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Geographies of tacit knowledge transfer:
Evidence from the European co-authorship network
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Abstract
The patterns of scientific cooperation between the 28 European Union (EU) member countries, Switzerland and
Norway, from 1993 and 2017, are evaluated in this article. We consider co-authorship patterns to be proxies for
international transfers of tacit knowledge. The theoretical part of the paper contains propositions by researchers
in evolutionary economic geography on path-dependence, selection and variation, and the role of networks in
knowledge transfer. The principal argument is that the geographical configurations of knowledge transfers
over distance are shaped via a set of connectivities – specific communication channels for the exchange of
people, goods and knowledge between two or more countries. Some connectivities are more conducive for the
transfer of explicit knowledge (e.g. merchandise trade, trade in patents), while human exchange flows (students,
migrants, travellers) favour the transfer of tacit knowledge. The research project found that a considerable
increase in human exchanges has helped to increase the total number of co-authored papers, but did not amend
the geography of the European co-authorship network over last two decades. Rather, the layout of the network
stems from a relatively stable set of historical, cultural and political legacies in Europe.
Keywords: Cooperation in science, co-authorship patterns, tacit knowledge transfer, evolutionary economic
geography, connectivities, Europe.
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1. Introduction
Contemporary international cooperation in science
encompasses virtually all countries of the world. The increase
in international collaboration refers not only to technological
advancement and the globalisation of trade in goods, capital
and knowledge, but also to the increase in science and
technology (S&T) capacity in many countries over the past 30
years (Wagner et al., 2015, p. 7). Common beliefs imply that
technological advancement in information technologies and
organisational innovations in the transport industry should
result in an overhaul of patterns with respect to international
scientific collaboration. With the rise of the Internet, the
arrival of low-cost airways, and English as a global language,
physical Geography and cultural Geography might appear
to be less important than ever. Yet, studies on international
cooperation in science and technology imply that ‘Geography
Matters’ (Frenken et al., 2009; Morescalchi et al., 2015). As
a matter of fact, there is a growing tendency to co-publish
with long-distance partners (Frenken et al., 2009). At the
same time, co-publication patterns remain geographically
a
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localised (Hoekman et al., 2010, p. 667). This conclusion
applies also to countries belonging to common economic and
political spaces, such as the European Union.
This paper addresses an important gap in research
on international cooperation in science. We analyse the
distribution of scientific papers co-authored by scientists
from at least two European countries. We demonstrate
that geographical configurations of knowledge transfers
over distance account for a substantial degree of stability
over the long term. We argue that the configuration of coauthorship networks is path-dependent and shaped via
specific communication channels – ‘connectivities’. Some
connectivities are more conducive for the transfer of explicit
knowledge (merchandise trade, trade in patents, etc.) while
human exchange flows (students, migrants, travellers, etc.)
clearly favour the transfer of tacit knowledge. Approaches in
economic and human Geography are integrated with network
science and quantitative analysis. The theoretical part of
the paper refers to research propositions by evolutionary
economic geographers (EEG) on path-dependence, heredity
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and variation (Essletzbichler and Rigby, 2007; McKinnon
et al., 2009), and the role of networks in knowledge transfer
(Boschma and Frenken, 2006; Glückler, 2007).
The paper is organised as follows. The second section
presents the theoretical background of the study: firstly
arguing that scientific work has significant tacit dimensions
(Bathelt and Glückler, 2011; Bathelt and Henn, 2014).
The transfer of tacit knowledge is tied to face-to-face
contact, i.e. human mobility. A survey of relevant literature
indicates that human mobility was a neglected variable
in studies of international knowledge transfer. The basic
propositions of EEG are described and relates these to
transfer of tacit knowledge. This section also introduces
the concept of ‘connectivities’ – specific communications
channels for the exchange of people, goods and knowledge.
Subsequently, data sources and variables used in the
analysis are introduced. We conceptualise major drivers
shaping configurations of knowledge transfers over distance
in Europe from 1993 to 2017. The geographical layout of
knowledge transfers is approximated via co-authorship
networks. Papers co-authored by partners from at least
two European countries in the Web of Science database are
used to establish the spatial patterns of intra-European
cooperation in science. The evolution of co-authorship
networks over time is analysed via network science methods
(Easley and Kleinberg, 2010) in the next section. Some
major determinants of knowledge transfer are identified
and approximated via a set of connectivity variables.
Factor analysis and regression are then applied in order to
determine the relationships between the network structure
and the underlying connectivities. Network organisation in
major geographical modules and its evolution over time is
the main point of interest subsequently. The path-dependent
patterns of centre and periphery are interpreted from
the perspectives of EEG. In the conclusions we consider
relationships between connectivities and assumptions by
EEG on path-dependency and path-creating in the European
co-authorship networks.
This application of a connectivity approach is a novelty
in research into co-authorship networks. We identify major
connectivities in trade in knowledge and goods, as well as in
human mobility, in shaping the geography of European coauthorship networks. We use such connectivities to explain
the evolution of the geography of scientific cooperation over
a quarter of a century. Indicators of human exchange are,
to our best knowledge, used for the first time to study the
geographical layout of international cooperation in science.
Other original aspects of this work include the focus on
intra-European cooperation, the long-term view (25 years),
and the high number of publications analysed.

