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Abstract

Income inequality in the U.S. has risen over the past three decades but has increased unevenly

both across and within industries. Meanwhile, the use of information and communication

technology (ICT) has increased explosively. Popular models of Skill-Biased Technological

Change (SBTC) offer intuitive theory about the causal connection between these two

phenomena, yet studies speaking to the magnitude of this effect among computer workers

are lacking. In this paper, I explore the relationship between ICT and earnings inequality

in the U.S. labor force. I pair earnings data for both computer workers and non-computer

workers with industry-level ICT measures from 2003 to 2016 and find that ICT tends to affect

inequality among computer and non-computer workers differently. As Information Technology

(IT) contributes more to productivity, income inequality increases between computer workers

but decreases among non-computer workers in the service sector. In the goods-producing

sector, the level of IT’s contribution to productivity is significantly and positively associated

with income inequality only among computer workers with earnings in the lower tail. These

effects hold when controlling for unionization and product market concentration. My findings

suggest that SBTC plays out in unique ways for computer workers, rewarding those that

follow new methods of creating value rather than saving labor. As such, the most valued

skills of computer worker are flexibility and adaptability. Contrary to neoclassical economic

theory, their market value decreases with their degree of specialization.

Index words: ICT ; Income Inequality ; Computer Workers; Skill-Biased Technological

Change; Unionization; Market Concentration
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Introduction

Over the past 30 years, certain trends have emerged in the U.S. economy (e.g. technological

change, globalization, de-unionization, product market concentration, labor market concen-

tration, ...) that appear to be having a pernicious effect on the incomes of certain kinds

of workers. The net results of these trends are worrying increases in inequality of income,

wealth, and education, slowing labor churn,1 and a decline in the bargaining power of some

of the most vulnerable workers. In sum, the U.S. labor market is not as dynamic, mobile, or

competitive as many would like it to be. Given the rapid rate of technological progress, the

labor market is likely to be disrupted at an even faster rate as the gap in abilities between

workers of different skill levels continue to widen. Income inequality continues to grow and

may have become self-reinforcing. A worker with skills that are not valued by the labor

market more often than not lacks the financial resources or security to seek training for a

skill bundle that is valued. That worker is also more likely to be displaced or have the value

of their labor depressed by automation of the routine nature of their occupational tasks. On

the other hand, a worker who has the resources and skill bundle to be well-positioned in the

labor market will find it easier to seek further training and is likely to become even more

valuable as the workplace computerizes. It should be clear that if one’s position in society is

self-reinforcing then the result is that the income, wealth, education, and political power of

citizens will polarize. This is a clear and present danger to achieving inclusive and sustainable

economic growth in a democracy. To address the potential dangers of rising income inequality,

I must first understand how this state of affairs came to be.

A rich literature has focused on technology as the source of the polarization of the income

distribution. As new disruptive technologies have made some workers more productive,
1Labor churn is the rate at which workers enter and exit the labor market.
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affording them higher wages, it has replaced or depressed the wages of other workers. This

is the basic intuition of the Skill-Biased Technological Change approach to explaining

wage polarization (see Section 1.3.1) and it is on this approach that I base my present

research. My contribution to the literature is to use industry-level panel data for Information

and Communication Technology (ICT) and income inequality for workers in about 56 U.S.

industries (for information about the industries, see Tables 10-15) to answer four key questions.

The first is ’Do ICT measures predict income inequality?’, a hypothesis written about at

length in the literature. The second is ’In this relationship between ICT and income inequality,

should lower-tail and upper-tail income inequality be studied separately, which is another way

of asking if polarization is occurring evenly across the distribution or if it is concentrated

in one of the tails. This matters because an increase in inequality at the upper tail is less

worrying from a policy perspective than an increase inequality at the lower tail if we are

worried about poverty and labor displacement. The third question is ’Should information

and communication technologies be analyzed together?’, a hypothesis first advanced by Bloom

et al. (2010) who advance a compelling argument from a management perspective that

they should not be. The fourth is ’In this relationship between ICT and income inequality,

should computer and non-computer workers be analyzed together?’, which is one of the unique

contributions of this paper to the literature.

In 2016, about one-third of one percent of the economy’s 156 million workers were

computer workers. Although this may seem small, I am talking here about nearly 500,000

workers. They are defined by the BLS as being having one of the following occupations:

Computer and Information Research Scientists; Computer Systems Analysts; Information

Security Analysts; Computer Programmers; Software Developers, Applications; Software

Developers, Systems Software; Web Developers; Database Administrators; Network and

Computer Systems Administrators; Computer Network Architects; Computer User Support

Specialists, and; Computer Network Support Specialists
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I will begin by providing the reader with sufficient context to understand how trends in

the U.S. labor market and ICT investments have occurred in parallel. A brief overview of

the main economics-focused theories and institution-focused theories attempting to explain

income inequality in the U.S. follows. This sets the scene for a literature review that explores

theories of how ICT has contributed to the wage dispersion that leads to income inequality.

After explaining my hypotheses, methods, and data source, I present my results and evaluate

my hypotheses. A policy discussion follows and I conclude with a discussion of the limitations

of the research.
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Chapter 1

Background

1.1 Recent Trends in the U.S. Labor Market

1.1.1 The Rise of Income Inequality in the U.S.

Income inequality in the United States has recently become a hot topic in the economics

literature and political discourse - and for good reason. According to the Economic Policy

Institute (2019), income inequality has been on the rise for the past 30 years.1 Although

most of the coverage of income inequality in the media has been about the dramatic rise

in the incomes of the super-rich and the growing gap between them and the rest, 2 there is

significant and growing inequality in the middle 90 percent of the income distribution. As a

matter of policy, I care more about this middle group since they represent an overwhelming

majority of the population. Complicating the research agenda, however, is that inequality

has not grown evenly among even this central segment of the income distribution. Growth in

the upper-tail of the earnings distribution (the earnings gap between the higher earners and

the median earners) and its lower-tail (the earnings gap between the median earners and

the lower earners) have not been the same. Lower-tail inequality spiked in the 1980s but has

since declined until around 2005 when it began to increase once again. Upper-tail inequality,

on the other hand, has increased non-stop since the 1980s.
1n.b., researchers typically study men’s income inequality in an attempt to circumvent the effects of important

non-economic factors such as discrimination and child-rearing.
2As popularized in academia by Piketty and Saez in their 2006 paper The Evolution of Top Incomes: A Historical

and International Perspective and in popular discourse by Piketty’s 2013 book Capital in the 21st Century.
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Figure 1: Incomes at the 90th, 50th, and 10th percentile for All Workers (SE in Gray)
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Figure 2: Incomes at the 90th, 50th, and 10th percentile for Computer Workers (SE in Gray)
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As summarized by one of the preeminent researchers in the field, David Autor (2019):

’The progression of inequality [from the 1960s to the present] can be roughly

divided into three epochs: (1) the ten-year interval between 1963 and 1972, when

real wages rose robustly and evenly among all education by gender groups; (2) the

interregnum between 1973 and 1979 when, following the first U.S. oil shock, real

earnings growth stagnated throughout the distribution; and (3) the era of secular

wage inequality increases from 1980 forward, where wages rose robustly among the

most-educated and fell in real terms among the least educated—most strikingly,

among men with less than a bachelor’s degree.’

1.1.2 The Rise of Job Polarization

Job Polarization refers to a bifurcation of U.S. workers into high and low earnings and skills.

Assuming that workers are paid according to their skill level, it is a necessary precursor

to income inequality. The way that Timothy Bresnahan saw things in 1999 has aged quite

well. He believed that computers can be effective substitutes for human decision-making

for only a limited range of tasks. A task that is routine is much easier to replace. As such,

computers are much more likely to substitute for repetitive low and middle-skill white collar

work. Tragically prescient, Bresnahan noted that “rather than a process of shifting workers

from older to growing sectors, we see a general crash in the demand for certain skill bundles.”

As a matter of terminology, let me be clear what I mean by low-skill, middle-skill, and

high-skill labor. As noted by Autor, Katz, and Kearny (2008), the fact that a particular

service occupation is safe from displacement by automation does not mean that it will

experience a wage increase in the face of automation. Many ‘low-skill’ service jobs, like

custodial workers, security guards, or social workers, earn relatively little but cannot be

automated since they require interpersonal skills. These are jobs that labor economists refer

to as non-routine manual jobs because they involve a wide variety of tasks that only humans

6



can manage. On the other hand, computers are most likely to complement non-routine

abstract jobs, which Autor et al. call ’high-skill’. These cannot be replaced by computers

and actually enjoy a productivity boost from computerization. Employment and wages in

these two professions are on opposite ends of their respective distributions and, because they

are unlikely to be affected by computerization, it will be workers in routine abstract jobs,

those in the middle of the skill and wage distribution such as clerical workers or data entry

specialists, that have been and will continue to be displaced by new information technologies.

This hollowing-out of the skill and wage distribution is, according to them, the key driver

of rising earnings inequality. The mechanism through which technological changes disrupts

employment is called Skilled Biased Technological Change and is discussed in much more

detail below in Section 1.3.1.

Hemous and Olsen (2013) describe in very simple terms the three phases of economic

development that result in job polarization. In a first stage, levels of income inequality,

low-skill wages, and automation are all low and constant. Then, an increase in low-skill

wages relative to the price of labor-saving technologies incentivize investment in automation

and reduces the growth rate of low-skilled wages. Lastly, the price of automation increases

relative to low-skill workers. This causes low-skill wages to enter a steady state but high-skill

wages continue to grow since they are more productive than before and not substitutable

in the face of new technologies. According to Hemous and Olson, this divergence is what

creates lasting wage dispersion, and they show empirically how these phases have unfurled in

the U.S. economy since the 1960s. Autor and Dorn (2013) believe that the polarization in

the lower tail of the U.S. earnings distribution has been by and large driven by the increase

in employment in service occupations over the last 30 years.

1.1.3 The Rise of Education Premium Polarization

According to the Abel and Deitz (2014), the education premiums 3 have also grown more

unequal. By their calculations, the college wage premium has increased from 1990 to 2010,
3These are the wage bumps workers can expect from each additional level of education.
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whereas the high school graduate premium has remained steady. In other words, those who

attend college are earning higher education premiums than college graduates that came

before them and those who do not attend college are making the same that they would have

been making in the 1970s after adjusting for inflation.

1.1.4 The Decline of Labor Unionization in the U.S.

According to the Bureau of Labor Statistics (BLS) (2019), the unionization rate in the U.S.

in 2018 was 10.5 percent, down from 24 percent in 1973. The dramatic decline in unionization

rates, along with the stagnation of the federal minimum wage well below its historic trend

(it has lost 25 percent of its real value since the 1980s), has led many to refer to the modern

labor market as one that is profoundly ‘deregulated’. According to The Economist (2015), the

decline of unions in the U.S. has been largely due to structural changes that have occurred

in most advanced economies, such as the decline of industries whose low-skilled workers

were the most likely to be members of a union (most notable is the manufacturing sector).

Other reasons cited are the trade pressures and labor competition that have resulted from

globalization, the rise of a more flexible class of service workers, and specific government

policies (such as right-to-work laws in the U.S.)4 have all significantly contributed to the

decline of unions.

1.2 Information and Communication Technologies in the U.S. Economy

1.2.1 The Growing Importance of ICT in the U.S. Economy

The growth of in Information and Communication Technology (ICT) has rapidly risen across

the economy over the past 30 years. The reason that firms are investing more in ICT is
4It would surprise very few policy experts that these laws are misnamed for political reasons. It was already illegal

to bar non-unionized workers from working in unionized workplaces, a problem that the law’s name suggests it is
fixing. Rather, these laws prevent unions from collecting union dues from the workers whose interests it is advocating.
This was a calculated political move to starve unions of the funds they need to operate. For more see Jones and
Shierholz (2018).
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Figure 3: Unionization Rate by Super-sector (2003-2016)

simple: the intensity with which ICT is contributing to productivity is increasing while its

cost is decreasing.

Investment in General Purpose Technologies (GPT) has been intrinsically linked to

productivity growth and the effects of the GPTs referred to as Information Technologies

(IT) or Information and Communication Technology (ICT) are no exception. So important

is technology to productivity that the productivity slowdown in the U.S. seems linked

to a slowdown in ICT improvements and diffusion, according to Cette (2015). According

to Draca, Sadun and Van Reenen (2006), the impacts of ICT on productivity are much

larger than researchers have typically estimated in standard neoclassical models, chiefly

due to the unobservable impact of investments in new modes of management that increase

the productivity of ICT (complementary organizational capital). There is also the strong

possibility that the error-prone process that once plagued measurement of ICT are also

9
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Figure 4: Investment in Information and Communication Technology in $Billions,
by Super-sector (2003-2016) (SE in Gray)

$10B

$20B

$30B

$40B

1990 2000 2010

Goods Producing Sector

Service Sector

       Source:  Information Capital and Related Measures, Division of Major Sector Productivity, BLS

Figure 5: Stock of Information and Communication Technology in $Billions,
by Super-sector (2003-2016) (SE in Gray)
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Figure 6: Contribution of Information and Communication Technology to Productivity by
Super-sector (2003-2016)
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occurring with more modern forms of computational technologies, such as artificial intelligence

and machine learning, leading researchers to further understate the productivity effects of these

new technologies. Even for simple ICT investments, researchers are likely still understating

the effects of computer technologies are having on productivity, according to Munch et al.

(2018).

Tafti (2013) finds that IT investment can buffer the disruptive diversion of resources

following a merger. Since cost-efficiency relative to the industry declines after a merger as

newly merged firms divert resources from to oversee the merger. According to Tafti’s research,

IT investment can mitigate these resource diversion effects. When acquirers have lots of IT

capacity, long-term gains in profitability appear to be sustained for longer. Investors, not just

managers, seem to understand just how important IT is to a firm’s success. If you look at the

stock market’s reaction to merger announcements, firms with higher IT stock experience the

highest premiums. According to Tafti, the short-term market reaction to a merger decision

is usually in line with long-term profitability and this means that investors have equated a

firm’s IT investment as a proxy for the ability of acquirers to perform. This is telling as to

the importance of IT in the success of firms in the 21st century

1.3 So, What’s the Deal with Inequality? I Mean Is This Stuff Bad, Or

What?

Income inequality is historically high, it is growing, the rate at which it is growing is

itself growing, and it shows no sign of slowing down. If I assume that income inequality is

problematic, and not just a ‘rising tide that lifts all boats’, then any policy discussion of how

to address it needs to begin with an exploration of its causes. Competing explanations abound,

though most fit into one of two categories: economic reasons, like automation or the rapidly

changing skillset required to get a good job, and institutional reasons, like de-unionization or

the decline of the real minimum wage. Below, I briefly present and examine the evidence for

these competing theories.
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1.3.1 The Economic Explanation

The Rise of Skill-Biased Technological Change

Many researchers point to the effect that technology has had on the workplace when

explaining the polarization of wages in the U.S. labor market. This is often referred to as Skill

Biased Technological Change (SBTC), where the bias refers to how high-skill workers receive

productivity and wage premiums from the technology at the expense of low or middle-skill

workers.

Building off of a seminal 2003 paper by Autor, Levy, and Murnane, the researchers Autor

and Dorn (2013) advanced a theory of SBTC that focuses on the key role that the automation

of routine tasks has played in spurring the labor specialization that has come to characterize

SBTC According to them, computerization has automated routine tasks while complementing

workers that deal in abstraction, problem-solving, and coordination.5 Similarly, Dey et al.

(2011) find that, while all workers tend to receive a productivity boost from computer use,

this boost diminishes as the tasks they perform become more routine or repetitive, and that

workers who perform nonroutine abstract tasks received the high productivity bump and pay

premium from computer use.

As the price of computers continues to decline, they have become attractive substitutes

for low-skill labor. As noted by Hemous and Olsen (2013), firms and industries will invest

more in labor-saving technologies if the replaceable workers are expensive compared to the

technologies or if technological progress lowers the price of the technologies relative to the

price of the consumption good they produce. High-skill labor, however, is not only difficult

to automate but becomes even more productive in the face of computerization, which makes

it even more costly to replace with computers. This is the modern skill-based approach of

SBTC that has become something of a consensus in the literature.

Rather than focusing exclusively on the supply side or on institutional factors (like

unionization, educational attainment, or the price of computers) the Autor et al. remind the
5This has led some researchers, originally Goos (2014), to refer to this phenomenon as Routine Biased Technological

Change.
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reader that the demand-side is just as important. Specifically, a key reason that earnings

have polarized is that demand has grown the most for high-skill jobs and for low skill jobs.

The net result is that automation and computerization have primarily led to the decline of

middle occupation. Therefore, it is misleading to look at the typical 90/10 measure of income

inequality (the ratio of the 90th percentile to the 10th percentile of earnings) that is often

used in research, since changes in each tail of the distribution tell a different story.

