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What we do

1. Using textual analysis of patent data and occupation task descriptions,
directly measure whether a given technological improvement
substitutes or complements a given occupation’s tasks.

2. Estimate impact on individual worker earnings using administrative tax
data (first such evidence in United States)

3. Interpret coefficient estimates using both worker-level and aggregate
data through the lens of a structural model.

4. Use model to speculate on the impact of Al on worker earnings.
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earnings.
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2. Complementary improvements:

» Small negative average effects on incumbent individual workers.

» Significant heterogeneity: entirely concentrated among older and most
highly paid workers

» Positive effects on aggregate employment and wages.
» Industry-level productivity 1 and labor share 1

> Patterns consistent with increased labor demand at expense of skill
displacement of incumbent workers.



Compari o the Literature

1. Routine Task Intensity (RTI) (Autor, Levy, and Murnane, 2003; Autor
and Dorn, 2013)

» RTI measures the potential for automation, and is a time-invariant
occupation characteristic.

» Our measure reflects actual technological developments that could
automate tasks and is therefore dynamic.

¢ Varies by occupation x industry and year

2. Software and Robot Exposure (Webb, 2020)
> Also based on overlap between patent text and task descriptions.
» Does not differentiate between routine and non-routine tasks

» Also time-invariant

Both of these measures are time-invariant, so they would be absorbed in
occupation fixed effects in our analysis.
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Conceptual Framework

Industry output a CES combination of many tasks indexed by j (cross-task
elasticity of substitution y)

* Task j combines labor /() & capital k(j) w/ elasticity of substitution v;
> If j is a routine task v; = vg > 1; if j is non-routine, v; = vy < 1
> k(j) has exogenous price ¢(j).

» Technology shock = fall in the price of task-specific capital:
Alogq(j) = —&(j)

e Labor-saving for routine tasks; labor-complementing for a non-routine task

* Occupations o are a mix of routine and non-routine tasks and partition
the task space.



Model-Implied Technology Exposure

Worker’s technology exposure in occupation o summarized by

fi) =) sGiel) = 8() Z 5°(i.j)e())
JEJIR M
Share othaskS\_ —_—

R-task exposure

(i) = Y, s(i.j)e() = Z (i./)e0)

€Iy
/ Share of N taSkS\— —

N-task exposure
Depends on:

* Relevance of technological improvements to occupation tasks

* Relevance of routine or non-routine tasks to a worker’s occupation
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Occupational wage growth:
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Aggregate Productivity Spillovers

Extensive margin of labor supply: Aggregate labor supply to task j is
upward-sloping with elasticity {;. = Occupational employment growth:

&¥(0) +Cn

Ve +Cr

-V
AlogL(o) =~ Cr [‘I’ R Ie ™ +CN

TN} &V (o)
+ <§RAR9( )+ CnvAN(1— )Alogx

Wage bill growth is the sum of the two.



Model Implications at the Industry Level

Define ER (EN) as industry compensation-weighted average of worker-level
R (N) exposure. Then:

* Both predict productivity growth: AlogX o< ER + EN

. ER predicts declines in labor share and total labor compensation,
opposite for &y

10



Measurement

11



Model-consistent technology exposure (assuming equal task weights):

£%(0)

8(0) % Y () Licsp(o)

~—~ = YSRE

Share of R tasks N ——
R-task exposure

(1_ 0 XZS(] j€n(0)

JEIN
Share of N tasks %,_/
N-task exposure

&¥(0)

We need to:
1. Identify major technological improvements (large €)

2. Classify each task (from Dictionary of Occupational Titles) performed
by occupation o into R and N

3. Identify which technologies relate to R or N tasks performed by o

» Exposure depends on product between technology improvements € and

tasks performed by occupation
12



y: Broad Idea

Use breakthrough patents to measure innovation. We follow Kelly,
Papanikolaou, Seru, and Taddy (2021) and identify important patents as
those that:

* Novel and impactful: are distinct from previous patents but are related
to subsequent patents based on textual similarity

