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Executive Summary

Much has been written about the rise of robots and the 
potential impacts of automation on the economy. Yet most 
analysis tends to be prospective in nature, and estimates 
of future impacts on employment vary widely, with some 
studies predicting that as many as 50 percent of all workers 
are at risk of losing their jobs to automation. Even less is 
understood about the actual impacts of robots on jobs, 
wages, and workers today. While more recent studies have 
begun to measure these effects, the results here, too, are 
mixed.

This report analyzes the impact of robots in the years 
following the Great Recession, from 2009 to 2017—a period 
of significant, steady job growth and economic recovery, as 
well as one in which the use of robots in the U.S. workplace 
more than doubled. The report’s findings, summarized below, 
offer new insights that can help inform ongoing debates 
about the future of work and the impact of automation.

The first takeaway is that robots are, indeed, coming—but 
there is little evidence (yet) that robotic growth is leading 
to widespread job displacement, as some have predicted. 
That said, there are winners and losers with automation. 

While robots may have negligible effects on national 
employment as a whole, certain industries and regions are 
more impacted by robotic growth, and particular groups of 
workers disproportionately suffer the negative effects of this 
growth. It is also the case that job losses from robotization 
may have little impact on total employment, as displaced 
workers find other jobs (especially in a strong economy with 
low unemployment), even if at lower pay. Lastly, we find 
that the economic boom of the past decade has effectively 
“masked” some of the impacts that robots have had on 
workers. It’s not that robots weren’t displacing jobs—it’s that 
the overall economic expansion was large enough to offset 
some of these job losses.

Key Findings

1. Trends in Robot Growth

We constructed a measure of the use of robots—commonly 
referred to as “robot intensity”—to estimate trends in robot 
exposure across more than 250 metropolitan areas and over 
time, finding that:

• During the Great Recession, robot intensity 
plummeted. But since 2009, robot intensity has 
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sharply increased nationwide.

• States in the Midwest (the East North Central, or 
ENC, census division)—Michigan, Ohio, Indiana, 
Illinois, and Wisconsin—consistently have the 
highest robot intensities, typically at least twice the 
intensity of all other regions.

• Midwest (ENC) states also experienced the 
sharpest growth in robots since 2009.

• Robot intensity in manufacturing industries 
greatly exceeds the national average:

    o Since 2009, the number of manufacturing     
          robots has more than doubled—from 0.813 per     

         thousand workers to 1.974 per thousand workers.

• Highly unionized states have much lower robot 
intensities than states with low rates of unionization

.
2. Impact of Robots Varies across Workers

We assess the impact of robot intensity on the employment 
and earnings outcomes of non-college educated men and 
women, finding that:

• The adoption of robots since the Great Recession 
has been accompanied by employment gains for 
some groups of workers, and appears not to have 
affected other groups.

      o  Positive impact on: young, less-educated men     
   and less-educated adult women.

    o No impact on: young, less-educated women    
   and less-educated adult men.

• The adoption of robots since the Great Recession 
has been accompanied by wage increases for 
some groups of workers, and appears not to have 
adversely affected other groups.

      o  Positive impact on: young, less-educated       
        women and less-educated minority men 

           and   women.
      o  No significant impact on: less-educated adult     

        men and women.

  • Yet, robotization has adversely affected other     
  types of workers at the national level—for     
  example, in manufacturing industries.

Our findings suggest that, at the current stage and pace 
of robot growth, and with the right economic conditions in 
place, some workers without a college degree may benefit 
from robotization. This is perhaps due to robots stimulating 
demand for goods, creating new markets, and spurring wage 
growth.

3. Impacts of Robots in the Rust Belt

Given that the Midwest has the greatest concentration of 
robots and the fastest robot growth (and thus is most likely 
to show the effects of robots), we focus in on the ENC 
region and examine the effects of robots on employment 
and wages by race/ethnicity, gender, age, and industry, 
finding that:

• In Midwest manufacturing industries, robots have 
sizably decreased employment for some groups 
of workers (young, less-educated men and 
women).

   o Estimated impact: for an increase of one      
    robot per thousand workers, the employment-      

   to-population ratio falls by an estimated 3.5     
   percentage points.

• In Midwest manufacturing industries, robots have 
sizably decreased wages for some groups of 
workers (young, less-educated men and women).

o Estimated impact: an increase of one robot    
 per thousand workers is associated with a 4.0      
 percent to 5.0 percent decline in wages.
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• The biggest negative impact of robots was on 
young, less-educated black men and women—
groups that already have lower wages and 
employment rates, on average.

Lastly, we isolate the impact of robotic growth to predict what 
would have happened in the region absent the economic 
boom that began in 2009, finding that:

• What happened (with robots and recovery): 
employment-to-population ratio for young, less-
educated workers increases from roughly 34 
percent to around 45.5 percent.

•  What would have happened (with robots, no    
recovery): employment-to-population ratio for 
young, less-educated workers decreases from 34 
percent to around 30 percent.

These findings demonstrate that in the Midwest: (1) the 
economic recovery of the last decade has effectively 
“masked” the impact of robots on employment—that, absent 
such a strong recovery, robots would have displaced many 
more jobs than they did; and (2) if manufacturing growth 
during the recovery had not relied so heavily on robots, there 
would be many more jobs available to workers, and minority 
young workers in particular.

Introduction

Although it took several years for the U.S. economy to 
rebound from the Great Recession, the economic expansion 
currently under way is by most accounts viewed as stellar.1 

Since February 2010—eight months after the National 
Bureau of Economic Research’s Dating Committee declared 
the recession’s end—private sector job growth has occurred 
for 112 consecutive months, growing at a monthly average 
of 192,000, and creating over 21.3 million jobs through 
May 2019. The nation’s unemployment rate has fallen 
far below the 6 to 7 percent level that many economists 
and policymakers once believed was the “NAIRU”—the 
nonaccelerating inflation rate of unemployment, below 

which inflation supposedly would take off. (It hasn’t.)

As the current expansion unfolded, technological change 
continued to reshape how Americans work, where they work, 
when they work, and with whom they work. One example of 
this growing impact of technology in the workplace is the 
use of industrial robots in the workplace. According to the 
International Federation of Robotics (IFR), from 2009 to 
2017, the use of robots in the U.S. workplace—often called 
“robot exposure”—more than doubled, from 0.75 robots per 
thousand workers to 1.81 robots per thousand workers. (See 
Figure 1.)2 Has this led to continued worker displacement 
effects, or are we seeing increases in employment due to 
robots’ productivity effect?3

A previous study, by Daron Acemoglu of MIT and 
Pascual Restrepo of Boston University, looking at thirteen 
manufacturing industries and six nonmanufacturing 
industries from 1990 to 2007, found that an increased use 
of industrial robots—that is, what is referred to as increased 
“robot intensity,” typically measured as the increase in 
the number of robots per thousand workers—lowered 
employment rates and wages overall.4 Specifically, the 
study estimates that one more robot per thousand workers 
reduces the nation’s employment-to-population ratio by 
about 0.18 to 0.34 percentage points, and lowers wages by 
0.25 to 0.50 percent.5

Based on this and other research, we were interested in 
knowing how much the use of industrial robots cut into 
labor market improvements that occurred after the Great 
Recession. What would the employment picture look like 
today, for example, if the adoption and use of industrial 
robots had only occurred, without an economic boom to 
mask its impact? That is, how much did the recovery’s “tight” 
labor market offset robot’s displacement effects, or how 
much did robots add to employment growth? Further, were 
the impacts of increased robot intensity widespread, or were 
they targeted to particular demographic groups and regions 
of the country?

To explore these questions, we constructed a measure of 
robot intensity and used its variation across metropolitan 
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areas (known in government data as metropolitan statistical 
areas, MSAs)6; and over time to identify whether robot 
exposure has negative impacts on the economic positions 
of young men and women, especially non-college-educated 
minority youth.

Our research presented us with several major takeaways. 
First, while labor market statistics such as the Bureau of 
Labor Statistics’ “official” unemployment rate currently 
look quite good, the positive trends of a persistently low 
jobless rate and strong job growth have not had the same 
beneficial effects on the employment and wages of youth 
and minorities as they did during the previous boom of the 
1990s.7 (See Figure 2.)

Second, since the end of the Great Recession, we do find 
evidence of a small, national-level productivity effect for 
young less-educated men and less-educated adult women. 
That is, specifically, the adoption of robots increases their 
employment because increased robot usage (1) stimulates 
demand for the goods that robots produce, (2) create new 
markets, and (3) spurs wage growth.

However, our strongest evidence is for the existence of 
industrial-robot-led job displacement primarily in the nation’s 
East North Central (ENC) census division (Illinois, Indiana, 
Wisconsin, Michigan, and Ohio), with young, less-educated 
men and women bearing the brunt of the job losses. 
For an increase of one robot per thousand workers, the 
employment-to-population ratio of all young less-educated 
ENC workers falls by a precisely estimated 3.5 percentage 
points. This is nontrivial, given that the 2009 employment-
to-population ratio for these groups is 35.0 percent. With 
respect to wages, an area’s one–robot-per-thousand-worker 
increase is associated with a 4.0 to 5.0 percent decline in 
the individual wages of young, less-educated men and 
women who live in the ENC census division and work in the 
manufacturing sector.

Third, even though job growth has not been as strong during 
this boom as it was during the 1990s, current economic growth 
has helped to offset the adverse impact that increased robot 

intensity has had on employment. For these same young, 
less-educated minority men and women in the ENC, if 
robot intensity was the only source of change from 2009 to 
2017, their employment-population ratios would have fallen 
to approximately 30.0 percent instead of rising from 34.0 to 
45.5 percent. Thus, our findings indicate that robotic growth 
has had its biggest negative impact on young, less-educated 
ENC black men and women. These men and women started 
at lower employment rates and they would have experienced 
the largest increases in employment if robotic growth was 
not as strong. Employment rates for young, less-educated 
black men and women in these heartland states are still well 
below the experience of other demographic groups, and the 
data indicates that they would have had more opportunity if 
not for use of industrial robots.

These findings reflect the insights of The Century 
Foundation’s High Wage America project8—that there 
needs to be concerted efforts to expand access to good-
paying job opportunities in manufacturing communities, 
especially where there are large African-American and 
Latinx populations. The findings support The Century 
Foundation’s framework and recommended actions that will 
help employers find skilled workers and provide opportunities 
for the region’s minority residents.9

The Robots Are Coming

We are not the first to examine the impact of robots on labor 
market outcomes. The first generation of studies estimate 
the “risk” or chance that automation displaces workers. 
Several studies predict that, over the next two decades, 45 
percent to 57 percent of U.S. and OECD workers will be at 
risk of losing their jobs to automation.10 More recent studies 
shift to estimating actual displacement effects. One widely 
cited study by Daron Acemoglu and Pascual Restrepo 
uses industry-country variation in robot usage from the 
International Federation of Robotics (IFR) data and finds 
that increasing a U.S. commuting area’s robot intensity 
reduces its labor market outcomes.11 Another widely cited 
study—by Georg Graetz at Uppsala University and Guy 
Michaels of the London School of Economics—also uses 
the IFR data but a different methodology, and shows that 
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FIGURE 1

FIGURE 2

GROWTH IN ROBOT INTENSITY, ALL INDUSTRIES 2008-18

EMPLOYMENT-POPULATION RATIO, MEN, AGE 16-24 WITH 
HIGH SCHOOL DEGREE OR LESS
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industrial robots increase productivity and wages, but 
reduce the number of jobs available to low-skilled workers.12 

Specifically, the measure of industrial robot usage employed 
by Graetz and Michaels indicates that, for the overall 
economy, one more robot per thousand workers reduces the 
aggregate employment-to-population ratio by about 0.20 
percentage points, which is equivalent to one new robot 
lowering employment by approximately 3.3 workers. With 
respect to wages, one more robot per thousand workers 
reduces wages by 0.37 percent.13

Although not a major focus of their study, but relevant to our 
work, the estimated effects by industry, occupation, gender, 
and skill are reported. The study reports that the effects on 
the employment-to-population ratios of men and women 
are –0.53 and –0.30. The negative job effects for men tend 
to be in manufacturing, while women’s losses are larger in 
nonmanufacturing industries. Job loss is concentrated in 
manual occupations, such as machinists, assemblers, material 
handlers, and welders. Declines in employment and wages 
occur at all levels of educational attainment, but tend to be 
larger among less-educated workers.

