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Description of deliverable

Deliverable 1.4 reports on how the baseline Cedefop Skills Forecast 2018 were adapted to
make it possible to compute likely scenarios for impact of automation on jobs in Europe till
2030. The deliverable describes methods and results. We use OECD data on the automation
risk by occupation to develop a number of hypothetical, but realistic scenarios. The extent
of the penetration of automation in industries and occupations and the speed at which
automation will penetrate the economy are the key determinants of the scenarios we
consider. The estimated number of jobs lost ranges from 12.5 million to 106.6 million
depending on the scenario considered. These are the estimated direct job destruction
effects of automatization but not account for the indirect (compensatory) effects.
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1. Introduction

Technological innovations such as robotics and Artificial Intelligence (Al) are predictedtohavea
profoundimpactonthe economy and the labour market (Acemoglu & Restrepo, 2018). It is however
unclear how large the impact of automation of jobs will be as estimates forthe automation risk of
occupationsrange from 47% (Frey & Osborne, 2017) to 9% (Arntzet al., 2016). The impact of
automation on occupation crucially depends on the task content of occupations: routine tasks can
easily be automated, but non-routine tasks are, at this stage, harderto automate (Autor, 2015).
However, that tasks —and hereby crucial aspects of jobs—are automatable does not mean that they
will be automated. Thisis because actual automation depends on the cost of automation, the
national legal context, the exposure to international competition as well as the social acceptance.
Althoughtechnological innovations are penetrating all industry sectors (Oxford Economics, 2019),
technology also generates employment and increases productivity (Graetz & Michaels, 2018) such
that the neteffecton employmentis unclear. There is evidence that automation so far has not
resultedinanetlossof jobs (Autor & Salomons, 2018). At any rate, itis clearthat automation will
affectthe way we work.

One purpose of the Technequality projectisto develop the evidence base and further our
understanding of potential consequences forlabour markets of automationin Europe. The work we
reportin this papercombinesthe standard EU forecasting model forthe labour market developed
for Cedefop (Cedefop, Eurofound, 2018), and updated data of automationrisks in Member States
(Nedelkoska & Quintini, 2018). The basis forthis exercise is the Cedefop Skills Forecast model 2018
that offers quantitative projections of the future trendsin employment by industry sectorand
occupational group usingharmonized dataand methodologies forall countries of Europe. Thisis
explainedin Section 2. The novelty of ourapproachis fourfold:

e We make use of recently published OECD data on automation risks of occupation to further
develop the Cedefop Skills Forecast model to make itaunique tool forforecasting the
impact of technologies onlabourin a way that is comparable across countries of Europe
(Section 3).

e We discuss factors that affect the adoption and deployment of automation (Section 4) that
are keyin betterunderstandingthe uncertainty with its potential effect on labour markets.

e We developarange of plausible scenarios of automation to account for these uncertainties
with respecttothe development, deployment, and adoption of new technologies (Section
5). We estimate directjob destruction effects of automatization but do notaccount forthe
indirect (compensatory) effects. An uncertainty we will not be able to address with the
model, ishow new technologies affect the nature ortask content of jobs (Levelsetal.,
2019). This is becauseitisrather hazardous and speculative to try to quantify the job
creation potential of technologies.

e Thisallowsusto bethe firstto develop a quantitative assessment of the potential
consequences of technologies forthe labour market across realisticscenarios (Sections 6
and 7). These scenarios pertain to the technical and deployment potential,and the socio-
political restrictors (Section 6), as well as to the pace of adoption of technology (depending
on labour costs and international competition) and the role that employment regulations
playinslowingdownthe adoptionrate (Section 7). A qualitative judgement of the relative
likelihood of different scenarios canthen be applied.

2. Baseline Projections

The baseline labour market forecast used is the Cedefop Skills Forecast 2018, hereafter Cedefop
forecast (Cedefop (2018b), Cedefop (2018c), & Cedefop, Eurofound (2018)). The Cedefop forecast
provides dataof the current structure, and future trends, of the EU labour market. The time horizon

H This project has received funding from the European Union’s Horizon 2020 research and innovation
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of the forecastis 2030. Forecastingforfurthertime horizons entails a higher risk of economicand
policy uncertainties.

Fgure 1

Figure 1illustrates the structure of the Cedefop modelling procedure (Cedefop, Eurofound, 2018).
The Cedefop forecast employs seven modulesto forecast demand and supply of labour,
disaggregated by sector, occupation, and qualification level.* Briefly, the main elements of the
approach are:

1. Demandside of the economy, givinglabour demand.

2. Supplyside of the labour market: numberand characteristics of the economically active,

including skills and qualifications.
3. Imbalances, comparingdemand and supply side modules, and reconciliation.

The prime information source forthese forecastsis Eurostat’s Labour Force Survey. The population
projections are from Eurostat’s Europop (2015).2 Long-run GDP forecasts are consistent with these
population forecasts, from the European Commission 2018 Ageing Report (EC, 2017). Short-run GDP
forecasts are sourced from the European Commission’s annual macro-economic database (AMECO),
specifically, the May 2017 GDP projections.3The modelled Cedefop forecastis peer-reviewed, and
adjusted asrequired, using judgements of individual country experts.

Automation in the Baseline Projections

The Cedefop baseline assumes productivity improvements continue in line with the historical trend.
The historical trend is captured via the econometricspecification in the E3ME estimation
procedure.*The baseline, therefore, captures general labour productivity improvements but does
not take account of new and disruptive technologies such as Al, robotics, and blockchain. Cedefop,
Eurofound (2018) statesthat in the Cedefop forecast, ‘current robotisation trendsin the EU are not
expectedtoleadtojobdestructionona large scale, although they are expected toresultin new jobs
not being created’. Cedefop, Eurofound (2018) notes that the current assumptioninthe Cedefop
forecast ‘isthat existing workers in automation-prone sectors are likely to keep theirjobs when
robots are broughtin, thoughthey may see a role change or accept lower wages’.

1 See Cedefop, Eurofound (2018)for the latestdetails of the Cedefop methodology. For full details, see
Cedefop (2012).

2 Eurostat population projection data: https://ec.europa.eu/eurostat/web/population-demography-
migration-projections/population-projections-data

3 AMECO: https://ec.europa.eu/info/business-economy-euro/indicators-statistics/economic-
databases/macro-economic-database-ameco_en

4 See ‘Section 4.9 Industrial employment’ in Cambridge Econometrics (2019).

This project has received funding from the European Union’s Horizon 2020 research and innovation
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FHgure 1 Cedefop forecast modelling structure
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3. Automation Risk Data

A body of literature has built upon Frey and Osbourne’s (2017) seminal estimation of automation
risk.> This study uses automation risk data estimated by the OECD, from Nedelkoska and Quintini
(2018).6 The OECD study builds on the expertassessmentreported in Frey and Osborne (2017) and
estimatesthe risk of automation by occupation based on job tasks information reported by
individualsinthe Survey of Adult Skills (PIAAC). By doing so, the OECD betterreflectthe extentto
which some tasks within occupations are more prone to automation than othertasks. While the
data by Frey and Osbourne’s (2017) suggest that 47% of jobsin the USA are at highrisk of being
automated, Nedelkoskaand Quintini(2018) find that 14% of job in the OECD are highly automatable,
meaningthey have a probability of automation of 70% or more.

The source data provides occupation-specificautomation risk for 20 EU Member States, Norway,
and Turkey. The level of detail of occupation classification is the International Standard Classification
of Occupations (ISCO) sub-majorgroups (2 digits occupations).” The data give the share of jobs in
each of three categories of automation risk: high (>70%), significant (50-70%), and low (<50%). These
data coverover88% of employmentinthe EU28 in 2018. Details of data coverage are foundinin
Appendix 2. The figure in Appendix 2 details the data availability in the OECD automation risk data.
Red cellsindicate missing data. Green cells indicate available data.

