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Rising Real Wage Inequality Across Educational Groups
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Figure 1: Cumulative Change in Real Weekly Earnings of Working Age Adults Ages 18-64, 1963-
2017
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Figure uses March Current Population Survey Annual Social and Economic Supplement data for earnings
years 1963 to 2017. Series correspond to (composition-adjusted) mean log wage for each group, using data
on full-time, full-year workers ages 16 to 64. The data are sorted into sex-education-experience groups of two
sexes, five education categories (high school dropout, high school graduate, some college, college graduate,
and post-college degree), and four potential experience categories (0–9, 10–19, 20–29, and 30–39 years).
Educational categories are harmonized following the procedures in Autor et al. (2008). Log weekly wages of
full-time, full-year workers are regressed in each year separately by sex on dummy variables for four education
categories, a quartic in experience, three region dummies, black and other race dummies, and interactions
of the experience quartic with three broad education categories (high school graduate, some college, and
college plus). The (composition-adjusted) mean log wage for each of the forty groups in a given year is the
predicted log wage from these regressions evaluated for whites, living in the mean geographic region, at the
relevant experience level (5, 15, 25, or 35 years depending on the experience group). Mean log wages for
broader groups in each year represent weighted averages of the relevant (composition-adjusted) cell means
using a fixed set of weights, equal to the mean share of total hours worked by each group over 1963–2005.
All earnings numbers are deflated by the chain-weighted (implicit) price deflator for personal consumption
expenditures. Earnings of less than $67/week in 1982 dollars ($112/week in 2000 dollars) are dropped.
Allocated earnings observations are excluded in earnings years 1967 forward using either family earnings
allocation flags (1967–1974) or individual earnings allocation flags (1975 earnings year forward).

It is far harder to rationalize the falling real wages of non-college workers in this same

framework, however. If college and non-college workers are gross complements, as we have just
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1. Skill-Biased Technological Change 

— Katz and Murphy (1992)
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Production Function
■ Firms use high- and low-skill labor to produce output: 

• : low-skill labor 
• : high-skill labor 
• : constant returns to scale 

■ Assume: 
 

• : low-skill augmenting technology, : high-skill augmenting technology 
• : elasticity of substitution between high- and low-skill labor

LL
LH
F

AL AH
σ > 0
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Three Special Cases

1. If , we have a linear production function: 

2. If , we have a Cobb-Douglas production function: 
 

3. If , we have a Leontief production function 

σ → ∞

σ = 1

σ → 0
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Firm’s Profit Maximization
■ Firms take the wage of each skill group as given and decide how many to hire 

 

■ First-order conditions: 
 
 
 
 
 
 

■ Assume  and  are exogenousLH LL
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max
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Labor Demand
■ With our functional form, 

 
 
 

■ Taking the ratio, relative labor dmeand, , is 
 

• A rise in  relative to  
- raises relative labor demand for skilled if  (substitutes).  
- lowerss relative labor demand for skilled if  (complements)

