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Abstract: We study the projected impact of automation on employment in the forthcoming decade,
both at the macro-level and in actual (types of) sectors. Hereto, we unite an evolutionary economic
model of multisectoral structural change with labor economic theory. We thus get a comprehensive
framework of how displacement of labor in sectors of application is compensated by intra- and
intersectoral countervailing effects and notably mopped up by newly created, labor-intensive sectors.
We use several reputable datasets with expert projections on employment in occupations affected by
automation (and notably by the introduction of robotics and AI) to pinpoint which and how sectors
and occupations face employment shifts. This reveals how potential job loss due to automation in
“applying” sectors is counterbalanced by job creation in “making” sectors as well in complementary
and quaternary, spillover sectors. Finally, we study several macro-level scenarios on employment and
find that mankind is facing “the usual structural change” rather than the “end of work”. We provide
recommendations on policy instruments that enhance the dynamic efficiency of structural change.
Keywords: structural change; employment; labor; automation; automatability; occupation; robot;
robotization; AI; computerization

1. Introduction
Mankind is on the brink of the Fourth Industrial Revolution in which breakthrough technologies
such as artificial intelligence, robotics, data science, quantum computing, internet-of-things, etc.
will enable advanced applications such as social robots, autonomous vehicles, virtual assistants,
3D printing and desktop manufacturing, etc. (e.g., [1]). There is a debate among labor economists
on the effects of the introduction of technology to increase productivity (or, economize on labor) in
general, and of automation by means of robots and AI on employment in particular. On the one hand,
there is literature arguing that the pace at which employment is destroyed by the introduction of
productivity-enhancing technology may exceed the pace at which mankind is able to find new uses for
those becoming unemployed [2]. Mankind may thus face mass unemployment and increasing income
inequality, which calls for unemployment relief through income redistribution and unemployment
benefits [3]. With regard to the effect of automation using robots and AI, there are articles in popular
media, consulting reports [4,5], and scientific publications (e.g., [6–8]) of how introduction of AI, robots,
and automation affects a large share of workers and may even create a future with structurally high
levels of unemployment (or even the “end of work” [7]), stagnating median wages, and growing
income inequality. With such consequences, further automation may well be economically and socially
unsustainable in the long run.
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On the other hand, there is a sizable body of scientific literature that argues that, although
automation indeed will displace some workers, the technological change also creates demand for labor.
While automation increases productivity and thereby causes unemployment, there are countervailing
effects such as increasing product demand, local demand spillovers, increasing demand for new skills
or even new jobs required for new products and services (e.g., [4,9–18]). Aptly phrased, Autor [12]
states: “Automation does indeed substitute for labor—as it is typically intended to do. However, automation also
complements labor, raises output in ways that lead to higher demand for labor, and interacts with adjustments
in labor supply. [. . . ] [J]ournalists and even expert commentators tend to overstate the extent of machine
substitution for human labor and ignore the strong complementarities between automation and labor that
increase productivity, raise earnings, and augment demand for labor”. Historical analysis corroborates
this perspective. In the past, industrial revolutions triggered structural transformations, which,
after recovering from initial technological unemployment, have brought mankind merely frictional
unemployment, and prosperity rather than poverty, and it remains to be seen whether it is different
this time [19]. Thus, possibly, we are facing an economically and socially sustainable future with a
high level of employment for a skilled workforce, in which the recent wave of automation is merely a
period of transition with temporary technological unemployment.
In this paper, we start from the evolutionary economic notion on structural change that
productivity-enhancing technology displaces labor in existing sectors yet the unemployed may be
mopped up by newly created sectors [20–22]. We formulate a conceptual framework of different types
of sectors and occupations with regard to the temporal effects of technological change. The research aim
is threefold. Firstly, to present a multisectoral perspective on the impact of automation on employment
and discuss the various countervailing forces for technological unemployment within and between
sectors. We thus allow for a higher degree of specificity of narratives on the structural change driven
by automation and place extant labor economic theories in a sectoral perspective. Secondly, we use the
assessments of occupational experts of the Bureau of Labor Statistics (BLS) to specify which actual
sectors (in the North-American Industry Classification, NAICS) and actual occupation groups (in the
Standard Occupational Classification, SOC) face the technology-driven employment shifts. Moreover,
we use different datasets to conduct a patchwork of analyses on changes in employment based on the
countervailing effects specific to the types of sectors. Thirdly, to aggregate over changes in the sectoral
composition of the economy and projected employment in the various sectors, we propose several
macro-level scenarios on employment in a decade from now. We isolate the actual occupations and
sectors that arguably feature in the “end of work” and “structural change, as usual” scenarios and
look for indications that we are in either one of the two scenarios. As we also observe that the span
of occupations that are partly or entirely automatable as well as the set of sectors thus affected are
limited, the “end of work” scenario manifests itself in a limited part of the economy at best. Moreover,
we also argue that the loss of jobs due to automation is compensated in various ways, so ultimately we
expect to merely see structural change with (possibly) a temporary dip in employment. From the labor
economic effects at work, we formulate several policy measures to increase the dynamic efficiency of
structural change.
In a nutshell, the empirical analysis using the multisectoral framework finds developments at
odds with the “end of work” claim. For one, our expert-based estimation of the automatability of jobs
in the applying sectors is counterbalanced by an increase in employment in the sectors developing,
producing and supplying technology (notably engineering, software, and scientific services). Moreover,
there is substantial employment growth in quaternary sectors, personal/health care, luxury goods
sectors, etc., arguably due to growth in disposable income in the “making” and complementary sectors,
but even for “upskilled” occupations in the applying sectors. Aggregating over changes in the sectoral
composition of the economy and projected employment in the various sectors, we find support for the
claim that job loss in the applying sectors is limited and outweighed by the potential for job creation in
directly related (new) sectors as well as in the spillover sectors.
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The structure of this paper is as follows. In Section 2, we present our conceptual framework,
including our multisectoral perspective on structural change. In Section 3, we discuss the data and the
data-analytic methods used. In Section 4, we present the results of our analysis of empirical data on
how (the developing capabilities of) robots and AI affect the work activities performed by humans.
Moreover, we provide a brief analysis of automatability of occupations in the sector of application
and present results on (structural shifts in) employment in certain technology-affected occupations
in other discerned sectors. In Section 5, we evaluate our projections on how automation affects
structural change in employment in the various sectors and associated groups of occupations. Finally,
we propose and discuss three categories of policy instruments to prevent and overcome adverse effects
of automation.
2. Conceptual Model
2.1. Technological Unemployment and Compensation
Automation has consequences for the organization of work, the type of jobs performed, skills
required, and the tasks and working activities conducted. In general, automation (computerization,
introduction of robots and AI) predominantly affects routinized work in stationary, predictable
environments, typically found in the middle-skilled jobs [5,7,23], particularly whenever tasks merely
concern executing rules rather than require cognitive processing of information [24]. However,
automation and computerization by means of the introduction of robots, advanced software, and AI
thus substitute for the routine and “rule-based” tasks, yet complement the non-routine and cognitive
tasks (see, e.g., [25] on computerization). The non-routine and cognitive tasks typically are executed
by high-skilled employees with high wages, while the routine tasks generally are conducted by
medium-skilled employees with medium wages. Consequently, jobs that are low-skilled, but are
composed of non-routinized tasks in a dynamic and unpredictable environment cannot yet be
robotized or computerized. Jobs which require refined perception and physical dexterity, creative
intelligence/improvisation, or social intelligence, regardless of whether they are low-skilled, are less
at risk of replacement (cf. [6,8,26]). Although tasks using tacit knowledge or knowledge which is
hard to codify cannot be automated (cf. [27]), if there is a sufficiently large amount of data, cognitive,
knowledge-based tasks can also be taken over by AI [7] and are, as such, subject to progressive
automation and substitution as well (cf. [4,28]). Thus, technological substitution of jobs does not
necessarily displace low-skilled work, but rather routinized work [23]. As routinized work is often
executed by medium-skilled workers, this substitution effectively “polarizes” [25,29,30] or “hollows
out’ [31] the labor force, with fiercer competition and thereby wage stagnation, particular for middle
and lower skilled work.
While the introduction of productivity-enhancing technology displaces activities conducted
by humans and thereby causes technological unemployment, there are various countervailing
forces actually creating new activities, functions, and jobs and thus compensating for that
unemployment [9–11,16–18]. Firstly, the introduction of productivity-enhancing technology causes a
decline in costs of the automated tasks. This may have firms lower their prices and thereby increase
demand. This brings about an increase in demand for labor (also) in non-automated tasks. Secondly,
the exploitation of the introduced technology may require complementary tasks (e.g., controlling,
programming, and maintenance), which may form new occupations or new activities for existing
occupations (cf. [32,33]). These complementary tasks may increase the demand for higher skilled
employees with higher wages. Thirdly, cost savings and additional profit may well be reinvested,
deepen automation, and give rise to new products and services, and thereby new jobs. Fourthly, there
are local demand spillovers, such as demand for doctors, hair stylists, and waiters [13,15,34]. There is
a fifth countervailing force, namely the creation of new tasks, functions and activities in which “labor
has a comparative advantage relative to machines”. This causes the creation of new jobs that “reinstate”
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the displaced labor. Acemoglu & Restrepo [11] argued that particularly this last effect is required for a
“balanced growth path”.
2.2. Multisectoral Perspective
Arguably, the labor economic process described above is driven by entrepreneurial behavior in a
process of creative destruction (cf. [35]) and brings about structural change; central in the literature on
structural change is the shift of demand for labor in one to other sectors (e.g., [36–38]). Innovation and
entrepreneurial activities give rise to new products and services, which in turn may give rise to new
sectors in which jobs are created. As such, over time, the sectoral composition of an economy becomes
more varied and output differentiation increases (cf. [20–22]). Here, we propose a multisectoral
perspective akin to the structural change literature as a template to study the effects of automation.
We discern two dimensions: (i) the type of sector affected directly or indirectly by automation
(notably: (1) sectors in which the technology is applied; (2) producing, developing, supplying and
supporting (“making” sectors); (3) complementary sectors (e.g., facilitating or inhibiting exploitation
of the focal technology); and (4) quaternary sectors receiving spillover); and (ii) characteristics of
occupations subject to technological change (notably whether these occupations face substitution,
transform to reap complementarities, or come into existence creating and reaping new technological
opportunities). With the introduction of these additional dimensions, we enable providing an overview
of which specific sectors and occupations are actually affected and allow further disentanglement of
displacement and countervailing effects of automation.
We now revisit the labor economic framework provided in Section 2.1 with the multisectoral
perspective as focal lens. Firstly, the introduction of productivity-enhancing technology is found to
lower the net employment in the focal sector of application (cf. [39]). However, even in the existing
sectors of application, there are “intrasectoral transformations” in the forms of new, complementary
tasks or even jobs created to support the use of new technology. Moreover, the negative effects of
substitution might be (and actually are) compensated by increasing demand whenever products and
services become more advanced (and more diverse, possibly customized) or whenever the unit costs
drop. Indeed, robots and AI may well substitute and complement employment within the same sector
of application at the same time [23,25,32]. Secondly, with increasing automation in the sectors of
application, there is an increase in demand for technological products (robots and AI) not only in
the developing and producing sectors, but also in the upstream supplying and supporting sectors,
which create new jobs as well [15,16,18,40,41]. Thirdly, there are jobs created in complementary sectors
facilitating and inhibiting the (efficient) implementation of the focal technology (e.g., training and
education), the exploitation of business opportunities (e.g., consultancy), etc. Fourthly, there is local
demand spillover as disposable income is spent on discretionary goods (e.g., leisure and traveling,
entertainment and culture, sports and lifestyle, etc., but also health care) and thus may increase
employment in quaternary sectors [15]. The loss of jobs within a particular sector due to automation is
offset by the increase in product demand and positive spillovers to other sectors [13,15,34]. The change
in total disposable income and/or hours worked is expected to correlate with the change in demand of
discretionary goods. Finally, there is a sixth type of sector, which we exclude from further analysis,
namely unrelated sectors, which attract employees that got displaced in the sector of application and
decide to do something completely different.
Competition drives down profit margins and forces firms in existing sectors to: (i) introduce
productivity-enhancing technology which displaces labor with capital; and, ultimately, (ii) look for
new products and services, business models, etc., to reap “monopolistic rent” [35]. As such, there is
endogenous creation of new products and services which may give rise to (labor-intensive) new sectors
that mop up the technologically unemployed (cf. [20–22]). This is in line with the labor economic notion
that the creation of new products, services, functions, and activities thus reinstates displaced labor and
is argued to be essential for sustained growth (cf. [11]). These new sectors generally develop or put to
new use the focal technologies, or support, supply or complement (the use of) these technologies. In
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the long run, we expect a cascading creation of sectors developing and producing new technologies
and creation of new sectors applying the developed technology, with labor mobility within and across
these sectors. In addition to this, there are education and training sectors which facilitate this structural
change and mobility within and across sectors.
In addition to the “type of sector” dimension, we introduce a classification of changes in
occupations due to automation. We discern three classes of occupations. The first class are existing
occupations that are directly affected by technological substitution of (part of) the tasks. This class
also contains occupations that are indirectly affected by changing demand or disposable income of
customers. This holds for occupations in the sectors developing and producing the focal technology or
supplying products or services to robot or software builders. However, this also holds for occupations
in sectors that are facilitating or inhibiting these changes, e.g., people need to be trained and educated in
the new rather than old technology. Note that the net effect of technological change is not immediately
obvious: while jobs in the new technology are created (e.g., trainers, consultants), jobs related to old
technology may be lost. Moreover, technological change also affects the disposable income, which has
ramifications for spillover into the quaternary sectors.
The second class contains: (i) occupations in which, primarily, task content is adjusted to exploit
new technology; and (ii) occupations that transform substantially by introducing complementary tasks
to exploit the focal technology (e.g., maintaining or programming a robot). The latter may well require
a skill upgrade. Arguably, it may be that the job title stays the same but new technology is used
to change the input manageable, the processes available, or the output possible, and thereby the
activities required.
The third class contains emerging occupations that reap opportunities to provide innovative
products or services using the focal technology, or extending and recombining technology. A substantial
amount of employment growth takes place in jobs with new job titles [9].
Figure 1 sums up the changes in employment expected by type of sector (columns) and the type
of change in occupations (rows) due to the introduction of focal technology. Although the sector of
application and existing occupations face substitution and hence job destruction, the employment in
all the other sectors is either growing directly due to or affected (in)directly by the emergence of the
new technology.
2.3. Macro-Economic Scenarios on Employment
With regard to the development of employment due to automation, e.g., the introduction of
robotics and AI, we have to aggregate the development of the employment in the economy as a whole,
across all sectors. In general, routine-replacing technical change does reduce employment (for the
middle-skilled in particular), yet this is more than compensated for by increases in product demand
and spillovers [15]. However, the creation of new products, functions, and activities (cf. [13]) and
(thereby) creation of new sectors [20–22] may be required for a sustained and balanced growth path.
It is too early for empirical studies on the recent generations of robots and software solutions, but there
are a few empirical studies on the effects of robotics on aggregate employment in the past. Graetz &
Michaels [14] found that the introduction of (industrial) robots in several OECD countries over the
years 1993–2007 did not significantly reduce number of hours worked, and, similarly, Dauth et al. [42]
found no significant effect on net employment in Germany. Acemoglu & Restrepo [10] found industrial
robots to reduce employment and wages in the United States of America over the years 1990–2007 but
this is rather marginal.
From the multisectoral perspective, we know that there are two mechanism required for sustained
high levels of employment: (i) labor mobility within and across sectors and possibly upskilling of
labor; and (ii) creation of new products, services, etc., ultimately culminating in new sectors requiring
new skills. As such, there effectively is a race between technological development with demand for
particular skills and education providing people with those necessary skills (cf. [43]). With regard to
the outcome of this race, we discern three scenarios (see Figure 2).