These studies answer many questions, but raise others. What 

has happened since 2007? What are the racial and ethnic 
effects? How are young workers impacted by the adoption 
and spread of industrial robots? But before we proceed to 
answering these questions, it is important to understand the 
type of robots we are talking about.

First, what is an industrial robot? The IFR, whose data we use, 
defines an industrial robot as “an automatically controlled, 
reprogrammable, multipurpose manipulator programmable 
in three or more axes, which can be either fixed in place or 
mobile for use in industrial automation applications.”14

The IFR identifies five types of industrial robots. Their 
mechanical structure determines the type. The types are 
linear (including Cartesian and gantry robots), Selective 
Compliance Assembly Robot Arm (SCARA), articulated 
robots, parallel robots (delta), and cylindrical. Articulated 
robots typically perform handling for metal casting, 
palletizing, welding, and painting. Linear robots are typically 
used for handling for plastic molding, sealing, laser-welding, 
pressing, packaging, or handling for forging. SCARA-type 
robots perform assembly and packaging tasks. Parallel 
robots carry out picking and placing tasks, assembly, and 
handling routines. Cylindrical robots perform spot welding.

MAP

ROBOT INTENSITY, BY METROPOLITAN AREA (2004-2017 AVERAGE)

Find out more at: https://thecenturyfoundation.carto.com
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division—Michigan, Ohio, Indiana, Illinois and 
Wisconsin—have the highest robot intensities.

• Minorities and youth with no more than a high 
school diploma live in metropolitan areas that have 
similar industrial robot intensities as whites and 
adults.

• Workers in Right-to-Work states experienced a 
gradual increase in their robot intensities.

• Highly unionized states have the lowest robot 
intensities. However, they began to trend upward 
after 2015.

• The top ten metropolitan statistical areas with 
respect to robot intensity are:

1. Los Angeles-Long Beach-Santa Ana, CA

2. Chicago-Naperville-Joliet, IL

3. Houston-Baytown-Sugar Land, TX

The common thread for all of these robot types is that 
they are performing specific and repetitive tasks, with high 
volume. This is very different from artificial intelligence, 
which is the gathering of large quantities of data to make 
complex decisions. This distinction between robots and AI 
can help formulate predictions as to which types of workers 
will be disadvantaged. The general consensus is that robots 
are having a greater impact on less-educated workers, who 
can replace repetitive, often skilled tasks, of these workers.15

Where—and for Whom—Is Robot 
Intensity the Highest?

The robot intensity measure that we constructed16 to 
discover trends in metropolitan statistical areas from 2004 
to 2017 indicated the following key results:

• Prior to the Great Recession, robot intensity 
trended upward. During the recession, robot 
intensity plummeted. Since 2009, robot intensity 
has sharply increased.

• States in East North Central (ENC) census 

FIGURE 3

EXPOSURE TO ROBOTS BY RACE AND SEX OF WORKER, 2017
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FIGURE 4

FIGURE 5

ROBOT INTENSITY IN RIGHT-TO-WORK VS. HIGHLY UNIONIZED STATES, 2012-16

ROBOT INTENSITY IN 2017, BY REGION
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4. Phoenix-Mesa-Scottsdale, AZ

5. Detroit-Warren-Dearborn, MI

6. Milwaukee-Waukesha-West Allis, WI

7. Philadelphia-Camden-Wilmington, PA-NJ-    
 DE-MD

8. San Jose-Sunnyvale-Santa Clara, CA

9. Indianapolis, IN

10. Cleveland-Elyria, OH

We estimate MSA robot intensities from 2004 to 2017, 
and in a given year, link an area’s robot intensity to its 
respondents in the Current Population Survey Outgoing 
Rotation Group (CPS-ORG) micro-data files.17 To be 
included in our CPS-ORG samples, respondents must not 
be enrolled in school. Further, respondents are only included 
if their entries can be matched with valid information for the 
following variables: the metropolitan area’s unemployment 
rate; the metropolitan area’s percentage of employment that 

is in manufacturing; the respondent’s race, age, educational 
attainment, marital status, veteran status, state of residence; 
whether they are foreign born, and a U.S. citizen; whether 
they live in a central city, suburb, or rural area; and whether 
the respondent lives in a Right-to-Work state.

Our youth samples are for respondents 16 to 24 years of 
age. They are African American, Latinx, and white men and 
women who have completed no more than twelve years of 
schooling or received no more than a high school diploma 
or GED. Adult respondents are 25-to-64-year-old African 
American, Latinx, and white men and women. They, too, 
have completed not more than a high school degree.

Due to the uniqueness of the IFR robot stock and intensity 
measure that we construct, we first provide summary 
statistics on robot intensity. Table 1 reports annual averages 
of MSA-level estimates of robot intensity for respondents 
by race, ethnicity and gender. There are a few racial, ethnic, 
age and gender differences. For example, in 2017, adult 
Latinx men and women have intensities of 2.34 per thousand 
workers, well above the overall averages. (See Figure 3.)  
However, these differences will not be large enough to 
explain much if any of the racial and ethnic differences that 

FIGURE 6

ROBOT INTENSITY BY REGION
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FIGURE 7

FIGURE 8

EMPLOYMENT IN 2017, WITH CURRENT ROBOT INTENSITY VS. 
WITH 2009-LEVEL ROBOT INTENSITY

THE  IMPACT OF ROBOTIC GROWTH ON EMPLOYMENT, 
WITH AND WITHOUT ECONOMIC RECOVERY

AMONG YOUNG, LESS EDUCATED MINORITIES IN THE MIDWEST, 2009 TO 2007
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exist in employment and wages.

Table 2 provides the annual averages from 2004 to 2017 for 
selected characteristics: private sector workers, respondents 
that live in Right-to-Work states, respondents with no more 
than a high school degree, respondents that live in “highly” 
unionized states, and respondents that live in the East North 
Central or Middle-Atlantic census divisions. (See Figure 
4.) The East North Central is comprised of Illinois, Indiana, 
Michigan, Ohio, and Wisconsin. Iowa, Kansas, Minnesota, 
Missouri, Nebraska, North Dakota and South Dakota make 
up the West North Central division. The “highly unionized” 
category corresponds to states with a unionization rate that 
exceeds 17.0 percent.18

The most notable finding is that the respondents that live in 
East North Central MSAs consistently have robot intensities 
that are at least twice the intensity of all other regions. (See 
Figure 5.) These include Chicago, Detroit, Milwaukee, 
Cleveland, Indianapolis, Minneapolis, Columbus, Toledo, 
Fort Wayne, Rockford, Elkhart-Goshen, Canton, Akron, and 
South Bend, all in the top fifty metropolitan areas with the 
greatest robot intensities (Appendix Table 1).19

Table 2 shows that respondents in manufacturing industries 
have intensities that exceed the national average, and since 
the recession’s end, the number of robots has jumped from 
0.813 per thousand workers to 1.974 per thousand workers. At 
the other end of the spectrum, respondents that live in highly 
unionized states have much lower robot intensities, with a 
sizeable trending up since 2016. Surprisingly, respondents 
that live in Right-to-Work states have intensities that are 
below the national average; however, the intensity has more 
than doubled since 2009, the end of the recession. (See 
Figure 6.) Panel B of Table 2 reports robot intensity for 
Midwestern manufacturing. As a point of comparison, the 
table reports robot intensities for the West North Central 
division (Iowa, Kansas, Minnesota, Missouri, Nebraska, 
North Dakota and South Dakota), plus the Middle-Atlantic 
states (New York, Pennsylvania, and New Jersey, Delaware, 
Maryland, Washington, D.C., Virginia, and West Virginia). 
The table clearly shows that the variation is most pronounced 
in the East North Central states, as demonstrated as well 
by Figure 6. Manufacturing robot intensity almost doubled 

from 2009 to the present.

The Impacts of Robot Intensity on 
Employment and Wages
How much do the employment and earnings of non-
college-educated men and women vary with an area’s 
robot intensity? To answer this question, we compared 
the economic outcomes of men and women across 
metropolitan areas with different exposure to robots, using 
the merged CPS-ORG files. We applied a linear probability 
model for our employment analysis.20 For our wage effects, 
we estimate a regression that captures the relationship 
between an area’s robot intensity and the inflation-adjusted 
wages of workers in that area. To account for other factors 
that impact employment and wages, both models include 
controls for whether the respondent lives in a Right-to-Work 
state; marital and veteran status; whether the respondent 
lives in an urban or suburban area; whether the respondent 
is foreign born and a U.S. citizen; the metropolitan statistical 
area’s percent of employment that is in manufacturing; and 
year and metropolitan area dummy variables.21

Table 3 displays metro area fixed effect and instrumental 
variable estimates of the link between the employment 
of non-college-educated men and women to area robot 
intensity. The tables allow for a comparative analysis for all 
men and women (males and females 25 to 64 years old). 
The estimated coefficients indicate how an increase in one 
robot per thousand workers impacts a particular group’s 
employment-to-population ratio and wages.

The estimated coefficients on the African-American and 
Latinx dummy variables indicate that controlling for racial 
and ethnic differences in robot intensity still leaves a large 
employment gap between African Americans and whites. 
The black–white employment gaps for less-educated young 
men and for less-educated adult men are 14.9 and 11.9 
percent, respectively. Among women, the racial employment 
gap ranges from 4.7 to 11.4 percent. Unlike factors such as 
education, training, and discrimination, racial and ethnic 
differences in robot intensity or exposure explain none of the 
employment gaps between minorities and whites.22
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While robots can’t explain the black–white employment 
gap, two different statistical methods (the fixed-effect and 
instrumental variable estimates) both show statistically 
significant impacts of the increasing use of robots on 
national productivity and displacement of certain workers. 
The estimates for all less-educated young men, less-
educated African American and Latinx young men, and less-
educated adult women suggest that metro area increases 
in robot intensity are associated with a slight increase in 
employment (productivity effect). An increase in one robot 
per thousand workers leads to a 1.2 to 2.0 percentage point 
increase in their employment-to-population ratios. We can 
only speculate, but it seems reasonable to think that robot 
adoption stimulates demand for the goods that robots 
produce, creates new markets, and spurs wage growth, all 
creating an increased demand for these workers.

