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Over the past decades

1. Wages across occupations were diverging (Fig 1)

2. Mobility was declining (Fig 2)

Þ As technical progress has accelerated over the past decades, we should 

expect the trends to persist.

Motivation: A New Stylized Fact
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However, both trends are reversed:

1. Wages across occupations are converging (Fig 1)

2. Mobility is rising (Fig 2)

Motivation: A New Stylized Fact
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vThe reversal in trend applies to most quantile groups, not just 
the mean or the median wage

Motivation: A New Stylized Fact

Fig 3 – Wage variation across occupations by wage quantile
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v A puzzle:
q For the past decade wage inequality has been declining, while 

mobility has been rising.

q At the same time as SBTC is becoming even more disruptive

q This is in contrast to what our models and intuition would predict

Why?

Motivation: A New Stylized Fact
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Explanation: A New Theory

v Technological progress has not only transformed occupations, 

but it has also made them more similar (brought them closer)

q Think of occupations as islands (Lucas and Prescott 1982, Kampourov and 

Manovski 2008) with workers spread across islands.

q We hypothesis that these islands have moved closer to one another due to 

technological progress.

q Why? New skills on the block, high in demand and highly transferable 

across occupations (e.g. data visualization)

v As occupations come closer, wages converge and mobility rises

v Caveat: What is distance? How can it be measured?
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1.1 Data

US Data
v Online job vacancy data provided by Lightcast (formerly known as BGT)

v Collected daily from 51,000 sources (job boards, company websites, etc).

v NLP techniques used to extract over 70 different elements from every post.

v Includes info on skills (about 16,000), occupation, location, company, education 

requirements, experience requirements, job responsibilities, qualifications (e.g. 

CFA, CPA), benefits, etc.
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Keyword search: “Plumbing”

Skill 2014 2019 Growth
Plumbing Design 605 1,971 2.3
Mechanical, Electrical, and Plumbing (MEP) Design 1,525 4,357 1.9
Commercial Plumbing 2,382 6,691 1.8
Plumbing Installation 418 1,134 1.7
Plumbing Systems 11,787 30,005 1.6
Plumbing Tools 429 1,082 1.5
Plumbing Fixture Installation 225 536 1.4
Plumbing Maintenance 4,544 10,663 1.4
Plumbing 199,046 445,228 1.2
Plumbing Repairs 11,132 24,334 1.2
Copper Plumbing Installation 1 2 1.0
Industrial Plumbing 377 660 0.8
Residential Plumbing 1,848 3,201 0.7

1.1 Data
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Skill 2014 2019 Growth
Sports Massage 267 3,911 13.7
Deep Tissue Massage 1,211 6,142 4.1
Swedish Massage 248 1,014 3.1
Hot Stone Massage 667 2,254 2.4
Chair Massage 449 1,156 1.6
External Cardiac Massage 85 218 1.6
Massage Therapy 16,515 39,535 1.4
Massage 14,447 30,594 1.1
Prenatal Massage 88 186 1.1
Therapeutic Massage 1,487 1,983 0.3
Patient Massage 52 54 0.0

Keyword search: “Massage”

1.1 Data
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Skill 2014 2019 Growth
Sensory Integration Disorder 48 1,127 22.5
Psychologically Based Disorders 5 103 19.6
Attention Deficit Disorder 83 1,648 18.9
Personality Disorder 97 596 5.1
Anxiety Disorder 81 401 4.0
Post Traumatic Stress Disorder 1,894 7,058 2.7
Social Anxiety Disorder 3 11 2.7
Bipolar Disorder 1,966 5,859 2.0
Generalized Anxiety Disorder 12 33 1.8
Movement Disorders 1,744 4,619 1.7
Attention Deficit Hyperactivity Disorder (ADHD) 3,585 8,565 1.4

Major Depression 313 4,529 13.5

Keyword search: “Disorder”

