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Abstract 

Technological change in the 21st century is predominantly characterized by digitalization, or the 
use and development of information and communication technologies at companies. While 
digitalization facilitates economic progress, there is a growing concern about its effects on labor 
market disparities. In this dissertation, I document recent changes in labor outcomes by education 
and offer insights into the role of digitalization in shaping these trends. 

First, I show that the earnings premium for higher education has increased since the 2008 financial 
crisis. Among those with advanced degrees, technical majors accounted for the entirety of this 
growth. The gaps between education groups also increased the most in high-technology industries 
and occupations. In addition to documenting these trends, I examine how premiums have reacted 
to changes in the labor force composition. I show that the skill premium has increased despite 
rapid growth in the supply of skilled labor, suggesting that the demand for skill is rising. 

In subsequent chapters, digital advances are explored as a candidate explanation for this trend. I 
use variation in technology and labor market outcomes across industries, regions and individuals 
to study the effects of two complementary proxies of digitalization – investment in information 
technology and value added from digital goods. The analysis points to a positive impact of both 
proxies on earnings that increase with education and are concentrated in high-technology sectors. 
A causal interpretation of the differential effects of digitalization is bolstered by an instrumental 
variable approach and the limited impact of placebo regressors on the earnings premiums. While 
the two digitalization proxies amplify skill-based disparities in earnings, no education group is 
negatively affected by them in absolute terms. 

Finally, I assess policies that could reduce earnings disparities without slowing down the 
development of digital technologies or productivity growth more broadly. One effective solution 
would be to expand the number of skilled workers in the country. In a simple quantitative 
exercise, I show that relatively modest annual increases in the university-educated workforce 
could considerably moderate the skill premium. I offer practical recommendations on immigration 
and education policy to advance this goal in the coming decades. 
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 Introduction 

Motivation 

Economic inequality in the United States has increased for several decades, and real average hourly 
wages have only improved marginally since the 1970s. The earnings premium for higher education 
has grown substantially over the same period. According to empirical research, skill-biased 
technical change appears to be one of the main drivers of these trends; shifts in production 
technologies have favored skilled over unskilled workers by increasing their relative productivity, 
demand, and thereby earnings and employment prospects.  

Turning to the 21st century, new automation technologies and workplace digitalization are further 
shifting the skills demanded by the job market. While few jobs become fully automated in a short 
period of time, and while digital innovations tend to generate new tasks and jobs, new types of 
talents are required from workers as these technologies are integrated into stores, offices, and 
factories. Such developments have potential to exacerbate economic disparities going forward, 
with most benefits accruing to those with advanced degrees or specialized technical skills. 

Building on this challenge, my dissertation seeks to estimate the effects of technical change on the 
skill premium and economic inequality, and to evaluate the merits of different policy options in 
alleviating excessive labor market disparities. I focus specifically on trends in the first two decades 
of the 2000s. While research has been conducted on skill-biased technical change that spans 
several decades, evidence on the labor market effects of technology is still lacking in important 
respects. My work builds on past findings but also expands upon them in several ways. 

First, I provide evidence of relatively recent effects of technology on labor outcomes, exploiting 
unique longitudinal microdata that has not been used before for the study of technical change. 
Second, I focus on digitalization, a dimension of technological progress that is arguably both 
understudied and highly relevant to the modern economy. The two measures I use are investment 
in information technology (IT) and value added from products and services that are primarily 
digital. The former entails a given sector’s annual investments in IT equipment, structures, and 
related intellectual property. Digital value added in turn encompasses e-commerce, digital media, 
and digital-enabling infrastructure such as computer hardware and software. While IT investment 
represents IT-related inputs into production, digital value added reflects the value and nature of 
outputs. By estimating the effects of the two measures separately, I can examine whether labor 
outcomes are affected more by the adoption of new technology in firms or by channels related to 
the digital transformation of industries in terms of their end products. I also contrast these 
variables with other measures affecting the labor market. 
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Third, while work builds on common concern that new technologies may harm some workers, 
especially by directly replacing them in production, my contribution expands on this notion in 
several ways: I also consider the heterogenous effects of digitalization on earnings; emphasize the 
positive effects of new technology on labor outcomes across groups; and shed light into how 
prospective benefits are distributed across workers by education, occupation, and industry. 

Previous research related to my work is discussed in the next chapter, titled “Past Findings on 
Technical Change and Labor Market Outcomes“). The section dissects empirical and theoretical 
research focusing on the effects of technological change on labor market outcomes by education 
and other measures of skill. The review chapter also highlights the potentially adverse effects on 
excessive inequality that motivate my work. 

The chapter on past findings is followed by my three main studies (Chapters 1–3) as well as a 
concluding chapter on key conclusions and policy implications of the work (“Conclusions and 
Policy Recommendations“). 

Research Questions 

In Chapters 1–3 and the concluding chapter on policy, I answer three research questions: 

1. How large are the current earnings premiums for college education, advanced degrees, 
majoring in a STEM field in college, or working in a STEM occupation or high-technology 
industry? How have these trends changed in the early 21st century? 

- This question is answered in “Chapter 1: Skill Premium in the 21st Century“. 

2. What can be said about the causal effect of digitalization, as proxied by IT investment 
and value added from digital products, on earnings and employment outcomes by 
education? 

- I start by exploring my two digitalization measures and their expected labor market effects 
in “Chapter 2: Past Trends and Expected Labor Market Effects of Digitalization“. 

- The question about the causal effects of digitalization is answered in “Chapter 3: Labor 
Market Effects of Digitalization by Education and Occupation Type“. 

3. To the extent that technology-driven inequality can be considered to be excessive or rising, 
what courses of action can policymakers take to counter these trends? 

- This question is answered in “Conclusions and Policy Recommendations“. 
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Approach and Overview 

Overall approach and methods 

The three research questions are answered using insights from academic literature, publicly 
available data, and selected econometric and modeling techniques. Figure 1 below illustrates the 
overall approach and methods used in the work. 

Figure 1. Overall Approach and Methods  

 

Each of the three main studies (Chapters 1–3) begin with brief summaries of main findings and 
also include separate discussions on the data sources used, methods employed, and research gaps 
addressed. General descriptions of the purpose and goals of each section are provided below. 

Chapter on past research 

This section discusses the general theory of skill-biased technical change, past findings on the labor 
market effects of technology, and notable gaps that are addressed in this dissertation. The focus 
is on studies reflecting on trends up until the early 21st century. 

Chapter 1 

In this chapter, I document recent changes in labor market premiums for higher education; 
majoring in a STEM field in college; working in a STEM occupation or industry; and combinations 
of these characteristics. I also employ a general supply-demand model to explore how well changes 
in earnings differentials can be explained by changes in relative labor supply across groups. I use 
person-level data from the American Community Survey, focusing on the 2009–2017 period. 
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Chapter 2 

In this chapter, I answer three questions regarding the two digitalization proxies discussed above: 
(1) How are these measures constructed and what aspects of digitalization they represent? (2) 
Considering recent sectoral and regional trends, how do these variables differ from each other 
and from other measures that also influence the labor market? (3) What are the likely channels 
through which the measures affect earnings and employment outcomes? I also present estimates 
of the associations between digitalization and labor market outcomes across regions and 
industries. Data comes from the Bureau of Economic Analysis, American Community Survey, and 
County Business Patterns survey by the U.S. Census Bureau. 

Chapter 3 

In this chapter, I estimate the causal effects of the two digitalization measures on labor market 
outcomes by education and the STEM designation of a worker’s occupation. I focus on person-
level labor market outcomes, taking advantage of panel data from the Survey of Income and 
Program Participation (SIPP). Specifically, I match time-varying data on the two industry-level 
digitalization measures to longitudinal data from SIPP between 2001 and 2016. To derive the 
estimates, I employ an industry-spell (individual-by-industry) fixed effects model along with 
instrumental variable analysis and various robustness checks. 

Chapter on conclusions and policy recommendations 

In the final chapter, I summarize the main results of the dissertation and offer a set of policy 
recommendations based on my findings, secondary literature, and quantitative analysis of potential 
policy responses – specifically, increasing the skilled labor supply in the United States. 
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Past Findings on Technical Change and Labor Market 
Outcomes 

Skill-biased Technical Change 

Economic inequality and the skill premium 

Before discussing skill-biased technical change (SBTC), it is useful to clarify why skills, typically 
corresponding to cognitive abilities and higher education, are central to general policy discourse, 
including debates about economic inequality. Autor (2014), who examines the role of the rising 
skill premium in the evolution of earnings inequality, provides three reasons: 

1. The earnings premium for higher education has increased in the U.S. for several decades 
and contributed substantially to the growth of earnings inequality. 

2. Empirical research credibly demonstrates how the interaction between the supply and 
demand for skills explains why the skill premium (i.e., the gap in earnings between college 
graduates and high school graduates) has risen and fallen over time. 

3. Concentrating on the skill premium illustrates the influential role for public policy in 
balancing the costs and benefits of economic inequality. 

The skill premium is also interesting given my focus on digitalization. While technological shifts 
contributed to the rising skill premium in the late 20th century, there is much more ambiguity in 
related trends in the early 21st century, as will be demonstrated later in this chapter. Furthermore, 
setting aside the role of technology, the premium for skills is a useful indicator of the value of 
higher education and skill acquisition at large. Better understanding of the premium and its 
movements can aid students, employers and legislators in making better decisions on subjects 
related to education and education policy. 

Another important consideration, especially for policymakers, is the relationship between the skill 
premium and economic inequality; a central objective of my dissertation is to address the widely 
acknowledged policy problem of the rising labor market disparities in the United States, especially 
as they relate to increasing returns to education and technical skills. 

Income inequality has indeed increased substantially during the past half a century, measured both 
before and after taxes and transfer payments. This applies both to top inequality (that between, 
for instance, the top percentile of the population in terms of earnings and the rest) and to broader 
measures such as the Gini coefficient. 

Considering top inequality, the share of income captured by the top percentile of Americans rose 
from 8–9% in the 1970s to 22% in 2015. Data also makes clear that top inequality has increased 



  6 

exceptionally fast in the U.S. (and the likes of Canada and the United Kingdom) compared to many 
other advanced countries since the early 1970s. Figure 2 shows the long-term patterns for the top 
percentile’s income share in the U.S., U.K., Canada, Finland, France, Denmark, and Sweden. 

Figure 2. Top Percentile Income Share in the U.S. and Elsewhere 

 

Source: Data from the World Inequality Database (2019), idea from Badel, Daly, Huggett, and Nybom (2018). 

Similarly, comparing incomes of the top percentile to the rest of the population using data from 
the Internal Revenue Service, the Economic Policy Institute finds that income inequality has 
increased in every U.S. state since the 1970s. The findings apply also to more recent years 
(Sommeiller & Price, 2018). Between 2009 and 2015, the incomes of the top percentile rose faster 
than incomes of the bottom 99% in 43 states. Nationally, a family in the top percentile earned on 
average 26 times more than a family in the bottom 99%. One important conclusion is that rising 
inequality applies to virtually every part of the country, not just large urban areas or financial 
centers.1 

As a rising share of earnings aggregate income is captured by those at the top of the income 
distribution, middle- and low-income individuals and households have seen their incomes stagnate. 
As shown in Figure 3 below, real incomes for most U.S. households have risen only about 20% 

 
1 To clarify what it means to be in the top 1% vs. the bottom 99%, a family’s income in 2015 would have to be 
roughly $420,000 before taxes to be included in the top percentile, while the average income of a family in the 
bottom 99% is roughly $50,000 (Autor, 2014). 
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since the mid-1970s, while households in the top five percent have seen their incomes grow by 
over 80%.2 

Figure 3. Real Household Income Relative to 1975 in Selected Income Groups, 1975–2018 

 

Source: Data from the U.S. Census Bureau. 

Figure 4. Real Median Weekly Earnings Relative to 2000 in Selected Income Groups: Full-time 
Workers 25 Years and Over, 2000–2019 

 

Source: Data from the Current Population Survey (CPS). 

 
2 Note that earnings, the main focus of this dissertation, include primarily wages and salaries from paid employment, 
which constitute a major source of all income. Other income sources include Social Security payments, pensions, child 
support, public assistance, annuities, money derived from rental properties, interest and dividends (U.S. Census, 2010). 
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In line with this work’s focus on earnings trends in the 2000s, Figure 4 above uses the latest earnings 
data from the Current Population Survey (CPS) and shows that disparities have continued to 
increase. Notably, for a median male with a full-time job, inflation-adjusted earnings have remained 
nearly unchanged thus far in the 2000s. The decline in male real earnings can be explained partly 
by the increasing share of benefits in total compensation, but a more important factor appears to 
be rising inequality of earnings (Wessel, 2015). 

There has also been dramatic growth in the earnings premium associated with higher education. 
Figure 5 below illustrates relative changes in real median earnings by education and gender from 
1979 to 2018, using data from the CPS. Earnings of bachelor’s degree holders rose by 20% among 
men and 35% among women over this period. It is obvious from the figure, however, that the 
earnings of college graduates stagnated in the early 2000s after growing rapidly for more than two 
decades. Considering workers with less education, real earnings have declined noticeably among 
men and stagnated among women over the 40-year period. Men without a high school diploma 
were hurt the most, with a decline in real weekly earnings of over 25%. 

Figure 5. Real Median Weekly Earnings Relative to 1979 by Educational Attainment, Full-time 
Workers 25 Years and Over, 1979–2018 

 

Source: Data from the CPS. 

A certain level of economic inequality is necessary to incentivize innovation, work and investment. 
If the hardest-working or most productive workers were paid the same as less hard-working or 
productive workers, they would have little incentive to exert effort or to excel in their work.  
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Similarly, if students were not rewarded for using a large part of their lives to pursue academic 
education, they would have less reason to forgo their time and earnings to do that and develop 
these skills. 

Regardless, excessive disparities can spiral into socioeconomic dysfunction for the whole society. 
Below, I list four general risks of inequality, where I consider economic disparities in the context 
of both income and education groups: 

§ Direct effects on labor market outcomes. Skill-biased technical change in particular does 
not necessarily only lead to higher real earnings for educated workers. As will be discussed 
later, SBTC may also materialize in stagnant or declining earnings or negative effects on 
labor force participation and employment for less educated workers. Such trends have 
direct negative consequences on these workers and are likely to have broader detrimental 
social consequences, ranging from greater criminal behaviors and increased social 
dependency to reduced tax receipts at the national level (Autor, 2014). 

§ Risks to robust economic growth (Alichi, Kantenga, & Sole, 2016; Banerjee & Duflo, 2003; 
Barro, 2000; Cingano, 2014; Forbes, 2000; Kumhof, Rancière, & Pablo, 2013; Ostry, Berg, 
& Tsangarides, 2014; Persson & Tabellini, 1994). While the associated literature is broad 
and results mixed, there is some evidence that the rise in income polarization and the 
resulting decline in marginal propensity to consume have suppressed the level of real 
consumption and economic growth in the late 20th century and early 21st century. 

§ Earnings and income mobility, especially intergenerational mobility. Labor market 
disparities are often associated with lower economic mobility, which refers the degree to 
which individual economic fortunes change over time. Intergenerational mobility, the 
probability that children born to low-income families become high-income adults and vice 
versa, is typically at the center of this discussion. While high economic inequality does not 
necessarily cause low economic mobility, there are many possible channels that may 
facilitate such effects. Wealthy parents may be able to “buy“ success – education, social 
connections, employment – for their children in a way that is not possible for less wealthy 
parents. As noted by Autor (2014), intergenerational mobility in the U.S. is relatively low 
and potentially linked with comparatively high inequality.3  

 
3 Some evidence however suggests that, despite the clear negative correlation between high inequality and low 
mobility in international comparisons, increases in U.S. inequality have not directly reduced intergenerational 
mobility (Chetty, Hendren, Kline, Saez, & Turner, 2014). Notably, public policy might have played a role in mitigating 
the link (e.g., through the expansion of the EITC in the 1980s; enlarging the Head Start program in the 1990s; or 
increasing federal student grant and loan programs) (Autor, 2014). At the same time, since inequality has risen 
considerably, the consequences of the “birth lottery“ are larger today than before. See also work by Chetty et al. 
(2017) for trends in absolute income mobility in the U.S. since 1940. 



  10 

§ The capture of the political process by elites (Gilens, 2014; Stiglitz, 2012). The main thesis 
of Martin Gilens’ “Affluence and Influence“ for instance is that U.S. policymakers respond 
almost exclusively to the preferences of economically advantaged individuals. 

Many policymakers and economists consider the current levels of economic inequality undesirable. 
An informative piece of evidence when it comes to the latter group is the IGM panel that surveys 
high-profile economists about their stances on topical public policy issues. In a recent panel, 84 
percent of the respondents agreed (55%) or strongly agreed (27%) with the statement, “Rising 
inequality is straining the health of liberal democracy.“4 Others either did not answer (16%) or 
were uncertain about their answer (2%); not a single economist disagreed with the statement. 

One fundamental question about the societal effects of inequality is whether it is money that buys 
happiness or improvements in welfare, or whether positive effects stem from the higher rank in 
society that money brings. Boyce, Brown, and Moore (2010) test a hypothesis according to which 
people gain utility from the ranked position of their income within a comparison group. They find 
that ranked income position predicts general life satisfaction. Absolute income and reference 
income in turn have no effect. Other research argues that it is unfairness, not inequality per se, 
that matters for individuals and ultimately for public policy (Starmans, Sheskin, & Bloom, 2017). 

A related question that is interesting from a policy perspective is whether higher inequality is 
associated with political support for government intervention. Wright (2017) finds contrary 
evidence, concluding that an increase in concerns about inequality may in fact causally reduce the 
support for public sector intervention. 

Supply-demand framework for skill-biased technical change 

Skill-biased technical change, the rise in returns to skills due to evolving production technologies 
and tasks, has been widely studied in academic literature (Autor, Katz, & Kearney, 2008; Berman, 
Bound, & Griliches, 1994; Katz & Murphy, 1992; Machin & Van Reenen, 1998). 

The literature has traditionally focused on examining changes in the skill premium and the process 
of wage determination through the lens of demand and supply (Roser & Nagdy, 2019), often 
referred to as the “education race“ model (Goldin & Katz, 2009). This lens can be useful since 
workers’ labor market outcomes in a market economy depend on their productivity, i.e. the value 
they produce by working, which in turn depends on both supply and demand side factors. On the 
supply side, what matters are the skills and capabilities that workers have acquired, which in turn 
determine the tasks they can accomplish. The demand side generally refers to the quantity and 
characteristics of skills that employers require from workers. As new technologies emerge, the 

 
4 The European IGM Economic Experts Panel is administrated by the Booth School of Business at the University of 
Chicago. The results are available at http://www.igmchicago.org/surveys/inequality-populism-and-redistribution. 

http://www.igmchicago.org/surveys/inequality-populism-and-redistribution
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demand for skills shifts as employers need new types of tasks accomplished. Furthermore, the 
fewer available workers there are to complete a task, the higher is a capable worker’s economic 
value in that task (Autor, 2014). 

The skill premium, in other words, depends on the specific skills that employers demand along 
with the specific skills that workers possess. In order to study the evolution of the skill premium 
over time, one must account for both demand and supply side factors. The general supply and 
demand framework for modeling SBTC is provided below in Figure 6. 

Figure 6. General Supply-Demand Framework for Skilled-biased Technical Change 

 

Source: Adopted from Sexton (2012, p. 534). 

In graph (a), a change in technology increases the productivity of skilled workers, raising their 
demand and shifting the demand curve from D1 to D2. This occurs since new machines adopted in 
production or at the workplace more generally require advanced skills (Sexton, 2012, p. 533). 
Higher productivity means that these workers can produce more with the new machines. If the 
supply of skilled labor does not keep pace with outward shifts in demand for skills, the skill 
premium will rise and result in a combination of higher real wages and a greater quantity of skilled 
employment. While the outcome in graph (a) is sufficient for skill-biased technical change, graph 
(b) illustrates the possibility that technology also reduces employment and real wages among those 
with less skills. This is a potential outcome from a technology shock that can materialize if lower-
skilled workers lack the knowledge and skills to use the new technology productively. 
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The relationship between skill supply and demand is a major focus in rest of this work. In the first 
chapter, I will show that despite fast growth in the supply of skilled workers in the early 21st 
century, earnings for these workers have continued to rise in absolute terms and when compared 
to lower-skilled workers. This analysis, following the original work by Murphy and Welch (1992), 
suggests that the demand for college graduates in the labor market is increasing. In Chapters 2 
and 3, I ask whether digitalization could have contributed to the growth in the skill demand. Finally, 
in the conclusions, I evaluate policy options to increase the supply of more educated workers. 

Factor-neutral and factor-biased technical change 

In economic theory, production technology refers to a function describing how a set of factor 
inputs can be transformed into output. Technical change is in turn defined as a shift in the 
production function; it is a change in output for a given set of inputs. Considering the economy at 
large, a typical measure of technological change is total factor productivity (TFP), coined by Robert 
Solow (1957). A change in TFP refers to a rise in output that leaves marginal rates of 
transformation (MRT) untouched for given set of inputs. Therefore any change in TFP is a form of 
factor-neutral technical change (Violante, 2008). In other words, technological progress is 
associated with productivity improvements that benefit all workers. It is also generally viewed as 
the principal long-run determinant of economic activity and average income levels. 

This type of neutral technical change is however inherently silent on changes in relative rental 
prices between factors, including between skilled and unskilled labor. Factor-biased technical 
change (FBTC) in turn allows for the theoretical possibility that technical progress differentially 
benefits a subgroup of workers. For instance, in a simple constant elasticity of substitution (CES) 
function with skilled and unskilled labor and factor-specific productivities, a change in the ratio of 
the productivity coefficients is a form of FBTC since it modifies the MRT at a given input ratio. 5 

Technical change is skill-biased if the relative productivity of skilled labor increases. In this case, 
the relative demand for higher-skilled individuals, and ceteris paribus, the skill premium also 
increases. The CES function with two factors also makes it possible to estimate the growth in 
SBTC if data is available on the substitution between the two types of labor along with relative 
wages and labor supplies. Note that there are different ways of specifying what makes a worker 
more skilled than another, including education, innate ability, and experience (Violante, 2008). 
Later in this work, I consider different education-related dimensions of skill, including college 
education, more advanced degrees, and graduating from a STEM field in college. 

 
5 An aggregate production function where labor input, L, is a CES function of skilled and unskilled labor:                      
L = [(A!L!)" + (A#L#)"]$/", σ ≤ 1.  

The log of the MRT between the two labor inputs is then: ln.MRT!,#2 = σ ln 3'!'"4 + (1 − σ)	ln	(
("
(!
). 
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Technology-skill complementarity 

There are different theories about how, specifically, technological change facilitates the rise in the 
demand for skills. One suggestion, promoted by Krusell, Ohanian, Rios-Rull, and Violante (2000), 
is that the force behind SBTC is the cheapening of equipment capital, which has led to the greater 
use of such capital in production. Several studies lend support to the prevalence of capital-skill 
complementarity, or the idea that skilled labor is relatively more complementary to equipment 
capital than unskilled labor in production. In this formulation, SBTC can be modeled by replacing 
the relative productivity of skilled workers (!!"#$$%&/!'(!"#$$%&), an unobserved residual trend, with 
the actual upward trend in the ratio between equipment capital and skilled labor. The dynamics of 
the U.S. skill premium can be replicated quite well using this approach from the 1970s until the 
early 2000s. Based on available evidence, capital-skill complementarity characterized a wide range 
of technologies throughout the entire 20th century (Goldin & Katz, 1998; Violante, 2008). 

Another way of formulating the technology-skill complementarity focuses on human capital and 
is based on the notion that more educated or skilled labor simply deals better with technological 
change. The original idea comes from Nelson and Phelps (1966) and is typically linked to the idea 
that skilled workers become relatively more productive during technological transformations since 
they are better learners; it is less costly for them to acquire the additional knowledge needed to 
work productively with new innovations. An interesting distinction compared to the formulation 
by Krusell et al. (2000) is that, in the human capital approach, the rise in the skill premium is 
transitory. While skilled labor adjusts better by learning in the early adoption phase of a new 
innovation, there will eventually be enough workers that have learnt how to work with the new 
technology, which in turn offsets the wage differential. In the formulation of Krusell et al. (2000), 
instead, the effect of capital deepening on the skill premium is permanent. 

A third approach focuses on the hierarchal organization of the firm, which is argued to become 
flatter whenever information technologies reduce the cost of data storage, communication, 
monitoring, and supervision. Workers move from routinized and specialized tasks to adopting a 
wider range of tasks, and more adaptable workers who are better at multitasking activities benefit 
the most (Garicano & Rossi-Hansberg, 2004; Milgrom & Roberts, 1990). According to Violante 
(2008), existing microeconomic evidence (starting with Autor, Levy, & Murnane, 2003) is in 
principle consistent with each of the three formulations. 

In addition to the theories of technology-skill complementarity, endogenous growth literature has 
explored the endogenous direction of technological change. According to this interpretation, the 
expansion of educated labor makes it more profitable for firms to develop machines that are 
complementary to skilled worker (e.g., the postwar period is an example of this). More generally, 
profit maximization dictates that innovation is directed towards factors that are more intensely 
used in the production of highly priced goods, whether unskilled or skilled labor or something 
else. Acemoglu (2002) provides a comprehensive account of directed technological change. 
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Other causes of rising economic inequality 

There is considerable disagreement among economists and other social scientists about whether 
the rising inequality over the past few decades – and especially rising incomes at the top – is 
primarily a market phenomenon, or if it reflects phenomena such as “changing social norms, 
growing corporate misgovernance, slackening regulatory oversight, or increasing political capture 
of the policymaking process by elites“ (Autor, 2014). As mentioned, this work highlights skill-
biased technical change as a fundamental cause. Before focusing on empirical evidence of SBTC in 
later sections, it may be helpful to briefly reflect on other causes of growing inequality, including 
inequality between skilled and unskilled workers. Proposed causes include at least the following: 

§ The rise in trade competition from the developing world. Globalization became especially 
important for U.S. labor markets in the early 1990s when China began its rapid integration 
into the world trading system. Among other related results, Autor, Dorn, and Hanson 
(2013) offer empirical support for the notion that rising Chinese import competition in 
1990–2007 reduced labor force participation and wages in U.S. regions that house import-
competing manufacturing industries. 

§ Immigration also puts downward pressure on wages by introducing an increased supply of 
labor – typically labor with low reservation wages. To the extent that the immigrated 
workforce is low-skilled, low-skilled domestic workers are at risk due to increased 
competition. Empirical evidence however suggests that the negative impact of immigration 
on native wages and employment appears to be small (Blau & Mackie, 2017; Borjas, 1999; 
Dustmann, Schönberg, & Stuhler, 2016; Hanson, 2009). It should be noted, however, that 
one of my policy recommendations in the final chapter is to expand skilled immigration to 
reduce the bargaining power and earnings premiums for highly educated U.S. workers. 

§ The long-term decline in the real value of the minimum wage in the U.S. (Autor, Manning, 
& Smith, 2016; Soltow, 1989). 

§ The long-term decline in membership and bargaining power of U.S. labor unions. Private-
sector union density in the U.S. has fallen gradually from around 35% in the 1950s to 6% 
in 2019 (see e.g., Card, Lemieux, & Riddell, 2004 for related research). 

§ The successive enactment of reductions in top federal marginal tax rates in the U.S. 

§ “Superstar“ entrepreneurs or managers (see e.g., Gabaix, Lasry, Lions, & Moll, 2016). 

§ Concentration of wealth. If the return to wealth, broadly defined, is secularly higher than 
the growth in the overall economy (" > $), this can be expected to lead to wealth 
concentration in the absence of corrections through public policy (Piketty & Zucman, 2014; 
Price, 2016). 
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§ Regulatory capture and monopoly power. Some part of rising disparities may be caused by 
select firms and individuals using political power to extract rents (Price, 2016). 

§ Licensing. By creating barriers to entry, occupational licensing (e.g., requiring certifications 
for hair stylists, lawyers, and surgeons) allows members of the protected profession to 
capture economic rents. This is similar to the regulatory capture explanation above, but at 
the individual occupation level instead of industry level (Price, 2016). 

§ Assortative mating refers to the process by which people of similar backgrounds, such as 
educational attainment, become partners. Over the past half a century, there has been an 
increase in positive assortative mating within the marriage market, which has affected 
income inequality across households (Greenwood, Guner, Kocharkov, & Santos, 2014). 

Note also that the consensus among economists concerning the main causes of the rise of very 
top incomes has long been lacking. This is contrary to the somewhat clearer consensus on the 
substantial contribution of technical change to rising earnings inequality (some of these results are 
reviewed by Autor, 2014) as opposed to most other causes listed in this section. In particular, the 
literature is relatively unanimous in that outsourcing, trade, immigration and de-unionization 
accounted for less of the increased skill premium during the late 20th century than the technology-
based explanation (for a summary of some of these results, see e.g., Cline, 1999). 

Empirical Evidence on Technology and Labor Market Outcomes 

Evidence of rising rewards to education and skills 

Although technical change is traditionally viewed as factor-neutral, the current consensus is that 
technological innovations were skill-biased for most of the 20th century (Berman, Bound, & 
Machin, 1998; Goldin & Katz, 1998; Katz & Murphy, 1992; Nelson & Phelps, 1966; Violante, 2008). 
The skill bias also seems to have accelerated at the end of the century. In the United States 
together with many other developed countries, technology tended to increase the productivity 
and demand for skilled relative to unskilled workers. This in turn led to higher economic payoffs 
to higher education, and thereby rising labor market disparities, especially in earnings. 

The rest of this chapter discusses empirical evidence of the rising skill premium, the role of 
technology in contributing the rise in the premium, and other relevant literature on the effect of 
technological shifts on labor market outcomes. 

The most convincing argument behind skill-biased technical change (SBTC) begins with research 
summarized by Acemoglu (2002) and Violante (2008). Building on the supply and demand 
framework presented earlier, the authors note that the relative wages of skilled workers have 
risen in conjunction with an upward trend in their relative supply. Since the increasing supply of 
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skilled workers did not stabilize the college wage premium from 1970s onwards, new production 
technologies – one of the most prominent candidates for rising premiums during this period – 
seem to have favored skilled workers.6  

In the U.S., the ratio of college equivalents to workers with less education rose substantially from 
the early 1970s, at an average annual rate of 3% between 1970 and 1995 (Autor, Katz, & Krueger, 
1998). Furthermore, according to Pew Research Center (2014), the gap in annual median wage 
between young college and high school (HS) educated workers was around $17,500 in 2014, 
substantially up from $7,400 in 1965 (in 2012 dollars). Autor calculates that the college/HS 
premium grew from 48% in 1981 to 72% in 1990, 90% in 2000, and 97% in 2005 (Autor, 2014).7 

What is obvious from these findings, regardless of the particular role of technology, is that the 
late 20th century was characterized by a rapidly rising skill premium. 

The rising premium also appears to be one of the key contributors to rising earnings inequality in 
that period. Fortin, Lemieux, and Firpo (2011) find that, between 1984 and 2004, increasing returns 
to education explain over 95% of the rise of U.S. male 90/10 earnings ratio.8 Similarly, Goldin and 
Katz (2009) conclude that roughly two-thirds of the overall rise of earnings dispersion between 
1980 and 2005 was accounted for by the increased premium associated with schooling, particularly 
postsecondary education. The authors hypothesize that, since the 1980s, technology has been 
racing in front of education and driven up the college premium. 

While education and skills are used above interchangeable, returns to skills measured in other 
ways are also excessively high in the U.S. based on cross-country comparisons. For example, 
researchers have estimated the increase in wage returns for a unit increase in skill as measured 
by PIAAC scores among full-time workers aged 35 to 54.9 Using 2011–2013 scores, the U.S. had 
the highest measured return to skill in terms of wages, with a premium of 28% per one standard 
deviation increment (18%) in numeracy scores, and similar for literacy or problem-solving scores. 

 
6 The growth in the relative supply of college workers decelerated slightly in 1982, which contributed to a rising skill 
premium (Autor, 2014). Autor goes as far as to note that, “Had the supply of college graduates risen as rapidly in 
the decades after 1980 as it did in the decades immediately before, it is quite plausible that there would have been 
no sustained rise in the skill premium in the U.S. labor market.“ 
7 These trends were noticed in relevant research already in the early-1990s. Murphy and Welch (1992) find that 
“the share of college graduates in the population grew substantially over the sample period [1963–1989], while the 
wage differentials…of college men over high school men were higher in 1989 than in 1963“. Similar to more recent 
research, the authors also rely on a basic supply-demand framework where “changes in relative wages are 
generated by shifts in relative supplies and shifts in the factor demand schedules“. 
8 The 90/10 earnings ratio is the income earned by individuals at the 90th percentile (those earning more than 90 
percent of other workers) compared to the earnings of workers at the 10th percentile. 
9 The Program for the International Assessment of Adult Competencies (PIAAC) offers a data source for measuring 
the importance of skills in wage determination. The PIAAC is an internationally harmonized test of adult cognitive 
and workplace skills, including literacy, numeracy, and problem-solving, that has been administered by the OECD to 
large representative samples of adults in several countries. See https://www.oecd.org/skills/piaac/. 

https://www.oecd.org/skills/piaac/
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This is high compared for instance to the Nordic countries, where the premium was between 10 
and 15 percent (Hanushek, Schwerdt, Wiederhold, & Woessmann, 2015). While PIAAC scores 
and related measures are not available for analyzing returns to different skill measures in the late 
20th century, the tight correlation between education and PIAAC measures suggests that it was 
not just returns to education but also to cognitive abilities more generally that increased during 
the second half of the last century.10 

Skill-biased technical change 

As suggested above, technical progress is among the potential causes that have contributed to the 
growing the skill premium. Considering a longer timeframe, today’s economy is substantially more 
technologically advanced than it was for instance in 1900, and requires a literate, numerate, and 
technically and scientifically trained workforce. During the past hundred years, physical labor has 
lost value and given way to cognitive work, much thanks to innovations such as electrification, 
mass production, motorized transportation, and telecommunications. An increasing number of 
jobs today can only be accomplished by workers with an adequate level of analytical skills, 
expertise in written communications, and specific technical knowledge. The current consensus is 
that part of the shift in the valuation of skills can be attributed to new production technologies.11 

In particular, it is widely acknowledged that the increase in the skill premium in the late 20th 
century, documented above, coincided with the diffusion of information and communication 
technologies in the workplace and with the continuing automation of work tasks more broadly. 
Violante (2008) documents some of these trends. Notably, expenditures in information processing 
equipment and software (as a share of U.S. private nonresidential fixed investment) increased from 
6% in 1960 to 40% in 2000. The period involves substantial quality and productivity enhancements 
of a wide range of goods that relied on semiconductors, most notably computers and software. 
Under these trends, automation and computers began to seriously compete with workers, 
especially those with more limited education. 

 
10 While returns to education and cognitive skills have risen in the U.S. since the 1970s, it is important to note that 
there are significant forces that limit the returns to skills. Examples include rapidly increasing real tuition fees and 
the high cost of housing in large metropolitan areas. Considering housing, an often-overlooked fact is that skilled 
workers are more frequently forced to live in expensive cities to earn high wages. This means that the wage 
premium is not as large as it appears to be on net, and so increases in inequality caused by SBTC may have been 
partly over-estimated. As for notable evidence, Moretti (2013) estimates that 25% of the rise in the college wage 
premium between 1980 and 2000 was lost to higher housing costs. Real wage differences between college and high 
school graduates grew considerably less than nominal differences. Alex Tabarrok (2018) estimates that, since 
housing costs have risen rapidly after the 2000, it is possible that housing today absorbs an even larger share of the 
college wage premium. High housing costs redistribute wealth from workers to landowners, reduce the return to 
education and skills, and thereby also reduce the incentive to invest in education. 
11 On the supply side, parallel shifts took place throughout the century in the form of education – first via the high 
school movement over the first four decades of the 20th century, and then through a rapid rise in college and 
university education (see Autor, 2014 for more details on past trends in the supply of college graduates). 
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The theory is straightforward and largely substantiated by relevant research concerning trends in 
the late 20th century: The process of machine substitution for routine human labor complements 
workers capable of performing tasks that are essential for companies but difficult to automate. This 
typically includes more educated workers who are good at generalized problem-solving, complex 
communication, and analytical skills. Workers that compete more directly with machinery, 
performing more routine activities and codifiable cognitive tasks, are generally worse off. In 
particular, this applies to clerical work and simple production tasks. Under such circumstances the 
demand for formal education and cognitive ability increase (Autor, 2014). 

Starting from the 1970s, the labor input of non-routine analytic and interactive tasks increased 
substantially relative to routine cognitive and manual tasks, especially in rapidly computerizing 
industries but also in more traditional routine manufacturing (Autor et al., 2008; Autor et al., 2003; 
Goos & Manning, 2007). More broadly, there is a robust statistical correlation between the use of 
new technologies and both the employment share and wage share of skilled workers across 
industries, established using micro-econometric research and case studies (Autor et al., 1998; 
Bartel & Lichtenberg, 1987). The deployment of new technologies with better qualified and better 
paid labor provides strong evidence of technology-skill complementarity in the second half of the 
1900s. 

