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Preface

In July 2020, I graduated in Management Engineering. Until that moment, I had not seriously

considered the possibility of pursuing an academic career. My background predominantly focused

on hard disciplines, and I envisioned my future immersed in “hands-on” activities related to the

management of a company’s supply chain, production, and operations. However, as it happened

for many others in that period, a breakthrough event shocked our world, serving as a significant

turning point in our lives. I should have started an internship in March 2020, but the outbreak of

the pandemic halted most in-person activities. It was at that stage that I decided to pivot towards a

research-driven thesis for my master’s degree, focusing on the application of Social Network Analysis

and complexity theory to an entrepreneurial case study. Day by day, my interest in doing research

burgeoned, fueled by unexpected curiosity, passion, and enthusiasm for a path that was so far from

my initial plans.

More than three years later, I am concluding my PhD, and I could not have been more satisfied

with the choice I made. Nevertheless, this path was far from easy. This thesis encompasses years

of hard work, frustration, anxiety, and rejections. Doing a PhD, especially in Italy, is a kind of

suspended period in your life. Some perceive you as a student; a few as a worker; the majority fail to

comprehend your endeavors. It is a roller-coaster, where moments of doubt and uncertainty abound.

You can feel isolated, confined within a closed community, with limited possibility of reaching out to

the rest of the world. Yet, how much satisfaction derives from seeing your name associated with an

academic article, a scientific presentation, or an event organization? How rewarding is it to present

your own work in front of your community, unveiling parts of your vision and identity each time

you have the chance to do it?

From the outside, a PhD journey is often perceived as an extremely narrow experience, providing

expertise on specific topics. However, what we actually learn extends far beyond that. Writing and

communications skills, critical thinking, time and project management, resilience, and adaptability

to pressing circumstances - everything driven by curiosity and willingness to learn - are just a few

of the aspects you have the chance to develop along this path.

Undoubtedly, as PhD candidates, we often feel lost about what we are doing. We (reasonably) want

our research to be more impactful and concrete. But, in the end, is there anything more real and

concrete than producing, exchanging, and disseminating knowledge?
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Introduction

The emerging paradigms of open innovation (Chesbrough, 2003) have increasingly determined the

need to collaborate for generating and disseminating knowledge, as well as developing technological

innovation. Nowadays, innovation rarely occurs in isolation. Research and Development (R&D)

investments frequently include the presence of partners, producing a growing interest in collaborative

R&D. Several researchers have delved into the concept of collaborative R&D, investigating the

determinants behind the choice of partners (Diestre and Rajagopalan, 2012; Reuer and Devarakonda,

2017), the effects of collaboration on innovation performance (Hoang and Rothaermel, 2005, 2010),

the dynamics of collaborative relationships (Tatarynowicz et al., 2016; Jakobsen et al., 2019), and

many other facets of this phenomenon. At the same time, the increasing interconnectedness among

firms, governments, entrepreneurs, research institutes, and universities has prompted scholars to

adopt an ecosystem approach in analyzing collaborative and innovation processes. This approach

indeed, enables the simultaneous investigation of social, cultural, economic, and technological factors

affecting the entrepreneurial process (Spigel, 2017; Stam and Van de Ven, 2021).

In this context, the notion of economic complexity has gained relevance in the literature. The

adoption of this perspective allows for the reduction of the computational dimension of socio-

economic phenomena, while preserving more information than traditional approaches. In particular,

methods from spectral analysis and network theory effectively capture the complex nature of socio-

economic processes, offering tools for their systemic analysis. Recently, various institutions, such

as the World Bank, the European Commission, the World Economic Forum, and the OECD, have

embraced the paradigm of economic complexity to develop more tailored and data-driven policies

(Balland et al., 2022). Also in the entrepreneurship literature, the complexity lens has started to be

adopted for providing a detailed picture of the entrepreneurial process, supporting and strengthening

the implementation of an ecosystem approach (Mazzoni et al., 2021).

Within the realm of economic complexity, economic networks play a significant role. The ori-

gins of research on economic networks can be traced back to two distinct disciplines: sociology and

physics. The use of networks in the economic field is crucial to analyze the dynamic interactions

among groups of heterogeneous actors, providing insights into their systemic behavior, and the link
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Introduction

with the underlying structural network properties. More specifically, studies on social, technolog-

ical, and financial networks have proliferated, with a primary focus on exploring the interactions

between different entities in the form of knowledge and technological transfers, R&D alliances, credit

exchange, trades, and many other types of relationships (Schweitzer et al., 2009).

This thesis aims to contribute to this strand of research by employing network theory with a

precise focus on collaborative environments and innovation systems. Collaborative networks are

indeed a popular concept in innovation and R&D literature, and they have been studied for various

purposes, including their role in achieving a higher degree of novelty in product innovation (Nieto

and Santamaría, 2007), the impact of absorptive capacity among different types of partners on

product innovation performance (Tsai, 2009), the relevance of different collaboration strategies to

facilitate knowledge diffusion (Campos et al., 2013), and the effect of R&D subsidies on the total

welfare of alliances (König et al., 2019). According to this representation, distinct organizations

correspond to the network nodes, while edges stand for collaborative relationships between them.

Thus, the idea behind this research is that a network science approach can unveil behavioral

patterns within innovation systems, and contribute to shedding light on the interaction dynam-

ics characterizing inter-organizational contexts (Najafian and Colabi, 2014; Ferraro and Iovanella,

2017). Network science involves the study of the theoretical foundations of network structure and

dynamic behaviors, and it finds application in various subfields where there is an interest in explor-

ing complex properties such as structure, dynamism, bottom-up evolution, autonomy, stability, and

emergence (Lewis, 2009). Many real systems exhibit a complex nature in which the interactions

among constituent elements determine the collective behavior of the system as a whole (Funtowicz

and Ravetz, 1994; Thurner et al., 2018). In more detail, complex systems are composed of networks

of interacting entities possessing specific structural features (Barabási, 2016; Newman, 2018; Russell

and Smorodinskaya, 2018), along with non-linear and heterogeneous interactions (Thurner et al.,

2018). These characteristics make networks the most suitable representation for analyzing their

structure, roles, and dynamics. In particular, Social Network Analysis (SNA) is one of the most

popular methods to examine relationships among social groups and entities through the analysis of

their connection structure (Hu et al., 2015) and the computation of centrality measures (Scott and

Carrington, 2011).

SNA has its foundations in graph theory, a discipline whose birth is attributed to the resolution

of the famous “Könisberg Bridge Problem” (West et al., 2001). In general terms, a graph G is

described by a couple (V,E), where V is the set of vertices (or nodes), and E is the set of edges

(or links). Relationships between any pairs of nodes are described mathematically by a n−square

matrix A, called adjacency matrix. An element aij of A is equal to 1 if node i is adjacent (i.e.,

linked) to node j, and 0 otherwise. The degree of node i is equal to the number of its adjacent
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nodes, and it is denoted as ki. Alternatively, let us assume that G is a weighted graph, i.e., its edges

are weighted based on factors such as the frequency of occurrence of the associated relations. In this

case, G is described by a weighted adjacency matrix W , whose elements are equal to the weight wij

if (i, j) ∈ E, and 0 otherwise. Thus, a network is ultimately represented by a graph, in which nodes

correspond to actors and edges stand for specific directed or undirected relationships between them.

By representing social interactions through the use of networks, we are able to evaluate structural

network properties quantitatively. To this aim, a series of network metrics and approaches will be

introduced and widely described within the different chapters of this thesis.

The thesis is organized as follows. The first chapter investigates the concept of entrepreneurial

ecosystem through the lens of network theory. In particular, it contributes to the existing body of

literature by providing insights into the structural features of such systems (Wurth et al., 2022).

The acknowledged complexity of entrepreneurial ecosystems indeed, generates a growing demand

for transdisciplinary works that introduce methods and techniques from other research fields, such

as simulation and statistical approaches, agent-based modeling, and SNA (Carayannis et al., 2022).

The main outcome of the first chapter is the formulation of seven network-based principles associat-

ing specific network metrics with distinct structural features of entrepreneurial ecosystems. These

metrics are aimed to support the measurement of an entrepreneurial ecosystem and the design of

policy interventions in case of unmet properties. The proposed methodology is then applied to an

original network of European start-ups on Twitter. This case study represents a further contribu-

tion to the field by presenting a novel way to conceptualize entrepreneurial ecosystems, considering

online interactions among actors. The results suggest a partial ecosystem-like nature of the analyzed

network, providing evidence about possible policy recommendations.

The second chapter is devoted to the study of different partner selection mechanisms in col-

laborative research networks. In particular, it contributes to the collaborative R&D literature by

exploring the effect of collaborating with new over existing partners on the amount of funding re-

ceived from the European Commission within the eighth EU Framework Programme (FP), Horizon

2020 (H2020). Specifically, this chapter employs an innovative technique in SNA, known as the

“dual-projection” approach (Everett and Borgatti, 2013). This method is specifically designed for

analyzing two-mode social network data, i.e., data characterizing bipartite networks. Collaborative

research network data belongs to this category, being constituted by two distinct sets of nodes (i.e.,

organizations and projects), with connections occurring only between nodes belonging to different

sets, representing the participation of organizations in projects. The results from the econometric

analysis show that partnering with new organizations increases the probability of obtaining more

funds when entering a new project compared to collaborating with already existing partners. Addi-

tionally, projects coordinated by private or public organizations appear more likely to secure higher
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funding compared to research centers and higher education institutions. However, the relevance of

partners’ connections decreases as we move away from the focal organization. These findings provide

valuable insights into the effectiveness of the European Research and Technological Development

Policy.

Finally, the third chapter focuses on the analysis of collaboration patterns and participation dy-

namics in projects funded by the first eight EU FPs, from FP1 to H2020. It combines elements from

SNA and statistics through the lens of economic complexity by computing participants’ centrality

and assessing the stochasticity of the process, further estimating the probability of transitioning

between classes of centrality across consecutive FPs. In doing so, this chapter contributes to the

literature on the dynamics of collaborative research projects, particularly EU-funded ones, by shed-

ding light on the Markovian nature of the collaboration dynamics over an extended period. Most

of the existing works indeed, employ Stochastic Actor-Oriented Models (SAOMs) to explore the

mechanisms driving network evolution (Giuliani, 2013; Cao et al., 2017) since they are efficient in

processing longitudinal network data (Broekel et al., 2014). Nevertheless, SAOMs assume that net-

work structures evolve as a Markov chain outcome (Snijders, 2017), whereas in many real networks,

evolution often displays a non-Markovian behavior (Williams et al., 2022). The results reveal a

quasi-Markovianity of participation dynamics, opening up opportunities for accurate forecasting

procedures to estimate the leaders of future FPs. “Preferential attachment” mechanisms emerge,

thus confirming the relevance of participating in EU-funded projects to strengthen organizations’

popularity. On the other hand, this finding highlights the pressing need to address “oligopolistic”

behaviors linked to European funds that hinder the full realization of the European Research Area

(ERA). The crucial role of European policies is emphasized by the estimated transition probabil-

ities, which are influenced by breakthrough events in the EU research framework like the Treaty

of Maastricht and the promotion of the ERA. However, sustained efforts are necessary to ensure a

certain degree of openness and the “democratization” of European research funds.

It is important to specify that all the analyses throughout the entire thesis have been conducted

in R (R Core Team, 2014).
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Chapter 1

Network-based principles of

entrepreneurial ecosystems: a case study

of a start-up network

Abstract

Entrepreneurial ecosystems are wealthy environments in which entrepreneurs, firms, and govern-

ments can operate frictionless, contributing to innovation and economic growth. The investigation

of the structure of such systems is an open issue. We provide insights on this aspect through the

formulation of seven network-based principles associating specific network metrics to distinct struc-

tural features of entrepreneurial ecosystems. In this way, we aim to support the measurement of

the structural characteristics of an entrepreneurial ecosystem and the design of policy interventions

in case of unmet properties. The proposed methodology is applied to an original network built on

the relationships occurring on Twitter among 612 noteworthy start-ups from seven different Euro-

pean countries. This is a novel way to conceptualize entrepreneurial ecosystems considering online

interactions. Thus, this work represents a first attempt to analyze the structure of entrepreneurial

ecosystems considering their network architecture to guide policy-making decisions. Our results

suggest a partial ecosystem-like nature of the analyzed network, providing evidence about possible

policy recommendations.

Keywords: Entrepreneurial ecosystem, Network-based approach, Network-based principles, Com-

plexity theory, Start-ups, Social media.
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1.1. Introduction

1.1 Introduction

The concept of ecosystem is an integral part of the entrepreneurial world. It was borrowed from

the field of ecology during the late 80’s (Van de Ven, 1986), where ecosystems are characterized by

strongly interconnected groups of organisms that interact with each other and with the physical

environment where they live, in order to maintain the dynamic equilibrium of the system (Jackson,

2011). The ecosystem metaphor marked a substantial shift in entrepreneurship studies, away from an

individualistic perspective toward a deeper attention to collectivity and community, thus including

social, cultural and economic forces in the entrepreneurship process (Stam and Van de Ven, 2021).

However, despite many years passed since its first introduction, the concept of entrepreneurial

ecosystem gained momentum only recently (Stam, 2015), especially in the fields of management and

innovation, as the growing number of papers published after 2010 proves (Tsujimoto et al., 2018).

One of the possible reasons behind such a growing popularity may be that the ecosystem metaphor

is one of the most apt for representing the many facets of active entrepreneurial environments.

The identification and the measurement of entrepreneurial ecosystems is crucial in the innovation

field since actors, structures, and relations that characterize ecosystems lead to digital innovation

and vice versa (Hinings et al., 2018; Granstrand and Holgersson, 2020). Nevertheless, the investi-

gation of the structure of entrepreneurial ecosystems is an open issue in the current literature, as

highlighted by Wurth et al. (2022) in their proposal for an “Entrepreneurial Ecosystem Research

Program”. Our paper aims to shed light on this aspect, considering the architecture of a system

a key factor for the diffusion of innovation as well as a key determinant for its global performance

(Ferraro and Iovanella, 2016; Muller and Peres, 2019).

In more detail, we propose to contribute to the literature by adopting an innovative approach

to the measurement of entrepreneurial ecosystems with respect to other methods, such as the

European Index of Digital Entrepreneurship Systems (EIDES) family of indicators (Autio et al.,

2020). According to Roundy et al. (2018) and Leendertse et al. (2021) indeed, entrepreneurial

ecosystems can be analyzed using complexity theory to understand better their internal dynamics

and the interactions among their members. In this way, we aim at answering two different research

questions. Firstly, “what are the elements highlighted in the literature that can be identified as

structural features of an entrepreneurial ecosystem?”. Secondly, looking at these elements from a

complex systems perspective, “is it possible to quantify such elements by means of network metrics?”.

Indeed, the most common way to represent complex systems is through the use of networks (Thurner

et al., 2018). Moreover, according to Seppä and Tanev (2011), the presence of a network structure

is a necessary condition for the existence of an ecosystem. Then, networks constitute valid, apt and

available models to represent entrepreneurial ecosystems.
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We address the aforementioned research questions by formulating seven principles, each of them

referring to a structural feature of entrepreneurial ecosystems that can be expressed by means of

a consolidated metric from network science theory. Therefore, the first contribution of this study

is the proposal of seven network-based metrics that aim to be a support to the measurement of

the structural characteristics of an entrepreneurial ecosystem. In doing so, we propose to provide

a set of indicators that may help several actors - such as practitioners and policy makers - monitor

the structure of an entrepreneurial ecosystem and design policy interventions aimed at fulfilling

eventual missing properties.

Secondly, another key contribution of this paper is represented by measuring entrepreneurial

ecosystems via social media data. Considering online connections to map entrepreneurial ecosystems

is innovative to this field. According to the literature, entrepreneurial ecosystems are locally defined,

and their actors interact mainly through social, financial, technological, and economic flows (Spigel,

2017; Stam and Van de Ven, 2021). Under this perspective, proximity emerges as a critical factor and

enabler of entrepreneurial ecosystems (Isenberg, 2011). In this vein, analyzing ecosystems through

online relationships contributes to extending the concept of proximity beyond regional and national

borders, allowing the conceptualization of entrepreneurial ecosystems at the continental level. In

fact, we report a case study of a Twitter network constituted by some among the most popular and

promising start-ups belonging to seven different countries: Austria, France, Germany, Italy, Spain,

Switzerland, and the United Kingdom. Their names are collected from accredited sources which

provide every year a list of the most noteworthy start-ups in the international context.

Being start-ups the embodiment of entrepreneurship and innovation (Feldman, 2001; Isenberg,

2016), a start-up network seems a well-suited candidate for testing the characteristics of an en-

trepreneurial ecosystem. In fact, according to the widely used definition of Blank (2010), “a start-up

is an organization formed to search for a repeatable and scalable business model”. Furthermore, the

definition of a start-up ecosystem as “a society of founders with ideas and skills, young companies at

early stages with talent, incubators with mentors and capital, early adopters, and media” (Aleisa,

2013) is definitely included in the wider concept of entrepreneurial ecosystem. Then, for all the

actors of a start-up network it is important to understand how the structure of this system affects

their own activities (Spender et al., 2017).

The network that we take into account is built on an original dataset obtained by mining

relationships among 612 start-ups on Twitter, a social networking platform frequently used for

testing professional links across start-ups (Gloor et al., 2013; Perotti and Yu, 2015; Yue et al., 2019;

Tumasjan et al., 2021). In the choice of Twitter as a proxy to build the network, we also rely on the

study of Tajudeen et al. (2018), which sustain that well performing innovative organizations show a

high social media usage, and on the paper of Olanrewaju et al. (2020), that provide a comprehensive
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1.2. The concept of entrepreneurial ecosystem

review on the importance of social media for entrepreneurship.

The paper is organized as follows. An overview of the state of the art on entrepreneurial

ecosystems is reported in Section 1.2. Section 1.3 describes the approach of this study, which has

its foundations in Social Network Analysis and complexity theory, before formulating the network-

based principles characterizing the structure of entrepreneurial ecosystems. Section 1.4 introduces

the case study, including the processes of data collection and network construction. The results

obtained by the measurement of the network-based principles are reported in Section 1.5. Finally,

Section 1.6 points out the main theoretical and practical contributions of this study, as well as the

acknowledged possible limitations and further developments.

1.2 The concept of entrepreneurial ecosystem

In the last decade, the number of publications on entrepreneurial ecosystems has dramatically

increased (Cao and Shi, 2021), and, more generally, the adoption of the ecosystem concept in en-

trepreneurship and innovation studies has become increasingly popular (Tsujimoto et al., 2018).

The origins of such a phenomenon in the business and management fields can be traced back to

the end of the 1980s and the early 1990s, thanks to the pioneering works of Van de Ven (1986) and

Moore (1993). Stemming from these papers, several concepts emerged, including business, innova-

tion, digital, knowledge, and entrepreneurial ecosystems. Despite sharing the common definition of

ecosystems, these constructs differentiate from each other for various reasons. In particular, one

of the main differences between entrepreneurial ecosystems and business or innovation ecosystems

is that while the performance of the latter depend on the strategies of a leading organization (or

the orchestrator), the emergence and health of entrepreneurial ecosystems are strictly related to

regional development, thus exhibiting a strong connection with economic growth (Hakala et al.,

2020).

The entrepreneurial ecosystem approach finds its roots in the literature on regional develop-

ment and strategic management. Indeed, there is a notable interest in exploring the socioeconomic

characteristics and performance of innovation systems, as in the regional development literature.

At the same time, studies on entrepreneurial ecosystems frequently adopt a value creation perspec-

tive, typical of the strategic management literature (Acs et al., 2017). Nevertheless, entrepreneurial

ecosystems distinguish themselves from traditional clusters in their emphasis on leveraging dig-

ital affordances, evolving around entrepreneurial opportunity discovery and pursuit, prioritizing

business model innovation, fostering voluntary horizontal knowledge spillovers, and identifying en-

trepreneurial opportunities externally (Autio et al., 2018). Another significant distinction lies in

the boundaries of clusters and entrepreneurial ecosystems. While the former are bounded by a
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specific industry, the latter develop at a higher level, encompassing multiple industries, as well as

entrepreneurial agents and institutions (Auerswald and Dani, 2017). Moreover, the role of govern-

ments and the ease to access regional resources contribute to the differentiation of entrepreneurial

ecosystems from traditional clusters and regional innovation systems (Spigel and Harrison, 2018).

Even though authors do not converge toward a specific definition of entrepreneurial ecosystems,

the vast majority of them agree in characterizing entrepreneurial ecosystems as multifaceted struc-

tures (Van de Ven, 1993; Spigel, 2017), with outputs generated from the combination of financial,

knowledge, institutional, and social capital (Nicotra et al., 2018). Such complexity is inherent in

the concept of ecosystem, which, in the case of entrepreneurial ecosystems, indicates a variety of

components closely related to the economic, technological, and societal context (Audretsch et al.,

2019). In particular, entrepreneurial ecosystems are characterized by networks of knowledge, labor,

and social capital (Malecki, 2018; Greve and Salaff, 2003), whose innovation outcomes are influ-

enced by various factors, including industrial and technological elements, organizational aspects,

institutional and policy frameworks, as well as social, temporal, and spatial characteristics (Autio

et al., 2014).

Emphasis is given to the interactions among the members of the ecosystem, that should result

into high network density, many connecting events, collaboration between large companies and local

start-ups, together with an easy access to all kinds of relevant resources, and an enabling role of

government in the background (Feld, 2012). Nevertheless, without some degrees of cohesion and

shared values among the agents of an entrepreneurial ecosystem, they will operate autonomously,

without commonality in their activities, and differently with respect to a system of interrelated

actors (Roundy, 2017). Additionally, an entrepreneurial-market logic is essential, encapsulating a

related set of goals and behaviors focused on innovation, the creation of new markets, new business

models and technologies, and tolerance for uncertainty and failure (Cunningham et al., 2002). Spigel

(2022) integrates previous contributions, finding that entrepreneurial ecosystems are nested rather

than cohesive.

One of the main aspects that emerges in many works is the fundamental role that governments,

and more specifically the policies they adopt, have for the correct establishment of an entrepreneurial

ecosystem. Governments’ policies shape the institutional environment in which entrepreneurial

decisions are made, by leveraging the presence of local research centers, increasing the availability

of venture capital, encouraging a culture of risk taking, and creating strong local informational

and business development networks (Feldman, 2001; Minniti, 2008). However, policy initiatives

to promote the growth of innovative companies depend on the specific stage of firms development

(Audretsch et al., 2020).

Several authors describe entrepreneurial ecosystems as complex systems, thus borrowing con-
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cepts from complexity theory. One of the most comprehensive contributions in this regard comes

from Roundy et al. (2018), who conceptualize entrepreneurial ecosystems as complex adaptive sys-

tems by providing the following definition: “An entrepreneurial ecosystem is a self-organized, adap-

tive, and geographically bounded community of complex agents operating at multiple, aggregated

levels, whose non-linear interactions result in the patterns of activities through which new ventures

form and dissolve over time.” The adoption of the ecosystem metaphor indeed, implicitly assumes

the existence of a self-organizing, self-sustaining, and self-regulating system (Isenberg, 2016), in

addition to a series of interrelated properties influencing the development of an entrepreneurial

ecosystem, including non-linear interactions, environmental adaptability with a certain degree of

(in)sensitivity to initial conditions, and the emergence of successful entrepreneurial actors whose

governance mechanisms co-evolve within multidimensional geographic boundaries (Han et al., 2021).

