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Chapter 1

Computerisation transforming
jobs - Evidence from the
European Working Conditions
Survey

Martina Bisello and Eleonora Peruffo (Eurofound), Riccardo Rinaldi (University
of Siena) and Enrique Fernández-Maćıas (JRC Seville)

Abstract How did technological innovation and computerization change the task con-

tent of jobs? While most of the literature investigating the impact of innovation on labour

focused on changes in the employment structure, leading to the renowned “routine-biased

technological change” hypothesis, only few but notable authors got into the analysis of

the evolution of work “within jobs”. This paper contributes to this study relying on

the task framework previously developed by Eurofound (2016), which classifies task di-

mensions alongside two different axes: the content of tasks, and the methods and the

tools used for carrying out them. Exploiting worker-individual collected data from the

European Working Condition Survey, we build three indexes for task content - physical,

intellectual and social tasks - and three for work organization - repetitiveness, standard-

ization and autonomy -. The aspect of the task degree of routine is central in this analysis

as in all the literature, since it has been widely acknowledged as the most important

determinant of automability of a job, but we consider how it is also the result of the

work organization, rather than just a type of task content, as usually considered. Using

different approaches and levels of aggregation, we study the evolution of tasks from 1995

to 2015 for 15 EU countries. The results we find suggest a paradoxical evolution of the

routine tasks: while the jobs routine-intensive relatively-declined, the inherent content

of routine tasks actually increased for most of jobs, among which also for high-skilled

ones. Also, differently from previous literature we see a decline in the social content of
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tasks for most jobs, which is particularly relevant in the services sector.

1.1 Introduction

The effects of the digital revolution sparked by the introduction of microchips in
the 1970s are still felt today. The use of microchips in computers and other digital
devices enables fast and cheap processing information which, combined with other
technologies in a continuous innovation and combinatorial process, have already
transformed and are still transforming the economy. Initially the transformation
affected the ICT sector and ICT related industry but is now spreading to ‘all
types of economic activities (retail, manufacturing, health, education)’ (Eurofound
2017a).

Automation, defined as the substitution of human input by (digitally enabled)
machine input for some types of tasks within production and distribution processes,
is a technological vector of change encompassing the use of computers and robots.
The impact of automation on the world of work has been significant since the
first industrial revolution; the difference between the digital revolution and the
previous technological revolutions is the expanded capability of machines to carry
out a far bigger spectrum of tasks thanks to the use of sensors, storing capabilities
and algorithmic control (Eurofound 2017a). Furthermore, while until recently
machines had to be constructed or programmed to perform a particular task or
set of tasks, advances in machine learning make it possible for them to learn
and improve from experience without being explicitly programmed for a specific
purpose.

The impact of digitally-enabled automation in manufacturing is part of the
phenomenon known as industry 4.0 (Eurofound 2018b, Jasperneit, 2012). In in-
dustry 4.0 a combination of algorithms, sensors, augmented reality and advanced
industrial robots is changing the type of work and the type of skills required in
manufacturing to the extent that this set of new circumstances has been deemed
‘Work 4.0’ (Bundesministerium für Arbeit und Soziales, 2015). But Work 4.0 ex-
tends to the services sector too: jobs in services are also likely to be impacted
by the availability of more and more digital devices (for example laptops, smart-
phones, tablets) and applications deriving from Artificial Intelligence (AI) such
as the use of algorithms to perform or support tasks entailing speech and image
recognition, financial trading, health monitoring and so on.

Theoretical and empirical studies suggest that jobs with high routine tasks
content are much more likely to be automated, because they are easier to be
codified and therefore can be accomplished by (ICT) machines following explicit
programmed rules (Autor, Levy and Murnane 2003). On the contrary, jobs pri-
marily characterised by tasks requiring a high degree of intellectual skills, such as
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finding solutions to complex problems and creativity, exhibit complementarity be-
tween these tasks and IT tools. Similarly, jobs requiring direct physical proximity
or flexible interpersonal communication - which are typical of services – also tend
to face lower risks of substitution due to higher difficulty in being replaced.

However, predicting what jobs may be more at risk of automation on the basis
of their current task composition and intensity only gives a partial assessment of
the potential effect of digital technologies on work and employment. Indeed, tech-
nological transformations not only determine changes in the employment shares
across jobs based on their task content, but can also contribute to changes in the
task content itself over time. In most cases, machines replace specific tasks but
not others, changing the contents of jobs and occupations in the process. For
instance, the introduction of ATMs replaced a large part of the tasks previously
performed by bank clerks, but rather than the occupation of bank clerk disappear-
ing as such, it changed its task content (increasing its customer service orientation,
for instance).

Against this background, the work aims at analysing empirically the task-
structure dynamics of European jobs. The investigation focuses on the evolution
of the content of jobs in the perspective of the task framework developed by Euro-
found (2016), which divides between the task content of jobs (physical, intellectual
and social tasks), the methods (autonomy, repetitiveness and standardization) and
the tools (use of computers, and of non-ICT machineries). We explore it through
the European Working Condition Survey, which contains information on working
condition of European workers based on face to face interviews in five waves, start-
ing in 1995 and up to 2015, for more than 15.000 workers per wave. Because trends
in average tasks intensity at the job level may be the result of changes in tasks
within jobs on the one hand, and changes in the structure of employment on the
other hands, EWCS data are complemented with employment data from the EU-
Labour Force Survey. More specifically, employment data were collected as part
of the European Jobs Monitor (EJM), a longstanding and ongoing project con-
ducted at Eurofound whose aim is tracking structural change in European labour
markets. The combined analysis of EWCS and EJM data allow to investigate
within and between-jobs changes in the task structure (as described in section 4).
The availability of workers-level data for European countries allow to investigate
within-jobs task changes that cannot be explored with other widely used occupa-
tional databases, such as the US Dictionary of Occupational Titles (DOT) and
its successor the Occupational Information Network dataset (ONET)1, which also
would impose the strong assumption of the same task composition in the US and
Europe.

1These are databases that compile standardized assessments from occupational specialists on
a range of variables measuring task content, skill requirements, job characteristics, etc.
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Differently from the previous literature, the key results can be wrapped up as
follows. We observe two apparently contradictory trends in the between-jobs and
the within-jobs components of overall change in task contents and methods, which
can in fact reflect two different ways in which the same technological developments
(an increasing digitalisation of work) have affected work and employment. On
the one hand, computers facilitate the automation of some tasks, in particular
those that are more routine, thus shifting employment to other tasks such as
social. On the other hand, they affect the organisation of work by standardising
and bureaucratising procedures, and by facilitating new ways of service provision.
Whereas automation reduces the amount of labour in routine tasks, digitisation
facilitates the routinisation of some previously non-routine tasks. An interesting
corollary of this is that the two aspects can ultimately reinforce each other, since
the routinisation of tasks can pave the way for further rounds of automation for
types of work that were not automatable before.

The remainder of the paper is organised as follows. The next section reports
a brief literature review of the tasks-approach to labour markets and empirical
applications looking at within-occupation heterogeneity of the task composition
and its evolution over time. In section 3 we present our approach and the task
taxonomy. Section 4 presents the data used and the methodological approach,
which builds on the task framework previously developed by Eurofound (2016).
In section 5 we compare changes within- and between-jobs through a shift-share
analysis. Section 6 describes and discusses the evolution of the task content,
methods and tools in Europe, from a sectoral, occupational and job perspective.
Section 7 focuses on the most significant jobs.

1.2 Literature review

1.2.1 The ‘task-approach’ to labour markets

There is abundant economic literature highlighting the role of technological shocks
as a driving force behind changes in the employment structure. While early studies
focused more on the supply side, explaining how technological change would either
complement or substitute workers on the basis of their skills levels,2 more recent
literature advanced the hypothesis that workplace tasks are a better unit of analysis
to investigate the impact of computerisation on employment.3

2On the skill-bias technological change hypothesis, see for instance: Bound and Johnson 1992;
Katz and Murphy 1992; Berman et al. 1998; Machin and Van Reenen 1998; Goldin and Katz,
1998.

3This is particularly relevant when discussing the polarisation of the employment structure
(i.e. a relative employment increase of low and high-paid jobs with respect to the middle-
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This so called “task-approach” to labour markets allows indeed for a more nu-
anced and detailed understanding of which specific aspects of the human work can
be more easily automated. It shows that the effect of technical change on labour
demand depends on the type of task content involved in a certain job (so essentially
what people actually do at work), rather than exclusively on the workers’ skills.
While skills are the human abilities to perform specific tasks, tasks are “units of
work activity that produce output” (Autor, 2013). This definition reflects the
fact that that conceptually a task can be performed either by a worker (applying
his/her skills) or by a machine: which one of the two factors, whether labour or
capital, will be adopted to perform a task in a production process does not only
depend on the technological feasibility, but also on the principle of comparative
advantage and on the social organisation of the production process.

1.2.2 The routinisation hypothesis

The concept of routine tasks has become prominent in research and policy debates
on the future of employment. An influential 2003 MIT paper (Autor, Levy and
Murnane) argued that computerization facilitates the automation of tasks and
jobs involving a high degree of routine, which are usually more frequent in the
middle of the occupational structure. Routine tasks are indeed easier to codify
and therefore “can be accomplished by machines following explicit programmed
rules” (p. 1283). This early definition reveals the theoretical challenge posed by
the concept of routine itself, since it raises the question on what it is meant for
“explicit programmed rules”. Furthermore, it is tautological to explain the impact
of technological change on jobs depending on their degree of routine, while at the
same time defining routine tasks as those that are easier to be carried out by ITC
machines (see also Fernández-Maćıas and Hurley 2016).

1.2.3 Classification of tasks

Apart from the categorization of tasks into routine vs non-routine, Autor, Levy
and Murnane (2003) introduce an additional distinction between the manual and
the cognitive dimension of tasks. In the case of cognitive tasks the authors do not
provide a definition, as for the routine dimensions, but a further breakdown into
two subgroups of tasks is made: the analytical ones - mainly capturing reasoning
skills – and the interactive tasks – reflecting both interpersonal and managerial
skills. While non-routine cognitive task - carried out mainly within managerial and
professional occupations - are productive complements to computers, non-routine

paid) that several advanced economies experienced in recent decades (see for instance Goos and
Manning 2007, Autor and Dorn, 2009; Goos et al., 2010; Fernández-Maćıas, 2012).
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manual tasks have limited opportunities for either substitution or complementar-
ity as they require eye-hand-foot coordination. On the contrary, routine tasks
(both manual and cognitive) are relatively easier to substitute by ICT: the for-
mer category being typical of clerical and administrative occupations, the latter of
production and operative occupations. Based on examples such as the driverless
cars described by Brynjolfsson and McAfee (2011), Frey and Osborne (2013) argue
that also tasks currently considered non-routine could be automated in the future:
automation will depend on the capability of codifying the rules governing those
tasks. They identify three engineering bottlenecks: perception and manipulation,
creative intelligence tasks (for example creating artefacts, poems, and paintings)
and social intelligence tasks (for example ‘real time recognition of natural human
emotions’ or verbal communication). These bottlenecks will be overcome with ad-
vances in programming and pattern recognition but according to the authors these
events are not likely to occur in the next decade or two. Hence the importance of
studying the task content of a job: a job’s susceptibility to automation depends not
only on routine but on the presence of tasks included in the engineering bottleneck
(Frey and Osborne 2013). Starting from the Autor, Levy and Murnane (2003) sem-
inal paper, the literature on “task-biased” technological change has rapidly evolved
and expanded. This has contributed both to redefining some categories of tasks
(vis-à-vis the original classification) and to problems in the operationalisation of
the concept of routine. With respect to the first point, the definition and scope
of social interaction varies among studies, with some focusing more on internal
interaction, others on external (or both). Goos, Manning and Salomons (2009,
2010) refer for instance only to those tasks that involve social interaction with
clients. Similarly, Blinder (2006, 2009) also refers to those work activities that
involve dealing with clients and customers and require direct physical proximity
or flexible interpersonal communication. Deming (2017) classify as social tasks
those requiring cooperation and interaction with colleagues and/or dependants.
Spitz-Oener (2006) include in the definition of interactive tasks, both aspects of
internal and external interaction. Eurofound (2016) provides instead a much finer
breakdown, differentiating social tasks into four subcategories: serving/attending,
teaching/training/coaching, selling/influencing, managing/coordinating. For the
purpose of our study, service tasks capturing external, rather than internal, in-
teraction will be considered. Regarding the operationalisation of the concept of
routine tasks, the conceptual difficulties (related for instance to subjective con-
notations of the term as ‘boring’ or ‘monotonous’) make its measurement very
difficult (Autor, 2013, p. 16). The actual operationalisation of the concept of rou-
tine in the literature is often inconsistent and based on quite diverse measures of
job attributes (Fernandez-Macias and Hurley, 2013). In some operationalisation,
it includes for instance measures of ‘finger dexterity’ to ‘operating or controlling
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machines’, two aspects which are very unlikely to capture the same concept. A
critical review of the operationalization of the concept of routine for occupational
task measurement in four influential papers is presented in Fernandez-Macias and
Hurley (2013, p. 584-585).

1.2.4 Within-occupation heterogeneity of the task compo-
sition

An important aspect that is now well-reported in several studies it that, within the
same broad occupational groups, there is a significant heterogeneity in the tasks
performed by workers (see Autor and Handel, 2013; Arntz et al., 2016; Pouliakas
and Russo, 2015). Indeed, each job is characterised by a particular combination
of tasks across all the different dimensions, rather than by any one or two of
them. This ‘task bundling’ affects not only broad domains, but also very specific
sub-domains, associated with particular types of jobs. For instance, despite the
generally negative association between physical and intellectual tasks, there is a
significant association between physical dexterity and technical literacy for some
particular types of jobs, such as health professionals and associate professionals,
engineering associate professionals and metal industrial workers. What this means
is that the different types of tasks cannot be understood in isolation and that a
key factor for the resilience of particular occupations to technical change is not so
much the types of task content that they do, but the variety of tasks they typically
involve (Eurofound, 2016).

This is a crucial element to take into account when estimating the risk of au-
tomation, which otherwise could potentially exaggerate the extent of job displace-
ment. Arntz et al. (2016) use PIAAC survey data to assess the risk of automation
taking into account heterogeneity of workers’ tasks within occupations. Their es-
timates of automation risks are far lower than those of Frey and Osborne (2017)
which considered jobs as a the unit of analysis: estimates of automation risk, based
on tasks within occupations, drop from half of the workforce to around 10%, the
highest and lowest share recorded in Korea (6%) and Austria(12%) respectively.

Using UK Skills Survey tasks data, Akcomak et al. (2016) specifically inves-
tigate how different tasks are organised within occupations by means of a task-
occupation connectivity indicator, which measures to what extent different tasks
within an occupation are correlated with the most important core tasks in that
occupation. This indicator can also be interpreted as a measure of task bundling.

1.2.5 Within-occupation task changes over time

While most of the literature focused mainly on how technological change drives
changes in the labour market structure (in terms of jobs creation and destruction)
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by applying task indexes to employment data, much more limited is the evidence
of the evolution of tasks within jobs over time. Indeed, while there is agreement
that labour in routine-intensive tasks and occupations is declining because of a
higher risk of automation, it is far less understood how computerization affects
the task structure within jobs. This is mainly due to data limitations which make
it more challenging to investigate changes in the task content of jobs over time.
Autor, Levy and Murnane (2003) differentiate between the change in task indices
at the intensive margin (within-occupations) and at the extensive one (between-
occupations), finding that both of them suggest de-routinization trends. How-
ever, the limited validity of using the Dictionary of Occupational Titles (DOT)
to compare evolution of tasks over time has been acknowledged by Autor (2013)
himself, since the successive versions are updates of the database rather than
successive waves of the same. In an update of his work made ten years later,
Autor himself investigates only changes at the extensive margin (see Autor and
Price, 2013). Their result is however later confirmed by Spitz-Oener (2006) for
the (western) German economy using workers-level data.4 The authors show that
within-occupation task change over the period 1979-1999 accounted a lot more
than the between-occupation change (from 85%, 87%, 86% in analytical, inter-
active and routine manual tasks respectively, to 99% in routine cognitive tasks).
Akcomak et al. (2016) analyse between and within-occupation task changes in
the UK between 1997 and 2006. They find that social tasks increase at the ex-
tensive margin but decline at the intensive one; the overall positive change of
computerization is mostly accounted for by within-occupation change rather than
by between-occupation change; the decline of routine tasks5 is documented both at
the extensive margin and the intensive margin, but with the latter having an effect
or around half of the size compared to the former. The same methodology6 is later
adopted by Hardy, Keister and Lewandowski (2018), focusing on Central-Eastern
Europe (CEE) countries and comparing them also with Western European ones.
The authors find an overall growth of non-routine cognitive tasks and a decline
of manual tasks, but different patterns regarding routine cognitive tasks: rising in
CEE countries while reducing in Western European ones. A decomposition anal-

4And thus being able to use more detailed data from the German Federal Institute for Vo-
cational Training (Bundesinstitut fuer Berufsbildung; BIBB) and the Research Institute of the
Federal Employment Service (Institut fuer Arbeitsmarkt- und Berufsforschung; IAB), carried on
in four waves (1979, 1986/1986, 1991/1992, 1998/1999).

5The operationalization of routine tasks is very different from the rest of the literature, as also
measured by a correlation with other routine indexes of 0.4-0.5, mainly due to different variables
available in the datasets: variables used to measure routine are mainly problem/errors/fault
checking and simple calculations, against the non-routine tasks that includes social tasks (both
external and internal), specialist knowledges, writing and reading long documents.

6And so also the same shortcoming of using two different versions the O*NET database in
2003 and 2014 for analyzing changes in time from (see again Autor, 2013).
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ysis is performed to disentangle the determinants of the overall changes in tasks:
changes in the labour force structure (taking into account both occupational and
sectorial changes); within-occupation changes in the task content; changes in the
educational structure7 and their interaction. Overall, the latter appear to be the
most important factor determining the shift from routine to non-routine tasks in
all the countries analysed, followed by the structural change (in particular in CEE
countries due to the decline of the agricultural sector). The within-occupation
tasks change instead only played a role in the evolution of routine cognitive tasks
and a minor positive effect on non-routine manual tasks (this was anyway more
than offset by the other effects).

1.3 Automation of human labour: our approach

From a purely technical perspective, the production process can be seen as a com-
bination of different inputs into outputs which have economic value. One of these
inputs is human labour, arguably the key one because it is the one that has the ca-
pacity to operate with and combine other inputs. The smallest distinct units of this
labour input can be called tasks (ie, specific actions of transformation or combina-
tion carried out by human operators within the productive process). Tasks cannot
exist in isolation, but have to be coherently bundled into jobs. So while we may
think about tasks as units of labour input from the perspective of production, jobs
are the unit of labour demand from the perspective of firms and workers. And jobs
are not only bundles of tasks, but also positions within the social structure of pro-
ductive organizations, giving access to differential social power, resources and life
chances. Each specific task can be carried out in many different ways and we call
skill to the ability and knowledge which is necessary to do a task well, which can be
acquired through learning (in theory and/or practice). We can therefore construct
a taxonomy of tasks according to the types of skills they require. Since the tasks
are bundled in jobs/occupations, we can also use such a taxonomy to describe the
distribution of employment across different types of tasks, using information on the
occupational structure of the economy. Since the skills requirement of tasks tend
to be associated with different automation suitability levels, we can then use that
taxonomy to assess the potential impact of existing or forthcoming technologies
on the labour market. In previous work we have proposed a task taxonomy which
tries to be more comprehensive and detailed than previous proposals (Eurofound,
2016). It differentiates between task contents on the one hand, methods and tools
on the other. In very simple terms, we can think about those two axes as the what
and the how of work activity. The task content is mostly dependent on what is

7Change in educational structure is added, differently from the rest of the literature, in order
to take into account also the labour supply side.
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being produced (or rather, transformed in the production process), and therefore
also on the structure of demand and needs that are satisfied by economic activity.
The type of task contents will tend to be associated, for instance, to the economic
sector to which the work activity belongs: thus, interpersonal and service tasks are
(obviously) more frequent in service sectors, while manual tasks are more frequent
in goods-producing sectors such as agriculture and manufacturing, etc. However,
the complexity of contemporary production processes means that the link between
the actual tasks performed by workers and the final output of the overall produc-
tion process is significantly blurred: there are many intermediate and meta-tasks
whose relation with the actual output is only indirect. The methods and tools of
work, on the other hand, are less dependent on what is being produced and more
on the technology and social organization of production. Therefore, they are more
historically and geographically contingent. For the production of the same goods
or services, different societies or organizations can use radically different methods
and tools. It is important to note that in our view, the level of routine of the
task belongs in this axis and not in the axis of task content. The level of routine
involved in a task is the result of the unfolding of the division of labour and work
organization, not something given by what is being produced. The replacement
of labour input by capital for the performance of routine tasks would therefore
just be a further change in the division of labour and work organization from this
perspective.

1.3.1 Direct effect: the impact of automation on the task
content

The taxonomy of task contents (the left-hand panel of Table 1) is based on the
object of work as transformative activity and on the skills typically required. At the
highest level of generality, this taxonomy differentiates physical tasks (whose object
is things), intellectual tasks (whose object is ideas) and social tasks (whose object is
people). Within each of those high-level categories, different sub-categories of tasks
are differentiated on the basis of their typical skills requirements. Although there
is an obvious arbitrary element in the selection of categories and the boundaries
between them, we tried to cover the main categories identified in the specialised
literature on this subject. However, the main interest of this taxonomy is that
we can try to map recent technological developments to it, in order to infer their
potential impact on employment. Physical tasks involving strength (pure exertion
of muscular power) it is probably the category of labour input that has been most
significantly replaced by technical change since the origins of human civilization
(even before machines, the domestication of animals enabled a very significant
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Table 1.1: Eurofound task framework

A. In terms of the content:

1. Physical tasks aimed at the phys-
ical manipulation and transforma-
tion of material things:

a. Strength

b. Dexterity

2. Intellectual tasks aimed at the ma-
nipulation and transformation of
information and the active resolu-
tion of complex problems:

a. Information processing:

I. Literacy:

i. Business

ii. Technical

iii. Humanities

II. Numeracy:

i. Accounting

ii. Analytic

b. Problem solving:

I. Information gathering and
evaluation of complex informa-
tion.

II. Creativity and resolution.

3. Social tasks whose primary aim is
the interaction with other people:

a. Serving/attending

b. Teaching/ train-
ing/coaching

c. Selling/influencing

d. Managing/coordinating

B. In terms of the methods and tools of
work:

1. Methods: forms of work organisa-
tion used in performing the tasks:

a. Autonomy

b. Teamwork

c. Routine

I. Repetitiveness

II. Standardization

2. Tools: type of technology used at
work:

a. Machines (excluding ICT)

b. Information and communi-
cation technologies.

I. Basic ICT

II. Programming
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reduction of this kind of task input). On the contrary, the automation of physical
dexterity is much more complicated, especially if it requires hand-eye coordination
(as it usually does) in unstructured environments. Advanced sensors, digitally
enabled machinery and AI are advancing significantly the feasibility of automating
dexterity tasks, though it is still far from generally feasible.

The automation of information processing tasks has been rather significant
in some cases and very limited in others. In particular, tasks which involve the
processing of encoded information (text and numbers) without much problem-
solving associated (especially, administrative tasks) have been already automated
to a large extent with the generalization of computers. Tasks which involve not
only processing but the creative manipulation of text and numbers are much more
difficult to automate, although recent advances in AI and ML are rapidly changing
this. Tasks which involve the processing of uncodified information, especially when
it is ambiguous or unstructured, seems much more difficult even with the most
recent technological advances. Problem-solving tasks seem also generally safe from
automation in the short and medium run, unless it refers to problem-solving with
very clearly defined parameters, within clear boundaries and with clear objectives
(for instance, the problem-solving typically involved in board games such as chess
or go). Most of the problem-solving that exists in the real economy involves vague
or undefined parameters, problems, rules and even objectives, which are beyond
the capabilities of even the most advanced AI/ML systems.

Finally, social tasks in general are also far from being automatable to the extent
that the object of the task is a social relation as such (be it learning, persuading,
etc). If the object of the task is a social relation, only machines that can pass
as humans in a reasonably satisfactory way can do them. There are, however,
important exceptions and qualifications to this general point. For instance, some
people may prefer that some types of social interactions are precisely carried out
with a non-human agent (for instance, interactions that can involve shame or social
reprobation). Also, there may be some types of tasks which we would classify
as social and yet the social interaction is more a byproduct than the object of
the task itself. For instance, hairdressing involves social interaction (serving or
attending), but for many people the social interaction aspect is secondary to the
actual physical task of getting your hair done: therefore, and to the extent that
the dexterity bottleneck can be overcome, many aspects of hairdressing could be
automatable (although this would probably reconfigure the task contents of the
hairdressing occupation - for instance, making it more focused on the creative
aspects - rather than destroying it completely).
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1.3.2 Indirect effect of automation via work organisation.

The second part of our framework refers to the methods and tools of work. This
should be considered as a secondary axis of information on some attributes of work
activity which are necessary for a better understanding of labour input in the pro-
duction process. After all, work organization and technology are key drivers (or
determinants) of change in tasks rather than an aspect of it. The category of
“methods” essentially refers to forms of work organization, and is broken down
into three categories: autonomy, which refers to the degree of latitude of workers
in their tasks; teamwork, which refers to whether they work in direct collaboration
with small groups of co-workers; and routine, referring to the degree of repetitive-
ness and standardization of their work processes. The inclusion of routine in this
domain of the framework may seem surprising, since in the literature it is often
considered a type of task content (rather than a method). But in our view the
degree of routine involved in a task is not an aspect of task content as such, but an
aspect of how such a task is organised in a particular work process (see Eurofound,
2016 for a detailed discussion). Therefore the same type of task content can be
carried out with a low or a high degree of routine.

The inclusion of elements of work organisation in the framework is relevant
since the effect of technologies can be mediated by the way work is organised.
For tasks to be suitable for automation, they need to be organised in a way that
minimises the importance of human intelligence, generality and autonomy. If a
new technology can be used to reorganise work in a more discrete, centralised
and standardised way, it may indirectly expand significantly the range of tasks
that can be automated. Digital labour platforms are a clear example of how
more discrete and granular tasks, algorithmically centralised decision making and
a standardisation of processes and outputs can expand possibilities of automation.

1.4 An application of the task framework to eu-

ropean working conditions data

1.4.1 Sources

In order to investigate the evolution of the task content and methods in Euro-
pean jobs and its relationship with technological advances, European Working
Condition Survey (EWCS) data are used. The integrated EWCS dataset8 con-
tains information on working condition of European workers based on face to
face interviews. Questions include themes such as employment status, working
conditions, work-life balance, working time duration and organisation, as well as

8Available at UK data archive: https://discover.ukdataservice.ac.uk/catalogue/
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health and safety. The longest possible period from 1995 to 2015 is considered for
the analysis, which is therefore restricted to EU-15 aggregate due to lack of data
availability for all 28 Member States in the first wave. Information on workers’
sector and occupations is consistently available from 1995 to 2015 at the 1 digit
level (ISCO 88 and NACE rev 1)9. Repeated waves of the EWCS allow analysing
how the task composition of European jobs changed in the last 20 years, and re-
late these shifts to computerisation. Because trends in average tasks intensity at
the job level may be the result of changes in tasks within jobs on the one hand,
and changes in the structure of employment on the other hands, EWCS data are
complemented with employment data from the EU-Labour Force Survey. More
specifically, employment data were collected as part of the European Jobs Mon-
itor (EJM), a longstanding and ongoing project conducted at Eurofound whose
aim is tracking structural change in European labour markets. It analyses shifts
in the employment structure in the EU, classifying jobs by a combination of sector
(NACE) and occupation (ISCO) and giving a qualitative assessment of these shifts
using various proxies of job quality. The combined analysis of EWCS and EJM
data allow to investigate within and between-jobs changes in the task structure
(as described in section 4). The availability of workers-level data for European
countries allow to investigate within-jobs task changes that cannot be explored
with other widely used occupational databases, such as the US Dictionary of Oc-
cupational Titles (DOT) and its successor the Occupational Information Network
dataset (ONET)10, which also would impose the strong assumption of the same
task composition in the US and Europe.