For applicationtothe Cedefop forecast, the source datarequired the following processing steps:

e The EU28 weighted average automation risk was calculated for each occupation. The weights
for the calculation used were employment levelsin 2018 by occupation by Member State of
the EU, missingdatabeingassigned aweight of zero.

e The OECD does notcontaininformation forall EU countries. The missing Member States
were assigned the EU28 weighted average automation risk, per occupation.

e Thenon-EU countriesinthe Cedefop data, notrepresentedinthe OECD automation risk
data, were also assigned the EU28 weighted average. These countries are Iceland,
Switzerland, and Macedonia.

e Where data was missing forindividual occupations within a Member State or non-EU country
includedinthe OECD dataset, the EU28 weighted average was used.

e Where data was classified only as amajor ISCO group, rather than sub-majorgroup, the data
was not used. 0.5% of data points are not used because of this decision.

e The OECD datasetincludes dataforEngland, and for Northern Ireland, but not forthe UK.
The UK was assigned the values for England, and data for Northern Ireland was not used. 8

e Several occupations have noautomation risk data: 0 Armed Forces (including all constituent
sub-majorgroups); 6.63 Subsistence Farmers, Fishers, Hunters and Gatherers; and 9.95 Street
and Related Sales and Services Workers. These weretreated as having no risk of automation.
Armed forces automationisa complex socio-political decision. Occupations 6.63 and 9.95
account for0.3% of EU28 employmentin 2018. Norisk adds a fourth category tothe
automationrisk data: high, significant, low, and no.

The dimensionsin the automation risk source data are occupation by country. The data, therefore,
do not make any distinction between sectors or qualification level. Therefore, itis assumed that the
automationrisk of a given occupationis equal across all sectors of the economy, and across all levels

5 Arntz et al.(2016), Suta et al.(2018), Nedelkoska and Quintini (2018), and Cedefop (2018a).

6 We have not presented the full automation risk data because we do not have permission to publish this.

7 See Appendix 1 for details of classification.

8 This decision was madefor the sake of pragmatism. A weighted average of the values for England and
Northern Ireland could be calculated, but this would require data for employment by each occupation within
each country. The samplesizes inthe OECD data arenot appropriatefor a weighted average.

This project has received funding from the European Union’s Horizon 2020 research and innovation
programme under grant agreement no. 822330 6



TECHNEQUALITY Deliverable D1.4

of qualification. Qualification levelis not used in this analysis, however, and therefore this
assumption makes no material difference.

4. Factors Affecting Automation

The development of plausible automation scenarios requires an assessment of the factors which will
affectthe pace and extentthat the risk of automationisrealised. From the conception of agiven
technology, there isasignificantjourneytoits full economicexploitation. Once ageneral -purpose
technology is ‘discovered’, commercial applications are developed. Commercial applications will only
be exploited onceitis profitable to do so. Afterinitial application, technology takes substantialtime
to reach its full potential; there is an extensive literature on technology diffusion (World Economic
Forum, 2018).°

Levelsetal.(2019) discuss a number of conditions that affect the extent to which technological
innovationsimpact the labour market. In this paper, we considerthree broad categories of factors
that affect the deployment of technology: technical, economic, and socio-political factors.'® In our
scenarios, the technical potential and deployment potential pertain to what Levels et al. (2019) refer
to as ‘speed of adoption’ and ‘speed of innovation’ (see Section 6).

4.1 Technical

Technical feasibility isthe first barrierto deployment and adoption of new technologies. The
technology required to realise the estimated automation risk has already been developed;
automationriskis estimated as the application of currently demonstrated technologies. However,
commercially applicable solutions and systems must be developed to realise technical potential. For
example, technology forautonomous vehicles has already been demonstrated. However, a
satisfactory commercial application for heavy-goods vehicles has yet to be developed (MGI, 2017a).

4.2 Economic

The market will adopt new technologies only whenthere isabusiness case todo so. There are three
key dimensionsinthis (MGI, 2017a): cost of developingand deploying solutions; labour market
dynamics; and economicbenefits. The cost of deploying solutions is the most obvious economic
barrier. Deploying new technology is likely to require substantial capital investment, especially
where hardware is required. Firms are only likely to make this investment if there is astrong
economiccase to do so, and if they have capital available (i.e. either due to accumulated profits or
borrowing). Akey dynamicintransitions, however, is the learning-by-doing effect, where costs of a
giventechnology decrease with cumulative production.!!

Firms must considerlabour market dynamics, including supply by skill in both the shortand long
term. In the case of automation and the substitution of capital forlabour, the main cost calculation
isthe relative cost of capital and labour.

Finally, there are likely to be non-cost related implications of introducing new technology. These
may include, butare not limited to quality, reliability, and safety. These could be negative or positive
dependingonthe particulartechnology application, and how well developed/refineditis.

9 See Rogers (1962) for seminal thoughts. More recently: Arthur (1989), Rip et al.(1998), and Geels (2002).
10 See MGI (2017a), Suta et al.(2018),and Henderson (2019).
11 See Arrow (1962)and Arthur (1989).

This project has received funding from the European Union’s Horizon 2020 research and innovation
programme under grant agreement no. 822330 7
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4.3 Socio-political

Evenwhenatechnologyisfully developed, and deploymentis economically advantageous, the
technology may not be adopted. Deployment of technology is restricted by socio-political dynamics.
Historically, and presently, there is strong evidence to suggest that people resist technology. The
classicexample are the Luddites, who resisted the introduction of machineryinthe textileindustry.
Today, there is scepticism regarding widespread use of Al, and fear of automation causing
widespread unemployment.

Where there is societal resistance, there is likely to be political resistance also. Pressure on policy
makers may be exerted through channelsincluding the media, stakeholderinterest groups (trad e
unions, industry associations, etc.), and ultimately, the polls and ballet box. Coverage of trade unions
and collective bargainingis extensive in many European countries. The response of unions to
industry’s decisions could be avery strong barrierto automation. In the UK, the National Union of
Rail, Maritime and Transport Workers (RMT) has beenin dispute with train operators since 2016; the
dispute concernsthe driver-only operated (DOO) services. 213 DOO potentially removes the need for
train guards; the train driver can operate the doorsthemselves. Two key issuesin the disputeare the
role of the train guard in ensuring safety and accessibility; 141> this highlights the potential for
complex obstaclesto automation despiteajob beinglargely technical ly automatable, if measured by
task content. The persistentindustrial action of RMT, including strikes and protests, indicates the
scale of potential resistance.

Givensocietal and political pressures, governments may introduce regulation which restrictsthe
adoption of technology. Existing labour law restricts the ability of firms to make employees
redundant, with the strictness varying across countries. The potential extent of change in the capital -
labourdynamicfrom automationis likely to require the renegotiation of the ‘social contract’ in many
countries.

Furtherto socio-political acceptance, the flexibility of current organisational structures will affect
rate of adoption. Adoption of automation and Al may require changesin management structures,
supply-chain management, physical work spaces, and working-schedules. Organisations take timeto
realise the full potential of technologies and adapt accordingly (Eurofound, 2018).

5. Design of the Model of Automation

The economicmodel of automationin this study was designed to take account of these three key
factors as an extension tothe baseline Cedefop forecasts. Figure 2illustrates the calculations of the
model. The following section details the definitions and calculations of each variable .2® This initial
work considers only the direct employment effects of automation. That s, the indirectand induced
impacts of automation are not modelled. The focus of this modelling exerciseis to develop plausible
assessments of the direct effects of automation. See section ‘8.4Job Creation’ for further discussion.

12 See https://www.bbc.co.uk/news/uk-england-49370104

13 See https://www.railmagazine.com/news/rail-features/is-there-a-way-to-break-the-doo-stalemate

14 https://www.rmt.org.uk/news/govt-advisors-warned-doo-trains-are-toxic-for-disabled/

15 https://www.rmt.org.uk/news/members-updates/further-strike-action-called-role-of-th16819/

16 See Cedefop (2012)for full details of the Cedefop Skills Forecast Employment Demand and Cedefop Skills
Forecast Replacement and Expansion Demand.

