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Abstract
Investment in technology has been consistently growing since the
1950s when the mainframe started to influence business organizations,
followed by the introduction of the PC, the internet, and mobile platforms. To address these structural changes on the U.S. labor market,
we build a general equilibrium model of product differentiation in
which job tasks are indexed by the levels of autonomy and social perceptiveness. We find that high-level autonomy tasks have experienced
the biggest wage growth, while emotional tasks have experienced the
biggest employment growth. Educational attainment displays relatively small variation over time and has narrowed among our labor
groups.
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Introduction

Technology—embedded in new equipment, new forms of connectivity, and
Artificial Intelligence (AI)—has drastically affected organizations, and has
created new jobs, products and services, as well as has made some other
jobs obsolete. Understanding future developments is critical for the design
of education programs and the training of workers, and for the survival of
business organizations. Whereas early technologies may have favored some
high-skilled labor, the most recent connectivity platforms and AI systems are
supposed to have a broader impact on the labor force. Some occupational
traits or attributes have lost importance, and the interplay between education
and technology has been redefined.
Our main goal is to study the impact of computerization on the composition of employment, the structure of wages, and educational attainment.
More broadly, our analysis should contribute to a better understanding of
those rather noticeable secular trends in the composition of value added—
often ascribed to computerization—along with diverging productivity growth
and labor substitution across industries and labor groups. This tech-driven
disruption of the computing age has generated a certain disconnect between
occupations with high wage growth and occupations with high employment
growth.
Certainly, the computer revolution has transformed the economy and
impacted the labor force. Therefore, for modeling factor allocation it is
imperative to integrate diverging sectoral changes in productivity, output,
employment, and wages. It seems oversimplifying to replicate these patterns
under a single occupational attribute. We arrange the pace of technological
change in time episodes as differentiated by their computing devices along
with the prevailing infrastructure and architecture. We also group job tasks
by some occupational attributes. The grouping of tasks becomes critical to
identify the effects of computerization on the composition of employment and
the wage structure.1
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By way of example, say that we rank labor groups by education levels. Because of the
changing role of skills under computerization [e.g., Beaudry, Green and Sand (2016) and
Castex and Dechter (2014)], we may observe fluctuations in education premia over time.
Therefore, a ranking of tasks by education levels may be void of empirical content unless
we reexamine these technology episodes. As discussed in Section 5, technology eras should
be useful to understand structural breaks in occupation employment trends, the changing
role of skills, and the labor income share.
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We propose a model of product differentiation in which every intermediate product variety is identified with a job task within an atomistic factory.
We index these tasks in the two-dimensional plane by the following occupational attributes: structured vs. unstructured work —the extent in which the
work is structured—and social perceptiveness—being aware of others’ reactions and understanding why they react as they do. Unstructured (or full
autonomy) jobs are usually harder to automate; further, computing devices
may fall short of creating the emotional environment demanded for some activities. We first require our model to simulate certain observed regularities
shaping the composition of value added: (i) The disparity between total factor productivity (TFP) and wage growth across job tasks leading to a labor
productivity and compensation gap, and (ii) The uneven evolution of the
labor income share across these tasks.
This analytical framework yields certain predictions about the composition of employment and wage structure to be later explored in our empirical
investigation. While social perceptiveness is mostly missing in categorizations of the labor force, in accordance with our theory we attest that this
emotional component reduces the likelihood of job losses induced by computerization. Indeed, we find that capital deepening has occurred in tasks with
low levels of social perceptiveness since the beginning of computerization. We
also find that high-level autonomy tasks have experienced the biggest wage
growth. From the behavior of wages over job tasks, there seems to be much
less labor mobility within high-level autonomy tasks. Educational attainment shows fairly low variation over time in our labor groups. Accordingly,
the incremental effects of technological progress appear to be orthogonal to
changes in formal education. In an attempt to quantify the impact of computerization on individual compensation over technology eras, we consider a
hedonic wage function based on the occupational attributes and educational
attainment.
Our empirical work builds on census data, and hence we can only report
deviations from trend at every decade. The occupational detail data was
created using O*NET, an online database that replaced the Dictionary of
Occupational Titles. In our extensive statistical work, we were unable to
identify other occupational attributes picking up additional significant effects of computerization; e.g., dynamic strength. Deming (2017) presents a
model of team production, and argues that his preferred measure of social
skills is strongly correlated with other similar O*NET variables that capture
coordination, interaction, and team production.
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It is typical to consider the evolution of technology in a reduced-form,
neoclassical production function with exogenous productivity changes, but
there is a great variability of TFP growth across industries. Moreover, we
should not expect a uniform impact of technological progress on labor skills
over time. The arrival of the internet and mobile technologies have led to
drastic changes in the workplace. The most recent generations of robotics and
AI systems are automating functional tasks traditionally assigned to highskilled labor, and it seems a rather complex exercise to project the changing
roles of technology, skills, and education for future decades.
Wage inequality was quite stable in the post-war period, but sharply
increased at the beginning of the 1980s to stabilize again by the end of the
decade and the early 1990s [cf., Juhn, Murphy and Pierce (1993), and Card
and DiNardo (2002)]. The dot com bubble spurred the demand for skilled
workers, and overall wage growth came along with a rise in the return to skill
[Acemoglu and Autor (2011)]. Wages for most workers with low education
levels have been declining in real terms since the late 1970s, and real earnings
for college graduates have flattened out since about the year 2000. Earnings
have increased at a steady pace for the high-skilled, high-ability group (e.g.,
the top 5 percent of the wage distribution), but some career professions are
now threatened by automation. Uneven growth in employment for high- and
low-paying occupations has also occurred at the expense of a thinning out of
medium-wage occupations [Autor and Dorn (2013)].
A large literature has explored the effects of cognitive and non-cognitive
skills, technology, and outsourcing on the dynamics of employment and the
wage structure [e.g., Acemoglu and Autor (2011), Autor, Dorn and Hanson
(2013), and Heckman, Stixrud and Urzua (2006)]. A burgeoning body of research has documented an increasing importance of social skills on labor market performance [e.g., Deming (2017), Frey and Osborne (2017), Heckman
and Kautz (2012), and Weinberger (2014)]. It transpires from this literature
that formal education may now play second fiddle as an explanatory factor in the variability of employment and wages, whereas other occupational
attributes may have become more relevant.
In Section 2 we provide a brief description of technology eras, and classify
tasks by the levels of autonomy and social perceptiveness. We then document
some diverging trends in productivity and wage growth across industries. In
Section 3 we lay out our analytical framework: a model of product differentiation grounded on tasks. Section 4 reports our main empirical findings.
We study the evolution of employment and wages over groups of tasks based
4

upon our occupational attributes for the various technology eras. Among
other issues, Section 5 relates our choice of occupational attributes to main
barriers for computerization to displace the labor force. We conclude in Section 6. The Online Appendix presents a more extensive account of technology
eras.

2

Technology Eras and Occupational Attributes

We now offer an overview of these technology episodes since the commencement of the computing age. The arrival of the mainframe, the PC, the
internet, and mobile technologies are certainly turning points in the history
of computerization. By considering technology eras we should then be able
to explain some structural breaks, which appear hard to explain without
reference to technology. We focus on their existing computing devices and
connectivity platforms that shape enterprise resource systems and robotic
capabilities. Then, we group job tasks by the structured nature of the job
and required level of social perceptiveness. A two-dimensional representation of tasks by occupational attributes seems necessary for a parsimonious
approach to the data so as to account for underlying patterns in the composition of employment, the wage structure, output prices, and labor substitution
across industries.
Figure 1 introduces our modeling approach. A job task can only produce
a unique intermediate product variety or characteristic using capital and
labor. There are a continuum of characteristics, and each characteristic is
identified with a job task. A new technology may change the productivities of
capital and labor and the degree of substitution between these two factors of
production. These changes will bear upon the relative prices and quantities of
intermediate product varieties, the composition of employment, the structure
of wages, and the matching between skills and tasks (e.g., deskilling). To
track down these effects we posit some occupational attributes for the ranking
of tasks.
Following Agrawal, Gans, and Goldfarb (2017) we may then ask: How has
computerization affected the cost of some activities as well as the productivities of capital and labor? According to these authors, semiconductors have
mostly lowered the cost of arithmetic, whereas big data analytics and AI are
intended to lower the cost of prediction. Tasks where there is limited need
for human judgment are generally easier to automate. Hence, we propose an
5

index of structured vs. unstructured job tasks to proxy for human judgement
in the workplace. Computers also lack empathy; they are oblivious to human
emotions. Empathy may be enhanced by connectivity, i.e., physical presence
is no longer necessary to perform certain tasks. The advent of online systems, the internet, and mobile platforms has led to new organization modes
embracing various forms of connectivity; e.g., Uber. Hence, we propose an index of social perceptiveness to proxy for human interaction in the workplace.
Additionally, we may posit that machines will prevail in activities with high
levels of dynamic strength—the ability to exert muscle force repeatedly or
continuously over time. An index of dynamic strength gave us no additional
explanatory power over our two occupational attributes.
As discussed in Section 5 below, we depart from the common distinction
between routine and non-routine tasks for tracking down the influence of
computerization on the labor force—as well as for projecting future developments from big data analytics and AI. From the early technology eras,
computer arithmetic, connectivity, and prediction have largely supplanted
various non-routine tasks. Digital computers can successfully operate in environments with high degrees of complexity since they dominate the human
brain in various facets of learning and data processing.

2.1

Technology Eras

The Mainframe Era (1950-1980). Mainframes acted as productivity tools
within the organization primarily in batch-based processes—accounting functions, payroll, and later in supply chain and production. A big step forward
occurred in 1973 when the IBM 360 introduced timesharing—the capacity of
performing various tasks seemingly at once for multiple users—and allowed
online systems to be created for the first time. Business data was preserved
in dynamic electronic memory rather than on punch cards. Early ERP (systems that cover the entire enterprise software needs in all aspects of business)
started in 1974 as MRP (materials requirements planning), and then became
MRP II (read as MRP two) in the 1980s to incorporate a wider set of functionalities. This era witnessed the start of several commercial and domestic
appliances and the first generation of industrial robotics.2
2

Arguably, the most influential robot of the time was PUMA developed by Unimation
and used by GM for a variety of manufacturing tasks after identifying that 90 percent of
all parts handled in the assembly process weighed 5 lb or less.
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The PC Era (1980-1994). The PC automated the desktop, and thereby
increased human capital productivity in the organization. Minicomputers
were primarily grounded on the new RISC based processors and ran on the
equally new UNIX operating system. This platform—along with the powerful
and freely available C programming language—allowed for faster processing
and more flexibility in commercial applications such as Computer Aided Design and Computer Graphics. These developments spanned to robotics with
the emergence of PC-based industrial and hospital robots in groundbreaking
surgical work, the creation of service robots (e.g., cleaning robots), and the
beginning of AI technologies through the availability of tools such as Experts Systems Shells, which were intended to perform at or near the level of
a human expert in a specific field. MRP II not only facilitated the materials
handling, scheduling, and supply chain, but also linked those to the operational planning for business units including financial planning modules, and
became Enterprise Resource Planning (ERP).
The Network Era (1994-2007). Organizations started to develop LAN/WANs
with Windows NT (origins of the client server deployment, launched in 1993)
and SAP at the enterprise application layer. This distributed model equipped
the organization with a computing environment in which mainframes and
minicomputers were linked together through networks via servers. Progress
was accelerated when in 1995 the internet was deregulated. A second pillar in the distributed model were the collaborative tools for productivity
enhancement, primarily the launch of Lotus Notes in 1989, which enabled
functions such as email, calendars, to-do lists, contract management, team
rooms, discussion forums, file sharing, messaging, and user directories to be
accessed company wide. A further driver of work practice change and productivity resulted from the impact the internet had on the sales channel of
firms. The combination of web enablement with ERP led corporations to
set up their e-business models. In the business to consumer (B2C) channel,
startups such as Amazon were disrupting brick-and-mortar stores, while in
the business to business (B2B) channel the disintermediation of historically
established production and distribution partners was becoming prevalent.
In parallel to workflow management and office productivity tools, industrial
robotics facilitated the networking and synchronizing of multiple robots, and
service robots also continued to enter into the industrial and consumer space.
Another trend was to move from the desktop to the laptop, and cellular networking and WiFi became solid technology infrastructure areas of growth.
The Mobile Era (2007-2014). These evolving technology platforms and
7

infrastructure indicated that a new integrated and mobile work environment
would potentially be the successor to the client server ERP model of the
second era. Size and costs of processors and memory would keep decreasing
according to Moore’s law, and would thus drive the change in productivity
and the scope of applications of technology within the organization. Connectivity was further extended through smartphone development as enhanced
by wireless networks, apps, cloud-based computing, digital storage and big
data analytics, and expanded bandwidth capacity. Robotic systems and AI
continued to develop during this era. Service robots progressed in areas such
as hospital and domestic assistance.
The Internet of Things (IoT, 2014-Present). Smart connected devices
primarily communicating between themselves as an extension of the machine
to machine M2M interactions that have been in existence for a long time.
Equipped with cheap microprocessors, radio-frequency identification (RFID),
and ubiquitous communication through WiFi, systems can now operate to
good effect with little human presence; e.g., robotic warehouses such as Kiva
systems, IBM’s smart cities, automated highway tolls, driverless vehicles,
and Amazon’s smart buttons reducing the need for consumers to visit stores.
This is an era of notable progress in mobile robots in the healthcare sector
as well as the widespread application of various AI technologies.

