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Abstract
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Doctor of Philosophy

Gravity Models and Machine Learning Approaches for Understanding Corporate
Investment Flows and Framework Programme Collaborations in Europe

by Ferenc KIRÁLY

European economic integration and research collaboration patterns require system-
atic analysis to understand underlying network formation mechanisms and predict
future developments. This study was designed to model European ownership net-
works and Horizon 2020 collaboration networks, with the objectives of improving
link prediction accuracy, identifying key influential factors in network formation,
and detecting outlier communities that deviate from predicted collaboration pat-
terns.

A comprehensive research database was constructed by integrating four major
data sources: CORDIS (Community Research and Development Information Ser-
vice), Amadeus/Orbis (corporate ownership databases), PATSTAT (European Patent
Office database), and Eurostat (European statistical data). For ownership network
analysis, 1,620,340 companies with verified ownership relationships across 1,435
NUTS 3 regions were examined between 2010-2018. A gravity-based null model
was developed and applied to predict spatial structures of corporate ownership net-
works. For collaboration network analysis, data from over 25,000 H2020 projects in-
volving more than 150,000 participants were analyzed using multiple machine learn-
ing approaches including Random Forest (RF), Support Vector Machines (SVM),
XGBoost, Linear Discriminant Analysis (LDA), Quadratic Discriminant Analysis
(QDA), and logistic regression. Bayesian optimization was employed for hyperpa-
rameter tuning, and feature importance was assessed using the Boruta algorithm.

The gravity-based model demonstrated superior performance compared to ex-
isting Newman-Girvan and Expert models in estimating global network properties
and centrality metrics. For collaboration prediction, non-generic machine learning
methods achieved higher accuracy than generic approaches, with Random Forest
yielding the best performance (F1 score of 1.302585). Outlier collaboration commu-
nities were detected, predominantly comprising organizations from EU core coun-
tries, indicating stronger-than-predicted collaboration patterns within established
research networks.

The integrated modeling approach successfully improved link prediction accu-
racy for both ownership and collaboration networks while revealing systematic pat-
terns in European network formation. The gravity-driven modularity measure en-
abled identification of economically coherent communities and their temporal evo-
lution. The findings provide actionable insights for policymakers seeking to opti-
mize collaboration efficiency in Framework Programmes and support strategic de-
cision making in corporate investment flows across European territories.
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Chapter 1

Introduction

1.1 Research goals

One of the ultimate objectives of the study is to understand and model the Euro-
pean ownership network to derive valuable information on how investment flows
within the European Union and what factors influence the formation of this network.
The goal is to improve the link prediction together with improving the derived net-
work parameters for which a gravity-based null model is proposed and identify the
main investment communities together with identifying the time stability of them.
Achieving this goal provides a deeper understanding of the factors that play a role
in the formation, and this information can be beneficial to decision makers and gov-
ernment representatives to support regional and national economic decision-making
processes.

The other main goal is to gain a deeper understanding of the collaboration net-
work of the Horizon 2020 - EU research and innovation funding programme 2014-
2020 (H2020). The aim is to provide an accurate model that can predict the collab-
oration links between firms based on measurable numeric information and identify
the influential parameters that play a role in the formation of the network. The con-
struction of an accurate link prediction model is regarded advantageous for deci-
sion makers seeking to forecast future consortia within the Framework Programme.
Identifying key influential factors enables facilitation and support of future Frame-
work Programmes (FPs) collaborations by decision makers. Furthermore, outlier
collaboration communities-characterized by links that are either stronger or weaker
than predicted-are also identified in this study, providing relevant insights for the
management and regulation of collaboration formation across the Framework Pro-
gramme. These considerations are consistent with the strategic directions of the Eu-
ropean Union, which emphasize the improvement of collaboration between stake-
holders at both the country and the organizational levels (Novitzky et al., 2020).

1.2 Motivation of the thesis

The investigation of ownership networks serves multiple critical motivations that
intersect with economic, regulatory, and societal factors. First, analysis of owner-
ship networks sheds light on hierarchical structures within corporations and their
interlinkages, elucidating the control dynamics over assets and decision-making
processes. Understanding these structures is fundamental for various stakehold-
ers, including policymakers, as it informs regulatory frameworks aimed at enhanc-
ing transparency and accountability within corporate governance (Lidth Jeude et al.,
2019; Takes et al., 2018).
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Moreover, ownership networks reveal complex interdependencies among corpo-
rations that can lead to monopolistic behavior and anti-competitive practices, which
have significant implications for market efficiency and economic equity. Identify-
ing key players within these networks helps regulators understand potential risks,
such as orchestrated collusion or financial manipulation, providing an avenue for
intervention (Mizuno et al., 2020; Nakamoto et al., 2019; Villamil et al., 2024).

From a methodological perspective, several studies have employed network sci-
ence techniques to explore ownership structures, leading to the development of in-
novative frameworks that capture the layered nature of corporate hierarchies. Such
frameworks improve our ability to analyze the complexity embedded in ownership
relationships, particularly in transnational settings where ownership stakes can be
obscure and dispersed (Babić et al., 2019; Rungi et al., 2017). This complexity is
crucial to understanding how power is concentrated within a small number of cor-
porations, thus shaping competitive dynamics on a global scale (Vitali et al., 2011).

The benefits of investigating ownership networks are extensive, impacting not
only academic discourse but also practical implications for governance and finan-
cial regulations. Through improved transparency and accountability mechanisms,
stakeholders can foster environments that are conducive to fair competition and sus-
tainable economic growth (Kosztyán et al., 2022b).

The investigation of collaboration networks in research is driven by several mo-
tivations, mainly centered on enhancing knowledge transfer, fostering innovation,
understanding social dynamics within scientific communities, and maximizing re-
search impact. These networks facilitate the interaction between researchers, influ-
encing their collaboration choices and overall productivity.

The critical motivation for analyzing these networks stems from the desire to
understand and potentially rectify social and epistemic inequalities in science. For
example, Li et al. (2022) propose that a comprehensive understanding of collabora-
tion factors can illuminate the inequalities that persist within scientific communities,
thus supporting research and development efforts. Collaboration networks provide
insights into how researchers associate with each other, which is crucial to address
disparities in access to resources and opportunities.

In addition, the structural configurations of collaboration networks can also in-
fluence the dissemination of innovation. Katerndahl (2011) discusses how external
collaborators play an important role in network dynamics, allowing a wider dissem-
ination of innovations. This aligns with the findings of Vanni et al. (2014), who note
that international collaboration networks can generate more precise epidemiological
estimates, illustrating the importance of cross-border collaboration in global health
contexts.

Collaboration networks serve as mechanisms for knowledge transfer, particu-
larly between developed and developing nations. Long et al. (2015) assert that a
shared understanding of goals and network structures among collaborators is a key
indicator of successful collaborative efforts that improve collective results. This con-
textualizes the need for effective frameworks that structure collaborations, especially
in multidisciplinary settings.

One of the primary motivations behind exploring collaboration networks is to
enhance R&D productivity and innovation performance. For example, Laufs et al.
(2024) examine the role of prior knowledge and existing collaborations in accel-
erating R&D performance during urgent contexts such as the development of the
COVID-19 vaccine, indicating that extensive networks can facilitate the faster mobi-
lization of resources and knowledge essential for rapid innovation. Similarly, Kong
et al. (2017) demonstrate that collaborative approaches can alleviate challenges in
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product R&D processes by allowing firms to leverage complementary skills and ca-
pabilities, ultimately enhancing innovation. These findings underscore the critical
role collaboration plays in enhancing R&D efficiency.

Collaboration networks also serve as instruments for improving the performance
of regional innovation. Roesler and Broekel (2017) show how universities act as cen-
tral hubs in interregional R&D collaborations, linking local firms to broader knowl-
edge networks, thus allowing increased resource allocation and collaborative inno-
vation activities that contribute to regional economic development. This dynamic
underscores the ability of such networks to generate synergies that may not be pos-
sible in isolated efforts.

1.3 Personal motivation

As an employee (Project Manager) of an international automotive supplier company
with a headquarter in Germany, I was always interested when and more specifically
why a company is establishing a new subsidiary in a different country, what are the
main factors indicating this action. This question is not only interesting for me as
an employee of a multi-national company but also as a Hungarian citizen, as for
our country the attractiveness for foreign companies carrying investments into our
homeland is one of the essential sources of the economic growth of the nation. So,
the work I did during the study of the ownership network of EU companies was
very interesting to find answers to the questions I had.

The collaboration network investigation was also an aspect of my daily life, as I
was always curious about the factors influencing whether two (or more) companies
are working together on one project to be more successful together than separately.
During my job, day by day I work together with colleagues from different companies
with whom our aim is common, but I was always interested in what could have been
the reason why these particular companies are working together. The investigation
of the H2020 collaboration network gave me some insight into the possible reasons,
which were very interesting although the investigation was a huge task, but due to
its complexity, I really enjoyed the work and the result of the work is satisfactory.

1.4 Research gaps

Considering the investigation of corporate ownership networks in the recent litera-
ture, several gaps can be identified. One of the main ones which was experienced
during the literature review is that complete research was not performed until the
date of publication of the current work (based on the best knowledge of mine), which
would have investigated the ownership network of the European companies as a
whole, integrating different data sources. Based on this finding, the current work
tries to fill this gap by investigating the entire available corporate ownership net-
work in the European Union.

In this area several methodological difficulties were also identified (such as tem-
poral changes in the network, layered structure of the network, difficulty to deter-
mine centralities, etc.) which are mentioned in Section 2.3 and also referred to in the
same section where the current study aims to address and answer these challenges.

Despite of the advances in link prediction methodologies reviewed in Chapter 2,
prediction accuracy remains a persistent challenge in collaboration network analysis
(Wang et al., 2015a). Two primary factors contributing to suboptimal accuracy are
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identified: (1) limitations inherent to the models and (2) constraints associated with
the datasets.

From a model-based perspective, the computational complexity of advanced
methods such as Graph Neural Networks (GNNs), Knowledge Graph Embeddings
(KGE), and graph convolutional networks (GCNs) poses significant scalability is-
sues. Although these models demonstrate promise in link prediction tasks, their
training and inference complexity escalate prohibitively with network size, creating
bottlenecks for large-scale applications. Furthermore, the capacity of GNNs to cap-
ture long-range dependencies and intricate patterns in complex networks remains
an active area of investigation. Furthermore, neural networks lack robust mecha-
nisms to interpret the importance of characteristics, which is critical for strategic
decision making. These observations are consistent with Chen et al. (2021), where
the prediction precision between multiple algorithms plateaued near 0.75. The ab-
sence of high-accuracy prediction models hinders effective strategic planning at the
organizational and consortium levels.

From the database side, incomplete or fragmented datasets contribute to inaccu-
racies in the prediction. No prior study has systematically integrated comprehensive
databases such as ORBIS, CORDIS, PATSTAT, and EUROSTAT, resulting in omitted
variables and relationships that degrade model performance.

The combined effect of these limitations makes reliable predictions for EU frame-
work programme collaborations challenging.

Existing studies prioritize overall prediction performance while neglecting out-
lier detection-instances where observed collaborations deviate significantly (stronger
or weaker) from predictions. Without analyzing such outliers, region or actor-specific
insights cannot be derived, precluding targeted policy interventions in EU FPs. This
impedes the ability of the EU to optimize collaboration efficiency.

1.5 Research questions

The research questions are formulated to provide a more focused, precise and re-
searchable framework in contrast to the broader research objectives. In the disser-
tation, these research questions are addressed through a literature review and the
development of a theoretical background. Based on this foundation, a research as-
sumption is elaborated in subsequent chapters. Through the implementation of the
research addressing the main points of the thesis, the assumptions are confirmed or
rejected, and the corresponding research theses are articulated.

Taking into account the above issues and their relevance, the current study seeks
to answer the following research questions.

RQ1: Can the proposed gravity-based economic null model improve link pre-
diction and network coefficient estimation, identify stable Emergent Innova-
tion Communities, and provide insights into their spatial and temporal dy-
namics?

RQ2: To what extent do administrative borders influence investment flows,
and how do these effects change when controlling for geographical distance?

RQ3: Can the proposed model, applied to a comprehensive dataset, enhance
our understanding and predictive accuracy of organizational collaboration and
community structures in Framework Programmes beyond current benchmarks?
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In Section 7 a summary table is provided (Table 7.1) which collects the Research
Questions, Assumptions and Theses for and overview.

For answering RQ1 the literature review section provides some insight into the
current challenges in the area of investigation. Within that chapter and later on dur-
ing the introduction of the methods employed within the study, it will be revealed
that several methodological improvements are needed to be able to provide deep in-
sights for the question. The Gravity-based Economic Null model (GEN) model has
been introduced that provides better link prediction than the other ones mentioned
in this work, but the main benefit of this approach is the use of a purely economic
model to predict the network, which highlights its importance.

Related to the RQ2 the formation of investment flows within corporate owner-
ship networks should be analyzed. To be able to address this challenge together with
the aspect of the temporal viewpoint, so-called Economic-investment communities
(EIC)s have to be identified and the structure of them must be analyzed for which
modularity investigation is performed. Moreover, to investigate the time difference
in such community formation, a multilayer approach is applied where the different
layers represent the different years.

Looking at the RQ3 context, in this work it is discussed and shown that the ap-
plied machine learning technologies -both generic and non-generic ones- are benefi-
cial in collaboration network investigation, at least with respect to H2020 collabora-
tion within Europe. The current status of the link prediction area is also introduced
in a detailed way based on the literature (refer to Section 2.7) and also mentions the
main challenges that are addressed in this study. It is also revealed that the different
tools and methods are advantageous in different ways and applying these hetero-
geneous methods as a model, the prediction accuracy can be improved, and also
the important forming factors can be identified. The usage of the generic methods
are helpful in the analysis of corporate variables with which it can be revealed that
organizations engaging in collaborative activities generally exhibit more favorable
characteristics. The non-generic or black-box methods have the benefit to help to
identify the important features and parameters which have effect on the formation
of the network.

It is common related to all Research questions that the benefit of a comprehen-
sive database is non-questionable. It is revealed in this work that the involved het-
erogeneous data sources is beneficial as most of the data originated from different
databases has statistically significant explanation power in several aspects, there-
fore, the creation of the research database can also be considered as a mentionable
result.

1.6 Structure of the thesis

The dissertation is organized as follows. After a brief introduction of the work in
Chapter 1, in Chapter 2 the literature is reviewed with the related works and find-
ings and based on them characterizes the research assumptions. In Chapter 3 the
employed data with exact sources are introduced, which is followed by the explana-
tion of the methods used. Chapter 4 explains the results of the work, while Chapter 5
discusses them and also defines the research theses. Chapter 6 shows the threats to
the validity. Chapter 7 summarizes and concludes the dissertation and Chapter 8
considers the limitations and also proposes future research based on the current
work.
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Chapter 2

Literature review

2.1 Main milestones of Network Science

Network science is recognized as an interdisciplinary domain dedicated to the anal-
ysis of complex networks and their inherent properties. Over recent decades, sev-
eral pivotal milestones have directed the progression of this field. An appreciation
of these milestones is essential, as they establish the foundational context for con-
temporary investigations in network science.

Among the earliest and most influential models is the Erdős-Rényi Random Graph
Model (ER-model), which was formulated between 1959 and 1968 by Pál Erdős and
Alfréd Rényi (Erdős and Rényi, 1959, 1960, 1961a,b, 1963, 1966a,b, 1968). In this
framework, a random graph is defined by a fixed number of nodes (N) and a proba-
bility (p) that determines the probability of an edge being present between any pair
of nodes. The simplicity of the ER-model has allowed the derivation of fundamental
results in relation to network connectivity and phase transitions. However, the ER-
model does not account for several characteristics observed in empirical networks,
such as the power-law degree distributions that typify systems such as the World
Wide Web and social networks (Albert and Barabási, 2002; Glos et al., 2021).

Small-world problem was first mentioned by Milgram (1967), and small-world
network was first formally described by Watts and Strogatz in 1998 Watts and Stro-
gatz (1998) - although the mathematical effects were published much earlier in 1978
by de Sola Pool and Kochen (1978) -, are a class of graphs that exhibit high clustering
(like regular lattices) and short average path lengths (like random networks). This
unique structure, often termed the "small-world phenomenon," captures the idea
that any two nodes in the network are connected by a surprisingly small number
of steps, popularized by the "six degrees of separation" concept. The Watts-Strogatz
model demonstrates how introducing a few random connections ("shortcuts") into a
regular lattice dramatically reduces the diameter of the network while preserving lo-
cal clustering. This property has profound implications for understanding systems
ranging from social interactions to neural connectivity, as it balances efficiency and
robustness.

Small-world topology has been observed in diverse real-world systems such as
social networks inherently form small world structures, facilitating tight-knit com-
munities and global information diffusion (Newman, 2003).

In contrast to the ER-model, the Barabási-Albert (Scale-free) Network model
(BA-model), introduced by Réka Albert and Albert-László Barabási in 1999 Barabási
and Albert (1999a), marked a significant advance by demonstrating that many real-
world networks exhibit power-law degree distributions. The BA-model incorpo-
rates two principal mechanisms: network growth and preferential attachment, the
latter signifying that new nodes are more likely to connect to those with already
high degrees (Bollobás et al., 2011; Pedarsani and Grossglauser, 2011). This process
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results in scale-free networks, where a minority of nodes (hubs) possess a dispro-
portionately high number of connections, while the majority have relatively few.
The BA-model’s significance extends beyond its descriptive accuracy; it has also in-
formed the understanding of the robustness and susceptibility of the network to
random failures or targeted attacks (Albert and Barabási, 2002; Glos et al., 2021).

Throughout the evolution of network science, these foundational models have
been integrated into broader analytical frameworks to better capture the complexity
of diverse networked systems. Developments such as community detection algo-
rithms, models of epidemic propagation, and the study of dynamic networks have
extended the applicability of the ER-model and BA-model (Farzaneh and Coon,
2022; Rinaldo et al., 2013). These advancements have incorporated elements such
as node heterogeneity, temporal evolution, and spatial constraints, underscoring the
necessity for continual refinement and adaptation of theoretical models to reflect the
multifaceted nature of real-world networks (Farzaneh and Coon, 2022; Med̄edović,
2020).

The dynamic interplay between theoretical modeling and practical application
in network science has yielded substantial impacts across disciplines including soci-
ology, biology, computer science, and epidemiology. Ongoing research continues to
investigate the influence of network structure on processes such as disease transmis-
sion, information spread, and systemic resilience (Daudin et al., 2007). Furthermore,
analytical methodologies derived from these theoretical models have facilitated the
classification, visualization and interpretation of social, biochemical, and economic
networks (Farzaneh and Coon, 2022; Med̄edović, 2020).

Social Network Analysis (SNA) serves as a visual methodology for characteriz-
ing network structures and nodal relationships by translating spatial systems into
quantitative relational data (Ye et al., 2022). During the past two decades, SNA has
gained prominence as a critical tool in regional science and economic geography
(Hui et al., 2020). Its applications encompass investigations into urban and economic
agglomeration patterns Liu et al. (2018), Searle et al. (2018), and Van Meeteren et al.
(2016), alongside analyses of innovation networks, knowledge diffusion Abonyi et
al. (2020), Czvetkó et al. (2021), Dahesh et al. (2020), Morrison (2008), Sebestyén and
Varga (2013), and Weidenfeld et al. (2021), trade links Bhattacharya et al. (2008) and
Mao and Cheng (2019), and tourism interactions (Asero et al., 2016; D’Agata et al.,
2013; Liu et al., 2012a; Mou et al., 2020; Seok et al., 2021). In contrast, systematic mod-
eling and analysis of network dynamics in international business research remains
underdeveloped (Kurt and Kurt, 2020).

In summary, understanding the key developments in network science - partic-
ularly the ER-model and BA-model models - enhances the ability to analyze and
interpret complex systems. These models have substantially shaped the theoretical
landscape and have provided a solid foundation for ongoing innovation and inter-
disciplinary research within the field.

2.2 Economic networks

The evolution of economic networks forms a complex picture that combines histori-
cal contexts, theoretical frameworks, and practical implementations. To clearly artic-
ulate this evolution, it is essential to examine various facets, including the historical
significance of trade, the theoretical underpinnings provided by game theory and
economic modeling, as well as the implications of new technologies and regulatory
frameworks on network structures.
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The historical context of economic networks can be traced back to medieval Eu-
rope, where long-distance trade was pivotal to early economic growth. Institutions
developed alongside merchant networks facilitated impersonal trade, which was in-
strumental in fostering economic development in Western Europe. According to
Kallioinen (2020) research, the evolution of these networks corresponds to the estab-
lishment of legal frameworks that promoted individualism between corporations,
allowing a rise in trade activity and, subsequently, the development of economic
networks that continue to influence modern economies today.

In tracing the history of economic network research, scholars have identified sev-
eral key transitions influenced by broader socio-economic transformations. Early
economic thought rarely considered the relational dynamics that facilitate transac-
tions. Instead, it emphasized market efficiency and individual decisions. This be-
gan to change with the advent of theories that recognized the intrinsic connectiv-
ity among economic agents. For example, Granovetter (2005) work on the social
structure of economic outcomes demonstrated how embedded social networks pro-
foundly influence hiring practices, pricing mechanisms, and innovation trajectories,
ultimately redefining notions of market dynamics.

As these networks evolved, the application of economic modeling solidified its
significance in understanding network interactions. Berry and Johari (2011) high-
light that knowledge of game theory is imperative for engineers and economists
alike, as it encapsulates the dynamics of network innovation and adoption. Within
this scope, economic modeling allows for the analysis of interactions between users
and providers in terms of incentives and behaviors, reinforcing the idea that net-
works are not merely technological constructs but are also deeply embedded in eco-
nomic interactions (Walrand, 2008). Furthermore, economic regulation serves as a
fundamental element in optimizing these networks, especially in industries that ex-
hibit natural monopolies. Economists have long debated the efficacy of regulatory
frameworks in ensuring competitive practices, as regulatory intervention is crucial
to achieving allocative and productive efficiency in contexts involving monopolistic
power (Uukkivi and Koppel, 2020).

The interplay of urban development and economic networks also has historical
roots. The structure of cities has been heavily influenced by economic geography,
which explains the spatial evolution of industries and the competitive dynamics that
shape them. The work of Frenken and Boschma (2007) illustrates how evolutionary
economic geography provides a perspective on how industrial dynamics emerge
and influence urban growth, allowing for the analysis of how networks of compet-
ing firms coexist and interact within urban spaces through localized economies. The
role of visualization in economic networks has been enhanced by advances in data
analytics that allow real-time insights into the relationships that govern economic in-
teractions. As seen in studies of the portrayal of urban networks by economic geog-
raphy, the application of Geographic Information Systems (GIS) and spatial analysis
has revealed how urban configurations can dynamically influence economic out-
comes across diverse contexts (Batty, 2008). Such spatially explicit analyses yield
insights into the relational dynamics that govern urban economic structures, rein-
forcing the symbiotic relationship between geography and economic performance.
Similarly, analysis of corporate networks reveals the importance of understanding
the nodal relationships between firms that span different geographies, as demon-
strated Wall and Knaap (2011), who emphasize the hierarchical structures within
global corporations that drive economic concentrations in specific urban centers.

The continuous blurring of boundaries between disciplines, particularly eco-
nomics and sociology, has fostered a richer understanding of the role of networks.
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Insights from network topology and graph theory have been applied to understand
the structural properties of economic interactions and cluster formations within mar-
kets. For example, the sectoral differentiation examined by Djauhari and Gan (2016)
employed Minimum Spanning Tree approaches to provide insights about the histori-
cal clustering of economic sectors, contributing to our understanding of intersectoral
relationships.

With the rise of computational capacities, empirical investigations have started
to layer complex mathematical and statistical methodologies that model interactions
among economic entities. One notable methodological innovation is the application
of machine learning techniques, such as neural networks, which have gained trac-
tion for economic predictions and optimizations, particularly in forecast modeling
contexts (Liang et al., 2024). This computational advancement underscores a concep-
tual evolution in which traditional theories merge with data-driven methodologies,
leading to improved forecast accuracy and more nuanced economic analyses.

The adaptive nature of economic networks has been significantly shaped by ad-
vancements in technology. The literature on Artificial Intelligence (AI) in economics
indicates that as economic models evolve, so do the methodologies used to analyze
networks (Bickley et al., 2022). The integration of AI systems into economic analysis
allows for a more nuanced understanding of market behavior and network inter-
actions, thus enhancing predictive capabilities and informing decision-making pro-
cesses. This evolution is crucial in an era where data analytics becomes a cornerstone
of economic modeling, particularly within networked environments.

At the same time, applying social network analysis reveals distinct patterns in
urban and economic interactions. The critical role of various cities within broader
economic systems has been brought to light through statistical networks that assess
urban positionality and economic linkages. Sigler and Martinus (2016) examination
underscores the importance of urban networks in driving economic activities, chal-
lenging previously held notions of hierarchical urban influence in favor of a more
comprehensive understanding of cities as interconnected economic actors. The con-
nectivity of cities through firm interactions reflects broader socio-economic trends
that have historical precedents dating back to the early trade networks.

Another dimension of the evolution of economic networks can be attributed to
the regulatory frameworks that have emerged over time. The systematic approach
to regulating network industries showcases how legislative and institutional frame-
works adapt in response to the unique challenges posed by network structures. Ef-
fective regulation is crucial to understanding the interaction between local contexts
and regulatory instruments in fields such as telecommunications (Uukkivi et al.,
2014).

As our understanding of economic networks continues to evolve, it becomes
clear that contemporary models must incorporate the complexities of globalization,
socio-political contexts, and technological advancements. From immigration’s im-
pact on trade networks to the infrastructural developments in port cities, the inter-
connectedness of local and global economies necessitates nuanced models that can
account for diverse influences on economic structures. Walton-Roberts (2011) cri-
tique on Indo-Canadian transnational networks emphasizes how geographic and
historical contexts can uniquely influence trade dynamics, suggesting that future
economic network research must embrace this multifaceted approach.

Moreover, the application of urban scaling laws — highlighted in literature by
authors such as Lobo et al. (2013) - positions cities as dynamic systems governed by
similar structural rules despite their unique circumstances. This conceptualization
parallels findings linking urbanization processes in different contexts, providing a
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coherent framework to understand the interactions unfolding within economic net-
works.

In summary, the history and evolution of economic networks reveal a rich inter-
play of historical advancements, theoretical frameworks, and the inexorable march
of technology. By analyzing early trade practices, applying economic models that
factor in game theory, and recognizing the differing influences of urban and global
dynamics, we can gain insight into the profound and intricate nature of these net-
works. This comprehensive approach underscores the importance of historical con-
texts and illustrates the need for adaptive, innovative frameworks in understanding
and leveraging economic networks in today’s complex world. The study of eco-
nomic networks is inherently interdisciplinary, bridging insights from economics,
sociology, urban studies, and emerging technologies.

2.3 Corporate ownership network analysis

In this section, several references from the literature are introduced that underscore
the need and importance of investigating and researching corporate ownership net-
works. This part is relevant for one of the main goals of the current work and aims
to show why the topic is important and relevant to research.

The exploration of ownership networks within corporate governance has gained
significant traction in recent years, especially as scholars attempt to discern the intri-
cate relationships between ownership structures and various corporate performance
metrics. Ownership structures profoundly influence corporate governance practices
and, in turn, the financial performance of firms. This discourse requires examin-
ing several aspects, including ownership concentration, stakeholder dynamics, and
governance disclosures, all of which are illuminated through recent academic ad-
vancements. The importance of the field investigation is also highlighted by Pehrs-
son (2016) as the establishment of a new subsidiary firm is a formation of investment
that is beneficial both on the source and the target side.

Ownership concentration has been shown to have a considerable impact on earn-
ings informativeness. Specifically, Sharifi and Jafari (2016) found that concentrated
ownership is related to low earnings information, as ownership concentration pre-
vents leakage of proprietary information about firm rent seeking activities, which
were prevalent and profitable in the selected firms in Asia. This lack of transparency
can exacerbate agency problems, where the interests of minority shareholders may
conflict with those of controlling shareholders.

Furthermore, the control exercised by certain owners significantly shapes gov-
ernance structures, which, in turn, affects business ethics and corporate behavior.
Zattoni (2011) discusses the importance of flexible corporate law that adapts own-
ership rights and governance structures according to the evolving characteristics of
a firm. This flexibility enables firms to establish suitable governance frameworks
that align with the interests of various stakeholders, allowing for adjustments as the
company evolves.

The intersection of corporate governance and ownership is also illustrated by the
nature and degree of voluntary disclosures made by companies. Ntim et al. (2012)
showed that government ownership is positively correlated with the degree of vol-
untary disclosure of corporate governance among South African firms, indicating
that ownership types influence transparency practices. This finding aligns with the
notion that greater ownership diversity can enhance the scrutiny and monitoring of
managerial actions, potentially leading to more robust governance outcomes.
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In addition to government and institutional ownership, the distinction between
ownership types can lead to different corporate strategies and risk profiles. Liu et al.
(2024) examined the impacts of government ownership on the environmental pref-
erences of private firms within emerging markets, concluding that state ownership
contributes positively to environmentally responsible corporate practices. This find-
ing implies that government participation in ownership structures can extend be-
yond financial oversight and contribute positively to corporate social responsibility
outcomes.

As the study of ownership networks continues to evolve, scholars have increas-
ingly recognized the challenges associated with indirect ownership and the multi-
layered structures that often underlie corporate networks. Romei et al. (2015) out-
lined the complexity involved in computing direct and indirect ownership relation-
ships, emphasizing the importance of identifying corporate group structures con-
trolled by parent shareholders. Understanding these intricacies is essential for eval-
uating the efficacy of governance mechanisms and identifying possible points of
failure or conflict within corporate networks.