This project has received funding from the European Union’s Horizon 2020 research and innovation
programme under grant agreement no. 822330 8

Technequality


https://www.bbc.co.uk/news/uk-england-49370104
https://www.railmagazine.com/news/rail-features/is-there-a-way-to-break-the-doo-stalemate
https://www.rmt.org.uk/news/govt-advisors-warned-doo-trains-are-toxic-for-disabled/
https://www.rmt.org.uk/news/members-updates/further-strike-action-called-role-of-th16819/

TECHNEQUALITY Deliverable D1.4 .. Jechnequalty |

Fgure 2 Model of automation: calculated by region, sector,occupation, and year
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|

Cumulative Automation

A keyfeature and implication of this model design is that employees experience a change intime -
allocation across tasks as firms introduce automation. Time allocations shift toward the non-
automatable tasks within each job. By way of example, consideratravel agency, where employees
spend 50% of theirtime on bookingand administrative tasks, and 50% of time on customer-facing
tasks. Assume that the administrative tasks are fully automatable, and the customer-facing tasks are
non-automatable. If the agency pursued automation, then we can expect two changes. First, the
number of employees could be up to halved. Second, the time allocation for remaining employees
would be wholly on customer-facing tasks.*’

5.1 Technical Potential
Technical potential is defined as the share of jobs which could be automated each year, if estimated
automation risk was fully realised. Equation 1 details the calculation of the share of jobs at risk of

automation, forregionr, sectors, occupation o, at time t. Categories, ¢, are no, low, significant, and
high.

Equation 1 Technical potential
4

Technical Potential,g,; = Z(Share in Category, s, X Magnitude of Risk_)

c=1

where:
e technical potential: share of jobs which could be automatedin given year, if estimated
automation risk was fully realised
e sharein category: share of total jobsin each risk category (no, low, significant, and high risk)
e magnitude of risk: risk of automation for each category, e.g., high: 70-100%

5.2 Deployment Potential
The deployment potential variable controls the pace at which technical potential can be realised.
Thisvariable reflects the economicand socio-political factors detailed in Section 4 ‘Factors Affecting

17 Theoretically,ifa jobis entirely automatable, then the dynamic may be simpler:entire jobs could be
automated, and any remaining employees couldface no change in task composition.

This project has received funding from the European Union’s Horizon 2020 research and innovation
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Automation’. The variableis relaxed linearlyfrom 2020 to the year in which full deployment could be
realised, see Equation 2.

Equation 2 Deployment potential

Deployment Potential, s, = (Year; —2019) / (Full Deployment Year,, — 2019)

where:
e deploymentpotential:the percentage of technical potential which could be realisedin the
givenyear
o fulldeploymentyear:the yearat which 100% of technical potential could be realised, full
deployment of technology

The linear nature of deployment was chosen as asimplification. In real-world dynamics, diffusionis
non-linear and generally can be characterised by an S-shaped curve. However, the level of
uncertainty with respecttothe actual shape of the diffusion shape is high. Thisis the reason we
choose the linear simplification.

5.3 Automation Potential
The automation potential variable measures the absolute number of jobs which could be automated
each year, given technical and deployment potential, see Equation 3.

Equation 3 Automation potential

Automation Potential, s, = Technical Potential,s,, X Deployment Potential, s, X
Employment Demand,. s, ¢

where:
e gutomation potential:the total numberof jobs which could be automated each year, given
technical and deployment potential
e employmentdemand: employmentdemandin Cedefop baseline forecast

5.4 Socio-political Restrictor

The explicit socio-political restriction variable models the fact thatindustry’s choice of automation
may be limited by additional regulation. Inthis model, the socio-political restrictor variableacts as a
restriction onthe number of jobs which can be automated each year. In this model, automationis
calculated annually. The social-political restrictoris aflow restriction. In the absence of regulation,
industry would automate to the value of ‘Automation Potential’ each year. This value considers all
technical and economic constraints. The number of jobs which industries wish to automate is
therefore the difference betwe en cumulative automation as of the previous year, and automation
potential inthe given year. This value is compared to any flow restriction from the socio -palitical
restrictor. Industry maximises desired automation subject to the flow restriction. The logicof thisis
demonstrated in Equation 4. The socio-political restrictor operates through new job opportunities
only;i.e., the maximum number of jobs which can be automatedis equal to the number of new job
opportunitiesinthatyear.

n This project has received funding from the European Union’s Horizon 2020 research and innovation
programme under grant agreement no. 822330 10
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Equation 4 Calculation of automation, given job opportunities as socio-political restrictor

If Job Opportunities,s,: < 0
Cumulative Automation, s, = Cumulative Automation, s, +—1
If Job Opportunities, s, > 0
If Cum.Automation,. s, —1 +Job Opportunities, s , + < Automation Potential, s ,
Cum.Automation , g , = Cum.Automation, s , ¢+—1 +Job Opportunities, g , ¢
If Cum.Automation, s, r—1 + Job Opportunities, s , ; = Automation Potential , s , +
Cum.Automation , s , = Automation Potential,. g ,;

where:
e jobopportunities: the sum of replacement and expansion demand
e cumulative automation:total number of jobs already automated until the given period
e gutomation potential:the total number of jobs which could be automated each year, given
technical and deployment potential

Note that in this scenario methodology, the deployment potential and socio-political restrictor are
not additive. Rather, the methodology shows that, for a given regulation, the degree to whichit
affectsautomationisafunction of the otherconditions. Forexample, the replacement demand
conditionis much more restrictive underthe highest technical potential sensitivity, than the lowest.

6. Scenario Design

The development of scenariosin this paperaimstoselect plausible ranges for modelling parameters,
giventhe factors which affect the pace and extent of automation. The scenarios are developed as
sensitivities, which reflect uncertainties within each of the parameters. In terms of the mechanics of
applying automationrisk data to the Cedefop forecast, there are three key parameter categories:

1. Technical potential. This captures uncertainty in the estimation of automation risk. This
parameter concerns only technical potential and is time invariant.

2. Deployment potential. This parameter controls the maximumrealisation, each year, of the
technical automation potential. This parameter captures developments of commercial
solutions, economicfeasibility, and aspects of the socio-political dimension. This parameteris
relaxed overtime, reflecting:

e Developmentof new commercialsolutions.

e Increased coverage of economically feasible opportunities; reducing costs through
learning-by-doing effects.

e Organisational restructuring overtime.

e Increasesinsocial and regulatory acceptability.

3. Socio-political restrictions. These parameters model explicit restrictions, such as labour law
restricting the pace of automation to expansion demand. The logicbehind thisis thatin
regulated labour markets, itis hard to automate the jobs of incumbe nt workers.

Table 1 detailsthe range of values selected for each of the parameters. Table 2 details the eighteen
scenarios produced, given the cartesian product of scenario parameters.

n This project has received funding from the European Union’s Horizon 2020 research and innovation
programme under grant agreement no. 822330 11
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Table 1: Scenario parameters

Parameter Description Values

Low: lower bound in range, for ‘significant’
category equal to 50%.
. . Value within OECD risk Middle: mid-pointof range, for ‘significant’
Technical potential.

category ranges. category equal to 60%.
High: upper bound inrange, for ‘significant’
category equal to 70%.
2035.

Year in which full technical

Deployment potential. 2055.
proy P potential could be realised. 5075

. . . o . No restriction.
Socio-political restrictor. Restriction on automation. ; -
New job opportunities.

Table 2 Scenarios across parameter combinations

Restrictor:none

Technical/Deployment 2035 2055 2075 ‘
Low Low_35 Free Low_55 Free Low_75 Free
Middle Mid_35 Free Mid 55 Free Mid_75 Free
High High_35 Free High 55 Free High_75 Free

Restrictor: job opportunities

Technical/Deployment 2035 2055 2075 ‘
Low Low_35 ND Low_55 ND Low_75_ND
Middle Mid_35_ND Mid_55 ND Mid_75_ND
High High_35 ND  High_55 ND High_75_ND

6.1 Technical Potential

Scenarios are modelled across three sensitivities of the technical potential parameter. Using the
lowerbound, midpoint, and upperbound of the automationrisk range. By way of example, forthe
significantrisk category, the risk category value is setat 50%, 60%, and 70%. This sensitivity,
therefore, addresses uncertainty in the magnitude of risk, whilst maintaining the
categorisation/rankings across occupations. In terms of the scenarios discussed in Levels et al.
(2019), the technical potential pertain to what the authors call the ‘speed of innovation’.