LH /LL

AH AL

σ > 1
σ < 1
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Demand and Supply
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Increase in  if AH /AL σ > 1
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Increase in  if AH /AL σ < 1
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Increase in L̄H /L̄L
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Figure 1: Cumulative Change in Real Weekly Earnings of Working Age Adults Ages 18-64, 1963-
2017
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Figure uses March Current Population Survey Annual Social and Economic Supplement data for earnings
years 1963 to 2017. Series correspond to (composition-adjusted) mean log wage for each group, using data
on full-time, full-year workers ages 16 to 64. The data are sorted into sex-education-experience groups of two
sexes, five education categories (high school dropout, high school graduate, some college, college graduate,
and post-college degree), and four potential experience categories (0–9, 10–19, 20–29, and 30–39 years).
Educational categories are harmonized following the procedures in Autor et al. (2008). Log weekly wages of
full-time, full-year workers are regressed in each year separately by sex on dummy variables for four education
categories, a quartic in experience, three region dummies, black and other race dummies, and interactions
of the experience quartic with three broad education categories (high school graduate, some college, and
college plus). The (composition-adjusted) mean log wage for each of the forty groups in a given year is the
predicted log wage from these regressions evaluated for whites, living in the mean geographic region, at the
relevant experience level (5, 15, 25, or 35 years depending on the experience group). Mean log wages for
broader groups in each year represent weighted averages of the relevant (composition-adjusted) cell means
using a fixed set of weights, equal to the mean share of total hours worked by each group over 1963–2005.
All earnings numbers are deflated by the chain-weighted (implicit) price deflator for personal consumption
expenditures. Earnings of less than $67/week in 1982 dollars ($112/week in 2000 dollars) are dropped.
Allocated earnings observations are excluded in earnings years 1967 forward using either family earnings
allocation flags (1967–1974) or individual earnings allocation flags (1975 earnings year forward).

It is far harder to rationalize the falling real wages of non-college workers in this same

framework, however. If college and non-college workers are gross complements, as we have just
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Hours Worked Share
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 demonstrably not occurred. Over the course 
of nearly four decades,  non-college workers 
in the United States have not as a group bene-
fited from the rising supply and productivity of 
 college-educated workers.

That paradox is the subject of this paper. 
There are of course many potential explana-
tions, including but not limited to eroding union 
 penetration and bargaining power, falling federal 
and state minimum wages, rising trade pressure 
accompanying China’s rise as a manufacturing 
power, and the “fissuring” of the workplace, 
wherein  less-educated workers no longer share 
in the gains from rising productivity and prof-
itability in the core activities of their employ-
ers (Card 1996; Lee 1999; Autor, Dorn, and 
Hanson 2013, 2016; Weil 2014). Literature has 
shown that all of these factors are important. My 
focus here, however, is on one economic force 
that stands at the intersection of technological 
progress and worker productivity: occupational 
change. It is well understood that the structure of 
work in industrialized countries has polarized, 
with employment increasingly concentrated 
in  high-education,  high-wage occupations and 
 low-education,  low-wage occupations, at the 
expense of traditionally  middle-skill career jobs (Autor, Katz, and Kearney 2006, 2008; Goos 
and Manning 2007; Autor 2013; Michaels et 
al. 2014; Goos, Manning, and Salomons 2014). 
Less widely recognized is the tight connection 
between this polarization and the changing 
structure of work and wages across geographic 
regions.5 While the polarization of the occu-
pational structure has unfolded smoothly over 
four decades, it has not unfolded evenly across 
places. In the decades following WWII, there 
was a steep, positive urban gradient in the 
skill level and wage level of  non-college jobs: 
 Non-college urban adults disproportionately 
held  middle-skill,  blue-collar production and 
 white-collar office, administrative, and cler-
ical jobs. Because these workers labored in 
close collaboration with the  high-skill, urban 

5 It has long been understood that cities and skills are 
deeply entwined (Glaeser and Mare 2001, Florida 2002). 
And to be sure, I am not the first to study differential polar-
ization across places (cf. Autor 2013; Mazzolari and Ragusa 
2013; Akerman, Gaarder, and Mogstad 2015). The primary 
contribution of this paper is to demonstrate the centrality 
of geography to both the prevalence of  middle-skill jobs in 
earlier decades and to their steep decline in recent decades.
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Figure 2. Share of Hours Worked in the US Economy 
by Education Group, 1963–2017

Notes: Data source is as in Figure 1. Sample consists of all 
persons aged 16 to 64 who reported having worked at least 
one week in the earnings years, excluding those in the mil-
itary. For each individual, hours worked are the product 
of usual hours worked per week and the number of weeks 
worked last year. Individual hours worked are aggregated 
using CPS sampling weights. 
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What Has Happened?

■ What needs to have happened to  in the past? 