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

» Historical trends by technology class

13



Breakthrough Patents, Examples

Method and system for placing a purchase order via a communications network
One-click buying, US Patent 5,960,411 (issued to Jeff Bezos in 1997):
(]

i
/
1014 ‘Summary Description of Item
. i Add to Cart
r - or 1-Click Checkout
f
1024 | Additto your shopping cart
| oveamavars cnttaer ) Soucadnlgs
Amazon.com offering the optionto &
ether add an e o the ser' car, or
p purchase it mmedately using 1-Click
NEw!
‘ (touca iass
| 1035| Buy item and ship to
103¢ 1030 son ome
\

[ ok you foryour - lckorder

06{ Desil Description o e

“The server system receives purchaser information including identification
of the purchaser, payment information, and shipment information from the
client system. The server system then assigns a client identifier to the client

system and associates the assigned client identifier with the received pur-

chaser information.” 14



Routine vs Non-Routine Tasks

Computer Programmers (SOC Code 151131)

Converts detailed logical flow chart to language processable by computer.
Enters program codes into computer system.

Inputs test data into computer.

Observes computer monitor screen to interpret program operating codes.

Prepares detailed workflow chart and diagram to illustrate sequence of steps
that program must follow and to describe input, output, and logical operations
involved.

Corrects program errors, using methods such as modifying program or altering
sequence of program steps.

Analyzes, reviews, and rewrites programs to increase operating efficiency or to
adapt program to new requirements.

Confers with supervisor and representatives of departments concerned with
program to resolve questions of program intent, data input, output
requirements, and inclusion of internal checks and controls.

15



Tasks: Tagged by GPT4

Computer Programmers (SOC Code 151131)

Converts detailed logical flow chart to language processable by computer.
Enters program codes into computer system.

Inputs test data into computer.

Observes computer monitor screen to interpret program operating codes.
Prepares detailed workflow chart and diagram to illustrate sequence of steps
that program must follow and to describe input, output, and logical operations
involved.

Corrects program errors, using methods such as modifying program or altering
sequence of program steps.

Analyzes, reviews, and rewrites programs to increase operating efficiency or to
adapt program to new requirements.

Confers with supervisor and representatives of departments concerned with
program to resolve questions of program intent, data input, output
requirements, and inclusion of internal checks and controls.

GPT4 Prompt

15



Validation with Routine-Task Intensity

o~

1
1

Routine Task Intensity
0
1

Correlation = 0.81
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Share of Tasks Tagged as Routine
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Measuring patent-occupation similarity

Using textual analysis (word embeddings) we obtain a similarity measure p between
each breakthrough patent p and each occupation o subset of R and NR tasks

Patent Text

US 6,948,168 BI
oi: Sep. 20,205

]

“Licensed application installer” (US Patent 6,948,168): more related to computer

programmers’ routine tasks

- Enters progrs
« Inputs testdata into computer.

Occupation Task Description

Computer Programmers (SOC Code 151131)

steps that pr

logical operations involve

or and representatives of departments concerned with program to resolve.
, data input,

odes into computer system.

computer progra
problems o

coding of

andintended
Be processable by computer.
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Measuring patent-occupation similarity

Using textual analysis (word embeddings) we obtain a similarity measure p between

each breakthrough patent p and each occupation o subset of R and NR tasks

Patent Text Occupation Task Description
Computer Programmers (SOC Code 151131)
AR ORI ut, and logica i .

o
pplying knowledse of cor
Ao 28,1992

mputer capablities, subject matter,

with
# program intent, data input, output requirements, and inclusion of internal checks and

« Enters program codes into computer system.
« Inputs test data into computer.

and solve problems by use of

intent,

storage
nd intended use of output data.

W input dat.
adapt to new

program coding.
symbols used
and o

programs

“Method and a System for Selection of Time Series Data” (US Patent 5,109,475)
related to computer programmers’ non-routine tasks

. more

18



Back to Jeff Bezos...

(
{
101 Summary Description of Item .. . .
»‘ Most similar routine task occupation:
c Order clerks.
< [nadicosou stopingan_| )
|| Vovcaas e e Examples of order clerk routine tasks:

e “Processes orders for material or

{ NEW! Order faster with I-click!
‘ (You can cancel within 90 minutes )

} 102 Buy tem anasip o merchandise received by mail,

103 < 1035 John Doe at home

telephone, or personally from customer”

103¢ Check shipping address or change 1-click settings
{1082 Leam more about L-clck express ordering

* “Writes or types order form, or enters
data into computer, to determine total

104 < Detail Description of Item

cost for customer.”
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Back to Jeff Bezos...

