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Intro
Evidence
Returns
Model
Quantitative
Conclusion

Motivation
• The nature of work has changed dramatically

◦ Decline in “routine” tasks and related worker skills Acemoglu(1999), Autor, Levy and
Murane (2003), Autor and Dorn (2013)

◦ Rising importance of social skills Cortes, Jaimovich, and Siu (2021), Deming (2017)
• Remains unclear

specific specialized skill ⇐⇒ a broad range of skills (”skill mixing”)
• Different implications

◦ Specialization in skill demand → experts in a single dimension
◦ Skill mixing → multidisciplinary schooling and training
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◦ European Commission: 45%-60% of all workers in Europe could be replaced
by automation before 2030

◦ OECD: 27% of jobs at high risk from AI revolution
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This Paper

1. Documents new facts about skill mixing
◦ Rich data: incumbent jobs + new vacancies, employer vs. worker
◦ New angle-based measure

2. A directed search model with occupation design
◦ Multi-dimensional skills + non-linear technology
◦ Before producing, firms first design the occupation, st a cost (Acemoglu, ’99)
◦ Endogenous human capital evolvement

3. Quantify the underlying drivers
◦ Skill mixing changes and related employment, wage dynamics
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Findings
• Substantial ↑ in skill mixing 2005-2018, even within granular occ.

◦ Mainly for non-routine [analytical, interpersonal, computer, leadership, design...]
◦ Mainly for medium- to low-wage occupations
◦ Source: within-occupation > worker reallocation

▶ Persists controlling gender, industry, occ, skill supply (edu, exp)
• Important distribution and wage implications

◦ Explains major part of employment/wage polarization
◦ Wage returns: 1.5 - 3 percent in skill mixed occupation/college major

• Main channel: ↑ skill complementarity, cost
◦ Experts of analytical, computer / routine skills becomes ↑/↓ efficienct
◦ These drive skill mixing + employment & wage dynamics
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Contributions to the Literature
• Labor market dynamics that focuses on skill mixing

◦ Skill/task biased: Tinbergen (1975); Katz and Murphy (1992); ALM (2003); Acemoglu and
Autor (2011); Autor and Dorn (2013); Deming (2017); Deming and Kahn (2018)

◦ Within-occupation variation: Autor and Handel (2013); Atalay et al. (2020); Freeman,
Ganguli, and Handel (2020); Cortes, Jaimovich, and Siu (2021)

• Directed search model w/. endogenous demand + multi-d non-linear
◦ Menzio and Shi (2010,2011); Kaas and Kircher (2015); Schaal (2017); Baley, Figueiredo, and

Ulbricht (2022); Braxton and Taska (2023)
• Matching focusing on firm skill demand trade-offs under GE forces

◦ Roy (1951); 1-D: Shi (2001); Hagedorn, Law, and Manovskii (2017)
◦ Multi-D: Yamaguchi (2012); Lindenlaub (2017); Lise and Vinay (2020); Ocampo (2022)
◦ Bundling: Rosen (1983); Murphy (1986); Heckman and Sedlacek (1985), Choné and Kramarz

(2021); Edmond and Mongey (2021)
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Angle Measure of Skill Mixing [2D]

Analytical

Interpersonal

#"

#$

Length
Skill intensity ⇔

Angle Similarity
Skill mixing

Occ. Length Angle (θ) Cosine(θ)

A (yA) 0.4 38.7 0.78

B (yB) 0.8 38.7 0.78

7 / 30



Intro
Evidence
Returns
Model
Quantitative
Conclusion

Angle Measure of Skill Mixing [2D]

Analytical

Interpersonal

#"

##
"

#$

Length
Skill intensity ⇔

Angle Similarity
Skill mixing

Occ. Length Angle (θ) Cosine(θ)

A (yA) 0.4 38.7 0.78

B (yB) 0.8 38.7 0.78

C (yC) 0.4 8.1 0.99
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Angle Measure of Skill Mixing [Multi-D]
Definition (Degree of Skill Mixing of an occupation)
The skill mixing index for an occupation y = {y1, ..., yk, . . . , yK} ∈ S ⊂ RK+ is the
cosine similarity between its skill vector and the norm v̂.

Mix(y) =
yv̂

||y|| · ||v̂|| , where v̂ = [1, 1, ..., 1]′ ⊆ RK+

• Interpretation
◦ Essentially, Cosine(θ) in multi-d, v̂ is norm
◦ In my analysis, y = {yanalytical, yinterpersonal, ycomputer, yroutine, . . .}

◦ Accommod. multi-d, focuses on angle similarity, normalized in [0,1]
◦ Alternative: Inverse Herfindahl, Absolute Distance details
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Data on Skill Demand

• Occupational Information Network (O*NET) 2005-2018
◦ Detailed 270 descriptors into 9 modules for 970 7-digit occupations
◦ Source: surveys of job analysts + incumbent workers example
◦ Info on skill requirements and work environments (intensive margin) content
◦ Challenge: annually, avg. of 110 occupations updated

▶ Broad and 4-year intervals using 4 versions; 274 7-digit occs const. updated details

• Lightcast (formerly ”Burning Glass”) 2007-2017
◦ Analyzes millions of online job postings into codified skills
◦ Info on whether a skill is required for a vacancy (extensive margin)
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Skill Measures

• O*NET - Acemoglu and Autor (2011) & More
◦ Non-routine: analytical, interpersonal, computer; routine [”RNR”] details
◦ More non-routine: leadership, design, these 5 [”broader non-routine”]
◦ Normalize to [0,1] (alternative: standardize)

• Lightcast
◦ Same skills, keywords based Deming & Kahn ’18, Braxton & Taska ’22 details

▶ i.e., analytical: “research”, ”solving”; interpersonal: ”teamwork”, ”collaboration”
◦ At occ. level, share of ads that contain these key words (in [0,1])
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O*NET Skill Measures and Composing Descriptors

 Online Appendix Table. Skill Measures and Composing Descriptors 

Non-routine Analytical  Routine 

• Analyzing data/information  • Importance of repeating the same tasks 

• Thinking creatively  • Importance of being exact or accurate 

• Interpreting information for others  • Structured v. Unstructured work (reverse) 

Non-routine Interpersonal  • Pace determined by speed of equipment 

• Establishing and maintaining personal relationships • Controlling machines and processes  

• Guiding, directing and motivating subordinates   • Spend time making repetitive motions  

• Coaching/developing others  Leadership 

Computer  • Making Decisions and Solving Problems 

• Interacting With Computers  • Developing Objectives and Strategies 

• Programming  • Organizing, Planning, and Prioritizing Work 

• Computers and Electronics  • Coordinating the Work and Activities of Others 

Design  • Developing and Building Teams 

• Design  • Guiding, Directing, and Motivating Subordinates 

• Drafting, Laying Out, and Specifying Technical 
Devices, Parts, and Equipment  

• Provide Consultation and Advice to Others 

     
Analytical  Routine 

• Analyzing data/information  • Importance of repeating the same tasks 

• Thinking creatively  • Importance of being exact or accurate 

• Interpreting information for others  • Structured work 

Interpersonal  • Pace determined by speed of equipment 

• Establishing and maintaining personal relationships • Controlling machines and processes  

• Guiding, directing and motivating subordinates   • Spend time making repetitive motions  

• Coaching/developing others  Leadership 

Computer  • Making Decisions and Solving Problems 

• Interacting With Computers  • Developing Objectives and Strategies 

• Programming  • Organizing, Planning, and Prioritizing Work 

• Computers and Electronics  • Coordinating the Work and Activities of Others 

Design  • Developing and Building Teams 

• Design  • Guiding, Directing, and Motivating Subordinates 

• Drafting, Laying Out, and Specifying Technical Devices, 
Parts, and Equipment  

• Provide Consultation and Advice to Others 

     
 

Broader skill measures
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Fact 1: Increase in Skill Mixing at 7-Digit Occupations Figure 2. Density for Skill Mixing Indexes (Cosine Similarities), 2005 vs. 2018 

