
Explaining Inequality: The Role of Skills and Tasks

William Chiu, Victor Mylonas, Paul Zaporzan

The University of Chicago

February 1 2021

Chiu, Mylonas, Zaporzan Skills, Tasks and Occupations February 1 2021 1 / 76



Table of Contents

1 Motivation

2 Skills

3 Skills and Tasks

4 The “Task Approach”

5 Robustness

6 Discussion/Conclusion

Chiu, Mylonas, Zaporzan Skills, Tasks and Occupations February 1 2021 2 / 76



1 Motivation

2 Skills

3 Skills and Tasks

4 The “Task Approach”

5 Robustness

6 Discussion/Conclusion

Chiu, Mylonas, Zaporzan Skills, Tasks and Occupations February 1 2021 3 / 76



Rising Within-Group (“Residual”) Inequality

Source: Autor et al. (2008)
∆heights (trends): LF composition (unobserved skill “prices”) held
constant; “price” effects more pronounced (are these really prices?)
Assumption: distribution of unobserved skills constant over time
(otherwise, just observing increasing inequality in unobserved skill
distributions over time)
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How Do We Explain Rising Inequality?

One explanation: skill-biased technological change (SBTC)
Another explanation: rise (fall) in demand for complex (routine) tasks
Report will (sequentially) discuss both
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Baseline Skills Model: Setup

Katz and Murphy (1992): “canonical” high (H) vs. low (L)-skilled
worker model
Key feature: labor-augmenting technologies (Ah, Al )
Production function:

Y (t) = At [(Al (t)L(t))ρ + (Ah(t)H(t))ρ]1/ρ]

Profit maximization yields relative demand for skills:

wH
wL

=
(

Ah
Al

)(σ−1)/σ
H

L

−1/σ


How inequality responds to technological change depends on σ:

∂
(

wH
wL

)
∂
(

Ah
Al

) = σ − 1
σ
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Baseline Skills Model: Results

Katz and Murphy (1992) first to estimate:

ln wH(t)
wL(t) = (σ − 1)/σ ln

(
Ah(t)
Al (t)

)
− 1/σ ln

(
H(t)
L(t)

)
+ εt

Results:

ln wH(t)
wL(t) = 0.33(0.01) ∗ t − 0.71(15) ln

(
H(t)
L(t)

)
+ C

Conclusion: SBTC (increase in Ah) increases inequality (CES > 1,
since σ̂ = 1.41)
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Extensions (1): Acemoglu and Autor (2011)

Source: Acemoglu and Autor (2011)
Katz and Murphy (1992) model fits post-1995 data poorly
SBTC in recent periods may affect middle- (as opposed to low-)
skilled workers: wage/job “polarization”
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“Wage Polarization”

Source: Acemoglu and Autor (2011)

Larger (male, female) high/low-end wage growth wrt. median (but
low-end growth could be affected by min. wage increases?)
Contrasts w/ monotonic rise in education wage premium and
“canonical” model

Chiu, Mylonas, Zaporzan Skills, Tasks and Occupations February 1 2021 10 / 76



“Job Polarization”

Source: Autor and Dorn (2013)

Larger employment growth in high/low-skill occupations wrt.
median-skill ones (challenged!)
Criticisms: i) lower-tail findings not replicable w/ CPS data (Mishel
et al., 2013); ii) lower-tail job loss non-gradual/mostly
recession-driven (Beaudry et al., 2016)
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Extensions (2): Deming and Kahn (2018) Data

Variation in skill demand vs. wages/firm performance? relevant literature

Online job posting microdata from “Burning Glass Technologies”
(BG) skill requirements for Metropolitan Statistical Areas (MSAs), MSA
wages from OES survey, firm data from Compustat
Focus on:

“Cognitive” (“problem solving”,“research”, “analytical”: matches
“non-routine analytical” (Autor et al., 2003))
“Social” (“communication”, “teamwork”, “collaboration”:
matches (Deming, 2017))
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Extensions (2): Deming and Kahn (2018) Specifications

log(Wage)om = α + Skillomβ
′ + Controls + εom

WageomWageomWageom and SkillomSkillomSkillom median MSA(m)-occupation(o) hourly wage and
(average) skill requirement