Sustainability 2018, 10, 1661

Exis!ng
occupa!ons

6 of 27

‘Making’ sectors
(Producing & developing,
supplying & suppor!ng)

Applying sectors

Complementary sectors
(Inhibi!ng & facilita!ng)

Spillover sectors
(E.g. quaternary)

+ Increase in demand for
technology

- Displacement

- For old technology,
largely automated
occupa!ons

+ Increase in employment and
disposable income in ‘making’
& complementary sectors

+ Increase in demand for
upstream capital goods

+ Increase in demand due to
lower prices due to increase of
produc!vity

+ Deepening automa!on

Exploi!ng &
transforming
occupa!ons
Emerging
occupa!ons

+ Entrepreneurial and
innova!on ac!vi!es
+ New high skilled and
high paid jobs, notably for
accumula!on of
technological
development

+ Exploita!on of
complementari!es in form of
new tasks or even (specialized)
jobs

+ For new technology,
occupa!ons transforming
and reaping
complementari!es

+ Resources freed up put to use
in crea!ng new products/
services
+ New applica!ons
+ New occupa!ons due to new
ways of organizing,
communica!on, new social
processes, etc.

+ For new occupa!ons and
new technology

- Decrease in employment
and disposable income in
applying & complementary
sectors
+ Increase in employment and
disposable income for higher
skilled workers in applying
sectors
+ Increase in employment and
disposable income in newly
created occupa!ons in
‘making’ sectors

Figure 1. Changes in employment by type of sector and change in occupation with respect to the
introduction of focal technology. The signs indicate the expected change in employment due to
automation and the accompanying text the cause for the type of change. Note that some table cells
report both positive and negative effects such that the net result is undetermined.