Complexity theory becomes particularly relevant also in evolutionary studies on entrepreneurial

ecosystems. In this vein, Haarhaus et al. (2020) focus on the complex and nonlinear dynamics of

entrepreneurial ecosystems using the framework of chaos theory. Their results demonstrate that

chaotic discontinuities are common occurrences during the ecosystem lifecycle. Specifically, phases

of heightened chaoticity and complexity are associated with economic crises and the implemen-

tation of local policies. Cloutier and Messeghem (2022) instead, characterize the evolution of an

entrepreneurial ecosystem as a path dependent process in which a small number of sub-ecosystems

coevolve across different sequences. Each sequence is divided into three phases: first, a triggering

event (impulse phase); second, the emergence of distinctive attributes (creation phase); third, the

establishment of self-reinforcing mechanisms (structuring phase). Throughout the entire process,

from the impulse phase to the structuring phase, the entrepreneurial ecosystem exhibits a certain

degree of path dependence.

In their study, Crawford et al. (2015) demonstrate that entrepreneurial resources, cognitions,

actions, and environments do not adhere to Gaussian distributions, while they follow power-laws

typical of complex networks and systems. Such distributions are related to mechanisms affect-

ing entrepreneurship at various levels, including preferential attachment, self-organized criticality,

hierarchical modularity, and multiple scale-free causes. For this reason, a network perspective is

often complementary to complex adaptive systems theory in the investigation of entrepreneurial

ecosystems.

Neumeyer et al. (2019) are among the first to adopt a social network perspective to investigate

the complex patterns of social connectivity within entrepreneurial ecosystems. The main peculiarity

of their work lies in the proposal of a framework that simultaneously incorporates micro-, meso- and

macro-level layers of entrepreneurial ecosystems, enabling the analysis of the interactions among

actors across different scales, resembling a multiplex network structure. Similarly, Scott et al.
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(2021) represent entrepreneurial ecosystems as multiple interconnected networks. A network-based

view of entrepreneurial ecosystems allows authors to capture their vitality, vibrancy, and wealth

creation mechanisms arising from complex interacting behaviors. Such networks, in turn, are not

static but evolve over time depending on changing states and conditions. Specifically, the transition

between two different states is determined by responsive actions to critical situations in the changing

environment.

The network structure of entrepreneurial ecosystems makes intermediary organizations a key

resource to spread information and knowledge within the network, and to facilitate the access to

the venture capital market by entrepreneurs. Business accelerators and universities play a critical

role in emerging entrepreneurial ecosystems. In particular, business accelerators forge a broader

network of relationships with actors outside of the system, which in turn increase the capacity

of the system itself and embed it within a global innovation system (Pustovrh et al., 2020). On

the other hand, universities play a strategic role as drivers of regional economic growth by estab-

lishing and supporting university spin-off companies (Fuster et al., 2019), and acting as local and

regional economic engines with the potential to generate new and disruptive technologies (Chan

and Farrington, 2018).

Finally, further aspects are explored by Ives and Carpenter (2007), whose work highlights the

interdependence between stability and diversity within ecosystems, and by Jacobides et al. (2018)

that introduce an important but neglected characteristic of ecosystems, that is the presence of

modularity as a condition that allows at least some degrees of explicit coordination, thus creating

the opportunity for an ecosystem to emerge.

Alongside qualitative approaches, other authors analyze the concept of entrepreneurial ecosys-

tem in a more principled way. Isenberg (2011) develops one of the first frameworks attempting

to summarize the main elements of an entrepreneurial ecosystem. His model distinguishes six do-

mains: finance, policy, culture, markets, human capital, and supports. Feld (2012) emphasizes the

interaction between the players in the ecosystem and the access to all kinds of relevant resources,

with an enabling role of the government at the background. In particular, his study shows a list

of nine attributes that a successful community of start-ups should have to be an entrepreneurial

ecosystem. Such attributes are: leadership, intermediaries, network density, government, talent,

support services, engagement, companies, and capital. Foster et al. (2013) determine which pillars

of an entrepreneurial ecosystem are the most important for the growth and success of companies.

The proposed pillars are: accessible markets, human capital, funding and finance, support systems,

regulatory framework and infrastructure, education and training, universities, and cultural support.

Stangler and Bell-Masterson (2015) propose four indicators to measure an entrepreneurial ecosys-

tem, that are density, fluidity, connectivity, and diversity. Stam (2015) identifies the framework
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and systemic conditions of the ecosystem that lead to entrepreneurial activities and to new value

creation. The framework is extended in (Stam and Van de Ven, 2021) that introduce an integra-

tive model of entrepreneurial ecosystems consisting of ten elements: formal institutions, culture,

network, physical infrastructure, finance, leadership, talent, knowledge, intermediary services, and

demand. Roundy (2017) combines entrepreneurship and management research to argue that en-

trepreneurial ecosystems are influenced by two dominant institutional rules: entrepreneurial market

logic and community logic. The author also argues that hybrid support organizations - such as incu-

bators, accelerators, and small business development centers - play a unique role in entrepreneurial

ecosystems by exposing participants to the two guiding rules and promoting the presence of a greater

diversity of venture types.

1.3 Network-based principles

According to Wurth et al. (2022), there are four main research streams that still need to be inves-

tigated in the entrepreneurial ecosystem literature, i.e., context, structure, microfoundations, and

complex systems. The authors also include four cross-sectional themes in their proposal for an

“Entrepreneurial Ecosystem Research Program”, that are methodologies and measurements, theory,

critical research, and transdisciplinary research. In this work, our aim is to quantify structural ele-

ments of entrepreneurial ecosystems emerging from the literature by means of metrics from network

analysis (Wasserman and Faust, 1994; Humphries and Gurney, 2008; Barabási, 2016; Newman,

2018). Thus, based on the research framework proposed by Wurth et al. (2022), we focus on the

cross between structure and methodologies and measurement.

First of all, being our approach innovative to the field, we need to introduce some theoretical

prerequisites. Specifically, we combine elements from complexity theory and Social Network Analysis

(SNA) to derive the network-based principles that characterize the structure of entrepreneurial

ecosystems.

Complexity theory regards the identification and analysis over time of complex systems, in-

cluding ecosystems, in which the constituent elements give rise to the collective behaviors of the

system (Funtowicz and Ravetz, 1994; Thurner et al., 2018). Such complex systems can be described

through their structural characteristics (e.g., organizations member features, behaviors, and inter-

action dynamics) and modeled as networks of interacting entities (Barabási, 2016; Newman, 2018;

Russell and Smorodinskaya, 2018). In complex systems, interactions are usually non-uniform and

heterogeneous but interactions between elements can be specific (Thurner et al., 2018).

Networks are the preferred tool for mapping such interactions and through different methods at-

tributed to several disciplines, such as mathematics, statistics, physics and computer science (Börner
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et al., 2007), permit to understand structures, roles and dynamics of complex systems. From this

perspective, a network can be considered as an abstraction of observable reality able to explain

the performance of real systems since it correlates form with functions, and structure with be-

haviors (Lewis, 2009; Cerqueti et al., 2018). Hence, network analysis can be useful to describe

and analyze the structure and behaviors of several complex systems found in the real world, and

to systematically explore performance drivers exploiting concepts such as emergence, adaptability,

self-organization, resilience, and flexibility. In this respect, the rapidly increasing mass of data that

has become available in many different domains contributes to making the empirical investigation

of such complex systems more and more suitable at affordable efforts (Hassanien et al., 2015).

Among the different methods in network analysis, one of the most used tools is SNA. It is an

instrument to conceptualize and investigate connections among social entities. In general terms,

SNA can be considered as an archetype that abstracts social life in terms of connection structures

among entities (Hu et al., 2015) and measures of centrality (Scott and Carrington, 2011). SNA

has its foundations in graph theory, a discipline whose birth is attributed to the resolution of the

famous “Könisberg Bridge Problem” (West et al., 2001). In general terms, a graph G is described

by a couple (V,E), where V is the set of vertices (or nodes), and E is the set of edges (or links).

Relationships between any pairs of nodes are described mathematically by a n−square matrix A,

called adjacency matrix. An element aij of A is equal to 1 if node i is adjacent (i.e., linked) to

node j, and 0 otherwise. The degree of node i is equal to the number of its adjacent nodes, and

it is denoted as ki. Alternatively, let us assume that G is a weighted graph, i.e., its edges are

weighted based on factors such as the frequency of occurrence of the associated relations. In this

case, G is described by a weighted adjacency matrix W , whose elements are equal to the weight wij

if (i, j) ∈ E, and 0 otherwise. Thus, a network is ultimately represented by a graph, in which nodes

correspond to actors and edges stand for specific directed or undirected relationships between them.

The use of network analysis to investigate the relationships within an entrepreneurial ecosystem is

an innovative field of research (Cavallo et al., 2019). Some recent applications can be found in the

literature on entrepreneurial and innovation ecosystems (e.g., Panetti et al. (2020); Cavallo et al.

(2021)).

In the end, our process leads to the definition of seven network-based principles characterizing

the structure of entrepreneurial ecosystems, which are introduced and described as follows. In more

detail, we identify seven distinct elements in the literature corresponding to structural characteristics

of entrepreneurial ecosystems. Each element is associated with a network metric based on the

meaning of that metric and its subsequent interpretation in an economic environment. These

principles are also resumed in Table 1.1, together with the associated network metric and a brief

explanation of the latter one; we also report the major contributions on entrepreneurial ecosystems
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that highlight the relevance of the related element. It is important to specify that the network

considered in this work is unweighted and directed; thus, the proposed metrics are appropriate

for this type of network. However, the principles can be easily operationalized for weighted and

undirected networks as well.

Each network-based principle needs to be interpreted according to a baseline scenario in order

to understand if the values we observe are either exceeding or underperforming benchmark values.

In network theory, the baseline scenario is usually represented by a set of Erdös Rényi (ER) random

graphs. In graph theory indeed, the ER random graph is one of the most commonly used reference

models. According to this model, a random network having N nodes is created, and then M edges

are generated by pairing among nodes randomly and uniformly (Erdős and Rényi, 1959, 1960).

Comparing the obtained results to this benchmark model allows to identify underlying mechanisms

in the observed system that depart from the scenario expected by chance (Peel et al., 2017).

1.3.1 Connectivity

Connectivity is an important element for an entrepreneurial ecosystem since the involvement of all

the actors is a key factor for a virtuous environment. Connectivity affects the possibility to interact

between all the members of a system.

We associate connectivity to small-world-ness index. Recently, attention toward small-world

networks has significantly increased due to the peculiarity of their structural properties and their

ability to model real systems. Various measures have been proposed to assess this characteristic,

starting from the seminal papers by Watts and Strogatz (1998), and Newman and Watts (1999a,b)

toward the most comprehensive indicator proposed by Clemente et al. (2018), which computes the

small-world-ness of a network by comparing its distance pattern from regularity and randomness to

that of a selected small-world model. In this paper, we consider a standard version of the indicator

based on the trade-off between a high global clustering coefficient and a short average path length

(Humphries and Gurney, 2008). Specifically, it is defined as follows:

S =
γ

λ
(1.1)

where γ is the standardized clustering coefficient, and λ is the standardized average shortest path.

Standardization is made by comparing the respective values in the analyzed network with the

mean of the corresponding measures over a set of ER random graphs. The clustering coefficient

corresponds to the probability that the adjacent nodes of a node are connected, thus capturing the

degree to which the neighbors of every node in the network link to each other. The average shortest

path is instead the mean of all the shortest paths - that is the path with the fewest number of
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links - between any couple of nodes. The notion of “small-world” relies on the idea of “six degrees

of separation”, a popular concept stemming from the experiment conducted by the psychologist

Stanley Milgram in the 1960s, according to which the social distance between any two individuals

is definitely short (Milgram, 1967). Specifically, a network is considered to display a small-world

structure if S > 1.

Networks characterized by small-world structure show the presence of hubs connecting a large

number of small degree nodes, thus creating short distances between them. For this reason, this

metric is appropriate to quantify how well a system is connected considering both cohesiveness and

mean distance among nodes.

1.3.2 Density

Density is required as entrepreneurial ecosystems necessitate a high number of interactions among

their members to facilitate the establishment of reliable relationships and a frequent knowledge

exchange. Density determines the frequency of the interactions between the members of a system.

We associate density to mean degree. The degree of a node corresponds to the number of

links incident upon the node. Thus, mean degree represents the average number of connections

established by a general node in the network. A distinct behavior of real networks consists in the

emergence of giant components. According to Barabási (2016), these dynamics take place in the

so called “supercritical regime”, i.e., when ⟨k⟩ > 1, where ⟨k⟩ is the mean degree of the network.

The network is instead in the “connected regime” if ⟨k⟩ > lnN , where N is the number of nodes of

the network. Therefore, we evaluate the density of the ecosystem by comparing the mean degree to

these two thresholds.

In the end, the mean degree reveals if the members of a system frequently exchange information

each other.

1.3.3 Stability

Stability refers to the identification of ecosystems as robust structures endowed by the capacity

of solving complex and unpredictable problems. Stability implies strong connections among the

members of a system, making the system able to recover from shocks and to survive over time.

We associate stability to network robustness. The study of a system’s stability via network

robustness consists in investigating variations in the underlying network topology (Albert et al.,

2000; Barabási, 2016; Thurner et al., 2018; Liu et al., 2022). According to Barabási (2016), the

breakdown of a network following a random node removal is not gradual. Indeed, removing a

limited number of nodes has reduced impact on network topology. However, once the fraction of
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removed nodes (f) exceeds a critical threshold (fc), the network becomes suddenly disconnected.

Following the Molloy-Reed criteria, the critical threshold is defined as:

fc = 1− 1
⟨k2⟩
⟨k⟩ − 1

(1.2)

where ⟨k⟩ and ⟨k2⟩ are the mean and the second moment of nodes’ degree, respectively.

A network shows enhanced robustness if its critical threshold is greater than the randomized

network predicition, i.e., fc > fER
c , where fER

c is defined as follows:

fER
c = 1− 1

⟨k⟩
(1.3)

Then, the stability of a system can be determined by analyzing changes in the dimension of the

giant component when random failures occur.

1.3.4 Leadership

Leadership, intended as the presence of a strong group of entrepreneurs and companies, is another

fundamental aspect of an entrepreneurial ecosystem. The existence of leaders provides directions

and role models, and it is critical in building and maintaining a healthy environment as well as in

guiding the community to exploit attractive opportunities.

We associate leadership to page rank centralization. Page rank is a centrality measure ranking

the nodes according to the number and the quality of their connections and the connections of their

neighbors (Page et al., 1999), and it is also the fundamental logic behind the rationale of the Google

algorithm. Page rank centralization computes the graph-level centrality score, i.e., how much the

network is centralized, based on the aforementioned centrality measure. Specifically, the normalized

page rank centralization P of a general network G is defined as follows:

P (G) =

∑
i(maxwpw − pi)∑

i(pmax − pi)
(1.4)

where pi is the page rank of vertex i, maxwpw is the maximum value of page rank in the network,

and pmax is the maximum theoretical page rank for a node in a network with the same number of

vertices (Freeman, 1978; Wasserman and Faust, 1994).

Thus, leadership patterns emerge in the presence of a page rank centralization that is higher

than the mean of the same metric over a set of ER random graphs.
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1.3.5 Diversity

Diversity is defined as the presence of different classes and venture types, whose members interact

regardless the category they belong to. Diversity contributes to the establishment of a wealthy, het-

erogeneous, and rich environment, facilitating the cross-fertilization of ideas, and sharing expertise

among actors.

We associate diversity to assortativity. According to Newman (2018), a network is assortative

if a significant fraction of links run between nodes of the same type. This metric is defined as

the Pearson correlation coefficient of degree or attributes between pairs of linked nodes (Newman,

2002), then ranging between −1 and 1. Thus, assortativity can be calculated based on different

characteristics of a node, revealing the extent to which members of different nature (e.g., metadata

referring to different domains, such as countries) and different relevance (e.g., in terms of number

of connections) interact with each other (Cinelli et al., 2020).

Therefore, a diverse and heterogeneous environment is expected to show neutral behaviors avoid-

ing preferential mechanisms.

1.3.6 Intermediaries

Intermediaries, embodied by support organizations such as accelerators, incubators, universities and

research centers, are emphasized as a key resource for an entrepreneurial ecosystem. Intermediaries

carry out two crucial activities: they act as brokers between different actors of a system, and they

channel the information flow toward peripheral members.

We associate intermediaries to betweenness centralization. Betweenness centrality is a centrality

measure determining the number of times a node lies on the shortest path between any two other

nodes, thus channeling and controlling the exchange of knowledge in the network (Newman, 2018).

Betweenness centralization computes the graph-level centrality score based on the early introduced

centrality measure. Specifically, the normalized betweenness centralization B of a general network

G is defined as follows:

B(G) =

∑
i(maxwbw − bi)∑

i(bmax − bi)
(1.5)

where bi is the betweenness of vertex i, maxwbw is the maximum value of betweenness in the

network, and bmax is the maximum theoretical betweenness for a node in a network with the same

number of vertices (Freeman, 1978; Wasserman and Faust, 1994).

Then, distinct intermediaries connecting different network components emerge if the value of

betweenness centralization is higher than the mean of the same metric over a set of ER random

graphs.
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1.3.7 Feedback loops

Feedback loops, caused by upward and downward links, are an essential characteristic of an en-

trepreneurial ecosystem, showing the interdependence between the actors of the system. This notion

derives from the original concept of ecosystem, which is generally an environment based on mutual

relationships (e.g., the carbon balance of the terrestrial ecosystems).

We associate feedback loops to reciprocity coefficient. This metric computes the probability that

a link from a node to another is reciprocated within the network (Wasserman and Faust, 1994).

Reciprocity coefficient determines the fraction of mutual relationships between the members of a

system.

Specifically, feedback loops frequently occurs if the reciprocity coefficient is higher than the mean

of the same metric over a set of ER random graphs.

For the sake of clarity, we summarize our research framework in Figure 1.1.

Ecosystems

Complex 

systems

Literature on 

ecosystems

Prerequisites of 

complex systems

Network-based 

principles
Application

Section 2

Section 3

Section 3 Section 4

• Connectivity

• Density

• Stability

• Leadership

• Diversity

• Intermediaries

• Feedback loops

Figure 1.1: Research framework

1.4 Case study: an international start-up network on Twitter

We present an empirical case study about the assessment of the network-based principles of an

entrepreneurial ecosystem, taking into account an original network made up of some among the

most popular and promising start-ups from seven different countries: Austria, France, Germany,

Italy, Spain, Switzerland, and the United Kingdom. In this way, we aim to measure the structural

elements of a potential entrepreneurial ecosystem built by using the relationships occurring in April

2020 among a final set of 612 selected start-ups, considering Twitter as a proxy for connectivity.

We consider the analysis of an online network an intriguing case study for many reasons. At

first, the pandemic changed the way in which most of the relationships (especially in a working

environment) occur (Almeida et al., 2020). Digital platforms have been emerging as essential to
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Table 1.1: Network-based principles of entrepreneurial ecosystems

Principle References Metric Definition

Connectivity Feld (2012), Stangler
and Bell-Masterson
(2015), Malecki (2018),
Stam and Van de Ven
(2021).

Small-world-ness
index

Relies on the global clustering
coefficient of the network and on
its average shortest path length
and reveals if the network is
characterized by a small-world
structure.

Density Feld (2012), Stangler
and Bell-Masterson
(2015).

Mean degree Average number of connections
of a node in the network. It con-
siders both in- and out-degree.

Stability Ives and Carpenter
(2007), Stanley and
Briscoe (2010), Tan
et al. (2020).

Network
robustness

The network level of toler-
ance against failures tested by
progressively removing random
nodes.

Leadership Feld (2012), Stam
(2015), Miles and
Morrison (2020), Stam
and Van de Ven (2021).

Page rank
centralization

Network level of centralization
based on page rank. According
to page rank, a node is impor-
tant if it is linked with other im-
portant and parsimonious nodes,
or if it is highly connected. Page
rank takes into consideration di-
rection and weight of a link.

Diversity Ives and Carpenter
(2007), Stangler and
Bell-Masterson (2015),
Roundy (2017).

Assortativity Determines the tendency to
connect between similar nodes
based on their degree and at-
tributes. This coefficient ranges
between −1 - completely disas-
sortative - and 1 - completely as-
sortative.

Intermediaries Feld (2012), Roundy
(2017), Fuster et al.
(2019), Pustovrh et al.
(2020), Stam and Van
de Ven (2021).

Betweenness
centralization

Network level of centralization
based on betweenness centrality.
This centrality measure identi-
fies those nodes which lie on
many shortest paths.

Feedback loops Heimann and Reich-
stein (2008), Stam
(2015).

Reciprocity
coefficient

Proportion of mutual links in a
directed graph. It highilghts the
existence of reciprocal connec-
tions between two members of
the network.
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communicate, and they will probably keep this key role in the future as well (Seetharaman, 2020).

As a consequence, the concept of proximity, which is essential in the definition of entrepreneurial

ecosystems, has changed. Rather than geographical and physical, we need to consider other kinds of

proximity, and our case study provides an example of that. Secondly, Twitter is one of the most used

social networking platforms among innovative firms, and its usage increases networking capabilities

as well as the possibility of establishing professional links between different companies. Overall, the

use of social media has a positive and significant impact on an organization’s performance by reduc-

ing costs, enhancing customer relations, and improving information accessibility (Tajudeen et al.,

2018). SNA is a powerful tool to investigate the entrepreneurial success of start-ups. In particular,

the social proximity to influential actors is an efficient proxy to predict the success of start-ups, with

the quality of neighbors being more significant than their quantity (Gloor et al., 2013). The anal-

ysis of following and followers structure on Twitter especially, provides insights into the the overall

company performance. Indeed, the more central the position of a start-up in the online community,

the higher its probability of success (Perotti and Yu, 2015). Some recent works related to business

are exploiting information derived from Twitter in order to gain relevant insights about companies.

For instance, Tumasjan et al. (2021) study the role of digital traces on Twitter as a predictor of

business venturing opportunities, finding that Twitter is particularly important when start-ups are

still young. Yue et al. (2019) inspect the engagement among Fortune 200 and top startup CEOs

on Twitter. A more comprehensive review of the importance of social media for entrepreneurship

can be found in (Olanrewaju et al., 2020). Finally, analyzing relationships occurring in an online

platform allows us to go beyond regional and national borders - as entrepreneurial ecosystems are

usually defined - and deal with an entrepreneurial ecosystem at the continental level.

In the Twitter network, a following relationship can be considered as an expression of interest

toward another actor in the sense that it expresses the desire to be up-to-date with the news posted

by the followed actor. Indeed, the following relationships on Twitter are among the main factors

that rule the timeline, i.e., what the users see on the platform, and, in turn, the information they

automatically have access to.

In order to define formally the relationships on Twitter, let us consider a generic couple of start-

ups, A and B. If A is a follower of B it means that A has an interest in B. Similarly, if B is a follower

of A it means that B has an interest in A. If A and B follow each other then A is accounted in

the list of B ’s followers while B is accounted in the list of A’s followings. Accordingly, being the

relationship of interest mutual, B is accounted in the list of A’s followers while A is accounted in

the list of B ’s followings.

Data processing, network analysis and all simulations are conducted using the software R (R

Core Team, 2014), specifically the “igraph” package (Csardi and Nepusz, 2006). Network extraction
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is realized by interacting with Twitter’s API through the “rtweet” package (Kearney, 2019).

1.4.1 Data collection

The process of data collection follows a three-steps procedure.