1.4.2 Construction of the task indices

A first empirical application of the original framework was carried out building the
full set of indices on information available in three different sources: the EWCS
2010 combined with ONET11 and PIAAC12 (see Eurofound, 2016 and Fernández-
Maćıas et al. 2016). Given the scope of this study, it is only possible to replicate
a reduced version of the task framework on the basis of the information available
from 1995 to 2015 in the EWCS. Therefore by construction our indices will be
inevitably less rich due to fewer available variables from one single source and the
need to ensure that these are consistent over time (exactly the same question used
in each wave). The indices adapted from the original task framework are listed

9Data related to the ISCO88 category ‘1’ (armed forces) have not been included in the analysis.
10These are databases that compile standardized assessments from occupational specialists on

a range of variables measuring task content, skill requirements, job characteristics, etc.
11Occupational information provided by the US U.S. Department of Labor/Employment and

Training Administration https://www.onetonline.org/
12OECD Survey on Adult Skills.
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in Table 2 and they cover the following dimensions: physical tasks (strength); in-
tellectual tasks (problem solving); social tasks (dealing with people); work organ-
isation (autonomy, repetitiveness and standardisation), and technology (machines
and ICT tools). Each index is formed by a set of questions which can be related
to the type of tasks that the index seeks to measure. Following the approach
used by Eurofund (2016), survey questions have been normalised on a scale that
ranges from 0 to 1 indicating the intensity with which a task is performed (both
categorical and binary variables were used). The physical tasks index measures
tasks that primarily require the exertion of energy and strength, such as assuming
tiring or painful position, or carrying or moving heavy loads. The main differ-
ence compared with the original task framework is the exclusion of the variables
on lifting people and standing, which are not consistently available since 1995.
The intellectual tasks index on problem solving results from the combination of
two sub-indexes: one measuring information gathering and evaluation of complex
information (i.e. whether the job involve learning new things and performing com-
plex tasks); the other, creativity (measured as solving unforeseen problems on your
own). Compared to the original task framework, the most important discrepancy
from a conceptual point of view is related to the social dimensions. Indeed, this
had a much finer breakdown into four different sub-categories (serving/attending,
teaching/training, selling/influencing and managing/coordinating) due to the rich-
ness of ONET data, which is not possible to replicate exclusively with EWCS data
for an analysis over time. The variable on ‘dealing directly with people who are
not employees at your workplace’ was instead used as no other suitable variables
were available for the full period considered. The dimension on technology used
at work is captured by two separate indexes, one on ICT tools and the other on
(non-ICT) machines. The question on the use of ‘computers at work’13

1.5 Changes in the nature of work in europe

from a task perspective

This section looks at how the content, methods and tools of work evolved in Europe
in the last 20 years. Table 3 reports the overall change in the standardised values
of the task indices at the EU-15 level between 1995 and 2015. The numbers in the
second and third columns show the average scores of each of the eight tasks indices
in 1995 and 2015 respectively; the third column presents the trend over time; the

13The question is fully consistent until 2010. It was then slightly modified in the 2015 wave:
from ‘Working with computers: PCs, network, mainframe’ to ‘Working with computers, laptops,
smartphones etc.’. We think that the change does not prevent the use of the variable since the
aim is to capture the use of technology at work. A closer inspection of the variable between 2010
and 2015 doesn’t show major changes in the patterns.
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Table 1.2: Task indices

fourth and fifth columns show the change in that score, both as a simple difference
of the averages and as percentage change. Finally, the asterisks indicate whether
the change is statistically significant or not. According to the EWCS, during the
period 1995 and 2015 there was a very significant and consistent increase over time
in the use of computers at work: an impressive relative change of 64.24% in 20
years (i.e. from 0.270 to 0.444). Similarly, although smaller in magnitude, the
average scores of routine tasks methods increased, both in terms of repetitiveness
(from 0.410 to 0.433, corresponding to +5.58%) and even more standardisation
(from 0.540 to 0.586, +8.64%). On the contrary, and as one would expect, during
the same period there was a noticeable decline of machinery at work (from an
average of 0.183 to 0.145, in relative terms corresponding to -20%) and physical
tasks (-7.30%). The result instead which is perhaps most surprising is the decline in
the average score of external social interaction (almost 7% lower in 2015 compared
to 1995). However, the trend line shows that while a considerable decrease was
recorded between 1995 and 2000 (from 0.591 to 0.529), there was a steady increase
until 2010 and another drop in the last five years.14 This suggest that for the overall
economy a clear pattern cannot be identified and further exploration of the data
at a more detail level of analysis may be needed to assess whether external social
tasks have undoubtedly declined in specific sectors or occupations. Otherwise,

14An increasing trend in the external social interaction is also recorded at the EU-27 level from
2000 until 2010, with a decline instead in the last sub-period.
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Table 1.3: Aggregate changes in average scores of task indices in EU-15, 1995-2015

1995 2015 trend change % change
Physical: strenght 0.249 0.231 -0.018 -7.30% ***
Intellectual: problem solving 0.722 0.721 -0.001 -0.15%
Social: dealing directly with people 0.591 0.551 -0.040 -6.80% ***
Autonomy 0.707 0.709 0.002 0.22%
Routine: Repetitiveness 0.410 0.433 0.023 5.58% ***
Routine: Standardisation 0.540 0.586 0.047 8.64% ***
Machines 0.183 0.145 -0.038 -20.76% ***
Computers 0.270 0.444 0.174 64.24% ***

Notes: *** p-value<0.01. 

neither the index on problem solving nor the one on autonomy show significant
overall changes and appears to have a more cyclical pattern related to overall
macroeconomic conditions (decreasing in the first half of the period, from 1995
to 2005, and then increasing in the second). It may be that the more subjective
nature of these indices compared to the others leads to more inconsistency in the
measures (for instance, economic growth may lead to increased work intensity
and thus a feeling of declining autonomy; whereas economic decline may have the
opposite effect). It may also be that the apparent cyclical effects are driven by
different compositional changes in in employment in periods of economic growth
and decline (for instance, in economic downturns low skilled jobs tend to suffer
more unemployment, which may lead to a compositional increase in the share of
high skilled and high autonomy jobs). We will discuss some of these possibilities
in the following pages, but in any case, it seems clear that in terms of autonomy
and problem solving there is not a clear consistent trend in recent years as we
can see in some of the other indicators. These overall trends in task contents and
methods can be the result of changes in the structure of occupations (for instance,
if jobs that make use of machinery have declined in relative terms in recent years),
of changes in the task contents and methods across occupations (if jobs are using
less machinery) or both. As previously discussed, most of the recent debate on
the impact of technical change on employment has focused on changes that result
from occupational restructuring, so it is useful to try to disentangle both effects.
To do this, we link EWCS data with EU-LFS employment figures (EJM database)
to perform a shift-share analysis and indirectly compute within-jobs changes in
task indices at the two-digit level as a residual. Indeed, trends in average tasks
intensity at the job level may result from transformations along two margins: the
extensive and the intensive margin. The first one refers to changes in the structure
of employment, the second one to changes in task measures within jobs. Aggregate
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changes in any task index j between time t and t-1 can therefore be decomposed
into a first term reflecting the reallocation of employees between jobs k (change
that would occur solely through “between” changes in employment shares) and a
second term reflecting changes in tasks within jobs (the variation attributable to
task changes “within” jobs, if employment shares remained constant).

The unknown term in the decomposition above is ∆Tw
jt , capturing within-jobs

task changes. Indeed, while the aggregate changes ∆Tjt can be computed at the
EU-15 level using EWCS data, this is not possible at the job level for sample size
limitation, as previously discussed. However, using employment data, one can
calculate the between-jobs component represented by ∆T b

jt. Consequently, ∆Tw
jt

is derived as a simple difference of the two observable terms (note that possible
interaction effects between ∆T b

jt and ∆Tw
jt would be incorporated in this difference

in the residual term ε).

To compute the between-jobs component ∆T b
jt, we take into account the vari-

ation in employment structure ∆Ekt, keeping constant the indexes taskkj,t∗ in a
given year t∗. While in principle any wave of the EWCS could be selected, 2010
is adopted due to the fact that double coding both for sectorial and occupational
classifications are available (2015 could also be used for a robustness check). The
double coding means that both the NACE first and second version, and the ISCO
88 and 08 are present. This allows overcoming problems due to two major clas-
sification breaks in 2008 (NACE from version 1 to 2) and 2011 (ISCO from 88
to 08) which undermine comparability of employment data across time. For the
computation of the between-jobs component of the task indices, these EWCS 2010
average task scores are applied to data on employment by occupation and sec-
tor between 1995 and 2015 from the European Labour Force Survey (LFS). The
use of LFS data for employment weights ensures a more reliable calculation of
between-job changes in the task indices, since the LFS has a much larger sample
size that allows more detailed occupation and sector analysis. Performing a shift-
share analysis has the advantage of explicitly comparing changes in task indices
at the intensive and extensive margin. This is relevant to assess to what extent
changes in task content and methods were the result of developments independent
from the employment structure. Table 4 presents the main findings of the shift
share analysis conducted at the EU-15 level, together with the previously discussed
aggregate reported changes to facilitate the comparison. In some cases, the com-
positional changes and the aggregate reported changes are very similar, suggesting
a similar interpretation of the underlying trends. But in some cases they do not,
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and they are the most interesting ones.

For instance, we can see in table 4 that the evolution in recent years of tasks
requiring the exertion of physical strength and use of machinery is essentially the
same in terms of compositional change and in terms of the directly reported levels
of both variables in the EWCS. In compositional terms, physical strength tasks
have declined by nearly 7% (in other words, the decline in jobs involving a high
degree of physical strength reduces the overall level of strength tasks by nearly
7%), which coincides almost exactly with the change in reported levels in the same
period (7.3%); for machinery use, the compositional decline is 14% whereas the
reported one is 21%, of a larger but similar order of magnitude and direction. What
this implies is that the main driver of the decline in strength tasks and machine use
in Europe in the last 20 years is compositional change: just by looking at the latter,
we can account for the full decline in reported levels of strength tasks, and for two
thirds of the decline in machinery use. An interesting corollary of this is that
although there has been a significant reduction of employment in jobs requiring
strength and using machines, the task content of those jobs has not changed that
much in the last 20 years.

The opposite happens with computer use at work. Also in this case, aggregate
reported change and compositional change goes in the same direction and suggest
a similar interpretation. But in this case, the effect of compositional change is tiny
compared with a massive change within occupations. Compositional change in
computer use is nearly 6%: in other words, there was an increase in jobs making
more use of computers, which increased the average computer use by 6%. But
this is dwarfed by an actual reported increase in the use of computers of 64%
overall. What this means is the increase in computer use was spread across most
occupations in the economy, and was mostly a within-job expansion. In other
words, it is not that computer-intensive jobs grew faster than the rest (which they
did) but that all jobs expanded in their use of computers what explains the large
expansion of computer use in the last two decades in Europe.

There is also consistency between the compositional and the reported trends in
tasks change for problem-solving and autonomy, although a consistency of a very
different nature. In this case, both types of trends suggest no significant change
over the period.

But as previously said, the really interesting results are those where composi-
tional and reported changes go in the opposite directions. We can see that is the
case for social tasks, repetitiveness and standardisation.

In the case of social tasks, there was in the period 1995 to 2015 a significant
compositional growth accounting for more or less 6% (a similar magnitude as the
compositional growth in computer use, for instance). In other words, jobs with
more social task content expanded more than jobs with less social content. This is
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perfectly in line with existing literature, which suggests that social tasks tend to
grow in relative terms because they are neither easy to automate nor offshore, and
are thus relatively protected from routine-biased technical change and globalisation
(references: Goos and Manning, Blinder). But it contrasts quite strikingly with
a decline in the reported levels of social tasks at work in the EWCS for the same
period, a decline which is of a similar magnitude as the compositional growth
(-6.8%). What this necessarily means is that simultaneous with an increase of
social-intensive jobs, there is a decline in the amount of social tasks people actually
do in those (and other) jobs. In other words, compositional and intrinsic change
in social task content go in opposite directions.

A similar contradictory trend can be observed in the two task method vari-
ables measuring repetitiveness and standardisation. Whereas both are marginally
declining in compositional terms, they are actually increasing significantly in re-
ported levels. As in the case of social tasks, the compositional trend we observe
in table 5 is very consistent with the literature, which refers to a decline in the
amount of employment in jobs which involve a high degree of routine, measured
here as repetitiveness and standardisation. But the opposite trend in reported
levels suggests a more than compensating increase in the amount of routine tasks
in the remaining jobs. This contradiction is particularly surprising in the context
on the current debates on the impact of technical change on employment, because
it implies an actual increase in the total levels of routine at work notwithstanding
marginal compositional declines.

In short, there is a contradiction between the compositional trends and the ac-
tually observed changes for three particularly important categories of tasks: social
task content, and routine task methods. What shall we make of this contradiction?
What trend is the most relevant or significant one? If our goal is to understand
the implications and nature of structural change in labour markets (as captured
by changes in the levels of employment across different occupations and sectors),
then the picture given by compositional change is the relevant one. Indeed, jobs
involving social tasks are growing, and jobs involving routine task content are de-
clining. But if our goal is to understand how the nature of work is changing as a
result of technical change or other factors in advanced economies, looking only at
the compositional picture can be quite misleading. Work is becoming more, rather
than less, routine; and social task content is actually declining.

But how can we explain this? Throughout the rest of the report, we will
deepen into the changes in the task indices in different ways, and explore the links
between changes in technologies in particular and the other task indices, to try to
understand better the difference between compositional and reported changes in
task contents and methods. But we can already advance a plausible hypothesis
that has to do with the way technology affects the amount of work needed across
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different task categories on the one hand, and the nature of work in the other.
This plausible hypothesis focuses on the likely impact of the largest and most
widespread change indicated in table 4 above, surely one of the key changes in the
world of work in recent decades: the increase in computer use at work.

Computers have a paradoxical effect on work. On the one hand, as is widely
discussed in the specialised literature, computers can replace many types of routine
tasks. Most directly, computers can replace routine tasks which involve informa-
tion processing, because that is essentially what computers are: machines that
can do routine information processing tasks. Indirectly, computers have also al-
lowed in recent decades the automation of routine physical tasks that had been not
previously automated by mechanical devices, because the use of programming in
industrial machinery increases its flexibility and scope. But on the other hand, and
this is less often discussed in the specialised literature, computers both facilitate
and require the standardisation and routinisation of procedures, and (especially
since the arrival of the internet) reduce the need of direct social interaction for the
provision of some services. The massive increase in the use of computers at work
in the last twenty years, which took place across most sectors and occupations,
are thus very likely to be related to the reported increases of repetitiveness and
standardisation of some types of work, and to the reported decline in the level of
direct social interaction for some types of jobs. In the following sections, we will
provide many specific illustrations of this process.

In other words, the apparently contradictory trends in the between-jobs and
the within-jobs components of overall change in task contents and methods can
in fact reflect two different ways in which the same technological developments
(an increasing digitalisation of work) have affected work and employment. On
the one hand, computers facilitate the automation of some tasks, in particular
those that are more routine, thus shifting employment to other tasks such as
social. On the other hand, they affect the organisation of work by standardising
and bureaucratising procedures, and by facilitating new ways of service provision.
Whereas automation reduces the amount of labour in routine tasks, digitisation
facilitates the routinisation of some previously non-routine tasks. An interesting
corollary of this is that the two aspects can ultimately reinforce each other, since
the routinisation of tasks can pave the way for further rounds of automation for
types of work that were not automatable before.
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Table 1.4: Aggregate report and compositional change in task indices in EU-15,
1995-2015

1.6 Developments at the sectoral, occupational

and job level

1.6.1 A sectoral perspective

After discussing the main changes in average task scores for the entire economy,
differences among sectors (NACE Rev. 1 at 1-digit level) are analysed in order
to identify where the most substantial changes took place. While the full set of
results are reported below in Table 5, the following key findings can be identified:

• The most significant and robust results, both in terms of overall change and
consistency over time, can be found more often in services compared to other
sectors of the economy (especially vis-a-vis manufacturing and mining);

• The indexes of external social interaction (for the task content), standard-
isation (for the methods of work) and computer use (for the technology used at
work) are those exhibiting the most consistent changes in average scores (for the
overall economy the latter, for services the first two);

• Financial intermediation, real estate, renting and business activities, and
public administration are those services showing more consistently clear and in-
teresting developments in the above mentioned dimensions.

In terms of external social interaction, all sectors of the economy exhibit neg-
ative change. However, a close inspection of the trends reveals that a significant
declining pattern over the entire period can be identified only for a limited number
of service sectors, namely: financial intermediation (-23%), real estate, renting and
business activities (-29%), and public administration (-20%). All the three sec-
tors featured high initial average scores in this particular dimension, only second
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to those recorded in wholesale and retail trade, and hotel and restaurant (which
also present a declining trend but slightly less consistent over time, especially the
latter). In real estate, renting and business activities and public administration
the biggest decline was recorded between 1995 and 2000, while for financial in-
termediation it was more gradual. In terms of methods of work, the sector level
analysis reveals a very clear pattern towards standardisation for all service sectors
(with the exception of transport, storage and communication). This again is par-
ticularly evident in terms of magnitude and clear-cut in terms of pattern in the
case of financial intermediation, where the average score went from 0.479 to 0.672
(an increase of 41% in 20 years). A relative increase between 20-24% was then
recorded in other services, namely: hotels and restaurants, real estate, renting and
business activities, and public administration.15 Differently from the case of stan-
dardisation, the index of repetitiveness for service sectors shows patterns that are
less consistent over time and smaller overall changes, perhaps with the exception
of public administration. Regarding the index on use of computers, this presents a
remarkable and consistent increase across all sectors of the economy, with the no-
table exception of construction. Hotels and restaurant, the sector with the second
lowest average score in 1995, recorded a relative increase of +118% (yet despite
catching up, it remains the service sector with the lowest average computer use).
Similarly in public administration the average scores have doubled over the entire
period considered (from 0.327 to 0.675), steadily moving from a sector of mid-
low computer intensity, to mid-high. The lowest statistically significant increase
in percentage point is for financial intermediation (+33%), but this is the sector
which already shows the highest average score at every point in time. Another
interesting development that is worth noticing is the lack of change in terms of
intellectual problem solving and autonomy (although to a lesser extent) with very
small differences over time. This was already recorded at the EU-15 level and the
sectoral analysis does not provide additional insights.

15The residual category “Other services” also experienced a relative increase of 19%. However
data limitations allow reconstructing a more detailed classification only from 2000 onwards.
This permits to differentiate sectors within this residual category into: Education; Health and
social work; Other community, social and personal activities; Private households with employed
persons. In terms of repetitiveness and standardisation, since 2000 the educational sector was
the one recording the biggest increase, both in absolute and relative terms, as well as exhibiting
a more consistent trend over time.
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Table 1.5: Changes in average scores of task indices in EU-15 at the sectoral level,
1995-2015
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An occupational perspective After discussing the main changes in average task
scores for the entire economy at the EU-15 level and at sectoral level this section
looks at changes occurring at the occupational level divided into the 9 major
ISCO groups. The full set of results is reported in Table 6. The key points can be
summarised as follows:

• The most consistent changes in social task (downward), computer use, stan-
dardisation and repetitiveness (upward) can be found for the following categories:
managers, professionals, technicians and associate professionals, and clerical sup-
port workers;

• In terms of routine, there is a significant increase in repetitiveness and
standardisation in high skilled occupations (such as managers and professionals)
recording the lowest routine intensity at the beginning of the period considered;

• Among the task content dimensions, the negative change for social tasks
measured between 1995 and 2015 is significant for all occupations except for skilled
agricultural, forestry and fishery workers;

• The average computer use increased considerably for all occupations, with
the biggest percentage increases for high-skilled occupations like managers, profes-
sionals, technical and associate professionals, and for low-skilled occupations such
as craft and related trades workers, plant and machine operators, and elementary
occupations.

In terms of task content, the decline in external social interaction from 1995
to 2015 is more consistent for occupations such as managers, professionals, tech-
nicians and associate professionals, and clerical support workers, while it is less
so for other occupational groups. Among these, managers and clerical support
workers recorded the highest change in relative terms (-14%). For the other oc-
cupations, despite significant overall changes, the value of the index shows more
variation over time. Regarding the intensity of routine tasks, standardisation in-
creases the most, in absolute terms, for professionals (from 0. to 0.06), service
and sales workers (by 0.07), and for managers (by 0.0769). There was a gen-
eralised increased for all occupations except for skilled agricultural, forestry and
fisheries occupations. Repetitiveness grew the most, in relative terms, for techni-
cians and associate professionals (21%), professionals (18%) and for construction
workers (18%). Computer use consistently increased for all occupations. A sort
of polarised catching-up pattern can be observed, with greater increase at top and
bottom of occupational distribution, vis-à-vis the middle. Indeed, while in occu-
pations such as Clerical support workers computer use was already the highest in
1995 (0.606), for managers, professionals, technicians and associate professional
this was not the case so there were ample margins for a more generalise comput-
erisation (respectively +66%, 85% and 86%). Instead, jobs at the bottom of the
occupational classification (such as craft and related trade workers, plant machine
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operators and assemblers, and elementary occupations) had an extremely low com-
puter intensity in 1995 (the lowest around 0.064) but then consistently increased
to higher levels, despite remaining low compared to other jobs.

Other developments that are worth mentioning are that physical strength de-
creased in occupations traditionally requiring it, suggesting a transformation to-
wards less physically demanding job. This is the case for: skilled agricultural,
forestry and fisheries (-25%); plant and machine operators (-13%); technicians
and associate professionals (-11%). Similarly, the use of machines decreases for
the period 1995-2015 for all occupations, except for craft and related trades work-
ers.

1.7 A focus on significant jobs

Looking at the evolution of task indices at the sectoral and occupational perspec-
tive allows identifying the dynamics which stand out. As already discussed in
section 4, data limitations do not allow to further explore changes in average task
scores at a more disaggregated level of analysis, since both the sectoral (NACE
Rev.1) and occupational (ISCO-08) classifications are consistently available from
1995 to 2015 only at the 1 digit level.

However, it is possible to look at specific combinations of sectors and occupa-
tions, that is ‘jobs’. Defining a job as an occupation in a sector corresponds to the
common use of the term for descriptive purposes, for example a sales worker in
the retail sector, a teaching professional in the education sector or a health profes-
sional (like a doctor for instance) in the health sector. Considering all the possible
occupation by sector combinations would mean in practice looking at the evolution
of all the eight task indices in 99 jobs (11x9). From a content perspective, this is
not a sensible approach because it is simply too much information to be analysed
in detail. Neither it is from a methodological point of view in terms of robustness
of results, due to a too small sample size, in some cases, at the job level.

For these reasons, and in light of previous results which clearly point to the fact
that some specific service sectors and occupations exhibit particularly interesting
patterns, 12 significant jobs were identified and selected for detailed analysis. The
lower threshold in terms of number of observations for the selection of these jobs
was set to 100 per EWCS wave.16 Jobs with a larger number observations are
preferable both for statistical consistency in the measurement of the indexes, and
because they are actually important jobs in the employment structure in Europe.

The selected jobs are the following:
1. Clerical support workers in financial intermediation;

16The only exception is technicians in financial intermediation for which we have only 63
observations in in 1995
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Table 1.6: Changes in average scores of task indices in EU-15 at the occupational
level, 1995-2015
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2. Technicians in financial intermediation;
3. Clerical support workers in public administration;
4. Professionals in real estate, renting and business activities;
5. Service and sales workers in hotels and restaurants;
6. Managers in.wholesale and retail
7. Plant and machine operators in transport and storage
8. Craft and related trade workers in construction
9. Teaching professionals in education (2000)
10. Life science and health professionals, in Health (2000)
11. Personal and protective services workers, in Health (2000)
12. What about manufacturing?

1.7.1 Clerical support workers in financial intermediation

Online and mobile banking and the increasing requirements of fast and seamless
cash-free payments through digital interfaces have changed banking and financial
processes (Cedefop, 2016). Most, if not all, information is digitally stored and is
digitally managed by banking institutions. Many tasks involving processing pay-
ments, calculations of interests and elaboration of routine sources of information,
maintaining records of bonds, shares and other securities bought or sold on behalf
of clients or employers are increasingly dealt with in a highly automated or algo-
rithmic way. For this category of workers, the EWCS data shows a considerable
and significant decline in the external social interaction (-22% in relative terms),
with the intensity of social interaction declining from 0.687 to 0.537. On the con-
trary, both repetitive and standardised tasks substantially increased of 28 and
34% respectively. In particular, the work of clerical support workers in financial
intermediation became increasingly subject to standards (from 0.501 to 0.669). A
steady increase in computer use, which was anyway already high in 1995(indeed
it went from 0.752 to 0.895) also reflects the increase in the use of digital tools in
these professions.

1.7.2 Technicians in financial intermediation

Financial algorithms have become so fast that nowadays most transactions happen
in a fraction of a second, to the point that key element for a trade company is to
ensure the fastest data transmission possible because the trading advantage now
relies only on the speed at which data is received and processed (Nature, 2015).
The increase in use of financial algorithms changed the financial trade business
(Brynjolfsson, Rock, and Syverson, 2017, p. 8), bringing more reliance on com-
puter use and reducing the amount of time spent on dealing directly with other
people. With that respect, data shows that social tasks intensity diminished by
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15% for this category over the period 1995-2015 Simultaneously, there is a very
large relative increase in standardisation (+63%, from 0.418 to 0.680), which is
even higher than for clerical support workers employed in the same sector. Repet-
itive tasks are also more frequent, although the intensity in 2015 was only 0.321
(only half of the intensity of standardisation).

1.7.3 Clerical support workers in public administration

For clerical support workers in public administration the EWCS data show a 47%
relative increase in computer use intensity from an average of 0.564 in 1995 to a
high intensity value of 0.828 in 2015. The e-Government initiative ‘eEurope’ pro-
moted by the EU in 2000 favoured the digitalisation of Public administration across
Europe which among the other goals had the establishment of online services for
citizens and enterprises. By 2010 the majority of the 20 basic online services were
available in most Member States (Digitizing Public Services in Europe: Putting
ambition into action, 2010). The digitalisation of the public administration kept
growing under the push of European and national policies and in 2016, according
to OECD estimates ‘the use of digital government services has tripled in OECD
countries since 2006, with around 36% of OECD citizens submitting forms via
public authorities’ websites (OECD, 2017). If a growing number of documents
exchanges and processing happens in digital form this probably accounts for a de-
crease in face-to face service to PA service users. Data suggests that external social
interaction decreased somewhat for this category, although only marginally. Repet-
itiveness instead shows an increase of 16%, although not statistically significant;
this is however a much more clear change compared to standardisation for which
the scores at the beginning and end of the period are very similar. Professionals
in real estate, renting and business activities Professionals in real estate renting
and business activities reported a significant decline in the extent to which they
are dealing directly with clients, from a score of 0.739 to 0.518 (this corresponds
to a -30% relative decrease). The task intensity though, is still high indicating an
important social component for this category 17 which includes real estate agents
and all the other professionals in the real estate ecosystem such as valuators or
insurance and claims inspector. One of the possible factors in this decline could
be the fact that the introduction of web 2.0 enabled real estate companies to share
their catalogues online and users to filter through tagging and to receive real time
updates through RSS notification.

17This might change in the future with the introduction of technologies such as Virtual
reality and IOT which could enable distance viewings and a better clients segmentation.
https://www.lifehack.org/502154/5-ways-technology-changing-real-estate
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1.7.4 Professionals in real estate, renting and business ac-
tivities

Professionals in real estate renting and business activities reported a significant
decline in the extent to which they are dealing directly with clients, from a score
of 0.739 to 0.518 (this corresponds to a -30% relative decrease). The task intensity
though, is still high indicating an important social component for this category18

which includes real estate agents and all the other professionals in the real estate
ecosystem such as valuators or insurance and claims inspector. One of the possible
factors in this decline could be the fact that the introduction of web 2.0 enabled
real estate companies to share their catalogues online and users to filter through
tagging and to receive real time updates through RSS notification.19

1.7.5 Service and sales workers in hotels and restaurants

For service and sales workers, computer intensity increases by 250% moving from
a very low intensity of 0.037 to low (0.129). A relative increase of 35% in stan-
dardisation also shows a consistent upward trend. Social tasks intensity remains
high in absolute terms for this job category, although it decreasedfrom 0.839 to
0.735 (-12%). Indeed one should not forget that one of the main characteristics of
the business is the relationship with the customer or client visiting the restaurant
or staying at the hotel although the business can change with the introduction of
web 2.0 services and, more recently, with apps which help to manage the relation-
ship with clients in terms of orders, booking, payments, and showcasing services
(Muller, 2010). Managers in wholesale and retail Social task intensity for man-
agers in wholesale and retail diminished marginally only by -7% from 1995 to 2015,
while computer use intensity rose by 87% (from a very low score of 0.256 to 0.478).
Similarly to services and sales workers in hospitality, the introduction of comput-
ers changed the way managers dealt with their tasks, ‘management productivity
was the biggest beneficiary. No longer are manual systems such as staff schedul-
ing, credit card receipt collating, and inventory management completed by hand’
(Muller, 2010). Furthermore, the wholesale sector is a high technology-intensive
business; managers need to have advanced ICT skills to oversee digital system
integration among different parts of the business (Forfás, 2010). The increase
in business digitalisation with online websites and through social media requires

18This might change in the future with the introduction of technologies such as Virtual
reality and IOT which could enable distance viewings and a better clients segmentation.
https://www.lifehack.org/502154/5-ways-technology-changing-real-estate

19https://www.tandfonline.com/doi/full/10.1080/02673037.2018.1487041?scroll=topneedAccess=true
- Technological change and estate agents’ practices in the changing nature of housing transac-
tions.
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new ways of dealing with customers and training staff to meet these requirements
(Cedefop, 2016). Plant and machine operators in transport and storage According
to Eurostat the transport subsector with the highest number of workers (52.1%) is
the land transport and transport via pipelines. This category includes for example
truck drivers, train drivers and taxi drivers thus including professions transporting
goods and people.EWCS data shows that workers in this occupation experienced
an increase of 91% in ‘computer use’ in the past 20 years, from 0.081 to 0.155
(from very low to low intensity). This category of workers saw a growth of inten-
sity in values in the medium range (intensity around 0.5) for both standardisation
and repetitiveness. Physical strength significantly decreased by 19% from 0.346 to
0.282. Tasks such as manually handling goods for truck drivers having to load or
unload the truck, or handling luggage or assisting people in the case of bus or taxi
drivers, can impose a physically tasking effort which can provoke musculoskeletal
disorders (MSD), such as back problems (OSHwiki, 2017). ‘Use of machine’ de-
clines consistently from 1995 to 2015. Drivers experience long working hours in
an ergonomically challenging condition (seated nearly all the time) and they are
‘almost always exposed to vibrations’. Vibrations effects on the musculoskeletal
system depends very much on the type of vehicle, but improvements in ergonomic
seats can reduce exposure to vibrations (EU-OSHA, 2012).

