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What we do

Question: How did workers’ exposure to (labor-saving) technologies relates
to labor market outcomes?

Construct direct measures of workers’ technological exposure using data on
patents and occupation task descriptions:

• Identify significant innovations through patent textual networks.

• Link to workers based on textual similarity between descriptions of the
innovation (patent) and occupation tasks (DOT/ONET).

• Construct time-series indices of occupation-specific technical change.
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Main Findings

• White collar occupations increasingly more exposed to technology

• Technology exposure predicts

I occupation level: employment declines

I worker level: wage earnings declines and left-tail risk increases

• Worker-level responses larger for older and more highly paid workers

• Interpret our empirical findings through the lens of a model of
technology-skill complementarity with displacement.
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Measurement: Broad Idea

We follow Kelly, Papanikolaou, Seru, and Taddy (2021) and identify
important patents as those that:

• Are distinct from previous patents but are related to subsequent patents
(i.e., they are novel and impactful)

• Novelty and impact are computed based on the textual similarity
between a given patent and prior and subsequent patents

• Breakthroughs: patents in the top 10 percent of the unconditional
distribution of impact/novelty

Technology: # per-capital breakthroughs related to industry I

ψI,t =
1
κt

∑
p∈Bt

αI,p.
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Technology: Productivity vs Labor Share

A. Output B. Employment (all workers)
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C. Labor Productivity (output/worker) D. Labor Share (all workers)
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Sample: Manufacturing, 1958–2018 5



Measuring Patent-Occupation Similarity

Using state of the art techniques in textual analysis we obtain a distance
measure ρ between each breakthrough patent p and each occupation i

Patent Occupation Task Description

⇔
ρp,i
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Measuring Workers’ Technology Exposure

Exposure of occupation i to technology at time t

ηi,t =
1
κt

∑
p∈Bt

ρp,i

• Sum of breakthroughs related to the tasks occupation j performs

• Weights: textual similarity ρ between a given patent and occupation
task descriptions (ONET/DOT)

Our prior: Since our approach is based on measuring task overlap,
primarily identifies patents that substitute rather than complement worker
tasks.

• We later verify this is the case by comparing our approach to a
statistical factor constructed to maximize predictability of negative
worker outcomes in sample.
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White-collar occupations increasingly more exposed

A. Task Content B. Education
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Middle-skill occupations more exposed to technical change
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• Workers in ccupations in the middle of the skill (=wage) distribution
more highly exposed than top/bottom by 1 SD 9



Employment and Technology Exposure (long run, 1850–present)

A. Occupation-level Employment B. Industry X Occupation level employment

10 Years 20 Years 10 Years 20 Years 10 Years 20 Years 10 Years 20 Years

Technology Exposure, ηi,t -0.48∗∗∗ -0.77∗∗∗ -0.37∗∗∗ -0.67∗∗∗ -0.56∗∗∗ -0.97∗∗∗ -0.60∗∗∗ -1.10∗∗∗

(past decade average) (-5.19) (-6.84) (-4.39) (-6.93) (-3.02) (-3.92) (-3.18) (-4.33)

Observations 2,865 2,574 2,492 2,208 102,400 81,009 72,451 54,662
Controls
Time FE Y Y Y Y
Industry X Time FE Y Y Y Y
Lagged Dependent Variable Y Y Y Y

• Higher technology exposure predicts employment declines at the
occupation level.

• Magnitudes: 1 SD followed by 0.5 to 1 percent annualized decline in
employment
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Employment, wage earnings and technology exposure

Recent period, 1980–present:

A. Employment Growth B. Wage Growth
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• Wage and employment declines at occupation level.

• 1 SD shock followed by 5% decline in average wages over next 20
years.
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Impact of Innovation on Individual Workers

Track individual workers over time using a panel of individuals in the CPS
linked with administrative tax data (DER).

Calculate growth in age-adjusted (cumulative) W2 earnings over the next 3-,
5-, and 10-year horizons

wi,t:t+h ≡ log

(
∑

h
j=0 W2 wagei,t+j

∑
h
j=0 D(agei,t+j)

)

This specification emphasizes permanent income changes
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Technology Exposure Predicts Earnings Declines
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• Worker’s cumulative earnings decline by 1–1.5 percentage points over
the next five years in response to a 1-SD shock in tech exposure.