The idea that SBTC should only affect the middle and upper tail of the earnings

distribution has been tested and written about extensively. Michaels, Natraj, and Van Reneen

(2010) find empirical support for this theory in the U.S., Japan, and Europe. Specifically,

they find that polarization has had no effect on the earnings of low-skill workers. Likewise,

Jerbashian (2016) looked at 10 different Western European countries, finds that a decline in

the price of I.T. decreases middle-wage employment and increases high-wage employment

but has no effect on low-wage employment.

Acemoglu and Restropo (2016) expanded the task-based model of SBTC to provide

a clearer way to think about the effect of new information technologies of workers of

different skills. To them, the key is to clearly differentiate between two kinds of technologies:

technology that automates tasks performed by labor and technology that creates and enables

new abstract tasks. Automation reduces employment at the low-end of the skill distribution

and technologies that create new tasks increase employment at the upper end of the skill

distribution. Importantly, the researchers claim that, in the long run, these new tasks will

eventually become standardized and used by lower-skill workers. Increasing inequality among

workers might therefore be a temporary state of affairs.

The Rise of Outsourcing, Offshoring, and Trade Openness

Goos (2014) find a significant role of offshoring when explaining the hollowing-out of the

earnings distribution. According to him, computerization not only makes routine-intensive

middle-skill occupations easier to automate domestically but makes them easier to offshore.
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Indeed, in the eyes of many economists, if a job does not need to be done face-to-face it is

possible to offshore it. However, not all jobs that can be automated can be offshored (think

vacuum cleaning) and not all jobs that can be offshored can be automated (think call centers).

Therefore, the overlap between the two is not perfect and I urge readers to be skeptical when

hearing that one necessarily implies the other. Hemous and Olsen (2013) describe how the

falling price of technology and the rising price of foreign labor can explain the recent trend of

’reshoring’, which is when firms bring production back to the U.S. However, the production

that comes back uses a polarized skill-base thanks to its digitization. As such, offshoring can

be seen as, at least in most cases, a temporary condition with permanent effects on the labor

market.

Trade liberalization does eliminate low-skill low-paying jobs but it also tends to create

high-skill high wage jobs. For this reason, trade affects wages more than it affects the actual

number of jobs (Carnevale and Desroches 2004). The bulk of the job loss following the advent

of globalization came about due to productivity improvements where higher skilled workers

replaced lower skilled workers.

According to a 2013 paper by Autor, Dorn and Hanson, the labor-disrupting effects of

technology and trade exposure are not intrinsically linked and can be analyzed separately.

They reach this conclusion after finding that regional exposure to trade competition from

China is uncorrelated with regional exposure to labor-disruption technologies. The reason for

this is simple: while exposure to labor-disrupting technologies is spread across the United

States, exposure to trade competition is concentrated due to the regional agglomeration of

labor-intensive manufacturing.

According to Autor, Don and Hanson (2015) the U.S. regional labor markets most

exposed to trade have typically witnessed a decline in manufacturing industries but not

just in production jobs within those industries. In fact, all ancillary jobs, including clerical,

managerial, and professional jobs associated with manufacturing also witnessed a decline. In

this way, trade exposure leads to a permanent decline in manufacturing employment and
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a shift of labor to other industries. In this sense, trade exposure leads to between-industry

labor movement.6 In contrast, the researchers find that exposure to technological shifts does

not lead to loss of employment but does lead to significant changes within the occupational

makeup of the industry. In this sense, technological shocks lead to within-industry labor

movement. The researchers find that, in agreement with mainstream SBTC theories, the

industries that are the most susceptible to technological shocks witness the steepest decline

in middle-skill occupations that are to a large extent offset by an increase in employment in

the lowest and highest paid non-routine abstract occupations. Concordantly, Aghion et al.

(2002) also find that long-run within-group income inequality will increase with the adoption

of any general purpose technology.

The Great Recession

On average, the rate of skill-biased shifts in the labor market has occurred both in and

out of recessions suggesting that SBTC is a structural phenomenon (Tüzemen and Willis

2013). Although this is not true for all industries, skill-based shifts for some of the largest

industries, like manufacturing, healthcare, construction, and education typically accelerate

during recessions - somewhere to the tune of seven to eight times faster than during economic

expansions.

Modestino et al. (2015) find that the wave of unemployment that followed the outbreak

of the Great Recession increased the education and experience requirements for the average

job (what they call upskilling). In fact, they argue that the recession-induced labor surplus

can account for 18 percent of the increase in the education requirement and 25 percent of the

increase in required experience between 2007 and 2010. Upskilling would definitely explain

a good amount about the interaction between the stickiness of labor, recessions, and job

polarization. There are two ways to interpret Modestino et al.’s findings. The first is that job

polarization is cyclical and is only a temporary state. The second is that, since employment
6Conversely, the researchers find that trade effects spillover to low-skill non-manufacturing workers in

manufacturing-heavy areas, who also experience job losses as the result of a local demand shock.
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is sticky, recessions give firms the impetus to get rid of their workers that are the least

productive and the most substitutable by investments in computerization.

While Modestino et al. favor the first explanation, Hershbein and Kahn (2016) favor

the second. Hershbein and Kahn find that the Metropolitan Statistical Areas (M.S.A.) that

suffered the largest employment losses also experienced the strongest increase in required

education, experience, and computer-skill level. Contrary to most models of SBTC, the

researchers find that routine-cognitive occupations did not decrease drastically. Nevertheless,

the phenomenon of upskilling occurred primarily for these jobs. Hershbein and Kahn also find

that most of the upskilling occurred within and not between occupations. In sum, middle-skill

jobs did not disappear; they got upskilled.

Foote and Ryan (2015) find that job losses during the recession mostly occurred for

middle-skill workers. They argue that middle-skill occupations have always been more cyclical

because they are employed in more volatile industries and because those workers have few

options once their industry contracts. Therefore, they urge researchers to consider industry

effects when modeling occupational shifts.

1.3.2 The Institutions Explanation

Writing for the Economic Policy Institute (E.P.I.), a 2013 Working Paper by Mishel, Schmitt

and Shierholz rejects the SBTC explanation for income inequality and finds that occupational

shifts can only explain between a half to a third of income inequality between 1979 and

2007. According to their model, neither direct nor indirect occupational employment shifts

can account for the majority of the rise in income inequality over the past decades. They

made three strong claims. First, the majority of the SBTC literature grossly underestimates

the role of institutional factors like unionization, trade policy, or deregulation. Second, that

workers at different levels of the earnings distribution are differently impacted by these

institutional factors and macroeconomic shifts, like fiscal policy, exchange rates, or monetary

policy, that affect employment and trade trends. Third, that the SBTC literature has by
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and large completely ignored the sizable increase in earnings at the very top of the earning

distribution (the top one to five percent).

Speaking to the tightness of labor regulation generally, a 2015 OECD paper by McGowan

and Andrews claims that stricter labor markets reduce labor market flexibility and the ability

of firms to shocks and changing market demands. Therefore, strict labor market regulation

invariably increases the skills mismatch - although the degree to which this occurs in the

U.S. versus other developed countries is not discussed.

Alesina, Battisti and Zeira (2015) find that the strictness of labor market regulations

affects not just the high-skill wage premium but the incentives to adopt new technologies

and to innovate. When machines exist that can replace workers, the relative cost of those

workers to the machines that can replace them determines whether they are substituted or

not. Tighter labor regulations increase the cost of labor but do not usually have an effect on

the price of the machines. Therefore, the researchers conclude, countries with loose labor

regulations (like the United States) will adopt relatively more technologies in high-skill

industries than in low-skill industries. Their empirical results confirmed this.

De-unionization and the Decline of Worker Power

According to Kristal and Cohen (2016), technology is not the main driver of income inequality

in the U.S. Rather, they find that a decline in the institutions that have traditionally kept

income inequality in check, like unions or tighter labor regulations, is about twice as important

as technology in explaining rising inequality. Lemieux (2006) also casts doubt on the SBTC

approach to explaining wage dispersion: looking at the timing of wage dispersion, he finds that

it would be difficult to attribute wage dispersion to technological change because inequality

declined in periods other than the 1980s. Therefore, technology would only be a plausible

explanation for wage dispersion if it was biased in favor of skilled workers during the 1980s

but biased in favor of unskilled workers in other time periods. Lemieux also notes that union

workers tend to be in the middle of the skill distribution and so the decline in bargaining
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power for these workers would cause inequality occurring mostly in the upper-tail of the

income distribution. This is in line with work by Piketty and Saez (2003) who similarly claim

that technology seems to be an implausible explanation to wage dispersion, at least when

explaining dispersion in the top half of the income distribution.

As noted by Autor (2010), the wage polarization effects of the de-unionization of the U.S.

labor force are very difficult to measure. Unions could be decreasing the wage inequality within

their membership but increasing overall wage inequality, making the net effect ambiguous.

As such, their role in wage dispersion has been hotly contested and is extremely difficult to

measure.

The Decline in the Real Minimum Wage

According to Autor, Katz, and Kearny (2008), the decline in the minimum wage is not a

plausible explanation for the increase in wage polarization since, as I noted in an earlier

section, the bulk of the inequality growth has occurred in the upper-end of the income

distribution. Furthermore, Autor (2010) claimed that blaming wage polarization on the

decline of the real minimum wage suffers from the same weakness as blaming it on de-

unionization: the timing of it simply does not line up. Whereas most of the decline in unions

and the real federal minimum wage occurred prior to 1990, wage polarization did not really

increase during that time period as would be expected if either institutional factors were

significant reasons for the increase in wage polarization.

The Rise of Product Market Concentration

Product market concentration refers to the extent at which economic activity is concentrated

in a few large firms within an industry. A recent literature has emerged on the link between

increasing market concentration and income inequality and many researchers have taken a

keep interest in the idea that market concentration may be a natural consequence of greater

intensity of ICT use. On the other hand, a firm with significant market power can rapidly
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achieve economies of scale as they scale up their digital products with zero marginal cost.

It is possible, therefore, that market concentration and intensity of ICT use are mutually

reinforcing.
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Figure 8: Herfindahl-Hirschman Index of Market Concentration (2003-2016)

Dögüs (2017) explained that the two competing theories of wage dispersion, SBTC and

those that rely on institutional factors, are too quick to overlook the role of market structure

- which is both a story of economies of scale (an economic phenomenon) and the domain of

antitrust (an institutional phenomenon). He criticizes mainstream theories of wage dispersion
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for focusing too much on the ‘average firm’. According to him, rising market concentration7

has had a significant impact on earnings inequality between blue and white collar workers

and is an essential element in the wage dispersion mechanism. To him, creative workers at

larger firms have greater bargaining power to demand higher wages than production-workers

or workers at smaller firms. Market concentration has widened the earnings gap between

workers who have jobs ancillary to production, meaning that they create product market

share (how he defines white collar workers) and those whose simply produce the product

(which he calls blue collar workers). He finds that the wage dispersion effects of market

concentration shocks are not temporary but permanent and can explain 30 percent of the

long-run variation in wage dispersion.

By and large, market concentration in the U.S. has increased substantially in recent

decades. While the number of firms (aggregate concentration) has not changed dramatically,

the concentration in economic activity in fewer firms (seller concentration) has by and

large occurred over the past few decades. One of the earliest publications to warn of rising

market concentration across the U.S. economy was Peltzman (2014). He finds that industry

concentration was relatively stable in the period from 1963 to 1982 but that, following a

Robert-Bork-style loosening of the U.S. Merger Guidelines in 19828, a rise in the Herfindahl-

Hirschman Index (H.H.I.) 9 occurred across a multitude of industries. Between 1987 and

2007, he finds that the H.H.I. increased in 70 percent of industries. While increases did not

occur in every industry, more recent time periods were characterized by a newer phenomenon:

a dramatic thinning of cases of industrial deconcentration. Nevertheless, Peltzman warns

that researchers should not be too confident in assigning blame for rising concentration

on a loosening of regulations. It is possible, he concedes, that falling demand for goods in

particular industries in the late 1970s and early 1980s, coupled with nascent market pressures
7Dögüs analyzed this using a measure he calls ‘Degree of Monopoly’, the ratio of the real value added to the wages

of workers.
8for more on Robert Bork and a brief history of modern U.S. antitrust policy see: Kąkol (2014)
9the summed squares of the market shares of all firms within an industry.
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stemming from globalization, led to a natural – and quite possible healthy - increase in

industry concentration.

In 2017, Autor et al. published a paper on the phenomenon of ‘superstar’ companies and

industrial concentration. They used 4-digit SIC codes to track the CR4 and H.H.I. in 676

industries between 1982 and 2012 (using the Economic Census) and find that both measures

had increased over that same period. A 2017 Economic Innovation Group report finds that

the four largest firms account for at least 25 percent of the market in almost all of U.S.

industries. They also find that market concentration, as measured by revenue share, has

increased in two-thirds of U.S. industries between 1997 and 2012.
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Chapter 2

The Role of Information and Communication Technology in Wage Dispersion

2.1 Some Considerations

Munch et al. (2018) warned that due to a lack of good data there is no empirical study that

directly establishes a causal relationship between ICT investment and wage inequality among

U.S. firms. However, it is hard to refute that there must be some connection between ICT

investment and wage inequality. If ICT investments do not lead to SBTC, then they must at

least be symptomatic of SBTC. Since SBTC leads to job polarization, and job polarization

leads to income inequality, the connection seems obvious. Nevertheless, the nuances of the

mechanism are hotly disputed. I outline here some of the more interesting studies that have

made this connection and that have added useful nuance to it.

Lex Borghans and Bas ter Weel (2008) made the case that macro models of the productivity

effects of I.T. are not in line with concordant micro models and that this leads economists

to draw problematic conclusions. Specifically, they find contradictions between most macro

models that see I.T. as a complement to high-skilled workers and a substitute for low-skill

workers and most of the micro evidence that suggests that all workers benefit, just at different

rates. They suggested a novel way to think about computer investment. Rather than focusing

on its attribute as capital that firms buy to increase productivity, they consider computer

investment a fixed cost that is paid not by the firm but by the workers. In this hypothetical,

it is easy to see how the most productive and highly skilled employees enjoy a relative

advantage. The researchers’ model predicts that I.T.-induced income inequality will converge

to zero as computer costs converge to zero.
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2.2 The Role of Human Capital

A prevailing view in the literature is that workers with higher human capital have skills that

are simply more complementary with technology than workers with lower human capital.

Therefore, as the workplace becomes more computerized, these workers should experience

greater boosts in productivity and earning. This would suggest that educational attainment

and human capital play an important role in understanding wage dispersion. Starting from

the ’Tinbergian’ assumption1 that technology is always skill-biased, the seminal Goldin and

Katz (2008) book The Race Between Education and Technology2 marvelously describes how

Human Capital has been the fuel of American productivity and is developed in spurts as

education and technology continuously try to keep up with one another.

In the view of Lex Borghans and Bas ter Weel (2005), new computer technologies are

adopted first by workers with higher levels of education not because their education endows

them with particular computer skills but because those workers have higher wages to begin

with. This is because the cost savings that result from a marginal increase in productivity

for these workers is, dollar-for-dollar, greater than for low-wage workers. The researchers

predict that this is the reason that firms will have higher-wage workers adopt computer

technologies first. In the long-term, however, all workers will adopt them and receive the

associated productivity and earnings increase that comes along with their adoption.

Lemieux (2006), however, warns against putting too much stock in measures of educational

attainment when predicting wage dispersion because these overlook the importance of the

quality of the education. Importantly, he predicts that the returns to a ‘good’ education

increases over time faster than that of an ‘average’ one. This simple intuitive fact is very

difficult to measure or to put into models of wage dispersion, despite being incredibly

important when using human capital approaches to modeling income inequality within

groups.
1So named after Jan Tinberg, the economist who first wrote about the race between education and technology.
2Equally impressive is Acemoglu and Autor’s review of the book for the Journal of Economic literature in 2012. It

goes far beyond simply summarizing and praising the book but offers a comprehensive, albeit math-heavy, overview
of the context surrounding and theories presented in the book.
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Acemoglu (1998) explains how the rapid increase of college graduates in the U.S. entering

the workforce in the 1970s may be one of the most important causes of increasing earnings

inequality post-1980. He explains how this rapid influx caused SBTC in 2 distinct phases.

First, the surge in college graduates saturated the market with high-skill workers, which

depressed higher-end wages, the college premium, and income inequality. Then, SBTC

occured as these high-skill workers found new ways to complement technologies and new

niches for their skills. They stopped competing for the same jobs and specialized, which

increases their productivity, their wages, the college premium, and therefore increased income

inequality as well. Kawaguchi and Mori (2014) also claim that the rapid increase in U.S.

college graduates can explain a large portion of income inequality growth because it increased

the wage differential between high school and college graduates.