Step 1

The lists of the most promising start-ups for each country in 2019/2020 are collected from accredited

sources which provide every year the names of the most noteworthy start-ups in the international

context. In particular, these data sources indicate fast-growing start-ups according to various crite-

ria, including funding raised, revenues generated, capital invested, number of employees, industry,

and business model. Among these start-ups, we select those with a website up and running at

the time of data collection. The list of the sources used within this study is the following: Sifted,

Seedtable, StartupItalia, Top 100 Swiss Startup Award, Startups, StartupsReal by El Referente. A

description of each source as well as the related access date are provided in Appendix A.1.

Step 2

All the start-ups identified during the previous step are classified in fifteen different categories

according to their business activities. The identification criteria are based on the description of

each category, which is reported in Appendix A.1.

This classification is obtained in a two-fold way: some sources from which start-ups are taken

explicitly indicate the category of each start-up; for the remaining cases, the category is retrieved

from the description of the company as provided either on its website or on its Twitter profile. It is

important to specify that we consider the main business sector for each start-up, thus avoiding the

attribution of multiple categories to the same node for computational reasons.

Step 3

We exclude all the start-ups that do not own a Twitter account, as being Twitter the proxy we refer

to build the network. The final dataset comprises 612 start-ups out of an initial set of 712 start-ups.

The distribution of the selected start-ups over different countries and categories is represented in

Figure 1.2 and Figure 1.3, respectively.

1.4.2 Network construction and visualization

The network of start-ups is built by downloading follower and following relationships for each of the

612 accounts, through the interaction with Twitter’s Standard API.
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Figure 1.2: Distribution of start-ups over countries
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Figure 1.3: Distribution of start-ups over categories
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1.4. Case study: an international start-up network on Twitter

The resulting network includes 612 nodes, corresponding to the aforementioned set of start-ups,

and 1, 150 directed edges. In more detail, each start-up corresponds to a node, while an edge stands

for the relationship between two different start-ups, i.e., there is a directed link from i to j if start-

up i follows start-up j on Twitter, while there is a directed link from j to i if start-up j follows

start-up i (or, equivalently, start-up i is followed by start-up j ) on Twitter. The bulk of these links

take place among 419 start-ups, representing the giant component of the network, i.e., the greatest

subset of nodes all mutually connected by any path. More precisely, the network is structured in the

following way: a giant component, made up of 419 nodes; eight small connected components, six of

which are made up of 2 nodes, while the other ones are made up of 3 and 5 nodes; the remaining

components consist in 173 isolated nodes. The network is displayed in Figure 1.4.
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Figure 1.4: Network of European start-ups on Twitter
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1.5. Empirical results

1.5 Empirical results

The following section shows the results we obtain by measuring the seven network-based principles

of the network introduced in Section 1.4. Hereafter, we address each principle formulated in Section

1.3, and then we summarize all the results in Table 1.2.

Connectivity

We standardize clustering coefficient and average shortest path by comparing them with the mean

of the corresponding values over 1, 000 ER random graphs characterized by the same number of

nodes and edges. The computed small-world-ness index results in 33.7, thus suggesting the network

to be properly small-world.

Density

The mean degree of the network is equal to 3.76. According to Barabási (2016), since the mean

degree is greater than 1, the network is in the “supercritical regime”. However, the obtained value

is lower than lnN = 6.42, i.e., the critical threshold identifying the “connected regime”.

Stability

According to the Molloy-Reed criteria, 86% of the actual nodes need to be removed from the network

of start-ups to disconnect it, based on its actual topological structure (i.e., fc = 0.86). This is greater

than the threshold predicted for the randomized network, which is 0.73. The enhanced robustness

of the network emerges also from Figure 1.5, where we represent the portion of nodes belonging

to the giant component (P∞(f)) while progressively removing an increasing fraction of random

chosen nodes (f), with respect to the initial portion of nodes in the network belonging to the giant

component (P∞(0)). Since the error tolerance analysis could be influenced by the nodes that are

randomly chosen at each step of the algorithm, this kind of simulation is repeated 1, 000 times, in

order to smooth out eventual fluctuations of the outcome. The evaluation of network robustness is

then enriched by the comparison with the average results obtained over 1, 000 ER random graphs

with the same number of nodes and edges.

The results are strongly influenced by the structure of the network, since the huge amount of

small degree nodes allows the network to efficiently react in case of random failures. Therefore, the

connections among the start-ups are stable enough to guarantee that the size of the giant component

will not considerably decrease, and that the network will not become highly disconnected.
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1.5. Empirical results
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Figure 1.5: Error tolerance analysis: effects on the giant component. P∞(f) is the number of nodes
belonging to the giant component over the total amount of nodes in the network, when removing a specific
fraction of nodes f ; P∞(0) is the number of nodes belonging to the giant component over the total amount
of nodes in the network, when removing 0 nodes, i.e., the initial portion of nodes in the network belonging
to the giant component. P∞(f)/P∞(0) represents the portion of nodes belonging to the giant component
when removing a certain fraction of nodes f , normalized by the initial portion of nodes belonging to the
giant component.

Leadership

The network level of centralization based on the values of page rank is equal to 0.02. The average

value of centralization over 1, 000 ER random graphs characterized by the same number of nodes

and edges is 0.006. Therefore, the network structure shows the presence of leadership patterns.

Diversity

Concerning the assortativity coefficient to degree, the network results to be quite neutral, being the

coefficient equal to −6.8×10−3. On the other hand, the values of assortativity to the two attributes

of the start-ups, which are country of origin and category, are 0.73 and 0.23, respectively. Therefore,

we can observe a clear evidence of the effect of geographical proximity in the establishment of

relationships within the network. A quite similar phenomenon is determined by the membership of

the start-ups to the same category. On the other hand, the activity of the start-ups in the network

does not show preferential mechanisms between similar nodes in terms of their size.
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1.5. Empirical results

Intermediaries

The network level of centralization based on the values of betweenness centrality is equal to 0.04.

The average value of centralization over 1, 000 ER random graphs characterized by the same number

of nodes and edges 0.06. Therefore, the network structure does not highlight the presence of distinct

intermediaries.

Feedback loops

The reciprocity coefficient in the analyzed network is equal to 0.32, namely about 1/3 of relationships

are mutual. This value definitely overperforms the average reciprocity coefficient over 1, 000 ER

random graphs that is 3.1 × 10−3. Then, we can conclude that the presence of feedback loops is

frequent within the network of start-ups.

Table 1.2: Results obtained by measuring the seven network-based principles in the network of start-ups,
compared to benchmark values.

Metric Result Benchmark values Interpretation

Small-world-ness
index

33.7 1 The network shows a
small-world structure.

Mean degree 3.76 1 (supercritical)
6.42 (connected)

The network depart from
the ER random scenario,
but it is not highly-
connected.

Network
robustness

0.86 0.73 The network displays en-
hanced robustness.

Page rank
centralization

0.02 0.006 The network structure
reveals the presence of
leadership patterns.

Assortativity −0.007 (degree)
0.73 (country)
0.23 (category)

−1 (disassortative)
0 (neutral)
1 (assortative)

Clear evidence of geo-
graphical proximity, and
sectorial clusterization,
while no preferential
mechanisms between
nodes of the same size.

Betweenness
centralization

0.04 0.06 The network structure
does not highlight the
presence of distinct in-
termediaries.

Reciprocity
coefficient

0.32 0.003 Structural feedback
loops occur frequently in
the network.
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1.6 Conclusions and discussion

In this paper, we propose an innovative approach to the measurement of the structure of en-

trepreneurial ecosystems. Since entrepreneurial ecosystems can be considered complex systems

characterized by a multitude of actors frequently interacting among them, we adopt a network-based

approach to analyze the connections between the members of an entrepreneurial ecosystem. Specif-

ically, we address some important structural features that, according to the literature, characterize

entrepreneurial ecosystems: connectivity, density, stability, leadership, diversity, intermediaries, and

feedback loops.

We associate each element with a consolidated network metric. In doing so, we provide seven

network-based principles characterizing entrepreneurial ecosystems that can be measured and as-

sessed to monitor and evaluate the structure of a given entrepreneurial ecosystem. In this way,

we shed light on an open issue in the current literature, which is the investigation of the struc-

ture of entrepreneurial ecosystems. In particular, the measurement of the structural features of an

entrepreneurial ecosystem is of fundamental importance to tailor proper policies fostering collabora-

tion and innovation, since all the actors, structures, and practices that characterize entrepreneurial

ecosystems strongly contribute to digital innovation and economic growth.

This is a novel approach to the measurement of entrepreneurial ecosystems with respect to

previous methods. For instance, considering the EIDES family of indicators, there are two main

novelties introduced by our approach. Firstly, the indicators characterizing the EIDES correspond

to statistics published (in almost all cases) annually by international institutions, such as Eurostat,

World Economic Forum, and others. It follows that, the EIDES represents a well-recognized ex-post

indicator aimed at measuring the digital development of entrepreneurial ecosystems. Differently,

the proposed approach, being based on network metrics, allows monitoring the structure of an

entrepreneurial ecosystem in real-time, without the need to wait for the publication of national

and international statistics. Secondly, as linked to country-level statistics, the EIDES does not

allow dealing with entrepreneurial ecosystems at the international level. Even if entrepreneurial

ecosystems are usually defined in terms of local districts at the regional or national level, the

investigation of the establishment of innovation and digital ecosystems at the international level is

gaining attention recently, especially in a European policy context. Our approach, being based on

connections between organizations, can be applied in an international context in all the cases in

which the analyzed ecosystem is characterized by interactions between foreign partners, as in the

case study we report. Nevertheless, in the future we intend to create an overall index including all

the network-based measures, being coherent with the EIDES family of indicators.

We also contribute to the literature by proposing an alternative conceptualization of ecosystems
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1.6. Conclusions and discussion

considering online relationships. In particular, we provide an example of a network constituted by

612 start-ups belonging to seven different countries, built by considering the relationships occurring

among them on Twitter. This is an innovative way to investigate entrepreneurial ecosystems that

can gain increasing attention in the next future. The pandemic indeed, shifted several relationships

toward digital platforms, extending the concept of proximity that is central in the definition of

entrepreneurial ecosystems. In particular, Twitter is one of the most important social networking

platforms among high-technology firms, and it has been recently used as a predictor of start-ups’

success (Tumasjan et al., 2021). Finally, online relationships can extend beyond regional and na-

tional borders, allowing the establishment of entrepreneurial ecosystems at the continental level.

As a further development, we would like to integrate the network of start-ups on Twitter with

other kinds of network including other types of actors to investigate their interactions in a multi-

layer ecosystem. In this way, we aim to detect the interrelated dynamics and mechanisms that affect

entrepreneurial ecosystems online and offline, simultaneously.

The proposed approach also leaves room for some policy implications. Indeed, it can provide

real-time indications on how an entrepreneurial ecosystem is structurally developing, allowing for

timely interventions in case of unmet properties. In this way, we contribute to a claimed gap in the

current analysis, that is the need of data-driven approaches to model and measure entrepreneurial

ecosystems. More generally, the proposed methodology aims to support policy-makers and insti-

tutions funding the establishment of collaborative networks and entrepreneurial and innovation

ecosystems. The results obtained from the measurement of the network-based principles in fact,

can help these actors evaluate the impact of their policies on the structure of a specific system.

Looking at the results, we find that the members of the analyzed network are able to com-

municate with each other in few steps due to the small-world structure of the system, despite the

low number of edges in the network. The average number of connections established by a start-

up suggests the network to be in the “supercritical regime”, thus departing from the ER random

scenario. However, the mean degree is not sufficiently high to allow the network to shift toward

the “connected regime”. One possible reason of such behavior could be the stage of development

of the analyzed network, as well as the early adoption of Twitter in the business processes. In

conclusion, our findings highlight a partial ecosystem-like nature of the analyzed network, pointing

out those elements that need to be better established in order to consider it a proper entrepreneurial

ecosystem. An eventual limitation of our case study is related to the fact that start-ups might be

connected via their founders or CEOs on Twitter rather than via their corporate accounts.

This work represents a first attempt to analyze the social network structure of a system to

guide policy-making decisions. Although we acknowledge that the obtained results depend on the

selected metrics, we consider the ones we test the most efficient in quantifying the related structural
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1.6. Conclusions and discussion

properties. For instance, concerning connectivity, we decide to use the small-world-ness index

since it is a summary measure taking into account both cohesiveness and mean distance among

nodes, thus providing more information about overall connectivity than other network measures,

such as connectedness. Additionally, we do not associate density with edge density, as it is a

relative measure dependent on the size of the network and does not fully capture the frequency of

interactions. Moreover, considering mean degree enables us to conduct the analysis on the entire

network, rather than restricting it to the largest connected component. Finally, it is important to

specify that in the presence of undirected networks (i.e., links between nodes are not oriented), the

existence of leadership patterns can be assessed through eigenvector centralization (Bonacich, 1991),

while feedback loops can be identified in correspondence with closed triangles, thus by computing

the clustering coefficient of the network. In fact, both page rank centralization and reciprocity

coefficients are related to directed networks. In the future we aim to complement the current

analysis with community detection methods to identify specific groups of start-ups particularly

clustered, and observe whether their composition varies over time. Furthermore, we aim to apply

the methodology to other ecosystems in order to collect data for a comparative analysis among

different systems.
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Chapter 2

How do partner selection strategies affect

the amount of funds in collaborative

research projects? Evidence using the

dual-projection approach

Abstract

The choice of partners is a key strategic lever for the performance of collaborative projects. In this

study, we contribute to the existing body of collaborative R&D literature by investigating the effect

of different partner selection strategies in collaborative research projects. Specifically, there is a

lack of evidence on the impact of collaborating with new over existing partners on the amount of

funding received. To address this gap, we adopt an innovative technique in Social Network Analysis,

called the “dual-projection” approach. In particular, we analyze the network structure of projects

funded by Horizon 2020, the eighth European Framework Programme. Our results indicate that

partnering with new organizations increases the probability of obtaining more funds when entering

a new project compared to collaborating with already existing partners. Additionally, projects

coordinated by private or public organizations are more likely to secure higher funding compared to

research centers and higher education institutions. However, the relevance of partners’ connections

decreases as we move away from the focal organization. Finally, our findings provide significant

insights into the effectiveness of the European Research and Technological Development Policy.

Keywords: Collaborative R&D, Partner selection, Research projects, Social Network Analysis,

Horizon 2020.
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2.1 Introduction

Open innovation has shifted several paradigms in scientific theories and practices, rapidly becoming

a valuable concept for many firms and in several different contexts (Huizingh, 2011). According

to Chesbrough (2003), the “father” of the open innovation concept, the earlier logic of the closed

innovation approach was based on investments in internal Research and Development (R&D), which

led to many breakthrough discoveries. On the contrary, one of the main principles of open innovation

is that external R&D can create a significant value as well. As a consequence, R&D is increasingly

opening up (Enkel et al., 2009), and new ways to support collaboration are emerging (Antikainen

et al., 2010).

Meanwhile, the concept of collaborative R&D has become relevant in recent scientific literature.

Several works focus on the impact of collaborations on innovation (Hoang and Rothaermel, 2005,

2010), and on the drivers of university-industry collaboration (Bhullar et al., 2019; Atta-Owusu

et al., 2021), while other authors are more interested in investigating the dynamics of collaborative

relationships (Tatarynowicz et al., 2016; Jakobsen et al., 2019). In this work, we aim to extend the

strand of the literature exploring the effects of partner selection strategies in collaborative research

projects. In particular, we want to investigate which configuration of participants’ connections is

more likely to provide collaborative research projects with a higher amount of funds, contributing

to deepening the research on the link between collaboration and research funds (Defazio et al.,

2009; Ebadi and Schiffauerova, 2015; Ma et al., 2015). In fact, little attention has been paid to

the investigation of partner selection strategies in the collaboration literature, whereas there is

much more evidence in the field of alliances. Our aim is to fill this gap and shed light on specific

aspects in the collaboration literature, i.e., the choice between new and old partners in the field

of R&D alliances (Li et al., 2008; Kang and Zaheer, 2018), and the role of social capital in inter-

organizational settings (Seo, 2020). It is important to notice that, in the context of collaborative

projects, we consider as new partners those organizations that have never participated in a joint

project at the time of the analysis, while old partners correspond to organizations that have already

collaborated in previous research projects at that time.

To this aim, we adopt an innovative approach in this field. First, we exploit Social Network

Analysis (SNA) techniques to analyze the connection structure of the network representing collab-

orative research projects, where two projects are connected if there exists at least one organization

taking part in both of them. SNA is one of the most used methods to conceptualize and investigate

connections among social entities (Wasserman and Faust, 1994), and the collaborations between

organizations participating in research projects can be easily represented through a network. More

specifically, we model the connections between projects through an undirected weighted network,
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where nodes are projects and links are weighted according to the number of common participant

organizations. Second, the main methodological novelty of this study is the adoption of the so

called “dual-projection” approach, introduced by Everett and Borgatti (2013) to avoid structural

data losses when dealing with two-mode data, as in the case of collaborative projects. This kind

of data is characterized by the existence of two different sets of nodes, and only inter-group con-

nections (i.e., there are no intra-group links). In the case of collaborative projects, the two distinct

sets of nodes correspond to projects and organizations, respectively. Applying the dual-projection

approach to the analysis of collaborative research projects allows us to include the centrality of

organizations (i.e., their importance in terms of connections) in the computation of the centrality

of projects. This procedure enables to express the dependence of the relevance of projects on the

importance of the proposing institutions. In this way, we can compare the results obtained through

the application of the dual approach to the results deriving from the so called “classical” approach,

which does not account simultaneously for both the centrality of projects and the centrality of par-

ticipants. The comparison between the two approaches will allow us to investigate different partner

selection strategies and understand which one is more likely to lead to a higher amount of funds. A

full description of the two methods, as well as their interpretation in the context of partner selection

strategies, are reported in the paper.

We focus on a highly relevant case study in the field of collaborative R&D, namely the projects

funded by the eighth European Framework Programme (EU FP), Horizon 2020 (H2020). The

EU FPs are multi-annual programmes providing funds mainly to EU member states, but also to

associate countries, in order to promote long term investments in several areas, in accordance with

the establishment of a systematic Research and Technological Development (RTD) policy. Almost

all works in the literature using networks to investigate EU FPs focus on the connections between

participant organizations (Enger, 2018; Balland et al., 2019; Cinelli et al., 2022), disregarding the

connection structure of projects. As introduced above, the adoption of the dual-projection method

will allow us to go beyond this approach. Moreover, many policy insights into the mechanisms

affecting European research projects have been provided in previous studies, but there is a lack

of evidence on the strategic decisions of participant organizations. Thus, this work contributes to

the current strand of literature on EU FPs by shedding light on the effects of different partner

selection strategies on the likelihood of securing increased funding for H2020-funded projects. In

doing so, this study presents relevant managerial implications for participant organizations involved

in collaborative research projects, particularly in the field of EU FPs.

The paper is organized as follows. Section 2.2 presents an overview of the state of the art on the

phenomenon of partner selection and the EU FPs. Section 2.3 defines the research methodology,

stemming from SNA and graph theory, and gives details about the dual-projection approach. The
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case study and the data collected are introduced in Section 2.4. Section 2.5 describes the econometric

model, while Section 2.6 reports the results of the analysis. Finally, Section 2.7 discusses the main

theoretical and practical contributions of this paper, as well as the limitations and future aspects

we would like to investigate more.

2.2 State of the art and hypotheses

As introduced in Section 2.1, this paper aims to contribute to two different strands of literature.

First, we want to provide insights into the effectiveness of different partner selection strategies in the

field of collaboration studies. To this aim, we formulate three hypotheses, which are mostly derived

and adapted from the analysis of the phenomenon of partner selection in the alliance literature.

Second, we deepen the current analysis on research projects funded by the EU FPs, assessing one

specific hypothesis for this case study. Thus, in what follows, we introduce the state of the art of

both research streams.

2.2.1 Partner selection mechanisms

The phenomenon of partner selection is one of the most investigated in the literature on collaborative

R&D and innovation management. There are several determinants behind the choice of partners

that need to be distinguished from the motivation to enter into a joint venture (Al-Khalifa and

Eggert Peterson, 1999). A non-exhaustive list of partner selection criteria includes financial and

economic stability, business know-how, knowledge of the local market, a clear view of the strategic

direction of the business, and the existence of chemistry among partners (Doherty, 2009). Moreover,

firms’ size and research capabilities represent other two factors driving partner selection mechanisms

(Mindruta et al., 2016). According to Diestre and Rajagopalan (2012), technological relatedness and

development experience significantly increase the likelihood of partnership formation, while trust

and commitment are found to be crucial in the presence of high process manageability and outcome

interpretability (Shah and Swaminathan, 2008). Ryu et al. (2020) complement the research stream

on alliance formation by shedding light on the effect of market overlap and rivalry on collaboration.

The structure of strategic alliances is also relevant. For instance, Vătămănescu et al. (2020)

examine the impact of the strategic network structure on the innovation performance of small and

medium-sized enterprises (SMEs), highlighting the positive effect of competitive knowledge sharing.

Wathne et al. (2018) analyze the problem from a different perspective, focusing on a specific strategic

partnership, i.e., between supplier and reseller. They find that stringent reseller selection efforts

contribute to promoting incremental supplier investments and protecting them ex-post.

Some authors investigate partner selection and interactions through network analysis. For in-
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stance, Weng et al. (2014) explore how technological positions emerge from the interactions among

partners, looking at the alliance network structure, while Kang and Zaheer (2018) conceptualize

alliance partner choice in terms of network distance. Kumar and Zaheer (2019) instead, analyze

the ego network of the focal firm to determine the effect of stability on innovation in a collaborative

environment.

Hypothesis 1 The network structure of connections plays a crucial role in collaborative projects.

Based on the study of Li et al. (2008), the more ambitious an alliance’s innovation goal, the

more desirable that partners are friends (i.e., they have previous alliance experience) rather than

strangers, while strangers are preferred to acquaintances. In this vein, Kang and Zaheer (2018)

analyze different alliance partner choices based on network distance, finding that distant partners

offer benefits because of diverse knowledge, existing partners provide advantages in terms of trust

and established communication routines, while close partners may not benefit the firm as much as

the other categories.

Hypothesis 2 Establishing connections with existing partners in new collaborative projects provides

more advantages compared to partnering with previously unrelated actors.

Firms with partner selection capability generally achieve positive organizational outcomes in

terms of alliance structure and portfolio diversity (Sarkar et al., 2009). Then, the choice of a

partner becomes a proper managerial control task, being a condition for the success of a business

network (Moeller, 2010). This aspect is supported by Wang and Rajagopalan (2015), which sustain

that heterogeneity in alliance outcomes arises because of the different capabilities needed to address

challenges and opportunities in the partnership’s pre- and post-formation phases. In addition to

capabilities, complementary knowledge is one of the most crucial characteristics for prospective

partners as well as a key factor for innovation performance (Wu et al., 2009; Baum et al., 2010). To

this aim, the combination of inter-organizational learning and social capital are considered strategic

elements for a consortium performance (Seo, 2020). Wu et al. (2019) find team diversity to be

positively associated with project performance, arguing on the mediating effect of conflicts on the

relationship between the two phenomena. The importance of a high level of diversity is also claimed

by Gattringer et al. (2017) in relation to collaborative foresight projects. In particular, they highlight

that heterogeneity in terms of technological resources is more critical than organizational proximity.

Hypothesis 3 A high level of diversity among partners is a positive factor in collaborative projects.

According to Bengtsson et al. (2015), involving a large number of partners increases the level

of complexity of the alliance, so managers and researchers need to put more effort into organiza-

tional problems rather than into innovation activities. This issue can be mitigated by relying on
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project management techniques that help to select the right partners, e.g., in an open innovation

project (Guertler and Sick, 2021). Moreover, when partners are at the early stage of product de-

velopment and have limited experience in forming partnerships, as well as different technological

portfolios, venture capitalists (VCs) can be intermediaries facilitating R&D collaborations (Reuer

and Devarakonda, 2017).