■ If ,  must have been rising (skill-biased technical change) 

■ The consensus among macroeconomists is that 

AH /AL

σ > 1 AH /AL

σ > 1

15

log(wH /wL) =
σ − 1

σ
log(AH /AL) −

1
σ

log(LH /LL) + log((1 − α)/α)

Went up!
Went up!



Inferring  and AH AL

■ Suppose we know  (around ) and fix  

■ We observe  and  in the data 

■ We can reverse-engineer  in the data 
• Just as in how we constructed aggregate TFP (Solow residual) 
• Now each for different groups of people! 

■ Implement with more than two skill groups: 
• post-college, college, some college, high-school, high-school dropout

σ σ ∈ [2,5] α

(LH, LL) (wH, wL)

(AH, AL)
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Inferred  with A σ = 2
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Inferred  with A σ = 5
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Takeaway

■ Productivity of more educated groups sharply increasing over time 
• 50-300% increase during 1962-2017 

■ Productivity of less educated groups sharply declining over time 
• 50-250% decrease during 1962-2017 

■ We infer a substantial degree of “skill-biased technological change” 

■ What exactly are these technological changes?

19



Empirical Evidence of 

the Skill-Biased Technological Change 
— Akerman, Gaarder & Mogstad (2015)
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Declining ICT Equipment Prices
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Heterogeneity in Equipment Price Trends
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Question

■ How do the recent advancements in IC technology affect inequality? 

■ Setup: Noway 2001-2007 

■ Institutional background: National Broadband Policy 
• Goal: nationwide broadband access at uniform pricing 
• Means: infrastructure investments, local gov’t mandates 

■ 428 municipalities differed in the timing of the rollout of broadband internet 
• compare municipality with early rollout to the late rollout  

■ Skill groups: (i) skill (college); (ii) medium (high-school); (iii) low (less than high-school)

23



Broadband Internet Availability in Norway
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Geographical Distribution of Broadband Availability Rates

The graphs show the geographical distribution of broadband availability rates of households in 2001, 2003, and 2005.

Q
U

A
R

T
E

R
L

Y
J

O
U

R
N

A
L

O
F

E
C

O
N

O
M

IC
S

1794

This content dow
nloaded from

 
����������128.197.229.194 on Tue, 20 Feb 2024 02:54:01 +00:00����������� 

A
ll use subject to https://about.jstor.org/term

s



Impact of the Broadband Internet on Skill Premium

25

IV.C. Broadband Adoption and Technological Change in
Production

Economic theory views the production technology as a func-
tion describing how a collection of factor inputs can be trans-
formed into output, and it defines a technological change as a
shift in the production function (i.e., a change in output for
given inputs). To directly examine whether broadband adoption
in firms causes a technological change in production, we exploit
that adoption increased as a result of the program that expanded
broadband availability. This can be represented by the following
system of equations, where the second stage can be thought of as
a Cobb-Douglas production function with total factor productivity
term and exponents on input factors that potentially change with
the adoption of broadband internet:

yimt ¼ x0imt!0 þDimtx
0
imt!1 þw0imt" þ #m þ $t þ "imt;ð3Þ
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Impact on Wages and Employment

■ Availability of internet… 
(i) raises skilled wage by 2%; (ii) reduces low skilled wage by 1%

26

By comparison, hourly wages increase throughout our sample
period. In 2007, our estimates suggest the wages are (0.6 percent
lower) 1.8 percent higher for (un)skilled workers than they would
have been in the absence of the broadband expansion. Online
Appendix Figure B.3 complements by comparing the actual and
counterfactual time trends in relative wage bills (i.e., the skilled
wage bill divided by the unskilled wage bill). To compute the
trends in relative wage bills, we combine the predicted effects
on wages and employment. We find that the expansion of

TABLE III

INTENTION-TO-TREAT EFFECTS ON WAGES AND EMPLOYMENT

(1) (2) (3) (4)
Dependent variable Log hourly wage Employment

2 skills 3 skills 2 skills 3 skills

Unskilled 2.939*** 0.691***
(0.00455) (0.00262)