 

  
(1) RNR Skills (2) Non-routine Skills 

Notes: These figures plot the kernel density of different skill mixing indexes in 2005 (light blue line) and 2018 (dark blue 
line). The x-axis displays the value of skill mixing indexes with a maximum of 1 by construction. “RNR” indicates routine 
and non-routine skills that are defined by \cite{acemogluautor2011}. Non-routine skills include non-routine analytical and 
interpersonal skills, as well as computer skill, as detailed in online Appendix table \ref{appen_tab_onet}. “Other non-
routine” include leadership and design skills to the aforementioned non-routine skills. These plots are created using O*NET 
at 7-digit occupations without employment weighting. 
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Fact 2: Growth in Skill Mixing
Figure 3. Trend of Skill Mixing in the US Economy, 2005-2018 

 

   
(1) Full O*NET (2) Constant Updates (3) Lightcast 

   
 

total within across 
10.12  9.46  0.66  
12.37  9.72  2.65  

 

total within across 
10.09  10.74  -0.65  
11.00  9.69  1.31  

 

total within across 
5.16  4.37  0.78  

Notes: These figures plot the employment-weighted skill mixing indexes in the U.S. economy from 2005-2018. The y-axis is 
the percentile of skill indexes in year 2005. By construction, each index has a mean of 50 percentiles in 2005; succeeding 
points are employment-weighted means mapped to its percentile in 2005. Panel (1) and (2) combine O*NET and ACS data 
with consistent 4-digit occupation codes from Autor and Price (2013) and Deming (2017). The matching of different O*NET 
releases and ACS years are detailed in online Appendix Table 1. Panel (1) show the trend for the universe of occupations 
while Panel (2) only include 274 7-digit occupations that are constantly updated between 2005, 2011, and 2018. Panel (3) 
combines Lightcast job posting data and ACS with same occupation coding. Employment weights from ACS are the total 
hours of work aggregated to sex-education-industry-occupation cells.  
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Fact 3: Skill Mixing Increases Regardless of Workforce

RNR Skills Non-routine Skills
Full O*NET 0.70∗∗∗ 0.71∗∗∗

[0.10] [0.09]
Constant Updates 0.75∗∗∗ 0.65∗∗∗

[0.11] [0.11]
Lightcast 0.33∗∗

[0.15]
Sex × industry × occ. FE X X
Exp. and edu. controls X X

Table: Within Occupation Changes in Skill Mixing Indexes

Mix(y)percentile
ijt = Yeart + ξXijt + δj + ϵijt where j = sex × industry × occ.
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Fact 4: Medium- to Low-Wage Occupations More Mixed

Figure 4. Skill Mixing Index Change by Occupation Groups and Gender, 2005-2018 

  
(1) Male (2) Female 

 

 

Notes: This figure plots the changes in skill mixing indexes across different occupation groups for male and female workforce. 
The units of the index changes are percentiles of their distributions in 2000. Workers are categorized into four occupation 
groups – High Skill, White Collar, Blue Collar, and Service following Acemoglu & Autor (2011). O*NET and ACS data are 
combined for these figures with consistent occupation codes from Autor and Price (2013) and Deming (2017).  
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Fact 5: Skill Mixing Accounts for Polarization
Figure 5. Smoothed Employment and Wage Changes by Skill Percentile, 2005-2018 

  
Notes: These figures plot the smoothed observed as well as counterfactual changes of employment share (Panel A) and 
hourly wage (Panel B) for occupations between 2000-2020. On the x-axis, occupations are ranked into 100 percentiles by 
the average log wages of workers in those occupations in 2000. The changes in the share of hours worked and percent wage 
growth are then calculated for each percentile, which fit into smoothed lines using cubit polynomial fit. Counterfactual lines 
are the smoothed employment/wage changes only for occupations with above-median increases in the hybrid indexes. 
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Returns to Skill Mixing
• National Longitudinal Survey of Youth (NLSY) 2005-2019

◦ Detailed employment and educational histories + pre-market abilities
▶ Analytical: AFQT; Interpersonal: social (Deming, ’17); Computer: occ/major’s computer skill

◦ Both 79 & 97 cohorts (median age: 37), outcome: real log hourly wage
▶ Robust to restricting age < 50 or use hourly wage levels

◦ College major’s skill mixing: emp-weighted avg. of O*NET measures

Correspond skill measures Top majors
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Returns to Skill Mixing

Dependent: ln (hourly wage) (1) (2) (3)

Mix (non-routine skills): Occ 0.017∗∗∗ 0.015∗∗∗ 0.014∗∗∗

[0.005] [0.005] [0.005]
Mix (non-routine skills): Worker 0.065∗∗∗

[0.017]
Ethnicity Gender, Age/Year, Region, Edu FE X X X
Occupation FE X X X
Worker FE X
Observations 88, 391 79, 343 88, 391
R-squared 0.416 0.430 0.756

Table: Return to Skill Mixing: Occupations and Workers

Full table with emp Returns to college major Robust - measures and index
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Environment
• Multi-dimensional Skill Set-up

◦ Discrete time, 1-1 matching, K ≥ 2 skills
◦ A unit of heterogeneous workers x = {x1, ..., xk, . . . , xK} ∈ S ⊂ RK+

◦ A mass of risk-neutral firms y = {y1, ..., yk, . . . , yK} ∈ S ⊂ RK+

◦ CES - Matching production Lindenlaub (2017); Lise & Postel-Vinay (2020)

f (x, y) =

[
K

∑
k=1

(xkαkyk)
σ

] 1
σ

• Endogeneous Occupation Design
◦ Both vacant & incumbent firms optimally choose y before producing
◦ Pay C(y) = τ[∑K

k=1(yk)
ρ] rep. cost of operating an occ for given y
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Model in Action
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Beginning of period 

• ! share of workers 
separate  

Labor Market Opens 

(Search and Matching)  

• Firms post in (",#,$) 

• Workers search for jobs 

Occupation Design 

• Firms (incumbent & 

vacant) choose # 

Production 

• Firms produce %(",#), 

pay &(#) 

• Workers get benefits 

Skill Evolvement 

• Worker skill ) change 

according to *(+!
′|+!, ,!) 

controlled by -! 

◦ Continuum submarkets by (x, y), surplus share ω, tightness θ(x, y, ω)

◦ Endogenous skill investment & (multi-d) job ladder
π(x′j|xj, yj) =

x′j − xj

yj − xj
1(xj < yj)× γ

up
j +

x′j − xj

yj − xj
1(yj < xj)× γdown

j

γ
up/down
j is the share of skill j that worker can catch in a period
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Model Equilibrium
• Worker’s Problem

U(x) = b + βE
{

max
y′ ,ω′

p(θ(x′, y′, ω′))W(x′, y′, ω′)︸ ︷︷ ︸
get employed

+
[
(1 − p(θ(x′, y′, ω′))

]
U(x′)︸ ︷︷ ︸

stay unemployed

}

W(x, y, ω) = ω( f (x, y)− C(y))︸ ︷︷ ︸
get surplus

+β(1 − δ)E
{

max
ỹ′ ,ω̃′

p(θ(x′, ỹ′, ω̃′))W(x′, ỹ′, ω̃′)︸ ︷︷ ︸
change employer

+
[
(1 − p(θ(x′, ỹ′, ω̃′))

]
W(x′, y′, ω)︸ ︷︷ ︸

stay with current employer

}
+δU(x′)

• Firm’s Problem
J(x, y, ω) = maxy (1 − ω)( f (x, y)− C(y))︸ ︷︷ ︸design occupation

+β(1 − δ)E
{
(1 − p(θ(x′, ỹ′, ω̃′))J(x′, y′, ω)︸ ︷︷ ︸retain the worker

}
By free-entry: c = βE

{
q(θ(x, y, ω))J(x, y, ω)