In addition, regional studies have highlighted the significant effects of corporate
governance on financial performance in various contexts. For example, research by
Darko et al. (2016) demonstrates that ownership structures greatly influence corpo-
rate outcomes, particularly within the banking sector in Ghana. The malleability of
corporate governance practices in response to ownership types suggests that strate-
gic adjustments could be made to align governance with performance.

At a meta-level, the interplay between ownership structures and corporate gov-
ernance mechanisms can impact financial distress risk. Research by Kim (2019) sug-
gests that concentrated ownership can serve as a mitigation factor against corpo-
rate bankruptcy, particularly in contexts with weaker institutional frameworks. This
highlights the nuanced role of ownership concentration in providing stability, al-
though at the potential expense of governance quality.

Ultimately, the dynamic nature of ownership networks requires ongoing inves-
tigation to uncover their complex relationships and influences on governance. As
ownership structures continue to transform, driven by factors such as globalization
and technological advancement, understanding these changes and their implica-
tions for corporate governance has never been more critical. The challenges and
opportunities that arise from ownership networks will shape the future of corporate
governance practices across various sectors around the world.

Several methodological challenges are also identified in the literature in the con-
text of investigation and research on ownership networks.

Research on corporate ownership networks, particularly within the context of
the European Union (EU), faces several methodological challenges that hinder clear
understanding and comparative analysis of ownership structures and their impli-
cations on corporate governance, performance, and regulations. This complexity
is amplified by the diverse ownership patterns exhibited in different jurisdictions,
creating nuanced layers of interdependencies between corporations.

One of the primary methodological challenges in corporate ownership network
research is the issue of data availability and quality. Many studies have highlighted
the incomplete and often non-representative datasets that researchers must rely on
when constructing ownership networks. Mizuno et al. (2023) highlight that the flow
of corporate control is contingent on the robustness of ownership data available, and
incomplete representation issues can lead to misleading conclusions about the actual
influence wielded by certain corporate entities within the network. Garcia-Bernardo
et al. (2017) further discuss the implications of these incomplete data, suggesting
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that future research should focus not only on comprehensive ownership data but
also on relationships and transactions between entities to provide a more rounded
understanding of the ownership network.

Another critical challenge is the complexity of ownership structures themselves,
particularly the prevalence of layered ownership and cross-holdings among corpo-
rations. This creates significant difficulties when it comes to establishing the true
controlling entities within a network. The work of Vitali and Battiston (2014) and
Vitali et al. (2011) emphasizes the concept of indirect ownership control and how
intrinsic complexities can mask the visibility of true ownership. Multilayered struc-
tures often complicate the analysis of ownership dynamics, making it difficult for
researchers to discern direct influences and control mechanisms between entities.

The problem of network centrality and its measurement is another methodolog-
ical bottleneck. Studies often struggle with accurately determining the centrality
of nodes within ownership networks, thereby affecting the interpretation of influ-
ence and power dynamics. This issue is highlighted by Vitali and Battiston (2013,
2014), who discuss how centrality measures can be contingent on the specific con-
figurations of network structures and the underlying assumptions about ownership
rights and control. Misinterpretation of centrality can drastically alter the conclu-
sions drawn about corporate influence in economic and regulatory contexts.

The constantly evolving nature of corporate ownership - particularly given the
rapidly changing regulatory frameworks and market dynamics in the EU - adds
another layer of complexity for researchers. The research landscape is marked by
ongoing changes in the laws and regulations that govern corporate ownership and
control, necessitating continuous adaptation and reevaluation of methodologies (Vi-
tali et al., 2011). This is crucial in order to keep pace with emerging trends, such
as the shift toward more transparent ownership structures required by increasing
regulatory scrutiny.

This challenge related to data availability is addressed in the dissertation Sections
3.1 and 3.2.1 to establish a comprehensive data set that contains most of the available
data and with this database to be able to increase the reliability of the investigation.

The layered structure of corporate ownership related challenge is addressed also
in the current work as the direct ownerships are considered as this information is
available in the used Amadeus database. More details are mentioned in Sections
3.1.2, 3.1.3, and 3.2.1.

In this work, centrality identification, measurement, and usage related challenges
are also considered, since several different types of centralities were calculated and
used as referred to in Section 3.3.1.

The evolving nature of the ownership connections, especially the temporal dif-
ferences are handled in the dissertation with applying multilayer networks as repre-
sentation of the different years of ownership. Further details are discussed in Section
3.3.1.

In conclusion, the integration of ownership structures and corporate governance
practices is of paramount importance to ensure organizational effectiveness and ac-
countability. As research progresses, the emphasis on ownership types, their evolu-
tion, and the resulting implications for governance will provide vital insights into
fostering sustainable corporate practices amidst an ever-changing business land-
scape.
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2.4 Collaboration networks analysis

Collaboration network analysis plays a key role in understanding the intricate dy-
namics of partnerships in various fields, serving not only as a pathway to knowl-
edge sharing, but also as a mechanism to address complex global challenges. The
nature of these collaborative networks presents both methodological and practical
challenges that are often underestimated. Recent literature highlights this multi-
faceted exploration that encompasses theoretical frameworks, practical applications,
and the impediments associated with building effective collaborative networks.

The importance of collaboration network analysis in the economic field, particu-
larly among companies and other economic entities, lies in its profound implications
for innovation, competitive advantage, and sustainability. Firms increasingly recog-
nize that they do not operate in isolation; Their performance and ability to innovate
are significantly influenced by their relationships with other entities. This network
of interactions, characterized by collaborative efforts between companies, universi-
ties, research institutions, and suppliers, plays a critical role in improving innovation
and competitive performance.

Collaboration networks facilitate the exchange of knowledge and resources, that
leads to significant advantages in innovative outputs. For example, Spender et al.
(2017) found that ongoing alliances with various entities, including competitors and
research institutions, can enhance radical innovation. This notion is supported by
Nejad et al. (2013), who emphasize that companies should engage with a wide array
of actors within the technological innovation system to maximize their innovative
potential. Thus, a broader network perspective is essential for firms aiming to cap-
italize on diverse resources and expertise available within their collaborative land-
scapes.

Furthermore, the formation of these collaborative networks is crucial in respond-
ing to the dynamic nature of market demands. In the context of industrial pro-
duction processes, Pinto Leão and Silva (2021) highlight that digital transforma-
tion enhances overall value chain integration and promotes distinctive competencies
through collaborative ventures, ultimately strengthening firms’ competitive advan-
tages. Such transformations indicate that, in an increasingly digitized economy, the
ability to collaborate effectively requires an adaptive approach that integrates di-
verse capabilities across the network.

In the digital age, the interaction between collaboration networks and technolog-
ical innovation has taken on new dimensions. Zou and Xi (2024) assert that the struc-
tural characteristics of knowledge-sharing networks significantly influence techno-
logical innovation. This perspective underscores the evolving nature of inter-firm
relationships and the necessity of adapting to the interconnected economic land-
scape.

Inter-firm collaboration, particularly in emerging markets, demonstrates vari-
able outcomes depending on external conditions, including institutional support.
Adomako et al. (2020) discuss how government R&D support can enhance inter-
firm cooperation by bridging institutional gaps, indicating that effective collabora-
tion can thrive in favorable policy environments. This highlights that collaboration
is often a response to external economic realities.

Geographic proximity also plays a crucial role in the effectiveness of collabora-
tive interactions. Jørgensen et al. (2011) highlight the importance of physical prox-
imity in fostering innovation and cooperation, pointing to the need for companies to
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strategically consider their location strategies when engaging in collaborative ven-
tures. In contrast, the concept of boundary-spanning networks, as outlined in An-
drade Rojas et al. (2018), suggests that cooperation between various geographic and
organizational boundaries can produce innovative results, thus enhancing overall
firm performance.

As firms increasingly engage in collaborative ventures, the role of knowledge
spillovers becomes pivotal. Montoro Sánchez et al. (2011) investigate how innova-
tion and collaboration are interlinked within science and technology parks, demon-
strating that inter-organizational networks can enhance firms’ innovation capacity
in these ecosystems. It indicates that fostering these collaborative frameworks helps
in tapping into shared knowledge, conducive to innovation.

The evaluation and performance measurement of collaborative networks is an-
other critical area of discussion. Goldstein and Butler (2010) note that aligning as-
sessments with clearly defined performance indicators is vital, allowing stakehold-
ers to measure progress and adapt strategies accordingly. Without a systematic ap-
proach to tracking output, networks risk losing sight of their objectives, leading to
diminished engagement and ineffective resource allocation. Therefore, performance
metrics need to be developed collaboratively and routinely assessed to ensure ongo-
ing alignment with organizational goals.

The open innovation paradigm emphasizes the enhancement of an organiza-
tion’s innovation potential through external collaboration Chesbrough (2003), par-
ticularly by leveraging external reservoirs of creativity and knowledge Enkel et al.
(2009), as well as by facilitating learning through knowledge transfer processes (Se-
cundo et al., 2019). Moreover, the Horizon 2020 initiative underscores the impor-
tance of fostering international and interorganizational cooperation (Novitzky et al.,
2020; Veugelers et al., 2015). The critical role of international collaboration has also
gained recognition by the European Union (EU) and worldwide, particularly in co-
ordinating the response to the COVID-19 pandemic (Cai, 2023).

The field of corporate collaboration network research faces numerous method-
ological challenges, particularly when studies focus on the European context. These
challenges arise from the intricacies of managing data, establishing reliable metrics,
and understanding the human and organizational dynamics at play in collaboration
networks.

One of the most prominent challenges in studying corporate collaboration net-
works is the selection and collection of appropriate data. Researchers often rely on
SNA methods, which can provide insight into collaboration patterns, but also have
significant limitations on the completeness and representation of the data. For exam-
ple, variations in access to network data can lead to biased conclusions. In corporate
settings, where some collaborations may be disclosed, while others remain confiden-
tial due to competitive concerns or proprietary strategies, obtaining a complete data
set becomes problematic (Joy et al., 2024; Ozer et al., 2013).

In addition, collaboration networks have been investigated at multiple analytical
levels. At the country level, sources such as patent databases De Prato and Nepelski
(2014), publication and citation databases Guan et al. (2016a) and Guns and Wang
(2017), and international trade databases Guan et al. (2016b) and Liu et al. (2020)
have been utilized. Regional-level analyzes have been mainly based on publication
databases Chuanming et al. (2017) and patent databases De Noni et al. (2018), while
at the city level, publication databases have been used as the primary data source
(Guns and Rousseau, 2014). At the organizational level, studies have predominantly
utilized publication databases Chang and Huang (2013), Han et al. (2014), Huang et
al. (2018), Lande et al. (2020), and Lee et al. (2012) and patent databases Chen et
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al. (2021). Although most of the research has focused on a single database, some
investigations have integrated multiple sources-such as Patstat and Orbis Cséfalvay
and Gkotsis (2022), Mahnken and Moehrle (2018), and Tarasconi and Menon (2017)
or a combination of Orbis and Cordis.

Another methodological hurdle encountered in corporate collaboration research
is the definition and operationalization of concepts such as collaboration and inno-
vation performance. Different scholars utilize varying frameworks to measure these
constructs, which can lead to inconsistencies in research outcomes and difficulty in
drawing generalizable conclusions. Studies investigating the impact of collaboration
on organizational results often find that the characteristics of the teams involved can
lead to divergent results depending on how one defines collaboration (Kumar and
Operti, 2023). This inconsistency can challenge the synthesis of results in different
studies and ultimately obscure the true effects of collaboration on innovation and
corporate performance (Binte Azhar et al., 2019; Shi and Xiao, 2024).

In the European context, external variables such as regulatory environments and
cultural differences must also be factored into the analyzes. Differences in gov-
ernance structures, market dynamics, and institutional contexts between various
European countries can complicate cross-country comparisons and analyses of col-
laborative outcomes (Ali et al., 2024; Magnusson and Werner, 2022). Researchers
must therefore consider these contextual factors when designing studies, leading
to increased methodological complexity as they navigate these diverse landscapes
(Demir and Lukeš, 2024). In addition, the influence of various stakeholder groups
adds another layer, as collaborations involving Non-Governmental Organization
(NGO)s, government entities, and private firms often have different objectives and
success measures (Ali et al., 2024; Tian et al., 2021).

Another aspect posing challenges is the evaluation of collaboration models thro-
ugh which firms engage with each other, particularly in the domain of corporate-
startup partnerships. Evaluating the effectiveness of such models and understand-
ing the mechanisms through which they affect organizational transformation present
significant methodological difficulties. Research in this area often struggles with
the identification of suitable metrics to effectively evaluate outcomes (Rigtering and
Behrens, 2021; Steiber and Alänge, 2020). Although qualitative methods can pro-
vide deep insight into participants’ experiences and perceptions, they may lack the
generalization needed for greater claims regarding the effectiveness of these models
(Steiber, 2020).

Research approaches must also consider the impact of network structure and
composition, particularly how attributes such as density, centrality, and heterogene-
ity influence collaborative effectiveness. High-density networks can provide robust
communication channels, but can also lead to redundancy and information overload
among partners, complicating performance outcomes. Analyzing such configura-
tions requires sophisticated modeling techniques, which can be resource-intensive
and require considerable expertise in network analysis (Jiang et al., 2019; Ozcan and
Islam, 2014).

The data related challenges are addressed within this work as creating the most
comprehensive database which was not identified in the recent literature. Based on
the literature review performed, there has yet to be an integration of corporate data
(Orbis), collaboration data (Cordis), patent data (Patstat), or economic background
data (Eurostat) at the regional or organizational level. However, without the in-
tegration of these varied datasets, the precise prediction of collaborations remains
unattainable. More details are mentioned in Sections 3.2 and 3.2.2.
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Taking into account the challenges mentioned related to the different measures of
success, the type of entities, and also the struggle to identify metrics, H2020 cooper-
ation was investigated in this study in which the measures were already established
as the entities already participated successfully in subsidized projects. The type of
companies was also diverse and the information was collected and included in the
research database used (see Sections 3.1 and 3.2.2).

The network structure-related challenges were also experienced during this work
and this is one of the main reasons why the large amount of different methods had
been used to properly analyze the collaboration network and not to misinterpret any
of the outcomes. All relevant network parameters were calculated and considered
together with showing the different methods with benefits and further improve-
ments. The related content is mentioned in Sections 3.3.2 and 3.3.2.

In conclusion, the promise of collaboration networks is evident in various sec-
tors, but the challenges accompanying their formation and management cannot be
overlooked. The complexity associated with governance dynamics, the integration
of diverse technological systems, and the evaluation of organizational capacity for
collaborative performance tasks are constantly evolving. Fostering environments of
mutual trust and establishing clear communication channels are essential in tran-
scending obstacles to foster meaningful and effective collaborative endeavors.

2.5 Application of null models in economic network analysis

In this section, the main aim and benefit of using null-models in network research
area is summarized and the most referenced and used null-model types are men-
tioned in the recent literature.

The application of null models in economic networks serves as a robust frame-
work for evaluating the significance and structure of these networks. These mathe-
matical constructs allow researchers to establish baseline expectations against which
observed data can be compared, thus facilitating the identification of meaningful
patterns and relationships within economic systems.

Null models, particularly configuration models, are widely employed in network
analysis by fixing the degree sequence of the nodes while randomizing the con-
nections. Fosdick et al. (2018) noted that random graph null models can elucidate
whether the observed properties of economic networks are meaningful or merely
the product of their degree sequences. Foster et al. (2010) elaborated on the utility of
degree-based null models to assess structural properties in networks, showing how
these models can be integral to the estimation of statistical significance in empiri-
cal data. Such models have become standard tools for analyzing complex economic
networks ranging from trade relationships to market interactions.

Importantly, the choice of null model can significantly influence the interpreta-
tion of structures observed in economic networks. Ren et al. (2020) assessed the
nesting of world trade networks and compared these structures with random net-
works generated using null models, revealing that real networks often exhibit ar-
rangements that defy the expectations of randomization in terms of their hierarchi-
cal structure and connectivity. This highlights the ability of appropriate null models
to uncover anomalies and significant relationships that may not be evident at first
glance.

In addition, the methodology for generating null models has expanded to en-
compass various types of economic interactions. Li et al. (2015) discussed generating



18 Chapter 2. Literature review

null models for large-scale networks through edge rewiring, which preserves cer-
tain statistical properties of original networks while modifying others, thus allowing
fine-grained analysis of network topology. Such advancements allow researchers to
better understand the complexities of economic interactions by providing context
and clarity against which empirical anomalies can be judged.

Another intriguing area of study is the notion of hyper-null models discussed
by Zeng et al. (2023), which involve multidimensional aspects of networks. These
models are vital in analyzing economic networks characterized by more complex
relationships and interactions, allowing analysts to probe deeper into the implica-
tions of connectivity beyond simple pairwise interactions. By using refined null
models tailored to specific types of economic data, researchers are better equipped
to distinguish between random chance and genuine structural features of economic
connections.

Without claiming completeness, three of the most referenced null-models with a
brief explanation and the main benefits and challenges of them are mentioned below
highlighting the wide range of the available models together with the importance of
them. As an addition, one of the most beneficial for current work, the Gravity-based
null model is discussed separately in Section 2.6.

2.5.1 Erdős-Rényi Random Graph Model

The ER-model represents one of the foundational null models in network science
(Erdős and Rényi, 1959). There are two main variants: G(n, m), which randomly
selects m edges from all possible connections, and G(n, p), which establishes each
possible edge with independent probability p. In economic networks, these models
serve as baseline comparisons to detect non-random structures in empirical data.
For example, when analyzing interbank lending networks, ER-models help iden-
tify whether observed clustering of financial relationships exceeds what would be
expected by chance (Boss et al., 2004).

Advantages: The primary strength lies in mathematical tractability, allowing an-
alytical derivations of expected network properties (Jackson, 2008). The model pro-
vides clear thresholds for the emergence of giant components and connectivity, that
can be interpreted as critical points for system-wide economic integration or the
spread of contagion (Albert and Barabási, 2002). ER-models offer straightforward
computational implementation and serve as an intuitive benchmark against which
more complex economic network formation processes can be evaluated (Schweitzer
et al., 2009).

Challenges: The uniform probability assumption contradicts most economic inter-
action mechanisms, where preferential attachment, strategic behavior, and historical
paths dependencies play crucial roles (Barabási and Albert, 1999b). ER-models gen-
erate Poisson degree distributions, failing to capture the heavy-tailed distributions
typically observed in trade networks, financial relationships and other economic sys-
tems (Schweitzer et al., 2009). They also produce networks with negligible clustering
coefficients in the large network limit, contrary to the significant triadic closure seen
in real economic networks, particularly those influenced by trust relationships or
geographic proximity (Jackson, 2008).
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2.5.2 Configuration models

Configuration models preserve the degree sequence of an empirical network while
randomizing connections, providing a more sophisticated null model than the ER-
model (Newman, 2010a). Implementation typically involves cutting all edges to cre-
ate "stubs" and then randomly rewiring these stubs while maintaining each node’s
original degree. In economic networks, this approach acknowledges the fundamen-
tal heterogeneity in the connectivity of actors. Some firms maintain numerous trad-
ing partners, while others engage with only a few, while testing whether other struc-
tural characteristics arise from processes beyond the degree distribution (Squartini
and Garlaschelli, 2011).

Advantages: By preserving heterogeneous connectivity patterns, configuration
models provide a more realistic baseline for economic networks where size and ac-
tivity distributions are highly skewed (Mastrandrea et al., 2014). They enable re-
searchers to identify patterns beyond what can be explained by degree sequence
alone, such as core-periphery structures in production networks or assortativity in
international trade (Serrano and Boguñá, 2003). Configuration models can be ana-
lytically approached using maximum entropy principles, establishing connections
to statistical physics frameworks that allow rigorous hypothesis testing (Squartini
and Garlaschelli, 2011). Advanced versions can maintain in-degree and out-degree
sequences, crucial for directed economic networks such as supply chains or invest-
ment flows (Newman, 2010a).

Challenges: Standard implementations may generate multi-edges and self-loops,
requiring additional constraints or rejection sampling techniques that can become
computationally prohibitive for large economic networks (Squartini and Garlaschelli,
2011). While preserving degree sequences, these models typically do not capture
transitivity, reciprocity, and community structures that often arise from institutional
similarities or geographic clustering in economic systems (Squartini et al., 2015). The
models assume independence between edge formations conditional on degree con-
straints, overlooking strategic complementarities or substitution effects common in
economic decision-making (Mastrandrea et al., 2014). Implementations using sam-
pling approaches may not fully explore the configuration space, potentially biasing
statistical inferences about the formation processes of economic networks (Artzy-
Randrup et al., 2005).

2.5.3 Exponential Random Graph Models

Exponential Random Graph Model (ERGM)s define probability distributions over
networks based on configurations such as edges, stars, triangles, and other local
structures (Robins et al., 2007). These models can be expressed as follows:

P(G) = 1
Z exp (∑k θksk(G)) where sk(G) represents the network statistics, θk are

parameters, and Z is a normalizing constant. In economic applications, ERGMs can
incorporate both endogenous network dependencies (e.g. reciprocity in trading re-
lationships) and exogenous covariates (e.g. geographical distance, institutional sim-
ilarity) (Lusher et al., 2013). They have been applied to interbank lending networks,
international trade, corporate ownership structures, and supply chains (Amini et al.,
2013).

Advantages: ERGMs offer unparalleled flexibility in simultaneously modeling
multiple network formation mechanisms, allowing researchers to test competing
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economic theories (Robins et al., 2007). The models provide a principled statis-
tical framework grounded in maximum entropy principles, connecting to estab-
lished econometric approaches (Lusher et al., 2013). ERGMs can incorporate node
attributes such as firm size, country Gross Domestic Product (GDP), edge attributes
like trade volume, loan terms, and structural dependencies (transitivity, preferen-
tial attachment), making them comprehensive tools for economic network analysis
(Snijders et al., 2006). The explicit specification of parameters provides interpretable
coefficients that quantify the importance of different economic mechanisms in net-
work formation (Hunter et al., 2008). Advanced specifications can model dynamics
through temporal dependencies, capturing how economic networks evolve in re-
sponse to changing conditions (Hanneke et al., 2010).

Challenges: ERGMs suffer from well-documented degeneracy issues where the
model produces near-empty or near-complete networks, particularly problematic
when modeling sparse economic networks with complex dependencies (Handcock,
2003). Estimation becomes computationally prohibitive for large networks, limit-
ing applications to many real-world economic systems that involve thousands or
millions of actors (Snijders et al., 2006). Markov Chain Monte Carlo methods used
for estimation may converge slowly or fail to converge, especially when models in-
clude higher-order dependencies (Lusher et al., 2013). Interpretation of parameters
becomes challenging when multiple interdependent effects are included, making it
difficult to isolate the impact of specific economic mechanisms (Hunter et al., 2008).
The models typically assume network equilibrium, which may not hold in rapidly
evolving economic systems, particularly during crises or significant policy changes
(Snijders, 2011).

In general, null models in economic networks are indispensable for discerning
the intricacies underlying networked economic interactions. Their application aids
in the quantitative assessment of network properties, enhances the understanding of
complex relationships, and ultimately provides a clearer rationale for the observed
phenomena in economic systems.

Based on the benefits and challenges mentioned for the different models, in the
dissertation, the ER-model was used as the standard baseline model for the investi-
gation of the ownership network. The other model was the configuration model, but
the main beneficial one was the gravity-based one, which is discussed separately in
the next, 2.6 Section because of the higher importance of it within this work.

2.6 Gravity model

The gravity model serves as a foundational framework for analyzing economic net-
works, particularly as a null model, which provides a baseline against which actual
economic interactions can be compared. Originally inspired by Newtonian physics,
the gravity model posits that the interaction between two economic entities (like
countries or regions) is directly proportional to their economic sizes (usually mea-
sured by GDP or population) and inversely proportional to the distance between
them. This model has been widely applied and modified in various studies to suit
specific economic contexts, particularly in assessing trade, tourism, and urban mo-
bility networks.

The gravity model is commonly used for understanding the structural charac-
teristics of economic networks due to its inherent adaptability and robustness. For
example, the model effectively captures urban mobility patterns and regional eco-
nomic interactions. Tang et al. (2022) discuss the applicability of the gravity model in
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estimating urban mobility networks in geographic contexts such as the Guangdong-
Hong Kong-Macao Greater Bay Area, thus supporting its relevance in economic pat-
tern analysis (Tang et al., 2022). Furthermore, research by Gan et al. (2024) indicates
that the modified gravity model can assess economic links in tourism networks, pro-
viding significant information on city interactions in border economies.

Furthermore, the gravity model’s application extends beyond mere trade analy-
sis; it also encompasses multilayer analyses in finance and macroeconomic dynam-
ics. Sharma et al. (2019) illustrate how gravity equations can delineate relationships
within multilayered economic networks, helping to elucidate complex interdepen-
dencies in financial systems. This multifaceted applicability demonstrates the sig-
nificance of the gravity model as a framework for evaluating economic networks.
Studies by Xie et al. (2021) have also shown how the gravity model can be adapted
to incorporate temporal variations, effectively predicting tourism flows.

Using the gravity model as a null model allows researchers to establish what con-
stitutes "normal" economic interaction patterns. When actual data deviates signifi-
cantly from these predictions, it reveals anomalies. For example, Reyes et al. (2014)
highlights the model’s capability to simulate baseline trade patterns under various
regional trade agreements, helping to analyze trade effects through network ap-
proaches. By comparing actual trade flows with predictions made by gravity mod-
els, researchers can identify significant deviations, shedding light on the impacts of
external variables such as policy changes or economic shocks (Fagiolo, 2010).

However, it is crucial to acknowledge the limitations inherent in the gravity
model. The model simplifications can obscure complex dynamics in economic net-
works, as highlighted by Chávez-Bustamante et al. (2023), who emphasize the im-
portance of considering noneconomic factors and indirect effects in trade and mi-
gration flows. Hence, while the gravity model provides a valuable starting point,
subsequent analyses often require more nuanced frameworks that account for the
complexities of real-world interactions.

In summary, the main challenges and benefits can be summarized as follows.

Advantages: Gravity models incorporate economic theory directly into network
null models, providing theoretically grounded expectations about connection pat-
terns (Squartini and Garlaschelli, 2018). They excel in capturing spatial dependen-
cies in economic networks, acknowledging that distance (whether geographical, cul-
tural, or institutional) fundamentally shapes economic interactions (Fagiolo et al.,
2010). The models can be extended to include multiple dimensions of distance and
various barriers to interaction, such as tariffs, language differences, or colonial ties
(Head and Mayer, 2014). They establish direct connections with established econo-
metric literature, allowing researchers to use advanced estimation techniques and
diagnostic tools (Santos Silva and Tenreyro, 2006). Gravity models provide explicit
counterfactuals for policy analysis, such as estimating the effects of trade creation
and diversion of economic integration agreements (Baier and Bergstrand, 2007).

Challenges: Gravity models require detailed node attribute data, which may not
be consistently available, especially for subnational entities or developing economies
(Dueñas et al., 2017). The standard log-linearized estimation approach struggles
with zero flows, which are prevalent in sparse economic networks (Santos Silva
and Tenreyro, 2006). These models often fail to capture complex nonlinear relation-
ships and interaction effects between different economic factors (Anderson, 2011).
They typically assume independence between observations after controlling for size
and distance, overlooking network dependencies such as preferential attachment
or strategic complementarities (Squartini and Garlaschelli, 2018). Gravity models
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may oversimplify the multifaceted nature of economic relationships that are not de-
termined primarily by size and distance, such as strategic partnerships or political
alliances (Head and Mayer, 2014).

In conclusion, the gravity model acts as a critical null model in economic network
analysis, allowing researchers to gauge the extent of economic interactions based on
fundamental principles relating economic size and distance. Its adaptability and in-
tegration into various economic contexts reinforce its utility for modeling not only
trade phenomena but also broader economic links. Despite its simplifications, the
gravity model remains instrumental for theoretical explorations and empirical ap-
plications alike. As discussed in Section 3.3.1, all the challenges are addressed, and
therefore all the benefits can be applied. With some minor modification and ad-
ditional preparation, this model can be suitable for use as the proper one for the
investigation of European corporate ownership networks.

2.7 Link prediction in networks

Link prediction in networks involves predicting the likelihood of missing or future
links based on the existing structure of the network (Chen et al., 2021). Various
methods have been developed to address link prediction challenges in multiple do-
mains - beyond social networks - applications of link prediction extend to fields such
as bioinformatics, information retrieval, and e-commerce (Hasan and Zaki, 2011).
In general, these methods fall into categories such as similarity-based, probability-
based, machine learning-based, embedding-based algorithms (Chen et al., 2021).

Link prediction has been recognized as a critical component in the analysis of sci-
entific collaboration networks, with numerous studies focused on forecasting collab-
orations between partners, such as authors or organizations. A collaboration recom-
mendation model Chuanming et al. (2017) was developed using information from
network neighbors and paths within scientific collaboration networks. An empirical
assessment was conducted to assess the effectiveness of the model at the individ-
ual, institutional and regional levels. In 2019, eight weighted algorithms were con-
structed by Wang et al. (2019b) to predict possible scientific collaborations, revealing
that algorithms incorporating fusion indicators produced better predictive perfor-
mance. In their work, two new indicators were proposed and combined with four
commonly used metrics: Institutional Document Frequency (IDF) and Institutional
Cumulative Cooperation Ratio (ICCR), which served to quantify the similarity of
the authors’ references when selecting the collaborating institutions. These analyzes
were performed at the organizational level.