The actual change in robot intensities for these groups from 
2004 to 2017 expands by just over one robot per thousand 
people. Over this same period, the employment-to-
population ratio of young, less-educated men falls from 70.3 
percent to 66.1 percent. Thus, the productivity effect worked 
to offset the actual decline in the employment-to-population 
ratio of young, less-educated men. Young, less-educated 
women and less-educated adult men are not impacted by 
an area’s robot intensity. This could be attributed to these 
groups not working directly in those industries where robot 
adoption is occurring.

With respect to wages, we only see an impact on the wages 
of young, less-educated women, and less-educated minority 
men and women. Higher robot intensity increases wages 
for these groups. Less educated adult men and women are 
not adversely impacted by increased robot intensity. These 
results are quite different than what the study by Acemoglu 
and Restrepo finds.23 That study’s national level results 
for the general population suggest an adverse impact on 
employment and wages: an additional robot per thousand 
workers reduces the employment-to-population ratio by 
about 0.18 to 0.34 percentage points and wages by 0.25 to 
0.50 percent.

Why do our estimates differ from those of Acemoglu and 

Restrepo? There are several potential explanations. We 
create robot intensity measures for 262 MSAs, while they 
construct their robot intensity measures for 722 commuting 
zones.24 Our samples also differ. We focus on youth and 
adults who have no more than a high school degree, while 
they focus on the overall population. A priori, we thought 
that the employment and wages of these workers would be 
quite sensitive to an area’s robot exposure. The productivity 
effects that we find for young, less-educated men and less-
educated adult women suggest that even workers with 
the least education may benefit from the increased use 
of robots. Maybe some workers with no more than a high 
school degree are in jobs that are not as easily taken over by 
robots, or they benefit from a multiplier effect. New higher 
productivity/high wage jobs generate demand for jobs that 
workers with no more than a high school degree fill. We may 
need to focus on respondents with slightly higher levels of 
educational attainment (for example, high school and AA 
degrees).

We do agree with Acemoglu and Restrepo that the robot 
intensity effects are concentrated in Rust Belt manufacturing 
sectors of the East North Central (ENC) census division. 
Appendix Table 1 shows that most metropolitan areas have 
intensity measures that are basically zero, while the ENC has 
not only the highest intensities, but also had the sharpest 
growth from 2004 to 2017. Thus, displacement effects, 
if they exist in the data, are more likely to have a regional 
and industry component to them. Focusing on sectors and 
regions that are directly impacted by robots may be a better 
identification strategy.

To implement this identification strategy, we limit the 
samples to men and women that live in the East North 
Central census division. Table 3 also reports the employment 
and wage effects for the ENC division by race/ethnicity 
and age. These are based on respondents that live in Ohio, 
Illinois, Indiana, Michigan, and Wisconsin. It is important to 
note that to maintain sample sizes that yield reliable results, 
we pool men and women.25 We also pool African-American 
and Latinx respondents. Entries in the column labeled “ENC 
Men and Women” suggest that the use of industrial robots 
does not have displacement or productivity effects on ENC 
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employment. Maybe they offset each other. The estimated 
coefficients for young ENC less-educated men and women 
and adults are basically zero. A negative effect of -0.010 may 
exist for young, less-educated black and Latinx men, but the 
standard errors indicate the estimate has little precision. The 
wage results show no evidence that an area’s growth in robot 
intensity is associated with a decline in the area’s wages.

The last column of Panel A of Table 3 reports estimates 
for only manufacturing workers in the ENC census 
division. These estimates indicate that robot intensity has 
a displacement effect. For an increase of one robot per 
thousand workers, the employment-to-population ratio of 
all young, less-educated men and women falls by a precisely 
estimated 3.5 percentage points. (See Figure 7.) This is 
nontrivial given that the 2009 employment-population ratio 
for these groups is 35.0 percent. All less-educated ENC 
adult men and women experience neither a displacement 
nor a productivity effect. Panel B of Table 3 shows that 
an area increase of one robot per thousand workers is 
associated with a 4.0 to 5.0 percent decline in the wages of 
young, less-educated men and women who live in the ENC 
census division and work in the manufacturing sector. The 
wages of less-educated adults are not adversely impacted.

There appear to be limited spillover impacts on the general 
population of less-educated workers, but although not 
measured with precision, there are negative impacts on the 
employment of manufacturing workers, especially if they 
work in manufacturing and reside in the East North Central 
census division.

To conclude this section, we generated the predicted ENC 
employment rates by race and age based on the actual 
change in robot intensities from 2009 to 2017. For example, 
we created an estimate of the youth employment-to-
population ratio assuming that robot intensity was the only 
source of change from 2009 to 2017. We then compared it 
to what actually happened to the youth employment-to-
population ratio. Table 4 presents the predictions. For less-
educated ENC youth, their employment-to-population ratio 
actually increases from approximately 34.0 percent to around 
45.5 percent. If robot intensity was the only source of change 
between 2009 and 2017, the employment-to-population 
ratio of ENC youth would have fallen to approximately 
30.0 percent. (See Figure 8.) Robotic growth has its biggest 
negative impact on young, less-educated ENC black 
men and women. These men and women started at lower 
employment rates and they would have experienced the 

FIGURE 9
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largest increases in employment if robotic growth was not as 
strong. While the employment prospects of less-educated 
ENC youth were still quite low relative to prime-age workers 
in 2017, the economic expansion was strong enough such 
that they experienced a net improvement in employment 
prospects during that time period.

The implication of these findings is that, if manufacturing 
growth during the expansion had not relied so heavily on 
robots, there would be more jobs in particular for minorities, 
as described in Table 4 and Figure 9, which shows that 
employment rates of young, less-educated minority workers 
in the East North Central division have been depressed by 
automation. Robots have a particular impact on repetitive 
production jobs, such as machine operators, that have 
provided a source of good pay for young adult minorities 
in the industrial heartland. Our model indicates that this 
impact was large enough to decrease employment among 
these workers who have limited alternative opportunities, 
as evident by their already low employment-population 
ratios. Fortunately, the overall economic expansion was 
large enough to offset the job losses associated with robot 
adoption. Still, the employment levels of young, less-
educated workers in the Rust Belt are far lower than other 
groups and robots appear to be having an impact.

It is worth noting that the use of robots contributes to the 
productivity and competitiveness of the economy and 
manufacturing sector, and the sector’s ability to increase 
output even as factory employment has not increased as 
much as it had in past cycles.26 For those workers that remain, 
industrial robots may actually be saving jobs—as robots 
make it possible for firms to competitively produce in the 
United States and compete with low-wage nations such as 
Mexico. This effect is not captured in our model and is an 
important caveat to the results.27

Conclusions

With respect to the employment displacement effects of 
industrial robots, it is unclear as to whether adoption will 
accelerate in the East North Central division’s manufacturing 
sector and spread to other census divisions and industries; 

however, past experience and current research suggests 
the transformation that has been going on for decades will 
continue.28 During periods of previous adoption and diffusion 
of technology, numerous prominent policymakers, leaders, 
and economists predicted that the new technology was going 
to create widespread and crushing job displacement.29 Yet, 
there is little evidence to support this claim.

However, if the impact of robots is similar to the introduction 
of previous technologies, as shown in this report, there 
are “winners” and “losers.” Depending on the size of the 
individual and societal impacts, policymakers and employers 
may need to proactively work to ensure that they can find 
the skilled workers needed to operate and maintain these 
robots. Communities may need to provide education and 
training opportunities for new jobs and occupations that are 
created as a result of the robot technology. More importantly, 
policymakers, unions, employers, and nonprofit social 
service organizations will need to assist workers, especially 
young minority and women workers that get displaced. This 
is important because, even though there is no recession on 
the horizon, economic growth has begun to slow, meaning 
the ability of a “rising tide” to offset the negative aspects of 
robots will diminish.

Finally, the experiences of young Midwestern minority and 
women workers, employers, and their communities can help 
other parts of the country prepare for and minimize the 
economic, social, and cultural adjustment costs associated 
with the introduction and diffusion of robots. For example, 
The Century Foundation’s recent work on reinvigorating 
Chicago’s manufacturing sector and expanding economic 
opportunities of the city’s African-American and Latinx 
residents provides an excellent framework and outlines a 
series of actions that help employers find skilled workers and 
provide opportunity for the region’s minority residence.30 
First, they propose the creation of public–private 
partnerships that support technological innovation in new 
products and increased efficiency of existing firms. Second, 
they propose the development of proactive initiatives 
that have the goal of retaining, reshoring, and revitalizing 
sustainable manufacturing jobs. Third, they promote capital 
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TABLE 1

Summary Statistics on by Age, Race, Gender, and Ethnicity of Metropolitan Area 
Robot Intensity, 2004 to 2017 (Robots per Thousand Workers)

U.S. African American Latinx

Women Men Women Men Women Men

Year Youth Adult Youth Adult Youth Adult Youth Adult Youth Adult Youth Adult

2004 0.451 0.448 0.453 0.453 0.484 0.530 0.529 0.509 0.507 0.495 0.508 0.533

2005 0.527 0.523 0.537 0.526 0.575 0.619 0.588 0.588 0.582 0.565 0.575 0.595

2006 0.599 0.583 0.594 0.586 0.672 0.668 0.659 0.646 0.653 0.637 0.655 0.660

2007 0.666 0.650 0.674 0.658 0.773 0.747 0.744 0.737 0.716 0.733 0.743 0.749

2008 0.725 0.710 0.728 0.711 0.829 0.814 0.797 0.798 0.814 0.808 0.852 0.816

2009 0.759 0.747 0.764 0.757 0.825 0.822 0.850 0.817 0.851 0.845 0.841 0.862

2010 0.838 0.811 0.836 0.822 1.002 0.917 0.930 0.897 0.908 0.896 0.882 0.931

2011 0.899 0.883 0.896 0.896 1.089 0.992 1.065 0.959 0.989 0.977 0.966 1.013

2012 0.965 0.966 0.960 0.960 1.091 1.084 1.059 1.049 1.087 1.065 1.021 1.100

2013 1.077 1.067 1.075 1.075 1.240 1.198 1.190 1.197 1.302 1.181 1.174 1.199

2014 1.267 1.244 1.299 1.299 1.345 .3441 1.354 1.349 1.524 1.443 1.508 1.482

2015 1.564 1.530 1.557 1.557 1.567 1.517 1.509 1.511 1.988 1.936 1.946 2.005

2016 1.803 1.804 1.838 1.838 1.537 1.731 1.749 1.673 2.346 2.331 2.372 2.333

2017 1.810 1.792 1.824 1.824 1.619 1.686 1.667 1.675 2.364 2.313 2.375 2.339
Notes: The entries are annual averages of MSA-level estimates of robot intensity for respondents with a particular characteristic. Similar to the 
metropolitan area unemployment rate, the area Robot intensity measure is linked to an individual’s micro data. We construct the intensity estimate 
as follows. MSA-level robot intensity for MSA i in year t is adapted from the commuter-based measure in Acemoglu and Restrepo (2017). MSA i’s 
exposure in year t is written as follows:

MSA’s exposure to robots in year t=∑lsi 2000  (RU Si,t⁄LU Si,t)