2.2

Occupational Attributes

While automation has progressed into creative job tasks, certain occupational
attributes are harder to be overshadowed by computerization. Even for the
most structured jobs, computing devices are unable to provide some basic
elements of human interaction and emotions, which are necessary ingredients
in some activities. Consequently, we index job tasks by the structured nature of the work —the extent a job is structured for the worker rather than
allowing the worker to determine tasks, priorities, and goals—and by social
perceptiveness—awareness of others’ reactions and understanding as to why
they react the way they do. As discussed in Section 5 below, the ranking
of workers by occupation, education, and skill leads to non-monotone time
trends in employment and wages. These trend reversals weaken the empirical
content of some established theories [e.g., Skill-Biased Technological Change
(SBTC)], and may require a closer look into the nature of these technology
episodes. Card and DiNardo (2002) conclude that SBTC by itself does not
prove to be particularly helpful in organizing or understanding the impact of
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computerization on the labor market. Goos, Manning and Salomons (2014)
argue that SBTC cannot explain the phenomenon of job polarization that
has been pervasive in developed economies. The more recent observed compression of jobs to the bottom of the skill distribution [Autor (2015)] may
have been caused by the Mobile Era and the IoT. Hence, we are simply
trying to identify some primary occupational attributes that may help us
account for structural breaks in the evolution of employment and earnings
in a parsimonious way.
We begin by subdividing the set of all tasks into basic labor categories.
For the structured nature of the job we can think of low-level, mid-level, and
high-level autonomy tasks. For social perceptiveness we can think of nonemotional and emotional tasks. Then, using the O*NET database we will
combine all these types of labor in the following two-by-three matrix (see
Table 1):
(i) Factory: Structured tasks that require little interaction with clients,
co-workers, and supervisors. These job tasks would be typical of service
workers, technicians, and trade workers.
(ii) Emotional-Structured: Structured tasks that require interaction with
clients, co-workers, and supervisors. These job tasks would be typical of
scripted service workers, uniformed workers, and rules-based workers.
(iii) Skilled Technician: Relatively autonomous tasks (often by a delegated authority) with a low exposure to clients and co-workers. These job
tasks would be typical of skilled technicians and skilled service workers.
(iv) General Manager: Relatively autonomous tasks (often by a delegated
authority) with a high exposure to customers and co-workers. These job tasks
would be typical of general managers, team supervisors, engineers, professional technical workers, clinical-health service workers, and social workers.
(v) Career Profession: Autonomous tasks with a relatively little exposure
to clients and co-workers. These job tasks would be typical of engineering
based technical professions, highly skilled technicians, other professionals,
and education.
(vi) Emotional-Creative: Autonomous tasks with a high exposure to
clients and co-workers. These job tasks would be typical of professional
skilled managers, executive managers, and attending physicians.
In summary, we envision a job task as a point in a two-dimensional continuum defined by the structured nature of the job and required level of social
perceptiveness. We consider low-level, mid-level, and high-level autonomy
tasks for the structured nature of the job, and non-emotional and emotional
9

tasks for social perceptiveness. We defer discussion of further empirical issues
and related categorizations of tasks until we present our main findings.

2.3

Digital Disruption: Diverging Productivity Growth
and Labor Substitution

We typify the disruption that has occurred in the computing age by the following basic empirical regularities: Unequal TFP growth and unequal labor
substitution across industries. These diverging trends have affected the composition of value added, employment, the wage structure, and educational
attainment.
Figure 2 details the composition of U.S. employment between 1948 and
2017. The share of jobs in the public administration has been quite stable, while we can observe relatively large employment gains in the service
sector (education, health care, professional and business services, entertainment, recreation, accommodation, and food services) at the cost of declines in employment in manufacturing and agriculture. Jobs in professional
and business services—primarily associated with emotional-creative labor—
experienced a large increase during the Network Era with the explosion of
e-businesses, and have gone from about 5M workers in 1970 to about 20M today. Its fastest growth occurred between 1979 and 1999, when ERP systems
were having their maximal impact on business organizations. Manufacturing employment—primarily associated with factory labor—experienced a big
drop around 2001, following the decline in equipment investment after the
millennium bug (Y2K) and the dot com crash, at a time in which web-enabled
systems allowed for outsourcing to be performed more cheaply.
Wage growth and labor substitution have been quite unequal across industries. Acemoglu and Guerrieri (2008) divide U.S. industries into two
groups according to capital intensities. The more rapid growth of fixedprice quantity indices (corresponding to real output) occurs in more capitalintensive sectors, whereas the (price-weighted) values of output and employment grow more rapidly in less capital-intensive sectors. Following Giandrea
and Sprague (2017), several industries had significant declines in the labor
share of income from 1987 to 2015, while others had modest declines or even
increases. Brill et al. (2017) document that industries with declining labor
income share also saw a large rise in output and productivity along with diminishing relative wages. Traditionally, productivity had risen together with
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employees’ compensation. But productivity and compensation have steadily
diverged since the 1970s.
Figure 3 delves into these changes in TFP, wages, and labor substitution.
For simplicity, we exclude agriculture, construction, government, mining, and
utilities. We report deviations for the average annual growth of the industry
deflator from the CPI annual growth, the annual growth of the industry
average wage from the average wage in the economy, as well as the average
annual variation for the labor income share. For the purposes of our future
discussion, we group industries into the following four categories:
(i) Manufacturing, Transportation and Warehousing, and Retail Trade.
These industries saw a drop in the labor income share, and large declines in
the relative industry deflator and the relative average wage.
(ii) Wholesale Trade, and Information. These industries saw a drop in
the labor income share, a rather large decline in the relative industry deflator,
and an increase in the relative average wage.
(iii) Professional and Business Services, and Finance, Insurance, Real
Estate, Rental, and Leasing. These industries saw small changes in the labor
income share and the relative industry deflator, and the largest increase in
the relative average wage.
(iv) Educational Services, Health Care and Social Assistance, Arts, Entertainment, Recreation, Accommodation, and Food Services. These industries
saw small changes in the labor income share and the relative average wage,
and the largest increase in the relative industry deflator.
To rationalize all these seemingly puzzling structural changes, we propose
a model of labor allocation with a continuum of job tasks indexed by our two
occupational attributes. We postulate some working assumptions on the
impact of technological change over our production units. Under perfect
competition and constant returns to scale in capital and labor, the relative
price of each product variety is determined by the evolution of TFP and
factor prices. Wages are assumed to grow faster than the rental rate of
physical capital, and there is limited labor mobility among our labor groups.
Although some industries may be basically associated with certain kinds of
labor, we are just focusing on job tasks.
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3

The Analytical Framework

Our analytical framework rests upon the following considerations from the
preceding analysis of technology eras and labor market trends. First, we
model the pace of technological progress as sudden structural changes imposed on preferences and production upon the arrival of a new technology.
And second, with the progressive impact of computerization on the labor
market, other labor skills besides education may play a prominent role as explanatory factors in the composition of employment and the wage structure.
A technology era is typically differentiated by a connectivity platform—an
architecture together with an infrastructure—and a set of computer devices
and robotics. We then model a technology era as a structural change on
preferences and production with unequal effects on labor productivity. These
structural transformations may be difficult to summarize in aggregate price
and quantity data. Card and DiNardo (2002) argue that a crude measure of
technological progress such as the fractional number of PCs per worker—over
the various worker education categories—can hardly account for the evolution
of the college wage premium as well as for other labor market problems and
puzzles.3
We build upon an extensive literature of Roy-type models concerned with
the distribution of employment and the structure of earnings over a continuum of job tasks [e.g., Acemoglu and Autor (2011), Autor and Dorn (2013),
Costinot and Vogel (2010), and Sattinger (1975)]. In most stylized frameworks, a job task is indexed by a single labor attribute.4 Then, assuming
comparative advantage of high-skilled labor in the most profitable tasks, the
assignment of workers to jobs is generally defined by a monotone matching
function, which in turn may lead to a convex-like equilibrium wage mapping
based on the labor attribute. We depart from this literature and require at
least two occupational attributes besides education. As already pointed out,
it seems quite challenging to present a theoretical construct integrating various apparently diverse changes in output prices, relative wages, and labor
substitution.
3

Data from Gartner show that global PC shipments have declined over the last six
years in favor of other devices, and iPad sales have recently dropped.
4
The empirical labor literature, however, considers multiple skills; e.g., formal education, experience, and cognitive and non-cognitive abilities.
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3.1

A Simple Equilibrium Model of Factor Allocation

As in the hedonic pricing literature [Rosen (1974)], our economy is made
up of a continuum of atomistic enterprises, sometimes referred as “plants”,
“factories”, or “establishments”. Each plant can use raw capital and qualified
labor, and will be identified with a work task devoted to the production of
an intermediate product variety. There could be multiple identical plants.
To avoid certain technical problems, our discussion is restricted to non-joint
production. There are no spillovers from plant to plant: the productivity of
capital and labor in every factory does not depend upon the production of
other factories.
Technology. In our model, a new technology τ 0 = φ(τ, ) is imposed
on the consumption and production sectors. We therefore do not model
technology adoption. There could be job creation for the production of new
varieties of goods, while some job tasks could be automated, or could be
performed by workers with lesser skills or capabilities. In contrast, there is
a large literature on learning-by-doing with endogenous technology adoption
[e.g., Chari and Hopenhayn (1991), Jovanovic (2009), Parente (1994)], which
assumes that only the most innovative firms and educated workers operate
the latest technologies.
Commodities. Our primary defining object is the notion of intermediate
product variety or characteristic. The space of characteristics A is a compact
subset of Euclidean space RM . A commodity xi (a) is a point in the space of
characteristics a = (· · · , aj , · · · ) ∈ A, and can be thought of as a “brand”,
or “design”; cf., Rosen (1974). For technical reasons, we assume that a
household can demand at most N commodities in integer amounts. An
individual commodity bundle x = (· · · , xi , · · · ) is a non-negative vector in
RNM . It follows that an individual commodity bundle x(a) defines an integervalued measure µx on A.
Households. There is a continuum of households, h ∈ H. A household h
starts the economy with k0h units of physical capital, and a vector of skills sh0 .
The agent is endowed with one unit of time that can optimally be allocated
over the following three margins: work, lh , education, eh , and leisure, v h .
Preferences of the household are represented by an expected utility function over sequences of individual commodity bundles, x, and leisure, v:
E

∞
X

β t U h (xht , vth , τ )

t=0
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(1)

The one-period utility function U h satisfies standard conditions, E is the
expectations operator, and 0 < β < 1 is the discount factor.
Human capital accumulation obeys the following law of motion:
sht+1 = H(sht , eht , τ )

(2)

A household h gets income from physical capital, Rk h , and labor, wh lh ,
where R is the rental rate for physical capital and wh is the highest quoted
unitary wage for the household. This current income flow can be spent in the
consumption of product varieties, px · xh , and investment in physical capital,
ih . Budget balance must be satisfied at all times:
iht + pxt · xht = Rt kth + wth lth