Firm perf f = α0 + Skill f β
′ + Īo

f + X̄f γ
′ + Īm

f + θn + εf

Skill fSkill fSkill f average shares of ads per requirement, IoIoIo share of postings per
occupation, ImImIm ad-weighted average MSA characteristics: all firm
f -level
Firm perf fFirm perf fFirm perf f : indicator for public listing: publicly traded f generally
larger, higher-paying, more successful (is this correlated with demand
for given skills?)
Firm perf fFirm perf fFirm perf f also: revenue/worker (in publicly traded firm f ): proxy for
productivity (are firm skill demand differences associated w/
differences in bottom line?)
Controls: “Base”: MSA characteristics, 4-digit SOC occupation FE;
“Detailed”: MSA/6-digit SOC occupation FEs, industry shares
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Main Results (1): Skill Demand & Wages

log(Wage)om = α + Skillomβ
′ + Controls + εom

Source: Deming and Kahn (2018)
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Skill Demand & Wages: Interpretation

10 ppt increase in share of vacancies requiring cognitive skills
associated w/ 1.1% higher wages (Col. 1)
1 s.d. increase (0.10) in share of vacancies requiring both cognitive
and social skills associated w/ 14% higher wages (Col. 2)
Results robust to highly controlled specifications (Cols. 5, 6)
Take-aways: i) positive, significant relationship between high-skill
requirements and wages; ii) social-cognitive skill complementarity
(e.g., positive return for cognitive skills nearly triples when social skills
also required)
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Main Results (2): Skill Demand & Firm Performance

Firm perf f = α0 + Skill f β
′ + Īo

f + X̄f γ
′ + Īm

f + θn + εf

Source: Deming and Kahn (2018)
Chiu, Mylonas, Zaporzan Skills, Tasks and Occupations February 1 2021 16 / 76



Skill Demand & Firm Performance: Interpretation

Cols. 1–4: effect on probability of being publicly traded (e.g., 1 s.d.
increase in share vacancies requiring social skills associated w/ 3.2
ppt. increase in the public trading probability in Col. 1)
Cols. 5–8: effect on productivity proxy or log(revenue)/worker
(sample: 30% of ads; gains in ads w/ joint requirement, e.g. Col. 8)
Take-aways: i) positive relationship between high-skill requirements
and firm performance across specifications; ii) further evidence of
social-cognitive skill complementarity
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Premise (1): Definitions

Skill: worker’s stock of capability to perform given task(s) (e.g.,
Heckman and Sedlacek (1985))
Task: unit of work activity producing output (Acemoglu and Autor,
2011) via skill utilization
Tasks vary by degree of routineness (Deming, 2017) Examples :

Routine: well-established/correct way to perform it (Deming,
2017); can be automated via explicit, programmed rules (Autor
et al., 2003).
Non-routine: rules cannot be specified mechanically
Both can be divided into:

Cognitive/Analytic: demanding regarding flexibility,
creativity, generalized problem-solving, and complex
communications (Autor et al., 2003)
Manual: physically demanding (Autor and Handel, 2013)
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Premise (2): The “Task Approach”

Tasks as proxy for “jobs” or services provided; task is occupation
(which may require multiple skills as inputs, depending on
technology); “canonical” model does not distinguish b/w tasks and
skills (i.e., imposes 1:1 mapping b/w the two)
Workers highly productive in given tasks self-select into occupations
paying differential wages (Autor and Handel, 2013)
Mapping from skill content to tasks/wages highly affected by SBTC
(Acemoglu and Autor, 2011); skills may be repurposed away from
obsolete tasks
Does task = f(skills), e.g., task specialization based on skill profile
(Deming, 2017)? If so, could represent results wrt. skills
What is f and how does f(skill content of the task) change over time?
All of the above hinges on definition of skills, tasks and their
classifications into different types (unclear in literature - e.g.,
Acemoglu and Autor (2011) definition of tasks very precise but not
universally applied)
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Premise (3): Task Measurement

Occupational Information Network (O*NET) data since 1998
(successor of Dictionary of Occupational Titles, DOT)

Matches 12,000 DOT job codes to 1,102 O*NET “occupational
units”; data self-reported by workers
277 occupational descriptors
Example: Caines et al. (2017a) used 2015 O*NET to classify
occupations by complexity

Example of other measures: labor force data (e.g., IBB/IAB in
Germany)
Consistency in task coding over time needed to ensure sound analyses
of trends in task allocation, etc.
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Premise (4): Trends in Measured Tasks

