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Preface

This Report presents the findings from an exploratory analysis financed by the Re-
search Council of Norway (RCN project numbers 157184 /F40 and 194717/D00).

The study has been carried out by Marco Capasso and Michael Spjelkavik Mark,
both working at the Nordic Institute for Studies in Innovation, Research and Edu-
cation (NIFU). The team would like to thank Ekaterina Denisova, Eric Iversen, Tore
Sandven and Asgeir Skalholt for useful comments and suggestions, and RCN and
NIFU for financing the projects. We do hope that the study is useful in itself and

that it opens up for future research projects in this area.
Oslo, January 2020

Espen Solberg

Head of Research
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Summary

Motivation and objective

ICT plays an important role in economies. From 2006 to 2013 ICT contributed with
26 percent of productivity growth in Norway (Eggen, Mark, & Rgtnes, 2015). This
is significantly higher than in the period 1995 to 2005, where ICT contributed with
10 percent of productivity growth in Norway, reflecting an increased digitalization
of the economy. Studies show an increasing deficit of people with high-level ICT
skills in the labour market (Mark, Bjgrnstad, Gran, & Rgtnes, 2014; Mark, Tgmte,
Naess, & Rgsdal, 2019), whereas other studies show people with master’s degrees
in ICT are struggling to find a job (Stgren, 2018). The observed discrepancy in
studies on the labor market situation for people with high-level ICT skills, where
there is an increasing uncovered demand at the same time as recent graduates are
struggling to find jobs, has been named the ICT paradox. The digitalization of the
economy and the ICT paradox raise questions as to how the ICT skills get reallo-
cated in the economy. Our methodology will be applied to hint toward possible

answers.

Our study focuses on the visualization of knowledge relations that are rooted in a
given type of education. In particular, we suggest a sequence of methodological
steps which can identify cross-sectoral skills, originating in a given education path,

and connect them to the observed evolution of a labour market.

As an empirical application, we analyse the fit of ICT higher education with the
Norwegian economy and society. The progressive digitalization of the Norwegian
economy has not been accompanied by a corresponding increase in job opportu-
nities for ICT-educated workers, indicating sectoral as well as geographical barri-
ers. Our procedure is then applied to dig into the Norwegian job market for ICT-
educated people, and to detect the existence of cross-sectoral ICT skills which

could explain the ongoing dynamics.
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Data and Methodology

The methodological steps we suggest exploits the increasing availability of micro-
data from the national statistical offices. During the last decade, new types of mi-
crodata have become available to social researchers, making thus possible to
adopt different methodologies to answer research questions in social sciences. An
important development has been registered in the acquisition of individual-level
data connecting employers to employees. This type of datasets allows to track the
careers of every resident in a given country, and especially its movement across

firms, often even across establishments.

In our analysis we will call “ICT education” an education connected to specific
NUS2000 codes (Norwegian Standard Classification of Education, see Section 4 for
details) and we will call “sectors” the ones defined by NACE codes (the statistical
classification of economic activities in the European Union, see Section 4 for de-
tails). A main point here is that the relation between specific skills, on one side,
and the economy as a whole, on the other side, occurs through the application of
skills within specific activities, performed by workers within economic establish-
ments. Given that a NACE code is associated, in Norway, to each economic estab-
lishment in the country, and it is possible, through data from the national statisti-
cal office, to observe the education of each employee in each establishment, then
it is also possible to abstract an overall picture of what happens in the country, in

terms of the fit of education and economy.

Recent labour dynamics

The data provides us with the possibility to see how the ICT-educated employees
flow between economic sectors: the figure below shows all the flows involving at
least 50 ICT-educated people between year 2013 and 2017. The green color is used
to highlight nodes, i.e. 2-digit economic sectors, where the number of ICT-educated
employees has increased, while the red colour signals a decrease. The figure shows
that “Computer programming, consultancy and related activities” (NACE 62) have
absorbed from many different sectors, but have also experienced an ouflow to-
wards “Human health activities”, “Activities of head offices; management consul-
tancy activities” and “Financial service activities, except insurance and pension
funding” (respectively NACE 86, 70 and 64). “Public administration and defence;
compulsory social security” (NACE 84) absorbs from “Computer programming,
consultancy and related activities” and “Education” (NACE 62 and 85), which sig-
nals that education activities constitute an increasingly important attractor for
ICT-educated employees. Other sectoral novelties in the ICT labour market are

brought by “Wholesale trade, except of motor vehicles and motorcycles” (NACE
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46) and “Retail trade, except of motor vehicles and motorcycles” (NACE 47). In
particular, wholesale trade experiences both an outward and an inward flow of
ICT-educated employees in connection to NACE 62 (“Computer programming,
consultancy and related activities”); instead, for retail trade there is only a flow
towards NACE 62. From the overall picture, it appears that “Computer program-
ming, consultancy and related activities” (NACE 62) constitute a labour flow hub

for ICT-educated people.

Flows of ICT-educated employees between years 2013 and 2017 (only flows of at
least 50 employees are shown). The green and red colour indicate respectively an
increase or a decrease in ICT-educated employees in the corresponding 2-digit eco-
nomic sector.

ICT-skill-relatedness

Following the criteria set by Fitjar and Timmermans (2019), in turn based on Nef-
fke and Henning (2013), we define “skill-relatedness” networks on the basis of la-
bour flows. We expand our time series to 2009-2017 and proceed to a finer 4-digit

disaggregation of economic sectors. We delineate a network of “ICT-skill-related-
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ness”, built considering only labour flows of ICT-educated people. The figure be-
low shows the resulting network; variations in the blue shade of a node indicates
variations in the percentage, in year 2017, of ICT-educated employees among all
the employees of the corresponding sector (the darker the blue color, the higher
the percentage; the area of each node is proportional to the logarithm of the total

number of employees; isolated nodes are not shown).
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ICT-skill-relatedness network, built on labour flows in Norway between years 2009
and 2017.

e An interesting aspect of the figure is that some sectoral clusters, or “communities”,
seem to emerge. Although the main component of the network seems to cover most of
the sectors, we also see that some relevant parts of the networks are totally separated:
this is the case, for instance, of the NACE group 3511-3513-3514 (respectively produc-
tion, distribution and trade of electricity) and the NACE group 6419-6512 (“Other
monetary intermediation” and “Non-life insurance”). The main component of the net-
work seems to be dominated by the traditional ICT sectors and public sectors, plus
some additional sectors: it is worth mentioning two sectors with a relative high share
of high skilled ICT employees, NACE 2611 (“Manufacture of electronic components”)
and NACE 7219 (“Other research and experimental development on natural sciences

and engineering”).
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To obtain a more objective view on a possible clusterization of the network, we apply
a “leading eigenvector” algorithm for community detection, as codified in the “clus-
ter_leading_eigen” function of the “igraph” R software package. The ICT-skill-related-
ness network can be summarized into eleven communities, some of them connected
into a unique network component (see figure and table below). Community 3 (“ICT”)
is by far the biggest with 11,415 ICT-educated employees, followed by Community 8
(“Public administration”: 3,120 ICT-educated employees) and Community 1 (“Off-

shore industries and services”: 1,834 ICT-educated employees).

Community structure of the ICT-skill-relatedness network.
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1.

10.

11.

Number of ICT-educated employees in the ICT-skill-relatedness network communi-

ties.