Low skilled 2.905*** 0.664***
(0.00431) (0.00231)

Medium skilled 2.977*** 0.731***
(0.00454) (0.00288)

Skilled 3.169*** 3.171*** 0.734*** 0.737***
(0.00420) (0.00407) (0.00480) (0.00477)

Availability !
Unskilled "0.00622 0.000794

(0.00455) (0.00252)
Low skilled "0.0108*** "0.00392

(0.00325) (0.00244)
Medium skilled "0.00793 0.00388

(0.00600) (0.00281)
Skilled 0.0178** 0.0202*** 0.0208** 0.0225**

(0.00720) (0.00692) (0.00920) (0.00892)
Worker-year observations 8,759,388 8,759,388 20,327,515 20,327,515

p-values
Test for no skill bias .000 .000 .012 .001

Notes. * p< .10, ** p< .05, *** p< .01. Estimates are based on the model in equation (1), using
worker-year observations over the period 2001–2007. Columns (1) and (2) consider the sample of workers
aged 18–67 who are recorded in the wage statistics survey; the dependent variable is the log hourly wage
in a given year. Columns (3) and (4) consider the entire population of individuals between the ages of 18
and 67; the dependent variable is an employment dummy, taking the value of 1 if the individual is
employed in a given year. (Un)Skilled comprises workers with(out) a college degree. Low skilled comprises
individuals without high school diploma, and medium skilled consists of high school graduates (without a
college degree). All regressions include fixed effects for year, municipality, and industry and controls for
gender, years of experience, and years of experience squared. The standard errors are clustered at the
municipality level and robust to heteroskedasticity. We report p-values from two-sided tests of the null
hypothesis that the coefficient on availability ! log skilled is equal to the coefficient on availability! log
unskilled (or availability ! log low skilled).
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By comparison, hourly wages increase throughout our sample
period. In 2007, our estimates suggest the wages are (0.6 percent
lower) 1.8 percent higher for (un)skilled workers than they would
have been in the absence of the broadband expansion. Online
Appendix Figure B.3 complements by comparing the actual and
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(0.00420) (0.00407) (0.00480) (0.00477)

Availability !
Unskilled "0.00622 0.000794

(0.00455) (0.00252)
Low skilled "0.0108*** "0.00392

(0.00325) (0.00244)
Medium skilled "0.00793 0.00388

(0.00600) (0.00281)
Skilled 0.0178** 0.0202*** 0.0208** 0.0225**

(0.00720) (0.00692) (0.00920) (0.00892)
Worker-year observations 8,759,388 8,759,388 20,327,515 20,327,515

p-values
Test for no skill bias .000 .000 .012 .001

Notes. * p< .10, ** p< .05, *** p< .01. Estimates are based on the model in equation (1), using
worker-year observations over the period 2001–2007. Columns (1) and (2) consider the sample of workers
aged 18–67 who are recorded in the wage statistics survey; the dependent variable is the log hourly wage
in a given year. Columns (3) and (4) consider the entire population of individuals between the ages of 18
and 67; the dependent variable is an employment dummy, taking the value of 1 if the individual is
employed in a given year. (Un)Skilled comprises workers with(out) a college degree. Low skilled comprises
individuals without high school diploma, and medium skilled consists of high school graduates (without a
college degree). All regressions include fixed effects for year, municipality, and industry and controls for
gender, years of experience, and years of experience squared. The standard errors are clustered at the
municipality level and robust to heteroskedasticity. We report p-values from two-sided tests of the null
hypothesis that the coefficient on availability ! log skilled is equal to the coefficient on availability! log
unskilled (or availability ! log low skilled).
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2. Automation and Wages 
— Acemoglu and Restrepo  (2019)
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Industrial Robots per Thousand Workers  

28

Figure 1: Industrial robots in the United States and Europe.