Source: Autor and Price (2013)
Changes in task input wrt. 1960 distribution, measured in percentiles
Steady rise in non-routine analytical/interpersonal task (∼more
“complex”) input over time
Routine-cognitive (e.g., bookkeeping and data entry) vs.
routine-manual (e.g., repetitive assembly-line production) tasks
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Skills and Tasks: Hershbein and Kahn (2018)

Does (educational, experiential, cognitive, computer) skill demand
vary by MSA following Great Recession? Also use BG data:

outcomegmt − outcomegm2007 = α0 +
[
shockm × It

]
α1 + It + X t + εgmt

outcomegmt − outcomegm2007:outcomegmt − outcomegm2007:outcomegmt − outcomegm2007: change in skill demand for MSA m in
year t (2010-2015), and occupation/firm group g wrt. t = 2007
shockm:shockm:shockm: MSA-specific employment shock as ∆(projected employment
growth) from peak (2006) to recession (2009); scaled s.t. 1-unit
change is difference b/w 10th and 90th percentile MSAs (large values
as worse shocks):

∆Êmt =
K∑

k=1
φm,k,τ (ln Ekt − ln Ek,t−1), shockm = ∆Êm2009 −∆Êm2006

φm,k,τ :φm,k,τ :φm,k,τ : industry k employment share in MSA m, year τ (2004-2005
avg.); Ek,τ :Ek,τ :Ek,τ : national employment in industry k, year t
Shock calculation takes care of measurement error in MSA
employment growth and captures impact of local labor demand
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Main Results (1): MSA-level “Upskilling” Demand

Source: Hershbein and Kahn (2018)
α1:α1:α1: effect across MSAs from shockm-and-year dummy It interaction
on ∆(share ads posting any skill requirement)
“Dip” in 2012 due to lack of BG data availability
“Upskilling” starkest in most-impacted MSAs
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Main Results (2): Within-occupation “Upskilling” Demand

Source: Hershbein and Kahn (2018)

Main specification again, but at occupation-MSA-year level
Magnitude/persistence comparable to MSA-level effects
Results not driven by changes in the occupation mix of postings, but
by increased skill requirements within similar types of jobs
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Main Results (3): “Upskilling” and Capital Investment

Source: Hershbein and Kahn (2018)
Add: [shockm × It × Capitalf ]α2; Capitalf change in PC/PPE
investment as ∆ b/w 2010/2012/2014 & 2002/2004/2006 avgs.
α2:α2:α2: in harder-hit MSAs, high-investment firms increase likelihood of
posting requirements wrt. low-investment ones
Requirements all complement routine-biased technologies, so
“upskilling” reflects changes in production inputs; physical + human
capital deepening within same firms
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Main Results (4): “Upskilling” and Job Types

Source: Hershbein and Kahn (2018)
Add: [shockm × It × Routinei

o]α2; Routinei
o = 1 if job o in

top-quartile wrt. routine-cognitive/-manual classification by
Acemoglu and Autor (2011)
α2:α2:α2: additional effect for top-quartile jobs wrt. effect in bottom 3
quartiles of each type (blue: cognitive; red: manual)
Greater degree of “upskilling” in routine-cognitive jobs
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Main Results (5): Job Types and Labor Market Outcomes

Source: Hershbein and Kahn (2018)

Changes in wages/employment/separations as additional outcomes
Idea: routine-cognitive labor complementary via “upskilling”;
routine-manual labor substituteable
Evidence: drop/no change (rise) in routine-manual (-cognitive)
employment/wages; higher involuntary layoffs for routine-manual jobs
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Main Idea: Task-Biased Technological Change (TBTC)

Case 1: Routine TBTC (RTBTC)
Example: Autor and Dorn (2013)

Case 2: Complex TBTC (CTBTC)
Example: Caines, Hoffmann and Kambourov (2017a)
Example: Caines, Hoffmann, Kambourov et al. (2017b)
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Routine TBTC: Autor and Dorn (2013)
Punchline: wage/job “polarization” due to RTBTC as a result of
automation; model: workers as suppliers of: i) routine (R) or ii)
abstract (A) or iii) manual (M) tasks
722 Commuting Zones/CZs (groups of counties with strong
commuting ties) capture local labor markets (cover entire US,
economically meaningful, available for entire period)
Occupation k-specific routine task intensity:

RTIk = ln(T R
k,1980)− ln(T M

k,1980)− ln(T A
k,1980)

Routine employment share (RSHjt) by commuting zone j in time t
using occupation-zone-time-specific employment Ljkt :

RSHjt =

 K∑
k=1

Ljkt · 1
[
RTIk > RTIP66

] K∑
k=1

Ljkt

−1

1 indicator if k is “routine” (i.e., in 1980 top employment-weighted
third of RTIk distribution)
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Routine Intensity and Automation (1)

∆PCjst = δt + β0 × RSHjst0 + γs + ejst

Source: Autor and Dorn (2013)
∆PCjst∆PCjst∆PCjst “adjusted PCs/employee firm” purged of
industry-establishment size FEs (though imperfect measure of tech
adoption); year (δtδtδt) and state (γsγsγs) FEs
β identified by within-State, cross-CZ variation
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Routine Intensity and Automation (2)

Source: Autor and Dorn (2013)

Routine intensity associated w/ computerization
Routine-intense zones associated w/ fall in routine-intense
occupations
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Positive relationship b/w lagged routine employment share
and growth in service employment

Source: Autor and Dorn (2013)
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Interpretation

Intuition: polarization in US employment explained (in part) by rising
employment in low-skill service occupations
Panel A: ∆SVCjst = δt + β1RSHjt0 + X′jt0β2 + γs + ejst
Panels B,C: 2SLS w/ instrument:

R̃SH j =
I∑

i=1
Ei ,j,1950 × Ri ,−j,1950

Interact 1950 employment in industry i , CZ j w/ US-wide (excl. CZ
j) routine occupation share in industry i : predicted value for routine
employment share in each CZ; depends only on 1950 national
occupation and local industry mix (so correlated w/ long-term
component of routine shares only)
2SLS idea: isolate stable differences in production structure across
CZs as source of variation (OLS biased due to potential cyclical
fluctuations, e.g. local labor demand shocks)
Typically 2SLS > OLS (e.g., .15 vs. .1 under Col. 7)
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Wages/employment shares in high-routine content
occupations

Source: Autor and Dorn (2013)
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Interpretation

Panel B Specification:

ln wijkt = γjk +λk
{
RSHj,1980 × 1[t = 2005]

}
+ X′iβt + δkt +φst + eijkt

RSHj,1980 (instrumented) start-of-period routine employment share
λk
{
RSHj,1980 × 1[t = 2005]

}
measures impact of CZ 1980

routine-intensity on 1980–2005 wage growth
Higher (non-College) services sector worker wages in high-routine
share CZs (7 ppt higher routine share in 1980 predicts 3 log points
greater wage growth in service occupations between 1980 and 2005);
opposite in manual (“assembler”) occupations
Bottom line: rise in low-skill services explains relatively large wage
growth among occupations with relatively low wages in 1980
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CTBTC: Premise

BUT (!): 1980 Census Integrated Public Use Microdata (Census) and
2005 American Community Survey (ACS) show both routine,
non-routine occupations undergo low- and high-wage growth
Craft (i.e., routine-manual) occupations saw wage growth in past
decades - contrary to RTBTC predictions (Katz, 2014)
Goal: go beyond explaining mean outcomes by wage level; instead
explain occupation-level variance in outcomes

Source: Caines et al. (2017a)
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Side Note: Routineness and Occupations (1)

Source: Caines et al. (2017b)
Occupation-level differences in Autor and Dorn (2013) “routineness”
do not explain 1980-2005 wage/employment growth variation
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Measuring “Complexity”

“Complexity index” of occupations using O*NET data:
35 occupational descriptors selected/aggregated using PCA into
single measure of “task complexity”:

Co = γ · Xo

γ = γ
arg min

∑
o
‖Xo − Co · γ′‖

where: Co complexity score for occupation o, γ factor loading
vector and Xo O*NET descriptor vector
Occupations ranked above 66th percentile of the complexity
index are regarded complex, and vice versa
Top 10%: professional/scientific/medical, senior mgmt, etc.
Bottom 10%: service and manual, etc.