Links
to other
commu-

nities
Offshore industries and ser- 0610,
vices 0910, 2892,
3011, 4120,
4321, 4669,
7112, 7490 1,834
Supply industry — electricity 3511,
3513,3514 286
ICT 4651,
5829, 6201,
6202, 6203, Commu-
6511 11,415 nity 9
Media and publishing 5813,
5814, 6312 303
Finance 6419,
6512 678
Residential care 8720,
8730 64
ICT operation and telecom- 4711,
munication 6110, 6120,
6190, 7810, Communi-
7820, 9511 1,370 ties 10 and 11
Public administration 4932,
8411, 8412,
8413, 8430,
8610, 8690, Communi-
8899 3,120 ties 9 and 10
R&D and higher education 2611,
7219, 8542, Communi-
9499 1,362 ties 3 and 8
Data analysis and processing 6311,
6920, 8422, Communi-
8424 1,428 ties 7 and 8
Primary and secondary edu- 8520,
cation 8531, 8532, Commu-
8891 412 nity 7
Conclusions

The ICT-skill-relatedness community structure hints at the existence of groups of sec-
tors with a common need for specific ICT-skills. Notably, the common need for skills
crosses traditional sector boundaries and provide valuable information regarding the
possibility of different sectors to absorb and utilize certain type of sKills, in this case
derived from higher education in ICT. Further, we see an interdependence between
Communities 3, 7, 8,9, 10 and 11. This indicates that, potentially, ICT-educated em-
ployees can still transfer from one community to another.

Some subsets comprehend sectors obviously associated to ICT, like consultancy and
business services, or like telecommunication sectors. Some subsets involve sectors not
directly associated to ICT, but often associated between themselves: many of the sec-
tors within the public administration, or media and publishing sectors. Some subsets,

however, defy the initial expectations: this is, for instance, the case of accounting and
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auditing activities which are associated, by a common use of ICT skills for data analy-

sis, to defence and public order activities.

Moreover, there are subsets which look isolated from the rest of the economy, in the
sense that ICT-educated people who work within those subsets have a low chance of
being later employed anywhere else: this is the case of finance and offshore sector -
which appears like big island in the Norwegian economy, in terms of ICT skills. A po-
tential explanation being that these sectors to a larger extent are using external ser-
vice, e.g. ICT consultants. Instead, other subsets that are only indirectly connected
have, in recent years, been affected by direct labour flows: this is the case of the move
of ICT-educated people from ICT firms to the public administration. Indeed, the pro-
gressive digitalization of the public administration seems to have provided attractive

job position for ICT workers previously employed in the private sectors.

We envision two possible paths for further research. A first one concerns the direct
applications of our methodology. For instance, it would be worth investigating the fit
with the labour market for those types of education which are not explicitly designed
for a specific job. Especially for humanistic study plans, e.g. for philosophy or history
education, the identification of cross-sectoral skills from education, to be employed in
specific parts of the economy, would be an interesting research topic. A second path
for future research deals with methodological advances, to solve a related research
question, about which types of education best provide a specific cross-sectoral skill.
Given the increasing interest in defining skills which would help solve specific social
and environmental challenges (see, for instance, the ongoing research about "green"
skills), a tweak of our methodology could depart from an observation of the labour

flows in the economy to suggest variations in the existing education supply.
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Introduction

Economies are complex systems, functioning through the interactions of a large
number of different agents (Schweitzer et al., 2009). Interactions allow the combi-
nation of different capabilities, adding to a country’s economic complexity (Hi-
dalgo & Hausmann, 2009). Skills are a capability, and specific labour skills availa-
ble within a country are among the determinants of a country’s export mix; they
also define the paths on which the export mix can be extended (Hausmann & Hi-
dalgo, 2011; Hidalgo, Klinger, Barabasi, & Hausmann, 2007). Analogously, a coun-
try’s industry tends to extend its production mix, by adding products that belong
to the production mix of “skill-related” industries (Neffke & Henning, 2013). The
implication we draw, and on which we base our paper, is: if the same skill can be
used in different industries, and if the same education can contribute to different
skills, then it is possible to associate a particular education to different sets of in-
dustries, each one constituting an outlet for the given education path. Such associ-
ation would in turn allow a deeper understanding of the evolving labour market,
available to people having a given education.

We suggest a pattern of methodological steps aimed at answering the following
question: how can we best visualize the evolving fit between an education and an
economy? We refer here to a specific type of education, providing a specific set of
skills whose range of application varies across different economic sectors. While
the economic agents interact in many different settings, and the economy can be
disaggregated at different levels for study, considering sectors as units of analysis
is an established and fruitful practice to understand the knowledge evolution
within an economy (Castellacci, 2008; Pavitt, 1984). However, while innovation
studies have often analysed the economy as a network of knowledge relations
across sectors, tools originating in network theory have often been directed to-
wards other types of analyses (Costa et al.,, 2011). In particular, visualization tools
grounded in network theory and employed for input-output economic analyses
(see, e.g., Xu & Liang, 2019) can provide additional intuitions to the visualization
of knowledge relations among sectors.

Our study focuses on the visualization of knowledge relations that are rooted in

a given type of education. In particular, we suggest a sequence of methodological
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steps which can identify cross-sectoral skills, originating in a given education path,
and connect them to the observed evolution of a labour market. Our procedure
utilizes statistics derived from labour flows and builds upon the seminal work by
Neffke and Henning (2013) on skill relatedness. As an empirical application, we
analyse the fit of ICT higher education with the Norwegian economy. The progres-
sive digitalization of the Norwegian economy has not been accompanied by a cor-
responding increase in job opportunities for ICT-educated workers, indicating sec-
toral as well as geographical barriers. Our procedure is then applied to dig into the
Norwegian job market for ICT-educated people, and to detect the existence of
cross-sectoral ICT skills which could explain the ongoing dynamics.

Section 2 provides an overview of the relevant literature. Section 3 details the
methodology. Section 4 describes the data used for our empirical example, while
Section 5 shows the results. Section 6 concludes.
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Literature

ICT plays an important role in economies. From 2006 to 2013 ICT contributed with
26 percent of productivity growth in Norway (Eggen, Mark, & Rgtnes, 2015). This
is significantly more than from year 1995 to 2005, where ICT contributed with 10
percent of productivity growth in Norway, reflecting an increased digitalization of
the economy. Studies show an increasing deficit of people with high-level ICT skills
in the labour market (Mark, Bjgrnstad, Gran, & Rgtnes, 2014; Mark, Tgmte, Neess,
& Rgsdal, 2019), whereas other studies show people with master’s degrees in ICT
are struggling finding a job (Stgren, 2018). This has been named the ICT paradox.
The digitalization of the economy and the ICT paradox raise questions as to how
the ICT skills get reallocated in the economy. Our methodology will be applied to
hint toward possible answers.

The methodological steps we suggest relate to the increasing availability of mi-
crodata from the national statistical offices. During the last decade, new types of
microdata have started to be available to social researchers, making thus possible
to adopt different methodologies to answer research questions in social sciences.
An important development has been registered in the acquisition of individual-
level data connecting employers to employees. This type of datasets allows to
track the careers of every resident in a given country, and especially its movement
across firms, often even across establishments. The association between workers
and establishments makes it possible to understand the match between skills at
the individual level and the sets of skills available altogether within an establish-
ment, thus creating the possibility of a complementation of skills which will trans-
late into a good produced or a service provided. Most importantly, this type of em-
ployer-employee data shows the evolution of careers over time, as well as the evo-
lution of the sets of skills within establishments. The establishments are often de-
fined by an industry code (for instance a NACE code), usually made available by
the same statistical office which provides the invidual-level data. Then, a connec-
tion between people and sectors can be defined. Moreover, by looking, in the ag-
gregate, at the movements of people between economic sectors, also a connection

between sectors themselves can be defined.
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The construction of a “skill-relatedness” index by Neffke and Henning (2013) has
been made possible by such data availability: by observing labour flows between
industries, a measure of industry “skill-relatedness” was inferred. Given that skill-
relatedness can be estimated for any pair of economic sectors, and be marked as a
particular connection between sectors, then a whole economy can be seen as a
network, where each sector is a node and skill-relatedness is a link. This intuition
has given rise to an entire strand of literature, which, during the last decade, has
crystallized into a specific methodologic approach to evolutionary economic geog-
raphy. In particular, industry skill-relatedness has connected with the concept of
related variety (Frenken, Van Oort, & Verburg, 2007), which, at regional level, can
affect diversification (Boschma & Frenken, 2011) and resilience (Boschma, 2015).
The same methodology has then been applied in other national contexts, like in
Germany (Neffke, Otto, & Weyh, 2017) and Norway (Fitjar & Timmermans, 2017).
While we keep the detailed description of the methodology for a specific section
below of this paper, we want now to point out the fact that individual-level educa-
tion data have often been left out of the picture by this same scientific literature.
We then take the opportunity of refining the idea, particularly stressed by Hidalgo
and Hausmann (2009) in a macro-setting, that specific capabilities are needed to
complement physical capital (as well as other capabilities), in order to produce a
given good or service. Considering, instead, generic measures of human capital
(e.g., measured in years of schooling) might limit the analysis's depth (Hidalgo &
Hausmann, 2009).

