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Abstract
From an evolutionary economics perspective, knowledge networks are self-organizing
systems. Therefore, studying changes of these systems requires an understanding of
how such changes are influenced by both the behaviors and characteristics of key
individual actors and the network structure. We apply this perspective to a network of
investigators (i.e. lead scientists) and a sample of 9543 Phase 2 cancer clinical trials
during the period 2002–2012, in order to examine the structure and explore the
dynamics of the clinical trial network. Using temporal exponential random graph
models, we examine whether preferential attachment, multi-connectivity, or homophily
drive the formation of new collaborative relations to knowledge translators - i.e.
investigators with basic and clinical research knowledge. Our results suggest that
despite some increased connectivity over time the network remains fragmented due
to the considerably growing number of investigators in the network. This fragmentation
limits opportunities for knowledge transfer to advance clinical trials. We find that
homophily in research fields and investigators’ country of affiliation and heterophily
in terms of publication output promote the formation of ties to knowledge translators.
We find also that multi-connectivity increases the probability of tie formation with
knowledge translators while preferential attachment reduces this probability.
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1 Introduction

Studying changes of knowledge network systems such as the scientific research system
requires an understanding of how these changes are influenced by the behaviors and
characteristics of both key individual actors and the structure of the network. In this
Special Issue dedicated to Professor Luigi Orsenigo, we examine a specific question
which is related to broad themes in his scientific contributions. The notion of network
dynamics is linked closely to Professor Orsenigo’s work on the relationship between
individual scientists, knowledge evolution, and the structure of the pharmaceutical
innovation system over time (McKelvey et al. 2004; McKelvey and Orsenigo 2006).
He was very interested also in the evolution of networks per se, and the link between
the decomposition of knowledge and technology and the structural evolution of
industry networks (Orsenigo et al. 1998; Orsenigo et al. 2001).

This paper is related to Professor Orsenigo’s research interests as it studies network
dynamics in science. The increasing pace of knowledge generation and scientific
advances makes it difficult for individual researchers to keep abreast with frontier
knowledge even in their core interest areas (Jones 2009). Consequently, scientific
research has come to be characterized as involving the formation of collaborative
relations among individual researchers. These interactions have become imperative
for knowledge generation and scientific advancement, with collaborative work on
research projects becoming the dominant mode of generating new (scientific) knowl-
edge (Adams 2013; Wuchty et al. 2007). At the same time, the focus and objective of
research activities in many disciplines have shifted away from generation of new
knowledge through basic research towards research which addresses societal chal-
lenges, which has fairly clearly defined (commercial) application, or which allows for
the development of recommendations for practitioners and policy makers (D’Este et al.
2018; Tijssen 2018). However, translation of the knowledge generated in basic research
into products, processes, and services which have successful applications in the
marketplace has proved difficult for many industries. The science-based biotechnology
and pharmaceutical industries are prominent examples of industries which have seen
considerable advances in basic research. At the same time, these industries have
struggled to maintain their productivity in relation to translating advances in basic
bio-medical research into new successful diagnostics and treatments to patients
(Pammolli et al. 2011; President’s Council of Advisors on Science and Technology
2012). In the debate on policy initiatives to support the translation of basic bio-medical
knowledge into clinical applications which respond to patients’ needs, it is important to
note that researchers on both sides - basic and clinical- have specialized knowledge and
skills but follow different research paradigms (Gittelman 2016). In the context of
medical research and the pharmaceutical industry, we propose that both individuals
and the network structure matter for understanding further knowledge developments
and industry dynamics. This notion accords with Schumpeter’s idea of change. We
assume that the changes in the network of collaborative relations do not emerge as the
result of external forces but rather arise from within the economic system - i.e. the
decisions of individuals as well as changes in the network structure (Schumpeter 1934).

In this context, we would suggest that individuals who are active basic and clinical
researchers could act as knowledge translators. They are knowledge translators in the
sense that they support knowledge exchanges between communities following different
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research paradigms, and thereby help to advance bio-medical as well as biotechnology
and pharmaceutical R&D projects. Stokes’s (1997) term describing what we under-
stand as knowledge translators is “Pasteur-type scientists”; like Louis Pasteur as
representative of this group, these scientists are interested in both advancing scientific
knowledge including understanding natural phenomena and applying these discoveries
to practice. Consequently, we conceptualize knowledge translators as conducting basic
research which is inspired by potential uses or existing bio-medical challenges. Hence,
their research can be defined as providing an interface between basic research and
clinical application (Tijssen 2018). Knowledge translators are important also to the
success of pharmaceutical development projects since their involvement increases the
probability that a project reaches the next stage in the development process (Haeussler
and Assmus 2021).