2.3 The Role of Firm Organization

In the view of Bloom, Sadun, and Van Reenen (2017), management is a technology in and

of itself. As noted over twenty years ago by Timothy Breshnahan (1997), ICT investments

do not simply change the demand for labor but the organization of the firm itself. They

induce larger-scale transformations that change the organizational decisions of firms and of

entire industries. A 2018 report by Munch et al. talks through a few of the most important

ways that new technology adoption affects firm organization. It’s not just that information

technology forces organizational change in a firm but that firms will re-organize reactively to

maximize the benefits of those technologies including hiring more complementary workers

and retraining workers with more complementary skills. Accordingly, the organizational

change sparked by the introduction of new technologies may not necessarily polarize the

existing workforce but create jobs at the upper and lower end of the skill distribution, which

would exert a polarizing force on the workforce (Acemoglu and Autor 2012).

A paper by Acemoglu et al. (2006) argues that the spread of these new information

technologies causes firms to decentralize – at first. When new technologies are implemented,
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it makes sense for authority to be given to lower-level managers to make decisions with them.

However, the researchers argue that this trend reverses once the technology becomes more

commonplace as publicly available information allows higher-level managers to take back the

control over how to use the technologies to make decisions. They also find the young firms

and firms in heterogeneous industries tend to prefer decentralization with high-tech firms

being the obvious example of an industry that is both.

According to Bloom, Sadun, and Van Reenen (2012), the interaction of innovative I.T.

capacity, I.T. use, and management styles is the key to an organization’s success. They find

this interaction is particularly innovative in U.S. firms, which seem to yield higher productivity.

This is evidenced by the fact that I.T.-related productivity is higher in U.S. multinational

firms and that European firms acquired by American ones experience larger increases in their

I.T.-related productivity when compared to similar European firms that were not acquired.

Furthermore, greater decentralization and an organizational structure that changes more

frequently can help explain some of the productivity gap. Using modern management surveys,

Bloom et al. (2014) find a very close relationship between I.T. expenditures and more complex

management practices like rigorous monitoring and evaluation mechanisms and the strategic

setting of targets and incentives in the U.S. manufacturing sector.

2.4 The Role of Market Concentration

According to Dunne, Haltiwanger and Foster (2000), dispersion in wage and productivity

rates across firms is due to different levels of technology adoption as measured by computer

investment per worker. Quite a few researchers are worried that this complementarity issue

has bifurcated the labor market and is contributing significantly to income inequality.

Kurz (2017) blames rising monopoly power and income inequality on the rise in I.T.

investments since large firms are able to use their market power to erect technological barriers

to prevent entry. Kurz builds a model to show that firms that stood to gain the most

from modern IT were not only the most successful but managed to accumulate levels of
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wealth indicative of a non-competitive environment. Grimpe and Hussinger (2008) warn that

antitrust authorities do not estimate the role of technology in M&As aggressively enough.

While some researchers have argued that the cheapening of information technology has

worked to level the playing field, others still see technology as a major barrier to competition

allowing large wealthy firms to get even larger and wealthier.

Bessen (2017) argues that the productivity gap between firms that leads to market

concentration may be driven not by barriers to entry but by barriers to technology. Bessen

finds that the intensity of proprietary I.T. use and the share of employees in working in

a firm’s I.T. department are correlated with industry-level concentration to a degree large

enough to account for recent trends in concentration across all sectors. Furthermore, I.T.

use appears to be driving a wedge between the most productive firms and the rest. The

gains from technology investment seem to be the weakest in small companies, which may

raise concern for the competitiveness of the economy. Similarly, Tambe and Hitt (2012) find

that the productivity returns to I.T. investments are much larger in Fortune 500 firms than

medium and small size firms. They find that I.T.’s contribution to output in medium and

small firms are constant whereas they increase over time in larger firms.

Eeckhout and Weng (2018) find that the income inequality between high and medium/low

skilled workers within the same firm increases with the size of the firm, whereas that gap

between medium and low skill jobs is indifferent to or even decreasing with firm size. They

explain this may be because automation is making low-wage workers more disposable, or

because middle managers are willing to take lesser pay for professional advancement. They

also find a strong correlation between nations that have seen large firms get even larger and

wage inequality.

Recall that, according to Tafti (2013), I.T. stock helps mergers be successful and results

in long-term profitability. If I.T. capability makes mergers more successful, one might safely

assume that I.T. stock facilitates concentration or that industries where these investments
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make the most sense benefit the most from mergers and are the most likely to concentrate.

This is one possible causal chain for the link between ICT stock and declining worker power.

2.5 The Role of Exogenous Labor Competition

In a 2017 paper, Basso, Perri, and Rahman study the role of labor competition shocks

stemming from immigration on job polarization caused by computerization. They provide

empirical evidence that, at the commuting zone level, immigration was strongest in areas

where computer-intensive growth was the strongest, even when controlling for a large number

of CZ controls. The researchers also find that an influx of low-skill immigrants predicts

smaller declines in employment and pay for jobs that are highly routine. They conclude

that immigration slowed job polarization among natives at the lower end of the earnings

distribution.

There is evidence for only a very small effect of immigration on income inequality in the

U.S., according to Orrenius and Zavodny (2018). In their paper, they find that the main

effect of immigration into the U.S. on income inequality comes from the fact that the skill

levels of immigrants are bimodal, meaning that they are clustered at the upper and lower

ends of the skill distribution. It follows that a labor force that adds workers on the upper and

lower end of the skill distribution will increase income inequality overall, but the researchers

find no evidence that immigration increases income inequality among natives.

Iacovone, Pereira-Lopez, and Schiffbauer (2017) argue that the returns to I.T. investment

depend on complementary investments in innovation and changes in the firm’s organization.

They find that only firms that face the threat of increasing competition from China experience

positive returns from I.T. investment.

Cerquera and Klein (2008) find that ICT is an important tool for firms to differentiate

themselves in an industry and that firms that use ICT to ends of achieving heterogeneity are

much more likely to invest in R&D.
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2.6 Situating Myself in the Literature

To the best of my knowledge, no paper has yet attempted to evaluate the association between

ICT and income inequality in a manner that separates workers into computer and non-

computer workers. Equally unique in this research is my use of a variable measuring the

contribution of information technology to multifactor productivity. These data should be

alternatives of interest to traditional investment, stock, and input data because their direct

conceptual connection to productivity.
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Chapter 3

Hypotheses and Methods

3.1 Common Issues Facing the Research

3.1.1 The Term Information and Communication Technology is Problematic

I think it is important to highlight that some researchers find the term ICT problematic. Bloom

et al. (2010) emphatically and quite convincingly state that studies on ICT lump information

and communication technologies together with no real empirical or theoretical justification.

They make the case that information technologies and communication technologies have

completely opposite organizational effects. When it comes to its effects on decision-making,

they suggest that information technology decentralizes decision-making by empowering lower-

level workers to make decisions. In contrast, communication technologies tend to centralize

decision-making by enabling deference to managers upstream. They specifically state that,

if their theory is correct, the effects of information and communication technologies should

exert opposite effects on income inequality. Using a panel dataset of U.S. and European firms,

the researchers used surveys that measure worker and manager autonomy to evaluate the

effects of ICT investments on these measures. Using the cost of technologies as an instrument

to address the possible endogeneity of ICT investments, they find that their theory enjoys

broad empirical support. The same point about the opposite effects of information and of

communication technologies on the centralization of the firm is also made by Munch et al.

(2018).
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3.1.2 The Endogeneity of Information and Communication Technology

Investment

A major roadblock to studying ICT highlighted by the literature is the potential endogeneity

of ICT investment with respect to measures such as productivity, profits, or worker wages.

Tables 2, 3, and 4 in Draca , Sadun and Van Reenen (2006) offer a fairly detailed summary

of the literature’s approach to dealing with the endogeneity of ICT investment when it comes

to the most common left-hand side variable: firm productivity. In the literature, researchers

have worried that ICT investments may be endogenous to firm performance (Iacovone,

Pereira-Lopez, and Schiffbauer 2017), firm innovation (Fabritz 2015), industry productivity

spillovers (Rincon, Vecchi and Venturini 2013; Tambe and Hitt 2014), and firm productivity

(Acemoglu et al. 2007; Zwick 2003).

The issue, in sum, is articulated by Rincon, Vecchi and Venturini (2013):

’The main cause of endogeneity in production function estimation arises from the

fact that the error term contains unmeasured components that are unknown to the

econometrician but known to the firm, and are therefore transmitted to the firm’s

choice regarding factors inputs. This results in upward biased coefficients, partic-

ularly for those inputs that can be more easily adjusted following a productivity

shock. Next to this ’transmission bias’, measurement errors in the input variables

lead to an ’attenuation bias’ which produces a downward bias of the estimated

elasticities. The use of panel data methods, by removing unobserved fixed effects,

partially addresses these issues but it still leaves some simultaneity unaccounted

for.’

I have chosen to use a fixed effects model to account for some of the residual simultaneity

that may be plaguing my research question. Although in many cases this is not enough

to avoid the problem of endogeneity, no paper in the literature I have surveyed has used

an identification strategy to instrument wage dispersion when looking at ICT investment.
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Using an instrumental variable is a tricky endeavour and using an improper instrument can

introduce even more bias into the model than originally existed. It is the distribution, not

the level, of wages underlies my variables of interest and since the level of these wages is

not inextricably linked to its own distribution, I conclude that I can proceed without an

identification strategy.

3.1.3 How Best to Segment Analyses of Information and Communication

Technology?

Within and between-sector analyses yield different results and lead to different conclusions.

Since I am using data aggregated at the industry level, I am making the choice that I am

more interested in the within-industry changes than the between-industry changes over time.

According to the literature, this is not an unreasonable choice. Tüzemen and Willis (2013)

find that the effects of within-industry change in explaining wage polarization have dominated

the effects of between-industry change and, as noted by Shim and Yang (2018), the declining

cost of ICT has led to job polarization trends within different industries converging over

time.

Rincona, Vecchia, and Venturini (2013) attempt to measure the direction and size of intra-

industry and inter-industry productivity spillovers of ICT, finding that such spillovers between

industries exist in the short-run but disappear as its adoption becomes more widespread.

Starting my analysis in 2003 may be late enough after the advent of ICT’s ubiquity that

spillovers would not add too much noise to my data. However, due to the uneven nature of

ICT rollout between industries, spillovers into other industries may not have become muted

in all industries by then. I concede that this is an assumption on my part and proceed with

this in mind.

Mittal and Nault (2009) consider a different time of spillover of I.T., one that spills over

from to all other production inputs. They argue that it is a mistake to consider I.T. as

another capital input. Rather, it is an input that can significantly and indirectly add value
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to production. Treating it like a normal input would understate its value as it would ignore

its indirect benefits. The researchers find that I.T. appears to augment non-I.T. capital and

labor more and more as time goes on and that the shift in importance from direct to indirect

contributions of I.T. is common as the relative stock of I.T. in a firm increases. With this in

mind, I have chosen to separate computer workers from non-computer workers in my analysis

to account for these kinds of spillover effects.

3.2 Hypotheses

I present here two types of hypotheses. The first relates to the testing of assumptions about

the structure of the analysis and the second relates to my specific research questions.

3.2.1 Hypotheses About the Structure of the Analysis

Hypothesis 1: When analyzing the effects of ICT on income inequality, the

service sector and goods-producing sector should be analyzed separately.

Explanation for Hypothesis 1: The second way to split the sample is to differentiate between

the service industry and the goods-producing industry. I reason that ICT should greatly

benefit the productivity (and therefore the pay) of a smaller fraction of workers in the

goods-producing sector. Rather, I argue that it increases productivity and pay for these

workers more evenly than in the services industry where the productivity differentials that

are borne out of ICT investments differ much more drastically within an industry.

Hypothesis 2: When analyzing the effects of ICT on income inequality, com-

puter occupations and non-computer occupations should be analyzed separately.

Explanation for Hypothesis 2: The first way to split the sample is to separate earnings

data from workers in computer occupations from non-computer occupations, the reason for

this being fairly obvious. ICT should benefit the productivity, and by extension the pay,

of all computer workers more or less evenly. Even if computer workers are not strictly a
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homogeneous bunch, they should be similarly different enough from the rest of workers to

permit me to make this assumption. I make this assumption for two main reasons. First, I

assume that computer workers are all complements to ICT investment and therefore are not

affected by ICT-induced wage polarization in the same way as other workers. Second, testing

the association between my ICT measures and wages in computer occupation confronts me

with serious endogeneity issues that I do not feel comfortable overlooking nor do I have a

satisfying identification strategy to resolve.

Hypothesis 3: When analyzing the effects of ICT on income inequality, the

lower-end of the income distribution and the upper-end of the income distribu-

tion should be analyzed separately.

Explanation for Hypothesis 3: In line with the mainstream view of SBTC that sees a ’hollowing

out’ of the income distribution as being the driving force between rising income inequality

and the literature finding separate trends occurring in the lower and upper tail of the income

distribution, I expect that separating the analysis by the two tails of the income distribution

will yield different results.

Hypothesis 4: When analyzing the effects of ICT on income inequality, the

effect of information technology and communications technology should be ana-

lyzed separately.

Explanation for Hypothesis 4: I examine the hypothesis advanced by Bloom et al. (2010) that

the term ICT is inherently problematic and that information and communication technologies

should not be lumped together in data-collection and in theory. This should lead to most

interesting conclusions to come from my research and should be a critical consideration when

looking at the productivity effects of ICT.

34



3.2.2 Hypotheses About the Results of the Analysis

Hypothesis 5: Greater investment in information technology predicts lower

income inequality and greater investment in communication technology pre-

dicts higher income inequality even when controlling for unionization rates and

product market concentration.

Explanation for Hypothesis 5: This is in line with the predictions first laid out by Bloom et al.

(2010) about the opposite effects on income inequality of information and of communication

technologies. This is a relationship that they suggest but do not test empirically.

Hypothesis 6: A larger real capital input of information technology predicts

lower income inequality and a larger productive stock in communication tech-

nology predicts higher income inequality.

Explanation for Hypothesis 6: Similar to Hypothesis 5, this is an empirical test of the

predictions made by Bloom et al. using real capital input as a measure of IC rather than

investment in ICT.

Hypothesis 7: A larger productive stock in information technology predicts

lower income inequality and a larger productive stock in communication tech-

nology predicts higher income inequality.

Explanation for Hypothesis 7: Similar to Hypothesis 5 and 6, this is an empirical test of the

predictions made by Bloom et al. using stock rather than investment in ICT as my measure

of ICT.

Hypothesis 8: A stronger contribution to productivity of information tech-

nology predicts lower income inequality.

Explanation for Hypothesis 8: Similar to Hypotheses 5 and 6, this further tests the predictions

of Bloom et al. by using a measure of the importance of ICT that has never before been used

in the literature.
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Hypothesis 9: Unionization rates will decrease income inequality

Explanation for Hypothesis 9: Although this is a controversial topic within the literature, I

do believe that unionization or the proxy for labor market power that it may represent, will

be associated with lower income inequality.

Hypothesis 10: Market concentration rates will increase income inequality

Explanation for Hypothesis 10: Although this is a controversial topic within the literature,

I do believe that market concentration or the proxy for producer market power that it

may represent, will be associated with higher income inequality. Some of the research on

this subject agrees with this prediction but the intuition I offer is simple. Industries with

more market power can extract monopoly rents and use those rents to attract talent away

from other industries (especially since the similarity of top wages in Figure 2 suggests that

high-paid computer skills are highly mobile across industries).

3.3 Considerations When Selecting the Model

3.3.1 The Use of Fixed Effects

In order to control for the idiosyncratic characteristics of each industry, I opted to use a fixed

effects model, with added year dummies to control for year effects. Opting for a fixed effects

model removes the between-industry heterogeneity to, ideally, be left only with the ‘true’

average effect of my technology investment variables on income inequality. Similarly, the

year effects are added to remove between-year heterogeneity and are particularly important

because the time period in question, 2003 to 2016, is centered around the Great Recession

when both investment levels and incomes were subject to heavy fluctuations.
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3.3.2 Weighting for Godot

Since the unit of analysis is the worker and not the industry, I elected to weight each industry

by the number of workers in that industry within each year. As noted by in Angrist and

Pischke’s Mostly Harmless Econometrics (2008):

’A simple rule of thumb for weighting regression is use weights when they make it

more likely that the regression you are estimating is close to the population target

you are trying to estimate. [...] Suppose that you would like to regress yi on Xi

in a random sample, presumably because you want to learn about the population

regression vector β. [...]. Instead of a random sample, however, you have data

grouped at the level of Xi. That is, you have estimates of E[yi | ji = x] for each

x, estimated using data from a random sample. Let this average be denoted yx,

and suppose you also know nx, where nx/N is the relative frequency of x in the

underlying random sample.