}
• Equilibrium Properties

◦ Block-recursive Menzio & Shi (2010,2011) due to directed search + submarkets
◦ ∆ skill mixing, wage, employment: complementarity, cost, skill supply
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+
[
(1 − p(θ(x′, ỹ′, ω̃′))

]
W(x′, y′, ω)

}
+δU(x′)

• Firm’s Problem
J(x, y, ω) = maxy (1 − ω)( f (x, y)− C(y))︸ ︷︷ ︸design occupation

+β(1 − δ)E
{
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What Are the Drivers of Skill Mixing and
How Do They Affect Labor Market Dynamics?
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Measurement and Calibration
• Measurement (NLSY, 2005–2006 and 2016–2019)

◦ Occ: high-wage (professional & white-collar), low-wage (blue-collar & service)
◦ Worker: low-type (avg. of below mean xlow

j ), high-type
• Skill Supply Variation

◦ Skill change at rate γj× skill gap Lise & Postel-Vinay (2020) Skill supply
◦ Across period: according to occ or college major in NLSY more
◦ Within period: according to occ via Markov process Figure 3. Trend of Skill Mixing in the US Economy, 2005-2018 

 

   
   

Notes: The figure illustrates the evolution of the skill distribution for different types of workers over the years 2005 (shown 
in blue) and 2018 (shown in cranberry), across three distinct two-dimensional skill spaces. These worker skills are measured 
using data from NLSY79\&97, with the specific skill measure discussed in the online Appendix Table \ref{appen_tab_evol}. 
Skill variations of these worker types are calibrated based on the skill accumulation and depreciation rates associated with 
different occupations and college majors, using the estimates of by \cite{lise2020}. 
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Calibrated Parameters
Param. Description Value Source/Target

A. Search
β Discount Rate 0.96 Interest rate of 4%
δ Job separation rate 0.10 Shimer (2005)
ω Worker share of surplus 0.60 Labor share of GDP
b Unemploy. benefit % of output 0.42 Braxton et. al (2020)
η Elasticity of matching 0.50 Mercan & Schoefer (2020)
µ Matching efficiency 0.65 Mercan & Schoefer (2020)

B. Annual skill adjustment (Up) (Down)
γa Analytical/computer skill 0.36 0.10 Lise & Postel-Vinay (2020)
γp Interpersonal skill 0.05 0.00 Lise & Postel-Vinay (2020)
γr Routine skill 1.00 0.36 Lise & Postel-Vinay (2020)
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Estimated Parameters
C. Skill efficiency (2005) (2018)

αa Analytical/computer skill 0.63 0.95 Lindenlaub (2017)
αp Interpersonal skill 0.05 0.08 Lise & Postel-Vinay (2020)
αr Routine skill 0.14 0.06 Lindenlaub (2017)

D. Internally estimated (2005) (2018) Moments Identification
σ Inverse elasticity (low) 0.64 0.41 Within-occ covar abilities & wage
σ Inverse elasticity (high) 0.60 0.36 Within-occ covar abilities & wage
τ Scaler of cost 0.74 0.53 Employ. distribution & relative wage
ρ Convexity of cost 3.63 4.90 Degree of skill mixing
c Vacancy posting cost % output 0.56 0.82 Unemployment rate

• Estimation strategy - SMM Numerical algorithm
1. Given Θ = {σ, ρ, τ, c}, solve SS firm and worker policy
2. Simulate 10,000 workers for T(T > 100) periods, obtain dist of LM outcomes
3. Minimizes the distance between the model vs. data moments
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Worker Job LadderOnline Appendix Figure. Density for Skill Mixing Indexes (Cosine Distances), 2005 vs. 2018 
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Counterfactuals
• Shut down channels sequentially from the ”2018 economy”

1. Skill efficiencies αk

2. Inverse elasticity σ

3. Scaler of cost τ

4. Convexity of cost ρ

5. Vacancy posting cost c

• Non-linear interaction → remove forces in different orders and average
across orders

• Contribution of a ”channel”: difference between the actual and channel-
free economy
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Forces at Play: Skill Mixing, Wages
Figure 6. Counterfactual Decompositions 

  
(1) Skill Mixing (2) Relative Wages of High-Wage Occupation 

  
(3) Employment Shares of High-Wage Occupation (4) Role of Individual Skills for Wages and Employment 

 
Notes: This figure shows the model generated changes in skill mixing in low-skill occupations (panel 1) and changes in 
relative wage of high-skill occupation (panel 2). Different model channels are shut down sequentially by eliminating the 
relative calibrated values to highlight the contribution of each channel. The full model has all the model features. Worker 
skill supply distribution variation across the periods are calibrated according to Table \ref{appen_tab_evol}. The values 
of efficiency differential, skill level of low-type worker, vacancy posting cost, skill complementarity in production and 
occupational across two periods are shown in Table \ref{tab_params}. 
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◦ Complementarity & cost explain 2/3 and 1/3 of the increase in skill mixing
◦ They account for 74% of the ↑ wage premium of high-wage occupation
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Forces at Play: Employment, Different Skills

Figure 6. Counterfactual Decompositions 

  
(1) Skill Mixing (2) Relative Wages of High-Wage Occupation 

  
(3) Employment Shares of High-Wage Occupation (4) Role of Individual Skills for Wages and Employment 

 
Notes: This figure shows the model generated changes in skill mixing in low-skill occupations (panel 1) and changes in 
relative wage of high-skill occupation (panel 2). Different model channels are shut down sequentially by eliminating the 
relative calibrated values to highlight the contribution of each channel. The full model has all the model features. Worker 
skill supply distribution variation across the periods are calibrated according to Table \ref{appen_tab_evol}. The values 
of efficiency differential, skill level of low-type worker, vacancy posting cost, skill complementarity in production and 
occupational across two periods are shown in Table \ref{tab_params}. 
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◦ Skill efficiency most important for ↑ employment of high-wage occupation (62%)
◦ Analytical/Computer skill biggest role

More on Education Additional counterfactual
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Conclusion

• Skills are inevitably embedded in workers → demand of skill mixtures
• New facts about skill mixing, important for distributions & workers
• New framework of multi-d search & occ. design, complementarity matters
Educators and policymakers ought to provide more “mixed” skills to workers to

take advantage of the complementarity side of technological change.
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Lastly

HAPPY NEW YEAR of 2024!
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AppendixWorker Survey back

161The O*NET content model: strengths and limitations

these influences may impart an upward bias to estimates of 
job skill requirements relative to true population values and 
otherwise affect estimated means. However, O*NET does 
not publish the data necessary to address these issues further.

4  O*NET content

There are 239 distinct items across all O*NET survey 
instruments, not counting the Background questionnaire. 
The Knowledge, Skills, Abilities, and Work Activities ques-
tionnaires ask two-part questions about both the Importance 
and Levels of a given skill or characteristic, such as the 
item on Negotiation below. These surveys account for 161 
items or two-thirds of the total. In principle the different 
surveys cover different substantive domains, but in practice 
the division of labour between them is imprecise and the 
content overlapping. The size of the O*NET database and 
the looseness of its conceptual structure make it difficult to 
summarize the content parsimoniously, but Table 1 gives 
some indication of the major content areas covered by the 
different surveys.

The content is strong in a number of areas. The education 
and training items are crisp and thoughtful. The response 
options are detailed, easy for respondents to understand, 
and expressed in natural units, such as educational degrees 
and units of time. The only drawback is that information 
on apprenticeships, which would be interesting to use in 
conjunction with other data from the U.S. Bureau of Labor 
Statistics, are not publicly available at least in the down-
loadable spreadsheet files on the O*NET web site.

O*NET has succeeded in its efforts to ensure representa-
tiveness. Perhaps due to O*NET’s applied orientation, an 
extensive review of published O*NET reports did not turn 
up any information on the demographic composition of 
respondents. Therefore, it is not possible to compare the 
distribution of O*NET respondents with Census population 
values for age, education, gender, race/ethnicity, and Span-
ish-language use, although response rates are available by 
occupation, industry, employer size class, and region (U.S. 
Department of Labor 2005, Appendix E).