101 < Summary Description of Item

» Most similar routine task occupation:

Order clerks.

(—
192< Add it to your shopping cart

|| Vovcaas e e Examples of order clerk routine tasks:

e “Processes orders for material or

(" NEW! Order faster with 1-click!
‘ (You can cancel within 90 minutes )

} 102 Buy tem anasip o merchandise received by mail,

103 < 1035 John Doe at home

telephone, or personally from customer”

103¢ Check shipping address or change 1-click settings
{1082 Leam more about L-clck express ordering

* “Writes or types order form, or enters
data into computer, to determine total

104 < Detail Description of Item

cost for customer.”

One-click buying patent early part of the e-commerce wave of the late 1990s
Wages subsequently declined due to increased technology exposure @9

19



Technology Ex

We then construct our empirical measure as:
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We then construct our empirical measure as:

&j(k507 t) = i(/o_)/

Occ Share of
tasks
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Technology Exposure

We then construct our empirical measure as:

gko,)= 0(0) xlog|l1+ Y plob)|, je{RN}
~ beBy,
Occ Share of ‘

tasks
Similarity of Occ R/N tasks
to Ind Breakthrough innovations

Notes:

* Varies across industry k, occupation o and time ¢

* Allows us to have industry x year and occupation x year FEs in our
empirical specifications.

* Patents are included when they are issued rather than filed (3 year
average lag between filing year and issue year)

20



Which occupations are most exposed?

Management |- [

Businessand Financial |- plg— %t

Computer and Mathematical - g j—

Architecture and Engineering - | g——
Life, Physical, and Social Science - [ r—= +
Community and Social Service - ¥
Legal - Fe—F+
Educational Instruction and Library |-
Arts, Design, Entertainment, Sports, and Media [
Healthcare Practitioners and Technical [-
Healthcare Support [ §
Protective Service [~ g —
Food Preparation and Serving Related - T
Building and Grounds Cleaning and Maintenance - %
Personal Care and Service - [t
Salesand Related - g+

Office and Support [ [ gF———
Farming, Fishing, and Forestry |- % o
Construction and Extraction . S S———
Installation, and Repair

Production -+t

Transportation and Material Moving - Fo— o

I I I I I

-1 0 2 3 4 5
Occupation Mean Technology Exposure, Relative to Population

M Labor-Saving M Labor-Augmenting
21



Which occupations are most ex

Labor-saving (routine) exposure
Labor-augmenting (non-routine) exposure

1
|

0 5
| |

Technology Exposure, Standard Deviations

-5

0 20 40 60 80 100
Occupational Wage Percentile

» Labor-saving innovations primarily affect occupations in the middle of
the skill distribution (‘polarization’)
* Labor-augmenting innovations primarily affect high-skill occupations
(‘skill-bias’)
22



Aggregate Outcomes

23



Aggregate Outcomes: Occupationx Industry-level

Occupation xIndustry-level: Employment Avg Hourly Wage Total Wage Bill
(V) @) 3
Exposure to labor-saving (EF) -0.44 -0.00 -0.46
(-3.52) (-1.13) (-3.69)
Exposure to labor-augmenting (") 0.91 0.01 1.01
(5.59) (2.04) (6.13)

Model prediction: sign of coefficient depends on y — v; for j € {R, NR}

Dependent variable: annualized growth rate (10-year horizon) in occupation-industry
employment, wages or wagebill (data from ACS/Decennial Census)

Controls: occupation X year + industry x year FEs, demographics

24



Aggregate Outcomes: Industry-level

Industry-level: Productivity Labor share  Wage Bill
)] @) 3) C))
Overall Technology Exposure (E) 1.06
(6.09)
Exposure to labor-saving (ER) 0.50 -0.51 -0.63
(1.67) (-3.37) (-2.88)
Exposure to labor-augmenting (EN ) 0.63 0.14 0.29
(3.01) (1.31) (1.49)
Model predictions:

e Both ER and EN predict productivity growth: AlogX o< ER +EN
. ER predicts declines in labor share and wage bill, opposite for EN

Dependent variable: annualized growth rate (5-year horizon) in industry productivity, labor
share, or wage bill (data from BLS)

Controls: 2 digit industry x year FEs, log lagged industry employment, lagged growth rates 25



Individual Workers

26



Impact of innovation on individual workers

Aggregate wage and employment effects can be very different than for individual

workers due to new entry and composition effects.
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Impact of innovation on individual workers

Aggregate wage and employment effects can be very different than for individual

workers due to new entry and composition effects.