The framework by Neffke and Henning (2013) is inspired by similar convictions
and has already proved to be a fruitful tool to infer the capability base within eco-
nomic sectors. However, its enrichment through the exploitation of other micro-
data sources, providing observed variables related to the workers's skills, could
further extend its domain of application. Alabdulkareem et al. (2018) have indeed
shown that occupation-related data can set the basis for extensions of the Neffke
and Henning (2013) framework, which can build skill taxonomies and explain job
polarization phenomena. While we recognise that occupation data have opened
promising empirical avenues for understanding employment dynamics (Burger,
Stavropoulos, Ramkumar, Dufourmont, & van Oort, 2019; Consoli, Marin, Rentoc-
chini, & Vona, 2019; Vona & Consoli, 2015), also in connection with the concept of
skill-relatedness (although with different methdological approaches, see Barbieri
& Consoli, 2019), we argue that education data have not been sufficiently exploited
(a notable exception being Fitjar & Timmermans, 2018, who consider broad edu-
cation categories). This is mostly due to the fact that education data alone do not
inform sufficiently about the construction and acquisition of specific skills. There-
fore, we complement education data with linked employer-employee data, within
a skill-relatedness framework. In particular, we suggest a data-driven procedure
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which can summarize all the potential fields of application of a particular type of

education, and can be connected to a country's observed employment dynamics.
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3.1

Methodology

Approach

Our question is: have there been changes, over time, in the fit of ICT education with
the Norwegian economy? By “fit” we refer here to a match between the acquisition
of skills through education and the application of those skills within specific sec-
tors of the economy. Given that “skills” and “economy” are concepts which cannot
be uniquely reduced to measures, an essential element for our quantitative analy-
sis lies in the reference to “education” and “sectors” (for simplicity, we will use the
word “sectors” independently of the aggregation level, including when the word
“industries” could be preferred). Specifically, in our analysis we will call “ICT edu-
cation” an education connected to specific NUS2000 codes (Norwegian Standard
Classification of Education, see Section 4 for details) and we will call “sectors” the
ones defined by NACE codes (the statistical classification of economic activities in
the European Union, see Section 4 for details). A main point here is that the rela-
tion between specific skills, on one side, and the economy as a whole, on the other
side, occurs through the application of skills within specific activities, performed
by workers within economic establishments. Given that a NACE code is associated,
in Norway, to each economic establishment in the country, and it is possible,
through data from the national statistical office, to observe the education of each
employee in each establishment, then it is also possible to abstract an overall pic-
ture of what happens in the country, in terms of the fit of education and economy.

However, when employing NACE codes, the disaggregation of the whole econ-
omy in different sectors can occur at many different levels. NACE codes are in Nor-
way available at 5-digit, so in principle the economy could be disaggregated down
to a very fine level. Which level shall we choose? Our suggestion is not to choose a
particular level from the beginning, but instead moving slowly from more aggre-
gated levels to more disaggregated ones. This procedure allows to keep an intui-
tive vision of the dynamics of the country throughout the whole analysis, allowing
our research to restrict the focus while the analysis proceeds. This progressive re-
striction of the focus leads to the following steps of our analysis.
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3.2

First step: Recent labour dynamics at macrosector level

A first step employs a higher sectoral aggregation level, for instance the A38 ag-
gregation, which is used by Eurostat as an intermediate step between 1-digit and
2-digit NACE codes, and builds upon an aggregation of the 88 2-digit setors into 38
macrosectors (European Commission, 2010). The “A38” macrosectors provide an
intuitive first disaggregation of a national economy, since they allow also a first
disaggregation across manufacturing sectors, which would not be achieved by us-
ing 1-digit level disaggregations. On the other hand, this level of aggregation keeps
visible the important distinction, that would exist already at 1-digit, between pri-
vate and public sectors, as well as between primary, secondary and tertiary sec-
tors.

We restrict our attention on recent changes of the match, and so we measure,
in each of the 38 “A38” macrosectors, the number of people with an ICT education
at the beginning and at the end of a recent period of interest; in our empirical ap-
plication, such period covers the years between 2013 and 2017. This is because
our object of interest, for this first step, is the ongoing dynamics in the labour mar-
ket, in relation to variations in the demand for particular skills (see Section 3.4 for
further details).We do the same for the whole economy: we measure how many
ICT-educated people were employed in the economy at the beginning and at the
end of the period of interest. If the total number of employed ICT-educated people
has increased in the whole economy, through our first step of the analysis we can
decompose such number as a sum of the absolute changes registered in each of the
macrosectors. This may sound like a trivial step, but it is essential to provide some
first intuitions on which parts of the economy are driving the employment of ICT-
educated people. The intuitions are made possible by the aggregation level, since
it may be easier to associate movements of more aggregated macrosectors, as the
A38 macrosectors, to information we may already have about the national and in-
ternational general contexts. Even if the aggregation level is high, the 2-digit sec-
tors included within the A38 sectors may share a general common dynamics fol-
lowing, e.g., value chain connections, product similarities or common suppliers.

To simplify further the picture, we suggest to concentrate the attention on those
A38 sectors which have contributed the most, in absolute terms, to the overall
change in the economy. We must highlight the expression “in absolute terms”,
since the overall change in the economy can result from a partial offset of strongly
positive contributions, by some macrosectors, and of strongly negative contribu-
tions, by some other macrosectors. The strongly positive contributions and
strongly negative contributions can be disentagled by looking at all macrosectors
which exhibited a high change in absolute value. We could be tempted at consid-
ering a given number of positions in the ranking, say the top five “positive” con-

tributors and the top five “negative” contributors; however, we refrain from that,
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3.3

since what really matters, to understand the process behind an overall change of
the economy, is not the simply the ranking betwen sectors, but rather the collec-
tive push of several macrosectors in the same direction, be it toward a higher or a
lower employment of ICT-educated people.

In particular, we suggest to, first, rank all the macrosectors which have in-
creased their number of ICT-employees, according to the increase amount. Then,
we compute the sums of the increases: this could be named as a positive “collective
push”. Finally, we progressively sum the contributions of each macrosector to the
“collective push”, starting from the macrosector having the highest increase, until
we reach a given percentage of the “collective push”. For instance, if we choose a
threshold of 75%, we will concentrate on the lowest number of macrosectors
which can, taken altogether, provide 75% of the “collective push”; roughly speak-
ing, these macrosectors will represent the part of the economy that mainly pushes
toward an overall increase of ICT employees in the whole economy.

In statistical terms, this equates to, first, computing the empirical probability
mass function of the positive absorption of ICT-employees by each macrosector;
then, ordering the mass function by indexing the macrosectors with an index “x”
according to their contirbution ranking; then, translating the mass function into a
cumulative probability distribution FX(x) = P(X<x); finally, using a cutoff p-value
of (1-T) (where T is our desired threshold, equal to 75% i.e. 34 in our previous
example) to isolate the highest contributing macrosectors.