As discussed earlier, one important, related contribution comes from Acemoglu (2002) who 
concludes that the large increase in the supply of skilled workers after the mid-20th century induced 
the acceleration in the demand for skills. According to this view, SBTC is an endogenous process 
where companies develop skill-biased techniques when it becomes profitable to them. 

Finally, while some economists believe that rising economic disparities driven by changing payoffs 
to skills were mostly a concern of the late 20th century (see e.g., Beaudry, Green, & Sand, 2016), 
this view is challenged by more recent trends. Automation and computerization are now 
accompanied by major ongoing developments in robotization, machine learning, and artificial 
intelligence. In addition to the college earnings premium that has continued to rise in the early 21st 
century (see Chapter 1), other potentially troubling labor market outcomes may also be partly 
explained by digitalization and other emerging technologies. Most notably, prime-age male labor 
force participation, especially among those without college education, has declined considerably 
in the 2000s. 

The rest of this chapter, especially section “How susceptible are jobs to automation and 
robotization“, covers other research findings that point to adverse labor market outcomes both 
in the past and in the near future that are partly driven by technological shifts. 
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Technology, globalization, and between- and within-group inequality 

First, while the discussion above has concerned inequality between both specific income categories 
and different education groups, the academic literature shows that past developments in wage 
inequality have occurred both between and within groups across other dimensions. 

Considering education, Katz and Autor (2000) find that the rise in within-group inequality in wages 
started to occur before the rise in between-group inequality, and tends to account for a larger 
fraction of the overall increase. In other words, differences in earnings among college-educated 
workers, for instance, may be relatively high depending on the company or industry in which they 
are employed. 

Some of the literature focuses on the relative role of wage differences between and within firms 
in explaining wage inequality, which in turn has implications on the role of technology. Song, Price, 
Guvenen, Bloom, and von Wachter (2016) find that the rise in earnings inequality between 
workers over the last three decades has been largely a between-firm phenomenon. The rising 
inequality both within and between educational groups can hence be partly explained by the fact 
that different firms (often with large differences in productivity) offer increasingly dissimilar wages.  

Furthermore, it appears that while SBTC may have been a substantial driver of overall wage 
inequality, rising outsourcing means that increases in wage inequality are largely “constrained“ 
within firms. More firms tend to focus on employment in core activities (e.g., engineers in a large 
manufacturer) while outsourcing both lower-skill activities (catering and security) and higher-skill 
activities (IT and human resources) to other firms. As technology drives differences in labor 
demand for different types of workers, and as specific occupations concentrate within particular 
firms, inequality between firms increases (Handwerker & Spletzer, 2017; Song et al., 2016). 

Yet another dimension of inequality is that between and within occupations and industries. Bessen 
(2017) for instance finds that, since the 1980s, computerization has explained a substantial part of 
the rise in within-occupation wage inequality. Computerized occupations have grown faster than 
others, and they require new types of skills that in turn are relatively costly to learn. Other 
technology-related results highlight regional inequality; Berger and Frey (2016) for instance argue 
that regional inequality has been driven by the fact that, since the 1980s, computers have brought 
more jobs to areas where there are more skilled workers, namely cities. Finally, new research has 
found that between-firm inequality in the U.S. is dominated by a rise in between-industry inequality 
(Haltiwanger & Spletzer, 2020). The latter two results are directly related to my analysis in this 
work. In Chapter 2, I study the labor market effects of the changing regional mix of industries and 
industry-level digitalization. In Chapter 3, I focus on within-industry effects but also study groups 
of industries separately, distinguishing between high- and low-technology sectors. 

Note also that while advances in ICT have changed the valuation of skill in the U.S. labor market, 
they have also facilitated the globalization of production by making it more affordable and feasible 
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for companies to coordinate complex production processes around the world. Globalization has, 
almost by definition, increased global competition and thereby for instance eroded employment 
at unionized firms. 

Some studies, for instance De Backer, Destefano, Menon, and Ran Suh (2018), examine the extent 
to which robotics affect the organization of production through offshoring and backshoring. It 
seems that the use of industrial robots in developed economies is slowing down the rate of 
offshoring, although not yet prompting companies to bring employment back home in large 
quantities. Regardless, it should be highlighted that technology and globalization have affected labor 
market outcomes and economic inequality in tandem (Autor, 2014). Moreover, the 
multidimensional complementarity among causal factors makes it conceptually and empirically 
challenging to isolate the independent effect of any one factor (Autor, 2015). 

Labor market polarization and the role of routine and non-routine jobs 

Since the late 1970s, the fraction of the population employed in middle-skilled occupations has 
declined substantially. Typically, these job losses are linked to disappearing “routine” occupations, 
focused on a relatively limited set of tasks that can be performed by following a well-defined set 
of instructions, guidelines, and procedures. This decline in routine, middle-wage jobs is typically 
considered to be the main factor in increasing the polarization of the labor market. It has occurred 
alongside with parallel trends of rising employment shares in the top and bottom tails of the 
occupational wage distribution, i.e. a surge in both high-income and low-income jobs. 

Researchers typically refer to these trends as task-biased technological change (TBTC), which can be 
distinguished from skill-biased technological change (Nedelkoska & Quintini, 2018). In TBTC, the 
implications are similar, but instead of education and skills as the main characteristics separating 
individuals, what matters is the degree to which a job or occupation is routinizable. With task-
based shifts in technology, non-routinizable jobs see an increase in relative (and real) employment 
and wages, and vice versa for easily routinizable jobs. 

TBTC is equivalent to the canonical SBTC model if the latter is extended by incorporating skill 
type heterogeneity between occupations (Sevinc, 2018) or if being “skilled“ is equated with ability 
to work in non-routine tasks. Under TBTC, workers in the middle of the skill distribution can in 
principle be worse off than low-skilled workers due to the impacts of technological shifts. In the 
1970s and 1980s, routinizable jobs concentrated in middle-paying jobs, occupied by many clerical 
and blue-collar manufacturing workers, which eventually lost out economically. Until recently, the 
TBTC framework has proven relatively predictive of changes in the relative demands for labor as 
well as job polarization (Autor, Katz, & Kearney, 2006; Goos & Manning, 2007; Goos, Manning, & 
Salomons, 2009). It has also helped explain educational upgrading (Autor et al., 2003; Spitz-Oener, 
2006) and wage inequality (Acemoglu & Autor, 2011; Autor et al., 2008).  
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In their pioneering work, Autor et al. (2003) first documented that, within the same industries, 
the demand for routine cognitive and routine manual tasks has declined since the 1980s, and demand 
for non-routine manual tasks has declined since at least the 1960s. Non-routine cognitive and non-
routine interactive tasks have in turn been rising since the 1960s. 

Autor et al. (2003) were also the first to conclude that such job polarization is in fact due to 
progress in automation technologies that substitute for labor in routine tasks. “Computer capital“ 
in particular appeared to both substitute for workers performing cognitive and manual tasks, 
accomplished by following explicit rules, and complement workers performing non-routine 
problem-solving or communications tasks. 

The so-called computer-skill interaction became prevalent as the price of computers began to fall 
in the late 20th century, which led to their wide-spread adoption across industries. Computers 
undertook routine tasks previously performed by human labor. The increased supply of computer-
performed routine tasks also increased the demand for non-routine tasks, which drove up the 
wages and employment in non-routine jobs. This original work by Autor et al. (2003) has been 
updated more recently, and in general the trends seem to have continued to the early 2000s.  

Table 1 from Cortes, Jaimovich, and Siu (2016) below shows routine employment among the 
employed population divided into cognitive and manual occupations. The share of employment in 
routine occupations has indeed declined for several decades. Employment in routine manual 
occupations declined steadily over the period from 1979 to 2014. Routine cognitive employment 
increased for a moment between 1979 and 1989, and then declined steadily until 2014.12 

Table 1. Routine Employment Per Capita, Divided into Cognitive and Manual Occupations 

 
Source: Cortes, Jaimovich, and Siu (2016). Notes: Population shares are based on individuals aged 20–64 from the monthly 

Current Population Survey, excluding those employed in agriculture and resource occupations. 

Findings by Autor and Dorn (2013) are also in line with these patterns. The authors first 
hypothesize that local labor markets that specialize in routine tasks adopt information technology 
(IT) differently compared to other markets, mainly to displace workers from routine occupations. 
Due to differential adoption of IT, the labor market has reallocated unskilled labor into service 
occupations (leading to employment polarization) and employed skilled workers in the process. 

 
12 For other interesting statistics on the employment share across routine and non-routine jobs as well as cognitive 
and manual jobs, across dimensions such as age, gender and employment, see Cortes, Jaimovich, and Siu (2016) and 
Cortes, Jaimovich, Nekarda, and Siu (2016). 
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Earnings growth has similarly focused at the tails of the wage distribution. The authors provide a 
detailed assessment of the relationship between the rise of non-routine manual employment and 
the decline in routine employment. 

Cortes, Jaimovich, and Siu (2016) study the decline of employment in middle-wage, routine 
occupations in the past four decades. They find that the decline has been driven by changes in the 
propensity to work among individuals from a handful of demographic groups (rather than by 
general changes in the demographic composition of the economy). The key group is young and 
prime-aged men with low levels of education. These individuals account for a considerable share 
of the rise in overall non-employment (unemployment and non-participation) and the rise in 
employment in low-wage, non-routine manual occupations. In the case of routine cognitive 
occupations, which have also declined, the majority of the decline is accounted for by changes in 
employment propensities of young and prime-aged women with intermediate levels of education. 

In a well-known paper, “Why Are There Still So Many Jobs?“, David Autor (2015) sheds light into 
how labor market polarization changed particularly in the early 2000s. Notably, the growth of 
employment in the lowest skill percentiles has accelerated while employment growth above the 
median skill percentile has decelerated. Wage gains have also accrued disproportionately to those 
at the top (e.g., managers, professionals, technicians) and at the bottom of the income and skill 
distribution (e.g., elementary occupations, sales and other service jobs) instead of those in the 
middle (see also Goos & Manning, 2007). Figure 7 shows related historical trends up until 2012. 
The most recent time period from 2007 to 2012 indicates a return to faster employment growth 
in the upper (85th to 100th) skill percentiles. 

Figure 7. Polarization of Employment Growth by Occupational Skill in 1979–2012 

 

Source: Adopted from Acemoglu and Autor (2011). The estimates were updated in 2014. 
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The research does not fully agree on the role of technology in explaining the decline in routine 
occupations. Findings by Cortes, Jaimovich, and Siu (2016) indicate that improved automation 
technology accounts, on its own, for a relatively small portion of the joint decline in routine 
employment and rise in non-routine manual employment and non-employment.13 Autor (2015) 
agrees with respect to the early 2000s, noting that root cause of this changing aggregate behavior is 
probably not automation.  

Others, however, have found evidence for the role of technology in explaining job polarization. 
Bessen (2017) for instance finds that since the 1980s, occupations that use computers have grown 
faster than those that did not. More recent policy research by Muro, Sifan, Whiton, and Kulkarni 
(2017) also conclude that, since 2001, digitalization facilitated the “hollowing out“ of the labor 
market, specifically job creation and wages, favoring occupations at the high and low ends of the 
pay scale. Their analysis shows that the demand for high and medium digital skills has increased 
substantially between 2002 and 2016, while demand for low digital skills has declined.  

Complicating the general occupational polarization or hollowing-out story, Acemoglu and Autor 
(2011) and Beaudry et al. (2016) note that U.S. employment growth among the highly skilled 
occupations slowed down in the early 2000s. The latter attribute this partly to the bust of the 
dotcom bubble in 2000, suggesting that the IT industry reached maturity around that time. The IT 
industry then started routinising along with shedding employment among managers and other 
workers with cognitive skills. The maturation of the IT industry dampened innovative activity and 
reduced the demand for high-skilled workers (Beaudry et al., 2016). 

Both studies are however limited to years before the financial crisis, and as I show in the next 
chapter, at least the premium for higher education at large has increased since then. In line with 
this finding, Shierholz (2016) notes that, as the labor market strengthened after the crisis, the 
pattern of very strong growth in low-wage jobs and weak growth in middle-wage jobs shifted to 
a pattern of strong growth in middle- and high-wage jobs. 

As for future outcomes, Autor (2015) reiterates that the relationship between the comparative 
advantages of machines and humans means that computers substitute for workers in performing 
routine and codifiable tasks while amplifying the comparative advantage of workers in supplying 
skills related to problem-solving, adaptability, and creativity. Recent evidence indeed suggests that 
that the tasks most challenging to automate are those demanding flexibility and judgment. Autor 
(2013, 2015) however predicts that the polarization of employment will not continue indefinitely.  

 
13 The authors note that changes other than automation have occurred in the U.S. economy that might have 
affected occupational choice and employment over the past 35 years. Potentially relevant factors (that the authors 
abstracted from) include changes in the share of high-skilled workers and their occupational choice; outsourcing and 
trade; and changes in policy affecting the incentive to participation in the labor market. 
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Essentially, although the research shows that a large number of tasks across current middle-skill 
jobs are susceptible to automation, there will be a large number of middle-skill jobs that will 
continue to demand a mixture of tasks from across the skill spectrum. Examples include medical 
support occupations, electricians, and automotive technicians that often require knowledge of 
“middle-skill” mathematics, life sciences, and analytical reasoning, and therefore often at least two 
years of postsecondary vocational training. Another example is modern clerical occupations with 
coordination and decision-making functions, which include a variety of different marketing jobs.  

According to Autor, there are also many cases where technology enables workers with less 
technical abilities to perform additional tasks, including nurse practitioners that can be increasingly 
involved in diagnosing and prescribing tasks that previously only physicians were able to perform. 
A related point is that many of the tasks currently bundled into middle-skill jobs cannot be 
unbundled so that machines would perform part of the job, at least without a major decline in 
quality. This means that there will be more jobs where workers hold a comparative advantage in 
non-routine tasks – interpersonal interaction, flexibility, adaptability, and problem solving – even 
if routine technical components of the job are automatized. 

How susceptible are jobs to automation and robotization? 

While considerable progress has been made in areas of skill-biased and task-biased technical 
change, substantial attention has been directed lately towards work on the effects of automation 
technologies on aggregate employment (oft-cited work includes e.g., Frey & Osborne, 2013). As 
discussed in the introduction, this focus has arguably pushed aside more pressing questions about 
the effects of technology on labor outcomes across skill groups. Regardless, considering the 
proximity of such work to my own research presented in Chapters 1–3, it is worth summarizing 
some of the main findings. Many of these studies also examine issues around skills demand directly, 
as they predict the types of jobs that are likely to be displaced – somewhat similar to the research 
presented in the previous section. 

There is a widespread belief, at least judging from articles in mainstream media outlets from recent 
years, that technological advances almost inevitably lead to the large-scale displacement of workers 
(see e.g., Bomey, 2017; Miller, 2016). Additionally, renowned economists predicted throughout 
the 20th century that new technologies would directly replace labor.14 Although past predictions 
have proven erroneous – aggregate employment has kept growing despite sectoral and 
occupational shifts – similar claims have merely intensified in recent years. The media is filled with 
concerns that automation and digitalization might result in a jobless future. The use of robots and 
automation technologies in production has indeed increased while their price has declined. Robots 

 
14 Acemoglu and Restrepo (2017) summarize a wide variety of statements by 20th century economists, including 
Keynes and Leontief, on how new machines create widespread technological unemployment. 
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and machines are increasingly considered to be close substitutes for labor. The fear is that 
increased automation, computerization, robotics and artificial intelligence have never-foreseen 
potential to substitute workers on a larger scale. 

Automation and robotization do not however necessarily lead to a large-scale displacement of 
workers, especially in the longer term. The basic counterargument is that new inventions save 
costs, and these cost savings typically generate higher incomes for producers and lower prices and 
higher-quality products for consumers. These benefits ultimately result in the growth of industries 
other than the one in which the original innovation occurred or was implemented, and declining 
sectors free up human capital for other sectors. The automation of agriculture in the 1960s for 
instance was replaced by manufacturing, while the automation of manufacturing is currently giving 
way to services. A related point is that, while new capital equipment may displace workers if it 
works as a direct substitute for labor, this equipment also requires new workers to manufacture 
or repair it. Moreover, workers often adapt their role so as to complement the new technology, 
i.e. they adjust to changing technological endowments by switching tasks. Overall, technological 
substitution does not occur according to common intuitions since the process of utilizing new 
innovations is slow due to a range of economic, legal and societal hurdles.15 

Academic research related to technology and employment before the 21st century focused mostly 
on capital-labor complementarities (see e.g., Autor et al., 1998; Bresnahan, Brynjolfsson, & Hitt, 
2002; Krueger, 1993; Machin & Van Reenen, 1998) and changes in employment among skill and 
task types (see the previous section and e.g., Autor et al., 2003). The substitution of labor by 
capital received less attention from researchers, which has indeed changed in the past decade. 

Importantly, during the 15 years after the pioneering work by Autor et al. (2003), a wide variety 
of the tasks that were then identified as non-routine and non-automatable have been found to be 
well within the reach of automatability. Brynjolfsson and McAfee (2011, 2014), Frey and Osborne 
(2013, 2017) and others have argued that digital innovations have made it possible to automate 
many tasks that Autor and cowriters first considered out of reach for computers or machines. 
This includes advances in technologies such as machine vision that have brought autonomous 
vehicles close to commercialization and IBM’s Watson that combines big data and artificial 
intelligence to outperform oncologists in cancer diagnosis. Such results have moved the general 
discussion and also academic research focus from employment polarization towards aggregate-level 
job displacement by new technology. Some notable research on job and task automatability and the 
effects of technical change on unemployment and the labor share are discussed here. 

 
15 See Yglesias (2015), Thompson (2014, 2017), Surowiecki (2017), Rainwater (2015) or Smith (2017) for popular 
accounts on why “robots are not taking our jobs“ on a broader scale. A historical account of the long-term impact 
of AI on jobs is provided for instance by Wladawsky-Berger (2016). Michel and Bivens (2017) provide a more future-
oriented review on the subject. For a more comprehensive list of mechanisms through which innovations help create 
additional jobs, see Vivarelli (2015) and Acemoglu and Restrepo (2019). 
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Oft-cited work by Frey and Osborne (2013) from the Martin School at Oxford University finds 
that 47% of American jobs are susceptible to computerization, i.e. at risk of displacement. Their 
methodology is based on a Gaussian process classifier and it is used to estimate the probability of 
computerization for 702 American occupations. The work follows an occupation-based approach, 
which means that it assumes that whole occupations rather than individual job tasks are automated 
by new technology. In addition to the jobs-at-risk estimate, Frey and Osborne (2013) also provide 
evidence that wages and educational attainment are negatively correlated with an occupation’s 
probability of computerization. 

An interesting note here is that the Bureau of Labor Statistics projects that many of the 
occupations that Frey and Osborne (2013) categorize as being at high risk of automation will grow 
substantially faster than average employment between 2014 and 2024. These jobs include 
translators and interpreters, marketing specialists, technical writers, and medical and clinical 
laboratory technologists, among others; BLS forecasts, sometimes used in policymaking, rely on 
past staffing patterns and may overestimate future employment growth in some occupations. 

Arntz, Gregory, and Zierahn (2016) at the Organization for Economic Cooperation and 
Development (OECD) replicate much of the original report by Frey and Osborne (2013) but 
moderate the key assumptions. Instead of an occupation-based method, they use a task-based 
approach. Specifically, instead of assessing the risk that a whole occupation will be replaced by 
smart machines, the OECD authors adopt a more granular look into the tasks that make up 
different jobs, and then consider the automatability of these tasks. This is useful since even within 
occupations that appear to be easily automatable, there is typically much non-routine work that 
will be difficult to mechanize in the short term. Such tasks range from group work or face-to-face 
interactions with customers. Arntz et al. estimate that 9% of U.S. jobs (and 9% of OECD jobs on 
average) are at risk of automation. While this figure is only a fraction of the estimate provided by 
Frey and Osborne, it translates to around 13 million jobs based on 2016 employment figures. 

See Figure 8 below for a comparison between the predicted automatability of jobs in the U.S. 
(using the same PIAAC data) when applying the task-based approach (Arntz et al., 2016) versus 
the occupation-based approach (Frey & Osborne, 2013). Under the occupation-based approach, 
most jobs are assigned either a very high or a very low automatability score, while only few jobs 
are considered somewhat automatable. The pattern emerging from the task-based approach is 
completely different. When accounting for the variation of task structures within occupations, 
fewer jobs have either very high or very low values of automatability. This produces an outcome 
that is substantially different from Frey and Osborne (2013). 

Newer OECD research that builds on Arntz et al. (2016) estimates the risk of automation for 
individual jobs based on the same PIAAC data but covering a broader set of workers (Nedelkoska 
& Quintini, 2018). They estimate that 10% of jobs at high risk of automation in the U.S. Consistent 
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with findings discussed earlier, the authors also find that the highest risk of automation is 
concentrated in routine jobs with low skill requirements and often lowest wages. 

Figure 8. Distribution of Automatability in the U.S., Comparing the Task-Based Approach to 
the Occupation-Based Approach 

 

Source: Adopted from Arntz et al. (2016) who developed these estimates based on the 2012 Survey of Adult Skills (PIIAC). 
Notes: The occupation-based approach uses estimates from Frey and Osborne (2013), applied to International Standard 

Classification of Occupations (ISCOs) in PIIAC data, with identical weights for each 6-digit Standard Occupational Classification 
(SOC) job within the corresponding 2-digit ISCO occupation. For PIIAC data, see: https://www.oecd.org/skills/piaac/. 

Autor and Salomons (2018) outline the various channels through which automation impacts the 
labor’s share of output. They also estimate the impact of productivity growth on the employment 
and labor share using data on 28 industries from 18 OECD countries since 1970. They find that 
although automation, measured either by TFP growth or instrumented by foreign patent flows or 
robot adoption, has not been employment-displacing, it has reduced the labor share. They also 
find that productivity growth has had more labor share-displacing effects in the 2000s compared 
to 1970s, consistent with the idea that automation has become less labor-augmenting and more labor-
displacing in recent decades. See also Orak (2017) on the capital-task complementary and the decline 
of the labor share in the U.S. 

The effects of technical change on the labor share and macroeconomic outcomes is omitted from 
this review, and the dissertation more broadly. For work on industrial robots on aggregate 
employment and wages, with some evidence of negative effects, see Acemoglu and Restrepo 
(2018c) and Graetz and Michaels (2018). 

https://www.oecd.org/skills/piaac/
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There is also theoretical work in the economics research literature that examines the effect of 
technological change on unemployment, most notably Benzell, Kotlikoff, LaGarda, and Sachs 
(2015), Sachs, Benzell, and LaGarda (2015), Sachs and Kotlikof (2012), and Stiglitz (2014). Benzell 
et al. (2015) for instance develop an overlapping generations model which, under reasonable 
assumptions, generates a situation where demand for labor decreases over time as smart machines 
undermine their customer base, leading to increasing human unemployment. 

Summary and Gaps in Past Work  

Brief summary of the empirical research literature 

Most of the research presented in this chapter can be summarized as follows:  

§ From the 1970s up until at least the early 2000s, the demand for college (and post-college) 
graduates increased relative to other educational groups. Moreover, education tends to be 
tightly correlated with other types of skills, including especially PIAAC test scores. 

§ Demand outstripped supply for these educational groups and led to major increases in real 
wages over the same period. The declining relative demand for less educated groups 
compared to their supply in turn resulted in stagnating real wages. 

§ These trends, and the associated rise in earnings inequality, were also associated with a 
decline in middle-skill, middle-income occupations at the expense of high-skilled/paid and 
low-skilled/paid jobs, at least until the 2008 crisis. Other work has emphasized the large 
role of between-industry inequality in contributing to these trends. 

§ There is substantial evidence that technological developments, essentially automation and 
computerization, have contributed substantially to the above-mentioned trends, especially 
the rising skill premium. Research is more limited when it comes to the intersection 
between 21st century digital advances and labor market outcomes. 

§ It is possible that a faster supply of highly educated workers could have partly reversed the 
increasing skill premium in the late-20th century. This is one of the reasons why policy is 
important; the employment and wage outcomes depend directly on how the education 
system, training institutions, and immigration respond to shifts in the demand for skill. 

Main gaps in the literature to be addressed in the dissertation 

This said, there are still important gaps in the academic and policy literature on skill-biased 
technical change and related topics that will be addressed in later chapters of this work. 
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First, recent work in the field has been preoccupied with studying the potential of new 
technologies to substitute for workers in significant numbers (see e.g., Benzell et al., 2015; Frey & 
Osborne, 2017). The popular media is also notorious for printing daunting headlines based on 
such findings, often relying on the most pessimistic accounts that highlight the possibility of wide-
spread technological unemployment. Academic work on the effects automation technologies on 
labor demand is certainly important, and new, credible work indeed challenges the presumption 
that technical change will be favorable to labor in all cases (Acemoglu & Restrepo, 2019). My work, 
however, focuses on the arguably more pressing issue of the differential effects of new 
technologies on earnings by education and technical skill. 

Second, past research has traditionally stressed that shifts in production technologies towards the 
end of the 20th century tended to favor more educated workers (see e.g., Goldin & Katz, 1998). 
Work investigating outcomes during the past 10–15 years is much more limited. I use data from 
the early 21st century to investigate recent changes in selected skill premium measures and to 
estimate the effects of digitalization on the skill premium and economic inequality. A related 
distinction with respect to past work, made possible by new data, is that I am able to distinguish 
impacts across several dimensions. The empirical outlook in Chapter 1 focuses on trends not only 
by education but also the STEM designation of an individual’s college major, occupation, and 
industry. The causal effects of digitalization in Chapter 3 are estimated across education categories; 
STEM versus non-STEM occupations; and industries based on their past digitalization success. 

Third, past empirical work on the effects of technology on skill returns tend to be limited to a 
single indicator, such as industrial robots (Acemoglu & Restrepo, 2018c; Graetz & Michaels, 2018), 
computer use (Bessen, 2016), or automation as proxied by related patents (Mann & Puttmann, 
2018). At large, similar research on digitalization is scarce (see Fossen & Sorgner, 2019 for related 
work). A large part of my contribution comes from considering two complementary proxies of 
digitalization together. As discussed earlier, my main measures represent both inputs to and 
outputs of production. Both proxies (IT investment and digital value added) are well-defined, easily 
operationalized, and vary over time across sectors. Chapter 2 explores these measures in detail. 

Fourth, empirical work on the labor market effects of technology commonly relies on cross-
sectional data on labor outcomes. In the final study of this dissertation in Chapter 3, I exploit 
detailed longitudinal data that has not been used before for the study of technical change. Finally, 
most discussion on public policies to address technology-based inequality, both in academic and 
policy literature, is anecdotal and relatively straightforward (e.g., calls to educate more skilled 
workers). My objective is to provide more detailed proposals on the types of policies that would 
address excessive earnings disparities. To achieve this, I examine the particular policy implications 
of my empirical findings, contrast them with secondary literature, and also estimate the quantity 
of skilled labor that would be required to stabilize skill-based inequality in the early 21st century. I 
also discuss and compare practical policy alternatives that could help accomplish this goal. 
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Chapter 1: Skill Premium in the 21st Century 

Summary 

In this chapter, I document trends in labor market outcomes by education in the early 21st 
century. I use economic and demographic data from the United States between 2005 and 2017, 
focusing on hourly earnings for workers aged 18–64 in the post-crisis period. Other measures, 
including annual earnings and average unemployment rates across groups, are also considered. 

My main finding is that the earnings premium for higher education has grown steadily since the 
financial crisis and coincided with rapid increases in the supply of highly educated workers. This 
result challenges the common perception that growth in skill demand would have stagnated by 
2005. There is, however, an important caveat: While growth in the college premium did slow 
down in the early-2000s, specific groups – especially advanced degree holders with technical 
college majors – have reaped large and rising economic rewards in the past 10–15 years. 

These insights arise when comparing non-technical college majors to majors in Science, 
Technology, Engineering, and Mathematics (STEM). Strikingly, among workers with advanced 
degrees, STEM majors accounted for the entirety of the growth in the education premiums. 
These trends also occurred despite marked growth of the number of STEM educated 
individuals in the adult population, both in absolute terms and relative to those without a 
technical degree. 

In addition to education, job type and industry matter greatly to labor market outcomes. The 
gaps between education groups increased the most in high-technology sectors and occupations, 
where earnings at large also grew much faster than in other sectors and jobs. 

In subsequent chapters, recent advances in digitalization are proposed as a candidate 
explanation for both the rising skill premiums and the large rewards for high-technology work. 

Introduction 

Technological change is the main driver of productivity growth and increasing living standards. By 
extension, individuals employed in innovative industries and in Science, Technology, Engineering, 
and Mathematics (STEM) occupations contribute to these positive trends (Carnevale, Smith, & 
Melton, 2011; Griliches, 1992; Peri, Shih, & Sparber, 2015). At the same time, at various points in 
history, technological change has been one of the drivers of skill-based inequality, as it tends to 
increase relative rewards for those with higher education or specialized skills. Chapters 2 and 3 
of this dissertation explore some of these effects in the early 21st century, focusing on two 
particular measures of digitalization. 

The purpose of this chapter, however, is to analyze current levels and recent changes in the 
economic premium for education and technical skills in the United States. I use data from the 
American Community Survey (ACS) and focus on the earnings premiums for bachelor’s and 
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graduate degree holders, college graduates majoring in STEM fields, workers in STEM occupations 
and high-technology industries, and selected intersections of these characteristics. Depending on 
when data is available, I pin down trends between 2005–2017, 2008–2017 or 2009–2017. Notably, 
data on college major, which I use to distinguish between STEM and non-STEM graduates, only 
became available in 2009. 

My main finding is that the earnings premiums for higher education, and especially technical 
education among those with advanced degrees, has increased since 2008, and that these trends 
cannot be explained by differential labor supply trends. This result provides a useful impetus for 
the subsequent chapters of this dissertation that ask whether specific measures of technological 
change could help explain these trends. 

Data 

The data source for this chapter is the 2005–2017 American Community Surveys, which are 
extracted from the Integrated Public Use Microdata Series (IPUMS) one-percent samples (Ruggles 
et al., 2019)16. I focus on the population aged 18 to 64 and use the associated survey weights at 
the person-level to derive nationally representative estimates. More specifically, I derive weighted 
group-specific summary statistics from the person-level data, including for instance average or 
median earnings for individuals with a master’s degree. I then compare outcomes and trends across 
groups. I use the following variables: 

STEM MAJORS. ACS has collected data on college majors since 2009. Similar to Peri et 
al. (2015) and Deming and Noray (2019), I use the definition of STEM major adopted by 
the U.S. Department of Homeland Security in determining visitor eligibility for an F-1 
Optional Practical Training (OPT) extension.17 This definition is somewhat restrictive and 
includes “hard“ sciences such as mathematics and physics along with applied STEM fields 
such as communications technologies and engineering. Social sciences as a general 
category is excluded. The full list of STEM degree fields is given in the appendix, in “STEM 
degree fields in the American Community Survey“. 

STEM OCCUPATIONS. Data on individuals’ occupations is available in one-year ACS 
samples for the whole sample period. I classify occupations in ACS data by STEM and 
non-STEM occupations using the 2010 U.S. Census Bureau definition.18 

 
16 The ACS IPUMS database for the U.S. is available at https://usa.ipums.org/usa/.  
17 The U.S. Department of Homeland Security’s list of STEM majors is available at 
https://www.ice.gov/sites/default/files/documents/Document/2016/stem-list.pdf. 
18 The 2010 U.S. Census Bureau’s list of STEM occupations is available at 
https://www.census.gov/topics/employment/industry-occupation/guidance/code-lists.html.  

https://usa.ipums.org/usa/
https://www.ice.gov/sites/default/files/documents/Document/2016/stem-list.pdf
https://www.census.gov/topics/employment/industry-occupation/guidance/code-lists.html
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ICT-PRODUCING ("STEM") INDUSTRIES. Similar to occupations, data on industries in 
which individuals work each year is also available in one-year ACS samples for the whole 
sample period. Throughout this dissertation, I focus on selected 1-, 2-, and 3-level North 
American Industry Classification System (NAICS) subsectors for which data is available 
on digital value added and information technology investment (discussed in Chapter 2). 

While various definitions of high-technology industries are available, I rely on two 
classifications. The first one, discussed here, covers sectors that are directly concerned 
with the development and provision of information and communication technologies. For 
simplicity, I refer to these sectors as “STEM“ industries in the text. Out of the 58 NAICS 
subsectors considered in this dissertation, five are included in the definition: 

§ Computer and electronic product manufacturing (3-digit or “level 3“ NAICS sector);  

§ Computer systems design and related services (level 3); and 

§ Information (level 1) which includes four level 2 sectors: Publishing industries and 
software; motion picture and sound recording; broadcasting and telecommunications; 
and data processing, internet publishing, and other information services. 

“ADVANCED“ INDUSTRIES. I also use an alternative formulation of high-technology 
industries, adopted from Muro, Rothwell, Andes, Fikri, and Kulkarni (2015) at the 
Brookings Institute. In these “advanced“ sectors, research and development (R&D) 
spending per worker falls in the 80 percentile of all industries and more than a fifth of 
workers are in occupations that require a high degree of STEM knowledge. The definition 
of these industries is distinct from that of STEM industries above in many aspects. 
Notably, advanced sectors are specified at the 4-digit NAICS level19 and identified based 
on R&D intensity and STEM knowledge (instead of provision of ICT-related products 
and services).20 In practical terms, while there is some overlap between the two types of 
industries, there are also considerable differences. Advanced sectors comprise mainly of 
“ICT-using“ industries that nonetheless produce a wide range of goods, while STEM sectors 
specialize in producing the ICTs that are used by all sectors. 

 
19 Elsewhere in this dissertation, I rely on selected, mutually exclusive 1-, 2-, and 3- digit NAICS industry categories 
to classify industries. Advanced industries however refer to the 50 R&D- and STEM knowledge-intensive industries 
from Muro et al. (2015) that are specified at the 4-digit level. Similar to the definition of STEM industries, the list of 
advanced industries does not change over time.  
20 In advanced sectors, R&D spending exceeds $450 per worker, as measured by the National Science Foundation’s 
2009 Business R&D and Innovation Survey (BRDIS), which equates to around the 80th percentile of spending intensity 
across industries. The second condition is that over 21 percent of an industry’s workforce are in occupations requiring 
a high degree of STEM knowledge as defined by O*NET. See Muro et al. (2015, pp. 19–22) for details. 
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The Brookings study cited above offers additional insights on the definition of an 
advanced sector. These industries “invest heavily in technology innovation and employ 
skilled technical workers to develop, diffuse, and apply new productivity-enhancing 
technologies.“ R&D intensity speaks to the invention of new technologies and products 
at companies, helping to increase productivity, create new markets, and allow firms to 
generate more output for any given set of inputs. Workers with technical skills in turn 
allow companies to realize the value of their inventions to their production staff and 
clients. The full list of advanced industries is provided in the appendix, in section 
“Brooking Institute’s advanced industries“. 

EDUCATION. Data on individuals’ educational attainment is also available in one-year ACS 
samples for the whole sample period (2005–2017). In my most detailed classification, I 
distinguish between individuals with no high school diploma or a GED, and those with a 
HS diploma or a GED; some college or an associate’s degree; undergraduate degree; 
master’s degree; professional degree (e.g., MD or JD); and a doctoral degree. 

OUTCOMES. My main outcome of interest in the ACS is earned income for workers who 
are employed at the time of the survey, normalized by annual hours worked (reported 
standard weekly hours times 48). I also show results for annual earnings before 
normalization by work hours. In these two specifications, I only include those who report 
to have worked at least 20 hours a week throughout the year. Third, I examine yearly 
earnings including those who either do not work or work less than 20 hours a week. The 
earnings variable in the ACS reports income earned from wages or a person’s own 
business or farm for the previous 12 months. These components of the variable (wage, 
business, farm income) are top coded. The original amounts are expressed in nominal 
dollars, and I adjust them to constant 2012 dollars using the Consumer Price Index. 
While I focus on earnings, I also document recent trends in population (or working 
population), hours worked, unemployment rate, and labor force participation for 
different education, college major, industry, and occupation groups. 

Methodology 

In this chapter, I document recent changes in selected skill premium indicators. In addition to 
producing tabulations of the data with an eye on recent trends, I also analyze the extent to which 
past developments can be explained by a simple supply-demand model of skilled and unskilled 
labor. The results section below is divided into three subsections: 

1. Differences in labor market outcomes by education and college major (STEM vs. non-
STEM); 
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2. Differences in earnings by education (the seven categories listed above) as well as by 
college major and occupation (STEM vs. non-STEM); and 

3. Differences in earnings by education (same groups as above) and also by college major and 
industry (STEM vs. non-STEM sectors as well as “advanced“ vs. other sectors). 

In addition to documenting these outcomes, I also study how well recent changes in the earnings 
premiums can be explained by the supply-demand model discussed earlier. The findings for 
comparisons under item (1) are presented below in the main text, while the corresponding results 
for occupation and industry comparisons (items 2 and 3) are covered in the appendix. 