                                                                       i   I  

Where lsi 2000  corresponds to the 2000 share of MSA s employment in industry i, which we construct from the 2000 MORG files of the CPS. 
The term RU Si,t is the ith industry’s robot intensity in year t at the U.S. level. This data comes from the IFR stock data base. The LU Si,t denotes at 
the national level, the ith industry’s total employment in year t.
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TABLE 2

Summary Statistics on U.S. Metropolitan Area Robot Intensity, 2004 to 2017 
(Robots per Thousand Workers)

Panel A: Selected Characteristics
Year All 

Industries
Private 
Sector

Right-to-
Work

Less 
Educated 
and Not 
Enrolled

ENC WNC Middle-
Atlantic

Highly 
Unionized

Manufacturing 
Only

2004 0.451 0.461 0.328 0.451 1.188 0.369 0.325 0.407 0.495

2005 0.526 0.534 0.388 0.514 1.368 0.415 0.385 0.457 0.570

2006 0.587 0.595 0.437 0.577 1.515 0.460 0.427 0.503 0.633

2007 0.657 0.670 0.491 0.652 1.702 0.517 0.478 0.559 0.728

2008 0.713 0.727 0.534 0.711 1.852 0.565 0.520 0.549 0.777

2009 0.754 0.766 0.565 0.741 1.970 0.596 0.544 1.792 0.813

2010 0.820 0.835 0.625 0.810 2.125 0.651 0.593 0.523 0.893

2011 0.891 0.909 0.693 0.871 2.295 0.697 0.647 0.730 0.989

2012 0.969 0.991 0.763 0.939 2.507 0.770 0.706 0.502 1.066

2013 1.073 1.100 0.931 1.047 2.756 0.867 0.777 0.583 1.186

2014 1.253 1.280 1.031 1.235 3.032 0.955 0.838 0.376 1.420

2015 1.545 1.573 1.083 1.534 3.290 1.076 0.866 0.357 1.733

2016 1.811 1.836 1.213 1.789 3.579 1.194 0.948 0.717 1.984

2017 1.805 1.825 1.779 3.583 1.208 0.941 1.805 1.974

Notes: The entries are annual averages of MSA-level estimates of robot intensity for respondents with a particular characteristic. Similar to the 
metropolitan area unemployment rate, the area Robot intensity measure is linked to an individual’s micro data. We construct the intensity estimate 
as follows. MSA-level robot intensity for MSA i in year t is adapted from the commuter-based measure in Acemoglu and Restrepo (2017). MSA i’s 
exposure in year t is written as follows:

MSA’s exposure to robots in year t=∑lsi 2000  (RU Si,t⁄LU Si,t)

                                                                       i   I  

Where lsi 2000  corresponds to the 2000 share of MSA s employment in industry i, which we construct from the 2000 MORG files of the CPS. 
The term RU Si,t is the ith industry’s robot intensity in year t at the U.S. level. This data comes from the IFR stock data base. The LU Si,t denotes at 
the national level, the ith industry’s total employment in year t.
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TABLE 2 CONTINUED

Summary Statistics on Regional Manufacturing Metropolitan Area Robot Intensity, 
2004 to 2017 (Robots per Thousand Workers)

Panel B: Manufactring Only

Manufacturing Only

Year U.S. Manufacturing 
Only

ENC WNC Middle-Atlantic

2004 0.495 1.050 0.385 0.302

2005 0.570 1.166 0.425 0.373

2006 0.633 1.276 0.472 0.397
2007 0.728 1.454 0.525 0.439
2008 0.777 1.559 0.564 0.484
2009 0.813 1.730 0.601 0.501
2010 0.893 1.934 0.665 0.543
2011 0.989 2.061 0.729 0.577
2012 1.066 2.190 0.795 0.639
2013 1.186 2.410 0.898 0.705
2014 1.420 2.658 0.966 0.797
2015 1.733 2.786 1.113 0.818
2016 1.984 3.055 1.290 0.849
2017 1.974 3.169 1.209 0.883

Notes: The entries are annual averages of MSA-level estimates of robot intensity for respondents with a particular characteristic. Similar to the 
metropolitan area unemployment rate, the area Robot intensity measure is linked to an individual’s micro data. We construct the intensity estimate 
as follows. MSA-level robot intensity for MSA i in year t is adapted from the commuter-based measure in Acemoglu and Restrepo (2017). MSA i’s 
exposure in year t is written as follows:

MSA’s exposure to robots in year t=∑lsi 2000  (RU Si,t⁄LU Si,t)

                                                                       i   I  

Where lsi 2000  corresponds to the 2000 share of MSA s employment in industry i, which we construct from the 2000 MORG files of the CPS. 
The term RU Si,t is the ith industry’s robot intensity in year t at the U.S. level. This data comes from the IFR stock data base. The LU Si,t denotes at 
the national level, the ith industry’s total employment in year t.
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TABLE 3

Instrumental Variable and Fixed Effect Employment and Wage Models

Panel A: Employment

All Manufacturing Only

Men Women ENC Men and 
Women

Men Women ENC Men and 
Women

Young Less Educated

Robot intensity 0.012a 0.003 -0.002 -0.013 -0.074 -0.035a

(0.003) (0.003) (0.004) (0.013) (0.048) (0.013)
Area 
unemployment 
rate

-0.014a -0.007a -0.013a -0.030a -0.007 -0.006

(0.002) (0.002) (0.004) (0.008) (0.015) (0.018)
African 
American

-0.149a -0.114a -0.151a -0.071a -0.145a -0.109c

(0.007) (0.007) (0.010) (0.027) (0.050) (0.066)
Latinx -0.005 -0.045a -0.007 0.005 -0.011 0.054

(0.007) (0.005) (0.011) (0.019) (0.037) (0.056)

Young, Less-Educated Black and Latinx

Robot intensity 0.020a 0.002 -0.010 -0.009 -0.051 -0.037

(0.004) (0.004) (0.007) (0.024) (0.072) (0.025)

Area 
unemployment 
rate

-0.017a -0.005c -0.002 -0.031a 0.007 0.014

(0.003) (0.003) (0.007) (0.012) (0.025) (0.044)

African 
American

-0.136a -0.064a -0.135a -0.103a -0.176a -0.133

(0.010) (0.009) (0.012) (0.036) (0.057) (0.090)

All Less Educated Adult

Robot intensity 0.001 0.010a 0.001 -0.002 -0.010a 0.001

(0.002) (0.002) (0.002) (0.004) (0.004) (0.005)

Area 
unemployment 
rate

-0.013a -0.002 -0.007b -0.018a -0.010a -0.032a

(0.001) (0.001) (0.004) (0.002) (0.004) (0.005)

African 
American

-0.119a -0.042a -0.093a -0.069a -0.038a -0.077a

(0.006) (0.010) (0.008) (0.008) (0.011) (0.009)

Latinx 0.012b 0.007 0.039a -0.006 0.003 0.000

(0.006) (0.008) (0.012) (0.006) (0.011) (0.007)
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Adult, Less-Educated Black and Latinx

Robot intensity 0.003 0.014a 0.001 0.002 -0.016a 0.006

(0.003) (0.004) (0.004) (0.004) (0.005) (0.010)

Area 
unemployment 
rate

-0.011a -0.006a -0.003 -0.014a -0.013c -0.027a

(0.002) (0.002) (0.006) (0.004) (0.008) (0.008)

African 
American

-0.111a -0.047a -0.107a -0.045a -0.040a -0.055a

(0.009) (0.017) (0.010) (0.013) (0.014) (0.017)
Notes: Calculated from the U.S. Bureau of the Census Current Population Survey’s Annual Merged Outgoing Rotation Group files, 2004 to 2017. 
The entries are coefficients from linear probability models which include year and MSA dummy variables, dummy variables for race and ethnicity, 
whether the respondent lives in a Right-to-Work state, their age, marital and veteran status and educational attainment, whether the live in an 
urban, suburban or rural area, whether the respondent is foreign born and a U.S. citizen, and the Metropolitan area’s percent of employment that is 
in manufacturing.31 Robust standard errors are in parentheses. a 1 percent level of significance. b 5 percent level of significance. c 10 percent level of 
significance.

TABLE 3 CONTINUED
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TABLE 3 CONTINUED

 Instrumental Variable and Fixed Effect Employment and Wage Models

Panel B: Wages

All Manufacturing Only

Men Women ENC Men and 
Women

Men Women ENC Men and 
Women

Young, Less-Educated

Robot intensity 0.006 0.020a -0.001 0.001 0.018 -0.041a

(0.005) (0.005) (0.005) (0.036) (0.035) (0.013)

Area 
unemployment 
rate

-0.008a -0.009a -0.002 -0.011 -0.018 0.016

(0.003) (0.003) (0.008) (0.008) (0.012) (0.019)
African 
American

-0.084a -0.009c -0.053a -0.057a -0.109a -0.093a

(0.005) (0.005) (0.010) (0.021) (0.040) (0.033)
Latinx -0.023a 0.006 -0.002 -0.039a 0.019 -0.015

(0.006) (0.006) (0.006) (0.019) (0.026) (0.032)

Young, Less-Educated Black and Latinx

Robot intensity 0.017a 0.025a 0.010 0.001 0.038 -0.050b

(0.007) (0.006) (0.008) (0.040) (0.040) (0.020)
Area 
unemployment 
rate

-0.005 -0.009a 0.007 -0.004 -0.007 0.051c

(0.004) (0.003) (0.009) (0.012) (0.017) (0.029)
African 
American

-0.057a -0.021b -0.067a -0.012 -0.119c -0.112a

(0.008) (0.009) (0.014) (0.029) (0.062) (0.052)

All Less-Educated Adult

Robot intensity -0.005 -0.006 -0.009a 0.007 -0.005 -0.002
(0.007) (0.006) (0.002) (0.007) (0.012) (0.005)

Area 
unemployment 
rate

-0.002 0.000 0.002 0.001 0.003 0.002

(0.002) (0.002) (0.004) (0.003) (0.005) (0.007)
African 
American

-0.211a -0.068a -0.148a -0.182a -0.106a -0.160a

(0.006) (0.005) (0.019) (0.013) (0.017) (0.028)
Latinx -0.097a -0.050a -0.050a -0.104a -0.105a -0.064a

(0.007) (0.006) (0.014) (0.011) (0.014) (0.018)
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TABLE 3 CONTINUED

Adult, Less-Educated Black and Latinx

Robot intensity 0.004 0.006 -0.006 0.015b -0.015 -0.011

(0.013) (0.011) (0.006) (0.007) (0.012) (0.011)
Area
unemployment 
rate

-0.007b -0.005b -0.002 -0.005 0.007 -0.003

(0.003) (0.003) (0.006) (0.005) (0.006) (0.013)
African 
American

-0.113a -0.016c -0.110a -0.093a 0.000 -0.122a

(0.007) (0.009) (0.018) (0.016) (0.027) (0.031)
Notes: Calculated from the U.S. Bureau of the Census Current Population Survey’s Annual Merged Outgoing Rotation Group files, 2004 to 2017. 
The entries are coefficients from linear probability models which include year and MSA dummy variables, dummy variables for race and ethnicity, 
whether the respondent lives in a Right-to-Work state, their age, marital and veteran status and educational attainment, whether the live in an 
urban, suburban or rural area, whether the respondent is foreign born and a U.S. citizen, and the Metropolitan area’s percent of employment that 
is in manufacturing. Robust standard errors are in parentheses. a 1 percent level of significance. b 5 percent level of significance. c 10 percent level of 
significance.
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Actual and Predicted Employment-Population Ratio

Actual 2009 Predicted 2017 due to 
change in robot intensity

Actual 2017

Young, Less-Educated Men
All 0.388 0.400 0.430
Black 0.239 0.254 0.357
Latinx 0.457 0.486 0.451

Adult, Less-Educated Women

All 0.568 0.578 0.564

Black 0.550 0.561 0.572
Latinx 0.500 0.521 0.531

Young, Less-Educated Women

All 0.347 0.271 0.385
Black 0.268 0.226 0.379
Latinx 0.333 0.262 0.360

Adult Women

All 0.568 0.557 0.564
Black 0.550 0.537 0.572
Latinx 0.500 0.476 0.531

ENC Young, Less-Educated

Men 0.356 0.302 0.463
Women 0.338 0.289 0.450
Black men 0.200 0.156 0.299
Latinx men 0.478 0.393 0.552
Black women 0.219 0.168 0.378
Latinx women 0.321 0.230 0.443
Notes: The first column corresponds to the actual 2009 employment-population ratio for a particular demographic group. The second column 
corresponds to the predicted 2017 employment-population ratio. It is constructed by creating the predicted change in employment associated 
with the actual change in robot intensity. This is done by taking the coefficients from the linear probability models and multiplying them by the 
actual change in robot intensity from 2009 to 2017. This product and the actual 2009 level are summed to create the 2016 predicted employ-
ment due to the associated increase in robot intensity. The third column is the actual 2017 employment-population ratio. For ease of interpreta-
tion the last three columns can be multiplied by 100.