If response rates within occupations are higher for more 
educated workers, which might be expected from the expe-
rience of other surveys, the estimates of mean occupational 
skill requirements might be higher than the population val-
ues. This is an issue for all voluntary surveys, but O*NET 
does not seem to have considered the issue of demo-
graphic representativeness or the use of sampling weights 
to compensate for any imbalances even though it collects 
information on individual respondents that would permit 
identification and correction of any sampling biases.

Because O*NET is a mailout-mailback survey that makes 
significant literacy demands on respondents, it is likely that 
responses are skewed to some degree toward the more edu-
cated, those with higher cognitive abilities, and citizens and 
legal residents. Immigrants who speak neither English nor 
Spanish are effectively outside the universe of respondents, 
and even Spanish-speakers are likely to be underrepresented, 
especially undocumented immigrants. Because it samples 
people through employers, O*NET may also underrepre-
sent various kinds of casual employment, such as temporary 
workers (National Research Council 1999, p. 203). All of 

Example: O*NET Importance and Level Scales
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web site, over 32,000 tools and technology are represented 
in the database, coded into over 18,000 non-duplicative UN 
Standard Products and Services Codes (UNSPSC). This is 
a valuable and detailed checklist of specific equipment and 
software used in different occupations.

However, because the data were not on the incumbent 
surveys there is no information on the rates of technology 
use within occupations or the level of knowledge required. 
A number of occupations might use robots, but the T2 data-
base cannot say whether the proportion of workers within 
them using robots is 5 % or 95 %. Likewise, while both sec-
retaries and financial analysts may use spreadsheets, there 
is no way to know whether the software is being used as 
a simple electronic ledger or to conduct complex financial 
modelling. The absence of incidence rates and level of com-
plexity is a problem for O*NET’s measures of technology 
use.

Employee involvement practices are also absent from 
O*NET, though apparently were included in pretests (Peter-
son et al. 1999, pp. 147 ff.; Peterson 2001, p. 482). Although 
there are a few general measures of related ideas, such as 
job autonomy and group-based work, O*NET is relatively 
weak on measures of self-directed teams, involvement in 
quality improvement, and related concepts that are promi-
nent in recent debates on the changing nature of work.

Despite the stated desire to reorient O*NET away from 
the DOT’s focus on manual occupations (Peterson et al. 
1999, pp. 11,16), physical, perceptual, sensory, and psy-
chomotor variables receive some of the most concentrated 
attention with 38 items. This may reflect O*NET’s reliance 
on pre-existing job analysis schemes and the understandable 
desire to assume the DOT’s function in disability determina-
tions (Peterson et al. 2001, pp. 457 ff.). These variables may 
be useful for measuring changes in physical job demands, 
such as the declining importance of bodily work (Zuboff 
1988), but research indicates that physical job requirements 
are not strongly related to wages, for example (Rotundo and 
Sackett 2004, pp. 137 ff.).

Likewise, there are other areas of overlap across surveys. 
There are four items on mathematics skills, mathematics 
knowledge, mathematical reasoning, and number facility 
(a = 0.92). In contrast, there is no item on the specific kinds 
of math used on the job (e.g., algebra, calculus), which 
might be more helpful to job seekers, educators, and policy 
planners, as well as researchers. There are items on writing 
skills, writing comprehension, and written expression, but 
none on the specific kinds or maximum length of documents 
read or written on the job. There is an item on “judgment 
and decision making” and another on “making decisions 
and solving problems,” and others on freedom to make deci-
sions and frequency of decision-making. There are separate 
items on dealing with angry people, resolving conflicts, and 
frequency of conflict situations.

The Knowledge questionnaire also has a potentially useful 
set of questions on the extent to which specific academic 
subjects and functional knowledge are required by all oc-
cupations (e.g., medicine, biology, chemistry, physics, for-
eign language, engineering, mechanical knowledge, cleri-
cal, administration and management). Unfortunately, the 
anchors for the Levels scales have problems in common 
with most of the other surveys, as discussed below. There 
is an extensive set of items on interpersonal and problem-
solving skills across different instruments. Items on physi-
cal and other stressors and hazardous working conditions 
in the Work Contexts questionnaire are clear and objective, 
and a rare source of representative data on these important 
topics.

Unfortunately, although the APDOT report commented 
explicitly on the need to understand “new technologies, 
new workplace structures and new skills” (U.S. Department 
of Labor 1993, p. 13), O*NET’s coverage of the first two 
domains is weak.

There are items on working with manufacturing technol-
ogy, but very few relating to information technology and 
they tend to be too general or ambiguous to be very infor-
mative. This is a bit peculiar since one of its goals was to 
replace the DOT with measures more relevant to the infor-
mation economy.

Perhaps to fill this gap, O*NET recently began a new 
Tools and Technology (T2) module, a massive data collec-
tion effort that involves sifting through information from 
occupational information databases, professional associa-
tions, vocational education, education/training curricula, 
and job listings, and consultation with subject matter experts. 
Most of the data appears to be collected through internet 
searches (Dierdorff et al. 2006). According to the O*NET 

Table 1 O*NET surveys and principal content
Survey Main content
Education/
training

Required education, related work experience, 
training

Knowledge Various specific functional and academic areas 
(e.g., physics, marketing, design, clerical, food 
production, construction)

Skills Reading, writing, math, science, critical thinking, 
learning, resource management, communication, 
social relations, technology

Abilities Writing, math, general cognitive abilities, percep-
tual, sensory-motor, dexterity, physical coordina-
tion, speed, strength

Work activities Various activities (e.g., information processing, 
making decisions, thinking creatively, inspecting 
equipment, scheduling work)

Work context Working conditions (e.g., public speaking, 
teamwork, conflict resolution, working outdoors, 
physical strains, exposure to heat, noise, and 
chemicals, job autonomy)

Work style Personal characteristics (e.g., leadership, persis-
tence, cooperation, adaptability)

1 3
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Online Appendix Table. O*NET Versions and Corresponding Years 

  Released Year Division Work 
Context 

Work 
Activities Knowledge Skills Abilities Considered Year 

O*NET 13.0 2008 Post 2005 73.79% 73.79% 73.79% 73.79% 73.79% 2005 

  Before 2005 26.21% 26.21% 26.21% 26.21% 26.21%  
O*NET 18.0 2013 Post 2009 57.15% 57.21% 57.21% 99.89% 57.21% 2009 

  Before 2009 42.85% 42.79% 42.79% 0.11% 42.79%  
O*NET 22.0 2017 Post 2013 57.84% 57.67% 57.67% 57.67% 57.67% 2013 

  Before 2013 42.16% 42.33% 42.33% 42.33% 42.33%  
O*NET 25.0 2022 Post 2018 54.52% 54.52% 54.52% 54.52% 54.52% 2018 

    Before 2018 45.48% 45.48% 45.48% 45.48% 45.48%   

 
Notes: The table summarizes different versions of the O*NET (Occupational Information Network) database, along with their released year, year division for the 5 
modules (work context, work activities, knowledge, skills, abilities), and the considered year for each version. The “Post” and “Before” rows indicate whether the 
data in each version was collected post or before a particular year. The “Considered Year” column represents the year considered to be corresponding to each release 
of O*NET based on the year division of data.  