Results 

In this section, I describe key trends in the labor market premium and especially earnings premium 
for higher education and technical skills in the U.S., focusing mostly on the 2009–2017 period. 

Education, STEM majors, and labor market outcomes 

Table 2 below shows average annual earnings, hourly earnings, unemployment rates, and labor 
force participation rates in 2009 and 2017 for individuals aged 18–64 with different levels of 
education. I also show the population in each group represented in the ACS (columns titled N 
show the population in millions), annual hours worked, and premiums for the earnings measures 
in each group over HS graduates. The bottom panel shows changes in means and premiums from 
2009 to 2017. The main outcome of interest is hourly earnings, which is limited to individuals who 
reported to have worked at least 20 hours per week. 

The main findings from Table 2 are listed below: 

§ Hourly earnings (in red) for undergraduate and graduate degree holders were between 1.9 
and 3.8 times higher than those of high school graduates both in 2009 and 2017. Those 
with a professional degree earned the most, $94 per hour in 2017, followed by PhDs ($75), 
master’s degree holders ($58), and college graduates ($47). Workers with some college 
experience or an associate’s degree earned $29 per hour, before high school (HS) 
graduates or GED holders ($25) and those without a HS or GED degree ($20). 

§ Compared to premiums in hourly earnings, education premiums in annual earnings were 
slightly higher both in the full adult population (in blue) and for those who worked at least 
20 hours per week (in green). This reflects between-group differences in hours worked, 
unemployment rate, and labor force participation rate. 

§ From 2009 to 2017, hourly earnings grew in all education groups in real terms, by between 
11% and 22%. Increases in annual earnings were of similar magnitude (12–25%). 
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§ When comparing individuals with advanced degrees to high school graduates, the skill 
premium in hourly earnings increased during the period by between 2 and 4 percent. This 
rise coincided with a major increase in the supply of highly educated labor (by 8% to 24% 
for those with at least a college degree, depending upon the group). The number of HS 
graduates and those with some college experience grew by only 2 percent, while the 
number of individuals with less education decreased by 12 percent. 

§ Growth in the annual earnings premiums were marginal due to substantial post-crisis 
reductions in unemployment in less educated groups. 

§ The contracted population without a HS degree saw their average hourly earnings increase 
more than any other group after the financial crisis, by 22 percent, which is 9 percent more 
than high school graduates. Interestingly, the labor force participation rate for this group 
declined by 5% during the period, which also coincided with a stark decline in their 
unemployment rate which nearly halved. Labor force participation rates among those with 
some college or a HS diploma also declined from 2009 to 2017. 

§ Changes in annual hours worked were marginal in each education group. 

Boxplots with mean and median hourly earnings in 2017, along with associated inter-quartile 
ranges, are shown in Figure 9. 

Figure 9. Boxplot: Mean and Median Hourly Earnings by Educational Attainment in 2017 

 

Source: ACS 1-Year 1-Percent Sample in 2017. Notes: White diamonds refer to the mean values, whereas black lines denote 
the medians. The graph only contains individuals who reported to have worked at least 20 hours per week. Hourly earnings 

are given in 2012 prices and calculated by dividing annual earnings by 48 times weekly hours. 
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Table 2. Adult Population, Labor Market Outcomes and Premiums in Labor Market 
Outcomes by Educational Attainment in 2009–2017 

 

Source: American Community Survey (ACS) 1-Year 1-Percent Samples from 2009 and 2017. Notes: “N“ refers to population 
represented by the group in the survey in millions. Average hours are calculated by multiplying average weekly hours in for 

each worker in each group by 48 weeks, not including the unemployed. Hourly earnings (for those who worked 20 hours or 
more per week) are calculated by dividing annual earnings by 48 weeks times weekly hours. Annual and hourly earnings are 
given in 2012 prices. Annual earnings are rounded to the nearest hundred. All estimates include all individuals aged 18 to 64. 

Figure 10 and Table 3 below divide individuals with at least a college degree into those who 
graduated from STEM fields in college and those who graduated from other majors. Figure 10 
shows boxplots for hourly earnings in 2017, while Table 3 shows raw population-weighted 
averages in different labor market outcomes along with premiums over HS graduates. The table 
also shows differentials between STEM majors and others within all college-educated groups. This 
analysis provides further insights into recent developments among college graduates: 
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§ The increases in the number of individuals within college-educated groups were driven by 
STEM graduates. For instance, the number of individuals with only a college degree that 
graduated from a STEM field grew by 30%, coinciding with only a 10 percent increase for 
those who graduated from other fields. Differences were similar for PhDs as well as 
graduate and professional degree holders. 

§ With the exception of those with only a college degree, the growth in skill premiums for 
hourly earnings were fully accounted for by those who graduated from STEM fields in 
college. For example, PhDs with a STEM college degree saw their premium with respect 
to HS graduates grow by 6 percent, whereas for non-STEM PhDs this premium declined. 

§ Considering outcomes between STEM and other majors, changes in annual earnings were 
similar to changes in hourly earnings. Using more a restrictive definition of STEM major 
does not produce estimates significantly different from those discussed here, partly 
because the standard definition is relatively restrictive itself. 

Figure 10. Boxplot: Mean and Median Hourly Earnings by Educational Attainment and STEM 
Designation of College Major in 2017 

 

Source: ACS 1-Year 1-Percent Sample in 2017. Notes: White diamonds refer to the mean values, whereas black lines denote 
the medians. The graph only contains individuals who reported to have worked at least 20 hours per week. Hourly earnings 
are given in 2012 prices and calculated by dividing annual earnings by 48 times weekly hours. “STEM“ refers to those who 

majored in STEM in college. 
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Table 3. Adult Population, Labor Market Outcomes and Premiums in Labor Market 
Outcomes by Educational Attainment and STEM Major in 2009–2017 

 

Source: ACS 1-Year 1-Percent Samples from 2009 and 2017. Notes: As in Table 2. 

Supplementing the above analysis, Figure 11 below shows mean hourly earnings in each year from 
2009 to 2017. The supply of workers within education groups and majors (STEM vs. non-STEM) 
is shown in Figure 12 and Figure 13. 

Similar figures for unemployment and labor force participation rates by education are provided in 
the appendix, in section “Outcomes for STEM occupations and industries: Supply-demand 
analysis.“  
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Figure 11. Mean Hourly Earnings by Educational Attainment and STEM Designation of 
College Major in 2009–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2009–2017. Notes: Hourly earnings are given in 2012 prices and calculated by 
dividing annual earnings by 48 times weekly hours. The graph only contains individuals who reported to have worked at least 

20 hours per week. “STEM“ (thick lines) refers to those who majored in STEM in college. 

Figure 12. Population Aged 18–65 Represented by the Survey in 2009–2017 By Education 

 

Source: ACS 1-Year 1-Percent Samples in 2009–2017. Notes: “STEM“ refers to those who majored in STEM in college. 
Includes the represented population in the ACS aged 18 to 64. 
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Figure 13. Population Aged 18–65 Represented by the Survey in 2009–2017 By Education 
(Master’s Degree or Higher) 

 

Source: ACS 1-Year 1-Percent Samples in 2009–2017. Notes: As in Figure 12. 

Finally, as shown in Figure 14, STEM majors as group earned over $61 per hour, substantially more 
than other majors ($53) and two time that of those without a college degree ($27). 

Figure 14. Boxplot: Mean Hourly Earnings by Designation of College Major in 2017 

 

Source: ACS 1-Year 1-Percent Sample in 2017. Notes: As in Figure 10. 
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Supply-demand analysis of changes in the skill premium 

In this section, I analyze the data relying on the so-called “education race” model (see e.g., Goldin 
& Katz, 2009), first used by the Nobel Prize–winning economist Jan Tinbergen (1974). The main 
implication of the model is that the premium for skills will rise if the supply of educated labor does 
not keep pace with persistent outward shifts in the demand for skills. For instance, as the supply 
of educated labors began to decelerate in the early 1980s, the growth rate of the college wage 
premium increased as predicted by the model. 

I build on the original analysis in Murphy and Welch (1992)21 and replicate the estimation technique 
in Autor (2014) that he uses for a similar purpose. Specifically, I fit a simple regression model that 
predicts the wage premium for one group over another (see the comparisons on the next page) 
in each year as a function of two factors:  

1. The contemporaneous supply of individuals in both groups (i.e., population); and  

2. Linear and quadratic time trends.22 

This is done to formally account for the impact of the fluctuating growth rate of labor supply in 
different groups on the earnings differential by skill. I plot gaps in hourly earnings between the 
following pairs of individuals: 

1a)  BS+ vs. HS: College graduates (including those with bachelor’s master’s, professional or 
doctoral degree) and HS graduates;  

1b)  MS+ vs. HS: Master’s degree holders and HS graduates;  

1c)  MS+ vs. BS: Master’s degree holders and those with only an undergraduate degree; and 

2a-c)  STEM vs. Non-STEM; STEM vs. Non-STEM (BS); and STEM vs. Non-STEM (MS): 
STEM-educated and non-STEM-educated college graduates overall, and these groups 
limited to those with only a bachelor’s degree, and those with more advanced degrees. 

The figures use the ACS data for earnings between years 2009 and 2017. Following Autor (2014), 
the series labeled “Measured Gap” are constructed by calculating the mean of the natural 
logarithm of hourly earnings for both groups, and plotting the exponentiated ratio of these means 
for each year. The series labeled “Predicted by Supply-Demand Model” plots the exponentiated 
predicted values from a regression of the log group1-to-group2 wage gap on a quadratic 
polynomial in calendar years and the natural log of group1-to-group2 relative supply: 

 
21 Note that, as opposed to the original research by Murphy and Welch (1992), I do not describe or test the 
presence of candidate demand shifters using aggregate data. 
22 In terms of interpretation, a positive linear time trend term and a negative quadratic time trend term would imply 
that the demand for the higher skilled group is rising at a decreasing rate over time. 
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,( refer to relative hourly earnings in the two groups (e.g., BS+ and HS), and 
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,( refer to their relative populations (individuals aged 18–64). The coefficient on the 

relative supply term,	,+, captures the inverse elasticity of substitution between higher- and lower-
skilled workers. (3 − 3.+) and (3 − 3.+), are the linear and quadratic time trends. The time trend 
serves as a proxy for the rising demand for the more skilled group. Subscript 3 denotes the year of 
each observation and 6( is the error term. 

The fitted values from this simple supply-demand model (blue series) and the actual data (green 
series) are drawn below for each group comparison. In each case, the two lines differ very little 
from each other over the sample period. While earlier research (e.g., Autor, 2014) has 
demonstrated a slight plateau in the college-high school wage premium at least from 2005 until 
2012, this analysis suggests a gradually rising premium in hourly earnings in 2008–2017 (Figure 15). 
The premium for master’s degree holders over high school graduates has also grown over the 
same period (Figure 16), although more slowly. This means that the master’s vs. bachelor’s 
earnings gap has declined since 2008, having grown until then (Figure 17). 

Figure 15. Gap in Hourly Earnings: Bachelor’s Degree Holders vs. High School Graduates in 
2008–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2008–2017. Notes: Includes the represented population in the ACS. The series 
labeled “Measured“ is constructed by calculating the mean of the natural logarithm of hourly earnings for bachelor’s degree 
holders and HS graduates (or GED holders), and plotting the exponentiated ratio of these means for each year. The series 

labeled “Predicted“ refers to the gap predicted by the supply-demand model. It plots the exponentiated predicted values from 
a regression of the log earnings gap on a quadratic polynomial in calendar years and the natural log of BS/HS relative supply. 
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Figure 16. Gap in Hourly Earnings: Master’s Degree Holders vs. High School Graduates in 
2008–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2008–2017. Notes: As in Figure 15. 

Figure 17. Gap in Hourly Earnings: Master’s vs. Bachelor’s Degree Holders in 2005–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2005–2017. Notes: As in Figure 15. 

As discussed, the coefficients on the relative supply term capture the inverse elasticities of 
substitution between the higher- and lower-educated workers. Interestingly, these coefficients are 
positive for the college–high school (BS+ vs. HS; % = 	0.062) and graduate degree–high school 
(MS+ vs. HS; % = 	0.448) equations shown in Table 4. 
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While the estimates are not statistically significant, the positive signs demonstrate that skill 
premiums tended to increase alongside with rising relative labor supplies. In other words, changes 
in the relative quantities of individuals with different levels of education cannot alone account for 
observed changes in relative earnings. This indicates external pressures on the demand for high-
skilled labor that has outweighed the simultaneous expansion in relative skill supply. 

The coefficient on the relative supply term in the MS+ vs. BS model is negative (% =	– 0.698) and 
statistically significant; the faster growth of MS holders compared to BS holders possibly helped 
compress the MS+ earnings premium in 2005–2017 and especially in 2009–2017 when it in fact 
declined. The number of individuals with only a college degree grew by 16% during the latter 
period, while the number of master’s degree holders and PhDs grew by 24% and 22%, respectively. 

Overall, these findings are in line with the hypothesis that, during the past decade, technological 
change contributed to rising relative demand for workers with undergraduate and graduate 
degrees, increasing their earnings premium over HS graduates. This hypothesis is tested empirically 
in Chapters 2 and 3 of this work. 

Table 4. Supply-Demand Models: Explaining Education Premiums in 2009–2017 and 2005–
2017 

 

Notes: The table reports coefficients from equation	
!" #

)*+,!"#$$%&,(
)*+,)*!"#$$%&,(

$ = & + (-!" #
./0012!"#$$%&,(
./0012)*!"#$$%&,(

$ + (3(* − *456-) + (7(* − *456-)3 + -4 , where “skilled“ include either those 
with a bachelor’s or higher (BS+, column 1) or those with a master’s or higher (MS+, column 2) and “unskilled“ include either 
HS graduates and GED holders (HS Grad, columns 1 and 2) or those with only a bachelor’s degree (BS Grad, column 3). All 

LaTeX tables in this dissertation are generated using R package stargazer, developed by Hlavac (2018). 

The overall STEM degree premium (among those with at least a college degree) first grew from 
2009 to 2012 and then declined gradually back to its 2009 level by 2017 (Figure 18). Notably, the 
relative labor supply of STEM-educated individuals increased rapidly throughout the sample period, 
which most likely helped suppress the premium. The coefficient on the relative labor supply 
between STEM and non-STEM majors is however positive (Table 5 on page 47), indicating similar 
movements in relative labor supply and earnings differentials. This statistic is not very informative 
considering the nonlinear trend in the earnings gap, and potentially influenced especially by the 
fast growth in both STEM labor supply and STEM earnings in 2009–2012. 
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Figure 18. Gap in Hourly Earnings: STEM vs. Non-STEM College Majors in 2009–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2009–2017. Notes: “STEM“ refers to those who majored in STEM in college. For 
other details, see Figure 15. 

Figure 19 in turn shows that the premium contracted especially among those with only a college 
degree, which is the largest group among all college degree holders. While the relative increases 
in STEM labor supply were also large among those with a master’s degree or higher, their premium 
compared to non-STEM workers increased substantially from 2009 to 2017 (Figure 20 below). As 
mentioned earlier, STEM majors accounted for all growth in the education premium among those 
with at least a master’s degree. The coefficient on the STEM labor supply differential is positive 
(% = 0.140) and statistically significant, suggesting that the premium grew due to rising external 
demand for advanced technical skills. 

The findings illustrated in Figure 17 and Figure 20 have interesting practical implications. On one 
hand, the value of pursuing a master’s degree or another advanced degree has declined for an 
average college graduate since 2008 (Figure 17). On the other hand, having an advanced degree has 
become marginally more valuable overall but especially for individuals with a STEM degree from 
college (Figure 20). One could argue that at least for a college graduate, acquiring a master’s degree 
is worth it earnings-wise almost exclusively for STEM majors, who in most cases continue in 
technical fields when pursuing advanced education. 

Another important point here is that the absolute premium for a STEM degree, overall and among 
those with only a college degree, is very large throughout the sample period. This finding should 
not be overshadowed by the small reductions in these premiums that become apparent with a 
closer examination of the y-axis scales. 
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Figure 19. Gap in Hourly Earnings: STEM vs. Non-STEM College Majors, Bachelor’s Degree 
Holders Only in 2009–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2009–2017. Notes: Contains individuals with only a bachelor’s degree. “STEM“ 
refers to those who majored in STEM in college. For other details, see Figure 15. 

Figure 20. Gap in Hourly Earnings: STEM vs. Non-STEM College Majors, Master’s Degree 
Holders in 2009–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2009–2017. Notes: Contains individuals with a master’s, professional or doctoral 
degree. “STEM“ refers to those who majored in STEM in college. For other details, see Figure 15. 
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Table 5. Supply-Demand Models: Explaining STEM Premiums in 2009–2017 

 

Notes: The table reports coefficients from equation	
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Other relevant findings have to do with supplementary analysis in the next section and in the 
appendix (“Outcomes for STEM occupations and industries: Supply-demand analysis“) where I 
reproduce these models while distinguishing between STEM and non-STEM occupations and 
industries: 

§ First, while the MS+ vs. BS earnings gap has declined since 2008 (Figure 17), it increased 
slightly within both STEM jobs and industries (Figure 65 and Figure 66 in the appendix). 
Advanced degrees are not only increasingly valuable for STEM majors but also for those 
who end up working in technical occupations and sectors. 

§ Second, while the premium for a STEM college major has slightly declined for those with 
only a college degree, it has increased considerably for college-only workers in STEM jobs 
and STEM industries (Figure 67 and Figure 68 in the appendix). 

§ Third, similar to the analysis above, the increasing skill demands that outweigh relative 
labor supply trends is also visible when the analysis is limited to these high-technology fields 
(see the regression tables in the appendix). 

Overall, these findings are in line with the hypothesis that technological change has contributed to 
rising relative demand for workers with technical education, increasing their earnings over those 
from non-technical backgrounds. Furthermore, to the extent that technology is behind these 
trends, the effects are likely to be pronounced among those with a graduate degree and those 
working in high-technology jobs and industries. The next two sections present additional findings 
on past premiums for STEM work. 
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STEM occupations and labor market outcomes 

In this section, I repeat the analysis on labor outcomes by education while also distinguishing 
between outcomes for workers in STEM and non-STEM occupations. The objective is to better 
understand how job type mediates earnings outcomes by education, especially when compared to 
the impact of college major. Do STEM majors benefit considerably more if they work in STEM 
occupations? Does working in a STEM job lead to additional earnings gains regardless of major? I 
focus only on hourly earnings and rely on the U.S. Census definition of STEM occupations. 

First, Figure 21 shows 2017 earnings outcomes by education separately for workers in STEM and 
non-STEM occupations. The boxplots include mean and median earnings along with the relevant 
inter-quartile ranges. Figure 22 shows corresponding boxplots for STEM and non-STEM college 
majors and those without a college degree in both STEM and non-STEM occupations. Table 6 on 
page 50 presents more detailed trends in mean earnings by education and an occupation’s STEM 
designation in 2009–2017. 

Key results, largely based on Table 6, are discussed below: 

§ In both 2009 and 2017, workers in STEM occupations earned more than workers in non-
STEM occupations in all education categories except for professional degree holders.  

§ Interestingly, the STEM occupation premium is the largest among those with less education. 
Workers without a HS diploma earned 1.9 times as much in STEM jobs compared to other 
occupations, while PhDs only earned 1.1 as much in STEM jobs. As seen in Figure 21, 
differences in earnings between groups are smaller in STEM jobs. 

§ Put differently, additional education provides a smaller relative benefit for workers in STEM 
occupations compared to non-STEM jobs. PhDs for instance earned two times as much as 
HS graduates in STEM occupations, and three times as much in non-STEM jobs. 

§ Earnings grew more in STEM occupations than others from 2009 to 2017 across all 
education groups. Specifically, relative gains from working in a STEM occupation increased 
by between 2 and 12 percent depending on the group. 

§ The premium for higher education (when comparing university degrees to HS graduates) 
increased more in STEM occupations than in non-STEM jobs. The premium for college and 
more advanced degrees increased by 3–8% in STEM occupations and 1–3% in others. 

§ Referring to Figure 22, non-STEM majors earned more in STEM occupations than STEM 
majors in non-STEM occupations. 

The main conclusion is that occupation type considerably mediates labor market outcomes; 
technical jobs have considerable rewards even for those with limited education and those who 
graduated from non-technical college majors. 
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Figure 21. Boxplot: Mean Hourly Earnings by Educational Attainment and Occupation’s STEM 
Designation in 2017 

 

Source: ACS 1-Year 1-Percent Sample in 2017. Notes: As in Figure 10. 

Figure 22. Boxplot: Mean Hourly Earnings by Designation of College Major and Occupation’s 
STEM Designation in 2017 

 

Source: ACS 1-Year 1-Percent Sample in 2017. Notes: As in Figure 10. 
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Table 6. Employed Population, Hourly Earnings and Earnings Premiums by Educational 
Attainment and Occupation’s STEM Designation in 2009–2017 

 

Source: ACS 1-Year 1-Percent Samples from 2009 and 2017. Notes: As in Table 2. Nwork refers to employed population. 
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Table 7 below repeats the analysis in Table 6 but also distinguishes between STEM and non-STEM 
majors. Related boxplots are shown first in Figure 23. Notable findings are listed below: 

§ Among PhDs and professional degree holders, college major was largely irrelevant in STEM 
occupations in 2017. In non-STEM occupations, on the other hand, being a STEM major 
was remarkably valuable for these two groups, as they were paid on average 28 and 24 
percent more than non-STEM majors, respectively. 

§ College major made a small difference in earnings in both STEM and non-STEM occupations 
for college and master’s degree holders. 

§ Considering trends from 2009 to 2017, as mentioned, the premium for higher education 
increased more in STEM occupations than in non-STEM occupations. The largest winners 
were PhDs with non-STEM college degrees who work in STEM occupations. They saw a 
32% growth in earnings, which is an increase of around 15% over HS graduates. In non-
STEM occupations, non-STEM PhDs in fact lost compared to HS graduates. 

Figure 23. Boxplot: Mean Hourly Earnings by Educational Attainment with STEM Occupations 
and STEM Majors in 2017 

 

Source: ACS 1-Year 1-Percent Sample in 2017. Notes: White diamonds refer to the mean values (for educational levels 
regardless of major), whereas black lines denote the medians (by education and major). The graph only contains individuals 

who reported to have worked at least 20 hours per week. Hourly earnings are given in 2012 prices and calculated by dividing 
annual earnings by 48 times weekly hours. “STEM“ in the legend refers to those who majored in STEM in college.  
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Table 7. Employed Population, Hourly Earnings and Earnings Premiums by Educational 
Attainment, STEM Major and Occupation’s STEM Designation in 2009–2017 

 

Source: ACS 1-Year 1-Percent Samples from 2009 and 2017. Notes: As in Table 2. Nwork refers to employed population. 

For plots of earnings over time by education and the STEM designation of occupation, see section 
“Outcomes for STEM occupations and industries: Earnings over time“ in the appendix. 
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High-technology industries and labor market outcomes 

In this section, I repeat the analysis of labor outcomes by education while also distinguishing 
between outcomes for workers in different types of industries. I use the two industry definitions 
discussed in the data section. STEM industries refer to three sectors that provide ICT-related and 
digital products or services (manufacturing and service sectors related to ICT and digitalization as 
well as the information sector). Advanced industries in turn refer to a total of fifty 4-digit NAICS 
sectors that fulfil the R&D intensity and worker STEM knowledge criteria developed by Muro et 
al. (2015). In the tables, information about STEM industries is in blue and information about 
advanced industries in red. Again, I focus on hourly earnings. 

Table 8 describes averages and recent trends in hourly earnings by educational attainment and an 
industry’s STEM designation in 2009–2017. Figure 24 shows boxplots with both mean and median 
earnings and the relevant inter-quartile ranges in 2017. Key findings are summarized below. I focus 
on STEM industries first and contrast these with advanced industries at the end: 

§ Between 2009 and 2017, workers in STEM industries earned more than workers in non-
STEM industries in all education categories except for professional degree holders (similar 
to occupations). Perhaps not surprisingly, PhDs earned more than professional degree 
holders (involving e.g. MDs and JDs) in STEM sectors and vice versa for non-STEM sectors. 

§ In both 2009 and 2017, the STEM industry premium was comparable in all education 
groups. With the exception of professional degree holders (negligible difference), this 
premium was 1.2–1.4 in 2009 and 1.3–1.5 in 2017, depending on the group. Note that, as 
documented in “STEM occupations and labor market outcomes,“ working in a STEM 
occupation is in contrast relatively much more beneficial for less educated workers. 

§ Excluding professional degree holders, higher education (compared to HS graduates) 
delivers slightly larger relative benefits in STEM industries compared to non-STEM 
industries. This is again distinct from the analysis in the previous section, which showed 
smaller relative benefits from education for workers in STEM occupations. 

§ Earnings grew more in STEM industries than in other sectors in 2009–2017 across all 
education groups. Consequently, relative gains from working in a STEM industry increased 
by between 5 and 25 percent depending on the group, similar to STEM occupations. 
Interestingly, those with the most education (PhDs, +25%) and least education (less than 
high school, +15%) saw the largest increases in premiums for working in a STEM industry. 

§ The earnings premium for PhDs compared to HS graduates increased by 22% in STEM 
industries and only 3% in non-STEM industries. Other education groups saw their 
education premiums increase by around 2 percent over HS graduates in STEM industries, 
with limited relative changes in other sectors. 
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§ The adult population employed in STEM sectors was around 7.6 million in 2017, while 
advanced sectors employed around 13.3 million workers (totals not shown in the table). 
STEM sectors grew by 7.4% from 2009, and advanced sectors by 12.1%. 

§ Changes in the earnings trends by education were of similar magnitude in STEM industries 
and advanced industries. Similar to STEM sectors, in 2017, workers in advanced sectors 
earned more than those in other sectors across all education levels; the advanced sector 
earnings premium rose by between 1% and 7% from 2009. The premium for higher 
education was stagnant in non-advanced sectors but rose substantially in advanced sectors 
despite the rapid relative and absolute growth in advanced sector labor. Lastly, PhDs at 
large earn much more in STEM than in advanced sectors. 

Table 8. Employed Population, Hourly Earnings and Earnings Premiums by Educational 
Attainment and Industry’s STEM/Advanced Designation in 2009–2017 

 

Source: ACS 1-Year 1-Percent Samples from 2009 and 2017. Notes: As in Table 2. Nwork refers to employed population. 
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Figure 24. Boxplot: Mean Hourly Earnings by Educational Attainment and Industry’s 
STEM/Advanced Designation in 2017 

 

Source: ACS 1-Year 1-Percent Sample in 2017. Notes: As in Figure 10. 
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Figure 25 below shows boxplots from 2017 for STEM and non-STEM college majors and those 
without a college degree in both STEM and non-STEM industries. Similar to occupations, non-
STEM majors earned more in STEM industries than STEM majors in non-STEM industries.  

Figure 25. Boxplot: Mean Hourly Earnings by Designation of College Major and Industry’s 
STEM Designation in 2017 

 

Source: American ACS 1-Year 1-Percent Sample in 2017. Notes: As in Figure 10. 
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Table 9 below repeats the analysis in Table 8 but also distinguishes between STEM and non-STEM 
majors. Related boxplots are given in Figure 26.  

Notable findings are listed below: 

§ Comparing STEM and non-STEM majors, differences in hourly earnings in 2017 were 
similar regardless of their industry’s STEM designation, with two exceptions. First, STEM-
educated PhDs earned 1.5 as much as other majors in STEM sectors but only 1.2 as much 
in non-STEM sectors. Conversely, STEM-educated professional degree holders earned less 
than other majors in STEM sectors and 1.2 times as much in non-STEM sectors.  

§ Considering trends from 2009 to 2017, as mentioned, the premium for higher education 
increased more in STEM industries than in non-STEM industries (similar to advanced vs. 
non-advanced sectors and STEM vs. non-STEM occupations). Also as shown in the first 
section of this chapter, STEM majors accounted for most of the growth in education 
premiums in that period. Table 9 adds to this analysis by showing that majoring in STEM 
was helpful mostly in STEM industries. In non-STEM industries, the growth of the premium 
over HS graduates was between -1% and 4% depending on the group; in STEM industries, 
in turn, STEM majors benefited by between 3% and 6%, with the exception of PhDs who 
saw their relative earnings increase by as much as 20% over HS graduates. 

§ The trends are broadly similar in STEM sectors and advanced sectors. 
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Table 9. Employed Population, Hourly Earnings and Earnings Premiums by Educational 
Attainment, STEM Major and Industry’s STEM/Advanced Designation in 2009–2017 

 

Source: ACS 1-Year 1-Percent Samples from 2009 and 2017. Notes: As in Table 2. Nwork refers to employed population. 

For plots of earnings over time by education and industry, see section “Outcomes for STEM 
occupations and industries: Earnings over time“ in the appendix. 
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Figure 26. Boxplot: Mean Hourly Earnings by Educational Attainment with STEM/Advanced 
Industries and STEM Majors in 2017 

 

Source: ACS 1-Year 1-Percent Sample in 2017. Notes: As in Figure 23. 
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Conclusion 

The analysis reveals a rising earnings premium for higher education and technical skills in the past 
decade. Those with at least a college degree experienced a steady increase in real hourly earnings 
both in absolute terms and when compared to high school (HS) graduates from 2009 to 2017, 
despite a simultaneous increase in their relative labor supply. The supply of less educated 
individuals hardly changed, while the number of bachelor’s, master’s, and doctoral degree holders 
increased by 16%, 24% and 22%, respectively. Earnings differentials still grew by 2 to 4 percent. 

Notably, the growth of the hourly earnings differentials was largely explained by trends for 
workers who majored in Science, Technology, Engineering, and Mathematics (STEM) in college. 
Master’s, professional and doctoral degree holders with a STEM degree experienced a 15 to 18 
percent increase in earnings, while gains for similarly educated workers from non-STEM fields 
were equal to or lower than for those with only a HS diploma, between 11 and 12 percent. This 
finding contradicts the popular narrative that, while participation in STEM education is generally 
encouraged by society, STEM jobs are either in limited supply or largely not very lucrative. 

The number of STEM educated workers grew during the period both in absolute terms and 
relative to those from other fields. The quantity of BS, MS and PhD holders in the population that 
possess a STEM degree increased by 30%, 36% and 33%, respectively, while the equivalent 
increases of adults without a STEM degree were only 10%, 1% and 7%. 

Together, these trends challenge the perception that the rise in the economic premium for 
education (or technical skills) would have stagnated in the 2000s. 

Improvements in earnings from 2009 to 2017 were pronounced for workers in STEM-designated 
or high-technology occupations and industries. This is in line with past findings on the large role 
of between-industry inequality in explaining other forms of economic disparities (Haltiwanger & 
Spletzer, 2020) and guides the subsequent parts of this dissertation. In Chapter 2, I study the labor 
market effects of the changing regional mix of industries using industry-level digitalization. In 
Chapter 3, I focus on within-industry effects but also study groups of industries separately, 
distinguishing between effects in high- and low-technology sectors. 

This analysis is important also when considering the effects of digitalization on the skill premium. 
Earnings in STEM industries grew by 18 to 44 percent, compared to only 11 to 15 percent in other 
sectors. The magnitudes were similar for advanced industries, characterized by high R&D intensity 
and a large share of workers with STEM skills. Workers in these sectors saw their hourly earnings 
increase by 15 to 26 percent. For workers with at least a HS diploma in STEM occupations, hourly 
earnings increased by 14 to 23 percent, and only 11 to 16 percent in other jobs. The premium for 
higher education also increased more in STEM industries and occupations than other sectors and 
jobs. In fact, the education premium hardly changed in non-STEM occupations and industries. 
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While I showed that STEM majors accounted for most of the growth in education premiums, being 
a STEM major led to larger relative gains almost exclusively in STEM industries. In non-STEM 
sectors, the growth of the earnings premiums over HS graduates was between -1% and 4% 
depending on the education group. In STEM industries, STEM majors benefited by between 3% 
and 22% over HS graduates in the last decade. 

The trends documented above, along with more formal supply and demand analysis, suggest that 
the rising relative supply of highly educated workers – especially of those with technical skills 
working in high-technology fields and jobs – did not suppress the growth of relative earnings for 
these groups. The next two chapters ask whether digitalization could have been among the factors 
that has helped increase the relative demand for high-skilled workers in the labor market. 

One of the limitations of this analysis is that it does not speak to the causal effect of earning a 
particular degree, given that it ignores factors like ability and preferences that influence educational 
preferences and eventual job choice. A second limitation is that the returns to a given level of 
education vary between majors, even within STEM and non-STEM fields, which is a distinction that 
is omitted from my analysis of the survey data.  

As discussed, my objective has been to offer detailed descriptive analysis of labor market outcomes 
between different groups of workers. In this regard, the main contribution of this effort has been 
not only to distinguish between different education categories but also between different 
industries and occupations based on their “technology-prowess.“ In addition to documenting key 
outcomes in a number of tables and studying them empirically, the exercise required combining 
data on STEM classifications from a number of disperse sources and then merging it to individual-
level labor market information. 

It should be highlighted that my findings complement recent work by Altonji and Zhong (2020) 
who address some of the above-mentioned limitations while adopting a slightly different research 
focus. The authors estimate the economic premiums for specific degree fields by controlling for 
fixed effects for whether an individual has obtained particular college major and graduate degree 
combination. Effect estimates are shown separately for individual majors. 

Nevertheless, the central objective of my analysis has been to document the actual premiums 
across groups, with a focus on recent trends. This provides a foundation for estimating the causal 
effects of digitalization on labor market outcomes in the following chapters. 
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Chapter 2: Past Trends and Expected Labor Market 
Effects of Digitalization  

Summary 

In this chapter, I answer three questions regarding digitalization as proxied by investment in 
information technology (IT) and value added from digital products: (1) How are these measures 
constructed and what aspects of digitalization they represent? (2) Considering recent industry-
level trends, how do these measures differ from each other and from other measures that 
influence the labor market? (3) What are the likely channels through which the measures affect 
earnings and employment outcomes, and what assumptions can be made about these effects 
by education? 

In the empirical part of this section, I also examine associations between digitalization and labor 
outcomes across U.S. regions in the early 21st century. I employ a long-differences model where 
regional changes in average hourly earnings between 2009 and 2017 are regressed on regional 
digitalization exposures, defined from industry-level technological trends and the local 
distribution of employment across industries before the onset of recent digital advances. 

My findings suggest that regions that experienced greater exposures to digitalization after the 
financial crisis have also seen the largest increases in local skill premiums. These effects 
decrease slightly after including baseline covariates and adjustments for self-selected migration 
but remain relatively robust across specifications. In particular, while placebo regressors 
(overall investment and value added) are also positively correlated with skill premiums, they 
have been less influential in shaping them compared to the two digitalization proxies. 

Although the empirical estimates point to gains from digital technologies that rise with 
education, they likely suffer from endogeneity problems that cannot be readily addressed using 
regional data. This motivates the individual-level panel data analysis presented in Chapter 3. 

Introduction 

In this chapter, I describe the two digitalization variables, investment in information technology 
and digital value added, and discuss their expected effects on economic outcomes. I also compare 
these variables to other measures that influence the labor market and estimate simple models that 
use variation in these proxies and earnings across regions. The identification in these models relies 
on regressing the change in hourly earnings by skill level on the derived contribution of 
digitalization to each region’s local economy. As measures of skill, I use educational attainment 
and, when focusing only on college graduates, the STEM designation of a person’s college major.  

The main objective of the chapter is to offer essential information on the digitalization variables, 
including their construction, content, differences with other measures, plausible labor market 
effects, and preliminary estimates of such effects that take advantage of regional trends. 
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In the empirical analysis, I derive each region’s local exposure to digitalization – the change in the 
contribution of digital value added or IT investment between two dates – following an empirical 
strategy used, among others, by Acemoglu and Restrepo (2018c). Local exposure is a Bartik-style 
measure that combines industry-level variation in digitalization with baseline employment shares 
(Bartik, 1991). To obtain estimates of the effects of digitalization on labor outcomes, this measure 
is used as a regressor in a long-differences model where I focus on the 2009–2017 period. 

The purpose of using the Bartik-type measure is to isolate the changes in these technological 
trends that are due to nationwide dynamics from shocks in a region that would be otherwise 
correlated with the regional labor market outcomes. The estimates are however not intended to 
be interpreted as causal. Among other factors that bias these results, the choices of residence 
among different education groups are not random, and neither are the original shares that are 
used to construct the Bartik measures. This highlights the need to correct for self-selected 
migration, which I accomplish by applying a simple selection correction procedure to my models, 
adopted from Dahl (2002). 

To construct the two measures of local digitalization exposure, I use data from the BEA’s Digital 
Economy Satellite Accounts fixed non-residential investment tables. Both contain data on the same 
58 private industries (of which 55 in the final analysis) in mutually exclusive NAICS-level categories. 
Data on baseline employment shares in each region comes from the County Business Patterns 
survey provided by the U.S. Census. I have chosen 1998 as the base year due to the fact that the 
industry codes changed between 1997 and 1998; bridging this structural break would reduce the 
precision of the estimates. Data for baseline covariates comes from the 2000 Census. 