Track individual workers over time: panel of individuals in the Current Population
Survey linked with W2 tax data (Detailed Earnings Record, 1981-2016)

Calculate growth in age-adjusted (cumulative) W2 earnings

i i
AW E Wi en — Wiay

where
2]’-’:0 W2 wage; ;. ; >

Wi rrh = log
< Y/ oDlage;, ;)
Notes:

* Growth in cumulative earnings emphasizes permanent income changes.

» Subsequent earnings include earnings from other jobs or non-employment (zero
W2 earnings).

27



Specificati

Basic regression model:
AWi—&-h = Ygft + 6&{\]1 +cZ;;+ Uit

Z; ; includes set of flexible non-parametric controls for worker age and the
level of past worker earnings as well as recent earnings growth rates.

Also industry x year and occupationx year fixed effects

Allow the estimated coefficients y and & to vary across different sectors, job
types, or worker characteristics.

28



Exposure Marginal Effects: Homogenous

w
L
o 4
L
o
@

0 I Labor-saving (routine)
I Labor-augmenting (ron-routine)

Coefficient (%)

Horizon: 5 years

Magnitudes: Moving from 50th to 90th
percentile of tech exposure.
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Exposure Marginal Effects: Homogenous and Heterogeneous

Coefficient (%)

w
L
o 4
L
o
@

0 I Labor-saving (routine)
I Labor-augmenting (ron-routine)

Horizon: 5 years

Magnitudes: Moving from 50th to 90th
percentile of tech exposure.

Labor-augmenting marginal effects
on earnings growth are highly
heterogeneous. Concentrated among:

e Service industries

* Cognitive task-intensive
occupations

* College-educated workers

* Older workers
No such patterns for labor-saving
exposure (strongly negative

everywhere except for interpersonal
occupations) @9
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Effects Vary with

o 4
o J
g F
5o
S
£
3
o
o
‘{‘ .
I Labor-saving (routine)
@ I L abor-augmenting (non-routine)

[0-25] [25-50] [50-75] [75-95] [95-100]  High-Low
Income Percentile Rank

Prior Income: relative to industry and occupation. Robust to sorting on income

residual of age, gender, occupation, industry, firm, and union status.
30



Effects driven by heightened probability of job loss

1 I Labor-saving (routine)
I Labor-augmenting (non-routine)
<
9
€
£ o
&
[}
o
o | + +
(\Il 4

[0-25] [25-50] [50-75] [75-95] [95-100] High-Low
Income Percentile Rank

* Job Loss: Leave firm within 5 years + income growth below 20th prctile.
¢ Increased probability of job loss accounts for
> 3/4 of the impact of complementary technologies on top workers.

» 1/2 to 2/3 of the impact of automation on worker earnings. 31



Directed Innovation? Prior wage growth and future technology ex-

posure

Estimate:
‘t:.i,t+5+h = bAW;JrS +cZis+uiy.
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Directed Innovation? Prior wage growth and future technology ex-

posure

Estimate:

E..i,t+5+h = bAW;JrS +cZis+uiy.

4+
2 I o e o o o e e e e o e e o e e e e e e e e e e e e e mm o
Q
2 °
2 ol e
7 - s ¢ .
- °
72 e e e e e e e e e e e e e e e e e e e e o
4|
! ! ! ! !
3 4 5 6 7
Years (h)

B Labor-saving technologies M Labor-augmenting technologies
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Worker-level Productivity Spillovers

Industry productivity increases labor demand for all workers
* Productivity spillovers absorbed by 4-digit industry x year FEs
* Move to 2-digit industry x year FEs to capture spillovers.