The magnitudes of automation riskin the literature vary substantially. Nedelkoska and Quintini
(2018) find substantially different absolute levels of risk when applying the same methodology to
different datasets; they suggest cautionininterpreting results fromthe literature. Our reading of
this literature is that the relative risk rankings of occupations are more robust than the estimated
magnitude of risk.

6.2 Deployment Potential

Scenarios are modelled across three sensitivities of the deployment potential parameter. The
deployment potential parameteris varied such that full technical potential would be realised by
2035, 2055 and 2075 across the sensitivities. The parameteris equal across all regions, sectors, and
occupations, inthese scenarios. Interms of the scenarios discussed in Levels etal. (2019), the
deployment potential pertain to what the authors call the ‘speed of adoption’.

H This project has received funding from the European Union’s Horizon 2020 research and innovation
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The time horizons forfull deployment potential are informed by MGI (2017a), which estimates that
‘49 percent of the activities that people are paidtodoin the global economy have the potentialto
be automated by adapting currently demonstrated technology’. MGl (2017a) develops scenarios of
adoption and find that 50 percent of activities could be automated by 2055, and ‘posit possible
scenarios where thatlevel of adoption occurs up to almost 20 years earlierorlater’.

6.3 Socio-political Restrictor

Scenarios are modelled across two sensitivities of socio-political restrictor: no restriction and new
job opportunities. Inthe development of the work, two otherrestrictors were considered:
replacementdemand and expansion demand. These are detailedin Appendix 3. The job
opportunities methodis arefinement of the replacement and expansion demand methods.

No Restrictions
There are no additional restrictions.

Job Opportunities

Job opportunities, inthis study, are defined as the sum of replacement and expansion demand.
Given scenariodesign, any negative valueis settozero. The value of job opportunitiesis derived
fromthe Cedefop forecast; thereis no consideration of additional job creation from automation
(manufacture of robots, programming, cyber security, etc.). For the job opportunities methodology,
the maximum pace of deploymentis determined by job opportunities each year. Thisis a refinement
of the ‘Replacement Demand’ and ‘Expansion Demand’ scenarios. Expansion demand may be
negative!®, and therefore job opportunities may be less than replacement demand. However, itis
unlikely that legislation would allow a firm to automate all jobs from replacement demand and
dismiss workers to address negative expansion demand; more likely is that the net could be
automated.

7. Further Scenario Development

The initial scenarios provide indicative ranges forautomation adoption and deployment. These
scenarios, however, are characterised by parametervalue assumptions covering all regions, sectors,
and occupations. The key differentiatorin the scenarios discussed in Section 6is technical potential.
The second stage of scenario development considers how adoption may differacross regions,
sectors, and occupations, in light of their differing institutional, economicand socio-political
characteristics. Such refinements are not discussed in Levels etal. (2019) . Note that socio-political
restrictors could operate on local markets for goods and services, which is something we now
disregard.

7.1 Pace of Automation

The pace of automation, captured by the deployment potential parameter, is refined by considering
the economiclandscape foreach sectorand occupation. Two key variablesin determining the
economicimperative to automate are considered: international competitiveness and cost of labour.

International Competitiveness and Trade
Productivity improvements overtime, including through automation, are an economicimperativein
Europe, given exposuretointernational competition. This applies both to competitiveness of EU

18 For example, inan industry thatis in decline, or where labour productivity growth is faster than growth in

outiut.
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exportsininternational markets, and of domesticsupply in domestic EU markets. It is assumed that
greater exposure to external competition (i.e., ahigherlevel of import penetration, or higher exports
share in production), increases the incentive to automate, and therefore increases the pace of
adoption of automation technologies.

A trade indicatoris calculated, as Equation 5 Calculation of trade indicator. The calculation uses the
latest historical trade datain E3ME to estimate the importance of international trade in each sector.
The trade ratiois calculated at the level of the European trade blocin E3ME;*° intra-European trade
doesnotcountinthe calculation. The calculation of the trade indicator from the trade ratioyields a
value between 0and 1; this functional formis chosentointroduce anon-linearity inthe relationship
between trade ratio and automation incentive.

Equation 5 Calculation of trade indicator

(External Importss; + External Exportsy)

Trade Ratiog =
*  (Domestic Gross Outputs + External Imports;)

If Trade Ratio; = 1thenTrade Ratiog =1
2 X (Trade Ratioy)

(1 + Trade Ratioy)

Trade Indicator; =

The trade indicatoris used to estimate the time horizon for full deployment potential, see Equation
6 Estimating full deployment time horizon. Inthis formulation, the Deployment Potential parameter
isdifferentiated across sectors, unlikein the initial scenarios.

Equation 6 Estimating full deployment time horizon using trade indicator

Full Deployment Year, = 2055 — (Trade Indicators x (2055 — 2035))
Deployment Potential;, = (Year; —2019) / (Full Deployment Years — 2019)

The weakness of this approachis that, by definition, it focuses on automation risk in sectors which
are heavily traded. The effectis thatthe adoptionrate is slow in most service sectors, because they
are thinly traded. However, thisis an assumption that makes sense as jobsinthe service sectorare
heavyininteractive skills, in which humans have a comparative advantage overtechnology.

Labour Cost

The second option foradoption differentiation across jobsis relative labour cost. The economic
incentive to automate any given job is driven by the cost of automation, and the cost of labour. We
do not have data for the cost of automating these jobs, absolute orrelative, and therefore rely
entirely on relative cost of labour. Labour costs, chiefly wages, differ substantially across occupations
and sectors, creating differentincentives.

The source data chosen to estimate relative labour cost across industry and occupationsis from
Eurostat, namely the ‘Structure of earnings survey; annual earnings’ data.2° Note, however, thatalso
here we make necessary simplifying assumption because of data constraints. Inreality, itis not
labour costs that matter, but labour costs in relation to productivity. Since international comparative
data on productivity and labour costs by occupationis lacking, we rely on wages only. See Appendix
4 forthe classifications of the Eurostat data. The Eurostat data required processing, which we
explaininTextbox1.

19 EU28, Norway, Switzerland, Iceland, Turkey, and Macedonia.
20 https://appsso.eurostat.ec.europa.eu/nui/show.do?dataset=earn_ses_annual&lang=en
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Textbox 1: Data processing for the forecasts

e Dataused: Eurostat ‘earn_ses_annual’. Specifically: mean annual gross earningsin Euro,
across all age groups and sexes, working full-time, data for 2014.

e Mappingof Eurostatand Cedefop occupation classifications foll ows the ISCO08 classification.
Eurostat isonly available atthe majorgroup level; thisis applied to each corresponding sub -
major group.

e Datais missingforISCO08 Major Group 0 Armed Forces. The data is filled with the country
value forthe economy wide average (B-S_X_0). Inthis study, thisisimmaterial, because
automationrisk of 0 Armed Forcesis zero.

e Mappingof Eurostatand Cedefop occupation classifications follows the NACERev 2
classifications, see Appendix4. Source data does notinclude datafor agriculture, forestry and
fishing (section A of NACE), publicadministration and defence (section O), oractivities of
households asemployers (section T). Each occupation within theseis assigned the occupation
average wage forthe economy wide (B-S_X_0).

e Where datais missingfora single occupation-industry combination, the datais filled using
the economy wide average (B-S_X_0), forthat occupation.

e Datawas missingforseveral countries forISCO08 ‘6 Skilled Agricultural, Forestry and Fishery
Workers’ across all industry classifications: Austria, Belgium, Lithuania, and Iceland. Tofill this
data, the EU28 ratiofor ISCO08 6 ‘Skilled agricultural’ to ISCO086-8 ‘Skilled manual workers’
was calculated, for each industry classification. Thisratiois applied to the value of ISCO08 6-8
‘Skilled manual workers’ for each of the industry classifications for each of the countries.

Equation 7 Calculation of relative wage indicator

_ (IndOccWage,;, — Min.Wage in Region,)
"~ (Max. Wage in Region, — Min. Wage in Region,.)

Relative Wage Indicatory,

where:
e min.wageinregion: minimum earnings value of all industry-occupation combinations, in
givenregion
e max.wageinregion: maximum earnings value of all industry-occupation combinations, in
givenregion

The relative wage indicatoris used to estimate the time horizon for full deployment potential, see
Equation 8. In this formulation, the deployment potential parameteris differentiated across regions,
sectors, and occupations.

