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What’s the difference between these two occupations?

Crossing Guard
Median annual earnings $36,370

Air Traffic Controller
Median annual earnings $137,380



Defining expertise

• Expertise (dictionary definition)
• Domain-specific knowledge or competency required to accomplish a particular goal

• Expertise (economic relevance)

1 The goal it enables must itself have market value

2 The expertise must be scarce





Economists habitually equate technology exposure / AI exposure with job
loss

cussion of the limitations of this 
approach). Final agreement rates 
across human and GPT-4 ratings 
are visualized at the occupation 
level in fig. S4 and at the task 

 Our results show LLMs’ relevance 
to approximately 14% of tasks per 
occupation on average (see the 
table). When considering the par-
tial implementation of comple-

 E2), 
this figure doubles to 30 to 34%, 
and with full implementation 
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in occupations with at least 10% 
of tasks exposed assuming par-
tial implementation of comple-

 E2), 
whereas 18.5% of workers have 
more than 50% of their tasks ex-

Exposure is prevalent in oc-
cupations that involve generat-
ing written text or code, as well 
as those with routine informa-
tion processing tasks. In fig. S8, 
we plot exposure by Job Zone—a 
measure in the O*NET database 
that groups occupations that are 
similar in (i) the level of educa-

10080 907060

Annual wage (thousands of dollars)

5040

Average exposure (95% CI)

Polynomial �t

30 200

P
er

ce
nt

 o
f 

ta
sk

s 
ex

po
se

d 
to

 G
P

Ts

0

10

20

30

40

50

annual wage for the occupation. Data re�ect human rating.

CI, con�dence interval; GPT, generative pretrained transformer; LLM, large language model.

���
�

��
6W
DQ
GD
UG
L]
HG
�VF
RU
HV

� �� �� �� �� ���
2FFXSDWLRQDO�ZDJH�SHUFHQWLOH

(a) Smoothed scores by occupational wage percentile

�
��

��
��

([
SR
VX
UH
�S
HU
FH
QW
LOH

��+6 +6 6RPH�FROO� %DFKHORUV 0DVWHUV

(b) Exposure by level of education
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(c) Exposure by percent of female workers in occupa-
tion
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(d) Exposure by age.

Figure 7: Exposure to AI by demographic group
Notes: Plot (a) shows the average of standardized occupation-level exposure scores for AI by occupational wage percentile
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Occupations and the Economy?
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Online Vacancies”

Eloundou, Manning, Mishkin & Rock 2024, 
“GPTs are GPTs: Labor market impact potential 
of LLMs”

Svanberg, Li, Fleming, Goehring & Thompson 
2024, “Beyond AI Exposure: Which Tasks are Cost-
Effective to Automate with Computer Vision?”Brynjolfsson, Chandar, Chen. 2025, “Canaries 

in the Coal Mine? Six Facts about the Recent 
Employment Effects of Artificial Intelligence



Is there ‘good exposure’ —
or is all exposure ‘bad exposure’?



Is there such thing as good automation exposure?

• In canonical task models, automation is first-order bad, second-order okay
• Automation occurs when formerly labor-using tasks are reallocated to capital
• First-order: This reduces labor demand and labor’s share of national income
• Second-order: May raise wages through Q-complementarity ...unless it is ‘so-so’
• New task creation—the opposite of automation—is unambiguously positive for labor

• Adding occupations: bundles of related tasks performed together
• Tasks bundled in an occupation differ in their ‘expertise’ levels
• Same task may be performed in many different occupations
• When a task is automated, it’s eliminated from all occupations that use it
• But impact differs across occupations depending on where the task falls in each occ’s

expertise bundle
• Eliminates “atomistic task assignment” feature/bug built from canonical task models



Expertise and automation: Not just how many tasks but which tasks

Consider an occupation that loses 25% of its tasks to automation

Labor productivity
Expert tasks automated



Expertise and automation: Not just how many tasks but which tasks

Consider an occupation that loses 25% of its tasks to automation

Expert tasks automated
Labor productivity
Average expertise

Employment
Wages



Expertise and automation: Not just how many tasks but which tasks

Consider an occupation that loses 25% of its tasks to automation

Expert tasks automated
↑ Labor productivity
↓ Average expertise
↑ Employment

→ or ↓ Wages



Expertise and automation: Not just how many tasks but which tasks

Consider an occupation that loses 25% of its tasks to automation

Expert tasks automated Inexpert tasks automated
↑ Labor productivity ↑
↓ Average expertise ↑
↑ Employment → or ↓