The 2005–2017 period for studying the effects on individuals by educational attainment is based 
on the availability of microdata from the American Community Survey (ACS) with information on 
the region of residence recorded for each individual. The 2009–2017 period for examining the 
effects on individuals by STEM designation of college major is based on the availability of ACS 
microdata with information on college major were not collected before 2009. Starting the analysis 
in 2009 also helps avoid the potentially confounding effects of the Great Recession. 

My findings show that the regions that saw large advancements in digitalization after the financial 
crisis also experienced relatively speedy recoveries of their local labor market conditions, with 
large increases in earnings for more educated groups. Population controls and the migration 
correction reduce these estimates but not substantially. Alternative regressors offer additional 
support about causal effects, although a range of endogeneity concerns still remain and highlight 
the need for additional analysis with more detailed data and nuanced methods.  

The rest of this chapter is structured as follows. I first discuss the data used in the empirical 
analysis of this chapter (and only this chapter), including demographic and labor market data from 
the ACS and firm data from the County Business Patterns survey. I then move onto exploring the 



  64 

two digitalization proxies along with industry-level patenting, which are used in Chapter 3. At the 
end of the section, I also examine how these measures differ from other measures of technological 
change and what are their plausible labor market effects. I conclude by discussing the empirical 
methodology and estimates from the regional analysis. 

Data  

This section describes the datasets used in this chapter, including cross-sectional data on 
demographics and labor market outcomes from the American Community Survey (IPUMS USA 
and IPUMS NHGIS) and panel data on total employment across regions and industries from the 
U.S. Census County Business Patterns (CBP) survey. As mentioned, this section also covers the 
two digitalization variables, constructed from data from the Bureau of Economic Analysis (BEA). 

Individual- and PUMA-level demographics and labor market outcomes 

Data on demographics and labor market outcomes in this section is compiled from person-level 
and regional data in 1-year samples from the ACS between 2005 and 2017. This includes, in 
particular, earnings by education and college major. Specifically, I use: 

1. Individual-level data for 2005–2017 with labor outcomes by education; and 

2. Individual-level data from 2009–2017 with labor market outcomes by education and also 
the STEM designation of college major. 

In the text, I focus on years from 2009 onwards, which partly avoids the potentially confounding 
effects of the recession. For constructing baseline covariates that vary across regions, I use the 
ACS five-percent sample from 2000. 

Regional cross-sectional survey data 

As my second data source, I use the National Historical Geographic Information System (NHGIS), 
which provides Census data for different levels of geography (Manson, Schroeder, Van Riper, & 
Ruggles, 2019).23 Most notably, NHGIS provides data from the American Community Survey that 
is aggregated at the level of Public Use Microdata Areas (PUMAs), developed and used by the U.S. 
Census. All PUMAs nest within states and have a minimum population threshold of 100,000 
persons. The newest version of PUMAs from 2010 was built on census tracts and covers the 
entirety of the United States, Puerto Rico, Guam, and the U.S. Virgin Islands. There are 2,378 of 

 
23 The ACS NHGIS database for the U.S. is available at https://www.nhgis.org/.  

https://www.nhgis.org/
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these regions in the country, out of which 2,320 are used in the dissertation based on availability 
of relevant data sources.24,25 From NHGIS, I use the following PUMA-level variables: 

INEQUALITY AND PREMIUM OUTCOMES. Unemployment rate, labor force participation 
rate, and share of population below poverty level by education (only up to Bachelor’s 
degree holders overall); share of families and households with income of $200,000 or more 
per year; Gini index; share of aggregate household income in the highest quintile and top 
5 percent; per capita income; median family income. 

DEMOGRAPHICS. Share of population 25 years and older by educational attainment. 

TECHNICAL CHANGE AND RELATED DEMOGRAPHICS. Share of employed civilian population 
in the information sector (overall or full-time, year-round workers); median annual 
earnings in information over earnings in all sectors; median annual earnings in computer, 
engineering and science occupations over earnings in all occupations; shares of field of 
bachelor's degree (first majors, population 25 years and over) in science, engineering and 
related fields. 

The correlations between regional measures of technical progress and regional economic 
outcomes are discussed in “Correlations between technical change and the skill premium“ below 
and in “Additional figures on technological change and labor market outcomes“ in the appendix. 

Employment by industry and region 

I also use data on employment by industry and county from the County Business Patterns survey 
provided by the U.S. Census Bureau.26 CBP is an annual series that offers subnational economic 
data by industry. The series includes the number of establishments, employment during the week 
of March 12, first quarter payroll, and annual payroll; however, I only rely on the employment 
counts. 

Industry-level measures of digitalization 

Both here in Chapter 2 and later in Chapter 3, I use two variables as proxies for digitalization that 
vary across sectors and over time: 

 
24 County-level data from NHGIS is also available but only covers a limited part of the country. 
25 PUMA-level information on labor market outcomes and demographics from 2005 until 2011 rely on an older 
PUMA categorization and are converted into the new system using population-weighted averages. Microdata with 
information on PUMAs from the same period are also converted to the new system. 
26 Data and more information about the CBP is available at https://www.census.gov/programs-surveys/cbp.html. 

https://www.census.gov/programs-surveys/cbp.html
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DIGITAL ECONOMY REAL VALUE ADDED. The BEA’s Digital Economy Satellite Accounts27 
contain industry-level data for digital economy related value added, gross output, 
compensation, and employment. Industries are defined according to the 2012 NAICS 
classification. The dataset used in this study, covering the time period 1997–2017, is from 
April 2019. Data from years 2001 to 2017 is used in the analysis. Note that BEA’s digital 
economy data has not yet been used in published research due to the fact that the first 
estimates were not released until March 2018. This dissertation offers the first empirical 
estimates on the (causal) effects of these proxies. 

The specific variable I use is Digital Economy Real Value Added by Industry, which signifies 
the economic value generated from goods and services that are “primarily digital.“28 The 
definition covers the digital-enabling infrastructure needed for a computer network to 
exist and operate; the digital transactions that take place using that system (“e-
commerce”); and the content that digital economy users create and access (“digital 
media”). BEA uses this definition and data from so-called supply-use tables to identify 
goods and services to be included in the digital economy estimates. 

Considering the three categories in more detail, digital-enabling infrastructure includes 
“basic physical materials and organizational arrangements that support the existence and 
use of computer networks and the digital economy“ (e.g., computer hardware, software, 
telecommunications equipment and services, and other support services). E-commerce 
is in turn comprised of “digitally ordered, digitally delivered, or platform-enabled 
transactions,“ which covers all purchases and sales of goods and services that occur over 
computer networks. Finally, digital media includes “content that people create, access, 
store, or view on digital devices.“ This includes direct-sale digital media such as data 
streaming subscriptions and one-time purchases, along with internet publishing and 
broadcasting.  

Certain sub-categories, such as products related to the Internet of Things (IoT), ride-
hailing services, and “free“ digital media, are excluded by the BEA due to the lack of 
requisite data. The complete list, provided in “Digital economy goods and services“ in 
the appendix, includes around 200 product categories.  

 
27 Data and more information about BEA’s Digital Economy Satellite Accounts, including descriptions of how the 
BEA defines digital economy value added, is available at https://www.bea.gov/data/special-topics/digital-economy. 
28 BEA is currently “researching data and methods to overcome the challenges of measuring “partially digital” goods 
and services to expand the coverage of the digital economy measures.“ It should also be noted that some goods and 
services categorized as “primarily digital“ include a mix of both digital and nondigital goods and services; electronic 
toys and games for instance includes both digital video games and nondigital electronic toys. 

https://www.bea.gov/data/special-topics/digital-economy
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Value added for the digital economy is derived based on the relationship between the 
industry output for the digital economy and total industry output. It is adjusted to 
inflation (and provided in 2012 dollars).29 In the analysis, I use the variable in per-worker 
terms, i.e. normalized by the number of part-time and full-time jobs in each industry in 
each year. The digital economy estimates are based on data valued in producers’ prices 
and exclude transportation costs as well as wholesale and retail trade markups, with the 
exception of retail trade markups associated with e-commerce transactions.  

Also note that digital economy accounted for 6.9 percent of current-dollar GDP in 2017, 
up from 5.9 percent in 1997. This is comparable with value added in more traditional 
industries and sectors such as professional, scientific and technical services (7.4%) and 
wholesale trade (6.0%). Real value added for the digital economy also outpaced overall 
growth in the economy each year between 1998 and 2017, having grown at an annual 
rate of 9.9%. Apart from 2008 and 2009, its year-to-year growth rate was on average 
four times higher than total GDP growth. 

INVESTMENT IN INFORMATION TECHNOLOGY (IT). The BEA also offers annual estimates 
for fixed-cost investment in private nonresidential fixed assets, presented for detailed 
industries and asset types.30 Fixed assets are used “continuously in processes of 
production for an extended period of time.“ The industries are identified by BEA codes 
that are based on the NAICS system, which allows me to aggregate them to the level of 
the 55 NAICS-based industries that are used throughout this dissertation. 

The dataset used in this work, covering the time period 1900–2018, is from August 2019. 
Data from years 2001 to 2017 is used in the analysis (2005–2017 in Chapter 2 and 2001–
2016 in Chapter 3). In the definition of IT assets, I include communication equipment, 
communication structures, and intellectual property related to software, computers, computer 
systems, communications equipment manufacturing, and computer manufacturing. Similar to 
digital value, IT investment is given in 2012 dollars and in per-worker terms. 

As discussed, both technology proxies used in the analysis are constructed similarly: 

234ℎ6787$9	:"7;9),+ =
234ℎ6787$9	<=">=?83),+
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Where 234ℎ6787$9	<=">=?83),+ is either real investment in IT or real digital economy value 

added in sector C in year D, at constant 2012 prices.  

 
29 The price and quantity indices for value added by industry are calculated using the so-called double-deflation method 
in which real value added is computed as the difference between real gross output and real intermediate inputs within 
a Fisher index-number framework. 
30 Data and details about the BEA’s investment estimates are available at https://apps.bea.gov/iTable/index_FA.cfm. 

https://apps.bea.gov/iTable/index_FA.cfm
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Table 10 below shows selected summary statistics for the two proxies in the sample of 55 
industries in 2001–2016. 

Table 10. Summary Statistics: Digitalization Across Industries in 2001–2016 

 

Source: Original data from the BEA. Percentage change per year refers to compound annual growth rate. 

Both technology proxies vary considerably over time and between sectors. Some of this variation 
can be seen below in Figure 27, which plots the evolution of the two indicators across sectors. In 
the figure, the 55 sectors used in the analysis are aggregated into 16 broader industry groups. The 
variation depicted appears to be reasonable at large; the digitalization variables gain importance 
over time, and information, computer manufacturing, and technical services are much more IT-
intensive than sectors like construction or health care.31,32 

 
31 While the y-axis is logged for visual clarity, all analyses in this work use unadjusted measures. 
32 Sectors are at the 2-digit, 3-digit and 4-digit NAICS levels based on the most detailed data provided by the BEA. 
Examples include construction (sector 23 in 2007 NAICS), computer products manufacturing (334), and computer 
systems design (5415). With few exceptions, these sectors are the same between BEA’s fixed investment and digital 
economy datasets. When combined with microdata from the Survey of Income and Program Participation in the 
third chapter, 55 sectors are retained in the analysis. 
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Figure 27. Digital Economy Value Added and Investment in IT Across Sectors in 2000–2017 

 

Sources: BEA Digital Economy Satellite Accounts and Fixed Investment Tables. Notes: Y-axis shows logged values. 

Figure 27, along with Table 10, however also indicate that there are a handful of industries with 
extraordinarily large values for both digitalization variables. This skewed distribution (together 
with large earnings premiums in high-technology sectors identified in Chapter 1) motivates the 
consideration of effects across specific industry subsets, distinguished by 2016 digitalization 
outcomes, in Chapter 3.33 

 
33 Note also that the sharp decline in digitalization output in finance in 2011–2012 is most likely related to the 
enactment of the Dodd–Frank Act in July 2010. The act increased the size of regulatory compliance teams in the 
financial sector, potentially shifting economic activity away from certain productive efforts. It also forced smaller banks 
to terminate some of their loaning activities (Alper, 2011; Bhattarai & Ho, 2014; Lux & Greene, 2015). Lastly, the 
average interest rate on credit cards declined soon after Dodd–Frank; Fed data on Consumer Credit (G.19) is available 
at https://www.federalreserve.gov/releases/g19/HIST/default.htm.  

https://www.federalreserve.gov/releases/g19/HIST/default.htm


  70 

Before delving into the digitalization measures in greater detail, I discuss a third technology proxy 
that is used as an instrument for digital value creation in Chapter 3.34 The variable is new patent 
assignments each year, assigned probabilistically to industries where they are likely to be used: 

NEW PATENTS. Patents are granted to companies and individuals to encourage innovation 
by providing them a temporary monopoly on an invention.35 Patent data has been used 
extensively in economics research, most notably as a proxy for technical progress (Bessen 
& Hunt, 2010; Griliches, 1990; Nagaoka, Motohashi, & Goto, 2010). 

The data on patenting activity used in my work comes from Mann and Puttmann (2018) 
and covers the period from 1976 to 2014.36 The authors only consider utility patents, which 
are “issued for the invention of a new and useful process, machine, manufacture, or 
composition of matter, or a new and useful improvement thereof” (USPTO, 2015).37 In 
their analysis, the authors use patent texts to classify all U.S. utility patents granted over 
this period as automation-related and other patents, and also probabilistically link them to 
industries of likely use. The use of patent texts in academic research to categorize patents 
is relatively new (Magerman, Looy, & Song, 2010). Nevertheless, it offers notable benefits, 
including “the precise technical language with a high degree of standardization, the incentive 
to deliver correct information, the additional check through the patent examiners’ review 
and the public access to patent grant texts“ (Mann & Puttmann, 2018). 

In the original paper, the distinction between automation-related and other patents is 
derived using a machine learning algorithm that is trained on a sample of 560 manually 
classified patents.38 More importantly to my work, Mann and Puttmann also link patents to 
956 4-digit SIC industries using probabilistic matching that is based on the technology 
classification numbers assigned to each patent. This number describes each patent’s 
technological and functional characteristics. A given patent is connected to an industry 
using the estimated probability of it being used in that sector; a single patent can be assigned 
to two industries, for instance, with 50% weights (see pp. 12–14 in the paper for details). 

 
34 The instrumental variable strategy that relies on this data will be discussed in greater detail in the third chapter. It 
suffices to state here that the general endogeneity challenge that this approach addresses is that, during the time 
period of interest, specific government actions or economic circumstances could have influenced both the 
development of new digital technologies and labor market outcomes of workers in the affected firms. 
35 Between 1976 and 2014, 83% of patents granted were owned by firms, 15% by individuals, and less than 2% by the 
U.S. government. Approximately half of all patents are granted to foreign applicants (Mann & Puttmann, 2018). 
36 The original database comes from the U.S. Patent and Trademark Office (USPTO) and is made publicly available by 
Google: www.google.com/googlebooks/uspto-patents.html.  
37 Utility patents account for 90 percent of all U.S. patents. Other categories include design, plant and reissue patents. 
38 The share of automation patents increased from 25% in 1976 (out of a total of 70,000 patents) to 67% in in 2014 
(out of 300,000 patents). 

http://www.google.com/googlebooks/uspto-patents.html
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In the third chapter, I take advantage of this industry-level dataset, both as it is and 
restricted to patents related to computers and communications (later “ICT patents“).39 The 
latter subset leads to omitting specific categories from the data, including patents related 
to mechanical products, and brings the measure closer to my focus on information 
technology and digitalization. For the empirical analysis, I aggregate the 956 sectors in the 
data into the same NAICS-based industry categories that are used with the two 
digitalization proxies discussed earlier. One of the 55 industry categories with digitalization 
data, chemical product manufacturing, is dropped given that Mann and Puttmann exclude 
all chemical and pharmaceutical patents from their data. Finally note that since the authors 
classify nearly all ICT-related patents also as automation patents, there is no benefit for 
using the latter distinction between automation-related and other patents in my analysis. 

The statistical analysis in Chapter 3, where digital value added is instrumented with both 
ICT-related and all patents, covers the period from 2001 to 2014, where information on 
both variables is available. Table 11 below provides the summary statistics from that period 
for both patents and the two digitalization proxies, each in per-worker terms. 

Table 11. Summary Statistics: Digitalization and Patenting Across Industries in 2001–2014 

 

Source: Original data on digitalization is from the BEA, patent data from Mann and Puttmann (2018). Percentage change per 
year refers to compound annual growth rate. 

 
39 I thank the authors for kindly providing me with this particular subset of the industry-level patent data.  
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Similar to Figure 27 on digitalization, Figure 28 below illustrates recent trends in patent 
use for aggregated industry groups, sorted into ICT-related and all patents. The graph 
shows that the share of ICT patents has grown in all sectors after 2000. 

Figure 28. New Patents and Automation-Related Patents Across Industries in 2000–2014 

 

Sources: Original data on patent use by industry from Mann and Puttmann (2018). Notes: Y-axis shows logged values. 

Notes on matching data from different sources 

In the empirical analysis (see “Methodology“) individuals in ACS microdata are assigned a value 
for digitalization based on the region in which the person lives. These measures are constructed 
for 2,322 PUMAs in the United States (using the 2010 PUMA classification) that are available in 
the ACS. As opposed to Chapters 1 and 3, the NAICS industry codes for employed individuals in 
the ACS are not used in this chapter to match technology values to individuals. The constructed 
technology proxies that are used in the empirical analysis – changes in digitalization over time – 
only vary by region. 



  73 

All employed individuals in the ACS dataset also have values denoting occupation based on the 
Standard Occupational Classification (SOC) system for occupation. I assign each occupation and 
thereby each worker a dummy based on employment in a STEM occupation. Similar to Chapters 
1 and 3, I use lists of STEM occupations from the Census, which also relies on the SOC system. 

Finally, relying on relevant crosswalks that use 2010 Census population shares across regions, 
employment counts from the CBP (which vary by industry and county) are transformed to vary 
by industry and PUMA.40 I focus on 54 industries that are at the 2-digit, 3-digit and 4-digit NAICS 
levels based on the most detailed data that is available for the two digitalization proxies.41 

Digitalization Proxies in a Broader Context 

Some advantages of the two digitalization indicators 

The main reason I have selected IT investment and digital economy value added as the main 
technology proxies in this work is that they represent interesting and complementary aspects of 
digitalization in the modern economy. As discussed, IT investment entails a given sector’s annual 
investments in IT equipment, structures, and related intellectual property. Digital value added in 
turn encompasses goods and services related to e-commerce, digital media, and digital-enabling 
infrastructure. While IT investment represents IT-related inputs into production, digital value 
added speaks to the value and nature of outputs. Specifically, it reflects the value of products and 
services that are primarily digital and is hence affected by the share of digital products in an industry 
as well as the efficiency of turning capital and labor inputs into valuable digital outputs.42 By 
estimating the effects of these measures separately, I can also test whether labor outcomes are 
affected more by the adoption of new technologies in firms or by channels related to the digital 
transformation of industries in terms of their end products. 

To the extent that the measures are similar – and they are in fact quite tightly correlated, as I will 
show in the next section – the two measures serve as each other’s robustness checks in the 
empirical analysis. 

 
40 To obtain the crosswalks between counties and Public Use Microdata Areas (PUMAs), I use the Geographic 
Correspondence Engine (“Geocorr 2014“) provided by the Missouri Census Data Center, available at 
http://mcdc.missouri.edu/applications/geocorr2014.html.  
41 In this chapter, excluded private sectors for which either CBP data or BEA’s digital economy and investment data 
is available include rail transportation; broadcasting and telecommunications; and data processing, internet publishing, 
and other information services. In Chapter 3, missing private industries are transit and ground passenger 
transportation, and funds, trusts, and other financial vehicles. 
42 The input vs. output nature of the measures also becomes evident from the comparison plots in the data section. 
Sectors like agriculture, construction and transportation need to invest in IT to increase production, but their 
products are largely not digital. At the same time, sectors like computer manufacturing and information generate vast 
amounts of “digital value“ with limited IT investment. 

http://mcdc.missouri.edu/applications/geocorr2014.html
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The choice of these proxies also addresses gaps in existing research. As noted earlier, recent 
empirical work on the labor market effects of technology tends to be limited to a single indicator. 
Perhaps more importantly, studies on digitalization, as they pertain to 21st century advances, are 
still surprisingly rare despite the fact that digital technologies are pervasive in the American 
economy (for a rare example, see Fossen & Sorgner, 2019, who study the labor market effects of 
AI and machine learning in the U.S.). Furthermore, many existing studies rely on time-invariant 
measures, such as the prevalence of routine tasks in an occupation. These indicators do not 
capture changes in the use of technology at the workplace or industry-level digitalization trends, 
and largely do not allow disentangling the effect of digital technologies from other occupational or 
industry characteristics. My digitalization proxies in turn vary by industry and over time and can 
be readily matched to regions (later in Chapter 2) or employed workers (Chapter 3). 

Another concern with past work is that many of the technology measures used, especially those 
related to automation technologies like industrial robots, almost by definition substitute for human 
labor in specific job tasks. Some of the most widely discussed research, including Frey and Osborne 
(2013, 2017), settle on estimating the risk of computerization and automation for employment. 
As will be discussed later (see “Notes on channels of effect and expected labor market impacts“), 
the growth of the digital economy and investments in IT are conversely characterized by several 
channels through which overall labor demand can plausibly increase both within a single industry 
and across the economy. In this way, my digitalization measures are selected in part to push back 
on the common emphasis on displaced workers. While it cannot be disputed that parts of the 
population cannot properly adapt to changing skill requirements in increasingly digitalized 
companies – and hence may suffer dire economic and social consequences – an exclusive focus on 
such individuals is likely to paint an incomplete picture of the implications of modern technological 
change. If economic theory or history are of any guidance, near-term technical progress is not 
likely to produce such wide-spread technological unemployment that was once feared by the likes 
of Marx, Keynes, and Leontief (for related discussion, see Gallego, Kurer, & Schöll, 2018). 

This said, my two digitalization indicators are strongly associated with some other variables, as I 
will show quantitatively in the next section. IT investment, for example, is essentially just a flow-
type measure of the IT capital stock, used in other work (e.g., Gallego et al., and Michaels, Natraj, 
& Van Reenen, 2014). The only difference is in the interpretation of the effect estimates. Digital 
value added in turn closely tracks related measures from the BEA’s digital economy satellite 
accounts, including digital economy compensation across industries. Regardless, the above 
discussion characterizing the value of these proxies holds and is also reinforced by the fact that 
they differ considerably from indicators of general economic progress and other measures 
affecting labor outcomes. Next section delves on such comparisons and is followed by a section 
on potential channels of effect and hypotheses on the implications of my measures on earnings 
and employment. 
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Digitalization proxies and other measures influencing the labor market 

In this section, I compare my two digitalization proxies to other measures that potentially shape 
labor market outcomes. The reader should be cognizant that this analysis is supplementary and 
conducted primarily to show that the two digitalization measures are quantitatively different from 
related variables. For most purposes, skipping ahead to the following section is advisable (see 
“Notes on channels of effect and expected labor market impacts“).  

The analysis in this section relies on comparing (1) industry-level values in a given year (newest 
year in each dataset); (2) all observations with matching years across variables; and (3) percentage 
growth in values across two time periods. Principal component analysis and factor analysis are 
used to reveal systematic covariations among the variables. 

I explore the following measures (with sources in brackets43), each in per-worker terms: 

§ MAIN VARIABLES USED IN THE DISSERTATION. Digital economy value added (digitalization 
proxy 1, BEA); non-residential private investment in IT (proxy 2, BEA); and ICT-related 
patents (IV in Chapter 3, Mann & Puttmann, 2018); 

§ CORRESPONDING VARIABLES WITHOUT THE DIGITALIZATION ASPECT. Total value added 
(BEA); total non-residential private investment (BEA); all patents (Mann & Puttmann, 2018); 

§ OTHER MEASURES. Total capital stock, IT capital stock, and IT equipment capital stock 
(BEA); IT equipment investment (BEA); digital economy compensation (BEA); domestic 
research and development (R&D) funding from all sources (NSF, only 2008–2014); U.S. 
imports from China for manufacturing industries (David Dorn, only 2001–07). 

I start by comparing the two digitalization variables, digital value added and IT investment, in Figure 
29. The top graphs show point-in-time correlations from 2017 (using logged values) while bottom 
graphs show the overall growth rate in percentages from 2000 to 2017. Graphs on left show 
changes in the variables directly from data whereas variables in graphs on the right are normalized 
by annual employment in each sector. 

 
43 Data on digital economy compensation comes from the BEA’s Digital Economy Satellite Accounts similar to digital 
value added (see the previous section for additional details). Data on overall investment and investment in IT 
equipment come from the BEA’s non-residential private investment tables similar to IT investment, which is also 
discussed in the previous section. Measures related to capital stock come from equivalent data from the BEA on the 
net capital stock of private non-residential fixed assets. R&D data is from the NSF’s Business R&D and Innovation 
Survey (BRDIS) (https://www.nsf.gov/statistics/industry). Specifically, I rely on estimates for “domestic R&D paid for 
by the company and others and performed by the company.“ Data on Chinese imports into the U.S. comes from 
David Dorn (http://www.ddorn.net/data.htm). Earlier research using this measure includes e.g., Acemoglu, Autor, 
Dorn, Hanson, and Price (2016). Note that imports have to be aggregated from SIC 1997 industry categories to 
NAICS 2012 categories to match the categories used in this work. This eliminates about 20% of observations on 
Chinese imports. All values with monetary estimates are adjusted to inflation and given in billions (2012 dollars). 

https://www.nsf.gov/statistics/industry
http://www.ddorn.net/data.htm
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Figure 29. Comparing the Two Digitalization Proxies in 2017 (top) and from 2000 to 2017 
(bottom) 

 

Source: Original data on the digitalization variables comes from the BEA. Top panels show estimates from 2017 and bottom 
panels show growth rates from 2000 to 2017. Panels on the right are normalized by employment. 

The main finding is that point-in-time estimates are tightly correlated while the growth rates are 
not. There are several outlier sectors with substantial increases in either IT investment or digital 
value added, and these sectors are not always the same. One sector – data processing, internet 
publishing, and other information services – has experienced extraordinary growth in terms of 
both measures. 

Sectors with rapid growth in digital value added with limited percentage increases in IT 
investment after 2000 include for instance selected manufacturing industries, such as metals, 
computers, and electronics (see red rectangles in the graphs). Some of these sectors made large 
IT investments already in the early 2000s but have substantially broadened the spectrum of 
products they develop that are considered primarily digital. Many electronic products, for 
example, are included in BEA’s digital economy estimates. 

Conversely, there are particular sectors with rapid growth in IT investment with limited progress 
in digital value added, including funds and trusts, real estate, as well as accommodation and food 

Data processing, internet 
publishing, and other 
information services 
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services (green rectangles). Many of these industries have only recently began to provide online 
services and IT platforms for their customers, which require for instance extensive software and 
network investments, yet their core services are not typically considered digital. 

These differences reflect the contents of the two measures and motivate the use of both 
digitalization proxies in my empirical work later in this dissertation. 

Section “Comparisons of digitalization proxies to other variables“ in the appendix includes 
corresponding scatterplots where the other 12 variables mentioned above are compared 
individually to digital value added and IT investment. Figure 30 below summarizes the key insights 
from these plots; the three matrices show correlation coefficients for all variables and all available 
observations. The first matrix limits the variables to those with data from the 2000–2014 period. 
The second matrix adds R&D, which limits the data to 2008–2014, while the third matrix adds 
Chinese imports, restricting the data to 2001–2007. In the latter two matrices, data is also not 
available and hence used for all industries. All variables are given per worker. Crosses indicate 
coefficients from the associated OLS regressions that are not statistically significant at the 90% 
level. 

Figure 30. Correlation Matrices using All Observations: Variables with Full Data (Top), 
Adding R&D (Bottom Left) and Adding Chinese Imports (Bottom Right) 

 

2000–2014 

All Industries 

Excludes R&D and Chinese Imports 
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Notes: The graphs show correlation tables for variables per job for time periods in 2000–2014 where data is available. 
Variables not including data from 2000–2017 are patents (2000–2014), domestic R&D (2008–2014, bottom left), and Chinese 
imports to the U.S. (2000–2007, bottom right). Crosses refer to coefficients from OLS regressions not statistically significant at 

the 90% level. 

In Figure 31, I place the same variables in a “force-embedded layout“ where variables (nodes) are 
arranged so that more highly correlated variables are closer to one another. Figure 30 and Figure 
31 show that: 

§ The two main digitalization proxies, IT investment per worker and digital economy value 
added per worker, are in fact quite tightly correlated across industries (" = 0.71, using all 
observations from 2000 to 2014). This is not surprising, noting the similarities in the 
measures and the fact that point-in-time estimates from 2017 in Figure 29 were also found 
to be correlated. The correlation between two variables has however declined between 
2001–2007 (" = 0.92) to 2008–2014 (" = 0.66). 

§ Digital value added per worker is unrelated to overall value added, which implies that the 
labor market effects of digital value added are distinct from those of overall value added. 
IT investment per worker is however correlated with overall investment per worker (" =
0.56). This motivates an alternative specification in Chapter 3 where, in addition to the 
digitalization proxies, I also test the effects of these overall measures of economic activity 
on labor market outcomes. 

§ Most of the above-mentioned four variables are tightly correlated with other investment-
related measures, including investment in IT equipment (which is separate from structures 
or intellectual property) and different variants of capital stock. This hints that the effects on 
labor market outcomes may not differ significantly across these measures. 

§ The overall measures of value added, investment, and capital stock are closely related. 

2008–2014 

Selected Industries 

Includes R&D 

2001–2007 

Selected Industries 

Includes Chinese Imports 
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§ New ICT patents per worker are, not surprisingly, correlated with all new patents per 
worker (" = 0.94). ICT patents, used as an instrument for digital value added in Chapter 
3, are also somewhat correlated with digital value added (" = 0.18). 

§ Digital economy compensation per worker is tightly correlated with digital value added 
per worker. This is expected given that both measures are constructed by the BEA using 
the same description of what is included in the digital economy. 

§ R&D and imports from China into the U.S. per worker are both strongly correlated with 
patenting activity. 

Figure 31. Correlation Network Plot Using All Observations: Variables with Data from 2001–
2014 

 

Notes: Variables (nodes) are arranged so that more highly correlated variables are closer to one another. Color refers to the 
sign of the correlation; positive correlations are green, negative red. As in Figure 30, the variables include all observations from 

the 2000–2014 period. The two main digitalization variables are highlighted. 

The ensuing figures and tables show the outcomes of simple principal component analysis (PCA). 
PCA is typically used to group variables thematically in order to minimize the number of variables 
used in an analysis, although my objective is to simply examine and contrast my two digitalization 
proxies with other similar measures that possibly influence labor market outcomes. 
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PCA entails calculating the covariance matrix of the variables and deriving eigenvalues for the 
components based on this matrix. The number of components derived is typically equal to the 
number of variables examined, in my case 11. The principal component is the one with the largest 
eigenvalue, i.e., the one that explains most of the variance. The analysis also identifies so-called 
factor loadings for each variable for each component. Factor loadings reflect the relationships 
between an individual variable and a given component. This allows for determining if there is a 
particular construct underlying a particular component (Stevens, 2009). 

In the case of the variables used in my work (not including R&D and Chinese imports that are 
clearly uncorrelated with other variables), the screenplot in Figure 32 shows that the first three 
principal components explain over 82% of the overall variance. The first component is clearly the 
most important. 

Figure 32. Principal Component Analysis Using All Observations: Screenplot (Variances 
Plotted Against the Number of the Principal Component) 

 

The biplot in Figure 33 displays the loadings (correlations between original variables and the first 
two components; top and left axes) and component scores with labels referring to industries 
(bottom and right axes) (Gabriel, 1971). Table 12 lists the component loadings for each variable. 

The analysis demonstrates that the first component contains variables that approximate the two 
digitalization proxies and other measures correlated with them. In the biplot, this is demonstrated 
by the similar directions of the associated variable vectors that are sub-parallel to the x-axis. 
However, the vectors for IT investment and digital value added are relatively far from each other, 
and their factor loadings in Table 12 differ considerably. 
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The second component appears to be distinguished by vectors and loadings for patenting and 
overall measures of economic activity, which seem to be sub-parallel to the y-axis and therefore 
nearly perpendicular to the first set of variables.44 The factor loadings and the 3D biplot in Figure 
34 however clarify that the patenting variables (blue lines) are in fact mostly correlated with the 
third component (z-axis). 

Figure 33. Principal Component Analysis Using All Observations: Biplot 

 

 

 

Notes: Numbers (II_YY) inside the graph refer to component scores of industry-year observations of different measures 
(bottom and right axes). Vector arrows represent variable loadings (top and right axes); they are the eigenvectors of the 

covariance matrix scaled by the square root of the corresponding eigenvalue and shifted so their tails are at the mean.  

 
44 The interpretation of the components can be enhanced by “rotation” – a set of coordinated adjustments of the 
vectors on a biplot. I reran the analysis using so-called “varimax” rotation, which did not provide much additional 
information to the general analysis. 
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Figure 34. Principal Component Analysis Using All Observations: 3D Biplots 

  

Notes: The graph on the left replicates Figure 33. The points refer to industry-year observations of different measures. The 
graph on the right is rotated to show that patenting variables are correlated with the third component. 

Table 12. Principal Component Analysis Using All Observations: Factor Loadings 

 

I also employ factor analysis (FA), which helps to describe variability among correlated variables 
in terms of a potentially lower number of unobserved variables or factors. FA is similar to PCA in 
that both seek to reduce the dimensionality of a vector of random variables. FA identifies joint 
variations in response to unobserved latent variables. The observed variables are modeled as linear 
combinations of the potential factors plus “error” terms. One notable difference between FA and 
PCA is that the former assumes a model while the latter is simply a form of data transformation. 

Figure 35 summarizes the FA analysis in a form of a biplot that corresponds to that in Figure 33 
used with PCA. In addition, factor analysis allows for investigating the “uniqueness” of individual 
variables. These scores are shown in Table 13. Values close to one are variables that measure 
unique properties in the dataset, whereas values near zero are variables that are in a sense 
duplicated by other variables in the data. 
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Examining the biplot from the factor analysis, results are similar to the PCA, with the exception 
that digital value added and overall value added, investment, and capital stock are no longer 
perpendicular to the x-axis (in this case the first factor). The reading from PCA still mostly holds; 
in particular, the analysis confirms the notion that empirical analysis should carefully test whether 
digital value added and IT investment have differential effects on labor market outcomes compared 
to overall value added and investment.  

Secondly, the graph points to a few sectors that at least three outlier sectors. Parallel to y-axis, 
manufacturing of electrical equipment, appliances, and components (sector 10) and especially 
manufacturing of computers and electronic products (9) drive new patenting activity. Parallel to 
the x-axis, in turn, the broadcasting and telecommunications sub-sector within the information 
industry (38) in turn drives other variables, especially IT capital stock and related measures. This 
motivates the analysis of labor market effects without outliers and separately focusing on different 
quintiles in Chapter 3. The uniqueness scores for digital value added and IT investment are 0.41 
and 0.57, respectively. 

Figure 35. Factor Analysis Using All Observations: Biplot 
 

 
  

Notes: Numbers (II_YY) inside the graph refer to industry-year pairs. Vector arrows represent the 11 variables. The 
interpretation is similar to Figure 34 above. 
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Table 13. Factor Analysis Using All Observations: Variable Uniqueness 

 

This analysis is repeated for percentage growth in values across two time periods in section 
“Variable comparisons using “ in the appendix. 

Notes on channels of effect and expected labor market impacts  

In this section, I discuss the channels through which my two digitalization proxies are likely to 
affect labor demand at large and by skill. In the process, I propose and provide support for two 
simple hypotheses and a resulting proposition about the expected labor market effects of the 
measures. The purpose is to provide guidance to the reader for interpreting the empirical findings 
presented later in this dissertation. 

I treat digitalization both as a general trend and, when providing support for the two hypotheses, 
a phenomenon whose effects depend on the specific variable that is examined. Digitalization 
reflects both the increasing use of technology in firms (via IT investment) and broader industry 
trends reflected in the nature and value of outputs (digital value added). An interesting distinction 
is that an industry with high IT investment may use the technologies developed by another sector 
that produces digital goods and scores high on digital value added. 

Given that improvements in digital value added potentially reflect a host of firm- and industry level 
factors, I focus the analysis on the ICT investment and use at the workplace and industry, and 
comment on potential differences between two the indicators especially at the end of the section. 

HYPOTHESIS 1. Digitalization, as measured by both IT investment and digital value added, 
causally raises overall labor demand in an industry via large productivity effects as well as cross-
region and cross-industry spillover effects.  