The procedure is then repeated for the macrosectors which have decreased
their number of ICT-educated employees during the reference period; a cumula-
tive probability distribution function can be built following their relative contri-
butions to such negative “collective push”, and the analysis will then focus on the
minimum number of macrosectors whose total contribution is higher than 75% of
the negative “collective push”. Given that this part of the analysis has focused on
absolute increases, a possible influence of the number of ICT-employees at the be-
ginning of the period can be assessed at this stage, for the macrosectors selected
by the previous procedure, in order to provide an idea about which of the relevant

macrosector is experiencing a high internal dynamics.

Second step: From macrosectors to 2-digit sectors

A more precise description of the internal dynamics of the macrosector involves a
shift in the analysis from the A38 macrosectors to the 2-digit NACE sectors that
compose them. This is our second step. First, we will look at the changes in the
employment of ICT-educated people, within the period of interest, for each of the
2-digit sectors composing the macrosectors previously selected. If we had previ-

ously observed that a particular macrosectors, e.g. connected to media publishing,
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3.4

has drastically increased the employment of ICT-educated people, we can now
check whether one or more of the macrosector 2-digit components, for instance
broadcasting activities or motion picture production, have increased or decreased
the employment of ICT-educated people. In other words, we can see whether it is
the whole macrosector which has contributed to the “collective push” described
before, or if instead only some components of it are internal drivers of the macro-
sector’s dynamics.

If a 2-digit sector has increased the number of ICT-educated employees, such
increase may be fueled either by employees that have just entered, or re-entered,
the labour force, or, more often, by employees coming from other 2-digit sectors
of the economy. These could be 2-digit sectors belonging to the same macrosec-
tors, or belonging to other macrosectors of interest, or even to macrosectors that
we had initially discarded as irrelevant for our analysis. This type of dynamics be-
tween sectors can be seen through a network analysis of the labour flows of ICT-
educated people between 2-digit sectors. In other words, we can see the economy
as a network where each 2-digit sector is a node, and the connections between
nodes are given by the flow of ICT-educated employees between sectors. A repre-
sentation of the network of recent labour flows can provide an idea of how the
rearrangement of ICT-educated employees within the economy is happening by a

reallocation of workers across sectors.

Third step: Education-specific skill-relatedness

While labour flows over the recent period of interest can explain the within- and
between- macrosector dynamics, in terms of ICT-educated employees, an analysis
of labour flows of a longer period can provide a vision on more permanent char-
acteristics, in terms of sKills, of economic sectors. In other words, while a short-
term analysis of labour flows shows us a fine-grained description of the recent and
current labour dynamics, in connection to a particular type of education, a longer-
term analysis of labour flows (e.g. over ten years) suggest a view on structural
characteristics of the economy.

Two theoretical comparisons can help the reader to grasp our intuition behind
this distinction, wich we think can constitute the basis for a study of the matching
between education and economy. A first comparison is with the difference be-
tween descriptive and inferential statistics, where the second one can aim at re-
constructing a general law from the events affecting a sample. Analogously, an
analysis of labour flows in the short run, during a period of interest (i.e. in more
recent and current times) shows what has happened and what is happening and
allows to show the details of macro process involving the whole economy. Instead,

an analysis of labour flows over a longer time span can provide an indication of
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3.5

deeper causes behind the labour flows, primarily about the relation, in terms of
skills, between the sectors (what we will later call “skill-relatedness”).

A second comparison is with the short-term versus long-term analyses in eco-
nomics, where short-term movements of an economy are often associated to var-
iation of demand (e.g. associated to consumption fluctuations), while long-term
movements are associated to variations in supply (e.g. associated to technological
improvements). For labour flows, we can dare a comparison by suggesting that
short-term analyses would point out variations in current needs of workers of sec-
tors, in association to demand fluctuations for the products of the same sectors;
while longer-term analyses would point out skill-relatedness among sectors,
meant as similarities in the skills needed by sectors as embedded in the workforce
to complement fixed capital, given the sectors’ technologies.

Our third step then aims at understanding how different sectors of the economy
are connected in terms of education-specific skills, that is ICT skills in our empiri-
cal application. The longer time period we will consider, in this phase of the anal-
ysis, will cover the span from year 2009 until year 2017. Some particular, and un-
observed, ICT skills can be used in some parts of the economy, and we can see that
by observing, over such longer time period, how some sectors of the economy have
been connected by labour flows; other, also unobserved, ICT skills can be used in
other parts of the economy: in general, the economy can be represented as divided
into several sets of sectors, each one employing a relatively defined set of ICT
skills. This would suggest that, whatever the short-term variations in the national
and international contexts are, ICT-educated people which have acquired a partic-
ular set of skills would tend to remain employed within the same component of
the economy, even if workers might be changing sectors within that component. It
is important to point out that, in line with the previous literature, we suggest to
use a 4-digit sector disaggregation in this step of the procedure; a 2-digit sector
disaggregation, even if sufficient for descriptive statistics of labour flows, is not

sufficiently fine for using labour flows to infer skill-relatedness.

Fourth step: Education-specific employment within a
general skill-relatedness network

Our fourth step will provide an additional point of view by basing upon a slightly
different approach: we will analyse “skill-relatedness” between sectors without
focusing on ICT-education and see how ICT education fits in the general network
of skill connections among sectors. To this purpose, we will analyse, over the
longer time set 2009-2017, all the labour flows, independently of the education of

the workers, and build a skill-relatedness network of sectors, in representation of
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3.6

the whole economy and all types of education. We will then look at the position, in
this network, of sectors with a high ICT education.

Two intuitions stand behind this fourth step of our study. A first one relates to
an input-output vision of the economy, where each sector uses some inputs to cre-
ate outputs, and both inputs and outputs can be intangible. Apart from the
knowledge that flows between sectors as embedded in the workers, and is thus
directly observed as labour flows, there is also knowledge that flows across sec-
tors independently of the worker’s flows, and even of market transactions, and
simply because of the co-location within the same country. Such flow of knowledge
depends on the skill-relatedness between sectors, which in turn can be inferred
from labour flows, observed over the longer time span (2009-2017, in our analy-
sis). Therefore, when we represent the whole economy through its labour flows,
independently of education, and then highlight the nodes which correspond to sec-
tors with a high density of ICT-educated workers, we can get an intuition of how
the ICT skills are located within the general pattern of knowledge flows in the
country.

A second intuition can stem from this first one when inserting a dynamic ele-
ment into it: if some parts of the economy are declining, the consequences for
other parts of the economy do not come only in the sectors which are connected
by market transactions to the declining sectors (e.g. in sectors that are part of the
same value chains), but also in sectors which have previously benefitted only in
terms of knowledge from the declining sectors (through externalities). Therefore,
alook at the ICT-dense sectors of the country, in the general context of knowledge
flows of the country, can be complemented by a look at “neighbouring” sectors, in
terms of knowledge, in order to grasp possible future evolutions of the employ-
ment of ICT-educated people.

Measurement of skill-relatedness

In practical terms, the methods to follow for the third and fourth step are similar;
however, some important differences between the two steps would lead to very
different, but complementing, results. The method used in the fourth step mimics
what recently done by Fitjar and Timmermans (2019), who have used labour
flows between 2000 and 2007 to identify the positions of oil and gas extraction
sectors within the Norwegian skill-relatedness network of sectors; the only differ-
ence set by us is the time span considered, since we use years from 2009 to 2017.

In particular, for each couple of consecutive years between year 2009 and 2017,
we compare the observed flows of persons between industries to the flows which
would have been expected if flows between industries were random, i.e. if no pair

of industries were more tightly connected in terms of labour flows than other pairs
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of industries. The expected number of persons moving from industry i to industry
j is calculated as the total number of persons moving out of industry i (to any in-
dustry) multiplied by the total number of persons entering industry j (from any
industry), divided by the total number of movers (from any industry to any indus-

try). In formulas, with i # j:
expected flow;;= (total out of i) * (total entering j) / total number of movers

For the flow of employees between any pair of industries i and j, we may define a

relatedness ratio as the ratio between observed and expected flow of employees:
Ratio; = observed flow;; / expected flow;

If this ratio is above 1, the flow between the two industries is larger than what we

would have expected if the labour flow among industries were random.

