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Abstract

Digitalization has set the stage for a stream of radical innovations that have the
potential to trigger a new technological revolution and cause deep structural changes
throughout the economy, affecting not only the technology base, but also the facili-
tating structure (including production, infrastructure and markets), public policy,
and the environment. Focusing on these building blocks, we combine network anal-
ysis and composite indicators into a novel framework to investigate a country’s soci-
oeconomic system both across its components and over time. Its empirical applica-
tion to a set of Western and Asian countries over 10 years gives insights into their
socioeconomic performance and development, as well as their capability to absorb
technological change. A structural decomposition analysis further allows investigat-
ing the evolution of countries’ structural transformation over time and shows the
impact of digitalization and Industry 4.0 in this regard.
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1 Introduction

It is safe to say that the innovative principle underlying most, if not all, recent tech-
nological breakthroughs in areas such as advanced robotics, micro- and nanoelec-
tronics or biotechnology is digitization, the conversion of information from analog
to digital. Continuous improvements in “More Moore” and ‘“More-than-Moore”
technologies have enabled the pervasive application of this principle to virtually all
areas of the economy and society, a trend commonly referred to as digitalization. In
this paper, we apply a novel methodology that combines indicators and network the-
ory in order to measure the systemic impact of digitalization. Digitalization induces
broad socioeconomic change, setting the stage for a fully-fledged technological
revolution, meant as “a set of interrelated radical breakthroughs, forming a major
constellation of interdependent technologies; a cluster of clusters or a system of sys-
tems” (Perez 2010, p. 189). Indeed, the widely discussed rejuvenation of manufac-
turing into a “smart manufacturing”, or “Industry 4.0, is one of the transformations
characterizing the later stage of the digital revolution that according to Carlota Perez
(2002) already started out with the invention of the Intel Microprocessor in 1971.
What we experience nowadays is the deployment period of this revolution—a poten-
tial “golden age” (Perez 2013, p. 11), marked by technological diffusion, dynamic
sectoral expansion, and economies of scale. In this crucial phase, entrepreneurship
should dominate financial capital while institutions should safeguard strong markets
and social well-being. However, such golden age lies on a path of creative destruc-
tion and destructive creation that can affect societies in costly ways. Digitalization
shapes many aspects of society, not least employment and the future of work, rest-
lessly engaged in a “race against the machine”. In fact, beyond the ongoing debate
on the “effect size”, smart technologies are projected to have vast implications for
the labor market (see, for example, Brynjolfsson and McAfee 2014, Autor 2015,
Frey and Osborne 2017, Frank et al. 2019). At the international level, innovation-
leading countries in the Global North are currently facing a race for the machine.
In this race, some Asian countries, especially the four Tiger states, are projected
to occupy the pole position in the future, as—according to the political scientist
Kishore Mahbubani—these economies have acquired the main pillars of Western
societies, such as the free market, science, education and the rule of law, whereas the
latter have been “gradually walking away from these pillars.”!

The need to understand the capacity of our socioeconomic systems to tackle the
profound changes currently unfolding calls for a systemic perspective on the digital
revolution that comprehends technological change as a process shaping and being
shaped by social and economic factors. In this context, we developed a tool and a
novel indicator to grasp and represent the impact of the digital age on the interde-
pendent structural components of contemporary socioeconomic systems.

Our motivation is thereby twofold: On the one hand, to complement the sys-
temic approaches in the literature on technological revolutions with an empirically

! http://www.chinadaily.com.cn/opinion/2010-12/23/content_11742747.htm (quoted in Reinert et al.
2016).
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tractable framework; on the other hand, to add up to the existing toolkit of assess-
ing social and economic development by taking into account the linkages between
different pillars of the socioeconomic system. While we do consider digitalization
a stage of the latest technological revolution, our aim is neither to provide a meas-
urement of the longue durée of technologically driven transformations nor to sup-
plement Long Wave theory with a less historical and more quantitative approach.
Contrarily, we aim at obtaining a snapshot of the structural effects of the digital
transformation ‘in the making’ on socioeconomic systems. Our contribution is to
use a novel methodology to envelop the complexity of change as it percolates over
the socioeconomic structure, rather than digging into its ultimate determinants.