The regression of ȳx on x, weighted by nx is the same as the random-sample

regression. Therefore, if your goal is to get back to the microdata regression, it

makes sense to weight by group size. We note, however, that macroeconomists,

accustomed to working with published averages and ignoring the underlying

microdata, might disagree, or perhaps take the point in principle but remain

disinclined to buck tradition in their discipline, which favors the unweighted

analysis of aggregates.’

Since the reason I am weighting my observations is to recover properties that would

generate coefficients similar to running the model on the underlying microdata, I conclude

that I can and should move forward with weighting each industry by employment in each

industry-year.
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3.3.3 Addressing Autocorrelation

A major problem that often plagues time series research is autocorrelation. Serial autocorre-

lation occurs when the errors of an observation are correlated with, and therefore a function

of, its past values. This can be problematic for inference in time series analysis because,

in this situation, it is unclear whether both the independent measure and the dependent

variables are following set paths that happen to coincide or if one is actually causing the

other. Since failing to adjust my standard errors would lead me to understate them and

therefore overstate the significance of the coefficient, I have decided to cluster my standard

errors by industry.

Angrist and Pischke (2008) offer up the magical number of 42 clusters for being the

minimum safe number to proceed with a naive application of STATA’s clustering to address

autocorrelation, though they point to other research that suggests that any number in the

double digits may be enough. Since I separate the service industries (32 clusters) from the

goods-producing (24 clusters) industries, clustering my standard errors at those subsamples

have a good chance to address autocorrelation. Angrist and Pischke suggest that coarser units

of analysis, such as states or industries, are less susceptible to serial correlation problematic

for inference than smaller units, such as firms or workers. As such, I believe that simple

clustering should address most of the autocorrelation in my data.

3.3.4 Just Another Log in the Machine

Interpreting measures of income inequality that are ratios of quantiles can be difficult to

interpret. Therefore, I have elected to transform these measures to natural logarithms in

order to interpret the coefficients as percentage changes. Indexes, such as the contribution

to productivity of ICT is also somewhat difficult to interpret. Therefore, they were also

transformed into natural logarithms in order to interpret the coefficients on ICT measures as

elasticities of income inequality.
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3.3.5 Excuse Me Sir, Can I See Some Identification?

While many papers have considered ICT investments to be endogenous to average productivity

and wages, I argue that the distribution of wages is not systematically related to the average

values of these measures and therefore does not require an identification strategy. Although

information about the costs of ICT is available in my dataset, using them as instruments

would be a mistake since SBTC implies that a shift in the cost of technology directly affects

the wages of some workers and not others. It would be hard to reason that price measures

satisfy the exclusion restriction.

3.3.6 On the Exclusion of Industries

The OES data that provides wage quantiles is missing data on the industry ’Management

of Companies and Enterprises’ (NAICS code 55), which results in that industries being

dropped from the regressions. Furthermore, missing data for union membership resulted in

the following industries being dropped when unionization rate was included in the model:

Apparel and Leather and Allied Products (NAICS codes 315-316); Fabricated Metal Products

(NAICS code 332); Federal Reserve Banks, Credit Intermediation, and Related Activities

(NAICS codes 521-522), and; Other Transportation and Support Activities (NAICS codes

487-488, 492). Similarly, missing data for market concentration results in the following

industries being dropped when market concentration was included in the model: Construction

(NAICS code 23); Management of Companies and Enterprises (NAICS code 55); Mining,

except Oil and Gas (NAICS code 212); Oil and Gas Extraction (NAICS code 211), and;

Support Activities for Mining (NAICS code 213).

Beyond that, I decided to omit NAICS code 81 (basically an ’others’ category) because it

might be referring to different industries in different datasets and because it is, by definition,

noise. The net result of the industries listed above being dropped is that when both the

unionization rate and the index of market concentration were included in a model, nine
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industries employing 1,4981,267 workers in 2016 (or approximately 10.48 percent of the

workers in the dataset) were dropped.

3.4 The Final Model

The final model I am estimating is a fixed effects model with year effects that measures the

impact of various ICT measures on income inequality, split by major sector (service and goods-

producing) and by occupation (computer occupations and non-computer occupations). I will

include and display the coefficients of two control variables, unionization rate1 and product

market concentration by industry-year. Each observation will be weighted by employment

in that industry-year in an attempt to replicate analysis on the microdata per Angrist and

Pischke (block-quoted above). The standard errors will be clustered at the industry level to

account for autocorrelation.

Functional Form The fixed effects model that I am using follows the functional form:

Yit = β0 + βkXk,it + γiEi + ψtFt + uit

Where;

Yit is the dependent variable (DV) where i = industry and t = year;

β0 is the intercept, not of any particular interest in a fixed effects model;

βk is the coefficient for the independent variable (IV) k;

Xk,it represents the IVs for each i and t;

γi are the coefficients for the dummies for each industry;

Ei is a dummy for the industry i, of which one is omitted in the model;

ψt are the coefficients for the dummies for each year;

Ft is a dummy for the year t, of which one is omitted in the model;

uit is the error term

1note: When including the unionization rate, I also include its square and cube because inequality as a function of
the unionization rate appears to be a cubic function (see Appendix B)
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Chapter 4

Data

4.1 The Dataset

4.1.1 What the Dataset Is

My final harmonized dataset tracks 60 different industries from 2003 to 2016. While the

Bureau of Labor Statistics (BLS) industry-level investment data goes back to 1987, significant

changes to Standard Industry Classification (SIC) codes made in 2003 make earnings and

unionization data from the Current Population Survey before 2003 impossible to cleanly match

with the BLS data, which uses the more modern North American Industry Classification

System (NAICS) that I use in my dataset.

4.1.2 Representativeness of the Dataset

Many of the industries included in the B.L.S. datasets are simply agglomerations of several

more granular industries that are also included in the dataset. Therefore, I did not include

any industry if a more granular set of NAICS codes were also included in the dataset, as

this would be tantamount to double-counting. The industries left in my final dataset, as

measured against the 2016 economy, represent 87.6 percent of U.S. economic output and

87.3 percent of the U.S. labor force.
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4.2 Data Sources

4.2.1 Industry-Level Productivity and ICT Investment Data

I merged two BLS datasets on firm productivity and ICT investment to create a representative

snapshot of the economy. The data consist of yearly figures that span the time period of

1987 to 2016 and follow the Capital-Labor-Energy-Materials-Services (KLEMS) classification

of industries, an internationally standardized measure for breaking down an economy into

components whose methods of production are similar for the purpose of economic analysis.

The first data source comes from Division of Major Sector Productivity of the Bureau

of Labor Statistics (BLS) dataset “Combined Sectors and Industry KLEMS Multifactor

Productivity Table by Measure”1. The second data source is the “Information Capital and

Related Measures” published by the Division of Major Sector Productivity.

4.2.2 Industry-Level Worker Earnings Data

The earnings data I use are the "National industry-specific and by ownership" tables from

Occupational Employment Statistics (OES) Survey, published by the BLS,2 which details

yearly mean and median earnings, as well as the 10th, 25th, 50th, 75th, and 90th percentile of

earnings, in an occupation-industry matrix. I separated the data into computer occupations

and non-computer occupations by taking all of the major occupational categories and

separating the ‘Computer and Mathematical Occupations’ from all the others. I then took

all non-computer occupations and weighted them by the size of each occupational group to

create a measure of non-computer occupation wages. I also created three different measures

of income inequality that are commonly found in the literature: a) the ratio of the 90th to

the 50th wage percentile, what I refer to as lower-tail inequality ; b) the ratio of the 50th to

the 10th percentile of earnings, what I refer to as upper-tail inequality ; and c) the ratio of the

90th to the 10th percentile of earnings, what I refer to as total inequality.
1Available at https://www.bls.gov/mfp/mprdload.htm
2Available at: https://www.bls.gov/oes/tables.htm
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4.2.3 Market Concentration

The market concentration data I use are from the Census Bureau’s Economic Census

that is conducted every five years as compiled by researcher Jan Keil3. The fact that the

Economic Census takes place only every five years means that any model that includes market

concentration will be reduced from 14 years to only 3 years. Additionally, concentration

data are not available for the agricultural sector for the years I am interested in. Reducing

the dataset to three years is a severe limitation that many researchers have sought to

circumvent by using alternative data sources. Unfortunately, as detailed in several papers

including that for which Jan Keil published the concentration data as an appendix, popular

yearly alternatives to concentration figures of the Economic Census like Standard & Poor’s

Compustat data correlate very poorly to Economic Census figures. I have therefore elected

not to use those alternative sources in my dataset and I urge other researchers to do the

same unless they are solely interested in studying public firms.

4.2.4 Union Membership Data

The union membership data I use are from the Current Population Survey that are collected

by the Census Bureau for the BLS and were compiled by researchers Hirsch and Macpherson.4

3Available at: https://sites.google.com/site/drjankeil/data
4Available at www.unionstats.com.
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Chapter 5

Results

5.1 Summary of Results

5.1.1 Results About the Structure of the Analysis

i. Analysis of the role of ICT on income inequality should separate computer occupations

from non-computer occupations.

ii. Analysis of the effects of ICT on income inequality should separate workers based on

whether they are in the service sector or the goods-producing sector.

iii. Analysis of the effects of ICT on income inequality should examine the upper and

lower tails of the income distribution separately.

iv. Analysis of the effects of ICT on income inequality does not need to separate informa-

tion and communication technologies.

5.1.2 Substantive Results of the Analysis

For Computer Workers in the Service Sector

i. Investment in ICT is positively associated with lower-tail income inequality for service-

sector computer workers.

ii. Real capital input and productive capital stock of ICT are positively associated with

income inequality for computer workers in the service sector.

iii. Contribution of IT to Productivity positively predicts income inequality for computer

workers in the service industry.
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For Non-Computer Workers in the Service Sector

i. Gross Investment in ICT is not associated with significant changes in income inequality

in either tail, though the effect of market concentration is positive and significant for non-

computer workers in the service sector.

ii. Real Capital Input of ICT increases income inequality in the lower tail and decreases

income inequality in the upper tail for non-computer workers in the service sector.

iii. Productive Capital Stock of ICT is significantly and negatively associated with income

inequality in the lower tail of the income distribution for non-computer workers in the service

sector.

iv. The Contribution of IT to Productivity significantly and negatively predicts income

inequality in both tails for non-computer workers in the service sector.

For Computer Workers in the Goods-Producing Sector

i. Gross Investment, Real Capital Input, and Productive Capital Stock of ICT are not

significantly associated with income inequality for computer workers in the goods-producing

sector.

ii. Contribution of IT to Productivity in the goods-producing sector is significantly and

positively associated with lower-tail income inequality among computer workers.

For Non-Computer Workers in the Goods-Producing Sector

i. Both unionization rate and product market concentration positively predict income

inequality in the lower-tail of incomes for non-computer workers in the goods-producing

sector.

ii. Gross Investment in ICT, Real Capital Input, and Productive Capital Stock ICT

are not significantly associated with income inequality for non-computer workers in the

goods-producing sector.
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iii. Contribution of IT to Productivity significantly predicts less income inequality in

the lower tail of the income distribution for non-computer workers in the goods-producing

sector when controlling only for unionization rate. This elasticity turns insignificant when

controlling for product market concentration.

Table 1: Univariate Regressions of Unionization and Market Concentration on Income
Inequality by Tail, Sector, and Occupation

5.2 Evaluating the Hypotheses

5.2.1 Results About the Structure of the Analysis

Hypothesis 1: When analyzing the effects of ICT on income inequality, the

service sector and goods-producing sector should be analyzed separately.

Hypothesis 1: CONFIRMED. None of the tables show similar results for the service and

goods-producing side, with the exception of Table 1 that shows that essentially none of the
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union or market concentration measures are highly predictive of income inequality. Similarity

of this nature, of course, is not significant nor a basis to justify pooling. I henceforth report

results for service and goods-producing industries separately.

Hypothesis 2: When analyzing the effects of ICT on income inequality, com-

puter occupations and non-computer occupations should be analyzed separately.

Hypothesis 2 in Services Industries: CONFIRMED. Looking at investment in ICT, for

example, one can see that it is highly predictive of increasing income inequality for computer

workers (Table 2) but not at all for non-computer workers (Table 3) in the service industry.

While the Stock of ICT is significantly associated with income inequality for computer

workers in both income distribution tails the service industries (Table 4), the same is not

true for non-computer workers in the service industry, where ICT is only a good predictor

for lower-tail inequality (Table 5). Furthermore, the effects of ICT have different signs for

service-industry computer and non-computer workers in the lower tail.

Hypothesis 2 in Goods-Producing Industries: CONFIRMED. Looking at IT’s contribution

to productivity, one can see that the effects of this contribution on income inequality for

non-computer workers in the goods-producing sector only appears when controlling for union

and becomes insignificant when controlling for union and market concentration (Table 5).

Furthermore, the effect of IT intensity on inequality is negative. For computer workers

in the goods-producing industry, the relationship holds in the face of union and market

concentration controls and its effect on inequality is positive (Table 4).

Hypothesis 3: When analyzing the effects of ICT on income inequality, the

lower-end of the income distribution and the upper-end of the income distribu-

tion industries should be analyzed separately.
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Table 2: Gross Investment in Computers and Communication and Income Inequality
(Computer Workers)

Hypothesis 3 in Services Industries: PARTIALLY CONFIRMED. With the exception of real

capital input and stock of ICT for computer workers in the service industry, the significance

of ICT on income inequality is never the same in each tail.
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Hypothesis 3 In Goods-Producing Industries: CONFIRMED. The strength of the association

between ICT and income inequality is never the same in each of the tails in any of the

measures used.

Table 3: Gross Investment in Computers and Communication and Income Inequality (Non-
Computer Workers)
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Hypothesis 4: When analyzing the effects of ICT on income inequality, the

effect of information technology and communications technology should be ana-

lyzed separately.

Hypothesis 4 in Services Industries: FAIL TO CONFIRM. Although there are cases where

the coefficients on either computer or communication technology with respect to income

inequality were significant and the other was not, nowhere did a phenomenon of reversing

signs occur as predicted by Bloom et al. (2010).

Hypothesis 4 in Goods-Producing Industries: idem.

5.2.2 Substantive Results of the Analysis

Hypothesis 5: Greater investment in information technology predicts lower

income inequality and greater investment in communication technology pre-

dicts higher income inequality even when controlling for unionization rates and

product market concentration.

Hypothesis 5 in Services Industries: PARTIALLY CONFIRMED. Although I do not find

a particularly distinct effect of computers and communication on income inequality, I do

find that ICT investment increases income inequality across the board for computer workers

(Table 2) but not at all for non-computer workers (Table 3).

Hypothesis 5 in Goods-Producing Industries: FAIL TO CONFIRM. Although I do not find a

particularly distinct effect of computers and communication on income inequality, I do not

find that ICT investment increases income inequality for either computer jobs (Table 2) or

non-computer jobs (Table 3) when controlling for union rate and market concentration.

Hypothesis 6: A larger capital input in information technology predicts lower

income inequality and a larger productive stock in communication technology

predicts higher income inequality.
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Hypothesis 6 in Services Industries: PARTIALLY CONFIRMED. Although I do not find

a particularly distinct effect of computers and communication on income inequality, I do

find that ICT investment increases income inequality across the board for computer workers

(Table 2). Among non-computer workers these investments decrease income inequality across

the board (Table 3).

Table 4: Productive Capital Stock of ICT and Income Inequality (Computer Occupations)
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Table 5: Productive Capital Stock of ICT and Income Inequality (Non-Computer Occupations)

Hypothesis 6 in Goods-Producing Industries: FAIL TO CONFIRM. Although I do not

find a particularly distinct effect of computers and communication on income inequality, I

do not find that ICT investment increases income inequality for either computer jobs or

non-computer jobs (Table 5) when controlling for union rate and market concentration.
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Hypothesis 7: A larger productive stock in information technology predicts

lower income inequality and a larger productive stock in communication tech-

nology predicts higher income inequality.

Hypothesis 7 in Services Industries: PARTIALLY CONFIRMED. Although I do not find a

particularly distinct effect of computers and communication on income inequality, I do find

that ICT stock increases income inequality across the board for computer workers (Table 4)

but decreases income inequality for non-computer workers in the lower tail (Table 5).

Hypothesis 7 In Goods-Producing Industries: FAIL TO CONFIRM. Although I do not find

a particularly distinct effect of computers and communication on income inequality, I do

not find that ICT stock increases income inequality for either computer jobs (Table 4) or

non-computer jobs (Table 5) when controlling for union rate and market concentration.