Routine task-intensity index as in Autor and Dorn (2013) Detail
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Side Note: Complexity and Occupations (2)

Source: Caines et al. (2017b)
Complexity associated w/ increases in 1980 wage levels/1980-2005
wage growth at occupation level (weaker association w/ employment)
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CTBTC: Caines, Hoffmann and Kambourov (2017a)

How is task complexity related to wages and employment (both level
and growth)? Is task routineness still significant after taking
complexity into account?
“Complex” Task: higher-order, relatively scarce abilities -
abstract/solve problems, make decisions, communicate effectively
“Simple” Occupation: raw physical, cognitive, and interactive skills
only; abundant labor supply
Examples:

Simple Complex
Routine Bank tellers Statistical clerks

Non-routine Waiters and waitresses Physicians
Source: Autor et al. (2003); Caines et al. (2017a)

Table3
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Task Complexity and Individual Wage Level

Source: Caines et al. (2017a)
1980 Census and 2005 ACS; consists of non-farm workers in mainland
US, aged 14-16, mainly males
Task complexity positively associated w/ wages at individual (and
occupational) levels
Controlling for complexity, no significant relationship b/w routineness
and mean wage
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Complexity & Occupational Wage Level: Results

Source: Caines et al. (2017a)
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Complexity & Occupational Wage Level: Interpretation

Regressions of log of mean occupational wages on task complexity
and routine task intensity, controlling for an array of demographics
Percentile of complexity index used, w/ interpretation that:

mean wages of individuals in most complex occupations are 10%
higher than those in least complex occupations (Cols. (i) and
(ii))
gap b/w mean wage in the most and least complex occupations
at 40% in 2005 (Cols. (v) and (vi))

Controlling for complexity, no significant relationship b/w routineness
and mean wage at occupation level
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Complexity & Occupational Wage Growth: Results

Source: Caines et al. (2017a)
Same for wage growth at occupational (3-digit DOT/O*NET) and
group levels Tables 8,9
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Task Complexity and Occupational Employment

Source: Caines et al. (2017a)
No significant effects on occupational employment share changes;
does not support “job polarization”due to RTBTC/automation
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Take-aways

Conditional on task complexity, wage differences between routine and
non-routine jobs are not significant
Occupations with a high measure of task complexity had higher wages
and larger wage- and employment-growth than simple occupations
Reallocation from simple occupations to complex ones over time
Wages and wage growth in simple routine- and non-routine
occupations not statistically different
RTBTC (via automation of middle-wage occupations) does not
explain wage/job polarization
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Robustness Check: “Job Polarization” (Mishel et al., 2013)

CPS-ORG data to “test” Acemoglu and Autor (2011) job
“polarization” finding (from decennial Census, ACS data)
CPS-ORG: smaller sample sizes, BUT yearly data and more accurate
hourly wage data (occupations ranked wrt. 1979 mean wage)
Major changes in occupation coding (1982-1983, 2002-2003) difficult
to bridge, lead to non-trivial employment share series breaks
“Absolute” job polarization: employment share growth at top, bottom
of (occupational) distribution w/ losses in middle
“Relative” job polarization: U-shaped growth across distribution (i.e.,
at top, bottom wrt. middle)
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Findings

Source: Mishel et al. (2013)

Chiu, Mylonas, Zaporzan Skills, Tasks and Occupations February 1 2021 51 / 76



Interpretation

1980s: relative job polarization, less job loss for bottom than middle
(as opposed to monotonic increases in Acemoglu and Autor (2011))
1990s: replicates Acemoglu and Autor (2011) (no “absolute”
polarization)
2000-2007: of bottom half, only first five pctiles saw employment
share growth (as opposed to much more employment growth at
bottom in Acemoglu and Autor (2011)); little or no employment
expansion of occupations for upper half
Key insight: job polarization no longer a factor explaining US
inequality trends in 2000s
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Issues (1): Occupational Coding Breaks

Strategy: replace employment share change over break yrs. w/ avg.
change of 2 yrs. on either side of break
1982-1983: masks the decline in middle jobs in 1980s (find job
polarization in 1980s while Acemoglu and Autor (2011) do not)
2002-2003: leads to overstatement of bottom job growth in
2000–2007 period in Acemoglu and Autor (2011)
2002/2003: removing break shows more modest growth in bottom
during 2000–2007 wrt. Acemoglu and Autor (2011)
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Issues (2): Oversmoothed Results in Literature