2.2.2 The European Framework Programmes

One of the most interesting case studies in the field of collaborative R&D at the European level is

represented by the projects funded by the EU FPs. SNA is one of the most used tools to analyze

structures, roles, and dynamics of collaborative networks, and this is also the case of many empirical

studies on EU FPs. Roediger-Schluga and Barber (2008) are among the first who investigate the

global structural properties characterizing the collaborative networks of the first five EU FPs. Enger

(2018) addresses the position of organizations in projects funded by the EU FPs distinguishing be-

tween different levels of centrality. In particular, the author finds that higher education institutions

(HEIs) with high levels of centrality in the seventh FP (FP7) show a greater propensity of obtaining

funds in H2020 compared to HEIs that were not participating in FP7. A more comprehensive use

of SNA is exploited by Balland et al. (2019), which investigate the structure of the last three EU

FPs by computing global network properties (e.g., global clustering coefficient, assortativity, and

inequality coefficient) and the different roles of participants through the use of centrality measures.

Their results highlight that participants from EU-15 countries tend to have a higher centrality

than participants from EU-13, associated, and third countries in H2020. Moreover, the connection

structure also depends on the activity type of the organizations, as HEIs show significantly higher

centrality measures than e.g., private companies. Analyzing the Agri-Food network funded by the

FPs between 2008 and 2014, de Arroyabe et al. (2021) highlight the importance of heterogeneity

and geographic diversity of participants in determining the effectiveness of such innovation systems.

To complement this strand of literature, Cinelli et al. (2022) introduce a new metric, i.e., the col-

lective network effect (CNE) to measure the benefit of network membership among the participants

in projects funded by the seventh EU FP. In particular, they find that organizations with a higher

CNE generally have access to more funds than those with a lower CNE.

Hypothesis 4 The centrality of European-funded projects in the collaborative research network is

positively related with the amount of funds.

Several authors analyze projects funded by the EU FPs, addressing how spatial characteristics

have an impact on the structure of collaborative networks. In particular, Scherngell and Barber
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(2011) find that spatial factors significantly affect industrial collaboration, while in the public sec-

tor the effect is smaller. Scherngell and Lata (2013) confirm that geographical distance exerts a

negative effect on collaboration probability, although the effect significantly decreases in the time

span between the fifth and the sixth FPs. These preferential mechanisms make Europe remaining

a collection of national innovation systems, far from the realization of the European Research Area

(Chessa et al., 2013). Besides geographical factors, economic, technological and social distance

affect the probability of two regions to link to each other (Amoroso et al., 2018).

Another emerging aspect is the effect of previous participations in assuming a leadership position

in subsequent FPs (Breschi and Cusmano, 2006; Enger and Castellacci, 2016), while previous co-

publication activity has only a marginal effect on the probability of being funded (Hoekman et al.,

2013). An interesting insight is provided by the study of Cavallaro and Lepori (2021), where

authors demonstrate that institutional barriers, such as the Brexit for the United Kingdom and

the Switzerland’s reclassification as third country, have a negative impact on consortium building

mechanisms.

Other works investigate the importance of reputation of applicant organizations in the col-

laborative networks emerging from the EU FPs. The study of Lepori et al. (2015) analyzes the

participation of HEIs in projects funded by the EU FPs, and their association with HEI character-

istics. Their results suggest the close relation between HEI reputation and their network structure.

Enger and Castellacci (2016) present a timely analysis of participations in projects funded by Hori-

zon 2020, finding that the probability of being funded is enhanced by the scientific reputation of

the applicants. Thus, reputation has a direct impact in fostering the establishment of connections

in a collaborative environment. This is the reason why institutions with a higher reputation tend

to become core actors in the EU FPS collaborative research networks (Breschi and Cusmano, 2006;

Heller-Schuh et al., 2011). Calignano (2021) focuses on the reverse effect, finding that coopera-

tion in this kind of inter-organizational networks increases the scientific and academic reputation

of organizations. Finally, there are other factors that significantly affect collaboration choices in

the EU FPs networks, such as prior acquaintance, and different kinds of proximity, i.e., thematic,

geographical, social, and organizational (Paier and Scherngell, 2011; Heringa et al., 2016).

2.3 Research methodology

It is worth recalling that our focus is to investigate a network of collaborative research projects with

particular attention to the relation between the position of projects in the network and the amount

of received funds. This approach draws elements from SNA in order to proxy both the quality and

the quantity of connections of each project in a collaborative network. From this perspective, two
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projects are connected if at least one organization participate in both projects.

In general terms, SNA can be considered as an archetype that maps social relationships in

terms of connection structure among entities (Hu et al., 2015) and measures of centrality (Scott

and Carrington, 2011). Social interactions are typically heterogeneous and non-linear, proper of

a complex system (Thurner et al., 2018). Complex systems are commonly modeled as networks

of interacting entities (Barabási, 2016; Newman, 2018; Russell and Smorodinskaya, 2018), since

networks are able to explain the performance of real systems, correlating form with functions, and

structure with behaviors (Lewis, 2009; Cerqueti et al., 2018).

SNA has its methodological foundation in network theory. Thus, before going into more de-

tail, we need to recall some definitions from network theory. Moreover, we will discuss the “dual-

projection” method, which is one of the main novelties of our approach.

2.3.1 Preliminaries on network theory

A network N = (V,E) is composed by a set V of n vertices, or nodes, and a set E of m edges, or links.

As stated before, a network is a representation of some kind of interaction or relationship between

entities (e.g., individuals, organizations, or countries). Based on the type of the relationship, the

network can be either directed or undirected. Since collaborations between entities are usually

represented by undirected networks, in what follows we recall the theoretical foundations for this

type of networks. In particular, in an undirected network, it holds that if (i, j) ∈ E, then (j, i) ∈ E.

In this case, i and j are said to be adjacent. The degree di of the vertex i is the number of

its adjacent nodes, and we denote the whole degree vector by d = (d1, ..., dn). A (i, j)-path is a

sequence of distinct vertices and edges between i and j. If a (i, j)-path exists, then i and j are said

to be connected. In the end, N is connected if every pair of its vertices is connected.

The adjacency relations between nodes are represented by a n−square binary matrix A = [aij ],

called adjacency matrix, whose entries aij = 1 if (i, j) ∈ E, 0 otherwise. As we are considering an

undirected network N , A is symmetric and its eigenvalues are real. Let λ1 ≥ λ2 ≥ ... ≥ λn be the

eigenvalues of A, then xi is the eigenvector associated to λi.

It is also important to specify that networks considered in this work are without loops and

multiple links. More precisely, an organization can not be its own partner (i.e., there are no loops),

while multiple links between nodes are considered as weights on the same link. In this vein, a

network is weighted if a real number wij > 0 (i.e., the weight) is assigned to the link (i, j). In case

of a weighted network, we denote the weighted adjacency matrix by W = [wij ].

Finally, we say that a network is bipartite if the set V can be partitioned into two subsets V1

and V2 (i.e. V1 ∪ V2 = V and V1 ∩ V2 = ∅), whose cardinalities are n1 and n2, respectively. In a
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bipartite network, there are no links between nodes within V1 and the same occurs within V2, and

every edge of N joins a node in V1 with a node in V2. In this case, we define the affiliation matrix

E of order n1 × n2, where eij = 1 if a link occurs between i ∈ V1 and j ∈ V2, 0 otherwise. Then, a

bipartite network can be ultimately represented by a block square matrix of order n1+n2, denoted

by B (bipartite adjacency matrix) and defined as:

B =

 0 E

ET 0

 (2.1)

A bipartite network is a good representation of two-mode data, that is data representing the

relations between two different sets of entities (e.g., actors and events, companies and activities,

organizations and projects).

2.3.2 Network centrality measures

Centrality is one of the key issues in network analysis. Generally speaking, every element (i.e.,

nodes, edges, or groups of nodes) of the network can be important in respect to the entire structure,

but the most investigated aspect is the assignment of a centrality score to the vertices of the net-

work, indicating their relevance and influence in terms of connections. Among the various centrality

measures existing in the literature, we focus on the family of measures based on adjacency relation-

ships since they are the most suitable for representing the status/power of vertices. Therefore, in

what follows, we introduce a subset of existing centrality measures that capture the popularity of

nodes in collaborative research projects. In this vein, the most intuitive centrality measure is the

degree centrality, formally represented by the degree vector d = (d1, ..., dn), introduced in Section

2.3.1. This centrality measure has an immediate interpretation in two-mode data: the degree of

a node in the set V1 (V2, respectively) is the number of its neighbors belonging to the set V2 (V1,

respectively).

As degree centrality, the eigenvector centrality (Bonacich, 1972) is based on adjacency relations,

but with a more sophisticated interpretation. A node i is central if connected to nodes that are

central themselves. In other words, the eigenvector centrality of the node i, denoted by xi, is

proportional to the sum of the centralities of its neighbors, that is:

xi =
1

λ

n∑
j=1

aijxj , (2.2)

where λ is a constant.

If we collect the centralities of all the nodes in the vector x = (x1, . . . , xn) ∈ Rn, the expression in

Eq. 2.2 can be rewritten in matrix form as x = 1
λAx, so that x is an eigenvector of the adjacency
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matrix A with eigenvalue λ. As the centralities have to be nonnegative, by the Perron–Frobenius

theorem (Horn and Johnson, 1985), the constant must be the largest eigenvalue λ1 of A, and the

centrality vector is the corresponding principal eigenvector x1 .

In Bonacich (1987), a generalization of the eigenvector centrality is presented by introducing

the so called Beta-centrality. For a vertex i ∈ V , this measure is defined as follows:

ci(β) = (
∞∑
k=1

βk−1Ak1)i, (2.3)

where β is a real parameter reflecting the extent to which the status of a node is a function of the

status of its neighbors. Using the vector of centrality c(β) = (c1(β), ..., cn(β)) ∈ Rn we can rewrite

Beta-centrality in matrix form:

c(β) =

∞∑
k=1

βk−1Ak1 =
1

β

∞∑
k=1

βkAk1 (2.4)

In Bonacich (1987), different situations have been analyzed depending on the sign of β. Never-

theless, involving the series of the k−power of matrix A, β should be also an “attenuation” factor

for series convergence. Thus, for our aim, and the meaning we intend to give to this centrality

measure, we can assume 0 < β < 1. This assumption assures the series convergence, and provides

Beta-centrality with a specific meaning, i.e., a weighted sum of paths connecting any two vertices,

where longer paths are weighted less. This means that the effect of neighbors’ centralities on the

centrality of the focal node decreases as distance increases.

Interestingly, under appropriate conditions, degree centrality, Beta-centrality, and eigenvector

centrality are related, as stated by the following proposition1:

Proposition 1 Let 0 < β < 1
λ1

, and λ1 >> λi (∀i = 1, ..., n). If β approaches 0+, then c(β)

approaches d; if β approaches 1
λ1

−, then c(β) is proportional to x1.

In other words, degree and eigenvector centrality can be seen as extremal cases of Beta-centrality.

In particular, when β approaches 0, we recover the degree centrality, whereas when β approaches
1
λ1

, we obtain a vector proportional to the eigenvector centrality.

2.3.3 Dual-projection approach

A variant of eigenvector centrality for two-mode data (i.e., for bipartite networks) has been proposed

in Bonacich (1991). In this work, Bonacich provides not only the definition of centrality for nodes in

one of the two sets, but also the idea of a mutual centrality. In general terms indeed, the centrality

of an actor is proportional to the centralities of the events it is associated with. At the same time,
1This result can be found in (Bonacich, 2007). We reported the proof in Appendix 2.A.

Andrea Ancona 41



2.3. Research methodology

the centrality of an event is proportional to the centralities of the members who participate in that

event. Notably, in this work, Bonacich anticipates the dual-projection approach referring to the

eigenvector centrality.

Data on participation to collaborative projects belongs to the wide category of two-mode social

network data, due to its bipartite structure. Thus, relations between the sets of organizations

and projects are represented by the affiliation matrix E, whose generic element eij is equal to 1 if

organization i participates in project j, and 0 otherwise. Then, the adjacency matrix B is defined

as in Eq. (2.1).

According to Borgatti and Halgin (2011), there are two basic approaches to analyze two-mode

data: the “direct” approach and the “conversion” approach. In the former case, two-mode data is

analyzed without any manipulation of original data. In the latter one, two-mode data is converted

into two one-mode projections and studied separately. More specifically, in the direct approach,

we work with the matrix B, while in the conversion approach, the two projection matrices EET

and ETE of order n1 × n1 and n2 × n2, respectively, are constructed and analyzed separately.

In particular, the elements of EET correspond to the number of projects shared by each pair of

organizations, while the elements of ETE represent the number of organizations that participate in

each pair of projects. Notice that, EET and ETE are the adjacency matrices of the corresponding

projected networks. The vast majority of authors, especially in the literature on the EU FPs,

commonly employ the conversion approach. For this reason, we will refer to this as the “classical

approach” from now on.

However, working with one-mode projections implies structural data losses, and both one-mode

projections matrices EET and ETE should be used by combining their results in the so called dual-

projection approach (Everett and Borgatti, 2013). More recently, the dual-projection approach has

been applied to centrality problems (Everett, 2016; Grassi et al., 2019). In this perspective, we

need to define the vectors of centrality of both sets of nodes (i.e., organizations and projects) in the

respective projected matrices. Then, we need to make the centrality of organizations dependent on

the centrality of projects they participate in, and vice versa.

In particular, let z(p) ∈ Rn2 be the vector of a generic centrality measure associated with the

nodes of the matrix ETE, i.e., the centrality of projects obtained by the classical approach. Note

that z(p) can represent any centrality measure defined for weighted networks. The dual centrality

vector of organizations z
(o)
dual ∈ Rn1 is defined as:

z
(o)
dual = Ez(p) (2.5)

The same procedure can be applied to compute the dual centrality of projects. If y(o) ∈ Rn1
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denotes any centrality vector of EET , namely the centrality of organizations obtained by the classical

approach, then the dual centrality vector y
(p)
dual ∈ Rn2 of the projects is given by:

y
(p)
dual = ETy(o) (2.6)

Note that, by formula (2.6), the centrality of organizations obtained through the classical ap-

proach is included in the computation of the dual centrality of projects, and vice versa. In this

way, it is possible to exploit the whole set of information contained in the topology of a bipartite

network, thus avoiding structural data losses.

Similarly to Proposition (1), also for the dual approach, degree centrality, Beta-centrality, and

eigenvector centrality are related, as stated by the following proposition2:

Proposition 2 Let c(β)(p)dual be the dual Beta-centrality of projects, and λ1 the largest eigenvalue of

the adjacency matrix EET . Assume that 0 < β < 1
λ1

and λ1 >> λi (∀i = 1, ..., n). If β approaches

0+, then c(β)
(p)
dual approaches the dual degree centrality of projects d

(p)
dual; if β approaches 1

λ1

−, then

c(β)
(p)
dual is proportional to the dual eigenvector centrality of projects x

(p)
1,dual.

Hence, under specific assumptions, dual degree and dual eigenvector centrality can be seen

as extremal cases of dual Beta-centrality. A similar result holds for the dual Beta-centrality of

organizations.

2.3.4 Classical vs dual approach: investigating different partner selection strate-

gies

The main novelty of our approach is represented by the fact that we are able to investigate different

partner selection strategies through the comparison between classical and dual centrality measures.

In particular, what distiguishes the classical from the dual approach in relation to the centrality

of projects is the presence of the centrality vector of organizations in the computation of the dual

centrality of projects. This element enables the dual centrality of a specific project to vary based on

whether an organization participating in it decides to join a new consortium with new partners rather

than with existing ones. In contrast, the classical approach does not account for this distinction,

and the centrality of projects remains insensitive to such different strategies.

For the sake of clarity, we provide the following example. Let us suppose that organization

r is participating in project i together with organization s. Now, suppose that organization r is

going to join a new consortium working on another project, that we call project j. At this step, we

2The proposition can be stated in an analogous way for the centrality of organizations. We reported the proof in
Appendix 2.A.
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assume the two following possibilities: in the first scenario, organization r decides to collaborate

with organization s in the new project as well (i.e., it links with an existing partner); in the second

scenario, organization r starts a new collaboration with organization t (i.e., it creates a link with a

new partner).

In the classical approach, the centrality of projects does not capture the differences between the

two different strategies. Indeed, the elements of ETE that change in the two scenarios coincide, as

corresponding to the new adjacency relationship between project i and project j.

On the contrary, the centrality of projects reacts differently to the two strategies in the dual

approach. More specifically, in the first scenario, ET varies due the new affiliations of organization

s and organization r to project j, while y(o) remains stable since the two organizations were already

connected in project i. In the second scenario instead, besides variations in ET because of the new

affiliations of organization s and organization r to project j, also the centrality vector of organizations

y(o) changes as a consequence of the new connection between organization r and organization t. In

particular, this difference is significantly relevant in magnitude for unweighted centrality measures.

This is why we consider degree centrality, eigenvector centrality, and Beta centrality in our analysis,

thereby disregarding edge weights.

Therefore, by comparing the effects of classical and dual centrality measures on the economic

contribution received by the project, we are able to analyze whether it is better to collaborate

with new or existing partners to be more likely to obtain a higher amount of funds. A graphic

representation of the aforementioned dynamics, along with their effect on the centrality of projects

in both approaches, is reported in Figure 2.1.

2.4 Sample and data

The analysis of projects funded by the EU FPs represents an intriguing case study in the field

of collaborative R&D at the European level. In particular, understanding the way in which the

configuration of participants’ connections in a collaborative network affects the amount of funds

awarded to a research project is extremely relevant both from a policy perspective and for the

collaborative strategies of participants.

We take into account projects funded by the eighth FP, H2020. H2020 was the EU research

and innovation funding programme from 2014 to 2020 with a budget of nearly 80 billion e. It was

implemented, as all the EU FPs, via multi-annual work programmes aimed at addressing many of

the European Commission’s policy objectives. Specifically, H2020 focuses on three main priorities:

excellent science, industrial leadership, and societal challenges (European Commission, 2014). Data

on projects funded by H2020 are publicly available from the Community Research and Develop-
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Figure 2.1: Classical vs dual approach: representation of two different partner selection strategies. Scenario
1: linking with an existing partner. Scenario 2: linking with a new partner. Nodes represent organizations,
and links stand for collaboration in the same project; then, networks represent projects.

ment Information Service (CORDIS) website3. However, raw data from CORDIS website comprises

non-standardized organization names, as well as possible sources of errors (Ancona et al., 2023a).

Roediger-Schluga and Barber (2008) tackle this issue, disambiguating participant organizations

through a proper labor-intensive procedure relying on a consistent manual inspection of partici-

pants. In this way, the authors obtain a novel data source of higher quality than the original data,

known by the name of “EUPRO database”. Actually, most of the studies dealing with European

projects benefit from the EUPRO database, performing their analyses on this data source (Paier

and Scherngell, 2011; Scherngell and Barber, 2011; Hoekman et al., 2013; Scherngell and Lata, 2013;

Lepori et al., 2015; Heringa et al., 2016; Cavallaro and Lepori, 2021).

Thus, we requested and obtained access to the EUPRO database, restricted to the eighth EU

FP. This data includes information on 173, 084 participations in 35, 378 projects. In particular, the

number of distinct organizations is equal to 40, 470. However, in order to determine the subject

of the analysis, we must identify those members belonging to the giant component of the bipartite

network, i.e., the maximal connected component of the network. This step is indeed necessary to

compute the eigenvector centrality and the Beta-centrality of all projects and organizations. Then,

we generate the two projected networks in R (R Core Team, 2014) to determine the vectors of

centrality scores of both organizations and projects to be used in the classical and dual approach.

The projected network of organizations (called “participant network” from now on) is an undirected

3https://cordis.europa.eu/
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weighted network whose nodes represent participants in projects, edges stand for collaborations

between the nodes they connect, and weights on edges are equal to the number of projects in

which the respective organizations collaborate. The projected network of projects (called “project

network” from now on) is an undirected weighted network whose nodes represent projects, there

is an edge connecting two nodes if they share at least one participant, and weights on edges are

equal to the number of organizations participating in both the related projects. The participant

network is constituted by 40, 470 nodes and 1, 074, 618 edges, while the project network is made by

30, 382 nodes and 9, 643, 357 edges. The two networks have also some attributes associated with

their nodes, namely organization name, country, and activity type for the participant network, and

funding scheme, coordinator country, and coordinator activity type for the project network. We

recall that the subject of our analysis are projects, but the attributes of both networks will be

employed in our econometric analysis.

Since EUPRO data does not include details about the economic contribution received by the

projects from the European Commission, we had to retrieve this information from the CORDIS

dataset of H2020. Therefore, the final sample of projects used for our analysis is identified in

correspondence with the intersection between the EUPRO database and the CORDIS dataset in

relation to the eighth EU FP. Specifically, the number of projects reporting all necessary data for

the analysis is equal to 29, 470. It is important to specify that centrality measures are computed for

all the projects belonging to the project network introduced above in order not to alter the effective

connection structure of projects, although the values of centrality measures entering the model are

only those related to the subset of projects here defined.

2.5 Econometric model

To investigate the effects of partner selection strategies on receiving a higher amount of funds in

H2020-funded projects, we run a multiple linear regression analysis. While we acknowledge that

testing a linear model between centrality measures and economic contributions can be a strong

assumption, we want to specify that the main objective of this research is to compare the effects

of different metrics computed through classical and dual approach, respectively, on the economic

contribution received by the project. This comparison aims to determine which partner selection

strategy is likely to provide the project with a higher amount of funding. In particular, we ana-

lyze five different specifications, each implementing a specific centrality measure as a proxy of the

connection structure of projects, i.e., degree centrality through classical approach, and eigenvector

centrality and Beta-centrality through both classical and dual approaches. The model comprises

both numerical and categorical variables. Specifically, all numerical variables are standardized in or-
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der to interpret the results. The approach is similar to that proposed in (Ebadi and Schiffauerova,

2015), where the authors analyze the impact of collaboration and networking on the amount of

funding received by Canadian researchers. However, there are three main differences that distin-

guish their study from our work. First, their analysis is performed at the individual level, while

we investigate the effects of collaboration at the organizational level. Second, we focus on projects

funded by H2020, which, given its relevance and dimension in terms of funded projects, represents

one of the most interesting case studies in the field of collaborative R&D. Third, we also consider

centrality measures in their dual form, whereas Ebadi and Schiffauerova (2015) implement degree

centrality, betweenness centrality, eigenvector centrality, and clustering coefficient only through the

classical approach.

Dependent variable

Our dependent variable is the economic contribution received by the projects from the European

Commission (ecContr in the model). This data is retrieved from the CORDIS dataset.

Explanatory variables

The independent variables of interest in this study are the three centrality measures introduced in

Section 2.3.2. Each of them is able to capture a different characteristic of the connection structure

of projects, and, consequently, a different behavior of the nodes of the project network. Degree

centrality (d(p) in the model) represents the number of connections a node establishes in the network.

Specifically, a project is linked to another project if they share at least one common participant.