Industrial robots per thousand workers in the United States and Europe.

Figure 2: Adjusted penetration of robots in the US and EURO5 by industry.

Plot of the adjusted penetration of robots between 1993 and 2007 (APRi) and the adjusted
penetration of robots in the United States between 2004 and 2007 (APRi rescaled to a 14-year
equivalent change). Adjusted penetration of robots is given in number of robots per thousand
workers in the industry. The solid line corresponds to the 45o line. Marker size indicates the
baseline US employment in the industry.
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Robots and Jobs

Labor will become less and less important...More and more workers will be replaced 
by machines. I do not see that new industries can employ everybody who wants a job.  

— Wassily Leontief 
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Can Robots Reduce Wages?
■ Can robots make labor less and less important? 

■ Consider the production function of the form: 
 

■ As before, wages are given by the marginal product of labor: 
 

■ More robots (higher ) always increase wages! 

■ What did we miss? Is higher  the right way to think about the automation?

K

K

30

F(K, L) = AKαL1−α

w = (1 − α)AKαL−α = (1 − α)
Y
L



Task-Based Model
■ There are  tasks in the economy (cutting, assembling, designing…) 

■ Suppose that GDP is a combination of task-level output: 

■ Each task is produced using either labor or robots: 
 
 

■ Automation: an increase in  
 

N

I
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Y = (X1)1/N × (X2)1/N × ⋯ × (XN)1/N

Xi = {Ki if i ≤ I
Li if i > I

0 NRobots LaborI



Back to Cobb-Douglas
■ There are  workers and  robots in the economy 

■ Since all tasks are symmetric, each task employ equal number of workers/robots 
 
 
 

■ Substituting back,  
 
 

■ Back to the Cobb-Douglas production, but  is now the share of automated tasks!

L K

α
32

Ki =
K
I

for i ≤ I

Li =
L

N − I
for i > I

Y = 1
Nαα(1 − α)1−α KαL1−α, α ≡ I/N



Automation and Wages Revisited
■ The wage is given by the marginal product of labor: 

 
 
 
 
 
 

■ An increase  now appears in two places 
• Displacement effect:  

automation displaces tasks that used to be performed by workers 
• Productivity effect: automation increases the overall output

α
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Automatioin can Reduce Wage
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Higher  Always Increases WagesK
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Do Robots Displace Workers?: 

Empirical Evidence 
— Acemoglu and Restrepo  (2020)
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Empirical Strategies

■ Different industries experience different degrees of automation 

■ Regions differ in terms of industrial compositions 
 difference in exposure to automation 

■ Two strategies: 
1. Compare more exposed industries with less exposed ones 
2. Compare more exposed regions with less exposed regions 

⇒
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Industry Variation
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Figure 1: Industrial robots in the United States and Europe.

Industrial robots per thousand workers in the United States and Europe.

Figure 2: Adjusted penetration of robots in the US and EURO5 by industry.

Plot of the adjusted penetration of robots between 1993 and 2007 (APRi) and the adjusted
penetration of robots in the United States between 2004 and 2007 (APRi rescaled to a 14-year
equivalent change). Adjusted penetration of robots is given in number of robots per thousand
workers in the industry. The solid line corresponds to the 45o line. Marker size indicates the
baseline US employment in the industry.
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Robot Penetration and Industry Wages
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Figure 3: The relationship between robots and labor demand across industries.

The figure presents residual plots of the relationship between adjusted penetration of robots (APRi) and the change in log wage bill (left
panel) and the change in log employment (right panel) from stacked-di↵erences models, with data for 1993-2000 (in light gray) and 2000-2007
(in dark gray). The solid line shows the coe�cient estimates from column 8 of Panel A (left panel) and column 8 of Panel B (right panel) of
Table 1. The covariates from these models are partialled out. The dashed line is for a regression which in addition excludes the automotive
industry. Marker size indicates the baseline US employment in the industry.
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Robot Penetration and Industry Employment
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Figure 3: The relationship between robots and labor demand across industries.