2. Theoretical background
2.1 The tacit dimension of scientific work
The concept of tacit knowledge was introduced by Polanyi
(1966, p. 4): “We know more than we can tell.” Tacit
knowledge refers to knowledge that we know that we possess
but are unable to quantify – or even express, according to
some authors. Tacit knowledge can be only ‘produced in
practice’ (Maskell and Malmberg, 1999, p. 172) and acquired
only via personal experience, such as the “informal take
up of learned behaviour and procedures” (Howells, 2000,
p. 53). As summarised by Nonaka and Krough (2009, p. 606):
“Knowledge that is uttered, formulated in sentences, and
captured in drawings and writing is explicit. Knowledge tied
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to the senses, tactile experiences, movement skills, intuition,
unarticulated mental models, or implicit rules of thumb is
tacit.” Typical examples of tacit knowledge include knowing
“how to ride a bicycle”, “how to do a surgery” and/or “how to
write a scientific paper”. The key difference between explicit
and tacit knowledge relates to the mode of acquisition
and transferability. While it is easy to send the results of
an experiment via post or email, the ability to perform an
experiment is subject to personal learning.
Blackler (2002) recognises four types of tacit knowledge:
1. Embrained knowledge helps individuals to recognise
underlying patterns and organise information according
to specific narratives. Establishing scientific theories
from a large body of measurements is an example of
embrained knowledge in scientific work;
2. Embedded knowledge helps us to understand routines,
roles and procedures without conscious learning. How
to conduct an experiment, how to fine-tune research
procedures and how to write a scientific paper are
examples of embedded knowledge. Many research
procedures contain a tacit component, which is difficult
to learn and transfer without face-to-face contact;
3. Embodied knowledge refers to intuitive manual and
cognitive skills stored in the ‘body and mind’ (Toner and
Wooley, 2008). The acquisition of embodied knowledge
helps to operate along intuitive pathways and undertake
working tasks effortlessly; and
4. Encultured knowledge refers to collective tacit
knowledge shared by individuals. It derives from shared
understandings via socialisation and acculturation.
Science is international, but scientific work happens
within specific cultural environments. Encultured
knowledge relates not only to cultures of nations and
ethnic/social groups, but also to various organisational
cultures. Socialisation and acculturation build both
affect-based and cognition-based trust. Such trust, in
turn, promotes the use and transfer of tacit knowledge
(Holste and Fields, 2009).
Communication in joint research projects can take many
forms. Modern technologies (e-mail, Skype, Zoom, etc.)
enable the exchange of ideas without a physical presence.
Yet, some research tasks are difficult to perform over
distance. Each creative task has a tacit dimension. The
tacit dimension is difficult to transfer without face-to-face
contact. Tacit knowledge is a necessary (if not sufficient)
precondition for trans-local cooperation. While all four
types of tacit knowledge are necessary preconditions for
scientific work, encultured knowledge is a key determinant
for the geography of international cooperation in science.
Geographical space forms ‘cultural, social and psychological
space through which knowledge is generated and imparted’
(Howells, 2002, p. 874). Research institutes and countries
may differ vastly in their languages, social norms, cultural
habits, historical and socio-cultural heritages and/or
organisational routines. The lower the barriers (and
the stronger the enhancers), the easier the cooperation.
Knowledge transfer is enhanced when partners already share
relational proximity based on former joint work experiences
or close social relations (Bathelt and Glückler, 2011). As for
the cooperation with respect to patents and publications,
face-to-face contact is the only way in which to acquire
and transfer tacit knowledge. Most co-authors of scientific
papers tend to know each other in person. Many of them
work on joint international projects and engage in frequent
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personal exchange in conferences, seminars and/or longterm visits. Face-to-face meetings help to build trustbased linkages (Bathelt and Henn, 2014) and enhance the
potential for future co-publications.

2.2 Evolutionary economic geography and networks of cooperation in science
The EEG is inspired by evolutionary economics. It
considers the spatial distribution of economic activities as an
outcome of largely connected and path-dependent historical
processes (Koegler, 2015). Path-dependency is a key concept
of EEG. Path-dependency results from cumulative causation.
Events occurring in the past may have long-term effects
on current and future operations of the networks of firms,
institutions or individuals. Other important concepts in
EEG include variety, selection and retention (Essletzbichler
and Rigby, 2007). The retention process refers to cumulative
reproduction and reinforcement of the network structure.
Variation, on the other hand, refers to mechanisms of novelty,
disruption and potential path disruption. The EEG primarily
analyses evolution of formal institutions (such as firms,
countries, governance bodies) and informal institutions
(such as clusters and networks). The EEG considers
institutions as relatively stable entities that change only
slowly over time, but this can be disrupted by sudden events
as new development pathways are opened and new pathdependent trajectories established. The focus on historical
perspectives and evolution makes EEG different from the
new economic geography (NEG) and institutional economic
geography (IEG). The NEG considers agglomeration effects
and concentrates on transport and transaction costs, while
IEG explains differences in spatial development via different
sets of institutions.
Actors usually operate within networks, and the
process of selection is driven by the activities of agents.
Networks are vehicles for transactions in goods, services
and knowledge. Connections in a network are relations
between pairs of agents. The selection of a partner is
determined not only by external pressures, but also by the
decisions of actors. Actors operate under uncertainty and
bounded rationality, and the formation of ties is subject to
considerations of potential costs and benefits. It is better to
engage in transactions with minimal costs, and to transact
with agents with similar geographic, cultural, institutional
and cognitive settings. Actors generally would explore ties
with partners with whom they are most familiar. As noted
by Essletzbichler and Rigby (2007, p. 557) actors would use
‘relational assets based on the social properties of (localised)
networks including tacit knowledge, embedded routines,
habits and norms, local conventions of communication
and interaction, reciprocity and trust’. For successful cooperation it is important to be in the right network, but
also in the right place within a network. The structure
of a network is established via the social interaction of
actors (network ‘nodes’), and incumbent actors would
prefer cooperation with their current partners. Any
new entrants would seek attachments to well-connected
partners (‘influential nodes’) so as to benefit from multiple
connectivities. Influential nodes further increase their
connectivity, while peripheral nodes tend to remain
peripheral, a process is known as ‘preferential attachment’
(Glückler, 2007). The preferences of incumbent actors
for their current partners, as well as new entrants for
influential nodes, results in cumulative causal patterns and
reinforces the centre-periphery structure of the network.
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The architecture of networks, with regard to flows of
goods, knowledge and people, tends to follow rules of
geographical, cultural and linguistic proximity (Luukkonen
et al., 1992; De Prato and Nepelski, 2004; Felbermayr and
Toubal, 2010). Boschma (2005) recognises four types of
proximity. Cognitive proximity (the proximity of embrained
knowledge) is the degree of overlap in two agents’
knowledge bases. The overlap is an indispensable condition
for efficient communication. Organisational proximity is the
extent to which relations are shared in an organisational
arrangement, either within or between organisations.
Social proximity refers to social embeddedness of agents
in terms of friendship, kinship, and experience. Common
organisational and social routines, roles and procedures
(embedded tacit knowledge) promote better cooperation.
Effectively, such embeddedness is a precondition for forming
trust. Geographic proximity is represented as the physical
distance between agents.
Jennissen (2007) introduced the concept of ‘connectivities’,
as a factor that embodies specific communication
channels for the exchange of people, goods and knowledge
between two or more countries. Connectivities support
building relational assets and reducing transaction costs.
Furthermore, Jennissen (2007, p. 420) recognises two types
of connectivity:
1. Cultural connectivity involves multidimensional
shared institutional legacies such as language, political
and cultural history and/or legal systems. Cultural
connectivity is a proxy for cognitive and organisational
proximity. Possessing knowledge of a partner’s language,
culture and/or organisational setups (embrained,
embedded and encultured knowledge) has two
advantages: it makes mutual communication easier and
the results of exchange more predictable; and
2. Material
connectivity
includes
technologically
influenced geographical proximity such as transport
and communication networks conducive to international
exchange in trade, goods and knowledge. Moreover, it
decreases transport and other transaction costs. Shares
of neighbouring countries in total merchandise trade
often are higher than expected with respect to the size
of their economies.
Material and cultural connectivities sometimes overlap,
as many neighbouring countries share their languages and
cultures. Connectivities help to reduce uncertainty regarding
transaction outcomes and, thus, transaction costs between
partners from different countries (Howells, 2002; Bathelt
and Henn, 2014). Shared institutional legacies explain why
much of the intra-European exchange of goods, people and
knowledge is path-dependent and facilitated by long-term
connectivities.