* Model: Productivity’s effect on earnings is proportional to
industry-level average of & = ER +-EV.

33



Worker-level Productivity Spillovers

Industry productivity increases labor demand for all workers
* Productivity spillovers absorbed by 4-digit industry x year FEs
* Move to 2-digit industry x year FEs to capture spillovers.

* Model: Productivity’s effect on earnings is proportional to
industry-level average of & = ER +-EV.

Empirical Estimates:

i _ —0.030 gR —0.017 N 0.025 £
Awip= (Crgs) & ()+ (—2.75) () + (541 &

\v/ —— ~—~—
Automation Complementary tech Spillovers
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Model Estimation
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Can model square aggregate and worker-level results?

Labor-saving tech exposure: strongly and (mostly) uniformly predicts |
labor demand

Complementary tech exposure: predicts 1 aggregate labor demand, but |
for incumbent worker earnings, with heterogeneity by prior expertise.

How to square the two?
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labor demand

Complementary tech exposure: predicts 1 aggregate labor demand, but |
for incumbent worker earnings, with heterogeneity by prior expertise.

How to square the two? = Incorporate skill displacement into model.
Non-routine tasks require specialized skills. When technology improves:
* Incumbent workers may lack skills to utilize new vintage

> Allow for some average amount of skill loss (3)

* May erode advantage of incumbent workers who were relatively skilled
in prior vintage

» Allow for some mean-reversion in relative skill ranking ()
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Wage Earnings Growth for Incumbent Workers

AlogW(i) ~ i+gn%$m
—_———

Direct Effect of
Automation

oy .
* VN+CNFN %JN(I)
———

Direct Effect of
Complementary Technologies

+ | (AR —AN)B(i) +An

AlogX

Aggregate Productivity Spillovers
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Wage Earnings Growth for Incumbent Workers

AlogW(i) ~ \‘}';:FVCZ FR] ER (i)
—_———

Direct Effect of
Automation

Y —VN =4 g Ny
+ r —B—w|logl(i) — Ej|logl
Gy B — o [log(i) — Ej[log (l)]]]& (i)
- X Incumbent Skill Displacement

Direct Effect of
Complementary Technologies

+ | (AR —AN)B(i) +An

AlogX

Aggregate Productivity Spillovers

* Effect of automation is symmetric across all workers.

* Effect of complementary technologies is heterogeneous.
36



Model Estimation and Fit

Are our empirical estimates consistent with a common set of parameters?
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Model Estimation and Fit

Are our empirical estimates consistent with a common set of parameters?

Estimate parameters via GMM: 11 parameters identified by 16 moments + 2
cross-equation restrictions.

Model Fit

. Model

Earnings to &7, homo
= empirical

Eamings to ¥, homo
Earnings to £, (0-25%]
Earnings to %, (25-50%]
Earnings to £, (50-75%]
Earmings to %, (75-95%]
Earnings to €%, (95-100%]
Earnings to £%, with £ homo
Eamings to £, with £ homo
Earnings to £, homo

Ind productivity to £

Ind LS to &%

Ind LS to €

Employment to £1

Employment to £
mean L5/100
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Model Estimation and Fit

Are our empirical estimates consistent with a common set of parameters?

Estimate parameters via GMM: 11 parameters identified by 16 moments + 2
cross-equation restrictions.

Model Fit

. Model
B Empirical

Eamings to £, homo
Eamings to ¥, homo
Earnings to £, (0-25%]
Earnings to %, (25-50%]
Earnings to £, (50-75%]
Earmings to %, (75-95%]
Earnings to €%, (95-100%]
Earnings to £%, with £ homo
Eamings to £, with £ homo
Earnings to £, homo

Ind productivity to £

Ind LS to &%

Ind LS to €

Employment to £1
Employment to £

mean L5/100

Key parameter estimates:

e Vg = 1.439 (routine labor/capital elasticity of substitution)

e vy = 0.928 (non-routine labor/capital elasticity of substitution)
e B=0.052 (average skill loss)

e 0 =0.014 (relative skill loss)

e y=1.191 (elasticity of substitution across tasks) 37



Conclusion
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Conclusio

¢ Introduce a direct, time-varying measure of exposure to labor-saving
and complementary technologies