Hypothesis 8: A stronger contribution to productivity of IT predicts lower

income inequality .

Hypothesis 8 In the Service Industry: FAIL TO CONFIRM. Contribution to productivity

of IT is positively associated with income inequality, not equality as hypothesized, across

computer (Table 8) and non-computer occupations (Table 9) in the service industry.

Hypothesis 8 In the Goods-Producing Industry: PARTLY CONFIRMED. In the goods-

producing industry, contribution to productivity of IT is positively associated with income

inequality across the lower-tail incomes distribution for computer workers (Table 8) but not

for non-computer occupations (Table 9).

Hypothesis 9: Unionization rates will decrease income inequality.

Hypothesis 9: FAIL TO CONFIRM. As seen in Table 1, unionization is never significant in

predicting income inequality on their own.

Hypothesis 10: Market concentration rates will increase income inequality
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Hypothesis 10: FAIL TO CONFIRM. As shown in Table 1, my measure of market concentra-

tion only appears to be associated with higher income inequality to a significant degree among

the lower tail of non-computer occupations in a univariate model. Market concentration is

a significant predictor of income inequality in my models that look only at non-computer

workers (see Tables 3, 5, 7, 9). When there is a relationship between income inequality

Table 6: Real Input of ICT and Income and Inequality (Computer Workers)
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and product market concentration, it is consistently positive (though the magnitude of its

elasticities is generally low).

Table 7: Real Input of ICT and Income and Inequality (Non-Computer Workers)

55



Table 8: Contribution of IT to Productivity and Income Inequality (Computer Occupations)

5.3 Detailed Results

By and large, my results show that there is a strong association between measures of ICT at

the industry level and income inequality among the workers in that industry. This is entirely

consistent with the literature I have reviewed and summarized in section 1.3. The unique

contribution of this paper lies in its use of multiple measures of ICT, the fact that it controls
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for unionization and product market concentration, and how it splits the analysis by sector

and occupation.

5.3.1 Labor Power and Market Power Effects

Unionization was not significant in any of my univariate models across any of the sector and

occupation subdivisions. As for product market concentration, there is one tranche of workers

Table 9: Contribution of IT to Productivity and Income Inequality (Non-Computer Occupa-
tions)
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for which it was significantly and positively associated with income inequality: non-computer

workers in the lower tail of the income distribution.

5.3.2 Are ICT Measures Interchangeable?

My analysis uses three traditional measures of ICT: investment in ICT (in dollars), productive

capital stock of ICT (in dollars), and real capital input of ICT (index using 2009 as a base

year). Since I established that computer and communication technology are very similar

in their relationship with income inequality at the industry-level, I used a measure on the

contribution to productivity of IT (index), which omits communication technology, as a

measure. In some regard, each of these measures proved significant in predicting income

inequality and all seemed to generally agree with each other. The nuance matters, however,

and it is within the subdivision of the analysis by sector and occupation that these nuances

can be seen.

5.3.3 The Nuances Matter. What Are They?

When dividing the analysis by sector, I find significant differences in the relationship measures

of ICT and income inequality. On average, ICT measures were more likely to be significant

in predicting higher income inequality in the service sector than the goods-producing sector.

In the following sections, all models evaluated include controls for the unionization rate and

product market concentration.

Computer Workers in the Service Sector

Gross Investment in ICT is significantly associated with higher income inequality for

service-sector computer workers in the lower-tail of the income distribution (Column 2, Table

2). The elasticity1 of income inequality (henceforth referred to by the symbol ε) with respect

to computer investment is small but significant (ε = 0.064). The same occurs for investments

1Elasticities have very intuitive interpretations. In essence, they tell you by how many percent your outcome
variable (here, income inequality) will change in response to a one percent increase in your independent variable (e.g.
Dollars Spent on ICT Investment).

58



in communications (ε = 0.057) (Column 4, Table 2). However, this is limited to the lower-tail,

and similar effects do not hold true for inequality in the upper tail.

Real Capital Input of ICT is positively and significantly associated with income inequality

in both tails for computer workers in the service sector. In the lower tail, the elasticity of

computer input is about 0.055 (Column 2, Table 4) and the elasticity of communication is

about 0.066 (Column 4, Table 4). In the upper tail, the elasticity of computer input is about

0.042 (Column 6, Table 4) and the elasticity of communication is about 0.055 (Column 8,

Table 4).

Productive Capital Stock of ICT has a significant and positive relationship with income

inequality for computer workers in the services industry in both of the tails. In this respect,

as well as in terms of the magnitudes, the results are similar to Real Capital Input.

Contribution of IT to Productivity significantly and positively predicts income inequality

in both tails for computer workers in the service industry. However, the elasticities are very

large in magnitude compared to my other measures of ICT. IT’s contribution to productivity

has an elasticity of around 1.5 in the lower tail and 1.34 in the upper tail.

Non-Computer Workers in the Service Sector

Gross Investment in ICT is not associated with significant changes in income inequality in

either tail. Market concentration is somewhat significant in the lower tail for non-computer

workers when the model includes both ICT investments and union, with an elasticity hovering

around 0.04-0.05 (Columns 2 and 4, Table 3).

Real Capital Input of ICT increases income inequality in the lower tail, although the

magnitudes are not very large, (Column 2 and 4, Table 7) and decrease income inequality in

the upper tail (Column 6 and 8, Table 7) of non-computer workers in the service sector.

Productive Capital Stock of ICT is significantly and negatively associated with income

inequality in the lower tail of the income distribution for non-computer workers in the service
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sector. The elasticity of computer stock is about 0.1 (Column 2, Table 5) and the elasticity

of communication stock is about 0.13 (Column 4, Table 5).

Contribution of IT to Productivity significantly predicts income inequality in both tails

for non-computer workers in the service industry. However, unlike for computer workers, its

effect on the income inequality of non-computer workers is negative. IT’s contribution to

productivity is significant in the lower tail (ε = -2.66) and in the upper tail (ε = -1.64) of the

income distribution. (Column 8, Table 9). The elasticity of product market concentration is

somewhat significant and positive in both tails (Columns 4 and 8, Table 9).

Computer Workers in the Goods-Producing Sector

Gross Investment in ICT is not significantly associated with income inequality for computer

workers in the goods-producing sector (Table 2).

Real Capital Input of ICT is not significantly associated with income inequality for

computer workers in the goods-producing sector (Table 6).

Productive Capital Stock of ICT is not significantly associated with income inequality

for computer workers in the goods-producing sector (Table 4).

Contribution of IT to Productivity in the goods-producing sector is significantly and

positively (ε = 4) associated with lower-tail income inequality among computer workers

(Column 4, Table 8).

Non-Computer Workers in the Goods-Producing Sector

Gross Investment in ICT is insignificant in predicting income inequality for non-computer

workers in the goods-producing sector. In the lower-tail of the income distribution, however,

my model reveals a significant and positive relationship between income inequality and both

unionization rate (ε = 2.82) and product market concentration (ε = 0.182) (Column 4, Table

3).
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Real Capital Input of ICT is not significantly associated with income inequality for

non-computer workers in the goods-producing sector (Table 7).

Productive Capital Stock in ICT is insignificant in predicting income inequality for

non-computer workers in the goods-producing sector. Just like for Gross Investment, my

model reveals a significant and positive relationship between income inequality and both

unionization rate (ε = 2.325) and product market concentration (ε = 0.185) in the lower tail

of the income distribution (Column 4, Table 5).

Contribution of IT to Productivity is highly significantly associated with lower income

inequality in the lower tail of the income distribution for non-computer workers in the goods-

producing sector (ε = -4.31) when controlling only for unionization rate (Column 2, Table 9).

This elasticity turns insignificant when controlling for product market concentration although

both unionization (ε = 2.34) and product market concentration (ε = 0.185) significantly

predict increased income inequality in the lower tail (Column 4, Table 9).
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Chapter 6

Discussion of Results

6.1 Discussion of Results

This research paper has admittedly taken on a decidedly broad approach by attempting to

examine the question "What role, if any, is ICT playing in income inequality?". Making

sense of the wealth of findings is challenging and perhaps too much material for a single

paper. Nevertheless, I present them in the hopes that an interested reader will find inspiration

therein. This does not mean that I am dodging responsibility for explaining the findings. To

motivate a discussion and frame my research within the literature at large, I present here

four stylized findings from the results.

6.1.1 Stylized Finding #1

In the service sector, the effect of contribution of IT to productivity on income

inequality is positive for computer workers but negative for non-computer workers.

This finding is interesting for several reasons. First and foremost, it highlights one of the

main conclusions of this paper: computer occupations become more unequal within an

industry when that industry uses IT more intensely. This makes sense if you consider

that all the characteristics of SBTC that complement some kinds of labor and substitute

other kinds of labor are magnified for computer industries. Since computer technology is

continuously improving, it is constantly creating new tasks that computer workers need

to master. Computer workers that are the most adaptable experience a productivity rise

and their wage should rise. Computer workers who cannot adapt or who were performing
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computer tasks that have become highly automatable lose out. A skills-based approach to

examining SBTC thus seems fitting to evaluate such a theory further.

For non-computer workers, on the other hand, the decrease in income inequality associated

with an increase in IT’s contribution to productivity makes sense if we follow the logic

outlined by Bloom et al. (2010). If increased IT capacity does indeed decentralize decision-

making within firms, thus affording workers greater decision-making responsibilities, then

those workers will be the ones driving increases in its contribution to productivity while

also making themselves more productive. The main difference between these workers and

computer workers is that the use of computers for these workers is ancillary to the services

that they output. For them, the classical theory that the value of labor increasing as it

specializes holds. As they get used to new IT capabilities they manage to extract more and

more productivity benefits from it. For the most productive computer workers, however,

there is no such on-the-job learning effect. Computer workers either serve an infrastructure

that they know how to operate or they are expected to have a flexible bundle of skills that

drives across-the-board productivity. According to this logic, only the second kind of worker

will experience productivity and wage growth and what makes this kind of worker so unique

is that specialization actually decreases his value on the labor market in the long-run. Thus,

for computer workers, the driver of income inequality is not just the degree of change but

the velocity of change.

6.1.2 Stylized Finding #2

In all models, both unionization rate and product market concentration positively

predict income inequality in the lower-tail of incomes for non-computer workers

in the goods-producing sector.

This finding hints at two interesting possibilities. It is possible that unionization rates

(assuming unions are effective in securing higher wages) are uneven across the lower tail

of the income distribution for non-computer workers in the goods-producing sector. In all
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likelihood, unions would primarily represent workers in the middle of the income distribution

and effectively preserve their wages in the face of SBTC. The relative decline in wages among

non-unionized lower-skilled workers is what has driven this spread. On the other hand, it

is also possible that unions simply preserved the wages of workers that might be anywhere

in the lower tail of the income distribution. As SBTC began transforming the workplace,

unionized workers were more likely to avoid the ’hollowing out’ of the income distribution as

most of the workers in that lower tail moved down or out. Since no industry has a majority

of workers that are unionized, it is possible that this movement of low-skill workers away

from the median of unionized workers increased the income inequality in this lower tail.

Another possibility is that industries where employers have enjoyed stronger market power

have fissured at the higher and lower ends of the wage distribution. Firms might contract out

the highest-paid jobs because they are highly specialized and may only be needed for a single

project. Firms might contract out the lowest-paid jobs because these are services that have

high degrees of substitution between providers and since contracting it out to a large firm,

rather than doing it in house, is cheaper in the long run. Since firms need to keep pay high at

the upper end to continue to attract those high-value specialists, fissuring may not result in

any income inequality in the upper tail. However, fissuring can drive a wedge between lower

income workers who are in-house and must be paid fairly and those that are contracted out,

employed by a company that has won the lowest bid, and are paid accordingly.

6.1.3 Stylized Finding #3

In the lower tail of non-computer workers in goods-producing industries, the

contribution of IT to productivity lowers income inequality when controlling for

union membership. However, once you account for product market concentration

as well, the relationship disappears.

Production industries are becoming more capital intensive, and SBTC has simply made

higher-skilled workers complements of new technologies relative to lower-skilled workers.
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Although this phenomenon increases lower-tail income inequality, union membership could

slow that displacement by making it more costly to replace a worker with technology. Given

that most union workers are in middle-skill jobs this explanation is entirely plausible.

6.1.4 Stylized Finding #4

Real Capital Input of ICT increases income inequality in the lower tail and

decrease income inequality in the upper tail of non-computer workers in the

service sector.

In line with mainstream theories of SBTC, what is likely happening here is that the task mix

asked of low-skill non-computer workers are separated into routine and nonroutine. What

we are witnessing when the input of ICT increases is a downwards shift of the middle and

lower segments of the income distribution. These are workers who were performing high

levels of routine automatable tasks and their exit from the industry, or the drop in their real

wages, increases inequality in that tail. That is because, compared to workers who were at

similar income levels but whose task bundles were not automatable, they moved down the

distribution therefore increasing the lower-tail inequality. One possible reason that this is not

occurring in the goods-producing sector is that low-skill workers are not so easily automatable

by something as cheap as a computer. Rather, I would expect specialized machinery and

robotics to be the main source of low-skill labor displacement in that sector.
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Chapter 7

Policy Discussion

7.1 Summary of Policy Recommendations

Putting aside the significant barrier to reform that partisan politics poses, there is certainly

reason to believe that specific reform in areas such as taxation, workforce development

programs, and product market competition could help reduce income inequality. I think it

important, at this juncture, to remind the reader that inequality is not in and of itself bad. It

would be unfair to put a ceiling on the earning potential of any American. The concern arises

when the force that pushes that ceiling up forces the floor down. Furthermore, inequality

statistics can be misleading: to quote Alan Krugman ’If income mobility were very high,

the degree of inequality in any given year would be unimportant.’ The evidence, however,

is rather worrying. Labor dynamism, meaning the churn and economic mobility of labor,

is much weaker than most would like to believe (Economic Innovation Group 2017). Yet

no major reforms on these issues are on the political agenda. In this sense, the status quo

appears to continue and make it unlikely that we will shortly see significant shrinkages in

income inequality.

There is a significant role for policy in remedying the increase in noxious income inequality.

What follows is a summary of policy recommendations.

i. Reforms to unemployment insurance could help slow displacement and incentivize

employers to get creative with how to use their workers instead of replacing them outright.
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ii. Cutting marginal tax rates for all workers (except for those at the very top of the

income distribution) expanding work-credit programs like TANF, the EITC can have a strong

positive effect on achieving more income equality.

iii. The ultimate equalizer is a strong first-chance education system (K-12 education).

Aggressive investments in this is likely the only sustainable way for the U.S. to grow inclusively

in the long run. The payoff is also the furthest down the line of any other policy proposal,

meaning that politicians will need to use significant political capital for gains they will never

see. This makes this approach particularly difficult to undertake at the federal level and will

likely need to be undertaken more locally. As promising as that might sound, there is the

strong possibility that such an approach will generate even more inequality as only regions

that are already successful will manage to stay that way.

iv. In the short-run, a strengthening of ’second-chance’ education tracts may be of

significant value. If re-training is left to employers, however, the most disadvantaged of the

displaced workers, who are not cost-effective to retrain, will fall even further behind. The

private market will likely fail in this regard. There is a role for government to incentivize

the creation of outcome-based training programs that pay close attention to the long-term

economic impacts of trainees and to help scale programs that are the most effective.

v. Expanding programs that enable workers to afford retraining like unemployment

insurance, wage insurance, or lifelong learning accounts have huge potential for labor mobility

that empowers the most at-risk workers to acquire skills that the labor market will value in

the long run.

vi. A tax on the ’culprits’ of automation, such as computers or robots is misguided and

could seriously hurt economic growth.

vii. Proposals to reign in possible monopsonies in the form of large firms wielding

significant market power may have a significant effect on income inequality but current

antitrust doctrine does not concern itself with workers. Should antitrust reform materialize,

this avenue may be particularly promising to deal with income inequality.
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7.2 Within-Industry versus Between-Industry Displacement

This research paper has focused almost exclusively on within-industry changes, pursuing a

between-industry approach only insofar as I segmented my analysis into two super-sectors:

services and goods-producing. As noted by Tüzemen and Willis (2013), the policy implications

of wage polarization can be drastically different depending on the extent to which it is driven

by within-sector or between-sector forces. According to the OECD, an average of one third

of job polarization is due to movement from manufacturing to services and two thirds is

due to movement within industries (OECD, 2018). Even though the evidence suggests that

within-sector changes have been more important than between-sector changes, it is important

to consider how these two may be playing out.