In addition, in the medical research and in the biotechnology-pharmaceutical indus-
try the network structure matters. We contend that knowledge translators do not work
in isolation but instead are part of a research system that is characterized by networks of
collaborative relations among different types of actors at different levels of analysis.
Since knowledge translators are familiar with basic and clinical research paradigms,
they are expected to play an active role in these networks and have a rather high
probability of collaborating with researchers focusing on either clinical or basic
research. Existing work studies these networks by focusing on their structure and
composition in the context of the industry’s R&D processes and development of the
underlying scientific and technological bases (McKelvey and Orsenigo 2006; Orsenigo
et al. 1998; Orsenigo et al. 2001).

This paper contributes to the literature by adopting a different empirical perspective
on what drives the formation of collaborative ties in the context of clinical trials in
pharmaceutical research. More specifically, we explore whether the mechanisms of
preferential attachment, multi-connectivity, or homophily drive the formation of ties to
knowledge translators in the self-assembling networks of clinical trial investigators. We
consider the positions and individual characteristics of the actors in the network as
potential drivers of tie formation.

In clinical trials, lead scientists are responsible and accountable for the conduct of
the clinical study (Hoekman et al. 2012). However, the management of geographically
dispersed clinical trials requires a considerable level of collaboration and the interde-
pendent nature of trial-related tasks requires knowledge from basic and clinical research
(Hoekman et al. 2012; Malterud 2001; Patel et al. 1999). Most investigators are trained
in one specific scientific discipline and lack knowledge in other disciplines (FitzGerald
2005); in this case, cross-disciplinary collaboration with experienced investigators and
professional networks provide opportunities to access the required skills and to transfer
knowledge (O’ Connell and Roblin 2006; Reagans and McEvily 2003; Uzzi and
Lancaster 2003). We assume that similar to other scientific projects, in clinical trials
the investigators self-assemble into teams of collaborating researchers: i.e. they decide
autonomously whether and how they collaborate with peers (Contractor 2013) linked
through collaborative relations across different teams and research projects (Mathieu
et al. 2001). The collaborative relations in science emerge as the result of a self-
organizing process involving individuals with common interests (Metcalfe et al.
2005) and may be dissolved or renewed based on individual decisions, interests, and
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objectives, and the knowledge and expertise needs of the focal research project
(Wagner and Leydesdorff 2005; Wang and Hicks 2015).

Studying the drivers of tie formation within self-assembling networks of clinical trial
investigators over time is important for enhancing our understanding of how individ-
uals collaborate in clinical research. The biotechnology and pharmaceutical industry
offers much anecdotal evidence on the roles and behaviors of clinical trial investigators
but empirical evidence based on large scale quantitative analyses is rather scarce. We
need a better understanding of the dynamic processes underlying formation of collab-
orative relations in networks and their development of complex knowledge in fields
such as medicine and bio-pharmaceuticals. Formation of new collaborative ties can be
promoted by a range of mechanisms which influence the network structure and in turn
affect the ability of individuals and entire system to create new knowledge in the future.

The paper is structured as follows. Section 2 describes the theoretical underpinnings
of our study; it adopts an evolutionary economics perspective on social networks and
explains the mechanisms driving endogenous network dynamics. Section 3 discusses
the study context i.e. collaborative relations among investigators involved in clinical
trials. Section 4 presents the data and describes the analytical approach, and Section 5
presents the results of our empirical analyses. Section 6 discusses our findings and
concludes the paper.

2 Network dynamics from an evolutionary economics perspective

Consistent with Schumpeter’s view and the evolutionary economics notion of change,
changes to the composition and the structure of networks are based on dynamics that
emerge from the system - i.e. the network itself (Witt 2008). This has implications for
the present study because social networks consist of sets of nodes or actors - in our case
individual clinical trial investigators - and sets of ties representing relationships be-
tween the nodes (Brass et al. 2004). Changes to the composition and structure of the
network may occur with the entry or exit of individuals and due to the decisions made
by the individual actors to maintain or dissolve existing relationships, or forge new
relationships with individuals to whom they previously were not directly connected.
The decision to forge or dissolve a tie is based on the individual’s aims to benefit from
the opportunities for knowledge creation and knowledge recombination offered by the
network structure (Zaheer and Soda 2009).