(a) “End of work”

(b) “Structurally lower”

(c) “Rebound”

Figure 2. Three main scenarios on the development of employment upon the introduction of robot/AI
technology, with the employment share in solid lines and capital share in dashed lines. (a) “End of
work”: destroying jobs to the level of mass unemployment, (b) “Structurally lower”: Developing a
high level of unemployment, (c) “Rebound”: After a dip, return to the previous level of employment

Firstly, there is the “end of work” scenario (e.g., [7]). In this case, robotics and AI will become
so advanced that any job, including those created in new sectors, are soon taken over by technology
again. We will end up in this scenario if the rate at which humans can be reeducated and retrained for
employment is lower than the rate of technological advancement (cf. [6]). Moreover, it requires that
the job destroying potential of technology through substitution outpaces the job creating potential of
technology through complementarities (cf. [44]).
Secondly, in the “structurally lower” scenario, some jobs are destroyed by technology definitively,
but (a proportional part of the) displaced employees can be reeducated to find jobs in other and
possibly newly created sectors. One argument in favor of this scenario is that technological advances in
new sectors stifle if education cannot foresee the necessary skilled workers. As such, education in fact
moderates the pace of technological progress. Note that the “structurally lower” levels of employment
may also be because the number of hours worked per week may further decline.
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Thirdly, in the “rebound” scenario, after a shock due to the introduction of labor-substituting
technology, the level of unemployment returns to a “regular” rate of frictional unemployment
(cf. [45,46]). The rebound is driven by the countervailing effects described in Section 2.1 within
the sector of application or within the value chain of producing and supplying sectors as well as
through the creation of new sectors. Note that a structural transformation with the rise of (employment
in) quaternary sectors also contributes to a rebound. Similar to the “structurally lower” scenario,
education moderates the pace of technological progress, but employees can catch up faster than
technology can progress.
3. Methods and Data
3.1. Overview
From an evolutionary economic perspective, making projections on technological developments
in the future and the structural shifts in employment across the various sectors of an economy is
fraught with uncertainty. Making projections is further complicated because robots, AI, and other
technologies used in automation are general purpose technologies, which have a pervasive effect on a
wide range of sectors and with multifaceted and (possibly) different effects within each. The impact
thereof is difficult to assess because it: (i) may have opportunities revealed only ex post and advance
in directions that were unforeseen ex ante, possibly spawning new sectors; (ii) require complementary
investments and activities of which the economic impacts can be reaped and observed substantially
later; and (iii) gradually diffuse over a range of sectors (see e.g., [47,48]).
In Section 2, we presented a conceptual model with a classification of sectors, whereby each
type of sector (and its associated occupations) is affected differently by the technologies introduced
in the ongoing wave of automation. Our analysis is to reveal which (groups of) occupations are
associated with particular sectors and how these evolve. Generally, each type of sector requires a
different approach and different data. After all, the displacement and several countervailing effects
only occur in the sectors of application. Moreover, the various types of sectors compensate for the
displacement of labor in the sectors of application differently. In our analysis, we focus on the types
of sectors with undetermined effects (see Figure 1) and use projections on employment for groups
of occupations affected by (pending) technological change. Moreover, we are interested in detecting
structural change in how demand for labor is lost in the sectors of application yet compensated for
within the same or other sectors, and particularly which sectors concretely. Lacking detailed data
on changes in employment in quaternary sectors due to automation, we use a long term trend in
disposable income as indicator of labor demand. Moreover, occupational classifications such the SOC
are conservative in adopting new occupations (job titles), such that we have to revert to using the Atlas
database to get insight in groups of occupations (about) to emerge. Our analysis thus consists of a
patchwork of several smaller studies.
3.2. Selection and Classification of Occupations by Type of Sector and Type of Technology-Driven
Occupational Change
To be able to assess the (change in) employment in various sectors particularly with regard to
technology-driven changes in occupations, we used the Bureau of Labor Statistics’ (BLS) Occupational
Outlook data. The BLS is an independent national agency within the Department of Labor and
provides statistical data to the public, governmental bodies, business, etc. that is relevant to current
social and economic issues, and accurate, impartial, and of high statistical quality. The BLS has made
labor force projections since the late 1950s and, since 1968, these projections and underlying methods
are retrospectively evaluated and adjusted.
We used the BLS Occupational Outlook Handbook (OOH) to selected occupations affected
significantly by automation for which also employment projections (over the year 2016–2026) are
available. The Occupational Utilization dataset (“Table 501”) in the Employment Projections of the BLS
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reports the factors driving changes in employment. These factors are grouped in “productivity change”,
“demand change”, “sourcing change”, “occupational substitution”, and “capital/labor substitution”,
but each occupation also contains a short description of occupation specific developments. From this
Occupational Utilization set, we filtered occupations on keywords associated with automation,
robotization, and computerization technologies (notably automa*, data, programm*, internet, robot*,
comput*, technolog*, artificial intelligence, and machine learning) occur in the factor descriptions.
This yielded a list of 85 occupations. On top of that, we inspected the OOH group descriptions to select
occupations also affected by the focal technologies (but omitted, supposedly because of relatively
strong impact of other factors), which yielded another 29 occupations.
Next, for each of the occupations on this composite list, we extracted the Industry–occupation
matrix data for each of Employment Projections entries. This allows the construction of employment
projections for each of the occupations by North-American Industry Classification System (NAICS)
sectors (on Level 2 and Level 3). This is used to directly relate shifts in employment by occupation to
changes in employment in various sectors. Moreover, using the job activity and job outlook descriptions
(and notably the expected changes in these occupations), the occupations on our composite list are
classified into type of sector and type of technology-driven change in occupation to fill Figure 1. In the
classification of occupations in the type of sector, we used the absolute numbers of jobs reported in
the industry–occupation matrices. Whenever an occupation occurred in several types of sectors, we
classified it into the type of sector with the highest number of jobs (whenever strongly asymmetric)
or—in our subjective view—strongest effect of technological change. Moreover, we have used the
automatability scores (see the next subsection) of occupations to classify occupations to the type of
technology-driven change to the occupation. The automatability scores are suitable for that because
highly automatable occupations are: (i) found in sectors in which the technology is applied; and (ii)
feature a substantial number of activities which can be substituted so are “old” occupations.
Note that the OOH contains existing occupations. For occupations which are supposedly
emerging, we turn to the Atlas of Emerging Jobs database in which occupational experts have
provided descriptions of jobs they expect to see created before 2030. For examples of emerging
occupations (in Atlas terms: professions), we filter the 186 occupations mentioned in the
Professions Catalog on the “automatization” trend, merged with occupations which require the
“programming/robotics/artificial intelligence” skill. We then select those occupations existing already
before 2020. This yields 69 occupation titles. We manually assign these to a particular sector based on
the occupation description.
The description and analysis of the data thus obtained are contained in Section 4.3.
3.3. Scoring Occupation Automatability
The automatability assessments found in the literature generally use expert evaluation of the
probability that tasks or underlying capabilities can and will be automated. Frey & Osborne [8] looked
at a selection of the O-Net occupations and assess the extent to which the main task (singular) in a given
occupation has a higher than 70% chance of being automated in the forthcoming 10–20 years, which is
nearly fifty percent of the jobs. After using a crosswalk table to recode the Standard Classification
Code (SOC) used in [8] into the International Standard Classification of Occupations (ISCO), Brzeski &
Burk [49] assessed the labor market in Germany and found that about 60% of jobs are at risk of being
automated. Following the same approach, Bonin, Gregory & Zierahn [50] found that, when following
the approach of Frey & Osborne [8], the number of jobs in Germany with high automatability is about
40%. Arntz et al. [51] pointed out that focusing on occupations rather than the actual task content of
jobs (which may vary from workplace to workplace) overestimates the automatability.
Manyika et al. [52] specified for about 800 occupations, firstly, the activities (out of more than
2000) involved and, secondly, the capabilities (out of 18, divided into “input accepted”, “information
processing”, “output delivered” and “physical movement”) required for each activity based on the
way humans perform them. A score the automatability of the capabilities thus translates into the
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automatability of the occupations. They found that only few jobs can be automated completely, but also
that, for about 60% of occupations, at least one third of the activities can be automated.
Here, we assess the automatability of occupations by looking at the automatability of the
underlying work activities as specified in the O-Net 22.2 database. In this database, there are four
classes of work activities distinguished: (i) information input (where and how are data obtained
required to perform this job?); (ii) interacting with others (what interactions with other persons or
supervisory activities occur while performing this job?); (iii) mental processes (what processing,
planning, problem-solving, decision-making, and innovating activities are performed with job-relevant
information?); and (iv) work output (what physical activities are performed, what equipment
and vehicles are operated/controlled, and what complex/technical activities are accomplished as
job outputs?).
Firstly, we selected all 966 occupations in the O*Net database for which work activities have
been assessed by occupational experts. Secondly, we used the O*Net-SOC crosswalk table to match
the (somewhat more refined) O*Net occupational classification with the standard occupational
classification (SOC) used in the BLS Occupational Outlook Handbook (OOH) dataset. We thus ended up
with 702 occupations with standard occupation coding for which we have the Employment Projections
over the period 2016–2026 as contained in the BLS OOH. Thirdly, we construct an expert assessment
(with input from roboticists in our research consortium) of the automatability of each of these work
activities by asking whether it is highly likely, possibly, or highly unlikely that a particular activity can
be automated in the forthcoming 10 years. We hereby divide the work activity in three levels in which
a work activity can physically or mentally challenging. Typically, very challenging activities cannot
(yet) be performed by robots or AI. Based on the likelihood that a particular task for a work activity is
expected to be automatable in the next decade, we assign an “automatability score”: already or highly
likely to be automated (score of 1), not likely/not unlikely (orange, score of 0.5), and highly unlikely
(red, score of 0). The results are found in Figure A5 in Appendix D. We thus get, for each work activity
j = 1, . . . , 41, an “activity automatability” score A j (l j ). This activity automatability is a function of the
“level” l j at which an activity as classified for the occupation review is complex/involved and/or an
intellectual or physical challenge. Fourthly, we used the O*Net expert assessment for each occupation
n = 1, . . . , N = 702 of both the “level” lnj (e.g., how intellectually/physically challenging is the
activity?) and “importance” inj (e.g., how often does the activity occur relative to other activities, or to
what extent is this activity central to the occupation?) to compute the “occupation automatability” Xn
for occupation n out of the weighed sum of “activity automatability” scores:
Xn : =