2.3 The research gap
Do configurations of knowledge transfer over distance
exhibit some distinctive geographical patterns? The
substantive literature on international cooperation in
science does indeed indicate that co-authorship patterns
follow some well-established economic, cultural and political
configurations.
Two principal methods are applied in the study of
international collaboration in science: network analysis
and gravity models (see Tab. 1). Network analysis examines
certain properties of collaborative networks, such as network
density and measures of centrality. Network science has
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been applied to the study of the structure and evolution of
scientific landscapes and early studies mapped co-authorship
networks in specific scientific fields such as biomedicine
and physics (Newman, 2004). Other streams of research
have concentrated on the economic, cultural and political
geography of international collaboration in science. Studies
in this stream usually find considerable heterogeneity of the
European research space (Wagner et al., 2017). Moreover,
gravity models are often applied in spatial analysis, as these
models observe predicted and actual flows of goods, services,
patents and/or migrants and analyse differences between
predicted and observed exchanges. It is noted that exchanges
between country pairs are proportional to some hurdles (such
as distance) or to some enhancers (such as trade agreements
or common languages).
The unit of analysis varies in studies of international
collaboration in science, determining both the sample size
and the availability of explanatory variables (see Tab. 1).
Some papers on co-publications use data on authors’ home
institutions (Pan et al., 2012), whereas city-level analysis
enables the construction of very large networks. Most
studies on European cooperation in science focus on NUTS 2
or NUTS 3 regions (plus Norway and Switzerland). Physical
distance and regional dummy variables (neighbourhood,
institutional and cultural effects, technological distance) and
research and development (R&D) capacities (R&D spending,
R&D personnel) are usually employed as explanatory
variables in network analysis and gravity models. The
regional approach allows for a sample size between 175 (Paci
and Usai, 2009) and 5,552 members (Chessa et al., 2013). The
common finding is that neighbouring countries and regions
cooperate more often than distant ones. Regional dummy
variables are proxies for cultural and linguistic barriers in
network analysis and gravity models. Large samples are
best suited for network analysis, but are accompanied by
a drawback – the limited numbers of potential explanatory
variables. The acquisition and transfer of tacit knowledge is
possible only via human exchange, and regional dummies
cannot directly measure the potential for the transfer of tacit
knowledge. Data for some potentially important explanatory
variables (flows of migrants, travellers or students) are
available only at the country level. We assume that data
on human exchanges are the best possible proxies for the
transfer of tacit knowledge.
This survey of the relevant literature indicates two
research gaps. Firstly, all papers are empirical in their
nature. They follow the evolution of cooperation in science
and technology, but provide no conceptualisation of such
evolution. Interestingly, most papers in the survey refer to
the influential papers by Boschma (2005) and Boschma and
Frenken (2006), but none of them interprets their findings
in terms of EEG. Several important events happened in
the period 1993–2017: four rounds of the EU enlargement;
the introduction of the Schengen area; the 2008 financial
crisis; and the creation of the European Research Area.
This long period provides an unique opportunity to test the
EEG assumption on path-dependency and path-creation.
Secondly, no paper focuses on the role of tacit knowledge
in international cooperation in science. If tacit knowledge
can be acquired and transferred only via face-to-face
contact, proxies for human exchange are needed in order to
understand the impact of tacit knowledge on the geography
of international cooperation in science.
Referring to the assumptions of EEG, we propose the
following hypotheses:
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•

H 1: Connectivities in trade in goods and knowledge, as
well as in human mobility, explain a substantial part of
the configuration of co-authorship networks;

•

H2: The importance of human exchange for the
geography of European co-authorship networks
increases over time; and

•

H3: Connectivities in trade in knowledge and goods, as
well as in human mobility, are shaped by shared longterm historical, cultural and political legacies. The pathdependent architecture of co-authorship network implies
its relative stability and resilience to disruption.

3. Data and methods
3.1 Area of study
This paper focuses on intra-European cooperation in
science for two main reasons. The first reason relates to
a shared general institutional framework. Continuing
integration of the European Economic Area (EEA) is well
visible in the movement of goods, capital and people. All
EEA citizens enjoy freedom of travel and the majority pay
with a common currency. High levels of social and economic
development and well-operating transport networks promote
researcher and student mobility within the EEA. The second
reason relates to a set of science-specific policies, regulations
and instruments. The development of intra-European
collaboration in science is promoted via specific EEA-wide
legislation and support measures, such as Framework/
Horizon Programmes, large research infrastructure, and
transnational research networks (Nedeva, 2012).

3.2 Time period
The evolution of the European scientific landscape has
been shaped by a high number of socio-economic events and
policies. Some events have shaped the evolution of general
socio-economic and political spaces in Europe. The most
important events probably include:
i.

The 1995, 2004, 2007 and 2013 enlargements;

ii. The introduction of free movement within the Schengen
area in 1995; and
iii. The onset of the 2008 financial and economic crisis; and
the most important science-support policies including
iv. Creation of the European Higher Education Area (the
Bologna Process) in 1999;
v. The establishment of the European Research Council
(ERC) in 2007;
vi. The launch of the Joint Programming process in 2008;
vii. The assistance to international collaborative research
under the Framework Programmes; and
viii. Support from the Structural and Cohesion Funds to
research, technology and innovation.
Studying the evolution of co-authorship networks over
a quarter of a century implies sub-dividing the long time
period into two or more shorter ones. The choice is not easy, as
none of the above-mentioned events worked in isolation. The
impacts of these events on the European scientific landscape
tend to be multiplicative and synergetic over time.
The 1995 enlargement included three small countries
(Austria, Finland and Sweden). Furthermore, it is too
early to evaluate its impacts in the 1993–2017 time series.
The 2004, 2007 and 2013 enlargements involved 13 countries
from the east and south of Europe. These countries had
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R&D joint ventures in FP4

co-publications (WOS, BMB, EEE)

EPO applications

co-publications (WOS)

co-publications (SCOPUS, 15 journals)

co-publications and citation (WOS)