(3)

h
Physical capital accumulation is subject to the feasibility constraint, kt+1
=
iht +(1 − δ)kth , where 0 < δ < 1 is the factor of physical capital depreciation,
and t = 0, 1, 2, · · · .
Producers. The production sector is made up of a continuum of atomistic
establishments z ∈ Z. Every plant z is only suited to produce one unit of
a certain characteristic aj , but there could be a positive mass of multiple
identical plants. Hence, we can think of a one-to-one mapping between the
continuum of characteristics aj and factory types z as well as work tasks. For
a given technology era τ , not all workers can operate in every establishment.
The span of operation is given by a matching function M (s, z, τ ) taking values
0 and 1. More precisely, M (s, z, τ ) = 1 means that a worker with skills vector
s can operate in factory z at time period τ , whereas M (s, z, τ ) = 0 means
that the worker will not be able to operate in factory z.
Pricing: As in most of the hedonic pricing literature, we consider an environment of perfect competition in which households have access to a spectrum
of products in “packages” or “tied sales” and are acting as their own “middlemen”. Hence, a consumer can purchase integer
Pm quantities of commodity xi (a1 , · · · , aj , · · · , am ) at unit price pxi =
j=1 paj , where paj denotes
the unitary price of characteristic aj . Likewise, every atomistic enterprise
z that hires kz units of raw capital and lz (s) units of labor with set of
skills s to produce one unit of characteristic aj will charge the unit price
paj = Rkz + w(s, z)lz (s), where w(s, z) is the wage obtained by a worker with
set of skills s in factory z.
Competitive Equilibrium: The definition of a competitive equilibrium starts
with price functions pxi and (· · · , paj , · · · ) for all commodities xi (a) and vec-
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tors of characteristics (· · · , aj , · · · ), a rental rate R for physical capital, and
wage functions w(s, z) for all skills s and production plants z. Then, under
optimization behavior of all agents for the given price functions, commodity
and factor markets must clear. Thus, for given sequences of price functions
px , and factor prices R and w(s, z), every household h solves a two-tier maximization problem at every moment in time. In a first stage, household h
must select the optimal time eh devoted to education resulting in a vector
of skills sh . In a second stage, for the given vector of skills sh the household
must choose the highest paid work task z with salary wh = w(sh , z), while
solving the constrained maximization problem for the objective in (1) subject
to (2)-(3) and the time constraint lh + eh + v h = 1. Production in plant z of
one unit of characteristic aj must minimize the cost Rkz + w(s, z)lz (s) over
the available feasible pairs (kz , lz (s)) for all s such that M (s, z, τ ) = 1. The
equality paj = pz = Rkz + w(s, z)lz (s) holds if one unit of characteristic aj is
produced, and pz > Rkz + w(s, z)lz (s) can be ruled out under free entry.
A formal definition of a competitive equilibrium over distribution functions proceeds as outlined in the original paper by Mas-Colell (1975), and
further refinements by Jones (1984), Podczeck (1992), and Castaneda and
Marton (2008). For the sake of brevity, we omit further discussion of these
technical issues. Some regularity assumptions on utility and production
functions—including bounds on the degree of substitution of characteristics—
are necessary for the existence of a competitive equilibrium. Our main purpose here is to study changes in employment, wages, and education upon the
arrival of a new technology era τ .

3.2

Comparative Statics: Changes in Employment, Wages,
and Education

This general equilibrium model provides the theoretical underpinnings for
our empirical analysis below. We are extending an established literature of
commodity differentiation [Mas-Colell (1975) and Rosen (1974)] by considering a production sector for the allocation of capital and labor with multiple
occupational attributes. Say that a good meal is made up of green, red, and
yellow. We then have a continuum of intermediate product varieties of green
corresponding to different vegetables and fruits; the lowest value in the scale
of greens could be considered to be the empty set. There are also a continuum of varieties of red and yellow. More importantly, the production of
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each variety (say a green vegetable) requires certain occupational attributes,
which in turn can only be matched with a subset of labor skills. We abstract
from monopoly power and fixed costs, while we focus on changes in the labor market. We assume that each individual commodity bundle x(a) can be
summarized by an integer-valued measure µx on the space of characteristics.
This is just a simple normalization.
As commonly recognized in the hedonic pricing literature [Rosen (1974)],
the structure of utility and production functions is usually hard to identify
from price and quantity data. Demand and supply shifters may induce substitution and locational effects everywhere over the equilibrium distribution
functions. Therefore, quantity and price changes run into severe identification issues—leaving the theory void of empirical content. Rather than
embarking into a full-blown calibration exercise, we now introduce some
plausible assumptions on the production sector in order for our model to
simulate the kind of disparities discussed above for relative output prices,
wages, and labor income shares across industries. While from various data
sources we could also try to identify other general equilibrium effects on the
consumption sector, we initially focus on factor allocation.5
Assumptions on the Production Sector
Let every work task z be indexed by the pair (µ, ξ) where 0 ≤ µ ≤ 1
stands for the level of autonomy of the work activity, and 0 ≤ ξ ≤ 1 for the
level of social perceptiveness. For every such z = (µ, ξ), let the unit isoquant
be generated by a production function F (k, l(s), µ, ξ, τ ) for skill level s and
technology era τ .
A.1. For fixed τ, production function F (k, l(s), µ, ξ, τ ) is twice continuously differentiable. For fixed (µ, ξ, τ ), function F (·, ·, µ, ξ, τ ) is increasing,
concave, and homogeneous of degree one in (k, l(s)).
A.2. The derivative functions Fk (k, l(s), µ, ξ, τ ) and Fl (k, l(s), µ, ξ, τ ) are
increasing in both µ and τ and decreasing in ξ.
A.3. Let σ(k, l(s), µ, ξ, τ ) > 0 be the elasticity of substitution between k
and l(s) at point (k, l(s), µ, ξ, τ ). Then, σ(k, l(s), µ, ξ, τ ) is decreasing in ξ.
5

We later examine changes in real output by industry. Observe that under our assumptions, preferences would only have a direct influence on prices and wages in cases of
limited labor mobility.
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A.4. Let α(k, l(s), µ, ξ, τ ) = Fk (k, l(s), µ, ξ, τ )k/F (k, l(s), µ, ξ, τ ) be the
capital income share. Then, α(k, l(s), µ, ξ, τ ) is decreasing in ξ.
A.5. For all (s, µ, ξ, τ ), matching fuction M (s, µ, ξ, τ ) is non-decreasing
in s, non-increasing in (µ, ξ), and non-decreasing in τ .
To vindicate the underlying assumptions, we can gather a great wealth of
price and wage data; i.e., Subsection 2.3 and Subsection 4.2 below. By A.1 we
are considering a neoclassical production function, linearly homogeneous in
capital and labor, as we aggregate production over identical plants. By A.2,
the productivities of capital and labor increase with the level of autonomy µ
of the task upon the arrival of a new technology era τ , and decrease with the
level of social perceptiveness ξ. In fact, for some results below we need to
assume that upon the arrival of a more advanced technology era τ the TFP
gap between high-level and low-level autonomy labor will grow over time.
High-level autonomy labor can leverage new technologies to capitalize on
opportunities and provide a superior performance. Assumption A.3 implies
that capital is harder to replace for labor under a higher level ξ of social
perceptiveness, whereas along similar lines A.4 posits an increasing labor
income share. Again, these relative gaps may grow over time upon the arrival
of a new technology era τ . Finally, matching function M (s, µ, ξ, τ ) in A.5
features some natural monotonicity properties, and allows for attenuation of
the skill requirement under a new technology era τ .
Model Predictions
In this rich framework with two occupational attributes, there are two
mechanisms at play in accounting for the labor productivity and compensation gap and the unequal labor substitution across job tasks: (a) High-level
autonomy labor is associated with higher productivity gains; i.e., TFP grows
faster in high-level autonomy tasks, and (b) High-level emotional labor becomes harder to replace by physical capital; i.e., capital deepening should
primarily take place in non-emotional tasks.
Proposition 1. (Low-Level vs. High-Level Autonomy Work Tasks) Let A.1A.5 be satisfied. For simplicity, let a worker of skill level s operate in the
same work task z at all times. Suppose that the rental price of capital R
grows less than the wage w(s, z).
(i) (Low-Level Autonomy Work Tasks). Pick an arbitrarily low µ. Assume
full labor mobility over work tasks (µ, ξ), where µ has been fixed and 0 ≤ ξ ≤
17

1. For z = (µ, ξ) and z 0 = (µ, ξ 0 ) with ξ > ξ 0 , the relative price pz /pz0 goes
up over time.
(ii) (High-Level Autonomy Work Tasks). Pick an arbitrarily high µ. For
z = (µ, ξ) and z 0 = (µ, ξ 0 ) with ξ > ξ 0 , if the relative wage w(s, z)/w(s0 , z 0 )
goes up over time, then the relative price pz /pz0 will go up over time.
Proposition 2. Let A.1-A.5 be satisfied. Consider a fixed ξ. Then, for
z = (µ, ξ) and z 0 = (µ0 , ξ) with µ > µ0 , the relative wage w(s, z)/w(s0 , z 0 ) will
grow faster than the relative price pz /pz0 .
Corollary 1. (Emotional vs. Non-emotional Work Tasks) Upon the arrival
of a new technology era τ,
(i) (Emotional Work Tasks) For an arbitrarily high ξ, if the relative price
pz /pz0 goes up then the relative wage w(s, z)/w(s0 , z 0 ) will also go up.
(ii) (Non-emotional Work Tasks) For an arbitrarily low ξ, even if the
relative price pz /pz0 goes down the relative wage w(s, z)/w(s0 , z 0 ) may go up.
Proposition 3. For all (k, l(s), µ, ξ, τ ) assume that the elasticity of factor
substitution σ(k, l(s), µ, ξ, τ ) > 1 for ξ = 0, and σ(k, l(s), µ, ξ, τ ) < 1 for
ξ = 1. Suppose that the rental price of capital R grows less than the wage
w(s, z). Then, the labor income share will go up for some emotional tasks,
and will go down for some non-emotional tasks.
As discussed below there is pronounced labor mobility for low-level autonomy tasks. Then, in Proposition 1 the divergence between output prices
of factory and emotional-structured tasks occurs because of a higher substitution towards physical capital. For high-level autonomy tasks, greater
wage gains are observed for emotional-creative tasks—often engaged in the
production of new intermediate product varieties. This higher wage growth
together with a lower degree of substitutability of capital for emotional labor yields higher relative unit costs for emotional-creative tasks. Regarding
Proposition 2, in our model the price deflator of a work task reflects changes
in factor prices and productivities. Hence, Part (i) of Corollary 1 states that
the more persistent price increases within the emotional-creative tasks should
command higher relative salaries for such types of labor. Whereas Part (ii)
states that it is possible for some full autonomy tasks to undergo steeper
price drops than factory job tasks while keeping higher wage growth because
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of more pronounced productivity growth.6 Proposition 3 makes clear that
the evolution of the labor income share may vary across tasks.
As in other models of human capital accumulation [e.g., Lucas (1990)],
the marginal cost of education is the current wage, whereas the marginal
benefit would be the expected discounted flow of extra earnings. In our case,
this reduces to:
w0 = E

∞
X

β t Λ(t)

t=0

∂wth
∂eh0

(4)

where β t Λ(t) is the discounting pricing function for the shadow value of one
unit of income at date t. Therefore, expectations of future wage growth for
some tasks should stimulate human capital accumulation. The college wage
premium increased notably in the PC and Network Eras; e.g., see Acemoglu
and Autor (2011).

4

Main Empirical Findings

4.1

Census Data

By using census data, we are able to extend our methodological approach in a
clean, fairly straightforward way to the empirics. Of course, as a main drawback of this approach, we only get one set of observations per decade. The
census level data was extracted from the IPUMS database, the Integrated
Public Use Microdata Series (IPUMS-USA), which consists of over fifty high
precision samples of the population of the United States drawn from American Community Surveys (census) data. IPUMS data uses uniform codes as
assigned across all data sets. Each data record corresponds to an individual
organized into households. In this data set, 1950, 1960, 1970 are sampled
at the 1 percent level, 1980, 1990, 2000 are sampled at the 5 percent level,
and 2010 at the 1 percent level. This created a combined data set of about
47 million records. The data extracted included: census year; educational
attainment (general and detailed); occupation (2010 basis); wage and salary
6

For instance, information technology (IT) related sectors have experienced more rapid
productivity changes than manufacturing. Again, in Figure 3, information could be compared against: manufacturing, retail trade, transportation and warehousing, and wholesale
trade.
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income; occupational earning score (1990 basis); and occupational education
score (1990 basis).
The occupational detail data was created using O*NET, an online database
that replaced the Dictionary of Occupational Titles, which has been in publication in the United States since 1938. The O*NET database gives access to
knowledge, skills, abilities, preparation, contexts, and tasks associated with
1,122 occupations in 2010. As the IPUMS data set uses different occupational
codes than the O*NET, crosswalks had to be used and mappings undertaken
in the database analysis phase of the methodology. We defined several bands
for the indices to aggregate different measures within each group.
The data was consistent throughout for the most part, with the exception of the wage measure where about 54 percent of the observations had
missing or unreported wages. The exact number of records that suffered
from this problem was 24,987,584 out of a total of 46,739,796 observations.7
When considering the different options of how to deal with missing values,
we decided to opt for a middle-ground solution. Eliminating the records
with missing values would have been drastic because the high percentage of
records with missing wages would have biased our computations when making comparisons of relative earnings growth across labor groups. Averaging
the wage for the entire population would have been the other extreme that
would contaminate our estimates of relative earnings growth. In summary,
both operating methods could have resulted in significantly misleading results due to selection bias since attributes are rarely independent from each
other. For example, it would be unrealistic to assign an average weight of
the whole population to someone with a rare height. Instead, we would be
much better off by taking the average weight value of those individuals with
similar heights and known weight values.
Consequently, we did average the wages within the structured nature
of individual groupings, social perceptiveness, and by job description/title.
Such averaging proved to be quite adequate—while happening at the lowest
level maintained memberships by wage classifications in the correct groups.
We have run a k -means algorithm over 200,000 randomly selected record
levels with missing values (equally distributed among groups) based on the
structured nature of the job, social perceptiveness and education levels, while
considering wage bands (of non-missing data) as a class label, to verify how
7

The earnings measure used is annual earnings; e.g., see Heckman, Lochner and Todd
(2008).
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they would have been grouped, based on the other attributes, and we have
seen over 90 percent of the cases being clustered with the same groups they
were clustered with when considering wage as an attribute after filling in the
missing values with the average per group. This gave us more confidence
in our methodology not to go further. But we could have gone further and
used a methodology based on decision trees induction as a mechanism to
replace these missing values, which would have probably given us an extra
confirmation of the accuracy of our assumptions with respect to missing
values given the complex relationships involving several attributes we have
within the data set.