→ or ↓ Wages ↑



Employment and wage changes across all U.S. occupations, 1980 – 2018
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Taxi driver employment rose by 209% between 2000 and 2018
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Relative wages of taxi drivers fell by 5% between 2000 and 2018
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Proofreader employment fell by 43% between 2000 and 2018

+40%

+249%

+24%
+42% +49%

+9%+8%

-17%

-60%

Taxi and Chauffeur

Others

Proofreaders-100

-50

0

50

100

150

Cu
m

ul
at

iv
e 

ch
an

ge
 in

 e
m

pl
oy

m
en

t (
lo

g 
pt

s)

1980 1990 2000 2010 2020

Cumulative Employment Change

+8%
+12%

+16%

+4%

+13%

+20%

Taxi and Chauffeur

Others

0

10

20

30

40

Cu
m

ul
at

iv
e 

ch
an

ge
 in

 h
ou

rly
 w

ag
es

 (l
og

 p
ts

)

1980 1990 2000 2010 2020

Cumulative Wage Change



Relative wages of proofreaders rose by 15% between 1980 and 2018
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Related work that embraces a task bundling / expertise framework

Growing mini-literature

• Hampole, Papanikolaou, Schmidt, Seegmiller, “Artificial intelligence and the labor
market” (NBER 2025)

• Althoff and Reichardt, “Task-specific technical change and comparative advantage”
(2026)

• Freund and Mann (Lukas2), “Job transformation, specialization, and the labor market
effects of AI” (2026)

• Hosseini and Lichtenger, “Generative AI and occupational entry barriers: The
labor-supply channel of technological change” (2026)



Replacing experts
and augmenting expertise

A model of expertise
and automation (sketch)



Expertise and automation: Foundations

1 The tasks comprising an occupation are indivisible → All must be performed

2 Accomplishing a specific task requires task-specific expertise

3 Expertise is hierarchical: More expert workers can do less expert tasks but not v.v

4 Automation displace labor in some expert tasks

5 All occupations contain generic, non-automatable tasks that any worker can perform



Task level production: Capital, labor, and occupations

• Three categories of tasks:

1 Generic: t ∈ (−θ ,0] completed by labor of any expertise

2 Automated: t ∈ (0, I ] completed by capital

3 Expert tasks: t ∈ (I ,1) completed by labor of sufficient expertise ei ≥ t

• Occupations: Which tasks a worker produces depends on her occupation
• Occupations are indexed by φ ∈ (0,1)
• Occupation φ requires tasks t ∈ [θ(φ − 1),φ] for production

• Productive automation: We assume that the relative productivity of capital to
labor, η, is sufficiently high for producers to use capital whenever possible.



Task level production: Allocation of labor and capital

• Production function for tasks produced by labor

xL(t,ℓi (t)) =

(

ℓi (t), t ∈ (−θ , ei ]

0, otherwise

• Production function for tasks produced by capital

xK (t,κi (t)) =

(

ηκi (t), t ∈ (0, I ]

0, otherwise

where η > 1 is the productivity of capital relative to labor



What workers produce: Occ level production function

• Each worker’s output in an occupation is Cobb-Douglas

ln
�

yi (φ)
T (φ)

�

= T (φ)−1











∫ 0

θ(φ−1)
ln(ℓi (t))dt

︸ ︷︷ ︸

Generic

+

∫ I (φ)

0
ln(κi (t)η)dt

︸ ︷︷ ︸

Automated

+

∫ φ

I (φ)

ln(ℓi (t)1{ei ≥})dt
︸ ︷︷ ︸

Expert











• Task bundling
• Output is zero if i has insufficient expertise for any positive measure of tasks required in φ

• Expertise sufficiency
• i can produce non zero-quantity of output in φ iff max{ei , I } ≥ φ

• Return to capital equated across all tasks
• Each worker i in occupation φ subdivides ki units of capital and 1 unit of labor across

tasks in φ



Production of (final) consumption good: Combining occupational outputs

• Final consumption good is CES aggregate of occupation-level products:

Y =

�

∫ 1

0
Y (φ)

λ−1
λ dφ

�

λ
λ−1

, λ > 1.