* Automation has large, pervasive, and persistent effect on earnings of
individual workers and in the aggregate

* Modest negative earnings response to complementary technologies, but
with significant heterogeneity: suggests role for skill displacement

> Future cohorts reap benefits of complementary technologies

* Application of model to Al suggests Al automates office admin jobs
and production; exposes sales, admin, and business professionals to
skill displacement

39



Census acknowledgment

The Census Bureau has reviewed this data product to ensure appropriate
access, use, and disclosure avoidance protection of the confidential source
data used to produce this product (Data Management System (DMS)
number: P-7503840, Disclosure Review Board (DRB) approval numbers:
CBDRB-FY21-POP001-0176, CBDRB-FY22-SEHSD003-006,
CBDRB-FY22-SEHSD003-023, CBDRB-FY22-SEHSD003-028,
CBDRB-FY23-SEHSD003-064).
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APPENDIX SLIDES
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Application: Al

Can we use the model parameters to make predictions about the impact of
Al?

* Al is a general-purpose technology that can simultaneously
complement and substitute worker tasks.

Methodology:

» Use GPT4 to identify current occupation tasks that are potentially
complemented or substituted by Al

* Use GPT4 separately identify tasks for which Al can also be easily
implemented by AI (proxy for —Ag(j) )

* Assume uniform adoption across industries (difficult to forecast).

» Use estimated parameters to back out implied direct effects of Al

» Decompose Al exposure into automation, complementary, and
skill-displacement components.
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Wage Growth Due to AI Exposure by Br Occupation Category

Occupation 2-digit SOC ~ Automation ~ Complementary  Skill Displacement ~ Total % of Emp
Management 11 -0.74 4.65 -5.84 -1.93 12.8
Business and Financial 13 -1.51 7.67 -9.63 -3.47 6.57
Computer and Mathematical 15 -1.98 5.82 -7.31 -3.47 4.12
Architecture and Engineering 17 -0.88 3.95 -4.96 -1.89 2.56
Science 19 -0.83 4.24 -5.32 -1.91 1.25
Community and Social Service 21 -0.29 2.52 -3.16 -0.93 1.84
Legal 23 -0.77 3.28 -4.12 -1.61 1.33
Education and Library 25 -0.54 3.89 -4.88 -1.53 6.16
Arts, Entertainment, Media 27 -1.21 3.96 -4.97 -2.22 1.66
Healthcare Practitioners 29 -1.19 3.46 -4.34 -2.08 6.65
Healthcare Support 31 -1.54 4.71 -5.92 -2.74 3.03
Protective Service 33 -2.03 4.63 -5.82 -3.21 2.45
Food Preparation and Serving 35 -4.01 4.28 -5.37 -5.10 3.76
Cleaning and Maintenance 37 -3.17 3.59 -4.50 -4.08 277
Personal Care and Service 39 -1.62 TS, -3.45 -2.32 1.46
Sales and Related 41 -3.79 8.11 -10.20 -5.86 8.59
Office and Administrative 43 -6.92 6.82 -8.57 -8.66 10.6
Farming, Fishing, and Forestry 45 -3.33 3.06 -3.84 -4.11 0.61
Construction and Extraction 47 -0.98 3.13 -3.93 -1.78 4.71
Installation and Repair 49 -1.42 273 -3.42 -2.12 3.44
Production 51 -5.47 343 -4.31 -6.34 5.85
Transportation 53 -5.58 5.09 -6.38 -6.88 7.73
Overall -2.74 4.95 -6.22 -4.01 100

Horizon: 5 years
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Aggregate output is a CES combination of many industries:

r=(froa)”

Industry output is a function of many tasks indexed by j:

()"

vi—1

yi) = ((1 —Yk(G) T

v

v;i—1 vi—1
+ylG) Y > :

Tasks j can be routine (j € Jr) or non-routine (j € Jy)

e If routine, v; = Vg > 1, if non-routine, v; = vy < 1.
* Alternative interpretation: R = low skill and N = high skill
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Technology

Two periods: before/after technology shock.