1.1 Data
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Skill 2014 2019 Growth
3D Printing 2,412 12,263 4.1

AWS 2,254 16,418 6.3

Opioid 895 8,269 8.2

Bitcoin 71 755 9.6

Fintech 819 12,715 14.5

Knowledge Of Marijuana 49 6,324 128.1

Blockchain 9 7,702 854.8

and a few more

1.1 Data
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1

2

Sample: OJVs for selected occupations (SOC3), 2014-2019
(a) Common (b) New (c) Disappearing

Business 
Operations 
Specialists
(SOC2 131)

Engineers
(SOC2 172)

Judges, 
Lawyers, 

and 
Related 
Workers

(SOC2 231)

1.1 Data
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1

2

Step 1: 

q Represent each occupation in year t as a vector of skills

Step 2: 

q Assign weight for each skill (document frequency, df)

Step 3: 

q Use Euclidean distance to measure similarity between two 

vectors (occupations) in year t

𝑑!" = #
#

$
𝑏# − 𝑎# %

1.2 Methodology
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Insight 1: Bilateral distances across occ (SOC6) pairs are falling over time
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Figure 1 – Distribution of bilateral distances for SOC6 pairs over time

1.3 Estimation
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Figure 2 – Average and median Euclidean distance across all occupations by year

1.3 Estimation
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Insight 3: Can now think of groups as nodes in a network, with distances &  edges
Minimum Spanning Tree of Distances, 2014

From this ⬇  to this	➡

1.3 Estimation
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v Is our measured distance a good measure of …distance (i.e 

similarity)?

1. Distance within vs across occupation groups 

2. Occupations with the highest similarity

3. Mobility

1.4 Validity
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Figure 3 – Median Euclidean distance across and within SOC2 groups

1.   Within group occupations are closer than across group

Across

Within

1.4 Validity
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2.   Closest across-group occupations have identical names

1.4 Validity
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3.   Closer occupations have higher mobility

1.4 Validity
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Hypotheses 1: 

As occupations become more similar, do wages converge?
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2.1 Implications: Wages
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Hypotheses 2: 

As occupations become more similar, does mobility rise?

2.2 Implications: Mobility
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Hypotheses 2: 

As occupations become more similar, does mobility rise?

2.2 Implications: Mobility
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2.3 Additional results

v Self-distance (between 2014 and 2022):

Occupations that have transformed the most have experienced:

1. Bigger declines in within occupation wage inequality

2. Higher increase in wage growth between 2014 and 2022
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2.4 Robustness

v Minimum Wage:

q We exclude counties with changes in min-wage. 

q Results do not change

v Market tightness:

q We control for market tightness (interact with change in Eucl. distance)

q Results do not change

v Extending the results backward in time

q We replicate our methodology using data from 1980 (from newspapers)

q Consistently with the literature, we find that between 1980 and 2000 the 

distance has been rising.
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Conclusion

v We make a theoretical, methodological, and empirical contribution in 

furthering our understanding of labor market dynamics:

q Theoretical: we introduce a puzzle on wages and mobility and offer a new 

theory to explain it

q Methodological: we introduce a skill-based measure of distance using OJVs

q Empirical: we show that occupations are converging, and as they converge 

mobility rises and wages converge.

v This is part of a series of papers on AI, Skills, and the Future of Work.

VI
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APPENDIX
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3   Application:

v Are cities converging?
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3   Application:

v Are US and China drifting apart of converging?

q Compare distance between US cities (MSAs) and Chinese cities

Beijing

Wuhan

San Jose-Sunnyvale-Santa Clara

San Francisco-Oakland-Hayward

Seattle-Tacoma-Bellevue

Chicago-Naperville-Elgin

Shanghai

Foreign

San Francisco-Oakland-Hayward

Boston-Cambridge-Newton

Reno

Las Vegas-Henderson-Paradise
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1.3 Estimation

v A note on the choice of vector size:
Kernel density functions of bilateral occupation distances (Year = 2014) for various skill-vector sizes.