The evolutionary view of network dynamics assumes also that the dynamics within
networks are neither random processes nor independent of the initial network structure
and the sequence of events that led it to change (Glückler 2007; Martin and Sunley
2006; Nelson 1995). Hence, the processes that lead to these outcomes suggest the
presence of path-dependencies. More specifically, the evolutionary view implies that
the current network structure depends on past events and structures. The positions of
individual actors within the network are the outcomes of their positions in the past and
the ongoing formation and dissolution of ties which in turn are influenced by different
drivers. Individual actor characteristics play a role in influencing tie formation as such
characteristics define similarities and differences among actual and potential collabo-
rators. In addition, ties can form endogenously within the network through self-
organizing processes whereby tie formation or termination is shaped by the existence
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or absence of ties and the network structure associated with it (Lusher and Robins
2013). Hence, analysis of network dynamics from an evolutionary perspective requires
investigation of the mechanisms associated to tie formation in relation to the network’s
structural properties and the dyadic similarities or dissimilarities among network actors’
characteristics. Researchers from various disciplines have studied tie formation in
networks, from various perspectives and in different contexts, to try to understand
the underling mechanisms.

In this paper, we focus on preferential attachment, multi-connectivity and homophily
which have been studied in the wider evolutionary economics literature as alternative
influences on the development of collaborative relations within networks (Cantner and
Rake 2014; Glückler 2007, 2010; Powell et al. 2005). All three mechanisms involve
different motivations to establish new ties. Preferential attachment suggests that tie
formation is based predominantly on a rich-get-richer process driven by highly con-
nected individuals (Barabási et al. 2002). Multi-connectivity sees tie formation as based
on a preference for diversifying connections (Powell et al. 2005). Homophily considers
tie formation to be the result of a preference for similarity, and thus it is based on actor
rather than network characteristics (Kossinets and Watts 2009; Powell et al. 2005).
Collaborative relationships can be based on multiple motivations, and tie formation
within a network of clinical trial investigators can be associated to multiple different
mechanisms (Lusher and Robins 2013). In what follows, we discuss these three
mechanisms and their influence on the network dynamics.

2.1 Preferential attachment

Preferential attachment suggests that tie formation is influenced by individuals’ relative
connectedness - i.e. the number of their individual existing ties within the network prior
to the formation of new ties (Barabási and Albert 1999). Tie formation based on
preferential attachment is based on the notion that entrants and less well-connected
individuals try to form ties to well-connected and well-established individuals (Barabási
et al. 2002). Tie formation based on preferential attachment shows characteristics of path
dependency and the assumption that potential collaborators with higher numbers of
existing ties have higher “fitness”, and therefore will be better collaboration partners
(Rivera et al. 2010). This path-dependency leads to the rich-get-richer phenomenon
which is based on cumulative advantage where individual actors with more ties are able
to increase their number further while less well-connected individuals and entrants are
disadvantaged with respect to tie formation (Rivera et al. 2010). Consequently, the
mechanism of preferential attachment suggests that well-connected individuals establish
more new connections and more quickly compared to their less well-connected coun-
terparts, and this increases their attraction as collaboration partners even further.

The idea of preferential attachment leading to cumulative advantage based on
existing numbers of collaborative relations applies to scientific collaboration networks
where a rather small number of high-status researchers can be pivotal for connecting
researchers within a discipline. Researchers with numerous co-authors attract the
attention of researchers entering the field who seek to collaborate with these highly
connected and highly visible researchers (Moody 2004; Newman 2001a). Consistent
with the general notion that the number of ties reflects the actors’ “fitness”, less well
connected researchers entering the field will use the number of collaborative ties of
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their peers as an indicator of the knowledge and the reputation of these established
actors (Wagner and Leydesdorff 2005). Thus, it makes sense for them to connect to
those researchers that offer the highest potential gains from collaboration in terms of
access to knowledge, learning, reputation, and visibility within the academic commu-
nity. At the same time, established researchers are willing to extend their collaborative
relations since additional contacts allow them to increase their involvement in research
projects which increases their productivity and recognition within their discipline.