This ratio varies from 0 to infinity and is thus highly skewed. This may be normal-

ised to vary between -1 and 1 through the following transformation:
SR = (Ratioj;; - 1) / (Ratio;+ 1)

The yearly indicator SRij described above is computed for each couple of indus-
tries and for each couple of consecutive years between year 2009 and 2017. We
consider as “skill-related” those sectors whose average SR, across all years, lies
above 0.25, and (second condition) the yearly SR lies above 0.25 for at least three
of the couples of years considered within the whole time span. In this way, we are
able to build an updated “skill-relatedness” network for Norway, which provides
hints about knowledge flows in the countries, to which we will add information
about the “ICT content” of each node, i.e. the share of ICT-educated people in the
sectors.

For the third step of our procedure, instead, we suggest a novel approach to
skill-relateness networks, where the microdata on employees education are used
not only to qualify nodes (i.e. sectors) in the network, but also to build the network
itself. Indeed, the labour flows used to compute indicators, and thus to infer the
connections in the network, will be measured considering only ICT-educated em-

ployees.
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Data

We use data on employment from Statistics Norway, made available to us by
means of two different datasets. A first dataset (Statistics Norway, 2019¢) contains
data at the individual employee level covering all persons in Norway between the
age of 15 and the age of 75 and covering (in the data form available to us) each
year from 2009 to 2017 included. The data include an employer variable in the
form of a unique firm identifier where the employee works; the firm identifier is
available at establishment level. If a person is employed by more than one firm,
the person is registered as employed by the firm where he or she works most
hours a week. For the years between 2009 and 2014, the employment has been
registered in one given reference week each year; for the years between 2015 and
2017, the employment has been registered throughout the whole of each year, and
we consider only the one defined as “main occupation” for the year. Firms are here
defined at the individual plant or establishment level, rather than at the enterprise
level. The enterprise is here the legal unit and may comprise several establish-
ments; each establishment is associated to a 5-digit NACE sector code and to the
Norwegian municipality where it is located.

For the purposes of our study, we do not consider all employed people, but we
apply a filter to the population of each year. The filter is based on a “year of birth”
variable, as obtained by matching our data with another dataset containing gender
and year of birth of people in Norway (Statistics Norway, 2019a). For anonymity
reasons, the “year of birth” variable is made available to us only as three-year in-
tervals (e.g. we know whether a person is born in year 1948 or 1949 or 1950, but
not exactly which year). We will consider only employed people that are “for sure”
between the age of 18 and 65 years, thus excluding from our data also people that
might be within the 18-65 age range but, given the three-year clustering, might
also be out of it.

Instead, the “education” variables are obtained by matching our data with a
third dataset containing, for each year, the NUS code of the highest degree ob-
tained by each person in Norway (Statistics Norway, 2019b). The education is reg-
istered on the 1st October of each year. Also here, we adopt a restrictive approach:

we consider an education degree as already achieved, for a given year, if this is
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registered as achieved on the 1st October of the previous year. Moreover, a worker
will be considered as ICT-educated, in a given year, if the highest education degree
achieved until the 1st October of the previous year is in an ICT subject, i.e. with a
NUS education code whose first three digits compose one of the following two
numbers: 654, 754. The first digit of the two codes, that is respectively the num-
bers 6 and 7, indicate the level of education, that is university degrees respectively
at low level (“Universitets- og hggskoleutdanning, lavere nivd” in Norwegian, in-
cluding Bachelor degrees) and high level (“Universitets- og hggskoleutdanning,
hgyere niva”, including Master degrees). We thus consider higher education but
not Ph.D. studies (whose associated digit would be 8), which are associated to
completely different work expectations and career paths. The second and third
digits of the codes form the number 54, which is the NUS code section associated
to Information and data technology (“Informasjons- og datateknologi” in Norwe-
gian). We thus adopt a restrictive definition of ICT education. For a worker having
more than one education degrees of the same level, only the latest achieved degree
will be considered in our analysis.
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5.1

5.2

Results

Questions of interest

The following presents the results of our empirical application. To assess the fit of

ICT-educated employees with Norwegian economy we focus on:
¢ What sectors are increasing and decreasing overall?

e What is the magnitude of increase and decrease?

e What are the significant flows to and from sectors?

¢ Which sectors are connected in terms of skills, and can we identify clusters of

skill-related sectors?

This exercise will not provide complete answers as to the labor market situation
of ICT-educated persons; yet, it will provide valueable insights as to where ICT-
educated persons work, what sectors are blooming or fading in terms of work op-
portunities for ICT-educated people, as well as insights about restructuring pro-
cesses within the economy. Also, the identification of skill-related areas of the
economy (or sector “communities”, to adopt a term commonly used in network
theory) will give us hints about which sectors are likely for ICT-educated persons

to flow to and from.

Recent labour dynamics at macrosector level

Initially, we are focusing on what sectors are increasing and decreasing in terms
of ICT-educated people. We focus on the changes between year 2013 and 2017. In
total, the amount of ICT-educated people has increased by 3,342.

If we divide the figures according to the A38 macrosectors, we can identify the
macrosectors contributing positively or negatively to the overall increase. In par-
ticular, Figure 5.1 shows the macrosectors that contributes with 75 percent of the

total increase. The sectors are, in ranked order:

e Nace 62 and 63: IT and other information services
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e Nace 84: Public administration and defence, compulsory social security
¢ Nace 86: Human health services
e Nace 58-60: Publishing, audiovisual and broadcasting activities

e Nace 69-71: Legal, accounting, management, architecture, engineering, tech-

nical testing and analysis activities

The five macrosectors add up to more than 75 percent of the total increase of high
skilled ICT employees. It is not surprising that the traditional ICT sectors, usually
associated to 2-digit sectors between 58 and 63, are included in the list, through
the two A38 macrosectors 62-63 and 58-60. Even more interesting is the presence
of the public sectors: both NACE 84 (public administration) and NACE 86 (health)
are among the five sectors contributing the most to increased employment. This
can be seen as deriving from an increased digitalization of the public sector in Nor-
way (we will later show that it is also a consequence of an overall increase in the

number of employees in these sectors).
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Figure 5.1 A38 macrosectors which have contributed positively to the employment
of ICT-educated people in Norway (years 2013-2017; cumulative contribution on
the y-axis).
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We also identify the macrosectors having experienced a decrease in the number of
ICT-educated employees. Again, we point at macrosectors whose cumulative con-
tribution amounts to at least 75 percent of the overall decrease (see Figure 5.2).
These are, in ranked order:

¢ Nace: 77-82: Administrative and support service activities

e Nace 05-09: Mining and quarrying

e Nace 29-30: Manufacture of transport equipment

¢ Nace 28: Manufacture of machinery and equipment n.e.c.

One should bear in mind that the decrease in ICT-educated people in the “nega-
tively pushing” macrosectors is limited compared to the increase in the “positively
pushing” macrosectors. In total, the positive contribution from macrosectors hav-
ing an increase amounts to 3,754, while the negative contribution from macrosec-
tors having a decrease amounts to 412. The latter is a much smaller number and
thus more sensitive to idiosyncratic fluctuations. Still, we can see that lower-
skilled services, along with medium-high tech industries and mining and oil, are
sectors with an outflow of ICT-educated people. For the lower-skilled service sec-
tors, this could be expected, since the potential need for ICT-educated people is
presumably becoming lower. On the other hand, the decrease registered for me-

dium-high tech industries, as well as for mining and oil, is somewhat surprising.
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Figure 5.2 A38 macrosectors which have contributed negatively to the em-
ployment of ICT-educated people in Norway (years 2013-2017; cumulative
contribution on the y-axis).
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These are sectors presumably strengthening their ICT capabilities. Yet, the de-
crease might be a consequence of an overall decrease in the number of employees
and thus a consequence of a broader restructuring of the Norwegian economy.