Equation 8 Estimating full deployment time horizon using relative wage indicator

Full DeploymentYear, s, = 2055 — (Relative Wage Indicator,s, X (2055 — 2035))
Deployment Potential, s, = (Year; —2019) / (Full Deployment Year,s, —2019)

The relative wage could have created anindicatoracross the EU. However, this would have resulted
invery high automationin Western and Northern Europe (where wages are relatively high), and
much slowerautomation in the Eastern and Southern regions of the EU (where wages are
comparatively low).

7.2 Employment protection
The idea of regulation limiting adoption, captured in the socio-political restrictor, isrefinedin
considering the employment protection legislation across countries. Datafrom the OECD indicators

n This project has received funding from the European Union’s Horizon 2020 research and innovation
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of employment protection legislation (EPL) are used.?! The socio-political restrictorin this study
modelsrestrictionsin redundancy and dismissal; the selected measurein the OECD data is therefore
REGS ‘Definition of justified or unfair dismissal’. For countries not covered by the OECD data, 22
several sources were used to examine redundancy laws.

For REG5, each country isassigned avalue of 0 to 6, the scale increasing with strictness. Avalue of 4
equatesto ‘when atransferand/ora retrainingto adaptthe workerto different work must be
attempted priortodismissal’. In this scenario design, any country with a REG5 value of 4 or higheris
assigned the job opportunities explicit restrictor.?* If REG5 is less than 4, there is no restrictor. The
justificationis thatif firms must seek alternative placement of an employee, they may be unable to
realise areductioninlabour costs, and therefore, automation may nolonger be cost effective. In
countrieswhere employees can be made redundant freely, there is no such barrier. The countries
assigned the job opportunities restrictor are Estonia, Finland, France, Germany, Italy, Lithuania,
Macedonia, Norway, and Sweden.

Please note that the weakness of this approachisthat does not considerthe relative cost of
dismissal across countries. The cost of dismissal may be as prohibitive as the legal requirement to
offeralternativeemployment. For example, in Belgium the employer has absolute dismissal power
(of white-collarworkers), but the cost of dismissal is substantial (Deloitte, 2012).

7.3 Scenarios with Specific Institutional, Economic and Socio-political Context
Table 3 details the final scenario specifications, employing the methodology described above.

Table 3 Scenarios with specific institutional, economic and socio-political

. Technical . . - .
Scenario Deployment Potential Socio-political restrictor
Potential
Low Lower bound Region-sector-occupation Region specific. Function of
(A_Low) ineach combination specific. Function of employment protection legislation.
category. relative wages.
Medium Mid-pointin Same specification as ‘Low’ Same specificationas ‘Low’ scenario.
(B_Mid) each category. scenario.
High Upper bound Same specificationas ‘Low’ Same specification as ‘Low’ scenario.
(C_High) ineach scenario.
category.

8. Limitations of the Approach

8.1 Qualification Dimension of Labour Markets

The Cedefop data provides forecasts disaggregated by occupation, sector and qualification level. The
automationrisk data, however, does not provide the qualification dimension and therefore the
gualification dimensionis not usedin this analysis. The inclusion of qualification level in the analysis

215ee https://www.oecd.org/els/emp/oecdindicatorsofemploymentprotection.htm.

22 Bulgaria, Cyprus,Romania,and Malta.

23 EC (2007), Thomson Reuters, UK Practical Law, and Eurofound
https://www.eurofound.europa.eu/observatories/emcc/erm/legislation.

24 The REG5 indicator considers when an individual can bedismissed based on competence, amongst others.
Detailed notes for Spain note the REG5 indicatoris high because ofissues regarding worker suitability, not
redundancy arrangements. Spainis therefore not assigned a restriction in this study.
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wouldrequire an additional, strong, assumption: the relative risk of automation foragiven
occupation, across qualifications. Further, qualification level may well be endogenous across
automation scenarios. Under scenarios of substantial automation, itis likely that there willbe a
surplus of skilled labour, and thereforeless incentive to attain certain qualifications.

8.2 Processing and Application of Automation Risk Data

The OECD source data includes samplesize foreach country-occupation combination. The weighting
procedure forestimating missing data could use the sample size as weights. For this study, size of
labourforce was instead used for the weighting procedure because this ensures the most
representative weighted average, in terms of the European labourforce. An alternative approach
than assigning the EU28 calculated average to missing countries, would be to assign datafrom a
‘comparable country’ (e.g., interms of itsindustrial structure and legal setting). However,
automationrisk differs significantly by country, even within an occupation. The choice of
‘comparable country’ could make a substantial difference. The more conservative approachisto
assignthe EU28 weighted average, whilst acknowledging substantial inter-country risk, whichiis
missing.

8.3 Productivity and Linear Deployment Potential

Projections of labour productivity growth as a benchmark based on past performance raises two
mainissues. First, itis notknown if levels of productivity are only aresult of labour or whetherthey
are affected by otherfactors such as market conditions, competition, regulations, etc. Second, past
performance indicators say little about the replacement costs of current labour. We try to deal with
thisinscenarios describedin Section 7, but this might not be sufficient.

For simplicity, we assumed that the rate of automation followed alinear trajectory overtime. If the
rate of automationinstead was assumed to follow an Sshaped diffusion (asis oftenthe casein
technology deployment data), then the labour demand projections would differ (i.e., with lower
impacts on employmentinthe early years, as it takes time for firms to adopt new practices and
technologies, followed by afastertransitioninthe middle years, and slowerchange in lateryears,
whenthe new technologies reach saturation).

8.4 Job Creation

Our analyses only considerthe substitution of jobs by new technologies (what Levels et al. (2019)
call the substitution effect) and we do not consider how the remainingjobsis distributed among
employed individuals. Two uncertainties which we do not address in this paper and with our model,
are how new technologies affect the nature ortask content of jobs, and the creation of new jobs,
e.g., wheninvestmentsin new technologies require human complementarities. Levels et al. (2019),
e.g.,discussthatincreasesin productivity induced by new technologies might feed the demand for
labour. The empirical evidence to date on how automation affects the quality of labouris mixed
(MGI, 2017b). Autorand Salomons (2018) discuss past waves of automation and suggest that
automation sofar has notresultedin a netloss of jobs. The MGI (2017a) study assumes that all
workers displaced by technology find employment at baseline productivity, and argues that this does
not resultin structural unemployment. The recent Eurofound (2018) study argues that if all physical
and intellectual work could be automated, whetheritis routine ornon-routinework, then humans
would be displaced to social tasks such as teaching, caring, and entertainment. Using d ataon the
deployment of industrialrobots in the US, Acemoglu and Restrepo (2019a) provides evidencethat
automation may reduce employment. Acemoglu and Restrepo (2019b) also argue that, leftto the
market, the economy could investtoo heavily in the ‘wrong type of Al’ thatis more likely labour
replacing thanlabourenhancing.
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9. Results

9.1 Overall Employment Effects of Automation

The scenarios discussed in Sections 6(18 scenarios) and 7 (3 scenarios) were implemented in the
Cedefop model, which, needless to say, generates alarge number of country, industry sector, and
occupation specificforecast data. In this section, we report the main findingsin a concise fashion.
The full details of the employment effects of the various scenarios are available on the following
website: www.technequality-project.eu.

Table 4 reports the employment effects of automation in million jobs and percentages compared to
the baseline Cedefop forecasts. In the baseline, employmentin 2030 is expected to be around 242.2
million employed persons. The job loss due to automationin Europe is expected to ranges from 12.5
million to 106.6 million employed persons less, depending on the scenario considered. Mind, as
indicatedin Section 8, that these estimates have to be taken with caution. When the technical
potential of automation, its speed of deploymentis slow and automation only affects netjob
opportunities (scenario 14; Low_75 ND), thenonly 5.1% of total employmentin the baseline will not
be realized due to automation. Automationis expected to have the largest employment effectinthe
scenario with high penetration of technology (high technical potential), fast adoption and no socio -
political restrictions upon adoption (scenario 5; High_35 Free). Inthat case, the impact of
automationis 43.8% less employment compared to the base scenario. Itis hard to tell which
scenariois mostrealistic, butis seems to us that a scenario with high penetration of technology, fast
adoption and no socio-political barriers toimplementation of technologyis overly pessimistic.