Notes: The table summarizes different versions of the O*NET (Occupational Information Network) database, along with their released year, year
division for the 5 modules (work context, work activities, knowledge, skills, abilities), and the considered year for each version. The “Post” and “Before”
rows indicate whether the data in each version was collected post or before a particular year. The “Considered Year” column represents the year
considered to be corresponding to each release of O*NET based on the year division of data.
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AppendixO*NET Skills back Online Appendix Table. Skill Measures and Composing Descriptors 

Non-routine Analytical 
 

Routine 

• Analyzing data/information 
 

• Importance of repeating the same tasks 

• Thinking creatively 
 

• Importance of being exact or accurate 

• Interpreting information for others 
 

• Structured v. Unstructured work (reverse) 

Non-routine Interpersonal 
 

• Pace determined by speed of equipment 

• Establishing and maintaining personal relationships • Controlling machines and processes  

• Guiding, directing and motivating subordinates  
 

• Spend time making repetitive motions  

• Coaching/developing others 
 

Leadership 

Computer 
 

• Making Decisions and Solving Problems 

• Interacting With Computers 
 

• Developing Objectives and Strategies 

• Programming 
 

• Organizing, Planning, and Prioritizing Work 

• Computers and Electronics 
 

• Coordinating the Work and Activities of Others 

Design 
 

• Developing and Building Teams 

• Design 
 

• Guiding, Directing, and Motivating Subordinates 

• 
Drafting, Laying Out, and Specifying Technical 

Devices, Parts, and Equipment 
 

• Provide Consultation and Advice to Others 

     
Analytical  Routine 

• Analyzing data/information  • Importance of repeating the same tasks 

• Thinking creatively  • Importance of being exact or accurate 

• Interpreting information for others  • Structured work 

Interpersonal  • Pace determined by speed of equipment 

• Establishing and maintaining personal relationships • Controlling machines and processes  

• Guiding, directing and motivating subordinates   • Spend time making repetitive motions  

• Coaching/developing others  Leadership 

Computer  • Making Decisions and Solving Problems 

• Interacting With Computers  • Developing Objectives and Strategies 

• Programming  • Organizing, Planning, and Prioritizing Work 

• Computers and Electronics  • Coordinating the Work and Activities of Others 

Design  • Developing and Building Teams 

• Design  • Guiding, Directing, and Motivating Subordinates 

• Drafting, Laying Out, and Specifying Technical Devices, 
Parts, and Equipment  

• Provide Consultation and Advice to Others 
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Online Appendix Table. Components of Broader Skill Measures 

Analytical  Mechanical  Interpersonal 

• Deductive Reasoning  • Multilimb Coordination  • Assisting and Caring for Others 

• Inductive Reasoning  • Speed of Limb Movement  • Selling or Influencing Others 

• Mathematical Reasoning  • Mechanical  • Resolving Conflicts and Negotiating 

• Number Facility  • Performing General Physical Activities  • Coaching and Developing Others 

• Mathematics  • Handling and Moving Objects  • Staffing Organizational Units 

• Economics and Accounting • Controlling Machines and Processes  • Service Orientation 

• Reading Comprehension  • Operate Vehicles, Mechanized Devices or Equipmnt • Administration and Management 

• Writing  • Repairing and Maintaining Mechanical Equipment  • Customer and Personal Service 

• Speaking  • Repairing and Maintaining Electronic Equipment    
• Oral Comprehension  • Installation    
• Written Comprehension  • Equipment Maintenance    
• Oral Expression  • Repairing    
• Written Expression  • Production and Processing    

 

 
Notes: This table lists the O*NET descriptor components for each of the constructed (broader) composite skill groups as discussed in online Appendix 
\ref{appen_emp_trend1}.  
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 Online Appendix Table. Keywords of Lightcast Skill Measures 

Analytical  Interpersonal  Computer 

• "research"  • "communication"  • “computer” 

• "analy"  • "teamwork"  • Any skill flagged  

• "decision"  • "collaboration"    as software related 

• "solving"  • "negotiation"      

• "math"  • "presentation"      

• "statistic"           

• "thinking"           

 
 
Notes: This table lists the O*NET descriptor components for each of the constructed (broader) composite skill groups as discussed in online Appendix 
\ref{appen_emp_trend1}. 
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AppendixSkill Mixing at 7-digit Occupations back

 Figure 2. Density for Skill Mixing Indexes (Cosine Distances), 2005 vs. 2018 

   
(1) RNR Skills (2) Non-routine Skills (3) Other Non-routine 

(analytical, interpersonal,  
computer, routine) 

(analytical, interpersonal,  
computer) 

(analytical, interpersonal,  
computer, leadership, design) 

Notes: These figures plot the kernel density of different skill mixing indexes in 2005 (light blue line) and 2018 (dark blue 
line). The x-axis displays the value of skill mixing indexes with a maximum of 1 by construction. “RNR” indicates routine 
and non-routine skills that are defined by \cite{acemogluautor2011}. Non-routine skills include non-routine analytical and 
interpersonal skills, as well as computer skill, as detailed in online Appendix table \ref{appen_tab_onet}. “Other non-
routine” include leadership and design skills to the aforementioned non-routine skills. These plots are created using O*NET 
at 7-digit occupations without employment weighting. 
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Online Appendix Figure. Density for Skill Mixing Indexes (Cosine Distances), 2005 vs. 2018 

Panel A. 7-Digit Occupations 

   
(1) RNR Skills (2) Non-routine Skills (3) Broad Non-routine Skills 

Panel B. 7-Digit Occupations Weighted by OEWS 

   
(1) RNR Skills (2) Non-routine Skills (3) Broad Non-routine Skills 

   

Panel C. 4-Digit Occupations 

   
(1) RNR Skills (2) Non-routine Skills (3) Broad Non-routine Skills 
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Online Appendix. Non-parametric Depiction of Skill Intensities, 2005 vs. 2018 

 
(1) analytical + computer  (2) analytical + interpersonal 

  

 

  
(3) computer + routine  (4) computer + interpersonal 

  

 

  
(5) routine + analytical  (6) routine + interpersonal 

  

 

  

 
Notes: These density plots show the intensity of occupation skill requirements across the U.S. economy in 2005 (column 1) 
and 2018 (column 2) in six two-dimensional skill spaces, as illustrated in the six panels. Darker colors indicate higher density 
and the 45-degree line is also plotted. O*NET and ACS data are combined for the construction of these plots. The two 
datasets are merged using consistent occupation codes constructed by \cite{price2013} and further developed by 
\cite{deming2017social}. Skill measures are constructed using the O*NET descriptors shown in Table 
\ref{appen_tab_onet}. All measures are normalized to [0,1]. 
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Figure: Non-parametric Depiction of Skill Intensities, 2005 vs. 2018
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AppendixTime Pattern backOnline Appendix Figure. Trend of Skill Mixing with Alternative Skill Measures 
 

(1) Skill Pairs   

   

(2) Without PCA  (3) Standardized Skill Measures (4) Broader Skill Measures 

   

Notes: These three panels plot the employment-weighted mixing indexes of different skills in the U.S. economy from 
2005-2018 using O*NET and ACS data. Panel (1) shows the changes in skill mixing indexes of 6 skill pairs of the 4 
skills. In panel (2) mixing indexes are calculated using skill measures without using PCA, and in panel (3), skill measures 
are normalized to have mean 0 and standard deviation 1. Panel (4) shows the changes in mixing indexes using broader 
skill measures as described in Online Appendix A.  
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Figure: Trend of Skill Mixing with Alternative Skill Measures
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AppendixAlternative Skill Mixing Indexes back

• Inverse Herfindahl–Hirschman Index (HHI)
[( yj

a

yj
a + yj

s

)2
+

( yj
s

yj
a + yj

s

)2]−1

• Normalized Absolute Distance
−|yj

a − yj
s|

yj
a + yj

s
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AppendixTime Pattern backOnline Appendix Figure. Trend of Skill Mixing with Alternative Indexes and Data 
 

(1) Inverse Herfindahl   

   
(2) Absolute Distance   

   
 

Notes: These three panels plot the employment-weighted mixing indexes of different skills in the U.S. economy from 
2000-2020 using O*NET and ACS data. In panels (1) and (2), mixing indexes are calculated using the Inverse Herfindahl 
index and Absolute Distance as discussed in Online Appendix A. Panel (3) shows the changes of mixing indexes for 
around 250 occupations that are constantly updated every 6 years in the O*NET data from 2000-2020.  
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AppendixFull and Updated O*NET back
 Appendix Figure. Employment and Wage Distribution of Constantly Updated Occupations 
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AppendixDecomposition: Intensive vs. Extensive back 