Moreover, as we will also point out in our conclusion section, some of the ICT
services needed by the mentioned macrosectors could be obtained by contracting
external firms, possibly consulting firms belonging to ICT-specific sectors. Out-
sourcing processes occurred out of our observation period could also have limited
the direct employment of ICT-educated experts.

Figure 5.3 provides us with information as to whether, for each macrosector,
the absolute change in ICT-educated employees derives from a high offset, in
terms of initial high number of ICT employees, or from a significant change in the
workforce composition. We can see, for instance, that the change for NACE 62-63
(Computer programming, consultancy and related activities, together with Infor-
mation service activities) is coming from a high initial number of ICT-educated
employees. So, although the registered increase is the largest in absolute terms, it
does not signal the same compositional change as for NACE 86 (Human health ac-
tivities).
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Figure 5.3 Initial and final number of ICT-educated employees per A38 macrosector (years

2013-2017; left panel) and corresponding percentage change (right panel).
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5.3

From macrosectors to 2-digit sectors

To further analyse the dynamics, we now split the macrosectors into their 2-digit
sector components. While the level of information detail increases, we also need
to keep in mind that also the relative importance of noise, and thus the uncertainty
related to the interpretation of the figures, increases. Table 5.1 shows, with a
breakdown at 2-digit level, the macrosectors previously identified in Figures 5.1
and 5.2.1 The table shows the total number of employees, the number of ICT em-
ployees and the share of ICT employees in years 2013 and 2017. Even though
NACE 62 has experienced the highest increase in ICT employees, the correspond-
ing share of ICT employees does not change from 2013 to 2017. On the other hand,
for NACE 63 the increase of ICT employees, in absolute terms, is rather low, while
the share of ICT employees increases from 2013 to 2017. Both NACE 84 and 86
have increased their share of ICT employees, even if the initial share was rather
low: for NACE 84 the increase has been from 1.7 percent to 2.0 percent, while for
NACE 86 the share has doubled from 0.2 percent to 0.4 percent.

Table 5.1 also shows that some 2-digit sectors have experienced an increase in
the number of ICT employees in spite of a decrease in the total number of employ-
ees. This is the case for NACE 58, 60 and 63 as well as NACE 80 and 81. Finally, we
can focus on the sectors having a decrease in ICT-educated employees, and notice
that the decrease is in line with a general decrease in employees, rather than indi-

cating a lower need of high skilled ICT employees.

1 More detailed statistics, on ICT-educated employment over time and across counties, are shown in
the appendix.
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Table 5.1 Initial and final number of ICT-educated employees per 2-digit sector
(years 2013-2017).

Code Name 2013 2017 Diff 2013 2017 Diff 2013 2017

62 Computer programming, consultancy
and related activities

63 Information service activities 4869 4689 -180 579 654 75 11.9% 13.9%

84  Public administration and defence;

34006 39348 5342 7859 9087 1228 23.1% 23.1%

R . 144524 156551 12027 2435 3198 763 1.7% 2.0%
compulsory social security
86 Human health activities 182648 191179 8531 310 697 387 0.2% 0.4%
58 Publishing activities 20271 17339 -2932 1747 2022 275 8.6 % 11.7 %
59  Motion picture, video and television
programme prod.uctlon., Sc,’und re. 3644 4851 1207 47 73 26 13% 1.5%
cording and music publishing activi-
ties
60 Egosgramm'ng and broadcasting activi- 6218 5122 -1096 159 171 12 2.6% 33%
69 Legal and accounting activities 25703 27347 1644 171 210 39 0.7 % 0.8 %
70 Activities of head offices; manage- 8955 10522 1567 210 344 134 23% 33%
ment consultancy activities
n - - : ~
,A,rChltECtur_aI el e,ngmeermg aCt'IV 46379 44483 -1896 771 761 -10 1.7% 1.7%
ities; technical testing and analysis
77 Rental and leasing activities 6253 6133 -120 38 36 -2 0.6 % 0.6 %
78 Employment activities 43204 33702 -9502 497 361 -136 1.2% 1.1%
79 Travel agency, tour operator and
other reservation service and related 4651 4692 41 39 39 0 0.8% 0.8%
activities
80 Security and investigation activities 11673 11048 -625 79 89 10 0.7% 0.8%
81 Ser.vl.a.es to buildings and landscape 38788 37220 1568 74 79 s 02% 02%
activities
82  Office admlnls.tratwe, office sum)grt R S 6B Y 5 a LO% Lo
and other business support activities
6  Extraction of crude petroleum and 25067 22400 2667 an1 400 a 18% 1.8%
natural gas
9 Mining support service activities 31479 24744 -6735 198 150 -48 0.6% 0.6 %
29 Manufactun.e of .motor vehicles, trail- 3047 2424 623 10 8 > 0.3% 0.3%
ers and semi-trailers
30 MarTUfaCture o aliney transport 20092 14554 -5538 254 177 -77 13% 12%
equipment
28 Manufacture of machinery and equip- 19528 15597 3931 319 269 -50 1.6% 1.7%
ment n.e.c.

The data also provides us with the possibility to see how the ICT-educated em-
ployees flow between economic sectors: Figure 5.4 shows all the flows involving
at least 50 ICT-educated people between year 2013 and 2017. The green color is
used to highlight nodes, i.e. 2-digit economic sectors, where the number of ICT-
educated employees has increased, while the red colour signals a decrease. The
figure shows that “Computer programming, consultancy and related activities”
(NACE 62) has absorbed from many different sectors, but it has also experienced
an ouflow towards “Human health activities”, “Activities of head offices; manage-
ment consultancy activities” and “Financial service activities, except insurance and
pension funding” (respectively NACE 86, 70 and 64), whose intakes are only from
NACE 62. “Public administration and defence; compulsory social security” (NACE
84) absorbs from “Computer programming, consultancy and related activities”
and “Education” (NACE 62 and 85), the latter corresponding to education activities
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and signalling that education activities constitute an increasingly important at-
tractor for ICT-educated employees. Other sectoral novelties in the ICT labour
market are brought by “Wholesale trade, except of motor vehicles and motorcy-
cles” (NACE 46) (Wholesale trade, except of motor vehicles and motorcycles) and
“Retail trade, except of motor vehicles and motorcycles” (NACE 47). In particular,
wholesale trade experiences both an outward and an inward flow of ICT-educated
employees in connection to NACE 62 (“Computer programming, consultancy and
related activities”); instead, for retail trade there is only a flow towards NACE 62.
The presence of NACE 46 and 47 might seem surprising at a first glance, but we
need to point out that both sectors contain sub-sectors which are closely related
to ICT: NACE 46.5 covers “Wholesale of information and communication equip-
ment”, whereas NACE 47.4 convers “Retail sale of information and communication
equipment in specialised stores”. From the overall picture, it appears that “Com-
puter programming, consultancy and related activities” (NACE 62) constitutes a
labour flow hub for ICT-educated people.

Figure 5.4 Flows of ICT-educated employees between years 2013 and 2017 (only
flows of at least 50 employees are shown). The green and red colour indicate re-
spetively an increase or a decrease in ICT-educated employees in the correspond-
ing 2-digit economic sector.
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54

ICT-skill-relatedness

Following the criteria set by Fitjar and Timmermans (2019), in turn based on Nef-
fke and Henning (2013), we can now define skill-relatedness networks on the ba-
sis of labour flows. We thus expand our time series to 2009-2017 and proceed to
a finer 4-digit disaggregation of economic sectors. First, we delineate a network of
“ICT-skill-relatedness”, built considering only labour flows of ICT-educated peo-
ple. Figure 5.5 shows the resulting network; variations in the blue shade of a node
indicates variations in the percentage, in year 2017, of ICT-educated employees
among all the employees of the corresponding sector (the darker the blue color,
the higher the percentage; the area of each node is proportional to the logarithm
of the total number of employees; isolated nodes are not shown).