Subsequently, a method for predicting collaborations between scientists was in-
troduced by Lande et al. (2020), employing a heterogeneous information network
model composed of authors and keywords extracted from the Web of Science databa-
se. Eight different link prediction approaches were evaluated by Chen et al. (2021)
to investigate partner selection within the China interorganizational patent coop-
eration network. The challenge of selecting appropriate collaboration partners for
innovation was addressed by Qi et al. (2022), who established a framework that in-
tegrates topic analysis with link prediction techniques. Their study identified three
subcategories of literature-based methods: (1) network analysis/link prediction ap-
proaches utilizing single or multiple network indicators, or combining these with
external feature indicators derived from bibliographic data; (2) index-based meth-
ods relying on bibliographic information; and (3) approaches employing Natural
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Language Processing (NLP) techniques to analyze the intrinsic content of the litera-
ture. In their research, a link prediction method that uses a fusion network of authors
and patentee organizations was applied to predict potential collaborations.

Similarity-based techniques leverage local structures around the nodes when
predicting potential links (Liu et al., 2016; Sun et al., 2017; Xu and Yin, 2017). Well-
known examples include the Common Neighbor Method (CN) method, Jaccard co-
efficient, and Adamic-Adar index. The fundamental premise of similarity-based al-
gorithms is that nodes with a greater number of common neighbors are more likely
to be connected. The CN method is intuitive, where the prediction score is directly
proportional to the number of mutual connections between two nodes, which is
computationally less intensive (Ahmad et al., 2020; Zhang et al., 2016b). The Jaccard
coefficient, on the other hand, calculates similarity as the size of the intersection di-
vided by the size of the union of the neighborhood sets of two nodes, which ensures
normalization by the total degree of connections involved (Singh, 2023; Zhang et al.,
2016b). Although straightforward and easy to compute, similarity-based algorithms
have limitations, particularly when it comes to large graphs, where they may neglect
global structural features that could be significant.

A notable downside to similarity-based approaches is their reliance on local struc-
ture, which may overlook the importance of broader connectivity patterns. For ex-
ample, while the CN method thrives in dense networks, its efficiency is reduced
when applied to sparse networks where connections might be less evident (Bi et al.,
2024). Furthermore, these methods may produce biased results due to structural reg-
ularities in real-world networks, possibly leading to overprediction in high-degree
nodes and underprediction in low-degree nodes (Dimitriou and Karyotis, 2024; He
et al., 2024).

Probability-based methods estimate the existence of potential links by construct-
ing statistical models that quantify the probability of link formation (Chi et al., 2019;
Yang et al., 2014).

In recent years, machine learning methods Li et al. (2018), Mohan et al. (2017),
and Zhang et al. (2016a) have gained prominence in link prediction tasks due to
their ability to model complex relationships and patterns that simple similarity met-
rics might miss. These include supervised methods such as logistic regression and
various ensemble techniques, as well as unsupervised methods such as clustering
approaches. Machine learning algorithms can incorporate a larger set of features,
such as node attributes and hyperparameters that define local link structures Su-
laimany et al. (2017) and Wang et al. (2020). For example, deep learning approaches
utilizing neural networks can automatically extract features from the network struc-
ture and provide high prediction accuracy in various contexts (Deng et al., 2023;
Parisi et al., 2018). Metaheuristic approaches Bastami et al. (2019), employ intelli-
gent computational frameworks for link prediction. Due to their ability to predict
links between unconnected nodes, these methods are applicable to partner selection
processes in patent collaboration networks (Chen et al., 2021).

However, the application of machine learning to link prediction also has its draw-
backs. One of the significant challenges lies in the requirement for large labeled
datasets to train such models effectively. In situations where labeled data are sparse
or unavailable, learning models can perform poorly, leading to a decrease in pre-
dictive accuracy. Moreover, the complexity of tuning machine learning algorithms
may cause them to be less interpretable compared to simpler and more traditional
methods (Moutinho et al., 2024).

Embedding techniques offer another powerful framework for link prediction by
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representing nodes in a continuous vector space where geometric proximity corre-
sponds to relational proximity. These methods, such as node2vec and DeepWalk,
use random walks or neighborhood sampling to learn low-dimensional representa-
tions of nodes that capture their topological characteristics within the network. This
approach has proven advantageous, especially in large networks, as it can scale to
millions of nodes while still preserving the properties of the linkage (Xin and Zhao,
2009; Yuliansyah et al., 2020).

Embedding methods also exhibit the ability to generalize well to new or un-
seen nodes, a critical aspect in networks where information might evolve over time.
However, challenges include the potential for overfitting, particularly in networks
with sparse connections, as well as difficulties in capturing dynamic changes in net-
work structure if the embeddings are not updated regularly (Gu et al., 2023; Wang
et al., 2019a).

Complex real-world networks often exhibit nuances that require hybrid models
that combine various techniques for more effective link prediction. For example,
methods that synergize both local similarity indicators and global structural prop-
erties have been proposed to balance the limitations of purely local approaches. By
integrating insights from similarity-based approaches and machine learning, these
hybrid models can produce more robust predictions (Dimitriou and Karyotis, 2023).

Furthermore, advances in GNN introduce new para-digms where the message
passing framework allows for community-based link prediction, leveraging both
node features and network topology to improve prediction accuracy (Huang et al.,
2016; Liu et al., 2019). GNNs have been widely adopted for link prediction in com-
plex networks due to their ability to effectively capture the underlying structural
information of the network. Node embeddings can be learned and links predicted
based on both the graph topology and the patterns inferred from existing connec-
tions. Through this approach, accurate predictions about potential links between
nodes in the network can be made, even in scenarios where only incomplete infor-
mation is available (Zhou et al., 2020).

KGE techniques enable the embedding of entities and relations from knowledge
graphs into low-dimensional vector spaces, thus facilitating tasks such as link pre-
diction and knowledge discovery (Ge et al., 2024). Path-based algorithms utilize
semantic paths between entities within knowledge graphs to predict missing links
and infer novel relationships (Rossi et al., 2021).

GCN generalize convolutional neural networks to graph-structured data, allow-
ing the modeling of node relationships in link prediction tasks in various domains,
including social networks, citation networks, biological networks, recommendation
systems and security applications (Zhang et al., 2019). Promising results in link pre-
diction have been reported for GCNs, attributed to their ability to capture both local
and global structural properties of graphs (Zhou et al., 2020). Furthermore, vari-
ants such as graph attention networks and graph recurrent networks have emerged
as advanced forms of GNNs, demonstrating exceptional performance in a range of
deep learning tasks, including link prediction.

However, while hybrid techniques often achieve better performance, their com-
plexity can make them computationally intensive and harder to implement.

Another area of advancement within link prediction is its application to dynamic
networks, where the structure evolves over time. Algorithms designed for this pur-
pose account for temporal data, which is critical in social networks or biological
communication systems, where relationships change frequently. Temporal model-
ing helps identify not only recent trends but also predict future connections based
on observed changes in the network (Bayrak and Polat, 2018; Li et al., 2021).
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It should be noted that while these dynamic approaches facilitate timely accu-
racy, they may struggle with handling rapidly changing data or inferences when his-
torical data are less representative of the current topology (Dong et al., 2013; Zhang
et al., 2023). This shows a crucial trade-off between accuracy and adaptability in
models used for dynamic link prediction.

In conclusion, link prediction remains a vital area of research with various metho-
dologies that include similarity-based, probability-based, machine learning, and em-
bedding strategies. Each approach presents its own advantages and limitations, with
ongoing research aimed at improving predictive accuracy and computational effi-
ciency. The choice of method greatly depends on the specific characteristics of the
network in question, including its size, density, dynamism, and the nature of the
relationships involved.

2.8 Multilayer networks

Multilayer networks represent a significant advance in the study of complex sys-
tems, enabling researchers to visualize and analyze intricate relationships in diverse
domains. Using multiple layers of interconnected networks, these networks facili-
tate a deeper understanding of systems in which interactions among nodes are mul-
tidimensional rather than one-dimensional. This framework has been applied across
various fields, underscoring the versatility and adaptability of multilayer networks
in contemporary research.

The historical development of multilayer networks stems from the recognition
that many systems comprise various types of interactions occurring simultaneously
among interconnected entities. Early studies in network science focused on single-
layer networks, which assumed uniformity in interactions among elements. As the
limitations of these simplified models became apparent, the multilayer approach
emerged, emphasizing that interactions can manifest across different layers and,
thus, enrich the understanding of system dynamics (Hammoud and Krämer, 2020;
Pilosof et al., 2017; Ye et al., 2021).

A notable contribution to the evolution of multilayer networks is provided by
Wang et al. (2015b), who articulated the interdependencies inherent in multilayer
systems through evolutionary game theory. This perspective demonstrates how
multilayer networks can model complex social phenomena, such as cooperation and
competition among interconnected groups, enabling a deeper understanding of so-
cial dilemmas. These findings highlight the importance of multilayer frameworks
in elucidating interaction mechanisms that would remain obscured within a unidi-
mensional framework.

The concept of multilayer networks arises from the need to represent systems
where single-layer networks do not capture complex interactions among different
entities or processes. A multilayer network consists of multiple interconnected net-
works, each denoting a different type of relationship or interaction among the same
set of nodes such as individuals, organizations, or systems (Domenico et al., 2013;
Wider et al., 2016). Unlike single-layer networks that often simplify real-world dy-
namics, multilayer structures provide a framework for understanding cross-domain
interactions and dependencies, which are crucial in decision-making processes within
economics (Chen et al., 2017a; Jiang and Liang, 2024; Li et al., 2023).

Multilayer networks can effectively model cooperation between various economic
agents. For example, collaborations in trade relationships can be examined through
distinct layers representing different types of exchanges (monetary, goods, services)
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between participants (Chen et al., 2017b; Wang et al., 2022). By analyzing these
interactions at multiple levels, researchers can identify synergies that might be over-
looked in traditional models.

Moreover, methodologies for time series forecasting using multilayer percep-
trons have gained prominence. Xin and Zhao (2009) explored a Monte Carlo-based
algorithm to construct multilayer neural networks dedicated to time series forecast-
ing. Their results indicated improved predictive performance through sophisticated
network architectures.

Furthermore, multilayer networks provide a robust framework for analyzing
temporal dynamics. Iwayama et al. (2012) and Lacasa et al. (2015) demonstrated
the transformation of multivariate time series data into multilayer representations,
enabling the extraction and analysis of complex patterns across time and dimen-
sions. This capability is pivotal in fields ranging from physics to social sciences and
finance, highlighting the versatility of multilayer networks in capturing system be-
havior.

The inherent complexity of multilayer networks may pose computational chal-
lenges, especially as the number of layers increases. Analyzing such intricate in-
terdependencies often requires advanced algorithms and greater computational re-
sources, which may not be readily available Chen and Zhu (2016) and Shao et al.
(2015).

Collecting and integrating data from multiple layers can be difficult. Economic
data often reside in disparate sources, making it difficult to ensure consistency and
completeness (Chen et al., 2017b; Zhang et al., 2022). Without robust data integration
methodologies, the potency of multilayer networks may be undermined.

Economic conditions are not static. They evolve based on reforms, policy changes,
and external shocks (for example, pandemics). Capturing such dynamism within a
multilayer network is challenging, as it requires continuous adaptation and reeval-
uation of structural relationships between layers (Sun et al., 2024; Zanin, 2015).

The identified challenges are also considered for the application of multilayer
network representation in this study. The increase in complexity with an increase
in the number of layers was not a problem, as in this case the different layers rep-
resented the different years in the investigated time frame and there were no con-
nections between the layers (see Section 3.3.1). The data relevant and the economic
parameter changes are handled properly with the creation of the research database
(see Sections 3.2 and 3.2.1).

The development and application of multilayer networks have had a transfor-
mative impact across domains such as biomedicine, ecology, cognitive science, in-
dustrial engineering, and so on. This network structure integrates multiple layers
of interaction, allowing a comprehensive analysis of the complexities inherent in
real-world systems. As the field evolves, multilayer networks are poised to play an
increasingly prominent role in advancing research and practical applications aimed
at understanding and managing complex systems.

2.9 Horizon 2020

This section shows a brief introduction of H2020 reflecting the main goals and chal-
lenges of it. This summary helps to understand the importance of the program and
the magnitude of it’s importance in the European research collaboration.
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H2020 represents the most ambitious and expansive research and innovation
framework initiative undertaken by the European Union (EU). Launched on Jan-
uary 1, 2014, and finalized at the end of 2020, it operated with a considerable budget
of nearly € 80 billion, which was the largest allocation in the history of EU fund-
ing programs dedicated to research and development (Annette, 2025; Hogan, 2017;
Sharp, 2019). As the eighth framework program to succeed its predecessor, it built
on the strategic objectives established throughout previous iterations while simul-
taneously adapting to the evolving global context of research and innovation. The
overarching purpose of H2020 was to address critical societal challenges, enhance
the global competitiveness of the EU, and ensure that strategic sectors are nurtured
within the vibrant research ecosystem of Europe (Puślecki, 2016; Sharp, 2019).

The program was structured around three principal pillars: Excellent Science,
Industrial Leadership, and Societal Challenges. The first pillar, Excellent Science,
focused on reinforcing the EU’s scientific leadership through funding for basic re-
search, promoting curiosity-driven scientific inquiry, and attracting global talent to
research hubs across Europe. Significant initiatives included the European Research
Council (ERC) grants that provided substantial support for cutting-edge research
projects. The second pillar, Industrial Leadership, aimed to stimulate the growth
of world-class innovation by nurturing Small and Medium sized Enterprise (SME)s
and facilitating public-private partnerships. By connecting researchers with indus-
try leaders, this pillar aims to advance the commercialization of research output,
thus enhancing economic growth and job creation (Saletti et al., 2020).

In addition, the third pillar, Societal Challenges, dealt with pressing global issues
such as climate change, health, energy, and security, thus directly contributing to so-
cietal welfare. The programs in this pillar sought to mobilize research and innova-
tion to find solutions to these challenges, thus fostering a direct connection between
science and public policy (Georgiadou, 2018; Saletti et al., 2020; Uhrig, 2019). H2020
also placed significant emphasis on promoting interdisciplinary collaboration and
participation with stakeholders, ensuring that the results of funded research trans-
lated into meaningful social impact (Sharp, 2019; Uhrig, 2019).

H2020 was not merely a funding framework; it sought to create an environ-
ment conducive to innovative approaches aimed at social transformations. The pro-
gram included significant investment in addressing the challenges of climate change
and resource efficiency as outlined in the Paris Agreement, focusing particularly
on renewable energy systems (Georgiadou, 2018). This commitment was reflected
through various funded projects that aimed to develop sustainable technologies op-
erating within Europe’s future green economy (Georgiadou, 2018; Hogan, 2017). The
role of enhanced partnerships, collaboration, and the integration of research within
policy was consistently highlighted as key elements in achieving the goals set out in
the framework (Saletti et al., 2020).

The integration of gender equality and diversity also appeared prominently in
H2020, reflecting the larger commitment of the EU to ensure inclusion and tackle
disparities within the research landscape. The implementation of the program in-
cluded specific guidelines and initiatives to promote gender inclusion in all funded
projects, although challenges remained with respect to achieving equitable partici-
pation (Vida, 2020). By weaving in considerations of innovation, collaboration, and
inclusivity, Horizon 2020 aimed to ensure that research not only advanced scientific
knowledge but also supported social transformations that mirror the diverse needs
of the European populace.

In evaluating its effectiveness, an interim report in 2017 reflected on the impact
of H2020 through quantitative analyzes and qualitative feedback from stakeholders
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(Annette, 2025; McCarthy, 2018). The evaluation suggested that while many initia-
tives effectively promoted innovation and collaboration, more improvements were
needed to improve citizen engagement and raise public awareness about the results
of EU-funded research (McCarthy, 2018). The emphasis on communication and ac-
cessibility of results was highlighted as an area that is ready for development, par-
ticularly to ensure that scientific advances benefit all layers of society (Uhrig, 2019).

Furthermore, the extensive evaluation process highlighted the need for contin-
uous adaptation of funding mechanisms to align with the changing landscape of
science and technology and to respond more effectively to emerging societal chal-
lenges. The challenges posed by rapid technological advances and changes in global
priorities required future frameworks to build on the lessons learned during H2020
(Barbu and Niţă, 2025; Saletti et al., 2020).

As H2020 transitioned to its successor program, Horizon Europe, the successes
and challenges encountered will inform future policy decisions and funding strate-
gies. Horizon Europe aims to strengthen the EU’s position as a leader in global
research and to foster a more resilient European economy. By addressing previous
criticisms and successes of H2020, the new framework looks set to fine-tune its ap-
proach to maximize the potential for research and innovation in all member states
(Annette, 2021).

In general, Horizon 2020 has been instrumental in shaping the European research
agenda, promoting scientific excellence, and empowering innovative solutions that
address current and future social challenges. The impact of the framework can be
seen in its facilitation of effective public-private partnerships, investment in ground-
breaking research, and commitment to inclusion within its processes (Annette, 2021;
Fałdowski and Nepelski, 2018; Sharp, 2019). As the EU moves forward, the lessons
gleaned from H2020 will undoubtedly serve as a foundation upon which to build a
more innovative and cohesive European research landscape that continues to inspire
global collaboration and progress.

2.10 Research assumptions

By revisiting the research questions established in Section 1.5 and conducting a crit-
ical review of the findings and connections with the already available and above
mentioned literature, it becomes possible to formulate the corresponding research
assumptions. The three research assumptions are as follows.

RA1: Gravity-driven economic principles dominate ownership network for-
mation, with gravity-based economic null model predictions reflecting real-
world investment flows more accurately than topology-only models.

RA2: Administrative borders create structural breaks in ownership networks
independent of geographic proximity, persisting across temporal layers.

RA3: Machine learning techniques including generic and non-generic approaches
can be beneficial for improving the prediction of the connections in the collab-
oration network of the Horizon 2020 Programme and with the proper model,
the influential factors can also be identified.
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Chapter 3

Data and Methods

In the following section, the data and methods that were used in this work are in-
troduced. The exact sources of the data with details about the structure and content
inside are mentioned together with the used databases, and the main purpose they
are used for is also mentioned. In addition, the main data cleaning and process-
ing steps that were performed to make the data usable for the investigation are ex-
plained. In the second part, the methods used to investigate networks based on the
data used are introduced, mentioning the reason why the mentioned method was
used together with the challenges and benefits of all the methods mentioned in the
section.

3.1 Data Sources

As already mentioned, for an investigation like this, a large amount of data is needed,
which is available nowadays only from different and in most cases heterogeneous
sources and structures. In this Section the used data sources and employed data are
introduced together with the purpose behind them.

In Figure 3.1, the main data sources can be seen, which were included in a com-
prehensive research database.

FIGURE 3.1: Input sources for the research database

3.1.1 Cordis database

The Cordis1 database is provided by the Community Research and Development
Information Service, which contains information about the Framework Programmes

1https://cordis.europa.eu/

https://cordis.europa.eu/
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in the EU. Although the main focus was on the Horizon 20202 program in the EU, the
participation information of the FP73 program participation information was also
integrated. This database contains data about projects and contributors to projects.
For this work, a limited set of data was available from the complete Cordis dataset
as part of the data property of the research group involved in this dissertation.

The dataset used for the H2020 participation information contains more than 25
thousand earned projects and more than 150 thousand participants who were all
part of the H2020 Framework Progamme. The ratio of European entities was 86%
as within the participants in projects, there were not only European entities, but also
entities from other countries outside the EU. This dataset contains all the important
data about the projects such as start and end dates of them, description of the project
goals, funding scheme, earned contributions by projects, full budget of them, etc.,
and moreover also the organizations main information is available inside. The main
information about the organizations was their names, based on what it was possible
to connect with other datasets.

3.1.2 Amadeus database

The Amadeus database, just like Orbis4, is a database from Bureau van Dijk which
was acquired by Moody’s5. Amadeus was retired on 30 November 2022 but before
its closure, a comprehensive dataset was gathered by the research team for use in this
work. The data were available in raw format in thousands of excel files separately,
which had to be processed to make them usable for further work. The data prepa-
ration task was mainly done using specific C# software codes which were written
manually as the data sources in excel files were quite specific.

This data set was the basis for investigating the investment network that con-
tained the ownership information about European companies with the mother-and-
daughter relationship information on the company level.

3.1.3 Orbis database

As mentioned earlier, this dataset is available as the successor of Amadeus by Bu-
reau van Dijk company which was acquired by Moody’s company and it is a com-
mercial one for which the University has a subscription and all the data needed for
this work was able to be reached and downloaded. The database is the most compre-
hensive dataset which is available in Europe and contains information about more
than 100 million organizations. The database stores data on organizational level and
has a huge amount of different variables for companies and institutes all around the
globe. As is well known also in the literature, the large and very large companies are
overrepresented in the database but it contains also a big amount of smaller entities
with an acceptable amount of filled and available information.

The dataset contains all relevant identification data like BvD ID number which
is the unique identifier for all entities inside the database. In addition to that there
are available also other identification information like Legal Entity Identifier, name
of the entity, address with all the details, but also the ownership information.... In

2https://research-and-innovation.ec.europa.eu/funding/funding-opportunities/
funding-programmes-and-open-calls/horizon-2020_en

3https://transport.ec.europa.eu/transport-themes/research-and-innovation/
seventh-framework-programme-building-europe-knowledge_en

4https://www.moodys.com/web/en/us/capabilities/company-reference-data/orbis.html
5https://ir.moodys.com/press-releases/news-details/2017/Moodys-to-Acquire-Bureau-van-Dijk/

default.aspx

https://research-and-innovation.ec.europa.eu/funding/funding-opportunities/funding-programmes-and-open-calls/horizon-2020_en
https://research-and-innovation.ec.europa.eu/funding/funding-opportunities/funding-programmes-and-open-calls/horizon-2020_en
https://transport.ec.europa.eu/transport-themes/research-and-innovation/seventh-framework-programme-building-europe-knowledge_en
https://transport.ec.europa.eu/transport-themes/research-and-innovation/seventh-framework-programme-building-europe-knowledge_en
https://www.moodys.com/web/en/us/capabilities/company-reference-data/orbis.html
https://ir.moodys.com/press-releases/news-details/2017/Moodys-to-Acquire-Bureau-van-Dijk/default.aspx
https://ir.moodys.com/press-releases/news-details/2017/Moodys-to-Acquire-Bureau-van-Dijk/default.aspx
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addition this database also contains for most of the entities the NUTS6 information,
which was also helpful to make territorial based investigation as in some part of this
work aggregated information for NUTS 3 level region which is considered in EU as
county level area was used.

The most important information for this work was the economical and financial
information from this dataset. The main focus was on one hand the subsidiary infor-
mation, namely which company owns which other ones, on the other hand the key
financial information for all the companies and other type of entities investigated to
be able to define variables for the prediction tasks as additional independent vari-
ables. The detailed information about which of the exact data were used in this
work, refer for section 3.2.

3.1.4 Patstat database

The Patstat database7 is a commercial data source from the European Patent Office
(EPO) Worldwide Patent Statistical Database, henceforth called "Patstat", which is
considered the most prominent database for patent information around the world.
It offers patent data and information in bibliographic structure for more than 100
patent offices in which data can also be found from the nineteenth century. The
database is structured into separated tables, and the tables are connected to each
other with unique identifiers which are relevant only inside the Patstat dataset. The
database itself contains more than 100 million records in total, whose number is
continuously growing as time lapses.

The dataset contains filed and accepted patents, trademarks, and industrial de-
signs with a large amount of additional administrative information such as the ad-
dress of the inventor and exploiter. The 2019 Autumn edition, which contained data
for patents until 31st of July 2019, was obtained by the research group. Patstat is up-
dated twice every year and released as Spring and Autumn editions which contains
data until end of January and end of July, respectively.

Since Patstat includes only those applications that have been published, and con-
sidering that the standard publishing delay typically exceeds 18 months, the number
of recorded patents is significantly lower for the years 2017 and 2018.

3.1.5 Eurostat database

The last data source that was used during this work is the Eurostat8 dataset which
contains several different areas of the EU economy and is freely available to anyone.
Eurostat ("European Statistical Office"; also DG ESTAT) is a Directorate-General of
the European Commission located in the Kirchberg Quarter of Luxembourg City,
Luxembourg.

The database contains 33 participating countries which are the 27 EU countries,
3 European Free Trade Association (EFTA) counties such as Iceland, Norway, and
Switzerland, and 3 EU candidate countries such as Bosnia and Herzegovina, Serbia,
and Türkiye.

Eurostat contains not only economical but also cultural, population-related, in-
dustrial, technological, and several other information too. For this study, the most

6https://ec.europa.eu/eurostat/web/nuts
7https://www.epo.org/en/searching-for-patents/business/patstat
8https://ec.europa.eu/eurostat/web/main/data/database

https://ec.europa.eu/eurostat/web/nuts
https://www.epo.org/en/searching-for-patents/business/patstat
https://ec.europa.eu/eurostat/web/main/data/database
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important ones were the territorial GDP 9, the Corruption index (CI),10 and the Per-
sons at risk of Poverty or social exclusion (Pov) 11 information to extend the explana-
tory variables for each territory.

The GDP information is available in different datasets from Eurostat. The one
mainly used contains only the plain GDP data on NUTS 3 level.

The poverty information is part of the domain ‘Income and Living Conditions’
from which the one used in the database is the ’persons at risk of poverty or social
exclusion’. This information is available from Eurostat on NUTS 2 level. The CI is a
composite index based on a combination of surveys and assessments of corruption
from 13 different sources and scores and ranks countries based on how corrupt the
public sector in a country is perceived. The score of 0 represents a very high level
of corruption, and a score of 100 representing a very clean country. This data is
published by Transparency International12 on NUTS 1 level.

3.2 Data Employed

In the following section, the exact data used from the sources already mentioned
above are described and an insight is given into how the data preparation, cleaning
and pre-processing activities were performed to be able to have a comprehensive
research dataset as an input for network related investigations. It is also explained
how and why two different datasets were used for the investigations as the collab-
oration network investigation required not only a different method set, but also a
different dataset than the ownership network research.

One of the most time consuming activity within the research preparation was
the creation of this comprehensive research dataset. The data curation, database
creation, data leaning and pre-processing activities were one of my first challenge
during the PhD work.

As mentioned earlier, all the used data sources have different structures, use dif-
ferent internal unique identifications and moreover they are not available in a usual
database structured system supported by any database engine but most of them
were available in different Microsoft Excel, plain text or Comma Separated Values
file (csv) files. One of the first tasks was to consolidate and merge these different
datasets into one comprehensive database which supports the further activities. The
challenge was not only to merge the different sources but data cleaning also had to
be done.

First of all, the proper unique identification value definition had to be done to
allow all the databases to be connected. The BvD ID number was chosen, which
comes from the Orbis database (Orbis is mentioned from now on, but as Amadeus
has the same source, structure, and content basis, all the mentions are relevant also
for Amadeus database). The meaning of this column is the Bureau van Dijk identifi-
cation number, which identifies the different companies, and other types of entities
in the Orbis database in an unambiguous way. The reason why this was chosen
is the phenomenon identified during the data investigation that there are no other

9https://ec.europa.eu/eurostat/databrowser/view/nama_10_pc/default/table?lang=en&
category=na10.nama10.nama_10_ma

10https://ec.europa.eu/eurostat/databrowser/view/sdg_16_50/default/table
11https://ec.europa.eu/eurostat/databrowser/view/ilc_peps11n/default/table?lang=en&

category=livcon.ilc.ilc_pe.ilc_peps
12https://www.transparency.org/en

https://ec.europa.eu/eurostat/databrowser/view/nama_10_pc/default/table?lang=en&category=na10.nama10.nama_10_ma
https://ec.europa.eu/eurostat/databrowser/view/nama_10_pc/default/table?lang=en&category=na10.nama10.nama_10_ma
https://ec.europa.eu/eurostat/databrowser/view/sdg_16_50/default/table
https://ec.europa.eu/eurostat/databrowser/view/ilc_peps11n/default/table?lang=en&category=livcon.ilc.ilc_pe.ilc_peps
https://ec.europa.eu/eurostat/databrowser/view/ilc_peps11n/default/table?lang=en&category=livcon.ilc.ilc_pe.ilc_peps
https://www.transparency.org/en
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unique identifications available in any databases. One idea was that the interna-
tional tax identifier could be used for this goal but it was found that there are ex-
amples in the database where different company names belong to the exact same
tax identifier number and for all of these different names there are available differ-
ent and unique BvD ID numbers but the same tax number. One good example for
this phenomenon is the city of Paris related companies which are using the same tax
identifier (FR72217500016) with several different names and 2934 different BvD ID
numbers.

The Cordis dataset does not contain the BvD ID number and to define these iden-
tification values, support was received from Burea van Dijk who made available the
missing IDs for most of the entities from the Cordis database. Based on the outcome
of this step, the connection between the Cordis dataset’s participation table was able
to be connected to the Orbis dataset via BvD ID numbers and the project related data
could be connected too with the project ID numbers.

Based on the address information in the Cordis database, the NUTS regions were
possible to identify for all the relevant entities from Orbis (Orbis also contains NUTS
information in the database). The connection between the merged Orbis - Cordis
dataset and the Eurostat data was done via the NUTS information as in Eurostat
that was the smallest unit for which the data was available. The aim was to have
as detailed information as possible in the database and in case some aggregation is
needed later, based on the detailed availability, it can be done easily.