We apply our tool to a set of Western (the innovation leaders in the European
Union, namely. Denmark, Finland, Germany, the Netherlands, Sweden, as well as
the US) and Asian countries (China, India, Malaysia, Singapore, South Korea and
Taiwan) for the period between 2007 and 2016, in order to assess their progress in
the main pillars of the socioeconomic system at the presumably first stage of deploy-
ment period of smart technologies. In particular, we will try to answer the follow-
ing questions: (1) What was the impact of digitalization on overall socioeconomic
development, what the impact of employment and work organization, and how are
they related to the digital transformation? (2) How similar are countries in terms
of their absorption pattern of technological change related to the so-called Industry
4.0?

The paper proceeds as follows. In Sect. 2, we describe the theoretical background
that motivates our systemic approach while in Sect. 3 we briefly sketch the meth-
odological framework and outline related data issues. Section 4 presents and dis-
cusses the results, while Sect. 5 summarizes the essence of the paper and provides
the reader with concluding remarks.

2 Theoretical background

Our systemic perspective on technological change falls in line with, and is very
much grounded in, a range of macroeconomic concepts that also treat technology as
being embedded in a specific socioeconomic environment (see e.g. Dosi 1982, Free-
man et al. 1982, Perez 1983, Mokyr 1990, von Tunzelmann 1997, Lipsey et al. 2005,
Geels and Schot 2007, Schot and Kanger 2018). Different from them, we focus on
measuring empirically how broad building blocks of the socioeconomic system and
their interrelation drive a country’s performance and its capacity for transformation.
This quantitative assessment of multidimensional phenomena is usually based on
composite indicators or indices. Recently, indices have gained a vital momentum for
investigating today’s transformations, such as the Global Connectivity Index from
Huawei (2019) or the EU Digital Transformation Board (EC 2018). These indices
do not only relate to the technology sphere, as, for instance, the Global Competitive-
ness Index (Schwab and Sala-i-Martin 2017) measures important drivers of a coun-
try’s productivity, or the Global Entrepreneurship Monitor (GEM consortium 2016)
focuses on entrepreneurial activity. While the latter examples are largely based on
soft (or survey) data, other indices, such as the Environmental Performance Index
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(a) (b)

Fig. 1 a Measuring components of a system as aggregates of their underlying indicators (black nodes)/
subindices (pentagons) versus b measuring components of a system by the strength of their linkages to
all other components in the network. Authors’ own illustration

(Hsu and Zomer 2016) use hard data. Indices, by their very nature, can capture the
multidimensional aspects of a phenomenon and are important sources for empirical
analysis (see Hartmann et al. 2017 and Peris-Ortiz et al. 2018 for two recent exam-
ples); however, the vertical aggregation of a diverse set of indicators to composite
indicators of increasingly higher order (see Fig. 1a) does not reflect the interaction
between these multiple components. By adopting a network approach instead (see
Fig. 1b), we use the single indicators to measure the strength of the relation between
any two components in the system. By doing so, not only the direct linkages (as
depicted by the arrows in the second layer of the figure) are considered, but also the
indirect linkages can be accounted for. The overall composite indicator (illustrated
by a hexagon in Fig. 1) is thus not derived from a vertical aggregation of indicators
along a hierarchical structure but is the result of vertical integration of the strength
of its components. The method used to derive this framework is further described
in the following section. A detailed discussion of our methodical approach can be
found in Strohmaier et al. (2019).