An interesting aspect of the figure is that some sectoral clusters, or “communi-
ties”, seem to emerge. Although the main component of the network seems to
cover most of the sectors, we also see that some relevant parts of the networks are
totally separated: this is the case, for instance, of the NACE group 3511-3513-3514
and the NACE group 6419-6512. The main component of the network seems to be
dominated by the traditional ICT sectors and public sectors, plus some additional
sectors: itis worth mentioning two sectors with a relative high share of high skilled
ICT employees, NACE 26.11 “Manufacture of electronic components” and NACE
72.19 “Other research and experimental development on natural sciences and en-

gineering”.
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Figure 5.5 ICT-skill-relatedness network built on labour flows in Norway between
years 2009 and 2017.
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To obtain a more objective view on a possible clusterization of the network, we
apply a “leading eigenvector” algorithm for community detection, as codified in
the “cluster_leading_eigen” function of the “igraph” R software package. The re-
sulting community structure is shown in Figure 5.6, and we report additional in-
formation about number of employees in Table 5.2 (the names of the communities
in Table 5.2 are assigned by us according to the sectors involved).2 The ICT-skill-
relatedness network can be summarized into eleven communities, some of them
connected into a unique network component. Community 3 (“ICT”) is by far the
biggest with 11,415 ICT-educated employees, followed by Community 8 (“Public
administration”: 3,120 ICT-educated employees) and Community 1 (“Offshore in-
dustries and services”: 1,834 ICT-educated employees).

Figure 5.6 Community structure of the ICT-skill-relatedness network.

2 Notice that, using different detection algorithms, the sectors 8610 and 8690 (hospital and health)
could be assigned to community 9 (research) instead of community 8 (administration).
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Name

Table 5.2. Number of ICT-educated employees in the ICT-skill-relatedness network
communities.

Contain (4-digit Number of ICT Links to other
nace) employees communities

12. Offshore industries and services 0610, 0910, 2892, 3011,

4120, 4321, 4669, 7112,

7490 1,834
13. Supply industry — electricity 3511,3513, 3514 286
14. ICT 4651, 5829, 6201, 6202,
6203, 6511 11,415 Community 9
15. Media and publishing 5813, 5814, 6312 303
16. Finance 6419, 6512 678
17. Residential care 8720, 8730 64
18. ICT operation and telecommuni- 4711, 6110, 6120, 6190,
cation 7810, 7820, 9511 1,370 Communities 10 and 11
19. Public administration 4932, 8411, 8412, 8413,
8430, 8610, 8690, 8899 3,120 Communities 9 and 10
20. R&D and higher education 2611, 7219, 8542, 9499 1,362 Communities 3 and 8
21. Data analysis and processing 6311, 6920, 8422, 8424 1,428 Communities 7 and 8
22. Primary and secondary educa-
tion 8520, 8531, 8532, 8891 412 Community 7

The ICT-skill-relatedness community structure hints at the existence of groups of
sectors with a common need for specific ICT-skills. Notably, the common need for
skills crosses traditional sector boundaries and provide valuable information re-
garding the possibility of different sectors to absorb and utilize certain type of
skills, in this case derived from higher education in ICT. Further, we see an inter-
dependence between Communities 3, 7, 8,9, 10 and 11. This indicates that, poten-
tially, ICT-educated employees can still transfer from one community to another.
By adding a geographical dimension, we can see which Norwegian counties
host most of the employees in the communities, and also which counties are able
to absorb and utilize ICT-educated employees. One precondition for a county to be
able to absorb and utilize ICT-educated employees is indeed the presence of a sec-
tor community. To assess whether a specific community is more present in one
county compared to others, we compute a location quotient (also known as a spe-

cialization index). The location quotient is measured as follows:
Location quotient= (Empix/ Empx) / (Empiy/Empy)

Where “Emp” is the number of employees, i is the community, x is the county and
yis Norway in total. Getting the score 1 implies that the cluster in the giving county
is at the same level as the national average. Below the score 1, the cluster in the
giving county is under the national average, whereas a score above 1 implies a re-

gional specialization.
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Table 5.3. Community presence in Norway's counties.

1. Offshore industries and ser- Rogaland 1.834
vices
2. Supply industry — electricity Sogn og Fjordane and Tele-
mark 286
3. ICT Oslo and Akershus 11.415 Group 9
4. Media and publishing Oslo 303
5. Finance Oslo and Hordaland 678
6. Residential care Telemark, Vestfold, @stfold
and Hedmark 64
7. ICT operation and telecom- None in particular 1.370 Group 10 and 11
munication
8. Public administration None in particular 3.120 Group 9 and 10
9. R&D and higher education Oslo, Trendelag, Troms and
Hordaland 1.362 Group 3 and 8
10. Data analysis and processing  Oslo 1.428 Group 7 and 8
11. Primary and secondary edu-  None in particular 412 Group 7

cation

Table 3 presents where a specialization is found for each community. It shows that
the ICT-cluster (number 3) is highly present in Oslo and Akershus as the only coun-
ties. In addition, data analysis and processing is highly present in Oslo. We also
identify universities in cluster 9 which is highly present in Oslo, Trgndelag, Troms
and Hordaland. Finally, the offshore industry is identified as highly present, un-
surprisingly, in Rogaland. In total the results indicate a regionalization of labor
market for high skilled ICT employees which is situated in Oslo. Oslo is highly pre-
sent in 5 of 11 communities and in addition in the larger clusters such as ICT and
data analysis and processing. Hordaland and Telemark are present in 2 of 11 com-
munities. Otherwise, the rest of the counties are only present in 1 of 11 communi-
ties. Figure 5.7 shows the total picture for all of Norway, respectively by each of

the 11 communities.
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5.5

Figure 5.7. Community location quotient in Norway’s counties (ordered from left to
right, and from top to bottom: community 1 at top-left, community 11 at bottom-
center).

ICT-educated employment within Norway’s general
skill-relatedness network

The last part of our analysis focuses on the “general” (i.e. not ICT-education-spe-
cific) skill-relatedness of the most ICT-intensive sectors. The skill-relatedness net-

work is now built by using all labour flows (years 2009-2017) of all people, inde-
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pendently of their education. Given that showing the whole network would be con-
fusing (there are many connections, due to the high number of relevant labour
flows), Figure 5.8 shows only the union of the ego-networks of the ten 4-digit sec-
tors having, in year 2017, the highest share of ICT-educated workers.3 It is then
possible to notice how the ICT-dense ICT consultancy sectors 6201 and 6202 ap-
pear close to the management consultancy sectors 7021 and 7022. This was not
the case in the previous Figure 5.5 on ICT-skill-relatedness: the proximity would
then be interpreted generally in terms of skills, but not specifically in terms of ICT
skills. Notice also that the public sector does not seem to occupy a relevant posi-
tion in the network of Figure 5.8, while it was strongly present in Figure 5.5: this
would imply that the skills employed by both ICT intensive sectors and public sec-

tor are only the skills derived specifically from an ICT education.
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Figure 5.8. General skill-relatedness network, built on labour flows in Norway be-
tween years 2009 and 2017. Only the union of the ego-networks of the ten 4-digit
sectors having, in year 2017, the highest share of ICT-educated workers is shown.

3 The ten sectors are: 2894, 6201, 5821, 6202, 5829, 3240, 6203, 6311, 6130, 6611; isolated sectors
are not shown in the graph.
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Conclusions

Our study has illustrated an efficient procedure to visualize the evolving fit of ed-
ucation and economy. We have suggested to connect descriptive statistics about
recent labour flows to descriptions of the economy in terms of sectoral skill-relat-
edness. Such connection allows to contextualize fluctuations in the demand for a
specific education into the structural frame of an economy, as represented by the
economic sectors which composes it. The fit between education and economy can
then be summarized as depending on a range of skills, which are all associated to
a same education degree, but can each be applied to a subset of the economy.