TABLE 4 
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Robot Intensity in the Remaining Metropolitan Areas, 2004 to 2017
(Robots per Thousand Workers)

Instrumental Variables

Rank Metropolitan Area United States Germany Japan

Metro Area Unweighted Average 0.340 0.267 1.393

Metro Area Unweighted Median 0.183 0.136 0.305

1 Los Angeles-Long Beach-Santa Ana, CA 6.910 5.442 13.285

2 Chicago-Naperville-Joliet, IL 6.015 4.544 11.106

3 Houston-Baytown-Sugar Land, TX 3.375 3.305 8.081

4 Phoenix-Mesa-Scottsdale, AZ 2.163 1.804 4.909

5 Detroit-Warren-Dearborn, MI 1.700 1.387 3.721

6 Milwaukee-Waukesha-West Allis, WI 1.629 1.297 3.258

7 Philadelphia-Camden-Wilmington, PA-NJ-DE-MD 1.505 1.127 2.582

8 San Jose-Sunnyvale-Santa Clara, CA 1.438 1.162 2.899

9 Indianapolis, IN 1.434 1.139 3.020

10 Cleveland-Elyria, OH 1.289 1.067 2.546

11 Sarasota-Bradenton-Venice, FL 1.214 0.914 2.262

12 Minneapolis-St. Paul-Bloomington, MN-WI 1.177 0.913 2.533

13 Charlotte-Gastonia-Concord, NC-SC 1.172 0.852 2.494
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Instrumental Variables

Rank Metropolitan Area United States Germany Japan

14 Portland-Vancouver-Beaverton, OR-WA 1.046 0.860 2.170

15 Riverside-San Bernardino-Ontario, CA 1.042 0.847 2.600

16 Columbus, OH 1.031 0.719 2.081

17 San Antonio, TX 0.952 0.778 1.982

18 San Diego-Carlsbad-San Marcos, CA 0.950 0.763 2.262

19 Seattle-Tacoma-Bellevue, WA 0.821 0.654 1.796

20 Denver-Aurora, CO 0.817 0.643 1.777

21 Dallas-Fort Worth-Arlington, TX 0.796 0.632 1.804

22 Nashville-Davidson--Murfreesboro, TN 0.761 0.567 1.903

23 Jacksonville, FL 0.744 0.536 1.398

24 Baltimore-Towson, MD 0.738 0.566 1.236

25 Tulsa, OK 0.738 0.675 1.795

26 Toledo, OH 0.721 0.570 1.730

27 Elkhart-Goshen, IN 0.704 0.602 1.653

28 Fort Wayne, IN 0.676 0.552 1.666

29 Greensboro-High Point, NC 0.664 0.608 1.853

30 Akron, OH 0.650 0.476 1.732

31 Oklahoma City, OK 0.646 0.490 1.677

32 Fayetteville-Springdale-Rogers, AR-MO 0.609 0.327 0.700

33 Rockford, IL 0.596 0.521 1.390

34 Birmingham-Hoover, AL 0.593 0.463 1.067

35 Buffalo-Niagara Falls, NY 0.593 0.413 1.150

36 Canton-Massillon, OH 0.564 0.439 1.086

37 Allentown-Bethlehem-Easton, PA-NJ 0.523 0.367 0.983

38 El Paso, TX 0.521 0.417 1.344

39 Atlanta-Sandy Springs-Marietta, GA 0.514 0.345 0.943

40 New Orleans-Metairie-Kenner, LA 0.510 0.457 1.023

41 Fresno, CA 0.500 0.320 0.884

42 Amarillo, TX 0.490 0.307 0.654

43 South Bend-Mishawaka, IN-MI 0.489 0.415 1.184
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Instrumental Variables

Rank Metropolitan Area United States Germany Japan

44 Austin-Round Rock, TX 0.477 0.381 1.064

45 Wichita, KS 0.473 0.456 1.267

46 Modesto, CA 0.447 0.251 0.639

47 Sacramento--Arden-Arcade--Roseville, CA 0.439 0.343 0.856

48 San Francisco-Oakland-Fremont, CA 0.437 0.294 0.677

49 Louisville, KY-IN 0.432 0.314 0.860

50 Green Bay, WI 0.383 0.309 0.661

51 Erie, PA 0.377 0.297 0.918

52 Kennewick-Richland-Pasco, WA 0.376 0.207 0.312

53 Winston-Salem, NC 0.374 0.250 0.681

54 Rochester, NY 0.364 0.301 1.354

55 Oxnard-Thousand Oaks-Ventura, CA 0.360 0.271 0.801

56 Stockton, CA 0.357 0.257 0.676

57 Colorado Springs, CO 0.353 0.297 0.742

58 Des Moines, IA 0.345 0.202 0.697

59 Corpus Christi, TX 0.345 0.473 0.896

60 Fort Smith, AR-OK 0.344 0.213 0.608

61 Tucson, AZ 0.343 0.282 0.858

62 Pittsburgh, PA 0.342 0.259 0.598

63 Evansville, IN-KY 0.339 0.244 0.789

64 Boise City-Nampa, ID 0.339 0.251 0.698

65 Boston-Cambridge-Nashua, MA-NH 0.339 0.267 0.669

66 Reading, PA 0.334 0.233 0.530

67 Beaumont-Port Arthur, TX 0.327 0.405 0.831

68 Eugene-Springfield, OR 0.326 0.313 0.938

69 Grand Rapids-Wyoming, MI 0.325 0.286 0.948

70 Las Vegas-Paradise, NV 0.320 0.240 0.683

71 Madison, WI 0.317 0.209 0.588

72 Hickory-Lenoir-Morganton, NC 0.315 0.347 1.164
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Instrumental Variables