Variation of employment shifts across detailed occupations obscured
by locally-weighted smoothing regression lines in Acemoglu and Autor
(2011), etc.
Reproduce Figure E, w/ scale wide enough to fit unsmoothed log
employment share changes at each pctile
Key insight: literature implicitly differencing potentially
non-well-estimated lines (so findings possibly subject to sizeable error
margins)
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Non-smoothed Results (1)

Source: Mishel et al. (2013)
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Non-smoothed Results (2)

Source: Mishel et al. (2013)
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Non-smoothed Results (3)

Source: Mishel et al. (2013)
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Alternative Explanations of Rising Inequality

Literature explored factors in addition to SBTC/TBTC (though latter
generally deemed more relevant/important)
Rise of “superstar” individuals (CEOs, athletes, entertainers) w/
abnormally high returns to their skills: Rosen (1981) and related
literature (Terviö, 2009; Pallais, 2014)
Organizational change affecting skill demand (Acemoglu, 1999;
Beaudry and Green, 2003; Ann et al., 2004; Caroli and Van Reenen,
2001; Bresnahan et al., 2002; Becker and Murphy, 1992), Dessain
and Santos (2008))
International Trade (Autor and Dorn, 2013; Acemoglu et al., 2016)
Migration (Borjas, 1995; McKenzie and Rapoport, 2007)
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Conclusion

SBTC important in explaining selected labor market outcome
disparities (to an extent); “task approach”/TBTC as an additional
framework
Key takeaway from this literature: impacts on outcomes (wages,
employment) highly dependent upon (labor demand responses to)
technological shocks
Open Questions:

What is skill/task (demand)? How to classify skills/tasks?
How robust are the (wage/job) “polarization” findings?
What explains “polarization” (SBTC/RTBTC/CTBTC/other
factors)?

Chiu, Mylonas, Zaporzan Skills, Tasks and Occupations February 1 2021 60 / 76



RESERVE SLIDES
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Skill Types in Deming and Kahn (2018)

Source: Deming and Kahn (2018)
Coding based on keywords from more than 10,000 fields in BG data
(include if min. one keyword listed per ad: is this reasonable/skill
demand?)
Mutually exclusive but not collectively exhaustive (e.g., “quick
learner” hard to classify)
Use literature for cognitive (Autor et al., 2003), social (Deming,
2017), character (Heckman and Kautz, 2012) classifications +
relevance/listing frequency for rest

Back
Chiu, Mylonas, Zaporzan Skills, Tasks and Occupations February 1 2021 62 / 76



Skills Model Extensions: Brief Literature Review

Multidimensionality of skills potentially important (Lise and
Postel-Vinay, 2020)
Returns to given skill “types”, e.g. social skills (Deming, 2017)
(Early-life) skill formation improves adult outcomes (Kautz et al.,
2014; Orrell, 2018)
Effects on policy of demand for given skills (e.g., Monras (2019)
showing minimum wage increases more likely when low-skill
employment rising)

Back
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Variation in Skill Demand Explained by Ad Characteristics

Source: Deming and Kahn (2018)
Variances of fitted values from regression of dummy for skill inclusion
in ad on occupation/MSA/firm FEs, controls; sample limited to firms
w/ min. 10 ads in 2 MSAs/occupations
Large differences b/w firms in skill requirement propensity (approx.
30% of variance; unexplained variation at 50% total) Back
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Examples of Tasks, by Type

Routine Non-routine

Cognitive/Analytic Solving complex
mathematics

Forming or testing
hypotheses

Manual Repetitive assembly Driving through
traffic

Source: Autor et al. (2003); Deming (2017)
Back to Definitions
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Occupation List and Complexity/Routineness Percentiles

Source: Caines et al. (2017a)
O*NET-SOC occupations mapped into Census occupation codes
Occupations classified as “simple” if below 66th pctile of complexity
index (“complex” otherwise)

Back
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Complexity, routineness, wages, and employment

Source: Caines et al. (2017a)
Back
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Task Complexity and Group1/Occupational Wage Growth

Source: Caines et al. (2017a)
Back

1demographic groups (men, women used as proxy for panel data w/ different cohorts): gender, education, race and age; 4
categories for education: i) <HS; ii) HS; iii) some College; and iv) College; 4 categories for age: i) 16-28; ii) 29-40; iii) 41-52;
and iv) 53-64; 2 categories for race (white, non-white). For each occupation-demographic cell (total of 15,142 cells): computed
1980-2005 mean wage/total employment changes using 1980 5% Census and 2005 ACS.
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