The information about the patents from Patstat dataset was also integrated into
the database but not in the raw format as it is available directly from the source but
on NUTS 3 aggregated level. The aggregated information was stored in the database
and the identification of the record was done via the NUTS 3 region identifier.

For all the data cleaning, processing, structuring tasks, several tools like C# soft-
ware codes (C# is part of Microsoft’s .NET framework), Python language scripts
with the Pandas library were used to identify missing data, rename and restructure
the data from the different sources. All the codes in C# and python were written
manually and the results of all steps were double checked for correctness.

After all the data sources were integrated into a database system (mySQL was
used), all the data which could be used for the investigation work had to be identi-
fied. Two main datasets were created from the database and exported into csv files
for use in R, as the methods were implemented in R so RStudio was used as the
main modeling tool. In total, one edge and one node file for the ownership investi-
gation were created and in parallel another edge and node file for the collaboration
network research.

The simplified schema of the merged research database created for this work
is shown in Figure 3.2. There are several one-to-many connections drawn on the
Figure as the "one" and of the connection represented with the arrow shape which
refers that in the table which is targeted by the edge contains only one item which
can contain the referred data, while on the other end of the database connection
there is used the usual crow’s foot notation from ER diagram standard which stand
for the "many" end of the connection and means within this table the same data can
be multiplied.

For the investigation of the ownership network, the data from Cordis database
was not used as in this investigation the whole European community was in the
scope of the study, so Cordis data was only used for collaboration related work.
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FIGURE 3.2: Simplified Research Database Schema

3.2.1 Used data for ownership network

The investigated time-frame was set between 2010 and 2018 to ensure exclusion
of Covid-19 impacts, as the pandemic emerged in 2019 and the company owner-
ship network was analyzed without such influences. The Amadeus database served
as the primary data source, containing 23,381,325 companies. Within this dataset,
1,872,272 companies were identified as parent companies or subsidiaries during the
examined period. After data cleaning, 1,620,340 companies with verified ownership
relationships remained.

These companies were associated with 1,435 NUTS 313 regions, which formed
the nodes of the temporal network.

87,708 ownership relations were identified between these companies within the
studied timeframe, represented as network edges. Connections with both ends in
the same NUTS 3 region were modeled as self-loops.

From the Eurostat database, GDP per capita adjusted for Purchasing Power Par-
ity (PPP) and population data for NUTS 3 regions were utilized as economic back-
ground variables. GDP PPP is a widely accepted metric for international territorial

13https://www.ksh.hu/regionalatlas_eu_nuts

https://www.ksh.hu/regionalatlas_eu_nuts
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TABLE 3.1: Applied indicators for ownership network

v Indicators Description Data source

N
od
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t(
N

U
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3
re

gi
on

al
da

ta
) m1 TA Total assets Amadeus

m2 SR Solvency ratio (Asset based) (%) Amadeus
m3 SH Shareholders’ funds Amadeus
m4 RB ROE using P/L before tax (%) Amadeus
m5 RCB ROCE using P/L before tax (%) Amadeus
m6 PM Profit margin (%) Amadeus
m7 PLF P/L for period Amadeus
m8 PLB P/L before tax Amadeus
m9 OR Operating revenue Amadeus
m10 FA Fixed Assets Amadeus
m11 EN Number of employees Amadeus
m12 CR Current ratio Amadeus
m13 CF Cash flow Amadeus
m14 CO Number of companies Amadeus
m15 GDP GDP/ capita in purchasing power priority Eurostat
m16 PI Patents PATSTAT

Ed
ge

s i FROM The NUTS 3 ID of parent companies Amadeus
j TO The NUTS 3 ID of daughter companies Amadeus
di,j Dist Distance between regions Eurostat
ai,j OWN Number of ownerships Amadeus

comparisons Abrham and Vosta (2011), though differences between nominal and
PPP GDP within the EU are relatively minor.14 During the investigation, it was
checked whether differences arose from using nominal versus PPP GDP, but no di-
vergence was observed, consistent with findings in (Paas et al., 2008).

GDP data at the NUTS 3 level were unavailable for Iceland (2 regions), Liecht-
enstein (1 region), Switzerland (25 regions), and the United Kingdom (179 regions);
thus, country-level GDP per capita values were applied.15

All indicators were aggregated to NUTS 3 regions, with mean values calculated
for each region to define metrics m1 −m14.

Two distinct data files were created to facilitate further analysis: one containing
node-related information and the other detailing edges between nodes (Table 3.1).
The edge file included connections between regions (i and j), inter-regional distances
(di,j) sourced from Eurostat, and the variable ai,j quantifying ownership links from
region i to j as directed edges.

Table 3.1 summarizes the employed indicators and their sources. Definitions are
provided in Appendix A.

3.2.2 Used data for collaboration network

For the collaboration network investigation, a slightly different dataset was used as
the main database; the Cordis Horizon 2020 dataset was utilized since the H2020
program relevant information is available in this one. The database that was avail-
able for the research contains information about more than 25,000 earned projects
and more than 150,000 participants. 86% of the participants came from Europe, as

14Source: https://statisticstimes.com/economy/gdp-nominal-vs-gdp-ppp.php
15Source: https://ec.europa.eu/eurostat/databrowser/view/NAMA, retrieved: 5 May 2022.

https://statisticstimes.com/economy/gdp-nominal-vs-gdp-ppp.php
https://ec.europa.eu/eurostat/databrowser/view/NAMA
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in the projects there were participants from countries outside the EU. During data
validation, it was observed that 28% of the participants were individuals and 72%
were organizations. Organizations can be different types of entities like universi-
ties, colleges, research institutions, governmental entities, public companies, and all
other kinds of companies.

This database contains different types of information about the entities like the
legal name of the entity, VAT number, address, and different contact information.
About projects, it contains the description of the project goals, start and end date of
the projects, the earned contribution value (this information is available as a total
number for the whole project and in addition the value is also available on entity
level, what is the earned amount by the entity from the project budget), funding
schema, deliverables, and the sub-project identification number.

In addition to the above-mentioned variables, from the Cordis data source, the
Framework Programme 7 (FP7) information was also used to determine whether
two entities from the H2020 collaboration had collaborated previously also in FP7
or not. This variable was calculated as a dummy based on any connection in FP7 by
the two corresponding entities.

The Cordis database was connected to the Orbis data using the BvD ID num-
ber. This identifier was made available for the Cordis dataset by the Bureau van
Dijk company based on the entity names, addresses, and geocodes in both datasets.
From the Orbis database, the key financial variables were used together with the em-
ployee number and the size classification Blažek et al. (2023) (the size classification
was calculated and defined also by the owner of the database). The Orbis database
contains information in total for more than 100 million entities, so data from Or-
bis were retrieved for the relevant BvD ID numbers, which are also recorded in the
Cordis database as the identification number for any of the participants. The values
are available for years, and data for all entities between 2010 and 2019 were used,
with the yearly data aggregated to calculate the mean value for all of them.

As mentioned, the main connection field between the datasets is the BvD ID
number; the other one is the NUTS code. As in the Eurostat database the information
is available at this level, the GDP PPP on NUTS 3 level was integrated, the poverty
information for the area on NUTS 2, and the corruption index on NUTS 1 level. The
most detailed information available was always used as the main unit was always
the NUTS 3 level; larger territorial information was used only in cases where the data
was not available for smaller units. This data from Eurostat was used as indicators
for the economic background.

From the Patstat database, the number of patent information was used as a proxy
indicator to provide information about the technological background of the territo-
ries. These data were calculated separately on the NUTS 3 level and integrated into
the research database that was used.

Two other indicators were also included in the database, namely the MULTI and
the PROG values. These two indicators were calculated on the basis of (Kosztyán
et al., 2022a). The value of multi-project membership (MULTI) reflects the number
of projects awarded running in parallel at the same time, and the consortium orga-
nizations are at least partially common (see Eq. 3.27). The program membership
value reflects the projects that were completed earlier—but also within the H2020
program—and have some outcome or result as a mandatory input for the following
project(s), so they are dependent on each other (see Eq. 3.28). These membership
values are related to projects by default, although the mean value of the organized
project can be calculated for each organization. If the mean value of program mem-
bership is high for a particular entity, in this case, this high value indicates that this
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organization has experience with previously awarded successful projects, which are
closely related to the current project the organization is executing. In contrast, a high
mean value of the multiproject membership variable for an organization means that
this organization organizes several simultaneously running projects. The details of
the calculation of these two indicators are discussed in Section 3.3.

After all the above-mentioned data were collected, organized, and connected to
each other, 20,172 different organizations were identified for which all the data could
be connected.

Two different data files were created, one for the nodes and one for the edges
between these nodes. In this work, links were defined in cases where two organi-
zations participated in the same project in H2020. In total, 237,084 edges were iden-
tified between the defined nodes. Two versions of the edges dataset were created,
one with and one without direction information—the direction here is from the par-
ticipant to the coordinator. In the end, this edge data file contained 5 variables (see
Table 3.2) and 237,084 observations. The node dataset contained the 20,172 different
organizations with 59,761 observations. In cases where one organization appeared
in different projects, the corresponding variables were aggregated by BvD ID num-
ber. This dataset contained in total 201 columns (variables), as for the organizational
level data from the Orbis data source were collected for ten years between 2010 and
2019.

In Table 3.2 all the indicators used are collected with a short description, the
source of the data, and the level on which the data is available. As mentioned in the
table, there are four different variable categories as follows:

1. Corporate indicators include the main profit and loss data together with the
balance sheet records of the companies. The main data source is the Orbis
database. All indicator values are available on an organizational level.

2. The background indicators of the economy containing GDP / capita, the cor-
ruption index (CI) and poverty (Pov). The main source is the Eurostat database.
The availability varies between NUTS 1, 2, and 3 levels.

3. The technology indicator used is the number of patents (PI) in NUTS 3 regions
whose information comes from the Patstat database from which the aggrega-
tion was performed for NUTS 3 regions as a summation.

4. The Collaboration indicators are created separately for nodes and edges, too.
Earned contribution (EC) is available directly from the Cordis database on the
organizational level as the amount of money that the company receives from
the H2020 program. The ’MULTI’ and ’PROG’ are the two calculated variable
as mentioned earlier which reflect to the multiple project involvement and ex-
ecution within the H2020 umbrella.

From the edges point of view, two columns have been added to handle the
directional information of the connection. ’FROM’ stands for the source of
the link from organization i, and ’TO’ is the destination node j. ’Dist’ is the
geographical distance between the node i and j that was calculated based on
the address information from the Orbis and Cordis databases. The dummy
variable FP7 is the added information whether the organization i and j had
previously executed any project together within the Seventh Framework Pro-
gramme. All the edges related information is available on organizational level.

In total 23 different corporate and economic predictors were used together with
the nodes and edges-related variables.
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TABLE 3.2: Applied indicators for collaboration network

v Indicator Description Data source Level Type

N
od

e
da

ta
se

t

m1 TA Total assets ORBIS Org.

C
or

po
ra

te

m2 SR Solvency ratio (Asset based)
(%)

ORBIS Org.

m3 SH Shareholders’ funds ORBIS Org.
m4 RB ROE using P/L before tax (%) ORBIS Org.
m5 RCB ROCE using P/L before tax

(%)
ORBIS Org.

m6 PM Profit margin (%) ORBIS Org.
m7 PLF P/L for period ORBIS Org.
m8 PLF P/L before tax ORBIS Org.
m9 OR Operating revenue ORBIS Org.
m10 FAs Fixed Assets ORBIS Org.
m11 EN Number of employees ORBIS Org.
m12 CR Current ratio ORBIS Org.
m13 CF Cash flow ORBIS Org.
m14 Size Size of the company ORBIS Org.
m15 GDP GDP/capita in purchasing

power priority
EUROSTAT NUTS3

Ec
on

om
y

m16 CI Corruptin Index. Scale: 0
(highly corrupt) to 100 (very
clean).

EUROSTAT NUTS1

m17 Pov Poverty EUROSTAT NUTS2
m18 PI Patents PATSTAT NUTS3 Technology
m19 EC Earned Contribution CORDIS Org.

C
ol

la
bo

ra
ti

on

m20 MULTI Mean of the multiproject
membership value

CORDIS Org.

m21 PROG Mean of the program mem-
bership value

CORDIS Org.

Ed
ge

s

i FROM The ID of the partner com-
pany

CORDIS/ORBIS Org.

j TO The ID of the coordinator CORDIS/ORBIS Org.
D Dist Geographical distance be-

tween two organizations
CORDIS/ORBIS Org.

FP7 Any earned projects in a col-
laboration between compa-
nies

CORDIS Org.
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3.3 Methods

In the following Section all the used and employed methods are introduced together
with the aim for them and highlighting the benefits and also the limitations for all of
them. The method used for which investigation is also described together with the
description of them.

3.3.1 Methods applied for ownership network investigation

The hierarchical (directed) link between the parent and subsidiary firms is repre-
sented using a binary adjacency matrix A, defined by the following rule:

ai,j =

{
1 if the i-th firm holds ownership over the j-th firm,
0 otherwise

(3.1)

Due to the challenges associated with interpreting fractional ownership struc-
tures, the actual ownership shares are not incorporated into the model. From now
on, the adjacency matrix A is known as the Company Ownership Matrix (COM). The
dataset includes precise spatial coordinates for each firm. However, given that all
economic and technological indicators are available only at the NUTS 3 regional
level, and in order to preserve company anonymity, the information was aggregated
accordingly. Nonetheless, the disaggregated data is retained separately to facilitate
link prediction (i.e., the number of ownership connections) between different NUTS
3 regions. Each locality is assigned to its respective NUTS 3 region (county), and
the firms are geographically mapped using the incidence matrices A[mo,NUTS 3] and
A[da,NUTS 3], defined as follows:

• a[mo,NUTS 3]
i,j equals one if the i-th parent firm’s headquarters is located in the

j-th NUTS 3 region,

• a[da,NUTS 3]
i,j equals one if the i-th subsidiary operates within the j-th NUTS 3

region,

Based on these, a directed, weighted network is constructed to capture the num-
ber of ownership ties between regions:

A[NUTS 3] =
(

A[da,NUTS 3]
)T
×A×A[mo,NUTS 3] , (3.2)

Here, A[NUTS 3] denotes the (aggregated) company ownership matrix (ACOM). In cases
where both the parent and subsidiary firms are located in the same NUTS 3 region,
a self-loop is created at the regional level. The matrix entry ai,j ∈ A[NUTS 3] reflects
the number of owners between NUTS 3 region i and region j.

This transformation from the company level to the regional level enables the
examination of interregional linkages through cross-sectional analysis conducted on
a yearly basis.

When multiple time periods are analyzed, the data structure extends into a three-
dimensional array rather than a single adjacency matrix, where the third dimension
captures the temporal aspect (i.e., the year). Since the analysis focuses on intercounty
relationships, the NUTS 3 notation is dropped for simplicity. The adjacency matrix
corresponding to year t is denoted as At = A[NUTS 3]

t .
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Applied Null Models

Null models are applied to predict the likelihood of connections forming between
nodes. One of the most commonly used approaches is the random configuration
model introduced by Newman and Girvan (2004), which estimates the probabilities
of the link by assuming a random network that maintains the original in- and out-
degree distributions:

ai,j ∼ p[NG]
i,j =

k[out]
i k[in]j

L
, (3.3)

where the out-degree k[out]
i = ∑j ai,j, the in-degree k[in]j = ∑i ai,j, and L = ∑i ∑j ai,j

denotes the total number of links. The ∼ stands for "distributed as" or "generated
from" in this equation because the ai,j values are determined from the p[NG]

i,j values.
It is important to consider the treatment of self-loops that may emerge as a result

of regional-level aggregation of the ownership network. To handle this, Arenas et
al. (2008) proposed a multi-resolution approach - known as the AFG method - that
adds r self-loops to each node, thereby enhancing node strength without modifying
the original structure of the network. This correction is applied by transforming the
adjacency matrix into Ar = A + rI, where I is the identity matrix, and r controls the
weight of the self-loops for each node.

In graph-theoretical terms, the modified matrix corresponds to the original net-
work augmented with self-loops of weight r uniformly assigned to all nodes. The
formulation in Eq. (3.3) involves a uniform additive shift r to the strength of each
node. Crucially, this transformation does not alter the intrinsic structure of the net-
work: key metrics such as the strength distribution, weighted clustering coefficients,
and arbitrary-order strength correlations remain invariant. This invariance arises
because the weights of the existing internode edges, which make up the topological
core of the network, are not affected by the addition of self-loops. The shift impacts
only the individual node properties in a homogeneous manner across the network.
Spectrally, each eigenvalue of the adjacency (or weight) matrix is translated by r,
thus preserving all properties that depend solely on eigenvalue differences. In par-
ticular, the eigenvectors remain unchanged under this transformation. This adjust-
ment is used in the modularity analysis, though it is known to underestimate the
influence of self-loops.

Although the so-called randomized null model defined in Eq. (3.3) is commonly
used; it often fails to capture patterns in empirical networks (Liu et al., 2012b). De-
spite this, it remains a foundation for various community detection methods, includ-
ing modularity maximization (Newman, 2010b).

One key limitation of this configuration-based model is its disregard for spatial
constraints, that is, it does not consider the physical or economic distance between
regions. To incorporate spatial effects and attractiveness or importance at the node
level instead of the sum of the incoming or outgoing edges, an alternative null model
is defined as follows (Barthélemy, 2011; Expert et al., 2011):

ai,j ∼ p[spat]
i,j = σ

(
I[out]
i

)α (
I[in]j

)β
f (di,j), (3.4)

Here, I[out]
i and I[in]j represent the importance or attractiveness of the nodes. The

importance of a node is characterized by so-called centralities. More details about
centralities are discussed in Section 3.3.1. The reason why the [in] and [out] versions
of importance are used is the fact that a directed network is applied in this work
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and therefore the in- and out-edges need to be handled separately, and therefore
the centrality and importance measures need to be applied correspondingly. The α
and β are fitting parameters. The normalization constant σ ensures that ∑i ∑j pi,j =

∑i ∑j ai,j and is computed as

σ =
L

∑i ∑j

(
I[out]
i

)α (
I[in]j

)β
f (di,j)

.

The deterrence function f (di,j) -where di,j denotes the distance between nodes-
is empirically derived by binning techniques such that the prediction error is mini-
mized, following the procedure described in (Expert et al., 2011):

f (d) =
∑i,j|di,j=d ai,j

∑i,j|di,j=d I[out]
i I[in]j

. (3.5)

Equation (3.4) generalizes the configuration model of Eq. (3.3). When α = β = 1,
f (d) = 1, and σ = 1/L, both models are equivalent. The AFG correction is appli-
cable to distance-dependent prediction as well, but if f (di,j) ̸= ∞ for all di,j = 0,
then Eq. (3.4) already accounts for self-loops without additional correction. Notably,
Eq. (3.4) is a hybrid null model because it blends topological and spatial factors. Un-
like Eq. (3.3), which relies solely on degree distributions excluding any other influ-
encing indicator that could determine the weights of the edges between nodes, the
spatial model described in 3.4 incorporates distance effects into the model. More-
over, it allows for differential treatment of node importance through its regression
parameters, distinguishing the importance of incoming and outgoing edges, which
have already different meanings.

To further refine the link predictions, a gravity-based null model can be used,
where the deterrence function follows a power law form f (di,j) = dδ

i,j. By adopting
the typical formulation of gravity models and substituting node importance vari-
ables with mi (e.g., GDP per capita, population) by Gadár et al. (2018), the null model
is generalized as follows:

ai,j ∼ p[grav]
i,j = τdδ

i,j

N

∏
v=1

mαv
iv

mβv
jv , (3.6)

where N is the number of indicators that belong to the nodes, and αv, βv, τ, and δ are
the regression coefficients of the model. This formulation of Eq. (3.6) is referred to
as the GEN. Provided that di,j ̸= 0, the parameters can be estimated via a log-linear
transformation of GEN with the aim to be able to use linear regression:

log ai,j ∼ log p[grav]
i,j = log τ + δ log di,j +

N

∑
v=1

αv log miv +
N

∑
v=1

βv log mjv . (3.7)

In my case, all mi > 0, but self-loops imply di,i = 0. To address this, one option
is to add a small constant (e.g., 1 km) to all distances so that log(di,i + 1) = 0 and
Eq. (3.7) becomes solvable. However, Burger et al. (2009) noted that this addition
of a randomly chosen small number for 0 distance can distort the estimation and
recommended applying Poisson regression and solving Eq. 3.6 directly instead of
solving Eq. (3.7). To address these findings of Burger et al. (2009) given that the ge-
ographic coordinates of the companies are available, the average internal distances
within each NUTS 3 region are used to represent the self-loop distances. With this
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approach the distortion can be avoided, as no random number is applied without
real meaning, but using valid distance values which are relevant for the particular
NUTS 3 region. Although this adjustment can be generalized to all region pairs, it
had negligible effect and was only implemented for self-loops.

Because Eq. (3.7) is a linear regression model, the standard assumptions - such
as normality, homoscedasticity, and independence - must hold. In particular, multi-
collinearity is checked by using Variance Inflation Factor (VIF):

VIFi =
1

1− R2
i

, (3.8)

where VIFi ∈ [1, ∞[ quantifies the variance inflation factor for variable i, and R2
i is

the coefficient of the determination of the regression equation:

Xi = α0 + α1X1 + · · ·+ αi−1Xi−1 + αi+1Xi+1 + · · ·+ αnXn + ϵ (3.9)

To reduce multicollinearity, the highest VIF value must be less than 2.5.
maxi VIFi < 2.5 (Johnston et al., 2018).

The GEN model Eq. (3.6) and its log-linear form Eq. (3.7) are strictly economic
in nature and do not rely on network-based features. Despite this, the hypothesis
is that GEN offers better link prediction than other null models. As such, GEN not
only enables better edge prediction, but also facilitates the derivation of network
metrics like centrality and modularity with reduced prediction error. Nevertheless,
it should be emphasized that GEN is purely an economic model, which predicts not
only the links, but also the structural characteristics (centralities and modules) of the
resulting network.

The goodness of fit of a null model is retrieved from the way how well the edges
are estimated in the network. So in case there are variable parameters, the absolute
difference between observed and predicted link values must be minimized. For-
mally:

min← ϵ = ||A− P||. (3.10)

where ∥A − P∥ is the Frobenius norm widely used in networks science, machine
learning, and numerical linear algebra (Pişcoran, 2021):

∥A− P∥F =

√√√√ n

∑
i=1

n

∑
j=1
|Aij − Pij|2 (3.11)

This section has introduced three types of null models. The configuration model
from Newman and Girvan (2004) is based solely on the network properties during
link prediction. The distance-dependent null model by Expert et al. (2011) incor-
porates both topology and geographic distance, forming a hybrid approach. Al-
though there are several other null models exist Barthélemy (2011), the proposed
GEN model is, to my knowledge, the first to predict links using only spatial, eco-
nomic, technological, and corporate financial indicators without relying on network-
property indicators.

Although GEN’s optimization minimizes absolute differences in predicted links,
its mathematical formulation closely resembles that of gravity-based models, which
typically minimize squared errors. This conceptual alignment supports the use of
gravity models for predicting both links and therefore the overall ownership net-
work too.
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Communities

One of the most prominent uses of null models lies in the detection of communities
within networks. Traditional community detection algorithms based on modularity
optimization employ metrics f (C), which quantify the difference between the actual
number of intracommunity edges and their expected value based on a null model
(Newman and Girvan, 2004; Yang and Leskovec, 2015).

f (C) = (fraction of edges within communities)− (expected fraction of such edges).
(3.12)

For the specific case of the directed network under consideration in this study,
the difference mentioned above is formulated as follows:

f (C) =
1
L ∑

i
∑

j

(
ai,j − pi,j

)
δ
(
Ci, Cj

)
, (3.13)

where pi,j denotes the predicted number of ownership relations from region i to
region j, ai,j is the same value but for the original network, so in other words the
actual number of ownership relations from region i to region j and δ(Ci, Cj) is the
Kronecker delta function, which takes the value of one when both nodes i and j
belong to the same community, and zero otherwise.

The total modularity of the partition C can then be derived as the cumulative
sum of the modularities for each individual community Cc, where c = 1, . . . , nc and
nc is the total number of identified communities:

Mc =
1
L ∑

(k,l)∈Cc

(ak,l − pk,l) . (3.14)

The resulting modularity value Mc associated with a given community Cc may
be either positive, negative, or zero. A value of zero indicates that the actual num-
ber of links within the community matches exactly the number predicted by the null
model. If modularity is positive, it implies that the subgraph Cc exhibits greater
internal connectivity than is expected by the null model, thus suggesting the pres-
ence of a well-defined community. To identify optimal community structures, the
expression in Eq. (3.14) must be maximized.

max←− Mc (3.15)

So, the edges are included into the communities with which this value is reaching
the maximum and getting the optimal community structure. Although Eq. (3.14) is
conventionally optimized using the Louvain algorithm Blondel et al. (2008), here
the more recent Leiden algorithm Traag et al. (2019) was employed, which offers
enhanced stability in the detection of community structures.

For a short explanation of the Leiden algorithm, the main steps are as follows
(see also Figure 3.3).

1. Initialization: Like the Louvain algorithm, the Leiden algorithm begins with
an initial partition of the network where each node forms its own community.
This step ensures that the algorithm starts with the maximum granularity pos-
sible.
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2. Local optimization: In this phase, the algorithm iteratively refines the partition.
Instead of moving nodes to the community that maximizes the gain in modu-
larity, as done in the Louvain method, the Leiden algorithm employs a more
sophisticated approach by moving nodes to arbitrary neighbor communities.
This adjustment not only speeds up convergence, but also reduces the likeli-
hood of getting caught in local optima.

3. Reinforcement of connectivity: After the local moves, the Leiden algorithm en-
sures that all communities are connected. This is a notable improvement over
the Louvain algorithm, which can yield disconnected communities. The Lei-
den algorithm guarantees that each detected community is a tightly connected
set of nodes.

4. Aggregation: Once local optimality and connectivity are ensured for all commu-
nities, they are aggregated. The network is then redefined, treating communi-
ties as supernodes, and the algorithm iterates from the initialization step with
this new reduced graph. This iterative refinement can be executed multiple
times, improving the resolution of the community structure.

5. Termination: The algorithm concludes when a stable partition is reached, as no
further improvements in modularity can be achieved by moving nodes.

When null models based on random configurations are applied, the resulting
modules correspond to sets of nodes for which the connections are stronger than
expected under random assumptions, meaning that links are more likely to occur
within communities than across them (Newman, 2010b). However, in the case of
spatial networks, the number of connections between nodes is often influenced by
geographic distance (Expert et al., 2011). As a result, the detected modules fre-
quently comprise spatially proximate nodes. This tendency implies that the result-
ing communities are not only topologically meaningful but also may reflect real-
world spatial clustering. If these modules coincide with larger regional units, such
as national boundaries or other administrative regions, then it becomes plausible to
infer the influence of additional structural or institutional forces in shaping these
patterns. Consequently, a key question arises as to whether the modules correspond
to larger geographic regions.

Distance-dependent community structures inherently account for the spatial sep-
aration between regions. As a result, the detected modules can be interpreted as
communities that are independent of regional distances. In other words, this allows
for the examination of how the network would behave in the absence of geographic
constraints.

In the context of gravity-based models, such modules can be interpreted as rep-
resenting the area of investments Gadár et al. (2018), and are henceforth referred to
as EICs. These EICs represent a collection of regions where the intensity of invest-
ment relationships, quantified by the number of ownership links, exceeds the levels
expected solely based on economic, financial, technological indicators and spatial
proximity. If the boundaries of these EICs coincide with existing administrative bor-
ders, it suggests that such administrative divisions act as a primary structural force
shaping investment patterns, which carries implications for policy making at the
European Union level.

This study introduces a generalization of gravity-based null models (GEN), de-
signed to identify and interpret the factors, both economic and technological, that
drive the emergence of regionally concentrated investment zones.
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Move nodes Refine

1. 2. 3.

Level 1:

Level 2: RefineMove nodes

4. 5. 6.

FIGURE 3.3: The Leiden algorithm initiates with a singleton partition
(1). It proceeds by relocating individual nodes between communities
to identify a partition (2), which is subsequently refined (3). An ag-
gregate network (4) is then constructed based on the refined partition,
utilizing the non-refined partition to establish an initial partition for
the aggregate network. For instance, the red community in (2) is re-
fined into two subcommunities in (3), which, following aggregation,
correspond to two distinct nodes in (4), both assigned to the same
community. The algorithm then repositions individual nodes within
the aggregate network (5). In this instance, the refinement does not al-
ter the partition (6). These steps are iteratively performed until no fur-
ther improvements are achievable. Source: recreated based on Traag

et al. (2019)

Given that a company ownership network Company Ownership Network (CON)
typically represents a static snapshot of ownership relations, dynamic analyzes re-
quire the extension of the model over time. One way to achieve this is by construct-
ing a multilayer network in which each layer corresponds to a specific year. In such
a formulation, the null models operate independently on each layer, allowing simul-
taneous predictions over time. Alternatively, the network can be conceptualized as
a dynamic structure, wherein links are defined over continuous temporal intervals.
Although dynamic models are more suitable for continuous-time data, multilayer
networks - composed of discrete, yearly static snapshots - are more compatible with
the structure of existing null models, facilitating their extension into temporal anal-
ysis.

Both Louvain and Leiden algorithms can be extended to multilayer network
structures, in which each layer corresponds to a time slice. Consequently, the pro-
posed gravity-based null models can be used for link prediction in such multilayer
networks, enabling the identification of yearly EIC.