Table. Shift-Share Decomposition of Skill Mixing Indexes’ Changes 

  
Skill Groups 

7-digit Occupations  4-digit Occupations 

total within across  total within across 

Full O*NET 
RNR Skills  6.78  4.93  1.85   10.12  9.46  0.66  

Non-routine Skills 9.21  5.62  3.59   12.37  9.72  2.65  

Constant Updates 
RNR Skills  5.59  6.73  -1.14    10.09  10.74  -0.65  

Non-routine Skills 4.05  5.33  -1.29   11.00  9.69  1.31  

Lightcast Non-routine Skills         5.16  4.37  0.78  

Notes: This table shows the shift-share decomposition of changes in the average level of different hybrid indexes 
between 2000-2020 in centile units. Specifically, for a change in the centile of a hybrid index ℎ over two periods 𝑡 
and 𝜏 , its change ∆𝑇ℎ𝜏 = 𝑇𝜏 − 𝑇𝑡 which can be decomposed to ∆𝑇ℎ = ∑ (∆𝐸𝑗𝜏𝛼𝑗ℎ)𝑗 + ∑ (𝐸𝑗∆𝛼𝑗ℎ𝜏 ) = ∆𝑇ℎ

𝑎 +𝑗
∆𝑇ℎ

𝑤 , where 𝐸𝑗𝜏  is employment weight in occupation 𝑗 in year 𝜏 , and 𝛼𝑗ℎ𝜏  is the level of hybrid index ℎ in 
occupation 𝑗  in year 𝜏 , 𝐸𝑗 = 1

2 (𝐸𝑗𝑡 + 𝐸𝑗𝜏)  and 𝛼𝑗ℎ = 1
2 (𝛼𝑗ℎ𝑡 + 𝛼𝑗ℎ𝜏) . ∆𝑇ℎ

𝑎  and ∆𝑇ℎ
𝑤  then represent across-

occupation and within-occupation change.

Table: Shift-Share Decomposition of Skill Mixing Index Changes
Notes: This table shows a shift-share decomposition of changes in the average level of different mixing indexes between 2005-2018 in percentile
units. Specifically, for a change in the percentile of a mixing index over two periods t and τ, its change ∆Tτ = Tτ − Tt which can be decomposed to
∆T = ∑j

(
∆Ejτ αj

)
+ ∑j

(
Ej∆αjτ

)
= ∆Ta + ∆Tw where Ejτ is employment weight in occupation j in year τ, and αjτ is the level of mixing index

h in occupation j in year τ, Ej = 1
2 (Ejt + Ejτ ) and αj = 1

2 (αjt + αjτ ). ∆Ta and ∆Tw then represent across-occupation and within-occupation
change.
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AppendixDecomposition: Intensive vs. Extensive backOnline Appendix Table. Decomposition of Mixing Indexes’ Changes by Skill Pairs 

  
Skill Groups 

6-digit Occupations  4-digit Occupations 

total within across  total within across 

Full O*NET 

analytical + computer 10.52  6.40  4.12   10.49  6.60  3.89  

analytical + interpersonal 5.36  2.90  2.46   8.17  4.08  4.09  

computer + routine 4.38  2.41  1.97   5.16  2.94  2.22  

computer + interpersonal 7.23  3.60  3.63   11.81  7.51  4.30  

routine + analytical 4.00  2.29  1.71   4.23  3.16  1.07  

routine + interpersonal 1.93  0.12  1.81   2.35  1.08  1.26  

Constant Updates 

analytical + computer 5.59  6.03  -0.44    6.42  5.89  0.53  

analytical + interpersonal 3.53  4.58  -1.05   4.00  3.00  1.00  

computer + routine 2.88  3.69  -0.81   0.52  1.93  -1.42  

computer + interpersonal 0.78  1.86  -1.09   6.86  5.93  0.93  

routine + analytical 2.04  2.13  -0.09   1.48  3.60  -2.12  

routine + interpersonal 0.81  0.82  -0.01    -0.33  1.47  -1.80  

Lightcast 

analytical + computer         12.64  11.74  0.90  

analytical + interpersonal     2.51  2.20  0.31  

computer + interpersonal         -4.18  -3.79  -0.39  

Notes: This table shows the shift-share decomposition of changes in the average level of different mixing indexes 
between 2000-2020 in centile units. Specifically, for a change in the centile of a mixing index ℎ over two periods " and # , its change ∆%ℎ" = %" − %# which can be decomposed to ∆%ℎ = ∑ (∆($")$ℎ)$ + ∑ (($∆)$ℎ" ) = ∆%ℎ% +$∆%ℎ&, where ($"  is employment weight in occupation , in year # , and )$ℎ"  is the level of mixing index ℎ in occupation ,  in year # , ($ = 12 (($# + ($")  and )$ℎ = 12 ()$ℎ# + )$ℎ") . ∆%ℎ%  and ∆%ℎ&  then represent across-occupation and within-occupation change 

 

Table: Decomposition of Mixing Indexes’ Changes by Skill Pairs
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AppendixMixing Index Change by Industries, 2005-2018 backOnline Appendix Figure. Mixing Index Change by Industry and Occupation Groups, 2005-2018 

 

 
Notes: These two figures plot the changes in mixing indexes across different occupation groups. The unit of the index 
changes is in centiles of their distribution in the year 2000, similar to Figure 4. Workers are categorized into four broad 
occupation groups – High Skill, White Color, Blue Color, and Service. The figure is constructed by combining O*NET data 
with gender and employment weight from ACS, and the categorization of occupations follows Acemoglu & Autor (2011).  
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AppendixMixing Index Change by Skill Pairs, 2005-2018 back

Online Appendix Figure. Mixing Index Change by Industry and Occupation Groups, 2005-2018 

 

 
Notes: These two figures plot the changes in mixing indexes across different occupation groups. The unit of the index 
changes is in centiles of their distribution in the year 2000, similar to Figure 4. Workers are categorized into four broad 
occupation groups – High Skill, White Color, Blue Color, and Service. The figure is constructed by combining O*NET data 
with gender and employment weight from ACS, and the categorization of occupations follows Acemoglu & Autor (2011).  
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AppendixSkill Measures in NLSY back NLSY back quant
Online Appendix Table. Annual Skill Learning and Depreciation Rate 

O*NET Measure NLSY Measure 𝛾𝑠𝑐ℎ𝑜𝑜𝑙𝑙𝑒𝑎𝑟𝑛  𝛾𝑗
𝑢𝑝 𝛾𝑗𝑑𝑜𝑤𝑛 

analytical AFQT score 0.33 0.36 0.10 

interpersonal Deming (2017) social skill 0.33 0.05 0.00003 

routine ASVAB  0.33 1 0.36 

computer OCC/Major’s 2005 Value 0.33 0.36 0.10 

Notes: This table illustrates for each O*NET skill measure, its corresponding skill measure using NLSY79&97 data, and the 
learning and depreciation rate for these different skills. The AFQT is the same as the one used by Altonji, Bharadwaj, and 
Lange (2012) followed by Deming (2017), which controls for age-at-test, test format, and other idiosyncrasies. 
Deming(2017)’s social skill measure consists of sociability in childhood and sociability in adulthood in NLSY79, and two 
questions from the Big 5 inventory gauging the extraversion in NLSY97. The average of workers’ ASVAB mechanical 
orientation and electronics test scores are used for mechanical skill. Since ASVAB scores are not available for the NLSY97 
survey, they are imputed based on predictive regression using the NLSY79 survey. Workers’ occupations’ or college majors’ 
O*NET computer skill scores in the year 2000 are used as their endowed computer skill. The skill accumulation/depreciation 
rate is directly from Lise and Postel-Vinay (2020)’s estimates based on monthly data converted to annual values. 
Learning/depreciating while attending college is specified to be 30% per year.  