Our scenarios with specificinstitutional, economicand socio-political are interesting to consider
because they not only rely on country specificautomation risks associated to the technical potential
(low, medium, high), as do the otherscenarios, but also consider country specificities with respect to
the deployment potential and the socio-political context as explained in Section 7. Accounting for
such specificities in deployment potential and socio-political context, the scenario with low technical
potential resultsin 9.8% loweremploymentin 2030 compared to the base. The impact on
employmentinthe high technical potential is larger, with 24.7% employment being lost compared to
the base. The employmentlossinthe mediumtechnical potential scenarioamountsto 17.3%.
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Table 4 Employment effects by 2030 of automation under various scenarios

Scenario Employment Loss to Loss to
automation automation
(millions) (millions) (%)

0 Baseline 243.2 0 0

1 Low_35_Free 198.6 44.6 18.3
2 Low_35_ND 201.7 41.6 17.1
3 Mid_35_Free 167.6 75.6 31.1
4 Mid_35_ND 175.3 67.9 27.9
5 High_35_Free 136.6 106.6 43.8
6 High_35_ND 154.2 89.1 36.6
7 Low_55_Free 223.4 19.8 8.2
8 Low_55_ND 224.0 19.2 7.9
9 Mid_55_Free 209.6 33.6 13.8
10 Mid_55_ND 210.9 32.4 13.3
11 High_55_Free 195.8 47.4 19.5
12 High_55_ND 198.0 45.2 18.6
13 Low_75_Free 230.5 12.7 5.2
14 Low_75_ND 230.8 12.5 5.1
15 Mid_75_Free 221.6 21.6 8.9
16 Mid_75_ND 222.2 21.1 8.7
17 High_75_Free 212.8 30.5 12.5
18 High_75_ND 213.7 29.5 12.1
A Low_Scenario 219.4 23.8 9.8
B Mid_Scenario 201.2 42.0 17.3
C High_Scenario 183.3 60.0 24.7

Source: Own calculations based on Cedefop, Eurofound (2018)

9.2 Employment Effects of by Occupation

Based on the scenarios with specificinstitutional, economicand socio-political discussed in Section
7, Figure 3 shows the estimated impact of automation by occupation. In the low technical potential
scenario, we estimate large employment losses compared to the base (more than 11 million
altogether) amongtechnicians and associate professionals, services and sales workers and
elementary occupations. Theseare relatively large occupational groups. In relative terms, the impact
of automationinthisscenarioislargestforplantand machine operators (17%) and elementary
occupations (15%).

In the high technical potentialscenario, we estimatethe largest employmentlosses compared to the
base for professionals (almost 11.7 million or 26% less employment) and technicians and associate
professionals (almost 10.7 million or 25% less employment). The job lossin services and sales jobsis
also high (almost 8 million or 21% less employment). Under the medium technical potential scenario
these three occupations are also the ones to sufferthe largestjob loss by 2030.

The relative difference in automation across scenarios differs by occupation. The range of scenario
estimates for professionals are substantially greater than for elementary occupations. The reasonis
that thereis greateruncertainty in the low automatability classification (0-50%) than the significant
(50-70%) or high (70-100%) classifications. The magnitude of riskin the low classificationis 0, 25, and
50% inthe three scenarios, comparedto 70, 85, and 100% for the highrisk classification. Estimates
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for those occupations which have a higher share in the low automatability classification, therefore,
vary more across sensitivities of magnitude of risks.

Fgure 3 Employment lost to automation compared to base scenario, by occupation, 2030 (thousands)
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Source: Own calculations based on Cedefop, Eurofound (2018)

9.3 Employment Effects of by Country

The employment effects of automation by 2030 can also be computed by country. To limitthe
amount of data, we report here the country effectsin Figure 4for the technical potential of
automation setat the mid-point of each category, deployment potential thatis region-sector-
occupation combination specific, and socio-political restrictor thatis region specificand afunction of
employment protection legislation (B Mid_Scenarioin Table 3). The dataunderlyingthe figure is
reportedin Appendix5.

The country with highest aggregate automation riskis the Slovak Republic: underthe scenario
reportedinthe figure, 22.2% of 2030 employment willnot be realized because of automation.
Norway is the country with the lowest impact of automation (14.2%). Note, however, that the
impact of automationin countries depends on many parameters, and thatitis therefore hardto
make good sense of the numbers. Factors that affect the automationrisks in countriesincludethe
automationriskitself, the sectoral composition of the economy, the occupational composition of the
labourforce in the country as well as country specificinstitutions and wage costs.
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Figure 4 ‘B Mid Scenario’ aggregate automation risk, by country, in 2030 (percentage)
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Source: Own calculations based on Cedefop, Eurofound (2018). Darkershades represent higherrisk.
Countries coloured grey were notincluded in the analysis.

10. Conclusion

The general conclusion when overseeing the literature is that technological innovations such as
robotics and Al are expected to deeply impact the economy and the labour market. First,
technological innovations will affect the way we work as the penetration of itin daily work will have
an impact on which tasks human labour perform and how the tasks are performed. Second,
technological innovations will generate newdemands forjobsinthe market. Third, technological
innovations will take over some jobs because the tasks performed become increasingly codifiable
and because Al learns. Inthis paper, we focus on the lattersince itis hazardous to come with well -
foundedjob creation estimates due to technology (Autorand Salomons, 2018, Levels etal. 2019).

Thisresearchis the first we are aware of that uses a methodology thatis comparable across
countries of Europe to assess the future impact of technology on employment. It builds on the
existing Cedefop Skills Forecast model 2018 to develop arange of realisticscenarios to account for
the fact that the development, deployment, and adoption of new technologies is characterised by
substantial uncertainties. The key characteristics of the scenarios are 1) the technical potential of
automation, i.e., the share of jobitis expected to automate, 2) the speed of the deployment
potential, i.e., the yearin which automationisachieved, 3) socio-political restrictorsin the
deployment of automation, i.e., the extent to which automation affects new jobs only oralso
existingjobs, and 4) region-sector-occupation differences in relative wages and employment
protection legislation, i.e., the extentto which relatively high wage and low levels of protection
could speed up the adoption of technologies.
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These scenarios lead to a range of estimates forlost employment by 2030 compared to the baseline
estimates. These estimates range from 12.5 million to 106.6 million depending on the scenario
considered. Occupations to sufferthe largest job loss by 2030 are professionals, technicians and
associate professionals, and services and sales occupations.

This paper highlights the methodology used to derive forecasts and the assumptions made under
various scenarios. The details from the computations presented in this paper will be made available
through a dashboard on the Technequality website ( https://technequality-project.eu/) in the first
half of 2020. It will allow to access the outcomes of all scenarios by country, industry sectorand
occupation.

n This project has received funding from the European Union’s Horizon 2020 research and innovation
programme under grant agreement no. 822330 22


https://technequality-project.eu/

TECHNEQUALITY Deliverable D1.4
References

Acemoglu, D., Restrepo, P. (2018). Modeling automation. AEA Papers and Proceedings, Vol. 108, pp.
48-53.

Acemoglu, D., Restrepo, P.(2019a). ‘Robots and Jobs: Evidence from US Labor Markets’. Journal of
Political Economy, forthcoming.

Acemoglu, D., Restrepo, P. (2019b). ‘The Wrong Kind of Ai? Artificial Intelligence and the Future of
Labor Demand’. NBER Working Paper No. w25682.

Arntz, M., Gregory, T. and Zierahn, U. (2016). ‘The Risk of Automation forJobsin OECD Countries: A
Comparative Analysis’, OECD Social, Employmentand Migration Working Papers, No. 189, OECD
Publishing, Paris.

Arrow, K.J., (1962). ‘The Economic Implications of Learning by Doing’. The Re view of Economic
Studies, Vol 29, Number 3.

Arthur, W.B. (1989). ‘Competingtechnologies, increasing returns, and lock-in by historical events.’
The EconomicJournal, Vol 99, Issue 394.