∑ j∈ J inj A j (lnj )
∑ j∈ J inj

(1)

Occasionally, set J is not complete because O-Net experts suggest: (i) suppressing the activity for
a particular occupation because of lack of assessments (of sufficient quality); or (ii) excluding the term
from computation because the activity has extremely low importance or level value.
To be able to compare our findings with results in other studies, we corrected for the fact that the
activity automatability score A j by level l j is of our choosing by normalizing the automatability:
Xn∗ :=

Xn − mink Xk
maxk Xk − mink Xk

(2)

Fifthly, we constructed a weighed score for each major group N of occupations, and the weighed
automatability is computed as:
X N :=

∑ n ∈ N q n Xn
,
∑n∈ N qn

(3)
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where qn is the BLS Employment Projection 2016 estimate of actual, current number of jobs in
occupation n.
4. Results
4.1. Technology-Driven Structural Change in Employment in NAICS Sectors
The BLS data enable us to study the projected structural change of employment across actual
sectors and to infer on the different countervailing effects at work in the various types of sectors.
Following the method described in Section 3.2, we obtained Employment Projections for all occupations
affected by the focal technologies and broken down by NAICS sector. In Figure A3 in Appendix B,
we report the employment increase for these filtered occupations by major SOC group, for each of the
affected sectors. A first observation is that the number of sectors as well as the number of jobs directly
affected is limited. In the last two columns on the right, the projections in total number and percentage
of increase in number of jobs are reported for all occupations per major group, not just the filtered
occupations. A closer look at the projected shifts in employment within the same sector (vertically)
and across sectors (horizontally) are in line with displacement and various countervailing effects and
fully captured within our multisectoral framework of structural change.
Overall, there is a relatively small job loss (−75.3 k, about 0.0%) in occupations affected by the
focal technologies, but a loss is in itself already in stark contrast with the high number of jobs expected
to be created in the economy as a whole (11,519 k, about 7.4%). When looking at the projected growth
in the number of jobs by major group of occupations, we see that there is almost exclusively a decline in
the number jobs in Production (SOC 51) and Office and Administrative Support (SOC 43) occupations.
In Production, this is almost all due to a decrease in the Manufacturing sector (NAICS 31–33). Note that
the job loss overall (−406.9 k, −4.3%) is much lower than the job loss in occupations affected by
technology (−681.9 k people, −13.4%), underlining the effect of technological unemployment. In Office
and Administrative Support occupations, the story is quite different: the number of administrative jobs
in a wide range of sectors such as Manufacturing (NAICS 31–33), Government (NAICS 90), Education
(NAICS 61), Wholesale trade (NAICS 42), Information (NAICS 51), and several others is declining,
while the number of administrative jobs in Health Care (NAICS 62), Management support and services
(NAICS 56), and Retail trade (NAICS 44–45) is increasing. Detailed analysis reveals that any (partially
technology-driven) decrease affects mostly secretaries and office clerks across the aforementioned
sectors, while the increase is due to job creation in service representatives, information and stock
clerks. That said, the rate of increase in administrative jobs in the economy as a whole (0.6%) is
relatively low compared to the total rate of job creation (7.4%), which may well be (partially) caused by
a technology-driven productivity increase.
There also are several occupations in which there is a strong increase in the number of jobs, notably
Computer and Mathematical (SOC 15), Management (SOC 11), and Architecture and Engineering
(SOC 17) occupations. While the biggest increase occurs in the Professional, scientific, and technical
services (NAICS 54) overall, there may be a shift of employment across occupations within this sector
as well as in the Information (NAICS 51), and Finance and Insurance (NAICS 52) sectors. In these
sectors, a technology-driven loss of jobs in Administrative jobs (SOC 43) seem to be offset by a gain of
jobs in Computer and Mathematics related jobs (SOC 15), possibly created to reap complementarities
(or where people may be hired to automate processes and thus cause technological unemployment).
For example, in the Information sector (in which data is created, processed, and transferred), there is a
loss of 43.5 k administrative jobs but an increase of Computer and Mathematical jobs.
When looking at the projected growth in the number of jobs by sector, the change is much in
line with “classical” effects of automation, demographic developments and progressive outsourcing.
There is a particularly strong employment growth in the Professional, scientific and technical services
(NAICS 54 with about 331.8 k people), of which the Occupational Utilization reveals that there
is an increasing demand for engineers, e.g., due to robotization and automation (SOC 17), but
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also the use of advanced digital and internet-connected devices, and outsourcing of security (SOC
15). Moreover, we observe a decrease in Office and Administrative Support (SOC 43) due to
automation and an increase in Business Operations and Management (SOC 13, 11) due to outsourcing
and purchasing training and consulting services. Health care (NAICS 62, 251.5 k) sees a rise on
several occupations due to the aging population and several organizational changes such as the
introduction of reception services and team-based structures to cope with that. The Administrative
and management services (NAICS 56, 105 k people) sector sees an increase in employment, e.g.,
for customer representatives, as there is more outsourcing in other sectors. Moreover, there is
substantial job loss in the Manufacturing sectors (NAICS 31–33, −751.1 k people), notably due to
substitution, but also offshoring. Obviously, the job loss due to substitution is not (entirely) offset by
intra-sectoral complementary jobs. It may, however, be (partially) compensated by the development of
software, robot and AI as well as the production and servicing thereof, which reflects in the statistics
for other sectors described before.
Illustratively, of the thirty fastest growing occupations reported in the BLS Employment
Projections (see Figure A4 in Appendix C), a total of seventeen occupations are directly or indirectly
related to healthcare, either as healthcare practitioner (SOC 29) or support (SOC 31), personal
care (SOC 39) or by providing training for healthcare (SOC 25). This, again is to be attributed to
demographics and aging, but arguably also local demand spillover, which is related to disposable
income. Five occupations pertain to computers and mathematics (SOC 15). Of the thirty fastest
declining occupations reported, sixteen are Production-related occupations (SOC 51) such as operators,
assemblers, setters, etc., and six Office and administrative occupations (SOC 43) such as computer
and telephone operators, typists, data keyers, etc. In addition, in our subset of occupations (that are
affected by the focal technologies), we see a confirmation of the trend that there is a decline in low- and
medium-skilled jobs (such as assemblers) and growth in high-skill, high-productivity jobs (such as
software engineers) (see e.g., [6]). Surprisingly, there is an increase in medium- to low-skilled jobs for
occupations such as stock clerks and order fillers, receptionists and information clerks, which appear to
be automatable. Supposedly, this is, on the one hand, due to a demand-side increase and, on the other
hand: (i) a low acceptance for digital services in occupations in which human contact is appreciated;
(ii) yet relatively poor performance of automated services (so limited substitutability); and (iii) lowering
of unit costs actually compensating automation with higher demand.
Conclusively, the occupational outlook data features structural change in line with displacement
and countervailing effects discussed above, but also reveals that several countervailing effects and
other factors (demographics and offshoring) may be counteracting.
4.2. Automatability of Occupations
For a socially and economically sustainable growth path, the labor displacement in the sectors of
application must be counterbalanced by job creation within the same and other sectors. Following our
approach described in Section 3.3, we construct a comprehensive data set and compute automatability
scores for major occupation groups as in formula in Equation (3). As the actual values of the
automatability rely on the activity automatability score values, the absolute values have no particular
meaning and are not reported. However, the relative values of course indicate relative automatability.
Arguably, not only the automatability, but also the absolute number of jobs determine the actual
probability that particular occupations face automation. As such, we plot the automatability against
the number of jobs in Figure 3.
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Figure 3. Automatability of major groups of occupations, with occupations’ individual automatability
scores weighed by the number of jobs.