1.7.6 Craft and related trade workers in construction

These occupations include for example, painters; building finishers; and frame fit-
ters. This occupation is characterised by a high level of manual actions and the
use of power tools. The share of employment of these workers in 2016 was 11.53%
(25,926,480) of the total employment in EU. Out of the total workers in craft and
trade the number of people employed in construction was 8,425,546 (32.5%) (EU
skills panorama, 2016d). Craft and trade related workers in construction saw a
consistent increase (137%) in ‘computer use’ from 1995 to 2015, however this in-
crease doesn’t mean that the profession is highly computerised: the intensity level
was and stays low: from 0.050 to 0.119. According to a 2008 report (Methodologi-
cal Centre for Vocational Education and Training, 2008), at the time popular ‘new’
technologies used in the construction sector were: estimating system software; in-
stallation and maintenance equipment software; and construction machinery and
buildings software. An interesting pattern resulting from the EWCS data is the
increase in the social, autonomy and problem solving tasks (28%, 22%, 5% respec-
tively) which could suggest a more dynamic and independent activity. As noted
by Bobek and Wickham (2015), construction workers have a high degree of con-
trol over their time but not over their tasks since their focus is on the outcome
rather than on the process (for example , the windows fittings need to be fitted)
(Bobek and Wickham, 2015). The major change in these professions compared to
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the 1980s and 1990s, has been the introduction of handheld devices that facilitate
communication with clients and warehouses.20 Communication is faster and spare
parts can be ordered and power tools hired in a much faster way. In this occupa-
tion repetitiveness increased by 17% but stayed in a medium range intensity (from
0.467 to 0.546).

1.7.7 Teaching professionals in education

In 2016, teaching professionals accounted for 4.79% of the total employment in
EU. There are 10,768,156 professionals in this occupation of which 9,770,952 in
education. Teaching professionals in education are responsible for teaching classes
or lectures at all level of the education system including VET and lifelong learn-
ing. This is a highly skilled profession since 85% of the people in this profession
hold a tertiary education degree (Cedefop Skills panorama, 2016a). Computer
use increased by 105% since 2000, from low (0.251) to medium intensity (0.515).
Standardisation has also increased consistently from 0.364 to 0.638 (73%). Repet-
itiveness registered an increase of 33% from 2000 to 2015. Computers, even if not
directly used in the classroom, are facilitating class material preparation (didac-
tic material can be customised in an easier way when it is in digital format) and
administrative tasks. The overhead projector has been substituted by slides. Tech-
nological developments which facilitate online and mobile learning require teachers,
in particular those working outside of traditional schools, to be able to manage
online learning platforms (UK Commission for Employment and Skills, 2014). An-
other way in which technology crept in the teacher’s role is communication with
students and parents through digital media.

1.7.8 Life science and health professionals, in Health

Health professionals include for example medical doctors; dentists, veterinarians;
and nurses (ISCO 22)21 In 2016, health professionals accounted for 2.84% of the
total employment in the EU (EU skills panorama, 2016b), of these approximately
5 million worked in the health and social care sector. Together with teachers, this
is another highly skilled profession requiring periods of education ranging from 3
years of education (nurses) up to more than 5-6 for medical and specialised doctors.

20https://prezi.com/ebhj6v glufh/technology-in-carpentry/
21Tasks performed usually include: conducting research and obtaining scientific knowledge

through the study of human and animal disorders and illnesses and ways of treating them; ad-
vising on or applying preventive and curative measures, or promoting health; preparing scientific
papers and reports. Supervision of other workers may be included. Source: International Labour
Organization (2012), International standard classification of occupations structure, group defi-
nitions and correspondence tables: ISC-08 Volume 1.
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EWCS data shows that standardisation increased consistently from 2000 to 2015,
from 0.467 to 0.646 (38%). A significant change from 2000 to 2015 is also recorded
for computer use (90%) and machines (131%). The use of individual patient elec-
tronical medical records was at pilot stage in some hospital departments in early
2000 and subsequently was widely adopted (for example in North Eastern Italy)
offering doctors the possibility to manage an increasing amount of medical records
in a digital manner. Medical records can be more easily shared with patients or
with specialist doctors if further consultation is needed. An eSurvey conducted in
April-May 2016 among physicians, nurses, midwives, dentists, health assistants,
technicians, students and all others involved in European healthcare delivery (207
responses) found that most respondents used some digital skills more than once a
week ‘and basic IT skills and electronic patient records were used daily by more
than 50% of the participants’ (European health parliament, 2016). Although the
sample is small it seems to reflect common practices in general practitioners and
hospital settings. According to the EWCS data, physical strength tasks dimin-
ished by 29% for these professions. The effort required to move patients can cause
musculoskeletal disorders in particular among the nursing staff, the increase in
safe practices and the introduction of patient handling equipment, a market which
is going to grow in an aging European countries, are aimed at reducing this risk
(EU-OSHA, 2008).

1.7.9 Personal and protective services workers, in Health

Personal and protective services workers in the health sector are those commonly
known as ‘care workers’ that is workers who carry out simple routine tasks to
assists patients personal needs such as washing or mobility needs. In 2016, care
workers represented 27% of the workers in the personal and protective services
ISCO group. These workers usually work under supervision of an health profes-
sional and in general ‘need a completed first-stage of secondary education but in
some instances they need the second-stage of secondary education, e.g. specialised
vocational education and training’ (EU skills Panorama, 2016c). Care workers
reported very little computer use intensity (0.070) in 2000 but similarly to other
categories where intensity was low, it grew nevertheless to 0.204 by 2015, a 245%
increase. Standardisation also recorded an increase of 35% from 0.419 to 0.567.
‘Machines’ intensity has grown by 51% (low intensity from 0.039 to 0.059) and
physical strength diminished by 15% from 0.421 to 0.357. Looking for informa-
tion on how to assist people or connecting online with a health specialist are new
possibilities open to carers (Walker et al, 2017). Online psychological assistance
and online courses are provided to carers as a way to diminish their occupational
stress.
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1.7.10 Professionals in manufacturing

The intensity of ‘computer use’ consistently increased over time for professionals in
manufacturing, going from moderate to high (from 0.47 to 0.815) and the increase
is statistically significant. This category includes workers such as industrial engi-
neers and production engineers. A decrease of 47% in social task intensity is also
recorded, which brings the value from moderate to low (from 0.544 to 0.289). The
progressive automation and digitalisation of manufacturing requires these workers
to possess and acquire an even better command of ICT skills and data processing
skills.

1.7.11 Craft and related trade workers in manufacturing

The level of ‘computer use’ almost doubled in the 20 years period under obser-
vation, although the index value is small (0.144) for 2015. No major changes
are recorded for the other indexes. This is perhaps due to the fact that these
occupations were digitised only to a very small extent. Repetitiveness and stan-
dardization decline, but these also presented the highest index values, among the
selected job categories, in 1995, 0.429 and 0.78 respectively. A consistent but small
decrease, from 0.699 to 0.696 for the problem solving task suggests that there were
few changes in the way work is organised for workers falling into this description
such as metal, machinery and related trades workers. It should be also kept in
mind that in the past 20 years various offshoring waves drove many high routine
manufacturing jobs out of Europe ( Eurofound 2016).
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Chapter 2

Towards less routinization of
work, or more? The impact of
computerization on the task
structure of jobs

Abstract The routine-biased technological change (RBTC) literature has found sig-

nificant evidence of a polarization of labour market structure driven by technological

innovation. The effects of computer and robot substitution are stronger for middle-skill

jobs, which are more routine and thus easier to automate, causing a decline in em-

ployment level with respect to low- and high-skilled occupations. This literature also

poses another question that has received little study: do the remaining jobs increase

or decline in their level of routine intensity? We investigated this issue by a task ap-

proach, considering jobs as “bundles of tasks”. Computers and robots substitute the

most routine tasks, so at first sight they should leave the most autonomous and creative

tasks to humans. However, the introduction of technological innovations may reshape

the remaining tasks, changing their content and making them more routine, e.g. mak-

ing workers more dependent on the pace of complex new machines. To assess this, we

developed an econometric model in the task framework, using the time dimension of

the European Working Condition Survey (EWCS, five waves every five years since 1995

in 15 European member countries), a Europe-wide survey in which the same workers

report on the task content of their occupations (Bisello and Fernández-Maćıas 2016).

The EWCS shows how the level of routine tasks changes over time, and allowed us to

regress it against the use of computers and robots. Our empirical analysis suggests that

computerization and machine use have a positive impact on routine tasks. This result

questions the validity of regarding routine tasks as predictors of job automation in the

classic RBTC literature and reconsiders the risk of future automation for occupations

that so far have been considered safe from it.
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2.1 Introduction

This paper looks at how technological innovation has affected the task structure of
jobs in the European Union, focusing on the specific aspect of the evolution of the
level of routine tasks. This research question takes its starting point from one of the
main strands of the literature investigating the relationship between technological
innovation and labor dynamics: the routine-biased technological change (RBTC)
hypothesis. The RBTC hypothesis used theoretical elaboration and empirical re-
search and to to show that technological innovation has contributed significantly
to the decline of occupations with a high degree of routine intensity. The reason
for this is that routine intense occupations are easier to codify and program, and
therefore can be more easily substituted by machines. Where the RBTC hypoth-
esis diverges from previous studies on innovation-labor relationship, in particular
research based on the skilled-biased technological change (SBTC) hypothesis, is
that it understands routine-intense occupations as more usually falling in the mid-
dle of the skill continuum, rather than the low-skill end. New technologies are more
likely to be used to substitute middle-skilled occupations, such as metalworkers
or clerks, and complement high-skilled ones, such as managers or technicians, but
have little effect on low-skilled jobs: it is still very difficult, or not cost-efficient,
to automate jobs such as cleaning or care work. Therefore, the main result of
the RBTC hypothesis is the elaboration of a theory of the “polarization” of the
labor market, where middle-skilled occupations shrink relatively to both low- and
high-skilled occupations, also called the “hollowing-out” effect.

This research strand has however opened up a further research question (Autor,
Levy and Murnau 2003) which has so far received scant attention, the few notable
exceptions being Spitz-Oener (2006), Green (2012); Bisello and Fernández-Maćıas
(2016); Akçomak, Borghans and Ter Weel (2011): innovation reduces the employ-
ment of routine intensive occupations, but does it also change routine intensity
within single occupations? Following from this, if the answer is affirmative then
in which direction does this change occur?

To assess this, we perform an econometric analysis inspired by the task ap-
proach, first developed by classical RBTC literature. In order to study the inter-
nal evolution of occupations, it is helpful to consider jobs as “bundles of tasks”,
whose bundling compositions can be changed. A task is the smallest distinct unit
of input applied to a production process (i.e. specific actions of transformation
or combination) in order to generate an output. In their most generic definition,
tasks can be performed by either labor or machines, depending on technological
feasibility, comparative advantage and work organization. For human labor, tasks
do not exist in isolation but have to be coherently bundled into jobs. While we
can think about tasks as units of labor input from the perspective of production,
jobs are the units of labor from the perspective of firms and workers.
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Calibrating our analysis at the level of task, and not of the job, allows us to
define the research question more clearly. Robots and computers do not substitute
an occupation entirely, but can only take over in tasks that are more routine and
thus are easily codifiable and automatable. In this process of substitution, some
workers are laid off due to the increase in productivity (assuming a constant level
of output), but it is uncertain what happens to the jobs that are left, and to the
composition of tasks within those jobs. If technological innovation only allowed
for the automation of routine tasks, the remaining jobs should present a lower
degree of routine tasks. It could also be possible, however, that the adoption of
new machines in the production process reshapes the remaining tasks. Indeed,
if we consider that workers have to adapt their “bundle of tasks” to increasingly
complex and sophisticated robots and computers, it seems likely that this is the
case.

The few existing studies on this topic have already highlighted how classical
RBTC literature is based on the unlikely assumption of a constant level of routine
within occupations in time. We expect task contents and structure to change over
time, also as effect of the advancement of technological evolution. However, we
cannot say in advance what the nature of this change will be; whether towards more
or less routine intensity of occupations. While the latter possibility appears more
in line with RBTC literature, for which the labor force should in theory present
a general decline of routine tasks, both in the employment structure (between
jobs) and the internal task structure (within jobs), our research challenges this
view. Technological innovation is composed of two main factors, innovation of
computers and innovation of non-ICT machines. While the evolution of computer
capacity has represented the most radical change in the economic system in the
last decades, machine capital is also in continuous development, with the creation
of increasingly finer, more complex (and cheaper) robots. It is reasonable to think
that these two different kinds of technology will have different effects on the labor
force. Moreover, technology is not an exogenous force that autonomously and
naturally embeds itself in the production process, but it is rather implemented
according to managerial choices regarding various aspects of work organization.
Technology has historically been an instrument used to shape labor evolution in
the direction of an increasingly finer division of labor, especially since the Taylorist
revolution (Braverman 1998), meaning that it tends to transform occupations into
increasingly fragmented, specialized and narrower “bundles of tasks”.

To test empirically whether technological innovations increase or decrease the
level of routine tasks, we use the European Working Condition Survey (EWCS),
which provides data concerning individual workers. It identifies various aspects of
job content, of which we can observe the evolution over a 20-year period by prof-
iting from the dataset’s time dimension, composed of five waves of data collected
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five years apart (1995, 2000, 2005, 2010, 2015) and covering a core of fifteen EU
member countries.

Indeed, we find robust evidence for a relationship between computerization and
the increase of routine within jobs over the last twenty years in Europe. In partic-
ular, this relationship is stronger and more significant with standardization, one
of the two elements that composes our concept of routine. The relationship with
repetitiveness, the other element of routine, is also positive, but weaker both in
magnitude and in significance. Moreover, we find a relationship between increased
computerization and the decline of social tasks, rather than the opposite.

The importance of this investigation is twofold. First, it demonstrates the
limitations of using the level of routine tasks within occupation to forecast em-
ployment changes as classical RBTC literature did. Second, it suggests that the
routinization process of previously non-routine jobs may lay the foundation for a
next wave of automation. However, as we will discuss in greater detail further on
in this paper, this conclusion should not be understood as a deterministic model
of cause and effect (technology automates routine tasks, making remaining jobs
more routine, and in turn more easily automated, and so on...), but quite the
contrary; it should provide further evidence for the necessity of understanding the
relationship between technological innovation and work organization as complex
rather than straightforward.

The remaining sections of this paper are organized as follows: the next sec-
tion reviews the literature and introduces the main findings of the classical RBTC
studies; the third section presents the task approach and the Eurofound (2016)tax-
onomy; the fourth section describes two occupations as a mean of providing two
examples that allow us to better grasp the theoretical question behind the empirical
research; in the fifth section we discuss the EWCS data, and we give considera-
tion to how it compares with other datasets used in previous research, as well as
explaining how we constructed our indexes; in the sixth section we present the
model and the results of the econometric analysis; finally we draw some conclu-
sions from our empirical analysis, accompanied by some economic considerations
on the evolution of jobs and on possible future research.

2.2 Literature review

It is appropriate here to briefly review the main literature on the impact of in-
novation on labor. We can identify three main strands: one relating innovation
and general unemployment, the skill-biased technological change strand, and the
routine-biased technological change strand.

The study of the risk of “technological unemployment”, deriving from the sub-
stitution of workers with machines, dates back to the origins of the economic dis-
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cipline, with Ricardo being the first economist to warn against it, hence the alter-
native term of “Ricardian unemployment”. Considerations of the impact of tech-
nology on unemployment are currently taking the form of a debate between tech-
nology pessimists and technology optimists (Mokyr, Vickers and Ziebarth 2015).
This issue has recently been brought back into the economic debate thanks to the
much-discussed paper by Frey and Osborne 2013 that forecasts a risk of 47% job
losses in the US over the next few years. A study made by the Bank of England
adopting the same methodology (Haldane 2015) reported that around one third of
UK employment is at risk of technological replacement. These alarming numbers
have been revised by Arntz, Gregory and Zierahn (2016) using a different method-
ology based on the task approach (instead of a the job approach), sensibly scaling
down the level of employment at risk of automation.

A different line of research was pioneered by Goldin and Katz (1998), who
became the founder of the skill-biased technological change (SBTC) field. The
SBTC hypothesis different in its theoretical understanding as, instead of assuming
factor-neutral technical change in accordance with the Solow model (Solow 1957),
it developed the idea of technology skill-complementarity. SBTC was useful in
explaining how technology can impact occupations in different ways: ICT tech-
nologies are able to substitute low-skilled jobs, which therefore will tend to be
replaced, while complementing high-skilled jobs, which thus will increase in num-
ber (for an extended review of this theory see also Acemoglu and Autor 2012).
While this theory made progress in explaining the complex relationship between
technological innovation and labor, it had two main limitations. The first was
that the focus on worker skills tended to overestimate the role of the supply-side
of the labor market in the creation of employment with respect to the demand-side
(in fact, the main conclusions consisted in developing policies to increase the skill
level of workers, yet unless there is a parallel expansion in demand for such skills,
development of skills alone does not result in the absorption of high-skilled workers
into the economy,) The second limitation, which is more relevant to our analysis,
was that the posited decline in employment for low-skill occupations was rapidly
disproved by empirical observation.

Autor, Levy and Murnau (2003) introduced the task approach, classifying tasks
along two dimensions, manual-cognitive and routine-nonroutine, resulting in four
different categories: the routine cognitive, the routine manual, the nonroutine
cognitive and the nonroutine manual. The authors, presenting for the first time
the concept of “routine tasks” defined the term thus: �a task is “routine” if it
can be accomplished by machines following explicit programmed rules�. This first
definition was widely discussed, and then improved, since the phrase “explicit
programmed rules” needed further clarification. Moreover, this definition was
based on circular reasoning ; though the study sought to measure the impact of
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machines on routine tasks, it defined routine tasks effectively as those that could
already be automated (Eurofound 2014). Polanyi (1967) was quoted to present
the issue from a wider angle. “Polyani’s paradox”, as it became known, expressed
as “we can know more than we can tell”, was used by the authors to show that in
order to make the substitution of a task by a machine possible, the machine must
have a far greater level of knowledge than it may appear. Humans have a certain
degree of adaptability to solve unexpected problems, or to move inside a changing
environment, that allow them to perform an extremely large number of actions
even without having to fully “think” about how to perform them. It is only by
passing through a process of elaboration, decomposing carefully a general action
into the separate single movements of which it is composed, that it is then possible
to create a machine able to replace those movements. They present examples of
what nonroutine tasks are: “navigating a car through city traffic or deciphering the
scrawled handwriting on a personal check — minor undertakings for most adults
— are not routine tasks by our definition. The reason is that these tasks require
visual and motor processing capabilities that cannot at present be described in
terms of a set of programmable rules.” (Autor, Levy and Murnau 2003, p.1283).
The choice of this example is today very interesting since self-driving cars have
become the frontier of automation (we present a possible explanation as to why
though explaining how innovation has unfolded in the next section). Due to this
focus on the level of routine tasks of occupations, this framework has become
known as Routine-Biased Technological Change (RBTC).

How does innovation impact on tasks and occupations? The authors explicitly
divided their analysis into two distinct parts. The first part looked at how inno-
vation directs changes in the employment structure, what that they defined as the
change “between” occupations or “at the extensive margin.” The second part, on
the other hand, looked at how innovation affects the tasks “within” occupations,
defined also as “the intensive margin”. A clear example they used to present what
they consider to be change within jobs towards less routine tasks is the case of the
secretary. They compare the definition of the job from the U.S. Department of
Labor’s “Occupation Outlook Handbook” (DOT, more details on the section data)
for the years 1976 and 2000. In the first version, the main task of the secretary
was described as “relieving their employers of routine duties”, while the updated
version considered that “Office automation and organizational restructuring have
led secretaries to assume a wide range of new responsibilities once reserved for
managerial and professional staff”. To empirically study this change, the authors
used the DOT database, presenting 44 variables for 12000 occupations. In partic-
ular, they based their task indexes on five variables: “general educational, devel-
opment, mathematics” and “direction, control planning” for nonroutine cognitive
tasks; “eye-hand-foot coordination” for nonroutine manual; “set limits, tolerances,
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or standards” for routine cognitive; “finger dexterity” for routine manual. They
aggregated these data to construct 470 occupations, according to the Census Oc-
cupation Codes (COC) at the three-digit level. The econometric analysis at the
extensive margin was made by merging the DOT database with data on the level
of employment for each occupation from the Census and Current Population Sur-
vey (CPS), while the analysis of the intensive margin was made by considering
the changes in the indices between the 1977 version and the 1991 version. In the
analysis at the extensive margin, the routine-level of an occupation was the in-
dependent variable that explained computerization and the level of employment:
the more routinized an occupation is, the easier it is to automate it, and thus its
occupational level declines. In the analysis at the intensive margin the causal di-
rection is reversed; it is computer adoption which explains the changes in the four
task indexes (routine/non-routine and cognitive/manual tasks, taken separately)
between the years 1984-1997 (also controlling by adding the employment level of
college graduates, high school graduates and women as coregressors). They posit
findings of positive and significant coefficients for the impact of computerization
on non-routine cognitive tasks (divided in analytic and interactive) and a negative
impact on routine cognitive tasks, the effect on routine manual task is, unexpect-
edly, mildly positive, while the regression on non-routine manual tasks was not
run.

This paper opened the way for subsequent research on routine tasks as an
explanatory factor in the evolution of the labor structure. Building on the new
task-based framework, Goos and Manning (2003) linked the innovation-routine re-
lationship with the empirically observed “hollowing-out” of the UK labor market:
they noted that it was not the low-skilled occupations that were declining, but
rather the middle-skilled ones, because it is in the middle of the skill distribu-
tion that routine-intense occupations are concentrated. This is because low-skilled
jobs may be “boring” or repetitive from a human perspective, but they are not
codifiable in mechanical terms, since they usually involve a wide set of tasks re-
quiring a high degree of adaptability that machines cannot achieve, at least not
in a cost-efficient way; these occupations are typically, e.g, waiting staff, carers,
and hairdressers (Haldane 2015). Therefore, the “labor polarization” hypothesis
became the strongest argument of the RBTC literature.

On the analysis of the change within jobs, the literature was more limited,
however. Indeed, while there is agreement that employment in routine-intensive
occupations is declining due to automation, it is far less understood how computeri-
zation affects the task structure within jobs. This is mainly due to data limitations,
which make the investigation of changes in the task structure of jobs over time more
challenging. The limited validity of using the DOT to compare the evolution of
tasks over time, as was done in Autor, Levy and Murnau (2003), was acknowledged
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by Autor (2013) himself, since the following versions of the database are updates
rather than successive and consistent waves of it. Furthermore, in an update of his
work made ten years later, Autor investigated only changes at the extensive mar-
gin (see Autor and Price 2013). Autor, Levy and Murnau (2003))’s results were
however later confirmed by Spitz-Oener (2006) for the (western) German economy
using worker-level data collected by the German Federal Institute for Vocational
Training (Bundesinstitut fuer Berufsbildung; BIBB). The author showed that of
the overall changes in task levels over the period 1979-1999, within-occupation
task change accounted for a lot more than the between-occupation change (85%,
87%, 86% in analytical, interactive and routine manual tasks respectively, 99% in
routine cognitive tasks).1

In a similar fashion, Green (2012) used individual data from the UK Skills
Surveys but being able only to properly define one specific aspect of routine: the
repetitive physical tasks. For this variable, he found diverging results concerning
the effects of computerization: negative when regressed with a pooled OLS model,
but positive with a fixed-effect model (more on that in the empirical section and
in the Appendix).

The only attempt to extend the analysis of the evolution of tasks to the whole
of Europe was carried out by Hardy, Keister and Lewandowski (2018), focusing
on Central-Eastern European (CEE) countries, and comparing them with Western
European ones. The authors find an overall growth of non-routine cognitive tasks
and a decline in manual tasks, but different patterns regarding routine cognitive
tasks: rising in CEE countries while declining in Western European ones. The
change in within-occupation tasks only plays a significant role in the evolution of
routine cognitive tasks.

2.3 The task approach and Eurofound taxonomy

The advantage of the task approach is that it can give us far greater insight into the
application of human labor in the production process, its interaction with capital,
and its evolution driven by technological innovation and organizational changes.
We defined the task as the smallest unit of input of the production process needed

1Spitz Oener (2006) categorizes tasks in: non-routine analytic (researching, analyzing,
evaluating and planning, making plans/constructions, designing, sketching, working out
rules/prescriptions, and using and interpreting rules); non-routine interactive (negotiating, lob-
bying, coordinating, organizing, teaching or training, selling, buying, advising customers, ad-
vertising, entertaining or presenting, and employing or managing personnel); routine cognitive
(calculating, bookkeeping, correcting texts/data, and measuring length/weight/temperature);
routine manual (operating or controlling machines and equipping machines); non-routine man-
ual (repairing or renovating houses/apartments/machines/vehicles, restoring art/monuments,
and serving or accommodating.
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to produce an output. A task can be performed either by human labor, applying
skill in order to perform it, or by a machine, depending on the technological
feasibility. Tasks are organized in the production process by management, which
assigns them to labor or capital on the basis of comparative advantage, e.g. to
that production factor that is economically more efficient. Usually the creation
of a new production process, and thus of the tasks needed, the use of human
labor is initially preferred, as it is more adaptable. Workers can learn the new
skills needed, how to apply them in the most efficient way, and thus can also give
suggestions (also indirectly) on how the production process could be improved.
The continuation of production leads in time to greater understanding, along with
a process of simplification and standardization of the work involved. Only at that
time it is possible to introduce machinery to perform some tasks. However, as was
just mentioned, full comprehension of the production process and technological
feasibility, e.g. the capacity of the machine to perform the tasks, for the machine to
substitute labor in the performance of these tasks, are not sufficient causal factors
as its actual adoption depends on whether it is economically advantageous. The
application of human labor may still be preferable if its costs remains lower than
the cost of using new machinary. The production process is, therefore, a complex
structure of tasks, some performed by labor and some by capital, depending on
their comparative advantages, which therefore have to be managed rationally. For
labor, tasks have to be coherently bundled into jobs.

In order to consistently analyse the task structure of jobs, we adopt the taxon-
omy developed by Eurofound (2016), already presented in section 1.3. It is a useful
analytical framework that suits our data and, furthermore, it has the important
merit of clarifying a subtle aspect that is usually overseen by the task literature:
the distinction between task contents and task methods. Tasks are easily under-
standable as actions: pushing a button, lifting a box, talking to a client, these are
the kinds of tasks of which a job may be composed. The routine of a job is not a
task since it is not an action, but it is rather a method with which tasks can be
performed. The previous literature bypassed this complication categorizing tasks
as routine or non-routine. Autor, Levy and Murnau (2003) selected variables from
the DOT database to proxy their task categorization. Non-routine cognitive tasks
are measured through two variables: direction, control and planning of activities,
and quantitative reasoning requirements. For routine cognitive tasks, they use the
variables of set limits, tolerances, or standards. For routine manual tasks, the vari-
able finger dexterity is adopted. Finally, for non-routine manual tasks, they adopt
the variable eye-hand-foot coordination. This approach presents the evident lim-
itation of being only able to proxy the level of routine, depending entirely on the
decision of the authors as to which tasks are defined as routine. This shortcoming
is due to the nature of the data available in the DOT-O*NET database, which
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we can overcome by using more specific variables (explained in the Data section).
Eurofound taxonomy separates the task content of jobs on the one hand and the
task methods and tools on the other. Routine is a task method and the extent to
which an occupation can be termed routine depends not only to the task content
of jobs, e.g. the action that workers have to perform, but also on technology and
work organization.

Moreover, introducing the element of task methods and work organization,
we can further explain the complex relationship between technological innovation
and the evolution of tasks. The left column of Table 1.1 covers all the main task
categories usually analyzed by the literature. It is normally understood that tech-
nological innovation replaces physical tasks (in particular in the strength domain),
while it should complement intellectual and social tasks, although these latter re-
lationships tend to present a more complex pattern. So far, innovation has not
replaced but rather complemented tasks involving creativity, or a high degree of
problem-solving or teaching activities. However, recent advances in artificial intel-
ligence (AI) and machine learning (ML) may change this in the future. However,
computerization did substitute those tasks involving the processing of encoded in-
formation (text and numbers) but a low degree of problem-solving. Additionally,
in some services sectors, social tasks such as serving or selling have been substi-
tuted by machines (i.e. the famous examples of bankers, a historical job with a
high degree of social tasks, replaced by the ATM, as well as cashiers replaced by
automated checkout machines).

Task methods are that part of work organization that concerns the production
process. As already mentioned, one of the main functions of work organization is
to allocate tasks to labor and machines, bundle labor tasks into coherent jobs, and
make the two factors work efficiently together. We have observed, from reviewing
the previous literature, that technological innovation substitutes for routine tasks
and this substitution changes the task structure of the production process. How-
ever, it is also possible that the production process changes before the introduction
of new technology, precisely as a means of preparing for its introduction at a later
stage. A further possibility is that innovation is introduced with the main objec-
tive of changing specific aspects of the work, i.e. because management wishes to
exert more control over the production process or over labor. The inclusion of task
methods in the framework underlies the assumption that technological innovation
is not introduced into the production process in a pure exogenous way, but rather
is mediated, facilitated or may even be driven by work organization.
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2.4 The routinization hypothesis

Here we present two simple examples to test against these the two alternative
hypotheses: that the introduction of technological innovation in the production
process may lead to either a greater or a lesser degree of routinization of jobs. We
can look first at the example of a car manufacturer adopting a new multi-purpose
robot. The robot is unlikely to substitute a whole job as it is rarely the case that a
robot can do all the tasks required of the role. It is more probably that the robot
will replace only some of those tasks. The RBTC hypothesis assumes that the new
robot will substitute those tasks that are more routine and repetitive, e.g. which
are easier to be codified and programmed for execution by a machine. The fact that
robots do not substitute for workers as a whole, but only for a part of their tasks,
is empirically evident: if this were the case, entire jobs or occupations would have
completely disappeared, which has not happened. What we are seeing, rather, is
the resizing of jobs and occupations. The persistence of this role is evidence that
robots cannot perform all the tasks of a group of workers, so they do not directly
replace them. Rather, they replace only some of their tasks.

Keeping constant the level of output, job losses will therefore be caused by
the general increase in productivity that makes some workers “redundant”. The
remaining workers will have their tasks reshaped by the new machinery. The-
oretically, two different possibilities exist. The first possibility is that the new
robot only substitutes more routine tasks so that the remaining tasks will be the
non-routine ones (e.g. planning, quality control, and related tasks), thus, the role
will be less routine than before. The other plausible outcome is however that the
new machinery does imply a transformation of the tasks within a job, since it is
possible that a more complex robot will dictate more stringently the pace of work
and simplify the command actions needed to interact with it or the actions needed
to operate on the product..