Through the application of link prediction methods, it becomes possible to model
the entire evolution of the network. This approach not only enables the estimation of
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various network properties, such as centrality measures, but also provides a frame-
work for interpreting their formation mechanisms and predicting their temporal de-
velopment.

Multilayer Network as a Discrete Representation of a Spatial-Temporal Network

A multilayer network is formally defined as a pairM = (G, C), where G = {Gα =
(Vα, Eα, Wα), α ∈ {1, . . . , m}} represents a collection of weighted graphs (directed or
undirected), which are also called layers of M. Each layer Gα consists of a set of
vertex Vα (the set of nodes), an edge set Eα ⊆ Vα × Vα (i.e. the set of links or arcs),
and a weight function Wα : Vα × Vα → R+

0 assigning weights to the edges within
layer α of graph Gα.

The set of inter-layer connections is defined as

C = {Eα,β ⊆ Vα ×Vβ, Wα,β : Vα ×Vβ → R+
0 , α, β ∈ {1, . . . , m}, α ̸= β}, (3.16)

which captures the linkages between nodes residing in different layers Gα, Gβ ∈ M,
with the condition that α ̸= β.

In current work, inter-layer connections are not explicitly modeled; hence, it is
assumed that C = ∅. In the context of spatial-temporal networks, each layer may
correspond to a distinct temporal instance (e.g., a specific year), thus denoted as
α = t. Since the geographical regions remain fixed over time, the node set is identical
across all time slices, i.e., Vt = V, ∀t. The temporal dynamics are reflected solely in
the edge weights, which may vary annually. Consequently, regional connections
can be estimated independently for each year using a yearly gravity-based model,
as shown in Eq. (3.17):

log ai,j,t ∼ log p[grav]
i,j,t = log γt + δt log di,j +

N

∑
v=1

αvt log mit,v +
N

∑
v=1

βvt log mjt,v . (3.17)

The temporal variation in the estimated regression parameters reflects changes in
the influence of geographic, economic, and technological factors. Furthermore, eval-
uating embeddedness through multilayer centrality metrics provides insight into the
shifting roles of individual regions within the investment network.

Lastly, an examination of how community structures evolve in both space and
time can reveal changes in the composition of economic-investment communities
(EICs). At the same time, identifying communities within the multilayer framework
offers a view of time-invariant EICs, representing stable regional investment pat-
terns throughout the temporal dimension.

Centralities

In network science, centralities are traditionally employed as descriptive metrics to
identify key nodes within a network. However, when not only individual links but
the entire network structure can be predicted, centralities can subsequently be com-
puted for the predicted network. In this way, centralities themselves also become
the subject of prediction. This predictive capability enables researchers to examine
which indicators contribute to a region acquiring a central or influential position
within the network. To perform such analysis effectively, it is essential that centrali-
ties are modeled with as much accuracy as possible.
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Given that the network in question is directed — capturing the hierarchical struc-
ture of mother-daughter company relationships — only directed and appropriately
generalized centrality measures are applied. These include in-degree, out-degree,
betweenness, in-closeness, out-closeness, authority, hub, and PageRank centralities.

Degree centrality refers to the number of connections that a node maintains. In
directed networks, this concept is divided into in-degree (the number of incoming
edges) and out-degree (the number of outgoing edges). The formal definitions of
these metrics for a vertex v are the following.

CDv = kv, (3.18)

C+
D v = k[in]v , (3.19)

C−D v = k[out]
v . (3.20)

Where k[in]v and k[in]v were defined at Eq. 3.3, and kv = ∑N
j=1 avj. The main reason

to introduce these new notation is to be able to refer to them easier in the Results
section.

In connected networks, closeness centrality (or closeness) captures how near a
node is to all other nodes, based on the length of the shortest paths. A node with
higher closeness centrality is, on average, closer to all other nodes in the graph.

The formal definition, introduced by Bavelas (1950), defines closeness as the re-
ciprocal of farness:

Cc =
1

∑w d(v, w)
, (3.21)

where d(v, w) denotes the shortest path length (graph distance) between nodes v
and w. In undirected graphs, directionality is irrelevant, whereas in directed graphs,
distinguishing between outgoing and incoming distances leads to significantly dif-
ferent outcomes.

Betweenness centrality (CB) quantifies the extent to which a node lies on the short-
est paths between other pairs of nodes. Nodes with high betweenness centrality
frequently act as intermediaries or bridges within the network, indicating their po-
tential influence in information or resource flow.

CBj = ∑
i ̸=j ̸=k

nSP
ik (j)
nSP

ik
(3.22)

where nSP
ik is the total number of Shortest Paths (SPs) from node i to node k and nSP

ik (j)
is the number of paths that pass through node j.

PageRank centrality is determined by the following system of equations which can
be solved recursively:

vi = α ∑
j

aji
vj

CD j
+

1− α

N
, (3.23)

where CD j is the Degree centrality of node j, α is a damping factor in the range [0, 1],
i, j ∈ V, ∑i vi = 1 and N represents the total number of nodes in the network.

Hub centrality (CH) and authority centrality (CA) are also computed to rank
nodes according to their structural role. Hub scores capture a node’s tendency to
link to well-connected nodes, while authority scores measure how often a node is
the target of links from other nodes.
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This concept was formalized by Kleinberg (1999) through the development of
the hyperlink-induced topic search (HITS) algorithm. The mathematical definitions
that encapsulate this intuition are as follows:

Authority centrality: a node that is pointed to by many hubs, meaning it receives
links from nodes with high hub centrality.

Hub centrality: a node that points to many authorities, i.e., nodes with high au-
thority centrality.

The corresponding mathematical formulation is as follows.

CA = αAy (3.24)

CH = βATx (3.25)

where CA and CH represent the vectors of authority and hub centralities, respec-
tively. Here, A is the adjacency matrix of the directed network and AT denotes its
transpose.

Together, these two equations imply that the authority and hub centralities are
the eigenvectors of the matrices AAT and AT A, respectively, associated with the
same eigenvalue. This eigenvalue must be the largest (leading) one, following argu-
ments similar to those used in eigenvector-based centralities. The scalar parameters
α and β are free scaling factors; without loss of generality, either α or β can be set to
1, since we are typically interested in the relative, rather than the absolute, centrality
values.

The link prediction models proposed by Expert et al. (2011) and Newman and
Girvan (2004), and the generalized gravity-based null model (GEN) introduced in
this work allow reconstruction of predicted network structures. As such, centrality
measures can be derived for both observed and predicted versions of the network.
The accuracy of centrality prediction is evaluated by computing the average absolute
error:

ϵC =
1
N ∑

v
|C(v)− Ĉ(v)|, (3.26)

where C(v) is the original centrality value of node v, Ĉ(v) is its predicted counter-
part, and N is the total number of nodes in the network.

It is important to emphasize that in cases where ϵC is small, the GEN - based
prediction — which relies exclusively on economic, corporate financial, and techno-
logical variables — can be considered as indirectly modeling centrality values. This
indicates that the GEN model effectively captures the structural prominence of re-
gions in the network by modeling the combinations of spatial, economic, financial
and technological indicators that contribute to their role-player status.

3.3.2 Methods applied for collaboration network investigation

From the database explained in Section 3.2.2, one training sample and one test sam-
ple were created. It is important to emphasize that in databases designed for link
prediction tasks, the data are typically highly imbalanced, as two organizations are
much more likely to have no collaborative relationship than to be involved in a joint
project. If this imbalance is not adequately addressed, most machine learning meth-
ods are prone to produce biased results.

To address this issue, pairs of organizations with existing collaborative relation-
ships were first selected and divided into the training and test datasets, applying
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splitting ratios of 0.7 for the training set and 0.3 for the test set. Subsequently, p pairs
of organizations without any recorded collaboration were randomly selected and
added to balance the datasets. After preparing these samples, the parameterized
models were evaluated in the complete database.

The value of p was optimized by selecting the configuration that resulted in the
best accuracy and F1 scores (see details in Section 3.3.2) across N = 100 runs for
most of the applied methods throughout the entire project. Following the tuning of
the p parameter, the highest F1 scores were obtained with p = 1.302585.

When assuming no links between any organizations, the baseline accuracy (re-
ferred to as Accuracy Null) is 0.767704. Therefore, all link prediction methods are
expected to achieve significantly higher accuracy than this baseline value.

Computation of Coefficients from the Precedence Structure

Distance matrices between projects are calculated based on five distinct dimensions:
temporal overlap (dt), precedence relations (dp), ownership similarity (do), project
volume (dv) and textual description (dxy). For an in-depth explanation of how these
distance metrics are defined and calculated, refer to (Kosztyán et al., 2022a). Us-
ing the resulting pairwise distance values, it is possible to derive the multiproject
(MULTI) and program membership (PROG) coefficients for each project as follows:

Mm(pi) = max
j

(1− dt(pi, pj)) · (1− do(pi, pj)pi, pj)) (3.27)

Mp(pi) = max
j

(1− dp(pi, pj)) · (1− dxy(pi, pj)) (3.28)

In these expressions, pi and pj refer to the ith and jth projects, respectively, within
the H2020. The termsMm(pi) andMp(pi) represent the computed multiproject and
program membership values associated with project pi, respectively.

Applied Machine Learning Methods for Link Prediction

Accuracy metrics are essential for evaluating the performance of classification mod-
els. One of the standard tools for this purpose is the confusion matrix, which pro-
vides a comparison between the model’s predicted outcomes and the actual ob-
served results.

In this work, a range of standard performance indicators were calculated: accu-
racy (the ratio of correct predictions to the total number of cases), precision (measures
the proportion of predicted positive cases that are actually positive), sensitivity (also
known as recall, representing the ratio of correctly predicted positive cases to all ac-
tual positives), specificity (also known as true negative rate, the ratio of correctly pre-
dicted negatives to the total number of actual negatives), prevalence (the proportion
of actual positives within the population), and the F1 score, which is the harmonic
mean of precision and sensitivity.

These indicators are widely used in the evaluation of classification tasks, and the
choice of which measure to prioritize depends on the specific context and objectives
of the analysis. In the case of the H2020 collaboration network research, the focus
was on predicting collaboration links between organizations. While accuracy and
F1 score were the primary evaluation metrics, all other performance measures were
also reported for completeness.
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The Link Prediction Problem The collaboration network between organizations
was defined as a graph G = (V , E), where V is the set of nodes representing the
organizations, and E is the set of directed edges indicating collaborative links from a
partner to a coordinator organization. Each edge in this network is binary: if ei,j ∈ E
and vi, vj ∈ V , it implies that the organization i has collaborated with the organiza-
tion j as a partner in at least one joint project.

All machine learning models applied in this study were formulated to solve the
following link prediction task:

ei,j ∼ ŷi,j = f (xi,j) (3.29)

In this formulation, xi,j = [mi,k, mj,k, Di,j, FP7i,j] represents the feature vector asso-
ciated with the node pair (i, j). The output ŷi,j denotes the predicted presence or
absence of a link between organizations i and j, and f refers to the machine learning
prediction function.

The term mi,k represents the value of the indicator k ∈ {1, 2, . . . , 19} for the orga-
nization i, and Di,j is the geographic distance between organizations i and j.

The binary indicator FP7i,j is defined as:

FP7i,j =

{
1 if organizations i and j collaborated in the FP7 framework,
0 otherwise.

Generic Machine Learning Methods Binary LogR is a widely used statistical ap-
proach in machine learning that addresses binary classification problems by model-
ing the relationship between a set of input variables and a binary outcome. It outputs
a probability that a given instance belongs to the positive class (e.g., class label 1),
conditioned on the input features.

In the context of link prediction in collaboration networks, binary LogR is ap-
plied to estimate whether a link (i.e., a collaborative relationship) exists between
two nodes (i.e., organizations) based on their attributes (m1 through m19) and the
structural characteristics of the network, such as geographic distance Di,j. The de-
pendent variable is binary, representing the existence or absence of a link between
two organizations.

Binary LogR can be a powerful method for link prediction in collaboration net-
worksSong et al. (2022), as it is capable of modeling complex nonlinear associa-
tions between input variables and the target outcome and performs well in high-
dimensional feature spaces. Moreover, it offers a probabilistic output value that can
be used to rank candidate links by the likelihood of their formation.

Nonetheless, like any machine learning method, binary LogR has its own set of
assumptions and limitations. Specifically, it assumes a linear relationship between
the input and target variables on the log-odds scale. If this assumption is violated —
such as in the case of highly nonlinear relationships or sparsely populated feature
spaces — its performance may decline.

Discriminant analysis (DA), such as binary LDA, is another statistical technique
frequently used in binary classification tasks. It seeks a linear combination of input
features that best separates the two classes.

The binary LDA operates by first estimating the means and variances of each
feature for both classes. Then it calculates a linear discriminant function designed
to maximize the separation between these classes. This function is constructed as a
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linear combination of the input variables, where the objective is to maximize the dis-
tance between the class means while minimizing the variance within each class. The
resulting values of this function are used to determine a decision boundary that sep-
arates the classes. In the context of link prediction in collaboration networks, binary
LDA can help identify which organizational and structural features most strongly
influence the likelihood of a link forming.

Binary LDA offers several advantages in link prediction applications, includ-
ing its ability to handle high-dimensional data, interpretability, simplicity, and the
ability to reflect the underlying data structure (Gu et al., 2011). However, it is also
based on certain assumptions. LDA assumes a linear relationship between the inde-
pendent variables and the dependent class membership. It also presumes that the
independent variables follow a normal distribution within each class and that these
variables have equal variance across the groups. Violations of these assumptions can
introduce bias and reduce predictive accuracy. Furthermore, LDA can be sensitive
to multicollinearity - when independent variables are highly correlated — which can
lead to unstable estimates of the discriminant function.

Both linear regression and linear discriminant analysis aim to estimate the fol-
lowing equation, which serves as a linear approximation of Eq. (3.29):

ei,j ∼ β0 + βDDi,j + βFP7FP7i,j +
19

∑
k=1

(βi,kmi,k + β j,kmj,k) (3.30)

In some cases, LDA can be replaced with QDA to improve predictive perfor-
mance (Tharwat, 2016). The principal advantage of using QDA over LDA is its abil-
ity to model nonlinear relationships between the input variables and the target class
label (Tharwat, 2016). Aside from relaxing the linearity assumption, QDA shares the
same general assumptions as LDA - including normality of independent variables
within each class and equality of class variances - and may be similarly affected by
violations of these assumptions.

Non-generic Machine Learning Methods To predict collaborative links between
organizations, the Support Vector Machine (SVM) algorithm was used, as introduced
in Hearst et al. (1998), and applied in similar contexts by (Yu et al., 2020). SVM is a
discriminative classification method that constructs a decision boundary to separate
data points into distinct classes. However, it does not yield class membership prob-
abilities. For each organizational pair ei,j, a feature vector xi,j was constructed and
the model SVM was applied to produce a predicted label ŷ. When ŷ = 1, the model
indicates a high probability of collaboration, while ŷ = −1 implies a low likelihood
of collaboration.

The performance and flexibility of the SVM model are governed by several key
hyperparameters (Gold and Sollich, 2003):

• C: Controls the trade-off between maximizing the decision margin and mini-
mizing classification error.

• Kernel type: Determines the transformation function applied to map the data
into a higher-dimensional space. Common choices include linear, polynomial,
Radial basis function (RBF), and sigmoid kernels.

• Kernel coefficient: Influences the shape and flexibility of certain kernels.

• Degree: Specifies the degree of the polynomial kernel.
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• Gamma: Defines the width of the Gaussian function used in the RBF kernel.

• Class weights: Adjusts the model to compensate for class imbalance by assign-
ing different importance levels to the classes.

Despite its strengths, SVM has several limitations. The method is not well-suited
to large-scale datasets due to its computational cost, and its performance is sensitive
to the selection of the kernel function. It is also susceptible to noise in the input
data and generates a binary classifier that is difficult to interpret. Furthermore, the
model’s decision function coefficients do not provide intuitive insights into feature
importance.

In addition, the RF algorithm was also applied as described in (Pal, 2005). RF is
an ensemble-based approach that constructs multiple decision trees using randomly
selected subsets of the data and features. Each tree produces an individual pre-
diction, and the final output is determined by majority voting across all trees. This
method is capable of modeling complex, nonlinear relationships and performs effec-
tively in high-dimensional spaces. Moreover, RF can be used to assess the relative
importance of features, which aids in understanding the underlying mechanisms
driving collaboration within the network.

The prediction function of the RF model, applied to a pair of organizations (ei,j ∼
ŷi,j), can be expressed as follows:

ei,j ∼ ŷi,j = f (xi,j) = mode([T1(xi,j), T2(xi,j), . . . , TM(xi,j)]) (3.31)

In this formulation, f represents the prediction function, xi,j denotes the feature vec-
tor that describes the relationship between organizations i and j, and T1, T2, . . . , TM
are the individual decision trees that constitute the ensemble.

The primary hyperparameters of the RF model, as identified by Probst et al.
(2019), include the following:

• n_estimators: Specifies the total number of trees in the forest. Increasing this
number can enhance prediction performance, but also raises computational
costs.

• max_depth: Defines the maximum allowable depth of each decision tree. Al-
though deeper trees can capture more complex patterns, they also increase the
risk of overfitting.

• min_samples_split: Sets the minimum number of samples required to split an
internal node. Higher values can help prevent overfitting by enforcing stricter
splitting conditions.

• min_samples_leaf : Determines the minimum number of samples needed to form
a leaf node. This parameter also contributes to the control of overfitting.

• max_features: Indicates the number of features considered in determining the
best split. Using options such as “sqrt” or “log2” helps introduce randomness
and can mitigate overfitting by reducing the correlation among trees.

• bootstrap: Specifies whether bootstrapping is applied when sampling the data
for each tree. When set to “true,” each tree is trained on a randomly selected
subset of the dataset, which promotes diversity among the trees and reduces
their correlation.
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LogR is employed to identify significant predictors in the link prediction task.
However, it assumes that the relationship between variables is linear. Consequently,
this method becomes unsuitable when the associations between variables are non-
linear or when the classes are not linearly separable (Tonkin et al., 2012).

To overcome this limitation, the random forest-based method — Boruta — was
used, as an alternative to the significance analysis that is usually performed with
LogR. Boruta is a feature selection algorithm introduced in Kursa et al. (2010), de-
signed to determine which features are truly relevant by comparing their importance
with that of shadow features. Shadow features are constructed by permuting the val-
ues of each original feature, effectively destroying their association with the target
variable. Boruta then employs a random forest classifier to assess the importance
of both original and shadow features, based on the average decrease in impurity
observed across the ensemble.

Features whose importance exceeds that of their corresponding shadow feature
are retained as relevant, while those that do not show significantly higher impor-
tance are eliminated. By making this comparison, Boruta effectively identifies fea-
tures that are genuinely informative, distinguishing them from those that may ap-
pear important due to random chance. This selection process helps reduce model
complexity, mitigates overfitting, and contributes to improved predictive perfor-
mance.

RF itself is a widely used ensemble learning method for classification tasks (Sagi
and Rokach, 2018). Despite its effectiveness, it exhibits several limitations (Ahmad et
al., 2018). Primarily, it functions as a black-box model, making it difficult to interpret
the internal decision-making process. This lack of transparency can be problematic
in applications where interpretability is critical, such as in regulatory or ethical set-
tings. Additionally, RF can be computationally expensive and memory-intensive,
especially when applied to large-scale datasets or when a high number of trees are
used in the ensemble.

The performance of RF depends on a balance between bias and variance. While
increasing the number of trees can reduce variance and enhance generalization, it
may also lead to increased training time and memory usage. Moreover, RF can
struggle with highly correlated features Zhu (2020), which may introduce redun-
dancy and confusion during the splitting process. Another challenge is its limited
effectiveness on imbalanced datasets, where it may favor the majority class and per-
form poorly on minority instances.

Extreme Gradient Boosting (XGBoost) Sheridan et al. (2016) is another advanced
machine learning algorithm suited for supervised learning tasks, including both
classification and regression. Its popularity comes from its high prediction accuracy
and computational efficiency.

Once the features are defined, historical data can be used to train the XGBoost
model for predicting future collaborations between pairs of organizations. The trained
model can then be used to identify potential future partnerships. XGBoost employs
decision trees as base learners, and these trees are trained sequentially, where each
new tree aims to correct the errors made by its predecessors.

To further improve performance and prevent overfitting, XGBoost includes a
regularization term in its objective function. It also applies gradient-boosting tech-
niques Natekin and Knoll (2013), using gradients from the loss function to iteratively
update the model parameters in a direction that minimizes the prediction error. Sev-
eral hyperparameters — including the number of trees, the learning rate, and tree
depth — can be adjusted to fine-tune the model’s behavior.
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TABLE 3.3: Summary of the advantages and limitations of machine
learning methods applied to link prediction tasks

Method Advantages Limitations

LogR Intuitive and easy to inter-
pret

Restricted to linear relationships
between variables

LDA Effectively distinguishes
between multiple classes

Assumes normally distributed
features and equal class covari-
ances

SVM Performs well with high-
dimensional feature
spaces

Highly sensitive to the selected
kernel function

RF Capable of modeling non-
linear feature interactions

May overfit when exposed to
noisy or redundant data

XGBoost Offers high predictive per-
formance and robustness

Requires extensive preprocess-
ing and careful hyperparameter
tuning

Despite its strengths, XGBoost also has notable limitations (Demir and Şahin,
2022). The model is prone to overfitting, particularly if its many hyperparameters
are not carefully tuned. The tuning process itself can be challenging due to the large
number of adjustable parameters. Additionally, XGBoost has limited native support
for categorical variables, often requiring one-hot encoding, which can significantly
expand the feature space and increase the risk of overfitting.

From a computational standpoint, training XGBoost on large datasets can be
resource-intensive and time-consuming. The algorithm also requires careful fea-
ture engineering, as irrelevant or poorly constructed features can adversely affect
its performance. Furthermore, XGBoost functions as a black-box model, making its
internal logic difficult to interpret and thus less suitable for applications requiring
explainability.

Although XGBoost and RF share several common hyperparameters, such as the
number of trees (n_estimators) and the maximum tree depth (max_depth) — XG-
Boost also includes additional parameters. These include:

• subsample: the fraction of observations randomly selected for each tree,

• colsample_bytree: the proportion of features randomly selected per tree,

• gamma: the minimum loss reduction required to make a further split,

• reg_lambda: an L2 regularization term used to reduce overfitting.

Together, these parameters help to control the complexity of the model and im-
prove generalization, especially in high-dimensional feature spaces.

The main advantages and limitations mentioned above are collected for the meth-
ods in Table 3.3.

Parameter tuning of the machine learning methods Tuning hyperparameters is
essential to maximize the performance of machine learning algorithms for a specific
task or data set. Several well-established techniques are commonly used for this
purpose Alibrahim and Ludwig (2021), including:

• grid search
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• random search

• Bayesian optimization

Grid search is a widely adopted approach in hyperparameter optimization, where
a predefined set of values is specified for each hyperparameter. The algorithm then
exhaustively evaluates all possible combinations of these values using a performance
metric — often based on cross-validation. The configuration that yields the best
evaluation score is selected as the optimal set of hyperparameters. Although grid
search is thorough and systematic, it can become computationally demanding when
applied to models with many hyperparameters or large search spaces.

In contrast, random search Bergstra and Bengio (2012) randomly samples hyperpa-
rameter combinations from defined distributions or value ranges. A model is trained
and evaluated for each sampled combination, and this process continues for a fixed
number of iterations or until a satisfactory performance is achieved. Although it
does not guarantee finding the global optimum, random search often identifies high-
performing configurations more efficiently than grid search, particularly when only
a subset of hyperparameters significantly affects model performance (Mantovani et
al., 2015).

Bayesian optimization Turner et al. (2021) adopts a probabilistic approach by it-
eratively building a surrogate model of the objective function to guide the search
for optimal hyperparameters. Typically implemented using Gaussian processes or
other probabilistic regression techniques, this method estimates both the value of the
function and its uncertainty. At each iteration, the surrogate model is updated based
on the observed performance of the hyperparameters previously tested. An acqui-
sition function — such as expected improvement — is then used to determine the
next point to sample. This function balances the trade-off between exploring regions
of the hyperparameter space with high uncertainty and exploiting regions known to
yield good results. The process repeats until a satisfactory solution is found or a
predefined number of iterations are reached. Bayesian optimization is particularly
well-suited for high-dimensional or non-convex search spaces, where it efficiently
navigates toward promising regions by leveraging its probabilistic model.

In this study, the Bayesian optimization framework was used following the methodol-
ogy described in (Shahriari et al., 2015). The procedure was initialized with a set of
starting hyperparameter configurations (see Table 3.4). A Gaussian process was em-
ployed as the surrogate model, fitted using the initially evaluated hyperparameters
and their associated performance metrics. The expected improvement acquisition
function was used to propose subsequent hyperparameter sets, balancing the dual
objectives of exploration (sampling in less-certain regions) and exploitation (sam-
pling where high performance is likely).

Each selected configuration was evaluated using cross-validation and the result-
ing performance metrics were fed back into the surrogate model, allowing it to up-
date its internal representation of the objective function. This cycle of model update
and hyperparameter selection was repeated for a predefined number of iterations or
until the convergence criteria were satisfied. The goal of the procedure was to iden-
tify the hyperparameter set that maximized the performance of the machine learning
model.
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TABLE 3.4: The hyperparameters and the search ranges applied dur-
ing tuning of the machine learning methods.

Algorithm Hyperparameter Values
SVM Classification machine C, µ, One

kernel sigmoid, radial
kernel parameters (γ) 2−5, 2−4, . . . , 25

cost of constraints violations 2−5, 2−4, . . . , 25

RF Number of estimators 20, 30, 40, 50, 75, 100, 120
Split criterion gini, entropy
Max depth of trees 10, 12, 14, 16, 18, 20, 25
Minimum number of samples
required to split an internal node 2, 3, 4

Minimum number of samples
required to be at a leaf node 1, 2, 3, 4

XGBoost Number of estimators 20, 30, 40, 50, 75, 100, 120
Max depth of trees 10, 12, 14, 16, 18, 20, 25
Learning rate (η) [0.01,0.5]
Subsample ratio of columns
when constructing trees 0.25, 0.5, 0.75, 1

Subsample ratio of the training instance 0.25, 0.5, 0.75, 1

L2 regularization (λ) [-1,1]

Gini Index calculation

The Gini index by Pérez et al. (2015) is a key metric to measure the impurity of
the nodes in decision trees and the importance of variables in random forests. Its
calculation and application in variable importance analysis are as follows.

Gini = 1−
C

∑
i=1

p2
i (3.32)

Where C is the number of classes and pi is the proportion of samples in class i. The
lower value of the index indicates purer nodes (a Gini index of 0 means that all
observations belong to one class).
The reduction in Gini impurity (∆Gini after splitting a node is:

∆Gini = Giniparent −
(

Nleft

Nparent
·Ginileft +

Nright

Nparent
·Giniright

)
(3.33)

where Giniparent is the Gini index of the parent node, Ginileft and Giniright are the
Gini indices of the left and right child nodes, Nparent, Nleft, Nright are the number of
samples in the parent, left child, and right child nodes, respectively.
Total importance of feature Xj in a random forest:

Importance(Xj) =
T

∑
t=1

∑
s∈St

j

∆Ginis (3.34)

where T is the total number of trees and Sj is the set of splits in Xj in tree t. Therefore,
s denotes one particular split within Sj.
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Analyzed Network Properties

The calculation and comparison of network indicators between the original and pre-
dicted collaboration networks serve three primary purposes:

• First, evaluating network structure indicators reveals how effectively the link
prediction methods have succeeded in replicating the structure of the original
network.

• Second, in the case of non-black-box prediction models, it becomes possible to
obtain not only a model to predict collaborations but also models for predicting
derived network properties (Kosztyán et al., 2022b).

• Third, in many studies, community detection is based on configuration models
Girvan and Newman (2002), under the assumption that organizations within a
collaboration network are connected randomly. In such cases, communities are
considered to form in areas where the densities of internal links are higher than
the densities between different communities (modules) (Newman and Girvan,
2004). However, when an edge prediction model is applied as a null model
Gadar et al. (2018), it allows the identification of communities where internal
link densities exceed not only the random expectation but also the predictions
of the model itself (Kosztyán et al., 2021).

To assess the quality of the predictions, there were utilized both node-level in-
dicators (such as various centrality measures) and network-level or structural indi-
cators (such as centralizations, assortativities, and modularity values) to compare
the original and the predicted networks. The comparison of node-level indicators
reflects not only the alterations in individual link structures but also changes in the
nodes’ embeddedness. Meanwhile, the comparison of network-level indicators pro-
vides insight into the structural differences between the two networks.

The following node-level indicators were calculated to validate the predicted
links:

• DC: The number of direct connections (degree) of a node divided by the max-
imum possible number of direct connections is used to identify influential
nodes with numerous collaborations (mentioned earlier, see 3.18).

• Betweenness centrality (BC): The proportion of shortest paths that pass through
a given node, highlighting nodes that act as intermediaries within the network.
(mentioned earlier, see 3.22)

• Eigenvector centrality (EVC): The sum of the centrality scores of a node’s neigh-
bors, identifying nodes that are connected to other prominent nodes.

• Centrality: A general measure representing the relative importance or influence
of a node or an edge, based on degree, positional, or relational characteristics
within the network.

EVC quantifies the significance of a node within a network by considering the
importance of its neighboring nodes. It is determined by summing the centrality
scores of all nodes directly connected to the node in question. This measure is par-
ticularly valuable for identifying nodes that are not only well connected but are also
linked to other highly influential nodes within the network.