• λ > 1→ occupations are gross-substitutes in final good production
• No ‘immiserating’ automation where productivity growth saturates demand for an

occupation

• Total supplies of capital and labor are fixed: L̄=
∫ 1

0 L(φ)dφ, K̄ =
∫ 1

0 K (φ)dφ

• Inelastic supply of capital → Wages do not automatically rise as automation advances



Key inputs linking assumptions to results

• Absent automation, experts are not scarcer or higher paid than non-experts
• Experts can always substitute for non-experts but not vice-versa
• Creates no-arbitrage condition: Non-experts cannot earn more than experts

• Demand for each occupation is elastic (σ > 1)
• No ‘immiserating’ automation where productivity growth saturates occupation demand

• Inelastic capital supply
• If capital supply elastic, all benefits of automation ultimately accrue to workers
• Nothing interesting about that

• Labor complementarity and expertise substitution
• Automation always complements labor
• But automation also substitutes for expertise
• Advancing automation renders some expertise generic, complements remaining expertise



Space of tasks and occupations: Occupations on x-axis, tasks on y-axis
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Visualization automation −→ Rising I
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Further automation: Rise in I from I0→ I1

I1
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Wages: Automation raises expert wages — until expertise becomes generic
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Labor arbitrage: Occupations grow when their expertise is made generic
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General Equilibrium: Wages and employment

1 The wage in expert occupations is strictly greater than that in generic ones

2 Wages fall in occupations that were previously expert as they are rendered generic by
a small increase in I

3 There is a sudden influx of inexpert labor into those occupations



Implications



Primary implications taken to the data

1 Wage levels: Expert work commands higher wages than generic work
• Even within education groups
• Even within white collar, blue collar, and service occupations

2 Task ∆′s↔ Expertise: Adding/removing tasks may raise or lower expertise demands
• Adding tasks may lower expertise demands — if tasks added are inexpert
• Removing tasks may raise expertise — if tasks removed are inexpert

3 Wages v emp: ∆ Expertise demands have countervailing effects on occ wages v emp
• Increase in expertise demand will raise wages, reduce employment (both relative)
• Fall in expertise demand will reduce wages, raise employment (both relative)



What’s ahead

I. Measurement

1 Building a content-agnostic index of task expertise

2 Measuring changes in occupations’ expertise requirements

II. Results

1 Does ∆Expertise predict ∆Wages?

2 Does ∆Expertise predict ∆Employment with opposite sign?

3 Are ∆Expertise levels distinct from ∆Task quantities?

4 Causal test: Using routine task removal to identify quasi-exogenous ∆Expertise, ∆Tasks

5 Pre-release beta: in-progress work w/Lucy Hampton, Neil Thompson, & Can Yeşildere



Measurement I of (II) —

A content-agnostic index
of task expertise requirements



Expertise and the Efficient Coding Hypothesis (ECH)

• Natural language speakers face a tradeoff between brevity and clarity
• Brevity — minimizing bandwidth utilization (or effort)
• Clarity — minimizing miscommunication risk

• Familiar words: profit, inflation
• Sophisticated ideas, but frequently encountered, so commonly understood
• Used by experts and non-experts in everyday conversation

• Expert words: elasticity, arbitrage
• Equally sophisticated ideas, not frequently encountered
• Used by domain experts but few others encounter them
• Expert could say, “percent change in one variable caused by a percent change in another”

• Tradeoff leads to ‘efficient coding’ — trading off between brevity and clarity



Building a content-agnostic measure of job task expertise requirements

Efficient coding explains why experts use distinct vocabularies (AKA, jargon)

• Implication: Experts develop and use precise words for events that are common within
the expert’s domain but not otherwise (e.g., elasticity, arbitrage, hyper-parameter)

Measuring expertise of job tasks by leveraging efficient coding hypothesis

• Non-expert tasks will use words/concepts that are familiar to most adults

• Expert tasks will use words that are

• Infrequent among non-experts
• Low-entropy — found in a small subset of corpora
• Empirical counterpart
• Task expertise is decreasing in both commonality and entropy of task descriptive words



Frequency & entropy: The Educator’s Word Frequency Guide (Zeno ’95)

Use the SFI (Standard Frequency Index) to capture
entropy and frequency

• Data from the Educator’s Word Frequency Guide

• A compilation of frequency statistics for 160,000 words

• Using texts from 1st grade to college level (Zeno ’95)

SFI ≡ −10 · (log10(F/D) + 4)