The risk that automation will actually increase the level of routine of jobs is
even clearer if we look at how work has changed in the logistics sector, looking in
particular at the now well-known case of Amazon warehouse workers. In one of the
most technologically advanced firms, whose gigantic storehouses are automated to
the limit of what is currently possible, manual workers are far from seeing their
occupation change toward more creative or autonomous tasks. Instead, they are
becoming machines ancillaries. In the most extreme cases, workers in the logistics
sector are becoming increasingly more similar to machines; workers are now being
subject to electronic control devices, using GPS and pedometer calculators, that
allow employers to constantly monitor workers and penalize them where they are
underperforming, to the extent that workers can be fired if they fail to meet targets.

If we look, however, at the very different case of drivers, taxi or other, we
can nevertheless draw similar conclusions. The role of the driver is indeed a pe-
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culiar case as only 15 years ago it was the foremost example of an occupation
composed of non-routine tasks, with Autor, Levy and Murnau (2003) citing it as
impossible to automate. The tasks which compose driving – mental mapping of
local geography, calculation of the most convenient route and, most importantly,
navigation of a very complex environment to complete the tasks of accelerating,
breaking, turning and parking - were considered to be non-routine, yet now they
have become routine: the firsts two tasks have been completely replaced by satel-
lite navigators, and the others are in the process of being fully replaced by a set of
sensors (camera, laser, and GPS) that report information about the environment
which is then elaborated by an algorithm that translates them into car actions.
The contemporary possibility to fully automate the work of drivers depends at
the same time on the evolution of technology (GPS, camera and laser recognition,
complex algorithms) and on our capacity to break down the process of driving
into all its many and complex component parts: recognizing the different kinds of
objects and distances involved, and acting accordingly.

We can also divide the evolution of the role of the driver into two different
“innovation waves”: the first one following the development of GPS, the second
one the development of the self-driving car. With the arrival of GPS, navigators
replaced mainly two tasks: mapping of local geography and calculation of the
route. While the former could be considered as “highly routine” (the cognitive
task which underlies it is an extremely tedious one of learning a city map by
heart), the latter is not, since it implies in-depth knowledge of the city based not
only on an mental map of the streets but also on experience of when traffic is likely
to be heavier, as well as other factors. Both the two tasks have been replaced by
new ones: set the final destination into the navigator (this requires the user to
learn how the device functions, something that takes far less time than learning
the local geography by heart) and then simply follow the route, which can certainly
be considered a routine task, above all when we compare it to the nature of the
task before. Indeed, this task has become so routine that it was the stepping-
stone from which it became possible to create the hardware necessary to automate
the entire process of driving, that is, replacing the human routine task of simply
following the route determined by a machine. In a similar way, parking sensors
that were first introduced to assist the human driver in the complex and time-
consuming task of parking the car became the stepping stone to the replacement
of other control tasks.

Although this is evidently a simplified story for exposition purpose, we present
it to show two main issues. First, occupations that only a few years ago were
considered impervious to automation, are no longer today. Second, the effect
of technological innovation on tasks is two-fold: technological innovation replaces
routine tasks but also alters the nature of the remaining tasks within an occupation
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from non-routine to routine. To conclude, the first wave of innovation replaced
those tasks that were routine at that moment, and at the same time affected the
task content of the role of the driver so significantly that it made the role vulnerable
to the next wave of innovation, putting at risk of full automation a job that just
15 years ago was the best example of an unreplaceable non-routine job.

2.5 Data

Autor and Dorn (2013) identifies three main different ways scholars have used to
measure the task intensity of occupations: using occupations as proxies for job
tasks; relying on the judgement of experts; collecting information directly from
workers through specific surveys.

The first approach may appear the most convenient since, as we have said,
occupations are rational “bundles of tasks”, and therefore any reasonable classifi-
cation of occupations also inherently considers the task structure. Unfortunately,
however, the easiest approach is also the one with most limitations: it cannot take
into account task commonalities between different occupations, nor task hetero-
geneity within the same occupation.

The second approach became very popular due to the availability of the DOT
database and its successor O*NET. As mentioned, the DOT database was created
in 1939 by the U.S. Department of Labor, and it was used for the first time in the
relevant literature by Autor, Levy and Murnau (2003). In 1998 it was replaced by
the O*NET, the Occupational Information Network, which has been the most used
source of data on tasks in the RBTC literature since then. This kind of database
is set up by collecting judgements of experts and labor researchers to create and
standardize a series of job descriptors attached to occupations. The DOT-O*NET
approach presents two main limitations: as before, within-occupation task hetero-
geneity is unobservable, and only a static presentation of tasks is offered, since
the “time dimension” was given by successive updates of the database that were
infrequent and status-quo biased (Council 1980; Autor, Levy and Murnau 2003).
Therefore, while it is still a reliable source for analysis at the extensive margin (be-
tween occupations), it is not the best suited for analysis at the intensive margin
(i.e. the analysis of changes in the nature of tasks within occupations).

Finally, the third approach overcomes the main limitations of the previous
two. Collecting data at the worker level ensures the possibility to analyze within-
occupation heterogeneity, and the design of a questionnaire consistent over time
also allows for the replication of the survey to create a time dimension. As we have
shown, this approach has already been adopted to study task changes over time
at the national level for Germany (IAB/BIBB dataset; Spitz-Oener 2006) and UK
(BSS; Green 2012). More recently, it has been possible to use this approach to
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carry out different studies on the European economy (Eurofound 2016; Fernández-
Maćıas and Hurley 2016; Bisello and Fernández-Maćıas 2016) thanks to the Eu-
ropean Working Condition Survey (EWCS), a survey that has been conducted
every five years since 1990, consulting workers on different indicators relating to
the tasks they carry out in their jobs. We privilege this approach for these three
reasons mentioned: first, this type of data tends to better value in terms of taking
into consideration variation of tasks within occupations; second, while a similarity
in occupational tasks has been tested between US and EU jobs, the EWCS is a
European-based survey and thus should produce more valid values for the EU; the
availability of a 20-year time dimension with a consistent methodology of survey,
data collection and variables allow for a more consistent analysis of changes in time.

Building on Eurofound’s taxonomy (Tab. 1.1), we build three indexes for task
content, three for task methods, and two for tools, already presented in section
1.4: physical, intellectual and social content of tasks; autonomy, repetitiveness
and standardization methods; use of computers and non-ICT machines tools. A
further advantage of this taxonomy is that it differentiates between computers and
non-ICT machines, which we can proxy building an index from EWCS data. The
empirical literature on the evolution of within occupation tasks focused only on
computer use as a driver of change,, mainly as a result of data limitations, and
other forms of technological innovation were neglected. While computerization
was the most radical innovation of the last 30 years, robotization also played, and
continues to play, a major role in reshaping the production process and thus the
task structure of jobs. In extremely general terms, we can consider computerization
to have affected mostly the service sector, while robotization has affected mostly
manufacturing. Ignoring the change in machine use may cause a relevant loss in the
comprehension of how technological innovation has affected the labor structure.
Our index is built using information on exposure to machine vibrations and on the
extent to which work is determined by the pace of machines. While the index is not
ideal as it only captures the presence of machinery indirectly, it can nevertheless
be used as a proxy of machine use.

To form our unit of analysis, we take weighted averages of “jobs”: a job is a
cell formed of a matrix of occupations and sectors, which in the EWCS dataset
are categorized through the standard ISCO and NACE codes, respectively. (Eu-
rofound 2016). Unfortunately, ISCO and NACE type data were available to us
only at 1-digit (Tab 2.1). Although the level of aggregation usually preferred is
at 2-digits, the simple matrix system allows us to dispose of 10x11=110 job cells,
while taking both occupation and sectors into account. This methodology allows
for an adequate level of consistency across jobs without the loss of too much in-
formation due to empty job cells or cells with few values, a problem that could
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Table 2.1: ISCO and NACE codes available in EWCS

Occupations ISCO 88 1 digits

1 Armed forces occupations

2 Managers

3 Professionals

4 Technicians and associate profes-
sionals

5 Clerical support workers

6 Service and sales workers

7 Skilled agricultural, forestry and
fish

8 Craft and related trades workers

9 Plant and machine operators, and
assemblers

10 Elementary occupations

Sectors NACE v.1 1 digit
(grouped)

A-B Agriculture, hunting, forestry,
fishing

C-D Mining, quarrying, Manufacturing

E Electricity, gas, and water supply

F Construction

G Wholesale and retail trade

H Hotels and restaurants

I Transport, storage and communi-
cation

J Financial intermediation

K Real estate activities

L Public administration and defence

M-Q Other services

arise at a finer level of ISCO and NACE aggregation. Following the approach
used by (Eurofound 2016), survey answers have been normalized on a scale that
ranges from 0 to 1 indicating the intensity with which a task is performed (both
categorical and binary variables were used).

For consistency’s sake we will take into account the EU-15 member countries
across all the data collection waves: Austria, Belgium, Denmark, Finland, France,
Germany, Greece, Ireland, Italy, Luxembourg, Netherlands, Portugal, Spain, Swe-
den, and the UK.

2.6 Econometric analysis

In this section, we test the two alternative hypotheses: that technological inno-
vation has either decreased or increased the routine level of jobs. Furthermore,
we extend the analysis to the task content of jobs, as we can build indexes for
physical, intellectual and social tasks, usually considered in the relevant literature.
We first present a standard fixed-effect (FE) model with OLS. Then, we propose
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an instrumental variable (IV) regression in order to capture the endogeneity of our
model. Finally, since all our variables, including dependent variables, are indexes
with value ranging 0-1, we perform a FE with a fractional response variable, in or-
der to refine the estimates by imposing the predicted values into these boundaries.
To do that, we follow the methodology developed by Papke and Wooldridge (2008)
for panel data methods for fractional response variables. While we will test differ-
ent dependent variables in different specifications, our main explanatory variable
will be computer use, in agreement with the aforementioned empirical literature.
To fully consider innovation, robots and machinery should also be taken into con-
sideration, factors which unfortunately have always been very hard to measure.
We thus attempt to include a machine index in some specifications, though with
one caveat: it is built on two variables (“[I]s your pace of work dependent on the
automatic speed of a machine or movement of a product”; “[A]re you exposed at
work to vibration from hand tools, machinery, etc.”) that may capture changes in
the use of machines as well as other factors (such as changes in the pace of work
that would suggest changes in work organization, or the innovation of machines
without vibration). As a result of this limit, the coefficients of the machine index
should be read with some caution. However, their presentation can still give us
some ideas as to what changes are occurring, or at least can be seen as a way
to control the robustness of the computer effect. As is usual in the literature,
all our analyses are performed by weighting values according to the importance
of the job for the economy (exploiting EWCS weights, built on EU-LFS employ-
ment data) in order to avoid the over-representation of jobs that are less important.

2.6.1 Fixed-effect

While in the Appendix we present different models, our preferred one is the fixed-
effect (FE). Green (2012) defines this approach a “pseudo” panel, since the obser-
vations are averages of the underlying worker-individual data, and workers vary
from wave to wave. We present the model in two different specifications:

taskit · wi,1995 = αi + λt + βcompit · wi,1995 + εit (2.1)

and

taskitk · wi,1995 = αi + λt + βcompit · wi,1995 + γmachit · wi,1995 + εit (2.2)

where task is each of our six k task indexes (so we run six different regressions)
for the job i in year t, weighted for the importance of that job in year 1995 (wi,1995),
and comp is the index of computer use for the same job in the same year, equally
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weighted for the job in 1995. In the second specification, as has already been
explained, we also include the index on machine use mach as coregressor.

First of all, FE sensibly reduces the omitted variable bias capturing both
individual-specific effects, which thus remain invariant over time (in our case,
specific aspects of each job that are impossible to observe through our dataset,
captured by the job-specific constant αi), and time-specific effects that instead
should affect all the individual workers in the same way (captured by the time-
specific constant λt, in particular, macroeconomic cyclical fluctuation that may
affect investments, a relevant issue considering that our time span encompasses
the period of the Great Recession). Reducing the problem of omitted variable bias
also helps us to reduce the endogeneity problem that may arise from it. As was
explained in the previous sections, we know from our theory that this problem
is very likely to arise: computerization affects levels of routine (and of the other
task contents) both directly and indirectly through work organization, which is
composed of different elements that are difficult to measure. Thus, overlooking
these elements may lead to an erroneous understanding of the causal relations,
and, moreover, to a bias in the coefficients, while an FE model allows us to cap-
ture (and eliminate) them. We go into further detail regarding the endogeneity
issue in subsection 2.3. In addition, FE is more efficient than other models used
by previous literature (replicated in the Appendix). To build a FE model we must
use jobs rather than individual observations as a unit of analysis, as we could not
compile panel data from individual observations, nor we could use instrumental
variable regressions.

We present two different specifications, one with only computer use as regressor,
and another one with machine use as coregressor.

The upper part of Tab 2.2 shows the effect of computerization and machine
use on task methods: repetitiveness, standardization (which in our framework are
the two parts that compose routine) and autonomy. In the lower part, there are
the results for the task content as dependent variables. Looking at the category
of methods, computerization has a positive effect on both the indexes for routine
tasks, although repetitiveness appears to be a significant factor only when machine
use is included as coregressor. The effect on standardization is three times big-
ger than on repetitiveness. The coefficient for autonomy has no significant effects.
These results evidently contrast with the previous literature, which normally found
computerization to have a negative effect on routine. This difference may depend
on four main factors: a difference in econometric models; a different measurement
of the routine index; a difference in the time period under consideration; the (non)
generalizability of results for specific countries across others. We discuss these
possibilities in the Appendix, replicating models from the previous literature and
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Table 2.2: Fixed-effect

(1) (2) (3) (4) (5) (6)
repet stand auton repet stand auton

comp 0.0562 0.176*** 0.00767 0.0664* 0.189*** 0.000576
(1.53) (2.67) (0.17) (1.83) (2.86) (0.01)

mach 0.328*** 0.416*** -0.227***
(4.85) (4.07) (-2.81)

cons 0.379*** 0.468*** 0.721*** 0.326*** 0.400*** 0.758***
(37.12) (25.31) (53.85) (20.86) (15.45) (41.23)

N 480 480 480 480 480 480
r2 0.224 0.507 0.169 0.273 0.542 0.189
r2 a 0.216 0.502 0.160 0.263 0.536 0.179
F 16.06 21.45 9.730 16.12 18.93 10.71

(1) (2) (3) (4) (5) (6)
phys intel social phys intel social

comp -0.0797*** 0.159*** -0.180** -0.0695*** 0.165*** -0.185**
(-3.76) (6.87) (-2.23) (-3.51) (7.19) (-2.31)

mach 0.326*** 0.213** -0.177
(6.55) (2.25) (-1.64)

cons 0.257*** 0.679*** 0.680*** 0.204*** 0.644*** 0.709***
(44.00) (109.25) (24.17) (20.40) (37.94) (22.15)

N 480 480 480 480 480 480
r2 0.141 0.295 0.237 0.237 0.317 0.243
r2 a 0.132 0.288 0.229 0.228 0.308 0.234
F 11.31 31.81 9.982 20.07 29.92 8.868

t statistics in parentheses

* p<0.1, ** p<0.05, *** p<0.01
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exploring different specifications. Nevertheless, apart from the loss of significance
on some dependent variables (in particular repetitiveness and social tasks) in par-
ticular specifications, we generally find robust results, and in any case, we do not
find any results suggesting a negative effect of computerization on routine tasks
(except one very model, discussed in the Appendix).

As stated, we introduce machine use as coregressor (with the caveats stated
previously) in order to fully consider innovation.

As we can see, the effects of machine use on task methods are as was expected:
machine use positively affects repetitiveness, and to an even greater extent stan-
dardization, and negatively affects autonomy, always at a very high level of signifi-
cance. Furthermore, its inclusion does not alter the significance of computerization
coefficients, nor, more importantly, their magnitude, further validating the robust-
ness of the results.

When we move to the lower part of the table we explore the impact of inno-
vation on task content. Computerization has a negative impact on the proportion
of physical tasks, and positive on intellectual tasks, in both cases to a significant
degree, as expected, and as had been demonstrated in previous literature. A find-
ing that was less expected and not in line with previous literature, is the negative
coefficient on social tasks. In the Appendix, we detail the checks we carried out
to account for this discrepancy, where we found that in most of the models the
impact of computerization on social tasks is nonsignificant, and in one model even
significantly positive. While we present the outcome for completeness, the results
for social tasks should be read with some caution.

Machine use has an obvious positive impact on physical tasks, and also a pos-
itive impact on intellectual tasks (significant at the 10% level), which, though less
obvious, would suggest that the use of machines also requires intellectual capacity
(in fact our indexes cover complex tasks, solving unforeseen problems, and learn-
ing new things). On social tasks, machine use has no significant effect. As before,
the introduction of machine use as coregressor does not change the coefficients of
computerization.

2.6.2 Fixed-effect with instrumental variable

As discussed, our framework understands the relationship between technological
innovation and task structure as not unidirectional: technological innovation can
reshape the “bundle of tasks” that compose a job, but the task structure of an
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Table 2.3: Fixed-effect, IV

(1) (2) (3) (4) (5) (6)
repetitiveness standardization autonomy physical intellectual social

comp 0.179* 0.274* 0.141 -0.0146 0.263** -0.214
(1.81) (1.73) (1.10) (-0.22) (2.49) (-1.11)

N 460 460 460 460 460 460
r2 0.189 0.498 0.131 0.123 0.270 0.238
r2 a -0.0280 0.364 -0.101 -0.112 0.0747 0.0338
F 15.58 34.75 7.912 5.669 15.50 6.540

t statistics in parentheses

* p<0.1, ** p<0.05, *** p<0.01

occupation can also incentive the implementation of new technologies (as discussed
in the literature, in particular the level of routine within jobs).

We attempt an instrumental variable (IV) model to take into account the en-
dogeneity of computer use in our regressions. As our instrument, we must choose
a variable which is correlated with the independent variable, computer use, but
not with the dependent variable, our set of task variables. We thus propose an
index of workers in roles that allow them to work from home. The idea behind this
choice is that most work carried out from home is performed with a computer, and
it should therefore be correlated with the use of a computer, but it is not supposed
to be directly correlated with the task structure, in particular with task methods:
home working is particularly suited to either professionals with a high degree of
autonomy, or to very precise and standardized jobs for which no supervision is
needed.

The results reported in Tab 2.3 confirms the results of the OLS estimates for
repetitiveness, standardization and intellectual tasks, but not for physical and
social tasks.

2.6.3 Fixed-effect with fractional response

As explained, all our variables are built as indexes ranging from 0 to 1. OLS es-
timates may be not accurate, since the predicted values are likely to fall outside
this range. One of the first pieces of research to consider such a case was carried
out by Papke and Wooldridge (1996), who developed a new model to take into
account fractional response with no need for data transformation. We follow the
methodology for panel data elaborated by the same authors in a successive con-
tribution (Papke and Wooldridge 2008). We perform a Generalized Linear Model
(GLM) with a probit link function, specifying that the dependent variable assumes
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Table 2.4: Fixed-effect fractional response

(1) (2) (3) (4) (5) (6)
repetitiveness standardization autonomy repetitiveness standardization autonomy

comp 0.172* 0.445*** -0.0321 0.198** 0.464*** -0.0503
(1.74) (2.70) (-0.21) (2.04) (2.81) (-0.34)

mach 0.858*** 1.153*** -0.624***
(4.85) (4.41) (-2.65)

cons 0.00304 0.0794 0.284*** -0.252*** -0.418*** 0.578***
(0.05) (0.65) (3.65) (-2.76) (-6.40) (6.43)

N 460 460 460 460 460 460

t statistics in parentheses

* p<0.1, ** p<0.05, *** p<0.01

(1) (2) (3) (4) (5) (6)
physical intellectual social physical intellectual social

comp -0.308*** 0.460*** -0.486** -0.281*** 0.478*** -0.494**
(-4.11) (6.71) (-2.29) (-3.94) (6.96) (-2.30)

mach 1.031*** 0.618** -0.553*
(6.38) (2.19) (-1.92)

cons -0.270*** 0.208** 0.180 -0.499*** 0.174 1.072***
(-4.33) (2.16) (1.03) (-9.45) (1.07) (5.47)

N 460 460 460 460 460 460

t statistics in parentheses

* p<0.1, ** p<0.05, *** p<0.01
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a binomial distribution. Entity fixed effects are captured by averages over time of
the independent variables (rather than job dummies, in order to avoid problems
with incidental parameters that may arise with small T and large N, as in our
case) and the time effects by time dummies. Since this model is best suited for
a balanced panel, we drop those jobs that are present in one wave but not in the
others: our sample is resized from 474 to 460; observations are weighted by EWCS
weights as usual. Finally, standard errors are clustered by jobs.

The results reported in Tab 2.4 confirm the results of the OLS estimates, but
with coefficients larger in magnitude.

2.7 Conclusions

In this paper, we presented a new perspective on the effect of technological inno-
vation on the task structure of different occupations, contributing to the debate
on the evolution of the intensity of routine in work.

The extensive RBTC literature found important evidence for technological in-
novation as the main driver of the decline of routine-intense occupations, but very
little was said about internal changes in occupations. The only existing research
on this question (Autor, Levy and Murnau 2003; Spitz-Oener 2006; Green 2012)
found that changes at the intensive margin moved toward a de-routinization of
tasks, in addition to the changes at the extensive margin.

These empirical results have not been tested for some time, though research
on tasks has updated its sources and methodology. In this paper, we use a valid
dataset (EWCS, observing almost 95,000 European workers in 5 different waves
covering a 20-year time span), and we adopt a theoretical framework to better
understand the complex relationship between technological innovation and the
task structure of jobs. In particular, the task framework (Eurofound 2016) divides
tasks according to both content, e.g. the actual actions performed in the work,
and methods and tools, e.g. the way in which tasks are performed. We consider
routine as a method rather than a content of tasks. This allows us, together with
the availability of our data, to measure routine directly, rather than relying on
subjective categorization of tasks as routine or non-routine. Moreover, we can
hypothesize that the adoption of technological innovation is an element of work
organization, and its adoption is not purely exogenous: adoption of new technology
affects the organization of the production process (among which routine intensity),
and work organization can be reorganized with the specific aim of allowing the
adoption of new technology, e.g. the work is likely to be unbundled into fragmented
and standardized tasks that can subsequently be replaced by machines. Therefore,
technological innovation affects task structure only indirectly as it is mediated by
the other elements of work organization.
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For our empirical analysis, we build a “pseudo” panel from EWCS, which al-
lows us to perform a FE regression. As regards task methods, in contrast to
previous literature, for fifteen EU countries between 1995 and 2015 our data show
that computerization has had a significant positive impact on the two indexes that
compose our indicator of routine: repetitiveness and standardization. The impact
on standardization is almost three times larger than on repetitiveness. The ro-
bustness of these results is confirmed by checking it against different models and
specifications. The results are confirmed by a series of other specifications and
models, in particular an instrumental variable model (instrumenting computer use
through an index of home working) and a fractional response model (taking into
account the distribution of the dependent variables, between 0 and 1). This sheds
new light on the effect of technological innovation on task structure: adoption
of technological innovation does not only substitute for routine tasks, but it also
affects work organization, with a likely restructuring of jobs into more fragmented
and standardized tasks. Regarding task contents, our findings were again in con-
tradiction to the existing literature, as our results showed a negative effect on
social tasks (although this result does not hold in different models). In accor-
dance with previous literature, computerization affects negatively physical tasks
and positively intellectual tasks.

These results make the picture of RBTC more complex, in particular, they pose
some doubts about the validity of using routine tasks as predictors of which occu-
pations will be substituted by machines. While routine tasks remain a useful tool
for investigating the effect of innovation on labor structure and employment, its
forecasting capacity should be sensibly reconsidered. As we have illustrated with
the example of car drivers, occupations that were previously considered immune
from technological substitution are in fact nowadays at risk.

Further studies will be needed in the context of continuously and rapidly evolv-
ing technology. We consider that researchers may want to further explore the
“black box” of work organization, which, especially from a task perspective, is es-
sential for a better understanding of how tasks are assigned and bundled into jobs.
Within this research, technology has to be considered an endogenous factor within
work organization. Analyses which view technology as an exogenous variable are
likely to suffer from determinist bias. Finally, we are far from having found the ul-
timate definition and measurement of routine tasks. Future studies should further
develop the conceptualization of routine tasks, along with developing functioning
surveys able to measure it in its different aspects.
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Appendix

In this section, we perform a series of regression, in order to analyse the differences
between our results with the previous literature, and other robustness checks to
verify consistency.

Reproduction of other models

As we said, the differences between our results and previous econometric studies
may depend mainly on four aspects: a difference in econometric models; a different
measurement of the routine index; a difference in the time period under consid-
eration; differences between the population studied (US, German, UK or EU-15
labour force). To check the first case, we replicate the first-difference model be-
tween the last and first period (Autor, Levy and Murnau 2003) and between each
pair of waves (Spitz-Oener 2006), and a pooled OLS on individual observations
(Green 2012).

The first two models, by differencing equations at two different times, remove
unobserved variables that may have been omitted and reduce therefore also the
endogeneity issue that may arise. This procedure is not far different from our FE
(Green 2012). In fact, they produce consistent results with the ones presented
(only coefficients of repetitiveness in the second model, and of social tasks in both
models, lose its significance).

Autor, Levy and Murnau (2003) adopted a first-difference model on only two
times (due to the DOT data available). It is the most intuitive regression to
analyse how the change in technology affected the change in the routine content
of jobs, as the equation can easily present:

∆(taski,2015−1995 · wi,1995) = α + β∆(innovationi,2015−1995 · wi,1995) + ε (2.3)

Tab 2.5 shows a positive significant effect of the increase of computer use on two
out three variables: repetitiveness (0.134, at 10% significance) and standardization
(0.169, 10%). When we introduce machine as a covariate, computer coefficients
change just slightly and their significance hold, while an increase in the use of
machines has as expected a significant positive effect on repetitiveness and negative
autonomy, but no significant effect on standardization About the contents of tasks,
only intellectual tasks present a significant at the 10% coefficient of 0.119. When
we introduce machines it does not change computer coefficients, and they have a
significant effect only on physical tasks, as conceivable.
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Table 2.5: ”Before and after” (replication of ALM 2003)

(1) (2) (3) (4) (5) (6)
d repet d stand d auton d repet d stand d auton

d comp 0.134** 0.169** 0.0250 0.152** 0.183*** 0.00728
(2.05) (2.40) (0.38) (2.39) (2.64) (0.12)

d mach 0.334* 0.272 -0.335*
(1.94) (1.58) (-1.85)

cons 0.00144 0.0334* -0.00769 0.00152 0.0334* -0.00777
(0.09) (1.90) (-0.41) (0.09) (1.84) (-0.44)

N 96 96 96 96 96 96
r2 0.0538 0.0664 0.00194 0.108 0.0944 0.0586
r2 a 0.0437 0.0565 -0.00868 0.0886 0.0749 0.0384
F 4.188 5.760 0.147 4.051 5.018 1.743

(1) (2) (3) (4) (5) (6)
d social d intel d phys d social d intel d phys

d comp -0.121 0.119* -0.0504 -0.134 0.124** -0.0266
(-1.26) (1.96) (-1.07) (-1.40) (2.09) (-0.61)

d mach -0.249 0.0914 0.451***
(-1.09) (0.64) (4.28)

cons -0.0589*** -0.0133 -0.00119 -0.0590*** -0.0133 -0.00107
(-2.75) (-0.84) (-0.10) (-2.81) (-0.83) (-0.10)

N 96 96 96 96 96 96
r2 0.0214 0.0556 0.0189 0.0361 0.0609 0.264
r2 a 0.0110 0.0455 0.00845 0.0154 0.0407 0.248
F 1.581 3.823 1.147 1.396 2.953 12.90

t statistics in parentheses

* p<0.1, ** p<0.05, *** p<0.01
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Spitz-Oener (2006) could rely on more waves, building a more efficient first-
difference model. In our replication, it allows us to properly take into account
specific variations between each pair of waves, granting a larger number of obser-
vations that should return a more specific estimation.

∆(taski,t−(t−1) · wi,1995) = α + β∆(innovationi,t−(t−1) · wi,1995) + ε (2.4)

As before, we try two main different specifications, regressing our methods
and contents indexes against computer use alone, and together with machine use.
Although some differences in the significance, the picture presented by Tab 2.6
is similar enough with the previous models. While the impact of computers on
standardization remains positive and significant, both with and without machines,
on repetitiveness it loses its significance. It also appears a significant coefficient
for the effect of computers on autonomy, confirmed when machines are introduced,
which presents a negative sign (as before). Fot the contents of tasks, the effect of
computers is positive on intellectual and negative on physical tasks, with machines
having a positive impact only on this latter.

Green (2012) presented two different models: a “pseudo” panel, like the one of
this paper, and a pooled OLS. The author did not classified tasks into routine and
nonroutine (as Autor, Levy and Murnau 2003) but used an index that directly
measures “repetitive physical tasks”. Moreover, he divided the computerization
into two different levels of complexity, “low computing” and “high computing”.
In his paper, the FE coefficient of “low computing” on “repetitive physical tasks”
appeared to be significantly positive, while the coefficient of “high computing”
non-significant. This result is closer to the model presented in this paper than the
other two models just replicated.