The most successful industries may be drawing in both low and high-skill workers from the

least successful industries. Due to structural changes in the production process or declining

consumer demand, those least successful industries that now have a much higher share of

middle-skill jobs cannot afford to automate them. However, those workers have no value in

successful industries because their jobs can be easily automated there. As those less successful

industries contract, middle-skill workers find themselves dropping out of the labor market as

they lose their jobs and cannot find jobs elsewhere.

If wage polarization is driven by between-industry shifts, then the emphasis should be on

helping displaced workers transition into high-opportunity industries. If wage polarization is

more of a within-sector phenomenon, then it is incumbent on the government to help retrain

these workers and endow them with new skills that are valued in booming sectors.

7.3 The Human Capital Approach

As pointed out by Mishel, Schmitt and Shierholz (2013), regardless of how important SBTC

has been in causing income inequality, there is no arguing with the need to use education and

training to achieve sustainable and inclusive economic growth. Helping disadvantaged and

vulnerable workers will need to focus on developing their human capital in order to endow
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them with skills valued by the labor market. These human capital approaches are divided into

first-chance (traditional schooling) and second chance (professional re-training) tracks. While

the key to inclusive long-term economic growth is to strengthen first-chance approaches, this

may not be feasible in the short term. As explained by Carnevale and Desroches (2004):

"In the short term, the American system of mediation among individuals, commu-

nities, and labor markets is likely to remain market-based, privatized, and divided

into “first-chance” and “second-chance” tracks. [...] To some extent, emerging

labor shortages will encourage ‘cherry picking’ and the most skilled among the

disadvantaged should be able to transition from the ‘first chance’ system to the

‘second chance’ system. [...] In the long term, the core strategy for developing

skilled workers and reducing our runaway income inequality is through inclusion

in the ‘first chance’ mainstream educational system. In the meantime, expanding

social and economic inclusion beyond access to working poverty and dead-end jobs

requires that we dramatically increase the scale and scope of the income and social

supports in the second chance system [like expanding assistance in securing health

care, day care, after school programs, EITC funds, family services, and stipends

to assist people who are in school and out of work to retrain]."

7.3.1 Strengthening Non-Traditional Education: The Second-Chance

Approach

Bresnahan (1999) characterized schooling as an important labor supply institution but claims

its role has been overemphasized. Interpersonal and other noncognitive skills are much harder

to automate and these skills will take up a greater importance in the skill bundle demanded

by future employers. These are skills like curiosity, ability to work independently, ability to

work in a team, flexibility, knowledge of an ecosystem and connection to a network, all of

which can drastically increase a worker’s value. Bresnahan emphasizes that these skills have

traditionally not been taught in school but through structured social convenings such as
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clubs, organizations, religious and cultural institutions, and family interactions. If cognitive

skills were all that mattered, he says, the story for worker displacement looks very grim.

However, one should not underestimate the benefit of social gatherings in providing workers

and future workers with these noncognitive skills that they can bring to the workforce. I

bring this up not as a matter of policy but as one the possible limitations of taking a policy

approach to this issue.

Another form of non-traditional education that has been written extensively about is

worker retraining. As noted in a McKinsey Global Institute report from 2017, the United

States is spending less and less money on worker retraining. Spending as a percent of GDP

has declined over sixty percent since the 1990s, even though the need for it is clearly growing.

Some large firms are conducting worker retraining of their own volition, but they are surely

doing so to fill vacancies in positions that the market is undersupplying. Private employers are

likely more adaptable than government retraining programs although, if training is subsidized,

the incentive to increase training output in order to depress wages seems too tempting a

possibility to ignore.

There are also significant equity concerns regarding how public money should be involved

in worker re-training (say, by subsidizing employer re-training programs). This is partly

because some have raised the possibility that these programs could actually increase lower-tail

inequality. A 2011 OECD paper by Desjardins and Rubenson outline the reason why this

might be. According to them, workers that are already the most skilled are perceived by

employers as the best candidates for worker training. This is important because worker-

sponsored training programs make up a lion’s share of these re-training programs in the U.S.

As an employer, it makes much more sense to spend money to retrain someone if only a

quarter of their tasks have been automated rather than someone who has had three quarters

of their tasks automated. SBTC suggests that disruptive technologies affect the workforce

unevenly in this manner and, absent drastic system-wide changes, it is possible that policies

that incentivize employers to train workers will actually increase rather than decrease income
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inequality among displaced workers. As seen by Stylized Finding #1, endowing displaced

workers with generic computer skills with the belief that this will automatically set them up

for life can be a costly mistake. According to that finding, just because an industry benefits

more from ICT does not guarantee that they will share the fruits of these productivity gains

with all of its computer employees. While computer occupation wages are on average higher,

we cannot ignore the trend of growing income inequality because worker re-training should,

from a policy perspective, always consider the long-term.

According to Carnevale and Desroche (2004), action from the government has generally

suffered from a major lack of focus. Major sources of funding for adult re-training come from

the Workforce Investment Act (WIA), the Displaced Worker Fund, WIA Individual Training

Accounts, TANF, and other various Department of Labor programs. Funds disbursed through

the WIA have shifted away from funding programs targeted at disadvantaged populations

towards a broader approach.1 As outlined in Rubin, Seltzer, and Mills (2004), public policies

can enable significant progress towards bridging the skill gap by building human capital in six

main ways: expand and make permanent the more successful worker retraining pilot programs;

match relevant effective state efforts with federal dollars; encourage the development of state-

run workforce intermediaries (organizations whose mission it is to connect employers with

employees); pursue policies that set up lifelong learning accounts for the most at-risk workers;

and further subsidize federal student aid. I recommend going to the source to learn more

about the benefits and pitfalls of these approaches but I would especially like to highlight

the mention of lifelong learning accounts. The idea is that, if you were working in a job that

was identified as having a high-risk for displacement, a small portion of your paycheck would

go into an account that could be matched and tapped into to retrain should displacement

ever occur.2

1To learn more about this complex array of funding sources and their history, I highly recommend the 2014 book
edited by Conway and Giloth that Orson Watson’s chapter is in.

2For more, see Fitzpayne and Pollack 2018
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Workforce intermediaries3 operate in a dual market since they serve both the trainees

and the employers. Their value-added seems evident and as such should be an obvious target

of impact investing both from the private and the public sector. However, according to Orson

Watson (2014)4, economic pressures borne out of the Great Recession have cast doubt over

the long-term sustainability of these organizations. When a flood of money from the American

Recovery and Reinvestment Act poured into the intermediary system to support worker

re-training, many organizations simply returned to offering the kind of ’training for training’s

sake’ that was pervasive in the 1970s. According to him, this shift from a demand-focus to

a supply-focus failed to deliver the worker advancement needed to deliver value for either

side of its dual market. This is symptomatic of a larger problem that these intermediaries

face; the focus has been on ’fixing’ the workers and not on the labor dynamics and business

practices that displaced them in the first place.

Since workforce intermediaries serve businesses, they are, by definition, business-friendly.

This has made advocating for more stringent regulations a third-rail of the intermediary’s

political livelihood. With the bulk of the job growth occurring in the increasingly competitive

bottom end of the labor market, it is unclear how to develop skill in workers that will actually

be rewarded. Perhaps it is time, he concludes, that workforce intermediaries broach the third

rail and advocate for tougher regulations that protect high-risk workers.

Orson Watson laments that workforce development nonprofits are notoriously under-

studied. One particularly well-studied exception is QUEST in San Antonio, Texas that offers

training to displaced workers.5 It owes its fame to being one of the few randomized control

trials in this space and for showing that intervention can lead to sustained wage growth

for displaced workers. Whether the program can scale is a separate issue since QUEST has
3Also known as ’sectoral partnerships’. Their roles can filled by community organizations, labor associations,

community colleges, chambers of commerce, and government agencies (such as Workforce Investment Boards)
4This is a chapter in the 2014 book Connecting People to Work: Workforce Intermediaries and Sector Strategies

edited by Conway and Giloth and published by the Aspen Institute, which is an excellent resource for readers wishing
to learn more about workforce intermediaries

5see: Elliott and Roder 2017
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trained just six thousand workers. Yet that issue of scale is crucial in determining if and how

governments should be involved in these kinds of efforts in the non-profit sector.

7.3.2 Strengthening Traditional Education: A First-Chance Approach

It should be somewhat clear by now that the literature is cautiously optimistic about the

potential for displaced worker retraining to bridge the income gap. However, there is strong

evidence that displaced workers suffer permanent lifelong declines in labor-force participation

and wages even if retraining programs are available to them (Jacobson et al. 1993; Couch and

Dana Placzek 2010; Autor, Dorn and Hansen 2016). Strengthening mainstream ’first-chance’

educational systems should be the first and most important policy priority for advocates of

closing the income gap.

Goldin and Katz (2008) worry that the U.S. is declining as an economic powerhouse

due to insufficient investments in both the quantity and quality of education. The entire

premise of their book is that the 20th century was the "Human Capital Century’ and that

the U.S. managed to secure its place as the world leader through well-timed investments in

education. While the U.S. once led the world in High School graduation rates, it now lags far

behind. Nearly as importantly, funding for K-12 education in the U.S. is very uneven and has

frequently left poor and minority students behind. In their eyes, economic inclusion begins

at K-12 and is key to the human-capital-driven growth of the future. Goldin and Katz offer

three policy recommendations: increase funding for ’Head Start’-like programs that focus

on ensuring that disadvantaged children benefit from good health and education as early as

possible; an increase in the funding for K-12 schools; and an expansion of financial aid for

higher education.

Mishel, Schmitt and Shierholz (2003) are skeptical of research that suggests increasing

the college graduation rate as a legitimate policy solution to income inequality. They note

that there has been a significant slowing in the demand for college graduates since around

1992 and that the college wage premium has been flat for more than a decade. Encouraging
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higher college attainment could, in this way, depress wages for all college-educated workers.

They key may therefore be in complementing traditional education with non-traditional

education. Lifelong learning models of higher education appear theoretically promising yet

too young to speak of here.

7.4 Taxation and Subsidy of Information and Communication Technology

According to Hemous and Olsen (2013), capital taxation would have non-trivial effects on

the roll-out of automating technologies. However, despite all the talk of taxing robots,6 it is

unlikely that such an approach would be desirable even if the growth of ICT intensity and

the rate of SBTC could be slowed. It would harm productivity and economic growth and

the U.S. could rapidly lose its competitive advantage in the global economy. The fall of the

price of ICT (see Figure 7) is a double-edged sword for inclusive growth. On the one hand, it

accelerates the displacement of some low and middle-skill workers. On the other hand, it

lowers barriers to entry for small firms and individuals. Taxing these technologies to prevent

displacing workers may accelerate both labor market and product market concentration as

smaller firms and start-ups are priced out of entering a market that requires ICT to be

competitive.

Importantly, the consequences of slowing the intensity of use of ICT is almost impossible

to calculate because its productivity spillovers are largely unknowable. This issue is discussed

in Tambe and Hitt (2014) who deplore the lack of better data to accurately assess the

spillover effects of ICT investments when contemplating enacting subsidies or taxes. I agree

that the empirical literature has yet to provide policymakers with strong enough evidence to

engage in the act of commission of enacting a subsidy.
6see: https://www.nber.org/papers/w23806; or

https://www.nytimes.com/2019/02/23/sunday-review/tax-artificial-intelligence.html, or
https://www.businessinsider.com/bill-gates-robot-tax-brighter-future-2017-3
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7.5 Reform of the Existing Tax Code

A report from the OECD (McGowan and Andrews 2015) overviews several tax policy reforms

and evaluates them on the basis that there is a trade-off between economic equality and

economic growth. Shifting from personal income tax to a consumption tax, for example,

would increase both economic growth and income inequality since an income tax is more

progressive than a consumption tax. Substituting income taxes with property and capital

taxes would do the same since property taxes are the least harmful for growth but the most

regressive. According to them, there are two tax reform packages that break the paradox

and allow for both economic growth and economic equality.

The first is to cut marginal tax rates and decrease tax expenditures. While cutting marginal

rates appears an obvious way to increase after-tax incomes, cutting tax expenditures to

promote income equality may seem counter-intuitive. The researchers claim that the majority

of tax expenditures (programs like TANF and the EITC being the exception not the rule)

actually benefit higher-income groups. A report by the EPI (2019) agrees that this is a real

risk and find that the incomes of the top one percent of earners increased by nearly half

a percent between 1979 and 2007 solely thanks to government transfers like Medicare and

Social Security. The second tax reform package suggested is to simultaneously increase the

tax rates on top incomes and expand programs like TANF and the EITC. These programs

raise the incentive to work for lower-income Americans while the increase in marginal taxes

for top earners will be unlikely to dissuade them from meaningfully reducing their hours

worked.

Making income and property tax more progressive is also a key policy recommendation

of Piketty’s 2013 book, which helped provoke an intense popular debate about taxation,

equality, and fairness in America. Although the policy approaches advocated for by Goldin

and Katz (2008) to secure inclusive growth and curbing growing income inequality focus
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almost exclusively on building human capital,7 they also explicitly call for a more progressive

system of taxation.

7.6 An Insurance Approach

Writing for Brookings in 2018, Harry Holzer points to two insurance-related approaches that

governments can take to ease the disruptive effects of SBTC on vulnerable workers. The

first is wage insurance that would be collected by the government and then paid out to

displaced workers for a fixed period of time as an alternative to retraining. This approach

makes sense for the most economically vulnerable workers that cannot afford to stop working

to retrain and those workers that are towards the end of their careers for which retraining

would make little sense.8. Another approach is to expand unemployment insurance to allow

displaced workers the economic freedom to seek retraining. The system includes an experience

rating component that asks firms that experience higher churn that normal to pay more

into the system. This disincentivizes employers from abusing their hiring and firing power

to diminish worker power. The maximum contribution in the experience rating system is

currently capped and a rise in that cap or participation rates across the board could help

slow the speed of worker displacement or force employers to think of creative ways to have

those workers complement new technologies. This approach will become more and more

important for supporting computer workers whose skill bundles must remain particularly

flexible as technological progress is increasing at an ever-faster rate.

A comprehensive reform proposal by Kugler (2015) suggests a three-pronged approach.

First, a program should be created that allows workers to keep receiving unemployment

benefits while they retrain. Secondly, unemployment insurance should still be paid out, to a

certain extent, while workers are in lower-paid temporary and internship positions. Third,

workers re-entering the workforce after displacement should receive partial benefits when
7They perhaps focus on this too much according to Acemoglu and Autor’s 2012 review of their book.
8There is research that suggests that a large portion of the decline in middle-skill workers has come from the

retirement of baby boomers. This suggests that workers are slow to move out of declining occupations and that they
are unlikely to retrain.
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they accept part-time work that will lead to full-time work. All of these policies could help

displaced workers return to work and avoid them falling into the vicious cycle that can make

long-term unemployment a near certainty.

In his article, Harry Holzer emphatically states that pairing retraining initiatives with

these insurance reforms would be, by far, a more affordable and effective way to help

vulnerable workers through SBTC when compared to some solutions that have been discussed

in popular media but have no real political feasibility due to their financial and political

costs (such as the debt-free college, a job guarantee, or the Universal Basic Income).

7.7 A National Research and Development Strategy

Many researchers have advocated for the government to take the lead in a national R&D

strategy that will allow new technologies to benefit a wider range of workers. In A Technology-

Based Growth Policy, Tassey (2017) warns that simple tax cuts and deregulation will barely

put a dent in the problem of slow and non-inclusive growth. Rather, massive investments

in R&D that will provide the opportunities needed to grow the economy inclusively must

come from government since the time horizon and risks are far too great to rely on corporate

or private investors. As an example, he points to Manufacturing USA, a public-private

partnership that establishes manufacturing institutes that connect academia with government

to promote technology sharing and address workforce challenges.

7.8 Addressing Growing Product Market Power

The aggressiveness of U.S. antitrust authorities has been called into question by many

observers, and with just cause: while the values of M&As has skyrocketed, the number of

them reported to US antitrust authorities has remained flat over the past decade (Council

of Economic Advisors 2016). Furthermore, many sectors have reached the critical H.H.I.

threshold set by the Federal Trade Commission (FTC) without triggering action from antitrust

authorities (Galston and Hendrickson 2018).
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In John Kwoka’s view (2015), it appears that antitrust is focusing too much on avoiding

Type I errors (blocking mergers with no harms to competition) and too little on avoiding

Type II errors (allowing mergers problematic for competition). He finds that prices seem to

increase by similar amounts for challenged and cleared mergers, raising questions about the

effectiveness of using conduct remedies to approve mergers.

There still exists significant unease and inconsistency in the way U.S. antitrust authorities

deal with innovation as a metric for consumer welfare, compounded by the fact that there are

significant differences in the way that the F.T.C. and the D.O.J. assess the effects of mergers

(Kern et al. 2014). With the rise of ‘digital’ firms that often operate in a two-sided market

and may not charge one side any price for its service, antitrust authorities are struggling to

find an appropriate way to judge the consumer harm of mergers among such firms because

they involve no price competition and judging quality change is harder to do (Ezrachi and

Stucke 2014).