Thus, the more an organization is involved in European projects, the higher the degree of the projects

it takes part in. Eigenvector centrality through classical approach (x(p)1 in the model) considers not

only how many neighbors (i.e., links) a project has, but also the quality (in terms of centrality)

of its neighbors’ connections. Thus, it goes more in depth compared to degree centrality to proxy

the connection structure of nodes. Similarly, Beta-centrality through classical approach (ci(β)(p)

in the model) takes into account the connection structure of the project’s neighborhood, but it

introduces a scaling factor weighting more the connections of closer neighbors. Finally, eigenvector

centrality through dual approach (x(p)1,dual in the model) and Beta-centrality through dual approach

(ci(β)
(p)
dual in the model) are the centrality measures that enable us to compare different partner

selection strategies, distinguishing between the connection with new and existing partners. In fact,

as described in Section 2.3.4, the dual-projection approach allows accounting for the centrality

of organizations in the computation of the centrality of projects. This means that, additionally

to the classical approach, eigenvector and Beta-centrality through dual approach also considers
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the relevance (in terms of the connection structure of organizations in the participant network)

of participants in linking two projects. It is important to specify that, since Beta-centrality is a

parametric function, we need to fix the value of β to analyze its effect on the economic contribution.

In line with (Everett, 2016), we consider values of Beta-centrality in correspondence with β = 1
2λ1

,

i.e., the midpoint between 0 and βmax.

Control variables

Based on the literature reported in Section 2.2, we control for the effect of other independent

variables on the economic contribution. We assume that those factors that are considered important

to determine project outcomes, or increase the probability of being funded, may reasonably have

an impact on the amount of funds as well (taking into account variables we can control for). In

particular, we include one numerical variable and three categorical variables in the model that may

affect the amount of funds received by a project. The numerical variable represents the level of

diversity of a project (Gattringer et al., 2017; Wu et al., 2019). We measure the project diversity

through the Blau index (Blau, 1977) by country (div_country in the model) and activity type

(div_actType in the model), following previous works in the literature using the Blau index as

a proxy of top management team diversity (Nielsen and Nielsen, 2013), portfolio diversity (Jiang

et al., 2010), and partner diversity (Alonso and Andrews, 2019). The Blau index is defined as

B = 1−
∑

p2i , where, in our case, B represents the degree of project diversity, and pi corresponds

to the proportion of organizations participating in the project that belong to category i.

For what concerns the categorical variables, we consider two variables related to the character-

istics of the project coordinator, namely the activity type (actType in the model) (Enger, 2018;

Balland et al., 2019) and the country (macroCountry in the model) (Balland et al., 2019; Cavallaro

and Lepori, 2021). The activity type indicates if the coordinator is a private company (PRC), a

higher education institution (HES), a public body (PUB), a research organization (REC), or other

(OTH). Regarding the latter variable instead, we followed the approach of Balland et al. (2019),

hence aggregating countries in macro-categories, i.e., “EU-15”, “EU-13”, and “Extra-EU”. For com-

pleteness, we also run regressions on single countries, but they did not provide significant results4.

Then, we control for the funding scheme (fundScheme in the model) under which the project has

been financed, as we believe that it can plausibly affect the economic contribution awarded to the

projects. For each categorical variable, n−1 dummy variables are generated, where n is the number

of classes of the related variable. In the dataset there are 5 activity types, 3 macro-countries, and

64 funding schemes, thus 69 dummy variables are introduced. Including this considerable amount

4Results are available from the authors upon request.
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of variables did not lead to overfitting issues due to the large number of observations we have in the

model, i.e., the degree of freedoms are still remarkable.

The final specifications are defined as follows:

Specification I

ecContri = α
(I)
0 + α

(I)
1 x

(p)
1,dual,i + α

(I)
2 div_countryi + α

(I)
3 div_actTypei + α

(I)
4 macroCountry1i+

+ α
(I)
5 macroCountry2i + α

(I)
6 actType1i + ...+ α

(I)
9 actType4i + α

(I)
10 fundScheme1i+

+ ...+ α
(I)
72 fundScheme63i

Specification II

ecContri = α
(II)
0 + α

(II)
1 x

(p)
1,i + α

(II)
2 div_countryi + α

(II)
3 div_actTypei + α

(II)
4 macroCountry1i+

+ α
(II)
5 macroCountry2i + α

(II)
6 actType1i + ...+ α

(II)
9 actType4i + α

(II)
10 fundScheme1i+

+ ...+ α
(II)
72 fundScheme63i

Specification III

ecContri = α
(III)
0 + α

(III)
1 ci(β)

(p)
dual + α

(III)
2 div_countryi + α

(III)
3 div_actTypei + α

(III)
4 macroCountry1i+

+ α
(III)
5 macroCountry2i + α

(III)
6 actType1i + ...+ α

(III)
9 actType4i + α

(III)
10 fundScheme1i+

+ ...+ α
(III)
72 fundScheme63i

Specification IV

ecContri = α
(IV )
0 + α

(IV )
1 ci(β)

(p) + α
(IV )
2 div_countryi + α

(IV )
3 div_actTypei + α

(IV )
4 macroCountry1i+

+ α
(IV )
5 macroCountry2i + α

(IV )
6 actType1i + ...+ α

(IV )
9 actType4i + α

(IV )
10 fundScheme1i+

+ ...+ α
(IV )
72 fundScheme63i

Specification V

ecContri = α
(V )
0 + α

(V )
1 d

(p)
i + α

(V )
2 div_countryi + α

(V )
3 div_actTypei + α

(V )
4 macroCountry1i+

+ α
(V )
5 macroCountry2i + α

(V )
6 actType1i + ...+ α

(V )
9 actType4i + α

(V )
10 fundScheme1i+

+ ...+ α
(V )
72 fundScheme63i

Where the generic α(S)’s are the coefficients of the variables to be estimated in Specification S.

In light of the aforementioned specifications, we express our hypotheses in terms of the variables

defined in this section. Regarding H1, we consider a p-value < 0.001 as strong evidence against the

null hypothesis, consistent with classical econometric tests.
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Hypothesis 1 p-value(α(I)
1 ), p-value(α(II)

1 ), p-value(α(III)
1 ), p-value(α(IV )

1 ), p-value(α(V )
1 ) < 0.001

Hypothesis 2 α
(I)
1 < α

(II)
1 , and α

(III)
1 < α

(IV )
1

Hypothesis 3 α
(I)
2 , α(II)

2 , α(III)
2 , α(IV )

2 , α(V )
2 > 0, and α

(I)
3 , α(II)

3 , α(III)
3 , α(IV )

3 , α(V )
3 > 0

Hypothesis 4 α
(I)
1 , α(II)

1 , α(III)
1 , α(IV )

1 , α(V )
1 > 0

2.6 Results

In Table 2.1, we report the descriptive statistics of the dependent variable and the explanatory vari-

ables included in the different specifications. Looking at these, the overall distribution of economic

contribution seems to be skewed, thereby potentially undermining one of the assumptions of linear

regressions. However, this is due to the presence of outliers in the distribution. In fact, if we look

at the kernel density of the economic contribution among the set of projects belonging to the giant

component (in Figure 2.2 below), the normal distribution assumption of the dependent variable

appears more reasonable. Moreover, as specified in Section 2.5, our primary goal is not to find a

perfectly fitting econometric model, but rather to compare classic and dual centrality measures in

a more refined and comprehensive manner than through correlation coefficients.

Table 2.1: Descriptive statistics.

Economic
contribution

Dual
eigenvector

Classic
eigenvector

Dual Beta
(β = 1

2λ1
)

Classic Beta
(β = 1

2λ1
)

Degree

Mean e2, 176, 239.00 0.49 0.02 25.46 0.59 636.46

SD e5, 877, 372.00 0.84 0.05 40.93 0.81 866.62

Min e3, 150.00 8.05× 10−8 1.60× 10−9 0.01 5.98× 10−4 1

Max e678, 800, 000.00 25.30 1 1130.88 11.84 15, 039

In Figure 2.3, we represent the Kendall τ correlation matrix comparing the rankings provided

by the different metrics. As it is well known in SNA, all centrality measures are mutually highly

correlated (Valente et al., 2008), and this aspect is supported by the obtained results. However, the

Kendall τ correlation matrix highlights a first interesting outcome of our analysis. The rankings

provided by the centrality measures through the dual approach show a higher correlation with

the ranking based on the economic contribution compared to the rankings provided by the same

metrics through the classical approach. More specifically, dual Beta-centrality is the most highly

correlated with the economic contribution, while, interestingly, eigenvector centrality overperforms

Beta-centrality in their classical version. These results highlight two first interesting aspects. First,

the dual-projection method allows to better identify the projects according to the size of their
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Figure 2.2: Kernel density distribution of the economic contribution received by the projects belonging
to the giant component. The thresholds for high-, medium-, and low-budget projects are identified in
correspondence with local minima, and are displayed for illustrative purposes.
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Figure 2.3: Kendall τ correlation matrix.

financial support. Second, dual Beta-centrality seems to be the best proxy (among the ones we

tested) to estimate the amount of received funds by H2020 funded projects.

Table 2.2 presents the results obtained from the multiple linear regression described in Section

2.5. We report robust standard errors using the Huber-White sandwich estimator (White, 1980) in
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order to correct for heteroskedasticity and avoid any potential effects of non-independent observa-

tions. Our model estimations are not affected by multicollinearity issues. The individual variance

inflation factors (VIFs) are indeed below the recommended cutoff level of 10 for all variables in the

different specifications (the maximum value is equal to 2.58) (Neter et al., 1996).

Table 2.2: Results from the econometric analysis. Robust standard errors are in parentheses.

(I)
Economic

contribution

(II)
Economic

contribution

(III)
Economic

contribution

(IV)
Economic

contribution

(V)
Economic

contribution

Intercept −0.234∗

(0.094)
−0.276∗∗∗

(0.079)
−0.231∗

(0.108)
−0.299∗∗∗

(0.074)
−0.276∗∗∗

(0.080)

Dual eigenvector 0.390∗∗∗

(0.073)

Classic eigenvector 0.280∗∗∗

(0.056)

Dual Beta (β = 1
2λ1

) 0.468∗∗∗

(0.088)

Classic Beta (β = 1
2λ1

) 0.241∗∗∗

(0.039)

Degree 0.281∗∗∗

(0.046)

Diversity actType −0.047∗∗

(0.015)
−0.043∗∗

(0.015)
−0.061∗∗∗

(0.017)
−0.042∗∗

(0.014)
−0.044∗∗

(0.014)

Diversity country 0.070∗

(0.030)
0.125∗∗∗

(0.024)
0.012
(0.038)

0.119∗∗∗

(0.022)
0.098∗∗∗

(0.024)

ActType OTH 0.106∗∗∗

(0.026)
0.058∗∗

(0.022)
0.139∗∗∗

(0.031)
0.079∗∗∗

(0.023)
0.099∗∗∗

(0.024)

ActType PRC 0.119∗∗∗

(0.030)
0.064∗

(0.026)
0.147∗∗∗

(0.034)
0.080∗∗

(0.026)
0.105∗∗∗

(0.028)

ActType PUB 0.167∗∗

(0.052)
0.130∗

(0.054)
0.183∗∗∗

(0.050)
0.146∗∗

(0.054)
0.160∗∗

(0.053)

ActType REC −0.063∗∗∗

(0.016)
−0.089∗∗∗

(0.022)
−0.035∗∗

(0.011)
−0.057∗∗∗

(0.014)
−0.048∗∗∗

(0.013)

Macrocountry EU-15 −0.058∗∗∗

(0.016)
−0.041∗∗

(0.014)
−0.070∗∗∗

(0.018)
−0.046∗∗∗

(0.013)
−0.056∗∗∗

(0.015)

Macrocountry Extra-EU −0.033
(0.019)

−0.010
(0.017)

−0.027
(0.019)

−0.007
(0.017)

−0.016
(0.017)

FundScheme BBI-IA-DEMO 1.088∗∗∗

(0.108)
1.086∗∗∗

(0.099)
1.080∗∗∗

(0.124)
1.102∗∗∗

(0.100)
1.105∗∗∗

(0.103)

FundScheme BBI-IA-FLAG 3.400∗∗∗

(0.212)
3.401∗∗∗

(0.205)
3.427∗∗∗

(0.223)
3.407∗∗∗

(0.205)
3.402∗∗∗

(0.208)

FundScheme BBI-RIA 0.376∗∗∗

(0.082)
0.401∗∗∗

(0.068)
0.320∗∗

(0.102)
0.389∗∗∗

(0.069)
0.384∗∗∗

(0.074)

FundScheme COFUND 0.762∗∗∗

(0.083)
0.846∗∗∗

(0.064)
0.716∗∗∗

(0.103)
0.910∗∗∗

(0.062)
0.921∗∗∗

(0.066)

FundScheme COFUND-EJP 18.299
(13.013)

20.019
(13.659)

16.890
(12.516)

20.820
(14.070)

20.407
(13.935)

FundScheme COFUND-PCP 0.532∗∗∗

(0.090)
0.497∗∗∗

(0.093)
0.611∗∗∗

(0.101)
0.518∗∗∗

(0.089)
0.537∗∗∗

(0.088)

FundScheme CS2-CSA 0.118
(0.102)

0.041
(0.114)

0.201
(0.114)

0.067
(0.105)

0.087
(0.106)

Continued on next page
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Table 2.2 – Continued from previous page

(I)
Economic

contribution

(II)
Economic

contribution

(III)
Economic

contribution

(IV)
Economic

contribution

(V)
Economic

contribution

FundScheme CS2-IA 0.865∗∗∗

(0.262)
0.888∗∗∗

(0.263)
0.870∗∗∗

(0.262)
0.905∗∗∗

(0.264)
0.896∗∗∗

(0.264)

FundScheme CS2-RIA 0.209∗∗

(0.078)
0.218∗∗∗

(0.065)
0.233∗

(0.094)
0.232∗∗∗

(0.066)
0.228∗∗

(0.070)

FundScheme CSA 0.105
(0.075)

0.139∗

(0.059)
0.104
(0.092)

0.153∗

(0.060)
0.142∗

(0.065)

FundScheme CSA-LS 0.033
(0.079)

0.004
(0.069)

0.097
(0.100)

0.022
(0.070)

0.033
(0.073)

FundScheme CSA-LSP 0.053
(0.084)

0.073
(0.071)

0.063
(0.100)

0.093
(0.069)

0.085
(0.074)

FundScheme ECSEL-CSA −0.269
(0.243)

−0.186
(0.185)

−0.306
(0.269)

−0.142
(0.162)

−0.151
(0.179)

FundScheme ECSEL-IA 1.679∗∗∗

(0.419)
2.045∗∗∗

(0.370)
1.219∗

(0.504)
2.158∗∗∗

(0.356)
2.064∗∗∗

(0.365)

FundScheme ECSEL-RIA 0.320
(0.194)

0.631∗∗∗

(0.153)
−0.050
(0.266)

0.720∗∗∗

(0.134)
0.644∗∗∗

(0.142)

FundScheme ERA-NET-Cofund 0.591∗∗∗

(0.107)
0.756∗∗∗

(0.083)
0.540∗∗∗

(0.125)
0.868∗∗∗

(0.081)
0.866∗∗∗

(0.084)

FundScheme ERC-ADG 0.456∗∗∗

(0.093)
0.479∗∗∗

(0.081)
0.471∗∗∗

(0.106)
0.495∗∗∗

(0.078)
0.479∗∗∗

(0.083)

FundScheme ERC-COG 0.382∗∗∗

(0.093)
0.403∗∗∗

(0.081)
0.397∗∗∗

(0.106)
0.420∗∗∗

(0.078)
0.406∗∗∗

(0.083)

FundScheme ERC-LVG 0.090
(0.092)

0.145
(0.079)

0.080
(0.108)

0.163∗

(0.076)
0.145
(0.081)

FundScheme ERC-POC 0.108
(0.092)

0.141
(0.080)

0.113
(0.106)

0.156∗

(0.078)
0.141
(0.082)

FundScheme ERC-POC-LS 0.110
(0.093)

0.138
(0.081)

0.111
(0.107)

0.157∗

(0.079)
0.144
(0.083)

FundScheme ERC-STG 0.311∗∗∗

(0.093)
0.334∗∗∗

(0.081)
0.323∗∗

(0.106)
0.350∗∗∗

(0.078)
0.336∗∗∗

(0.083)

FundScheme ERC-SyG 1.496∗∗∗

(0.093)
1.493∗∗∗

(0.085)
1.593∗∗∗

(0.102)
1.509∗∗∗

(0.081)
1.495∗∗∗

(0.086)

FundScheme EuroHPC-IA −0.072
(0.098)

0.095
(0.076)

−0.033
(0.107)

0.138
(0.075)

0.116
(0.075)

FundScheme EuroHPC-RIA 0.592
(0.460)

0.580
(0.440)

0.658
(0.490)

0.587
(0.463)

0.593
(0.480)

FundScheme FCH2-CSA −0.213
(0.141)

−0.112
(0.102)

−0.183
(0.165)

−0.077
(0.100)

−0.086
(0.112)

FundScheme FCH2-IA 1.612∗∗∗

(0.454)
1.628∗∗∗

(0.449)
1.615∗∗∗

(0.450)
1.635∗∗∗

(0.453)
1.638∗∗∗

(0.454)

FundScheme FCH2-RIA 0.154
(0.093)

0.195∗

(0.077)
0.187
(0.106)

0.224∗∗

(0.073)
0.218∗∗

(0.078)

FundScheme H2020-EEN-SGA 0.151
(0.082)

0.188∗∗

(0.070)
0.157
(0.098)

0.210∗∗

(0.072)
0.196∗

(0.076)

FundScheme IA 0.823∗∗∗

(0.079)
0.877∗∗∗

(0.062)
0.729∗∗∗

(0.102)
0.880∗∗∗

(0.063)
0.863∗∗∗

(0.068)

FundScheme IA-LS 0.719∗∗∗

(0.099)
0.890∗∗∗

(0.068)
0.347∗

(0.165)
0.856∗∗∗

(0.070)
0.804∗∗∗

(0.079)

Continued on next page
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Table 2.2 – Continued from previous page

(I)
Economic

contribution

(II)
Economic

contribution

(III)
Economic

contribution

(IV)
Economic

contribution

(V)
Economic

contribution

FundScheme IMI2-CSA 0.058
(0.079)

0.160
(0.085)

−0.044
(0.129)

0.205∗

(0.081)
0.192∗∗

(0.071)

FundScheme IMI2-RIA 1.342∗∗∗

(0.383)
1.536∗∗∗

(0.388)
1.253∗∗

(0.384)
1.538∗∗∗

(0.388)
1.468∗∗∗

(0.387)

FundScheme MSCA-COFUND 0.583∗∗∗

(0.134)
0.628∗∗∗

(0.124)
0.576∗∗∗

(0.143)
0.630∗∗∗

(0.128)
0.609∗∗∗

(0.132)

FundScheme MSCA-COFUND-
DP

0.329∗∗

(0.104)
0.384∗∗∗

(0.088)
0.310∗∗

(0.119)
0.406∗∗∗

(0.084)
0.385∗∗∗

(0.090)

FundScheme MSCA-COFUND-
FP

0.554∗∗∗

(0.100)
0.612∗∗∗

(0.084)
0.547∗∗∗

(0.114)
0.626∗∗∗

(0.083)
0.603∗∗∗

(0.089)

FundScheme MSCA-IF 0.098
(0.089)

0.119
(0.076)

0.110
(0.103)

0.123
(0.075)

0.106
(0.080)

FundScheme MSCA-IF-EF-CAR 0.137
(0.092)

0.168∗

(0.079)
0.131
(0.107)

0.186∗

(0.078)
0.171∗

(0.082)

FundScheme MSCA-IF-EF-RI 0.110
(0.094)

0.133
(0.082)

0.110
(0.108)

0.153
(0.079)

0.140
(0.084)

FundScheme MSCA-IF-EF-SE 0.063
(0.087)

0.120
(0.070)

0.044
(0.104)

0.142∗

(0.068)
0.118
(0.074)

FundScheme MSCA-IF-EF-ST 0.117
(0.093)

0.147
(0.081)

0.115
(0.107)

0.161∗

(0.078)
0.145
(0.083)

FundScheme MSCA-IF-GF 0.058
(0.074)

0.012
(0.061)

0.132
(0.092)

0.034
(0.063)

0.046
(0.067)

FundScheme MSCA-ITN 0.090
(0.103)

0.178∗

(0.083)
0.119
(0.113)

0.162∗

(0.079)
0.107
(0.089)

FundScheme MSCA-ITN-EID 0.173∗

(0.074)
0.166∗∗

(0.059)
0.230∗

(0.092)
0.176∗∗

(0.061)
0.179∗∗

(0.066)

FundScheme MSCA-ITN-EJD 0.225∗

(0.093)
0.283∗∗∗

(0.073)
0.233∗

(0.108)
0.289∗∗∗

(0.071)
0.268∗∗∗

(0.078)

FundScheme MSCA-ITN-ETN 0.061
(0.106)

0.161
(0.085)

0.066
(0.118)

0.149
(0.079)

0.092
(0.090)

FundScheme MSCA-RISE −0.040
(0.073)

−0.056
(0.059)

0.012
(0.090)

−0.042
(0.060)

−0.040
(0.065)

FundScheme PCP 0.991∗∗∗

(0.122)
0.963∗∗∗

(0.112)
1.049∗∗∗

(0.129)
0.990∗∗∗

(0.109)
1.006∗∗∗

(0.112)

FundScheme PPI 0.493∗

(0.200)
0.420∗

(0.205)
0.602∗∗

(0.202)
0.454∗

(0.200)
0.485∗

(0.196)

FundScheme RIA 0.431∗∗∗

(0.096)
0.528∗∗∗

(0.073)
0.400∗∗∗

(0.114)
0.553∗∗∗

(0.067)
0.515∗∗∗

(0.075)

FundScheme RIA-LS 0.612∗∗

(0.208)
0.626∗∗∗

(0.182)
0.690∗∗

(0.213)
0.661∗∗∗

(0.172)
0.638∗∗∗

(0.184)

FundScheme SESAR-CSA 0.360∗

(0.145)
0.457∗∗∗

(0.133)
0.337∗

(0.167)
0.505∗∗∗

(0.136)
0.512∗∗∗

(0.140)

FundScheme SESAR-IA 0.470∗∗∗

(0.133)
0.499∗∗∗

(0.129)
0.478∗∗∗

(0.141)
0.517∗∗∗

(0.132)
0.516∗∗∗

(0.135)

FundScheme SESAR-RIA 0.502∗∗∗

(0.110)
0.545∗∗∗

(0.107)
0.494∗∗∗

(0.119)
0.562∗∗∗

(0.110)
0.560∗∗∗

(0.112)

FundScheme Shift2Rail-CSA 0.119
(0.095)

0.133
(0.075)

0.088
(0.123)

0.122
(0.076)

0.113
(0.082)

Continued on next page
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Table 2.2 – Continued from previous page

(I)
Economic

contribution

(II)
Economic

contribution

(III)
Economic

contribution

(IV)
Economic

contribution

(V)
Economic

contribution

FundScheme Shift2Rail-IA 0.358∗∗∗

(0.103)
0.355∗∗

(0.126)
0.288∗∗

(0.097)
0.335∗∗∗

(0.097)
0.329∗∗∗

(0.084)

FundScheme Shift2Rail-IA-LS 1.678∗∗

(0.645)
1.733∗

(0.713)
1.587∗∗

(0.561)
1.759∗

(0.714)
1.756∗

(0.701)

FundScheme Shift2Rail-RIA 0.221∗

(0.091)
0.238∗∗

(0.078)
0.212∗

(0.106)
0.235∗∗

(0.081)
0.230∗∗

(0.085)

FundScheme Shift2Rail-RIA-LS 1.360∗∗

(0.492)
1.337∗∗

(0.486)
1.386∗∗

(0.490)
1.379∗∗

(0.488)
1.392∗∗

(0.491)

FundScheme SME 0.327∗∗∗

(0.090)
0.372∗∗∗

(0.076)
0.324∗∗

(0.105)
0.399∗∗∗

(0.074)
0.380∗∗∗

(0.079)

FundScheme SME-1 0.046
(0.088)

0.101
(0.072)

0.033
(0.104)

0.127
(0.069)

0.104
(0.075)

FundScheme SME-2 0.332∗∗∗

(0.088)
0.385∗∗∗

(0.072)
0.322∗∗

(0.104)
0.412∗∗∗

(0.069)
0.389∗∗∗

(0.075)

FundScheme SME-2b 0.363∗∗∗

(0.089)
0.416∗∗∗

(0.073)
0.352∗∗∗

(0.105)
0.442∗∗∗

(0.071)
0.420∗∗∗

(0.076)

Residual Standard Error 0.7910 0.8186 0.7760 0.8302 0.8233

Degrees of freedom 29, 397 29, 397 29, 397 29, 397 29, 397

Adjusted R-squared 0.3744 0.3316 0.3978 0.3107 0.3221

F-statistic 245.9 202.5 271.4 185.5 195.5

Significance levels: ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.