We replicate also the pooled OLS, although as already discussed its coefficients
may be biased by omitted variable and endogeneity, and therefore it is to be con-
sidered only as an additional try. For simplicity in Tab 2.7 we present coefficients
of regression of the tasks only on computer use (and not on machine use, which
anyway does not alter the coefficients). As Green (2012) we propose two different
specification. The first one is

taskit · wit = α + βinnovationit · wit) + γdummywave + ε (2.5)

in which we capture wave-specific effects through wave dummy variables. In
this specification, computer use has a negative effect on repetitiveness, differently
with what we found before, and a positive one with standardization and autonomy.
With respect to task contents, computer has the usual negative effect on physical
and positive on intellectual tasks, while also differently from before the coefficient
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Table 2.6: First-difference (replication of SO 2006)

(1) (2) (3) (4) (5) (6)
d repet d stand d auton d repet d stand d auton

d comp 0.0111 0.306*** 0.147** 0.0227 0.322*** 0.135**
(0.24) (4.35) (2.43) (0.51) (4.63) (2.35)

d mach 0.342*** 0.471*** -0.352***
(5.24) (5.88) (-4.37)

cons 0.00475 0.00832 -0.00725 0.00501 0.00868* -0.00752
(1.16) (1.64) (-1.29) (1.24) (1.79) (-1.41)

N 383 383 383 383 383 383
r2 0.000206 0.0826 0.0257 0.0691 0.152 0.0777
r2 a -0.00242 0.0802 0.0231 0.0642 0.147 0.0729
F 0.0593 18.91 5.922 13.98 23.51 11.57

(1) (2) (3) (4) (5) (6)
d social d intel d phys d social d intel d phys

d comp -0.0495 0.212*** -0.163*** -0.0529 0.214*** -0.153***
(-0.75) (4.49) (-4.96) (-0.80) (4.53) (-4.51)

d mach -0.102 0.0638 0.309***
(-0.81) (0.82) (5.79)

cons -0.0183*** -0.00448 0.00376 -0.0184*** -0.00443 0.00400
(-2.99) (-0.89) (1.18) (-2.95) (-0.87) (1.28)

N 383 383 383 383 383 383
r2 0.00174 0.0615 0.0772 0.00438 0.0634 0.174
r2 a -0.000877 0.0590 0.0748 -0.000861 0.0585 0.170
F 0.559 20.17 24.59 0.759 10.70 31.14

t statistics in parentheses

* p<0.1, ** p<0.05, *** p<0.01
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on social tasks becomes negative. In the second specification, we add another
dummy variable capturing job-specific effects

taskit · wit = α + βinnovationit · wit) + γ1dummywave + γ2dummywave + ε (2.6)

The inclusion of the jobs as dummy variables allows capturing the variation
of tasks not across all the workers, but across workers within the same jobs. It
is therefore not surprising that in almost all the cases the results described above
are confirmed with some small differences in magnitude. The evident exception is
repetitiveness, for which the inclusion of job dummy variables makes the coefficient
turning from (slightly) negative to (slightly) positive. What this means is that jobs
with higher use of computer tend to be less repetitive than jobs with lower use
of computer, but within each job a worker who uses more the computer has also
more repetitive tasks than a colleague that uses it less. It is reasonable that a pro-
fessional uses more the computer and presents a lower level of repetitiveness than
a metalworker, who does not use computer almost at all, but within professionals
those who use more the computer at work present a higher level of repetitiveness
than their colleagues who uses it less. These results are confirmed also by different
specifications of the model: running regressions by each wave (e.g. not pooling all
the waves together) we find consistent results with the pooled model and among
each wave, which implies that the relationship between computer use and the tasks
remains constant over our period of analysis.

We remind again that these regressions are just indicative, and have to be con-
sidered cautiously. Anyway, also these values contradict only partially our results,
confirming a consistent and strong effect of computerization on standardization,
one of our two components of routine, while on repetitiveness we assist to a sig-
nificant difference if we look at the variation between jobs or within jobs.

Indexes unbundled into single variables

Another probable source of difference with the previous literature is about how
routine tasks are measured. As already presented in the literature review, Au-
tor, Levy and Murnau (2003) categorized tasks “set limits, tolerances, or stan-
dards” as routine cognitive and “finger dexterity” as routine manual; Spitz-Oener
(2006) used “calculating, bookkeeping, correcting texts/data” and “measuring
length/weight/temperature” “Operating or controlling machines and equipping
machines”, respectively; Green (2012) used a index that directly measures “repet-
itive physical tasks”. Evidently, and as well acknowledged, “variable choice does
matter” (Autor, Levy and Murnau 2003: 1306).
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Table 2.7: Pooled OLS (replication of Green 2012)

(1) (2) (3) (4) (5) (6)
repet repet stand stand auton auton

comp -0.0828*** 0.0364*** 0.0507*** 0.0997*** 0.178*** 0.108***
(-19.20) (6.95) (10.86) (17.50) (38.02) (18.87)

dummy year yes yes yes yes yes yes
dummy job no yes no yes no yes
cons 0.433*** 0.324*** 0.526*** 0.581*** 0.659*** 0.902***

(100.02) (9.51) (112.86) (12.94) (141.61) (41.20)
N 94928 94928 94627 94627 94723 94723
r2 0.0111 0.104 0.0123 0.107 0.0361 0.117
r2 a 0.0111 0.103 0.0122 0.106 0.0361 0.116
F 84.31 44.28 88.31 54.65 297.8 56.77

(1) (2) (3) (4) (5) (6)
phys phys intel intel social social

comp -0.196*** -0.0564*** 0.275*** 0.210*** 0.0915*** 0.0491***
(-62.99) (-14.47) (70.46) (44.40) (16.96) (7.93)

dummy year yes yes yes yes yes yes
dummy job no yes no yes no yes
cons 0.301*** 0.320*** 0.648*** 0.773*** 0.566*** 0.398***

(89.33) (11.92) (165.52) (24.67) (106.49) (10.34)
N 94885 94885 94683 94683 94718 94718
r2 0.0813 0.192 0.107 0.219 0.00998 0.232
r2 a 0.0812 0.192 0.107 0.218 0.00992 0.231
F 803.3 107.4 1012.6 129.9 74.80 151.0

t statistics in parentheses

* p<0.1, ** p<0.05, *** p<0.01
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We presented our choice of variables in previous sections, accordingly with the
task framework and with the data available in the EWCS data, also explaining
that in our view, our method prevents the subjective process of categorizing tasks
as routine or not. While we cannot replicate models with different variables not
present in our dataset, in Tab 2.8 we repeat our FE regression unbundling our task
methods indexes into the single variables, in order to present a further validation
of our results. For repetitiveness, the coefficient of computerization is positive and
significant on repet (repetitive task), while it is not significant on rep10 (repetitive
task of less than 10 minutes), and on monot (monotonous tasks) is significant only
when machine use is added as co-regressor. For standardization, the impact of
computerization is significantly positive on both variables, although on numerical
(numerical production target) is much higher than qualstand (meeting quality
standard). For autonomy, we observe how computer has a different effect on the
ability to change the order of tasks (positive) and the methods of work (negative,
although significantly only when machine use is added), while it is not significant
on the ability to change the speed of word.

Again, while we cannot completely compare our variables with the ones used
by previous literature, the disaggregation of our indexes can give a deeper pic-
ture on the effect of technological innovation on the various components of work
organization, and in particular of the concept of routine.

Time period under consideration

The difference with the previous literature may also arise from the period under
consideration. It is very possible, as we discussed, that different waves of innovation
in different periods had different effects on the task structure of jobs. Autor, Levy
and Murnau (2003) analyzed the period 1977-1991, Spitz-Oener (2006) the period
1979-1991 and Green (2012) the period 1997-2006. While with our data we cannot
reach the 1977-1991 period, we can isolate the 1995-2005 period, which is closer
to Green (2012). Moreover, breaking our analysis into two different sub-periods
is also helpful to consider whether technological innovation has different effects
under different macroeconomic cycles since the period 1995-2005 would capture a
pre-recession phase and a period 2010-2015 the recession phase.

Thus, in Tab 2.9 we replicate our FE regression only on the first three waves.
As we can see, although some variations of the coefficients magnitude, differences
are not huge. The coefficient on repetitiveness is just a bit tinier, while on stan-
dardization is even bigger than for the regression on the whole period. For task
contents, the effect on intellect tasks loses significance, on physical tasks further
declines in magnitude, while for social tasks it surprisingly doubles the magnitude
of coefficient.
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Table 2.8: Fixed-effect on single variables

(1) (2) (3) (4) (5) (6)
rep10 repetitive monot rep10 repetitive monot

comp 0.0587 0.180*** 0.0666 0.0623 0.192*** 0.0801*
(1.47) (3.45) (1.59) (1.54) (3.67) (1.88)

mach 0.0893 0.318*** 0.335***
(0.81) (2.80) (2.67)

cons 0.397*** 0.388*** 0.408*** 0.379*** 0.325*** 0.342***
(27.68) (20.77) (27.07) (14.12) (10.70) (11.76)

N 474 474 474 474 474 474
r2 0.00601 0.0724 0.00944 0.00766 0.0994 0.0378
r2 a 0.00390 0.0705 0.00734 0.00344 0.0956 0.0337
F 2.161 11.91 2.514 1.320 9.036 4.724

(1) (2) (3) (4)
numerical qualstand numerical qualstand

comp 0.576*** 0.126*** 0.597*** 0.143***
(10.04) (3.27) (11.07) (4.07)

mach 0.536*** 0.428***
(4.06) (4.82)

cons 0.192*** 0.691*** 0.0867*** 0.607***
(9.31) (50.05) (2.64) (30.33)

N 473 474 473 474
r2 0.342 0.0432 0.378 0.102
r2 a 0.341 0.0411 0.375 0.0985
F 100.8 10.70 64.56 20.77

(1) (2) (3) (4) (5) (6)
taskorder methods speed taskorder methods speed

comp 0.134*** -0.0664 -0.0339 0.117*** -0.0768* -0.0465
(3.32) (-1.59) (-0.81) (2.91) (-1.85) (-1.12)

mach -0.424*** -0.257** -0.313***
(-4.24) (-2.39) (-2.65)

cons 0.609*** 0.722*** 0.718*** 0.692*** 0.772*** 0.779***
(41.89) (48.17) (47.95) (29.78) (32.69) (31.10)

N 474 474 474 474 474 474
r2 0.0412 0.0111 0.00291 0.0898 0.0309 0.0324
r2 a 0.0392 0.00905 0.000800 0.0860 0.0268 0.0283
F 11.01 2.528 0.658 13.30 4.928 4.415

t statistics in parentheses

* p<0.1, ** p<0.05, *** p<0.01
83



While we cannot test our model to period before 1995, also the focus on the
1995-2005 period confirms a positive effect of computerization and machine use on
our routine indicators.

Finally, as a further control, we replicate our model with the unit of analysis
defined differently. To check a more detailed level of information, we create jobs
as cells of the matrix ISCO88 at 2 digits (instead of 1 digit) and NACE grouped
in 9 sectors. This level of aggregation is available in the EWCS only from 2000, so
we perform the regression for the period 2000-2015. Again, no major differences:
only the effect on social tasks loses significance.

Instrumental variable

Unfortunately the question on working from home is not consistent in all the waves
of EWCS.

In 1995 the question is “How often does your main paid job involve working at
home?” In 2000 and 2005 the question is split in two: “Using the following scale,
does your main paid job involve teleworking from home with a PC” and “working
at home (home being your normal workplace), excluding teleworking”. In 2010
question is “Where is your main place of work? - My own home”. Finally, in 2015
is “How often you have worked in each location during the last 12 months in your
main paid job - your own home”.
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Table 2.9: Fixed-effect, 1995-2005

(1) (2) (3) (4) (5) (6)
repet stand auton repet stand auton

comp 0.0844** 0.422*** -0.00316 0.0885** 0.427*** -0.00866
(2.05) (7.58) (-0.05) (2.18) (7.64) (-0.14)

mach 0.321*** 0.406*** -0.429***
(3.51) (3.53) (-3.42)

cons 0.397*** 0.416*** 0.688*** 0.337*** 0.340*** 0.768***
(31.09) (24.10) (35.41) (17.01) (12.40) (29.21)

N 284 284 284 284 284 284
r2 0.0231 0.224 0.0000186 0.0938 0.268 0.0727
r2 a 0.0196 0.221 -0.00353 0.0874 0.263 0.0661
F 4.195 57.46 0.00255 9.456 35.08 6.315

(1) (2) (3) (4) (5) (6)
phys intel social phys intel social

comp -0.110*** 0.0235 -0.388*** -0.106*** 0.0252 -0.390***
(-4.08) (0.78) (-5.26) (-3.92) (0.84) (-5.31)

mach 0.286*** 0.135 -0.133
(5.44) (1.34) (-0.80)

cons 0.290*** 0.693*** 0.663*** 0.237*** 0.668*** 0.688***
(34.82) (74.08) (28.94) (17.47) (31.96) (16.71)

N 284 284 284 284 284 284
r2 0.0700 0.00169 0.147 0.171 0.0135 0.151
r2 a 0.0667 -0.00185 0.144 0.165 0.00645 0.145
F 16.64 0.607 27.64 25.78 1.215 14.09

t statistics in parentheses

* p<0.1, ** p<0.05, *** p<0.01
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Table 2.10: Fixed-effect, ISCO 88 2 digits x NACE 9 cat., 2000-2015

(1) (2) (3) (4) (5) (6)
repet stand auton repet stand auton

comp 0.0732** 0.334*** 0.0620* 0.0914*** 0.351*** 0.0448
(2.14) (6.23) (1.75) (2.88) (7.05) (1.35)

mach 0.351*** 0.333*** -0.331***
(7.27) (5.28) (-4.44)

cons 0.416*** 0.448*** 0.658*** 0.345*** 0.381*** 0.724***
(33.10) (22.71) (50.40) (23.65) (17.30) (41.17)

N 860 860 860 860 860 860
r2 0.0126 0.154 0.00711 0.104 0.203 0.0713
r2 a 0.0115 0.153 0.00596 0.102 0.201 0.0692
F 4.590 38.76 3.047 30.52 37.20 10.37

(1) (2) (3) (4) (5) (6)
phys intel social phys intel social

comp -0.104*** 0.183*** -0.00565 -0.0915*** 0.177*** -0.00961
(-4.00) (6.32) (-0.16) (-3.47) (6.40) (-0.26)

mach 0.249*** -0.121 -0.0762
(4.70) (-1.36) (-1.05)

cons 0.295*** 0.624*** 0.529*** 0.245*** 0.649*** 0.545***
(30.71) (58.54) (39.55) (17.77) (34.80) (27.56)

N 860 860 859 860 860 859
r2 0.0425 0.0742 0.0000542 0.119 0.0844 0.00317
r2 a 0.0414 0.0731 -0.00111 0.117 0.0823 0.000842
F 15.97 39.94 0.0241 17.40 21.00 0.566

t statistics in parentheses

* p<0.1, ** p<0.05, *** p<0.01
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Chapter 3

Routine-Biased Technological
Change in the European Union: a
regional analysis assessing
differences in impacting countries

Abstract In a very extended debate on the impact of technological innovation on the

labor market, the routine-biased technological change (RBTC) is a suggestive theory

and a useful framework for analyzing the complex relationship between technology and

employment. RBTC considers how highly routine jobs (standardized and codified) are

easily replaced by machines, and how these kinds of jobs are usually in the middle of the

skill continuum. Therefore, employment of the middle-skilled workers declines relative

to both low- and high-skilled ones, contributing to a “polarization” effect of the labor

market. While for the US market the theory has been found valid (Acemoglu and Au-

tor, 2010), results for the EU appear conflicting. On the one hand Goos, Manning and

Salomons (2010; 2014) analysing the EU as a single economy document “the pervasive-

ness of job polarization in 16 Western European countries over the period 1993-2010”

(Goos, Manning and Salomons 2014, p. 1), on the other Fernandez-Macıas (2012) and

Fernandez-Macias and Hurley (2016), analysing each of the EU-15 members separately,

find a variety of labour market patterns. They also find that for those countries that

present evidence of polarization, these polarization processes do not strongly conform

with the RBTC hypothesis. To verify the existence and extent of significant geographi-

cal differences in the impact of technological innovation on employment structure across

EU members, we perform a regional analysis, making use of the regional NUTS-2 clas-

sification.
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3.1 Introduction

The recent wave of technological innovations point to the arrival of yet another
industrial revolution, a transformation that would see the complete renewal of the
production system as we know it. The forecast is that the use of multi-purpose in-
dustrial robots, as it becomes ever more extensive thanks to secular declining prices
(Acemoglu and Restrepo 2017), will be augmented by increasingly finer artificial
intelligence that will allow machines to be virtually autonomous from human con-
trol. This would mean that machines could not only replicate set-in commands but
also interpret a dynamic environment, and thus make choices, as in the examples
of self-driving cars or drones. Innovations are not limited to the production and
distribution sectors but are also impacting various service-sector jobs that used to
be highly skilled: from vocal recognition to translation software, from automatized
television direction to surgical or diagnostic medical robots. These technological
prospects are attracting interest from both technology pessimists and technology
enthusiasts. The former worry about the potentially disruptive effect that new
technologies may have on employment, and sound alerts about future “techno-
logical unemployment”. In a widely discussed forecast, Frey and Osborne (2013)
estimate that an astonishing 47% of US employment is at high risk of displacement
by robots in the next decades. Their methodology was then used by the Bank of
England (Haldane 2015) to predict that about one-third of UK jobs are at risk.
As many have noted, however, this is not the first technological revolution that
capitalist economies face, and similar warnings have in the past proven misjudged.

The impact of technological innovation has been a key area of research in eco-
nomics since the very foundation of the discipline. While it is undisputed that
innovation is the engine of economic development, it has always been a cause
for concern due to its complex relationship with the labor force (Mokyr, Vickers
and Ziebarth 2015). The worries about the impact on employment were already
theoretically expressed by D. Ricardo, who anticipated the risk of “technological
unemployment”, as well as by A. Smith, who raised concerns about negative ef-
fects in terms of de-skilling the workforce. . However, this strain of thinking also
found a more practical expression in the well-known Luddite movement. Indeed,
the building of the first factories did reshape the workforce along with the produc-
tion structure, resulting in the de-skilling of the previous artisan class, but it also
led to the absorption of a large number of peasants: in the long term, it did not
result in mass structural unemployment. In his famous “Economic possibilities
for our grandchildren” Keynes (1930) problematizes the concept of technological
unemployment: in the short run “[t]his means unemployment due to our discovery
of means of economising the use of labour outrunning the pace at which we can
find new uses for labor. But this is only a temporary phase of maladjustment. All
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this means in the long run that mankind is solving its economic problem”. This
passage (which sometimes is misleadingly quoted only in its first part), as well as
the whole article, foresees a positivist future of leisure for the whole human race.
Unfortunately, this optimistic forecast is based on two unrealistic assumptions, as
acknowledged by the author: “no important wars and no important increase in
population”.

After the long post-war period of economic growth in developed countries,
which assuaged these preoccupations, the topic re-emerged in the late-90s under
a different perspective. The ITC boom presented a different problem to the “sim-
ple” unemployment that had been feared previously, namely a strong increase
in income inequality. The first theory to take this into account was by Goldin
and Katz (1998), who introduced the concept of technology skill-complementarity.
Their contribution became known as the skill-biased technological change hypoth-
esis or SBTC (Violante 2008), in opposition to the classical factor-neutral model of
technological change dominant since Solow (1957). While the theory explained the
upgrading effect of innovation on the labor force, it was rapidly adapted to account
for a non-linear pattern in the employment/skill structure emerging from the data,
a “polarization effect” implying the hollowing out of the middle-skilled jobs and
the relative increase of both low- and high- skilled occupations (Acemoglu and
Autor 2012). This, in turn, laid the ground for the routine-biased technological
change (RBTC) theory: new pieces of machinery substitute workers performing
routine tasks, namely tasks that are standardized and codifiable, which are usually
located in the middle of the skill continuum. This substitution reduces the relative
level of employment and wages of middle-skilled workers with respect of both low-
and high-skilled ones.

To sum up, economists have studied not only the overall effects on unemploy-
ment stemming from the technology-labor relation, but also the impact of the
latter on different aspects of the structure of the employment structure. In this
paper, we investigate the impact of technological innovation on the European la-
bor market from an RBTC perspective, in order to study not only the impact on
employment level but also the change in the skill/employment structure. In line
with the RBTC literature, we consider the complex effect of technology on labor
dynamics. The complexity arises from the fact that the displacement effects of
new labor-saving devices is often accompanied by bucking effects, such as price
reductions or productivity growth that may foster employment in other sectors.

One of the main tennets of the RBTC framework is the theory of labor market
“polarization”. While the theory has been found empirically valid for the US,
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regarding the EU there are two different views: Goos, Manning and Salomons
(2010; 2014) find a “pervasiveness of job polarization in 16 Western European
countries over the period 1993-2010”, while Fernández-Maćıas and Hurley (2016)
conclude that EU members show different employment patterns.

In this chapter we address the question whether Europe experienced a polariza-
tion of the skill distribution at the regional level, using the NUTS (Nomenclature
of Territorial Units for Statistics) classification available from the Labor Force Sur-
vey (LFS), a survey conducted yearly by Eurostat. Our underlying hypothesis is
that different regions may experience different labor market evolution, depending
on initial labor compositions. According to classical RBTC literature and the po-
larization hypothesis, we expect that the polarization effect will be significantly
stronger in those regions that present an initially larger share of routine-intensive
jobs, while in those regions with fewer routine jobs technological innovation may
impact the labor structure in different ways. The rationale is that in regions
specialized in routine-intensive tasks (mainly manufacture industry and related
services) firms will have more incentives for substituting machinery for workers
with the aim of reducing production costs. Therefore, in those regions, we ex-
pect to observe a polarization process. On the contrary, in regions without a
strong manufacturing-industrial tradition, the substitution of routine jobs should
be lower, and thus the impact of innovation is not expected to produce polarization.

The hypothesis that technological innovation may affect European countries in
different ways is intuitive considering that very different local economies coexist
in the Union. Inequalities exist not only between states buts, but also between
different regions within the same country. We could cite here the difference be-
tween the north and south Italy, or between West and East Germany, and we note
that in many cases such differences widened in the wake of Great Recession. It
is, therefore, likely that EU regions experienced different patterns of development,
of innovation, and thus of labor market evolution. Research addressing regional
differences may, in turn, become a useful framework for analyzing other aspects
of contemporary European labor markets, such as the phenomenon of the “jobless
recovery” (Jaimovich and Siu 2012). The term refers to a form of recovery from
the economic crisis that was not accompanied by a respective decline in uemploy-
ment. The regional approach may also be useful to further explore the theory of
“power-biased technical change” (Guy and Skott 2013), where the analysis of tech-
nological innovation that includes power relations and institutions in the attempt
to account for increasing inequality.

The remainder of this paper is articulated as follows: the literature review
explains how the task-based approach, the RBTC hypothesis and the polariza-
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tion hypothesis were formed and sets out the construction of the Routine Task
Index (RTI); the regional section discusses the need to move towards a more local
analysis; the data section explains how the LFS datasets were compiled, how the
NUTS classification works and how Eurofound’s RTI was built; the empirical sec-
tion presents the regression model and the results; finally, some conclusions and
future research lines are drawn.

3.2 Literature review

The RBTC is a refinement of the skill-biased technological change (SBTC) hy-
pothesis. It was the renowned paper by Autor, Levy and Murnau (2003) which in-
troduced the task approach into the analysis of technological change. The authors
proposed a four-fold classification of labor tasks distinguishing between manual
and cognitive tasks on the one hand, and routine and nonroutine on the other,
with computer capital substituting for routine tasks and complementing nonrou-
tine tasks. They started analyzing the job content, namely tasks, rather than the
workers’ skills, but their results appeared to still be in line with the SBTC as
they found that non-routine tasks were more often performed by college-educated
workers (e.g. high-skilled workers). Their paper first used the U.S. Department of
Labor’s Dictionary of Occupational Titles (DOT), a database compiled by expert
researchers which included a highly detailed measurement of several aspects of oc-
cupation content. To build measures of routine and non-routine tasks, they used
different variables capturing manual and analytical skill requirements, e.g. plan-
ning activities and the use of mathematical reasoning for analytical non-routine
tasks, setting limits and tolerances for analytical routine, finger dexterity for man-
ual routine, and eye-hand-foot coordination for manual non-routine tasks. These
variables were attached to the occupations identified by the Census and Current
Population Survey (CPS) and then used to explain variation in employment levels
of different jobs. The DOT database, and its updated version called O*NET, are
still the most widely used in the RBTC literature on the US market as well as by
various studies carried out on the EU labor market.

The first paper introducing the polarization hypothesis to the task-based ap-
proach was the study of Goos and Manning (2003) on the UK labor market. The
main innovation with respect to the previous literature concerned the focus on low-
skilled jobs. Previous SBTC literature, as well as Autor, Levy and Murnau (2003)’s
contribution, had been able to account for the change in the upper tail of the skill
distribution, but not in the lower tail. Goos and Manning, however, noted that
low-skilled jobs appeared to increase, rather than decline, and they used this find-
ing to formulate the polarization hypothesis within the RBTC framework. Goos,
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Manning and Salomons (2009) later expanded this study to the rest of Europe, in-
dicating globalization (in particular offshoring) and inequality as additional causes
for employment polarization. In order to build indexes of routinization, they used
the O*NET database (which replaced the DOT database, as noted). Furthermore,
they matched the DOT database to the European Labor Force Survey (LFS) in
order to track employment in different occupations, as well as to the European
Community Household Panel (ECHP) and the European Statistic on Income and
Living Conditions (EU-SILC) datasets to track wages. Their empirical analy-
sis provided descriptive statistics of the employment percentage change in 16 EU
countries over the period 1993-2006 for 21 occupations, ranked by their skill level
(proxied by mean wages) and divided into three categories (eight high-paying, nine
middling and four low-paying occupations). They showed how the nine middling
occupations had declined, both in the aggregate of the 16 European countries and
within each of these countries. Finally, they tested for causes of the decline of
middling occupations for the 16 countries in the study by regressing the change in
employment levels against the number of hours worked on different tasks (abstract,
routine and services), an index of offshorability, educational level and the wages.
In their results, only the indexes of abstract cognitive tasks and routine repetitive
tasks show a significant effect on the decline of middling jobs, the former positively
and the latter negatively, as expected. In order to identify the shifts in product
demand, Goos, Manning and Salomons (2010) extended their research to a for-
mal model that takes into account both within- and between-industry employment
structures: the idea is that once new technological capital replaces workers in high
routine industries, the price of goods produced by the industry declines, leading
to a higher demand which in turn should foster production and thus employment.
The empirical study included a large set of tests to ensure the robustness of the
different specifications and controls used, and it resulted in the confirmation of a
pervasive polarization effect of RBTC across all the EU countries studied, an effect
that was only marginally mitigated by the between-industry effect (i.e. the reduc-
tion in prices of goods). These results were also confirmed for the years 1993-2010
(Goos, Manning and Salomons 2014).

A quite different type of analysis for Europe was introduced by Fernández-
Maćıas (2012). Reviewing previous research, the author found mixed evidence for
the outcomes of routinization in different European countries. Using LFS data for
1995-2007, he ranked occupations by skill (still proxied by mean wage) in order to
classify them into three categories (highest-paying, middle and lowest-paying). In
contrast to Goos, Manning and Salomons (2009), who grouped occupations in three
uneven categories of 8, 9 and 4 occupations, respectively, Fernández-Maćıas (2012)
built three even categories of seven occupations each (see Tab 3.1 for details). This
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Table 3.1: Differences Goos, Manning and Salomons - Fernández-Maćıas

GSM ISCO FM

high-paying

12 Corporate managers

high-paying

21 Physical, mathematical and engineering prof.
22 Life science and health professionals
24 Other professionals
13 Managers of small enterprises
31 Physical, math. and engin. ass. prof.
34 Other associate professionals

32 Life science and health ass. prof.

middling

83 Drivers and mobile plant operators

middling

81 Stationary plant and related operators
72 Metal, machinery and related trade workers
73 Precision, handicraft, printing and rel. trade w.
41 Office clerks
42 Customer service clerks

71 Extraction and building trades workers

low-paying

82 Machine operators and assemblers
74 Other craft and related trade workers

low-paying
51 Personal and protective service workers
93 Laborers in mining, cons., manufact. and trans.
52 Models, salespersons and demonstrators
91 Sales and service elementary occupations

reclassification of occupations led to the finding that the degree of polarization was
milder than previously thought.

The author then explored changes in employment through descriptive statistics
for each country by distributing occupations into wage quintiles. His findings did
not present an even degree of polarization across countries, but rather three differ-
ent patterns: polarization (Netherlands, France, Germany, Belgium and UK); up-
grading, meaning that employment increased in middle wage/skill occupations but
even more in high-paying ones (Finland, Luxembourg, Denmark, Sweden, Ireland);
mild-upgrading, with both middling and high-paying occupations increasing, but
the former more than the latter (Italy, Spain, Portugal, Greece, Austria). Accord-
ing to the author these differences in trends affecting the employment structure
did not disprove the central role of routine tasks in shaping employment structure.
Rather the task structure of jobs was seen not to impact the labor market in iso-
lation, but to interact with other factors such as labor market institutions. This
analysis was repeated by Fernández-Maćıas and Hurley (2016), with the signifi-
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cant addition of a new routine task index based on European data (EWCS and
PIAAC datasets) instead of the US-based O*NET (further details are given below
in the data section). Using this index, the authors built a regression model in
order to determine the extent to which the observed effects on employment can
be predicted by the routine task content (as well as the cognitive task content,
social interaction task content and trade intensity). They ran a regression for each
country, using jobs as the unit of analysis and the relative change in employment
for each job as a dependent variable, and they found that only in a few countries
has the routine intensity of a job significantly influenced employment changes in
the way the RBTC hypothesis predicted.