The theoretical arguments related to preferential attachment as a driver for tie
formation in scientific networks are supported by empirical evidence from co-
authorship networks across various disciplines. Barabási et al. (2002) suggest that the
dynamics of co-authorship networks in mathematics and neuro-science are driven by
preferential attachment. Similarly, Jeong et al. (2003) find that the rate of new tie
formation depends on the number of existing ties in the context of networks of
neuroscientists and physicists. Wagner and Leydesdorff (2005) show that increased
international collaboration in science is attributable to the mechanism of preferential
attachment. Based on the above, we expect preferential attachment to influence the
formation of ties in networks of clinical trial investigators.

2.2 Multi-connectivity

Multi-connectivity assumes that collaborative relations are formed based on a prefer-
ence for diversifying connections across the network. Individuals may develop a
preference for diversifying connections since multiple direct and indirect ties to other
actors enhance information flow speed, and facilitate access to knowledge dispersed
within the network (Powell et al. 2005). Accordingly, individuals with links to more
diverse alters in the network are more likely to form new ties than actor pairs with fewer
diverse indirect connections. In line with this argument, multi-connectivity promotes
network closure and clustering dynamics based on the formation of additional direct
and indirect ties between two individuals (Rivera et al. 2010). Tomasello et al. (2017)
show that multi-connectivity promotes ties between different clusters in a sparse
network structure, thereby increasing system connectivity and creating multiple oppor-
tunities for knowledge exchange. Links among different clusters increase the availabil-
ity of diverse knowledge and other resources and the attractiveness of the network, and
provide incentives for the creation of more ties (Powell et al. 2005).

A dense and cohesive network structure provides opportunities for the formation of
additional ties within existing clusters. In cohesive networks actors are linked through
multiple direct and indirect connections which improve network resilience (Powell
et al. 2005). Put differently, the existence of multiple, independent paths through the
network implies that if specific individual actors exit the network, the remaining actors
can maintain their relationships through alternative connections (Moody and White
2003). Cohesive network structures with multiple different paths through the network
support rapid transmission of knowledge (Powell et al. 2005). Multiple different paths
ensure that no single individual controls the flows of information, knowledge, and other
resources which further increases the attractiveness of the network (Moody and White
2003). However, this reinforcement of existing relations may be at the expense of
connections to more distant actors and bridging ties to other clusters. Hence, multi-
connectivity might cause network fragmentation through disconnected clusters, despite
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promoting the emergence of a cohesive network structure within particular clusters
(Tomasello et al. 2017).

Empirical analysis of multi-connectivity as mechanism of tie formation in social
networks is scarce and inconclusive. Some works find that multi-connectivity explains
ties among different types of organizations (Glückler 2010; Powell et al. 2005).
However, at the individual level, Zappa (2016) and Lomi et al. (2013) find that
multi-connectivity is related negatively to the probability of advice seeking ties be-
tween two individuals.

2.3 Homophily

Empirical observations of many real-world networks suggest that individual actors are less
prone to connect to highly connected individuals than the mechanism of preferential
attachment would predict. Homophily thus challenges the notion of preferential attachment
or multi-connectivity as drivers of tie formation in that it stresses the importance of other
dimensions and mechanisms. Specifically, tie formation based on homophily assumes that
ties among individuals within a network are established on the basis of actor similarity.

Actors prefer ties to individuals who are similar to themselves in one or several
dimensions (Boschma and Frenken 2010). Similarity-based tie formation may be due to
fewer opportunities to connect to dissimilar peers within the network, or to
homophilous preferences (McPherson and Smith-Lovin 1987). In the former case,
Kleinbaum et al. (2013) emphasize that opportunities to associate differ based on
how individuals sort, self-select, or are selected into physical and social locations
which result in a tendency for homophilous exchange. Preference for homophilous
ties responds to a somewhat complementary explanation which builds on the assump-
tion that tie formation in social networks depends on whether individual actors have the
time, energy, or interest in the activity. Before forming new ties, individuals assess
whether a specific tie might offer greater benefits than available alternatives, and
assume that ties to similar alters will offer greater benefits than ties to dissimilar alters
(Kossinets and Watts 2009). These benefits may include a higher likelihood of
responses to requests for advice, engagement in trust-based activities, and fewer
interpersonal conflicts due to different opinions and beliefs (Lazarsfeld et al. 1954;
Nebus 2006; Zucker 1986). Consequently, similarity increases the probability of tie
formation (Kossinets and Watts 2009).