3 Methods and data

As outlined above, the process of technological transformation necessarily implies
change and coordination in a set of activities and interconnected subsystems. In their
structuralist-evolutionary (SE) framework, Lipsey (1999) and Lipsey et al. (2005)
suggest how the different components in a socioeconomic system interact with each
other. According to the authors, the evolution of technological knowledge—as one
component of the SE-structure—therefore shapes and is shaped by the other com-
ponents in the socioeconomic structure (see the network in Fig. 2a and Lipsey et al.
2005, p. 56 ff): (1) the facilitating structure, that incorporates the actualizations of
technological knowledge and facilitates the various processes in the system (related
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Fig.2 a Scheme of the structuralist-evolutionary approach by Lipsey et al. (2005, p. 56, simplified) and
b the empirical application of the SE-scheme for a specific country. Authors’ own illustration

to, e.g., innovation, production, infrastructure, etc.), (2) public policy, i.e. the policy
goals (inherent in legislation, laws, rules, regulations, procedures, and precedents)
and the demand and command structure of public bodies, (3) policy structure, that
comprises all public sector institutions, including parliament, courts, civil services
and regulatory bodies, (4) natural endowments, i.e. basic and raw materials used in
the production process; the interplay between all these components determine (5)
the overall performance of the economy (in terms of output, employment, etc.).

These components form the nodes of the network presented in Fig. 2a, where the
directed edges show the relations between them through which change percolates:
Technological knowledge affects a country’s (socioeconomic) performance via its
ties to the facilitating structure (i.e. the organization of production in broad terms)—
and its effects on the environment and natural resources. The more radical the tech-
nological change, the more profound is its impact on these building blocks; on the
other hand, the more supporting the facilitating structure—and the policies and pub-
lic institutions that affect it—the more likely is the emergence and adoption of a new
technological breakthrough.

We make use of the proposed scheme as shown in Fig. 2a for a quantitative
assessment of socioeconomic performance as a multidimensional measure of a
country’s wellbeing. We then investigate how this measure has changed since 2007
and to what extent the present technological trends contributed to these changes.
Given nowadays the broad availability of data, we use (survey and non-survey
based) information on economic and social aspects and current technological trends
to calculate the strength of each building block as the sum of its direct and indirect
linkages to the other components in the system. Our quantitative approach is in stark
contrast to the way Lipsey et al. (2005) apply their framework, namely in provid-
ing a rich historical account of past technological revolutions and their impact on
long-term economic development. Instead, we zoom into a short period within the
digital revolution and focus on regional differences in the socioeconomic system.
While this approach gives tangible insights into the different development paths of
countries, it cannot—and does not intend to—picture the full complexity involved in
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economic evolution. Rather, it is meant to be a first stocktaking of structural trans-
formation in the light of disruptive technological change and a lower-bound meas-
urement of the impact technological change can have while percolating through
different networks representing different configurations of the structural pillars of a
socioeconomic system.

In order to measure the ties between components in the SE-system, we make use of
two-mode (or bipartite) networks (see, e.g., Borgatti and Everett 1997, Guillaume and
Latapy 2006, Zweig and Kaufmann 2011, or Everett and Borgatti 2012) connecting
structural components through underlying dimensions (proxied by indicators) charac-
terizing them. Each of the five components in Fig. 2a (the primary nodes of the bipar-
tite graph, represented by pentagons in Fig. 1b) reflects a diverse range of dimensions
(the secondary nodes of the bipartite graph, illustrated by black dots in Fig. 1b). The
arrows in Fig. 1b pointing from the pentagons to the black dots therefore show the ties
between a source component and its dimensions, the latter of which can be measured
by indicators. In addition, each single indicator may also relate to another component
(shown by the arrow pointing towards the pentagons in Fig. 1b). The number of pat-
ents in environment-related technologies, for example, informs on the technology base
of an economy, but also relates to the environment. It is therefore possible to transform
this two-mode network of components and dimensions (as illustrated in Fig. 1b) into
a one-mode network of components only where the weight of each edge equals the
aggregated weights of the underlying dimensions.