EVCi =
1
λ ∑

i ̸=j
gjiEVCj (3.35)
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where λ is some scalar λ > 0, i, j ∈ N, N = {1, . . . , n} is the set of nodes, gij =
[gij]i,j∈N where gij = 1 indicates a link from i to j and gij = 0 indicates that such a link
does not exist. As the formula shows, the centrality of each node i is proportional to
the sum of the centrality of its neighbors. Note that gji stands for directed edges, as
this centrality relies on the link which is pointed toward node i, which can also be
applied as is for undirected links.

In addition to node-level metrics, network-level indicators were also evaluated:

• Modularity: Measures the extent to which the actual number of links within
communities deviates from the expected number under a random connection
model, identifying clusters of nodes with stronger internal collaboration. In
Section 3.3.1 all the details was mentioned already, the application for collab-
oration network is very similar. The main difference is that the directed edges
do not target the subsidiary of the entity but the coordinator of the project from
the partner organizations. The Eq. 3.13 and Eq. 3.14 can also be used here.

• Assortativity: Assortativity quantifies the tendency of the nodes within a net-
work to connect to other nodes that share similar attributes or characteristics.
It is calculated as the correlation between the degrees of pairs of connected
nodes. This metric is particularly useful for detecting collaboration patterns
between nodes with comparable features, such as organizations of similar size
or profile.

• Centralizations These indicators measure the distribution of overall importance
or influence among nodes or edges within a network, considering attributes
such as the number of direct connections (degree), the involvement of the node
in the shortest paths (betweenness), or its association with other highly central
nodes (eigenvector centrality). The mathematical expression for centralization
(Z) is given by:

Z = ∑
i

maxj Cj − Ci

(n− 1) · (n− 2)
(3.36)

where Z denotes the centralization value of the network, Ci represents the
centrality score of node i, maxj Cj is the maximum centrality score observed
among all nodes, and n refers to the total number of nodes in the network.

Finally, for each prediction technique applied, the absolute difference between
the assortativity values of the original and the predicted collaboration networks was
also calculated to evaluate prediction accuracy at the structural level.
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Chapter 4

Results

4.1 Results of the Ownership network analysis

4.1.1 Descriptive statistics

The ownership network of European companies was investigated within the time-
frame of 2010 and 2018 as the yearly data was collected for all of these mentioned
years. The Amadeus database was utilized, containing information on 23,381,325
companies. From this dataset, 1,872,272 companies were identified as parent com-
panies or subsidiaries within the examined time frame. After data cleaning was
performed, a final set of 1,620,340 distinct parent companies and subsidiaries was
obtained. The investigated entities are associated with 1,435 NUTS 3 regions, which
were used as nodes of the temporal network. The 87,708 ownership relationships
identified between companies during the studied period are represented by the
edges of the network. It should be noted that ownership relations occurring within
the same NUTS 3 region resulted in self-loops.

The descriptive statistics for the main economic and technological indicators for
the examined time period are presented in Table 4.1.

TABLE 4.1: Absolute indicators for ownership analysis

Description 2010 2011 2012 2013 2014 2015 2016 2017 2018 All
Mean value
of P/L for
period

1083 1122 1167 1262 1353 1473 1648 1874 2008 1.443

Mean value
of P/L be-
fore taxes

1353 1411 1458 1493 1628 1757 1919 2193 2341 1.728

Mean value
of cash flow 1426 1477 1568 1622 1725 1909 2045 2154 2231 1.795

Total num-
ber of em-
ployees

51791 56005 59190 63453 66819 72696 77410 80243 81375 67695

Total num-
ber of
patents

26109 27088 27868 28275 28877 29065 24313 9753 1385 202733

The profit and loss (P / L) for the period statement (which means the net income,
but in the Amadeus database the P / L for the period naming was used) shows the
mean values in thousand e per year, calculated across all companies without aggre-
gation at the NUTS 3 level. The mean value of P/L before taxes reflects the annual
average for all companies, also in thousand e. In the cash flow line, the annual
average cash flows for all companies are reported in thousand e. The number of
employees represents the annual mean number of employees per company.
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It can be observed that all indicators, except the patent data in the last three
years, exhibit a generally increasing trend over time. The most probable reason for
the difference in the Patstat-related data is explained in Section 3.1.4.

4.1.2 Null models for link prediction

Null models are designed to predict links. Simultaneously, through link prediction,
a corresponding network structure is also generated. Figure 4.1 presents the fits
of the null models, where A denotes the adjacency matrix of the original company
ownership network CON, and P represents the adjacency matrix of the predicted
networks. The figure shows on a log-log chart the comparison between the actual
and predicted edges in the networks. The x-axis of the figures represents the original
network-related links Ai,j, while on the y-axis the predicted links are presented Pi,j
as the matrices are flattened into vectors. The values represent the weight values
for the edges from the original network on the x-axis and for the predicted ones on
the y-axis, which are shown as blue crosses on the figures. The blue dots represent
the same values for the self-loops. The red line is a visual aid that shows the perfect
prediction. So, for example, when we see for a blue cross the value 1000 on the x-axis
and 100 on the y-axis it means that the weight of the same edge is 1000 in the original
network and 100 in the predicted one. The weights are calculated differently by the
different models.

The model proposed by Newman and Girvan (2004) assumes a random network
structure (Figure 4.1-a); however, it does not account for self-loops, and it fails to cap-
ture the distance-dependent probability of links between spatial nodes (i.e. NUTS
3 regions), as illustrated in Figure 4.2. In contrast, the model introduced by Expert
et al. (2011) incorporates the non-linear dependency on the distance between nodes
(Figure 4.1-b), thereby eliminating the appearance of clustered loops. The distance-
dependent function f (d) is compensated for through a spline function (see Eq. 3.4
and Figure 4.2). Nevertheless, the best fit, with an error of ϵ = 0.0080, is achieved by
the proposed GEN model.

When applying Eq. (3.6), indicators with a variance inflation factor (VIF > 2.5)
were excluded from the model. The adjusted R2 value decreased only slightly as a
result (see Table 4.2 and compare with Table B.1 in the Appendix B); thus, the as-
sumptions of normality, homogeneity, and independence were considered satisfied
for the refined model. As reference, the meaning of the used indicators table was
copied here from Section 3.2.1 to Table 4.3.

Table 4.2 presents the results obtained from the proposed GEN model for the
years under investigation. The table includes the estimated coefficients and their
significance levels, along with the absolute errors of the fit, evaluated by compar-
ing the original and predicted networks in terms of link prediction and centralities
derived via the gravity model.

For instance, a coefficient of βGDPi,2015 = −0.0390 indicates that a 1% decrease
in GDP in the source (i) region is associated with an expected increase of 0.0390%
in the number of ownership links. As an example for understanding the results
mentioned in the table, a positive significant coefficients on the source (subsidiary)
side imply that an increase in the corresponding component may lead to an increase
in ownership relations. Similarly, negative significant coefficients on the host side
(parent companies) of the NUTS 3 regions suggest that an increase in these attributes
may hinder investments and the establishment of new corporate sites.

Another good example is that βFAi,2018 = 0.0111 means on the parent company
side that 1% increase in Fixed Assets within the NUTS 3 region indicates a 0.0111%
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increase in willingness to establish a new subsidiary (somewhere). On the other
hand, the βFAj,2018 = −0.0199 value on the subsidiary side, the 1% decrease of the
Fixed Assets value in this region indicates a 0.0199% of increase the possibility of
having a new subsidiary established in this region.
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(a) Newman and Girvan (2004)’s model: ||A− PNG|| = ϵNG = 0.0191

(b) Expert et al. (2011)’s model: ||A− Pspa|| = ϵspa = 0.0112

(c) GEN model: ||A− Pgrav|| = ϵgrav = 0.0080

FIGURE 4.1: Fits of the different null models (2018)
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FIGURE 4.2: Distance deterrence function (2018)

TABLE 4.2: Gravity models results summary

(a) Regression coefficient values with significances
2010 2011 2012 2013 2014 2015 2016 2017 2018

Coefficients β β β β β β β β β

(Intercept) 1.5829 *** 1.6187 *** 1.5723 *** 1.5766 *** 1.6713 *** 1.8964 *** 1.6534 *** 2.0972 *** 2.1456 ***
Dij -0.4726 *** -0.4725 *** -0.4727 *** -0.4729 *** -0.4735 *** -0.4717 *** -0.4718 *** -0.4711 *** -0.4725 ***
SRi -0.1155 *** -0.1193 *** -0.0897 *** -0.1106 *** -0.1283 *** -0.1316 *** -0.1113 *** -0.1105 *** -0.0969 ***
RBi -0.0717 *** -0.0551 *** -0.0695 *** -0.0603 *** -0.0616 *** -0.0670 *** -0.0910 *** -0.0747 *** -0.0866 ***

RCBi 0.0086 0.0079 -0.0035 -0.0062 -0.0214 *** 0.0047 0.0001 -0.0020 0.0071
FAi 0.0206 *** 0.0183 *** 0.0159 *** 0.0163 *** 0.0128 *** 0.0210 *** 0.0177 *** 0.0149 *** 0.0111 ***
CRi 0.1236 *** 0.1099 *** 0.1219 *** 0.1689 *** 0.1986 *** 0.1280 *** 0.1765 *** 0.1138 *** 0.0795 ***
COi 0.2193 *** 0.2172 *** 0.2215 *** 0.2202 *** 0.2209 *** 0.2255 *** 0.2287 *** 0.2281 *** 0.2299 ***

GDPi -0.0023 * -0.0019 * -0.0016 -0.0013 -0.0023 * -0.0390 *** -0.0258 *** -0.0285 *** -0.0223 **
PIi -0.0042 ** -0.0030 * -0.0040 ** -0.0044 ** -0.0029 * -0.0021 -0.0031 * -0.0009 0.0026

SRj -0.0054 -0.0099 0.0043 0.0017 0.0158 0.0594 *** 0.0758 *** 0.0260 0.0058
RBj -0.0057 -0.0112 -0.0291 *** -0.0351 *** -0.0459 *** -0.0430 *** -0.0548 *** -0.0473 *** -0.0599 ***

RCBj -0.0152 ** -0.0130 ** -0.0197 *** -0.0213 *** -0.0326 *** -0.0178 *** -0.0160 *** -0.0229 *** -0.0134 ***
FAj -0.0122 *** -0.0120 *** -0.0114 *** -0.0111 *** -0.0123 *** -0.0086 *** -0.0107 *** -0.0159 *** -0.0199 ***
CRj 0.0464 ** 0.0537 *** 0.0514 *** 0.0726 *** 0.0811 *** 0.0100 -0.0210 -0.0661 *** -0.0583 ***
COj 0.2218 *** 0.2205 *** 0.2216 *** 0.2223 *** 0.2244 *** 0.2304 *** 0.2326 *** 0.2327 *** 0.2344 ***

GDPj -0.0076 *** -0.0080 *** -0.0085 *** -0.0082 *** -0.0086 *** -0.0139 ** -0.0062 -0.0163 ** -0.0152 *
PIj -0.0105 *** -0.0096 *** -0.0091 *** -0.0101 *** -0.0095 *** -0.0139 *** -0.0139 *** -0.0091 *** -0.0089 ***

Adj. R2 0.4034 *** 0.4029 *** 0.4029 *** 0.4032 *** 0.4041 *** 0.4026 *** 0.4032 *** 0.4019 *** 0.4030 ***
ϵgrav 0.0078 0.0073 0.0078 0.0077 0.0076 0.0080 0.0081 0.0080 0.0082

Values are significant at: * p=0.05. ** p=0.01. *** p=0.001 levels.

(b) Absolute errors of estimated centralities
Errors 2010 2011 2012 2013 2014 2015 2016 2017 2018

ϵC+
D

3.0414 5.7021 3.3355 3.5763 4.2312 3.8885 4.6273 6.5212 4.7929
ϵC−D

4.5173 3.6933 5.1694 4.9229 4.9568 5.5349 4.1927 6.3334 5.5961
ϵCB 142.7669 183.9388 139.3517 160.2476 161.9900 147.5215 167.2923 185.0560 182.4788
ϵC+

C
2.72E-06 3.25E-06 2.46E-06 2.22E-06 1.75E-06 2.77E-06 2.99E-06 1.91E-06 2.43E-06

ϵC−C
4.62E-06 1.97E-06 4.71E-06 4.06E-06 3.60E-06 4.59E-06 2.77E-06 2.26E-06 3.77E-06

ϵCH 1.98E-05 1.67E-05 2.06E-05 1.94E-05 1.85E-05 2.13E-05 1.81E-05 1.64E-05 2.06E-05
ϵCA 1.42E-05 1.93E-05 1.28E-05 1.38E-05 1.39E-05 1.47E-05 1.45E-05 1.22E-05 1.53E-05
ϵCP 2.83E-05 3.45E-05 2.62E-05 3.15E-05 3.18E-05 3.25E-05 2.23E-05 2.05E-05 3.00E-05
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TABLE 4.3: Applied indicators for ownership network - reminder
from Table 3.1

v Indicators Description Data source

N
od

e
da

ta
se

t(
N

U
TS

3
re

gi
on

al
da

ta
) m1 TA Total Assets Amadeus

m2 SR Solvency ratio (Asset based) (%) Amadeus
m3 SH Shareholders’ funds Amadeus
m4 RB ROE using P/L before tax (%) Amadeus
m5 RCB ROCE using P/L before tax (%) Amadeus
m6 PM Profit margin (%) Amadeus
m7 PLF P/L for period Amadeus
m8 PLB P/L before tax Amadeus
m9 OR Operating revenue Amadeus
m10 FA Fixed Assets Amadeus
m11 EN Number of employees Amadeus
m12 CR Current ratio Amadeus
m13 CF Cash flow Amadeus
m14 CO Number of companies Amadeus
m15 GDP GDP/ capita in purchasing power priority Eurostat
m16 PI Patents PATSTAT

Ed
ge

s i FROM The NUTS 3 ID of parent companies Amadeus
j TO The NUTS 3 ID of daughter companies Amadeus
di,j Dist Distance between regions Eurostat
ai,j OWN Number of ownerships Amadeus

Table 4.2(a) indicates that the applied model (see Eq. 3.6) is statistically signif-
icant, and the adjusted R2 slightly exceeds 0.4. Among the independent variables
examined, the coefficients for Fixed Assets (FA) are found to be strongly significant,
with positive values on the source side (i) and negative values on the host side (j).
This result suggests that parent companies generally possess higher levels of Fixed
Assets compared to their subsidiaries.

The current ratio (CR), which measures liquidity as the ratio of current assets to
current liabilities, exhibits high and significant coefficients on the source side. On
the host side, these coefficients are smaller and remain positive only up to the year
2015. In contrast, the coefficients associated with the solvency ratio (SR) show an
opposite trend in relation to the CR, indicating that parent companies are typically
more liquid but less solvent than their subsidiaries.

The return on capital employed (ROCE), referred to as RCB in Table 4.2(a), serves
as an indicator of operational efficiency. The coefficients for ROCE are significantly
negative on both sides; however, this negative impact is more pronounced and sta-
tistically stronger for subsidiaries.

To assess the impact of economic and technological development at the regional
level, the GDP per capita (GDP) and the annual number of patent applications (PI)
were incorporated as additional variables. The coefficients associated with these in-
dicators are negative for both the source and the host sides, although they are smaller
in magnitude and less significant for the source regions. This pattern suggests that
subsidiaries tend to be located in NUTS 3 regions characterized by lower GDP levels
and fewer patent applications, relative to parent companies.

In addition, the number of companies (CO) within each NUTS 3 region was in-
cluded as a control variable to account for the size of the regions. For this indicator,
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the estimated coefficients were found to be highly positive on both sides, aligning
with preliminary expectations. The coefficients corresponding to the distance be-
tween the parent and subsidiary companies are negative and remained relatively
stable throughout the examined time period.

Finally, the original company ownership network was predicted using the ap-
plied model (see Eq. 3.6), and the mean absolute deviation between centrality mea-
sures calculated from the original and the predicted networks was evaluated. As
shown in Table 4.2(b), these deviations are relatively consistent throughout the years
under study.

4.1.3 Network property prediction

Since null models predict the links between nodes, the corresponding networks can
also be predicted. Consequently, centralities can be calculated for the predicted net-
works as well. A good fit between the predicted and original centralities implies
that the link predictions are accurate. Nevertheless, the discrepancies between the
actual and predicted parameters offer additional insight into the structure of corpo-
rate networks.

Table 4.4 presents the mean absolute error of the centrality measures between the
original and the predicted networks.

TABLE 4.4: Centralities prediction error

Prediction error of centralities Random Spatial Gravity
In-degree, ϵC+

D
33.36681896 32.90683376 4.79292979

Out-degree, ϵC−D
33.40637236 32.94787645 5.59613725

Betweenness,ϵCB 170.04457052 169.95647946 182.47883742
In-closeness, ϵC+

C
0.00000940 0.00000919 0.00000243

Out-closeness, ϵC−C
0.00000938 0.00000917 0.00000377

Hubs, ϵCH 0.00002001 0.00002003 0.00002061
Authority, ϵCA 0.00001703 0.00001704 0.00001532
PageRank, ϵCP 0.00001782 0.00001781 0.00003000

Three types of networks can be predicted. The method proposed by Newman
and Girvan (2004) generates a random network, where links are predicted using
Eq. (3.3), and no organizing force is assumed. In this model, the edges between two
regions are estimated proportionally to their numbers of incoming and outgoing
connections. A spatial network is generated by the method of Expert et al. (2011),
based on the model given in Eq. (3.4), which incorporates compensation for the dis-
tance dependency between nodes.

Although the prediction errors for these models are relatively low (ϵNG = 0.0191
and ϵspa = 0.0112), the absolute differences between the centralities remain quite
similar. Notable improvements are achieved only with the gravity model. Due to
the lower mean absolute error in link prediction (ϵgrav = 0.0080), the error associated
with degree centrality is significantly reduced. However, for betweenness centrality
and PageRank centrality, the prediction errors are observed to be larger.

Table 4.5 illustrates an example that demonstrates the potential of modeling cen-
tralities. Better fits are achieved particularly in the case of in-degree and out-degree
centralities. Table 4.5 lists the five regions that show the highest in-degree centrali-
ties, which correspond to the regions that are most attractive for the establishment
of new subsidiary companies.
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Table 4.5 demonstrates that the gravity-based GEN model predicts the ranks of
the top five regions more accurately than the distance-dependent model. These re-
gions are typically either capitals (e.g., Madrid, Rome, Warsaw) or major cities (e.g.,
Barcelona, Milan, Turin). The distance-dependent models, consistent with the higher
prediction errors (ϵ), perform poorly in estimating these regions. This outcome sug-
gests that, beyond accounting for geographical distances, economic, technological,
and financial indicators must be incorporated into the null model to effectively pre-
dict the top role-player regions.

TABLE 4.5: Top 5 NUTS 3 regions in 2018 by in-degree centralities

C−D Real network GEN model Spatial model
Rank NUTS 3 Name NUTS 3 Name Rank NUTS 3 Name Rank

1 ITC4C Milan ITC4C Milan (1) ’DK014’ Bornholm (1291)
2 ITC11 Turin PL911 Warsaw (3) ’DK050’ Nordjylland (589)
3 PL911 Warsaw ES300 Madrid (5) ’EE004’ Lääne-Eesti (634)
4 ES511 Barcelona ES511 Barcelona (4) ’EE007’ Kirde-Eesti (1081)
5 ES300 Madrid ITI43 Roma (7) ’EE008’ Lõuna-Eesti (455)

Figure 4.3 displays the in-degree centralities of the NUTS 3 regions. In Fig-
ure 4.3(a), the results for the original network are presented, while Figures 4.3(b-
d) depict the corresponding results for the predicted networks. To ensure a clear
comparison across the different networks, the same color bar scale has been applied
consistently to all visualizations.
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(a) Original (b) GEN prediction

(c) Random network (d) Spatial network

FIGURE 4.3: The in-degree centralities for the predicted network
structures (2018)

All network predictions reveal low in-degree centrality values for the United
Kingdom, the Benelux countries (Luxembourg, the Netherlands, and Belgium), and
Germany. Additionally, fewer nodes with high in-degree centrality are observed in
the original network compared to the predicted networks. In-degree centralities are
found to be overestimated, particularly in the random network and spatial network
models, for both Southern and Central European countries. Consequently, the actual
level of investment activity (as indicated by the establishment of corporate sites) in
Southern and Central Europe is substantially lower than the levels predicted by any
of the models. This finding suggests that investment in these regions is consider-
ably less than what would be expected based on economic opportunities, including
spatial, technological, and economic distances between regions.

Fig. 4.4 shows the closeness centralities of NUTS 3 regions. Fig. 4.4(a) shows
the original network, and Figs. 4.3(b-d) show the predicted networks. The predicted
networks use the same color bars as the original one to ensure an easy comparison
of the results.

Fig. 4.4 shows that the in-closeness centralities are overestimated by both the
random and spatial network models, and the best predictions are provided by the
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(a) Original (b) GEN prediction

(c) Random network (d) Spatial network

FIGURE 4.4: In-closeness centralities for predicted networks (2018)

gravity model. It can be also identified by this Figure that for Serbian NUTS 3 re-
gions, all of the models including the original one show low in-closeness centralities.
Although for several southern England and eastern German areas predicted as play-
ing important roles by the original and also by the gravity models.

Fig. 4.5 shows for all investigated years the in-closeness values of the multilayer
network which was predicted by the GEN model. The in-closeness values reflect
on the number of subsidiaries established in the NUTS 3 regions. On this Figure
the yearly changes can be seen year-by-year as based on the in-closeness values,
are increased in the UK and Germany for investments based on the ownership of
the entities. The NUTS 3 regions can be identified that had more and more connec-
tions as targeted ones, which means more and more subsidiaries were established in
these regions. From the Figure it can be seen that this kind of investments are not
dominantly flowing out from the main countries of the European Union but remain
inside. As the dominance of UK and Germany can be clearly identified in each year,
these two main economies keep their capital mostly inside the country borders.

From this result it can be derived that even though, for example in Hungary, we
can feel that several German companies establish great investments as subsidiary
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(a) 2010 (b) 2011 (c) 2012

(d) 2013 (e) 2014 (f) 2015

(g) 2016 (h) 2017 (i) 2018

FIGURE 4.5: GEN predicted centralities between 2010-2018

establishment within our country, even more of them could be possible. The rea-
son why it is not happening can be a field of investigation about how this kind of
investment could be supported for example by governmental assistance.
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4.1.4 Identifying Economic communities

When modules are identified, groups of nodes that are more densely connected than
predicted by the null models are determined. In the case of the model by Newman
and Girvan (2004) (see Fig. 4.6-a), the modules correspond to sets of NUTS 3 regions
that exhibit stronger internal connectivity compared to their inter-module connec-
tions.

The spatial model (see Fig. 4.6-b) and the proposed GEN model (see Fig. 4.6-
c) already incorporate spatial and economic characteristics during the prediction
process. As a result, distance-dependent modules reveal communities in which
the internal regional connections are stronger than those expected by the distance-
compensated model. When modules are determined based on predictions from the
GEN model, the resulting economic communities indicate sets of regions with con-
nection strengths that exceed those explained by spatial, economic, or technological
attributes alone.

Figure 4.6 presents the modules detected according to the different null models.
Modules represented by lower values (in reddish tones) include a larger number
of regions, whereas those in bluish shades consist of fewer regions and correspond
to higher numerical labels. The modules shown in black contain only one region
each. Due to the absence of data for Turkey in the data set used, the Turkish NUTS
3 regions are displayed in white.
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(a) Newman and Girvan (2004)’s modules
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(b) Distance-dependent modules
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(c) Economic communities (2018) - GEN-model

FIGURE 4.6: Modules of NUTS 3 regions.
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(a) 2010
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(b) 2011
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(c) 2012
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(d) 2013
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(e) 2014
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(f) 2015
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(g) 2016
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(h) 2017
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FIGURE 4.7: Layers as years (2010-2018) of the found economic mod-
ules

As shown in Gadár et al. (2018), gravity-based modules are capable of delin-
eating investment catchment areas that can transcend administrative boundaries.
However, the observation that the gravity model predominantly reproduces admin-
istrative divisions implies that the formation of parent-subsidiary corporate relation-
ships remains largely constrained by these boundaries. This indicates that economic
communities are primarily structured within national borders. Moreover, it is evi-
dent that most regions in Great Britain and Germany, as well as France and Northern
Italy, form distinct and internally cohesive economic blocks.

Figure 4.7 illustrates the identified economic modules within the multilayer net-
work, where each layer corresponds to a specific year. This Figure shows the benefit
of using the multilayer approach as each layer shows a particular year. There are no
connections between the different layers, so all years are represented based on the
data related to the particular time frame. When identifying the communities within
each layer separately, the Figure can be drawn. Based on the fact that all the coloring
is used in the same way in each layer as it was used in Fig. 4.6, the temporal change
can be visually identified. Instead, all layers show a very similar formation and col-
oring, which means that no significant change between the layers can be identified,
and consequently we can say that the modules based on the GEN model are stable
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in time within the investigated time frame between 2010 and 2018.

4.2 Results of the H2020 Collaboration network analysis

4.2.1 Descriptive statistics

Table 4.6 provides an overview of the main structural metrics that describe the col-
laboration network established under the Horizon 2020 framework program.

TABLE 4.6: Descriptive statistics of network properties

Property Values

Vertices 20,172
Edges 237,084
Number of components 4,363
Average distance (vertices) 3.37862
Average distance (km) 977.65710
Density 0.00045
γ 2.56377
Assortativity -0.05226
Degree of centralization 0.12146
Betweenness centralization 0.10415
Eigenvector centralization 0.99259
Modularity 0.61364

The network is composed of 20,172 vertices (nodes), each representing an entity
- specifically organizations of at least a small size - that have participated in Hori-
zon 2020 R&D&I projects and are identified by a European Bvd ID Number in the
Orbis database. There are 237,084 edges in the network, and each edge denotes a
collaborative link formed through joint project participation.

A significant feature of the network is the presence of 4,363 distinct compo-
nents. Combined with the low density value of 0.00045, this points to a struc-
ture that is far from fully interconnected, instead consisting of many smaller, iso-
lated sub-networks. Despite this fragmentation, the average shortest path length be-
tween nodes within components is relatively low (3.37862), indicating that entities
are closely linked within their respective sub-networks. In contrast, when consid-
ering the physical (geographical) separation between entities, the average distance
increases to 977.65710 km. This suggests that collaborations frequently occur across
large geographic spans, reflecting the international nature of the network.

The network’s degree distribution, reflected by a γ value of 2.56377, aligns with
a power-law distribution. This characteristic implies that a small subset of organi-
zations serve as highly connected hubs, while most entities maintain only a limited
number of connections. Such a pattern is typical of scale-free networks Meng and
Zhou (2023) and Voitalov et al. (2019), where connectivity is highly uneven.

The value of γ comes from the following so-called power-law distribution for-
mula Barabási (2016): Pk ∼ k−γ, where Pk is the probability that a node has a degree
k, k is the degree of a node and γ is the power-law exponent.
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The negative assortativity coefficient (-0.05226) indicates a slight tendency for
highly connected organizations to collaborate with those that have fewer connec-
tions, rather than forming ties primarily with other well-connected entities. How-
ever, since this negative value is modest, the inclination for organizations to work
with dissimilar partners is present, but weak; the network does not exhibit strong
assortative or disassortative mixing.

Further insights can be drawn from the centralization measures. The degree
centralization (0.12146) is rather low, suggesting that the network does not revolve
around a few central organizations. Similarly, the betweenness centralization (0.10415)
indicates that no single entity has a dominant role in mediating collaborations or
controlling the flow of information. On the other hand, the eigenvector centraliza-
tion is notably high (0.99259), pointing to the existence of certain organizations that
are particularly influential due to their connections with other central entities.

Finally, the modularity value of 0.61364 reveals a pronounced modular structure
within the network. This high modularity signifies the existence of several well-
defined communities or clusters, where organizations are more densely connected
within their own group than with those outside it.

Table 4.7 displays key organizational metrics stratified by firm size categories.

TABLE 4.7: Key Organizational Metrics Across Firm Size Categories

Metric\Firm Size Small Medium Large Very Large

Total Assets (TA) 7,180 31,834 38,512 3,009,231
Operating Revenue (OR) 4,782 29,133 11,258 1,789,507
Profit/Loss Before Tax (PLB) 399 650 1,038 126,959
Multi-project Membership (MULTI) 0.0707 0.0872 0.0666 0.0961
Program Membership (PROG) 0.4390 0.4450 0.4210 0.4410
Number of Firms (N) 6,647 3,528 7,038 2,959

Table 4.7 reveals marked disparities in resource allocation profiles across firm
sizes. Total Assets (TA), operating revenue (OR), and profit/loss before tax (PLF)
exhibit significant heterogeneity, reflecting divergent operational scales. For exam-
ple, very large firms report TA values three orders of magnitude greater than small
firms (3,009,231 vs. 7,180). In contrast, the multi-project (MULTI) and program
(PROG) membership metrics show minimal variation, with all size categories clus-
tering close to 0.07–0.10 and 0.42–0.45, respectively.