THEORY. Digitalization can in principle either decrease or increase labor demand, and 
hence either substitute for or complement human labor. Substitution occurs when a new 
technology makes it possible to produce a given amount of output using fewer workers; it 
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can directly displace workers from tasks that they were previously performing. Without 
countervailing forces, the displacement effect reduces the demand for labor in affected 
firms and industries. 

Digitalization does not however necessarily reduce labor demand because of a set of 
countervailing forces. First, while not true for all innovations, the adoption of IT or digital 
technologies in an industry is likely to lower the cost of production and thereby increase 
productivity in a “Hicks-neutral“ manner. This raises the demand for labor in all tasks, 
including those possibly lost due to digitalization (price-productivity effect). This occurs, for 
instance, if software investments increase productivity in a given firm. Second, digitalizing 
industries potentially expand at the expense of other sectors, which increases the demand 
for labor that comes from industries less affected by digitalization (scale-productivity effect). 
This second channel is particularly relevant for digital value added that characterizes 
broader industry-level changes than IT investment. Third, to the extent that the mix of 
industries varies across regions, cost savings from digitalization mean that industries in one 
region can sell more to other regions, rising labor demand across the economy (economy-
wide productivity effects). This channel is relevant in the empirical part of this chapter, which 
examines variation in digitalization and labor outcomes across regions. 

Fourth, IT investments facilitate capital accumulation that theoretically raises the demand 
for capital and thereby also for labor. Fifth, and importantly to both of my measures that 
are given in per-worker terms, capital deepening describes a rising concentration or 
productivity of capital at the firm or industry. If IT investments intensify the productive use 
of all technology and other capital, labor demand can be expected to rise. Capital deepening 
could occur at a firm level, for instance, if production workers began using the same online 
communication platform as managers. Enhanced information sharing across the firm (e.g., 
about how existing IT could be used more productively to accomplish tasks) could enable 
the production workers to make better use of other software they already have in hand. 
Finally, IT investment can create (and digital value added reflect) new tasks where labor 
has a comparative advantage, hence increasing labor demand in a given industry and across 
the economy (Acemoglu & Autor, 2011; Acemoglu & Restrepo, 2018a, 2018c, 2019). 

It is possible for either of the displacement effect or productivity/spillover effects to 
dominate in the case of my two digitalization measures. However, given that several of the 
positive channels appear to plausibly characterize both IT investment and digital economy 
value added, my primarily hypothesis is that these measures increase labor demand on net. 

SUPPORT. Existing empirical work offers support for the positive channels. Most notably, 
the research generally agrees that automation technologies and digital technologies are 
conceptually very different; ICT-related measures are not characterized by as strong of a 
displacement effect than technologies like industrial robots. In other words, digitalization 
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is not correlated with parts of the economy that are generally thought to suffer from 
technological progress. As mentioned earlier, firms and industries with digital value added 
in many cases develop automation technologies that have potential to displace workers. 

Acemoglu and Restrepo (2018c) in fact find large reductions in overall labor demand 
resulting from the increasing adoption of industrial robots across regions that are distinct 
from the effects of non-automation measures, including IT capital and computer use at 
work. The latter are, if anything, positively correlated with changes in employment and 
wages. Similarly, new research on the effects of artificial intelligence (AI)45 – captured by 
both of my digitalization proxies – shows that the probability of becoming non-employed 
(i.e., unemployed or not looking for work for other reasons) decreases considerably across 
the workforce with occupation-specific advances in AI (Fossen & Sorgner, 2019). 

Direct comparisons to other variables, such as those presented in the previous section, 
can help in understanding the potential effects on labor demand. One can ask, for instance, 
whether the digitalization proxies are more tightly associated with general measures of 
economic progress (e.g., value added or investment) or with variables typically associated 
with large-scale reductions in labor demand (e.g., Chinese imports). These comparisons 
are however inconclusive because of the limited correlations of the digitalization measures 
with both groups of variables. Regardless, the theoretical and empirical insights generally 
support the hypothesis that the two digitalization variables causally increase the demand 
for human labor in a given company or industry, and thereby across the economy. 

HYPOTHESIS 2. Digitalization, as measured by both IT investment and digital value added, has 
differential effects on labor demand by skill, with larger benefits for those with more education.  

THEORY. At least five theoretical views on technology and skills, presented earlier in the 
literature review, support this hypothesis. First, the theory of capital-skill complementarity 
suggests that skilled labor is more complementary to equipment capital, including many 
ICTs, than unskilled labor (Krusell et al., 2000). Second, the human capital view states that 
more educated workers deal better with new technologies in general due to their better 
learning abilities (Bartel & Lichtenberg, 1987; Nelson & Phelps, 1966). Third, information 
technologies tend to flatten organizational structures by reducing the cost of data storage, 
communication, and monitoring. Workers who can adopt a wider range of tasks benefit 
(Garicano & Rossi-Hansberg, 2004; Milgrom & Roberts, 1990). Fourth, the theory of 
directed technological change posits that a better educated labor force incentivizes firms 
to develop technologies that are complementary to skilled workers (Acemoglu, 2002). 

 
45 Felten, Raj, and Seamans (2018) link advanced in AI from the Electronic Frontier Foundation to occupational abilities 
(52 job requirements from O*NET) and aggregate them to occupations. 
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Finally, the task-based approach, introduced by Autor et al. (2003), is based on the notion 
that higher skilled workers are better suited for jobs and tasks that cannot be easily 
codified, which generally involves tasks that are more difficult to fully automate with 
information and digital technologies. Such tasks often necessitate higher creative and social 
intelligence, reasoning skills, and critical thinking. In the case of modern advances in digital 
technologies – which in many cases require specialized skills to work with – each of these 
channels plausibly lead to more drastic differential effects across education groups than 
technologies in the past. Working to the opposite direction, however, individuals who have 
accumulated a large amount of human capital may also possess more task-specific human 
capital; switching to a new occupation or industry with a lower probability of ICT-driven 
displacement may therefore be more costly for them (Gathmann & Schönberg, 2010). 

SUPPORT. As discussed in the literature review, past empirical evidence regarding other 
measures of technical change and automation, typically covering past decades, are in line 
with these formulations. Yet it is not self-evident ex-ante that modern advancements would 
be skill biased. Considering the task-based approach, for example, new ICTs are 
increasingly capable of performing non-routine cognitive tasks, such as image recognition, 
natural language processing, and generating computer programs, which may negatively 
affect the demand for higher skilled labor (Brynjolfsson & McAfee, 2014). New digital 
technologies may also affect a broader range of workers and sectors than variables used 
to characterize technical change in earlier research. 

However, newer studies have in fact shown that more educated workers not only use 
more information and communication technologies than lower-skilled workers but they 
are also more skilled at using them (Autor et al., 1998; De La Rica & Gortazar, 2017; Muro 
et al., 2017; OECD, 2014, p. 89). Second, there is evidence that highly educated workers 
are more able than workers with lower levels of education to adapt to computerization 
risk – the risk of replacement of human workers by new digital technologies – by changing 
their occupation within paid employment or becoming an entrepreneur (Fossen & Sorgner, 
2019). In addition to escaping the risk of computerization, switching one’s occupation 
alleviates the negative effects of computerization risk on earnings growth. Occupational 
change is likely to be costlier for lower-skilled workers since it typically requires additional 
qualifications and makes parts of a worker’s human capital redundant.  

PROPOSITION. The two digitalization variables are likely to improve earnings and employment 
outcomes at large but have differential effects by education, favoring workers with advanced 
education or technical skills. High-skilled workers necessary benefit but the effects are ambiguous 
for those with lower levels of skill. Finally, given that digital value added reflects broad industry-
level developments that work in favor of the two hypotheses, I expect that the effects on labor 
market outcomes are pronounced for that variable. 
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This proposition is explored in later parts of this chapter and in Chapter 3 with a specific 
focus on earnings. 

Finally, it should be noted that the impacts of the two digitalization proxies may not be immediate. 
Most notably, the measures reflect gradual flows of investment and value added over the course 
of a full year, and changes in resulting skill requirements and the responses in labor market 
transitions and rewards are likely to be delayed. For this reason, I rely on lagged outcome 
indicators in parts of the empirical analysis, especially in Chapter 3. This also addresses potential 
concerns about the mechanical relationship between the digitalization measures and earnings 
within the same year. 

Methodology 

Long-differences model with regional variation 

The long-differences approach relies on Bartik (1991), who developed a methodology for isolating 
changes in local labor demand from changes in local labor supply. Bartik’s independent demand 
measure is an average of national employment growth across industries that uses regional industry 
employment shares as weights. My approach relies on a similar strategy, adopted from Acemoglu 
and Restrepo (2018c), who study the local labor market impacts of industrial robots. I derive each 
region’s exposure to my two digitalization proxies over the 2009–2017 period by combining 
industry-level variation in digitalization with baseline (1998) employment shares. 

Th exposure measure is used to isolate changes in digitalization trends that are due to nationwide 
dynamics from local shocks that would be otherwise correlated with the regional labor market 
outcomes. Fixing the baseline year to 1998 – before the onset of the 21st century digital advances 
– is expected to address some of the endogeneity concerns associated with these variables (e.g., 
digitalization itself affecting local employment shares). 

To explore the labor market effects of digitalization empirically, I first transfer the industry-level 
data on digitalization to U.S. Public Use Microdata Areas (PUMAs). The roughly 2,300 PUMAs in 
the U.S. approximate local labor markets, but are somewhat smaller than commuting zones, which 
are more commonly used in similar analysis. I derive estimates for PUMA-level digitalization 
exposure from 2009 to 2017 and compare them to regional trends in labor market outcomes by 
education. 

To estimate digitalization exposures in each PUMA between two dates, I first derive the semi-
independent contribution of digitalization in each industry. This measure is constructed by dividing 
the absolute growth of the two measures of digitalization, both in 2012 dollars, by baseline (1998) 
employment in each sector: 
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G6HICD"9	J76D">?ID>76	(GJ)),(+),+*-./01) =
3456+,,*73456+,,)

8+,*--.
, where 

§ GJ),(+),+*) is the contribution of digitalization in a given industry or sector C between two 
dates (2009 and 2017 in the main specifications). Similar to other parts of this 
dissertation, the digitalization measures are given per worker in an industry; however, in 
this case, the focus is on national changes over time. 

§ 234ℎ),+ is either real digital economy value added or real investment in information technology 
in sector C at time D. 

§ M),099: is the baseline employment level in sector C. In other words, industry 
contribution (and the regional exposure derived later) are normalized by baseline 
employment in a given industry. 

Table 14 below displays data for parts of this equation for all sectors, including 1998 employment, 
values of the two digitalization measures in 2009 and 2017, the growth rates of these proxies, and 
the derived industry contributions. The main takeaways include that (1) correlations between the 
two digitalization measures in terms of industry contributions are not very tight; and (2) there are 
a few notable outlier sectors with immense growth in the two industry contributions. 
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Table 14. Baseline Employment in 1998, Digitalization Values in 2009 and 2017, and the 
Contribution of Digitalization Across Sectors in 2009–2017 

 

Sources: CBP, BEA, author’s calculations. Notes: Includes 54 Sectors that are at the 2-digit, 3-digit and 4-digit NAICS levels 
based on the most detailed data provided by the BEA. Excluded sectors include rail transportation; broadcasting and 

telecommunications; data processing, internet publishing, and other information services; and government. They lack either 
employment or digitalization data. The list is sorted by the independent contribution of IT investment in each industry (column 
on the right). Except for percentages, values are rounded to nearest tens. The table covers 94 million jobs in the baseline year 

(1998) – the sum across the second column. 

Figure 36 shows a scatter plot with the two industry-level digitalization measures in the two axes, 
indicating a relatively tight correlation (N = 0.56). There are however industries that have 
experienced large growth in digital value added with declined IT investment (mainly, computer 
systems design and related services), and industries with large increases in IT investment and declined 
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digital value (funds, trusts, and other financial vehicles). For corresponding tables and figures for years 
2005 to 2017, see “Supplementary Tables and Figures for Chapter 2.“ 

Figure 36. Industry-level Contributions of Digitalization Measures in 2009–2017 

 

Sources: CBP, BEA, author’s calculations. Notes: Given that industry contributions include negative values, the graphed values 
are constructed as follows, separately for the two graphs: ./01ℎ34	60!738 = log	(;<"*/=>7*=<"8) −

minBC;<"*/=>7*=<"89-…;<"*/=>7*=<"89:;/:3EF + 1), where = = ="47H*/I. The second graph is rescaled after omitting the 
outliers shown in the first graph. 

Using the industry contributions, I derive the contribution of digitalization in a given region 
(“digitalization exposure“) between two periods as a Bartik-style measure as follows: 

M74=8	O>$>D=8>P=D>76	@;B7CI"3	(MO@);,(+),+*) = ∑ 8;,)099: ∙)	∈	> GJ),(+),+*), where 

§ GJ),(+),+*) is the sectoral contribution of the two digitalization measures (see above), and 
§ 8;,) is the baseline (1998) employment share of sector C in PUMA B. 

The choice of the baseline year is somewhat arbitrary; 1998 is selected because of the availability 
of NAICS codes instead of SIC codes for all industries, which enables more accurate merging of 
the data with more recent years. The baseline year is also chosen from a period before many of 
the notable digital advances in 2009–2017 (or even 2005–2017, another sample used for 
comparisons). This allows me to focus on persistent differences in the industrial specialization of 
PUMAs that predated newer advancements in digital technology. 

Table 15 shows summary statistics for the derived digitalization exposures both in 2005–2017 and 
2009–2017. Figure 37 presents histograms of these exposures for the latter period, visualizing the 
exposures across all 2,320 PUMAs in the country. Figure 38 lays them out on U.S. maps. 
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Similar to the industry-level outcomes, see “Supplementary Tables and Figures for Chapter 2“ for 
corresponding figures covering years 2005–2017. 

Table 15. Local Digitalization Exposure Across PUMAs in 2005–2017 and 2009–2017: 
Summary Statistics 

 

Sources: CBP, BEA, author’s calculations. Notes: Estimates show the growth in digitalization measures over time (in $2012) 
per job in baseline year (1998), weighted by regions’ baseline employment shares across industries. 

Figure 37. Distribution of Local Exposure to Digitalization Across PUMAs in 2009–2017: 
Histogram 

 

Sources: CBP, BEA, author’s calculations. Notes: Estimates show the growth in digitalization measures over time (in $2012) 
per job in baseline year (1998), weighted by regions’ baseline employment shares across industries. Given that absolute 

regional contributions include negative values, the graphed values are constructed separately for both variables as follows: 
./01ℎ34	60!738 = log	(JKL= −minBCJKL=9-…JKL=93735EF + 0.001), where 1 = OPQR. The graph covers 2,320 

PUMAs and excludes two outliers for which the contribution of digital value added is roughly -20 dollars per baseline-year job 
and adjusted logged values negative (both from Louisiana). 

The histogram in Figure 37 shows that digital economy value added is more evenly distributed 
than IT investment, the former having a roughly equal number of low-exposure and high-exposure 
PUMAs. The number of regions with respect to IT investment exposure in turn peaks at lower 
values. Additionally, the maps in Figure 38 below reveal interesting regional differences between 
the two digitalization proxies. In addition to large contributions of both measures in the West 
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coast, East coast and around the rustbelt, IT investment has soared in states such as Texas, 
Louisiana, Oklahoma, Kansas, and Wyoming.46 

Figure 38. Distribution of Local Exposure to Digitalization Across PUMAs in 2009–2017 

 

 

Sources: CBP, BEA, author’s calculations. Notes: Estimates show the growth in digitalization over time (in $2012) per job in 
baseline year (1998), weighted by regions’ baseline employment shares across industries. 

 
46 The large exposure to IT investment in the Texas and Louisiana Gulf Coasts, for instance, comes largely from 
petroleum products, pipeline transportation, and other transportation equipment (see also Table 14). 
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Finally, using the derived measures of the local exposures to digital value added and IT investment, 

MO@;,(+),+*)
?@A	BC  and MO@;,(+),+*)

D3	DEF , I can estimate the following equation for both measures: 
  

H	@="6>6$C;,4,(+),+*) =	∑ G[H/-4∗]
1
4∗-0 %4∗ × MO@;,(+),+*) + U;,4 where 

  

H @="6>6$C;,4,(+),+*) is the change in average hourly earnings in PUMA B between time periods D/ 
and D0 for individuals in education group 3. It is a function of seven dummy variables G[H1,-4∗], which 

are equal to one for individuals with the corresponding level of education (or education-major 
pair) and zero otherwise.47 This specification allows me to estimate %4∗ , the marginal effect of 
regional digitalization exposure on individuals in each education category. 

MO@;,(+),+*), defined earlier, is the local exposure to digital value added or IT investment in PUMA 

B between time periods D/ and D0 (2009 and 2017). It is equal across all education groups in a 
given PUMA. 

V;,4 represents other factors influencing labor supply and demand. In the empirical results that 

follow, these factors are modeled as functions of various baseline characteristics and observed 
economic changes. All covariates are from ACS microdata from the year 2000. All models are 
estimated at the education x college major x PUMA level. 

Adjustments to account for self-selected migration 

The main concern with the above analysis is that the choice of residence among education groups 
is not random, which also applies to the original population shares. Specifically, some of the 
covariates, such as baseline population shares by education, may represent general equilibrium 
responses. For this reason, I apply a selection-correction procedure from Dahl (2002) to account 
for how different types of workers (in this case, education groups) choose to reside in certain U.S. 
states. Dahl’s motivation for the approach is to help explain why differences in the college premium 
vary widely between states despite the fact that American workers are highly mobile. My goal is 
correspondingly to adjust my regression estimates on the regional impact of technical change on 
skill returns to account for self-selected migration. 

Dahl’s analysis is based on a Roy model of mobility and earnings where workers make residential 
choices across U.S. states. His econometric approach however circumvents problems with earlier 
methods that, among other challenges, generally do not allow for selection models to have as 
many residential alternatives as there are states. 

 
47 Education categories include (1) those without a high school (HS) or GED diploma; and those with (2) a HS/GED 
diploma; (3) some college, (4) bachelor’s, (5) master’s, (6) professional, and (7) doctoral degree. In other specifications, 
undergraduate degree holders are divided into STEM majors and others. 
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I refer the reader to Dahl’s paper for additional details and settle for discussing the practical 
implementation here. I apply the selection correction procedure by including five terms to the 
standard model described above, derived by first splitting the data to education x college major x 
state of birth x state (of analysis) level: The fraction of people in a given education group and unit-
of-analysis state who are currently residing in their state of birth, the fraction of people in that 
education group and state of birth who are residing in the unit-of-analysis state; these fractions 
squared; and their interaction.48 Specifically, I use fractions derived from the 2010 American 
Community Survey. All regression tables in the results section include two columns that show 
outcomes with these terms and with and without covariates. 

Alternative regressors 

Earlier in this chapter, I showed that both IT investment and digital value creation are qualitatively 
and quantitatively unique when compared to several other measures influencing the labor 
market.49 Setting aside other proxies for technological change, simple factor analysis indicated that 
industry-level variation in IT investment is distinct from overall investment, and that variation in 
digital value added likewise differs from overall value added. This result supports the notion that 
my effect estimates – including especially those presented in Chapter 3 – do not simply reflect the 
capacity of flourishing industries to invest in IT, produce more valuable digital goods, and also 
reward their workers with higher wages and better career prospects. 

My first alternative specification investigates this risk in greater detail. I take advantage of measures 
of overall investment and value added per worker, which are obtained from the same sources as 
the digitalization measures and also constructed similarly (in per-worker terms, using equivalent 
data sources). Specifically, I include a column in each regression table for the standard models 
where I replace a given digitalization proxy with a corresponding placebo regressor. Another 
consequence of the hypothesis that booming industries spur both digitalization and labor demand 
is that a growing share of digital value added (or IT investment) of overall value added (investment) 
should not drive labor demand responses. In another alternative regressor design, I test the effects 
of these shares on labor outcomes by education and college major. 

 
48 The fractions themselves only vary by state and are hence equal in each PUMA that resides in a given state. 
49 One exception is IT capital stock, which is simply a stock measure of IT investment, and specific sub-categories of 
IT investment such as investment in IT-related equipment. 
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Results 

Correlations between technical change and the skill premium 

Before moving to estimates of regional associations, this section presents simple correlations 
between proxies for technological change and labor market outcomes by education across U.S. 
industries and regions (Public Use Microdata Areas or PUMAs). The ACS provides information 
on PUMA-level averages in annual earnings by education. The education categories provided 
include graduate degree holders (Grad+), bachelor’s degree holders (BS), individuals with some 
college (Some Col), HS or GED graduates (HS), and those without a high school diploma (LTHS). 

These averages are plotted in Figure 39 against the two main digitalization proxies used throughout 
this dissertation – value added from digital products (on the left) and investment in information 
technology (on the right). The two measures vary by industry; PUMA-level averages are obtained 
by assigning each worker a value based on the industry in which the person is employed (e.g., 
annual IT investment of $5,000 per worker) and then calculating the population-weighted average 
for each region. Linear trends with 95 percent confidence intervals are also shown. 

Figure 39. Average Annual Earnings by Education vs. Digital Economy Value Added Per Job 
(Left) and IT Investment Per Job (Right) in 2017 Across Regions 

 

Source: ACS PUMA-Level Data and Bureau of Economic Analysis. 

Figure 40 plots earnings by education against additional proxies of technological progress from the 
ACS that vary by PUMA (and hence require no additional calculations). These are the share of 
each region’s employed population working in the information sector (left) and the share of 
college-educated population with a science and engineering (S&E) degree (right). 
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Figure 40. Average Annual Earnings by Education vs. Employment Share in the Information 
Sector (Left) and the Share of College-Educated Population with an S&E Degree (Right) in 

2017 Across Regions 

 

Source: ACS PUMA-Level Data and Bureau of Economic Analysis. 

While the earnings differentials are more obviously endogenous to the technology proxies in 
Figure 40 compared to Figure 39, the correlations point to similar conclusions in both cases – 
more technologically advanced regions have higher average earnings, with steeper slopes for 
workers with college and graduate-level education. 

While these graphs do not offer much information on the causal effects of digitalization, owing to 
a host of endogeneity concerns, they are in line with the hypothesis that education strongly 
mediates the labor market effects of technological change. The hypothesis is investigated in the 
results section below and also in Chapter 3.  

For additional figures of measures of technological progress and outcomes, see section “Additional 
figures on technological change and labor market outcomes“ in the appendix. 

Long-differences models 

In this section, I present the long-differences estimates for earnings effects, first for digital economy 
value added and then for information technology investment. The tables here only include 
education group interactions, but the supplementary tables in the appendix also show estimates 
by college major (see “The earnings effects of regional exposure to digitalization“). 

First, Table 16 below refers to the effects of regional exposure to digital value creation on average 
hourly earnings from 2009 to 2017. 
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Table 16. Change in Hourly Earnings Regressed on Regional Exposure to Digital Value Added 
Interacted with Education: Long-Differences Estimates 

 

Notes: The table presents long-differences estimates of the effects of regional digitalization exposure on average hourly 
earnings from 2009 to 2017. The coefficients reflect the marginal effect of of 1,000 dollars of real digital value added per worker 

on average hourly earnings in each education group. Changes in hourly earnings are given in 2012 dollars for those who 
reported to have worked at least 20 hours per week each year. Column (1) shows the results from the standard specification. 
Column (2) adds census division dummies and demographic characteristics of PUMA populations in 2000 (log population; the 

share of males; the share of population aged 65 years or more; and the shares of Whites, Blacks, Hispanics and Asians). 
Column (3) adds the population shares in each of the seven education groups the share of employment in “STEM“ industries. 
As in Chapter 1, these industries comprise of the information sector, computer and electronic products manufacturing, and 
computer systems design and related services. Columns (4)-(5) use overall value added (a placebo variable) and the share of 

digital value added of overall value added as regressors instead of digital value added. Regressions are weighted by population in 
the baseline year (2000) in models other than that in Column (6). Column (7) shows the results without the top 5% of 

PUMAs in terms of digitalization exposure. Columns (8)-(9) add variables accounting for self-selected migration. The data 
includes individuals aged 18 to 64 with non-negative earnings from the ACS. Standard errors are reported in parentheses and 
robust against correlation within states. Coefficients are only shown for the interactions of interests. The models are estimated 

at the education × major × PUMA level. 

The plan associations without covariates (column 1) show that highly educated workers in regions 
with high digitalization exposures also saw larger gains in earnings. The associations increase with 
education, but even those with limited education benefited from greater digital value creation 
across regions in this specification. Those with a PhD earned $6.50 more per hour in regions with 
$1,000 more digital value exposure per worker, while those without a college degree also earned 
as much as $1.50–$2.20 more depending on the group. 

The general patterns remain relatively stable after controlling for population, race, the share of 
males, the share of population aged 65 years or more (column 2) as well as population shares of 
the seven education groups and the share of employment in STEM industries (column 3). 
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After these covariates, PhDs earned around $3.20 more per hour for an additional $1,000 of 
digital value exposure per worker. A notable change after the including the covariates, however, 
is that effect estimates for those without a college degree remain statistically significant but 
become negative. The groups lost between $1.00 and $1.70 per hour for an extra $1,000 of digital 
value exposure. 

Adding the self-selected migration correction terms to the regressions with covariates mostly 
maintains the pattern where effects improve with education (column 9). The corrections however 
reduce the size of estimates and render them statistically insignificant at the 5% level. At the 10% 
level, PhDs still earn $2.40 per hour more with a $1,000 boost in digital value exposure, while 
those with some college or a HS diploma lose around $0.80 per hour. 

These findings are broadly in line with the hypothesis that digitalization has been skill-biased in the 
past decade. Additional support for a causal interpretation is provided by the two alternative 
regressors. While overall value added is also skill-biased (column 4), the effects are smaller and 
less consistently significant than those of digitalization. More crucially, an increasing share of digital 
value added of overall value added (column 5) is associated with a rising premium; across regions, 
digital value creation is at the minimum more skill-biased than overall value creation.  

Table 17 shows the corresponding estimates for the regional exposure to information technology 
investment. The findings are qualitatively identical to those with digital value exposure: 

§ Plain associations demonstrate large and statistically significant benefits for all groups that 
increase with education. 

§ Covariates turn the point estimates negative for groups without a college degree. Effects 
are however no longer statistically significant for any group except for PhDs and HS 
graduates; PhDs still gain $2.40 per hour for a $1,000 increase in IT investment exposure, 
while HS graduates lose $0.80 per hour. 

§ Self-migration corrections do not change the pattern where effects increase with education 
but render the estimates insignificant. 

§ Patterns with alternative regressors are also similar to those with exposure to value added. 
Overall investment is skill-biased similar to IT investment, but somewhat less so, and a 
rising share of IT investment of all investment is associated with a rising education premium. 

Estimates for IT investment are not as consistently statistically significant as those with digital value 
added; it is possible that the correspondence of value added (and hence digital value added) with 
wages is behind the more significant results with former proxy. Nevertheless, the results are 
remarkably similar qualitatively and offer robust support for the hypothesis that 21st century 
digitalization is skill biased. 
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Table 17. Change in Hourly Earnings Regressed on Regional Exposure to IT Investment 
Interacted with Education 

 

Notes: As in Table 16, with two exceptions: (1) The outcome is the regional exposure to investment in information technology 
per worker, and (2) the alternative regressors are overall investment (a placebo variable) and the share of IT investment of all 

investment. 

One interesting observation with respect to both digitalization proxies are the negative 
associations between digitalization exposures and earnings in lower-educated groups. As will be 
shown in Chapter 3, however, this finding may result from selection issues that cannot be 
addressed using the regional approach; relying on person-level analysis within industries, less educated 
groups are not negatively affected by the proxies. 

Finally, supplementary results shown in the appendix display results also by college major, and 
point to large impacts especially for STEM majors with a PhD and non-STEM majors with a professional 
degree (See Table 38 and Table 41). These groups alone drive the positive effects for the highly 
educated groups, and the only effect estimates that remain statistically significant across 
specifications. 

Robustness checks 

In addition to the standard specifications and alternative regressor approaches, I conduct three 
additional robustness checks: 
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ESTIMATES WITHOUT WEIGHTING BY BASELINE PUMA POPULATION. See columns (6) in 
the tables for these estimates. The differences are small but noticeable. Without 
population weighting, the patterns remain qualitatively similar, but the estimates are 
somewhat larger and more consistently statistically significant in the case of both proxies. 
In other words, the unweighted estimates demonstrate the large average skill bias in 
smaller regions, masked by the population weighting in the general results. 

EXCLUDING OUTLIERS. I also run all models with restricted samples, where I discard 
outlier regions according to their technological progress since 2009. Specifically, I remove 
the top 5% of regions based on their exposure to the two digitalization proxies. See 
columns (7) in the tables for these findings. Interestingly, excluding high-technology 
regions reveals a considerably larger skill bias compared to the general estimates, with 
notable negative impacts on groups without advanced degrees (and even for master’s 
degree holders in the case of digital value added). IT investment becomes over three 
times as valuable for PhDs and professional degree holders when excluding high-
technology regions. 

DIGITALIZATION QUINTILES. Finally, I replicate the analysis separately in five quintiles of 
PUMAs based on their digitalization exposures, using standardized coefficients. See Table 
39 (Q1) and Table 40 (Q5) for digital value added and Table 42 (Q1) and Table 43 (Q5) 
for IT investment in the appendix for a selection of these results. Given the small sample 
size these findings are largely inconclusive. Essentially only gains for PhDs in the top 
quintiles remain statistically significant across specifications. 

Conclusion 

In this chapter, I have investigated the effects of two measures of digitalization on local labor 
markets. As discussed, the choice of these measures allows for considering and comparing two 
complementary proxies of digitalization that (1) have not been widely used in academic literature; 
(2) differ from other measures affecting the labor market; and (3) reflect the kind of technological 
change that is particularly pervasive in the early 21st century. 

The first part of the chapter also demonstrated the potential of these measures to increase overall 
labor demand with heterogenous impacts by skill – a hypothesis that is generally supported by the 
empirical part of the study. My long-differences results suggest that digitalization may have lifted 
the skill premium in the past 10–15 years. The pattern where effects increase with education and 
are negligible or negative for less educated groups emerges when studying both proxies. The 
pattern is also stable across model specifications and supported by the alternative regressor 
designs. Most notably, the share of both digital value and IT investment exposure of the overall 
value added and investment indicators is associated with benefits that increase with education. 
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Finally, the robustness checks offer important lessons that add to these findings. Namely, the skill 
bias in the estimates is substantially pronounced when regressions are not population-weighted 
and when high-technology regions are excluded from the analysis. This speaks to the notion that 
technological progress in smaller and less developed areas may be particularly harmful for less 
educated individuals in these areas. 

For policymakers interested in addressing economic disparities, these findings highlight the need 
to support less educated workers especially in small but rapidly digitalizing regions. Such questions 
are addressed in detail in the final chapter of this dissertation that focuses on policy implications 
of the three main chapters. It should be highlighted, finally, however, that the aggregate-level 
approach adopted in this section is still prone to various endogeneity concerns, which sets me up 
for individual-level analysis in Chapter 3. 
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Chapter 3: Labor Market Effects of Digitalization by 
Education and Occupation Type 

Summary 

Technological change in the 21st century is predominantly characterized by digitalization, or the 
use and development of information and communication technologies at companies. While 
such trends facilitate productivity and economic growth, there is a growing concern about their 
impacts on labor demand and disparities in labor market outcomes. As shown earlier, the 
effects of digitalization are ambiguous but not obviously as negative as those of automation 
technologies like robotics, which have been shown to cause earnings losses and unemployment 
especially among lower-skilled manufacturing workers. As postulated in previous parts of this 
work, there is reason to believe that digitalization improves overall labor demand but that the 
realized gains depend on a worker’s educational attainment and specific line of work. 

The aim of this chapter is to provide insights into the heterogeneous labor market effects of 
two complementary proxies of digitalization – IT investment and value added from digital goods 
and services. I ask how these measures affect earnings and employment outcomes by education, 
occupation’s STEM designation, and industry’s relative digitalization success. 

I match time-varying data on the industry-level technology proxies to panel data from the 
Survey of Income and Program Participation in 2001–2016. Using an industry-spell fixed effects 
model with various robustness checks and an instrumental variable approach, I find that 
digitalization improves the labor market outcomes of college-educated workers by increasing 
their earnings and reducing their chances of non-employment. Benefits rise steadily with 
additional schooling and those with advanced degrees gain the most. Whether a person works 
in a STEM-designated occupation does not significantly alter labor market outcomes, but the 
skill bias is clearly pronounced in highly digitalized sectors. No education or income group is 
negatively affected by the two proxies. On the contrary, the effects estimated separately for 
different earnings quintiles are all positive, large, and statistically significant. 

Introduction 

For the past several years, Western media has paid considerable attention to the age-old question 
of technological unemployment, suggesting that new machines may soon replace human workers 
in large quantities. Similar concerns about automation are also common among the general public. 
Following suit, economists and political scientists have become increasingly preoccupied with 
examining the possibility that industrial robots, artificial intelligence, and other emerging 
technologies may substitute for workers in significant numbers (Benzell et al., 2015; Frey & 
Osborne, 2017) or at least amplify disparities in labor market outcomes (see e.g., Autor, 2015). 

Besides evaluating the automatability of existing jobs and tasks, research spanning several decades 
has focused on the study of skill-biased technical change. Especially towards the end of the 20th 
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century, shifts in production technologies tended to favor more educated workers, increasing 
their relative productivity, demand, and wages (see e.g., Goldin & Katz, 1998). 

Yet as suggested in “Past Findings on Technical Change and Labor Market Outcomes,“ evidence 
on the labor market effects of technical change is still lacking in important respects. This chapter 
builds on existing work and improves it in three ways – through considering two complementary 
proxies of digitalization; by providing evidence of recent, 21st century labor market effects in the 
United States; and by exploiting detailed longitudinal data that has not been used before for the 
study of technical change. I also draw on novel data on the use of patents across industries from 
Mann and Puttmann (2018), which I use as an instrument for digital economy value added. 

First, existing empirical studies on the effect of technology on skill returns tend to be limited to a 
single indicator, such as industrial robots (Acemoglu & Restrepo, 2018c; Graetz & Michaels, 2018), 
computer use (Bessen, 2016), or automation as proxied by total factor productivity (Autor & 
Salomons, 2018). Some studies measure digitalization based on time-invariant indicators, such as 
the prevalence of routine tasks or skill requirements of a given occupation (Acemoglu & Autor, 
2011; Autor, 2015; Cortes, Jaimovich, & Siu, 2018; Goos & Manning, 2007; Shierholz, 2016). This 
approach does not directly capture changes in technology adoption at the workplace; as noted by 
Gallego et al. (2018), studies using time-invariant data fail to disentangle the effect of technology 
on job displacement and related outcomes from other occupational and sector-specific 
characteristics. Model-oriented research, in turn typically adopts relatively general approach, 
focusing on the macroeconomic effects of automation, modeled for instance as factor-augmenting 
technical change or as the process of machines replacing tasks (Acemoglu & Restrepo, 2018b). 

One of the main contributions of this chapter is to consider two distinct technology proxies at 
once and compare effects between them. One proxy I use represents an input to and another an 
output of production. The input indicator is an industry’s annual investment in information and 
communications equipment, structures, and intellectual property. The output measure is the value 
added in an industry from goods and services that are primarily digital. Both proxies are given in 
per-worker terms and constructed from data from the Bureau of Economic Analysis (BEA). As 
discussed in past chapters, both measures are well-defined, easily operationalized, and distinct 
from other measures affecting labor market outcomes. They also vary over time and across 
sectors, circumventing the above-mentioned concerns with widely used time-invariant indicators. 
See Chapter 2 for additional discussion on the value of these measures. 

Second, many of the relevant studies consider the effects of technology over a span of several 
decades. Work investigating outcomes during the past ten years is limited. As an example, the 
recent influential work on industrial robots only reflects trends up to 2007 (Acemoglu & Restrepo, 
2018c; Graetz & Michaels, 2018). Considering that the U.S. has witnessed major technological 
shifts during the past decade, especially through the adoption of IT in the workplace and the surge 
of digital services, research covering more recent years is warranted. Relatedly, economists tend 
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to maintain that while technology-driven demand for skills rose rapidly in the decades leading up 
to 2000 (Goldin & Katz, 1998; Katz & Murphy, 1992), such trends have since reversed (Beaudry 
et al., 2016). In Chapter 1, I showed that the earnings premium for undergraduate and advanced 
degrees has in fact increased since 2009. Furthermore, rapid technological progress, if skill-biased, 
could exacerbate the skill premium in the near future. This chapter provides new insights into 
such questions by using new data leading up to 2016. 

Finally, the data that is used in existing research has notable limitations besides the timeframe 
considered. Most importantly, empirical work on the labor market effects of technology typically 
relies on labor market data that is cross-sectional. Most existing longitudinal research designs 
therefore settle on comparing changes in technology proxies and average labor market outcomes 
across geographic entities such as countries or commuting zones. This approach can be fruitful – 
as demonstrated in the previous chapter – but it is still inferior to longitudinal micro-data, 
especially when considering effects across fine-grained demographic groups. 