FP5 projects

OECD REGPAT applications

EPO applications

USPTO applications

FP5 and FP6 projects on GNSS

PATSTAT applications

OECD REGPAT applications

co-publications, SCI

OECD REGPAT applications and citations

EPO applications

co-publications (Elsevier, 6 science fields)

co-publications (WOS)

Breschi & Cusmano (2004)

Frenken et al (2009)

Paci & Usai (2009)

Hoekman et al (2010)

Abbasi et al (2011)

Pan et al (2012)

Barber & Schergell (2013)

Chessa et al (2013)

Migu�lez & Moreno (2013)

Montobbio & Sterzi (2013)

Balland et al (2013)

De Prato & Nepelski (2014)

Morescalchi et al (2015)

Wagner et al (2015)

Quatraro & Usai (2016)

Bergé et al (2017)

Wagner et al (2017)

Gui et al (2018)

60 countries

193 countries

245 EU NUTS2 regions

276 European-NUTS2

171–201 countries

5,552 NUTS3 regions in 50 countries

90 countries

360 bodies in Europe

18 countries of the World

269 European-NUTS2

5,552 NUTS3 regions in 50 countries

225 EU NUTS2 regions

37,750 cities in 225 countries

76 countries

313 NUTS2 regions in 33 European countries

175 NUTS2 regions, 17 countries

1,316 NUTS3 regions, 36 countries

9,816 organisations

Unit of analysis

2000–2014

2008–2013

2006

2001–2004

1990, 2000,
2008, 2011

1988–2009

1990–2007

1998–2006

1990–2004

2000–2005

1986–2010

1998–2002

2003–2010

1970–2009

2000–2007

1990–1998

1988–2004

1994–1996

Period

Gravity model

Network analysis

Network analysis

Gravity model

Network analysis

Gravity model

Network analysis, gravity model

Network analysis

Gravity model

Cross-section gravity models

Network analysis

Network analysis

Network analysis

Network analysis

Gravity model

Gravity model

Gravity model

Network analysis

Main method

physical distance, technological, social
and linguistic proximity

fields of science

n.a.

physical distance, regional dummies
(neighbourhood, institutional and
cultural effects, technological distance),
R&D spending, tertiary graduates

n.a.

physical distance, regional dummies size, neighbourhood)

physical distance, language dummy,
GDP, FDI

n.a.

physical distance, trade, technological, political and linguistic proximity

physical distance, regional dummies
(same country, neighbourhood),
technological similarity

n.a.

physical distance, regional dummies
(neighbourhood, institutional distance)

R&D spending and numbers
of researchers

n.a.

physical distance, regional dummies,
linguistic proximity, fields of science

physical distance, regional dummies
(same country, neighbourhood)

physical distance, fields of science

n.a.

Controls/explanatory variables

Tab. 1: Literature survey, selected papers
Source: authors’ survey
Notes: FP = EU Framework Programmes; SCI = Science Citation Index; WOS = Web of Science; MMB = Biochemistry and molecular biology; EEE = Electrical and electronical
engineering; GNSS = Global navigation satellite system; PATSTAT = Worldwide Patent Statistical; EPO = European Patent Office; USPTO = US Patent Office; OECD REGPAT
Database (EPO and PCT patents by regions)

Research focus

Authors
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limited scientific capacities. The benefits of the Schengen
and Bologna Processes are spread out over time, and it is
difficult to tie them to specific years. The 2008 economic
crisis might have had an effect on some national exchange
and scholarship schemes, but these were probably less
important than the EU schemes, which were largely not
impacted by the crisis.
The most important policies aimed at fostering
international (and, specifically, intra-European) cooperation
in science and technology were implemented after 2007.
There was a substantial increase in funding between the
Sixth Framework Programme (2002–2006; €16.3bn) and
the Seventh Framework Programme (2007–2013; €53.2bn,
European Commission 1994–2013). The Framework
Programmes were explicitly designed to support the creation
of the European Research Area (ERA).
We therefore decided to analyse the development of
European scientific collaboration in two distinctive periods:
1993–2006 and 2007–2017. The collaboration patterns
studied pertain to the EU28 countries, plus Switzerland and
Norway (hereinafter referred to as ‘European countries’).
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Firstly, we include three indicators of international
trade in knowledge: patents with foreign co-inventors, as
a measure of mutual research cooperation (variable 1);
foreign ownership of domestic inventions (variable ); and
domestic ownership of foreign inventions (variable 3). All
variables are measured via shares of the j-th European
patenting partner in total joint European patents by the
i-th European country. Cooperation on patents frequently
is accompanied by published joint scientific papers. Data
on trade in patents were extracted from the OECD Patent
Database (OECD, 2019);
Secondly, international merchandise trade is measured
via shares of the j-th European trading partner in total
European merchandise imports and exports by the i-th
European country (variables 4 and 5). We assume that
international trade is strongly related to international
community gatherings, international business travel, and
transnational network relations. Some current trade flows
refer to previous cooperation in science and technology. Data
on merchandise trade were extracted from the UNCTAD
database (UNCTAD, 2019); and

Thirdly, human mobility was approximated via three
variables. The share of the j-th European destination in
total emigrants from the i-th European country of origin
(variable 6) is a proxy for long-term human mobility. The
share of the i-th European student destination in total
tertiary students originating from the i-th European country
(variable 7) approximates human exchange in higher
education and research. The share of nights spent by tourists
from the i-th European country in nights spent by all
3.3 Variables
European tourists in the i-th European country (variable 8)
bles
Country pairs are the unit of analysis for the co-authorship
approximates short-term human mobility, including
patterns. The dependent variable is expressed as
mobility
by businessmen
and researchers. Variables 6, 7
airs are the unit of analysis for the co-authorship patterns. The dependent variable
is expressed
as
bles
and
8
are
proxies
for
face-to-face
contact, building foreign
����
experience
and
trust
and
transferring
tacit knowledge. Data
airs are the unit of analysis for the co-authorship
patterns. The dependent variable is expressed as
∑��
� ����
on migration exchange and tourist exchange were extracted
����
from the Eurostat database. The OECD database on foreign
��
���
where i ≠ j; i = 1...30; j∑=
1...29.
and international students and the Eurostat database were
� j = 1...29.
where i ≠ j; i �= 1...30;
sources of data on international students.
The numerator concerns the number of co-publications of
The data were extracted from the Web of Science Core
Collection database (hereinafter referred to as ‘WOS’)1.
The database contains 47.67 million entries, of which 15.65
million papers were single-authored/co-authored by at least
one European scientist. The latest figure includes 4.77
million papers co-authored by at least two partners from the
European countries in the period 1993–20172.