4.2

Predictions

Before getting to the data analysis, it may be useful to recap some of the
main points from our descriptive account of technology eras as well as from
our analytical framework.
(i) Technology Eras: These technology episodes highlight phases of the
digital disruption in the workplace, and are associated with observed structural changes affecting the productivities of capital and labor. We can then
advance certain conjectures about the impact of every new technology on
job tasks—classified by the structured nature of the work and the level of
social perceptiveness. The Online Appendix provides a more detailed study
of these technology episodes.
(ii) A Model of Factor Allocation with a Continuum of Tasks: Our model
yields certain definite predictions about the composition of employment,
wage structure, and human capital accumulation. The model generates unequal trends in both TFP growth and labor substitution across industries.
Certainly, the Mainframe Era brought about technologies acting as substitutes for factory labor (e.g., spot welding in the automobile assembly line),
and increased the productivity of the general manager and career profession.
The PC Era brought about technologies acting as substitutes for factory labor, emotional-structured labor (e.g., sales and call centers), and the skilled
technician (e.g., automation of materials handling and operations by ERP
systems). As organizations grew in functionality, the productivity of human capital increased at all levels: clerical, service, managerial, and R&D.
The Network Era enhanced the collaborative dimensions of full autonomy
labor, and brought about technologies acting as substitutes for routine and
service labor, and the career profession (AI systems replacing traders on
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Wall Street). This era may have thinned out the mid-skills because of outsourcing, and the off-shoring of human capital, services, and manufacturing.
The Mobile Era facilitated the global footprint of firms, their ability to access customers, corporations, resources, and data. Workers could operate
without a physical connection to the corporate computing system—using
enterprise class applications to access resources and data via wireless networks. Mobile technologies automated some general managerial tasks on
cloud platforms (e.g., Business Processes as a Service, BPaaS), and may
have attenuated the skill required but increased productivity for the career
profession and the emotional-creative worker. The IoT amplifies the impact of the Mobile Era, and brings about technologies acting as substitutes
for factory labor (e.g., driverless vehicles, warehouse robotics), emotionalstructured labor (e.g., self-aware products replace call centers), the skilled
technician (e.g., self-aware products fix themselves), and managerial activities moved and redefined on cloud-based computing and AI systems. In
conclusion, every technology era has enhanced the substitutability between
capital and labor affecting new labor groups, and may attenuate the skill
requirement to perform certain tasks.
In our analytical framework, high-level autonomy labor can profit more
efficiently from the new technologies because of greater productivity gains
and the ability to engage in the production of new varieties of intermediate
goods. Emotional tasks may undergo moderate variations in productivity
but could experience higher employment growth because of a low degree
of substitution between capital and labor. Capital investments should earn
similar returns across industries, whereas wages may differ over groups of
workers because of more limited labor mobility. One would guess that labor
mobility may be quite pervasive within low-level autonomy tasks.
P1 (Structured Nature of the Job): With computerization, high-level autonomy tasks may experience the biggest wage growth, but not necessarily
the biggest employment growth. The Mainframe Era was relatively more
detrimental to factory labor, and reduced employment for high-level autonomy labor. The PC era increased employment and wages for high-level autonomy labor. The Network Era thinned out mid-level autonomy labor. The
most recent technologies have acted as substitutes for the career profession.
P2 (Social Perceptiveness): With computerization, emotional tasks may
experience the biggest employment growth but not necessarily the biggest
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wage growth. The PC Era reduced employment for emotional-structured labor. The Network Era displaced several kinds of non-emotional labor. The
most recent technologies may have flattened out employment and wages for
the emotional-creative worker.
P3 (Education): With computerization, there is no clear effect on human capital accumulation. The Mainframe Era increased the productivity
for skilled labor but removed some of these jobs. The PC Era and the dot
com bubble increased considerably the education premium and may have
fostered human capital accumulation for all labor groups. The most recent
technology eras may have attenuated the skill requirement over a broad range
of tasks.
P4 (Labor Mobility): With computerization, labor mobility would be
more pronounced within low-level autonomy tasks.
Gordon (2016) claims that TFP growth has declined in recent times. In
contrast, we argue that technological change may have a substantial impact
on the composition of employment, the structure of wages, and the fall in
the labor income share. These changes are not necessarily reflected in the
TFP residual; e.g., Krueger (1993).

4.3

Composition of Employment and Wage Structure
across Decades

For the structured nature of the job, O*NET classifies jobs by the following
codes: no freedom [0-19], very little freedom [20-39], limited freedom [40-59],
some freedom [60-79], and a lot of freedom [80-100]. Most jobs, however, appear in the band [60-100]. In the interest of getting fairly balanced groups, we
aggregate job tasks into the following four bands for the structured nature of
the job: [0-69], [70-79], [80-89], and [90-100]. For social perceptiveness, there
are practically no listed jobs for codes [0-20] and [80-100]. We then aggregate job tasks into the following four bands for social perceptiveness: [20-49],
[50-59], [60-79], and [80-100]. We combine all these groups in a four-by-four
matrix to get a total of sixteen categories of job tasks. The structured nature
of the job will be represented over the x-coordinate, and social perceptiveness over the y-coordinate. Accordingly, we number all these groups in our
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graphical representations below starting with the structured nature of the job
(x-coordinate), followed by the level of social perceptiveness (y-coordinate).
Thus, the most structured jobs (codes [0-69]) will be groups 1 to 4. While
group 1 corresponds to the lowest level of social perceptiveness (codes [2049]), group 4 corresponds to the highest level of social perceptiveness (codes
[80-100]).
Before getting into our formal analysis, it may be convenient to provide a brief description of these categories of tasks from O*NET. Group 1:
Service workers, technicians, trade workers; Group 2: Scripted service workers, uniformed workers, rules-based workers; Group 3: NA; Group 4: NA;
Group 5: Skilled technicians, skilled service workers; Group 6: Professional
engineers, professional technical workers, medical technicians; Group 7: Rehabilitation counselors, social workers; Group 8: NA; Group 9: Highly skilled
engineering technicians, finance technicians, guilds; Group 10: General managers, engineers, clinical-health service workers; Group 11: Clinical support
(not medical doctors); Group 12: Marriage therapy; Group 13: Therapists,
engineering-based technical professionals, education; Group 14: Professional
skilled managers; Group 15: Executive managers (CEOs), attending physicians; Group 16: NA.
Figures 4a-4b relate the composition of employment for the sixteen categories of tasks at every decade (1950, 1960, 1970, 1980, 1990, 2000, 2010).
Observe that groups 3, 4, 8 and 16 are empty; i.e., they have no assigned
tasks. This is so because low-level autonomy tasks are usually detached
from the highest level of social perceptiveness. Group 12 (corresponding to
marriage therapy) is the only group with the highest level of social perceptiveness. Despite its low employment weight, we are keeping this group as
a simple illustration of the role of social perceptiveness in the dynamics of
employment and wages. For each category of tasks we define the employment share at each date as the number of jobs in that category over the
total number of jobs in the sixteen categories. Then, after looking at the
evolution of this employment weight over time for every category, the following empirical regularity becomes most notable from Figures 4a-4b. By
and large, the employment share has trended downwards for all categories
of tasks with the lowest level of social perceptiveness, and has trended upwards for all the other categories of tasks. (Deviations from this general rule
for each technology era are discussed below.) Hence, every category in the
bottom row (groups 1, 5, 9, and 13) has consistently experienced a declining
trend, which means that its weight in the composition of employment has
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gone down. Every other category displays positive employment growth.
These findings can be contrasted with those of Figures 5a-5b, where we
report the evolution of the relative wage at each decade. The relative wage
at each date is defined as the average wage of each category over the average
wage for the economy. Here, we observe another very notable regularity: the
relative wage has trended upwards for all categories of high-level autonomy
labor (groups 13-15), and has trended downwards for all other remaining
categories (low-level and mid-level autonomy). That is, all categories on the
right-hand column of Figure 5b encompassing high-level autonomy tasks—
for both non-emotional and emotional labor—have experienced relative wage
gains, which means that their wages have gone up faster than the average
wage. Outside this right-hand column, all other categories have seen negative
growth in the relative wage.
Therefore, social perceptiveness appears to be an important explanatory
factor for the evolution of employment among these groups of tasks, whereas
the structured nature of the job appears to be an important explanatory factor for the evolution of the relative wage. This provides conclusive evidence
for P 1-P 2 above. It is worth noting from Figures 4b and 5b that group 12 of
marriage therapy (the only group with the highest level of social perceptiveness) has seen an upward trend in the employment share but a downward
trend in the relative wage. Hence, this isolated category of tasks illustrates
that emotional labor has resisted computerization but their wages have not
kept up with the average wage in the economy.
Besides these general trends, every technology era has affected these labor
groups in some specific ways. Observe that the Mainframe Era decreased
employment for both factory and high-level autonomy labor, and increased
employment for emotional-structured and mid-level autonomy labor. We
interpret the persistent relative decline of low-level autonomy tasks as a labor
substitution effect or capital deepening upon the arrival of a new technology
since the relative wage sharply went down. We interpret the decline in highlevel autonomy tasks as an increase in productivity because the relative wage
went up.8
8

In a provocative and influential book of the time, R. Freeman (1976), The Overeducated
American, calls attention to a persistent over-supply of college educated workers. Figure
4b shows a decline in high-level autonomy jobs; in contrast, Figure 5b shows an increase in
their relative wage. Hence, Freeman’s central argument is not justified since the Mainframe
Era increased average compensation for high-level autonomy tasks. Smith and Welch
(1978) argue that the problem comes from an abnormally large cohort of college graduates
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As we can see from Figures 4-5, the PC Era reversed these trends, and
started the thinning out of the mid-skills by reducing the demand for both
emotional-structured labor and the skilled technician, and by increasing the
demand for high-level autonomy labor. After the arrival of the internet, this
thinning out of the mid-skills spread out to all non-emotional tasks. Employment increased for emotional labor, and relative wage growth has only been
observed for high-level autonomy tasks. Mobile technologies have flattened
out employment and wage levels for emotional-creative labor. Hence, labor
displacement induced by computerization—as well as attenuation of the skill
requirement—is now evident for this top group of tasks.
Differences in school attainment across labor categories could be another
explanatory factor shaping the wage structure. Certainly, these relative
changes should be understood in the broader context of general U.S. education trends; e.g., increased female education. High-school graduation rates
peaked in the 1970s, whereas college entry increased in the 1980s possibly as
a result of the return to education; e.g., see Acemoglu and Autor (2011) and
Cameron and Heckman (2001). Figures 6a-6b report the evolution of average
educational attainment for each task category. These figures are constructed
using weighted averages for each labor group over the following values for
years of schooling: value 00 for no schooling; value 01 for nursery school to
grade 4; value 02 for grades 5-8; value 03 for grade 9; value 04 for grade 10;
value 05 for grade 11; value 06 for grade 12; value 07 for 1 year of college;
value 08 for 2 years of college; value 09 for 3 years of college; value 10 for four
years of college; and value 11 for 5+ years of college. As expected, groups
14 and 15 have the highest educational attainment with an average score of
about 10. Notwithstanding, we can observe that educational attainment has
leveled off for these two groups of emotional-creative tasks. For all other categories of tasks, educational attainment has gone up over time. Therefore,
school attainment has leveled off for the emotional-creative tasks in spite
of general increasing trends of educational attainment in the U.S. economy.
This provides some weaker support for the validity of P 3. Attenuation of
the skill requirement is usually expected to happen in mature stages of a
entering the labor market, while wages for more experienced workers did increase during
this time period. Our analysis makes clear that the over-supply of college educated workers
was also triggered by a drop in the total number of high-level autonomy tasks, which
nevertheless commanded higher average salaries. Mainframes appear to have caused a
mismatch between jobs and skills—giving rise to a decline in the college wage premium in
spite of higher salaries for this top group of tasks.
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technology.
As one can see from Figures 5a-5b, wage growth disparities become evident as we move to high-level autonomy tasks. Hence, from looking at
the behavior of salaries we confirm P 4: mobility between non-emotional
and emotional labor as reflected in the behavior of relative wages is highest
within low-level and mid-level autonomy tasks. There seems to be less labor
mobility from mid-level to high-level autonomy tasks.
From Figures 4-5, we can see that groups 1 and 5 display similar growth
patterns, and groups 2 and 6 also mirror each other quite well. Hence, for
practical purposes the first two left-hand columns could be merged into a
single column. Regarding social perceptiveness, we can also merge all these
groups into the categories of non-emotional and emotional labor. Indeed,
groups 10 and 11 can safely be made into an aggregate category, and groups
14 and 15 can be made into another category. Consequently, we may arrange these categories of tasks in a three-by-two matrix as suggested in Table 1. Following this table, factory labor would encompass groups 1 and 5;
emotional-structured labor would encompass groups 2, 6 and 7; the skilled
technician would correspond to group 9; the general manager would encompass groups 10-12; the career profession would correspond to group 13; and
emotional-creative labor would encompass groups 14-15.