Stratified analysis indicates that very large and medium companies exhibit slightly
higher multi-project engagement (MULTI = 0.0961 and 0.0872), although these val-
ues remain consistently low across all categories. Program membership (PROG)
demonstrates greater uniformity, with all groups maintaining values between 0.42
and 0.45. This consistency, coupled with the high values N (particularly for small
and large firms), suggests a systematic preference for collaborative engagements
with partners who have prior project experience, regardless of organizational size.
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4.2.2 Findings from Generic Machine Learning Approaches

TABLE 4.8: Group mean in LDA, the exponent of coefficients
(Exp(β)), and significances in LogR. (Variable groups: c: Coorporate;

C: Collaboration; E: Economy; T: Technology)

Group mean (LDA) LogR Group mean (LDA) LogR
Partners 0 1 Exp(β) Coordinators 0 1 Exp(β)

C
oo

rp
or

at
e

(c
)

FROM_TA −0.0943 0.1243 1.0000 ∗ ∗ TO_TA −0.0980 0.1291 1.0000 ∗ ∗
FROM_SR 0.0357 −0.0470 0.9986 ∗ ∗∗ TO_SR 0.0354 −0.0467 0.9986 ∗ ∗∗
FROM_SH −0.0946 0.1246 1.0000 ∗ ∗ TO_SH −0.0997 0.1313 1.0000 ∗ ∗
FROM_RB −0.0309 0.0407 1.0005 ∗ ∗∗ TO_RB −0.0313 0.0412 1.0005 ∗ ∗∗

FROM_RCB −0.0284 0.0375 1.0004 TO_RCB −0.0297 0.0392 1.0004
FROM_PM −0.0382 0.0503 1.0020 ∗ ∗∗ TO_PM −0.0407 0.0537 1.0021 ∗ ∗∗
FROM_PLF −0.0851 0.1122 1.0000 TO_PLF −0.0881 0.1160 1.0000
FROM_PLB −0.0852 0.1123 1.0000 TO_PLB −0.0875 0.1153 1.0000
FROM_OR −0.1036 0.1365 1.0000∗ TO_OR −0.1075 0.1417 1.0000
FROM_FA −0.0870 0.1146 1.0000 ∗ ∗∗ TO_FA −0.0908 0.1197 1.0000 ∗ ∗
FROM_EN −0.1079 0.1421 1.0000 TO_EN −0.1144 0.1507 1.0000
FROM_CR 0.0177 −0.0233 0.9996 TO_CR 0.0170 −0.0224 0.9981
FROM_CF −0.0837 0.1103 1.0000 TO_CF −0.0880 0.1160 1.0000

FROM_Size −0.1702 0.2242 1.1938 ∗ ∗∗ TO_Size −0.1831 0.2413 1.2054 ∗ ∗∗

(E
) FROM_GDP −0.0863 0.1137 1.0000 TO_GDP −0.0937 0.1234 1.0000

FROM_CI −0.0352 0.0464 0.9941 ∗ ∗∗ TO_CI −0.0368 0.0485 0.9938 ∗ ∗∗
FROM_Pov 0.0195 −0.0257 1.0008 TO_Pov 0.0185 −0.0244 1.0013

(T
)

FROM_PI −0.1063 0.1400 1.0000 TO_PI −0.1127 0.1485 1.0000

(C
) FROM_EC −0.1725 0.2273 1.0000 ∗ ∗∗ TO_EC −0.1831 0.2412 1.0000 ∗ ∗∗

FROM_MULTI −0.1857 0.2446 17.0223 ∗ ∗∗ TO_MULTI −0.1945 0.2562 20.1564 ∗ ∗∗
FROM_PROG −0.0845 0.1113 0.5638 ∗ ∗∗ TO_PROG −0.0880 0.1160 0.5737 ∗ ∗∗

Edges 0 1 Exp(β)

(C
) Dist 0.1142 −0.1504 0.9998 ∗ ∗∗

FP7 −0.0413 0.0544 72.2008

Table 4.8 summarizes the standardized group means for linked (1) and unlinked
(0) organizational nodes, along with the discriminant function coefficients stratified
by partnership and coordination roles. The table differentiates between vertex-level
indicators (for example, partner / coordinator status) and edge-level metrics (for
example, geographical distance Dist and FP7 collaboration history). The variables
are categorized into four thematic groups: corporate (c), economic (E), technological
(T), and collaboration (C) variables.

The analysis of corporate variables reveals that organizations engaging in col-
laborative activities generally exhibit more favorable characteristics. These include
higher values of Total Assets (TA) (as evidenced by the group means for both FROM_TA
and TO_TA), Fixed Assets (FAs), improved Shareholder Funds (SH), ROE using P/L
before tax (%) (RB), and ROCE using P/L before tax (%) (RCB), as well as increased
Profit margin (%) (PM), Operation revenue (OR), P/L before tax (PLF), and P/L for
period (PLF). Notably, only two corporate indicators, Current ratio (CR) and Sol-
vency Ratio (asset based) (%) (SR), are observed to be lower among collaborating
firms. Furthermore, when focusing on coordinators, the disparity in group means
is even more pronounced, underscoring the heightened importance of robust corpo-
rate characteristics for organizations assuming coordinator roles.

Favorable conditions extend beyond internal resources to encompass the broader
economic environment. Firms involved in collaborations tend to be located in re-
gions with stronger economic indicators, such as higher GDP, reduced poverty rates,
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and a more sustainable economy (reflected in a higher CI). The elevated patent val-
ues observed in collaborative organizations further highlight the significance of tech-
nological capability, indicating that technological background is a crucial factor in
fostering collaboration.

From a network perspective, the propensity to initiate collaborations is linked
to structural network features. As discussed previously, the network demonstrates
scale-free properties, with project contributions and funding predominantly concen-
trated among a limited number of entities. This is reflected in the tendency of organi-
zations to seek partnerships with those that exhibit higher Earned contribution (EC).
Entities with extensive experience in managing multiple projects (MULTI) and a his-
tory of successful project participation (PROG) are more likely to engage in future
collaborations.

Edge-level collaboration metrics indicate that the likelihood of cooperation de-
creases as the geographical distance between partners increases. In contrast, a his-
tory of previous collaboration under previous framework programs significantly en-
hances the probability of renewed cooperation. Upon dividing the dataset into train-
ing and testing subsets, the model achieved an accuracy of 0.77 and an F1 score of
0.85 in the test set, which is considered a strong performance for a general-purpose
algorithm. The application of the QDA method yielded even higher accuracy (0.82)
and an F1 score of 0.89, suggesting the presence of non-linear relationships between
variables. Nevertheless, LDA still delivers satisfactory accuracy and offers valuable
insights into the characteristics of the independent variables.

Table 4.8 further details the statistical significance of the explanatory variables.
For both partners (FROM) and coordinators (TO), the corporate indicators RCB, PLF,
PLF, Number of employees (EN), CR, and Cash flow (CF) were statistically insignif-
icant. Among economic indicators, only the corruption index demonstrated sig-
nificance, while all collaboration metrics except the previous collaboration history
were significant. Due to the disparate scaling between explanatory and response
variables, the odds ratios approximated 1. Consequently, the group mean values
derived from LDA proved to be more interpretable than the coefficients, particu-
larly since the minor values of β caused sign reversals relative to the standard LDA
outputs. However, three significant variables yielded noteworthy interpretations.

Consistent with the findings of LDA, larger organizations exhibited a higher
propensity for collaboration. The LogR model quantified this relationship, revealing
that larger firms had a 19.38% increased likelihood of acting as partners and a 20.54%
greater probability of assuming coordinator roles. The parallel project engagement
metric (MULTI) produced the strongest odds ratio: organizations involved in con-
current collaborations were 17 times more likely to become partners and 20 times
more likely to serve as coordinators in new projects.

In particular, the coefficient for program participation history (PROG) was neg-
ative, suggesting that previous success in similar projects does not systematically
predict future collaboration opportunities. This finding appears to contradict the re-
sults of LDA, which indicated that partners frequently participate in projects based
on previous initiatives. Although the coefficient for previous collaboration under
previous framework programs was numerically large, its statistical insignificance
(attributable to low prevalence in the dataset) limits interpretability.

The LogR method outperformed other techniques, achieving an accuracy of 0.83
and an F1 score of 0.90. However, like LDA and QDA, it remains constrained by an
inability to address multicollinearity among predictors. This limitation motivated
the supplementary use of non-generic, black-box machine learning approaches.
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4.2.3 Analysis of Feature Importance Using Random Forest-Based Ap-
proaches

To assess the importance of variables in link prediction tasks, RF algorithms were
utilized. The variable selection was performed using the Boruta algorithm. Fol-
lowing this selection process, both standard and parameter-optimized (fine-tuned)
versions of the RF method were applied.

Figure 4.8 presents the results of the Boruta-based feature selection procedure.
sh

ad
ow

M
in

sh
ad

ow
M

ea
n

sh
ad

ow
M

ax
F

P
7

F
R

O
M

_S
iz

e
TO

_S
iz

e
F

R
O

M
_C

R
F

R
O

M
_C

F
F

R
O

M
_S

R
TO

_C
R

TO
_C

F
TO

_F
A

F
R

O
M

_F
A

F
R

O
M

_R
C

B
F

R
O

M
_R

B
F

R
O

M
_P

ov
TO

_R
C

B
TO

_S
R

F
R

O
M

_P
M

TO
_P

LF
F

R
O

M
_P

LF
TO

_S
H

F
R

O
M

_S
H

F
R

O
M

_G
D

P
F

R
O

M
_T

A
TO

_T
A

TO
_R

B
TO

_P
ov

TO
_P

M
F

R
O

M
_C

I
F

R
O

M
_P

LB
TO

_G
D

P
TO

_P
LB

F
R

O
M

_O
R

TO
_O

R
TO

_C
I

F
R

O
M

_P
I

TO
_P

I
TO

_E
N

F
R

O
M

_E
N

TO
_P

R
O

G
F

R
O

M
_P

R
O

G
D

is
t

TO
_M

U
LT

I
F

R
O

M
_M

U
LT

I
F

R
O

M
_E

C
TO

_E
C

0

20

40

60

80

100

Im
po

rt
an

ce

Variable Categories

Collaboration
Corporate
Technology
Economy

FIGURE 4.8: Feature importance as determined by the Boruta algo-
rithm

Unlike the results obtained from LogR, the Boruta algorithm identified all vari-
ables as important, as their importance scores significantly exceeded those of the
randomly generated (shadow) features. Among these, the most influential predic-
tors were the earned contribution (EC) and the average rate of parallel project com-
pletion (MULTI). This outcome is consistent with the principle of preferential attach-
ment or cumulative advantage, indicating that organizations that already have ex-
tensive connections and a history of multiple simultaneous projects are more likely
to attract additional collaborations. In contrast, entities with fewer existing connec-
tions face greater challenges in establishing new collaborations, a barrier that ap-
pears to be more substantial than even geographical distance, which ranked as the
fifth most significant factor.

Collaboration-related variables, specifically PROG, were ranked as the sixth and
seventh most important features, underscoring the relevance of previous successful
project experience in fostering new partnerships. Although the analysis LogR sug-
gested that previous experience does not necessarily facilitate the continuation of
specific research lines, the results LDA indicated a higher participation rate in such
programs among collaborating organizations.
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FIGURE 4.9: Feature importance values from RF models

Variables reflecting corporate, technological, or economic attributes only appeared
from the eighth position onward. Among corporate indicators, the number of em-
ployees (EN) emerged as the most significant, highlighting the importance of or-
ganizational resources. The number of patents (PI) served as a proxy for techno-
logical capacity, while GDP per capita represented the economic context. The final
relevant variable was the prior collaboration between organizations in the previous
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framework program (7th Framework Programme (FP7)). In particular, the Boruta
algorithm did not classify any feature as irrelevant.

Figure 4.9 illustrates the feature importance scores derived from the algorithm
RF, both prior to parameter optimization (Fig. 4.9(a)) and following parameter tun-
ing (Fig. 4.9(b)). Distinct categories of indicators are visually differentiated by color.
Feature importance is quantified by the mean decrease in the Gini index, which re-
flects the average reduction in Gini impurity contributed by a given variable when
it is utilized to split a decision node within the ensemble of trees.

Consistent with the Boruta results (see Fig. 4.8), Figure 4.9 demonstrates that
the top seven predictors of link formation are collaboration-related indicators. Be-
yond earned contribution (EC), indicators that capture the completion structure of
the project, such as MULTI and PROG, emerge as the most influential in the creation
of new collaborative ties, surpassing even geographical distance in importance. Al-
though parameter tuning of the RF model resulted in negligible improvements in
accuracy and F1 score, it did alter the relative importance of some variables, bring-
ing the results into closer alignment with those obtained using the Boruta method
(compare Fig. 4.8 and Fig. 4.9(b)).

After tuning, the most prominent corporate predictors were the number of em-
ployees (EN), GDP per capita, and the number of patents (PI). In particular, the num-
ber of employees (EN) was of the highest importance among the corporate variables,
while the organizational size was comparatively less influential within this group.
These findings underscore that R&D&I collaborations are typically dependent on
human capital, implying that organizations with ample human resources are better
positioned to participate in collaborative projects.

4.2.4 Black-box prediction methods results

Although the RF approach is classified as a black-box method, it still allows the inter-
pretation of variable importance. Conversely, when the primary objective is to max-
imize the accuracy of edge prediction and to employ robust techniques that remain
effective under less restrictive conditions, the application of non-generic black-box
methods is warranted. The performance metrics of both generic (LDA, QDA, and
LogR) and non-generic algorithms, including RF, SVM, and XGBoost, in the test
dataset, are presented in Table 4.9.

TABLE 4.9: Results of link prediction on the test dataset. (T: Tuned
method)

LDA QDA LogR SVM SVM (T) RF RF (T) XGBoost XGBoost (T)

Accuracy 0.771900 0.817738 0.832748 0.844329 0.820240 0.856434 0.859057 0.853206 0.863374
Kappa 0.379527 0.371745 0.472292 0.535281 0.498282 0.587077 0.610799 0.580088 0.620298

Accuracy (Lower) 0.766624 0.812874 0.828043 0.839755 0.815401 0.852006 0.854662 0.848738 0.859035
Accuracy (Upper) 0.777112 0.822527 0.837376 0.848822 0.825003 0.860778 0.863367 0.857590 0.867627

Accuracy (Null) 0.767704 0.767704 0.767704 0.767704 0.767704 0.767704 0.767704 0.767704 0.767704
Accuracy PValue 0.059524 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000 0.000000

McNemar PValue 0.000000 0.000000 0.000000 0.000000 0.267566 0.000000 0.000020 0.000000 0.012707
Sensitivity 0.838116 0.962262 0.939399 0.924997 0.880952 0.917429 0.901556 0.913014 0.907180
Specificity 0.553066 0.340108 0.480285 0.577731 0.619594 0.654855 0.718603 0.655550 0.718603

Pos Pred Value 0.861062 0.828154 0.856602 0.878632 0.884439 0.897799 0.913706 0.897541 0.914195
Neg Pred Value 0.508301 0.731689 0.705717 0.699769 0.611626 0.705860 0.688353 0.695156 0.700830

Precision 0.861062 0.828154 0.856602 0.878632 0.884439 0.897799 0.913706 0.897541 0.914195
Recall 0.838116 0.962262 0.939399 0.924997 0.880952 0.917429 0.901556 0.913014 0.907180

F1 0.849434 0.890185 0.896092 0.901219 0.882692 0.907508 0.907590 0.905211 0.910674
Prevalence 0.767704 0.767704 0.767704 0.767704 0.767704 0.767704 0.767704 0.767704 0.767704

Detection Rate 0.643425 0.738732 0.721180 0.710124 0.676310 0.704313 0.692128 0.700924 0.696445
Detection Prevalence 0.747246 0.892023 0.841908 0.808215 0.764677 0.784489 0.757495 0.780939 0.761813

Balanced Accuracy 0.695591 0.651185 0.709842 0.751364 0.750273 0.786142 0.810080 0.784282 0.812892
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Table 4.9 shows that the highest predictive accuracy (0.863374) is achieved by
the tuned XGBoost method, closely followed by the optimized RF model (accuracy
= 0.859057). These methods also exhibit the highest kappa values, reflecting strong
agreement between predicted and observed classifications. In terms of sensitivity
(true positive identification), the QDA and tuned SVM methods perform optimally,
with scores of 0.962262 and 0.924997, respectively. However, these approaches are
associated with reduced specificity (true negative identification).

The tuned RF and tuned XGBoost models yield the highest positive predictive
value (proportion of true positives among positive predictions) alongside the supe-
rior precision, recall and F1 scores. Consequently, these methods are identified as the
most effective for link prediction in the analyzed collaboration network, achieving
maximum accuracy, balanced accuracy, and robust performance in complementary
metrics.

All evaluated methods significantly outperform the null accuracy baseline (see
Section 3.3.2 - 0.767704), which represents the performance of a classifier that exclu-
sively predicts the majority class. This confirms the non-trivial predictive capacity
of the algorithms tested. The comparatively lower performance of generic meth-
ods such as LDA and non-generic approaches such as SVM suggests the presence of
nonlinear relationships between explanatory and response variables.

The SVM algorithm was tested using multiple kernel functions, with the radial
kernel and the C-classification approach delivering the highest accuracy. However,
parameter optimization provided only marginal improvements across all methods,
indicating limited gains from hyperparameter tuning in this context.

4.2.5 Comparative Analysis of Network Structure Prediction Performance

The predictive performance of the link estimation models was evaluated across the
entire collaboration network. The structural discrepancies between the original (G)
and predicted (Ĝ) networks are quantified in Table 4.10.

TABLE 4.10: Prediction accuracy and structural discrepancies be-
tween original (G) and predicted (Ĝ) collaboration networks across

models

Network LDA QDA LogR SVM SVM (T) RF RF (T) XGBoost XGBoost (T)

Accuracy (all) 0.718438 0.710722 0.775996 0.834299 0.875079 0.965371 0.965989 0.965583 0.928062

St
ru

ct
ur

al
di

sc
re

pa
nc

ie
s Nodes 0 0 0 0 0 0 0 0 0

Edges -15208 -25859 -15199 -7349 -2514 -634 -37 -257 65
Number of com-
ponents

72 80 61 59 39 6 5 4 12

Assortativity -0.011348 -0.012460 -0.010368 -0.007606 -0.006570 -0.001907 -0.001688 -0.001850 -0.003846
Density -0.000037 -0.000064 -0.000037 -0.000018 -0.000006 -0.000002 0.000000 -0.000001 0.000000
Average path
length

-0.133734 -0.076950 -0.090980 -0.118293 -0.111480 -0.023049 -0.026438 -0.027690 -0.068630

Degree central-
ization

0.016423 0.005245 0.010920 0.014792 0.015103 0.003745 0.004784 0.004835 0.011725

Betweenness cen-
tralization

0.008601 -0.000696 0.002107 0.008538 0.008352 0.001353 0.002279 0.002573 0.007204

Eigenvector cen-
tralization

0.001202 0.001095 0.000603 0.000842 0.000850 0.000205 0.000234 0.000231 0.000568

Modularity -0.009708 -0.012783 -0.012964 -0.002644 -0.006250 -0.002112 0.002740 -0.001129 -0.000958

A
vg

ab
s.

di
ff

.

Degree centrality 2.338588 2.835713 2.069601 1.485227 1.074658 0.320742 0.304680 0.325104 0.648721
Normalized
betweenness
centrality

0.202733 0.145354 0.140855 0.170489 0.158315 0.038794 0.043452 0.046068 0.110242

Eigenvector cen-
trality

0.001912 0.001736 0.001493 0.001430 0.001455 0.000483 0.000510 0.000520 0.001088
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The QDA method exhibited the lowest overall accuracy (0.710722), and all generic
algorithms achieved sub-0.78 accuracy scores. All methods overestimated edge counts,
as evidenced by negative discrepancies between G and Ĝ. Consequently, predicted
networks were characterized by fewer disconnected components and marginally
higher density.

The predicted networks exhibited structural parameters closely aligned with those
of the original network, although a systematic reduction in disassortative mixing
and network concentration was observed (negative assortativity differences, posi-
tive centrality differences). The mean absolute discrepancy in the values of DC sug-
gests that the top performing methods (RF, XGBoost) estimate organizational part-
nership counts within ±1 partner. The most pronounced discrepancy was observed
in normalized BC estimates, with LDA yielding the largest deviation (0.202733).
Eigenvector centrality distributions were accurately replicated across methods, with
maximal average absolute differences below 0.2%.

Parameter tuning in non-generic methods provided negligible improvements in
prediction fidelity, with certain structural metrics, such as centralization measures,
showing marginal degradation.

Given that link prediction accuracies were found to be satisfactory not only on
the test and training datasets, but also across the entire network, and considering
that the discrepancies in structural parameters were minimal, the prediction of col-
laborative ties and the identification of organizations occupying central roles in the
collaboration network can be regarded as feasible. The optimal non-generic method
achieved an overall accuracy of 0.928, indicating that 92.8% of link predictions were
correct. The results for the most collaborative organizations, as determined by pre-
dicted degree centrality, are presented in Table 4.11.

TABLE 4.11: Top collaborators by their degree of centrality (links)
and predictions based on generic (LDA, QDA, LogR) and non-generic

methods. (T: Tuned method)

Ord. Org. ID Org. Name Orig. DC LDA QDA LogR SVM SVM (T) RF RF (T) XGBoost XGBoost (T)

1 DE8170003303 FRAUNHOFER-
GESELLSCHAFT ZUR
FOERDERUNG DER
ANGEWANDTEN
FORSCHUNG EINGE-
TRAGENER VEREIN

4918 4257 4709 4479 4322 4309 4767 4725 4723 4445

2 BE0419052173 INTERUNIVERSITAIR
MICRO-ELECTRONICA
CENTRUM

1870 1471 1736 1567 1499 1474 1761 1744 1739 1565

3 DK30060946 DANMARKS TEKNISKE
UNIVERSITET

1687 1464 1602 1552 1497 1470 1627 1620 1620 1532

4 BE0425260668 KATHOLIEKE UNIVER-
SITEIT TE LEUVEN

1455 1449 1454 1451 1451 1450 1455 1454 1454 1453

5 DE5030021537 DEUTSCHES ZEN-
TRUM FUER LUFT- UND
RAUMFAHRT E.V.

1372 1198 1316 1258 1216 1203 1335 1326 1318 1261

6 DK31119103 AARHUS UNIVERSITET 1233 1137 1172 1130 1127 1114 1186 1180 1187 1157
7 NL09098104 STICHTING WAGENIN-

GEN RESEARCH
1200 1103 1167 1115 1107 1107 1185 1179 1182 1134

8 NO919303808 SINTEF AS 1191 1094 1158 1108 1097 1087 1167 1162 1162 1124
9 BE0248015142 UNIVERSITEIT GENT 1150 1064 1146 1104 1087 1083 1123 1115 1114 1110

10 AT9110045499 AIT AUSTRIAN INSTI-
TUTE OF TECHNOLOGY
GMBH

1115 1054 1111 1046 1050 1047 1115 1114 1112 1073

As shown in Table 4.11, the leading collaborators are predominantly higher edu-
cation institutions, such as the Denmark University of Technology, Aarhus Univer-
sity, University of Gent, and University of Leuven; research centers, including Sticht-
ing Wageningen Research and Interuniversitair Micro-electronica Centrum; and in-
novative, technology-oriented enterprises, such as Fraunhofer-Gesellschaft zur Förderung
der Angewandten Forschung e. V. (Fraunhofer) and the AIT Austrian Institute of
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Technology GmbH. Across all methods, the number of links was generally underes-
timated, with the most accurate predictions provided by the RF approaches.

The highest observed DC value corresponded to Fraunhofer-Gesellschaft zur
Förderung der Angewandten Forschung e. V. (Fraunhofer), a German organization
with approximately 30,000 employees. Recognized as the largest provider of applied
research and development services in Europe, Fraunhofer occupies a central position
within the German research landscape, collaborating extensively with universities,
the Max Planck Society, the Helmholtz Association of German Research Centers, the
Gottfried Wilhelm Leibniz Scientific Association and the German Research Associ-
ation. The headquarters is located in Munich, Germany. The remaining top collab-
orators are also closely linked to universities, with most non-university institutions
ultimately owned or governed by academic entities.

4.2.6 Identification of Collaboration Communities

Collaboration communities are defined as sets of organizations where the observed
collaborative ties exceed the predictions of the link estimation model. The opti-
mal link prediction method (RF) underestimated collaborations by merely 1,618 in-
stances across 1,198 organizations. The spatial distribution of these underestimated
collaborations is visualized in Figure 4.10.
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FIGURE 4.10: Economic collaboration communities. Nodes corre-
spond to organizations, with edges representing underestimated col-
laborations between partners and coordinators. Node size scales with
the logarithm of the logarithm of DC values. Modules are differenti-

ated by color.

The identified communities comprised seven distinct components and 25 mod-
ules. As geographical distance was included as a predictor variable in the link es-
timation model, the module composition is geographically agnostic. However, Fig-
ure 4.10 reveals strong spatial clustering within the core EU nations, particularly
Germany and the UK. The UK remains interconnected with continental Europe via
hundreds of collaborative ties, a pattern likely to face disruption due to Brexit.

Module assignments (indicated by color) show no strict alignment with admin-
istrative boundaries. The largest modules (red) are predominantly concentrated in
Germany and the United Kingdom. Communities in emerging EU member states
exhibit greater heterogeneity and fewer underestimated collaborations.

The identified modules are referred in Table 4.12. The table shows the different
modules identified by the number in column name Module, the number of entities
relating to each module, and the affected countries from which the corresponding
firms originate (please note that for UK the GB notation is used as official country
code). There are big differences between the number of companies included in dif-
ferent modules. Although an investigation was conducted on the basis of the results
shown in the table, a clear and comprehensive identification was not possible for
the different modules. It was not successful in giving a proper explanation which
would underline the clear and exact differentiation rule between the 25 modules
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found. This indicates a new possible way for future research and investigation with
probable participation of further information and data.

TABLE 4.12: Identified modules with the number of member firms
and countries in them

Module Member count Countries

1 162 AT, BE, BG, CH, CZ, DE, DK, EE, ES, FI, FR, GB, HR, HU, IE, IS, IT, LT, LU, LV, MT, NL, NO, PL, PT, RO, SE, SI, SK
2 128 AT, BE, CH, DE, DK, ES, FI, FR, GB, HR, IE, IT, LT, LU, MT, NL, NO, PL, PT, RO, SE, SI, SK
3 108 AT, BE, BG, CH, CY, CZ, DE, DK, ES, FI, FR, GB, GR, HR, HU, IE, IS, IT, LT, LU, LV, MT, NL, NO, PL, PT, RO, SE, SI, SK
4 83 AT, BE, CH, CZ, DE, DK, ES, FI, FR, GB, HR, IE, IS, IT, LT, LU, MT, NL, NO, PL, PT, RO, SE, SI, SK
5 82 AT, BE, BG, CH, DE, DK, ES, FR, GB, HU, IS, IT, LT, LU, MT, NL, NO, PL, PT, RO, SE, SI, SK
6 69 AT, BE, CH, CZ, DE, DK, ES, FR, GB, GR, HU, IT, LT, LU, MT, NL, NO, PL, PT, RO, SE, SI, SK
7 69 AT, BE, CH, CZ, DE, DK, ES, FI, FR, GB, HU, IE, IS, IT, LT, LU, MT, NL, NO, PL, PT, RO, SE, SI, SK
8 67 AT, BE, BG, CZ, DE, DK, EE, FI, FR, GB, GR, HU, IE, IS, IT, LT, LU, LV, MT, NL, NO, PL, PT, RO, SE, SI, SK
9 58 AT, BE, CH, CZ, DE, EE, ES, FI, FR, GB, HU, IE, IS, IT, LT, LU, LV, MT, NL, NO, PL, PT, RO, SE, SI, SK

10 50 AT, BE, CH, DE, DK, ES, FI, FR, GB, HU, IE, IT, LT, LU, MT, NL, NO, PL, PT, RO, SE, SI, SK
11 50 AT, BG, CH, CY, CZ, DE, DK, ES, FI, FR, GB, HU, IE, IS, IT, LT, LU, LV, MT, NL, NO, PL, PT, RO, SE, SI, SK
12 48 AT, BE, CZ, DE, DK, ES, FR, GB, IE, IS, IT, NL, NO, PL, PT, RO, SE, SI, SK
13 44 BE, BG, CH, CZ, DE, ES, FR, GB, GR, IT, LU, NL, NO, PL, PT, RO, SE, SI, SK
14 39 AT, BE, BG, CH, DE, DK, ES, FI, FR, GB, HU, IE, IT, LT, LU, NL, NO, PL, PT, RO, SE, SI, SK
15 39 AT, BE, CH, DE, DK, FR, GB, HU, IE, IT, PL, SE
16 29 AT, BE, CH, DE, FR, GB, GR, IT, LT, NL, NO, RO
17 24 AT, BE, DE, ES, FI, FR, GB, IE, IT, NL, PT, SE
18 16 BE, BG, CZ, DE, FI, FR, GB, LT, NL, PT, SE
19 9 AT, ES, FR, GB, IT, NL, NO, PL
20 8 DK, ES, FI, HU, NL, PL
21 7 ES, FI, FR, HU, LT, UA
22 3 DE, ES, NO
23 2 BG
24 2 FR, PL
25 2 FR, NL
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Chapter 5

Discussion

The establishment of subsidiaries can be interpreted as a form of investment in
which a parent company initiates operations in a new geographic region or coun-
try. This process involves the transfer of technological assets to the new location and
the generation of employment opportunities. Consequently, the analysis of such cor-
porate networks is of significant importance. However, comprehensive coverage of
economic and ownership relationships between firms remains underrepresented in
existing databases.