Data The empirical application of the SE-structure captures, instead of the five com-
ponents displayed in Fig. 2a, 12 components in total (see Fig. 2b). This is because we
split the facilitating structure further into the following components: (1) capital (com-
prising all physical, human, health, and social capital); (2) the managerial and financial
organization of the firm; (3) location and concentration of industries; (4) the organization
of labor and production facilities; (5) infrastructure (including energy, transport and tele-
communication); (6) financial markets and instruments; and (7) educational and research
institutions. This SE-structure is set up for each of the selected Asian and Western coun-
tries and each year over the period of 2007-2016, measuring the 47 edge weights of
the network by means of 162 indicators from a variety of data sources (most impor-
tant, Global Competitiveness Index, Global Entrepreneurship Monitor, Environmental
Performance Index, World Development Indicators, OECD, ILO, etc.). As a result of
the one-mode projection of the two-mode network, each edge represents a composite
indicator and thus needs to comply with the respective technical requirements for index
composition. In this regard, we relied on the 10-step procedure proposed in the OECD
manual (2008), including multiple data imputation, transformation of scalar values onto
a common scale, the treatment of outliers, and a thorough sensitivity analysis to assess
the explanatory power and robustness of the indices.

After feeding the SE-structure with data and projecting the indicators to the com-
ponent level, the resulting network is reinterpreted as a time-homogenous Absorb-
ing Markov Chain (AMC), in order to analyze the relations between components
in the socioeconomic system (see, e.g., Kemeny and Snell 1976). We make use of
the concept of AMCs to analyze changes in the socioeconomic system as a chain,
that is, a sequence of states that depends on the transition probabilities (the likeli-
hood to move from one particular state to another). In this way, the SE-structure is
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conceived as a process where the building blocks of the socioeconomic system (see
Fig. 2a)—representing the transient states in the AMC—interact with each other
to achieve a particular performance result—representing the absorbing state in the
AMC. In the context of the SE-structure, these transition probabilities are captured
by the strength of the relations between components (see Harary and Lipstein 1962
for a graph-theoretical interpretation of stationary Markov chains). From this, we
obtain (1) a measure of the structural significance of a building block, derived from
its position in the network (a priori postulated by the SE-scheme) and the weights of
its ties to the other building blocks” and (2) the overall performance of the system,
that we label the Socioeconomic Performance Index (SE*PI®), defined as the sum of
the total (direct and indirect) linkages between the building blocks and performance.
In order to compare this index across countries, each national SE-structure is set to a
hypothetical benchmark prior to its assessment within the AMC framework.*

In a last step, we carry out a structural decomposition analysis (SDA) for tracing
the changes over time back to each single component and its underlying dimensions
(see Miller and Blair 2009 for a description in the context of input—output mode-
ling). This allows us to measure the impact of digitalization (conceived as a specific
bundle of indicators) on the evolution of the socioeconomic system.

4 Results and discussion

In the following, we apply the framework outlined above to a set of Western and
Asian countries in order to assess, first, the evolution of their socioeconomic per-
formance (as measured by the SE*PI) between 2007 and 2016 and then analyze the
role of digitalization in this context. Finally, we sketch the impact of technological
changes related to Industry 4.0 on the socioeconomic structure of these countries.
Figure 3 shows how the countries in the sample evolved over time in terms of
their socioeconomic performance. In order to facilitate the comparison between
countries, the SE*PI of each economy is shown relative to the performance of the
top-ranking country in 2007, Sweden. The shaded areas display the range between

2 Formally, the AMC is captured by the following equation: B = (I — Q)~'R = NR, with Q showing the
direct relation between transient states, and R presenting the direct linkages between the transient states
and the absorbing state. The row sums of the fundamental matrix N capture the absorbing time (Harary
and Lipstein 1962)—the expected number of periods before a process starting in a specific transient state
ends up in the absorbing state. This vector thus represents the total, direct and indirect, linkages between
the building blocks and performance and (in its normalized form) is used in our study to measure the sig-
nificance of the socioeconomic pillars.

3 The asterisk in the acronym should highlight the dual meaning of the first two letters (SE): reflecting,
on the one hand, the socioeconomic orientation of the index and, on the other hand, the structural-evolu-
tionary approach the index is based upon.