4.4

Hedonic Wage Functions

It is worth noting that there are some general economic factors that cannot
be ignored in a study of the labor market.9 Of course, long-term swings in
GDP growth, prices, and output across industries may also be ascribed to
the pace of technology. Moreover, technology development has moved at a
more rapid and persistent pace than underlying trends in macroeconomic and
policy variables. Hence, we could run into the risk of decomposing the data
in unintended ways by trying to eliminate the influence of macroeconomic
9

The benign, high-growth post-war period for the U.S. economy was followed by two
severe energy crises in the 1970s, and the puzzling productivity slowdown spanning over the
1980s. Demand for skilled labor boomed with the introduction of the PC, and especially
in the second half of the 1990s with the tech bubble and the coding challenges of Y2K.
The new millennium was marked by a new boom-and-bust cycle: a strong housing bubble
was breeding out of rather optimistic price projections crashing the financial system in
2007. This gave rise to a long-lasting period of low economic growth known as the Great
Recession.
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forces on the structure of employment and wages. As we deal with relative
quantities and prices (employment shares and relative wages), we are already
removing some common trend effects of these macro variables on employment
and wages over these groups of tasks.
We may nevertheless need to control for some external factors unrelated
to technology such as trade liberalization as well as domestic policies and regulations; e.g., international trade may have caused a decline in non-emotional
tasks by shrinking production of tradable goods; minimum wage laws may
have shifted the wage distribution upwards and reduced employment; and
there has been a considerable expansion of government expenditure into
healthcare. Figure 7 plots deviations from real GDP growth across industries. One readily observes that industry output growth becomes orthogonal
to employment and wage growth. For those industries in the service sector
accounting for most of the expansion in employment, the largest declines in
relative output growth are seen in wholesale trade, finance, insurance, real
estate, rental, and leasing, educational services, health care and social assistance, while the relative increases are seen in retail trade, information, and
professional and business services. Hence, nominal expenditure growth in the
service sector appears to be driven by increases in prices and wages rather
than by real consumption growth.
Besides these external shocks affecting preferences and production, there
is also the problem of the changing content of each task over time. As we
are using the 2010 O*NET database, we should expect an underestimation
of our results on the composition of employment. More precisely, job tasks
should become more autonomous and emotional as computerization keeps
eliminating basic work functions.10 These effects may also produce an underestimation of our wage differentials. To gauge the quantitative importance
of these biased estimates, we have rerun the same exercise with the first released O*NET database of 1998. Then, we find that only about one percent
of all the workers would be paired in a different labor group of Table 1 at
every census year as compared to the O*NET database of 2010. Hence, the
change of the base year appears to make a relatively small difference in the
composition of our labor groups. In part, these relatively small deviations in
10

Say that for teaching a business topic, the class content involves half of the time
devoted to problem solving and the other half of the time to develop critical thinking and
social skills. As computers become more efficient for the analytics, over time the instructor
would devote relatively more effort to critical thinking and social skills in order to achieve
the original optimal mix.
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the composition of employment happen because our labor groups of Table 1
are relatively broad.
In an attempt to assess the influence of macro variables we have considered several synthetic panel regressions allowing for random effects. In these
pseudo panels, as dependent variables we take several fixed quantiles of the
distributions in the composition of employment and relative wages over these
categories of tasks. As we include the unequal growth trends in output for the
various industries and international trade variables, the relative wage data
remains barely affected, but the growth rates for the employment shares of
emotional labor can fall up to about three percent. Such relatively small
effects may partly occur because our categories of tasks are spread out over
all industries.
To explore the importance of our occupational attributes in the determination of wages over the various technology eras, we have considered several
log-linear wage functions over the whole sample of workers at every decade.
It should be clear that these hedonic wage functions may pick up effects
of unobserved skills as well as market frictions limiting labor mobility. As
before, wage and salary income from census data measures annual earnings
[e.g., Heckman, Lochner and Todd (2008)]. We project the occupational attributes µ and ξ over the unit interval, and follow the scoring for educational
attainment as above. Then, we use the following statistical model for the
aggregate sample comprising all labor groups at fixed dates t:
logwit = logwtaverage + α1 µit + α2 ξit + α3 (education)it + α4 µit ξit +
α5 µit (education)it + α6 ξit (education)it + (constant)t + (error)it
where i refers to a given worker in establishment (µi , ξi ), and t a fixed date.
Observe that coefficients α4 , α5 , α6 are intended to pick the interactions of the
two labor attributes and educational attainment. Table 2 presents estimates
of this hedonic wage function over all workers in each census data set from
1960. The estimates for α1 , α2 and α4 are always statistically significant, and
these values grow over time. This may explain why the increase in the relative
wages in Figures 5a-5b is mostly observed for emotional-creative labor. The
coefficients of educational attainment reach the highest values in the 1990
and 2000 samples; in these two decades the estimates for the interactions
of educational attainment with the two occupational attributes, α5 , α6 , are
statistically significant. In the 2010 sample, the coefficients for the direct
and interaction effects of education, α3 , α5 , α6 , go down considerably, with
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α5 , α6 being associated with larger standard errors. Hence, the quantitative
importance of education on wage disparity may have declined.

5

The Modeling of Job Tasks, the Changing
Role of Skills, and the Labor Income Share

In this section we provide some further motivation for our classification of job
tasks. Then, we argue that some changes in labor market trends can hardly
be understood without reference to technology eras. Structural breaks can
be observed in employment trends in occupations, the changing role of skills,
and the aggregate labor income share.

5.1

The Modeling of Job Tasks

Our modeling of tasks centers on some relevant aspects of on-the-job decisionmaking and human interaction. As pointed out in Agrawal, Gans, and Goldfarb (2017), digital computers perform a myriad of arithmetic operations for
data analysis and forecasting, numerical approximation and problem solving,
database management and ERP systems, word processing, and photographic
imaging and video implementations. For instance, 3D graphics systems make
use of programmable processors, known as shaders, which require a tremendous amount of computer arithmetic. AI relies on big data analytics for improved decision-making. Substantial progress has been achieved in the areas
of medical diagnosis, autonomous driving, image recognition, and computer
and video games.
Therefore, various complex, non-routine activities have been successfully
automated since the beginning of the computing age. Indeed, computers can
overcome certain limitations of the human mind because of their comparative
advantage in data storage and processing. Computer Aided Design (CAD),
Computer Aided Manufacturing (CAM) and PC Games were already ubiquitous in the 1970s. CAD/CAM software improves the productivity of the most
skilled professionals, while building the skills of new professionals. Driving
is another example of a complex non-routine task—sometimes viewed as a
scary, dangerous activity. In most cases, the end result of this activity can
be easily laid out and instructed to be fully executed by a third party with
low emotional skills. O*NET ranks most kinds of driving (e.g., subway and
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street operators) as limited freedom, and at the low-end of the social perceptiveness scale. Autonomous driving relies on deep learning computer vision.
In turn, these latter technologies are now used to build predictive models for
intelligent systems. Robot-assisted surgery benefits from the use of a mature
set of computer vision and image processing tools. None of these activities
are routine tasks.11
Computerization, however, can be rather awkward when it comes to innovation, critical thinking, and emotion-awareness. Automation has often
failed because of troubleshooting and managing issues, as well as the lack of
human interaction usually required for team formation and customer service.
Researchers and practitioners have always intended to improve the ability of
computers to simulate human decisions and social interaction. DARPA is
now trying to develop the third wave of AI technologies. They are pursuing
more than 20 programs “to explore how machines can acquire human-like
communication and reasoning capabilities, with the ability to recognize new
situations and environments and adapt to them.” Along these lines, in the
previous section we have documented the evolution of employment shares
and wage structure under these two occupational attributes—autonomy in
the workplace and social perceptiveness—over the various technology eras.
This could undoubtedly be a very first step for a perspective on employment
and wages, and the future of occupations and skills.

5.2

Occupation Employment Trends

Acemoglu and Autor (2011) differentiate between routine and non-routine
job tasks, and link these tasks to Census Occupational Categories. Broadly
speaking, managerial, professional, and technical occupations are specialized
in non-routine abstract tasks; clerical, administrative, and sales occupations
are specialized in routine cognitive tasks; production and operative occupations are specialized in routine manual tasks; and service occupations are
specialized in non-routine manual tasks. Frey and Osborne (2017) argue that
this taxonomy of the labor force does not seem adequate for understanding
the progressive role of computerization on the labor market, and suggest
that the basic task model needs to be expanded to non-routine occupations
by including labor inputs for perception and manipulation tasks, creative
11

Besides, some apparently challenging, non-routine tasks may be efficiently realized as
computer programs through an appropriate redesign of the environment.
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intelligence tasks, and social intelligence tasks.
As shown in Acemoglu and Autor (2011, Figure 13a), the employment
share of production workers and operators has been declining steadily; and
the employment share of professional, management, and technical workers
has constantly increased, but this increase has tapered off in recent times.
The share of clerical and sales jobs stopped growing in the early 1990s, and
the share of service jobs ticked upwards in the late 1990s.
These trend breaks in employment are in line with our analysis of technology eras.12 The rapid decline of the production and operator occupations should be examined through the mechanization of that job function.
The share of professional, management and technical occupations has been
steadily rising. Its fastest growth occurred with the development of ERP
systems which replaced manual paper based processes with digital ones—
requiring managers to be functionally literate in dealing with computers.
Hence, the professional, management, and technical job class has displaced
the clerical class of worker. ERP systems increased the skill level requirement and simultaneously removed the need for multiple workers (e.g., typing
pools, data entry clerks, general administrative paper workers) to perform a
job as volume, which is now controlled via the systems. Interestingly, professional, management, and technical occupations have become commoditized
and moved to Software as a Service (SaaS) providers on the cloud. Most
of these occupations now require less educational skills, and growth in this
sector has leveled off. The share of clerical and sales occupations stopped
growing with the Network Era, and has undergone sharper declines in the
Mobile Era. The service sector started to pick up in the 1990s, and took off
with the post dot com growth of the web-enabled business sector.
Autor and Price (2013) discuss the evolution of employment in routine
tasks (manual and cognitive) and non-routine tasks (analytical, interpersonal, and manual). These latter authors confirm the persistent decline in
labor input of routine tasks, and the reversal in the 1990s of the long-standing
decline in non-routine manual tasks. They also wonder about a significant
puzzle: the plateauing of non-routine cognitive task input in both analyti12

It seems difficult to account for these time-varying trends under aggregated measures
of technological progress such as the relative price of equipment investment. This price
indicator does not show enough variability across decades. According to NIPA data, the
relative price of equipment has been going down at about 40 percent per decade. The
lowest decline occurred in the 1950s at about 20 percent, whereas the highest declines
occurred between 1980 and 2000 at about 50 percent over each decade.
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cal and interpersonal tasks. As already discussed, this last puzzle should be
linked to recent developments in wireless technologies, cloud-based computing, big data analytics, and AI.