Figure 4 plots the number of jobs ∑ qn for occupations n = 1, . . . , N for which the normalized
automatability Xn∗ exceeds the threshold x on the X-axis. Only 25.5% of jobs have a normalized
automatability score of 0.5 (interpreted as that half of the activities of an occupation can be fully
automated within 10 years). Moreover, only a relatively low percentage of 4.65% of jobs has a
normalized automatability score of 0.7 or higher. Thus, in contrast to the figures reported in [8,49,50],
we find that very few jobs are highly automatable. This is largely in line with findings in [40].
Moreover, Manyika et al. [52] (see p. 5), found that, for about 60% of occupations at least one third of
the activities can be automated. We find something related: just below 60% of jobs (so not occupations)
has a normalized automatability of one-third or more. Thus, for roughly 60% of the jobs, roughly one
third or more of all activities can be automated.
Using a straightforward translation of the automatability of work activities into automatability
of the occupation, we find that the high level of automatability reported in [8,49,50] may well be
overestimated, and actually have a much lower level such as those reported in [40,50,52]. In addition,
neglecting the variability of tasks between workplaces also causes overestimation of automatability [51].
Thus, we have added another estimation method to the toolkit of researchers using the O*Net database
(see e.g., [8,40]), although further refinement may well be needed.
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Figure 4. The number of jobs (Y-axis) for occupations with a normalized automatability higher than a
particular threshold (X-axis).

4.3. Classification of Occupations on Type of Sector and Type of Technology-Driven Change
In Section 2, Figure 1 contains the changes in occupations subject to automation (and notably
conceptions of the use of robotics and advanced software such as AI) on the one dimension and
various types of sectors affected on the other dimension. As described in Section 3, we have filtered
the occupations in the BLS Occupational Outlook Handbook on keywords related to our focal
technology. Using the job activity and job outlook descriptions (and notably the expected changes
in these occupations), the occupations are manually classified in Figure 1. In the classification of
occupations, we have used the automatability scores of occupations as a crosscheck, because highly
automatable occupations are: (i) found in sectors in which the technology is applied; and (ii) feature a
substantial number of activities which can be substituted so are “old” occupations with routinized,
readily standardized tasks. Note that the OOH contains existing occupations. For occupations which
are supposedly emerging, we filtered occupations from the Atlas database (following the method
described in Section 3). These occupations are subsequently also manually classified, see Figure A6 in
Appendix E. Figure 5 contains descriptive names for aggregated groups of occupations (which are
our own labels, not the SOC major or minor groups) found in Figure A6. The color shading indicates
whether employment in the occupations in particular sectors is assessed to be decreasing (applying
sectors with existing occupations, these are subject to substitution), balancing different counteracting
developments (e.g., complementary and spillover sectors), or increasing (e.g., producing and developing
sectors). We now discuss the employment for each type of sector and type of technology-driven change
in occupations in detail.
As expected, we see that occupations that have been classified as “substituted for” in the “applying
sectors” typically are in Office and Administrative Support (SOC 43), Transportation and Material
Moving (SOC 53), and Production (SOC 51) major groups which are classified as highly automatable
(for a quick reference, see Figure 3, for a detailed analysis, see Appendix D). That said, particular
occupations that are economically attractive to be automated (because of both a high automatability
and high number of jobs involved) according to Figure 3 do not yet show up in the OOH assessments
and hence are less affected by our focal technology (i.e., automated) than expected so far. This definitely
holds for Construction and extraction (SOC 47); Building and ground cleaning and maintenance (SOC
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37); Installation, Maintenance and Repair (SOC 49); and Farming, fishery, and forestry (SOC 45), as well
as for Food preparation and serving (SOC 35) and Sales (SOC 41). However, note that, with regard
to the occupations that are at risk of being automated, our findings are largely in line with those
in [8,52]. These authors also expected Production, Construction and Extraction, Transportation and
Material Moving, Office and Administrative Support, but also Sales and Maintenance and Service
to be subject to computerization and robotization (see, e.g., [8], p. 37). Manyika et al. [52] found
high automatability for the industrial sectors such as Transporting and Warehousing, Manufacturing,
but also for those sectors with yet limited automation, such as Accommodation and Food Services,
Agriculture, and Retail and Wholesale Trade. Note that our automatability scores and those in the
aforementioned studies are based on expert evaluation of whether robots and AI can or cannot perform
particular activities within ten years. If the automation does not materialize in the forthcoming decade,
we may have to attribute this discrepancy to a technologically optimistic expert classification of what
robots and software can actually do (cf. [40]).
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Figure 5. Groups of occupations by sector and type of change. The plus (minus) sign indicates there is
job creation (loss) for the particular occupation, the plus/minus indicates that the development of the
number of jobs is undetermined.

For occupations in the “making” sectors (producing and developing as well as supplying and
supporting), it is not possible to determine how much growth in employment is to be attributed
to automation, because of compounding of factors that affect employment (e.g., demographics,
outsourcing and offshoring, technological change, and demand dynamics). As such, any figures from
the BLS Employment Projections are to be interpreted prudently. As described in the Methodology
Section, we made a selection of BLS SOC occupations by filtering on technology-related keywords in
the factor descriptions reported in the Occupational Utilization dataset in the Employment Projections.
In the descriptions of factors determining utilization, there is an increase reported for occupations
headed under Computer and Mathematical Occupations (SOC 15) due to the introduction of software
into devices and the use of and need to analyze more data, but also a loss due to cloud computing and
offshoring as well as under Architecture and Engineering Occupations (SOC 17) due to the automation
of production to cut labor costs. Looking at the OOH figures for the change in employment 2016–2026
for these filtered occupations, employment in the “making” sectors (SOC 15, 17) increases with 371.1 k
jobs, while employment in the applying sectors (SOC 43, 45, 51, and 53) decreases with 464.9 k jobs.
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If we include the manually selected occupations related to computers (SOC 15–11xx), engineering
(SOC 17–302x), and management thereof (SOC 11–30xx) in the figure for the “making” sectors, the
earlier figure changes to an increase with 659.2 k jobs. Given that the effect of the introduction of
robotics and AI (taking only these “applying” and “making” types of sectors) changes from a net loss
to a net gain, a detailed analysis is required for further conclusions.
Thus, already in the descriptions of factors causing an increase in projected employment for
existing occupations, there is mention of data collection and analysis as well as development and
implementation of advanced information as well as production and logistics systems. However,
for emerging occupations, projections for employment are fraught with uncertainty. The jobs that
are typically reported to be created in the nearby future are in the IT sector (e.g., in Big Data,
AI, IoT, sensor technology, and general software engineering) and industrial sectors (e.g., in the
automotive and robotics sector, advanced transportation and warehousing, and 3D printing) (cf. [53]).
The Atlas database refers to more specific occupations, typically concerned with developing, producing,
or applying robots, information systems, software, etc. to specific sectors (e.g., agriculture, health care,
construction). In addition, consulting companies gradually start to distinguish robots (e.g., industrial
versus service robots) and AI software (e.g., vision or language processing, planning, expert systems
and knowledge management) on the basis of (field of) application. This underlines the progressive
diversification and institutionalization central to the structural change literature.
4.4. Spillover and Disposable Income
In our multisectoral perspective, an important countervailing effect is local demand
spillover [13,15,34], which is closely related to disposable income. Arguably, people spend their
disposable income (to a certain extent) in what we consider the quaternary sectors, i.e., leisure
and traveling; arts, theater and culture; sports and lifestyle; books and magazines; entertainment
sectors making music, series, film and computer games; gambling; etc. As such, the employment
in these “spillover” sectors evolves with the total disposable income made in the sectors in which
our focal technologies are applied, developed and produced, supplied and supported as well as in
the complementary sectors (e.g., education, legal support, and business consulting). Taking the BLS
occupation group SOC 27 as an indicator of the employment in the quaternary spillover sectors, we see
that the BLS OOH reports an estimated growth of 2158.5 k to 2276.2 k jobs over the years 2016–2026,
which, with a growth rate of 5.5% over 10 years, actually has a lower than the estimated average growth
rate of the employment in the economy as a whole, which is 7.3%. Arguably, we are considerably
underestimating the spillover effect, because people also spend their disposable income on personal
and health care service, both more luxurious consumable and durable goods, etc., all accounted for in
figures of other sectors. If we consider health and personal care also a spillover category and account
for change in the occupation groups SOC 29, 31, and 39, the rate of growth over the years 2016–2026 is
a much higher 17.3%, outweighing the average employment growth rate.
Table 1 reports the development of the (projected) disposable income over the years 1996–2026.
Note that the disposable income increased even during the financial crisis. Moreover, we observe that
the increase in employment in the spillover sectors is lower than the increase in disposable income.
As argued, part of the income may be spent on more luxurious consumables and durable goods
(or saved, possibly effectively deferring consumption to the future). That said, with a continued
growth in disposable income, we also expected an increase in employment in the quaternary sector.
The development of disposable income for occupations differs for the various types of sectors. In a
nutshell, we expect that, in the sector of application, there is pressure on the wages (and thereby
disposable income) in occupations facing substitution, but not if tasks are added that require upskilling.
Similarly, disposable income in facilitating and inhibiting sectors is expected to decrease (increase) for
occupations related to old (new) technology. Finally, the wages and thereby disposable incomes in the
“making” sectors are expected to increase.
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Table 1. Disposable income and the rate of change (in percentages over 10 years and annually) over
the years 1996–2026 in the U.S.A.