Technology shock = fall in the price of task-specific capital:

Alogq(j) = —&(j)
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Two periods: before/after technology shock.

Technology shock = fall in the price of task-specific capital:
Alogq(j) = —&(j)

Interpretation:

* Technology improvements in i € Jg: labor-saving (automation)

» Capital k(j) and routine labor /(j) are substitutes

» Wage in task i falls if vp > v
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Technology

Two periods: before/after technology shock.

Technology shock = fall in the price of task-specific capital:
Alogq(j) = —&(j)

Interpretation:

* Technology improvements in i € Jg: labor-saving (automation)
» Capital k(j) and routine labor /(j) are substitutes
» Wage in task i falls if vp >y

* Technology improvements in i € Jy: complementary to labor

» Capital k(j) and non-routine labor [(j) are complements

» Wage in task j rises if vy <y
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Using GPT4 to tag R/NR tasks

GPT4 prompt:

A routine task can be defined as follows: A routine task involves
carrying out a limited and well-defined set of work activities, those
that can be accomplished by following explicit rules. These tasks
require methodical repetition of an unwavering procedure, and they
can be exhaustively specified with programmed instructions and
performed by machines. Tell me whether the following task is pri-
marily routine, primarily non-routine, or involves a mix of both rou-
tine and non-routine tasks; and, explain your reasoning in one sen-
tence.

GPT4 characterizes 62% as routine tasks, 15% as non-routine and 22% as
mixed. We group the latter two into non-routine.
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Exposure by Sector

o~ < [ Labor-saving (routine)
I Labor-augmenting (non-routine)

W7 ..

Manufacturing Non-Manufacturing Non-Manuf - Manuf
Industry Group

Coefficient (%)
-2
1
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Exposure by Education and Occupation Task Type

o 4

-1
‘

Coefficient (%)
-2
.

ly !ﬁ-

I Labor-saving (routine)

I Labor-augmenting (non-routine)

No College College College - No College
College Education Group

Coefficient (%)

| M Labor-saving (routine)
I Labor-augmenting (non-routine)
o 4
(\l‘ 1 . -!
<
Manual Cognitive Interpersonal
Occupation Task Type
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Effects Vary with Age
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Directed Innovation?

Automation (R)

* Incentive to develop technologies targeting tasks that have become
more expensive.

e Prediction: Past wage growth should positively predict automation.

Complementary technologies (NR)

* Incentive to develop complementary technologies targeting jobs that
have accumulated more human capital.

e Prediction: Past wage growth should positively predict exposure to
complementary technologies.
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Validation

% Agree

GPT4 Query
5 most similar OCCs 5 least similar OCCs

Distance to Routine Tasks: “Here is the abstract
of a patent: [Patent abstract here]. Here are
some tasks: [DOT title here]. Do you think the
technology mentioned above can perform some of 86% 4%
the tasks mentioned above that were formerly per-

formed by workers? Qutput yes or no, and your

reasoning in one sentence.”

Distance to Non-Routine Tasks: “Here is the ab-
stract of a patent: [Patent abstract here]. Here
are some tasks: [DOT title here]. Do you think
the patent mentioned above can increase the pro- 83% 10%
ductivity of workers when performing some of the
tasks mentioned above? QOutput yes or no, and

your reasoning in one sentence.”

Note: Results based on random sample of 10k patents. [ 5k ]
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What happened to order clerks?

compared to
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Wage growth and future technology exposure

Estimate:
Eittsth = bAW;+5 +cZi+uy.
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Wage growth and future technology exposure

Estimate:
Eittsth = bAW;+5 +cZi+uy.
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Endogenous Adoption?

Automation (R)

* Incentive to adopt automation for high-wage tasks.
* However, cost to develop or adopt these technologies may be higher

» Data: automation exposure does not vary by income, effects cancel?