rator concerns the number of co-publications of country i with country j and the denominator relates to
country i with country j and the denominator relates to the
Data for the dependent variable have been available for 30
where ii≠with
j; i =all1...30;
j = 1...29.
umber of co-publications of country
European
countries (‘European co-publications’). The
total number of co-publications of country i with all European
European countries from 1993 to 2017. Data for independent
y variables
arethe
expressed
aco-publications
similar way.
The
variablei for
merchandise
exports,
for example,
is
rator
concerns
number in
of(‘European
of country
with
country
j and the
denominator
relates
to from 1993 to 1998, depending
countries
co-publications’).
Thethe
explanatory
variables
have been
available
as
umber of co-publications
of
country
i
with
all
European
countries
(‘European
co-publications’).
The
variables are expressed in a similar way. The variable for the
on the variable type. Descriptive statistics for the dependent
��
ry variables are expressed
in aexports,
similar for
way.
The
for the
exports,
for example,
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and Hummels, 2004, p. 211). The problem of missing or zero
values applies also to explanatory variables. Moreover, the
gravity model results may be difficult to interpret, due to
questions regarding data completeness and other influencing
factors (Ramos, 2016).
All explanatory variables in our model were strongly
correlated. Most Pearson correlation coefficients were higher
than 0.7 (see the Appendix 2 below). Hence, multicollinearity
problems arise.
We considered strong assumptions with respect to
missing data, zero flows, and multicollinearity. We opted for
an approach alternative to the gravity model: we applied
factor analysis in order to reduce the number of explanatory
variables and mitigate the multicollinearity risk. This
approach enables integrating multiple explanatory
variables into meaningful factors (“connectivities”), which
are easier to interpret from the perspectives of economic
geography.

4. Connectivities: Determinants of the network’s
configuration
Factor analysis is often used to reduce the large number
of variables to a smaller number of factors. Factor scores are
then used as inputs to a regression analysis so as to overcome
the issue of multicollinearity, as they can be estimated as
(truly) independent variables.

4.1 Factor analysis
Application of factor analysis is subject to some
considerations, such as the sample size, numbers of factors
and variables, and methods of factor extraction/ rotation.
Any quantitative analysis of European co-authorship
patterns must consider the sample of the European country
pairs (N = 620–870, see Appendix 1 below). Conducting
factor analysis requires meeting some specific criteria
(de Winter et al., 2009). The sample size is a function of
communalities, factor loadings, factor numbers and variable
numbers. Communalities should be higher than 0.6, while
the number of factors and variables should be low. Indicators
of sampling adequacy must be above certain thresholds: the
Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy
should exceed 0.7. We checked the above-mentioned
recommendations on communalities, KMO statistics, and
factor and variable numbers. All communalities obtained in

the analysis were above 0.7. The KMO statistics were close
to 0.9 (Tab. 2) in both periods.
The connectivities in merchandise trade, knowledge
trade and human exchange are mutually correlated.
Oblique rotation should be preferred to orthogonal
rotation in confirmatory factor analysis (CFA) in the case
of interrelated factors (Osborne, 2015, p. 5). In most cases,
oblique rotation provides a more realistic representation of
how factors are interrelated (Brown, 2014, p. 28; Costello
and Osborne, 2005, p. 5).
The pattern matrix is examined for factor loadings using
oblique rotation methods. Three factors were detected (see
Tab. 2):
•

Factor 1 – Trade in knowledge (variables 1 to 3);

•

Factor 2 – Trade in goods (variables 4 and 5);

•

Factor 3 – Human exchange (variables 6 to 8).

All three factors had high pattern matrix loadings on
expected variables. Three factors explained 83.054% of the
total common variance in the period 1993–2006 and 83.047%
in the period 2007–2017.

4.2 Regression analysis
Anderson–Rubin factor scores were produced in the factor
analysis. The method allows factor scores to be uncorrelated
(DiStefano et al., 2009, p. 5). We checked for the correlation
of all three factor scores: all correlation coefficients were
lower than 0.265. Anderson–Rubin factor scores for
Factors 1, 2 and 3 were used as independent variables in
the OLS regression model (Tab. 3). The adjusted R-squared
was 0.757 for the period 1993–2006 and 0.719 for the
period 2007–2017. All variables had expected (positive)
signs: i.e. the higher the partner share in trade in patents
and goods and human exchange, the higher the partner
share in European co- publications.
The strength of the effect of each independent variable on
the dependent variable can be measured via the standardised
beta coefficient (Beta). Factor 1 – Trade in knowledge
(variables 1 to 3) accounted for the highest Beta coefficients
and significance levels in both periods. Factor 2 – Trade in
goods (variables 4 and 5) accounted for the second-highest,
and Factor 3 – Human exchange (variables 6 to 8) for the
third-highest Beta coefficients and significance levels in
both periods.

1993–2006
F1

F2

2007–2017
F3

F1

F2
8.44

F3

Percent of variance explained

67.81

10.90

4.35

65.15

Domestic ownership of inventions made abroad

0.811

− 0.051

0.162

0.974

− 0.078

− 0.057

9.46

Patents with foreign co-inventor(s)

0.895

0.132

− 0.003

0.860

0.100

0.080

Foreign ownership of domestic inventions

0.377

0.478

0.024

0.509

0.286

0.102

Merchandise exports

− 0.009

0.873

0.114

0.040

0.837

0.074

Merchandise imports

0.049

0.852

0.070

− 0.008

1.024

− 0.039

Migration exchange

0.026

0.042

0.860

− 0.040

0.029

0.910

Student exchange

0.130

0.095

0.708

0.007

− 0.071

0.945

Nights spent

0.066

0.112

0.695

0.114

0.208

0.596

Tab. 2: Confirmatory Factor Analysis, pattern matrix (Notes: Kaiser-Meyer-Olkin Measure of Sampling Adequacy: 0.898
for 1993–2006 and 0.856 for 2007–2017. The oblique rotation produces pattern matrix. In the pattern matrix, loadings
on specific factors are regression coefficients. Pattern loadings can fall beyond range [− 1, 1])
Source: authors’ computations
104

2020, 28(2)
2020,
28(2): 98–111

MORAVIAN GEOGRAPHICAL REPORTS
1993–2006

2007–2017

B

Std. Err

4.824

0.176

Factor 1

4.548

0.204

0.695

22.244

0.000

2.543

0.109

0.612

23.225

0.000

Factor 2

1.685

0.137

0.372

12.320

0.000

1.367

0.090

0.396

15.125

0.000

Factor 3

1.070

0.139

0.241

7.697

0.000

1.130

0.092

0.323

12.312

0.000

constant

Beta

t

sig

B

Std. Err

27.335

0.000

4.141

0.117

R2 = 0.872; Adjusted R2 = 0.757

Beta

T

sig

35.490

0.000

R2 = 0.849; Adjusted R2 = 0.719

Tab. 3: Linear regression with the factor scores
Source: authors’ computations
The findings of the regression analysis confirm
Hypothesis 1: long-term connectivities in trade in goods and
knowledge, as well as human mobility, explain a substantial
proportion of the European patterns of co-authorship. The
Beta value for the trade in knowledge (Factor 1) somewhat
decreased between the two periods, but remained the
strongest predictor of co-authorship patterns. The Beta
values for merchandise trade and human mobility increased
over the two periods. Interestingly, human mobility
(Factor 3) accounted for the highest increase in Beta value
(Hypothesis 2). The increase in Beta for Factor 3 may
reflect the EU’s 2004, 2007 and 2013 enlargements. Such
an increase in Beta value corresponds to an increase in
intra-European human exchange. The absolute volume of
intra-European migrants, for example, increased 2.69 times,
while the nominal value of exports increased only 1.35 times
between 2006 and 2017.