4 By relating a country’s (row-stochastic) transition probability matrix (i.e. the SE-structure) to a hypo-
thetical benchmark, the elements of B = NR become strictly lower than 1. For a specific country, ele-
ments in the modified vector B thus show the overall significance of a component in the whole system,
as expressed by the strength of its linkages to other constituent components as well as its direct effect on
economic performance, relative to a global maximum that can be understood as a performance frontier.
The sum over all components i, Z 13,-, serves as a scale-sensitive performance measure—the SE*PI.
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Fig.3 Relative change in the SE*PI (SWE 2007 =100) for selected Western (denoted in black) and
Asian (denoted in blue) countries (Denmark (DNK), Finland (FIN), Germany (DEU), the Netherlands
(NLD), Sweden (SWE), as well as the United States (USA)) and Asian countries (China (CHN), India
(IND), Malaysia (MYS), Singapore (SGP), South Korea (KOR) and Taiwan (TWN)). Authors’ own illus-
tration (color figure online)

the best and least performing country in the Western (black) and Asian (blue) sub-
sample, respectively. While there is a large degree of heterogeneity in socioeco-
nomic performance among Asian economies over the whole time span, with Singa-
pore and Japan at the top and India at the bottom of the country group, the Western
economies, led by Sweden and the US, were quite close to each other in 2007, but
have been diverging since then. Particularly Finland and Denmark have shown a
deterioration since the financial crisis of 2008.

Given the pathways each of the countries has shown in the period under study, the
question arises whether digitalization reinforced or counteracted this respective develop-
ment. In all these economies, digitalization has been high on the policy agenda, being
actively promoted by public and private institutions, though in different core areas.

In the following, we analyze to what extent the impact of digitalization can be
already observed in the data for the country sample and the time period under
study. In order to account for the fact that the digital transformation does not only
play out on the level of technology, but also in the other building blocks of the
socioeconomic system, we isolated the indicators assigned to digitalization (20
out of 162 indicators in total, see Table 1 in “Appendix”) from the rest of the
variables. Changes in these indicators over time are assumed to reflect the digi-
talization trend from a broad perspective, not only covering the related changes
in infrastructure (e.g. access and quality of broadband), but also in science and
education (e.g. use of social networks or internet access in schools), as well as
the role of ICT in increasing the competitiveness of a country (e.g. by means of
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patents in this technology field or exports of ICT-related services). By means of
SDA, we then calculated the contribution of the selected indicators to changes in
the overall socioeconomic performance. The results are shown in Fig. 4, where
the changes in the SE*PI, cumulated over the period from 2007 to 2016, are plot-
ted against the cumulated impact of digitalization.

For almost all countries in our sample, digitalization (measured on the verti-
cal axis) had a positive impact on socioeconomic development. Notable exceptions
are Finland, where the strong decrease in ICT service exports and the low impact of
ICT on restructuring work life reinforced the overall decline in the SE*PI. This also
applies, albeit to a lesser degree, to India and Taiwan. Both countries also experi-
enced lower export rates of ICT services over the years under study, and additionally
could not fully exploit the potential of ICT for increasing the participation of citizens
and stakeholders in public affairs and decision-making. On the other hand, the econo-
mies that could benefit most from digitalization are Switzerland and China, followed
by Malaysia and Singapore. All these countries were able to raise their export share
of ICT services as well as use ICT for the reorganization of work life (see Table S.1
in the Supplementary Material) and the access to basic services (e.g. healthcare or
education). In the case of Denmark, Germany, South Korea, as well as Sweden, digi-
talization counteracted the overall decline in socioeconomic performance.

A similar analysis can be undertaken regarding the contribution of employment
and work-related indicators (represented by 11 variables in our empirical frame-
work) to changes in the SE*PI. Figure 5 shows the five most important factors in
this regard among Western countries (panel a) and Asian economies (panel b). Out
of all indicators related to employment and work, the impact of ICT on new organi-
zational models (e.g. telework, shared office spaces) was the strongest driver of the
SE*PI for the Western economies, while for the Asian countries, this factor ranks

®CHE
digitalization
0.03
®CHN
o MYS
-10.02
®SGP
®USA
®DEU 4001 ®JPN
SN ®KOR
®SWE oNLD
changes in SE*PI
| | | |
-0.25 -0.2 -0.15 -0.1 -0.05 .INDO.OS 0.1 0.15
®TWN
®FIN