Autor, D. (2015). Why are there still so many jobs? The history and future of workplace automation.
Journal of EconomicPerspectives, 29(3), 3-30.

Autor, D. and Salomons, A. (2018). Is automation labor-displacing? Productivity growth,
employment, and the labor share. Brookings Papers on EconomicActivity.

Cambridge Econometrics (2019). ‘E3ME Technical Manual v6.1’. https://www.e3me.com/wp-
content/uploads/2019/09/E3ME-Technical-Manual-v6.1-onlineSML.pdf

Cedefop (2012). ‘Skills supplyand demand in Europe: methodological framework’. Cedefop research
paper; No 25. Luxembourg: Publications Office.

Cedefop (2018a). ‘Automation riskinthe EU labour market A skill-needs approach’, Publications
Office of the European Union, Luxembourg.

Cedefop, (2018b). ‘Forecasting skill demand and supply’. [Online] Available at:
http://www.cedefop.europa.eu/en/events-and-projects/projects/forecasting-skill-demand-and-
supply/data-visualisations.

Cedefop, (2018c) Skills Forecast: key EU trends to 2030. [Online]

Available at: http://skillspanorama.cedefop.europa.eu/en/analytical highlights/skills-forecast-key-
eu-trends-2030# skills forecast key eu trends to 2030

Cedefop, Eurofound (2018). ‘Skills forecast: trends and challenges to 2030’. Luxembourg:
Publications Office. Cedefop reference series; No 108. http://data.europa.eu/doi/10.2801/4492

Deloitte (2012). ‘Deloitte Legal Perspectives. A comparative look at dismissal costs and issues across
Europe’. https://wwwz2.deloitte.com/content/dam/Deloitte/global/Documents/Legal/dttl -legal-
dismissalreport-Jan2013.pdf

Eurofound (2018). ‘Automation, digitalisation and platforms: Implications forwork and
employment’, Publications Office of the European Union, Luxembourg.

European Commission (2007). ‘Termination of Employment Relationships’.
http://ec.europa.eu/social/BlobServlet?docld=4624&langld=en

European Commission (2017). ‘The 2018 ageingreport: underlying assumptions and projections
methodologies.’ Luxembourg: Publications Office. DG ECFIN institutional paper; No 065.
https://ec.europa.eu/info/publications/economy-finance/2018-ageing-report-
underlyingassumptions-and-projection-methodologies en

Frey, C. B., Osborne, M. A.(2017). The future of employment: How susceptible are jobs to
computerisation?. Technological forecasting and social change, 114, 254-280.

Geels, F.W.(2002). ‘Technological transitions as evolutionary reconfiguration processes: a multi-level
perspective and a case-study.’ Research Policy, Vol 31, Issues 8-9.

Graetz, G., & Michaels, G. (2018). Robots at work. Review of Economics and Statistics, 100(5), 753-
768.

n This project has received funding from the European Union’s Horizon 2020 research and innovation
programme under grant agreement no. 822330 23

Technequality


https://www.e3me.com/wp-content/uploads/2019/09/E3ME-Technical-Manual-v6.1-onlineSML.pdf
https://www.e3me.com/wp-content/uploads/2019/09/E3ME-Technical-Manual-v6.1-onlineSML.pdf
http://www.cedefop.europa.eu/en/events-and-projects/projects/forecasting-skill-demand-and-supply/data-visualisations
http://www.cedefop.europa.eu/en/events-and-projects/projects/forecasting-skill-demand-and-supply/data-visualisations
http://skillspanorama.cedefop.europa.eu/en/analytical_highlights/skills-forecast-key-eu-trends-2030#_skills_forecast__key_eu_trends_to_2030
http://skillspanorama.cedefop.europa.eu/en/analytical_highlights/skills-forecast-key-eu-trends-2030#_skills_forecast__key_eu_trends_to_2030
https://www2.deloitte.com/content/dam/Deloitte/global/Documents/Legal/dttl-legal-dismissalreport-Jan2013.pdf
https://www2.deloitte.com/content/dam/Deloitte/global/Documents/Legal/dttl-legal-dismissalreport-Jan2013.pdf
http://ec.europa.eu/social/BlobServlet?docId=4624&langId=en
https://ec.europa.eu/info/publications/economy-finance/2018-ageing-report-underlyingassumptions-and-projection-methodologies_en
https://ec.europa.eu/info/publications/economy-finance/2018-ageing-report-underlyingassumptions-and-projection-methodologies_en

TECHNEQUALITY Deliverable D1.4 .. Jechnequalty |

Henderson, R. (2019). ‘Plausible Al Futures: A scenario analysis of the impact of artificial intelligence
on the future of work’, unpublished.

Levels, M., Fregin, M.C. & Somers, M. (2019). The implications of technological change forthe
workforce: A scenario study. Technequality Working Paper (Deliverable D1.2).
https://technequality-project.eu/files/d12fdscenariostudiesv10pdf

McKinsey Global Institute (MGI) (2017a). ‘A Future that Works: Automation, Employment, and
Productivity’. McKinsey & Company.

McKinsey Global Institute (MGI) (2017b). ‘Jobs lost, jobs gained: Workforce transitions in a time of
automation’. McKinsey & Company.

Nedelkoska, L., & Quintini, G. (2018). ‘Automation, skills use and training’. Paris: OECD Social,
Employmentand Migration Working Papers, No. 202, OECD Publishing.

Oxford Economics (2019). ‘How Robots Change the World, What automation really meansforjobs
and productivity’.

Rip, A., Kemp, R.P.M., & Kemp, R. (1998). ‘Technological change’.in S Rayner & EL Malone (eds),
Human choice and climate change. Vol. I, Resources and Technology. Battelle Press, Columbus,
Ohio, pp. 327-399.

Rogers, E.M. (1962). ‘Diffusions of Innovations.” New York: Free Press of Glencoe.

Suta, C., Barbieri, L., & May-Gillings, M. (2018). ‘Future employmentand automation’. In T. Hogarth,
Economy, Employmentand Skills: European, Regional and Global Perspectives in An Age of
Uncertainty (Vol. 61, pp. 17-43). Rome: Fondazione Giacomo Brodolini.

World EconomicForum (2018). ‘The Future of Jobs Report, 2018".

n This project has received funding from the European Union’s Horizon 2020 research and innovation
programme under grant agreement no. 822330 24


https://technequality-project.eu/files/d12fdscenariostudiesv10pdf

TECHNEQUALITY Deliverable D1.4

Technequality

Appendix 1: International Standard Classification of Occupations, ISCO-08%°

Code

1

11

12
13

14

21
22
23
24

25

26

31

32

33

34

35

41
42
43
44

51
52
53
54

Major Group

Managers

Professionals

Technicians and Associate
Professionals

Clerical Support Workers

Services and Sales Workers

Sub-major Group

Chief Executives, Senior Officialsand Legislators

Administrativeand Commercial Managers

Production and Specialized Services Managers

Hospitality, Retail and Other Services Managers

Science and Engineering Professionals
Health Professionals
Teaching Professionals

Business and Administration Professionals
Information and Communications Technology Professionals

Legal, Social and Cultural Professionals

Science and Engineering Associate Professionals
Health Associate Professionals

Business and Administration Associate Professionals

Legal, Social, Cultural and Related Associate Professionals

Information and Communications Technicians

General and Keyboard Clerks
Customer Services Clerks
Numerical and Material Recording Clerks

Other Clerical SupportWorkers

Personal Services Workers
Sales Workers
Personal Care Workers

Protective Services Workers

25 See https://www.ilo.org/public/english/bureau/stat/isco/isco08/
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61

62

63

71

72
73
74

75

81
82
83

91
92

93

94
95

96

Skilled Agricultural, Forestry
and Fishery Workers

Craft and Related Trades
Workers

Plant and Machine Operators
and Assemblers

Elementary Occupations

Armed Forces Occupations

Market-oriented Skilled Agricultural Workers

Market-oriented Skilled Forestry, Fishery and Hunting Workers

Subsistence Farmers, Fishers, Hunters and Gatherers

Buildingand Related Trades Workers (excluding Electricians)

Metal, Machinery and Related Trades Workers
Handicraftand Printing Workers
Electrical and Electronic Trades Workers