As we have mentioned, the main strand of RBTC analysis is based on the
routine task index (RTI, whose definition varies somewhat across authors) and
variations in employment numbers for different occupations. A different approach
was developed by Autor and Dorn (2013), who built a spatial equilibrium model.
The model is close to that elaborated by Goos, Manning and Salomons (2009) since
it takes into account employment changes both within and between industries us-
ing the elasticity of substitution in production between routine labor and computer
capital, and the elasticity of substitution in consumption between goods and ser-
vices. The spatial dimension is a key factor considering that goods (produced by
routine tasks) are tradable, but services (produced by low-skilled manual tasks) are
not, thus employment changes of low-skilled workers from routine to manual jobs
are better captured at the local level. Moreover, these two elasticities are “scaled”
by the initial share of the routine tasks in goods production: this is because the
authors hypothesize that even in the US, different local labor markets will show
different outcomes depending on the importance of the relative size of the routine
intensive industry, and so no generalised polarization effect will be observed. While
technological innovation is the same country-wide, different districts will adopt it
differently depending on their productive structure, which is expected to lead to
varying patterns of employment change. In this type of analysis, the unit is no
longer the single job, but the local labor market (defined as Commuting Zones)
with its “routine employment share” (RSH) index The latter is built as the share
of the top third occupations in the distribution of tasks (as usual exploiting the
RTI built on O*NET data). The authors draw four main implications from their
results: local labor markets with traditional specialization in routine intensive in-
dustries 1) adopt more computer capital; 2) reallocate more middle-skilled workers
to low-skilled jobs (employment polarization); 3) display wage increases at the two
extremities of the skill distribution (wage polarization); 4) receive inflows of both
low- and high-skilled workers.
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This kind of local-level analysis was also replicated in Europe. Senftleben-
König and Wielandt (2014) used the same approach for 204 labor market regions
over the period 1979-2006 for West Germany and revealed an employment po-
larization similar to the US, but not an equivalent wage polarization. Using the
same local dimension for Germany, Dauth (2014) found evidence of polarization
only for urban areas, while Blien and Dauth (2016) ‘s results showed no significant
causal relation between technological innovation and on the decline in numbers of
middle-skilled workers. Using regional classification for the whole of the EU, Goos
et al. (2015) studied the increase of high-tech employment and the existence of a
local high-tech multiplier: they estimated that for each high-tech job created, five
additional low-tech jobs are created. However, they also discovered a technological
gap across regions that might take decades to close. In a similar study, Gregory,
Salomons and Zierahn (2016) used this RBTC-based regional model to explore the
effects of technological innovation on general labor demand in Europe, finding a
generally positive effect on employment levels.

3.3 The regional approach

In recent years, a novel branch of economics under the title of “new economic
geography” has rapidly gained ground (Hassink et al. 2016). A rising interest
in local economies, their divergences from and interactions with each other, was
fed by the consideration that large disparities existed across countries as well
across regions within the same country on several accounts (GDP per capita,
growth, innovation, productive specialization, employment levels...). Economic
change can have severe localised effects: we can think here for example of the
socio-economic decline in the US of the city of Detroit due to the car-manufacturing
crisis or of the pauperization of the Rust Belt, especially when compared with the
progress of coastal metropolises (Moretti 2012). Many developing countries are
experiencing a process of fast urbanization that places metropolitan cities at the
receiving end of increasing flows of labor and economic resources, with a widening
gap compared to the countryside, especially in China (Dijkstra, Garcilazo and
McCann 2013). Regional disparities are often very dependent on the degree of
urbanization, and this also affects Europe, in particular, new member countries
experiencing a significant economic gap between the capital city and the rest of the
country. Alcidi et al. (2018) showed that while a process of income convergence
between the Central and Eastern European countries and the EU average is in
progress, this is mainly being driven by capital cities. This means that incomes in
Prague, Warsaw, Bucharest, Sophia and Budapest are becoming closer to the EU
average but further from averages in the rest of the country, thus within-countries
regional differences are being accentuated. As to Western Europe, similar divergent
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patterns were found across regions within Denmark and Sweden, while most of
Euro area members show some form of regional convergence, with the exception
of Italy and Greece.

Research in this area put forward a number of theories to explain local eco-
nomic specificities, from the natural advantages theory to the concept of knowledge
spill-over or that of human capital externalities. As this paper is focused on labor
dynamics, we consider the regional perspective is an appropriate tool for studying
local characteristics and regional differences. If regions are economically different in
many respects and move in different directions, it would be surprising to find sim-
ilar patterns in the evolution of their employment structure. Labor dynamics are
local rather than national: productive districts, local industries spill-over, regional
patterns of industrial specialization, economic agglomeration, are all dynamic pro-
cesses that strongly link employment creation and destruction to the territory in
which firms operate. These processes have no less importance in today’s more
globalized world where transportation costs are constantly being reduced though
this is certainly re-shaping the geography of labor. Much of the global north has
seen large parts of its productive industries delocalised. . Only a few states of the
global north have been able to maintain a central role in global supply chains, one
example being Germany which was able to reconvert and upgrade its production
sector to specialize in those parts of the production process where the added value
is higher, like the final assembly or the development of hi-tech products. Most
of the global north, however, has gone through a period of de-industrialization.
The loss of what was the most important economic activity – manufacturing - has
been compensated only partially by the growth of other sectors, which are becom-
ing fundamental to these economies but are still under-researched. An additional
reason to adopt a regional perspective is that it can suitably refine the analysis
of migration flows, an important consideration in the context of major sectoral
restructuring. The final benefit of the regional perspective is that it is particularly
suited for the research question we address here, namely the evolution of employ-
ment structures in 15 EU member countries. It is well known that the European
unification process assembled countries and regions incredibly different in terms
of their socio-economic make-up. Unsurprisingly, convergence has always been at
the center of the EU institutions’ policy agendas, attracting the interest of many
economists. We have already noted that, despite such attention, and despite the
resources made available by the EU to foster convergence, limited progress was
achieved before the crisis and it was halted or even reversed during the crisis.
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3.4 Data

3.4.1 Routine: RTI and RSH

It is worth reiterating that probably the most difficult step in carrying our an
RBTC empirical analysis is building the Routine Task Index (RTI). In section 2.5
we detailed three approaches used by researchers, as identified by Autor (2013),
and explained our reasons for privileging the approach of collecting information
about job requirements directly from workers by means of surveys. The collec-
tion of a consistent sample of interviews through a survey is clearly a difficult
task. The collection of such data in Europe, was first undertaken at the coun-
try level, e.g. in Germany (IAB/BIBB dataset; Spitz-Oener 2006) and the UK
(BSS; Green 2012). Fernández-Maćıas and Hurley (2014) first extended the anal-
ysis to Europe using the European Working Condition Survey (EWCS), a survey
that has been conducted every five years since 1990 by interviewing workers about
different indicators of occupational tasks. The same authors refined the initial
methodology by building a more comprehensive framework for analyzing tasks
(Fernández-Maćıas and Hurley 2016; Eurofound 2016). The cornerstone of this
methodology is a “task taxonomy” built to measure the extent to which a task
can be categorized as routine, as well as a series of additional characteristics. In
this taxonomy tasks are classified according to content (physical, intellectual or
social tasks), as well the methods and tools used to perform them (work organi-
zation including routines, and the use of technology where a further distinction is
made between non-ICT machines and computer use). Information on task content
is drawn from two sources in addition to the European Working Condition Survey
(EWCS), specifically the Programme for the International Assessment of Adult
Competencies (PIAAC) and the O*NET database. Both the EWCS and PIAAC
share the distinctive characteristic of letting workers report directly on the require-
ments of their job through computer-assisted personal interviewing. Although the
two datasets were not originally meant to measure task content as their primary
focus is working conditions, they nevertheless allow for the construction of indexes
of task features by averaging the workers’ answers within each occupation. PIAAC
is primarily targeted at surveying levels of education and skill among workers. It
contains an important section on how often a worker in a particular role is required
to perform certain tasks, such as reading or writing (different kinds of text), using
numbers (simple or advanced maths), using computers, and so on. Most variables
to construct the indexes for intellectual, social and computer use tasks are drawn
from PIAAC. EWCS is more focused on the workplace, physical stress factors and
how workers can organize their work, and it can therefore be used to construct
variables measuring physical tasks and the organization of work.
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We follow the method introduced by Eurofound (2016) to build our own RTI,
using the EWCS data from the 2010 survey. The successive coding of occupations
and sectors is available for this year (both ISCO88 and ISCO08 are reported for
occupations, while NACE v.1 and NACE v.2 are reported for sectors), allowing
us to match the EWCS occupational indexes to LFS reported occupations for
different years. Routine is divided into two different parts: repetitiveness, and the
standardization methods used to perform them. Eurofound 2016. Specifically, the
repetitiveness index is built on the following EWCS questions (Eurofound 2016):

• Does your main paid job involve repetitive hand or arm movements?

• Does your job involve short repetitive tasks of less than 1 minute?

• Does your job involve short repetitive tasks of less than 10 minutes?

• Generally, does your main paid job involve monotonous tasks?

The standardization exploits these questions:

• On the whole, is your pace of work dependent, or not, on numerical produc-
tion targets or performance targets?

• Generally, does your main paid job involve meeting precise quality standards?

The Eurofound concept of routine tends to be more general than the one found
in the O*NET database. An important difference is the absence of measures for
finger dexterity (used in Autor, Levy and Murnau (2003) and in several following
contributions). However, this is a mixed blessing since finger dexterity tends to
exaggerate the link between routine and manual tasks. Since nowadays computer
capital replaces jobs in the services sector, and not only in manufacturing, a routine
index based exclusively on physical (manual) tasks may not capture entirely the
changes affecting the entire labor force; an RTI based only on repetitiveness and
standardization seems more appropriate. One additional and apparent advantage
of the Eurofound dataset over the DOT-O*NET databases is that the former is
drawn directly from European surveys, hence it should reflect tasks content of
European occupations better than a US-based database. As with the Eurofound
dataset(2016), we built our RTI by (i) normalizing all the indexes between 0 and
1, (ii) averaging the different indexes over each worker and (iii) averaging values
across workers within the same ISCO 2 digit occupation.1

However, in the regional analysis, some of the discrepancies that may exist
between our RTI and the DOT-O*NET one, are minimised by the fact that the

1As said, due to the ISCO re-codification (designed in 2008, but officially operative from 2011,
such as for LFS), we use the double codification available in the EWCS wave of 2010 to generate
two distinct RSH: one for the period 2002-2010 (ISCO88) and one for 2011-2015 (ISCO08).
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routine variable is not used to directly explain the variation across time of the
employment level for each occupation. RTI is used, instead, to construct another
index the “routine employment share” (RSH), or the share of relatively routine-
intense occupations in a region. The RSH index was built following the same
methodology used by Autor and Dorn (2013):

RSHjt = (
K∑
k=1

Ljkt · 1[RTIk > RTIP66])(
K∑
k=1

Ljkt)
−1 (3.1)

where (Ljkt) in the employment in occupation k in the region j in the year t.
1[·] is an indicator function that takes the value 1 if the occupation is routine-
intense and zero if otherwise: the occupation is routine intense if it is in the
highest tertile of routine distribution on the European scale. The RSH measures
the proportion of total employment for that region occupied these routine-intense
roles ((

∑K
k=1 Ljkt)

−1), which simply is the share of the sum of workers employed
in the routine-intensive occupations of a region, over the whole occupation of that
region.

Tab 3.2 lists in order of increasing RTI the occupations included in the RSH we
have constructed, namely the top tertile of routine-intensive occupations. Their
number varies depending on which ISCO classification is used: 9 out of 26 for
ISCO88 and 15 out of 39 for ISCO08.

To calculate the level of employment in each of these occupations we resorted
to the European Labor Force Survey (LFS). The survey covers 28 Member States,
with a large sample size of interviews (in 2015: 1.5 million). Thanks to its ex-
tensive coverage, comparability across countries, and the availability of several
different variables, this database was used by all the contributors to the literature
on RBTC who focused on the EU. As noted above, change in the classification of
occupations and of sectors can impair consistency of analysis across time: in 2008
the NACE v.2 was introduced replacing version 1 (ILO 2012), and in 2011 the
ISCO 08 replaced the previous ISCO 88 (Eurostat 2008). Indeed, it is impossible
to perform a one-to-one conversion from the old versions to the new ones: many
occupations/sectors have been split and re-merged into new categories, and new
occupations have been created. Additionally, since our analysis takes into account
employment shifts, an approximated reclassification would prove impractical as it
would entail uncontrollable bias. For these reasons we preferred to split all our
analysis into three periods: 2002-2007 with ISCO 88 and NACE v.1, 2008-2010
with ISCO 88 and NACE v.2, 2011-2015. Although not optimal, this division
is broadly consistent with the EU macroeconomic cycle, since the years between
2002 and 2007 correspond to the ‘upturn’ that preceded the Great Recession, the
2008-2010 interval coincides with the period of the Great Recession, and the years
between 2011 and 2015 correspond to the recovery phase in most if not all EU
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Table 3.2: Top-third routine-intensive occupations

ISCO 88

52 Models, salespersons and demon-
strators

42 Customer services clerks

51 Personal and protective services
workers

93 Labourers in mining, construction,
manufacturing and transport

82 Machine operators and assemblers

74 Other craft and related trades
workers

71 Extraction and building trades
workers

81 Stationary-plant and related oper-
ators

73 Precision, handicraft, printing and
related trades workers

ISCO 08

13 Production and Specialized Ser-
vices Managers

61 Market-oriented skilled agricul-
tural workers

83 Drivers and Mobile Plant Opera-
tors

94 Food preparation assistants

92 Agricultural, Forestry and Fishery
Labourers

74 Electrical and electronic trades
workers

31 Science and engineering associate
professionals

62 Market-oriented skilled forestry,
fishery and hunting workers

72 Metal, machinery and related
trades workers

75 Food processing, wood working,
garment and other craft and re-
lated trades worker

71 Building and related trades work-
ers, excluding electricians

93 Labourers in mining, construction,
manufacturing and transport

73 Handicraft and printing workers

82 Assemblers

81 Stationary plant and machine op-
erators
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Member States.

LFS provides information on individuals’ living and working conditions for the
region (NUTS classification), as well as information on living and working con-
ditions in the year preceding the interview. The finest level of disaggregation in
the LFS is 2 digits, which corresponds to administrative regions in most countries.
However, this is not available for some countries.2 Austria, Germany, and the
UK provide information at 1 digit level, therefore, in these cases we had to rely
on more aggregated data.3 The Netherlands does not report data on regions so
only the national level is available. The NUTS coding has also been repeatedly
changed since 1995: in 1999, 2003, 2006, 2010, 2013 and 2016. In spite of this, it
was relatively easy to build a consistent codification over time.4

Because the smallest LFS regional unit is relatively large, we could not carry
out an analysis that treated regions as local labor markets, as Autor and Dorn
(2013) did. This, however, is not a serious limitation because, unlike Autor and
Dorn, we make no specific assumptions concerning the mobility of labor in order
to investigate intra-regional mobility and migrations. At this stage of our analysis,
we limit our research questions to the extent of and the main driver of polarization.
In particular, we investigate whether all (or if not all, how many) European regions
have experienced a similar pattern of polarization, and whether this evolution was
driven mainly by technological innovation replacing routine-intensive occupations.
For this purpose, we believe that the regional disaggregation we rely on is detailed
enough to ensure both population homogeneity and sufficiently large population

2For the countries for which the NUTS 2 digits are available, the correspondence with the
national administrative unit is: “provinces” in Belgium; “régions” in France; “riksomadren”
in Finland; “periferies” in Greece; “regions” in Ireland; “comunidades/ciudades autónomas”
in Spain; “regioni” in Italia; “commissaoes de coordenacao regional + Regioes autonomas” in
Portugal; “counties” in UK (Commission 2015).

3The discrepancy is limited, however, since their 1 digit already corresponds to a relatively
higher level of disaggregation for the other countries: for Austria it represents three groups
of “Länder, Germany counts 16 “Länder”, and UK 12 regions, or more precisely “Scotland,
Wales, Northern Ireland and the Government Office Regions of England Office Regions; Country”
(Commission 2015).

4In all but four cases the changes are only a matter of the re-codification of the region, so
we brought all the regions in line with the 2013 classifications. In only three cases did we merge
regions in a “backward” direction (from a more recent version to a previous one) in order to make
these regions consistent with a previous NUTS version in which they had been classified together:
in Italy, we merged the two autonomous cities of Trento (ITH1) and Bolzano (ITH2) in one region
backwards in time from 2003 to 1999 (which in fact corresponds to the region of Trentino-Alto
Adige; we call it ITH1 for simplicity); in Finland we merged two regions (FI1B Helsinki-Uusimaa,
FI1C Etelä-Suomi) from 2010 to 2006 when they were together (FI18 Etelä-Suomi). Denmark
defined five regions only in 2006, so we use only the country level.
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subsamples.

3.4.2 Skills: wages and education

To proxy the skill level of jobs, we use two different concepts. One is, as in all
previous literature, wages. Specifically, we resorted to three European datasets to
build our variable accounting for gross hourly wages at the job level (defined as the
cell of a matrix ISCO 2 digits x NACE one digit). These are the European Survey
on Income and Living Conditions (EU-SILC), the European Earnings Structure
Survey (EU-ESS) and the Structural Business Statistics of the EU (SBS).5. The
use of wages is suitable for our analysis since all that is necessary is a relative
and static indicator. More importantly, using wages enhances comparability with
previous RBTC literature.

Another sensible way to proxy skills concerns education. We use a variable
available from the EU-LFS (hatlev97) measuring the highest level of education or
training successfully completed by the worker, using the International Standard
Classification of Education 1997 (ISCED97). As usual, we average the individual
scores for each occupation at the country level.

We check for a correlation between the two variables: for each country, we
average the values of wages and education at the level of single occupations. Cor-
relation is relatively high (.62 in first and second sub-period; for the third period
it reduces to 0.51) but not high enough to say that the two variables may proxy
skills in the same way. Moreover, we do not perform our analysis directly on single
occupations, but group them instead in three tertiles after ranking them. The
correlation of being in the same tertile is 0.58 for the first sub-period, 0.6 for the
second and 0.46 for the third one.

The one control variable we use in our econometric estimates is GDP per capita
at power purchasing standard (PPS). These data are publicly available from the
Eurostat database for all the regions included in our study between 2000 and 2016.
6

3.5 Empirical analysis

Our core question is whether the extent to which occupations involve routine in
a given region affects change in employment in that region, specifically change in

5We follow the method used by Fernández-Maćıas (2012) to merge the two datasets. The
merging is necessary because the EU-ESS does not cover the public sector. The merging of the
different datasets is done at the job level using data available in two datasets in order to obtain
a conversion factor to apply to the other jobs

6This dataset is accessible on the Eurostat website:
https://ec.europa.eu/eurostat/web/regions/data/database
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the skill distribution of jobs. The routine content is measured by the share of the
top-third routine occupations (RHS) in that region. We investigate whether the
degree of routinization measured by the RSH has an impact on the polarization
of the labor market, i.e. causing a decline in the number of middle-skilled jobs
relative to both low- and high-skilled jobs. As stated, we proxy the skill level
in two different ways, which do not entirely correspond: with average wage and
education level. Hence our analysis will be undertaken in a parallel manner, by
comparing the results.

To investigate the impact of routinization we divided the skill distribution
in each regional labor market into three tertiles encompassing, respectively, low-
middle- and high-skilled jobs. We then built a simple OLS model in which the per-
centage change in the employment share accounted by each tertile is regressed on
the RHS index. Prior to illustrating the OLS model and discussing the estimated
results we give below additional details on the construction of tertiles, followed by
descriptive evidence of how they evolved between 2002 and 2015.

The construction of the occupational tertiles starts with assigning each job to a
tertile based on their ranking on the skill (wage and education) distribution. Jobs
are defined as the cells in a matrix of intersecting occupations at ISCO 2 digits
with NACE 1 digit sectors. The first sub-period we considered in our analysis
(2002-2007) uses the ISCO88 and NACE v.1, the second sub-period (2008-2010)
resorts to ISCO88 and NACE v.2, and the third (2011-2015) uses ISCO08 and
NACE v.2. Jobs were ranked at the beginning of each sub-period and on a na-
tional basis in order to suitably account for differences in the national employment
structure. Each job was then assigned to one of the three tertiles based on the
same ranking system. We finally computed the ‘change in tertiles’ (our dependent
OLS variable) in each sub-period by taking the difference in the share of employ-
ment in each tertile from the beginning and the end of the sub-period.

To provide a brief example, we can take a region with six different jobs, each
occupying 10 workers. First, we rank the jobs by their wage. Then, we create the
tertiles for the initial year. Each tertile in this example comprises of two jobs and
occupies 20 workers. We can assume here, for example,, in the final year, employ-
ment in both the lowest-skilled and the highest-skilled jobs increased to 15 workers
in each case, while the two middle jobs declined, losing 5 workers each. For the
final year, the low-skill tertile comprises of the same jobs as for the initial years,
but now it accounts for 25 workers; the same holds for the high-skilled tertile; the
middle-skill tertile comprises of the same two jobs as in the initial year, but now it
employs 10 workers. In the final year, the three tertiles account for 41.6%, 16.6%,
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and 41.6% of total employment respectively, corresponding to a percentage change
of +8.3, -16.7 and +8.3, a typical U-shaped pattern. We then replicate the same
exercise ranking the jobs by their education: the tertiles will be different, and
so will be their variations, so that at the end of this process we can also compare
whether proxying skills by wage or education leads to the same or different results.

Tab 3.10 in the Appendix reports these percentage differences for each tertile,
region and sub-period. Below we summarize the main findings from observing
variations over time in low, middle and high skilled jobs in the 139 regions we
analysed. In tables 3.3-3.4 we count, for each sub-period, the number of regions
that experienced polarization as well as downgrading or upgrading, for the two
cases of skills proxied by wages or education, respectively.

Let’s take a look at the fist table (Tab 3.3a); Between 2002 and 2007, the
number of low wage jobs (first numerical column) declined in 79 regions, increased
in 24, and remained stable (or with a variation of less than one percentage point)
in 36 regions. The number of high skill/wage jobs declined in 10 regions, remained
stable in 18, and increased in 111 regions. The frequency cells at the intersection
of low- and high-wage jobs represent the number of regions experiencing the two
processes together: 3 regions saw a decline of both low- and high-wage jobs, while
in another 6 regions low wage-jobs declined and high-wage jobs remained stable,
in 70 regions low-wage jobs declined while high-wage jobs increased. Overall,
the results show that 11 regions have experienced “strong” polarization, i.e. an
increase in the numbers of both low- and high-skilled jobs (and therefore, a relative
decline in the numbers of middle-wage jobs ). This means that less than 10% of
EU15 regions experienced polarization from 2002 to 2007. Hence our findings are
that polarization is far from a universal experience for all of Europe.

Nevertheless, there are regions that have experienced “weak” polarization. It is
possible that when numbers of high-wage jobs increase and low-wage jobs decline,
middle-wage jobs decline relatively more than low-wage jobs. This also amounts
to polarization, but it should be termed “weak” polarization, skewed towards the
upgrading of employment. In the same way, weak polarization skewed towards
downgrading is when low-wage jobs increase, and middle-wage jobs decline more
than high-wage jobs. The last column and the last row in Tab 3.3a, in fact, counts
how many regions experienced weak polarization between 2002 and 2007. 100
regions (70+30) experienced an increase in high-wage occupations and the stability
or decline of numbers of low-wage jobs; of these 100 regions, 46 experienced a
greater decline in middle skill/wage jobs than in low-wage jobs. Of the 13 regions
that experienced an increase of low skill/wage occupations and a decline of high
skill/wage occupations, 7 of them experienced only weak polarization (skewed
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towards downgrading) since the numbers of middle skill/wage jobs declined at a
faster pace than high-wage jobs.

To summarize the patterns observed during the initial sub-period, 11 regions
experienced a process of “strong” polarization, 46 regions weak polarization skewed
towards upgrading, and 7 weak polarization skewed towards downgrading. More-
over, 35 (79-44) regions experienced upgrading, 0 downgrading, and 4 remained
stable.

By reading the three tables 3.3a-3.3c together, we can see how the above ev-
idence is consistent with the European macroeconomic cycle: the period before
the crisis (2002-2007) sees a majority of regions experiencing upgrading and weak
polarization skewed towards upgrading, and a minority experiencing weak polar-
ization skewed towards downgrading. This picture was reversed in the first years of
the Great Recession (2008-2010) when most regions saw the share of high-wage jobs
decline in favour of low-wage jobs. The last period (2011-2015) is more complex
to interpret since the period saw a slow and uneven recovery, with some countries
continuing to show no sign of recovery.. The regions experiencing strong upgrading
halved with respect to the pre-crisis period, with a large number of them falling
in the category of weak polarization skewed towards upgrading. The number of
regions experiencing high skill/wage jobs growth generally increased, though the
number did not return to pre-crisis level. While the first two sub-periods capture
trends fairly common across regions (a positive tendency toward upgrading fol-
lowed by a tendency toward downgrading), in the third period we see a path of
divergence among regions, with some well on the way to recovering from the crisis
and others still lagging behind.

Summing up with respect to polarization, the descriptive evidence suggests
that 64 regions (about 50%) experienced either strong or weak polarization be-
fore the crisis. This number fell to 51 during the crisis and further reduced to
49 regions (35%) during the recovery period. The preliminary suggestion we can
draw from this raw data is, therefore, that skill/wage polarization is a prominent
phenomenon before the crisis, while for the recession and the recovery periods, it
is less significant.

When we move to look at the right part, so at Tab 3.4, we can see how proxy-
ing skills with education does not change the overall picture, but only of regions.
While the number of regions experiencing polarization, upgrading and downgrad-
ing is similar when measured using the two definitions of skills, the counting does
not imply that the same region presents the same pattern when we change the
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Table 3.3: Regions by wage tertiles vari-
ations

(a) 2002-2007

high-w mid-w
- = +

10 18 111
- 79 3 6 70

46
low-w = 36 2 4 30

+ 24 5 8 11
mid-w 7

(b) 2008-2010

high-w mid-w
- = +

56 29 54
- 55 11 13 31

21
low-w = 28 9 6 13

+ 56 36 10 10
mid-w 20

(c) 2011-2015

high-w mid-w
- = +

31 43 65
- 58 4 12 42

20
low-w = 28 8 11 19

+ 43 19 20 4
mid-w 25

Table 3.4: Regions by education tertiles
variations

(a) 2002-2007

high-ed mid-ed
- = +

11 33 95
- 78 3 4 71

26
low-ed = 36 3 17 16

+ 25 5 12 8
mid-ed 13

(b) 2008-2010

high-ed mid-ed
- = +

40 27 72
- 56 9 4 43

22
low-ed = 30 7 8 15

+ 53 24 15 14
mid-ed 27

(c) 2011-2015

high-ed mid-ed
- = +

28 33 26
- 29 10 5 14

8
low-ed = 30 11 12 7

+ 80 59 16 5
mid-ed 25
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definition. Indeed, the correlation between wage tertile variation and its corre-
spondent education tertile is not very high: the correlation between the variations
in the low-skilled tertiles is 0.37 and in the middle-skilled tertiles it is 0.11. Only
in the high-skilled tertile is it relatively higher: 0.57.

The next step in the analysis is to verify what lies behind these weak and strong
polarization patterns, in particular whether they are driven by changes in the
routine intensity of jobs measured by the share of the top-third routine occupations
(RSH), and if the relationship between routine intensity and polarization holds for
both our definitions of skills.

To this purpose we perform the following OLS regression:

∆skilli,T−t = α + βRSHi,t + ε (3.2)

where ∆skill indicates for each region i the change in the share of employment
accounted for the relevant skill tertile between the last year available (T ) and the
first (t). This is regressed against the share of employment in the top third most-
routine jobs (RSH) in the initial year (t). Equation 2 is estimated not only for
each tertile but also for each of the three subperiods under examination.

An alternative specification was obtained by adding GDP average growth to
control for the independent impact of the cycle on the skill/wage distribution of
jobs. The formal model thus becomes

∆skilli,T−t = α + βRSHi,t + γ
1

T − t1

T∑
(t=t1)

GDPgrowthit + ε (3.3)

where 1
T−t1

∑T
(t=t1)

GDPgrowthit is simply the average GDP growth rate).

Table 3.5 reports the estimated results for the changes in skill/wages tertiles.
RSH has a significant negative effect on the variation in middle-skill jobs f or the
pre-crisis and the recession period (tables 3.5a-3.5b), a finding consistent with the
previous RBTC literature. By contrast, in in the recovery period (Tab 3.5c), the
effect of RSH on the dependent variable is insignificant across all tertiles. This
may be due to the strongly divergent patterns across regions that emerged from
the descriptive evidence. We should recall here that in the third period, in contrast
to the previous two, no clear trend could be detected across regions, but rather two
different paths emerged: in the group of regions experiencing recovery upgrading
of the skill distribution was the dominant tendency; in the other group where full
recovery was not yet under way the dominant tendency was downgrading.

These results held up well when GPD was introduced as a control variable.

107



We replicate the econometric analysis using as dependent variables the vari-
ations in skill tertiles built on education. Results are reported in table 3.6. In
contrast to the previous table, in the first two subperiods (tables 3.6a-3.6b), the
main effect of RSH is not the reduction of middle-skilled employment, but rather
of low-skilled employment, with a contemporaneous increase of middle-skilled em-
ployment in the first subperiod (tab 3.6a) and of high-skilled employment in the
second subperiod (tab 3.6b). The results are consistent when GDP is introduced
as coregressor. As for wages, the third subperiod (tab 3.6c) does not display a par-
ticularly significant relationship, though there is some increase in middle-skilled
jobs (a finding not consistent once GDP is introduced).

In both these cases, the decrease in significance of the covariate of interest –
the RSH – in the final sub-period may be seen as implying that this index is less
suited for investigating periods of considerable macroeconomic heterogeneity. The
regional routine intensity index is therefore good at capturing changes in the em-
ployment structure when all the regions (countries) under investigation follow a
similar growth path, but its efficacy diminishes when their growth paths diverge.