Fig. 4 Cumulative changes in socioeconomic performance and digitalization. Authors’ own illustration
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Fig.5 Top-5 indicators of employment and work organization contributing to changes in socioeconomic
performance, for a Western and b Asian countries. Authors’ own illustration

last among the top-5. Another indicator reflecting the current technological trends is
the increase of knowledge-intensive jobs in the work force, which again contributed
more to socioeconomic progress of the Western than Asian countries. Thus, we see
two aspects typically associated with the digital transformation, the reorganization
of work and the relative increase of high-skilled labor, to show a stronger manifesta-
tion in Western countries compared to Asian ones.

In our analysis, digitalization is tackled as part of the socioeconomic structure,
shaping different building blocks and transforming the system from within. While
aspects such as broadband bandwidth and the penetration of ICT in private businesses
and public services are useful indicators of the digital transformation of economy and
society, the digital transformation of industries, i.e. Industry 4.0, goes beyond these
general factors. It is usually characterized by technologies enabling high connectiv-
ity (via cloud services) as well as the digitization of physical assets and the value
chain (via big data analytics and Internet of Things (IoT)) and it strongly relies on data
center equipment and services. We extend the existing network model by adding indi-
cators on the supply and demand of these technology trends in 2016 (available from
the Global Connectivity Index (Huawei 2019)). The four supply indicators (based on
estimated investments in these technologies) are introduced as enhancing either the
productive capital of firms (data centers, big data and IoT) or the overall infrastructure
(cloud) in the respective economy. Firms then employ these technologies in the pro-
duction of their goods and services, the degree to which they are utilized is measured
by further four indicators (see Fig. 6 as well as Table 2 in the “Appendix”).’

By applying a hierarchical clustering algorithm, we grouped the selected countries
according to their structural similarities.® The corresponding polar dendrogram for the
year 2016, illustrated in Fig. 7, reveals five clusters: a group of structurally heteroge-
neous Asian economies (China, forming a cluster on its own, as well as India, Korea)
faces a cluster of innovation-leading Western and Asian countries. The latter can be
further split into six clusters: One containing two Scandinavian economies, Denmark
and Sweden; one consisting of the remaining European countries (Finland, Germany,

3 Note that the consideration of new secondary nodes (viz. indicators) affects the number and weight of
edges in the network and therefore does not allow any longer a direct comparison of the old and the new
socioeconomic structure.

% We used complete-linkage clustering as method and the cosine index as the underlying distance meas-
ure. The average silhouette index for 2016 equals 0.6175. The cophenetic correlation measuring the
goodness-of-fit of the chosen algorithm equals 0.7360.
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Fig.6 Modified SE-scheme, extended by the following eight indicators on Industry 4.0 technologies:
data center (DC) investments, cloud investments and IoT investments; big data investments; IoT installed

base; data center equipment and analytics data creation. See Table 2 for a short description of these indi-
cators. Authors’ own illustration

the Netherlands, and Switzerland), a group of Asian frontrunners (Japan, Malaysia,
and Singapore); as well as the US that shares some similarity with the former two
clusters. Note that the consideration of Industry 4.0 did not change the dendrogram
significantly. The only countries that switched clusters are Japan (without the inclusion
of the respective indicators joining the group of European countries), and the US (that
was before clustered with Malaysia and Singapore).