5.3

The Changing Role of Skills

Besides these non-monotone trends in occupations, our analysis of technology
eras is also useful to understand some structural breaks in employment and
wages affecting various skill groups. The college wage premium was flat in
the Mainframe Era. Then, it increased in both the PC Era and in the first
part of the Network Era, but decelerated in the 2000s. Average salaries for
college graduates have stopped growing in the 2000s, while those having a
postgraduate degree have not observed much growth since 2010 [Lindley and
Machin (2016) and Valletta (2016)]. Employment growth for the high skills
is becoming less perceptible.
Buera and Kaboski (2012) and Krusell et al. (2000) focus on the increase
in the college wage premium that occurred during the PC Era and the tech
bubble. Castex and Dechter (2014) find that cognitive skills were substantially more important in determining wages in the 1980s than in the 2000s.
Beaudry, Green and Sand (2016) contend that since about the year 2000,
there has been a great reversal in the demand for cognitive tasks often associated with high-education skills. Deming (2017) finds that jobs with high
social skill requirements grew by nearly 10 percentage points in the share of
the U.S. labor force between 1980 and 2012. He also claims that employment and wage growth has been particularly strong in occupations with high
cognitive and social skill requirements. Cortes, Jaimovich, and Siu (2017)
conclude that automation entails an important tradeoff between reallocating
employment in routine occupations and towards non-employment.
There is therefore a unifying theme behind some well documented facts in
the labor literature. Jobs with a marked emotional component have resisted
computerization, while high-level autonomy tasks have experienced increases
in relative wages rather than employment, but such increases have tapered
off in recent times.

5.4

The Labor Share in GDP

A detailed analysis of the U.S. labor share in GDP goes well beyond the scope
of this paper. According to Giandrea and Sprague (2017) and Karabarbou33

nis and Neiman (2013), about 90 percent of the decline in the labor income
share can be attributed to within-industry changes rather than to changes
in industrial composition. In our model, the labor income share will grow
in the high-end, emotional tasks and decline in the low-end, non-emotional
tasks. While capital deepening has been manifested in the provision of certain goods and services, there are certain other businesses (e.g., entertainment, sport clubs) in which labor costs have skyrocketed. More specifically,
the labor income share has increased in various educational services, health
care and social assistance, and in entertainment and recreation activities.
The labor income share has noticeably declined in the following industries:
mining, utilities, construction, manufacturing, wholesale trade, retail trade,
transportation and warehousing, and information. These latter industries
are primarily associated with non-emotional labor.
Low-frequency fluctuations in the labor income share have also been affected by the arrival of new technologies and associated macroeconomic factors. Figure 8 plots the U.S. labor income share. The peak in 2000 has been
masking its overall decline since the late 1970s. There was an extremely large
outlay of capital from 1995 to 2000 based on the need to replace mainframe
systems with ERP systems in preparation for the Y2K and compounded by
the need to build out web-enabled systems (e.g., see the Online Appendix).
The major dip in 2000 was following the dot com crash. The Great Recession
has seen the arrival of mobile technologies and the increasing extended use of
machine to machine M2M interactions eliminating several jobs. The Mobile
Era and the IoT have automated certain job tasks, which we have presently
identified as jobs lacking some kind of emotional component.

6

Concluding Remarks

Scientists have long been concerned with empowering computers to replace
human creativity and empathy. Along these lines, in this paper we assess the
impact of computerization on the U.S. labor market in recent decades. From
the O*NET database, we take the index of structured vs. unstructured job
tasks to proxy for human judgement in the workplace, and we take the index
of social perceptiveness to proxy for human interaction in the workplace.
Hence, we depart from the common distinction between routine and nonroutine tasks: automation has continuously advanced into the domain of nonroutine tasks with low levels of social perceptiveness. We arrange the analysis
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in technology eras as defined by various computing devices and connectivity
platforms along with their supporting infrastructure and architecture. We
detail the evolution of these technologies, and provide some benchmark dates
to evaluate changes in the composition of employment and wages.
We propose a model of product differentiation embedding job tasks. A
new technology may change the productivities of capital and labor and the
degree of substitution between these two factors of production. We postulate
some working assumptions to simulate observed disparities in TFP growth,
wages, and the labor income share across industries—leading to the labor
productivity and compensation gap as a result of computerization. Moreover,
the model can naturally be projected to the data after pairing census codes
with the O*NET database. In accordance with our theory we find the biggest
wage growth for high-level autonomy labor, and the biggest employment
growth for emotional labor. Jobs with low levels of social perceptiveness have
been shrinking since the beginning of computerization. This declining labor
input is now manifested in autonomous driving, automated pay stations, and
intelligent monitoring and communication systems.
From the evolution of relative wages, the emotional component does not
appear to be a differentiating factor within structured tasks. But there seems
to be limited mobility between non-emotional and emotional labor within
high-level autonomy tasks, as well as from structured and service tasks
toward high-level autonomy tasks. Educational attainment has narrowed
among our labor groups, and displays relatively little variation over time.
In some exploratory work on hedonic wage functions, structural changes in
wage growth are reflected in increasing estimates over time for the direct and
interaction effects of the two occupational attributes, while the quantitative
importance of formal education has declined over the last decades.
In our empirical work, we confirm that every technology era enhanced the
substitutability between capital and labor affecting additional job tasks. The
Mainframe Era was quite detrimental to factory labor; the PC Era displaced
emotional-structured labor and the skilled technician and so it began the
thinning out of the mid-skills; the Network Era magnified these trends—
computerization became noticeable for several kinds of non-emotional labor.
The more recent observed compression of jobs to the bottom of the skill
distribution has occurred during the Mobile Era and the Internet of Things.
Our analysis of technology eras is also supported by structural breaks in
occupation employment trends, the college wage premium, and the labor
income share.
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7

Online Appendix

This Appendix provides additional supporting evidence for some claims made
in the main text. We skip proofs of our propositions as they follow from
standard arguments. We stress the evolving nature of technological change
with unequal time-varying effects on the organization of the corporation, the
composition of employment, and wage structure.

7.1

The Mainframe Era (1950-1980)

The first commercial technology era started in the 1950s with the introduction of the very first programmable mainframes. The LEO1 machine ran
the world’s first commercial business application in 1951 for J. Lions and
company, a leading retailer of the time. Right after, IBM sold its first mainframe. Steady progress in efficiency and scope were made in the 1960s as
the machines moved from valve- to semiconductor-based technologies. A big
step forward occurred in 1973 when the IBM 360 introduced timesharing, a
capability that allowed a single machine to perform multiple tasks seemingly
at once for multiple users. In reality, the system was undertaking them one
at a time but switching between the multiple applications concurrently in its
memory.
Mainframes acted as a productivity tool within the organization by making initially batch-based processes more efficiently, and then moving to allow
online systems to be created for the first time. Online transaction processing
and later application processing represented changes in database and programming methodologies that facilitated the development of business systems such as accounting functions and payroll. A second catalyst for productivity improvement was the nascent enterprise class of systems, which
facilitate transactions and functional processes across the entire enterprise
while keeping data integrity. Enterprise applications started in earnest in
1970 when the German firm SAP created and incorporated an accounting
and payroll system for the Integrated Communication Interface (ICI). Their
breakthrough was that the database was not kept on punch cards but rather
in dynamic electronic memory. This system was followed by continuous enhancements and linked to the functionality of the Material Requirements
Planning (MRP), which included inventory control, bill of materials, and
scheduling systems. MRP systems had themselves originated in the 1960s
with companies such as Black & Decker that in 1964 looked into improved
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production methods like those pioneered by Toyota.
The 1970s saw the mainframe industry mature and stabilize. IBM was
the global dominant player and competed with UNIVAC, NCR, Control Data
Corporation, Burroughs, and Honeywell for market share in the US, and globally against firms such as Fujitsu, Hitachi, NEC, Siemens, Olivetti, and ICL.
From an application perspective, MPR and batch processing continued to
dominate, and companies used data centers owned by technology specialists
such as IBM to perform their processing. Usually, this was done off-line but
as the decade continued firms leased lines from telecommunication providers
to speed the cycle time of the application processing.
While clerical workflows, back office, and management productivity systems were a major focus of the new computer-based technologies, other aspects of the workplace were also being affected by technology initiatives.
Robotics in its modern form started in 1954 with the formation of Unimation, the world’s first robotic company. Their product Unimate was incorporated into GM’s New Jersey assembly line where it transported die castings
from the line and welded them to auto bodies. This was followed in 1963 by
Versatran, manufactured in the U.S. by AMF Thermatool Inc. Their product, a robotic arm, could move objects of up to 150 lb and was designed to
work for forty thousand hours. By 1967 the Ultimate and Versatran robotic
systems were being incorporated into European companies, and in 1968 the
first spot welding robots were being placed in assembly lines at GM’s Lordstown plant, OH. These robots were capable of performing 90 percent of the
body welding operations for vehicle manufacture at that time. They were
the successors to the multi-spot welding robot that KUKA had created for
VW in 1956. Also, in 1969 the world first robot capable of spraying products was created in Norway by Trallfa, now known as ABB. KUKA created
FAMULUS in 1968, a robot arm capable of more flexible work driven by six
electronic motor axes, which was improved in 1975 with the IP6/60 robot
that had six electromagnetic axes and an offset wrist enabling jobs requiring
more flexibility to be undertaken. The first robots to use machine vision
systems were seen in 1973. Hitachi of Japan created a robotic system that
could identify blots on a mold moving down a line, simultaneously being able
to tighten or loosen them. Similar machines were then developed by other
manufacturers including Kawasaki and Olivetti who created systems that
had required workers to use two hands—primarily deployed into automotive
production lines. The most influential robot of this type was possibly PUMA
(Programmable Universal Machine for Assembly) developed by Unimation
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in 1978, and used by GM for a variety of manufacturing tasks including small
parts handling as it could work to a 1/4000 of an inch; GM identified that
90 percent of all parts handled in the assembly process weighed 5 lb or less.
Steady improvements along several dimensions then followed. ABB created
IRB60 welding robots that could carry payloads of up to 120 lb for auto manufacturer SAAB, while Hitachi’s Mr. AROS robot incorporated gap sensors
and microprocessors technology for more precise welding operations.

7.2

The PC Era (1980-1994)

While the mainframe was developing, its primary successor, the PC, was
undergoing gestation in the form of the minicomputer. Standalone desktop computers had been around since as early as 1972, when Xerox PARC
created the Alto, but early machines such as Commodore PET and Tandy
Radio Shack TRSI80, both released in 1977, were seen as for home computer
“hobbyists”. Vendors such as Digital Equipment Corporation (DEC), Data
General, Wang Laboratories, Apollo Computers, Prime Computer, and Sun
Microsystems all started lower priced, light weight machines. It was not until
August of 1981 when IBM released its Personal Computer that the change
began to happen in earnest. This was primarily due to both the brand and
quality reputation, plus the decision to build the machine from common offthe-shelf parts or COTS. Minicomputers were primarily grounded on the
new RISC based processors (Reduced Instruction Set Computing) and run
up the equally new UNIX operating system, some variants of which were
open source. This platform along with the powerful and freely available C
programming language—also developed at the time by Bell Labs—allowed
faster processing and more flexibility for the application programmers. These
systems were quickly adopted by firms looking to gain a competitive edge
in new application areas such as Computer Aided Design and Computer
Graphics. For example, Ford Motor Company utilized the systems from
Prime to create its Product Design Graphical System in 1980, which allowed
them to undertake CAD/CAM finite element analysis and world-wide data
communications, facilitating global design teams and 24 hour product work
cycles. Other firms displayed flexible innovative solutions in the market.
Wang Laboratories produced Wang DVX, an integrated telephone switchboard and voicemail solution for the United Kingdom Department of Trade
and Industries in 1980.
While Moore’s law was having an increasingly dramatic effect on com42