5. Geographical patterns of European
co-authorship
To date we have identified some factors (connectivities)
that are important for configurations of knowledge transfers
over distance. Some factors increased while some decreased
in importance for the overall configuration of co-authorship
networks. Have these changes resulted in any significant
reconfiguration of the co-authorship network?
We examine the patterns of scientific cooperation
between the 28 EU member countries, Switzerland and
Norway. The analysis starts in 1993, wherein all of the
above-mentioned countries already existed and papers
co-authored by their nationals were reported in the WOS
database4. We therefore analyse the development of the
same network over 25 years.

5.1 Co-authorship modules
The spatial configuration of European scientific cooperation
(and its changes over time), is examined first of all via
standard network measures such as the average weighted
degree (Easley and Kleinberg, 2010). There was a substantial
increase in the intensity of cooperation. The average weighted
degree increased from 5,806.13 from 1993–2006 to 22,771.67
from 2007–2017. Shares of co-publications by scientists from
at least two European countries, Norway and Switzerland, in
relation to total scientific output, increased from 27.1% in the
period 1993–2006 to 34.9% in the period 2007–2017. Small
countries with open economies, well-diversified research
4
5

systems and a high intensity of public support with respect
to research, were the main beneficiaries of international
cooperation. Co-authorship shares, for example, increased
much more for Belgium, Denmark and Finland than for
Greece, Portugal and/or Slovakia. The considerable increase
in intensity of cooperation, however, did not result in any
substantial changes in the network structure. The basic
topology of the European co-authorship network remained
remarkably stable. This finding supports Hypothesis 3 and
also assumptions by the EEG on cumulative reproduction of
the network structure.
The network diagrams (Fig. 1) visualise patterns of
European scientific cooperation in the periods 1993–2006
and 2007–2017. The circles in the diagram (nodes) represent
European countries. The connecting lines (edges) between
nodes describe the number of connections and the intensity of
cooperation (in terms of co-authored papers). Edge thickness
corresponds to the average annual number of co-authored
papers in the specific time period. The thick line between
the United Kingdom (UK) and Germany (DE), for example,
represents 4,096 papers co-authored by German and British
scientists annually in the period 1993–2006, which is, by
far, the largest cooperation link (Fig. 1). Node sizes reflect
the intensity of cooperation between specific countries. The
degree of a node (country) is a simple number of connections
with other nodes (countries). The degrees of nodes are
weighted by the edge thickness (intensity of cooperation).
The UK and Germany accounted for the highest numbers
of co-authored papers, and the respective nodes for these
countries are the largest circles in the network diagram. We
used the Fruchterman-Reingold (FR) layout algorithm to
visualise the nodes and edges in a web (Fig. 1)5.
Complex graphs tend to be divided into distinctive modules
(communities). Modules are “densely connected groups
of nodes with only sparser connections between groups”
(Newman, 2006, p. 6). Seven communities were detected in
the periods 1993–2006 and 2007–2017:
1. North West (United Kingdom, Netherlands, Belgium,
Luxembourg and Ireland);
2. Central Europe (Germany, Austria, Switzerland, and
some new member countries, notably the Czech Republic,
Hungary, Poland and Croatia);
3. Scandinavia (Denmark, Norway, Sweden and Finland,
and Estonia, Latvia and Lithuania);
4. Iberia (Spain and Portugal);
5. Italy and France;

The Czech and Slovak Republics were established as independent nations on 1st January 1993
The FR algorithm belongs to a family of force-directed layout algorithms. Nodes are repositioned until they stabilise when the
energy of the system is minimised and the system reaches an equilibrium state (Fruchterman and Reingold, 1991)
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6. South East / Balkans (Greece, Cyprus, Romania and
Bulgaria); and
7. Slovakia and Slovenia.
Specific communities seem to mirror patterns of
geographical, cultural and linguistic proximities. The
proximities lowered barriers to the transfer of encultured
tacit knowledge, and enhanced cooperation between
research partners. The communities also correspond to
the traditional, albeit changing, spheres of influence of the
major European powers in terms of policy, trade and culture
(Moravcsik, 1991).
Communities (1)–(4) remained stable in the two periods
compared. Loosening ties between Italy and France and
the emergence of separate communities for these countries,
were major changes in the community structure between
the periods 1993–2006 and 2007–2017. France developed
more ties with Romania, Poland and Luxembourg. The
Czech Republic and Slovakia formed a new community: this
community no doubt operated on shared historical legacies,
and physical, organisational and social proximity. Croatia,
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Slovenia and, rather surprisingly, Latvia, Lithuania and
Estonia had cooperated more with the South East/Balkan
community. The whole South/East community appears to
be connected to Italy. It should, however, be noted that all
members of the South and East communities (except for
Italy), as well as Slovakia and Slovenia, account for low
publication intensity compared to advanced EU member
countries. A relatively small increase in publication intensity
and diversification of international collaboration is reflected
in the regrouping of community members. Hoekman
et al. (2010) found that researchers from the European
periphery were more likely to collaborate with international
partners than were researchers in countries of the European
core. This is understandable, as researchers in peripheral
countries are less likely to benefit from high-quality research
infrastructure. Furthermore, they have more limited choices
of partners in their own countries and fields of research. The
finding supports assumptions by the EEG on preferential
attachment: new entrants to co-authorship networks
preferred to connect to well-connected influential partners
in Europe’s core.