To conclude, we find different results when we proxy skills with wages or ed-
ucation: in the first case we find that the level of routine across all jobs within
a region is effected by the relative decline of middle-wage jobs, a finding consis-
tent with the previous RBTC literature and with the polarization hypothesis; in
the second case, however, the effect observed is closer to an “upgrading pattern”.
This raises questions concerning the measurement of skills. The concept of skills
is very complex and can be considered from different angles. Due its complexity,
measurement remains a challenging task in particular for empirical analysis: while
it has been usually proxied by wage level, our results suggest that further investi-
gations with different definitions of “skills” are needed to test RBTC theory and
the polarization hypothesis.

3.6 Conclusions

In this chapter we set out to investigate the hypothesis that polarization is a
general and widespread feature of the labor market in Europe. To assess this
hypothesis, we moved the focus of our analysis from the national to the regional
level. The regional approach is well-suited to our study because of the diversity of
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Table 3.5: ∆wage on RSH

(a) 2002-2007

∆low w ∆mid w ∆high w ∆low w ∆mid w ∆high w
rsh 0.0552 -0.137** 0.0797 0.0575 -0.153** 0.0931*

(1.15) (-2.19) (1.44) (1.19) (-2.60) (1.80)

gdp -0.175 0.998*** -0.815***
(-0.93) (5.19) (-4.07)

cons -0.0277** 0.0144 0.0137 -0.0217 -0.0192 0.0409***
(-2.49) (1.02) (1.08) (-1.64) (-1.20) (2.77)

N 139 139 139 138 138 138
r2 0.00802 0.0433 0.0158 0.0127 0.184 0.117
r2 a 0.000775 0.0363 0.00862 -0.00190 0.171 0.104
F 1.328 4.781 2.078 1.148 19.89 10.34

t statistics in parentheses

* p<0.1, ** p<0.05, *** p<0.01

(b) 2008-2010

∆low w ∆mid w ∆high w ∆low w ∆mid w ∆high w
rsh 0.125** -0.173*** 0.0479 0.113** -0.164*** 0.0510

(2.41) (-3.35) (0.96) (2.12) (-3.21) (1.01)

gdp -0.270 0.272 -0.00215
(-1.14) (1.51) (-0.01)

cons -0.0326* 0.0455*** -0.0130 -0.0328* 0.0469*** -0.0142
(-1.87) (2.73) (-0.79) (-1.87) (2.75) (-0.86)

N 139 139 139 138 138 138
r2 0.0302 0.0765 0.00596 0.0379 0.0878 0.00675
r2 a 0.0232 0.0698 -0.00129 0.0237 0.0743 -0.00797
F 5.818 11.21 0.926 3.383 5.918 0.518

t statistics in parentheses

* p<0.1, ** p<0.05, *** p<0.01

(c) 2011-2015

∆low s ∆mid w ∆high w ∆low w ∆mid w ∆high w
rsh -0.106 0.0110 0.0948 -0.0535 -0.0355 0.0890

(-1.34) (0.10) (1.21) (-0.75) (-0.33) (1.14)

gdp -0.487* 0.440** 0.0469
(-1.79) (2.01) (0.34)

cons 0.0318 -0.0111 -0.0208 0.0247 -0.00451 -0.0202
(1.24) (-0.32) (-0.82) (1.05) (-0.13) (-0.80)

N 139 139 139 138 138 138
r2 0.0211 0.000287 0.0207 0.0633 0.0434 0.0212
r2 a 0.0139 -0.00701 0.0136 0.0494 0.0292 0.00674
F 1.794 0.0105 1.458 1.898 2.049 0.733

t statistics in parentheses

* p<0.1, ** p<0.05, *** p<0.01
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Table 3.6: ∆education on RSH

(a) 2002-2007

∆low w ∆mid ed ∆high ed ∆low ed ∆mid ed ∆high ed
rsh -0.116** 0.0947* 0.0194 -0.109** 0.0946* 0.0128

(-2.35) (1.69) (0.32) (-2.24) (1.70) (0.21)

gdp -0.553*** 0.123 0.438**
(-3.11) (0.69) (2.12)

cons 0.0102 -0.0308** 0.0210 0.0294** -0.0354** 0.00614
(0.86) (-2.49) (1.51) (2.09) (-2.30) (0.36)

N 139 139 139 138 138 138
r2 0.0340 0.0279 0.00100 0.0824 0.0317 0.0322
r2 a 0.0269 0.0208 -0.00629 0.0688 0.0174 0.0179
F 5.503 2.850 0.102 6.461 1.483 2.243

t statistics in parentheses

* p<0.1, ** p<0.05, *** p<0.01

(b) 2008-2010

∆low ed ∆mid ed ∆high ed ∆low ed ∆mid ed ∆high ed
rsh -0.195** 0.0688 0.127** -0.208** 0.0804 0.128**

(-2.44) (0.90) (2.54) (-2.42) (0.99) (2.55)

gdp -0.316 0.183 0.133
(-0.96) (0.62) (0.64)

cons 0.0611** -0.0330 -0.0282* 0.0605** -0.0341 -0.0264
(2.21) (-1.25) (-1.72) (2.27) (-1.34) (-1.57)

N 139 139 139 138 138 138
r2 0.0468 0.00819 0.0472 0.0579 0.0141 0.0494
r2 a 0.0399 0.000952 0.0403 0.0439 -0.000460 0.0353
F 5.954 0.805 6.447 3.088 0.491 3.489

t statistics in parentheses

* p<0.1, ** p<0.05, *** p<0.01

(c) 2011-2015

∆low s ∆mid ed ∆high ed ∆low ed ∆mid ed ∆high ed
rsh -0.106 0.129* -0.0226 -0.124 0.122 0.00231

(-0.77) (1.81) (-0.25) (-0.90) (1.62) (0.03)

gdp 0.174 0.0607 -0.234
(0.55) (0.31) (-1.16)

cons 0.0647 -0.0508** -0.0139 0.0674 -0.0500** -0.0174
(1.49) (-2.25) (-0.49) (1.56) (-2.20) (-0.62)

N 139 139 139 138 138 138
r2 0.00800 0.0423 0.000645 0.00996 0.0434 0.00720
r2 a 0.000762 0.0353 -0.00665 -0.00471 0.0292 -0.00751
F 0.597 3.293 0.0623 0.494 1.716 0.688

t statistics in parentheses

* p<0.1, ** p<0.05, *** p<0.01
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labor markets both within and across the 15 European countries we examine.

Labor market dynamics are local rather than national processes. On the one
hand, patterns of industrial specialization tend to follow regional lines, on the
other, labor will always move across regions. In principle, it could be desirable
to further narrow the focus to local labor markets and commuting zones, but our
data only allowed us to identify dynamics at the regional level. However, there is
general agreement among the scientific community that regions offer a useful level
of analysis for studying diversity among European economies. This is even truer
today following the effects of the Great Recession on convergence patterns. After
a pre-crisis phase of slow but generalized convergence, a new phase of divergence
followed, driven by the Great Recession, and an uneven recovery has further am-
plified economic disparities within the EU.

Due to major changes in occupation-sector classification, we performed our
analysis by splitting the whole period for which data are available into three sub-
periods which are broadly consistent with the macroeconomic cycle: the 2002-2007
upturn cycle, the 2008-2010 period of recession and the uneven recovery between
2011 and 2015. For each region, we grouped jobs into three skill tertiles in two
ways: proxying skills with wages, and proxying skills with education. Using both
definitions of skills, a simple descriptive statistical analysis highlights a pattern of
upgrading in the skill distribution in most regions over the pre-crisis period (2002-
2007), a tendency towards a downgrading of the skill distribution in most regions
in the crisis period (2008-2010), while in the period of uneven recovery (2011-2015),
two divergent paths set in, with some regions experiencing an upgrading of the
skill structure alongside economic recovery and others experiencing a persisting
tendency toward downgrading.

Patterns of “strong” polarization (the relative decline in the number of middle-
skilled jobs with a contemporaneous increase in both low- and high-skilled ones)
were found to be less common, with less than 10% of regions experiencing strong
polarization before 2011 (using both definitions of skills) and the number falling
further for the 2011-2015 period. Patterns of “weak” polarization (either towards
downgrading or upgrading) were found to be more significant. It is thus worth
reiterating that polarization is not the only dynamic affecting the labour market.
Furthermore, it is a process that is significantly affected by the macroeconomic
cycle, it being the macroeconomic cycle that determines the overall tendency to-
ward upgrading or downgrading of the skill distribution.

In order to explore the reasons for these changes, we resorted to simple linear
regressions, with change in employment share for the relevant skill tertile as our
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dependent variable, the indicator of task routine as the relevant regressor (the
RHS) and average regional GDP growth as a control. We replicate the exercise
twice, proxying skills with wages and education. RSH (i.e. the extent to which
jobs across the economy involve routine) appears to have a causal relationship with
the decline of middle-wages jobs in the first two subperiods (before and during the
crisis) in line with the previous RBTC literature and the polarization hypothesis.
However, when skills are proxied by education, the RSH appears to be more linked
to the decline of low-skilled jobs

The difference of results brings us to the important, and often neglected, issue
of how to proxy skills. While the analysis of variations in wage distribution has
a relevance of its own, a different definition of skills may benefit research into the
polarization hypothesis linked to the RBTC theory.

Moreover, our results bring reveal the importance of middle-skilled jobs in well-
performing regions. Growing local economies do not necessarily produce a strong
polarization effect, but rather a weak polarization skewed towards upgrading as
most of the jobs created in new enterprises are middle-skilled rather than high-
skilled. Declining economies, conversely, tend to show weak polarization towards
downgrading, but again the better performing regions are those that can limit the
decline of middle-skilled jobs.

We acknowledge that it is possible to refine and extend our study in different
directions. First of all, and with respect to the previous literature, our analysis
includes data updated to last year, but does not stretch very far back in time due
to the limitation in LFS regional data. Regional LFS information is sufficiently
reliable only from 2002 onward. Bringing other data sources into the analysis, e.g.
from the German Federal Employment Agency, would therefore be worthwhile. An
additional direction for improvement is the inclusion of new EU member countries:
for some of these countries regional LFS data are not available, but others were
not included because of inconsistencies in the wage data that, in principle, could
be overcome. Finally, future advances in the analysis might reconsider the task
taxonomy which was developed in the European context – and which we have
used here - to investigate the extent to which different occupations included tasks
that could be described as routine. The taxonomy could be further refined, and
advance that would benefit all research being carried out in the RBTC field.
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Appendix

In the next three tables we perform a robustness check to our main results. We
use as variable to measure the routine intensity of regions not the RSH but with
the index of routine directly built from EWCS, averaged within each region by the
employment of each occupation. We call it regional routine average (RRA)

RRAj =
∑
i

routinei · employmentij (3.4)

where j indicates regions and i occupations (ISCO88 for 2002-2007 and 2008-
2010, ISCO08 for 2011-2015). We remember that routine level is built on EU15
average so that the variations in RRAj are purely structural, so come entirely from
employmentij, as explicit by the fact that employment is the only indicator within
the summation with the j subscript.

As we can see, RRA has an explanatory capacity more limited than RSH:
only significance for 2008-2010 is confirmed (Tab ??; as for RSH, only for low- and
middle-skilled jobs). This is reasonable since RSH measures an employment share,
as our dependent variable measures variations of employment shares (tertiles).
Thus, it is probably easier to explain variations of employment shares with a
regressor that measures also an employment share. Nevertheless, the coincidence
of results for 2008-2010 suggests some validity also for this indicator of routine
intensity of regions, confirmed by the fact that the inclusion of GDP average growth
does not alter the coefficients. Moreover, it gives us a little piece of information
more for the period 2011-2015, in which presents a statistically significant effect
on variation of low-skilled jobs, in a positive direction (consistently with RHS in
the other two periods).

Again, we repeat that seems that routine indicators can capture only partially
the changes in employment structures. While it may be useful to test other routine
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Table 3.7: ∆skill on RRA, 2002-2007

∆low w ∆mid w ∆high w ∆low w ∆mid w ∆high w
rra -0.0545 -0.00398 0.0581 -0.0506 -0.0345 0.0844

(-0.71) (-0.05) (0.98) (-0.65) (-0.42) (1.41)

gdp -0.138 0.974*** -0.829***
(-0.69) (4.70) (-4.02)

cons 0.00502 -0.0140 0.00903 0.00867 -0.0385 0.0297
(0.18) (-0.44) (0.39) (0.31) (-1.31) (1.29)

N 139 139 139 138 138 138
r2 0.00665 0.0000311 0.00714 0.00976 0.132 0.110
r2 a -0.000598 -0.00727 -0.000105 -0.00491 0.120 0.0971
F 0.510 0.00228 0.964 0.566 11.34 8.262

t statistics in parentheses

* p<0.1, ** p<0.05, *** p<0.01

indicators, the significance of GDP average growth should suggest that any analy-
sis of changes in labor structure has to take into account the macroeconomic cycle.

Finally, in the last table (Tab ??), we present the main statistics for each of 139
regions: the RSH for the initial year of each period (2002, 2008 and 2011) and the
variations in percentage point between the first and last year of each period (2002-
2007, 2008-2010, 2011-2015) for all three tertiles (low-, middle- and high-skilled
jobs) for both wages and education.

region year RSH gdp-av w-lowsk w-midsk w-higsk ed-lowsk ed-midsk ed-higsk
AT10 Ostoesterreich 2002-07 0.206 0.032 -0.011 -0.002 0.013 -0.023 0.037 -0.013

2008-10 0.288 -0.001 -0.032 0.032 0.000 0.007 -0.011 0.004
2011-15 0.300 0.028 -0.022 0.001 0.021 -0.008 0.019 -0.011

AT20 Suedoesttereich 2002-07 0.209 0.047 0.001 0.002 -0.003 -0.002 0.003 0.000
2008-10 0.349 -0.006 -0.019 0.001 0.018 -0.024 -0.008 0.033
2011-15 0.339 0.034 -0.014 -0.005 0.019 0.014 -0.016 0.001

AT30 Westoesttereich 2002-07 0.248 0.044 -0.032 0.026 0.006 -0.022 0.021 0.001
2008-10 0.343 -0.003 0.007 0.011 -0.018 0.036 -0.052 0.016
2011-15 0.343 0.041 -0.022 -0.004 0.026 0.013 -0.017 0.003

BE10 Bruxelles 2002-07 0.146 0.023 -0.030 -0.064 0.094 0.011 -0.078 0.067
2008-10 0.357 -0.006 -0.054 0.001 0.053 -0.086 -0.028 0.114
2011-15 0.286 0.010 0.016 -0.054 0.038 0.061 -0.015 -0.046

BE21 Prov. Antwerpen 2002-07 0.238 0.041 0.005 -0.019 0.014 0.016 0.014 -0.030
2008-10 0.362 -0.002 -0.002 -0.035 0.037 -0.060 0.030 0.030
2011-15 0.338 0.027 0.007 -0.057 0.050 0.051 -0.049 -0.002

BE22 Prov. Limburg (BE) 2002-07 0.307 0.033 0.005 -0.038 0.032 -0.047 0.045 0.002
2008-10 0.229 -0.004 0.062 -0.079 0.018 0.077 -0.072 -0.005
2011-15 0.357 0.028 -0.018 -0.022 0.040 0.029 -0.046 0.018

BE23 Prov. Oost-Vlaanderen 2002-07 0.211 0.039 0.001 0.010 -0.011 -0.004 0.005 -0.001
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2008-10 0.297 0.005 0.048 -0.096 0.047 -0.023 -0.023 0.045
2011-15 0.334 0.030 -0.004 -0.031 0.035 0.023 -0.030 0.007

BE24 Prov. Vlaams-Brabant 2002-07 0.179 0.043 -0.066 0.026 0.040 -0.060 -0.017 0.077
2008-10 0.236 0.006 0.008 -0.027 0.020 -0.005 -0.037 0.042
2011-15 0.269 0.029 0.014 -0.021 0.007 0.046 -0.012 -0.035

BE25 Prov. West-Vlaanderen 2002-07 0.245 0.042 0.003 -0.018 0.015 0.009 -0.007 -0.001
2008-10 0.338 0.000 -0.021 -0.001 0.022 -0.050 0.042 0.008
2011-15 0.319 0.029 0.017 -0.018 0.001 0.037 0.002 -0.039

BE31 Prov. Brabant Wallon 2002-07 0.140 0.048 -0.022 0.003 0.019 -0.030 0.004 0.026
2008-10 0.203 0.051 -0.032 0.035 -0.003 -0.014 0.032 -0.018
2011-15 0.275 0.011 0.013 -0.049 0.037 0.069 0.001 -0.070

BE32 Prov. Hainaut 2002-07 0.196 0.031 -0.007 -0.003 0.010 0.028 -0.037 0.009
2008-10 0.229 0.001 0.080 -0.090 0.010 0.093 -0.131 0.038
2011-15 0.337 0.023 -0.007 -0.007 0.014 -0.001 0.021 -0.019

BE33 Prov. Liege 2002-07 0.185 0.036 0.014 0.021 -0.035 0.033 -0.030 -0.002
2008-10 0.336 0.004 0.000 -0.003 0.003 -0.070 0.078 -0.008
2011-15 0.326 0.022 -0.037 -0.007 0.044 0.020 -0.021 0.001

BE34 Prov. Luxembourg (BE) 2002-07 0.192 0.029 0.004 -0.026 0.022 -0.018 -0.020 0.038
2008-10 0.278 -0.002 0.038 -0.058 0.021 0.017 -0.021 0.004
2011-15 0.328 0.015 -0.060 -0.020 0.079 -0.001 0.000 0.001

BE35 Prov. Namur 2002-07 0.173 0.035 -0.037 -0.012 0.049 -0.022 -0.018 0.040
2008-10 0.289 0.013 -0.011 0.005 0.006 -0.066 0.081 -0.015
2011-15 0.275 0.016 -0.015 -0.020 0.035 0.016 0.015 -0.030

DE10 Baden-Wuerttemberg 2002-07 0.229 0.038 -0.004 0.002 0.002 -0.001 -0.006 0.007
2008-10 0.382 0.000 0.008 -0.037 0.029 -0.061 0.010 0.050
2011-15 0.369 0.034 -0.003 0.010 -0.006 0.003 0.014 -0.017

DE20 Bayern 2002-07 0.207 0.034 -0.004 -0.008 0.012 -0.018 0.003 0.015
2008-10 0.344 0.007 -0.011 -0.007 0.019 -0.027 0.006 0.021
2011-15 0.350 0.038 -0.032 0.020 0.012 -0.023 0.016 0.007

DE30 Berlin 2002-07 0.169 0.029 0.025 -0.027 0.002 -0.009 -0.001 0.010
2008-10 0.256 0.018 -0.056 0.071 -0.015 -0.029 -0.041 0.070
2011-15 0.221 0.028 -0.002 0.021 -0.020 0.005 0.057 -0.062

DE40 Brandenburg 2002-07 0.203 0.041 0.012 -0.015 0.003 0.010 -0.041 0.031
2008-10 0.378 0.014 0.036 0.015 -0.050 0.005 -0.017 0.012
2011-15 0.325 0.039 -0.029 0.028 0.002 0.035 0.001 -0.036

DE50 Bremen 2002-07 0.216 0.036 0.032 -0.065 0.033 0.022 -0.039 0.017
2008-10 0.400 -0.013 -0.017 0.054 -0.037 -0.032 0.044 -0.012
2011-15 0.285 0.032 0.028 0.054 -0.082 0.107 -0.041 -0.066

DE60 Hamburg 2002-07 0.175 0.027 0.034 -0.014 -0.020 0.046 -0.016 -0.030
2008-10 0.283 -0.004 -0.046 0.003 0.044 -0.036 -0.013 0.050
2011-15 0.263 0.023 -0.034 0.038 -0.004 0.033 -0.016 -0.017

DE70 Hessen 2002-07 0.202 0.035 0.016 -0.050 0.035 0.039 -0.066 0.027
2008-10 0.323 -0.007 -0.029 0.005 0.024 -0.016 -0.014 0.029
2011-15 0.333 0.030 -0.030 0.032 -0.001 -0.012 0.025 -0.014

DE80 Mecklenburg-Vorpommern 2002-07 0.222 0.041 0.003 -0.008 0.005 0.011 -0.020 0.009
2008-10 0.182 0.012 -0.005 0.101 -0.096 0.028 0.051 -0.079
2011-15 0.358 0.035 0.044 -0.006 -0.039 -0.033 0.032 0.001

DE90 Niedersachsen 2002-07 0.214 0.038 0.007 -0.023 0.016 0.008 -0.017 0.009
2008-10 0.359 0.008 0.005 -0.035 0.030 -0.006 -0.017 0.022
2011-15 0.362 0.031 -0.017 0.005 0.012 -0.014 0.031 -0.016

DEA0 Nordrhein-Westfalen 2002-07 0.213 0.038 0.001 -0.015 0.013 0.015 -0.022 0.007
2008-10 0.303 -0.002 0.038 -0.017 -0.021 -0.004 0.018 -0.015
2011-15 0.347 0.031 -0.004 0.008 -0.003 0.002 0.020 -0.022

DEB0 Rheinland-Pfalz 2002-07 0.217 0.035 0.013 -0.004 -0.009 -0.001 0.010 -0.008
2008-10 0.318 0.006 -0.024 0.019 0.005 0.022 -0.053 0.031
2011-15 0.351 0.039 -0.016 0.015 0.001 0.003 0.010 -0.013

Dec-00 Saarland 2002-07 0.219 0.054 -0.008 -0.005 0.013 -0.025 0.006 0.018
2008-10 0.345 -0.011 -0.065 0.067 -0.003 0.036 -0.033 -0.003
2011-15 0.387 0.034 0.053 -0.009 -0.043 0.030 0.014 -0.044

DED0 Sachsen 2002-07 0.223 0.044 -0.006 -0.012 0.018 -0.005 -0.014 0.019
2008-10 0.355 0.005 -0.008 0.037 -0.028 -0.008 -0.002 0.010
2011-15 0.343 0.041 -0.018 0.002 0.015 -0.004 -0.002 0.006

DEE0 Sachsen-Anhalt 2002-07 0.231 0.046 0.016 -0.030 0.014 0.017 -0.002 -0.015
2008-10 0.337 0.010 0.012 -0.013 0.000 0.000 -0.029 0.029
2011-15 0.370 0.035 -0.017 0.005 0.012 -0.014 -0.015 0.029

DEF0 Schleswig-Holstein 2002-07 0.191 0.028 -0.025 -0.016 0.041 0.005 -0.065 0.059
2008-10 0.317 -0.001 -0.039 0.090 -0.052 -0.049 0.025 0.024
2011-15 0.284 0.034 0.001 0.014 -0.015 0.031 -0.008 -0.023

DEG0 Thueringen 2002-07 0.239 0.046 0.007 -0.022 0.015 0.018 -0.028 0.011
2008-10 0.389 0.008 0.068 -0.057 -0.011 0.003 -0.015 0.012
2011-15 0.395 0.049 0.002 0.022 -0.023 0.051 0.010 -0.061

EL30 Attiki 2002-07 0.225 0.052 0.003 -0.024 0.021 -0.022 0.000 0.023
2008-10 0.298 -0.030 0.000 -0.006 0.006 -0.002 -0.017 0.019
2011-15 0.264 -0.012 -0.002 -0.006 0.007 0.013 0.010 -0.023

EL41 Voreio Aigaio 2002-07 0.188 0.068 -0.040 0.010 0.030 -0.057 -0.021 0.077
2008-10 0.222 -0.041 0.078 0.008 -0.086 0.055 0.022 -0.077
2011-15 0.167 -0.014 0.088 -0.084 -0.004 0.106 -0.071 -0.035

EL42 Notio Aigaio 2002-07 0.306 0.049 0.013 -0.064 0.051 -0.046 0.035 0.011
2008-10 0.319 -0.048 0.020 0.010 -0.030 0.046 -0.055 0.009
2011-15 0.268 -0.003 0.008 -0.030 0.022 -0.042 0.062 -0.020

EL43 Kriti 2002-07 0.198 0.035 -0.130 0.065 0.065 -0.140 0.047 0.093
2008-10 0.287 -0.042 0.055 -0.016 -0.039 0.036 -0.020 -0.016
2011-15 0.221 -0.011 -0.036 0.033 0.002 -0.023 0.008 0.015
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EL51 Anatoliki Makedonia, Thraki 2002-07 0.173 0.028 -0.092 0.074 0.018 -0.089 0.001 0.088
2008-10 0.257 -0.017 0.219 -0.081 -0.138 0.210 -0.122 -0.088
2011-15 0.195 -0.028 0.005 0.017 -0.023 0.025 -0.011 -0.013

EL52 Kentriki Makedonia 2002-07 0.231 0.041 -0.012 0.001 0.010 -0.018 0.003 0.014
2008-10 0.320 -0.046 0.046 -0.044 -0.002 0.052 -0.069 0.017
2011-15 0.224 -0.014 0.043 -0.046 0.003 0.043 -0.018 -0.025

EL53 Dytiki Makedonia 2002-07 0.242 0.026 0.033 -0.017 -0.016 -0.030 -0.027 0.057
2008-10 0.318 -0.025 0.181 -0.056 -0.125 0.157 -0.062 -0.095
2011-15 0.258 0.011 0.052 -0.094 0.042 0.053 -0.065 0.013

EL54 Ipeiros 2002-07 0.187 0.023 -0.026 0.046 -0.021 -0.031 0.018 0.013
2008-10 0.235 -0.035 0.028 -0.012 -0.016 0.007 0.057 -0.065
2011-15 0.223 -0.011 0.021 -0.028 0.007 0.015 -0.018 0.003

EL61 Thessalia 2002-07 0.177 0.038 -0.051 0.025 0.026 -0.046 0.025 0.020
2008-10 0.348 -0.051 0.144 -0.098 -0.046 0.136 -0.087 -0.050
2011-15 0.196 0.000 0.029 -0.030 0.001 0.035 -0.023 -0.012

EL62 Ionia Nisia 2002-07 0.256 0.050 -0.026 -0.005 0.031 -0.068 -0.001 0.069
2008-10 0.262 -0.050 -0.030 -0.026 0.055 -0.025 -0.018 0.043
2011-15 0.245 -0.014 -0.040 -0.014 0.054 -0.098 -0.002 0.100

EL63 Dytiki Ellada 2002-07 0.182 0.047 -0.093 0.044 0.050 -0.096 -0.008 0.104
2008-10 0.317 -0.041 0.090 0.005 -0.095 0.166 -0.100 -0.066
2011-15 0.240 -0.016 0.231 -0.145 -0.086 0.220 -0.119 -0.101

EL64 Sterea Ellada 2002-07 0.262 0.021 -0.021 -0.004 0.025 -0.021 -0.031 0.053
2008-10 0.261 -0.049 0.013 0.018 -0.031 0.073 -0.054 -0.019
2011-15 0.292 -0.013 0.012 -0.017 0.005 0.055 -0.077 0.022

EL65 Peloponnisos 2002-07 0.168 0.037 -0.032 -0.001 0.034 -0.038 0.022 0.016
2008-10 0.221 -0.039 -0.038 0.004 0.034 -0.348 0.315 0.033
2011-15 0.196 -0.005 0.027 0.011 -0.038 0.042 -0.005 -0.038

ES11 Galicia 2002-07 0.276 0.069 -0.008 -0.030 0.038 -0.045 -0.036 0.081
2008-10 0.419 -0.019 0.051 -0.062 0.012 -0.013 -0.012 0.025
2011-15 0.325 0.016 -0.013 -0.013 0.026 -0.015 0.016 -0.001

ES12 Principado de Asturias 2002-07 0.239 0.066 0.018 -0.018 0.000 -0.004 -0.025 0.029
2008-10 0.283 -0.029 -0.022 -0.025 0.047 0.022 -0.053 0.031
2011-15 0.324 0.006 0.008 -0.034 0.026 -0.036 0.017 0.019

ES13 Cantabria 2002-07 0.285 0.050 -0.055 -0.007 0.062 -0.029 -0.040 0.069
2008-10 0.337 -0.031 -0.021 -0.068 0.089 -0.069 0.038 0.031
2011-15 0.316 0.007 0.026 0.018 -0.044 0.023 0.000 -0.023

ES21 Pais Vasco 2002-07 0.284 0.059 -0.008 -0.033 0.042 -0.053 -0.006 0.059
2008-10 0.323 -0.022 0.026 -0.026 0.000 0.027 -0.045 0.018
2011-15 0.349 0.019 0.015 -0.017 0.002 -0.014 0.043 -0.029

ES22 Comunidad Foral de Navarra 2002-07 0.243 0.048 0.008 -0.026 0.018 -0.028 -0.031 0.059
2008-10 0.420 -0.029 0.001 -0.052 0.052 -0.051 0.018 0.034
2011-15 0.351 0.018 0.035 0.006 -0.041 0.014 0.001 -0.016

ES23 La Rioja 2002-07 0.296 0.047 0.047 -0.081 0.034 0.013 -0.104 0.090
2008-10 0.326 -0.027 -0.076 -0.003 0.079 -0.059 0.003 0.057
2011-15 0.399 0.015 -0.005 -0.024 0.029 0.022 -0.058 0.035

ES24 Aragon 2002-07 0.221 0.058 0.013 -0.003 -0.010 -0.031 0.015 0.016
2008-10 0.374 -0.027 0.072 -0.056 -0.015 0.003 -0.012 0.009
2011-15 0.370 0.012 0.080 -0.031 -0.049 0.053 -0.008 -0.046

ES30 Comunidad de Madrid 2002-07 0.217 0.050 -0.022 0.006 0.016 -0.034 0.017 0.017
2008-10 0.252 -0.028 -0.048 0.027 0.021 -0.011 -0.013 0.025
2011-15 0.282 0.020 0.037 -0.029 -0.008 0.054 -0.035 -0.019

ES41 Castilla y Leon 2002-07 0.258 0.055 0.009 0.015 -0.024 -0.024 0.001 0.023
2008-10 0.360 -0.025 0.009 -0.047 0.038 -0.007 -0.035 0.042
2011-15 0.328 0.014 0.010 -0.005 -0.005 0.011 -0.008 -0.002