13



Magnitudes Larger For Older Workers
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• Magnitude of the decline approximately 1.5x larger for older workers
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Magnitudes larger for highly-paid workers
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• Magnitude of the decline approximately 2x larger for highly-paid
workers (relative to other workers in same occupation–industry cell)
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Is technology complementary to skill?

• If technology is complementary to skill (and skill ≈ wage) we would
expect to see that if two workers doing the same job experience the
same degree of technology, wages of the high-skilled worker would
decline by less (or even rise) relative to the low-skilled worker.

• We see the opposite. Why?

• One possibility: skilled workers as a group may benefit, yet individual
workers may get left behind.

I If so, these workers more likely to experience larger earnings declines.
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Older and highly-paid workers face higher income risk
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• 1 SD increase in exposure followed by higher likelihood of
experiencing large declines— P(Earnings Growth≤ 10-th percentile)

• Increase in risk largest for older and more highly paid workers
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Technology-Skill Complementarity

• Nested CES production in technology ξ, skilled H and unskilled L labor

Yt =

[
µ
(

Ht

)σ

+(1−µ)

(
λ

(
ξt

)ρ

+(1−λ)
(

Lt

)ρ

)σ/ρ]1/σ

• Technology frontier improves stochastically

d ξt =−gξt dt+κd Nt.

• Standard Assumption: Skilled labor more complementary to
technology than unskilled labor: σ < ρ < 1

I Skill premium WH−WL increases with ξ
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Skill Displacement

Skilled workers as a group may benefit, yet individual workers may get left
behind since arrival of new technologies can render existing skills obsolete.

• Individual workers i endowed with θi,t units of skilled labor and 1−θi,t

units of unskilled labor. Worker earnings:

WL,t +θit (WH,t−WL,t)

• With some probability θit falls as technology ξ improves

d θi,t = mθi,t dMi,t−hθi,t d Ni,t,

• Workers differentially exposed:

dNi,t = di,t dNt, d ∈ {0,1} i.i.d. with Prob(d = 1) = α
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Model: Technology, Productivity and the Labor Share

A. Output / Productivity (Y) B. Labor Share
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C. Wage for low-skill input (WL) D. Wage for high-skill input (WH)
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Model: Technology and Worker Earnings

A. Differences in Post-Shock Wage Growth B. Regression Coefficients for Post-Shock Wage Growth
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Summary and Next Steps

• We construct direct measures of (labor-saving) technology exposure
and find a robustly negative relation to worker outcomes (employment
and wages)

I Between occupation: Middle-skill occupations more highly exposed.

I Within occupation: Magnitudes larger for (a) older, and (c) most
highly-paid workers

• Allowing for skill displacement in the standard model of
technology-skill complementarity helps interpret these findings

• Next steps:

I Alternative measure based on knowledge spillovers

I Implications for income inequality
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Additional Slides
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Technology And Employment Over the Long Run (1850-2010)–
Heterogenous effects by age

A. Full Sample
B. Sub-samples

1850–1920 1930–1960 1970–1990

Age (20–29) × Technology Exposure, ηi,t -0.78∗∗∗ -1.95∗∗∗ 0.038 -0.77∗∗∗

(-3.66) (-4.00) (0.11) (-2.69)

Age (30–39) × Technology Exposure, ηi,t -0.67∗∗∗ -1.48∗∗∗ -0.051 -0.70∗∗∗

(-3.89) (-3.25) (-0.20) (-2.96)

Age (40–49) × Technology Exposure, ηi,t -1.26∗∗∗ -1.88∗∗∗ -0.54∗ -1.39∗∗∗

(-6.94) (-4.30) (-1.92) (-5.53)

Observations 6,512 2,232 1,989 2,291
R2 (Within) 0.068 0.070 0.055 0.098
Controls
Age Group X Year FE Y Y Y Y
Lagged Dependent Variable Y Y Y Y
P-val (40–49) - (20–29) 0.009 0.833 0.069 0.000
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