According to Carl Shapiro (2018), the original Chicago School of antitrust thought openly

advocated for the government to be involved in promoting competition – in contrast to its

modern business-friendly materialization in government. To him, the modern regulatory

environment may have taken on too much of a laissez-faire attitude, whether through capture

or ideology, and antitrust is therefore unsuited for solving upstream causes of noncompetitive

behaviors like the political power of large corporations, income inequality, or job creation.

Whether that means to use different tools or to fix this one is a question that is left up to

the reader.

7.9 Addressing Growing Labor Market Power

As the crowd mixed and discussed after an event about market concentration and labor

bargaining power at EPI, I overheard someone say "when the consumer wins, the worker

loses." He was not referring to the oft-cited trade-off of globalization but was rather referring

to how the FTC’s consumer welfare standard dictates that benefits to consumers should
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be the overarching aim of antitrust policy, ignoring the effects of market power on workers.

However, consumers and workers are the same people. Consumers cannot afford to consume

without remuneration from work and workers cannot work if there are no consumers for

their products. If we concede that lower competition depresses wage growth in at least some

segments of the labor force, the government is committing a fatal flaw by being too narrow

in its application of antitrust.

Antitrust authorities typically do not focus on labor displacement or inequality effects

when analyzing the competitive effects of a merger. To authorities, the competition that

is relevant lies only in product markets and not labor markets. However, Marinescu (2018)

noticed that labor market concentration increases after merger waves and suggests that labor

bargaining power and wages, particularly for low-skill workers, are usually harmed in the

process.

A solution that is both simple and elegant is to amend the main merger regulation

law, the Scott-Hart Rodino Act, to require merging firms to divulge the estimated impacts

on workers of their mergers. According to Krueger and Posner (2018), growing employer

monopsony power9 has significantly contributed to the decrease in labor bargaining power

and to the increase in income inequality. In their view, reworking antitrust policy to address

labor monopsony power is key to addressing declining worker power.

In The Fissured Workplace, David Weil (2014) talks about the transformation of the very

idea of the firm and how broader economic forces are driving monopsony power. The basic

idea behind fissuring is that a declining proportion of workers whose inputs serve a specific

firm are actually employed by that firm. Closely connected to the idea of contracting out

and the gig economy, Weil makes a compelling case for how this new state of affairs means

that, as markets consolidate for legitimate efficiency reasons, the most powerful firms are

under no obligation to share their monopoly rents. In the past, firms with market power

that allowed them to extract monopoly rents were, in a way, forced to share those with

employees. Now that a significant proportion of workers are not actually employees, they
9As demonstrated by the rise of tools such as no-compete contracts and no-poaching agreements
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have free rein to absorb the monopoly profits to invest in labor-saving capital or to redirect

them to shareholders. In any case, the net result is that the market power of these firms

allows them to extract higher prices from the public but does not pressure them to share

that with employees. Whenever employees feel like there is a power asymmetry, they are less

likely to organize, bargain, or demand the compensation they either need or deserve.

7.10 Addressing Declining Worker Power

The overwhelming majority of research papers on this topic either ignore the topic of unions

or consider it to play only a small role in rising income inequality. The consensus is that

policies aimed at strengthening labor unions likely cannot have long-lasting effects on slowing

or decreasing income inequality. By and large agreeing with this con census, I find that the

unionization rate is typically insignificant in my models. However, since the bulk of union

decline occurred before 2003, I can only speak to the effect of de-unionization since then.

According to Acemoglu and Autor (2012), collective bargaining techniques can affect the

way that tasks are allocated to either capital or labor. Unions can slow the rate at which tasks

that are being performed by labor are shifted to being performed by capital. However, this

will affect the composition of unions in interesting ways. Particularly in the modern context of

collective bargaining law under which private union membership is becoming volunteer-only,

we will likely see many workers exit the unions as their skill level increases. This is because

those workers would actually make more money if the technologies that complement their

skills were adopted. Being part of a union that slows doing the adoption of new technologies

would depress the skill premium in more unionized industries. What really matters then, in

the words of Acemoglu and Autor, is the opportunity cost of union membership. They also

warn that the literature on the interaction between disruptive technologies and union is very

sparse and is ripe for future research.
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Chapter 8

Limitations and Future Directions

8.1 Limitations

8.1.1 Limited Time Frame

The most obvious limitation of my research has to do with the time frame of the analysis.

Beginning the analysis no earlier than 2003 was made necessary due to industry code changes

that make comparison of data before and after 2003 impossible. I view this as an issue since

I was forced to ignore pre-2003 trends in information technology investments, wages, market

concentration measures, and unionization rates. As seen in Figure 1 and Figure 2, there has

been plenty of movement in income inequality since 2003, so I am not worried about having

missed the mark on those data points. This is also true for ICT investment (see Figure ??,

ICT stock (see Figure ??, and ICT input (see Figure ??). However, there has been significant

movement in the intensity of IT to productivity (see Figure ??) and the price of ICT (See

Figure ??) prior to 2003. Extending the framework of this paper to prior time periods would

be particularly illustrative.

8.1.2 Lack of Granularity in the Quantiles

Another limitation was that I had to work with earnings quantiles that were chosen and

presented in the OES data. As noted by Mishel, Schmitt and Shierholz (2013), the rapid

growth in earnings of the very top quantiles is suspiciously absent from the literature. I agree

but I unfortunately do not have the data to investigate this further. Nevertheless, I believe

that using the p90/p50 and the p50/p10 ratios to study income inequality rather than the

p90/p10 is a good enough approach to capturing wage polarization.
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8.1.3 Lack of Human Capital Measures

Although the literature discusses the importance of human capital in the issue of wage

polarization, I was unable to find satisfactory data on the level of education of workers in

each industry split into computer and non-computer workers. Some manipulation of Census

microdata may allow others to do so in future research.

8.1.4 Ignored Geography and Cohort Effects

I had to rely on the model specification to wash out much of the year-to-year variation

in the earnings distribution. However, I cannot ignore the fact that earnings and earning

distributions are driven in part by geography. Eeckhout, Hedtrich, and Pinheiro (2017) have

a working paper where they argue that the substitution of computers for middle-skill jobs

occurs more rapidly in big cities. This occurs because, while labor in the city is relatively

more expensive, the price of computers is the same everywhere. Furthermore, I cannot ignore

the fact that earnings and earning distributions are driven in part by cohort effects. A recent

paper by Antonczyk, DeLeire, and Fitzenberger (2018), however, takes a cohort-centered

approach finding that while cohort effects seem to explain a fair amount of the variation in

German wage polarization, the same is not true in the United States.

8.1.5 Lack of Gender and Race Components

There is mounting evidence that information technologies are affecting male and female

workers differently. For example, Jerbashian (2016) finds that a decrease in the price of I.T.

has increased high-wage employment for women more than for men. Autor (2010) find that

men have struggled much more than women to adapt to post-recession labor demands. The

men displaced from the middle-skill jobs appear to have been disproportionately swept down

and not up the new polarized earnings distribution. Tüzemen and Willis (2013) find that

while the amount of middle-skill jobs has decreased for men and women in similar numbers,

nearly all of this decrease for women was matched by high-skill occupation growth. Carnevale
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and Desroche (2004) also mention that the share of women belonging to unions has remained

relatively constant as late as 2003. Therefore, the decline of unionization should have had

little effect on their earnings inequality thus adding significant noise to the data.

8.2 Future Directions

Due to the various limitations I have outlined above, it is my belief that replicating these

findings with public use Census microdata from IPUMS would be highly valuable. The

introduction of place-based effects, demographics variables, and human capital measures

all promise to enrich my findings. Quantile regression would be a good candidate for this

research if applied to microdata. The use of IPUMS will not, however, allow the research

to stretch further back than 2003 without doing some industry crosswalk work that can be

tedious and error-prone. Unfortunately, it appears that the BLS productivity series that I

used has been discontinued.1 Given the critical importance of ICT in the economy this seems

like a big mistake, but funding our statistics agencies is another situation where there are

high up-front costs and the general public truly does not care. This affords politicians the

luxury of cutting their funding.

1For researchers still interested in this question, data sources by industry are difficult to come by. One might
consider the National Science Foundation’s Business Research and Development and Innovation Survey or the Census
Information and Communication Technology Survey. Neither are as consistent or complete as the BLS data that I
have used here.
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Chapter 9

Conclusion

’In the current labor market, “low-wage” and “low-skilled” are no longer synony-

mous. Over the last decade, while there has been increased pressure on individual

workers to improve their skills, there has been decreased pressure on employers to

create jobs that reward those skills. America still needs a better-skilled workforce,

but it also needs an economy that is creating better jobs and is treating low-skill,

low-wage workers more fairly.’ Orson Watson (2014)

Skill Biased Technical Change has profoundly changed the labor market in ways that

have significantly increased income inequality over the last two decades. The economy is

disproportionately rewarding high-skill workers and these high-skill workers will likely continue

to benefit from productivity boosts as the computerization of the workplace intensifies.

Meanwhile, low-skill workers in the service sector often perform tasks that are not routine,

making them impossible to cost-effectively replace with computers. The abundant supply of

low-skill labor (real or perceived) depresses the wages that employers need to pay to attract

them. Low pay can trap workers into jobs that are unsatisfying and these workers cannot

afford to leave or retrain since they would find themselves in a state of undue precarity.

The workers in the middle of the skill and income distribution have been the most affected

by SBTC and there is evidence that displaced middle-skill workers are more likely to go

down than up in income distribution when they find a new job. The best these workers

can find in the short run is to find low-skill work. They displace workers who were already

there and enter a state of underemployment. Thoughtfully addressing issues surrounding this
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displacement will be the key to moving forward from an ambiguous chapter of the American

’economic miracle’.

In this paper, I find no substantial difference between the roles that each of the two

elements of ICT (information technologies and communication technologies) play in the

context of predicting income inequality. I find a substantial association between ICT and

income inequality by industry between 2003-2016. I find evidence that the mechanism of

SBTC has had an uneven impact on income inequality depending on the worker’s relationship

with computers and in which tail of the income distribution their wage places them in. I

find that unionization and product market concentration do not explain the variation in

income inequality by industry on their own. However, both unionization rate and product

market concentration positively predict income inequality in the lower-tail of incomes for

non-computer workers in the goods-producing sector. This suggests that the mediating effects

of unionization and product market power on SBTC do not occur evenly across the economy

making economic analysis and policy prescriptions decidedly murky. I also find that Real

Capital Input of ICT increases income inequality in the lower tail but decreases income

inequality in the upper tail of non-computer workers in the service sector. This suggests that

the effect of ICT on each tail can be different for the same measure and the same group of

workers, suggesting that the traditional p90/p10 measure of income inequality is problematic.

I also find that the effect of contribution of IT to productivity on income inequality in

the service sector is positive for computer workers but negative for non-computer workers.

This suggests that the effect of IT on income inequality can vary according to the worker’s

relationship to computer.

A worker’s relationship with a computer, in this context, is a woefully underexamined

element in the debate of ICT and income inequality. Like most professions, computer

occupations have their share of non-routine abstract work and routine abstract work. However,

it appears that the magnitude of ICT-induced wage polarization is much greater among

computer workers because both new labor-saving technologies and new methods of value-
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creation are being introduced constantly. Crucially, when I say that these new technologies are

saving labor costs by replacing low-skilled workers, this does not exclude low-skill computer

workers and, in fact, the rate at which they are displaced is likely much greater than non-

computer workers. It should be clear that the growth of these two categories of technological

improvement (labor-saving technologies and new methods of value-creation) drives income

inequality among computer workers but the speed with which it does so compared to other

occupation classes is something I feel is a key implication of the findings of this paper.

I considered narrowly economic explanations and institutional explanations for the rise of

income inequality in my literature review. The truth, famously, is usually a combination of

two competing explanations. As such, any effective approach needed will focus on both. I urge

readers to push back on policies that appear too easy to implement or too difficult to roll back,

such as taxing labor-substituting technologies to slow their adoption or adopting a Universal

Basic Income. Policy-makers will need to combine reforms in the areas mentioned above with

aggressive policies that both directly and indirectly encourage the private sector to provide

flexible and accountable approaches to building human capital. These approaches will need

to be flexible because the nature of work and the bundle of skills demanded by the labor

market is constantly changing. The providers of these services will need to be accountable so

that the public may avoid predatory private education enterprises from providing training

that adds little to one’s prospect for long-term employment.

With the rise of extreme poverty in America,1 the need to increase labor dynamism is the

most pressing policy issue of our age. It is not just about quickly getting displaced workers

into jobs for the sake of having jobs. The toll of precarity on those workers is not just that

they can get stuck in an unsatisfying job. There is evidence that, in the long term, labor

disruptions seriously and negatively affect worker health, reduce long-term labor supply and

put undue pressure on the welfare system. In the short term, it depresses demand-side growth

and can slow overall economic growth and reinforce existing inequalities. Finding innovative
1Roughly 1.5 million U.S. households are composed of Americans living on less than $2 a day. This affects 3 million

children (Edin and Shaefer 2016).
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solutions to increasing labor mobility that work at scale will be key to slowing, stalling, or

reversing the trend of growing income inequality that has characterized the last three decades.

Reforms and government-sponsored innovations in the area of insurance, antitrust, taxation,

and retraining can have significant long-term impacts on income inequality and deserve a

place on the agenda of any serious and interested policymaker. The real issue is that the

costs are immediate and the gains long-term. This combination, realistically, should make

casual observers less optimistic that there will be sufficient political will to meaningfully

tackle these reforms in the near future.

Politics may be failing the displaced worker but all is not lost. New-found interest in

social impact offer promising pathways to inclusive growth.2 Some non-profit groups, which

could most aptly be described as workforce intermediaries with a start-up culture, have

stepped up, with demonstrable success, in an attempt to close the skill gap3 Whether they

can scale, however, is a different question. Policymakers should be keeping a close eye on

these innovative models to see if they promise to offer sustainable and scaleable approaches to

economic inclusion and. If so, they will likely be an essential part of any new New Deal that

seeks to keep democracy strong and government lean through a smarter and more inclusive

welfare system.