Disposable personal income
Disposable personal income, chained 2009 dollars
Per capita disposable income
Per capita disposable income, chained 2009 dollars

1996

2006

2016

2026

RoC 96-06

RoC 06-16

RoC 16-26

5829.9
7476.1
21,607.6
27,708.6

10,036.9
10,595.5
33,598.2
35,467.9

13,968.6
12,608.7
43,182.6
39,160.4

21,178.2
15,440.4
60,506.5
44,112.9

72.2% (5.6%)
41.7% (3.5%)
55.5% (4.5%)
28.0% (2.5%)

39.2% (3.4%)
19.0% (1.8%)
28.5% (2.5%)
10.4% (1.0%)

51.6% (4.2%)
22.5% (2.0%)
40.1% (3.4%)
12.6% (1.2%)

4.5. Macro-Level Development of Employment: A Structural Rebound?
In Section 2.3, we report three basic scenarios on the macro-economic development of employment.
Empirical evidence in [45,46] indicates that a short-run dip in employment is followed by a bounce back
to “regular” levels of (frictional) unemployment. This is corroborated by the long run employment
levels, see for instance the levels reported for the UK by the Bank of England in Appendix A. Empirical
evidence shows that the unemployment rate, although fluctuating, remains fairly stationary for a
century and a half, effectively absorbing major sectoral shifts, a rapid increase of women’s and migrant
workers” participation on the labor market (see Figure A1). That said, at the same time, the hours
worked annually decreased substantially in OECD countries (see Figure A2), effectively countering
an increasing in unemployment otherwise observed (see Appendix A). A critical remark is, hence,
that the atomistic view on single jobs as employment measure is somewhat misleading; there may
be covert technological unemployment. Note that the drop in the number of working hours reduces
disposable income, yet frees up time to spend that disposable income, e.g., on products and services
provided by quaternary sectors.
Our preceding analysis reveals that the span of occupations that are partly or entirely automatable
as well as the set of sectors thus affected by automation are limited. Consequently, the “end of work”
scenario manifests itself in a limited part of the economy at best. We also argued that the loss of jobs
due to automation is compensated in various ways. We found that an increase in employment in the
“making” as well as “applying” sectors is projected, which includes new occupations related to data,
advanced information and production systems, advanced applications of software, etc. The rapid rates
of growth of jobs in these occupations may well be able to compensate for the destroyed jobs in “old”
occupations (particularly those facing substitution). On top of that, we have observed a strong increase
in disposable income which is expected to sustain the high growth rates in employment in quaternary
sectors and personal care and healthcare sectors.
Thus, on top of the fact that the number of sectors affected by automation is limited, we have
(mostly qualitative) observations that job loss in the applying sectors is limited. This may be well
counterbalanced by job creation both in directly related (new) sectors as well as in the spillover sectors.
As such, we expect that, if we see a dip in employment in the forthcoming years, this will merely
be temporary and in a limited set of sectors, and that, ultimately, there is a rebound to frictional
unemployment levels. In the next section, we provide recommendations on policy measures that
enhance inter-occupational and geographical mobility and thus assist in such a rebound.
5. Conclusions, Policy Implications, and Evaluation
5.1. Conclusions
In this paper, we build upon evolutionary economic notions of structural change to provide
a conceptual framework on the effects of automation on types of sectors and developments of
occupations, over time. We positioned the displacement and countervailing effects found in recent labor
economic literature within this framework. We thus allow for a higher degree of specificity of narratives
on the structural change driven by automation and place extant labor economic theories in a sectoral
perspective. We subsequently used expert assessments on projections of employment in various
(groups of) occupations in the forthcoming decade to study the foreseen changes in employment
within and across the various types of sectors we discerned. The multisectoral perspective also
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highlighted how a detailed empirical analysis requires a patchwork of analyses specific to the type
of sector. For the sectors of application, a study of automatability of jobs and the various intra- and
intersector compensations is required. For the quaternary spillover sectors, a study of disposable
income in both the making, applying, and complementary sectors is required. The supplying and
complementary sectors are to be studied in conjunction with the producing and developing sectors.
Such specific analyses are required not only for the projected employment as we did here, but arguably
also for the development of wages, the occupational profile, etc.
We subsequently also used this conceptual model to conduct empirical analysis to provide
projections which are found to be at odds with the “end of work” claim. For one, our expert-based
estimation of the automatability of jobs in the applying sectors showed to be limited and the shifts of
employment to the “making” sectors (notably engineering, software, and scientific services) salient.
We revealed that there is substantial job creation in “making” sectors as well as in complementary
facilitating and inhibiting sectors both in existing and emerging occupations. In addition, we provided
an array of occupations mentioned as job creators of the future (e.g., big data and information
systems, service robots, and an array of applications thereof). Moreover, we saw that growth in
quaternary sectors, and possibly personal/health care, luxury goods sectors, etc. are growing faster
than the average growth in disposable income, which we expect to remain high in the “making” and
complementary sectors, but even for upskilled occupations in the applying sectors.
Aggregating over changes in the sectoral composition of the economy and projected employment
in the various sectors, we found support for the “rebound” scenario: the job loss in the applying sectors
is limited, while the potential for job creation is substantial, both in directly related (new) sectors as
well as in the spillover sectors. Arguably, the “end of work” literature and notably the articles in
popular media may be focused too much on loss of jobs in sectors of application and thus overlook
the generation of jobs in the developing and producing (e.g., robotics technology) and supplying and
supporting sectors (e.g., component producers), but also disregard the complementary facilitating and
inhibiting sectors (e.g., education) and quaternary sectors receiving spillovers (sectors such as leisure
and traveling, sport and lifestyle, entertainment, arts and culture). Thus, rather than the “end of work”
within the set of “technology affected” sectors, we find support for “the usual structural change”.
5.2. Policy Implications
As a final contribution, we discuss three types of policy interventions that have been proposed
both in popular media by captains of industry and by scholars in political economic literature. Firstly,
policies may regulate the introduction of robotics and AI by blocking, regulating, or taxing the
implementation, to thus curb the adoption. Bill Gates, for one, advocated introducing a “robot tax”,
also to help out those that got unemployed due to automation, computerization, and robotization.
However, Gasteiger & Prettner [54] shows that robot tax may merely increase the equilibrium wage
rate but does not structurally change the outcome. Moreover, as “robot tax” may drive capital abroad,
such regulations are best implemented internationally.
Secondly, policies may seek to “counter the adverse effects” of substitution such as income
disparity. Some advocate the implementation of a system to redistribute income. Elon Musk and
Richard Branson, to name a few, argue that robotization and the introduction of AI are likely to put
millions of people out of a (sufficiently paid) job and call for a system of wealth distribution such as
the “universal basic income”. While such an unconditional income may buffer against poverty and
guarantee access to resources required for sustaining particular living conditions [55,56], there are
open issues on the sourcing, costs, and effects (e.g., growth, inflation rates, and participation).
Thirdly, and this is one we propose from our evolutionary economic perspective on multisectoral
structural change, to “enhance dynamic efficiency of the structural transition”. This is done by an
array of measures such as ironing out friction–technological unemployment, stimulating the creation
of new ventures, and ensuring inclusion of the (low-skilled) unemployed by facilitating/stimulating
upgrading skills. Rather than inhibiting substitution in the sectors being automated and rather than
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merely alleviating those being replaced, the structural transition of the economy could be assisted and
facilitated by educating the employees being substituted in the existing sectors to find a job in the
new sectors emerging. The European Commission (see [57]) argues that an integrated mix of policy
measures is required to close existing skill gaps. Central in this is that those that are unemployed
receive adequate training to facilitate sustainable, upward mobility. To this end, policy measures
are to ensure that employees are upskilled (within the sector of application) and receive training for
new skills (also within new sectors) at the rate at which they are laid off due to substitution (cf. [43]).
In addition, contractual arrangements are to be put in place to entice and encourage employers to hire
low-skilled employees. Moreover, countries may seek to enhance their education system to develop a
labor force working in jobs in which computers, robots, and AI are complements rather than substitutes.
To further enhance the dynamic efficiency of the structural transition, entrepreneurial initiatives should
be encouraged as this will enhance the creation and exploitation of opportunities in existing sectors
and (formation of) new sectors. A study commissioned by the European Commission revealed a
similar insight and, in addition, shows that there are substantial opportunities for entrepreneurs [58].
Ultimately, there may be synergistic mix of these policy measures. After all, dynamic efficiency of a
structural transition may be enhanced by the universal basic income as this provides people with the
opportunity to pursue entrepreneurship (which contributes directly and indirectly to employment),
unleashes creativity of which the benefits accrue to the quaternary sectors but also the innovativeness
of traditional sectors, etc. In addition, taxation of automation technology may dampen the (bursty) rate
of substitution and provide educational institutes to keep pace in reskilling the unemployed. Further
research into the effects of these policy measures is required.
5.3. Evaluation
Any forecast or projection of employment is based on particular (speculatively) assumptions in
the model (cognitive, mathematical, etc.) of the future, and the quality of the input data extrapolated.
Conclusions based on the BLS projections implicitly derive from the model assumptions and the
limitations of instruments to acquire that input data. We discuss three issues with regard to our
conclusions on the nature and magnitude of change in employment.
Firstly, many new products, services, occupations, and sectors related to technologies such as
robots and AI have yet to emerge, which is likely to cause an underestimation of future employment.
After all, the BLS Occupational Outlook uses the job counts, wage estimates, etc. in the Standard
Employment Matrix for its projections. However, the occupational classification system therein is only
extended ex post and thus omits counting jobs in emerging occupations not contained in the SOC yet.
Recall that we resorted to using the Atlas database for illustrations of (types of) emerging occupations.
Similarly, both the NAICS and the BLS’ own sector plan as well as the input–output matrix used in
the estimation of demand for particular occupations are extended conservatively. The BLS currently
does not provide projections on the labor demand, wages, etc. in emerging sectors, nor computes
the consequences of/for these new sectors through input–output analysis. Consequently, the actual
demand for labor and wages may well be higher.
Secondly, ideally, we would provide statistical support for the rates of employment change in the
various types of sectors and the entire economy. However, the level of aggregation of sectors in the BLS
employment projections, the polytypic nature of some of the sectors (e.g., may be “applying” as well
as “making”), the lack of measures/proxies for the (possibly still moderate) magnitude of substitution
and countervailing effects as well as other, general factors (e.g., demographics and offshoring), etc.
all inhibit arriving at a refined multisectoral (regression) model of employment change. Moreover,
arguably, we should study, in conjunction, the height and development of wages to provide projections
on the rate of adoption of labor saving capital and thereby employment effects. In addition, to study
the atypical countervailing effect of demand spillovers, we need measures/proxies for the disposable
income in the “regular” sectors (making, applying, and facilitating/inhibiting) as well as consumption
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patterns. A further complication is that sectors (and occupations) that have yet to emerge can only be
modeled abstractly.
Thirdly, the BLS derives its detailed projections at the occupation and sector level from the
aggregate level of employment through the input–output structure and the employment matrix.
The aggregate level of employment thus functions as a moderating variable. The BLS assumes that the
total employment converges to the non-accelerating inflation rate of unemployment (NAIRU) over the
horizon of the projections (here: during the period from 2016 to 2026). This level itself is a projection
of the level of techno-frictional unemployment in the future, which in essence also reflects experts’
assessment of the consequences of automation. Consequently, whether or not the entire economy
sees the “end of work” is an implicit assumption. However, note that the “end of work” in our case
is defined as sustained unemployment in our focal set of making, applying, facilitating/inhibiting,
and spillover sectors (including newly created sectors), which is only the case if there is no migration
of these unemployed to sectors not contained in our set. To put matters in perspective: according
to the sector information extracted from BLS’ industry–occupation matrix, the technology-affected
occupations contained in the making and applying sectors is—roughly—at most 20% of the jobs.
To overcome several of these limitations, make different model assumptions, and cater to our
specific research needs, we plan to develop a detailed, evolutionary model extending our prior
work [21,22]. In this model, we seek to integrate the various labor economic effects, wages (and
disposable income), endogenous rates of capital substitution, and control for exogenous factors such
as demographics and international competition.
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Appendix A. Covert Unemployment?
Arguably, part of the technological unemployment may well be compensated by a decrease in the
hours worked, annually. Empirical evidence shows that unemployment fluctuated but its average rate
remained about the same for a century and a half, effectively absorbing major sectoral shifts, a rapid
increase of women’s labor market participation and migrant workers (see Figure A1). However, at the
same time, the hours worked, annually, decreased substantially in OECD countries (see Figure A2),
effectively countering an increasing in unemployment otherwise observed. As such, there may be
covert technological unemployment.