ES42 Castilla-la Mancha 2002-07 0.282 0.056 -0.016 0.018 -0.002 -0.030 -0.022 0.052
2008-10 0.457 -0.030 -0.009 -0.065 0.074 -0.053 -0.038 0.091
2011-15 0.332 0.008 0.021 -0.020 -0.001 0.022 -0.025 0.004

ES43 Extremadura 2002-07 0.213 0.062 -0.021 -0.009 0.030 -0.055 -0.011 0.066
2008-10 0.391 -0.017 -0.036 -0.041 0.076 -0.058 -0.006 0.064
2011-15 0.295 0.012 0.035 -0.019 -0.016 0.038 -0.031 -0.007

ES51 Cataluna 2002-07 0.281 0.046 -0.018 0.007 0.012 -0.006 -0.038 0.044
2008-10 0.375 -0.032 0.054 -0.041 -0.013 0.016 0.021 -0.037
2011-15 0.371 0.019 -0.021 0.028 -0.007 -0.029 0.059 -0.031

ES52 Comunidad Valenciana 2002-07 0.350 0.041 -0.037 -0.016 0.053 -0.037 -0.025 0.062
2008-10 0.446 -0.038 0.017 -0.048 0.031 -0.064 0.024 0.041
2011-15 0.312 0.014 0.018 -0.021 0.003 0.015 -0.022 0.007

ES53 Illes Balears 2002-07 0.307 0.028 -0.012 -0.011 0.023 -0.048 -0.012 0.060
2008-10 0.409 -0.039 0.014 -0.016 0.002 0.010 -0.027 0.017
2011-15 0.294 0.016 0.012 -0.003 -0.009 0.057 -0.036 -0.021

ES61 Andalucia 2002-07 0.241 0.058 -0.032 0.001 0.032 -0.046 0.011 0.035
2008-10 0.322 -0.038 -0.038 0.004 0.034 0.018 -0.015 -0.003
2011-15 0.265 0.011 0.017 -0.015 -0.003 0.024 -0.027 0.003

ES62 Regiion de Murcia 2002-07 0.296 0.050 -0.024 0.057 -0.033 0.054 -0.037 -0.017
2008-10 0.400 -0.033 0.024 -0.010 -0.014 -0.026 0.010 0.016
2011-15 0.275 0.016 0.030 -0.009 -0.021 0.025 0.012 -0.037

ES63 Ceuta (ES) 2002-07 0.144 0.048 -0.061 0.016 0.045 -0.071 -0.005 0.076
2008-10 0.265 -0.033 -0.071 -0.092 0.163 -0.078 -0.051 0.129
2011-15 0.223 0.006 0.063 -0.025 -0.039 0.040 0.010 -0.051

ES64 Melilla (ES) 2002-07 0.120 0.044 -0.046 0.088 -0.042 -0.003 0.010 -0.007
2008-10 0.186 -0.038 -0.057 0.039 0.018 0.115 -0.144 0.029
2011-15 0.153 0.000 -0.054 0.194 -0.140 0.267 -0.128 -0.140

ES70 Canarias (ES) 2002-07 0.242 0.034 -0.016 -0.040 0.056 -0.021 -0.002 0.023
2008-10 0.277 -0.039 -0.015 0.006 0.009 0.023 -0.012 -0.011
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2011-15 0.285 0.006 0.028 -0.001 -0.027 0.013 -0.004 -0.010
FI18 Etala-Suomi 2002-07 0.179 -0.022 -0.010 0.031 -0.028 0.001 0.027

2008-10 0.252 -0.055 0.024 0.030 -0.040 0.054 -0.015
2011-15 0.313 -0.034 -0.028 0.062 -0.017 0.034 -0.017

FI19 Lansi-Suomi 2002-07 0.204 0.050 -0.047 -0.004 0.051 -0.028 -0.009 0.037
2008-10 0.207 -0.013 -0.034 0.045 -0.011 0.084 -0.071 -0.013
2011-15 0.336 0.013 0.014 -0.023 0.009 0.037 -0.012 -0.024

FI1D Pohjois- ja It-Suomi 2002-07 0.171 0.053 -0.047 0.007 0.040 -0.041 0.004 0.037
2008-10 0.233 -0.014 -0.038 0.039 -0.001 0.140 -0.126 -0.014
2011-15 0.310 0.016 -0.006 -0.005 0.011 0.026 0.016 -0.042

FI20 Aland 2002-07 0.155 0.022 -0.053 -0.057 0.110 -0.030 -0.063 0.094
2008-10 0.345 -0.007 -0.032 -0.055 0.086 -0.043 -0.017 0.060
2011-15 0.279 0.023 0.020 0.005 -0.025 0.083 -0.012 -0.072

FR10 Ile de France 2002-07 0.136 0.029 -0.031 -0.021 0.052 -0.012 -0.009 0.020
2008-10 0.204 0.018 -0.058 -0.017 0.075 -0.034 -0.070 0.104
2011-15 0.260 0.021 -0.004 0.017 -0.013 0.135 0.002 -0.137

FR21 Champagne-Ardenne 2002-07 0.204 0.028 -0.026 -0.074 0.100 0.014 -0.016 0.002
2008-10 0.329 -0.028 -0.033 0.014 0.019 -0.037 0.003 0.034
2011-15 0.362 0.010 -0.017 0.005 0.013 0.134 -0.016 -0.119

FR22 Picardie 2002-07 0.238 0.021 0.006 -0.015 0.008 0.038 -0.039 0.001
2008-10 0.395 -0.021 0.052 -0.069 0.017 0.013 -0.032 0.018
2011-15 0.376 0.017 -0.029 0.023 0.006 0.136 -0.032 -0.104

FR23 Haute-Normandie 2002-07 0.171 0.028 -0.035 0.040 -0.005 0.044 -0.036 -0.009
2008-10 0.356 -0.020 0.051 -0.080 0.029 0.002 -0.016 0.014
2011-15 0.353 0.019 -0.035 0.041 -0.006 0.147 -0.044 -0.103

FR24 Centre (FR) 2002-07 0.188 0.024 -0.026 -0.020 0.046 -0.006 -0.045 0.051
2008-10 0.232 -0.024 -0.089 0.103 -0.014 0.006 0.018 -0.024
2011-15 0.340 0.018 -0.016 -0.005 0.021 0.150 -0.052 -0.098

FR25 Basse-Normandie 2002-07 0.216 0.027 -0.012 -0.029 0.041 -0.003 -0.011 0.014
2008-10 0.378 -0.017 0.132 -0.089 -0.043 0.045 0.026 -0.071
2011-15 0.352 0.018 -0.017 0.012 0.005 0.115 -0.034 -0.081

FR26 Bourgogne 2002-07 0.223 0.028 0.040 -0.070 0.031 -0.023 0.004 0.019
2008-10 0.332 -0.027 0.006 -0.022 0.017 0.003 -0.029 0.026
2011-15 0.328 0.020 -0.053 0.035 0.018 0.112 -0.015 -0.096

FR30 Nord - Pas-de-Calais 2002-07 0.230 0.032 -0.003 -0.032 0.035 -0.009 -0.012 0.021
2008-10 0.181 -0.011 -0.052 0.087 -0.034 0.071 -0.022 -0.049
2011-15 0.348 0.020 -0.024 0.006 0.018 0.129 -0.039 -0.090

FR41 Lorraine 2002-07 0.218 0.025 -0.029 0.000 0.029 0.018 -0.048 0.030
2008-10 0.336 -0.029 -0.004 -0.005 0.009 -0.021 0.051 -0.030
2011-15 0.347 0.026 -0.025 0.036 -0.011 0.153 -0.055 -0.098

FR42 Alsace 2002-07 0.171 0.020 -0.013 -0.023 0.036 0.024 -0.002 -0.022
2008-10 0.375 -0.018 0.019 -0.082 0.063 -0.005 -0.039 0.044
2011-15 0.368 0.022 -0.033 0.016 0.017 0.115 -0.033 -0.082

FR43 Franche-Comte 2002-07 0.224 0.016 0.058 -0.064 0.005 0.013 -0.014 0.001
2008-10 0.323 -0.026 0.010 0.008 -0.018 0.040 -0.033 -0.007
2011-15 0.412 0.022 -0.032 0.027 0.005 0.126 -0.024 -0.102

FR51 Pays de la Loire 2002-07 0.252 0.025 -0.011 -0.030 0.041 -0.032 -0.030 0.061
2008-10 0.338 -0.017 0.031 -0.015 -0.015 -0.015 0.029 -0.014
2011-15 0.356 0.022 -0.029 0.023 0.006 0.134 -0.049 -0.084

FR52 Bretagne 2002-07 0.140 0.030 0.038 -0.017 -0.021 0.066 -0.064 -0.002
2008-10 0.299 -0.027 -0.029 -0.004 0.033 -0.083 0.047 0.036
2011-15 0.328 0.027 -0.009 -0.013 0.022 0.130 -0.055 -0.075

FR53 Poitou-Charentes 2002-07 0.195 0.025 0.013 -0.047 0.034 0.053 -0.062 0.009
2008-10 0.388 -0.021 0.049 -0.070 0.021 -0.090 0.075 0.015
2011-15 0.380 0.020 -0.014 0.003 0.010 0.114 -0.014 -0.101

FR61 Aquitaine 2002-07 0.162 0.024 -0.006 -0.035 0.041 -0.003 -0.042 0.045
2008-10 0.294 -0.015 -0.018 -0.057 0.075 -0.084 0.054 0.030
2011-15 0.294 0.025 -0.018 0.030 -0.011 0.143 -0.036 -0.108

FR62 Midi-Pyrenees 2002-07 0.209 0.027 0.014 -0.035 0.021 -0.020 0.005 0.015
2008-10 0.300 -0.016 -0.012 -0.047 0.059 -0.041 -0.001 0.042
2011-15 0.309 0.031 -0.042 -0.004 0.046 0.111 -0.042 -0.069

FR63 Limousin 2002-07 0.220 0.021 -0.053 -0.016 0.068 0.002 -0.055 0.052
2008-10 0.317 -0.034 0.067 -0.063 -0.005 -0.070 0.054 0.016
2011-15 0.307 0.038 0.002 0.003 -0.006 0.134 -0.047 -0.086

FR71 Rhone-Alpes 2002-07 0.207 0.029 0.004 -0.025 0.021 -0.006 -0.002 0.008
2008-10 0.351 -0.011 -0.007 0.006 0.001 -0.054 0.052 0.002
2011-15 0.339 0.020 -0.046 -0.019 0.065 0.085 -0.033 -0.052

FR72 Auvergne 2002-07 0.220 0.029 -0.010 -0.055 0.066 -0.010 -0.012 0.023
2008-10 0.293 -0.023 0.017 0.009 -0.025 0.032 -0.020 -0.012
2011-15 0.336 0.032 -0.035 0.061 -0.026 0.167 -0.041 -0.126

FR81 Languedoc-Roussillon 2002-07 0.169 0.029 -0.043 -0.049 0.092 0.021 -0.036 0.015
2008-10 0.257 -0.011 0.038 -0.031 -0.007 -0.040 0.051 -0.010
2011-15 0.277 0.012 -0.015 0.003 0.012 0.116 -0.016 -0.100

FR82 Provence-Alpes-Cote d’Azur 2002-07 0.170 0.030 -0.008 -0.051 0.059 0.001 -0.020 0.019
2008-10 0.308 -0.003 -0.051 0.017 0.034 -0.043 -0.019 0.062
2011-15 0.273 0.016 -0.026 0.003 0.023 0.116 -0.044 -0.072

FR83 Corse 2002-07 0.106 0.031 0.000 -0.060 0.060 -0.029 -0.088 0.117
2008-10 0.270 0.017 0.026 -0.039 0.014 0.013 0.019 -0.032
2011-15 0.225 0.018 -0.051 -0.039 0.091 0.112 -0.085 -0.026

IE01 Border, Midland and Western 2002-07 0.248 0.047 0.047 -0.091 0.045 -0.056 0.023 0.033
2008-10 0.298 -0.065 -0.096 0.042 0.055 -0.042 -0.029 0.071
2011-15 0.319 0.022 0.063 -0.038 -0.026 0.071 -0.028 -0.043

IE02 Southern and Eastern 2002-07 0.212 0.051 0.029 -0.022 -0.007 0.006 -0.005 -0.002
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2008-10 0.394 -0.042 -0.001 -0.018 0.019 -0.043 -0.049 0.092
2011-15 0.284 0.120 -0.004 -0.007 0.011 0.007 0.012 -0.019

ITC1 Piemonte 2002-07 0.266 0.025 -0.030 -0.026 0.056 -0.004 -0.005 0.009
2008-10 0.374 -0.022 -0.008 -0.009 0.017 -0.027 -0.025 0.052
2011-15 0.367 0.009 0.006 -0.016 0.010 -0.004 0.018 -0.015

ITC2 Valle d’Aosta 2002-07 0.266 0.026 -0.043 -0.060 0.103 -0.011 -0.033 0.044
2008-10 0.223 -0.003 0.071 -0.030 -0.041 0.089 -0.054 -0.035
2011-15 0.290 0.001 0.012 -0.006 -0.006 0.004 -0.005 0.001

ITC3 Liguria 2002-07 0.203 0.032 -0.068 -0.032 0.100 -0.034 0.012 0.022
2008-10 0.285 -0.021 0.041 -0.006 -0.035 0.012 0.002 -0.014
2011-15 0.254 0.013 0.038 0.009 -0.047 0.058 -0.037 -0.021

ITC4 Lombardia 2002-07 0.294 0.019 -0.022 -0.042 0.063 -0.005 -0.012 0.017
2008-10 0.362 -0.003 -0.025 0.032 -0.007 0.017 -0.030 0.013
2011-15 0.388 0.008 0.015 -0.033 0.018 -0.007 0.002 0.005

ITF1 Abruzzo 2002-07 0.253 0.021 -0.022 -0.039 0.061 -0.012 0.033 -0.021
2008-10 0.327 -0.009 -0.002 0.032 -0.030 0.050 -0.037 -0.013
2011-15 0.361 0.012 0.021 -0.027 0.006 0.024 0.012 -0.036

ITF2 Molise 2002-07 0.238 0.034 -0.089 0.004 0.084 -0.055 0.044 0.011
2008-10 0.333 -0.023 0.044 -0.027 -0.017 0.008 0.001 -0.009
2011-15 0.368 -0.009 -0.058 0.041 0.017 -0.066 0.093 -0.027

ITF3 Campania 2002-07 0.208 0.023 0.010 -0.043 0.033 0.007 0.028 -0.034
2008-10 0.337 -0.022 -0.008 0.048 -0.041 -0.031 -0.012 0.043
2011-15 0.319 0.006 0.064 -0.040 -0.025 -0.021 0.054 -0.034

ITF4 Puglia 2002-07 0.239 0.022 -0.006 -0.052 0.058 -0.025 0.059 -0.034
2008-10 0.318 -0.017 0.041 -0.006 -0.034 0.002 0.032 -0.034
2011-15 0.310 0.013 0.023 -0.029 0.006 0.008 -0.012 0.005

ITF5 Basilicata 2002-07 0.239 0.026 -0.034 -0.080 0.114 -0.030 -0.028 0.059
2008-10 0.318 -0.029 0.027 0.007 -0.033 0.054 -0.015 -0.039
2011-15 0.332 0.030 0.039 -0.034 -0.005 0.022 -0.022 0.000

ITF6 Calabria 2002-07 0.181 0.031 -0.008 -0.053 0.061 0.005 -0.008 0.004
2008-10 0.358 -0.012 -0.021 0.031 -0.009 -0.042 0.012 0.030
2011-15 0.273 0.003 -0.051 -0.026 0.077 -0.048 -0.045 0.092

ITG1 Sicilia 2002-07 0.182 0.027 -0.040 -0.020 0.060 0.009 -0.016 0.007
2008-10 0.319 -0.016 -0.010 0.025 -0.014 -0.017 0.043 -0.026
2011-15 0.258 -0.001 0.004 -0.003 -0.002 0.009 -0.005 -0.003

ITG2 Sardegna 2002-07 0.212 0.031 -0.005 -0.037 0.043 -0.005 0.025 -0.020
2008-10 0.359 -0.010 0.023 0.020 -0.043 0.027 -0.030 0.003
2011-15 0.320 0.008 0.007 0.027 -0.033 0.000 0.037 -0.037

ITH1 Trentino-Alto Adige 2002-07 0.273 0.024 -0.011 -0.075 0.075 -0.014 -0.032 0.036
2008-10 0.332 -0.004 -0.027 0.021 0.006 0.008 0.042 -0.050
2011-15 0.343 0.018 0.033 -0.027 -0.007 0.006 0.004 -0.010

ITH3 Veneto 2002-07 0.302 0.027 -0.041 -0.037 0.078 -0.036 0.008 0.028
2008-10 0.391 -0.020 -0.043 0.091 -0.048 -0.037 0.048 -0.011
2011-15 0.387 0.014 0.031 -0.023 -0.008 0.002 0.007 -0.009

ITH4 Friuli-Venezia Giulia 2002-07 0.257 0.027 -0.020 -0.059 0.079 -0.011 -0.023 0.033
2008-10 0.313 -0.021 0.040 -0.013 -0.028 0.025 -0.038 0.013
2011-15 0.383 0.013 -0.007 -0.035 0.042 -0.007 -0.035 0.043

ITH5 Emilia-Romagna 2002-07 0.261 0.026 -0.039 -0.055 0.093 -0.019 -0.007 0.026
2008-10 0.379 -0.023 0.015 0.004 -0.019 0.015 0.001 -0.016
2011-15 0.378 0.017 0.010 -0.032 0.022 -0.015 -0.007 0.022

ITI1 Toscana 2002-07 0.290 0.024 0.000 -0.081 0.081 -0.025 0.033 -0.008
2008-10 0.320 -0.016 0.083 -0.018 -0.065 0.080 -0.064 -0.016
2011-15 0.331 0.013 0.009 -0.012 0.003 0.024 -0.002 -0.021

ITI2 Umbria 2002-07 0.267 0.023 -0.015 -0.027 0.042 0.006 -0.005 0.000
2008-10 0.371 -0.027 0.008 0.013 -0.021 0.009 -0.040 0.031
2011-15 0.345 0.000 0.001 -0.002 0.001 -0.008 0.010 -0.002

ITI3 Marche 2002-07 0.328 0.027 -0.038 -0.020 0.058 -0.036 0.024 0.012
2008-10 0.444 -0.026 -0.001 -0.018 0.019 0.008 -0.029 0.021
2011-15 0.364 0.009 0.074 -0.048 -0.025 0.042 -0.028 -0.013

ITI4 Lazio 2002-07 0.193 0.027 -0.030 -0.009 0.039 0.025 -0.027 0.003
2008-10 0.324 -0.021 -0.016 0.058 -0.042 0.009 -0.068 0.059
2011-15 0.300 -0.008 0.073 -0.062 -0.011 -0.017 0.035 -0.018

LU00 Luxembourg 2002-07 0.177 0.066 -0.022 -0.012 0.034 -0.007 -0.025 0.032
2008-10 0.275 -0.017 -0.039 -0.005 0.044 -0.037 -0.043 0.079
2011-15 0.228 0.035 -0.015 -0.009 0.024 0.054 -0.030 -0.024

NL00 Netherlands 2002-07 0.187 0.043 0.015 -0.018 0.002 -0.003 -0.004 0.007
2008-10 0.254 -0.012 -0.014 -0.049 0.063 -0.026 -0.045 0.071
2011-15 0.273 0.016 -0.022 -0.021 0.043 0.029 -0.043 0.014

PT11 Norte 2002-07 0.389 0.036 -0.012 -0.030 0.042 -0.037 -0.006 0.043
2008-10 0.445 0.003 0.034 -0.018 -0.016 -0.032 0.039 -0.007
2011-15 0.384 0.022 -0.052 -0.012 0.064 -0.048 -0.013 0.062

PT15 Algarve 2002-07 0.289 0.043 -0.056 0.023 0.033 -0.045 0.005 0.040
2008-10 0.376 -0.030 0.045 -0.048 0.003 -0.030 -0.004 0.034
2011-15 0.289 0.023 -0.006 -0.039 0.045 -0.020 -0.008 0.029

PT16 Centro (PT) 2002-07 0.310 0.040 -0.047 0.005 0.043 -0.045 0.018 0.027
2008-10 0.469 -0.005 0.041 -0.019 -0.022 0.046 -0.049 0.003
2011-15 0.332 0.019 -0.053 -0.016 0.069 -0.056 -0.006 0.062

PT17 Lisbosa 2002-07 0.237 0.038 -0.027 0.014 0.013 -0.030 0.019 0.011
2008-10 0.293 -0.007 -0.005 -0.004 0.009 0.016 -0.029 0.012
2011-15 0.285 0.001 -0.053 -0.028 0.081 -0.059 0.003 0.056

PT18 Alentejo 2002-07 0.196 0.043 -0.032 0.032 0.000 -0.028 0.037 -0.009
2008-10 0.363 -0.007 -0.010 0.034 -0.023 0.020 -0.047 0.027
2011-15 0.297 0.020 -0.055 -0.009 0.064 -0.067 0.004 0.063
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PT20 Acores 2002-07 0.253 0.043 -0.005 -0.026 0.030 -0.051 0.001 0.050
2008-10 0.432 0.009 -0.001 -0.022 0.022 -0.027 -0.044 0.070
2011-15 0.292 0.010 -0.007 -0.057 0.064 -0.032 -0.017 0.049

PT30 Madeira (PT) 2002-07 0.268 0.049 -0.026 0.000 0.026 -0.034 -0.017 0.052
2008-10 0.347 -0.009 0.025 -0.027 0.002 -0.042 0.025 0.016
2011-15 0.288 0.009 -0.056 0.000 0.056 -0.043 -0.001 0.044

SE11 Stockholm 2002-07 0.135 0.050 -0.040 0.008 0.032 -0.008 -0.031 0.039
2008-10 0.206 -0.015 0.005 0.009 -0.014 0.011 -0.004 -0.007
2011-15 0.227 0.030 -0.030 -0.002 0.032 -0.022 0.015 0.007

SE12 Ostra Mellansverige 2002-07 0.195 0.048 -0.043 0.012 0.031 -0.021 -0.016 0.037
2008-10 0.279 -0.014 0.022 0.003 -0.025 0.010 0.004 -0.014
2011-15 0.307 0.022 -0.026 -0.022 0.048 -0.019 -0.011 0.031

SE21 Smaland med oarna 2002-07 0.240 0.048 -0.038 0.041 -0.003 0.005 -0.002 -0.003
2008-10 0.318 -0.024 0.020 -0.015 -0.005 -0.005 -0.004 0.010
2011-15 0.335 0.027 0.001 -0.038 0.037 0.009 -0.021 0.012

SE22 Sydsverige 2002-07 0.197 0.052 -0.054 0.014 0.040 -0.021 -0.018 0.038
2008-10 0.269 -0.035 -0.003 -0.005 0.009 -0.003 0.001 0.002
2011-15 0.276 0.025 -0.009 -0.019 0.028 -0.009 -0.017 0.026

SE23 Vastsverige 2002-07 0.199 0.051 -0.044 0.007 0.037 -0.011 -0.021 0.032
2008-10 0.281 -0.016 0.020 0.000 -0.020 0.006 0.002 -0.009
2011-15 0.290 0.029 -0.011 -0.019 0.030 0.005 -0.024 0.019

SE31 Norra Mellansverige 2002-07 0.191 0.047 -0.011 0.015 -0.004 0.000 0.010 -0.010
2008-10 0.310 -0.017 0.010 -0.029 0.019 -0.026 0.001 0.025
2011-15 0.323 0.019 -0.025 -0.013 0.039 -0.006 -0.029 0.035

SE32 Mellersta Norrland 2002-07 0.137 0.033 -0.043 0.008 0.035 0.027 -0.043 0.016
2008-10 0.223 0.016 -0.017 0.015 0.002 0.024 -0.025 0.000
2011-15 0.282 0.008 -0.019 0.003 0.016 0.027 -0.029 0.002

SE33 Ovre Norrland 2002-07 0.183 0.056 -0.061 0.030 0.031 0.020 -0.028 0.008
2008-10 0.271 0.024 -0.014 0.015 -0.001 -0.006 -0.002 0.008
2011-15 0.283 0.007 -0.006 -0.021 0.027 0.007 -0.021 0.013

UKC0 Nort-East (UK) 2002-07 0.203 0.034 -0.018 -0.015 0.032 -0.049 0.015 0.034
2008-10 0.272 -0.014 0.023 -0.011 -0.012 0.031 -0.037 0.006
2011-15 0.308 0.024 -0.004 -0.004 0.009 -0.014 0.024 -0.010

UKD0 North-West (UK) 2002-07 0.185 0.034 -0.020 -0.004 0.024 -0.019 -0.009 0.028
2008-10 0.249 -0.012 0.059 -0.047 -0.012 0.034 -0.043 0.009
2011-15 0.277 0.028 -0.032 0.006 0.027 -0.012 0.015 -0.003

UKE0 Yorkshire and the Humber 2002-07 0.218 0.033 0.003 -0.022 0.019 -0.019 -0.001 0.020
2008-10 0.258 -0.030 0.006 0.011 -0.017 0.028 -0.024 -0.004
2011-15 0.303 0.021 -0.014 -0.009 0.023 0.006 -0.014 0.008

UKF0 East Midlands (UK) 2002-07 0.220 0.026 -0.015 -0.010 0.024 -0.028 -0.017 0.045
2008-10 0.258 -0.018 -0.023 0.000 0.022 -0.011 -0.039 0.051
2011-15 0.315 0.027 -0.024 -0.019 0.043 -0.004 -0.020 0.024

UKG0 West Midlands (UK) 2002-07 0.216 0.022 0.013 -0.045 0.032 -0.041 0.006 0.035
2008-10 0.217 -0.017 0.002 0.023 -0.025 0.015 0.000 -0.015
2011-15 0.293 0.036 -0.006 0.005 0.001 0.004 -0.001 -0.003

UKH0 East of England 2002-07 0.191 0.025 -0.005 -0.017 0.021 -0.006 -0.035 0.042
2008-10 0.226 -0.021 -0.039 0.029 0.009 -0.010 0.006 0.003
2011-15 0.290 0.027 -0.004 0.014 -0.010 0.028 -0.019 -0.009

UKI0 London 2002-07 0.131 0.048 -0.015 -0.015 0.030 0.003 -0.011 0.008
2008-10 0.161 -0.018 -0.036 0.017 0.018 0.002 -0.014 0.012
2011-15 0.236 0.034 0.010 0.011 -0.021 0.019 0.001 -0.020

UKJ0 South East (UK) 2002-07 0.161 0.022 -0.009 -0.012 0.021 -0.027 -0.002 0.029
2008-10 0.189 -0.010 -0.019 -0.006 0.024 -0.007 -0.005 0.012
2011-15 0.261 0.029 0.007 -0.020 0.013 0.025 -0.014 -0.011

UKK0 South West (UK) 2002-07 0.198 0.028 -0.026 -0.019 0.045 -0.053 -0.001 0.054
2008-10 0.193 -0.011 -0.028 0.010 0.018 0.035 -0.060 0.024
2011-15 0.275 0.022 -0.013 0.006 0.007 0.001 0.003 -0.004

UKL0 Wales 2002-07 0.209 0.032 -0.006 -0.015 0.021 -0.041 0.017 0.024
2008-10 0.202 -0.027 0.034 -0.003 -0.031 0.068 -0.056 -0.012
2011-15 0.309 0.033 0.025 -0.013 -0.013 0.009 0.014 -0.023

UKM0 Scotland 2002-07 0.183 0.042 0.010 -0.020 0.010 -0.026 0.005 0.021
2008-10 0.231 -0.005 -0.011 0.029 -0.018 0.019 -0.011 -0.007
2011-15 0.293 0.028 -0.009 -0.021 0.030 -0.001 0.002 -0.001

UKN0 Northern Ireland 2002-07 0.175 0.036 0.048 -0.013 -0.035 0.005 0.021 -0.026
2008-10 0.257 -0.033 0.044 -0.031 -0.013 0.068 -0.047 -0.021
2011-15 0.279 0.024 -0.006 0.023 -0.017 0.018 -0.015 -0.003
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Table 3.8: ∆wagelev on RRA, 2008-2010

∆low w ∆mid w ∆high w ∆low w ∆mid w ∆high w
rra 0.818*** -0.941*** 0.123 0.758*** -0.899*** 0.141

(3.94) (-4.24) (0.56) (3.42) (-3.95) (0.61)

gdp -0.125 0.110 0.0145
(-0.52) (0.61) (0.07)

cons -0.414*** 0.475*** -0.0613 -0.385*** 0.455*** -0.0706
(-3.87) (4.15) (-0.54) (-3.39) (3.89) (-0.60)

N 139 139 139 138 138 138
r2 0.0734 0.128 0.00223 0.0719 0.128 0.00278
r2 a 0.0666 0.122 -0.00505 0.0581 0.115 -0.0120
F 15.51 17.94 0.311 7.273 8.748 0.191

t statistics in parentheses

* p<0.1, ** p<0.05, *** p<0.01

Table 3.9: ∆skill on RRA, 2011-2015

∆low s ∆mid s ∆high s ∆low s ∆mid s ∆high s
rra 0.456** -0.160 -0.296 0.424** -0.136 -0.288

(2.43) (-0.54) (-1.03) (2.15) (-0.44) (-0.99)

gdp -0.520* 0.398* 0.122
(-1.75) (1.67) (0.71)

cons -0.234** 0.0740 0.160 -0.208** 0.0548 0.153
(-2.42) (0.48) (1.08) (-2.01) (0.34) (1.01)

N 139 139 139 138 138 138
r2 0.0332 0.00511 0.0172 0.0873 0.0444 0.0212
r2 a 0.0262 -0.00216 0.0100 0.0737 0.0303 0.00668
F 5.913 0.290 1.064 5.210 2.367 1.358

t statistics in parentheses

* p<0.1, ** p<0.05, *** p<0.01
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