Rank Metropolitan Area United States Germany Japan

73 Racine, WI 0.309 0.252 0.739

74 Vallejo-Fairfield, CA 0.308 0.286 0.657

75 Waterloo-Cedar Falls, IA 0.307 0.236 0.957

76 Worcester, MA-CT 0.304 0.235 0.764

77 Shreveport-Bossier City, LA 0.303 0.272 0.754

78 Waterbury, CT 0.302 0.266 0.615

79 Spokane, WA 0.299 0.256 0.632

80 Bridgeport-Stamford-Norwalk, CT 0.298 0.237 0.756

81 Miami-Fort Lauderdale-West Palm Beach, FL 0.294 0.226 0.636

82 Little Rock-North Little Rock, AR 0.292 0.214 0.547

83 Vineland-Millville-Bridgeton, NJ 0.286 0.138 0.714

84 Cedar Rapids, IA 0.286 0.189 0.503

85 Baton Rouge, LA 0.284 0.272 0.604

86 Albuquerque, NM 0.283 0.219 0.639

87 College Station-Bryan, TX 0.282 0.214 0.429

88 Scranton--Wilkes-Barre--Hazleton, PA 0.280 0.194 0.584

89 Tampa-St. Petersburg-Clearwater, FL 0.280 0.198 0.518

90 Davenport-Moline-Rock Island, IA-IL 0.274 0.220 0.746

91 Raleigh, NC 0.273 0.197 0.514

92 Michigan City-La Porte, IN 0.272 0.240 0.625

93 Lexington-Fayette, KY 0.268 0.229 0.793

94 Decatur, IL 0.267 0.176 0.647

95 Sioux Falls, SD 0.261 0.158 0.460

96 Santa Rosa-Petaluma, CA 0.260 0.164 0.520

97 Lafayette-West Lafayette, IN 0.257 0.213 0.579

98 Dayton, OH 0.257 0.225 0.628

99 Urban Honolulu, HI 0.257 0.158 0.289

100 Springfield, MO 0.253 0.167 0.488

101 Odessa, TX 0.251 0.206 0.544
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Instrumental Variables

Rank Metropolitan Area United States Germany Japan

102 Hartford-West Hartford-East Hartford, CT 0.246 0.216 0.606

103 Wichita Falls, TX 0.245 0.164 0.586

104 Salem, OR 0.243 0.184 0.462

105 Sherman-Denison, TX 0.241 0.175 0.425

106 Providence-Warwick, RI-MA 0.238 0.199 0.513

107 Fort Collins-Loveland, CO 0.235 0.171 0.511

108 Springfield, MA-CT 0.233 0.199 0.500

109 Florence-Muscle Shoals, AL 0.231 0.185 0.393

110 Richmond, VA 0.231 0.157 0.362

111 Mobile, AL 0.231 0.213 0.508

112 Tyler, TX 0.229 0.175 0.640

113 Augusta-Richmond County, GA-SC 0.228 0.172 0.420

114 Lancaster, PA 0.226 0.146 0.421

115 Montgomery, AL 0.223 0.163 0.431

116 York-Hanover, PA 0.223 0.176 0.484

117 Reno-Sparks, NV 0.220 0.171 0.572

118 Knoxville, TN 0.213 0.160 0.416

119 Salt Lake City, UT 0.209 0.168 0.471

120 Napa, CA 0.205 0.105 0.235

121 Lubbock, TX 0.205 0.152 0.464

122 Topeka, KS 0.198 0.106 0.364

123 Lincoln, NE 0.197 0.143 0.582

124 Longview, TX 0.196 0.161 0.402

125 Bakersfield, CA 0.193 0.184 0.429

126 Waco, TX 0.192 0.137 0.413

127 Syracuse, NY 0.192 0.155 0.441

128 Battle Creek, MI 0.190 0.116 0.253

129 Abilene, TX 0.187 0.134 0.282

130 Lansing-East Lansing, MI 0.187 0.153 0.398

131 Greeley, CO 0.184 0.101 0.254
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Instrumental Variables

Rank Metropolitan Area United States Germany Japan

132 Durham, NC 0.182 0.132 0.328

133 Oshkosh-Neenah, WI 0.181 0.158 0.507

134 Jackson, MS 0.179 0.130 0.365

135 Visalia-Porterville, CA 0.178 0.117 0.292

136 Decatur, AL 0.178 0.131 0.340

137 Huntsville, AL 0.175 0.128 0.418

138 Roanoke, VA 0.173 0.141 0.452

139 Peoria, IL 0.167 0.168 0.899

140 Janesville, WI 0.167 0.125 0.425

141 Leominster-Gardner, MA 0.167 0.127 0.501

142 Kingsport-Bristol-Bristol, TN-VA 0.164 0.114 0.349

143 Provo-Orem, UT 0.159 0.125 0.292

144 Killeen-Temple-Fort Hood, TX 0.158 0.116 0.541

145 Appleton, WI 0.157 0.174 0.431

146 Springfield, OH 0.157 0.127 0.342

147 Charleston-North Charleston, SC 0.156 0.134 0.349

148 Brownsville-Harlingen, TX 0.154 0.115 0.316

149 Ogden-Clearfield, UT 0.154 0.114 0.276

150 Kalamazoo-Portage, MI 0.153 0.109 0.336

151 Fayetteville, NC 0.148 0.101 0.350

152 Albany-Schenectady-Troy, NY 0.148 0.110 0.372

153 Anniston-Oxford, AL 0.147 0.125 0.259

154 Wausau, WI 0.144 0.144 0.370

155 Deltona-Daytona Beach-Ormond Beach, FL 0.143 0.116 0.288

156 Flint, MI 0.142 0.109 0.349

157 Santa Cruz-Watsonville, CA 0.141 0.073 0.175

158 Victoria, TX 0.140 0.089 0.305

159 Lynchburg, VA 0.134 0.119 0.316

160 Jackson, MI 0.134 0.112 0.295

161 Palm Bay-Melbourne-Titusville, FL 0.133 0.111 0.304
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Instrumental Variables

Rank Metropolitan Area United States Germany Japan

162 Bowling Green, KY 0.133 0.110 0.320

163 Terre Haute, IN 0.132 0.099 0.268

164 New Haven, CT 0.128 0.109 0.253

165 Cleveland, TN 0.128 0.099 0.226

166 Orlando, FL 0.124 0.082 0.259

167 Salinas, CA 0.124 0.077 0.188

168 Auburn-Opelika, AL 0.123 0.085 0.347

169 Pueblo, CO 0.121 0.101 0.314

170 Burlington, NC 0.118 0.083 0.270

171 Port St. Lucie-Fort Pierce, FL 0.118 0.083 0.241

172 Albany, GA 0.118 0.067 0.187

173 Joplin, MO 0.117 0.099 0.226

174 Bloomington, IL 0.116 0.073 0.199

175 Manchester, NH 0.115 0.094 0.337

176 Champaign-Urbana, IL 0.113 0.077 0.234

177 Lakeland, FL 0.111 0.071 0.197

178 Trenton-Ewing, NJ 0.111 0.080 0.273

179 Williamsport, PA 0.110 0.097 0.219

180 McAllen-Edinburg-Pharr, TX 0.108 0.086 0.214

181 Chambersburg-Waynesboro, PA 0.108 0.075 0.295

182 Tuscaloosa, AL 0.106 0.087 0.242

183 St. Cloud, MN 0.105 0.089 0.255

184 Yakima, WA 0.104 0.074 0.253

185 Savannah, GA 0.104 0.085 0.174

186 Eau Claire, WI 0.103 0.085 0.244

187 Idaho Falls, ID 0.100 0.061 0.143

188 Medford, OR 0.098 0.093 0.277

189 Lawton, OK 0.095 0.047 0.313

190 Mount Vernon-Anacortes, WA 0.094 0.102 0.206

191 Lake Charles, LA 0.094 0.119 0.250
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Instrumental Variables

Rank Metropolitan Area United States Germany Japan

192 Hanford-Corcoran, CA 0.093 0.047 0.131

193 Columbia, SC 0.092 0.070 0.182

194 Redding, CA 0.090 0.076 0.222

195 Johnson City, TN 0.089 0.073 0.219

196 Saginaw, MI 0.088 0.069 0.177

197 Merced, CA 0.084 0.040 0.092

198 Greenville, NC 0.082 0.063 0.202

199 Gulfport-Biloxi, MS 0.081 0.063 0.168

200 Washington-Arlington-Alexandria, DC-VA-MD-WV 0.081 0.075 0.124

201 Niles-Benton Harbor, MI 0.080 0.064 0.212

202 Springfield, IL 0.080 0.062 0.180

203 Altoona, PA 0.079 0.063 0.142

204 Greenville-Anderson-Mauldin, SC 0.079 0.059 0.264

205 Asheville, NC 0.077 0.061 0.232

206 Ann Arbor, MI 0.077 0.064 0.166

207 Portland-South Portland, ME 0.076 0.052 0.133

208 Lafayette, LA 0.076 0.065 0.162

209 New Bedford, MA 0.074 0.054 0.202

210 Utica-Rome, NY 0.074 0.055 0.158

211 Harrisburg-Carlisle, PA 0.072 0.048 0.147

212 Pensacola-Ferry Pass-Brent, FL 0.071 0.058 0.144

213 Salisbury, MD-DE 0.071 0.035 0.081

214 Duluth, MN-WI 0.070 0.059 0.149

215 Norwich-New London CT-RI (RI portion recoded to 
Providence NECTA)

0.068 0.051 0.129

216 Kahului-Wailuku-Lahaina, HI 0.066 0.030 0.046

217 Cape Coral-Fort Myers, FL 0.066 0.055 0.180

218 Hagerstown-Martinsburg, MD-WV 0.066 0.050 0.165

219 Spartanburg, SC 0.065 0.045 0.183

220 Boulder, CO 0.064 0.046 0.123

221 Bellingham, WA 0.060 0.070 0.162
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Instrumental Variables

Rank Metropolitan Area United States Germany Japan

222 Charleston, WV 0.059 0.042 0.092

223 Kankakee-Bradley, IL 0.059 0.039 0.130

224 Chico, CA 0.058 0.044 0.116

225 Laredo, TX 0.057 0.042 0.114

226 Yuma, AZ 0.056 0.038 0.100

227 Madera, CA 0.055 0.036 0.141

228 Midland, TX 0.055 0.059 0.165

229 Panama City-Lynn Haven, FL 0.054 0.048 0.111

230 St. George, UT 0.052 0.043 0.100

231 Binghamton, NY 0.052 0.043 0.125

232 Anchorage, AK 0.051 0.044 0.104

233 Coeur d'Alene, ID 0.051 0.051 0.160

234 Burlington-South Burlington, VT 0.051 0.033 0.078

235 Las Cruces, NM 0.050 0.042 0.092

236 Ocala, FL 0.046 0.044 0.156

237 Prescott, AZ 0.046 0.041 0.091

238 Bloomington, IN 0.044 0.040 0.107

239 Tallahassee, FL 0.040 0.040 0.082

240 Monroe, LA 0.039 0.037 0.108

241 Santa Fe, NM 0.036 0.030 0.075

242 Gainesville, FL 0.035 0.034 0.074

243 Dover, DE 0.034 0.027 0.061

244 Johnstown, PA 0.034 0.030 0.062

245 Myrtle Beach-Conway-North Myrtle Beach, 0.034 0.027 0.083

246 Wilmington, NC 0.034 0.027 0.086

247 San Luis Obispo-Paso Robles, CA 0.033 0.022 0.054

248 Olympia, WA 0.032 0.027 0.085

249 Watertown-Fort Drum, NY 0.026 0.020 0.047

250 Morgantown, WV 0.024 0.019 0.036

251 Yuba City, CA 0.023 0.015 0.047
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Rank Metropolitan Area United States Germany Japan

252 East Stroudsburg, PA 0.023 0.019 0.032

253 Charlottesville, VA 0.022 0.019 0.046

254 Kingston, NY 0.020 0.016 0.046

255 Glens Falls, NY 0.019 0.018 0.043

256 Barnstable Town, MA 0.019 0.014 0.062

257 El Centro, CA 0.017 0.013 0.036

258 Bangor, ME 0.015 0.016 0.042

259 Bremerton-Silverdale, WA 0.015 0.013 0.037

260 Atlantic City, NJ 0.014 0.007 0.030

261 Naples-Marco Island, FL  A 0.013 0.013 0.038

262 Punta Gorda, FL 0.002 0.002 0.005

Notes: The entries are annual averages of MSA-level estimates of robot intensity. We construct the intensity estimate as follows. 
The robot intensity for MSA i in year t is adapted from the 

commuter-based measure in Acemoglu and Restrepo (2017). MSA i’s exposure in year t is written as follows:

MSA’s exposure to robots in year t=
                                                                                          

        
 

Where corresponds to the 2000 share of MSA s employment in industry i, which we construct from the 2000 MORG files of the 
CPS. The term is the ith industry’s robot intensity in year t at the U.S. level. This data comes from the IFR stock data base. 

The denotes at the national level, the ith industry’s total employment in year t.
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Young, Less-Educated Black and Latinx

Robot Intensity -0.004 0.019 -0.004 0.020 0.007 -0.004 0.006 -0.009

(0.002) (0.004) (0.002) (0.004) (0.004) (0.022) (0.005) (0.024)

Area employment rate -0.015 -0.017 -0.015 -0.017 -0.015 -0.031 -0.015 -0.031

(0.002) (0.003) (0.002) (0.003) (0.008) (0.013) (0.008) (0.012)

African American -0.121 -0.136 -0.121 -0.136 -0.070 -0.103 -0.071 -0.103

(0.008) (0.010) (0.008) (0.010) (0.031) (0.039) (0.031) (0.036)

All Less-Educated Adult

Robot Intensity (0.002) 0.001 0.002 0.001 0.004 -0.002 0.004 -0.002

(0.001) (0.002) (0.002) (0.002) (0.001) (0.004) (0.001) (0.004)

Area unemployment rate -0.015 -0.013 -0.015 -0.013 -0.012 -0.018 -0.012 -0.018

(0.001) (0.002) (0.002) (0.001) (0.002) (0.002) (0.002) (0.002)

African American -0.115 -0.019 -0.015 -0.019 -0.062 -0.069 -0.062 -0.069

(0.005) (0.006) (0.005) (0.006) (0.008) (0.008) (0.008) (0.008)

Latinx 0.014 0.012 0.014 0.012 -0.001 -0.006 -0.001 -0.006

(0.006) (0.006) (0.006) (0.006) (0.006) (0.006) (0.006) (0.006)

APPENDIX TABLE 2

 Impact of Robot Intensity on Employment
Panel A: Men

All Manufacturing Only

OLS IV FE IV-FE OLS IV FE IV-FE

Young, Less- Educated

Robot Intensity -0.005 0.011 -0.005 0.012 0.004 -0.011 0.004 -0.013

(0.002) (0.002) (0.002) (0.003) (0.003) (0.012) (0.003) (0.013)

Area employment rate -0.018 -0.014 -0.018 -0.014 -0.017 -0.030 -0.017 -0.030

(0.002) (0.002) (0.002) (0.002) (0.004) (0.008) (0.004) (0.008)

African American -0.155 -0.149 -0.155 -0.149 -0.070 -0.071 -0.070 -0.071

(0.006) (0.007) (0.006) (0.007) (0.027) (0.028) (0.027) (0.027)