The proposed annual gravity model has shown that subsidiary formations are
driven by technological and economic disparities (Table 4.2), with capital flows ob-
served from the more developed regions to less developed ones. Integration with
network models has also revealed that such investments are predominantly domes-
tic (Figs. 4.6-4.7). Despite efforts by the European Union to promote integration,
administrative boundaries continue to exert substantial influence on ownership net-
work structures (see the subfigures in Fig. 4.6), with minimal evolution observed
during the study period (Fig. 4.7).

The proposed annual GEN models are identified as the most effective in explain-
ing the formation dynamics of corporate ownership networks (Fig. 4.1; centrality
estimates in Table 4.4). These models also accurately predict regions with the high-
est investment attractiveness (Table 4.5). Through the integration of GEN with mod-
ule detection algorithms, economically coherent communities can be delineated and
rationalized. This combined approach highlights the central role of core nations —
including France, Germany, Great Britain, and the Benelux countries — in shaping
ownership patterns (Figs. 4.3-4.6). In particular, the depth of integration of Great
Britain within European economic networks (Fig. 4.5) underscores its pivotal posi-
tion within these core communities (Fig. 4.6).

All analytical approaches confirm that the collaboration network under investi-
gation is both extensive and highly structured. The H2020 collaboration network
has been characterized as highly concentrated yet fragmented, with a limited num-
ber of intermediate connecting communities (see Table 4.6). This network structure
has been shown to be conducive to the application of link prediction methodologies
(Zhou et al., 2009). Almost half of the organizations that possess a Bvd Id number
in Orbis database – and therefore access to corporate data – are classified as large
or very large companies (see Table 4.7). These entities are considerably more capital
intensive than small and medium-sized enterprises, whose support remains a core
objective of H2020. Although Fig. 4.8 demonstrates the importance of all variables
incorporated in the link prediction model, the findings indicate that organizations
with substantial capital, as well as robust economic and technological backgrounds,
display a higher propensity for collaboration (see Table 4.8; cf. Fig. 4.9). This ten-
dency is even more pronounced among coordinators. Participation in multiple con-
current projects (as indicated by MULTI) or a record of previous successful projects
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(as indicated by PROG) significantly enhances the likelihood of collaboration.
This outcome accounts for the high concentration, fragmentation, and emergence

of small collaborative communities observed. Similar patterns were anticipated
based on previous research Roediger-Schluga and Barber (2008) and Scherngell and
Lata (2013); however, it has been established that the indicators MULTI and PROG,
together with earned contribution (EC), exert a dominant influence on the evolution
of collaborative relationships (see Fig. 4.9). These insights were made possible by
utilizing a comprehensive dataset integrating multiple sources - Orbis, Cordis, Pat-
stat, and Eurostat — thereby enabling the examination of novel variables, the iden-
tification of new relationships, and the achievement of high prediction accuracy.

Both generic approaches (such as LDA, QDA, and LogR) and non-generic black-
box methods (such as SVM, RF, and XGBoost) have demonstrated the capacity to
predict collaborative links. Although nongeneric methods achieved superior preci-
sion (see Table 4.9), interpretability was mainly supported by generic methods and
the RF approach. The parameter tuning of non-generic methods only marginally
improved the prediction performance (see Table 4.9; Table 4.10). The application
of these methods resulted in notable improvements in predictive performance com-
pared to previous studies on collaboration analysis (Chen et al., 2021; Wang et al.,
2015a).

Analysis of current collaboration measures indicates that these partnerships ex-
hibit a degree of predictability, suggesting a relatively fixed and stable network
structure. Such stability can have both beneficial and adverse consequences. Pre-
dictable collaborations often reflect long-lasting and well-established partnerships,
which can facilitate continuity in research and innovation activities. The ability to
anticipate successful collaborations allows organizations to allocate resources effi-
ciently and prioritize strengthening existing relationships. Predictable partnerships
can also foster mutual trust, effective communication, shared goals, and positive out-
comes. Conversely, entrenched partnerships may constrain the exploration of new
ideas, technologies, or methodologies. Organizations that do not actively pursue
diverse collaborations may miss opportunities for innovation and growth. Excess
predictability can also discourage risk taking and exploration of new domains, thus
impeding innovation and reducing organizational dynamism. Furthermore, a lack
of diversity in perspectives, expertise, and resources may limit the ability to address
complex challenges and stifle creativity.

The results further indicate that collaboration within the network is self-concentra-
ting. The dominance of organizations with strong corporate, technological, or eco-
nomic profiles is evident; however, in several instances, the actual number of con-
nections is lower than predicted, resulting in a network that is more fragmented and
concentrated than the predicted subgraph (see Table 4.10). This observation sug-
gests the presence of additional undisclosed mechanisms that intensify concentra-
tion and fragmentation. In the case when all the investigated models underestimate
the number of links in the networks, the most prominent and highly connected orga-
nizations still persist (see Table 4.11). These entities form collaboration communities
that are geographically concentrated in Western Europe, specifically in Germany,
Great Britain, Spain, and Italy (see Fig. 4.10). Such novel and significant findings
are only discernible through the analysis of outliers, underscoring the importance of
investigating weak signals in collaboration network analysis.
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Chapter 6

Threats to Validity

The impact of threats to validity must be carefully considered throughout both the
research process and the interpretation of the results. Although validity is an aspi-
rational objective that cannot be guaranteed, the adoption of a structured approach
from the literature, including conclusion, internal, construct and external validity
Wohlin et al. (2012), enables the identification and mitigation of potential threats. In
this dissertation, the analysis of validity will be addressed in detail in the following
section.
Internal Validity refers to the extent to which a study can demonstrate a cause-and-
effect relationship between the independent and dependent variables. Threats to
internal validity often arise from factors such as selection bias, history, maturation,
testing effects, instrumentation, and extraneous variables. Campbell’s foundational
work outlined specific threats to internal validity, which highlight the need for rig-
orous experimental controls to draw accurate inferences (Shadish, 2010).

In this work, during the construction of the data set for collaboration investiga-
tion, the members of the training and the test set were randomized, as mentioned in
Section 3.3.2. The relationships between different variables were also examined and
handled. For the ownership network, the complete data set was used, no subset was
created, and only the missing values were excluded. With the number of executions
of generic and nongeneric methods, the proposals from the relevant literature were
used.
External Validity involves the generalization of research findings beyond specific
study conditions to larger populations or different contexts. Factors that can threaten
external validity include the selection of study participants, the specificity of the in-
terventions used, and the environmental context in which the research is conducted.

During this work, only real-life databases were used, which contain data and
information about real-world entities, and descriptive values were not changed, only
used. Therefore, the information is not biased from any simulation result although
due to the incompleteness of the databases some exclusion was made to include only
relevant and consistent data into the examination. Therefore, the generalization of
the usage of the proposed models and methods is possible as was also discussed
earlier, and also the results can be considered as valid for real-world scenarios.
Construct Validity examines whether a study truly measures what it aims to measure.
Threats include insufficient operational definitions and measurement tools that do
not capture the intended constructs effectively. Research has revealed that a sub-
stantial number of studies do not discuss how their measures align with the under-
lying constructs of interest, raising concerns about their construct validity (Sjøberg
and Bergersen, 2023). Poor operationalization can mislead research conclusions and
skew findings, suggesting the need for a comprehensive assessment of construct va-
lidity throughout the research process (Lambert and Newman, 2022).
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In this dissertation, the construction of the dataset, the investigation of the data,
and also the methods used and applied were documented in Chapter 3. All methods
and models used were inspected and the benefits as well as the weaknesses of them
were considered and described. Several different methods and models were used
and were transparently shown with the exact results and outcomes.
Conclusion Validity focuses on the proper application of statistical analyzes to derive
conclusions from data. Issues such as low statistical power, incorrect use of statistical
tests, and misinterpretation of results pose significant threats to conclusion validity.
It has been established that many studies do not adequately address the validity of
statistical conclusions, relying on flawed analytical approaches that yield incorrect
conclusions.

In this work, all statistical significance was checked and properly documented
and, where the desired significance level was not achieved, the possible reasons were
identified and discussed. Conclusions were peer-reviewed with experts in the areas
and also compared with the results of the already available literature. The tests and
methods used were also verified and, as was referred to earlier, are widely used in
the area of research.
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Chapter 7

Summary and Conclusion

This dissertation, on the one hand, is focused on the integration of network anal-
ysis with descriptive and economic factors within explanatory frameworks, lever-
aging the strengths of diverse methodological approaches. A generalized yearly
gravity-based economic null GEN model is proposed to predict the spatial structure
of corporate ownership networks. Compared to the models introduced by Newman
and Girvan (2004) and Expert et al. (2011), gravity-based approaches are shown to
produce better estimates of global network properties, including centrality metrics.
Furthermore, a gravity-driven modularity measure is introduced to delineate eco-
nomically coherent communities, while the annualized formulation of the model
enables the examination of temporal evolution in these communities.

The GEN model is positioned as a robust tool to advance the understanding of
the mechanisms of network formation.

On the other hand, in this dissertation, an accurate link prediction model has
been proposed for the analysis and prediction of H2020 collaborations, achieved
by integrating multiple databases and expanding the set of variables analyzed with
additional factors. Several contributions and implications have been established in
this work, as outlined below.

In this work a highly accurate link prediction model has been developed. Two
generic and three nongeneric methods were examined, with the nongeneric ap-
proaches found to yield superior accuracy, thereby indicating the significance of
nonlinear relationships within the models. For decision makers, the achievable
model accuracy has been demonstrated, which is advantageous to forecast and fa-
cilitate the development of future consortia in Framework Programmes FPs. The
findings of this dissertation have supported effective model selection during the an-
alytical process.

In addition, the principal factors influencing organizational collaboration have
been identified and ranked. Embeddedness in prior projects, reflected in multi-
project and program characteristics, as well as earned contributions, has been shown
to be a primary determinant of the likelihood of collaboration. These insights can
assist decision-makers in effectively supporting the formation of future FP collabo-
rations.

Finally, in this study, outlier collaboration communities have been specified, pre-
dominantly comprising organizations from EU core countries. The identification of
these weak, yet significant, observations highlights the need for a more in-depth
analysis of collaboration patterns among core countries as a prospective research di-
rection. This finding offers stakeholders the opportunity to examine collaboration
concentrations within FPs and to either reinforce existing collaborations or promote
greater balance by engaging organizations outside the core countries.
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7.1 Research Theses

According to the research questions asked in Section 1.5 three Research theses were
formulated that considered the results of Section 4, 5 and 6.

RT1: In this dissertation, it has been demonstrated that the gravity-based eco-
nomic null model reduces link prediction error in comparison to the Newman-
Girvan and Expert models, while also enabling the identification of economic-
investment communities and providing superior estimation of derived net-
work parameters relative to the aforementioned models. The model has in-
dicated that company establishments within the European Union are influ-
enced by technological and economic disparities, with investment flows di-
rected from more developed regions toward less developed ones.

RT2: The gravity-based economic null model proposed in this work has re-
vealed that primary investment flows are strongly shaped by administrative
boundaries (country borders), as investments are predominantly established
within national borders, resulting in capital largely remaining domestic. Al-
though the European Union seeks to enhance integration and promote eco-
nomic equality across all member states, administrative boundaries continue
to exert a significant effect on the formation of the European ownership net-
work.

RT2.1: The proposed annual model introduced in this study, has the capability
to identify temporal changes in economic-investment communities.

RT3: The proposed model for the collaboration network analysis together with
the integrated machine learning techniques have been shown in this disserta-
tion to outperform benchmark models and further improve predictive accu-
racy. Relationships among 23 validated corporate and economic predictors
were captured, and all defined variables were identified as important, under-
scoring the advantages of employing a comprehensive dataset. The proposed
model has also revealed that the most influential variables for collaboration
formation pertain to previous successful collaborations within the same frame-
work programme. Outlier collaboration communities, restricted to the Euro-
pean Unions core countries, were identified.

RT3.1: In regards of link prediction in European Union’s Framework Pro-
grammes collaboration networks, the non-generic methods perform better than
the generic ones, indicating nonlinear relationships in the model. The best per-
forming methods among the applied non-generic ones are the Random Forest
based ones.

Table 7.1 summarizes the research with Research question, assumptions and the-
ses together.

7.2 Implications

The findings of the present study hold significant relevance for decision-makers and
policy formulators within the investigated domains. The following implications are
derived from the results and are intended to inform strategic planning and policy
development.
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The analysis of the ownership network revealed that the predominant direction
of investment flows is from economically advanced regions toward less developed
areas. This insight provides a basis for governmental authorities to prioritize na-
tional infrastructure development initiatives in underdeveloped regions, thereby
enhancing their attractiveness for future subsidiary establishment. Such targeted in-
terventions may contribute to reducing regional disparities and fostering balanced
economic growth.

Furthermore, these findings are of particular importance to policymakers within
the European Union. When designing supportive programs aimed at mitigating
territorial inequalities, the results suggest that directives could be refined to focus on
specific geographic units, including NUTS 3 regions, thereby enabling more precise
allocation of resources and tailored regional development strategies.

The temporal stability observed in the ownership network between 2010 and
2018 indicates that the principal economic-investment communities have remained
largely unchanged over this period. This persistence implies that investment flows
predominantly circulate within the core EU countries in the long term. However,
this equilibrium may be altered through deliberate policy interventions, such as the
implementation of tax incentives or regulatory adjustments, which could redirect
investment towards targeted regions.

The investigation of the H2020 collaboration network also yields several policy-
relevant implications. The observed scale-free nature of link formation suggests that
entities with established collaborative histories possess a disproportionately higher
likelihood of securing additional partnerships compared to newcomers. In response,
FPs policymakers might consider instituting upper limits on the number of projects
awarded to individual entities, potentially differentiated by organizational size, to
promote equitable participation.

Additionally, specific provisions could be introduced to facilitate the engagement
of entities with no prior participation in subsidized FPs projects. By easing eligibil-
ity criteria or providing targeted support, these measures could incentivize broader
involvement and diversification within funding programs.

Finally, the feature ranking derived from this study offers a valuable tool for bal-
ancing future FPs consortia formations. This information, combined with the out-
comes of outlier analyses, can assist policymakers in modulating the concentration
of collaborative connections, thereby optimizing the distribution of resources and
enhancing the inclusivity and effectiveness of funded projects.

Collectively, these implications underscore the potential for evidence-based pol-
icy design informed by network analysis to foster more balanced and dynamic eco-
nomic and innovation systems.

7.3 Contribution to the literature

The proposed GEN model (published in Kosztyán et al. (2022b)) provided a better
link prediction and revealed information about the subsidiary structure within the
European Union, which showed some differences from the goal of economic equal-
ity which is an important goal of the EU. The EICs also identified a novelty in the
literature that shed light on the areas to further develop.

As a result of the collaboration investigation (published in Kosztyán et al. (2024)),
an accurate model was developed for link prediction, including corporate, economic,
patent and collaboration databases which are connected to each other to enable
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complex research. The evaluation provided of the models supports researchers to
achieve efficient model selection in the collaboration analysis field.

Key economic, technological and collaboration factors were also identified and
showed that they influence the collaboration between entities.

The proposed model is capable of specifying the communities which are consid-
ered as outliers from the collaboration communities point of view in regards to the
collaboration connections being denser than the predicted values.
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TABLE 7.1: Summary table for Research Questions, Assumptions and
Theses

Item Statement

RQ1: Can the proposed gravity-based economic null model improve link predic-
tion and network coefficient estimation, identify stable Emergent Innova-
tion Communities, and provide insights into their spatial and temporal dy-
namics?

RA1: Gravity-driven economic principles dominate ownership network forma-
tion, with gravity-based economic null model predictions reflecting real-
world investment flows more accurately than topology-only models.

RT1: In this dissertation, it has been demonstrated that the gravity-based eco-
nomic null model reduces link prediction error in comparison to the
Newman-Girvan and Expert models, while also enabling the identifica-
tion of economic-investment communities and providing superior estima-
tion of derived network parameters relative to the aforementioned models.
The model has indicated that company establishments within the European
Union are influenced by technological and economic disparities, with in-
vestment flows directed from more developed regions toward less devel-
oped ones.

RQ2: To what extent do administrative borders influence investment flows, and
how do these effects change when controlling for geographical distance?

RA2: Administrative borders create structural breaks in ownership networks in-
dependent of geographic proximity, persisting across temporal layers.

RT2: The gravity-based economic null model proposed in this work has re-
vealed that primary investment flows are strongly shaped by administra-
tive boundaries (country borders), as investments are predominantly estab-
lished within national borders, resulting in capital largely remaining domes-
tic. Although the European Union seeks to enhance integration and promote
economic equality across all member states, administrative boundaries con-
tinue to exert a significant effect on the formation of the European owner-
ship network.

RT2.1: The proposed annual model introduced in this study, has the capability to
identify temporal changes in economic-investment communities.

RQ3: Can the proposed model, applied to a comprehensive dataset, enhance our
understanding and predictive accuracy of organizational collaboration and
community structures in Framework Programmes beyond current bench-
marks?

RA3: Machine learning techniques including generic and non-generic approaches
can be beneficial for improving the prediction of the connections in the col-
laboration network of the Horizon 2020 Programme and with the proper
model, the influential factors can also be identified.
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Item Statement
RT3: The proposed model for the collaboration network analysis together with

the integrated machine learning techniques have been shown in this dis-
sertation to outperform benchmark models and further improve predictive
accuracy. Relationships among 23 validated corporate and economic predic-
tors were captured, and all defined variables were identified as important,
underscoring the advantages of employing a comprehensive dataset. The
proposed model has also revealed that the most influential variables for col-
laboration formation pertain to previous successful collaborations within
the same framework programme. Outlier collaboration communities, re-
stricted to the European Unions core countries, were identified.

RT3.1: In regards of link prediction in European Union’s Framework Programmes
collaboration networks, the non-generic methods perform better than the
generic ones, indicating nonlinear relationships in the model. The best per-
forming methods among the applied non-generic ones are the Random For-
est based ones.
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Chapter 8

Limitations and Future Research

In this dissertation, the analysis focused on European organizations, although cor-
porate, patent, and GDP data are globally accessible. However, the interpretation of
NUTS 3 regions remains confined to the European context. This work has demon-
strated that Great Britain, particularly England, is interconnected with the European
Union through extensive collaborative ties. The examination of post-Brexit network
dynamics is identified as a compelling avenue for future research.

Within the proposed GEN model, a yearly estimation framework is being devel-
oped for multilayer ownership networks. Furthermore, the gravity model frame-
work can be extended to accommodate multiplex networks, where multiple inter-
related networks are analyzed concurrently. Finally, the inclusion of industry-level
analysis in ownership structures is believed to yield deeper insights into the forma-
tion of parent-subsidiary relationships.

Although the created research database is unique from the perspective of how
many different and heterogeneous sources were used and combined, there are still
possibilities to further extend it with additional information such as tax-environment-
relevant information related to areas, tariff information or cultural information. The
database can also be extended to further territories not to focus only on European
entities.

The collaboration was investigated based on the H2020 Framework Programme,
although other programs can also be considered, and a comparative study would
also be beneficial. As Horizon Europe 1 already started, the same research can be
repeated after the first projects are closed within this funding time frame and the
differences (if any) can be identified.

The large and very large companies are overrepresented in the data sources used,
especially in the Amadeus and Orbis data sets. This biased database could be ex-
tended with more accurate information for smaller entities in the future although un-
til today there was not identified any reliable data source which contains the needed
company-level information for these kind of entities in a structured way.

From a database perspective, there are also possibilities to further extend it with
information about the classification of economic activities which can be derived from
4 digit NACE codes, where NACE refers to the Nomenclature générale des Activités
économiques dans les Communautés Européennes, which translates to Statistical
classification of economic activities in the European Community. With this kind
of extension, it would be possible to differentiate the entities in both investigation
fields and identify possible differences in the network based on the fields in which
the different companies are active. This NACE information is nowadays available in
different data sources so it’s integration into the already created research database is
not too hard.

1https://research-and-innovation.ec.europa.eu/funding/funding-opportunities/
funding-programmes-and-open-calls/horizon-europe_en/

https://research-and-innovation.ec.europa.eu/funding/funding-opportunities/funding-programmes-and-open-calls/horizon-europe_en/
https://research-and-innovation.ec.europa.eu/funding/funding-opportunities/funding-programmes-and-open-calls/horizon-europe_en/
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Another improvement can be to integrate tax related information into the databa-
se, which most probably can be defined on national level. It would be interesting to
see the results from the same analysis whether any differences occur in the formation
of the networks in case we also consider different amounts of taxes in different areas.

With the above mentioned extensions, the outlier analysis in the collaboration
network becomes also possible to be redone and having some more detailed infor-
mation, the explanation of the different modules could be feasible.
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The indicators described in Table 3.1 - Applied indicators for ownership network -
are defined as follows:

Indicator Name Unit Description / Formula
m1 Total assets Thousand e Total assets = fixed assets +

current assets
m2 Solvency ratio (asset based) % (Shareholder funds / Total

assets) × 100
m3 Shareholders’ funds Thousand e Total equity (capital + other

shareholders’ funds)
m4 ROE using P/L before tax % (Profit before tax / Share-

holder funds) × 100
m5 ROCE using P/L before tax % (Profit before tax + Interest

paid) / (Shareholder funds +
Noncurrent liabilities) × 100

m6 Profit margin % (Profit before tax / Operating
revenue) × 100

m7 P/L for period Thousand e Net income
m8 P/L before tax Thousand e Operating profit + Financial

profit
m9 Operating revenue (turnover) Thousand e Net sales + Other operating

revenues + Stock variations
(excluding VAT)

m10 Fixed assets Thousand e Intangible + Tangible + Other
fixed assets (after deprecia-
tion)

m11 Number of employees Count Total number of employees
m12 Current ratio - Current assets / Current lia-

bilities
m13 Cash flow Thousand e Profit for period + Deprecia-

tion
m14 Number of companies Count Number of companies in the

NUTS3 region
m15 GDP per capita in PPP Thousand e Compares economic produc-

tivity and standard of living
using PPP methodology

m16 Patents Count Number of patent applica-
tions and granted patents

TABLE A.1: Financial and economic indicators
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TABLE B.1: Summary table of complete gravity models with regres-
sion coefficients and absolute errors of the estimated centralities

2010 2011 2012 2013 2014 2015 2016 2017 2018
Coefficients β β β β β β β β β

(Intercept) 1.5886 *** 1.5838 *** 1.5350 *** 1.5797 *** 1.5889 *** 1.5754 *** 1.2931 *** 2.0835 *** 2.1312 ***
Di,j -0.4730 *** -0.4731 *** -0.4734 *** -0.4741 *** -0.4759 *** -0.4739 *** -0.4740 *** -0.4729 *** -0.4737 ***
TAi -0.0510 *** -0.0515 *** -0.0900 *** -0.1057 *** -0.0856 *** -0.1212 *** -0.1363 *** -0.1592 *** -0.1773 ***
SRi -0.1107 *** -0.1053 *** -0.0792 *** -0.1055 *** -0.1252 *** -0.1277 *** -0.1572 *** -0.1548 *** -0.1538 ***
SHi -0.0227 * -0.0228 -0.0265 * 0.0079 -0.0207 0.0073 0.0301 * 0.0265 * 0.0678 ***
RBi -0.1127 *** -0.0825 *** -0.1015 *** -0.0978 *** -0.1223 *** -0.1166 *** -0.1453 *** -0.1253 *** -0.1268 ***

RCBi -0.0114 -0.0066 -0.0237 *** -0.0244 *** -0.0262 *** -0.0176 *** -0.0160 ** -0.0174 ** -0.0151 **
PMi 0.0937 *** 0.0514 *** 0.0840 *** 0.0980 *** 0.0932 *** 0.1134 *** 0.1312 *** 0.1120 *** 0.1141 ***
PLFi -0.0331 *** -0.0412 *** -0.0418 *** -0.0925 *** -0.0591 *** -0.0965 *** -0.0472 *** -0.0460 *** -0.0355 **
PLBi 0.0115 0.0209 0.0081 0.0451 *** 0.0305 * 0.0448 ** -0.0184 0.0426 ** 0.0090
ORi 0.0269 *** 0.0223 ** 0.0381 *** 0.0283 *** 0.0190 * 0.0374 *** 0.0794 *** 0.0476 *** 0.0256 **
FAi 0.0838 *** 0.0879 *** 0.1118 *** 0.1173 *** 0.1129 *** 0.1173 *** 0.1068 *** 0.1019 *** 0.1046 ***
ENi 0.0005 0.0070 0.0137 *** 0.0240 *** 0.0449 *** 0.0420 *** 0.0117 * 0.0020 0.0075
CRi 0.1097 *** 0.1041 *** 0.0853 *** 0.1207 *** 0.1483 *** 0.1034 *** 0.1724 *** 0.0986 *** 0.0644 ***
CFi 0.0064 -0.0014 0.0117 * 0.0042 -0.0141 ** 0.0039 0.0054 0.0087 0.0050
COi 0.2042 *** 0.2058 *** 0.2085 *** 0.2082 *** 0.2133 *** 0.2184 *** 0.2159 *** 0.2145 *** 0.2074 ***

GDPi -0.0014 -0.0011 -0.0001 -0.0004 -0.0004 -0.0222 *** -0.0131 ** -0.0157 ** 0.0214 *
PIi 0.0028 0.0031 * 0.0019 0.0007 0.0020 0.0012 0.0026 0.0041 ** 0.0127 ***

TAj -0.0264 * -0.0400 ** -0.0267 * 0.0218 0.0543 *** 0.0577 *** 0.0302 * 0.0242 -0.0058
SRj -0.0429 *** -0.0754 *** -0.0523 *** -0.0604 *** -0.0200 0.0386 * 0.0139 -0.0296 -0.0567 ***
SHj 0.0777 *** 0.0961 *** 0.0744 *** 0.0740 *** 0.0673 *** 0.0372 ** 0.0629 *** 0.0579 *** 0.0693 ***
RBj -0.0252 ** -0.0240 ** -0.0408 *** -0.0468 *** -0.0475 *** -0.0550 *** -0.0694 *** -0.0826 *** -0.0777 ***

RCBj -0.0152 ** -0.0130 * -0.0222 *** -0.0172 *** -0.0138 ** 0.0044 0.0032 -0.0069 -0.0028
PMj 0.0566 *** 0.0638 *** 0.0578 *** 0.0517 *** 0.0237 * 0.0249 * 0.0482 *** 0.0608 *** 0.0529 ***
PLFj -0.0192 * -0.0374 *** -0.0497 *** -0.0620 *** 0.0321 ** 0.0034 0.0287 * 0.0208 0.0584 ***
PLBj 0.0026 -0.0072 0.0055 0.0147 -0.0954 *** -0.0564 *** -0.1063 *** -0.0778 *** -0.1027 ***
ORj 0.0240 *** 0.0407 *** 0.0403 *** 0.0098 0.0206 * 0.0314 *** 0.0729 *** 0.0500 *** 0.0374 ***
FAj -0.0369 *** -0.0338 *** -0.0284 *** -0.0414 *** -0.0535 *** -0.0385 *** -0.0376 *** -0.0348 *** -0.0286 ***
ENj -0.0359 *** -0.0246 *** -0.0262 *** -0.0135 ** -0.0125 ** -0.0194 *** -0.0466 *** -0.0536 *** -0.0483 ***
CRj 0.0542 *** 0.0805 *** 0.0655 *** 0.0807 *** 0.0946 *** 0.0231 0.0333 * -0.0411 ** -0.0239
CFj -0.0067 -0.0104 * -0.0064 -0.0199 *** -0.0308 *** -0.0342 *** -0.0296 *** -0.0193 *** -0.0144 ***
COj 0.2152 *** 0.2139 *** 0.2168 *** 0.2182 *** 0.2218 *** 0.2280 *** 0.2222 *** 0.2222 *** 0.2202 ***

GDPj -0.0085 *** -0.0091 *** -0.0089 *** -0.0099 *** -0.0093 *** -0.0163 ** -0.0059 -0.0162 ** -0.0157 *
PIj -0.0067 *** -0.0054 *** -0.0051 *** -0.0073 *** -0.0072 *** -0.0106 *** -0.0083 *** -0.0050 ** -0.0007

Adj. R2 0.4061 *** 0.4057 *** 0.4062 *** 0.4073 *** 0.4087 *** 0.4072 *** 0.4082 *** 0.4058 *** 0.4067 ***
ϵgrav 0.0078 0.0073 0.0078 0.0077 0.0076 0.0080 0.0081 0.0080 0.0082
ϵC+

D
3.0414 5.7021 3.3355 3.5763 4.2312 3.8885 4.6273 6.5212 4.7929

ϵC−D
4.5173 3.6933 5.1694 4.9229 4.9568 5.5349 4.1927 6.3334 5.5961

ϵCB 142.7669 183.9388 139.3517 160.2476 161.9900 147.5215 167.2923 185.0560 182.4788
ϵC+

C
2.72E-06 3.25E-06 2.46E-06 2.22E-06 1.75E-06 2.77E-06 2.99E-06 1.91E-06 2.43E-06

ϵC−C
4.62E-06 1.97E-06 4.71E-06 4.06E-06 3.60E-06 4.59E-06 2.77E-06 2.26E-06 3.77E-06

ϵCH 1.98E-05 1.67E-05 2.06E-05 1.94E-05 1.85E-05 2.13E-05 1.81E-05 1.64E-05 2.06E-05
ϵCA 1.42E-05 1.93E-05 1.28E-05 1.38E-05 1.39E-05 1.47E-05 1.45E-05 1.22E-05 1.53E-05
ϵCP 2.83E-05 3.45E-05 2.62E-05 3.15E-05 3.18E-05 3.25E-05 2.23E-05 2.05E-05 3.00E-05

Values are significant at: * p=0.05, ** p=0.01, *** p=0.001 levels.
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