What are the main empirical takeaways of our analysis? Regarding the evolution of
the socioeconomic structure, Denmark and Finland have shown a notable deteriora-
tion. Despite the fact that they were at the forefront of ICT innovation and diffusion
in Europe from the 1980s onwards, they seem to face obstacles in the current digi-
tal wave, which are especially related to access to finance and entrepreneurial culture.
These are decisive factors for the digital transformation of the economy and society
and, in light of the national initiatives recently launched, are already addressed by
policymakers. Moreover, the last decade has experienced a strong catch-up process
by the Asian economies, which was driven also by digitalization. As Fig. 4 reveals,
Asia could exploit the potential of digitalization more than the Western countries. This
might also be linked to the global financial crisis from which Europe is still recover-
ing. The improvement in labor force participation and employment rates contributed
to the overall increase of socioeconomic performance of the Asian countries, whereas
the impact of digitalization on work organization has gained higher momentum in
Western countries. Finally, the decline in ICT service exports in India and the respec-
tive rise in Western countries such as Sweden may already point towards re-shoring of
production activities at least as far as advanced knowledge services are concerned. The
consideration of Industry 4.0 trends further shows a stronger geographical agglomera-
tion of countries, where a group of factor-driven Asian countries is catching up on a
set of innovation-driven Western and Asian economies.
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Fig.7 Similarity in the socioeconomic structure of the selected Western and Asian countries (including
Industry 4.0 indicators); reference period: 2016. Authors’ own illustration

5 Reflection and conclusion

Measuring the next technological revolution on the macro scale exhibits a lot of
uncertainty as we tackle a phenomenon that has simply not yet deployed all of its
transformational potential. The investigation of countries’ capability to absorb a
technological transformation certainly needs a multidimensional approach that also
takes the interrelation between these very dimensions into account. In this paper, we
introduced a framework that can cope with these feedback effects. Acknowledging
that most indicators have a direction—i.e. point to dimensions other than the one
they are assumed to reflect—and measure the strength of the components by the ties
of its underlying indicators to other components, is a novel approach for investigat-
ing transformation processes in the economy and society. The SE-tool thereby allows
a consistent analysis of a country’s socioeconomic system both across its building
blocks (the structuralist aspect) and over time (the evolutionary perspective).

We used the SE-tool to compare and cluster countries with respect to the way in
which a technological transformation in the making, such as digitalization, perco-
lates through the socioeconomic structure. In this sense, our focus was not on cap-
turing the dynamics of digitalization as a technological phenomenon per se but as a
techno-social construct the evolution of which is subject to the structural capacity of
economies. From this perspective, the SE*PI indicator condenses the interaction of
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the main pillars of the socioeconomic system into a standardized indicator that can
be compared and tracked over time.

Our approach is inclusive in the sense that it covers a wide spectrum of compo-
nents (including the environment) and investigates their centrality in the network. In
this way, it differs from conventional indices that analyze each component separately
and then merge them by means of appropriate aggregation procedures.

However, as every empirical framework, our model also inhibits some methodo-
logical challenges mainly linked to causality and the fact that edge weights of the
network themselves constitute composite indicators and are therefore subject to fur-
ther scrutiny outside of graph theory. The issue of causality concerns both “layers”
of the network: On the one hand, we used the SE-scheme by Lipsey et al. (2005) as
a “blueprint” for the type of interaction among the building blocks in the socioeco-
nomic system. On the other hand, the choice of indicators that picture these rela-
tions and their assignment to a source and target component also implies causality.
In order to keep the degree of arbitrariness as low as possible, we only used indica-
tors that are already established as measures for the respective relation of the socio-
economic system. In most cases it was straightforward to identify a source and target
node for an indicator. Whenever there was disagreement concerning the classifica-
tion done individually by the authors, the assignment of a specific indicator was dis-
cussed with other colleagues or experts were consulted. Furthermore, we also tried
not to violate the original assignment of indicators to similar categories in the data-
bases; for example, indicators of the EPI database were—if appropriate—reclassi-
fied in such a way that either the source or the target node reflected “environment
and natural resources”. For the future, we will consider path analysis as a tool to
study the relationships between the different variables.

Regarding the weighting scheme of the edges (that represent composite indica-
tors), the one-mode projection results in a component score that equals the arith-
metic average of the underlying variables. This weighting scheme was selected in
order to validate our tool against other indices of economic performance (most nota-
bly, the Global Competitiveness Index) which also use this aggregation procedure.
In further applications of the model, we plan to introduce an alternative weighting
method based on factor analysis.