Fig. 1: The network diagram for patterns of European scientific cooperation in the periods 1993–2006 and 2007–2017
Source: authors’ elaboration

5.2 Rich club and core–periphery
Complex networks may have very different architecture.
In some networks, relatively few influential nodes are
strongly interconnected, and the ‘rich’ nodes are much more
likely to form tight and well-interconnected cliques (clubs)
than are low-degree nodes (Colliza et al., 2006, p. 110). In
a weighted network, the ‘rich club’ is a phenomenon wherein
some prominent nodes direct their strongest ties towards
one another to a greater extent than randomly expected
(Opsahl et al., 2008). Traffic between members of the ‘rich
club’ accounts for a substantial proportion of total traffic in
the network. The influential nodes also collect high numbers
of connections with peripheral nodes.
Traffic between peripheral nodes, on the other hand, is
quite weak. ‘Rich club’ architecture is typical for air traffic
systems with major hubs, Internet networks and/or tourist
exchange. Examples of the rich club in weighted networks
include the global trade network (Zlatic et al., 2009), airline

106

networks (Barrat et al., 2004; Opsahl et al., 2008) or mobility
patterns with respect to the Chinese population during
national holidays (Wei et al., 2018).
As for scientific publications, the European ‘rich club’
consists of the UK, Germany, France, Italy, the Netherlands,
Spain and Switzerland. The above-mentioned seven
countries generated 95.4% of European papers (singleauthored and co-authored) in 1993. The respective share
of the rich club had decreased to 86.5% by 2017, but the
decrease was slightly accelerated after the 2004 eastern
enlargement of the EU. Some EU members deriving from
the 2004, 2007 and 2013 enlargements increased their
publication intensity by as much as ten-fold in the abovementioned period. Moreover, they were more likely to coauthor their papers with other members of the periphery,
outside of the ‘rich club’. Shares of single-authored and
co-authored papers by new EU member countries out of
the total number of European papers increased from 6.1%
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to 14.2% in the period 1993–20176. The basic structure of
the co-authorship network, however, remained dominated
by the rich club of seven countries. The persistence of the
‘rich club’ confirms Hypothesis 3 regarding the relative
stability of the geographical patterns of co-authorship. It
also supports assumptions by the EEG on the cumulative
causation and reproduction of the network structure.
The core-periphery structure of international collaboration
patterns is by no means restricted to Europe. De Prato and
Nepelski (2014) used data from the European Patent Office
(EPO) and the Worldwide Patent Statistical Database
(PATSTAT) to map the global technological collaboration
network. They found the network to be dominated by major
global powers: USA, UK, China, France and Japan. These
few hubs were complemented by a high number of peripheral
countries. The structure of the collaboration was determined
by linguistic proximity and spatial proximity. The hierarchical
structure of international scientific collaboration patterns
is well visible also at regional levels: Bergé et al. (2017)
examined the European co-patent network in order to
analyse cooperation in R&D at the NUTS 2 level, finding
that a relatively small number of German, French, Swiss
and Belgian regions played key roles in international copatents. The centre–periphery and ‘rich club’ patterns were
also detected at similar regional levels in Europe (Breschi
and Cumano, 2004).

6. Discussion, conclusions and directions for
further research
This paper contributes to the literature on international
cooperation in science and technology. It uses propositions
of the EEG to explain the evolution of the European coauthorship network over a turbulent period of political and
economic changes in Europe in the period 1993 to 2017. The
paper combines the theoretical assumptions by the EEG
with extensive quantitative analysis to identify major factors
of the network architecture and changes in the network
structure over time.
The EU’s common economic, cultural and political
spaces (‘connectivities’) were extremely important for
building European co-authorship networks. Promotion
of the four freedoms of the single market, joint research
programmes, as well as innovations in international travel,
vastly increased the intensity of co-authorship between the
periods 1993–2006 and 2007–2017. Even so, all of these
changes seem to have had a limited impact on the geography
of cooperation. The geographical modules of co-authorship
are path-dependent and build upon sets of historical
connectivities in trade, knowledge and human exchange. As
for the geography of cooperation, shared historical legacies
and connectivities remained as important as ever. It is not
only geographic distance but also cultural and linguistic
borders which impact on the cooperation between scientists.
Crossing borders sometimes means entering different
cultures and languages. As long as scientific research is
conducted by human beings, geographical, cultural and
linguistic proximities will remain important determinants
of international cooperation in science (Hypothesis 1).
The EEG underlines the importance of cognitive,
organisational, and social proximity for building networks
of knowledge exchange (Boschma, 2005). The regression
analysis in this project found a strong and increasing
6
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importance of human exchange for explaining co-authorship
patterns in the period 2007–2017 compared to 1993–2006
(Hypothesis 2). The importance of human exchange for
forming co-authorship ties is at a high level and growing
over time. The rise of web-based communication may have
greatly sped up the diffusion of codified knowledge, e.g. in
terms of papers or patents. Tacit knowledge, however, is no
less important for scientific work than before the age of the
Web. Human exchange is essential for building relational
assets (Essletzbichler and Rigby, 2007). There remains
a need for face-to-face communication in order to transmit
complex knowledge, be it embedded routines or embodied
competences acquired by a person through experience
(Bathelt and Henn, 2014). Disseminating tacit knowledge
requires informal social interactions and arm’s-length
market-based relationships.
The network analysis pointed to: (a) a distinctive core–
periphery structure; and (b) considerable stability in the
European co-authorship network over a quarter of a century.
The centre was identical with a cluster of seven countries
(the ‘rich club’), while small and/or less developed EEA
members formed the periphery. The 2004, 2007 and 2013 EU
enlargements was manifested in a subsequent increase in the
share of new members in total European publication output.
The new members followed trajectories of preferential
attachment, as all of them developed connections with
influential research partners from the EU15 countries.
Over time, some new members formed specific cooperation
communities within the periphery, as seen in the formation
of such communities following shared historical legacies
and cognitive, organisational and social proximity (e.g. the
Czech and Slovak communities, or the southern European
communities). The emergence of peripheral communities
is an example of the mechanism of variation. The three
enlargements, however, were not enough to alter processes
of cumulative causation in significant ways. Patterns of core
and periphery in European co-authorship networks changed
little (Hypothesis 3). The dominant position of the ‘rich club’
remains unchallenged, as the position of the ‘rich club’ refers
to the economic and scientific capacities of its members.
Our research has some important limitations. The
findings may be affected by the choice of publication
database: even though WOS has better coverage of science
than of social science topics. Other limitations relate to the
quality of the underlying data. Data on tourist exchange
and migration exchange, for example, account for better
coverage from 2007–2017 than from 1993–2006. Further
research will, undoubtedly, benefit from longer time series
and better data coverage.
Further research may consider the following directions. An
obvious option is to extend the geographical coverage of the
research. Knowledge of diffusion networks between European
and neighbouring countries are weaker than those between
European countries (Autant-Bernard et al., 2017), but may
follow the same types of connectivities in merchandise trade,
trade in knowledge, and human exchange. This paper has
used co-authorship patterns as proxies for the transfer of
tacit knowledge over distance. Alternative proxies (dependent
variables) may include the composition of committees and
boards in international organisations and multinational
companies. Another option is to explore alternative
connectivities (independent variables). One area worthy of
investigation is that European countries follow diverse legal

