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• Key: endogenous specialization in skill demand

• Follow Caselli and Coleman (2006) and

Edmond and Mongey (2021) :

• Insight: race between 𝜅! and 𝛼"!; 𝜎, 𝜌matter

• Estimation: 

⁃ Computer ↑ 3.5-9.7 times, Analytical ↑ 34%, 

⁃ Mechanical ↓11-91%

• Counterfactual: 

∆Technology > ∆Skill Supply

Research Question
• Data: NLSY 79&97

• Regression: AKM with worker & occ. FE

Empirics
• Trend:

•

• Time Pattern:

• Counterfactual 

Wage Return
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Research Question

• Do employers mix their demand of di�erent skills as technology advances

specialization() ”hybridization”

• Yes, for: [analytical, interpersonal, computer,] mechanical details

• Measure:

De�nition (Degree of hybridization of an occupation)
The hybrid index for y j = {a j1, ...,a jK} 2 Y ✓ RK+ is the cosine similarity:

Hybrid(y j) =
y jv̂

||y j|| · ||v̂||
,where v̂ = [1,1, ...,1]0 ✓ RK+

Alternatives: Inverse Her�ndahl–Hirschman, Normalized Absolute Distance
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 Figure 2. Density for Hybrid Indexes (Cosine Distances), 2000 vs. 2020 

  
(1) All Skills (2) Excluding Mechanical 

Notes: These figures plot the PDF of different hybrid indexes in 2000 (light blue line) and 2020 (dark blue line). The x-axis 
displays the value of hybrid indexes with a maximum of 1 by construction. These plots are created using O*NET and ACS 
data merged together with occupation codes constructed by Autor and Price (2013) and developed by Deming (2017). 
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Figure 3. Trend of Skill Hybridization in the US Economy, 2000-2020 
 

   
Notes: These figures plot the employment-weighted hybrid indexes in the U.S. economy from 2000-2020. By construction, 
each index has a mean of 50 centiles in 2000; succeeding points are employment-weighted means mapped to its percentile 
in 2000. O*NET and ACS data are combined for these figures with consistent occupation codes from Autor and Price (2013) 
and Deming (2017). Employment weights are the total hours of work aggregated to each sex-education-industry cell in ACS.  
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Figure 5. Smoothed Employment and Wage Changes by Skill Percentile, 2000-2020 

  
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. 

-.4
-.2

0
.2

.4
.6

10
0 

x 
Ch

an
ge

 in
 E

m
pl

oy
m

en
t S

ha
re

0 20 40 60 80 100
Occupation's 2000 Mean Log Wage Rank

Observed All Skills Excluding Mechanical

-.4
-.2

0
.2

.4
.6

Ch
an

ge
 in

 L
og

 H
ou

rly
 W

ag
e

0 20 40 60 80 100
Occupation's 2000 Mean Log Wage Rank

Observed All Skills Excluding Mechanical

Dependent: ln(hourly wage) Occupation Worker College MajorHybrid (analytical+computer) 0.009*** -0.021 0.048*[0.003] [0.020] [0.027]Hybrid (analytical+interpersonal) 0.013*** 0.028 0.013[0.003] [0.039] [0.017]Hybrid (computer+mechanical) -0.005 0.014 -0.006[0.004] [0.014] [0.021]Hybrid (computer+interpersonal) -0.012*** -0.029 -0.002[0.004] [0.021] [0.025]Hybrid (mechanical+analytical) -0.002 -0.026*** -0.039[0.004] [0.006] [0.025]Hybrid (mechanical+interpersonal) 0.009** 0.108*** 0.052**[0.003] [0.018] [0.023]

• Do employers mix their demand of different 

skills as technology advances? 

specialization ⟺ “hybridization”

• Yes, for [analytical, interpersonal, computer], 

not for mechanical

• Measure: the hybrid index for 𝑦" ∈ 𝑆 ⊆ ℝ# is 

the cosine similarity: 

Model & Estimation

Research Question

• Do employers mix their demand of di�erent skills as technology advances

specialization() ”hybridization”