Sustainability 2018, 10, 1661

20 of 27

UNEMPLOYMENT RATE IN THE UK 1855-2016
16.00

Agriculture

Manufacturing

PERCENTAGE UNEMPLOYED

14.00

Services

12.00
10.00
8.00
6.00

Women
par!cipa!on

4.00
2.00

Migra!on
workers

0.00

1840

1860

1880

1900

1920

1940

1960

1980

2000

2020

YEAR
Figure A1. Unemployment in UK over the last century and a half with labels for significant labor
market changes. Data source: Bank of England, “Millennium of Data” dataset. Own visualization.
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Figure A2. Hours worked over the last couple of decades for several OECD countries. Data source:
OECD. Own visualization.
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Appendix B. Employment Projections by SOC Major Groups of Technology-Affected
Occupation by NAICS Sector
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Figure A3. BLS Employment Projections for all occupations affected by our focal technologies, here
grouped by SOC major groups and broken down to NAICS sectors. The absolute number of jobs for
all occupations, the share of employment of occupations affected, and the number and percentage of
change in employment are also reported for the SOC major groups.
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Appendix C. Fastest Growing and Declining Occupations, Projection 2016–2026
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Figure A4. Fastest growing and declining occupations in the BLS Employment Projections, 2016–2026.
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Appendix D. Automatability Scores for Work Activities
Figure A5 contains color coded scores for automatability of work activities. This is based on an
expert assessment of the probability that particular activities can be automated in the forthcoming
decade, which coded is in three values: already or highly likely that it can be automated (regular font,
score of 1), not likely/not unlikely (cursive font, score of 0.5), and highly unlikely (bold font, score of
0). The examples mentioned in the cells are provided by O*Net and are merely illustrative for three
levels of complexity and intellectual/physical challenges in tasks for the work activities at hand.
Category ac!vi!es

Ac!vity

Informa on Input

Es ma ng the Quan ﬁable Characteris cs of
Products, Events, or Informa on
Ge#ng Informa on
Iden fying Objects, Ac ons, and Events
Inspec ng Equipment, Structures, or Material
Monitor Processes, Materials, or Sorroundings

Mental Processes

Analyzing Data or Informa on
Developing Objec ves and Strategies
Evalua ng Informa on to Determine
Compliance with Standards
Judging the Quali es of Things, Services, or
People
Making Decisions and Solving Problems
Organizing, Planning, and Priori zing Work
Processing informa on
Scheduling Work and Ac vi es
Thinking Crea vely
Upda ng and Using Relevant Knowledge

Work Output

Controlling Machines and Processes
Documen ng/Recording Informa on
Dra$ing, Laying Out, and Specifying Technical
Devices, Parts, and Equipment
Handling and Moving Objects
Interac ng with Computers
Opera ng Vehicles, Mechanized Devices, or
Eqiuipment
Performing General Physical Ac vi es

Interac ng with Others

Level 1
Es mate the size of household
furnishings to be crated
Follow a standard blueprint
Test an automobile transmission
Check that doors to building are
locked
Check to see if baking bread is done

Level 2

Level 3

Es mate the me required to
Es mate the amount of natural
evacuate a city in the event of a major resources that lie beneath the world's
Review a budget
Study interna!onal tax laws
Judge the acceptability of food
products
Inspect equipment in a chemical
processing plant
Test electrical circuits

Determine the reac!on of a virus to a
new drug
Inspect a nuclear reactor

Check the status of a pa!ent in cri!cal
medical care
Determine the loca on of a lost order Determine the interest cost to ﬁnance
Analyze the cost of medical care
a new building
services for all hospitals in the country
Plan the holiday schedule for an airline
Develop the plan to complete the Develop a 10-year business plan for an
workforce
merger of two organiza!ons over a 3organiza!on
Review forms for completeness
Evaluate a complicated insurance
Make a ruling in court on a
claim for compliance with policy
complicated mo!on
Determine whether to remove a tree Determine the value of property lost
Establish the value of a recently
that has been damaged
in a ﬁre
discovered ancient art work
Determine the meal selec on for a
Select the loca on for a major
Make the ﬁnal decision about a
cafeteria
department store
company's 5-year plan
Organize a work schedule that is
Plan and organize your own ac vi es
Priori!ze and plan mul!ple tasks
repe ve and easy to plan
that o"en change
several months ahead
Tabulate the costs of parcel deliveries
Calculate the adjustments for
Compile data for a complex scien!ﬁc
insurance claims
report
Make appointments for pa ents using
Prepare the work schedule for
Schedule a complex conference
a predetermined schedule
salesclerks in a large retail store
program with mul ple, parallel
Change the spacing on a printed
Adapt popular music for a high school
Create new computer so#ware
report
marching band
Keep up with price changes in a small
Keep current on changes in
Learn informa!on related to a
retail store
maintenance procedures for repairing
complex and rapidly changing
Operate a cash register
Operate a drilling rig
Operate a precision milling machine
Record the weights of trucks that use
the highways
Specify the ligh ng for a work area
Change se#ngs on copy machines
Enter employee informa on into a
computer database
Drive a car

Document the results of a crime scene Maintain informa on about the use of
inves ga on
orbi ng satellites for private industry
Specify the furnishings for a new
Draw the electronic circuitry for a highschool
speed scien!ﬁc computer
Arrange books in a library
Load boxes on an assembly line
Write so#ware for keeping track of
parts in inventory
Drive an 18-wheel tractor-trailer