As evident from the results, all the centrality measures tested within the model exhibit a positive

and significant relationship with the economic contribution received by the project. This finding

confirms that the network structure of projects plays a crucial role in determining the amount

of obtained funds (H1, H4). More specifically, the dual Beta-centrality has the highest coefficient

among all centrality measures, and the corresponding specification is the one that best fits the model

(as shown by the values of adjusted R-squared and F-statistic). Thus, by capturing the significance

of participant organizations in the connection structure of projects, more accurate results can be

obtained when estimating the effects on the economic contribution. This implies that it is not

only important for a project to have a high number of links with other projects through shared

organizations, but it is also crucial to consider the specific organizations that make these connections

happen. As described in Section 2.3.4, the dual projection method is sensitive to the selection of

new partners, while centrality measures determined by classical approach do not entail the difference

between new and existing partners. Therefore, our results suggest that selecting new over existing

partners when entering a new project increases the likelihood of obtaining more funds in European

research projects. This is a relevant insight from our analysis, providing new evidence on this

aspect in the collaboration literature, and violating H2. Nevertheless, this result can be seen as an

indication of the relevance of enhancing the organization’s social capital (Seo, 2020) by linking with

partners that it has not previously collaborated with. For what concerns H3 instead, we find that the

Andrea Ancona 55



2.7. Discussion and conclusions

diversity of participants is positively related with the economic contribution based on the country of

the organizations, while the effect is the opposite in terms of activity type heterogeneity. However,

both values are relatively small in magnitude, and country diversity, in particular, is not significant

within the specification including dual Beta-centrality as independent variable. Another interesting

result concerns the effect of the activity type of the coordinator on the economic contribution. In

particular, values for private companies, public bodies, and research organizations are significant

in all five specifications with different signs. More specifically, having a private company or a

public organization as a project coordinator increases the likelihood of getting more funds. On

the contrary, consortia with a research institution as a coordinator decrease their probability of

receiving a high amount of funds (although the effect is not big in magnitude). Results are quite

surprising regarding projects with a coordinator from a EU-15 country. Indeed, such projects are

less likely to obtain high funding. Finally, the funding scheme with the highest significant impact on

economic contribution for all three specifications is BBI-IA-FLAG, which corresponds to “Bio-based

industries Innovation Action Flagship” within the H2020 pillar “Industrial Leadership - Leadership

in enabling and industrial technologies – Biotechnology”.

2.7 Discussion and conclusions

In this work, we contribute to the existing body of literature that explores the impact of partner

selection strategies on the amount of funds in the field of collaborative research projects. In partic-

ular, we fill a relevant gap in the collaboration literature, which lacks evidence on the analysis of

strategic choices behind partner selection mechanisms. To this aim, we test four hypotheses which

are mostly derived and adapted from the analysis of partner selection strategies in the alliance

literature. We also extend the current stream of research on the analysis of projects funded by the

EU FPs through the investigation of a specific case study represented by the projects funded by the

eighth EU FP, i.e., H2020.

The main peculiarity of this study is represented by the application of the dual-projection ap-

proach (Everett and Borgatti, 2013) to collaborative research networks. Thanks to the implementa-

tion of this novel methodology, we can express the centrality of projects, i.e., the level of importance

based on the number of their connections, as a function of the centrality of organizations. In this

way, it is possible to exploit the whole set of information included in the topology of a bipartite

network, avoiding structural data losses occurring when working with one-mode projections, as it

commonly happens in collaborative network studies. In doing so, we can investigate whether it is

better (in terms of obtained funds) to join consortia by partnering with previously unrelated orga-

nizations or collaborating with already existing partners. To this aim, we compare the effects of
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different centrality measures through classical and dual approach on the amount of funds received by

the projects. In particular, we find that the connection structure (in terms of centrality measures)

of projects funded by H2020 has a positive and significant impact on the economic contribution

they receive. Thus, the more a project assumes a central position within the collaborative network,

sharing participants with a large number of other projects, the higher the probability of securing a

significant amount of funds. This result is in line with previous studies both in the alliance (Weng

et al., 2014; Kang and Zaheer, 2018; Kumar and Zaheer, 2019), and in the EU FPs (Enger, 2018;

Balland et al., 2019; Cinelli et al., 2022) literature.

However, the main contribution of this study lies in the comparison between classical and dual

centrality measures to investigate different partner selection strategies. Our results indeed, shed light

on a controversial aspect of the collaboration literature regarding the predominant role of social

capital (Seo, 2020) compared to increasing the level of trust (Bruneel et al., 2010). Specifically,

the fact that both the dual eigenvector centrality and the dual Beta-centrality outperform the

corresponding metrics computed through the classical approach, indicates that it is important to

select partners based on the projects they participate in, especially partners with no previous form of

collaboration. Indeed, if an organization joins a new project with another organization that already

collaborates with, the centrality of the project increases, but the centrality of the organization

remains almost stable. On the contrary, if an organization joins a new project with a new partner,

then both the centrality of the project and the centrality of the organization change. This is the main

difference between the classical and dual approach, as in the dual-projection method both values

of centrality are considered. Therefore, our findings provide new evidence about the importance

of increasing the social capital of an organization in collaborative contexts by establishing new

partnerships to have a higher probability of obtaining more funds in the field of European research

projects. In particular, since the dual Beta-centrality exhibits the highest coefficient and best

model fit compared to all other centrality measures, the significance of partners’ connections, and

consequently, the effect of diversifying partners, diminishes as we move further away from the focal

organization. This suggests that the increased knowledge absorbed from a diverse set of actors wears

off at a certain point, which will be interesting to investigate in future research. From a managerial

side, our findings suggest that in collaborative research projects, particularly EU-funded ones, it

is highly valuable to build a broader network of partners, even though this strategy may require

greater coordination efforts, compared to relying on higher levels of trust and established routines,

as in the case of strategic alliances (Li et al., 2008) and university-industry collaborations (Bruneel

et al., 2010). From a policy perspective instead, it is important to highlight that our results denote

the effectiveness of the RTD Policy adopted by the European Commission to provide funds to

EU member states in order to promote excellent science and trans-disciplinary research through
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cross-collaborations between diversified actors. This aspect leads us to question the impact of EU

policies on organizational strategies, especially the extent to which the effect of partner selection

mechanisms is driven by the design of research frameworks, a key aspect that deserves investigation

in future research.

Another key finding is related to the relevance of the activity type of the coordinator. To the

best of our knowledge, our study provides the first empirical evidence about this aspect, particularly

identifying that projects with private companies or public institutions as coordinators have a higher

probability of getting more funds compared to projects coordinated by research organizations and

HEIs. Even in this case, managerial implications are important, possibly determining the selection

of the project coordinator according to these results. Regarding the macro-country instead, our

findings are more cautious, since not all coefficients are significant, and they are relatively small in

magnitude. For what concerns the diversity of participants, our results are controversial compared

to the literature (Gattringer et al., 2017; Wu et al., 2019). Indeed, we find that consortia with

high levels of country heterogeneity are more likely to obtain a higher amount of funds, whereas

the effect seems to be the opposite if we consider diversity based on activity type. However, we are

prudent in commenting on these findings since the number of different activity types is limited in

our case, and the actual composition of participants in terms of country and activity type is also

driven by the European Commission’s specific requests in the calls for projects.

Finally, we acknowledge some possible limitations of our study. First, there may be potential

issues of omitted variable biases affecting the model, which could limit the ability of the main

independent variables to explain the variance in the dependent variable. Thus, in the future, we

aim to expand this research by combining different datasets to control for endogeneity issues, thereby

expecting an increase in the adjusted R-squared. Second, we want to analyze other case studies in

the field of collaborative research projects to understand if our findings can be generalized beyond

the context of EU FPs. Finally, given the relevance of dual Beta-centrality as supported by our

results, we are interested in the analysis of different values of λ1, in order to understand which is

the most efficient value to determine the amount of funds in collaborative research projects.
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Chapter 3

Uncovering collaborative patterns and

transition dynamics in EU Framework

Programmes through network modeling

Abstract

Supporting collaborative R&D has become increasingly relevant for policy-makers. Simultane-

ously, the innovation performance of organizations is enhanced by the participation in collaborative

projects, particularly EU-funded ones. In this paper, we innovatively analyze the projects funded

by the first eight EU Framework Programmes (FPs) combining elements from Social Network Anal-

ysis and statistics through the lens of economic complexity. We explore collaborative patterns and

participation dynamics from FP1 to Horizon 2020 (H2020) by computing participants’ centrality

and assessing the stochasticity of the process, further estimating the probability of transitioning

between classes of centrality across consecutive FPs. In doing so, we contribute to the literature

by shedding light on the Markovian nature of collaborative patterns through the investigation of

the participation dynamics over an extended period. Our results show the existence of “preferential

attachment” mechanisms, thus confirming the relevance of participating in EU-funded projects to

strengthen organizations’ popularity. On the other hand, we highlight the urgency of addressing

“oligopolistic” behaviors linked to European funds that hinder the full realization of the European

Research Area (ERA). The crucial role of European policies is emphasized by the estimated transi-

tion probabilities, which are influenced by breakthrough events in the EU research framework like

the Treaty of Maastricht and the promotion of the ERA. However, sustained efforts are necessary

to ensure the persistence of a certain degree of openness and the “democratization” of European

research funds.

Keywords: Collaborative research projects, Transition dynamics, Process Markovianity, Economic
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complexity, Social Network Analysis, EU Framework Programmes.

3.1 Introduction

A systematic European Research and Technological Development (RTD) policy was established in

the 1980s alongside the first European Union Framework Programme (EU FP). The RTD policy

aligns with the broader cohesion policy, which envisions the EU as a common market promoting the

free circulation of people, goods, capital, and knowledge exchange. The main goal of the EU FPs is

to provide funds mainly to EU member states, but also to associate and third countries, in order to

promote international research collaboration both at the individual and at the organization level.

Supporting collaborative R&D projects has become increasingly relevant for policy-makers and

institutions. Funding is a crucial means to enhance research productivity, even more than collabo-

ration itself. The effects of collaboration indeed, become particularly relevant in the post-funding

period, suggesting that it takes time to develop effective collaboration structures that have an im-

pact on research productivity (Defazio et al., 2009). At the European level, collaborations between

knowledge-intensive and lagging-behind regions positively affect the innovation capability of the

latter ones, demonstrating that a greater openness in the collaboration networks fosters knowledge

exchange and spillovers (De Noni et al., 2018). As a consequence, knowledge convergence is grad-

ually emerging among NUTS 2 regions over time, creating an opportunity to integrate knowledge

cohesion with the social and economic pillars of the EU cohesion policy (Erdil et al., 2022).

At the same time, organizations benefit from collaborative R&D. Structural properties of col-

laborative networks are in fact crucial for the firms’ innovation performance. Specifically, a high

clustering enables an efficient information transmission capacity, while a high reach is associated

with a greater diversity of the information flow (Schilling and Phelps, 2007). In particular, par-

ticipation in R&D projects funded by European initiatives positively affects the firm performance,

after or during the project completion depending on the nature of the firm (specifically if a man-

ufacturing or a non-manufacturing firm) (Bayona-Sáez and García-Marco, 2010). For this reason,

organizations have increasingly embraced the paradigm of external R&D (Enkel et al., 2009), which

is central in the logic of open innovation (Chesbrough, 2003).

From an academic perspective, several authors have investigated the phenomenon of collabora-

tive R&D in innovation and policy-related fields. Different forms of collaborative research have been

examined, including joint patent publications (Choe and Lee, 2017; Li et al., 2021), scientific col-

laborations among authors (Chen et al., 2019; Whetsell, 2023), and collaborative research projects

(Chen et al., 2020; Zhang and Chen, 2022). In particular, within the latter research strand, the

analysis of projects funded by the EU FPs is one of the most relevant case studies to be explored
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both in a scientific and in a policy context.

Various approaches have been applied to the study of collaborative R&D. However, the dynamic

nature of socio-economic processes necessitates examining them through the new lens of economic

complexity. This approach incorporates techniques from spectral analysis and network theory to

reduce the complexity of phenomena while preserving as much information as possible, avoiding

excessive aggregation (Balland et al., 2022). Social Network Analysis (SNA) especially, has been

increasingly adopted to investigate the behaviors of collaborative relationships (Cerqueti et al.,

2023), analyze the structure of innovation systems (Ancona et al., 2023b), and identify the key actors

in collaboration networks (Cinelli et al., 2022). However, when considering the dynamic evolution of

collaborative networks, a controversial aspect emerges in the literature. Most of the works indeed,

employ Stochastic Actor-Oriented Models (SAOMs) to explore the mechanisms driving network

evolution (Giuliani, 2013; Cao et al., 2017) since they are efficient in processing longitudinal network

data (Broekel et al., 2014). Nevertheless, this method assumes that network structures evolve as

a Markov chain outcome (Snijders, 2017), whereas in many real networks, evolution often displays

a non-Markovian behavior (Williams et al., 2022). Moreover, previous studies on EU FPs focus

mainly on macro-level analyses (i.e., at the country or regional level) and average dynamics of

specific FPs. Low attention has been paid to the micro-dynamics at the participant level, especially

over an extended period, spanning multiple FPs.

In this paper, we aim to tackle both the aforementioned issues by exploring the participation

dynamics in collaborative research projects funded by the first eight EU FPs, i.e., from FP1 to

Horizon 2020 (H2020). Specifically, we map the local behaviors of single actors in terms of their

position in the collaborative networks through the use of centrality measures. Then, we statistically

assess whether the dynamics of collaborations among the organizations receiving funds in all the first

eight EU FPs have a Markovian nature. Finally, we employ an innovative method to partition the

rankings of organizations based on the values of strength centrality, and we estimate the probability

of moving from one class of centrality to another across consecutive FPs. Through this approach,

we can provide valuable insights into the evolution of European collaborative research networks,

highlighting eventual phenomena of path dependency and “oligopolistic” behaviors in European

funds. The analysis of the process Markovianity in particular, aims to offer new perspectives

to policy-makers and innovation scholars into the role of prior participation and the tendency of

organizations to co-develop R&D projects based on historical trajectories. Furthermore, this study

contributes to shedding light on the collaboration patterns that are more likely to guide organizations

toward core membership in the long term.

In this way, we aim to expand the strand of literature focused on the analysis of collabora-

tive research networks, specifically in the context of European research projects. To the best of
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our knowledge, this is the first attempt to take into account all the past EU FPs, from FP1 to

H2020. This continuity across consecutive FPs allows us to analyze the participation dynamics in

European research projects over a longer time horizon compared to previous studies. Additionally,

the statistical analysis of the Markovianity of a collaborative process represents a novelty in the

field. Beyond its theoretical contributions, this study has relevant policy implications by offering

empirical evidence about the effectiveness of European research policies across different FPs and

their impact on the promotion of the European Research Area (ERA). Moreover, characterizing the

micro-dynamics at the participant level and estimating the transition probabilities from one class

of centrality to another will provide important indications to participant organizations in relation

to effective collaboration strategies.

The remainder of the paper is organized as follows. An overview of the state of the art on

collaborative research networks and EU FPs is provided in Section 3.2. We introduce the case

study and our data source in Section 3.3. Section 3.4 describes the methodological approach, which

is grounded on SNA and statistics. Finally, the results are presented and discussed in Section 3.5,

while Section 3.6 highlights the main contributions and possible further developments of this work.

3.2 Literature review and background

The theoretical background of collaborative R&D is extensive, encompassing various research streams

and case studies. In this paper, we concentrate on two specific areas of interest: the dynamics of

collaborative research networks and the analysis of EU-funded projects. In what follows, we provide

an overview of the state of the art of both research streams.

3.2.1 Dynamics of collaborative research networks

The position of research institutes in collaboration networks with industries and/or universities

affects their scientific performance. Specifically, the exerted effect depends on the configuration of

the network and the types of actors (Chen et al., 2020). Zhang and Chen (2022) show that network

position and research performance co-evolve in a mutually reinforcing relationship which is further

strengthened by the cognitive proximity between organizations within the collaborative network.

By applying SNA techniques, Xie and Su (2021) observe the “core-periphery” structure of an

inter-city research collaboration network, particularly emphasizing its decentralizing trend over time.

Cao et al. (2017) observe a similar behavior from the analysis of the project-based collaborative

network in the building sector, where the evolution is driven by core-periphery structures and

preferential attachment mechanisms, as well as ownership similarities between organizations. R&D

networks indeed, evolve based on the choice of collaboration partners, which is in turn influenced
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by cyclic closure preferences and preferential attachment (Hanaki et al., 2010). Besides endogenous

network processes, like preferential attachment and transitivity, international research collaborations

are positively affected by the level of liberal democracy and political governance similarities between

countries (Whetsell, 2023). Additionally, Zirulia (2023) finds that the long-term dynamics of R&D

networks are influenced by events occurring in the early stages of the industry as effect of self-

reinforcing processes and a certain path-dependency.

A pioneering work in this respect is that of Wagner and Leydesdorff (2005), who provide evidence

of the self-organizing nature of scientific collaboration networks mainly driven by mechanisms of

preferential attachment. This is an important outcome from a policy perspective since it suggests

that the dynamics of scientific collaboration is based on self-organizing and individual features rather

than institutional or policy-related factors. On the other hand, Park and Leydesdorff (2010) show

that the dynamics of collaborative networks involving Korean universities, industry, and government

are highly sensitive to the research policies implemented by the national government. In particular,

those policies prioritizing publication performance tend to discourage collaborations among these

three types of actors. Similarly, science and technology policies adopted by the Chinese government

are able to influence the evolving small-world structure of scientific collaboration networks involving

Triple Helix actors (Zhang et al., 2016). Jakobsen et al. (2019) instead, examine how R&D alliances

respond to environmental policies. Their analysis reveals that partners with a high level of relative

absorptive capacity (i.e., they are similar in terms of organizational structures, knowledge bases,

and dominant logics) are more adept at aligning with policy objectives, especially when there is a

balance of power between the two parties, and both dominant logics are considered.

Palla et al. (2007) provide valuable insights into the differences between the dynamics of small

collaborative groups and those of large communities. The stability of the formers is guaranteed by

the persistence of a few strong ties, whereas large groups rely on continuous changes and member

replacements. Moreover, collaborations among organizations belonging to rich clubs (i.e., cohesive

groups of core actors in the network) have a particularly high impact on research grants (Nakajima

et al., 2023).

The collaborative behaviors of firms typically depend on the technological dynamism of the

industry they belong. In technologically dynamic sectors, firms tend to exhibit a higher degree

of openness, whereas in stable industries, firms often rely on existing connections and resources

(Tatarynowicz et al., 2016). A mechanism of intertemporal diversification of partner types is also

highlighted in (Belderbos et al., 2018), where authors demonstrate a strong relationship between

the establishment of new collaborative R&D ties and prior collaborations at different value chain

levels.

Finally, interesting applications of SNA can be found in the domain of joint patent publications.
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Li et al. (2021) investigate the evolution of the patent collaboration network of a Chinese industrial

sector. In particular, they focus on the temporal analysis of the overall network structure and

individual level characteristics, taking into account the spatial dimension of connections. A similar

approach is employed by Choe and Lee (2017) to investigate the Korean patent collaboration net-

works over time. Their study highlights the small-word structure of the collaborative networks and

the increasing key role of universities. However, both studies do not aim to model the dynamics of

the whole process, but analyze the changes in the network structure in a more descriptive way.

3.2.2 EU-funded projects

The analysis of EU-funded projects has gained particular momentum in the recent past, stemming

from the papers of Breschi and Cusmano (2006) and Roediger-Schluga and Barber (2008), which

are among the first studies to explore the structure of collaborative research networks funded by

the EU FPs.

Participating in EU research projects is particularly relevant for organizations, significantly

enhancing their scientific reputation (Calignano, 2021). Moreover, subsidies received by the EU FPs

show a spillover effect on the private dimension of companies, stimulating internal R&D investments,

especially for small firms and firms participating in low-budget projects. Overall, participation in

projects funded by Horizon 2020 has led to an increase in firms’ own R&D spending, while previous

FPs appear to be less efficient in achieving this outcome (Szücs, 2020). To this aim, venture capital

(VC)-backing plays a crucial role in promoting the participation of new technology-based firms in

EU-funded projects, particularly when firms have no or limited experience in this kind of R&D

collaborations (Colombo et al., 2016).

On the other hand, the likelihood of receiving funding is influenced by the scientific reputation of

applicants (Enger and Castellacci, 2016). This tendency leads the European collaborative research

networks to assume oligarchic behaviors, where groups of organizations with high reputation become

core actors (Breschi and Cusmano, 2006; Heller-Schuh et al., 2011). In this vein, Lepori et al. (2015)

explores the participation of higher education institutions (HEIs) in projects funded by the EU FPs,

confirming a direct effect of HEI reputation on their collaboration structure.

In addition to scientific reputation, the centrality of organizations (i.e., their relevance based on

their connection structure) in collaborative networks positively affects the likelihood of applying to

a EU FP, as well as the probability of obtaining funds (Enger, 2018). Building on these findings,

Cinelli et al. (2022) demonstrate that organizations particularly central in the network, measured

by a new metric called collective network effect (CNE), have access to more funds than those with

lower values of CNE. Through a novel application of SNA, Cerqueti et al. (2023) conduct a rank-size
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analysis of organizations participating in FP7 and H2020, demonstrating that the universal law well

fits the dynamics of the rank-size curves over time. Generally, participants from EU-15 countries are

higher ranked in terms of their centrality than those from EU-13, associated, and third countries.

Moreover, HEIs tend to exhibit higher centrality values than private companies (Balland et al.,

2019).

The success of EU-funded projects is influenced by consortium characteristics, including the

experience of the coordinator (Wanzenböck et al., 2020) and geographical heterogeneity among

partners (de Arroyabe et al., 2021). Thus, consortium building mechanisms are extremely relevant in

EU-funded projects. This underscores the importance of properly considering institutional barries,

which could potentially undermine efficient consortium building mechanisms (Cavallaro and Lepori,

2021). Additionally, the efficient design of process, structure, and governance subsystems boosts

the performance of EU-funded collaboration networks (Arranz and de Arroyabe, 2012).

Finally, several authors focus on the factors affecting collaboration patterns in EU-funded

projects. Among them, geographical distance between organizations emerges as a key determi-

nant of collaborative relationships, negatively impacting the probability of partnering (Scherngell

and Barber, 2011). This is a potential challenge to the realization of the ERA (Chessa et al.,

2013), although this effect has decreased in more recent FPs (Scherngell and Lata, 2013). Besides

geograpical proximity, factors such as social, organizational, technological and economic relatedness

also play a role in determining the likelihood of collaborating between two organizations (Paier and

Scherngell, 2011; Heringa et al., 2016; Amoroso et al., 2018). Conversely, co-publishing does not

appear to drive joint participation in collaborative projects or significantly influence the amount of

received funds (Hoekman et al., 2013).