• Yes, for: [analytical, interpersonal, computer,] mechanical details

• Measure:

De�nition (Degree of hybridization of an occupation)
The hybrid index for y j = {a j1, ...,a jK} 2 Y ✓ RK+ is the cosine similarity:

Hybrid(y j) =
y jv̂

||y j|| · ||v̂||
,where v̂ = [1,1, ...,1]0 ✓ RK+

Alternatives: Inverse Her�ndahl–Hirschman, Normalized Absolute Distance
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Theoretical Challenge

• Key: Need endogenous specialization in skill demand
• Hard to achieve in most models (Roy, task-based, multi-d assignment)
• Follow Edmond and Mongey (2021) and Caselli and Coleman (2006):

A jk|{z}
skill bias

= kk|{z}
technology

⇥ a jk|{z}
intensity

,k = {a,s}

st. [(a ja)
r +(a js)

r ]
1
r  Ā j

• Insight: race between kk vs. a jk, complementarity matter
• Estimation:

computer �3.5-9.7 times, analytical �34%, , mechanical �11-91%
counterfactual: technology > worker skill supply (except for mechanical)
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that x(i) = {x(i)a, x(i)s}. Workers with the skill vector x(i) have a positive measure dG(x)w

on S such that the aggregate endowment of skills in the economy is L̄k =
R
x(i)kdG(x)w for

each skill k. There is a homogeneous final good in the economy, and workers have linear
utilities equal to their consumption of the final good.

Firms: The market for the final good is perfectly competitive with a continuum of identical
firms. To produce the good, firms operate multiple occupations or execute various tasks
j = {1, ..., J}, each involving an occupation or task-specific output Yj at price Pj.29 The
production function is assumed to be Cobb-Douglas with respect to occupations’ output
Y = F (Y1, ..., Yj) =

QJ
j=1 Y

⇠j
j , where ⇠j is occupation j’s share of final good.

For each occupation, firms first take the skills supplied by workers to the occupations and
then linearly aggregate them: Ljk =

R
x(i)kdN(x, j), where N(x, j) is the measure of workers

demanded by occupation j; Ljk is then used as intermediate input for each occupation’s
production of output. As a result, firms’ occupations also belong to the skill space S of
dimension K and implies that in the model, a skill also has the interpretation of occupation
requirement or task intensity along the same dimension. The linear aggregation of skills
from workers has seen its application in the skill indivisibility literature as well as in task-
based models (i.e., Rosen 1983; Heckman and Scheinkman 1987; Acemoglu and Autor 2011).
Though this means that workers’ skills are perfect substitutes within an occupation, it does
not indicate that workers with different skill endowments are equally desirable, which I shall
show in the next subsection.

Given the skill aggregates, firms’ production function takes a CES form of the skill inputs
for each occupation j:

Yj = Zj[(AjaLja)
� + (AjsLjs)

�]
1
� . (3)

The elasticity of substitution between the two skills is 1
1�� , and Aja and Ajs are the factor

augmenting coefficients for the intermediate skill inputs Lja and Ljs.30 This general setup in
equation (3) has been used extensively to study skill demand changes, for example, in the skill-
biased technological change literature (Katz and Murphy 1992; Goldin and Katz 2010) where
workers vertically differ in their skill levels. The major difference of the production technology

29Here we can consider j as either occupations or tasks. What matters is that their outputs are used in
firms’ production and characterized by multiple skills. Consequently, I will use “occupation” throughout the
rest of the paper since the empirical findings on skill hybridization are at the occupational level.

30Since labor is the only input in the model, it can be understood as “equipped” labor, and the factor
augmenting parameters Ajk, k = a, s capture any factors that alter the efficiency of skills hence their demand.
For example, an increase in Aja could be due either to an improvement in skill a’s productivity or to an
increase in other factors that are complementary to skill a.
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Contributions

• Document LM dynamics on skill mixtures

• Explore theoretical explanations

• Quantitatively evaluate technological change

• Implications for higher education