• Where F is raw frequency, D is entropy

• We take 100− SFI so it is increasing in expertise



Measuring expertise: Job task descriptions from DOT 1977, O*Net 2018

Source for occupational task enumerations

• Textual job descriptions from the 1977 Dictionary of Occupational Titles, limited to
≈ 4,000 titles detected in National Academy of Sciences, 1984

• Textual job descriptions from the 2018 O*NET

Source for employment and earnings data

• Harmonized US Census employment and earnings data for 1980 and 2018 from Autor

Chin Salomons Seegmiller (ACSS) ’24

• 306 consistent, comprehensive occupations (occ1990dd18)



Measuring expertise of job tasks: Examples

Examples of high expertise job tasks

• Reinstalls plumbing and electrical and rigging
connections (Mechanics, 1977, XPT = 9.11)

• May operate punchcard tabulating machines,
such as sorters and collators (Office machine
operators, 1977, XPT = 11.31)

• Sing a cappella or with musical
accompaniment (Musicians, 2018, XPT = 11.25)

• Monitor the arrival, parking, refueling,
loading, and departure of all aircraft. (Air

traffic controllers, 2018, XPT = 4.15)

Examples of low expertise job tasks

• Makes beds (Housekeepers, 1977, XPT = −10.93)

• Print and make copies of work (Typists, 2018,
XPT = −8.06)

• Transport mail from one work station to
another (Postal clerks, 2018, XPT = −7.28)

• Guards street crossings during hours when
children are going to or coming from school
(Crossing guards, 1977, XPT = −8.13)



Expertise and log wages by occupation, 1980 and 2018
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Expertise and log wages by occupation, conditional on education
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Expertise/wage scatterplots by broad occupation
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Expertise/wage scatterplots by broad occupation
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High and low expertise occupations by broad category—A few examples

25th Percentile 75th Percentile
Occupation Title XPT ln(Wage) Title XPT ln(Wage)

Professionals Social workers 0.09 2.92 Computer
scientists

1.33 3.35

Technicians Machine
Programmers

0.17 2.99 Chemical
technicians

1.08 3.08

Clerical Bank tellers -0.66 2.46 Weighers and
measurers

0.49 2.78

Services Janitors -1.23 2.54 Landscaping
supervisors

0.45 2.88



Within-occupation evidence: Person-level variation in expertise and wages

Within detailed occupations, are workers with more expert tasks paid more?

• Survey data taken from the PDII (Princeton Data Improvement Initiative), 2008

• Workers summarize ‘the general duties of their job’ in their own words

e.g., “dumping trash”, “I sit all day and make decisions”

• We clean these task statements and calculate expertise

• The dataset also contains educational attainment, gender, ethnicity and experience
lnwij = α+ β1xptij +δ1Xi + γj + εij ,

where Xi is a vector of human capital and demographic controls,

γj are SOC occupation fixed effects.



Within-occupation evidence: Person-level variation in expertise and wages

(1) (2) (3a) (3b) (4)
Expertise 0.0229*** 0.0178*** 0.0066** 0.0085*** 0.0055*

(0.0036) (0.0034) (0.0032) (0.0029) (0.0031)
Demographic dummies No Yes Yes Yes Yes
Education/experience No No No Yes Yes
Occupation dummies No No Yes No Yes
# of occ dummies 0 0 240 0 240
Observations 1,295 1,295 1,295 1,295 1,295
R-squared 0.0301 0.1497 0.6185 0.4016 0.6486

In each specification, ln(w) is the dependent variable.



Measurement II of (II) —

Changes in occupations’
expertise requirements



Measuring tasks added/removed: DOT & O*Net created 40 years apart

Dictionary of Occupational Titles,
1977

O*NET Database v30.0, 2025



task added v.s. new titles

How we measure tasks removed and added

1 Encode tasks: Transform each task
description to 1,536 dimensional vector
(OpenAI text-embedding-3-small)

2 Identify nearest tasks: For each task in
1977 (2018), identify the nearest task
from 2018 (1977)

3 Identify unmatched tasks:
• Found in 1977 not 2018→Task removed
• Found in 2018 not 1977→Task added

Dimension 2

Di
m

en
sio

n 
1

Removed
Present in 1977
Not Matched in 2018

Retained
Present in 1977
Matched in 2018

Retained
Present in 2018
Matched in 1977

Added
Present in 2018
Not Matched in 1977



Tasks removed and added: File Clerk occupation, 1977–2018



Expertise upgrading due to task removal: Proofreaders
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Expertise (XPT)
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ks Corrects or records omissions, 
errors, or inconsistencies 

found. (XPT=-0.09)