Empirical evidence suggests that individuals forge links based on similar socio-
demographic and biographical characteristics in private and professional contexts
(McPherson et al. 2001; Phillips et al. 2013; Ruef et al. 2003). Building on the findings
in the wider literature on the mechanisms that drive tie formation in different social
networks, we suggest that homophily in terms of investigators’ knowledge base and
research environment is a potential driver of tie formation. More specifically, we argue
that clinical investigators will be more likely to form ties to potential collaborators
working in similar fields or research environments since this perceived or actual
similarity encourages knowledge exchange and use of mutual knowledge in collabo-
rative research activities (Jha and Welch 2010). Individual investigators prefer to
establish ties to similar alters since communication with similar peers is more effective
and is associated to a higher potential for knowledge exchange (Jha and Welch 2010;
Rogers and Bhowmik 1970). The empirical evidence supports this and suggests that
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researchers with similar knowledge who are active in similar research areas are more
likely to form collaborative ties (Sie et al. 2012; Zhang et al. 2018).

3 Collaborative relations of investigators in clinical trials: The role
of knowledge translators

Clinical trials are an essential part of R&D processes in the bio-pharmaceutical and
medical device industries. In addition to contributing to the state of bio-medical
knowledge, the objective of clinical trials is to provide evidence about the safety and
efficacy of new drugs, new (diagnostic) procedures, or new devices through a multi-
phase process of clinical research involving human volunteers. Each clinical trial is led
by either a single (principal) investigator or an investigator team. The lead scientists of
the clinical trial are responsible and accountable for the conduct of the entire clinical
trial. This includes in particular oversight of trial-related research activities and ensuring
that the clinical trial abides by established standards of scientific and ethical integrity
(Hoekman et al. 2012). Depending on the role of the trial sponsors (i.e. the organization
financing the trial), investigators are responsible for the design of treatment protocols,
their implementation, selection, enrollment, and treatment of subjects and collection
and verification of data, data analysis, and dissemination of trial outcomes - e.g.
through conference contributions and scientific publications (Davidoff et al. 2001;
Leong 2007; Rasmussen 2005).

There are three reasons why collaboration among investigators in clinical trials is
imperative. The first refers to the nature of the knowledge in clinical trials. In order to
conduct a clinical trial, the investigators must apply and interpret bio-medical knowl-
edge of diagnosis, treatment, and patient care that is characterized by substantial tacit
knowledge (Malterud 2001; Patel et al. 1999). Despite the need for diverse knowledge,
the investigators are trained predominantly in only one specific scientific discipline
(FitzGerald 2005). The second reason is that collaboration provides opportunities for
experienced investigators to learn from one another. Learning from peers may be
required since formal training as a trial investigator is virtually non-existent. Collabo-
ration and professional networks enable investigators to acquire the skills and knowl-
edge needed to successfully manage the clinical trial (O’ Connell and Roblin 2006).
The third reason for collaboration is that many clinical trials take place at multiple sites
located across several countries. This geographical dispersion requires investigators
with in-depth knowledge about the differences in the pathophysiology and behaviors of
subjects in these specific geographic locations, and familiarity with local regulation
(Hoekman et al. 2012).

In our interpretation, the simultaneous involvement of investigators in multiple
clinical trials links different collaborating groups of investigators and leads to the
emergence of a network of collaborating investigators. Knowledge transfer among
different sub-groups in the network offers opportunities for individuals and groups to
compensate for lack of skills and knowledge in order to improve translation of bio-
medical knowledge into new medications (O’ Connell and Roblin 2006). From an
evolutionary economics perspective, this knowledge exchange is a precondition for the
emergence among researchers of a common understanding which translates into
successful therapies for medical needs (Metcalfe et al. 2005). We argue that the
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involvement of knowledge translators with knowledge in both basic and clinical
research is particularly beneficial for the successful transfer of new drugs or medical
devices to the next phase of clinical development. Knowledge translators can integrate
the different basic and clinical research paradigms (Gittelman 2016). Knowledge
translators are oriented to advancing fundamental understanding of disease and its
bio-medical roots which is associated to hypothesis generation and testing in basic
science. At the same time, knowledge translators combine their aspirations for scientific
discovery with application of the knowledge generated from basic research activities in
clinical practice to advance developments of medicines and devices to benefit patients.