3.3 Case study and data

One of the most relevant case studies in the field of collaborative R&D is represented by the research

projects funded by the EU FPs. An essential role of the EU FPs is to provide funds for transnational

networks of researchers in order to foster international research collaboration, in light of promoting

the ERA. Launched at the Lisbon European Council in March 2000, the ERA initiative has become

the central pillar of EU research activities. The emergence of the ERA represents the attempt to

make the EU the world’s most competitive and dynamic knowledge-based economy (Commission of

the European Communities, 2002). According to the Lisbon agenda, the ERA should satisfy a series

of principles: an adequate flow of competent researchers; world-class research infrastructures; excel-

lent research institutions; effective knowledge sharing; well-coordinated research programmes and

priorities; a wide openess to the world (Commission of the European Communities, 2007). More-
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over, since the sixth FP, research institutions have been encouraged to create “centres of excellence”

acting as catalysts for marginal actors to increase cooperation and knowledge exchange. In this

vein, one of the main purposes is to promote strong and durable partnerships between public and

private organizations from different countries (Commission of the European Communities, 2007).

In order to explore these collaboration dynamics over an extended period, we consider as a case

study the analysis of projects funded by the first eight EU FPs, from FP1 to H2020. The list of

projects funded by the EU FPs, and the related participant organizations, are publicly available

from the Community Research and Development Information Service (CORDIS) website1. CORDIS

serves as the European Commission’s primary repository for project results from the EU FPs. It

offers a unique and structured collection of information covering all projects funded from FP1 to

Horizon Europe (i.e., the current FP), including details about the associated participants. However,

raw data from CORDIS website (especially data referred to the oldest FPs) contains various sources

of errors related to the use of several distinct names to address the same organization. This may

cause the misallocation of information associated with the same organization, thus undermining the

robustness of the results in a dynamic analysis of the EU FPs (Ancona et al., 2023a).

Roediger-Schluga and Barber (2008) addressed this issue by introducing a novel dataset in which

authors disambiguate organization names as a result of a labor-intensive procedure involving consis-

tent manual inspection of participants. This effort resulted in the creation of a higher-quality data

source known as “EUPRO database”. Most of the studies reported above, exploring the mechanisms

of EU-funded projects, base their analyses on the EUPRO database (Paier and Scherngell, 2011;

Scherngell and Barber, 2011; Hoekman et al., 2013; Scherngell and Lata, 2013; Lepori et al., 2015;

Heringa et al., 2016; Cavallaro and Lepori, 2021).

Therefore, we requested and obtained the access to the EUPRO database containing the list of

projects funded by the first eight EU FPs, i.e., FP1 (1984-1987), FP2 (1987-1991), FP3 (1990-1994),

FP4 (1994-1998), FP5 (1998-2002), FP6 (2002-2006), FP7 (2007-2013), and H2020 (2014-2020).

While data about the first seven FPs are complete, H2020 is still currently updated by data owners,

thus results related to the eighth FP may be slightly biased. The number of distinct organizations

and distinct projects included in the EUPRO database is reported in Table 3.1.

We anticipate that, for our investigation, we focus on the sample of organizations that received

funds from all the first eight FPs (called “common organizations” henceforth). Specifically, we cal-

culate centrality values for all organizations in the networks. Subsequently, we analyze the Marko-

vianity and estimate the transition dynamics of the common organizations participating throughout

the entire process from FP1 to H2020. The amount of common organizations is equal to 509.

1https://cordis.europa.eu/
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Table 3.1: EUPRO database.

Number of distinct projects Number of distinct organizations

FP1 3, 266 1, 972
FP2 3, 972 4, 587
FP3 5, 461 7, 095
FP4 14, 493 19, 255
FP5 15, 091 22, 862
FP6 10, 100 20, 582
FP7 25, 778 29, 334
H2020 25, 604 31, 319

3.4 Methodological approach

As introduced in Section 3.1, the analysis of collaborative research projects has been approached

in various ways in the literature. In this paper, we adopt an innovative approach to the field which

combines elements from SNA and statistics under the new lens of economic complexity. More

specifically, we explore collaborative patterns and participation dynamics in projects funded by the

first eight EU FPs through a three-step procedure. First, we compute the centrality of participants

to map their positions in the collaborative networks, and we introduce a ranking of organizations

based on their centrality values. Second, we statistically assess whether the collaborative patterns

from FP1 to H2020 evolve as an outcome of a Markov chain, i.e., the evolutionary path is memoryless

and it is independent of the previous steps of the process. Third, we identify endogenous partitions of

common organizations according to their centralities, and we estimate the probability of moving from

one class of centrality to another across consecutive FPs. The methodological approach underlying

all three steps is thoroughly explained in the following sections.

3.4.1 Social Network Analysis and collaborative networks

SNA stands out as a powerful tool to conceptualize and explore connections among social entities

within the framework of economic complexity. Complex systems can in fact be modeled as networks

of interacting entities, distinctively characterized by specific structural features (Barabási, 2016;

Newman, 2018; Russell and Smorodinskaya, 2018). In these systems, interactions are typically

non-linear and heterogeneous (Thurner et al., 2018). Thus, networks are widely used to examine

the interactions among the members of a complex system, and investigate structures, roles and

dynamics of such systems (Börner et al., 2007). Specifically, common applications of SNA focuses

on the analysis of connection structures (Hu et al., 2015) and measures of centrality (Scott and

Carrington, 2011).

SNA is grounded on graph theory. Indeed, a network is represented by graph G = (V,E),
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where V = {1, . . . , n} is the set of vertices (or nodes), and E is the set of edges (or links). Two

nodes i and j are adjacent if (i, j) ∈ E. The adjacency relations between nodes are described by a

n-square binary matrix A (where n is the number of nodes of a graph), which is called adjacency

matrix. A generic element aij of A is equal to 1 if (i, j) ∈ E (i.e., the two nodes are connected),

and 0 otherwise. In case of a weighted graph, i.e., there is a weight on edges representing factors

such as the frequency of occurrence of the associated relation (or, in general, the intensity of the

connection), adjacency relations between nodes are described by a weighted adjacency matrix W

with zero diagonal entries, and all off-diagonal elements equal to the weight wij > 0 if (i, j) ∈ E,

and 0 otherwise.

Most of the studies presented in Section 3.2 adopt SNA techniques to explore the phenomenon

of collaborative research. The concept of collaborative networks is indeed widely recognized in

the innovation (Nieto and Santamaría, 2007; Tsai, 2009) and R&D (Campos et al., 2013; König

et al., 2019) literatures. Based on the network representation, individual organizations engaged

in any form of partnership or collaboration are the network nodes, with edges standing for the

collaborative relationship between them.

Data about participation in collaborative projects falls into the broad category of two-mode data.

This type of data is characterized by two distinct sets of nodes (e.g., actors and events) connected

by a relation (e.g., “actors participate in events”), with no connections among nodes in the same

set. In our context, the two sets of nodes represent organizations and projects, linked through the

relation “organizations participate in projects”. Two-mode data is effectively represented in SNA by

a bipartite graph. A graph is considered bipartite if its set of nodes V can be partitioned into two

different subsets, V1 and V2, such that there are no internal links within V1 and V2, and all edges

connect a node in V1 and a node in V2. According to Borgatti and Halgin (2011), the most popular

approach to deal with two-mode data is the so called “conversion” approach. This method involves

converting two-mode data into two one-mode projections, with one of them usually being of specific

interest.

In this study, we work with one-mode projected networks whose nodes correspond to the distinct

participants in projects funded by the first eight EU FPs. Consequently, two nodes are connected if

the corresponding organizations are partners in one or more projects within the same FP. Thus, par-

ticipants in projects funded by a specific FP are ultimately represented by an undirected, weighted

network, where weights on edges signify multiple partnerships between the same organizations in dif-

ferent projects. Therefore, our case study involves the analysis of eight distinct one-mode projected

networks, each representing a different FP.

The most effective way to assess the significance of an organization in a collaborative network

is by computing its centrality measures. Centrality is indeed one of the fundamental concepts in
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SNA, aiming to determine the importance of a node based on both the quantity and quality of

its connections. In SNA, various centrality measures have gained popularity. One of the most

intuitive measures is degree centrality, which is equal to the number of adjacent nodes to a certain

vertex. Given that our analyses are conducted on weighted networks, we opt to use a variant of

degree centrality, specifically the strength centrality, as a proxy for the relevance of participant

organizations. Formally, the strength centrality (called “strength” hereafter) of a node i is defined

as:

si =

n∑
j=1

wij (3.1)

Thus, the greater the number of projects an organization is involved in, the more significant its

role within the collaborative network, regardless of common partners across different projects.

Therefore, we calculate a vector of centralities for each FP, where the components correspond to

the value of strength of the common organizations receiving funds from FP1 to H2020. Subsequently,

we rank the organizations from the highest to the lowest strength values.

3.4.2 Statistical analysis of the process Markovianity

The motivation for evaluating the Markovian nature of participation dynamics in projects funded by

the EU FPs arises from the existing literature. In fact, there is a misalignment between empirical

studies delving into the evolution of collaborative networks and the theoretical background on

network dynamics. In the former case, the vast majority of authors adopt Stochastic Actor-Oriented

Models (SAOMs) to dynamically examine collaborative network patterns (Giuliani, 2013; Cao et al.,

2017). While these models are efficient in processing longitudinal network data (Broekel et al., 2014),

they rely on various assumptions. One of the assumptions is that the evolution of the structure of

the analyzed collaborative network is the result of a Markov process (Snijders, 2017). Nonetheless,

according to theory, many real networks exhibit a non-Markovian nature, and evolve through a

phenomenon of autocorrelation of connections and dynamic correlation among neighboring links

(Williams et al., 2022).

In this paper, we aim to address this gap by statistically investigating the Markovianity of

the transition dynamics from FP1 to H2020. First, it is worth recalling that a first-order Markov

process is characterized by memorylessness, wherein the probability of transitioning to one of the

states in the chain in the next step depends solely on the current state, while it is independent of

the past states of the process (Gudivada et al., 2015). Such a property has relevant implications in

the context of forecasting.

Given a discrete-time stochastic process X = (X(t) : t ∈ N) assuming values in a set R of
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rankings (reflecting the strength of organizations in descending order), and denoting as P the

related probability law, we can say that X is a Markov chain of order one if it satisfies the following

property:

P (X(t+ 1) = it+1|X(t) = it) = P (X(t+ 1) = it+1|X(t) = it, . . . , X(1) = i1, X(0) = i0), (3.2)

for each t ∈ N, and i0, i1, . . . , it, it+1 ∈ R.

The estimation of the second term in Eq. (3.2) is notably complex from a computational

perspective. However, according to Renner et al. (2001) and Friedrich et al. (2011), the first-order

Markovianity of the process X can be verified by simplifying the condition above as follows:

P (X(t+ 1) = it+1|X(t) = it) = P (X(t+ 1) = it+1|X(t) = it, X(t− 1) = it−1), (3.3)

for each t ∈ N, and it−1, it, it+1 ∈ R.

In essence, the Markovianity of the process is assessed by comparing the empirical first-order

(on the left-hand side of Eq. (3.3)) and second-order (on the right-hand side of Eq. (3.3)) transition

matrices.

We adopt an approach similar to that implemented by Cerqueti et al. (2022) for the analysis

of ranked textual data. In particular, we start from an empirical sample of 4, 072 observations

representing the rankings associated with the strength values of the common organizations across

all eight FPs. Subsequently, we extract the sets of one-step and two-step transitions, resulting in

3, 563 pairs of rankings and 3, 054 triples of rankings, respectively. Then, we compute the first-order

and second-order transition probability matrices. Starting from the empirical first-order and second-

order matrices, we can approximate a statistical assessment of the Markovianity of the process, as

described above.

More specifically, we generate 1, 000 processes from both the first-order and second-order tran-

sition matrices. Then, the simulated series are pairwise compared using the Kolmogorov-Smirnov

(KS) test. This statistical test enables the comparison of empirical distributions between each series

generated from the first-order transition matrix and those from the second-order transition matrix.

If the two sets of generated series are determined to likely originate from the same distribution,

then Eq. (3.3) is verified, and the process can be considered Markovian.
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3.4.3 Partitioning the transition probability matrices

One of the primary objectives of this paper is to estimate the probability of transitioning from one

class of strength to another across consecutive FPs. Such analysis will provide novel insights into

the effectiveness of EU research policies in shaping the structure of funded projects over the years,

particularly addressing the risk of “oligopolistic” behaviors (i.e., low ranked organizations do not

easily become core actors, and their gap with key members tends to increase over time).

For each pair of consecutive FPs, we can rely on the empirical probability matrix P , whose

dimension is equal to l×m, where l is the number of distinct values of strength in a specific FP, and

m is the number of distinct values of strength in the subsequent FP. For instance, let us consider the

empirical probability matrix P from FP1 to FP2, where the rows consist of the vector of distinct

values of strength in FP1, denoted as s = (s1, . . . , sl) in ascending order, while the columns represent

the vector of distinct values of strength in FP2, denoted as s′ = (s′1, . . . , s
′
m) in ascending order.

Thus, P has the following structure:

P =


p1,1 · · · p1,m
...

. . .
...

pl,1 · · · pl,m

 , (3.4)

where the generic element pi,j is equal to the probability that an organization whose strength in

FP1 is si has a value of strength in FP2 equal to s′j . In particular, the probability is computed as

follows:

pi,j =
ki,j∑m
h=1 ki,h

, (3.5)

where ki,j corresponds to the number of times si is associated to s′j .

However, the empirical probability matrix P assigns a probability to every possible combination

of strength values in FP1 and FP2. This analysis would provide a level of detail that might be

challenging to interpret in a proper way, given the sparsity of the probability matrix P , mainly

filled with 0’s and 1’s. From a policy perspective, it would be much more relevant to partition

the centrality values in classes (e.g., low, medium, and high) in order to estimate the probability

of moving, for instance, from a low to a high class of centrality. This process would facilitate the

exploration of potential path dependencies in collaborative research projects funded by the EU FPs.

To this aim, the conventional approach involves determining partitions exogenously by estab-

lishing either fixed or quantile thresholds of the centrality distribution. Nevertheless, this approach

introduces biases in the analysis due to the subjective choices of the thresholds. For this reason,

Cerqueti et al. (2017) adopt a novel methodology for identifying partitions in time series endoge-
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nously. This method aims to minimize the distance between the estimated probability of moving

from one class of centrality to another and the empirical transition probability between distinct

centrality values. In this paper, we adapt this approach to partition the distinct values of strength

in each FP. Specifically, distinct strength values are grouped together based on the likelihood of

obtaining partitions that evolve as similarly to the empirical transitions as possible.

In particular, we aim to identify three classes of strength for each FP: low, medium, and high.

To do this, we need to determine two distinct thresholds, t1 and t2, by solving the optimization

problem described below. Specifically, t1 and t2 must correspond to two distinct values of strength

such that:

Low = {si|si ≤ t1}

Medium = {si|t1 < si ≤ t2}

High = {si|t2 < si}

It is important to highlight that we partition row values for each empirical probability matrix

describing the transitions across two consecutive FPs. For all possible partitions, we start by

estimating a theoretical probability matrix Π based on a natural assumption of the states’ random

extraction from the classes. Specifically, we define matrix Π as follows:

Π =


π1,1 · · · π1,m

...
. . .

...

πl,1 · · · πl,m

 (3.6)

Now, let us suppose partitioning the set of distinct values of strength (for instance, in FP1) in

the following way:

Low = {s1, . . . , sh}

Medium = {sh+1, . . . , sk}

High = {sk+1, . . . , sl}

Recalling that the distinct values of strength are expressed in ascending order (so that s1 <

sh < sk < sl), we would have that:

π1,j = . . . = πh,j =

∑h
i=1 pi,j
|Low|

=

∑h
i=1 pi,j
h

, (j = 1, . . . ,m) (3.7)

πh+1,j = . . . = πk,j =

∑k
i=h+1 pi,j

|Medium|
=

∑k
i=h+1 pi,j

k − h
, (j = 1, . . . ,m) (3.8)
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πk+1,j = . . . = πl,j =

∑l
i=k+1 pi,j

|High|
=

∑l
i=k+1 pi,j

l − k
, (j = 1, . . . ,m) (3.9)

Where in Eq. (3.7), Eq. (3.8), and Eq. (3.9), the denominators cannot be equal to zero (i.e.,

there cannot exist empty classes) due to the condition that t1 must be different from t2. Therefore,

we select the best partition based on the estimated theoretical probabilities. More precisely, the

final partition is the one that minimizes the distance between the empirical probability matrix P

and the theoretical probability matrix Π, formally:

min(dP,Π) = min
l∑

i=1

m∑
j=1

|pi,j − πi,j | (3.10)

After determining the optimal partition for FP1, we apply the same procedure to the empirical

probability matrix describing the transitions from FP2 and FP3, in order to define the appropriate

thresholds for FP2 as well. In this way, we derive the final transition probability matrix Π1,2 from

FP1 to FP2, that is a 3× 3 squared matrix defined as follows:

Π1,2 =


π1,2
1,1 π1,2

1,2 π1,2
1,3

π1,2
2,1 π1,2

2,2 π1,2
2,3

π1,2
3,1 π1,2

3,2 π1,2
3,3

 , (3.11)

where:

π1,2
1,1 =

h′∑
j=1

π1,j ; π1,2
1,2 =

k′∑
j=h′+1

π1,j ; π1,2
1,3 =

m∑
j=k′+1

π1,j

π1,2
2,1 =

h′∑
j=1

πh+1,j ; π1,2
2,2 =

k′∑
j=h′+1

πh+1,j ; π1,2
2,3 =

m∑
j=k′+1

πh+1,j

π1,2
3,1 =

h′∑
j=1

πk+1,j ; π1,2
3,2 =

k′∑
j=h′+1

πk+1,j ; π1,2
3,3 =

m∑
j=k′+1

πk+1,j

(3.12)

In the equations above, h′ and k′ represent the first and second thresholds of FP2, respectively.

Here, the interpretation is as follows. The average probability of transitioning from a low class of

strength in FP1 to a low class of strength in FP2 is π1,2
1,1. The average probability of transitioning

from a low class of strength in FP1 to a medium class of strength in FP2 is π1,2
1,2. The average

probability of transitioning from a low class of strength in FP1 to a high class of strength in FP2

is π1,2
1,3, and so on.

The transition probability matrix is computed for all pairs of consecutive FPs. It is important
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to note that, since H2020 is the last FP included in the EUPRO database, it cannot be partitioned

according to the methodology introduced before. Thus, the last transition probability matrix pre-

sented in the following Section concerns the transition between FP6 and FP7.

3.5 Results and discussion

The programming budget established by the European Commission to fund the EU FPs has in-

creased over the years. Alongside the allocated funds, there has been an evolution from a European

policy perspective, leading to an increasing interconnectedness among European regions. As a con-

sequence, collaborative research projects funded by the EU FPs have been designed to involve a

growing number of participant organizations, fostering collaboration among institutions from dif-

ferent countries and sectors.

This tendency has immediately emerged from the data reported in Table 3.1. Indeed, both

the number of funded projects and the number of distinct participants steadily increase over time

(except from FP5 to FP6). However, what proves particularly interesting to explore is the variation

in the distribution of connections, reflecting the participation in projects. To this aim, Figure 3.1

illustrates the trend of mean strength (i.e., the average strength among network members) over the

different FPs. In particular, we distinguish between the set of common organizations (i.e., those

receiving funding by all the first eight FPs) and the entire collaborative network for each FP.
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Figure 3.1: Trend of mean strength over different FPs: comparison between the entire network and the
common organizations.
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This representation offers additional insights into the aforementioned dynamics. What emerges

as particularly noteworthy is the atypical outcome observed in relation to H2020. While participa-

tions in H2020 are currently updated, thus influencing the results concerning the eighth FP, there

may be additional explanations to consider. As shown in Table 3.1, the decrease in the number of

funded projects compared to FP7, coupled with an increase in the number of participants across

the two FPs, implies a smaller average number of projects per organization in H2020, leading to

a declining trend in mean strength. Nonetheless, considering that H2020 was the EU FP with the

highest amount of funds prior to Horizon Europe, we anticipate that this result may be influenced

by the actual number of projects in the dataset.

Except for H2020, the trend of mean strength exhibits a slight increase from FP1 to FP6 within

the entire network (except for a decrease in correspondence with FP4) before becoming stable from

FP6 to FP7. This trend aligns with the growing amount of funds provided by the European Com-

mission and the tendency to form consortia including an increasing number of participants in recent

FPs compared to the earlier ones. What is interesting to notice however, is the significant increase

in the trend of mean strength over the FPs for the common organizations. This suggests that new

incumbents in European research projects tend to collaborate with experienced organizations, ben-

efiting from the expertise developed through past participation. However, such a mechanism widens

the gap between old and new participants over time, as evident from Figure 3.1. This phenomenon

is well known in network theory under the name of “preferential attachment” (Newman, 2001), and

it has been observed by several authors in the dynamic analysis of collaborative research networks

(Wagner and Leydesdorff, 2005; Hanaki et al., 2010; Cao et al., 2017). Here the implications are

twofold. From an organizational perspective, participating in EU-funded projects provides a com-

petitive advantage for future FPs due to growing experience, competencies, and popularity, as well

as other network benefits. This finding aligns with previous works emphasizing the advantages of

engaging in collaborative research projects, particularly in relation to EU-funded ones. Neverthe-

less, these kinds of “oligopolistic” behaviors pose a challenge to EU research policies, exacerbating

inequalities in the distribution of funds among participants. Despite being a structural property

of network evolution, preferential attachment mechanisms should be better addressed by offering

incentives or proposing apposite funding schemes to encourage partnerships among newcomers,

potentially with the coordinating role of an experienced institution.

3.5.1 Unveiling dynamic patterns of EU Framework Programmes

As described in Section 3.4.2, we evaluate the Markovian nature of participation dynamics in EU FPs

by comparing first-order and second-order transition matrices. In more detail, we generate 1, 000
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processes from both empirical matrices, reproducing at each step a vector of rankings associated

with a hypothetical FP. Subsequently, we conduct pairwise comparisons between the empirical

distributions of the series generated from the first-order transition matrix and those from the second-

order transition matrix through the KS test. In order to ensure more robust results, we simulate 100

steps for each generated series, allowing us to rely on a distribution coming from a larger number

of observations. Even though the observed phenomenon is characterized by an 8-step process, this

procedure does not compromise the reliability of the results. Indeed, the probability distribution

function from which the 100-step series are generated remains the empirical one, projected over a

longer time horizon for a more comprehensive analysis.

The distribution of the 1, 000 values of KS statistics is presented in Figure 3.2, along with

the thresholds of the statistics at three different confidence levels (90%, 95%, and 99%). Two

representantions are displayed as we employ two distinct methods for generating the 1, 000 series

from the second-order transition matrix.

First, it is possible to notice that the two representations are similar. This aspects reveals that

the analysis is not sensitive to the method used for generating the series from the second-order

transition matrix, thereby strengthening the robustness of our findings. Nevertheless, the results

of the KS test are not obvious. In particular, taking into account the highest confidence level (i.e.,

99%), we observe a portion of KS statistics values to the left of the threshold, whereas the remaining

part of the distribution of the KS statistics does not support the hypothesis of process Markovianity.