Walk between work sta ons in a small
Paint the outside of a house
oﬃce
Repairing and Maintaining Electronic
Use knobs to adjust a television
Make repairs by removing and
Equipment
picture
replacing circuit boards
Repairing and Maintaining Mechanical
Make simple, external adjustments to
Adjust a grandfather clock
Equipment
a door hinge with ordinary hand tools
Assis ng and Caring for Others
Help a coworker complete an
Assist a stranded traveler in ﬁnding
assignment
lodging
Coaching and Developing others
Show a coworker how to operate a Provide on-the-job training for clerical
piece of equipment
workers
Communica ng with Persons Outside
Have li$le contact with people outside Make standard presenta!ons about
Organiza on
the organiza on
available services
Communica ng with Supervisors, Peers, or
Write brief notes to others
Report the results of a sales mee!ng
Subordinates
to a supervisor
Coordina ng the Work and Ac vi es of Others Exchange informa!on during a shi#
Organize the cleanup crew a#er a
change
major spor!ng event
Developing and Building Teams
Encourage two coworkers to s!ck with
Lead an assembly team in an
a tough assignment
automobile plant
Establishing and Maintaining Interpersonal
Exchange gree ngs with a coworker
Maintain good working rela!onships
Rela onsships
with almost all coworkers and clients
Guiding, Direc ng, and Mo va ng
Work occasionally as a backup
Supervise a small number of
Subordinates
supervisor
subordinates in a well-paid industry
Interpre ng the Meaning of Informa on for
Interpret a blood pressure reading
Interpret how foreign tax laws apply to
other
U.S. exports
Monitoring and Controlling Resources
Work as a housekeeper responsible Work as a chef responsible for ordering
for keeping track of linens
food for the menu
Performing Administra ve Ac vi es
Complete rou ne paperwork on
Complete tax forms required of selfstandard forms
employed people
Performing for or Wokring Directly with the
Tend a highway toll booth
Sell shoes in a popular shoe store
public
Provide Consulta on and Advice to Others
Work in a posi on that requires li$le Recommend a new so#ware package
advising of others
to increase opera!onal eﬃciency
Resolving Conﬂicts and Nego a on with
Apologize to a customer who
Get two subordinates to agree about
Others
complains about wai!ng too long
vaca!on schedules
Selling or Inﬂuencing Others
Convince a coworker to assist with an Deliver standard arguments or sales
assignment
pitches to convince others to buy
Staﬃng Organiza onal Units
Work in a posi on that has minimal
Interview candidates for a sales
staﬃng requirements
posi!on and make hiring
Training and Teaching Others
Give coworkers brief instruc ons on a Teach a social sciences course to high
simple procedural change
school students

Set up a new computer system for a
large mul!na!onal company
Hover a helicopter in strong wind
Climb up and down poles to install
electricity
Use complex test equipment to
calibrate electronic equipment
Overhaul a power plant turbine
Care for seriously injured persons in
an emergency room
Coach a college athle!c team
Prepare or deliver press releases
Create a videotaped presenta!on of a
company's internal policies
Act as general contractor for building a
large industrial complex
Lead a large team to design and build a
new aircra#
Gain coopera!on from a culturally
diverse group of execu!ves hos!le to
Manage a severely downsized unit
Interpret a complex experiment in
physics for general audiences
Serve as a ﬁnancial execu!ve in charge
of a large company's budget
Serve as the beneﬁts director for a
large computer sales organiza!on
Perform a monologue on na!onal TV
Provide ideas for changing an
organiza!on to increase proﬁtability
Nego!ate a major labor-management
contract
Deliver major sales campaign in a new
market
Direct a large recrui!ng and
employment program for a large
Develop and conduct training
programs for a medical school

Figure A5. Work activities and scores for automatability for different levels of complexity of tasks.
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Appendix E. Classification of Technology-Affected Occupations
After filtering the BLS OOH occupations based on keywords indicating that these occupations are affected by our focal technologies, the occupations have
been classified to sector type and type of change of the occupation. These occupations are contained in the “existing” and “transforming” occupations rows in
Figure A6. Atlas database occupations flagged as engaged in “automatization” or requiring “programming/robotics/artificial intelligence” skills are contained
in the “emerging” occupations row. A plus (minus) sign indicates the occupation faces job creation (destruction), a plus-minus sign indicates opposite effects
are at work and the net results is undetermined.

Exis!ng
occupa!ons

‘Making’ sectors
(Producing & developing,
Supplying & suppor!ng)
+ Engineers
Robot designer; Robo!c system engineer;
Robo!c system designer;
So"ware engineers;
Electrical & electronics engineers

Exploi!ng &
transforming
occupa!ons
Emerging
occupa!ons

+ Robo!cs & so$ware engineer in health
care, agriculture, construc!on, educa!on
Bioinforma!cian; Ergonomic designer
Medical Equipment designer;
Agricultural Informa!cs and Engineering
Expert;
+ Big data and informa!on system engineers
Big data model designer; Informa!on Systems
architects;; Composite Engineer; Smart
Management Systems Architect;

Applying sectors

Complementary
(Inhibi!ng & facilita!ng)

Spillover
(E.g. quaternary)

- Examiners, inves!gators, readers, data keyers
Buyers and purchasing agents; Claims adjusters, appraisers, examiners, and inves!gators; Insurance underwriters; Survey researchers; Parking
enforcement workers; Communica!ons equipment operators; Bill and account collectors; Dispatchers, except emergency; Meter readers,
u!li!es; Computer operators; Parking lot a#endants; Data entry keyers; Desktop publishers;
- Assemblers, laborers & farm workers
Electrical, electronics, and electromechanical assemblers; Aircra" structure, surfaces, rigging, and systems assemblers; Engine and other
machine assemblers; Farmworkers and laborers, crop, nursery, and greenhouse; Inspectors, testers, sorters, samplers, and weighers; Graders
and sorters; Forest Conversa!on Workers; Miscellaneous assemblers and fabricators;
- Transporta!on & material movers
Locomo!ve ﬁrers; Material moving workers; Hoist and winch operators; Industrial truck and tractor operators;
- Clerks, accountants and secretaries
Bookkeeping, accoun!ng, and audi!ng clerks; Payroll and !mekeeping clerks; Procurement Clerks; Correspondence Clerks,
Order Clerks; Mail Clerks and mail machines operators; Oﬃce clerks; Execu!ve secretaries; Legal secretaries;
- Machine/ equipment se"ers, operators, tenders
Forming machine se#ers, operators, and tenders; Machine tool cu'ng se#ers, operators, and tenders; Metal furnace operators, tenders,
pourers, and casters; Chemical plant and system operator;
Camera operators, television, video, and mo!on picture;
- Model, die and pa"ern makers
Molders and molding machine se#ers, operators, and tenders; Welding, soldering, and brazing workers; Miscellaneous metal and plas!cs
workers; Structural metal fabricators and ﬁ#ers; Tool and die makers; Prepress technicians and workers;
+/- Machine programmers, produc!on system designers, installa!on & maintenance engineers, industrial engineers
Computer numerically controlled machine tool programmers, metal and plas!c
Industrial engineers, including health and safety; Mechanical Engineers; Industrial machinery installa!on, repair, and maintenance workers;
+/- Informa!on and data handlers & collectors
Mathema!cians; Sta!s!cians; Opera!ons research analyst
Stock clerks and order ﬁllers; Human resource specialists; Customer service representa!ve; First-line supervisors of transporta!on and
material-moving; Recep!onists and informa!on clerks

+/- Teachers, trainers,
educators

+/- Recrea!on, leisure

+ Big data analysist model & system:
Telemetric data interpreta!on engineer;
Opera!ng Data Analyst;

+ Educa!on, legal work,
consul!ng in new
technology
(e.g. robot handling
trainer, robo!cs lawyer,
consultant specialized in
applica!on of robots, big
data, or AI)

+ Operators of systems in health care, agriculture, informa!on systems, construc!on, security, educa!on, etc.
Medical Data Manager; Medical Robot Operator
Remote Security Coordinator;
Automated farming equipment operator;
Robot a#endant
3D prin!ng designer in construc!on; Smart Travel System Designer; Clothes 3D model programmer;

+/- Lawyers, legal
secretary work
+/- Incubators, business
consultants

+/- Sports, ﬁtness, lifestyle
Fitness Trainers and Instructors;
Massage Therapists;
Athletes;
+/- Arts, culture, entertainment
Musicians and singers;
Producers and directors;
Mul!media ar!sts and
animators;
Actors;
Art directors;
Music directors and composers;
Cra" ar!sts;
Dancers;
+/- Traveling
Flight a#endants;
Water transporta!on workers;
Lodging Managers;
Airline & commercial pilots;
+/- Health & personal care
services

Figure A6. Technology-affected occupations classified according to sector and type of change of the occupation.

+ New media and art
experiences
Media So"ware Designer;
Game designer
Virtual & augmented reality
engineer
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