 

Table: Skill Measures in NLSY and Annual Skill Learning and Depreciation Rate
Notes: This table illustrates for each O*NET skill measure, its corresponding skill measure using NLSY79&97 data, and the learning and depreciation
rate for these different skills. The AFQT is the same as the one used by Altonji, Bharadwaj, and Lange (2012) followed by Deming (2017), which
controls for age-at-test, test format, and other idiosyncrasies. Deming (2017)’s social skill measure consists of sociability in childhood and sociability
in adulthood in NLSY79, and two questions from the Big 5 inventory gauging the extraversion in NLSY97. The average of workers’ ASVAB mechanical
orientation and electronics test scores are used for mechanical skill. Since ASVAB scores are not available for the NLSY97 survey, they are imputed
based on predictive regression using the NLSY79 survey. Workers’ occupations’ or college majors’ O*NET computer skill scores in the year 2000 are
used as their endowed computer skill. The skill accumulation/depreciation rate is directly from Lise and Postel-Vinay (2020)’s estimates based on
monthly data converted to annual values. Skill learning/depreciating while attending college is specified to be 33% per year.
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AppendixIllustration of Labor Market
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AppendixCalibration of Skill Supply back

• Skill supply calibration: between data periods and within model period
• Across-period Skill Supply Variation:

◦ Skills adjusted based on occupation or college major requirements.
◦ Skill accumulation at rate γj× skill gap.
◦ Annual rates adjusted by number of working weeks (47).

• Markov Skill Supply Adjustment:
◦ Skill evolution follows Markov process π(x′j|xj, yj).
◦ Upward adjustment probability:

xup
j − xj

yj − xj
1(xup

j < yj)×
γ

up
j

4

◦ Downward adjustment probability:
xdown

j − xj

yj − xj
1(yj < xdown

j )×
γdown

j

4
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AppendixTargeted Moments back

First Period Second Period
Data Model Data Model

Worker moments
Relative wage of high type

Analytical/computer 1.46 1.62 1.60 1.78
Interpersonal 1.05 1.09 1.20 1.25
Routine 1.12 1.23 0.92 1.21

Wage return of skill mixing (untargeted) 0.07 0.04 0.07 0.04
Unemployment Rate 0.05 0.03 0.04 0.04
Occupation moments
Relative wage of high skill 1.30 1.07 1.56 1.38
Corr. wage & abilities (low wage) 0.23 0.23 0.49 0.49
Corr. wage & abilities (high wage) 0.35 0.32 0.60 0.71
Employ. share (low wage) 0.43 0.31 0.37 0.09
Employ. share (high wage) 0.57 0.69 0.63 0.91
100 × Skill mixing (low wage) 97.54 95.11 98.96 98.82
100× Skill mixing (high wage) 95.74 96.03 94.12 94.60

Table: Moments and Model Match 21 / 30



AppendixIdentification of Parameters back

• Estimate σ using relative wage within occupation:

∆w(x, y) = ω

[
K

∑
k=1

(xkyk)σ

] 1
σ

− A

• Adjust wage for occupation fixed effects and other factors; use MLE for σ.
• Cost parameters ρ and τ identified via firms’ optimization of skill demand

and employment distribution across occupations.
• Vacancy posting cost c and relative skill level of high-skill worker αk

determined by unemployment levels and relative wages, respectively.
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AppendixAlgorithm back

• Given Θ = {σ, ρ, τ, c, αk}, each iteration of SMM first solves the steady
state firm and worker policy function

1. Fix the number of periods T

2. Starting from the terminal period T, solve the firm problem
3. Use the free entry condition to obtain the market tightness θT(x, y, ω)

4. With the market tightness, solve the worker dynamic programming problem
5. Repeated stepping back from t = T − 1, ..., 1

6. Check if the difference in worker value Ut+1 − Ut, Wt+1 − Wt and the firm
value Jt+1 − Jt is less than a predetermined tolerance level. If yes stop, if not
increase T and go back to first step

• Next, simulate 10,000 workers for T(T > 200) periods, burning the first 40
• Obtain dist of LM outcomes across different occ. and worker types
• SMM minimizes the distance between the model vs. data moments
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AppendixRole of Skill Supply back

Table. Return to Specialization Decomposition 

Decomposition Analytical/ 
Computer Interpersonal Routine 

Full model 15.45  15.16  -3.72  

Skill supply -2.60  -0.52  -3.13  

Skill efficiency 26.59  1.60  -11.82  

Complementarity -23.86  11.01  12.33  

Occ. cost  10.82  0.80  -7.42  

 

Notes: This table shows the model-generated changes in relative wages of high-type workers for the three skills. The first 
row shows the changes with all model channels, corresponding to the first three rows of Table \ref{tab_mmts}. The following 
rows then show the variation attributable to different model channels. See the footnote of Figure \ref{fig_counterf_struct} 
for details. 
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AppendixAdditional Counterfactual Analysis backAppendix Figure. Model Counterfactual 

  

  
Notes: This figure shows the model generated changes in skill mixing in high-skill occupations (panel 1) and changes in 
employment share of high-skill occupation (panel 2). Different model channels are shut down each at a time by eliminating 
the relative calibrated values to highlight the contribution of each channel. The full model has all the model features. 
Worker skill supply distribution variation across the periods are calibrated according to Table \ref{appen_tab_evol}. The 
values of efficiency differential, skill level of low-type worker, vacancy posting cost, skill complementarity in production and 
occupational across two periods are shown in Table \ref{tab_params}. 
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AppendixCaliberated Parameters backTable 6. Parameter Estimates 

Parameter Description Value 

  A. Externally calibrated -- search     
! Discount Rate 0.96 
" Job separation rate 0.10  
# Worker share of surplus 0.60  
$ Unemployment benefit as a share of output 0.42  
% Elasticity of the matching function  0.50  
& Matching efficiency 0.65   

B. Externally calibrated – skill adjustment (Upward) (Downward) 
'! Annual adjustment speed of analytical/computer skill 0.36  0.10  
'" Annual adjustment speed of interpersonal skill 0.05  0.00  
'# Annual adjustment speed of routine skill 1.00  0.36   

C. Externally calibrated – skill efficiency (Period 1) (Period 2) 
(! Skill efficiency of analytical/computer skill 0.63  0.95  
(" Skill efficiency of interpersonal skill 0.05  0.08  
(# Skill efficiency of routine skill 0.14  0.06   

D. Internally estimated (Period 1) (Period 2) 
)$%& Elasticity parameter of skills in production (low-wage) 0.64  0.41  
)ℎ()ℎ Elasticity parameter of skills in production (high-wage) 0.60  0.36  
* Scaler of occupation operation cost 0.74  0.53  
+ Convexity of occupation operation cost 3.63  4.90  
, Vacancy posting cost as a share of output 0.56  0.82  

 

Notes: This table shows the exogenously calibrated as well as internally estimated parameters. The data used for estimation 
are two periods of pooled NLSY79&97 with employed workers: period 1 from 2005-2006 and period 2 from 2016-2019. 
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Top College Majors in Skill Mixing back
Online Appendix Table. Top College Majors in Skill Mixing 

Hybrid Index – Level  Hybrid Index – Change 

analytical + computer + interpersonal 

Physical Sciences 
 

Architecture and Environmental Design 

Engineering Computer and Information Sciences 

Letters Communications 

analytical + computer 

Physical Sciences  Interdisciplinary Studies 

Engineering  Area Studies 

Letters  Computer and Information Sciences 

analytical + interpersonal 

Public Affairs and Services  Architecture and Environmental Design 

Business and Management  Computer and Information Sciences 

Social Sciences  Communications 

computer + interpersonal 

Social Sciences  Architecture and Environmental Design 

None, General Studies  Computer and Information Sciences 

Public Affairs and Services  Engineering 

routine + computer 

Transportation  Social Sciences 

Fine and Applied Arts  Agriculture and Natural Resources 

Engineering  Foreign Languages 

routine + analytical 

Transportation  Agriculture and Natural Resources 

Health Professions  Social Sciences 

Computer and Information Sciences  Foreign Languages 

routine + interpersonal 
Transportation  Agriculture and Natural Resources 

Health Professions  Architecture and Environmental Design 

Military Sciences  Social Sciences 

Notes: This table lists the top 3 college majors for each mixing index both in terms of levels and in terms of changes from 
2000 to 2019. To calculate the degree of skill mixing for college majors, I first map the occupation level degree of skill mixing 
contained in the O*NET data to NLSY, and then calculate for each college major’s students, the employment weighted 
average of skill intensities and mixing indexes of their occupations. I use both NLSY79&97 to get the employment weight 
on occupations.  