The analysis in this chapter builds on this challenge and presents, to the author’s knowledge, the 
first findings on the subject that rely on longitudinal data from the Survey of Income and Program 
Participation (SIPP). This microdata, including earnings and job information, is merged with 
industry-level data on digitalization based on the sector in which a respondent worked in a given 
year. In addition to labor market outcomes, SIPP also contains data on education. This allows me 
to ask whether the labor market effects of digital value added and IT investment vary by schooling. 
In order to investigate effects by job type, I also assign a STEM dummy for the respondents based 
on whether their occupation is among the list of “STEM-designated or related“ occupations 
provided by the U.S. Census. Finally, I compare effects across industry groups based on their 
recent digitalization outcomes. 

For identification, I use an industry-spell fixed effects model that allows me to control for time-
invariant individual and industry-level characteristics. The research design resembles that in 
Gallego et al. (2018), who use panel data from the United Kingdom to estimate the effects of ICT 
capital stock on economic and political outcomes. My analysis builds on their work but focuses on 
the U.S., takes advantage of complementary research methods, and explores effects across a set 
of more detailed outcome categories. 

My results suggest that both measures of digitalization have benefits for workers that increase 
with education. Especially among workers with advanced degrees, additional IT investment and 
digital value added substantially increase earnings and also reduce the prospective chances of non-
employment. Those with professional degrees (such as JD or MD) gain the most. Based on the 
standard fixed effects estimates, they earn an additional $700 in the year following a $1,000 
increase in digital value added, and as much as $1,800 according to my instrumental variable (IV) 
estimates. The effects become gradually smaller with less education, but even those without a 
college degree earn an additional $200 to $500 per year. 
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The fact that the standard fixed effects estimates are consistent with IV estimates supports a causal 
interpretation of these findings. When digital value added is instrumented with per-worker patent 
use across sectors, the earnings effects are consistently 2–2.5 times larger, consistently significant, 
and follow an identical pattern where benefits rise with schooling.  

Patent use is not a suitable instrument for investment in information technology, but the standard 
fixed effects estimates for IT investment are similar to those for digital value creation. In terms of 
earnings, an IT investment boost of $1,000 per worker benefits professional degree holders by 
$2,700 per year and PhDs by 1,800 per year, with gradually smaller effects for workers with less 
education. The chance of non-employment declines by 0.1 pp. among master’s degree holders, by 
0.2 pp. among PhDs, and 0.7 pp. among professional degree holders. 

All earnings estimates for the two digitalization proxies are statistically significant and distinct from 
the effects of two placebo variables – overall value added and investment per worker which also 
vary across sectors. 

In the case of digital value added, effect sizes and between-group differences are consistently larger 
in more digitalized industries. With IT investment, effects are in turn comparable across sectors. 
Whether a person works in a STEM occupation is irrelevant within education categories, but on the 
whole STEM workers benefit more especially in terms of earnings – largely because STEM workers 
are typically better educated. Finally, effects estimated across income quintiles instead of education 
categories suggest that individuals in all parts of the income distribution benefit from digitalization. 

Data 

I combine longitudinal data from the Survey of Income Participation (SIPP) with two measures of 
industry-level digitalization, constructed from data by the Bureau of Economic Analysis (BEA). This 
section presents the relevant variables in the SIPP data and provides summary statistics. The 
digitalization variables are explored in detail in “Chapter 2: Past Trends and Expected Labor 
Market Effects of Digitalization“. 

Individual-level longitudinal survey data 

The Survey of Income and Program Participation is a longitudinal household survey conducted by 
the U.S. Census Bureau.50 It offers a nationally representative sample and has been used especially 
for assessing annual and sub-annual income dynamics and public transfer programs. In Chapter 3, 
I draw on the 2001, 2004, 2008, and 2014 SIPP panels, covering years 2001–2016, to study changes 
in labor market outcomes by education and occupation. 

 
50 Data and more information about the SIPP are available at https://www.census.gov/sipp/. 

https://www.census.gov/sipp/
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I restrict my sample to civilian population aged 18 to 6451, excluding self-employed workers (who 
in some cases report negative earnings) and individuals without any work history.52 This produces 
a dataset of 658,833 observations on 208,066 individuals. Table 18 below shows how observations 
are distributed across the four SIPP panels and the 16 years considered in the survey responses. 

Table 18. Panel Data Sample: Number of Observations per Panel and Year 

Panel 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 

2001 54,231 45,225 42,769 0 0 0 0 0 0 0 0 0 0 0 0 0 

2004 0 0 0 53,510 50,355 45,680 20,480 0 0 0 0 0 0 0 0 0 

2008 0 0 0 0 0 0 0 46,295 47,803 44,009 40,539 38,381 31,791 0 0 0 

2014 0 0 0 0 0 0 0 0 0 0 0 0 32,085 25,750 21,179 18,751 

Source: SIPP, four panels covering years 2001–2016. Notes: The original data cover 12 months from each year, with the 
exception of years 2008 and 2013 in the 2008 panel, which have 8 and 11 months of data, respectively. 

The population variables from the SIPP I use include age, industry, occupation, and educational 
attainment. I provide details on the latter two below; industry categories I use throughout this 
work, along with related summary statistics, are discussed in detail along with the digitalization 
variables in Chapter 2 (see “Industry-level measures of digitalization“). 

STEM DESIGNATION. All individuals are assigned a dummy based on whether their 
occupation falls under the scope of Science, Technology, Engineering and Math (STEM) or 
related occupations, as defined by the U.S. Census.53 Table 19 provides additional 
information from 2002 and 2016 on the distribution of workers in STEM occupations in 
the sample. 

EDUCATION. All eligible individuals in the sample are assigned dummies based on whether 
they belong to a particular education category. Education is divided into seven groups, 
listed in Table 19 together with weighted population shares in 2002 and 2016. The 
empirical analysis however identifies separate estimates for only five education groups: 
those with less than a bachelor’s degree, those with a bachelor’s, master’s, and 
professional degree, and those with a PhD.54 

 
51 This choice, and the construction of outcome variables covered below, is similar to that in Gallego et al. (2018).  
52 The dataset includes a dummy for each individual who is employed in year t but not employed in year t+1. For this 
reason, despite the panel structure, only one year of employment is sufficient for including a person in the sample.  
53 Effects using the stricter categorization of STEM jobs are also tested but excluded from the text; the related 
estimates are qualitatively similar with the broader category, but more ambiguous, largely due to the limited number 
of STEM workers in less digitalized industries. Both STEM classifications are widely used and come from the U.S. 
Census: https://www.census.gov/topics/employment/industry-occupation/guidance/code-lists.html.  
54 The five categories are selected in order to simplify the interpretation of the results. The empirical analysis also 
shows that the effects are small and uncertain for workers with less education, and omitted results showed no 
discernible differences in effect estimates between the more detailed lower educated groups. 

https://www.census.gov/topics/employment/industry-occupation/guidance/code-lists.html
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Table 19. Summary Statistics: Basic Demographics and Population Shares by Educational 
Attainment and STEM Designation of Occupations in 2002 and 2016 

 
  

 

Source: SIPP data from the 2001 and 2014 panels; STEM occupation categories from the U.S. Census. Notes: Estimates are 
weighted by individual sample weights. Outcomes are shown for 2002 instead of 2001 because of the variable denoting switch 
to non-employment in a given year (the rightmost column); this information is only available when previous year’s (e.g., 2001) 

employment outcomes are known. 

In addition to the demographics and the education and occupation variables, I also use information 
from the SIPP on individual labor market outcomes: 

EARNINGS. My main outcome of interest is earnings per hour. To derive the measure for 
all eligible individuals in the sample, I divide average income earned per month by 4 times 
the average hours that person worked per week during that month. The variable I use 
refers to the sum of reported monthly earnings and income amounts received by an 
individual during the reference year. The values are top coded at 10 billion dollars in the 
newest panel. Only those with non-negative earnings who work 20 hours or more per 
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week during a given month are included in the analysis.55 Yearly estimates are adjusted 
for inflation and presented in 2012 prices. The means of hourly earnings from 2002 and 
2016 are shown for all workers and separately for each education group in Table 19. 

CHANCE OF SWITCHING FROM EMPLOYMENT TO NON-EMPLOYMENT. My second 
outcome of interest is the probability of switching to non-employment in the year following 
the treatment. Specifically, all employed individuals in the sample are assigned a dummy 
based on whether they become non-employed in the next calendar year if interviewed.56 
Table 19 above shows the chance of switching to non-employment for all workers and 
separately for each education category in 2002 and 2016. Note that retirement, 
schooling, and other options are also included in the definition in addition to job loss. 

The number of individuals with information on the chance of non-employment is lower than that 
for the earnings variables. This is a result of certain characteristics of the data. Namely, there is 
no information on what happens to individuals in the year after the last year they responded to the 
survey. For most individuals, this year – for which there is no data on subsequent employment – is 
the last year in a given SIPP panel (e.g., 2003 in the 2001 panel, or 2016 in the 2014 panel). 

Notes on matching data from different sources 

The variables from the SIPP that are used in this study are largely equivalent between the 2001, 
2004, 2008, and 2014 panels, and, when not named the same, can be matched using the relevant 
crosswalk files. There is one exception that concerns the variable reflecting employment status. It 
is equal to 1 in each month when the person was employed during a specific reference period. 
The reference periods however have different lengths in different panels – 4 months in the 2001, 
2004, and 2008 panels and 12 months in the 2014 panel. For this reason, I generate a separate 
dummy variable that denotes employment any time during a calendar year. This variable is 
commensurate across the four panels and used to construct the non-employment switch dummy.57  

 
55 Observations with fewer hours are excluded because of potential measurement error, leading to noise in the 
normalized digitalization variables especially in case the denominator (hours worked) is small. In the newest SIPP 
sample, 98% of workers with negative earnings are self-employed; therefore, dropping negative values essentially 
means dropping self-employed individuals from the analysis. 
56 This year’s employment status for eligible individuals, which is not used as such in the analysis, is always equal to 
one. This is because the analysis relies on only on individuals with industry information, which is matched to the 
industry-level digitalization proxies. 
57 Nevertheless, it is still possible that the differing lengths of the reference periods reduce the comparability of 
outcomes between panels. Shorter reference periods may induce respondents to recall short employment spells 
better, which would make full-year non-employment spells (required to activate my switch dummy) rarer in the newest 
panel. The empirical estimates are however very similar when completely excluding the last SIPP panel. Moreover, in 
all regression tables, I show the results separately for the 2001–2016 and 2001–2014 periods (where the latter only 
uses two years from the newest SIPP panel) and focus on the 2001–2014 estimates when discussing the findings. 
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All employed individuals in the SIPP dataset are assigned an industry value based on 4-digit Census 
Industry Codes. Data on investment in private nonresidential assets, used to construct the IT 
investment variable, are provided at the level of BEA industry codes, similar to Digital Economy 
Satellite accounts for the second technology proxy. Using relevant crosswalk files, I first transform 
BEA industries into equivalent NAICS industries (based on 2012, 2007, and 2002 definitions) and then 
use supplementary crosswalk files to match the data to SIPP data with Census Industry Codes. 

All employed individuals in the SIPP dataset are also assigned a value denoting occupation that is 
based on 4-digit Census Occupation Codes (COCs). I use lists of STEM occupations from both the 
Census, which in turn relies on the Standard Occupational Classification (SOC). For appropriate 
matching, I use applicable crosswalk files provided by Census both between the 2010 COCs and 
2010 SOC codes and between the 2002 COCs and 2000 SOC codes. 

Methodology 

Industry-spell fixed effects model 

I use an industry-spell fixed effects model to estimate the effect of digitalization in a worker’s 
industry on selected labor market outcomes. Following Gallego et al. (2018), I estimate separate 
slopes for different education levels (and also income quintiles) while controlling for time-invariant 
individual and industry-level characteristics.58  

The baseline specification is: 

W@)+ =	 X G[H1,-4∗]
J

4∗-0

Y4∗ +	 X G[H1,-4∗]
J

4∗-0

Z4∗ × O)+ + [′J@+ + 6@) + ]+ + U@)+ 

Where W@)+ is the outcome of interest for individual > in sector C at time D. Outcomes include 
hourly earnings in the same year as the treatment and in the year following the treatment, along 
with the chance of switching to non-employment again in the year after the treatment. As 
discussed in Chapter 2, the impacts of the two digitalization proxies are not likely to be immediate, 
so I focus on the lagged outcomes when interpreting the results.59 

 
58 Note that I retain all eligible individuals in the analysis and, for each panel, use the first year’s last month’s cross-
sectional weights in the panel regressions. I also show estimates excluding panel weights. 
59 Notably, the measures reflect gradual flows of investment and value added over the course of a full year; the effects 
on changes in skill requirements, resulting labor market transitions, and eventual rewards are likely to be delayed. 
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W@)+ is a function of five dummy variables G[H1,-4∗], which are equal to one for individuals with the 

corresponding level of education and zero otherwise.60 Y4∗ is the coefficient vector that identifies 
separate intercepts for the different education levels.61 

O)+ presents the time-varying, industry-level technology proxy (either IT investment or digital 
value added). It is interacted with dummy variables G[H1,-4∗] for the five education levels. This 

specification allows me to estimate Z4∗ , the marginal effect of digitalization on individuals in each 
of the five education categories. Note that this design choice does away with the need to define 
one education level as the base group and interpret estimates accordingly, which would be the 
case if I included the direct effect of digitalization in the model. In alternative specifications, I 
replace the five education dummies with earnings quintile dummies. 

J@+ is a vector of controls that change over time and vary across individuals, where I only include 
age and age squared. As discussed in Gallego et al. (2018), this helps in avoiding “post-treatment 
bias when controlling for time-varying covariates (such as socio-economic indicators) which may 
themselves be affected by changes in a workers’ industry.“ In general, there are few potential 
control variables that would be time-varying only within the units (industry spells or individuals). 

6@) is a vector of individual-by-industry or “industry-spell“ fixed effects, which capture all time-
invariant industry and individual characteristics, including person-level variables that could affect 
labor market outcomes or the self-selection workers into specific firms (gender, personality, etc.) 
Finally, year fixed effects ]+ are included to account for common shocks and trends. The error 
term U@)+ is clustered at the individual level to allow for the correlation of error terms of the same 
person over time and when individuals work in different industries. The main specifications also 
include census region fixed effects. 

In addition to testing effects for each education level, I distinguish between workers in STEM-
related and other occupations within each education level. This choice is motivated by my findings 
in earlier chapters, especially Chapter 1, which demonstrated consistently large and rising earnings 
premiums for STEM employment within education groups (and across all workers). The objective 
here is to investigate whether digitalization is responsible for these trends. Together, my two 
specifications are selected to study whether education, or both education and occupation, mediate 
the labor market effects of modern technological progress. 

 
60 As discussed, I study five education categories: (1) those with less than a bachelor’s degree, (2) those with a 
bachelor’s, (3) master’s, or (4) professional degree, and (5) those with a PhD. Regressions with separate estimates 
for different sub-bachelor groups (less than high school diploma, high school diploma, some college or associate’s 
degree) do not show either large effects nor discernible differences across groups. In fact, nearly all effects on labor 
market outcomes for individuals with less than a bachelor’s degree (or these sub-groups) are small and not 
statistically significant. 
61 The coefficient vector δ will be identified by individuals who upgrade their education level between interviews. 
Education is otherwise absorbed by the individual fixed effect. These effects are not of interest to this study. 
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The related specification that accounts for occupation’s STEM designation (!!") is given below: 

"!#" =	 % % &[%#$&'∗&	*#$&+∗]

-

+∗&.
''∗,+∗

0

'∗&.
+	 % % &[%#$&'∗	&	*#$&+∗]

-

+∗&.
)'∗,+∗

0

'∗&.
× +#" + ,′.!" + /!# + 0" + 1!#" 

Here the technology proxy, O)+, is interacted with dummy variables G[H1,-4∗	&	L1,-M∗] for 10 

education–STEM occupation combinations. For instance, @@+ = 1 and	 @̂+ = 1 for individuals with 
less than a bachelor’s degree who work in non-STEM occupations (in any industry). In the other 
extreme, @@+ = 5 and	 @̂+ = 2 refers to PhDs working in STEM occupations (in any industry). This 
specification allows me to estimate Z1∗,2∗ , the marginal effect of digitalization on individuals in STEM 
and non-STEM occupations within each of the five education categories. 

The industry-spell fixed effects model identifies separate intercepts for the same person in years 
when she worked in a different industry. This makes it possible to rule out the possibility that 
people who switch industries would drive the results.62 Importantly, the method only exploits 
variation over time in digitalization within industries for workers who remain in the same industry 
for two or more years. As discussed, the separate slopes for each group identify group-specific 
changes in labor outcomes associated with sectoral changes in digitalization. The expectation is 
that they capture workplace-level responses in the demand for skills that result solely from new 
investments in ICTs such as computers or software (IT investment) or from new types of labor 
requirements stemming from the development of digital goods (digital economy value added). See 
Chapter 2 for more detailed discussion on the expected impacts and channels of effect.  

Alternative specifications 

A causal interpretation of the resulting estimates relies on the assumption that the digitalization 
treatments are exogenous to individual-level labor market outcomes, or that digitalization is not 
affected by government policies, economic cycles, or other technological trends that also affect 
workers’ economic outcomes. I adopt two specifications that can help support this causal story: 

ALTERNATIVE REGRESSORS. In Chapter 2, I showed that both IT investment and digital value 
creation are distinct from several other measures influencing the labor market, including 
overall investment and digital value added. As discussed, this result supports the notion that 
my effect estimates do not simply reflect the capacity of productive industries to invest in 
IT, produce more valuable digital goods, and also reward their workers with higher wages 
and better career prospects. 

 
62 As noted by Gallego et al. (2018), ruling out the effect of switching “is important because differences in 
digitalization across industries are much larger than differences within industries from one year to another. Any 
changes occurring when workers move to a different industry (which may coincide with many other relevant 
changes besides digitalization) would dominate the more subtle effects of digitalization at a given workplace…“ 
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Similar to Chapter 2, I include a column in each regression table for the standard fixed 
effects model where I replace one of the two digitalization proxies with a corresponding 
placebo regressor. Furthermore, if booming industries facilitate both digitalization and 
labor demand, a growing share of digital value added (or IT investment) of overall value 
added (investment) should not drive labor demand responses. In my second alternative 
regressor design, I test the effects of these shares on labor outcomes by education and 
education-occupation group. 

INSTRUMENTAL VARIABLE (IV) DESIGN. Even if general measures of economic progress 
associated with industry-level digitalization do not drive my estimates, other factors might. 
As an example, subsidies or tax breaks to high-technology sectors could conceivably spur 
the development of new digital technologies while also improving earnings and employment 
outcomes in the affected firms.63 To address such endogeneity concerns, I instrument one 
of my digitalization measures, digital economy value added, with the use of new patents 
across industries. In my main alternative specification, I employ the standard industry-spell 
fixed effects model discussed above but instrument digital value added per worker with 
estimated industry-level usage of new patents per worker. I test two related IVs – all new 
patents and all new IT-related patents. Data for both measures is available for the same 
industry subsectors for the period between 2001 and 2014. Given that the IV approach 
constitutes the principal strategy in this chapter to support a causal evaluation of my 
findings, I present all models using this more limited time period (instead of the full 2001–
2016 period when SIPP data is available).64 

In addition to the moderately robust correlation between digital value creation and patent 
use (along with comparable data), there is a robust qualitative argument behind this design 
choice. Patents, and especially IT-related patents that I study separately, are externally 
created intangible assets that are acquired and used in order to produce more valuable 
digital products and services. They are associated with the adoption of new technologies 
at companies, but also the ways in which all technologies are applied as well as the types 
of goods that are developed and sold to consumers. At the same time, patents plausibly 
influence labor outcomes only when they are put to use, i.e., through realized digital value 
creation (see e.g., Lach, 1995 for related empirical findings). The idea is that patent use 
drives industry-level digital transformation, quantified by digital value added, by providing 

 
63 The watchdog group Good Jobs First documents subsidies provided to U.S. companies. In 2018, it found that 
American cities and states had given $9.3 billion in subsidies and tax breaks to large technology providers like Apple, 
Amazon and Google during the five years prior to 2018 (see e.g., Rushe, 2018). 
64 As discussed, this choice is warranted also due to the administrative changes to the newest SIPP panel that covers 
years 2014–2016. 
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the appropriate means for companies to develop and sell digital goods, and that it only 
influences labor market outcomes via this channel.65 

The patent data comes from Mann and Puttmann (2018) who use a text classification 
algorithm and other measures to categorize patents across different dimensions, including 
a probabilistic estimate of industries that use them. See Chapter 2 (and especially section 
“Industry-level measures of digitalization“) for additional details, summary statistics, and 
comparisons with other variables influencing the labor market. 

In addition to these endogeneity concerns, it is possible that my models underestimate the effects 
of digitalization on workers who are displaced by digitalization and end up unemployed or in a 
lower-paying sector. As elaborated earlier, the standard industry-spell estimates only identify 
effects on workers who remain in the same industry for two or more consecutive interview years. 
My first remedy to this problem is to study the impacts of switching to non-employment.66 Second, 
all regression tables also show results relying on a unique individual fixed effect by the respondent 
instead of industry-spell fixed effects. In this setup, workers who change industries, potentially in 
response to technology-related causes, also contribute to the average estimates. 

Effects on the earnings distribution and high-technology industries 

In addition to these alternative specifications, I also investigate impacts by (1) earnings quintiles 
(to study the direct effects on the earnings distribution), and (2) industry quintiles based on their 
relative digitalization outcomes in 2016 (to analyze the heterogeneity of outcomes between in 
low- and high technology sectors). 

The earnings quintile design is conducted simply by replacing the education dummies in the all 
models by earnings quintile dummies. The between-industry analysis in turn relies on grouping 
industries in five close-to-equal sets of 9–12 industries based on their 2016 values for digital value 
added and IT investment per worker. Given that the digitalization outcomes vary considerably 
across sectors, I use standardized (beta) coefficients when presenting the results. Industry quintiles 
with information on STEM occupation and education group shares as well as digitalization values 
and cutoffs from 2016 are presented for both digitalization variable below in Table 20 and Table 
21. Finally note that this specification is motivated by the notable between-industry differences in 
digitalization demonstrated in Chapter 2, and past research noting that skill-biased technical 
progress appears have operated within industries (Bound & Johnson, 1992; Katz & Murphy, 1992). 

 
65 The relatively broad scope of digital value creation and what it means for industries and individual companies is 
addressed in Chapter 2. Admittedly, one of the limitations of the empirical findings of Chapter 2 and Chapter 3 is that 
this measure reflects a host of firm- and industry level developments. 
66 It might be preferable to test effects on involuntary non-employment, but this would require questionable design 
choices when combining different types of outcome constructs across the four SIPP panels. 
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Table 20. Industry Quantiles by Digital Economy Value Added in 2016 
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 Table 21. Industry Quantiles by Investment in Information Technology in 2016 
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Additional robustness checks 

Finally, I show the fixed effects results separately for the 2001–2014 and 2001–2016 periods, and 
test how standard errors differ when using different clustering designs (industry-level, two-way 
industry-year-level, and two-way industry-education level). Clustering at the individual level partly 
eliminates the need to use sample weights in the analysis (Solon, Haider, & Wooldridge, 2015), so 
I also run the models with individual-level clustering without using cross-sectional survey weights. 

Results 

In this section, I first present my main industry-spell fixed effects (FE) findings in relation to the 
three central alternative specifications (alternative regressors, IVs, and individual FEs). I follow this 
discussion with brief coverage on effects on earnings and industry quintiles and close the section 
with a few words on the supplementary robustness checks. 

I focus the consideration of outcomes here to graphical illustrations of the results and only show 
my two central regression tables on the effects on lagged earnings. The rest of the tables are 
available in the appendix, including those covering estimates by education and an occupation’s STEM 
designation; effects by earnings and digitalization quintiles; and effects on the chance of switching from 
employment to non-employment in the year following the digitalization treatment. 

The effect of digitalization on labor market outcomes across sectors 

I discuss effects separately for the two digitalization variables, starting with digital value added: 

DIGITAL ECONOMY VALUE ADDED. The preferred estimates on the effects on lagged hourly 
earnings are presented in Table 22 and Figure 41. Figure 42 shows the effects on the 
probability of switching to non-employment in a given year. The main findings include that: 

§ FE estimates are all positive, mostly statistically significant, and rise with additional 
schooling (columns 1 and 2).  

§ IV estimates show similar patterns, but the estimates effects are over twice as large 
as the FE results (columns 3 and 4). Both instruments have a strong first stage. 
Alternative regressors further bolster a causal interpretation of these findings. The 
effects of the placebo variable, overall value added, also increase with education but 
are small and inconsistently significant (column 5).67 Note that the graphs (including 
Figure 41) use all patents as the “IV“ and all value added as the “Placebo“ variable. 

 
67 The small size of the coefficient (compared to the estimates of digitalization) does not itself mean that value added 
cannot causally drive outcomes; digital value creation is, in most industries, only a small share of overall value added. 
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§ More importantly, the share of digital value of all value added shows positive effects 
that increase with education, at least up to a point, although the coefficients are 
only statistically significant for those with up to a master’s degree (column 6). 

§ Quantitatively, the gains from a $1,000 increase in IT investment per worker range 
from $0.10 to $0.25 on hourly earnings for those without an undergraduate degree 
up to nearly a dollar for professional degree holders. For a full-time worker, $0.95 
per hour amounts to roughly $1,800 per year.68 

Table 22. Hourly Earnings in the Following Year Regressed on Digital Value Added 
Interacted with Education 

 

Notes: The coefficients reflect the marginal effect of an additional 1,000 dollars of real digital economy value added per worker 
on average hourly earnings in each education group in the year following the treatment. All models use time and census region 
fixed effects (FEs) and control for age and age squared. Column (1) shows the results from the preferred industry-spell FE 
model using data from four SIPP panels covering years 2001 to 2016. Column (2) restricts the sample to three SIPP panels 

from 2001–2014, similar to the remaining columns. In Columns (3) and (4), digital value added per worker is instrumented by 
new patents and new ICT-related patents per thousand workers, respectively. First-stage coefficients and p-values for the 

instrument coefficients are shown at the bottom of the table. Columns (5)-(6) use overall value added (a placebo variable) and 
the share of digital value added of overall value added as regressors instead of digital value added. Standard errors are clustered 
at the individual level in Columns (1)-(6) and (9)-(10), while Columns (7)-(8) use two-way clustering at the industry-year and 

industry-education level, respectively. Column (9) excludes panel weights and Column (10) shows the results when using 
separate person and industry FEs instead of industry-spell FEs. The data includes individuals aged 18 to 64 with industry 

information and non-negative earnings, excluding those in the Armed Forces. Standard errors are reported in parentheses and 
coefficients are only shown for the interactions of interests. All dollar amounts are in 2012 prices. 

§ The effects on the chance of non-employment display similar patterns, although the 
IV estimates are only statistically significant for PhDs, and the placebos do not tell 

 
68 I mention annual estimates for workers who maintain their earnings for 40 hours a week over 48 weeks. 
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a similarly convincing story as with earnings. The variable denoting the share of 
digital value added (not shown) points to rising probabilities of employment. 

Figure 41. Hourly Earnings in the Following Year Regressed on Digital Value Added 
Interacted with Education and Occupation’s STEM Designation 

 

Source: Adopted from Table 22 above and Table 50 in the appendix that contains STEM occupation-education interactions. 

Figure 42. The Probability of Becoming Non-Employment in the Following Year Regressed on 
Digital Value Added Interacted with Education and Occupation’s STEM Designation 

 

Source: Adopted from Table 55 and Table 56 in the appendix. 
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IT INVESTMENT. The preferred estimates on the effects on lagged hourly earnings are 
presented in Table 23 and Figure 43, while Figure 44 shows the effects on the probability 
of switching to non-employment in a given year. Notable results are discussed below: 

§ FE estimates are again all positive, consistently significant, and rise with additional 
schooling (columns 1 and 2).  

§ Alternative regressors partly support a causal interpretation of these results. A 
$1,000 of growth in IT investment per worker as a share of overall investment per 
worker is strongly associated with earnings gains for those with advanced degrees 
(up to $0.95 per hour) and declines in earnings for those with less education (up to 
$0.30 per hour) (column 4).  

§ Growing overall investment is associated with small (but significant) gains for those 
with less education and large (but insignificant) point estimates those with more 
education. 

§ Quantitatively, the gains from a $1,000 increase in IT investment per worker range 
from $0.10 per hourly for those without an undergraduate degree to nearly $1.50 
for professional degree holders and close to $1.00 for PhDs. The rough annual 
estimate for professional degree holders who work full time is over $2,700. 

§ For non-employment, the rising positive effects by education are even more 
pronounced, especially when comparing to the placebo; overall investment is 
associated with rising non-employment probability across all education levels while 
for IT investment the effects are the opposite. 

The earnings effects of both digitalization proxies are qualitatively very similar, with one interesting 
exception. Digital value added is strictly beneficial for all workers, but IT investment may hurt 
lower-educated workers along some margins. For instance, a 10 percentage-point increase in the 
share of IT investment of all investment (column 4) is associated with a reduction in hourly earnings 
among those without a college degree of roughly $3. The effects of IT investment themselves have 
however been positive for these workers because overall investment has increased substantially since 
the 2008 financial crisis. 

Finally, for both proxies and both outcome measures, whether a worker is employed in a STEM 
occupation does not appear to drive the results within education levels. 
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Table 23. Hourly Earnings in the Following Year Regressed on IT Investment Interacted with 
Education 

 

Notes: As in Table 22, with two exceptions: (1) The coefficients reflect the marginal effect of an additional 1,000 dollars of 
real investment in information technology (IT) per worker instead of digital value added, and (2) instrumental variable analysis 

is not used for this digitalization proxy so the two corresponding columns are excluded. 

Figure 43. Hourly Earnings in the Following Year Regressed on IT Investment Interacted with 
Education and Occupation’s STEM Designation 

 

Source: Adopted from Table 22 above and Table 50 in the appendix that contains STEM occupation-education interactions. 
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Figure 44. The Probability of Becoming Non-Employment in the Following Year Regressed on 
IT Investment Interacted with Education and Occupation’s STEM Designation 

 

Source: Adopted from Table 72 and Table 73 in the appendix. 

Tables corresponding to Table 22 and Table 23 for earnings during the year of treatment are provided 
in the appendix in Table 46 and Table 47 (digital value) and Table 63 and Table 64 (IT investment). 

Effects on industry quintiles by digitalization 

The estimates on industry quintiles by digitalization are produced below to study the heterogenous 
impacts of the two proxies on workers in more or less digitalized sectors: 

DIGITAL ECONOMY VALUE ADDED. The standardized FE estimates on the effects on lagged 
hourly earnings and the chance of non-employment are presented in Figure 45 and Figure 
46. The main finding is that both the effect sizes and differences by education are minimal in 
the bottom quantiles but increase sharply with the level of digital value added. On one 
extreme, one standard deviation growth in digital value in the top quantile raises the hourly 
earnings of PhDs by over 1.7 standard deviations, compared to only 0.5 standard deviations 
among those without a college degree. With the exception of the second digitalization 
quintile, the first stages in the IV specifications are strong. The IV results are also somewhat 
larger but qualitatively similar to FE results across all quintiles; education-based differences 
in effects are small in less digitalized sectors but become larger with more digital value 
added. In terms of non-employment, the patterns estimated using the FE models are also 
similar and in line with the corresponding IV estimates. With non-employment, however, 
the top three quantiles in digital value added differ less in effect sizes and group differences. 
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Figure 45. Hourly Earnings in the Following Year Regressed on Digital Value Added 
Interacted with Education: Standardized Effects in Industry Quintiles by Digital Value in 2016 

 

Source: Adopted from Table 51 (Q1) and Table 52 (Q5) in the appendix along with equivalent results for the other quintiles. 

Figure 46. The Probability of Becoming Unemployed in the Following Year Regressed on 
Digital Value Added Interacted with Education: Standardized Effects in Industry Quintiles by 

Digital Value in 2016 

 

Source: Adopted from Table 57 (Q1) and Table 58 (Q5) in the appendix along with equivalent results for the other quintiles. 
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Figure 47. Hourly Earnings in the Following Year Regressed on IT Investment Interacted with 
Education: Standardized Effects in Industry Quintiles by IT Investment in 2016 

 

Source: Adopted from Table 68 (Q1) and Table 69 (Q5) in the appendix along with equivalent results for the other quintiles. 

Figure 48. The Probability of Becoming Unemployed in the Following Year Regressed on IT 
Investment Interacted with Education: Standardized Effects in Industry Quintiles by IT 

Investment in 2016 

 

Source: Adopted from Table 74 (Q1) and Table 75 (Q5) in the appendix along with equivalent results for the other quintiles. 
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IT INVESTMENT. The preferred estimates on the effects on lagged hourly earnings are 
presented above in Figure 47. Figure 48 in turn shows the effects on the probability of 
switching to non-employment. Interestingly, the differences in effects across industries are 
almost non-existent when considering both outcomes. One exception is those with 
advanced degrees, who experience rising earning as a result of additional IT investment in 
the lower digitalization quintiles. 

Equivalent tables for earnings during the year of treatment are provided in the appendix in Table 
46 and Table 47 (digital value added) and Table 63 and Table 64 (IT investment). 

Finally note that this analysis substitutes for explicit consideration of potential outliers; industry 
group regressions alone speak to the sectors that drive the estimates. This said, additional 
(omitted) analysis shows that excluding or winsorizing the top 1% of observations in terms of the 
digitalization proxies generally either preserves or increases the effect sizes. 

Effects on the earnings distribution 

Finally, I replicate the standard models while substituting the education dummies with earnings 
quintile dummies in the regressions. The objective is to investigate the potentially heterogenous 
impacts of the two proxies on the earnings distribution. As discussed, I use year-specific (varying) 
earning quintile thresholds. Results are again presented separately for the two proxies: 

DIGITAL ECONOMY VALUE ADDED. The preferred estimates on the effects on lagged hourly 
earnings are presented in Figure 49 and on the chance of switching to non-employment in 
Figure 50. The estimates offer interesting insights: 

§ Digital value may facilitate labor market disparities by education, as shown earlier, 
but it simultaneously benefits all parts of the earnings distribution in a surprisingly 
equal manner. The average gains increase only slightly with current earnings. 

§ Benefits are statistically significant and large for all quintiles. An average full-time 
worker in the bottom 20% gains $160 per year from a $1,000 boost in digital value 
added per worker in her industry. 

§ While STEM occupation is irrelevant for effect sizes when holding a worker’s level 
of education constant, across earnings quintiles and the whole population it is 
generally better to be work a STEM job in the rapidly digitalizing labor market. 

§ The probability of non-employment in turn declines with education, although it too 
is less pronounced than the heterogenous effects by educational attainment. 
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Figure 49. Hourly Earnings in the Following Year Regressed on Digital Value Added 
Interacted with Annual Earnings Quintiles and Occupation’s STEM Designation 

 

Source: Adopted from Table 53 and Table 54 in the appendix. 

Figure 50. The Probability of Becoming Non-Employed in the Following Year Regressed on 
Digital Value Added Interacted with Annual Earnings Quintiles and Occupation’s STEM 

Designation 

 

Source: Adopted from Table 59 and Table 60 in the appendix. 
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IT INVESTMENT. The preferred estimates on the effects on lagged hourly earnings are 
presented in Figure 51. The following Figure 52 again shows the corresponding effects on 
the probability of switching to non-employment.  

The effects of IT investment appear to increase earnings inequality, contrary to digital value 
added. The education-specific disparities however again trump these effects; advanced 
degree holders – and especially those in STEM jobs – are winners from information 
technology adoption regardless of the current earnings quantile. In fact, it is likely that the 
positive effects by education on most of these measures reflect the differences in education 
distributions in different quintiles; richer individuals are on average more highly educated.  

The last figure agrees with this view. The effects on non-employment are more consistent 
with digital value added, discussed above, and demonstrate a pattern where subsequent 
non-employment due to digitalization becomes less likely with higher current earnings.  

Figure 51. Hourly Earnings in the Following Year Regressed on IT Investment Interacted with 
Annual Earnings Quintiles and Occupation’s STEM Designation 

 

Source: Adopted from Table 70 and Table 71 in the appendix. 
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Figure 52. The Probability of Becoming Non-Employed in the Following Year Regressed on IT 
Investment Interacted with Annual Earnings Quintiles and Occupation’s STEM Designation 

 

Source: Adopted from Table 76 and Table 77 in the appendix. 

Equivalent tables for earnings during the year of treatment are provided in the appendix in Table 
48 and Table 49 (digital value added) and Table 65 and Table 66 (IT investment). 

All in all, the results broadly add confidence to the notion that labor market effects of digitalization 
in the 21st century are strongly meditated by skill. The final chapter on conclusions and policy 
implications discusses the broader impacts of this finding, and whether and how policymakers 
should address the potentially adverse effects on economic inequality. 