Latinx -0.020 -0.005 -0.020 -0.005 0.003 0.005 0.003 0.005

(0.007) (0.007) (0.007) (0.007) (0.017) (0.019) (0.016) (0.019)



APPENDIX TABLE 2 CONTINUED

All Manufacturing Only

OLS IV FE IV-FE OLS IV FE IV-FE

Adult, Less- Educated Black and Latinx

Robot Intensity 0.004 0.002 0.005 0.003 0.005 0.002 0.005 0.002

(0.002) (0.002) (0.002) (0.003) (0.001) (0.004) (0.001) (0.004)

Area unemployment rate -0.011 -0.011 -0.011 -0.011 -0.011 -0.014 -0.011 -0.014

(0.002) (0.002) (0.002) (0.002) (0.003) (0.004) (0.003) (0.004)

African American -0.017 -0.111 -0.017 -0.111 -0.055 -0.045 -0.055 -0.045

(0.008) (0.009) (0.008) (0.009) (0.010) (0.013) (0.010) (0.013)

Notes: Calculated from the U.S. Bureau of the Census Current Population Survey’s Annual Merged Outgoing Rotation Group files, 
2004 to 2017. The entries are coefficients from linear probability models which include year and MSA dummy variables, dummy variables 
for race and ethnicity, whether the respondent lives in a Right-to-Work state, their age, marital and veteran status and educational attain-
ment, whether the live in an urban, suburban or rural area, whether the respondent is foreign born and a U.S. citizen, and the Metropolitan 
area’s percent of employment that is in manufacturing. Robust standard errors are in parentheses. a 1 percent level of significance. b 5 
percent level of significance. c 10 percent level of significance.

Panel B: Women

All Manufacturing Only

OLS IV FE IV-FE OLS IV FE IV-FE

Young, Less- Educated

Robot Intensity -0.007 0.003 -0.008 0.003 -0.001 -0.090 0.000 -0.074

(0.002) (0.003) (0.002) (0.003) (0.014) (0.045) (0.013) (0.048)

Area employment rate -0.018 -0.007 -0.018 -0.007 -0.012 -0.007 -0.012 -0.007

(0.003) (0.002) (0.003) (0.002) (0.007) (0.017) (0.007) (0.015)

African American -0.130 -0.114 -0.130 -0.114 -0.130 -0.145 -0.130 -0.145

(0.007) (0.007) (0.007) (0.007) (0.041) (0.055) (0.041) (0.050)

Latinx -0.062 -0.045 -0.061 -0.045 -0.014 -0.012 -0.015 -0.011

(0.005) (0.005) (0.005) (0.005) (0.036) (0.041) (0.035) (0.037)

Young, Less-Educated Black and Latinx

Robot intensity -0.008 0.002 -0.008 0.002 0.008 -0.072 0.008 -0.051

(0.001) (0.002) (0.002) (0.002) (0.010) (0.074) (0.009) (0.072)

Area unemployment rate -0.014 -0.005 -0.014 -0.005 -0.009 0.007 -0.009 0.007

(0.002) (0.003) (0.002) (0.003) (0.009) (0.029) (0.009) (0.025)

African American -0.062 -0.064 -0.062 -0.064 -0.097 -0.176 -0.096 -0.176

(0.007) (0.009) (0.007) (0.009) (0.039) (0.067) (0.038) (0.057)



APPENDIX TABLE 2 CONTINUED

All Manufacturing Only

OLS IV FE IV-FE OLS IV FE IV-FE

All Less- Educated Adult

Robot intensity -0.003 0.009 -0.003 0.010 0.002 -0.010 0.002 -0.010

(0.001) (0.002) (0.002) (0.002) (0.002) (0.004) (0.002) (0.004)

Area unemployment rate -0.013 -0.002 -0.013 -0.002 -0.014 -0.010 -0.014 -0.010

(0.002) (0.001) (0.002) (0.001) (0.002) (0.004) (0.002) (0.004)

African American -0.044 -0.042 -0.044 -0.042 -0.035 -0.038 -0.035 -0.038

(0.009) (0.010) (0.009) (0.010) (0.011) (0.011) (0.011) (0.011)

Latinx 0.000 0.007 0.000 0.007 0.004 0.003 0.004 0.003

(0.008) (0.008) (0.008) (0.008 (0.010) (0.011) (0.010) (0.011)

Adult, Less- Educated Black and Latinx

Robot Intensity -0.002 0.013 -0.003 0.014 0.003 -0.016 0.003 -0.016

(0.002) (0.003) (0.002) (0.004) (0.004) (0.005) (0.005) (0.005)

Area unemployment rate -0.012 -0.006 -0.012 -0.006 -0.017 -0.013 -0.017 -0.013

(0.002) (0.002) (0.002) (0.002) (0.003) (0.008) (0.003) (0.008)

African American -0.033 -0.047 -0.034 -0.047 -0.036 -0.040 -0.036 -0.040

(0.010) (0.017) (0.010) (0.017) (0.012) (0.015) (0.012) (0.014)

Notes: Calculated from the U.S. Bureau of the Census Current Population Survey’s Annual Merged Outgoing Rotation Group files, 2004 
to 2017. The entries are coefficients from linear probability models which include year and MSA dummy variables, dummy variables for 
race and ethnicity, whether the respondent lives in a Right-to-Work state, their age, marital and veteran status and educational attainment, 
whether the live in an urban, suburban or rural area, whether the respondent is foreign born and a U.S. citizen, and the Metropolitan area’s 
percent of employment that is in manufacturing. Robust standard errors are in parentheses. a 1 percent level of significance. b 5 percent 
level of significance. c 10 percent level of significance.

Panel C: East North Central Men and Women

All Manufacturing Only

OLS IV FE IV-FE OLS IV FE IV-FE

Young, Less- Educated

Robot Intensity -0.010 -0.002 -0.010 -0.002 -0.011 -0.036 -0.011 -0.035

(0.002) (0.004) (0.002) (0.004) (0.008) (0.013) (0.008) (0.013)

Area employment rate -0.022 -0.013 -0.022 -0.013 -0.003 -0.006 -0.003 -0.006

(0.005) (0.005) (0.005) (0.004) (0.011) (0.019) (0.011) (0.018)

African American -0.154 -0.151 -0.154 -0.151 -0.114 -0.109 -0.114 -0.109

(0.010) (0.010) (0.010) (0.010) (0.067) (0.069) (0.065) (0.066)



APPENDIX TABLE 2 CONTINUED

All Manufacturing Only

OLS IV FE IV-FE OLS IV FE IV-FE

Latinx -0.008 -0.007 -0.008 -0.007 0.044 0.054 0.043 0.054

(0.011) (0.011) (0.010) (0.011) (0.062) (0.059) (0.060) (0.056)

All Less- Educated Adult

Robot intensity 0.003 0.001 0.003 0.001 0.006 0.001 0.006 0.001

(0.001) (0.002) (0.001) (0.002) (0.002) (0.005) (0.002) (0.005)

Area unemployment rate -0.025 -0.007 -0.025 -0.007 -0.021 -0.032 -0.021 -0.032

(0.002) (0.004) (0.002) (0.004) (0.003) (0.005) (0.003) (0.005)

African American -0.098 -0.093 -0.098 -0.093 -0.073 -0.077 -0.073 -0.077

(0.007) (0.008) (0.007) (0.008) (0.010) (0.010) (0.010) (0.009)

Latinx 0.036 0.039 0.036 0.039 0.000 0.000 0.000 0.000

(0.012) (0.012) (0.012) (0.012) (0.007) (0.008) (0.007) (0.007)

Adult Less Educated Black and Latinx

Robot intensity 0.000 0.001 0.000 0.001 0.009 0.006 0.009 0.006

(0.002) (0.004) (0.002) (0.004) (0.002) (0.010) (0.002) (0.010)

Area unemployment rate -0.022 -0.003 -0.022 -0.003 -0.030 -0.027 -0.030 -0.027

(0.003) (0.006) (0.003) (0.006) (0.003) (0.008) (0.003) (0.008)

African American -0.104 -0.107 -0.104 -0.107 -0.050 -0.055 -0.050 -0.055

(0.011) (0.011) (0.011) (0.010) (0.017) (0.017) (0.017) (0.017)

Notes: Calculated from the U.S. Bureau of the Census Current Population Survey’s Annual Merged Outgoing Rotation Group files, 2004 
to 2017. The entries are coefficients from linear probability models which include year and MSA dummy variables, dummy variables for 
race and ethnicity, whether the respondent lives in a Right-to-Work state, their age, marital and veteran status and educational attainment, 
whether the live in an urban, suburban or rural area, whether the respondent is foreign born and a U.S. citizen, and the Metropolitan area’s 
percent of employment that is in manufacturing. Robust standard errors are in parentheses. a 1 percent level of significance. b 5 percent 
level of significance. c 10 percent level of significance.



APPENDIX TABLE 3

 Impact of Robot Intensity on Wages
Panel A: Men

All Manufacturing Only

OLS IV FE IV-FE OLS IV FE IV-FE

Young, Less- Educated

Robot Intensity 0.002 0.005 0.002 0.006 0.004 -0.008 0.006 0.001

(0.002) (0.005) (0.002) (0.005) (0.009) (0.032) (0.010) (0.036

Area employment rate -0.004 -0.008 -0.004 -0.008 -0.011 -0.011 -0.012 -0.011

(0.002) (0.003) (0.002) (0.005) (0.009) (0.032) (0.010) (0.036)

African American -0.087 -0.084 -0.088 -0.084 -0.061 -0.057 -0.061 -0.057

(0.005) (0.005) (0.005) (0.005) (0.020) (0.021) (0.019) (0.021)

Latinx -0.021 -0.023 -0.021 -0.023 -0.043 -0.039 -0.044 -0.039

(0.007) (0.006) (0.007) (0.006) (0.019) (0.020) (0.019) (0.019)

Young, Less-Educated Black and Latinx

Robot Intensity 0.006 0.015 0.001 0.017 0.001 -0.010 -0.003 0.001

(0.005) (0.006) (0.002) (0.007) (0.036) (0.035) (0.009) (0.040)

Area employment rate -0.008 -0.005 -0.004 -0.005 -0.011 -0.004 -0.010 -0.004

(0.003) (0.004) (0.003) (0.004) (0.008) (0.013) (0.007) (0.012)

African American -0.084 -0.057 -0.066 -0.057 -0.057 -0.012 -0.019 -0.012

(0.005) (0.009) (0.008) (0.008) (0.021) (0.031) (0.024) (0.029)

All Less-Educated Adult

Robot Intensity 0.007 -0.007 0.008 -0.005 0.003 0.006 0.004 0.007

(0.004) (0.006) (0.004) (0.007) (0.006) (0.006) (0.007) (0.007)

Area unemployment rate -0.004 -0.002 -0.004 -0.002 -0.001 0.001 -0.001 0.001

(0.002) (0.002) (0.002) (0.002) (0.003) (0.003) (0.003) (0.003)

African American -0.201 -0.211 -0.201 -0.211 -0.175 -0.182 -0.175 -0.182

(0.006) (0.006) (0.006) (0.006) (0.013) (0.013) (0.013) (0.013)

Latinx -0.093 -0.097 -0.093 -0.097 -0.090 -0.104 -0.090 -0.104

(0.009) (0.007) (0..009) (0.007) (0.012) (0.011) (0.012) (0.011)



All Manufacturing Only

OLS IV FE IV-FE OLS IV FE IV-FE

Adult Less- Educated Black and Latinx

Robot Intensity 0.001 0.000 0.002 0.004 0.000 0.014 0.002 0.015

(0.004) (0.011) (0.005) (0.013) (0.006) (0.007) (0.008) (0.007)

Area employment rate -0.007 -0.007 -0.007 -0.007 -0.007 -0.005 -0.007 -0.005

(0.003) (0.003) (0.003) (0.003) (0.004) (0.005) (0.004) (0.005)

African American -0.110 -0.113 -0.110 -0.113 -0.091 -0.093 -0.090 -0.093

(0.010) (0.008) (0.010) (0.007) (0.015) (0.017) (0.015) (0.016

Notes: Calculated from the U.S. Bureau of the Census Current Population Survey’s Annual Merged Outgoing Rotation Group files, 2004 
to 2017. The entries are coefficients from linear probability models which include year and MSA dummy variables, dummy variables for 
race and ethnicity, whether the respondent lives in a Right-to-Work state, their age, marital and veteran status and educational attainment, 
whether the live in an urban, suburban or rural area, whether the respondent is foreign born and a U.S. citizen, and the Metropolitan area’s 
percent of employment that is in manufacturing. Robust standard errors are in parentheses. a 1 percent level of significance. b 5 percent 
level of significance. c 10 percent level of significance.