 

 



Return to Skill Mixing Full Table with Individual Skills backOnline Appendix Table. Return to Skill Mixing Full Table with Individual Skills 

Dependent: ln(hourly wage) (1) (2) (3) (4) (5) 

Occupation Skills      

 Analytical -0.023** -0.023** -0.015* -0.026*  

  [0.009] [0.010] [0.008] [0.014]  

 Computer -0.008 -0.014 -0.009 -0.019  

  [0.010] [0.011] [0.009] [0.016]  

 Interpersonal -0.009 -0.014 -0.013* -0.002  

  [0.009] [0.009] [0.008] [0.012]  

 Mechanical 0.021** 0.029*** 0.019** 0.034*  

  [0.010] [0.011] [0.009] [0.018]  

 Mix (non-routine skills) 0.017*** 0.015*** 0.014*** 0.005  

  [0.005] [0.005] [0.005] [0.009]  

 Mix (routine + computer) -0.035*** -0.045*** -0.037*** -0.045***  

  [0.008] [0.008] [0.007] [0.013]  

 Mix (routine + analytical) -0.041*** -0.045*** -0.039*** -0.007  

  [0.007] [0.008] [0.007] [0.013]  

 Mix (routine + interpersonal) 0.029*** 0.035*** 0.025*** 0.014  

  [0.009] [0.009] [0.008] [0.015]  

Worker Skills      

 Afqt (analytical)  0.074***  -0.048* -0.009** 

  
 [0.011]  [0.028] [0.004] 

 Computer  0.045***  0.031 0.056*** 

  
 [0.006]  [0.025] [0.002] 

 Social (interpersonal)  0.016***  0.032 -0.001 

  
 [0.005]  [0.030] [0.002] 

 ASVAB (routine)  -0.015  0.015 -0.002 

  
 [0.015]  [0.024] [0.005] 

 Mix (non-routine skills)  0.065***  0.030** 0.135*** 

  
 [0.017]  [0.013] [0.009] 

 Mix (ASVAB mechanical + computer)  0.029*  -0.004 0.038*** 

  
 [0.017]  [0.018] [0.010] 

 Mix (ASVAB mechanical + afqt)  0.006  -0.013 0.000 

  
 [0.008]  [0.026] [0.004] 

 Mix (ASVAB mechanical + social)  -0.039***  0.011 -0.030*** 

  
 [0.008]  [0.017] [0.004] 

       
 Ethnicity*Gender, Age, Region, Edu FE X X X X X 

 Occupation FE X X X X  

 Worker FE   X X  

 Observations 88,391 79,343 88,391 31,029 94,062 

 R-squared 0.416 0.430 0.756 0.704 0.136 

  
     

Notes: This table reports the full table of log wage regression based on pooled NLSY79&97 for employed workers. The 
occupational skill and mixing measures come directly from O*NET and are merged to NLSY79&97 based on census 
occupation codes. All measures of skill and mixing are normalized to have mean 0 and standard deviation 1. Ethnicity-by-
gender, age, year, census region, urbanicity, and a 5-category education fixed effects are included for all regressions. *** 
p<0.01, ** p<0.05, * p<0.10  



Return to Skill Mixing Including Major back

Table. Return to Skill Mixing of Occupation and Worker Skills 

Dependent: ln(hourly wage) (1) (2) (3) 

 Mix (Non-routine Skills): Occupation 0.017*** 0.015*** 0.014*** 
  [0.005] [0.005] [0.005] 

 Mix (Non-routine Skills): Worker  0.065***  
   [0.017]       
 Ethnicity*Gender, Age/Year, Region, Edu FE X X X 
 Occupation FE X X X 
 Worker FE   X 
 Observations 88,391 79,343 88,391 
  R-squared 0.416 0.430 0.756 

 
Notes: This table reports the result of estimating equation (2) using pooled NLSY79&97 data for employed workers from 
2000-2019. The occupational skill and hybrid measures come directly from O*NET and are merged to NLSY79&97 based 
on census occupation codes. The worker-level skill measures are constructed as in Table 4 and skill mixing indexes are then 
calculated accordingly. All measures of skill and skill mixing are normalized to have mean 0 and standard deviation 1. 
Ethnicity-by-gender, age, year, census region, urbanicity, and a 5-category (no high-school, high-school graduate, some 
college, college graduate, post-college) education fixed effects are included for all regressions, with additional fixed effects as 
indicated in the table. Standard errors are clustered at the individual level. *** p<0.01, ** p<0.05, * p<0.10  



Robustness Checks of Return to Skill Mixing back
Online Appendix Table. Robustness Checks of Return to Skill Mixing 

Dependent: ln(hourly wage) (1) (2) (3) (4) 

 Analytical -0.014* -0.008 -0.009 -0.013 

  
[0.008] [0.033] [0.008] [0.008] 

 
Computer -0.002 0.069** 0.002 -0.038*** 

  
[0.009] [0.027] [0.009] [0.010] 

 
Interpersonal -0.019** -0.118*** -0.018** -0.014* 

  
[0.008] [0.030] [0.008] [0.008] 

 
Routine 0.026*** 0.091*** 0.005 0.010 

  
[0.009] [0.017] [0.008] [0.008] 

 
Mix (analytical + computer) 0.007 -0.040 0.008* 0.020*** 

  
[0.005] [0.036] [0.005] [0.007] 

 
Mix (analytical + interpersonal) 0.010** 0.156*** 0.006 0.025*** 

  
[0.004] [0.042] [0.004] [0.005] 

 
Mix (computer + routine) -0.028*** -0.045*** -0.021** -0.087*** 

  
[0.007] [0.015] [0.008] [0.013] 

 
Mix (computer + interpersonal) -0.011** -0.019 -0.013*** -0.021*** 

  
[0.005] [0.033] [0.005] [0.008] 

 
Mix (routine + analytical) -0.033*** -0.080*** -0.041*** -0.041** 

  
[0.007] [0.015] [0.008] [0.018] 

 
Mix (routine + interpersonal) 0.010 0.033** 0.033*** 0.026** 

  
[0.007] [0.016] [0.006] [0.012] 

      

 
Ethnicity ✕ Gender, Age, Region, Edu FE X X X X 

 
Occupation FE X X X X 

 
Worker FE X X X X 

 
Observations 87,655 87,655 87,655 87,655 

  R-squared 0.757 0.757 0.757 0.758 

Notes: This table reports the robustness checks to the results in Table 5. Columns (1) and (2) use Absolute Distance and 
Inverse Herfindahl measures to construct mixing indexes (see Online Appendix C for details) and Columns (3) and (4) use 
standardized and broad measures of skills (see Online Appendix B for details). Log hourly wages are the outcome variables 
and person-year is the unit of observation. The data used for the regression are pooled NLSY79&97 for employed workers. 
The occupational skill and mixing measures come directly from O*NET and are merged to NLSY79&97 based on census 
occupation codes. All measures of skill and mixing are normalized to have mean 0 and standard deviation 1. Ethnicity-by-
gender, age, year, census region, urbanicity, and a 5-category (no high-school, high-school graduate, some college, college 
graduate, post-college) education fixed effects are included for all regressions, with additional fixed effects as indicated in 
the table. Standard errors are clustered at the individual level. *** p<0.01, ** p<0.05, * p<0.10  
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