Complementary technologies (NR)

* No incentive to adopt NR for high-wage tasks

» Age/income pattern in impact of NR-technologies unlikely due to
endogenous adoption
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Furniture, Textiles, Apparel

Transportation Equipment

Machinery Manufacturing

Metal Manufacturing

Wood, Paper, Printing

Construction

Plastics, Rubber

Mineral Processing

Utilities

Mining, Extraction

Electrical Equipment

Chemical Manufacturing

Petroleum, Coal

Medical Equipment

Agriculture, Food

Computers, Electronics

1890

1940

1990

1860

1880

1900

1920

1940

1960

1980

2000

Plastics, Rubber
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Model Estimatio

Are our empirical estimates consistent with a common set of parameters?
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Assumptions:

+ Measurement Error: Empirical proxies for EX and &V capture true model
counterparts up to industry-level measurement error.
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Model Estimatio

Are our empirical estimates consistent with a common set of parameters?

Estimate parameters via GMM: 11 parameters identified by 16 moments + 2
cross-equation restrictions.

Assumptions:

+ Measurement Error: Empirical proxies for EX and &V capture true model
counterparts up to industry-level measurement error.

Identification:
* Substitution between K and L in Routine Tasks (vz): Worker-level earnings
responses (relative to ); Industry-level labor share response.

¢ Substitution between K and L in Non-Routine Tasks (vy): Worker-level
(relative to average displacement [3) and occupation-industry responses.

* Relative Skill displacement (®): Gradient of coefficients w.r.t income.
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Model Parameters and Fit

Earmings to €%, homo = Model
Earnings to €%, homo &= Empirical
Earnings to £, (0-25%]
Earnings to £%, (25-50%]
Eamnings to £, (50-75%]
Earnings to £, (75-95%]
Earnings to £%, (95-100%]
Eamings to £, with £ homo
Earnings to ¥, with £, homo

Earnings to £, homo
Ind productivity to &
Ind LS to §%

Ind LS to &V
Employment to £
Employment to £
mean LS/100
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Model Parameters and Fit

Earings to €%, homo
Earnings to €%, homo
Earnings to £, (0-25%]
Earnings to £%, (25-50%]
Eamnings to £, (50-75%]
Earnings to £, (75-95%]
Eamings to £", (95-100%]
Earnings to £%, with €, homo
Earnings to £, with £, homo
Eamings to £ homo

ind productivity to £

Ind LS to §%

Ind LS to &V

Employment to %
Employment to £

mean LS/100

. Model
= Empirical

Parameter Symbol  Estimate
Elasticity of substitution across tasks 7] 1.191
Elasticity of substitution across industries % 1.910
Elasticity of substitution between capital and labor, routine tasks VR 1.439
Elasticity of substitution between capital and labor, non-routine tasks VN 0.928
Elasticity of labor supply, routine tasks Cr 0.725
Elasticity of labor supply, non-routine tasks Oy 0.871
Mean skill loss for incumbent workers B 0.052
Capital-labor expenditure ratio, routine tasks Kr 0.349
Capital-labor expenditure ratio, non-routine tasks Ky 0.452
Skill loss across technology vintages [0} 0.014
Ratio of noise to signal for industry EX, &¥ and & k% 1.035
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Alternative measure of automation

Specific Vocational Preparation is the amount of lapsed time re-
quired by a typical worker to learn the techniques, acquire the
information, and develop the facility needed for average perfor-
mance in a specific job-worker situation. Tell me whether attaining
proficiency in the below occupation task requires A) an extensive
amount (more than 5 years); B) a fair amount (1 to 5 years);, C) a
moderate amount (3 months to I year); or D) very little (less than 3
months) of specific vocational preparation; and, explain your rea-
soning in one sentence. QOutput only a tuple: (category A/B/C/D,
reasoning) format” + x, x is the sentence task description

GPT4 labels: D: 61%, C: 25%, B: 13%, A: 0.01%

Label D: low experience, A/B/C as high experience.
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Exposure by Industry
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Exposure by Job Type
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Exposure by Education
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Coefficient (%)
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Effects Vary with Age
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Effects Vary with Worker Inco

51"""“!. l

I Labor-saving (low skill)

| I L abor-augmenting (highs skill)

[0-25] [25-50] [50-75] [75-95] [95-100]  High-Low
Income Percentile Rank

Coefficient (%)

Prior Income: relative to industry and occupation. Robust to sorting on income
residual of age, gender, industry, firm, and union status.
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Involuntary Exit
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Involuntary Exit: Leave firm within 5 years + income growth below 20th prctile.
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