Technequality

Food Processing, Woodworking, Garment and Other Craft and Related

Trades Workers

Stationary Plantand Machine Operators
Assemblers

Drivers and Mobile PlantOperators

Cleaners and Helpers

Agricultural, Forestry and Fishery Labourers
Labourers in Mining, Construction, Manufacturingand Transport

Food Preparation Assistants
Street and Related Sales and Services Workers

Refuse Workers and Other Elementary Workers

Commissioned Armed Forces Officers
Non-commissioned Armed Forces Officers

Armed Forces Occupations, Other Ranks
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Appendix 2: Automation Risk Data Availability by Occupation and Country

The figure below details the data availability in the OECD automationrisk data. Red cellsindicate
missing data. Green cellsindicate available data.
BE DK DE EL ES FR IE IT LX NL AT PT FI SE UK CZ EE CY LV LT HU MTPL SI SK BG RO NO CH IS HR TR MK
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Appendix 3: Alternative Socio-Political Restrictors

Replacement Demand

Replacement demand measures outflow from an occupation. Using the replacement demand
restrictor, itis supposed thatlegislationis passed which prevents firms from freely replacing labour
with capital. Specifically, firms are unable to make workers redundantin orderto automate the job.
Maximum pace of deploymentis determined by replacement demand each year; firms must wait for
workers tovoluntarily leaveorretire.

Replacementdemand includes retirements and deaths, transition to non-employment, net
migration, and inter-occupational mobility. Replacement demand is calculated in the Cedefop
forecast.?® Replacementdemandis only provided by occupation by country. To calculate the sectoral
disaggregation, itisassumedthat replacementdemandis proportionalto the share of employment
by sectorin each year, for each occupation.

This method builds onthe approach setout in Sutaet al. (2018), where replacementdemandis used
as a restrictor. Suta etal. (2018) notesthatthe ‘Cedefop Skills Forecastis based, among others, on
the assumption thatall vacant jobs will be replaced and this chapter putsinto question this
assumption.’

The level of replacement demand is likely to be endogenous across scenarios of automation
potential. People may be less likely to leave theirjobinan environment of automation and
employment uncertainty. Replacement demand does not measure within-occupation turnover,
however, whichisthe job transition category mostlikely to be affected. Forexample, in retail, the
turnoverrateis likely to be much higherthanreplacementdemand. Anditisthe turnoverrate most
likely to be substantially reduced.

Expansion Demand
Expansion demand refers tothe net change inemployment overtime. Given the scenario designin
this case, any negative value issetto zero.

Using expansion demand as arestrictor, itis supposed that strictlegislation is passed, which
prevents firms from replacing labour with capital. Specifically, firms are not permitted to automate
any job previously performed by a human. This effectively restricts automation to cases where firms’
demandforeffectivelabourisincreasing overtime. The maximum pace of deploymentis
determined by positive expansion demand each year. Otherthan restricting all automation, the
most restrictive regulation would be to protect all existing jobs.

Expansion demand by industry by Member State is calculated using E3ME, in module 1 of the
Cedefop methodology. A further module (EDMOD) calculates the occupation level expansion
demand.?

26 Chapter 7, Cedefop (2012)details the methodology.
27 Chapter 5, Cedefop (2012) details the methodology.
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Appendix 4 Eurostat ‘Structure of earnings’ classifications
Table 4 Eurostat industry classifications

‘ Eurostat Code Label NACE Rev 2

B-S X_O Industry, construction and services All, excludingA, O,and T
(except public administration, defense,

compulsorysocial security)

B-N Business economy Bto N
B-F Industry and construction Bto F
G-N Services of the business economy Gto N
P-S Education; human health and social PtoS

work activities; arts, entertainment and

recreation; other serviceactivities

Table 5 Eurostat occupation classifications

‘ Eurostat Code _ Label ~1scoos
TOTAL Total 1to9,not0
0C1-5 Non manual workers 1to5
oc1 Managers 1
0ocC2 Professionals 2

Technicians and associate 3
0c3 professionals
oc4 Clerical supportworkers 4
0Cs5 Service and sales workers 5
0C6-8 Skilled manual workers 6to8
0CE Skilled agricultural, forestry and fishery
workers
oc7 Craft and related trades workers 7
ocs Plantand machine operators and 3
assemblers
0C9 Elementary occupations 9

Table 6 Mapping of Cedefop industry classification to Eurostat data

‘ Cedefop Industry Eurostat Data (Aggregate)

Agriculture [01] B-S_ X_O
Forestry [02] B-S X O
Fishing [03] B-S_X_O
Coal [05] B-F
Oil and Gas [06] B-F
Other mining [07-09] B-F
Food, Drink & Tobacco [10-12] B-F
Textiles, Clothing & Leather [13-15] B-F
Wood and wood products [16] B-F
Paper and paper products [17] B-F
Printing [18] B-F
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Manufactured fuels [19]

Other chemicals [20]
Pharmaceuticals[21]

Rubber and plastic products [22]
Non-metallic mineral products [23]
Basic metals [24]

Metal products [25]

Optical & electronic equip [26]
Electrical equipment [27]

Other machinery & equipment [28]
Motor Vehicles [29]

Other Transport Equipment [30]
Manufacturing nes [31-32]

Repair & installation of machinery [33]
Electricity [35.1]

Gas,steam & air conditioning [35.2,35.3]
Water supply [36]

Sewerage and waste [37-39]
Construction [41-43]

Trade and repair of motor vehicles [45]
Other wholesaletrade[46]

Other retail trade[47]

Land transport[49]

Water Transport [50]

Air Transport[51]

Warehousing [52]

Postal and courier activities [53]
Accommodation & Catering [55,56]
Publishingactivities [58]

Motion picture and broadcasting activities [59-60]
Telecommunications [61]

Computer programming, infoserv[62,63]
Financial services [64]

Insurance[65]

Auxiliary tofinancial & insuranceactivities [66]
Real estate activities [68]

Legal and accounting [69-70]
Architectural & engineering [71]
Research & Development [72]
Advertising [73]

Other professionalactivities [74-75]
Rental and leasingactivities [77]
Employment activities [78]

Travel agency, tour operators [79]
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B-F
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B-F
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B-F

G-N
G-N
G-N
G-N
G-N
G-N
G-N
G-N
G-N
G-N
G-N
G-N
G-N
G-N
G-N
G-N
G-N
G-N
G-N
G-N
G-N
G-N
G-N
G-N
G-N
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Security and office administrative [80-82] G-N
Public administration and defence [84] B-S_X_O
Education [85] P-S
Human health activities [86] P-S
Residential careand social work [87-88] P-S
Arts and entertainment activities [90-92] P-S
Sports activities [93] P-S
Membership organisations [94] P-S
Repair of household goods [95] P-S
Other personal serviceactivities [96] P-S
Households as employers of domestic personnel [97] B-S X O
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Appendix 5: Automation Risk by Country

The employment effects of automation by 2030 in Table 7 are for the technical potential of
automation setat the mid-point of each category, deployment potential thatis region-sector-
occupation combination specific, and socio-political restrictor thatis region specificand afunction of
employment protection legislation (B Mid_Scenarioin Table 3).

Table 7 Employment effects by 2030 of automation by country (B Mid_Scenario)

IE 2,439.9 420.5 17.2
IS 243.6 43.4 17.8
IT 26,897.0 4,442.9 16.5
LT 1,374.8 261.6 19.0
LU 482.7 83.6 17.3
Lv 898.0 166.8 18.6
MK 692.8 114.6 16.5
MT 220.1 37.7 17.1
NL 9,325.2 1,533.3 16.4
NO 3,152.0 448.1 14.2
PL 15,919.8 2,893.0 18.2
PT 5,123.7 867.5 16.9
RO 8,949.7 1,597.2 17.8
SE 5,258.9 780.2 14.8
Sl 1,006.9 202.2 20.1
SK 2,492.1 553.4 22.2
TR 28,422.2 5,229.6 18.4
UK 33,200.8 5,108.8 15.4
EU28 243,229.8 42,024.5 17.3

Source: Own calculations based on Cedefop, Eurofound (2018).
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