Multinational co-authorship allows for total shares higher than 100% by particular countries.
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systems. Comparative law studies, for example, recognise
French, German and Scandinavian civil laws, as well as
a number of hybrid systems. Common legal systems may induce
higher trust and understanding, and decrease transaction costs
amongst research partners (Felbermayr and Toubal, 2010).
Research may test the hypothesis that similarities and/or
differences in law systems impact upon the choice of project
partners and, indirectly, co-authorship patterns.
In addition, some European countries tend to form specific
regional cooperation bodies, such as the Nordic Council or
the Visegrád Four Group. Some regional cooperation bodies
provide research funding for regional partner scientists
and institutions. Country membership in regional bodies
usually originates in shared historical legacies, geographical
proximities, and linguistic and cultural affinities. Such
affinities manifest in many, often unexpected, patterns of
cooperation, such as ‘voting alliances’ in the Eurovision Song
Contest (Budzinski and Pannicke, 2017). Do ‘friend or foe’
alliances (García and Tanase, 2013) manifest only in emotionladen song contests, or are they present in (supposedly
rational) choices of research partners as well? There are
some very interesting questions in these reflections.
In this paper we have concentrated on the role of general
socio-economic spaces in the formation of co-authorship
networks. Further research may analyse the role of sciencespecific support tools in forming research partnerships and
in creating co-authorship networks. The Framework and
Horizon Programmes were the obvious candidates in the past
(Breschi and Cusmano, 2004; Barber and Scherngell, 2013).
Alternative specific support tools may include supranational
research projects developed under the COST, EUREKA and
ERA-NET schemes, joint technology platforms, and shared
research infrastructures.
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1993–2006

2007–2017

N

Min

Max

Mean

Std. Dev

N

Min

Max

Mean

Std. Dev

CA

868

0.01

38.35

3.46

4.60

870

0.04

25.05

3.45

3.66

PFCI

604

0.01

62.33

4.97

8.21

664

0.01

53.85

4.52

7.40

FODI

557

0.01

57.14

5.39

8.17

620

0.01

46.37

4.84

6.96

DOIMA

557

0.01

62.08

5.39

8.84

620

0.01

57.23

4.84

8.38

ME

870

0.00

55.60

3.45

6.47

870

0.00

50.96

3.45

6.17

MI

870

0.01

42.62

3.45

6.04

870

0.01

40.05

3.45

5.68

SMCOE

697

0.00

89.31

4.30

10.61

792

0.00

85.22

3.79

9.47

ISCOE

614

0.00

90.74

4.72

10.43

718

0.00

90.25

4.18

9.43

NSET

498

0.02

79.03

5.62

9.85

727

0.00

68.04

4.13

8.19

Appendix 1: Descriptive statistics
Notes: CA = co-authorships (Source: Web of Science Core Collection database (2019), time series available since 1993);
PFCI = Patents with foreign co-inventor(s); FODI = Foreign ownership of domestic inventions; DOFI = Domestic
ownership of foreign inventions (Source: OECD.Stat, 2019: International co-operation in patents; all time series
available since 1993); ME = Shares of each European trading partner in total European merchandise exports by
country of origin; MI = Shares of each European trading partner in total European merchandise imports by country
of origin (Source: UNCTAD, 2019: International trade in goods and services; Merchandise: Total trade and share,
annual; time series available since 1995); SMCOE = Share of European migrants from a country of origin in all
European destinations (Source: Eurostat, 2019: Population on 1st January by age group, sex and citizenship – Country
of citizenship; time series available since 1998); ISCOE = Share of international students from a country of origin
in all European student destinations (Source: OECD.Stat, 2019: Foreign / international students enrolled (to 2012),
and enrolment of international students by origin (from 2013); time series available since 1998); NSET = Share of
nights spent by European partner tourists in partner countries (Source: Eurostat, 2019: Number of nights spent by
country / world region of destination; time series available since 1994)
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1993–2006
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CA

PFCI

FODI

DOIMA

ME

MI

SMCOE

ISCOE

NSET

1

0.823**

0.761**

0.720**

0.829**

0.828**

0.741**

0.836**

0.743**

PFCI

0.823**

1

0.791**

0.894**

0.804**

0.810**

0.744**

0.770**

0.709**

FODI

0.761**

0.791**

1

0.671**

0.760**

0.760**

0.635**

0.675**

0.646**

DOIMA

0.720**

0.894**

0.671**

1

0.694**

0.706**

0.702**

0.677**

0.702**

ME

0.829**

0.804**

0.760**

0.694**

1

0.907**

0.744**

0.757**

0.696**

MI

0.828**

0.810**

0.760**

0.706**

0.907**

1

0.730**

0.727**

0.713**

SMCOE

0.741**

0.744**

0.635**

0.702**

0.744**

0.730**

1

0.815**

0.756**

ISCOE

0.836**

0.770**

0.675**

0.677**

0.757**

0.727**

0.815**

1

0.750**

NSET

0.743**

0.709**

0.646**

0.702**

0.696**

0.713**

0.756**

0.750**

1

CA

PFCI

FODI

DOIMA

ME

MI

SMCOE

ISCOE

NSET

1

0.773**

0.763**

0.577**

0.766**

0.788**

0.691**

0.749**

0.709**

2007–2017
CA
PFCI

0.773**

1

0.820**

0.860**

0.787**

0.808**

0.679**

0.670**

0.739**

FODI

0.763**

0.820**

1

0.604**

0.717**

0.740**

0.579**

0.611**

0.630**

DOIMA

0.577**

0.860**

0.604**

1

0.621**

0.619**

0.527**

0.457**

0.637**

ME

0.766**

0.787**

0.717**

0.621**

1

0.910**

0.650**

0.619**

0.721**

MI

0.788**

0.808**

0.740**

0.619**

0.910**

1

0.648**

0.608**

0.716**

SMCOE

0.691**

0.679**

0.579**

0.527**

0.650**

0.648**

1

0.807**

0.765**

ISCOE

0.749**

0.670**

0.611**

0.457**

0.619**

0.608**

0.807**

1

0.727**

NSET

0.709**

0.739**

0.630**

0.637**

0.721**

0.716**

0.765**

0.727**

1

Appendix 2: Correlation matrices for dependent and independent variables
Notes: ** Correlation is significant at the 0.01 level (2-tailed)
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