The figure presents residual plots of the relationship between adjusted penetration of robots (APRi) and the change in log wage bill (left
panel) and the change in log employment (right panel) from stacked-di↵erences models, with data for 1993-2000 (in light gray) and 2000-2007
(in dark gray). The solid line shows the coe�cient estimates from column 8 of Panel A (left panel) and column 8 of Panel B (right panel) of
Table 1. The covariates from these models are partialled out. The dashed line is for a regression which in addition excludes the automotive
industry. Marker size indicates the baseline US employment in the industry.
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Regional Exposure to Robots

■ At the industry level, one more robot per thousand workers is associated with  
• a reduction in wages by 0.9% 
• a reduction in employment by 1.1% 

■ We now turn to regional analysis. Why regional? 
• It captures the local labor market equilibrium effect of automation  

— spillovers to people not working or leaving the directly affected industries 

■ US regions greatly differed in industry compositions 
 they greatly differed also in exposures to robots⇒
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Exposure to Robots
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Figure 4: Geographic distribution of exposure to robots 1993-2007

The top panel shows the distribution of exposure to robots. The bottom panel shows the
distribution of exposure to robots outside of the automotive industry.
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Robots and Regional Employment
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Figure 6: The effects of robots on employment and wages.

The top panels of the figure present the long-di↵erences relationship between exposure to robots and changes in the employment to population
ratio 1990-2007 (top left panel) and log hourly wages 1990-2007 (top right panel). The covariates from column 4 of Table 2 are partialled
out. The bottom panels of the figure present stacked-di↵erences relationships between exposure to robots and changes in the employment
to population ratio (bottom left panel) and log hourly wages (bottom right panel) for 1990-2000 and 2000-2007. In the bottom panels,
the observations for 1990-2000 are shown in light gray and the observations for 2000-2007 are shown in dark gray, and the covariates from
column 4 of Table 3 are partialled out. In all panels, the solid line shows the coe�cient estimate from a regression with commuting zone
population in 1990 as weights. The dashed line is for a regression which in addition excludes the top one percent of commuting zones with
the highest exposure to robots. Marker size indicates the 1990 population in the commuting zone.

37



Robots and Regional Wages
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Figure 6: The effects of robots on employment and wages.

The top panels of the figure present the long-di↵erences relationship between exposure to robots and changes in the employment to population
ratio 1990-2007 (top left panel) and log hourly wages 1990-2007 (top right panel). The covariates from column 4 of Table 2 are partialled
out. The bottom panels of the figure present stacked-di↵erences relationships between exposure to robots and changes in the employment
to population ratio (bottom left panel) and log hourly wages (bottom right panel) for 1990-2000 and 2000-2007. In the bottom panels,
the observations for 1990-2000 are shown in light gray and the observations for 2000-2007 are shown in dark gray, and the covariates from
column 4 of Table 3 are partialled out. In all panels, the solid line shows the coe�cient estimate from a regression with commuting zone
population in 1990 as weights. The dashed line is for a regression which in addition excludes the top one percent of commuting zones with
the highest exposure to robots. Marker size indicates the 1990 population in the commuting zone.
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Effect by Educational Groups
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Figure 9: Effects of robots on employment and wages by education and gender.

The figure presents estimates of the e↵ects of exposure to robots on changes in the employment
to population ratio (top panel) and changes in log hourly wages (bottom panel) for all workers
and for men and women with di↵erent education levels (less than high school; high school degree;
some college; college or professional degree; and masters or doctoral degree). The capped lines
provide 95% confidence intervals.
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Quantitative Magnitude

■ Robots per thousand workers increased by 1.5 in 1993-2014 

■ This implies 
• 0.3 p.p. decline in employment-to-population ratio 
• 0.42% decline in overall wages
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