2See the work done by www.investinwork.org/reports, a joint venture between the Federal Reserve and academia.
3One such provider is Opportunity @ Work , a non-profit that has taken this exact approach by teaching computer

coding skills to disadvantaged workers offering cheap loans that defer repayment until employment. This approach
has enormous potential but it is unclear to what extent it can scale, given that its pilot approach began in late 2017.
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Appendix

Table A.1: Employment Characteristics of Service Industry Workers***

NAICS Codes(s) NAICS Name % of Total
Employment

Employment
in 2016

Employment ∆
2003-2016 (%)

Projected Change
Employment
2016-2026

44, 45 Retail Trade 10.24% 15,982,520 5.31% 2.53%
61 Educational Services 8.32% 12,982,910 8.60% 318.44%
722 Food Services and Drinking Places 7.27% 11,351,250 32.36% 9.36%

622, 623 Hospitals, Nursing, Residential Care Facilities 5.90% 9,204,840 16.39% 22.51%
561 Administrative and Support Services 5.55% 8,667,460 17.52% 9.68%
621 Ambulatory Health Care Services 4.49% 7,012,890 47.77% 31.06%

5412-5414, 5416-5419 Misc. Professional, Scientific, Technical Services 3.75% 5,857,930 34.40% 1.15%
42 Wholesale Trade 3.74% 5840730 3.79% 2.61%
81 Other Services, except Government 2.61% 4,078,800 7.80% -7.63%
624 Social Assistance 1.95% 3,040,170 54.47% 25.54%

521, 522 Federal Reserve Banks, Credit Intermediation 1.66% 2,589,550 -6.53% 3.39%
524 Insurance Carriers and Related Activities 1.45% 2,265,690 5.92% 6.07%
721 Accommodation 1.27% 1,987,620 13.40% 1.51%
5415 Computer Systems Design and Related Services 1.26% 1,970,650 75.93% -15.09%
713 Amusements, Gambling, and Recreation Industries 1.08% 1,690,870 30.86% 8.26%
531 Real Estate 0.99% 1,539,270 12.34% 7.31%
484 Truck Transportation 0.93% 1,451,850 8.55% 3.14%

487, 488, 492 Other Transportation and Support Activities 0.84% 1,317,140 18.27% 7.28%
5411 Legal Services 0.72% 1,122,930 -1.03% -29.12%

515, 517 Broadcasting and telecommunications 0.67% 1,051,730 -26.37% -14.14%
523 Securities, Commodity Contracts, and Investments 0.58% 909,410 18.58% 9.88%
493 Warehousing and Storage 0.58% 908,790 72.58% 19.88%
511 Publishing industries, except internet 0.46% 719,090 -23.37% -2.53%

711, 712 Performing Arts, Spectator Sports, Museums 0.40% 631,520 25.05% 7.76%
532, 533 Rental and Leasing Services 0.37% 571,330 -14.36% 2.77%
518, 519 Data processing, internet publishing, and other 0.35% 551,680 20.12% 27.93%

485 Transit and Ground Passenger Transportation 0.32% 494,680 25.24% 1.00%
481 Air Transportation 0.30% 463,780 -14.73% 2.63%
512 Motion picture and sound recording industries 0.28% 439,590 12.45% 16.34%
562 Waste Management and Remediation Services 0.26% 402,690 25.27% 15.02%
482 Rail Transportation 0.14% 221,350 1.02% -5.02%
483 Water Transportation 0.04% 67710 27.83% 10.45%
486 Pipeline Transportation 0.03% 48,470 17.08% -0.74%
525 Funds, Trusts, and Other Financial Vehicles 0.01% 10,590 -87.49% -99.72%
55 Management of Companies and Enterprises 0.00% - - 5.93%

Sources: Occupational Employment Statistics and the Employment Projections Program, BLS4

4***Tables A.1 through A.6 use the same sources as listed here.
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Table A.2: Employment Characteristics of Service Industry Workers

NAICS Codes(s) NAICS Name % of Total
Employment

Employment
in 2016

Employment ∆
2003-2016 (%)

Projected Change
Employment
2016-2026

23 Construction 4.31% 6,725,583 -2.41% 12.64%
311, 312 Food and Beverage and Tobacco Products 1.34% 2,093,000 21.47% -14.28%

336 Transportation Equipment 1.04% 1,630,008 -9.14% -2.44%
332 Fabricated Metal Products 0.91% 1,421,492 -5.46% -2.97%
333 Machinery 0.69% 1,076,117 -8.24% -4.81%
334 Computer and Electronic Products 0.67% 1,048,142 -24.93% -11.98%
325 Chemical Products 0.52% 811,683 -11.22% -6.22%
326 Plastics and Rubber Products 0.45% 702,558 -15.29% -9.82%
339 Miscellaneous Manufacturing 0.38% 590,850 -12.48% -2.82%
22 Utilities 0.36% 556,217 -1.90% 0.61%
323 Printing and Related Support Activities 0.29% 447,467 -35.01% -16.53%
327 Nonmetallic Mineral Products 0.26% 406,033 -20.19% -6.58%
321 Wood Products 0.25% 392,783 -27.57% -3.28%
337 Furniture and Related Products 0.25% 390,108 -33.11% -2.49%
335 Electrical Equipment, Appliances, and Components 0.25% 382,625 -18.73% -7.22%

113-115 Forestry, Fishing, and Related Activities 0.24% 377,000 0.97% -40.95%
331 Primary Metal Products 0.24% 374,575 -23.58% -13.07%
322 Paper Products 0.24% 370,633 -29.55% -10.34%

315, 316 Apparel and Leather and Allied Products 0.22% 342,000 -8.97% -67.08%
213 Support Activities for Mining 0.17% 266,183 51.66% 25.59%

313, 314 Textile Mills and Textile Product Mills 0.15% 230,683 -50.42% -19.93%
212 Mining, except Oil and Gas 0.12% 180,983 -11.85% -6.84%
211 Oil and Gas Extraction 0.11% 169,758 43.90% 26.06%
324 Petroleum and Coal Products 0.07% 112,500 -5.53% -3.64%

Table A.3: Employment Characteristics of Service Industry Computer Workers

NAICS Codes(s) NAICS Name % of all Computer
Workers (2016)

2016 Computer
Employment

% Computer
Workers (2016)

Computer Employment
2003-2016 (% ∆)

Projected % ∆
Computer Employment

2016-2026

5415 Computer Systems Design and Related Services 22.99% 1114390 39.17% 85.93% 24.59%
5412-5414, 5416-5419 Misc. Professional, Scientific, Technical Services 19.45% 942750 14.67% 282.66% -56.87%

61 Educational Services 4.56% 220880 6.19% 39.43% 20.25%
561 Administrative and Support Services 4.44% 215410 2.51% 82.01% 7.52%
511 Publishing industries, except internet 4.18% 202660 27.75% 34.36% 20.94%

518, 519 Data processing, internet publishing, and other 4.13% 200250 35.39% 41.34% 31.74%
42 Wholesale Trade 3.58% 173740 2.96% 12.87% -0.89%
524 Insurance Carriers and Related Activities 3.56% 172310 6.65% 32.61% 11.02%

521, 522 Federal Reserve Banks, Credit Intermediation 3.07% 148870 5.66% 54.09% 3.85%
515, 517 Broadcasting and telecommunications 2.93% 142130 13.27% 36.24% -12.62%
622, 623 Hospitals, Nursing, Residential Care Facilities 1.67% 80850 0.97% 72.46% -0.68%

523 Securities, Commodity Contracts, and Investments 1.26% 60870 6.57% 31.81% 3.33%
44, 45 Retail Trade 1.07% 51970 0.33% -13.76% 7.56%

621 Ambulatory Health Care Services 0.78% 37910 0.54% 130.04% 22.13%
81 Other Services, except Government 0.71% 34390 0.47% 37.73% 59.35%

5411 Legal Services 0.32% 15730 0.98% 29.04% 4.90%
531 Real Estate 0.22% 10580 0.68% 56.51% 7.75%
624 Social Assistance 0.20% 9510 0.26% 71.97% 24.08%

487, 488, 492 Other Transportation and Support Activities 0.19% 9430 0.70% 9.65% -
512 Motion picture and sound recording industries 0.13% 6450 1.51% -30.19% 6.98%
493 Warehousing and Storage 0.11% 5550 0.60% 46.05% 18.92%

711, 712 Performing Arts, Spectator Sports, Museums 0.11% 5520 0.89% 65.27% 8.70%
532, 533 Rental and Leasing Services 0.10% 5050 0.87% 9.54% 4.95%

484 Truck Transportation 0.08% 3810 0.26% 2.42% -0.26%
713 Amusements, Gambling, and Recreation Industries 0.07% 3630 0.22% 142.00% -25.62%
721 Accommodation 0.06% 3000 0.15% 31.58% -16.67%
481 Air Transportation 0.06% 2870 0.60% -35.79% -
482 Rail Transportation 0.05% 2530 1.17% 48.82% -5.14%
562 Waste Management and Remediation Services 0.03% 1580 0.39% 73.63% -5.06%
486 Pipeline Transportation 0.02% 1160 2.33% 11.54% -5.17%
722 Food Services and Drinking Places 0.01% 620 0.01% 24.00% -
483 Water Transportation 0.01% 600 0.92% -28.57% 0.00%
485 Transit and Ground Passenger Transportation 0.01% 400 0.08% -29.82% 0.00%
525 Funds, Trusts, and Other Financial Vehicles 0.01% 290 0.01% -94.52% 3.45%
55 Management of Companies and Enterprises - - - - -

89



Table A.4: Employment Characteristics of Goods-Producing Industry Computer Workers

NAICS Codes(s) NAICS Name % of all Computer
Workers (2016)

2016 Computer
Employment

% Computer
Workers (2016)

Computer Employment
2003-2016 (% ∆)

334 Computer and Electronic Products 2.85% 138,210 13.19% 3.13%
211 Oil and Gas Extraction 0.18% 8,570 5.05% -
22 Utilities 0.43% 20,900 3.76% 9.25%
336 Transportation Equipment 1.12% 54,370 3.34% 42.48%
325 Chemical Products 0.35% 17,010 2.10% -8.74%
333 Machinery 0.45% 21,850 2.03% 9.74%
335 Electrical Equipment, Appliances, and Components 0.16% 7,760 2.03% 19.20%
339 Miscellaneous Manufacturing 0.23% 10,930 1.85% 27.84%
323 Printing and Related Support Activities 0.12% 6,000 1.34% -25.28%
324 Petroleum and Coal Products 0.03% 1,230 1.09% -41.98%
332 Fabricated Metal Products 0.21% 10,070 0.71% 9.69%
337 Furniture and Related Products 0.06% 2,760 0.71% 10.84%
326 Plastics and Rubber Products 0.10% 4,700 0.67% 5.15%
213 Support Activities for Mining 0.04% 1,780 0.67% 154.29%
331 Primary Metal Products 0.05% 2,480 0.66% -2.75%
322 Paper Products 0.05% 2,270 0.61% -36.59%

313, 314 Textile Mills and Textile Product Mills 0.02% 1,040 0.45% -39.53%
327 Nonmetallic Mineral Products 0.03% 1,350 0.33% -1.46%

315, 316 Apparel and Leather and Allied Products 0.02% 1,090 0.32% -33.54%
311, 312 Food and Beverage and Tobacco Products 0.13% 6,090 0.29% -21.22%

23 Construction 0.32% 15,310 0.23% 71.83%
212 Mining, except Oil and Gas 0.01% 400 0.22% -37.50%
321 Wood Products 0.02% 760 0.19% -32.14%

113-115 Forestry, Fishing, and Related Activities - - - -

Table A.5: Characteristics of Service Industries in the Dataset

NAICS Code(s) NAICS Name Production
Value ($B)

Output ∆
2003-2016

All Workers
Median Yearly
Wage(SE)

Comp. Worker
Median Yearly
Wage(SE)

Computer
Wage

Premium

44, 45 Retail Trade $1,503.55 14.05% $24,260(0.2) $61,840(1.5) 154.91%
531 Real Estate $1,412.90 23.66% $36,610(0.5) $68,880(1.9) 88.15%
42 Wholesale Trade $1,336.98 4.38% $42,070(0.3) $77,480(0.7) 84.17%

5412-5414, 5416-5419 Misc. Professional, Scientific, Technical Services $1,148.06 15.12% $56,822.363(0.7) $34,116(0.4) -39.96%
621 Ambulatory Health Care Services $942.38 15.28% $40,110(0.4) $65,910(1.4) 64.32%
561 Administrative and Support Services $806.92 22.98% $28,440(0.4) $75,650(0.7) 166.00%

521, 522 Federal Reserve Banks, Credit Intermediation $710.76 18.72% $43,473.952(0.6) $88,644(1) 103.90%
622, 623 Hospitals, Nursing, Residential Care Facilities $701.79 18.94% $44,529.149(0.3) $70,956(0.6) 59.35%

524 Insurance Carriers and Related Activities $663.77 16.53% $51,850(0.5) $84,680(0.5) 63.32%
515, 517 Broadcasting and telecommunications $635.24 16.02% $58,891.085(1) $83,032(0.9) 40.99%

55 Management of Companies and Enterprises $629.82 13.66% - - -
722 Food Services and Drinking Places $614.38 21.59% $20,730(0.2) $51,600(10) 148.91%
81 Other Services, except Government $551.51 16.05% $30,560(0.3) $68,400(1) 123.82%
523 Securities, Commodity Contracts, and Investments $421.11 8.46% $78,140(1.1) $10,1550(1.1) 29.96%

5415 Computer Systems Design and Related Services $364.83 12.25% $83,050(1) $86,180(0) 3.77%
532, 533 Rental and Leasing Services $331.51 8.71% $33,881.279(0.7) $71,817(2.6) 111.97%

484 Truck Transportation $325.88 6.79% $40,860(0.3) $61,820(3) 51.30%
511 Publishing industries, except internet $313.45 10.11% $62,690(3.3) $95,000(4.4) 51.54%

5411 Legal Services $307.22 9.23% $57,000(1) $75,240(1) 32.00%
518, 519 Data processing, internet publishing, and other $233.01 26.97% $69,770.121(1.8) $89,820(1.2) 28.74%

721 Accommodation $221.26 18.26% $24,200(0.4) $53,460(1.2) 120.91%
487, 488, 492 Other Transportation and Support Activities $196.04 13.79% $37,280.22(0.8) $74,088(1.3) 98.73%

61 Educational Services $190.29 9.25% $46,710(0.5) $60,410(0.6) 29.33%
525 Funds, Trusts, and Other Financial Vehicles $164.42 22.84% $58,370(4.8) $88,080(4.4) 50.90%
512 Motion picture and sound recording industries $132.13 7.00% $39,930(1.9) $79,210(1.5) 98.37%
713 Amusements, Gambling, and Recreation Industries $124.14 17.68% $24,060(0.5) $59,870(4.2) 148.84%
624 Social Assistance $122.68 12.05% $25,220(0.3) $50,680(1.4) 100.95%

711, 712 Performing Arts, Spectator Sports, Museums $119.15 17.11% $29,204.559(0.5) $55,536(1.8) 90.16%
481 Air Transportation $115.73 2.23% $54,560(2.2) $92,020(2.5) 68.66%
493 Warehousing and Storage $89.03 7.70% $33,370(0.5) $64,790(1.8) 94.16%
562 Waste Management and Remediation Services $82.57 10.00% $39,150(0.9) $86,340(3.3) 120.54%
482 Rail Transportation $75.82 -8.12% $59,120(1.4) $90,660(2.4) 53.35%
485 Transit and Ground Passenger Transportation $59.26 9.15% $30,550(0.5) $65,790(2.3) 115.35%
483 Water Transportation $57.09 -5.52% $52,450(2.4) $89,470(3.8) 70.58%
486 Pipeline Transportation $33.19 13.84% $66,620(2.1) $93,490(3.4) 40.33%
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Table A.6: Characteristics of Goods-Producing Industries in the Dataset

NAICS Code(s) NAICS Name Production
Value ($B)

Output ∆
2003-2016

All Workers
Median Yearly
Wage(SE)

Comp. Worker
Median Yearly
Wage(SE)

Computer
Wage

Premium

22 Utilities $507.54 -1.65% $72,290(0.7) $88,280(1.1) 22.12%
23 Construction $1,437.66 26.56% $44,630(0.2) $66,630(2.2) 49.29%
211 Oil and Gas Extraction $171.78 -45.17% $72,090(1.5) $92,590(2.2) 28.44%
212 Mining, except Oil and Gas $74.88 -16.84% $48,790(0.9) $68,140(1.6) 39.66%
213 Support Activities for Mining $43.63 -63.86% $47,050(0.9) $84,760(5.2) 80.15%
321 Wood Products $86.26 13.44% $31,190(0.4) $59,770(5.3) 91.63%
322 Paper Products $147.95 -2.02% $41,630(0.6) $70,000(1.6) 68.15%
323 Printing and Related Support Activities $81.11 -0.10% $36,360(0.5) $64,930(1.1) 78.58%
324 Petroleum and Coal Products $403.15 -48.62% $62,570(1.6) $81,180(2.4) 29.74%
325 Chemical Products $653.78 -4.89% $51,270(1.4) $85,250(2.6) 66.28%
326 Plastics and Rubber Products $215.89 4.03% $35,060(0.4) $71,320(2) 103.42%
327 Nonmetallic Mineral Products $110.70 15.22% $37,980(0) $66,480(1) 75.04%
331 Primary Metal Products $176.71 -18.63% $42,040(0.6) $68,100(1.2) 61.99%
332 Fabricated Metal Products $310.41 -3.39% $38,970(0.3) $69,550(1.1) 78.47%
333 Machinery $323.67 -11.48% $44,270(0.7) $79,490(1.8) 79.56%
334 Computer and Electronic Products $298.12 -4.28% $64,690(1.8) $10,4330(2.9) 61.28%
335 Electrical Equipment, Appliances, and Components $117.16 0.18% $41,290(1) $77,720(1.5) 88.23%
336 Transportation Equipment $775.83 10.59% $48,770(1.3) $103,040(1.4) 111.28%
337 Furniture and Related Products $72.00 10.21% $33,560(0.6) $60,940(3.1) 81.59%
339 Miscellaneous Manufacturing $146.04 0.16% $38,310(0.7) $78,520(1.9) 104.96%

113-115 Forestry, Fishing, and Related Activities $44.86 9.82% $22,989(0.8) $64,890(4.6) 182.26%
31-33 Manufacturing Sector $3,834.97 -6.69% $39,530(0.5) $93,900(1.9) 137.54%

311, 312 Food and Beverage and Tobacco Products $782.70 2.44% $30,702(0.5) $69,576(1.6) 126.61%
313, 314 Textile Mills and Textile Product Mills $49.18 -2.58% $29,837(0.8) $61,575(2.05) 106.37%
315, 316 Apparel and Leather and Allied Products $15.65 -7.20% $26,116(2.1) $69,561(2.5) 166.36%
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       Source: Current Population Survey (Census Bureau);    Curent Employment Statistics, BLS

Figure A.7: The Shape of Unionization as a Function of 90/50 Income Inequality
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