These characteristics make knowledge translators similar to Stokes’s (1997) Pasteur-
type scientists. In line with these arguments, Llopis and D’Este (2016) find that
balancing working in a (basic) science logic and clinical activities through contact with
patients contributes positively to medical innovation. Also, following Haeussler and
Assmus (2021), the involvement of investigators with knowledge in basic and clinical
research is particularly beneficial for successful clinical trials of new medications or
medical devices. Therefore, collaborative relations with knowledge translators in
clinical trials provide opportunities for knowledge transfer and learning which are
likely to be valuable to innovation performance. Based on these arguments, knowledge
translators are likely to be involved in many collaborative relations based on their
recognition as valuable partners for other investigators. The self-assembling nature of
investigator networks, which means investigators decide with whom they will collab-
orate, raises questions about whether the formation of collaborative ties to knowledge
translators is driven by the mechanisms described in Section 2.

4 Data and empirical approach

4.1 Data sources

4.1.1 Clinical trial data

To obtain information on the clinical trial investigators and their knowledge domains
we use data from different sources. Detailed information on clinical trials conducted in
the United States and 179 other countries were obtained from the ClinicalTrials.gov
database, a comprehensive registry of clinical trials maintained by the US National
Library of Medicine at the National Institutes of Health. Among other information it
provides clinical trial details such as sponsors (organizations financing the trial),
investigators’ names, disease areas addressed, and facilities where the trial was
conducted.

In our empirical analysis we concentrate on phase 2 clinical trials addressing the
disease area of cancer, irrespective of whether a trial is led by a single investigator or an
investigator team. One objective of phase 2 trials is to obtain preliminary data on a drug
candidate’s effectiveness by testing the drug candidate on humans affected by a specific
disease and collect data on its efficacy in a specific disease setting. The collection of
data based on clinical trials is an activity associated typically with clinical research. At
the same time, phase 2 trials are often used to generate hypotheses about the efficacy of
a drug candidate, and test these hypotheses in a clinical context. The generation and
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testing of hypotheses are activities more often associated to basic research since it can
involve getting information on the bio-medical roots of a specific disease as well as the
drug candidate’s therapeutic action mechanism (Haeussler and Rake 2017). Conse-
quently, a combination of knowledge and expertise in clinical as well as basic research
can be particularly valuable in the context of phase 2 clinical trials which provide an
ideal case to study collaborations with knowledge translators.

Our sample includes 9543 phase 2 clinical trials with start dates between January
2002 and December 2012 addressing the disease area of cancer. Clinical trials in this
disease area are identified by Medical Subject Headings (MeSH), a controlled vocab-
ulary thesaurus for indexing scientific biomedical research provided by the US National
Library of Medicine indicating the disease or condition addressed in each trial regis-
tered at ClinicalTrials.gov. In our empirical analysis we focus on the broad disease area
of “Neoplasms” indicated by the MeSH tree number “C04”.

We use the clinical trial data to build a network of collaborative relations among
investigators. We study network dynamics and the formation of ties within the network
over discrete points in time, by considering the start year of the clinical trials in our
dataset. Start year refers to the year when testing of a new drug candidate in a specific
phase 2 clinical trial was initiated, as reported in the ClinicalTrials.gov database. Based
on arguments about the importance of collaborations in clinical trials outlined in
Section 3, we assume a collaboration among investigators exists in a given year if
they are listed as investigators in the same specific clinical trial.

4.1.2 Publication data

Scopus provided information on publication profiles of the 11,678 investigators listed
in the clinical trials of our sample. Scopus is a comprehensive interdisciplinary database
of academic publications that covers a wide range of scientific work on health and life
sciences. We apply exact matching based on investigators’ last and first names to match
investigators with their publications. We considered only publications in the fields of
health and life sciences. Investigators’ research output is categorized based on the
publishing journal using the CHI journal classification (Hamilton 2003). The CHI
journal classification has been used across a wide range of publications, including very
recent ones (Anckaert et al. 2020; Veugelers and Wang 2019). The CHI classification
categorizes journals into four levels from applied clinical research, level 1 called
“clinical observation”, to basic bio-medical research, level 4. Level 2 or “clinical
mix” journals publish observation and investigative studies while level 3 journals
report on “clinical investigation” and focus on research-oriented articles addressing
fundamental bio-medical research questions related to clinical practice (Hamilton
2003). We categorize publications level 1 and 2 journals as clinical research, and
publications in level 3 and level 4 journals as basic research. This dichotomy was
validated by three researchers who were asked to categorize a sample of 10 journals as
basic or applied (Haeussler and Assmus 2021).1 As outlined in Section 3, this

1 The CHI classification of journals has been criticized due to methodological and other concerns (e.g., Tijssen
2010). Consequently, alternative approaches for classifying publications as basic or clinical research have been
developed (e.g., Boyack et al. 2014). However, Anckaert et al. (2020) emphasize that different classification
approaches lead to very consistent classification outcomes.
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distinction is relevant in the context of our study due to the strong divide between basic
and clinical research disciplines and also to address our aim to identify scientists who
combine knowledge from both areas of research (FitzGerald 2005).