Effects including industry transitions 

The analysis so far limits the estimates to within-industry effects, as well as the probability of 
completely moving out of the workforce. As discussed, it is plausible that modern technological 
advances accelerate cross-industry transitions that, depending on a worker’s education, can 
substantially decrease (and in some cases increase) her earnings. The goal of examining outcomes 
with individual fixed effects here is to rule out the possibility that workers transferring across 
industries would drive the results. In this set up these workers also contribute to the average 
effect estimates. See the rightmost columns in all regression tables for the related results. 

The general finding is that the digitalization-driven earnings and employment outcome disparities 
is still visible, but effects are reduced to roughly a half of the size of the industry-spell estimates. 
This applies broadly to both proxies and both outcome measures of interest. The most likely 
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culprit is the measurement error to the treatment variable that arises from using unique individual 
fixed effects, causing attenuation bias in the coefficients. 

Robustness checks 

In addition to the alternative specifications and outcome groupings discussed above, below I 
comment briefly on the differences on estimates between lagged and non-lagged earnings, different 
standard error clustering designs, and different time periods considered: 

DIFFERENCES BETWEEN LAGGED AND NON-LAGGED EARNINGS ESTIMATES. In my main 
specification, I introduce a one-year lag to the hourly earnings variable (reducing the 
sample size slightly as a result). The effects of digitalization on earnings are considerably 
smaller when using same-year earnings, and not consistently statically significant. The 
point estimates do however fit the same exact pattern of positive effects that rise with 
education. This result is not only in line with this basic finding but also supports the 
hypothesis that the impacts of digitalization are delayed. Furthermore, especially in the 
case of digital value added, it is notable the coefficients on the placebo (value added) are 
essentially zero while the coefficient on digital value reveals a clear pattern of effects that 
increase with schooling. Note that my other outcome measure of interest, the 
probability to switch to non-employment, is lagged by a single year by design. 

DIFFERENT TIME PERIODS. All industry-spell fixed effects estimates are shown separately 
for the full 16-year period and the shorter 2001–2014 period that can be compared to 
IV estimates and other alternative specifications. The effects are consistently larger when 
using the longer time frame but qualitatively in line with the 2001–2016 estimates. 

ALTERNATIVE STANDARD ERROR CLUSTERING. The standard errors using alternative 
clusters (industry-year and industry-education) differ from individual-level clustering, but 
they are not consistently larger or smaller. 

Conclusion 

Using data from the United States in 2001–2016, I estimate the effects of two complementary 
measures of digitalization on individual-level labor market outcomes. I focus on differences in 
effects by education and the STEM designation of a worker’s occupation. For identification, I use 
an industry-spell fixed effects model that exploits temporal variation in digitalization within 
industries for workers who remain at the same industry for at least two years. I support my 
standard findings with several alternative model specifications. 

Although no education group is distinctly worse off as a result of digitalization, economic benefits 
increase steeply with schooling. The positive effects for those with advanced degrees are 
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particularly large, both in terms of higher earnings and lower chances of non-employment in the 
year following an increase in the level digitalization. Gains for workers without a college degree 
are negligible but still non-negative. The differences between the two proxies of digitalization are 
very small in terms of their effects, which is both unsurprising given the factor analysis in Chapter 
2 and encouraging in the sense that these measures can potentially be thought of as each other’s 
robustness checks. The causal interpretation of the findings is supported by these similarities, but 
even more so by the supplementary placebo regressions and instrumental variable estimates. 

In addition to the skill bias caused by both measures, notable complementary findings concern 
workers in STEM jobs, effect estimates across industries with different levels of digitalization, and 
effect estimates on the earnings distribution. 

First, working in a STEM occupation is irrelevant when taking education as given. This finding may 
be surprising given that I identified consistently large and rising premiums for STEM employment 
within education levels in Chapter 1. Part of the explanation likely has to do with the fact that growth 
in both earnings and digitalization exposures has been faster in STEM jobs (and slower in non-
STEM jobs), rendering the effect estimates between groups relatively similar. At the same time, 
across income quintiles, the digitalization-driven rewards from STEM employment are large. This 
finding, and the summary statistics in Table 19, demonstrate that STEM employment is simply 
more common among workers with more schooling. Within earnings quintiles, the observed gains 
from STEM employment are therefore large mostly because workers in STEM jobs are better 
educated and, as discussed, more positively affected by industry-level digitalization trends. 

Second, higher-earning individuals benefit slightly more from digitalization than those in the lower 
parts of the earnings distribution. Yet it is clearly the person’s schooling and not economic standing 
that mediates the size of these effects. Third, it must be stressed that no income or education 
group appears to be distinctly worse of as a result of digitalization. 

There are some differences between my results and those found in a similar study by Gallego et 
al. (2018) who focus on the United Kingdom. The authors find large effects of sectoral increases 
in ICT capital stock on hourly wages that rise with education (in line with my estimates), but also 
small adverse employment effects on certain groups (contrary to my results). My findings on the 
differential effects of digitalization across industries agree with older work by Michaels et al. (2014), 
who find that industries with faster growth in ICT capital and value added have shifted demand 
from middle-educated workers to highly educated workers in the U.S. and other developed 
countries. My observation that no group experiences negative employment effects is in contrast 
with the task-based literature, which stresses the high automatability of routine jobs due to ICT 
in the lower parts of the wage and education distributions (Autor et al., 2003; Goos et al., 2009). 
Some of these differences may stem from the fact that my study addresses many of the issues with 
the such time-invariant proxies of technical change. 
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Overall, empirical evidence of employment effects of new technology has been somewhat mixed 
in recent years. Considering the latest work on industrial robots, for example, Dauth, Findeisen, 
Südekum, and Wößner (2018) find no differential employment effects for workers in more 
robotized industries. Acemoglu and Restrepo (2018c) in turn identify a large negative impact of 
industrial robots on employment. The latter also show that increases in ICT capital, including 
investment in software and computers, have positive labor market effects, contrary to robots. Indeed, 
the technology proxies selected for this study differ considerably from more explicitly defined 
technologies such as industrial robots with apparent negative effects on labor demand. Information 
technology and digital goods are comprised of a large and diverse set of distinctive technologies. 
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Conclusions and Policy Recommendations 

Main Findings and Limitations 

While technological transformations have shaped societies since at least the Industrial Revolution, 
recent advancements in digital technologies give rise to unprecedented challenges. Not only do 
companies seek workers with new types of skills that complement the digitalization of workplaces 
and production processes, these demands also change more rapidly than in the past; workers need 
skills that are relevant to both current and future labor markets. If the supply of a particular set 
of abilities falls behind the rising demand for such skills, earnings and employment outcomes 
diverge between high- and low-skilled workers. This in turn has potential to exacerbate not only 
earnings disparities but also broader measures of economic inequality. 

In this dissertation, I have shown that the demand for higher education and technical skills in the 
United States has in fact increased significantly over the past 10–15 years. While the share of 
individuals with college degrees and more advanced education has grown, the economic premium 
for these highly educated workers has increased simultaneously. Labor market signals are working 
as expected in the sense that higher education is now more popular than ever, but the rising skill 
premium also suggests that education is still lagging behind the rising demand for skill. 

My related findings concern the distribution of these premium increases across college majors, 
occupations, and industries. One notable result, not revealed in earlier research, is that the 
education premium has increased only for those advanced degree holders that come from a STEM 
background. In addition, both additional education and majoring in a STEM field appear to be 
increasingly valuable in high-technology industries. Working in a STEM occupation in turn offers 
substantial economic rewards regardless of education or college major. 

The rising skill premium in the early 21st century, and its concentration in high-technology sectors, 
raise questions about the central causes behind these trends. Perhaps one of the most obvious 
culprits is technological change, and especially its modern incarnation – digitalization. 

One of the main findings of my empirical analysis is that two specific proxies for industry-level 
digital advances – IT investment and value added from digital goods – have contributed causally to 
the above-mentioned changes in skill premiums between 2001 and 2016. Specifically, these proxies 
have improved the earnings and reduced the probability of non-employment among college and 
graduate degree holders, both in absolute terms and relative to those with less education. In line 
with the exploratory work and hypotheses presented in earlier parts of this research, the labor 
market benefits of digitalization also increase steeply with schooling and are concentrated in high-
technology industries. 
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Interestingly, however, labor market gains for those without a college degree are negligible but 
still not negative. Even the least educated groups seem to be protected from adverse effects of 
digitalization, at least in absolute terms and at least when the economy at large is growing. 
Moreover, all earnings quintiles, when examined alone without the education dimension, have 
experienced notable gains in labor market outcomes. It is only those in low-earning groups that 
have limited education (or do not work in STEM jobs or high-technology industries) who miss out 
on these benefits. My second chapter also points towards small reductions in earnings for less 
educated workers in regions where digital advances have been particularly rapid. 

Overall, however, my findings can be interpreted to be positive or at least neutral for lower-
income and lower-educated groups, especially when combined with findings from past research. 
First, Brynjolfsson and Collis (2020) have shown that digitalization has improved well-being in a 
manner that is often missed by traditional metrics, mostly because many internet services are free 
for the consumer and therefore not counted in official measures of economic activity. Unpriced 
digital services are not incorporated in the two digitalization proxies considered in this work. 

Second, any negative impacts of digitalization would likely be smaller if other measures of labor 
market success were considered. I focus particularly on earnings before taxes and transfers. When 
accounting for taxes and transfers, or factors such as the rising real value of employer-supplied 
health care benefits, individuals with limited education would likely be better off than my analysis 
of pre-tax earnings suggests (see e.g., Armour, Burkhauser, & Larrimore, 2014). The degrees with 
largest rewards also generally come with high tuition fees and hence large student debt burdens. 
Finally, higher educated, high-earning workers tend to live in more expensive parts of the country, 
especially in cities with high cost of housing (Moretti, 2013). These considerations suggest that my 
focus on pre-tax earnings leads to overestimating the skill premiums in true consumption 
opportunities and economic welfare. 

Another caveat, discussed extensively throughout the work, is that digitalization is still a relatively 
small part of a larger suite of technological phenomena that together have ambiguous (and in some 
cases negative) effects on labor market outcomes. My analysis has focused on two distinct 
measures of digitalization, and the findings should not be confused with the effects of, for example, 
industrial robots or other automation technologies. Moreover, my work emphasizes the effects 
on skill-based inequality and ignores the effects of digitalization on other trends – including changes 
in industry concentration and the general role of technical change in reducing the labor share and 
facilitating the accumulation of wealth to capital owners. 

In the rest of this chapter, I analyze policies that could reverse the potentially adverse trends 
observed in skill-based labor market disparities without harming societal wellbeing, economic growth, 
or the evident advantages offered by digital technologies. The main objective of the ensuing policy 
analysis is to examine and propose actions that would, based on the empirical findings in this 
dissertation and secondary research literature, “escape“ the equity-efficiency trade-off.  
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Policy Analysis 

The final objective of this dissertation is to evaluate and propose policies that would alleviate 
excessive disparities in labor market outcomes, especially those that can be attributed to 
digitalization and that are limited to differences by education or other measures of skill.  

My results suggest that not only have skill-based earnings gaps increased in the early 21st century, 
digitalization has in part facilitated these trends. To this end, the rest of this section has two goals: 

(1) To compile a comprehensive set of public policies that could reduce the types of economic 
disparities shown to have expanded in this work; and 

(2) To generate quantitative estimates of required changes in selected policies that would 
stabilize disparities in earnings by education. I focus specifically on policies that would help 
increase the number of skilled workers in the United States. 

Policies to reduce skill-based inequality 

I start by offering the rationale behind my main proposal to expand the number of highly educated 
and technically trained workers in the U.S, along with broad strategies to support this goal:  

Increasing the supply of skilled labor. A number of policies can be adopted that would 
increase the supply of highly educated workers in the United States, including: 

§ Larger quotas and faster immigration procedures for skilled immigrants, involving also 
foreign exchange students and degree-seeking students;  

§ Larger public investments or subsidies towards education at all levels to facilitate 
higher-quality schooling and greater student enrollment across the education system, 
with a particular focus on advanced degrees and STEM education; 

§ Additional financial support and incentives to increase participation and improve the 
quality of adult training and apprenticeship programs, offered both by private 
organizations and the public sector, again with a focus on technical fields; 

Building on the “education-technology race“ model discussed in Chapter 1 (Goldin & Katz, 
2009), an increase in the relative supply of highly educated workers should directly bring 
down the skill premium. Additionally, improvements in human capital generally enhance 
the productive capacity of the economy. While this policy can help address technology-
driven labor market disparities, it is also unlikely to hamper productivity growth or 
technological progress – most likely the opposite. 

This approach is discussed in greater detail in the next two sections, which cover 
quantitative analysis, preferred policies, and general limitations. 
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This emphasis however ignores a number of other approaches that have been proposed to address 
either earnings inequality or other labor market challenges resulting, at least in part, from 
technological change. Some examples, largely ignoring policies that do not address skill-based labor 
market disparities, are discussed briefly below: 

§ Increasing public assistance or reducing taxes for low-skilled workers. Additional rewards 
for low-paid work, for example by increasing the generosity of the Earned Income Tax 
Credit (EICT) program, could reduce skill-based earnings disparities by disproportionally 
supplementing the incomes of workers who are typically less educated. Improving access 
to childcare for workers with lower earnings could have a similar impact (Stein, 2018), as 
would additional public subsidies for healthcare targeted to these groups. The general 
equilibrium effects of such policies are however uncertain; in theory, an average low-
educated worker could be worse due to such policies if low-skilled labor supply increased 
and within-group average earnings declined as a result. The employment rates among 
workers with less education would likely increase. A related, frequently proposed policy 
alternative would be to increase minimum wages. This would likely reduce inequality in the 
lower tail of the wage distribution (Autor et al., 2016) but potentially lead to negative 
effects on employment among low-wage, low-skilled workers (Neumark, 2018). 

§ Public assistance for low-skilled individuals without a job. Given that unemployment and 
non-employment are more common among those with less education, these individuals 
would also benefit disproportionally from more generous public unemployment assistance 
and related services. More controversial solutions with similar objectives include public job 
guarantee programs and universal basic income, which supports low-wage workers similar 
to the EICT program discussed above (see e.g., Hoynes & Rothstein, 2019). 

§ Science and technology policy. Policymakers have relatively few tools available related to 
supporting technological innovation in a fashion that would also directly affect labor market 
outcomes. For instance, while weaker intellectual property protection or public R&D 
investments might help accelerate the rate of technological development or advances in 
digitalization, the effects of such efforts on labor market disparities are highly uncertain. My 
findings in Chapter 3 suggest that dedicated public support for digitalized industries (or 
preferential incentives for investments in digital technologies) could slightly increase skill-
based labor market disparities compared to more broad-based R&D support. At the same 
time, my analysis in Chapter 2 highlights the positive effects of digitalization on labor 
demand and productivity growth that also enter into the equation; it might be possible to 
complement these positive effects by incentivizing the creation of technology that is labor 
complementing rather than substituting (Korinek & Stiglitz, 2019). Nevertheless, I omit 
preferential S&T subsidies and related incentives from the discussion in this chapter due 
to the ambiguity of the prospective effects on labor market disparities. 
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§ Progressive taxation. Commonly proposed responses to rising inequality include more 
progressive taxation of income and wealth. With the exception of EICT-type policies, I 
omit simple efforts to raise taxes for high-earners from the analysis because they do not 
directly address skill-based inequality and are challenging to analyze in the context of this 
study and without a dedicated general equilibrium model. Increases in wealth and capital 
taxes (including “robot taxes“ discussed e.g., by Thuemmel, 2018) are in turn generally 
proposed to address the wedge between workers and owners of capital. My work, 
however, is not directly concerned about this distinction. 

§ Private sector efforts. Private companies offer services for facilitating independent work, 
often on a part-time basis. Such efforts also involve dedicated digital platforms for activities 
like talent search or “skills matching.“ In principle, an increasing availability and adoption of 
such services could provide additional employment and earning opportunities for lower-
skilled individuals, for instance through providing them with additional avenues for finding 
paid employment. These solutions are however left out of the analysis due to the lack of 
obvious policy levers and their ambiguous effects on labor market disparities; it is possible 
that skills matching platforms are in fact differentially beneficial for higher-skilled individuals. 

§ Other efforts not considered in this chapter include changes to occupational licensing; 
housing regulations (e.g., building code requirements); targeted public investments (e.g., in 
green energy and infrastructure); antitrust regulation (e.g., limits to monopsony power in 
the technology sector); and fiscal and monetary policy (see e.g., Stein, 2018 for discussion 
on how some of these policies could reduce inequality).  

Skilled labor and earnings disparities: Quantitative estimates 

In this section, I estimate the required changes in a particular policy lever, the supply of skilled 
workers in the United States, that would have stabilized differences in between-group earnings in 
the recent past. Specifically, I calculate the number of additional skilled individuals – both bachelor’s 
and master’s degree holders – that would have been needed between 2008 and 2017 to preserve 
the gaps in hourly earnings at their 2008 levels.69 

The analysis is simple and relies on a general consensus on the historical inverse elasticity of 
substitution between college and high school (HS) graduates found in the literature. I use the 
coefficient from Autor (2014), 1.7, found by applying a similar supply-demand model used in 

 
69 Note that, as opposed to the early role model of this analysis, Murphy and Welch (1992), I do not keep the 
aggregate labor supply constant in these experiments for the sake of simplicity. This choice makes this analysis more 
suitable for considering the labor market effects of immigration as opposed to education. Another limitation with 
this exercise is the omission of general equilibrium impacts; housing prices in metropolitan areas, for instance, 
would likely rise considerably as a result of the proposed expansion of the skilled labor force. 
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Chapter 1 to U.S. data, but for the 1963–2012 period. This timeframe precedes the shorter period 
I analyze, and hence also reveals a more stable (and negative) coefficient on the labor supply 
differential that is not driven by the rapid growth in relative skill demand in the early 21st century.  

I apply the same coefficient to both of my skill supply calculations. In the first comparison, I derive 
the additional college-educated worker supply that would have been sufficient to keep the hourly 
earnings gap compared to HS graduates from rising from 213% to 220% between 2008 and 2017. 
I repeat this analysis for the master’s–HS differential that only increased from 266% to 269%.  

The approach and stepwise estimates from this exercise are summarized below: 

1. Obtain the absolute increase in between-group earnings differential from 2008 and 2017. 
This increase is the additive inverse of the required reduction in the earnings gap: 
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The earnings values, their changes from 2008 to 2017, and the relevant logged differentials 
(–0.033 and –0.013 for the two comparisons, respectively) are shown in Figure 53. 

2. Calculate the required increase in the between-group labor stock differential from 2008 
and 2017 (_). This step uses the desired decrease in the earnings differential from step (1) 
along with the historical inverse elasticity of substitution between college and HS graduates: 
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The estimates for the two comparisons, 0.056 and 0.022, are again shown in Figure 53. 

3. Derive the total skilled labor supply in 2017 that would have reversed the growth in the 
skill premium, noting that the number of unskilled workers and the number of all workers 
in 2008 remain unchanged (2 = 2345567 and 8 = 8/2345567): 
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As shown at the bottom of Figure 53, the estimated number of college graduates required 
to stabilize the college–HS premium is roughly 64 million. Close to 22 million of these 
individuals should be graduate degree holders to also reverse the master’s–HS premium. 

4. From here, I calculate how much this desired total supply of skilled individuals in both 
groups differs from their actual populations in 2017. The conclusion is that around 3.5 
million additional bachelor’s degree holders (35% of realized growth) would have been 
required to keep the college premium from rising between 2008 and 2017. To 
simultaneously stabilize the master’s degree–high school graduate earnings gap, roughly 0.5 
million (12% of realized growth) of the additional college-educated individuals should have 
been master’s degree holders. 

In practical terms, the requirement of additional skilled labor is ambitious, but nevertheless feasible 
to achieve in the coming decades assuming that recent trends continue. The required compounded 
annual growth rates of skilled labor would be 2.4% instead of 1.8% for those with at least college 
degree, and 2.3% as opposed to 2.1% for those with at least a master’s degree. 

The next section covers a set of policy options to support such developments in the near future. 
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Figure 53. Skilled Labor Supply Increase Scenarios to Reduce Skill-based Earnings Disparities 

 

Notes: See Chapter 1 and section “Supply-demand analysis“ for the model that motivates this analysis. Exponentiated ratios of 
logged earnings differences are also shown that match the figures in that section. 
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Recommendations 

Based on findings in the previous section and in this dissertation at large, I recommend a large-
scale federal effort to increase the supply of skilled labor in the United States. This proposal covers 
specific actions focused on immigration, higher education, and workforce development. 

First, a significantly larger stock of skilled workers would have several benefits: 

1. REDUCED EARNINGS GAP BETWEEN SKILLED AND UNSKILLED WORKERS, where skilled 
workers refer to those who possess an undergraduate or more advanced degree (as 
opposed to a high school diploma or less) and those that have acquired a STEM degree 
(as opposed to non-STEM degree) from college. Referring to the standard “education 
race“ model discussed earlier, and the quantitative analysis in the previous section, a 
relative increase in the number of skilled workers would reduce their bargaining power in 
the labor market and thereby directly moderate the skill premium. 

2. HUMAN CAPITAL EXTERNALITIES. Empirical research suggests that that greater average 
levels of education in a region are correlated with higher earnings, especially for residents 
with minimal education. Similar considerations apply to cross-company and cross-industry 
spillover effects. STEM graduates in particular appear to generate strong external effects 
due to their role in stimulating innovation and economic growth (see Winters, 2018, for 
a review of related research).70 

Before delving into the specific policy recommendations in more detail, two notable limitations 
with this proposal should be addressed:  

1. Advanced education typically comes with a large personal cost. Especially in the United 
States, tuition fees and the associated student loans for both undergraduate and graduate 
degree programs are excessive and have increased considerably in real terms over the past 
decades. Technical programs, which offer the largest economic rewards and also most 
potential for narrowing skill premiums, are typically especially expensive. The substantial 
cost of higher education constitutes a notable barrier for efforts to increase the number 
of skilled workers through additional schooling, at least in quantities that I propose here. 

 
70 The majority of relevant studies find at least moderately large positive labor market effects that flow from highly 
educated to less educated workers when they live in the same labor market. High-skilled workers benefit their less 
educated neighbors through at least three channels: (1) The latter have a larger number interactions with their high-
skilled co-workers, friends, and neighbors, leading to new opportunities for learning, increased productivity, and 
higher earnings; (2) High-skilled workers develop new product and process innovations that create new jobs for 
other workers in the same area, including less educated workers; (3) Highly educated workers obtain high incomes 
themselves and then use these incomes to purchase more locally produced goods and services, generating jobs for 
less educated workers. In terms of regional spillover effects, the gains typically decrease with distance, and 
disconnected workers in remote areas benefit the least (Winters, 2018). 
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2. Irrespective of the specific policies selected to expand the skilled labor force, additional 
educated workers in a given region may also raise the local price of non-tradable goods 
and services, including housing, to the detriment of less educated individuals. 

The proposed policy actions are discussed below with an emphasis on how they would mitigate 
further increases in skill-based inequality and how they should be formulated to circumvent the 
above-mentioned concerns – especially the first challenge with the high personal costs of higher 
education. 

Immigration reform 

As my first proposal, I recommend a sizeable federal effort to attract, select and retain more high-
skilled foreign workers in the United States; lowering the barriers to skilled immigration is the 
chief general proposal presented in this work. Large increases in the stock of skilled workers (e.g., 
those working on a H-1B visa71) could alone fulfil the policy objective of this dissertation and 
reduce the skill premium, with negligible negative consequences for the U.S. economy or 
individuals is less affluent groups. 

Below, I expand on the reasoning behind this proposal and discuss selected policy efforts. 

REASONING: 

1. First, it would be considerably faster to increase the stock of skilled workers in the U.S. 
through immigration than through changes in the domestic education system. Raising 
the H-1B visa cap and increasing the number of visas issued, for example, would almost 
immediately increase the stock of individuals in the country with valid H-1B visas. 
Recent research indicates that there is both pent-up demand for skilled foreign workers 
among U.S. employers and pent-up supply of such workers willing to work in the 
country. Most notably, in each year between 2013 and 2016, the H-1B visa cap was 
reached within a week of the opening of the application period (Ruiz, 2017). 

2. Noting the rising premium for technical education (and work in technology-intensive 
sectors and occupations), skill-based disparities could be effectively reduced if a larger 
share of the workforce had STEM degrees, or other skills supporting employment in 
high-technology fields. Immigration is one of the few policy levers through which 

 
71 The H1-B program is the nation’s largest temporary employment visa program. It allows U.S. employers to hire 
foreign nationals in jobs that require specialized knowledge and a bachelor’s or more advanced degree. H1-B visas 
are sponsored by an employer and typically valid for 3 to 6 years. The cap of H1-B visas awarded annually is 
currently 65,000, but the actual number of visas available is higher for a number of reasons. First, there are 
exemptions for research institutions, specific countries of origin, and rollover between years. Second, 20,000 H1-B 
visas are available to individuals who possess a master’s degree or higher from an American university. The total 
number of H-1B visas issued has been between 170,000 and 180,000 in recent years. 
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policymakers can influence the skill distribution of the labor force – including the share 
of workers with technical skills – directly and with a limited delay. Rules for H-1B visas 
already mandate that applicants work in jobs that require at least a bachelor’s degree. 
Moreover, most H-1B applications (75% in 2011) require high-level computer 
knowledge and around half require significant engineering and mathematical skills. Most 
H-1B requests are granted for occupations in STEM fields (Ruiz, 2017). 

3. The U.S. immigrant population at large is not well-educated compared to many other 
countries. In 2018, only 36 percent of U.S. immigrants aged 25 and older had a 
postsecondary diploma or degree. This share is lower than in other developed 
countries, including Canada (65%), Australia (63%), the U.K. (49%), Israel (49%), and 
Sweden (41%) (Connor & Ruiz, 2019; Pew Research Center, 2019). 

4. Increasing the number of skilled immigrants in the United States is politically feasible. 
According to the Pew Research Center (2019), even among Americans that say that 
the country should allow fewer to no immigrants, 63 percent support “encouraging highly 
skilled people to immigrate and work in the U.S.“ Considering the U.S. adult population 
at large, 78 percent support this statement (Connor & Ruiz, 2019). 

5. The approval rate for visas for foreigners, including especially H-1B work visas, has 
dropped considerably since 2015 and declined even faster since the Trump 
administration began its “Hire American“ campaign in April 2017. The approval rate 
for initial H-1B visas was over 95% in 2015 and only 80% in 2019, while the rate for 
continuing H-1B visas was around 92% in 2015 and less than 70% in mid-2019 (based 
on analysis of data from the U.S. Citizenship and Immigration Services, 2019). 

If these trends are not countered, skill-based disparities in the near future might rise 
simply for supply side reasons. This is another argument for highlighting the need for 
more skilled workers, including skilled immigrants. A major concern that should be 
stressed, given the findings presented in this dissertation, is that only 14% of all capped 
H-1B visas approved in 2010–2016 were given to foreign advanced degree graduates 
(master’s, professional degree or PhD graduates) (Ruiz & Budiman, 2018). 

6. From 2004 to 2016, almost 1.5 million foreign graduates of U.S. education institutions 
obtained authorization to work in the country through the federal government’s 
Optional Practical Training (OPT) program.72 Between 2008 and 2016, the number 

 
72 The Optional Practical Training (OPT) program allows foreign students to work for a year in the U.S. on a 
student visa. The purpose of the program is to allow foreign students to obtain practical training to complement 
their education. OPT is intended for undergraduate and graduate students with an F-1 visa who have completed or 
have been pursuing their degrees for one academic year in the country. As of 2016, F-1 students with STEM degrees 
that meet certain other requirements can apply for a 24-month extension to their post-completion OPT. This gives 
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these students increased by nearly 90% among non-STEM graduates and over 400% 
among STEM graduates. Furthermore, in many years during the past decade, the 
number of new graduates participating in OPT has surpassed the number of initial H-
1B visa approvals (Ruiz & Budiman, 2018). This suggests that the OPT program already 
adds to skilled labor supply in the U.S. – complementing the H-1B visa program – and 
its expansion would further facilitate the policy objectives underpinning this work. 

7. Additional H-1B workers would not only reduce skill-based earnings disparities but 
also support GDP growth and bring in additional tax revenue. As an example, a Senate 
bill from 2013 would have increased the general cap on H-1B visas to a minimum of 
110,000 and a maximum of 180,000. Estimated net GDP improvements from such a 
policy are large, in the magnitude of hundreds of billions of dollars (Church, 2013). 

POLICIES TO CONSIDER:  

1. Relax employment restrictions for foreign workers by increasing the annual cap and 
the approval rate of H-1B Visas. The number of H-1B visas reserved for those with 
advanced degrees should be at least doubled from 20,000. Preferential targeting of H-
1B visas to “STEM“ industries (that produce digital goods) and “advanced industries“ 
(that use digital technologies extensively but produce a wide range of goods) would be 
particularly effective in reducing present skill premiums, in light of the empirical findings 
presented in this work. A considerable share of recent growth in skill premiums has 
concentrated in these sectors, and ongoing digitalization trends, along with estimated 
effects, suggest that related trends are likely to accelerate in the near future. 

2. Speed up immigration procedures and reduce the associated red tape. Instead of 
requiring a job offer and implementing lotteries, research generally supports the use of 
point-based systems to attract and select high-skilled immigrants (Czaika & Parsons, 
2017). Such systems should be considered for H-1B visas and also for longer-term 
working visas. Similarly, bilateral recognition of diplomas and social security agreements 
facilitate greater flows of high-skilled workers and also improve the skill selectivity of 
immigrant flows (Czaika & Parsons, 2017); any existing deficiencies in such practices 
should be addressed. One option would be to adopt (or at least draw from) the 
“IDEAL“ proposal; this scheme creates a long-term visa program in which three million 

 
STEM graduates a total of 36 months of OPT. Unlike the H-1B visa program that imposes an annual cap of 65,000 
visas to companies sponsoring foreign workers, there is no cap on the number of approvals available under the OPT 
program. As opposed to the H-1B program, foreign students do not require employer sponsorship to apply for 
OPT. After the OPT period has expired, however, a foreign graduate may try to transition to a H-1B visa in order 
to stay in the United States. 
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immigrants are selected to live in the U.S. each year. The selection process is built 
around simple rules and a scoring system.73 

3. Adopt policies to facilitate the enrollment of more F-1 students and increase the 
number of graduates who remain in the country via the OPT program. Ideally, the 
federal government should make changes in the F-1 visa program to allow foreign 
students from top schools, and especially from technical programs, to apply directly for 
permanent residency if an employer is willing to hire them. 

Education and training reforms 

In line with the above policy alternatives to increase skilled immigration, I also recommend federal 
efforts to expand the stock of college graduates, especially STEM graduates, and the number of 
individuals with advanced degrees in the United States. Instead of detailed discussion on potential 
improvements to the domestic education system, I offer general guidelines for reforms that would, 
in the longer term, achieve these goals and complement the proposed immigration reforms.  

REASONING: 

1. The state of human capital in the U.S. workforce is largely dependent on the quality 
of its education institutions, along with the associated incentives built into to the 
education system at all levels. 

2. The quantitative estimates in the previous section suggest that the majority of 
college-educated workers required to stabilize skill-based earnings disparities 
should have advanced degrees. It is unlikely that additional immigration alone could 
address this need, at least when considering developments over a longer timeframe. 

3. Education and training policies are also a form of immigration policy; domestic 
institutions train foreign students that end up staying in the country, which also 
applies to immigrants that already work in the United States. 

POLICIES TO CONSIDER: 

1. Increase public investments in primary and secondary STEM education, involving 
more instructional time and resources outside the class. Early exposure to technical 
training is an important prerequisite for increasing future participation rates in 
technical education at colleges and universities. Larger public and private 
investments in education are generally required at all levels, with the objective of 
greater student enrollment across the education system. 

 
73 More information on the proposal is available at https://www.idealimmigration.us/. 

https://www.idealimmigration.us/
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2. The main focus of education policy should be to increase enrollment in advanced 
degree programs, especially those offering technical degrees or complementing 
technical college or associate’s degrees. One of the main findings of the analysis in 
this dissertation, in Chapter 1 especially, is that additional education for a college 
graduate is economically worthwhile almost exclusively when the prospective 
degree is from a technical field. Policymakers should aim to shape the composition 
of master’s, professional, and doctoral degree programs towards this direction, and 
also take steps to make the economic implications of degree program choice more 
transparent to prospective students. 

3. To address the high student debt amounts that disincentive enrollment in higher 
education, new approaches to subsidize schooling, especially technical and 
advanced education, should be considered. Potential alternatives include federal- 
or state-level limits to acceptable student loan interest rates, subsidies to (public) 
colleges and universities contingent on reductions in tuition fees, and income-based 
repayment plans similar to the United Kingdom. 

4. Finally, additional investments, public support, and incentives are required to 
improve the participation and quality of adult (re)training and apprenticeship 
programs, offered both by private organizations and the public sector. Again, the 
focus should be on technical fields.74 

Workforce reforms 

One of my main findings, presented in Chapter 1, was that economic rewards for working in a 
STEM occupation or high-technology industry are large when compared to other jobs and sectors, 
and also rising rapidly. STEM occupations also offer substantial relative rewards for workers 
regardless of educational attainment or particular major. 

These findings are particularly interesting when accompanied with research by Baird, Bozick, and 
Harris (2017) at the RAND Corporation. The key results of their report on the U.S. STEM 
workforce are highlighted below as the principal motivation for a set of proposals that are 
connected to my own findings. 

 

 
74 Different strategies have been proposed to improve policies around adult education and training, with more 
responsibility either to individual workers, employers, or the public sector. The general objective should be to 
facilitate job-to-job transitions among workers whose occupations or job tasks are particularly susceptible to the 
adverse effects of digitalization. It is particularly alarming that the likelihood of participating in training is found to be 
much lower among workers in jobs at risk of being automated (OECD, 2018). See also related work on the 
cognitive limits of lifelong learning by Campanella (2018). 
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REASONING: 

1. While a STEM degree from college is associated with an increased likelihood of 
working in a STEM occupation, only around 60% of STEM majors work in such jobs. 

2. Women and ethnic minorities are less likely to earn STEM degrees and to enter 
STEM-related occupations after graduation. 

3. Only around 30 percent of women with a STEM major from college end up working 
in a STEM job, compared to as much as 50 percent among male STEM majors. 

4. In the first chapter, I showed that the STEM occupation premium is consistently 
large also for workers with limited education. Baird et al. (2017) add to this by 
showing that women experience on average larger premiums in hourly wages 
compared to men from STEM employment. 

POLICIES TO CONSIDER:  

For women and ethnic minorities graduating from STEM fields, STEM-related work 
should be increasingly encouraged and supported by employers and policymakers. 
Especially among women, the leakage of STEM majors to non-STEM fields after 
graduation is alarming. While this is a difficult and multifaceted question, part of the 
solution should be concerned with changing general attitudes among both these 
minorities and current STEM employers and workers – who are in most cases not 
women or ethnic minorities. Certain STEM occupations, especially outside life 
sciences, may simply not be friendly to women. Additionally, STEM employers may 
discriminate against women or racial minorities, or STEM-educated women 
themselves may feel uneasy about technical jobs at male-dominated companies. 
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Appendix: Supplementary Tables and Figures 

Supplementary Tables and Figures for Chapter 1 

STEM degree fields in the American Community Survey 

As discussed in the main text, I use the standard definition of STEM major used by the Department 
of Homeland Security (DHS) in determining visitor eligibility for an F-1 OPT extension. Table 24 
shows the mapping of STEM fields from DHS to the 39 general categories in the American 
Community Survey (ACS). This information (DEGFIELD variable) has been available in selected 
ACS samples for all bachelor’s degree holders since 2009. 

Table 24. STEM and Non-STEM Degree Fields in the American Community Survey 

 

Source: American Community Survey (ACS) 1-Year Samples in 2009–2017, categorization based on DHS.75 

 
75 U.S. Department of Homeland Security’s list of STEM majors: 
https://www.ice.gov/sites/default/files/documents/Document/2016/stem-list.pdf. 

https://www.ice.gov/sites/default/files/documents/Document/2016/stem-list.pdf
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Brooking Institute’s advanced industries 

Table 25. Advanced Industries from Brookings, Selected Based on R&D Intensity and 
Workers’ STEM Knowledge 

 

Source: Muro et al. (2015, pp. 19–22). 
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Supplementary figures for labor market outcomes and labor supply 

Additional graphs from the first chapter, with trends in the unemployment rate and labor force 
participation rate by education from 2009 to 2017, are provided in Figure 54 to Figure 56 below. 

Figure 54. Unemployment Rate by Educational Attainment in 2009–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2009–2017. Notes: “STEM“ (thick lines) refers to those who majored in STEM in 
college. 
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Figure 55. Labor Force Participation Rate by Educational Attainment in 2009–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2009–2017. Notes: As in Figure 54. 

Figure 56. Labor Force Participation Rate Educational Attainment in 2009–2017 (College-
educated Only) 

 

Source: ACS 1-Year 1-Percent Samples in 2009–2017. Notes: As in Figure 54. 
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Additional graphs for trends in the number of workers by educational attainment from 2009 to 
2017 are provided below in Figure 57 to Figure 60. 