Panel B: Women

All Manufacturing Only

OLS IV FE IV-FE OLS IV FE IV-FE

Young, Less- Educated

Robot Intensity 0.005 0.018 0.005 0.020 0.001 0.023 0.001 0.018

(0.002) (0.005) (0.002) (0.005) (0.005) (0.039) (0.005) (0.035)

Area employment rate -0.004 -0.009 -0.004 -0.009 -0.010 -0.018 -0.010 -0.018

(0.003) (0.003) (0.003) (0.003) (0.006) (0.014) (0.006) (0.012)

African American -0.023 -0.009 -0.023 -0.009 -0.084 -0.109 -0.084 -0.109

(0.007) (0.005) (0.007) (0.005) (0.035) (0.045) (0.034) (0.040)

Latinx 0.009 0.006 0.009 0.006 0.005 0.019 0.005 0.019

(0.008) (0.006) (0.008) (0.006) (0.023) (0.029) (0.023) (0.026)

Young, Less-Educated Black and Latinx

Robot Intensity 0.020 0.024 0.004 0.025 0.018 0.048 -0.006 0.038

(0.005) (0.006) (0.003) (0.006) (0.035) (0.044) (0.005) (0.040)

Area employment rate -0.009 -0.009 -0.004 -0.009 -0.018 -0.007 -0.014 -0.007

(0.003) (0.003) (0.003) (0.003) (0.012) (0.021) (0.005) (0.017)

African American -0.009 -0.021 -0.033 -0.021 -0.109 -0.120 -0.083 -0.119

(0.005) (0.009) (0.010) (0.009) (0.040) (0.075) (0.034) (0.062)
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All Manufacturing Only

OLS IV FE IV-FE OLS IV FE IV-FE

All Less-Educated Adult

Robot Intensity 0.002 -0.008 0.003 -0.006 0.002 -0.007 0.002 -0.005

(0.004) (0.005) (0.004) (0.006) (0.005) (0.010) (0.006) (0.012)

Area employment rate -0.004 0.00 -0.004 0.000 -0.007 0.003 -0.007 0.003

(0.002) (0.002) (0.002) (0.002) (0.003) (0.005) (0.003) (0.005)

African American -0.066 -0.068 -0.066 -0.068 -0.113 -0.106 -0.113 -0.106

(0.008) (0.005) (0.008) (0.005) (0.017) (0.017) (0.017) (0.017)

Latinx -0.043 -0.050 -0.043 -0.050 -0.098 -0.105 -0.099 -0.105

(0.010) (0.006)) (0.010) (0.006) 9).015) (0.014) (0.015) (0.014)

Adult, Less-Educated Black and Latinx

Robot Intensity -0.001 0.002 -0.001 0.006 -0.004 -0.016 -0.004 -0.015

(0.003) (0.009) (0.003) (0.011) (0.004) (0.011) (0.004) (0.012)

Area employment rate -0.006 -0.005 -0.006 -0.005 -0.010 0.007 -0.010 0.007

(0.003) (0.003) (0.003) (0.003) (0.004) (0.006) (0.004) (0.006)

African American -0.022 -0.016 -0.022 -0.016 -0.005 0.000 -0.005 0.000

(0.012) (0.009) (0.012) (0.009) (0.024) (0.028) (0.024) (0.027)

Notes: Calculated from the U.S. Bureau of the Census Current Population Survey’s Annual Merged Outgoing Rotation Group files, 2004 
to 2017. The entries are coefficients from linear probability models which include year and MSA dummy variables, dummy variables for 
race and ethnicity, whether the respondent lives in a Right-to-Work state, their age, marital and veteran status and educational attainment, 
whether the live in an urban, suburban or rural area, whether the respondent is foreign born and a U.S. citizen, and the Metropolitan area’s 
percent of employment that is in manufacturing. Robust standard errors are in parentheses. a 1 percent level of significance. b 5 percent 
level of significance. c 10 percent level of significance.

Panel C: ENC Men and Women

Wages All Manufacturing Only

OLS IV FE IV-FE OLS IV FE IV-FE

Young, Less- Educated

Robot Intensity -0.010 -0.002 -0.010 -0.002 -0.011 -0.036 -0.011 -0.035

(0.002) (0.004) (0.002) (0.004) (0.008) (0.013) (0.008) (0.013)

Area employment rate -0.022 -0.013 -0.022 -0.013 -0.003 -0.006 -0.003 -0.006

(0.005) (0.005) (0.005) (0.004) (0.011) (0.019) (0.011) (0.018)

APPENDIX TABLE 3 CONTINUED



Wages All Manufacturing Only

OLS IV FE IV-FE OLS IV FE IV-FE

African American -0.056 -0.053 -0.056 -0.053 -0.096 -0.093 -0.096 -0.093

(0.010) (0.011) (0.010) (0.010) (0.032) (0.035) (0.031) (0.033)

Latinx 0.001 0.002 0.001 -0.002 -0.018 -0.015 -0.018 -0.015

(0.007) (0.006) (0.007) (0.006) (0.028) (0.034) (0.027) (0.032)

Young, Less-Educated Black and Latinx

Robot Intensity -0.001 0.009 0.009 0.010 -0.041 -0.048 -0.006 -0.050

(0.005) (0.009) (0.002) (0.008) (0.013) (0.023) (0.008) (0.020)

Area employment rate -0.002 0.007 -.0004 0.007 0.016 0.051 0.021 0.051

(0.008) (0.009) (0.005) (0.009) (0.019) (0.034) (0.014) (0.029)

African American -0.053 -0.067 -0.074 -0.067 -0.093 -0.112 -0.114 -0.112

(0.010) (0.014) (0.013) (0.014) (0.033) (0.059) (0.039) (0.052)

All Less-Educated Adult

Robot Intensity 0.014 -0.009 0.014 -0.009 0.004 -0.002 0.005 -0.002

(0.002) (0.002) (0.002) (0.002) (0.002) (0.005) (0.002) (0.005)

Area employment rate -0.005 0.002 -0.006 0.002 0.006 0.002 0.006 0.002

(0.004) (0.004) (0.004) (0.004) (0.007) (0.007) (0.006) (0.007)

African American -0.144 -0.148 -0.145 -0.148 -0.156 -0.160 -0.56 -0.160

(0.018) (0.019) (0.018) (0.019) (0.028) (0.028) (0.028) (0.028)

Latinx -0.046 -0.050 -0.046 -0.050 -0.065 -0.064 -0.066 -0.064

(0.013) (0.014) (0.013) (0.014) (0.015) (0.018) (0.015) (0.018)

Adult, Less-Educated Black and Latinx

Robot Intensity 0.007 -0.006 0.007 -0.006 -0.015 -0.011 -0.015 -0.011

(0.003) (0.006) (0.003) (0.006) (0.006) (0.011) (0.005) (0.011)

Area employment rate -0.001 -0.002 -0.001 -0.002 0.014 -0.003 0.014 -0.003

(0.007) (0.006) (0.007) (0.006) (0.011) (0.013) (0.011) (0.013)

African American -0.114 -0.110 -0.114 -0.110 -0.112 -0.122 -0.112 -0.122

(0.017) (0.018) (0.017) (0.018) (0.032) (0.031) (0.031) (0.031

Notes: Calculated from the U.S. Bureau of the Census Current Population Survey’s Annual Merged Outgoing Rotation Group files, 2004 
to 2017. The entries are coefficients from linear probability models which include year and MSA dummy variables, dummy variables for 
race and ethnicity, whether the respondent lives in a Right-to-Work state, their age, marital and veteran status and educational attainment, 
whether the live in an urban, suburban or rural area, whether the respondent is foreign born and a U.S. citizen, and the Metropolitan area’s 
percent of employment that is in manufacturing. Robust standard errors are in parentheses. a 1 percent level of significance. b 5 percent 
level of significance. c 10 percent level of significance.
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APPENDIX TABLE 4

 Changes in Employment-Population Ratios
Actual Robot 
Intensity Change

Coef. From 
Table 6

Predicted Change 
in EPOP due to 
Increase in Robot 
Intensity

2009 Emploment-
Population Ratio

Actual 
Change in 
EPOP

Young, Less- Educated Men

All 1.022 0.012 0.012 0.388 0.042

Black 0.766 0.020 0.015 0.239 0.118

Latinx 1.436 0.020 0.029 0.457 -0.006

Adult, Less-Educated Women

All 1.061 0.010 0.011 0.568 -0.004

Black 0.789 0.014 0.011 0.550 0.022

Latinx 1.531 0.014 0.021 0.500 0.031

Young, Less- Educated Women

All 1.014 -0.074 -0.075 0.347 0.039

Black 0.834 -0.051 -0.042 0.268 0.111

Latinx 1.396 -0.051 -0.071 0.333 0.028

Adult Women

All 1.061 -0.010 -0.011 0.568 -0.004

Black 0.789 -0.016 -0.012 0.550 0.022

Latinx 1.531 -0.016 -0.024 0.500 0.031

ENC Young, Less-Educated

Men 1.531 -0.035 -0.054 0.356 0.107

Women 1.388 -0.035 -0.049 0.338 0.112

Black men 1.189 -0.037 -0.044 0.200 0.099

Latino men 2.274 -0.037 -0.085 0.478 0.073

Black women 1.351 -0.037 -0.050 0.219 0.160

Latinx -0.093 -0.097 -0.093 -0.097

Notes: The first column corresponds to the actual change in robot intensity that a particular demographic group experience from 2009 to 2016. 
The second column corresponds to the coefficients from the linear probability models presented in Table 6. All are measured with precision. The 
third column is the predicted change in the probability of employment. It is constructed by taking a demographic group’s estimates in columns 1 
and 2, and multiplying them. The fourth column is the actual change in a particular demographic group’s employment population ratio. For ease of 
interpretation the last three columns can be multiplied by 100.
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