However, considering that the mode of the distribution falls within the 99% confidence interval, we

can conclude that the most likely scenario, in the comparison between first-order and second-order

transition matrices, suggests that the process is generated from a Markov chain.

We can then observe a quasi-Markovian nature of the participation dynamics in collaborative

research projects funded by the EU FPs. This finding offers novel insights into the evolution of

collaborative networks, particularly in the field of EU-funded projects. Previous studies have tradi-

tionally treated the evolution of collaborative networks as outcomes of Markov chain processes. In

this paper, we aim to focus on the phenomenon’s complexity and the need to rigorously evaluate

the dynamic patterns of such networks. Moreover, we identify a peculiar behavior in EU-funded

projects that differentiates them from other network evolution models which are non-Markovian.

The quasi-Markovianity of European collaborative research networks offers novel insights to policy-

makers and innovation scholars, demonstrating that R&D partnerships often emerge as a result of

prior collaborations, and that historical trajectories can be analyzed to understand the potential

path of R&D communities. In fact, the quasi-Markovianity of ranking dynamics opens up oppor-

tunities for accurate forecasting procedures aimed at estimating the leaders of future FPs and the

probability of success of applicants based on their position in the previous FP.
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Figure 3.2: Distribution of the KS statistics obtained by comparing the simulated series generated from
the first-order and second-order transition matrices. Colored lines represent the thresholds calculated at
various confidence levels (90%, 95%, 99%).

3.5.2 The effects of EU initiatives on the transition probability matrices

The final part of this research involves partitioning the transition probability matrices of the common

organizations to estimate the probability of moving from one class of strength to another across

consecutive FPs. As previously discussed in Section 3.4.3, we identify thresholds to endogenously

partition the transition probability matrices into three different classes (i.e., low, medium, and high)

of strength values. Thus, for each pair of consecutive FPs, we estimate a 3×3 transition probability

matrix.

The steadily increasing trend in the strength values of common organizations, as illustrated in

Figure 3.1, leads us to expect a general rise in the class of centrality from a FP to the subsequent
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one. In other words, transitions from low to medium, low to high, and medium to high are expected

to be more likely than transitions from high to low, high to medium, and medium to low. Such

expectations are confirmed by the estimated transition probability matrices reported below.

Π1,2 =


0.36 0.14 0.50

0.15 0.09 0.76

0.04 0.02 0.94

 ; Π2,3 =


0.96 0.00 0.04

0.84 0.01 0.15

0.24 0.01 0.75

 ; Π3,4 =


0.48 0.01 0.51

0.00 0.00 1.00

0.03 0.00 0.97



Π4,5 =


0.33 0.02 0.65

0.00 0.00 1.00

0.03 0.00 0.97

 ; Π5,6 =


0.92 0.00 0.08

1.00 0.00 0.00

0.28 0.01 0.71

 ; Π6,7 =


0.58 0.01 0.41

0.17 0.00 0.83

0.02 0.01 0.97


As it is possible to notice indeed, the class of strength of the organizations has a higher probabil-

ity of increasing rather than decreasing in almost all transition matrices. Additionally, it is rather

hard for a participant in a high class of strength to move to a less central position in the subsequent

FP. In fact, the probability of remaining a core institution in a high class of strength is always above

0.71, and in four out of six transition matrices, it exceeds 0.90. On the other hand, a participant in

a low class of strength is more likely to increase its centrality over consecutive FPs, except for the

transitions from FP2 to FP3 and from FP5 to FP6. While the other four transition matrices exhibit

a similar structure, Π2,3 and Π5,6 are quite peculiar. These are the only two cases indeed, in which

the sum of the elements above the main diagonal in both transition matrices is lower than the sum

of the elements below the main diagonal. What emerges then, is that organizations are not particu-

larly boosted by their previous participations when moving from FP2 to FP3 and from FP5 to FP6.

Diving deep into these dynamics, we may find a connection with significant events that happened

during the course of the third and the sixth FPs, respectively. First, the Treaty of Maastricht,

which took effect in 1993, changed the legal basis for the deployment of the EU FPs, turning them

into financial tools to foster European research activities and opening the research programmes to

a wider range of topics. Second, the adoption of the ERA in 2000, but fully effective since FP6,

marked a substantial shift in European research activities and funding schemes, as highlighted in

Section 3.3. Both events introduced a kind of breakthrough in the functioning of European research

programmes and in the allocation of funds, increasing competitiveness and openness while partially

diminishing competitive advantages acquired through previous participations.
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3.6 Conclusions

In this paper, we employ an innovative approach to the analysis of collaborative research projects

funded by the EU FPs, spanning from FP1 to H2020. In particular, we explore collaborative

patterns and participation dynamics through the lens of economic complexity. We combine SNA

and statistics to map the connection structure of organizations and determine the stochastic nature

of their participation process in EU-funded projects. Specifically, we compute the strength centrality

(i.e., an extension of degree centrality that considers weights on edges) of organizations receiving

funds in all the first eight EU FPs. Subsequently, we conduct a statistical assessment to investigate

whether the participation dynamics of these organizations exhibit a Markovian nature through the

comparison between the first-order and second-order transition matrices of their rankings. Finally,

we partition the values of strength in three classes (i.e., low, medium, and high) and estimate the

probability of transitioning from one class of centrality to another across consecutive FPs.

Our findings emphasize the contributions of this study both to theory and practice. From

a theoretical point of view, we extend the knowledge on the evolution of collaborative research

networks, particularly within the context of the EU FPs. Specifically, we shed light on a controversial

aspect in the literature regarding the Markovian nature of collaborative dynamics. The vast majority

of authors indeed, implicitly assume collaborative networks evolving as a Markov chain outcome

through the implementation of SAOMs to explore their dynamics (Giuliani, 2013; Cao et al., 2017;

Snijders, 2017). To the best of our knowledge, this is the first study to systematically examine

the stochasticity of the entire participation process in collaborative research networks. Our results

offer novel insights into the dynamics of this kind of networks, revealing their quasi-Markovian

nature, which distinguishes them from other existing real networks (Williams et al., 2022). One

possible motivation for such peculiar behavior is that these mechanisms reflect dynamics induced

by the success stories of prior winners of European projects. In particular, obtaining funds during

a EU FP under a specific funding scheme makes an organization an attractive partner in that

research field for future proposals to similar calls for projects. Also, the results on the first-order

Markovianity are consistent with the idea that the previous position is the most critical factor

in predicting future roles since the continuity between calls and funding schemes is easier across

consecutive FPs. Furthermore, we complement the literature on EU FPs, which has predominantly

focused on spatial analyses in a static context. Differently, our study concentrates on the analysis

of the micro-dynamics at the participant level over an extended time period, encompassing all the

first eight EU FPs. Additionally, from a methodological perspective, this paper contributes to the

field by proposing a procedure for endogenously partitioning groups of organizations. This approach

enhances the precision and unbiasedness of our results, allowing us to capture the effectiveness of
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research policies on transition dynamics.

Besides theoretical contributions, our results hold several implications both at the participant

and policy levels. The increasing gap between the mean strength of the common organizations and

the entire network highlights the existence of “preferential attachment” mechanisms shaping the

dynamics of collaborative projects. This finding, consistent with prior studies on the topic (Wagner

and Leydesdorff, 2005; Hanaki et al., 2010; Cao et al., 2017), confirms the relevance of participating

in EU-funded projects to enhance the scientific reputation of organizations (Calignano, 2021), and

strengthen their popularity and competencies. From a policy perspective, our findings underscore

the urgency of addressing such “oligopolistic” behaviors associated with European funds, which

hinder the full realization of the ERA and maintain the core-periphery structure of collaborative

research networks. New consortium-building mechanisms should be promoted, encouraging diversity

in experience levels, similar to the principles of country and activity type diversification, which are

actually key requisites in EU-funded projects. The crucial role of European policies and interventions

on funding scheme mechanisms is further emphasized by our estimation of the probabilities of moving

from a class of strength to another across consecutive FPs. Indeed, the transitions from FP2 to

FP3 and from FP5 to FP6 exhibit the lowest signal of competitive advantage derived from previous

participation in European projects. In correspondence with these transitions, breakthrough events

in the EU research framework took place. The Treaty of Maastricht first, and the promotion of the

ERA then, marked key milestones, fostering the openness and the “democratization” of European

research funds. However, sustained and continuous efforts are required to ensure the persistence of

similar effects.

It is important to specify that the estimated transition probabilities are contingent on the

dimension of the identified classes. Our approach, which endogenously partitions the distinct values

of strength based on their evolving patterns, tends to include a small number of organizations in

the medium class compared to the low and high categories. Consequently, values corresponding to

medium classes of centralities are more extreme and less significant. Also, the number of observations

affects the sparsity of some transition matrices, thus representing a potential limitation of our study.

For this reason, in the future, we are interested in extending our analysis to other case studies in the

field of collaborative research projects, with the potential benefit of accessing more granular data.

Moreover, we aim to develop accurate forecasting procedures for determining the participation in

the next EU FPs, leveraging the quasi-Markovian nature of the analyzed process.
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This thesis contributes to the literature on entrepreneurial ecosystems and collaborative R&D by

adopting an innovative approach to these fields. Specifically, the three chapters revolve around

the new paradigm of economic complexity, which is well-suited to analyze the increasing intercon-

nectedness of innovation systems while simultaneously reducing the computational dimension of

socio-economic phenomena. In particular, the employment of network theory is central within the

thesis, addressing three different issues: (i) the study of the structural features of entrepreneurial

ecosystems and the proposal of network metrics for their measurement; (ii) the analysis of the effect

of different partner selection mechanisms on the amount of funds in collaborative research projects;

(iii) the investigation of participation dynamics in collaborative research projects funded by the EU

FPs. The main results and findings reported within each chapter contribute both to the theory

(academic knowledge) and practice (managerial and policy implications).

In particular, this thesis contributes to the existing body of literature on entrepreneurial ecosys-

tems and collaborative R&D as follows. Chapter 1 provides insights into the structural features

of entrepreneurial ecosystems by identifying seven network-based principles characterizing their

structure: connectivity, density, stability, leadership, diversity, intermediaries, and feedback loops.

Moreover, the proposition of network metrics to measure the identified structural properties allows

this research to contribute methodologically, besides theoretically, filling a gap in the extant lit-

erature (Wurth et al., 2022). The proposed approach indeed, allows monitoring the structure of

entrepreneurial ecosystems in real-time, avoiding reliance on annually released national and inter-

national statistics. Finally, the analyzed case study represents a further contribution to the field by

presenting a novel way to conceptualize entrepreneurial ecosystems, considering online interactions

among actors. The pandemic has indeed contributed to shifting several relationships toward digi-

tal platforms, extending the concept of proximity, which is key in the definition of entrepreneurial

ecosystems, beyond geographical boundaries. Chapter 2 extends the current literature that explores

the impact of partner selection strategies on the economic contribution received by collaborative

research projects. Specifically, this strand of literature lacks evidence on the analysis of strategic

choices behind partner selection mechanisms. The main peculiarity of this study is represented
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by the application of the dual-projection approach (Everett and Borgatti, 2013) to collaborative

research networks, through which it is possible to assess the centrality of projects while accounting

for the centrality of participant organizations. By comparing classical and dual centrality measures,

this study demonstrates the importance of selecting partners based on the projects they partici-

pate in, especially partners with no previous form of collaboration. These findings provide new

evidence regarding the relevance of increasing the social capital of an organization (Seo, 2020) by

establishing new partnerships to have a higher probability of obtaining more funds in the field of

European research projects. This insight contributes to differentiating collaborations and strategic

alliances, suggesting that in strategic alliances, trust and established routines are more important

than increasing social capital, whereas in collaborative research projects, it is highly valuable to

build a broader network of partners, despite this strategy may require greater coordination efforts.

Finally, Chapter 3 contributes to the literature on the dynamics of collaborative research projects,

particularly EU-funded ones, by shedding light on the Markovian nature of participation dynam-

ics, which is commonly assumed by studies employing SAOMs methods for network evolution. In

particular, the obtained results reveal the quasi-Markovian nature of such processes, distinguishing

them from other existing real networks (Williams et al., 2022). Furthermore, this study expands

the literature on EU FPs, which has predominantly focused on spatial analyses in static contexts,

by examining micro-dynamics at the participant level across all the first eight EU FPs. Addition-

ally, from a methodological perspective, this chapter introduces a novel procedure for endogenously

partitioning groups of organizations based on their evolutionary patterns.

From a policy perspective, Chapter 1 provides a set of metrics to support the measurement of

entrepreneurial ecosystems and the development of data-driven policies. The proposed methodology

indeed, is designed to offer real-time indications of how an entrepreneurial ecosystem is structurally

developing, allowing for timely interventions in case of unmet properties. The identified metrics can

assist policy-makers and institutions in funding the establishment of collaborative networks and

entrepreneurial and innovation ecosystems, further contributing to evaluating the impact of their

policies on the structure of such systems. Thus, this work represents a first attempt to analyze

the social network structure of an innovation system to guide policy-making decisions. Chapter 2

offers novel insights into the effectiveness of the EU Research and Technological Development Policy,

suggesting that cross-collaboration between diversified actors is positively related to higher economic

contributions, in line with the promotion of excellent science. However, at the same time, EU

research policies should address the risk of “oligopolistic” behaviors associated with European funds

that can potentially hinder the full realization of the ERA. In fact, as highlighted in Chapter 3, the

existence of “preferential attachment” mechanisms shapes the dynamics of collaborative projects in

EU FPs. To this aim, new consortium-building mechanisms should be promoted, fostering diversity
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in experience levels, similar to the current practice of country and activity type diversification. The

crucial role of European policies influencing the funding schemes of EU research frameworks is also

demonstrated by the estimation of the probabilities of moving from one class of strength to another

across consecutive FPs. In fact, these transitions are affected by breakthrough events, such as the

Treaty of Maastricht and the promotion of the ERA, which represent key initiatives to foster the

openness and “democratization” of European research funds. Therefore, sustained and continuous

efforts are necessary to ensure the persistence of “anti-oligopolistic” effects.

Finally, managerial implications can be derived from Chapter 2 and Chapter 3 in relation to

organizations participating in collaborative projects funded by the EU FPs. Firstly, organizations

should consider partnering with previously unrelated actors to increase the likelihood of obtain-

ing more funds, and possibly setting private companies or public institutions as project coordi-

nators. Secondly, results from Chapter 3 provide new insights into the relevance of participating

in EU-funded projects to enhance the scientific reputation of organizations (Calignano, 2021) and

strengthen their popularity and competencies, aligning with prior studies on the topic (Wagner and

Leydesdorff, 2005; Hanaki et al., 2010; Cao et al., 2017).
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Appendix 1.A for: “Network-based

principles of entrepreneurial ecosystems:

a case study of a start-up network”

Data collection

Step 1

The lists of the most promising start-ups for each country in 2019/2020 are collected from accredited

web sources which provide every year the names of the most noteworthy start-ups in the interna-

tional context. In particular, these data sources indicate fast-growing start-ups according to various

criteria, including funding raised, revenues generated, capital invested, number of employees, indus-

try, and business model. All the sources are listed below (countries for which the source is used are

specified in parentheses):

• Sifted23456 (Austria, France, Germany, Italy): Sifted is an online publication backed by The

Financial Times that provides in-depth reporting on the European start-up environment,

including company updates, funding rounds, venture capital deals, founder stories and “how-

to’s”.

• Seedtable789 (Austria, France, Germany): Seedtable provides an analysis of the European tech

sector and its impact on society. Its audience comprises more than 10,000 founders, employees

and investors.

2https://sifted.eu/italy-startups-top-rankings/ (Date accessed: 01/04/2020)
3https://sifted.eu/german-startups-top-rankings/ (Date accessed: 22/03/2020)
4https://sifted.eu/german-startups-top-rankings/ (Date accessed: 22/03/2020)
5https://sifted.eu/french-startups-top-rankings/ (Date accessed: 23/03/2020)
6https://sifted.eu/austria-startups-top-rankings/ (Date accessed: 30/03/2020)
7https://www.seedtable.com/startups-germany (Date accessed: 20/03/2020)
8https://www.seedtable.com/startups-france (Date accessed: 23/03/2020)
9https://www.seedtable.com/startups-austria (Date accessed: 31/03/2020)
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• StartupItalia10 (Italy): StartupItalia is an Italian innovation magazine that tells entrepreneurial

stories, highlighting both difficulties and successes of novel start-ups, providing them precious

advices. StartupItalia realizes a list of the most interesting Italian start-ups every year in

collaboration with Bocconi University.

• Top 100 Swiss Startup Award11 (Switzerland): The Top 100 Swiss Startup Award is the

yearly reference event where the most promising Swiss startups’ CEOs, investors, and corpo-

rate executives gain deep insights into the latest proven concepts and establish new business

relationships. Every year, the 100 most innovative and promising Swiss start-ups are selected

by a jury of 100 leading investors and start-up experts.

• Startups12 (United Kingdom): Startups is a key resource for starting a business in the UK,

helping start-ups from the origin of business ideas to exiting out. The Startups 100 has become

an annual milestone in the UK business calendar, highlighting up-and-coming businesses with

the potential to change their industries for the better.

• StartupsReal by El Referente13 (Spain): StartupsReal by El Referente is Spain’s first digital

daily magazine specialized in start-ups and innovation. The media group has also recently

launched StartupsReal, the first English-language magazine dedicated to start-ups and en-

trepreneurs in Spain. They indicate the start-ups with the most potential to become Spain’s

future scale-ups.

Step 2

All the start-ups identified during the previous step are classified in fifteen different categories based

on their business activities, according to the criteria defined in Table 2.

10https://startupitalia.eu/119441-20191213-le-top-100-le-migliori-startup-italiane-del-2019-secondo-noi (Date ac-
cessed: 12/03/2020)

11https://www.top100startups.swiss/index.cfm?page1̄36340&cfid3̄50485093&cftoken7̄0fdd71bcc1f822d-
2D69F011-CA87-A39D-E9BC482C73E7E3E0& (Date accessed: 15/03/2020)

12https://startups.co.uk/startups-100/2019/startups-100-2019/ (Date accessed: 17/03/2020)
13https://www2.deloitte.com/content/dam/Deloitte/es/Documents/acerca-de-deloitte/Deloitte-ES-

aboutdeloitte-ranking100-startups.pdf (Date accessed: 26/03/2020)
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Table 2: Startups’ categories.

Category Definition

Agritech Startups aiming to reshape global agriculture by increasing the productivity

of the agriculture system while reducing the environmental and social costs

associated with current production practices.

Biotech Startups operating in the broad area of biology, involving living systems

and organisms, to develop or make products. Biotechnology encompasses

emerging sciences, including genomics, recombinant gene techniques, ap-

plied immunology, and the advancement of pharmaceutical therapies and

diagnostic tests.

Cleantech Startups engaged in any process or producing any product that mitigate

negative environmental impacts through substantial improvements in en-

ergy efficiency, sustainable resource utilization, or environmental protection

activities.

Electronics, mechanics Startups involved in the production of innovative electronic devices, includ-

ing those realted to augmented and virtual reality, or startups specialized

in mechanical equipment.

Fintech Startups offering innovative banking services or engaging in cryptocurrency

operations.

Insurtech Startups providing innovative insurance services and policies across various

fields.

Internet, mobile Startups with a business model centered around marketplaces; startups pro-

viding media platforms; startups offering mobile services. This category is

broader than the others due to a wider identification criterion.

Legaltech Startups offering legal expertise through experienced lawyers and judges.

Materials, chemicals Startups developing new types of materials or working on chemical products.

Medtech Startups leveraging technology in healthcare settings, including disposables,

capital equipment, and surgical procedures, through implant technology,

biomaterials, and connected health IT.

Micro/nano technology Startups developing micro and nano tachnologies.

Mobility Startups operating in the mobility sector and providing services of vehicle-

sharing.

Proptech Startups using information technology to assist individuals and companies

in searching, buying, selling, and managing real estate.

Software Startups developing enterprise softwares and management platforms.

Others Startups that do not belong to any of the previous categories.
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Appendix 2.A for: “How do partner

selection strategies affect the amount of

funds in collaborative research projects?

Evidence using the dual-projection

approach”

Proof of Proposition 1

By a well-known result of linear algebra, A can be expressed using its spectral decomposition:

A =

n∑
j=1

λjxjx
T
j

In general, it holds:

Ak =
n∑

j=1

λk
jxjx

T
j ∀k ∈ N (13)

By Eq. (4) and Eq. (7) we have the following equalities:

c (β) =
1

β

∞∑
k=1

βk
n∑

j=1

λk
jxjx

T
j

1 =
1

β

n∑
j=1

( ∞∑
k=1

(βλj)
k

)
xjx

T
j 1

If |βλj | < 1 ∀j = 1, ..., n, then the series is convergent. We thus assume the more restrictive

condition 0 < β < 1
λ1

, that ensures the convergence to βλj

1−βλj
∀j = 1, ..., n. Then:

c(β) =
n∑

j=1

λj

1− βλj
xjx

T
j 1.
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Notice that, when β approaches 0+, c (β) =
∑n

j=1 λjxjx
T
j 1 =A1 = d. Moreover:

c(β) =
λ1

1− βλ1
x1x

T
1 1+

n∑
j=2

λj

1− βλj
xjx

T
j 1.

When β approaches 1
λ1

−, the first term λ1
1−βλ1

x1x
T
1 1 prevails on the others in the sum, then c(β) ≈(

λ1
1−βλ1

)
x1x

T
1 1 =

(
λ1xT

1 1
1−βλ1

)
x1. Therefore, the Beta-centrality c(β) can be considered proportional

to the eigenvector centrality x1.

Proof of Proposition 2

At first, we recall that c(β)(p)dual = ET c(β)(o), where c(β)(o) is the vector of Beta-centrality of matrix

EET . By Eq. (2.4), assuming 0 < β < 1
λ1

, and expressing EET by its spectral decomposition, i.e.,

EET =
∑n2

j=1 λjxjx
T
j , we have:

c(β)
(p)
dual = ET c(β)(o) = ET

∞∑
k=1

βk−1(EET )k1 =

1

β
ET

∞∑
k=1

βk(EET )k1 =
1

β
ET

∞∑
k=1

βk
n2∑
j=1

λk
jxjx

T
j

1 =

1

β
ET

n2∑
j=1

∞∑
k=1

(βλj)
kxjx

T
j 1 =

1

β
ET

n2∑
j=1

βλj

1− βλj
xjx

T
j 1 =

ET
n2∑
j=1

λj

1− βλj
xjx

T
j 1

where the convergence to βλj

1−βλj
∀j = 1, ..., n is ensured by the condition 0 < β < 1

λ1
. Therefore,

when β approaches 0+, c(β)(p)dual = ET
∑n2

j=1 λjxjx
T
j 1 = ET (EET )1 = ETd(o), that returns, by Eq.

(2.6), the dual degree centrality of projects d
(p)
dual .

Moreover:

c(β)
(p)
dual = ET λ1

1− βλ1
x1x

T
1 1+ET

n2∑
j=2

λj

1− βλj
xjx

T
j 1

When β approaches 1
λ1

−, the first term ET λ1
1−βλ1

x1x
T
1 1 prevails on the others in the sum, then

c(β)
(p)
dual ≈ ET

(
λ1

1−βλ1

)
x1x

T
1 1 =

(
λ1xT

1 1
1−βλ1

)
ETx1. Notice that x1 represents the eigenvector cen-

trality of organizations, denoted by x1
(o) by Eq. (6). Therefore, we can identify in ETx1 the dual

eigenvector centrality of projects x(p)
1,dual, so that, the dual Beta-centrality c(β)

(p)
dual can be considered

proportional to the dual eigenvector centrality x
(p)
1,dual.
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