Figure 57. Population Aged 18–65 Represented by the Survey in 2009–2017 By Educational 
Attainment and Occupation’s STEM Designation 

 

Source: ACS 1-Year 1-Percent Samples in 2009–2017. Notes: “STEM“ in the legend refers to those who majored in STEM in 
college. Includes the represented population in the ACS aged, 18 to 64, with information on current occupation. 

Figure 58. Population Aged 18–65 Represented by the Survey in 2009–2017 By Education and 
Occupation’s STEM Designation (Master’s Degree or Higher) 

 

Source: ACS 1-Year 1-Percent Samples in 2009–2017. Notes: As in Figure 57. 



  162 

Figure 59. Population Aged 18–65 Represented by the Survey in 2009–2017 By Educational 
Attainment and Advanced Industry/STEM Designation 

 

Source: ACS 1-Year 1-Percent Samples in 2009–2017. Notes: As in Figure 57. 
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Figure 60. Population Aged 18–65 Represented by the Survey in 2009–2017 By Education and 
Advanced Industry/STEM Designation (Master’s Degree or Higher) 

 

Source: ACS 1-Year 1-Percent Samples in 2009–2017. Notes: As in Figure 57. 
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Outcomes for STEM occupations and industries: Supply-demand 
analysis 

In this section, I repeat the supply and demand analysis, adopted from Murphy and Welch (1992), 
for education and STEM majors (see “Supply-demand analysis“) but focusing on STEM occupations 
and industries. I leave out the analysis for advanced industries due to the similarity of outcomes in 
STEM and advanced sectors. As in the main chapter, I plot gaps in hourly wages between groups 
distinguished by education and college major. Here, however, I also examine outcomes separately 
for workers in STEM and non-STEM occupations, and STEM and non-STEM industries. In the 
figures below, the blue series describe fitted values from the simple supply-demand model, and 
green lines refer to the actual data. 

Figure 61. Gap in Hourly Earnings: Bachelor’s Degree Holders vs. High School Graduates, 
STEM and non-STEM Occupations in 2008–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2008–2017. Notes: Includes the represented population in the ACS divided into 
STEM and non-STEM occupations. The series labeled “Measured“ is constructed by calculating the mean of the natural 
logarithm of hourly earnings for bachelor’s degree holders and high school graduates (or GED holders), and plotting the 

exponentiated ratio of these means for each year. The series labeled “Predicted“ refers to the gap predicted by the supply-
demand model. It plots the exponentiated predicted values from a regression of the log earnings gap on a quadratic 

polynomial in calendar years and the natural log of BS/HS relative supply. 

Some results are worth highlighting. First, as shown in section “Supply-demand analysis,“ the 
earnings premium for bachelor’s and master’s degree holders over HS graduates increased from 
2008 to 2017. However, Figure 61 above shows that the college premium grew considerably faster 
in STEM occupations than in non-STEM jobs. 

Figure 63 in turn illustrates that the minor increase in the master’s degree premium was fully 
accounted for by those in STEM occupations. Similar conclusions apply to STEM vs. non-STEM 
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industries (Figure 62 and Figure 64). The graphs also indicate that, while the master’s vs. bachelor’s 
gap across the economy reduced from 2009 until 2017, it grew slightly in STEM occupations 
(Figure 65) and STEM industries (Figure 66). 

Figure 62. Gap in Hourly Earnings: Bachelor’s Degree Holders vs. High School Graduates, 
STEM and non-STEM Industries in 2008–2017 

  

Source: ACS 1-Year 1-Percent Samples in 2008–2017. Notes: As in Figure 61. 

Figure 63. Gap in Hourly Earnings: Master’s Degree Holders vs. High School Graduates, STEM 
and non-STEM Occupations in 2008–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2008–2017. Notes: As in Figure 61. 
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Figure 64. Gap in Hourly Earnings: Master’s Degree Holders vs. High School Graduates, STEM 
and non-STEM Industries in 2008–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2008–2017. Notes: As in Figure 61. 

Figure 65. Gap in Hourly Earnings: Master’s vs. Bachelor’s Degree Holders, STEM and non-
STEM Occupations in 2005–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2005–2017. Notes: As in Figure 61. 
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Figure 66. Gap in Hourly Earnings: Master’s vs. Bachelor’s Degree Holders, STEM and non-
STEM Industries in 2005–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2005–2017. Notes: As in Figure 61. 

The regression estimates are also shown below and constructed in the same way as those in the 
main chapter. The tables offer the estimates for STEM occupations (Table 26), STEM industries 
(Table 27), non-STEM occupations (Table 28), and non-STEM industries (Table 29). 

The earlier conclusions still apply. Changes in relative supplies of workers in different education 
groups do not adequately explain recent changes in the premiums. Additional factors likely 
influenced the demand for skills over the relevant time periods. 

Table 26. Supply-Demand Models: Explaining Education Premiums, STEM Occupations in 
2009–2017 and 2005–2017 
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Table 27. Supply-Demand Models: Explaining Education Premiums, STEM Industries in 2009–
2017 and 2005–2017 

 

Table 28. Supply-Demand Models: Explaining Education Premiums, Non-STEM Occupations 
in 2009–2017 and 2005–2017 

 

Table 29. Supply-Demand Models: Explaining Education Premiums, Non-STEM Industries in 
2009–2017 and 2005–2017 

 

The analysis on the STEM college major premium is also repeated here whilst distinguishing 
between STEM and non-STEM occupations and industries. First, as shown in section “Supply-
demand analysis,“ the earnings premium for STEM education decreased overall from 2009 to 2017, 
having experienced a temporary peak in 2011–2012. However, the graphical analysis below shows 
that the gap had in fact increased throughout the period both in STEM occupations (Figure 67) 
and STEM industries (Figure 68), both of which cover a relatively small portion of the labor force. 
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Figure 67. Gap in Hourly Earnings: STEM vs. Non-STEM College Majors, STEM and non-STEM 
Occupations in 2009–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2009–2017. Notes: As in Figure 18. 

Figure 68. Gap in Hourly Earnings: STEM vs. Non-STEM College Majors, STEM and non-STEM 
Industries in 2009–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2009–2017. Notes: As in Figure 18. 

Second, additional analysis in the main chapter showed that the STEM premium had only declined 
among college graduates and increased slightly among master’s degree holders. The analysis below 
further illustrates that even within bachelor’s degree holders, the premium increased in STEM 
occupations (Figure 69) and especially in STEM industries (Figure 70). Among master’s degree 
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holders, the growth of the premium was even faster in STEM occupations (Figure 71) and especially 
in STEM industries (Figure 72). 

Figure 69. Gap in Hourly Earnings: STEM vs. Non-STEM College Majors, Bachelor’s Degree 
Holders Only, STEM and non-STEM Occupations in 2009–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2009–2017. Notes: As Figure 19. 

Figure 70. Gap in Hourly Earnings: STEM vs. Non-STEM College Majors, Bachelor’s Degree 
Holders Only, STEM and non-STEM Industries in 2009–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2009–2017. Notes: As Figure 19. 
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Figure 71. Gap in Hourly Earnings: STEM vs. Non-STEM College Majors, Master’s Degree 
Holders, STEM and non-STEM Occupations in 2009–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2009–2017. Notes: As in Figure 20. 

Figure 72. Gap in Hourly Earnings: STEM vs. Non-STEM College Majors, Master’s Degree 
Holders, STEM and non-STEM Industries in 2009–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2009–2017. Notes: As in Figure 20. 

The relevant regression estimates are shown below and constructed similarly as those in the main 
text. As earlier, the tables show these estimates for STEM occupations (Table 30), STEM industries 
(Table 31), non-STEM occupations (Table 32), and non-STEM industries (Table 33). 



  172 

The earlier conclusions apply. Changes in relative supplies of workers in different STEM or non-
STEM major groups do not adequately explain recent changes in the premiums. Additional factors 
likely influenced the demand for skills over the relevant time periods. 

Table 30. Supply-Demand Models: Explaining STEM Premiums, STEM Occupations in 2009–
2017 

 

Table 31. Supply-Demand Models: Explaining STEM Premiums, STEM Industries in 2009–2017 

 

Table 32. Supply-Demand Models: Explaining STEM Premiums, non-STEM Occupations in 
2009–2017 

 

Table 33. Supply-Demand Models: Explaining STEM Premiums, non-STEM Industries in 2009–
2017 
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Outcomes for STEM occupations and industries: Earnings over time 

The figures below show changes in hourly earnings by education over time, distinguishing between 
STEM and non-STEM occupations (Figure 73) and STEM and non-STEM or advanced and other 
industries (Figure 74). 

Figure 73. Mean Hourly Earnings by Educational Attainment and Occupation’s STEM 
Designation in 2009–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2009–2017. Notes: As in Figure 11. 
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Figure 74. Mean Hourly Earnings by Educational Attainment and Industry’s STEM/Advanced 
Designation in 2009–2017 

 

Source: ACS 1-Year 1-Percent Samples in 2009–2017. Notes: As in Figure 11. 
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Supplementary Tables and Figures for Chapter 2 

Digital economy goods and services 

Table 34. Digital Economy Goods and Services Included in the BEA’s Estimates  

 

Source: Barefoot, Curtis, Jolliff, Nicholson, and Omohundro (2018). 
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Comparisons of digitalization proxies to other variables 

Below I compare a selection of 12 variables discussed in the main text to digital value added (Figure 
75) and IT investment (Figure 76). The data is given per worker and comes from either 2017 or a 
past year that is available in the respective dataset. Figure 77 and Figure 78 replicate the variable 
comparisons using growth in percentage terms across industries between 2000 and 2017, or a 
subset of that time period based on available data. The related findings are summarized in the main 
text, relying on principal component and factor analysis. 

Figure 75. Comparing Digital Value Added to Other Measures: Point-in-time Estimates 

 

Source: Original data on digitalization is from the BEA. See the main text for other data sources. 
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Figure 76. Comparing IT Investment to Other Measures: Point-in-time Estimates 

 

Source: Original data on digitalization is from the BEA. See the main text for other data sources. 
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Figure 77. Comparing Digital Value Added to Other Measures: Estimates Over Time 

 

Source: Original data on digitalization is from the BEA. See the main text for other data sources. 
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Figure 78. Comparing IT Investment to Other Measures: Estimates Over Time 

 

Source: Original data on digitalization is from the BEA. See the main text for other data sources. 
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Variable comparisons using growth rates across two periods 

In this section, I repeat the principal component analysis (PCA) and factor analysis (FA) for the 
digitalization proxies and other variables potentially affecting labor market outcomes, using the 
overall growth rate over a given time period instead of annual values. 

Figure 79 below summarizes the key findings; the two graphs show correlation coefficients for 
percentage changes between these measures per worker from 2000 to 2017, or a subset of this 
time period where data is available. 

The matrix on the left includes variables that have information on the 55 industries used across 
this work. The matrix on the right includes R&D and imports from China which limits the sample 
to only 19 industries. Crosses indicate coefficients from the associated OLS regressions that are 
not statistically significant at the 90% level. 

Figure 79. Correlation Matrices: Growth in Variables with Full Data (Left) and Adding R&D 
and Chinese Imports with Limited Data (Right) 

 

Notes: The graphs show correlation tables for variables per job for time periods in 2000–2014 where data is available. 
Variables not including data from 2000–2017 are patents (2000–2014), domestic R&D (2008–2014) and Chinese imports to 

the U.S. (2000–2007, bottom right). 55 industries are used to build the left matrix, only 19 for the right matrix (that adds R&D 
and Chinese imports). Crosses refer to coefficients from OLS regressions not statistically significant at the 90% level. 

In Figure 80, I place the same variables in a “force-embedded layout“ where nodes are arranged 
so that more highly correlated variables are closer to one another. The findings are contrasted 
below with those in the main text, where all observations (not just growth rates) are examined: 

§ As with full data, 21st century growth in digital value added per worker is quite closely 
correlated with overall value added per worker (" = 0.59), and growth in IT investment 

All 55 Industries 

Excludes R&D and 
Chinese Imports 

Only 19 Industries 

Includes R&D and 
Chinese Imports 
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per worker is closely correlated with overall investment per worker (" = 0.57). All of these 
variables are tightly correlated with growth in other investment-related measures. 

§ Growth in ICT patents per worker are, unsurprisingly, correlated with growth in all new 
patents per worker. Patents are also somewhat correlated with digital value (" = 0.34). 

§ Growth in R&D and Chinese imports are unrelated to the other variables. 

Figure 80. Correlation Network Plot with Growth Rates: Variables with Data from 2001–2014 

 

Notes: Variables (nodes) are arranged so that more highly correlated variables are closer to one another. Color refers to the 
sign of the correlation; positive correlations are green, negative red. As in Figure 80, the variables refer to the growth rates of 
each variable per job. 55 industries with data on all variables are included. The two main digitalization variables are highlighted. 

The ensuing figures and tables show the outcomes of principal component analysis (Stevens, 2009). 
The screenplot in Figure 81 shows that the first two principal components explain nearly 70% of 
the overall variance. Similar to the analysis with all observations in the main text, the first 
component is clearly the most important. The biplot in Figure 82 displays factor loadings (also 
listed in Table 35) and component scores with labels referring to industries.  

Again, the first component includes variables that approximate the two digitalization variables and 
other measures correlated with them. The second component is distinguished by vectors and 
loadings for patenting and digital economy compensation, which are sub-parallel to the y-axis and 
therefore nearly perpendicular to the first set of variables. 
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Figure 81. Principal Component Analysis with Growth Rates: Screenplot 

 

Figure 82. Principal Component Analysis with Growth Rates: Biplot 
  

 
  

Notes: Numbers (II_YY) inside the graph refer to component scores of industry-year observations of different measures 
(bottom and right axes). Vector arrows represent variable loadings (top and right axes). “Digital Value Added + Others“ 

includes digital value added, investment in IT equipment, and IT equipment capital stock. 
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Table 35. Principal Component Analysis with Growth Rates: Factor Loadings 

 

Figure 83 summarizes the FA analysis in a form of a biplot, which corresponds to that in Figure 33 
used with PCA. “Uniqueness” scores for all variables are shown in Table 13.  

Examining the biplot from the factor analysis, results are similar to the PCA, with the exception 
that digital value added and overall value added, investment, and capital stock are no longer 
perpendicular to the x-axis (in this case the first factor). The basic results from PCA with growth 
rates (and the analysis with all observations) still mostly hold. 

Furthermore, digital value added and IT investment are distinct from each other, at least in terms 
of cross-industry growth rates, and thereby worth analyzing separately. The uniqueness table does 
however suggest that IT investment is very similar to other variables in terms of overall growth, 
which is not surprising since I have specifically selected similar variables that are related to 
investment measures and corresponding capital stock measures. 

Table 36. Factor Analysis with Growth Rates: Variable Uniqueness 
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Figure 83. Factor Analysis with Growth Rates: Biplot 
 

 
  

Notes: Numbers (II_YY) inside the graph refer to industry-year pairs. Vector arrows represent the 11 variables. The 
interpretation is similar to Figure 82 above. 
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Contribution of digitalization across sectors and regions in 2005–2017 

The main parts of Chapter 2 focused on changes in digitalization across sectors in 2009–2017. 
Table 37 shows the corresponding statistics for 2005–2017. 

Table 37. Baseline Employment in 1998, Digitalization Values in 2005 and 2017, and the 
Contribution of Digitalization Across Sectors in 2005–2017  

 

Sources: CBP, BEA, author’s calculations. Notes: Includes 54 Sectors that are at the 2-digit, 3-digit and 4-digit NAICS levels. 
Excluded sectors include rail transportation; broadcasting and telecommunications; data processing, internet publishing, and 

other information services; and government. They lack either employment or digitalization data. The list is sorted by the 
independent contribution of IT investment in each industry (column on the right). Except for percentages, values are rounded 

to nearest tens. The table covers 94 million jobs in the baseline year (1998) – the sum across the second column. 
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The main text in Chapter 2 also presented changes in digitalization across regions in 2009–2017. 
The two maps (Figure 84) and the histogram (Figure 85) below visualize the corresponding 
estimates for 2005–2017. 

Figure 84. Graphical Distribution of Local Exposure to Digitalization Across PUMAs in 2005–
2017 

 

 

Sources: CBP, BEA, author’s calculations. Notes: Estimates show the growth in digitalization over time (in $2012) per job in 
baseline year (1998), weighted by regions’ baseline employment shares across industries. 
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Figure 85. Distribution of the Local Exposure to Digitalization Across PUMAs in 2005–2017 

 

Sources: CBP, BEA, author’s calculations. Notes: Estimates show the growth in digitalization over time (in $2012) per job in 
baseline year (1998), weighted by regions’ baseline employment shares across industries. Given that absolute regional 

contributions include negative values, the graphed values are constructed separately for both variables as follows: 
./01ℎ34	60!73= = log	(JKL= −minBCJKL=9-…JKL=93735EF + 0.001), where 1 = OPQR. The graph covers 2,320 

PUMAs and excludes two outliers for which the contribution of digital value added is around -15 dollars per baseline-year job 
or less and adjusted logged values negative (both from Louisiana). 
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Additional figures on technological change and labor market outcomes 

Additional graphs from the second chapter, with correlations between measures of technical 
progress and labor outcomes in 2017, are provided in Figure 86 and Figure 87 (unemployment 
rates); Figure 88 and Figure 89 (quintile shares of aggregate income); Figure 90 and Figure 91 
(median household and per capita income); and Figure 92 and Figure 93 (Gini coefficient). 

Figure 86. Unemployment Rate vs. the Share of Employment in the Information Sector (Left) 
and the Share of College-Educated Population with an S&E Degree (Right) 

 

Source: American Community Survey (ACS); Bureau of Economic Analysis (BEA). 

Figure 87. Unemployment Rate vs. Digital Economy Value Added Per Job (Left) and IT 
Investment Per Job (Right) 

 

Source: ACS; BEA. 
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Figure 88. Quintile Shares of Aggregate Income vs. the Share of Employment in the 
Information Sector (Left) and the Share of College-Educated Population with an S&E Degree 

(Right) 

 

Source: ACS; BEA. 

Figure 89. Quintile Shares of Aggregate Income vs. Digital Economy Value Added Per Job 
(Left) and IT Investment Per Job (Right) 

 

Source: ACS; BEA. 
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Figure 90. Median Household Income and Per Capita Income vs. Digital Economy Value 
Added Per Job (Left) and IT Investment Per Job (Right) 

 

Source: ACS; BEA. 

Figure 91. Median Household Income and Per Capita Income vs. the Share of Employment in 
the Information Sector (Left) and the Share of College-Educated Population with an S&E 

Degree (Right) 

 

Source: ACS; BEA. 
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Figure 92. Gini Coefficient vs. Digital Economy Value Added Per Job (Left) and IT Investment 
Per Job (Right) 

 

Source: ACS; BEA. 

Figure 93. Gini Coefficient vs. the Share of Employment in the Information Sector (Left) and 
the Share of College-Educated Population with an S&E Degree (Right) 

 

Source: ACS; BEA. 
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The earnings effects of regional exposure to digitalization 

The following tables from Chapter 2 contain results from regressing changes in hourly earnings 
over the 2009–2017 period on regional digitalization exposures over the same time frame. I 
addition to the tables in the main text where earnings trends are regressed on digitalization-
education interactions, I show here the following tables: 

§ Labor market outcomes regressed on the digitalization-education-major interactions, 
where major is a dummy variable equal to 1 for workers who graduated from STEM fields 
in college; and 

§ Labor market outcomes regressed on the digitalization-education interactions separately 
for workers in region quintiles, constructed based regional exposures to digital value added 
and IT investment per from 2009 to 2017.76 

 

 

 

 
76 I only show results from the first and fifth quintiles as illustrations. 
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Table 38. Change in Hourly Earnings Regressed on Regional Exposure to Digital Value Added Interacted with Education and 
College Major 

 

Notes: As in Table 16 in the main text, with the exception that interactions also include dummies for the STEM designation of college major. 
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Table 39. Change in Hourly Earnings Regressed on Regional Exposure to Digital Value Added Interacted with Education: Bottom 
Quintile for Regional Exposure 

 

Notes: As in Table 16 in the main text, with three exceptions: (1) Alternative regressors are excluded, and (2) the estimates denote standardized (beta) coefficients. 
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Table 40. Change in Hourly Earnings Regressed on Regional Exposure to Digital Value Added Interacted with Education: Top 
Quintile for Regional Exposure 

 

Notes: As in Table 16 in the main text, with three exceptions: (1) Alternative regressors are excluded, and (2) the estimates denote standardized (beta) coefficients. 
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Table 41. Change in Hourly Earnings Regressed on Regional Exposure to IT Investment Interacted with Education and College 
Major 

 

Notes: As in Table 16 in the main text, with three exceptions: (1) The outcome is the regional exposure to investment in information technology per worker; (2) the alternative 
regressors are overall investment (a placebo variable) and the share of IT investment of all investment; and (3) interactions also include dummies for the STEM designation of 

college major. 
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Table 42. Change in Hourly Earnings Regressed on Regional Exposure to IT Investment Interacted with Education: Bottom 
Quintile for Regional Exposure 

 

Notes: As in Table 16 in the main text, with three exceptions: (1) The outcome is the regional exposure to investment in information technology per worker; (2) alternative 
regressors are excluded; and (3) the estimates denote standardized (beta) coefficients. 
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Table 43. Change in Hourly Earnings Regressed on Regional Exposure to IT Investment Interacted with Education: Top Quintile 
for Regional Exposure 

 

Notes: As in Table 16 in the main text, with three exceptions: (1) The outcome is the regional exposure to investment in information technology per worker; (2) alternative 
regressors are excluded; and (3) the estimates denote standardized (beta) coefficients.
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Supplementary Tables and Figures for Chapter 3 

The following tables from Chapter 3 cover the two digitalization proxies (digital economy value 
added and IT investment) and the three outcome measures (same-year hourly earnings, lagged 
hourly earnings, and the chance of non-employment in the following year): 

§ Labor market outcomes regressed on the digitalization-education interactions, where 
education is a dummy variable describing each person’s educational attainment;77 

§ Labor market outcomes regressed on the digitalization-education-occupation 
interactions, where occupation is a dummy variable equal to 1 for workers in STEM-
designated occupations and 0 for workers in other occupations; 

§ Labor market outcomes regressed on the digitalization-education interactions separately 
for workers in industry quintiles, constructed based on the amount of digital value added 
and IT investment per worker in each industry in 2016;78 

§ Labor market outcomes regressed on the digitalization-earnings quintile interactions; and 

§ Labor market outcomes regressed on the digitalization-earnings quintile-occupation 
interactions. 

 

 
77 These tables are only shown here for same-year earnings. The tables for earnings lagged by one year (the preferred 
measure) and the chance of non-employment are found in the main text. See X and Y. 
78 I only show results from the first and fifth quintiles as illustrations. See X and Y in the main tables for graphical 
representations of outcomes in all industry quintiles. 
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The effects of digital economy value added on hourly earnings in the same year 

Table 44. Hourly Earnings in the Same Year Regressed on Digital Value Added Interacted with Education 

 

Notes: The coefficients reflect the marginal effect of an additional 1,000 dollars of real digital economy value added per worker on average hourly earnings in each education 
group in the same year as the treatment. All models use time and census region fixed effects (FEs) and control for age and age squared. Column (1) shows the results from 
the preferred industry-spell FE model using data from four SIPP panels covering years 2001 to 2016. Column (2) restricts the sample to three SIPP panels from 2001–2014, 

similar to the remaining columns. In Columns (3) and (4), digital value added per worker is instrumented by new patents and new ICT-related patents per thousand workers, 
respectively. First-stage coefficients and p-values for the instrument coefficients are shown at the bottom of the table. Columns (5)-(6) use overall value added (a placebo 

variable) and the share of digital value added of overall value added as regressors instead of digital value added. Standard errors are clustered at the individual level in Columns 
(1)-(6) and (9)-(10), while Columns (7)-(8) use two-way clustering at the industry-year and industry-education level, respectively. Column (9) excludes panel weights and 

Column (10) shows the results when using separate person and industry FEs instead of industry-spell FEs. The data includes individuals aged 18 to 64 with industry 
information and non-negative earnings, excluding those in the Armed Forces. Standard errors are reported in parentheses and coefficients are only shown for the interactions 

of interests. All dollar amounts are in 2012 prices. 
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Table 45. Hourly Earnings in the Same Year Regressed on Digital Value Added Interacted with Education and Occupation 

 

Notes: As in Table 44, with the exception that interactions also include dummies for the STEM designation of each person’s occupation. 
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Table 46. Hourly Earnings in the Same Year Regressed on Digital Value Added Interacted with Education: Bottom Digitalization 
Quintile 

 

Notes: As in Table 44, with three exceptions: (1) Alternative regressors are excluded; (2) estimates denote standardized (beta) coefficients; and (3) the first stages in the 
instrumental variable regressions are weak; the second column shows the preferred specification. 
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Table 47. Hourly Earnings in the Same Year Regressed on Digital Value Added Interacted with Education: Top Digitalization 
Quintile 

 

Notes: As in Table 44, with two exceptions: (1) Alternative regressors are excluded, and (2) estimates denote standardized (beta) coefficients. 
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Table 48. Hourly Earnings in the Same Year Regressed on Digital Value Added Interacted with Earnings Quintiles 

 

Notes: As in Table 44, with two exceptions: (1) Digital value added is interacted with earnings quintiles instead of education, and (2) alternative regressors and IV columns 
are excluded. 
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Table 49. Hourly Earnings in the Same Year Regressed on Digital Value Added Interacted with Earnings Quintiles and 
Occupation 

 

Notes: As in Table 44, with two exceptions: (1) Digital value added is interacted with earnings quintiles and an occupation’s STEM designation instead of education, and (2) 
alternative regressors and IV columns are excluded. 
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The effects of digital economy value added on hourly earnings in the following year 

Table 50. Hourly Earnings in the Following Year Regressed on Digital Value Added Interacted with Education and Occupation 

 

Notes: As in Table 44, with two exceptions: (1) The outcome variable is average hourly earnings in the year following the treatment, and (2) interactions also include dummies 
for the STEM designation of each person’s occupation. 
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Table 51. Hourly Earnings in the Following Year Regressed on Digital Value Added Interacted with Education: Bottom 
Digitalization Quintile 

 

Notes: As in Table 44, with four exceptions: (1) The outcome variable is average hourly earnings in the year following the treatment; (2) alternative regressors are excluded; 
(3) estimates denote standardized (beta) coefficients; and (4) the first stages in the instrumental variable regressions are weak; the second column shows the preferred 

specification. 
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Table 52. Hourly Earnings in the Following Year Regressed on Digital Value Added Interacted with Education: Top Digitalization 
Quintile 

 

Notes: As in Table 44, with three exceptions: (1) The outcome variable is average hourly earnings in the year following the treatment; (2) alternative regressors are excluded; 
and (3) estimates denote standardized (beta) coefficients. 
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Table 53. Hourly Earnings in the Following Year Regressed on Digital Value Added Interacted with Earnings Quintiles 

 

Notes: As in Table 44, with three exceptions: (1) The outcome variable is average hourly earnings in the year following the treatment; (2) digital value added is interacted with 
earnings quintiles instead of education; and (3) alternative regressors and IV columns are excluded. 
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Table 54. Hourly Earnings in the Following Year Regressed on Digital Value Added Interacted with Earnings Quintiles and 
Occupation 

 

Notes: As in Table 44, with three exceptions: (1) The outcome variable is average hourly earnings in the year following the treatment; (2) digital value added is interacted with 
earnings quintiles and an occupation’s STEM designation instead of education; and (3) alternative regressors and IV columns are excluded.  
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The effects of digital economy value added on the chance of non-employment 

Table 55. The Probability of Becoming Non-Employed in the Following Year Regressed on Digital Value Added Interacted with 
Education 

 

Notes: As in Table 44, with the exception that the outcome variable is average the probability of becoming non-employment in the year following the treatment. A whole 
number (e.g., -1.00) refers to a change of one percentage point. 
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Table 56. The Probability of Becoming Non-Employed in the Following Year Regressed on Digital Value Added Interacted with 
Education and Occupation 

 

Notes: As in Table 44, with two exceptions: (1) The outcome variable is average the probability of becoming non-employment in the year following the treatment, and (2) 
interactions also include dummies for the STEM designation of each person’s occupation. A whole number (e.g., -1.00) refers to a change of one percentage point. 
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Table 57. The Probability of Becoming Non-Employed in the Following Year Regressed on Digital Value Added Interacted with 
Education: Bottom Digitalization Quintile 

 

Notes: As in Table 44, with four exceptions: (1) The outcome variable is average the probability of becoming non-employment in the year following the treatment; (2) alternative 
regressors are excluded; (3) estimates denote standardized (beta) coefficients; and (4) the first stages in the instrumental variable regressions are weak; the second column 

shows the preferred specification. A whole number (e.g., -1.00) refers to a change of one percentage point. 
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Table 58. The Probability of Becoming Non-Employed in the Following Year Regressed on Digital Value Added Interacted with 
Education: Top Digitalization Quintile 

 

Notes: As in Table 44, with four exceptions: (1) The outcome variable is average the probability of becoming non-employment in the year following the treatment; (2) alternative 
regressors are excluded; and (3) estimates denote standardized (beta) coefficients. A whole number (e.g., -1.00) refers to a change of one percentage point. 
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Table 59. The Probability of Becoming Non-Employed in the Following Year Regressed on Digital Value Added Interacted with 
Earnings Quintiles 

 

Notes: As in Table 44, with three exceptions: (1) The outcome variable is average the probability of becoming non-employment in the year following the treatment; (2) digital 
value added is interacted with earnings quintiles instead of education; and (3) alternative regressors and IV columns are excluded. A whole number (e.g., -1.00) refers to a 

change of one percentage point. 
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Table 60. The Probability of Becoming Non-Employed in the Following Year Regressed on Digital Value Added Interacted with 
Earnings Quintiles and Occupation 

 

Notes: As in Table 44, with three exceptions: (1) The outcome variable is average the probability of becoming non-employment in the year following the treatment; (2) digital 
value added is interacted with earnings quintiles and an occupation’s STEM designation instead of education; and (3) alternative regressors and IV columns are excluded. A 

whole number (e.g., -1.00) refers to a change of one percentage point. 
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The effects of information technology investment on hourly earnings in the same year 

Table 61. Hourly Earnings in the Same Year Regressed on IT Investment Interacted with Education 

 

Notes: The coefficients reflect the marginal effect of an additional 1,000 dollars of real investment in information technology (IT) per worker on average hourly earnings in each 
education group in the same year as the treatment. All models use time and census region fixed effects (FEs) and control for age and age squared. Column (1) shows the 

results from the preferred industry-spell FE model using data from four SIPP panels covering years 2001 to 2016. Column (2) restricts the sample to three SIPP panels from 
2001–2014, similar to the remaining columns. Columns (3)-(4) use overall investment (a placebo variable) and the share of IT investment of all investment as regressors instead 
of IT investment. Standard errors are clustered at the individual level in Columns (1)-(4) and (7)-(8), while Columns (5)-(6) use two-way clustering at the industry-year and 

industry-education level, respectively. Column (7) excludes panel weights and Column (8) shows the results when using separate person and industry FEs instead of industry-
spell FEs. The data includes individuals aged 18 to 64 with industry information and non-negative earnings, excluding those in the Armed Forces. Standard errors are reported 

in parentheses and coefficients are only shown for the interactions of interests. All dollar amounts are in 2012 prices. 
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Table 62. Hourly Earnings in the Same Year Regressed on IT Investment Interacted with Education and Occupation 

 

Notes: As in Table 61, with the exception that interactions also include dummies for the STEM designation of each person’s occupation. 
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Table 63. Hourly Earnings in the Same Year Regressed on IT Investment Interacted with Education: Bottom Digitalization 
Quintile 

 

Notes: As in Table 61, with two exceptions: (1) Alternative regressors are excluded, and (2) estimates denote standardized (beta) coefficients. 
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Table 64. Hourly Earnings in the Same Year Regressed on IT Investment Interacted with Education: Top Digitalization Quintile 

 

Notes: As in Table 61, with two exceptions: (1) Alternative regressors are excluded, and (2) estimates denote standardized (beta) coefficients. 
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Table 65. Hourly Earnings in the Same Year Regressed on IT Investment Interacted with Earnings Quintiles 

 

Notes: As in Table 61, with two exceptions: (1) IT investment is interacted with earnings quintiles instead of education, and (2) alternative regressors are excluded. 
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Table 66. Hourly Earnings in the Same Year Regressed on IT Investment Interacted with Earnings Quintiles and Occupation 

 

Notes: As in Table 61, with two exceptions: (1) IT investment is interacted with earnings quintiles and an occupation’s STEM designation instead of education, and (2) 
alternative regressors are excluded. 
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The effects of information technology investment on hourly earnings in the following year 

Table 67. Hourly Earnings in the Following Year Regressed on IT Investment Interacted with Education and Occupation 

 

Notes: As in Table 61, with two exceptions: (1) The outcome variable is average hourly earnings in the year following the treatment, and (2) interactions also include dummies 
for the STEM designation of each person’s occupation. 
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Table 68. Hourly Earnings in the Following Year Regressed on IT Investment Interacted with Education: Bottom Digitalization 
Quintile 

 

Notes: As in Table 61, with three exceptions: (1) The outcome variable is average hourly earnings in the year following the treatment; (2) alternative regressors are excluded; 
and (3) estimates denote standardized (beta) coefficients. 
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Table 69. Hourly Earnings in the Following Year Regressed on IT Investment Interacted with Education: Top Digitalization 
Quintile 

 

Notes: As in Table 61, with three exceptions: (1) The outcome variable is average hourly earnings in the year following the treatment; (2) alternative regressors are excluded; 
and (3) estimates denote standardized (beta) coefficients. 
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Table 70. Hourly Earnings in the Following Year Regressed on IT Investment Interacted with Earnings Quintiles 

 

Notes: As in Table 61, with three exceptions: (1) The outcome variable is average hourly earnings in the year following the treatment; (2) alternative regressors are excluded; 
and (3) IT investment is interacted with earnings quintiles instead of education. 
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Table 71. Hourly Earnings in the Following Year Regressed on IT Investment Interacted with Earnings Quintiles and Occupation 

 

Notes: As in Table 61, with three exceptions: (1) The outcome variable is average hourly earnings in the year following the treatment, and (2) alternative regressors are 
excluded; and (3) IT investment is interacted with earnings quintiles and an occupation’s STEM designation instead of education.  
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The effects of information technology investment on the chance of non-employment 

Table 72. The Probability of Becoming Non-Employed in the Following Year Regressed on IT Investment Interacted with 
Education 

 

Notes: As in Table 61, with the exception that the outcome variable is average the probability of becoming non-employment in the year following the treatment. A whole 
number (e.g., -1.00) refers to a change of one percentage point. 
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Table 73. The Probability of Becoming Non-Employed in the Following Year Regressed on IT Investment Interacted with 
Education and Occupation 

 

Notes: As in Table 61, with two exceptions: (1) The outcome variable is average the probability of becoming non-employment in the year following the treatment, and (2) 
interactions also include dummies for the STEM designation of each person’s occupation. A whole number (e.g., -1.00) refers to a change of one percentage point. 
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Table 74. The Probability of Becoming Non-Employed in the Following Year Regressed on IT Investment Interacted with 
Education: Bottom Digitalization Quintile 

 

Notes: As in Table 61, with four exceptions: (1) The outcome variable is average the probability of becoming non-employment in the year following the treatment; (2) alternative 
regressors are excluded; and (3) estimates denote standardized (beta) coefficients. A whole number (e.g., -1.00) refers to a change of one percentage point. 
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Table 75. The Probability of Becoming Non-Employed in the Following Year Regressed on IT Investment Interacted with 
Education: Top Digitalization Quintile 

 

Notes: As in Table 61, with three exceptions: (1) The outcome variable is average the probability of becoming non-employment in the year following the treatment; (2) 
alternative regressors are excluded; and (3) estimates denote standardized (beta) coefficients. A whole number (e.g., -1.00) refers to a change of one percentage point. 
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Table 76. The Probability of Becoming Non-Employed in the Following Year Regressed on IT Investment Interacted with 
Earnings Quintiles 

 

Notes: As in Table 61, with three exceptions: (1) The outcome variable is average the probability of becoming non-employment in the year following the treatment; (2) 
alternative regressors are excluded; and (3) IT investment is interacted with earnings quintiles instead of education. A whole number (e.g., -1.00) refers to a change of one 

percentage point. 
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Table 77. The Probability of Becoming Non-Employed in the Following Year Regressed on IT Investment Interacted with 
Earnings Quintiles and Occupation 

 

Notes: As in Table 61, with three exceptions: (1) The outcome variable is average the probability of becoming non-employment in the year following the treatment; (2) 
alternative regressors are excluded; and (3) IT investment is interacted with earnings quintiles and an occupation’s STEM designation instead of education. A whole number 

(e.g., -1.00) refers to a change of one percentage point. 