This classification allows us to distinguish whether a specific investigator is best
characterized as a researcher engaged in basic research, clinical research, or both.
Investigators are considered basic researchers if over 75% of their publications ap-
peared in basic research journals, and clinical researchers if less than 25% of their
scientific articles appeared in basic research journals. Investigators with a share of basic
research publications between 25% and 75% are considered knowledge translators: i.e.
engaged in both basic and clinical research (Haeussler and Assmus 2021). Investigators
who publish between 25% and 75% of their research in basic research journals (and the
remainder in clinical research journals) have knowledge and skills from basic and
clinical research. In contrast, investigators who publish predominantly or even exclu-
sively in basic or clinical research journals are considered as being specialized in the
corresponding area. Based on this classification, 200 of the 11,678 investigators in our
dataset are classified as conducting predominantly basic research. This rather low
number of basic research investigators can be explained by the applied nature of
clinical trials that requires interactions with patients in a clinical context that makes
conducting clinical trials difficult for pure basic researchers unless they are part of a
larger team. 2653 investigators in our sample are knowledge translators and 5041 are
clinical investigators. We were unable to classify the remaining trial investigators
either. The vast majority of these unclassified investigators (approx. 99%) could not
be classified because we could not link them to individual publications records. These
unclassified investigators are likely to be medical practitioners who may have substan-
tial clinical experience but seemingly do not have substantial experience in academic
research and publishing.

4.2 Descriptive analysis: Network measures

Analyzing collaborative relations among scientists is well-established in social network
research (Barabási et al. 2002; Newman 2001b). In our study, we refer to the individual
clinical trial investigators as actors in the network. Investigators are connected to one
another through being listed as investigators in the same clinical trials. Accounting for
relations between investigators through their involvement in the same clinical trials
leads to undirected networks in which the relation from investigator i to j is the same as
the relation from investigator j to i. Following the literature discussing alternative
measures to assess the structure of social networks, we use binary, unweighted,
networks to compute multiple network structural properties (Wasserman and Faust
1994). Accordingly, the degree d(ai) of an actor i within a network represents its actual
direct connections to other actors (Wasserman and Faust 1994). Hence, the degree of an
actor denotes the number of connections that are incident to it. Accordingly, average
degree is the average number of an actor’s connections to other actors in the network:

d
� ¼ ∑n

i¼1d aið Þ
n
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Wasserman and Faust (1994) describe a component as a subgraph in which a path that
is a direct or indirect connection exists between all pairs of actors in the subgraph, and
in which there is no path between an actor in the component and any actor that is not
part of the component. Put differently, a component is the maximal connected subgraph
of the network. Based on this definition, we calculate the share of investigators who are
part of the largest component of the network.

The density of a network graph provides a common measure of connectivity and it is
defined as the number of realized linkages among the actors in the network divided by
the maximal number of possible linkages:

Δ ¼ ∑d aið Þ
n n−1ð Þ

where n is the number of actors (investigators) in the network and d(ai) is the degree of
actor i. Density can vary between 0 and 1, where 0 represents a completely unconnect-
ed network and 1 represents a completely connected network.

Average path length is another network structural property which accounts for the
efficiency of information transmission within the network. Short path length tends to be
associated to rapid diffusion of information through the network and less degeneration
of knowledge caused by the transmission (Cowan and Jonard 2004). Average path
length is defined as the average number of connections along the shortest paths
between all the actors in the network:

L ¼ 1

n* n−1ð Þ * ∑i≠ j pij

In this equation pij is the shortest path between the nodes i and j. A path between two
disconnected actors by definition is indefinite. Since this has a considerable influence
on path length, when calculating the average path length, we consider only the lengths
of the existing paths.