Given that a significant number of indicators comes from the GCI and the GEM,
the approach contains a high share of soft data and is biased towards the entrepre-
neurial perspective of technological transformation. We tried to limit this bias by
also including hard data and information that sheds a different light on socioeco-
nomic wellbeing (such as the GINI index). Nevertheless, we believe this drawback is
acceptable, all the more as this data provides a good picture of the framework condi-
tions for entrepreneurial activity in the digital era.

Furthermore, the data set was not complete, implying uncertainty issues regard-
ing the reliability of the results. Instead of opting for complete case analysis—which
would have implied to delete all variables that are not available over the whole time
and country range, thereby significantly reducing the information actually availa-
ble—or using single imputation methods (by e.g. replacing a missing value of one
country by the mean of the values of all other countries regarding the same vari-
able)—thereby reducing the variance in the data set—we chose multiple imputation
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for the treatment of missing data. This means that all findings retrieved from this
analysis are actually the result of running the model with ten different datasets that
vary only regarding their missing values. We therefore carried out a very thorough
data preparation for constructing the model, nevertheless, the uncertainty regarding
the reliability of the results cannot be fully eliminated. Additional robustness checks
are envisaged to decrease data uncertainty and therefore increase the validity of the
model.

Last but not least, the framework is static in the sense that the number of indica-
tors cannot change from one period to the other without distorting the comparison
of results over time. The latter issue will be a matter of future research which aims
at transforming the approach into a dynamic network model, where old indicators
which have lost their informative value (e.g. number of fixed telephone lines) can
be replaced by new ones (e.g. number of smartphones) that better reflect the techno-
logical transformation.

From a normative perspective, our approach should also highlight the impor-
tance of contextuality in the discussion of the digital revolution. In times where data
informing about the state of artificial intelligence, automation and other technologi-
cal trends is available in abundance, a country’s technological competitiveness is
often scrutinized separately from its overall socioeconomic development. Stressing
the complementarity between technological transformation and social adaptiveness,
our approach is thus also an attempt to add a socioeconomic angle to this techno-
centric view. However, while our framework allows a quantitative analysis of tech-
nological and socioeconomic change, it does certainly not replace studies of techno-
logical revolutions based on historical accounts and appreciative theorizing. It rather
attempts to supplement conventional measures of economic performance by a sys-
temic approach and reveals broad patterns of socioeconomic change accompanying
the current technology trends.
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Table 1 Indicators related to ICT and digitalization and their respective assignment to source and target

nodes in the SE-structure

No. Variable Data source Source node Target node
1 Internet access in schools World Economic Forum [GCI] Infrastructure Education
(2016a)
2 Individuals using International Telecommunica- Infrastructure Infrastructure
internet tion Union [ITU] (2017)
3 Fixed broadband internet ITU Infrastructure Infrastructure
subscriptions
4 International internet ITU Infrastructure Infrastructure
bandwidth
5 Mobile broadband sub-  ITU Infrastructure Infrastructure
scriptions
6 E-participation index United Nations Department of Policy structure Capital (social)
Economic and Social Affairs
[UN EGOV] (2017)
7 ICT service exports World Bank Production Performance
8 Secure internet servers World Bank (2016) Infrastructure Infrastructure
9 Patent applications in OECD [OECD Stat] (2017) Technology Production
ICT (PCT)
10 Patent applications in OECD Stat Technology Production
Nanotechnology (PCT)
11 Use of virtual social World Economic Forum [NRI] Infrastructure Infrastructure
networks (2016b)
12 ICT use for business-to- NRI Infrastructure Production
business transactions
13 Business-to-consumer NRI Infrastructure Capital (social)
internet use
14 Importance of ICT to NRI Policy structure Infrastructure
government vision
15  Government success in ~ NRI Policy structure Infrastructure
ICT promotion
16  Impact of ICT on busi-  NRI Infrastructure Production
ness models
17 Impact of ICT on new NRI Infrastructure Firm management
organizational models
18  Impact of ICT on access NRI Infrastructure Capital (social)
to basic services
19 ICT use and government NRI Infrastructure Policy structure
efficiency
20  Laws relating to ICT NRI Public policy Infrastructure
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