Places proof and copy side by side 
on reading board. (XPT=-6.24)

Compares information or 
figures on one record against the same 

data on other records. (XPT=-1.50)

Consult reference books or secure aid of 
readers to check references with rules of 
grammar and composition. (XPT=-0.63)

1980 2018



Calculating changes in task counts and expertise requirements

• Change in expertise due to task addition or removal

∆XPTsub
j ≡ XPTret

j ,1977 −XPTj ,1977

∆XPTadd
j ≡ XPTj ,2018 −XPTret

j ,2018

∆XPTnet
j ≡∆XPTsub

j +∆XPTadd
j .

• Share of tasks added and removed, 1980–2018

∆TASKsub
j ≡ 1− N1977

j∈ret/N1977
j

∆TASKadd
j ≡ 1− N2018

j∈ret/N2018
j

∆TASKnet
j ≡∆TASKadd

j −∆TASKsub
j



Evidence I of IV —

Does ∆Expertise predict
∆Wages?
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Removing inexpert tasks and adding expert tasks: Both ↑ wages

∆ lnwj = α+ β1∆XPTsub
j + β2∆XPTadd

j + γJ(j) + εj
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Evidence II of IV —

Does +∆Expertise
predict −∆Employment?
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Removing inexpert tasks and adding expert tasks: ↓ employment

∆ lnEMPj = α+ β1∆XPTsub
j + β2∆XPTadd

j + γJ(j) + εj
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Evidence III of IV —

Distinguishing ∆Expertise
vs ∆Tasks

Key distinction: ∆Expertise reduces labor supply
∆Tasks raises labor demand



Occupation-level ∆′s in task %, task expertise, 1980–2018 → Uncorrelated



How many tasks vs which tasks: Wage regressions

∆ lnwj = α+ β1∆XPTnet
j + β2∆TASKnet

j + γJ(j) + εj ,
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How many tasks vs which tasks: Employment regressions

∆ lnEMPj = α+ β1∆XPTnet
j + β2∆TASKnet

j + γJ(j) + εj
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Evidence IV of IV —

Routine task removal and
expertise polarization



Paradox: Sharp employment polarization but modest wage polarization

Employment Wages



Tasks in-use, added, and removed, 1977-2018: Abstract, Routine, Manual

Routine share of tasks in use
fell from 50% to 32%

65% of tasks removed were Routine
76% of tasks added were Abstract



Calculating routine task exposure: ∆Expertise and ∆Tasks

• Calculate ∆Expertisej , ∆Tasksj if all 1980 routine tasks were removed from j

Predicted change in expertise: ∆ÞXPTj ≡ XPTnr
j ,1977 − XPTj ,1977

Predicted change in tasks: ∆àTASKj ≡ 1−
N1977
j∈nr

N1977
j

• Regress changes in ∆expertise, ∆wages, and ∆employment on these variables

∆Yj = α+ β1∆ÞXPTj + β2∆àTASKj + γµ0j + ϵj .



How routine task removal predictor works

• Accounting Clerks were at the 28th wage pctile
in 1980

• Payroll Clerks were at the 33rd pctile in 1980

• If all routine tasks removed from Accounting
Clerk expertise rises: ∆ÞXPTj ≈+2σ

• If all routine tasks removed from Payroll Clerk
expertise falls: ∆ÞXPTj ≈ −2σ



Routine task removal predicts expertise and wage changes

∆Yj = α+ β1∆ßXPTj + β2∆âTASKj + γJ(j) + εj
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Many routine-task intensive occs contract as they become more expert

Change in employment vs. predicted change in expertise and tasks

∆ lnEMPj = α+ β1∆ÞXPTj + β2∆àTASKj + γJ(j) + εj
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Conclusions

• Automation both replaces experts and augments expertise
• Relevant questions is not exclusively how many tasks but also which tasks

• Focusing only on technology exposure assumes replacement, ignores augmentation
• Consider checkout clerks (high exposure) vs. data scientists (high exposure)
• Or air traffic controllers (high exposure) vs. crossing guards (low exposure)

• Consider both quantity and expertise—AKA, content—of job tasks
• Current paper ‘predicts the past’
• Extending from backcasting to forecasting
• Forecasting: See Hosseini and Lichtenger, “Generative AI, Expertise, and Inequality: A

Race Between Productivity and Scarcity” (2026)