puter performance and cost, developers found a market space large enough
to encourage the creation of software products. With the personal computer
initiative under way, firms benefitting from the introduction of the MRP systems in the 1970s continued to work with developers to evolve those systems
incorporating accounting systems, product quality, and the forecasting of inventory requirements. This move to cross-enterprise computing was aligned
to the model pioneered by SAP and became Enterprise Resource Planning
(ERP). Epitomized by a collection of functional modules all using a single database system which captured all the data for the organization, the
predominant ERP systems were frame based (e.g., SAP R2, using a central mainframe in a data center to undertake the processing) and coined the
phrase a single version of the truth as the data was uniquely defined in one
place but capable of being used by any module. The user navigated the
system via “green screen” technologies with limited flexibility for change.
From a functional perspective, the systems were also hard wired with limited
configurable options. But as with all technologies, much was happening in
the background that eventually allowed the next technological jump to occur. While mainframes were the main ERP technology platform during this
era, PC users soon recognized the need to transfer files and go beyond their
machine standalone capabilities. Companies such as Novell, Inc., created a
multi-platform network operating system in 1983. Cabletron Systems, Inc.,
also founded in 1983, and Cisco Systems founded in 1984 paved the way to
provide networking capability for enterprise systems, predominantly as Local
Area Networks (LANs), as the capability to connect in an extra capability
network during the time was based on leasing lines from telecom carriers or
firms such as IBM who owned large capacity networks. Additionally, enterprises sat on the sidelines waiting to see whether Ethernet or Token Ring
technologies would win the protocol battle. This was resolved in 1985 when
IEEE adopted the Ethernet standard as it could use inexpensive and widely
available telephone technologies of twisted pair cables which ran at 10 MBps
against 4 MBps for Token Ring.
As in the first era, progress was being made in other technologies including
robotics and AI, and thus impacting the workplace, its process, and its human
capital. In the field of robotic vision systems, the 1981 GM’s CONSIGHT
could sort six different castings passing down a conveyor belt; this system
was also used in the food industry to sort the production of confectionary as
it passed down a line. With the launch of the IBM PC the company created
AML, a PC based programming language to facilitate the development of
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robotic applications. Robotic languages had been available before including
Wave, developed at Stanford in 1973, AL in 1974, and Emily and ML by
IBM in 1976, but AML gave a much wider group of programmers access to
a standard language and platform. The second era in terms of robotics was
also a move to high degrees of accuracy to be used in continuous automation
applications and speed improvements; e.g., in manufacture Adept created the
AdeptOne, the first direct-drive SCARA (Selective Complacency Assembly
Robot Arm); the IRB1000 used by ABB was 50 percent faster through use of
a new pendulum arm mechanism. Another innovation was the networking of
robots for improved coordination and control. By 1992 these attributes led
to a major advance in robotic performance: Swiss manufacturer Demaurex
created the Delta robot that could load from a line into a packaging tray.
Beyond manufacturing, robotic systems had also impacted areas such as
medicine, where robots were being used in pioneering surgical work such as
the use in 1985 of a PUMA 560 to perform neurological biopsies with greater
precision. The development of specialized robots continued in the medical
field leading to ROBODOC, the first surgical robot to be FDA approved.
Remarkably, among these significant developments in industrial and surgical robotics a second dimension was emerging: the service robot pioneered
by Joseph Engelberger, founder of Unimation. The service robot concept
covered both domestic and industrial service conditions. Among the service
robots, we may mention the ComRo I in 1981, a $15000 robotic vacuum;
notwithstanding, its cost and positioning as a toy led to low sales. Other
cleaning service robots soon followed including the Tomy Dustbot in 1985,
the Panasonic vacuum cleaning robot in 1990, the HomeR and the Televac
in 1991. Early home assistant robots such as Marvin, which had a 500 word
vocabulary and sonar range finders, were pioneering the domestic service
robot sector and user interfaces, but sales were low as its price was about
$6100. Local government institutions were also extending robotics use in
their relationships with the public through systems such as ARES, a robot
built by 21 Century Robotics for public safety by police forces. Industrial
service robots, non-tethered and semi-autonomous—including submersible
robots used to check underwater pipes—were also devised. For example,
the Sentry Robot by Denning Mobile Robots was created in 1983 to move
through buildings following predetermined paths marked by infrared beacons
searching for motion, heat, and smoke, through its sensors.
The PC Era initiated the application of AI into the mainstream business
landscape. This occurred through the availability of tools such a Experts
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Systems Shells that made building rules-based systems easier, and which
required less direct coding. Specialized hardware was also being created
such as Symbolic Machines that efficiently run AI languages; e.g., LISP, and
the construction of large specialized pattern directed inference systems. A
primary example of such a system was R1/XCON, developed in 1980 by
Carnegie Mellon University for DEC to configure their VAX workstation
computers. DEC claimed that by 1986 the system saved them $40M a year
in configuration related expenses. AI also crossed over into the adjacent
managerial area of Decision Support Systems. While these systems also
termed Executive Information Systems (EIS) were not designed to deliver
at the level of the Expert Systems, they were embedded with algorithms
performing what later would be called analytics, and they were also using
the latest graphical capabilities. One such system was the creation of the
Gate Assignment Display System for United Airlines by Texas Instruments
in 1987, which enabled gate allocations to be made in 30 seconds at the
airport instead of 15 hours at the corporate data center.

7.3

The Network Era (1994-2007)

The late 1980s and early 1990s was a period of consolidation around existing
ERP mainframes, which from an accounting purpose needed to be depreciated and absorbed in operating budgets while capital expenditure budgets
were focused on laying local area networks (LANs) and thinking on internal
PC based applications. This infrastructure build out was the precursor for
the next two big events in the technology landscape: SAP R/3, a client-server
based version of its ERP software which was officially launched in July 1992,
and Windows NT by Microsoft launched in July 1993.
Based upon the technology landscape the Network Era can itself be subdivided into two parts using year 2000 as the dividing line. From 1995 to 2000
companies were facing many technological challenges, motivated to upgrade
all their technologies. The movement to client-server based systems both at
a LAN level and a wide area network level (WAN) collectively termed an
enterprise wide network (EWAN) was driven by vendors such as a Microsoft
at the platform level as well as vendors such as SAP at the enterprise application layer. These vendors were providing distributed client-server based
solutions as customers phased out their centralized mainframe solutions. Simultaneously, the vendors and the corporations recognized these developments as an opportunity for modernizing their work practices, incorporating
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web technologies from the newly deregulated internet, and resolving the Y2K
problem.
The origins of the internet were laid by Professor Leonard Kleinrock’s
data packet networking group at UCLA, where Vince Cerf and Bob Kahn
connected the first two nodes on ARPANET in 1972. ARPANET continued
to grow and standardized the TCP/IP protocol—eventually merging with
NSFNET and linked to a global network of other TCP/IP systems such
as JANET. One such member of the network was CERN where CERNET
was used by Tim Berners-Lee in 1989 to formulate the World Wide Web,
producing its first browser in 1990. But it was not until the advent of the
Mosaic browser in 1992, and its subsequent general release by the National
Center for Supercomputer Applications at the University of Illinois UrbanaChampaign in 1993 that the concept of browsing became a feasible possibility
for a wider research community. Its use in the broader commercial world was
short until Netscape Navigator, based on Mosaic, was released as a free-touse product in October 1994. This collection of technologies thus created the
architecture that was to become the internet and World Wide Web. The US
Government in 1995 legislated that commercial traffic could use the network.
With the launch of Windows NT, organizations found a stable and compatible platform for the technology build out of LANs. Change in work
practices was driven by the Business Process Reengineering (BPR) movement, pioneered in the 1990s by Michael Hammer, whose Harvard Business
Review article, Reengineering Work: Do not Automate, Obliterate, focused
on removing obsolete forms of work that do not add value—rather than use
technology to replace and automate processes. Interestingly, however, it was
technology in the form of ERP that changed the work practices and added
value to these organizations. The move to the distribution ERP and its BPR
basis also changed the organizational structure of the enterprise and the work
function. Before the internet, ERPs were mainly centralized services based
upon managing stable and mature workflows, and workers were within the
corporate networks which were local in nature. But new client server ERPs
such as SAP R/3 leveraged the internet to allow work to be carried out anywhere there was an internet connection, and allowed firms to be managed on
a similar basis, remotely if necessary. This provided firms with the opportunity to change their cost basis for a process of service such as outsourcing
which became financially attractive to cut costs and increase margins. The
internet-based client server ERP solutions also facilitated the telecommunicating dimension of work, allowing workers to be hired on a part-time basis,
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where the worker could be required to use her own equipment to connect
and perform tasks, thus again adding to the agility of the organization in
its human capital and intangible employment investments. A further driver
of work practice change resulted from the impact the internet and web had
on the sales channel of firms, with the explosion of e-commerce, outsourcing,
and the disintermediation of historically established channel partners.
All of these factors combined with further developments in WiFi, Cellular Networks, Bluetooth, Near Field Communication Technologies, and Radio
Frequency Identification (RFID), while Moore’s law would continue to decrease costs and size, and will thus drive the change and productivity within
the organization. A major dip in technology spending occurred in 2000 after
the failure of many technology dot com firms to meet their financial goals.
The result of this hit in earnings was a major stock market correction that
reduced the market value of the NASDAQ from $6.7T in March 2000 to
$1.6T in October 2002. This had a resultant negative impact on technology
budget allocation within many firms. The extremely large outlay of capital
between 1995 and 2000 to replace the mainframe ERPs with client-server
systems, Y2K costs, the need to build out web-enabled systems, and absorb reengineering costs, was then subject to depreciation within the next
5-8 years. While the corporations attempted to move to a steady state after the disruption of the technology followed by the market correction, the
consuming of technology continued—particularly the internet. Data from A.
T. Kearney indicates that in 1995 there were 16M users, at the correction
in 2000 that number was 361M, and by 2007 a 1,319M were internet users,
about 20 percent of the world population.
Another trend was to move from the desktop to the laptop, often as a
supplemental device to the work based desktop platform. In 1995 approximately 15M PCs were shipped by vendors and 1M notebook PCs. These
had grown to 23M and 5M, respectively, by 2000, and by 40M and 37M in
2007, narrowing between device use in the enterprise. Simultaneously, the
percentage of mobile phone subscriptions in the developed world went from
50 percent in 2000 to 97 percent in 2007. A further burgeoning technology
infrastructure area of growth was in WiFi. While in 2004 there were only
53K public WiFi hotspots, by 2007 that number had grown to 219K.
As in the prior eras, the development of robotic and AI technologies
continued in parallel to workflow management and office productivity tools.
Leading into 1995, industrial robotics began to be able to network and synchronize multiple robots through Motoman’s SKI16 robotic control system,
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a robot job system that could run from a PC, and it was capable of synchronizing two robots in operation on 16 axis. In 1998, Motoman also introduced
features such as laser, plasma, and water cutting functions—expanding the
applicability of the robots. Moreover, robot speed of operation was also increasing. In 1988, ABB released the FlexPicker, which through improved
vision techniques developed at the Federal Institute of Technology of Lausanne could pick and release 120 objects a minute at a speed of 10 meters per second. The advent of the internet and web allowed robotic firms
such as KUKA to monitor remote robots at manufactures using their products, allowing for diagnostics, upgrades and service—reducing firms’ overhead
around employing in-house technical specialist support. Increased accuracy
in robotic performance was enhanced by the use of CO laser guidance systems. Ten years after the Motoman SK16 the firm had doubled the capacities
on robotic synchronization to four, and up to 38 axis in its NX100 system,
allowing more accurate and complex workloads to be undertaken in small
timeframes. Robots during this period also got cheaper and lighter. The
KUKA robot weighted only 35 lb but could handle payloads of up to 15
lb—creating greater roles for robots in a variety of work environments.
Service robots also continued to grow with worldwide sales of $1,540M in
2006 for products such as systems for assisting in hospitals, checking underwater cables, bomb disposal, and gutter cleaning systems. For the entertainment industry, in 2005 Motoman launched a robotic bartender dual-armed
high-speed robot which can mix drinks on demand through a touch screen
display. Another manufacturer, iRobot, started by creating tactical mobile
robots for DARPA in 2001 including the PackBot which was used to search
the World Trade Center after September 11. They then transitioned and
produced home vacuuming products, including the Roomba 2002 and the
Scooba floor washing robot in 2004. Other domestic functions were becoming serviced by robots as for example lawn mowing and pool cleaning robots.

7.4

The Mobile Era (2007-2014)

