specialized 
software and machinery) to estimate automation-driven declines 
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DATA

• Data on labor shares for 49 industries 
from the BEA for 1987–2016


• In blue, labor share decline


• In orange, part due to specialized 
software and equipment, and robotics


• These techs explain 50% of variation in 
labor share decline across industries



LABOR SHARE CHANGES AND AUTOMATION

CROSS-INDUSTRY RELATIONSHIP BETWEEN LABOR SHARE CHANGES AND MEASURES OF AUTOMATION



GROUP MEASURE OF TASK DISPLACEMENT

• Projected to 500 groups 
(education, gender, experience, 
race, place of birth) using wage 
shares from 1980 US Census 


• Wages from Census—ACS


• Routine jobs defined using 
ONET as in Acemoglu and 
Autor (2011)— other measures 
in paper 



DIRECT EFFECTS OF TASK DISPLACEMENT



DIRECT TASK DISPLACEMENT AND WAGES: 1950–1980 

• No relationship between post-1980 task displacement and pre-1980 wage changes.



TASK DISPLACEMENT AND CHANGES IN HOURLY WAGES, 1980-2016



TASK DISPLACEMENT AND CHANGES IN HOURLY WAGES, 1980-2016

Unconditional changes :
Δcollege premium = 25 %
Δpostgraduate premium = 40 %



TASK DISPLACEMENT AND CHANGES IN HOURLY WAGES, 1980-2016



ADDITIONAL EMPIRICAL RESULTS
1. Task displacement predicts a drop in employment and a rise in non-participation


2. Results not confounded by other rising markups, trade, declining unionization rates, 
and other sources of investment and TFP growth (and these other trends have small 
effects on relative wages once we control for task displacement and industry shifts)


3. More pronounced effects when controlling for changes in labor supply


4. Smaller role for offshoring, which explains 10% of variance 


5. Similar results for stacked-differences for 1980–2000 and 2000–2016


6. Similar findings when exploiting differences in exposure across US regions


7. Similar results when using alternative measures of occupations that can be 
automated using robots and software (instead of routine jobs) from Webb (2020)



WAGE EFFECTS IN GENERAL EQUILIBRIUM

Following any shock  to the 
demand for :
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θgj : Extent to which j competes 
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encodes all information on how tasks 
are reallocated in response to  z
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GENERAL EQUILIBRIUM EFFECTS

Measured vector of 
task displacement 
across groups 
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 parametrized as 
a function of 
similarity in the 
occupation and 
industry dist., and 
age and education. 
Then estimated via 
GMM.

θgj

Productivity effects


Computed from 
formulas for TFP 
change and setting 

and .πgi = 30 % λ = 0.5

Industry shifts


Computed by 
assuming a CES 
demand across 
industries with 
elasticity 0.2  



ACCOUNTING FOR GENERAL EQUILIBRIUM EFFECTS

A. Prod effect B. +Industry shifts C. +Task displacement D. +Ripple effects



ACCOUNTING FOR GENERAL EQUILIBRIUM EFFECTS

Summary of results:

• Explains 48% of observed wage changes


• Explains 80% of rise in college premium and 
60% of rise in post-college premium


• Explains 80% of real wage declines


• Misses wage growth at top (other forces or 
direct complementarities with technology?)


• Increase in GDP of 20%, mean wage of 6%, 
and TFP of 4%



TO CONCLUDE

• Much of the rise in US wage inequality due to uneven effects of  
task displacement generated by automation 


• Different from canonical explanations of SBTC:

1. emphasizes task displacement and importance of industries and 
occupations above educational levels in mediating its effects


2. better fit to data and high explanatory power


3. explains lackluster TFP growth and declining real wages



 APPENDIX MATERIAL



THE SUPPLY OF SKILLS



IV ESTIMATES
• Specifications exploiting our second measure very similar to IV using automation 

measures as instruments



AUTOMATION VS. SBTC



EMPLOYMENT
• If our measures of task displacement are capturing changes in labor demand for groups, 

this should also explain differential changes in employment.

Column 2 controls for education and gender dummies, industry shifters, and manufacturing wage shares. 
Column 3 controls for exposure to industry labor share decline and relative specialization in routine jobs. 



AUTOMATION VS. OTHER TECHNOLOGIES AND CAPITAL

All columns controls for education and gender dummies, industry shifters, and manufacturing wage shares. 



AUTOMATION VS. MARKUPS

All columns controls for education and gender dummies, industry shifters, and manufacturing wage shares. 