For our empirical application, we have chosen to analyse the fit of the ICT edu-
cation with the Norwegian economy. Recent fluctuations in the employment of
ICT-educated workers have then been put into a longer term perspective, in which
specific ICT skills appear, thanks to our procedure, as appliable mainly in given
subsets of the economy. Some subsets comprehend sectors obviously associated
to ICT, like consultancy and business services, or like telecommunication sectors.
Some subsets involve sectors not directly associated to ICT, but often associated
between themselves: many of the sectors within the public administration, or me-
dia and publishing sectors. Some subsets, however, defy the initial expectations:
this is, for instance, the case of accounting and auditing activities which are asso-
ciated, by a common use of ICT skills for data analysis, to defense and public order
activities.

Moreover, there are subsets which look isolated from the rest of the economy,
in the sense that ICT-educated people who work within those subsets have a low
chance of being later employed anywhere else: this is the case of finance and off-
shore sector which appears like big island in the Norwegian economy, in terms of
ICT skills. The apparent isolation of the offshore-related community should be in-
terpreted also in the light of an adaptation of sector boundaries to pressures to-
ward a higher efficiency. The boundaries of the involved sectors, as a consequence
of the boundaries of the involved firm, may have been determined by outsourcing
processes which have led to push relevant skills, including relevant ICT skills, out
of the community. In particular, some of the ICT skills required by the offshor-re-

lated industries might be bought from firms laying in different sectors, out of the

41 e wWorking Paper 2020:1



community, possibly sectors within an ICT-specific community, which also con-
tains knowledge-intensive consultancy firms. The distinction between ICT skills
needed in-house by the offshore community, on the one hand, and ICT skills ac-
quired from external specific firms, on the other hand, deserves specific studies
and can constitute a line for further research, particularly relevant for grounding
labour policies in resource-rich countries.

Instead, other subsets that are only indirectly connected have, in recent years,
been affected by direct labour flows: this is the case for the move of ICT-educated
people from ICT firms to the public administration. Indeed, the strong digitaliza-
tion of the public administration seems to have provided attractive job positions
for ICT workers previously employed in the private sectors. The public and health
sectors are absorbing an important share of ICT-educated people, and the absorp-
tion seems to involve both people who have entered the labour market and people
previously employed in other sectors, including sectors connected to business ser-
vices and temporary employment positions. This result suggests an important role
which public and health sectors may have acquired, as stabilizers of the ICT-edu-
cated labour market. Indeed, digitalisation processes occurring at a stable, if not
increasing, rate in the public sector seem to have translated into more stable job
positions for the ICT-educated. While this thesis could be corroborated by specific
analyses on the same dataset we have used, a conclusive study could only base
upon continuing, also during the next years, our observation of the labour market.

We envision two possible paths for further research. A first one concerns the
direct applications of our methodology. For instance, it would be worth investigat-
ing the fit with the labour market for those types of education which are not ex-
plicitly designed for a specific job. Especially for humanistic study plans, e.g. for
philosophy or history education, the identification of cross-sectoral skills from ed-
ucation, to be employed in specific parts of the economy, would be an interesting
research topic. A second path for future research deals with methodological ad-
vances, to solve a related research question, about which types of education best
provide a specific cross-sectoral skill. Given the increasing interest in defining
skills which would help solve specific social and environmental challenges (see,
for instance, the ongoing research about "green" skills), a tweak of our methodol-
ogy could depart from an observation of the labour flows in the economy to sug-
gest variations in the existing education supply.
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Appendix

Here in the Appendix we show the tables at county-level for years 2009, 2013,
2016 (year 2017 isnot available at county-level; the 2-digit NACE codes are shown
in the upper row). Small discrepancies can exist between country-level and
county-level results, since the county-level results must utilize also an additional

(business register) dataset, and few observations are lost in the merging.

Year 2009:

Sector 62 Sector 84 Sector 58 Sector 85 Sector 46 Sector 61 Sector 71 Sector 86 Sector 47 Sector 63
@stfold 173 49 68 45 38 13 19 15 27 2
Akershus 870 257 211 72 258 312 171 56 67 46
Oslo 2825 630 755 268 469 176 81 70 83 183
Hedmark 106 64 12 23 13 7 2 22 8 3
Oppland 77 26 18 35 25 42 5 12 12 1
Buskerud 88 96 4 27 44 6 46 7 25 3
Vestfold 167 45 48 26 40 5 10 7 14 6
Telemark 86 31 24 19 30 3 18 9 8 0
Aust-Agder 83 75 9 14 13 16 28 2 9 8
Vest-Agder 88 33 33 43 19 53 32 12 16 3
Rogaland 540 42 104 45 61 54 76 10 19 23
Hordaland 439 73 144 106 64 53 58 25 44 45
Sogn og Fjordane 28 58 25 15 10 9 3 4 9 0
Mgre og Romsdal 115 53 62 33 41 16 8 12 19 0
Nordland 74 111 38 44 5 19 8 6 17 4
Troms 106 40 73 72 6 29 4 29 7 1
Finnmark 7 39 6 17 13 13 1 3 0
Trgndelag 599 104 194 363 79 73 57 37 52 10
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Year 2013:

Sector 62 Sector 84 Sector 58 Sector 85 Sector 46 Sector 61 Sector 71 Sector 86 Sector 47 Sector 63

@stfold 229 50 49 53 45 9 27 11 30 23
Akershus 1114 173 211 61 217 337 175 30 119 61
Oslo 3318 1089 646 370 374 157 142 68 104 334
Hedmark 116 81 13 22 6 7 3 19 11 0
Oppland 109 47 16 38 12 41 3 3 11 11
Buskerud 74 52 22 32 36 7 48 6 27 9
Vestfold 206 58 39 30 68 4 23 5 17 9
Telemark 82 37 27 29 25 9 25 10 14 3
Aust-Agder 80 115 17 15 11 25 15 1 14 9
Vest-Agder 117 48 35 41 27 47 45 16 28 4
Rogaland 646 50 87 39 63 59 86 19 17 37
Hordaland 577 89 190 110 61 67 80 27 49 50
Sogn og Fjordane 37 86 35 16 9 10 5 1 11 0
Mgre og Romsdal 170 75 39 39 43 28 10 14 21 10
Nordland 77 154 52 55 12 17 8 5 23 6
Troms 115 37 64 75 9 41 6 33 10 0
Finnmark 10 39 5 8 9 16 2 3 5 0
Trgndelag 780 152 197 322 90 84 67 39 62 13
Year 2016:

Sector 62 Sector 84 Sector 58 Sector 85 Sector 46 Sector 61 Sector 71 Sector 86 Sector 47 Sector 63
@stfold 260 72 76 53 49 8 23 16 25 32
Akershus 1245 209 181 68 225 296 151 39 147 74
Oslo 3851 1457 711 426 328 149 173 84 150 334
Hedmark 112 89 17 28 17 5 5 23 13 0
Oppland 115 51 13 45 9 40 3 16 10 9
Buskerud 88 73 28 26 42 6 61 11 18 7
Vestfold 241 79 89 35 69 4 26 7 21 18
Telemark 74 59 32 26 27 10 13 8 10 6
Aust-Agder 76 153 11 15 11 40 7 2 22 0
Vest-Agder 116 55 21 44 24 42 37 19 29 9
Rogaland 612 65 124 43 57 74 78 31 25 56
Hordaland 569 111 214 115 39 47 66 121 55 36
Sogn og Fjordane 65 79 5 14 10 11 6 8 5 3
Mgre og Romsdal 195 79 34 43 50 34 12 42 17 0
Nordland 60 170 65 42 11 9 9 6 19 6
Troms 74 98 80 70 8 42 8 34 10 4
Finnmark 13 48 5 9 6 14 1 6 3 1
Trgndelag 761 183 310 300 71 97 75 138 83 26
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