The marking point for the fourth era, the Mobile Era, was the launch of the
Apple iPhone in June 2007, soon to be followed by the iPad in January 2010.
Like many technologies, both the iPhone and the iPad had their roots in
earlier devices and systems, in this case they both were direct successors to
the experiment Apple launched in 1993 known as the Newton Message Pad,
a Personal Digital Assistant with a stylus and large screen interface but no
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wireless connectivity. This latter product was terminated in 1998.
The impact of the smartphone and tablet on the enterprise was substantial. The wireless platform empowered workers with higher degrees of
productivity and autonomy, not possible with the laptop. The machines
(smartphones and tablets) needed to run applications on a device with its
own architecture, very different from the desktop or laptop environment, with
at least initially lower memory resources. Cloud platforms provided a new
architectural choice for these applications and the corporate ERP implementation.
The architecture demanded highly intense graphical processing along with
user interface requirements and communications, in combination with variants of the operating systems. The vendors, Apple IOS, Android, and Microsoft Windows, created stores from which corporations could acquire apps
developed by themselves or third parties. Amazon Web Services (Elastic
Compute Cloud) commenced providing service in 2006, and Microsoft Azure
commenced providing service in 2010. These vendors allowed corporations
to migrate their solutions to the cloud, while others such as SalesForce.com
allowed companies to access services for customer relationship, management
processes, and pay as they consumed them. Cloud computing captures four
environments of technology products: Infrastructure as a Service (IaaS),
Platform as a Service (PaaS), Software as a Service (SaaS), and Business
Processes as a Service (BPaaS). From a managerial consideration, the most
important of these is BPaaS, which is fundamentally the automation of the
functional steps required to perform or facilitate the execution of a product
or service to a customer internal or external to the organization. The pay as
you go consumption approach used in the BPaaS model permits firms not to
own fixed assets or human capital but rather acquire assets for specific tasks
and durations; for example, Order Management as a Service (OMaaS); digital
asset management automated; sales force planning and automated membership enrollment. BPaaS vendors lowered the cost of using these services, and
increased the mobility of service use as they are cloud based and are reliable
and easy to scale. Some BPaaS functions are widely known and available
such as PayPal, which provides internet payments capabilities as services;
Google provides search capabilities; and Skype provides VoIP services.
At the same time, mobile data traffic continues to grow. According to
Ericsson, the growth in data traffic was about 60 percent per annum in
the last few years, while growth in voice traffic is limited to the mid-digits.
Increases in data traffic are propelled by new smartphone subscriptions and
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viewing of video content. Hence, with the growth of mobile work practices,
the applications upon which relied also generated vast amounts of data. This
created the next piece of the technology architecture of the fourth era, what
has commonly been known as Big Data. Although originally termed by Doug
Laney in 2001, the growth of digital storage as the primary means of storage
allowed previously unimaginable amounts of data to be captured and stored.
In 2007, digital storage become 94 percent of all storage and counted for 280
exabytes of the global information storage capacity, the remaining 6 percent
being analogue storage including paper, film, tape and vinyl, and counted
for only 19 exabytes of the global information storage capacity. Analytical
capabilities enabled the personalization of solutions for customers to be more
obtainable at a reduced cost. They minimized capital excess in areas such as
ordering of supplies, inventory management, and the deployment of resources,
including human capital.
The final technological component of the fourth era that was necessary
for the mobile analytics environment to work was the growth in bandwith
capacity both over land-line and wireless technologies. Such growth was not
just at the national level but connectivity levels had to rise to facilitate the
global footprint of firms. Demand for bandwith on the transatlantic route
by telecommunication companies increased at 36 percent per annum between
2007 and 2012, while that to Latin America grew at 70 percent per annum
with data bandwith on the major routes increasing during the period between
10 and 12 TBps.
Robotic systems and AI continued to evolve during this era. Industrial robot performance and speeds showed significant improvement gains.
Yaskawa Motoman of Japan in 2007 created the next generation of an arc
welding robot which reduced cycle times by 15 percent, while KUKA introduced high payload robots capable of managing loads of 1000 lb. Robot
synchronization also increased with Motoman introducing systems capable
of synchronizing eight robots and 72 axis. Service robots also evolved in areas such as hospital assistance, domestic assistance, cleaning solutions, lawn
mowing, and other domestic tasks.

7.5

The Internet of Things (2014-present)

The Internet of Things (IoT): Smart Connected Devises. An extension of the
machine to machine M2M interactions that have been in practical existence
since the 1970s when Theodore Paraskevakos pioneered the telephone caller
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ID in 1971, and the automatic meter reader in 1977. Again, as in the past eras
the groundwork for the IoT era was laid over the previous decades in which
standards and protocols were researched and developed. The applicability
of smart connected devices was accelerated as telecommunications pricing
dropped during the mobile era and Moore’s law continued to decrease the
size and cost of processors and memory.
Gartner and Cisco have projected extreme growth in this area, and they
consider the commencement of this era to be 2009, a point in time at which
more computer based were connected to internet than people (12.5B things
against the world population of 6.8B). But for a proliferation of smart connected devices to happen, there were several precursory technicalities needed
to be in place that in reality delayed the timeline of the commencement of the
era for practical purposes for several years. Primarily, for the IoT to function, devices need IP addresses—requiring the widespread adoption of IPv6
that has a capability for 340 undecilion IP addresses against the saturated
address space of the IPv4 and its 4.3B addresses. IPv6 was publicly launched
in 2011—although a Domain Name System (DNS) had been available for use
since 2008. Adoption was slow as routing equipment and telecommunication
vendors were switching out and depreciating existing equipment, resulting
in IPv4 still being used by 99 percent of all the worldwide internet traffic
in 2014. In September of 2015, however, the American Registry for Internet
announced that North America ran out of new IPv4 addresses. This was the
catalyst needed to move organizations forward onto IPv6, which in turn will
allow the assignment of these IP addresses to potentially every atom of the
planet.
The IoT is based on cheap microprocessors, RFID, and ubiquitous communication through WiFi systems to good effect allowing devices to communicate among themselves with little human interaction. Robotic warehouses
such as Kiva systems have improved productivity by replacing six humans
with a single robotic machine that communicates with the other robots and a
centralized command system to optimize warehouse functions. IBM’s smart
cities project includes electronic meters so humans are no longer needed to
walk house to house. These meters collect data and make power stations
more cost effective to run for demand loads. Amazon has smart buttons that
reduce the need for consumers to visit stores. Google NEST provides intelligent thermostats to consumers. Active RFID windshield-mounted transporters remove jobs for highway toll workers. Multiple autonomous vehicles
are capable of sensing the environment and navigating without human in51

put by using a variety of techniques such as radar, lidar, GPS, odometry,
computer vision, and AI.
While static industrial robotic systems continue to evolve, the greatest
progress has been in the service robots, both commercial and personal. A
leading sector is healthcare, which has embraced service robots in many functional roles. Aethon’s TUG robots perform the delivery and transportation
tasks in hospital and free up clinical and service staff to perform higher value
patient-care tasks. Their system lowers service costs by 50 to 80 percent
per product delivery by vendors, improves patient care and satisfaction, and
automates compliance to regulatory requirements. Vasteras Giraff is a mobile robot that serves as a communication tool for the elderly, allowing twoway visual and audio communication through a user friendly interface. The
iRobotics company has produced remote telemedicine robots known as AVA
(priced at $69.5K) that physicians can use to interact with patients, other
medical devices, and electronic medical records. On the AI frontier, companies such as Amazon, Google, and Microsoft are providing several services
for business including automated repairs in the airline industry, automated
order-taking in chain restaurants, safety in the protection of workers surrounded by robots, text analytics, spoken conversation support and speech
translation, virtual assistance, machine learning platforms, and decision management. International Data Corporation (IDC) projects that the AI market
will grow from $8B in 2016 to $47B in 2020.
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Figure 1: Impact of Technology on the Labor Market
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Table 1: Categories of Job Tasks
Emotional
Non-Emotional

Low-Level Autonomy
Emotional-Structured
Factory
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Mid-Level Autonomy
General Manager
Skilled Technician

High-Level Autonomy
Emotional-Creative
Career Profession

Figure 2: Composition of U.S. Employment, 1948-2017

Notes: Industry definitions follow the 1997 North American Industry Classification System (NAICS).
GOV: Public administration; ART: Arts, entertainment, recreation, accommodation, and food services;
EDU: Educational services, health care, and social assistance; PRO: Professional and business services;
FIN: Finance, insurance, real estate, rental, and leasing; INF: Information; TTR: Transportation and
warehousing; TRT: Retail Trade; WHT: Wholesale trade; MNF: Manufacturing; CON: Construction;
UTL: Utilities; MIN: Mining; AGR: Agriculture, forestry, fishing, and hunting. Data Source: BEA.
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Figure 3: Average Annual Growth Rate by Industry for the Labor Income
Share, the Relative Price, and the Relative Wage, 1987-2017
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Notes: Industry definitions follow the 1997 North American Industry Classification System (NAICS).
MNF: Manufacturing; TRT: Retail trade; TTR: Transportation and warehousing; WHT: Wholesale trade;
INF: Information; FIN: Finance, insurance, real estate, rental, and leasing; PRO: Professional and business
services; EDU: Educational services, health care, and social assistance; INF: Information; ART: Arts,
entertainment, recreation, accommodation, and food services. Data Source: BEA.
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Figure 4a: Composition of Employment for Low-Level Autonomy Work
Tasks, 1950-2010

Notes: For each category of job tasks, the share of employment at each date is defined as the number of
jobs in that category over the total number of jobs in the economy. Categories of job tasks: 1: Service
workers, technicians, trade workers; 2: Scripted service workers, uniformed workers, rules-based workers; 3:
NA; 4: NA; 5: Skilled technicians, skilled service workers; 6: Professional engineers, professional technical
workers, medical technicians; 7: Rehabilitation counselors, social workers; 8: NA.
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Figure 4b: Composition of Employment for Mid-Level and High-Level Autonomy Work Tasks, 1950-2010

Notes: For each category of job tasks, the share of employment at each date is defined as the number
of jobs in that category over the total number of jobs in the economy. Categories of job tasks: 9: Highly
skilled engineering technicians, finance technicians, guilds; 10: General managers, engineers, clinicalhealth service workers; 11: Clinical support (not medical doctors); 12: Marriage therapy; 13: Therapists,
engineering-based technical professionals, education; 14: Professional skilled managers; 15: Executive
managers (CEOs), attending physicians; 16: NA. 58

Figure 5a: Evolution of the Relative Wage for Low-Level Autonomy Work
Tasks, 1950-2010

Notes: For each category of job tasks, the relative wage at each date is defined as the average wage
of each category over the average wage for all categories. Categories of job tasks: 1: Service workers,
technicians, trade workers; 2: Scripted service workers, uniformed workers, rules-based workers; 3: NA;
4: NA; 5: Skilled technicians, skilled service workers; 6: Professional engineers, professional technical
workers, medical technicians; 7: Rehabilitation counselors, social workers; 8: NA.
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Figure 5b: Evolution of the Relative Wage for Mid-Level and High-Level
Autonomy Work Tasks, 1950-2010

Notes: For each category of job tasks, the relative wage at each date is defined as the average wage of each
category over the average wage across all categories. Categories of job tasks: 9: Highly skilled engineering
technicians, finance technicians, guilds; 10: General managers, engineers, clinical-health service workers;
11: Clinical support (not medical doctors); 12: Marriage therapy; 13: Therapists, engineering-based
technical professionals, education; 14: Professional skilled managers; 15: Executive managers (CEOs),
attending physicians; 16: NA.
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Figure 6a: Evolution of Educational Attainment for Low-Level Autonomy
Work Tasks, 1950-2010

Notes: For each category of job tasks, these figures are constructed using weighted averages of educational
attainment at each date. Categories of job tasks: 1: Service workers, technicians, trade workers; 2:
Scripted service workers, uniformed workers, rules-based workers; 3: NA; 4: NA; 5: Skilled technicians,
skilled service workers; 6: Professional engineers, professional technical workers, medical technicians; 7:
Rehabilitation counselors, social workers; 8: NA.
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Figure 6b: Evolution of Educational Attainment for Mid-Level and HighLevel Autonomy Work Tasks, 1950-2010

Notes: For each category of job tasks, these figures are constructed using weighted averages of educational
attainment at each date. Categories of job tasks: 9: Highly skilled engineering technicians, finance
technicians, guilds; 10: General managers, engineers, clinical-health service workers; 11: Clinical support
(not medical doctors); 12: Marriage therapy; 13: Therapists, engineering-based technical professionals,
education; 14: Professional skilled managers; 15: Executive managers (CEOs), attending physicians; 16:
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Figure 7: Deviations of Annual Real Output Growth by Industry, 1987-2017
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Notes: Industry definitions follow the 1997 North American Industry Classification System (NAICS).
MNF: Manufacturing; TRT: Retail Trade; TTR: Transportation and warehousing; WHT: Wholesale trade;
INF: Information; FIN: Finance, insurance, real estate, rental, and leasing; PRO: Professional and business
services; EDU: Educational services, health care, and social assistance; INF: Information; ART: Arts,
entertainment, recreation, accommodation, and food services. Data Source: BEA.
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Table 2: OLS Regression Estimates of Hedonic Wage Functions
over the Grand Sample of All Workers at Every Fixed Date
Date

1960

1970

1980

1990

2000

2010

α1

0.32
(0.02)

0.61
(0.04)

0.65
(0.02)

0.73
(0.01)

0.76
(0.02)

0.78
(0.01)

α2

0.25
(0.03)

0.48
(0.04)

0.51
(0.06)

0.53
(0.04)

0.56
(0.03)

0.59
(0.04)

α3

0.04
(0.001)

0.04
(0.002)

0.05
(0.002)

0.06
(0.002)

0.06
(0.003)

0.04
(0.003)

α4

0.21
(0.05)

0.23
(0.06)

0.42
(0.04)

0.61
(0.03)

0.63
(0.04)

0.67
(0.03)

α5

0.03
(0.01)

0.04
(0.01)

0.06
(0.02)

0.07
(0.02)

0.07
(0.02)

0.04
(0.03)

α6

0.01
(0.03)

0.03
(0.02)

0.03
(0.02)

0.03
(0.01)

0.04
(0.02)

0.03
(0.05)

R2

0.28

0.34

0.41

0.52

0.50

0.44

Notes: Dependent variable: wage and salary income refers to annual earnings from
census data. Standard errors appear in parentheses. Sample size has been restricted to
about 20,000 randomly selected observations for each regression.
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Figure 8: Labor Income Share for the Nonfarm Business Sector.

Source: U.S. Bureau of Labor Statistics. Shaded bars indicate recessions.
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