4.3 Network regression

Network data have specific properties such as presence of interdependencies between
network structure and tie formation. These interdependencies challenge the core as-
sumptions of conventional regression models. Although several attempts have been
made to address this issue, empirical analyses of network data using conventional
regression do not fully capture the endogenous structural effects of networks. In
addition, standard errors and significance levels of conventional regression models
can be misleading (Wasserman and Faust 1994). Exponential random graph models
(ERGMs) are a class of social network methods that do not require the assumption of
independent ties within the network. By accounting for cross-dependencies, emerging
network structures, and other factors that cannot be addressed through conventional
regression methods, ERGMs avoid the shortcomings of conventional regression
models for analysis of tie formation (Kim et al. 2016). Hence, ERGMs allow the
mechanisms driving the formation of collaborative relationships among the actors in a
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network to be studied by taking account of both the endogenous processes within the
network and the actor attributes (Lusher and Robins 2013).

ERGMs consider real-world networks to be the outcome of a stochastic process
which led to the emergence of the observed network based on a set of hypothetical
networks with similar characteristics - e.g. number of individual actors (Robins et al.
2007). The intuition behind ERGMs is that they assess which factors maximize the
probability of emergence of the observed network rather than some other hypothetical
network with similar characteristics. ERGMs model the effects of interest in relation to
the observed network in order to find a distribution of (network) graphs in which the
observed network data are central - not extreme - in the distribution. This implies that
the outcome of an ERGM is not one single network but rather a probability distribution
of network graphs (Robins and Lusher 2013). In ERGMs, researchers model the
combination of structures comprising the observed network which allows inferences
about the processes that drive tie formation within the network (Robins and Lusher
2013). Put differently, ERGMs test the statistical significance of the mechanisms that
lead to tie formation and the emergence of network structures relative to random tie
formation, conditional on other effects in the model (Kim et al. 2016). Thus, ERGMs
can take account of both exogenous variables and endogenous dependencies (Cranmer
et al. 2017).

We use the temporal exponential random graph model (TERGM) which is an
extension of the ERGM that accounts for inter-temporal dependencies in networks that
are observed across several time periods (Leifeld et al. 2018). TERGMs follow the
basic principles of ERGMS but incorporate parameters that consider how previous
realizations of the network influence the current network structure.

The ERGM for a network at time t (Nt) where Nt is an adjacency matrix in which
Ni,j = 1 indicates the presence of a tie between individual i and j, can be expressed as
(Leifeld et al. 2018):

P NtjNt−K ;…;Nt−1; θ
� � ¼ exp θ0h Nt;Nt−1;…;Nt−K� �� �

c θ;Nt−K ;…;Nt−1� �

with θ’ being the transposed vector of the model coefficients, h is a vector of statistics
computed on N and c is a normalizing constant. K ϵ {0, 1, …,T-1} accounts for
networks observed at previous periods in time. The TERGM can be expressed as the
joint probability of observing networks (N) between time periods K+ 1 and T by taking
the product of the probabilities of individual networks conditional on the other net-
works (Leifeld et al. 2018):

P NKþ1;…;NT jN1;…;NK ; θ
� � ¼ ∏

T

t¼Kþ1
P NtjNt−K ;…;Nt−1; θ
� �

We employ the Markov chain Monte Carlo maximum likelihood estimation (MCMC-
MLE) procedure for estimating the model parameters (Hunter et al. 2008). The
MCMC-MLE delivers accurate estimates for applications that analyze networks over
a rather small number of time steps (Leifeld et al. 2018). With respect to interpretation
of the TERGM parameter estimates, the size and direction of an estimate provide an
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indication of the frequency of the corresponding configuration - i.e. a structural
characteristic indicating the presence of ties (Robins et al. 2007). A positive
(negative) estimate indicates that the corresponding configuration, conditional on the
other effects in the model, is more likely (less likely) than could be expected to occur by
chance (Robins and Lusher 2013). Similarly, if the estimate is large and positive
(negative) the corresponding configuration is observed more (less) frequently than if
the estimate were zero (Robins et al. 2007). The TERM’s goodness of fit is assessed by
comparing the structure of the set of hypothetical networks generated by the estimation
procedure to the structure of the observed networks using the edgewise shared partner,
degree, and geodesic distance distributions (Hunter et al. 2008).

4.4 Network regression analysis: Variables

4.4.1 Dependent variable

Our dependent variable is a binary indicator for whether an investigator in the clinical
trial network has established a new collaborative tie to a knowledge translator. More
specifically, our dependent variable equals one if a new collaborative tie to a knowl-
edge translator emerged in year t and zero otherwise. As we focus on the emergence of
new collaborative ties to knowledge translators, our dependent variable is equal to zero
in year t if investigator i has had a collaborative tie to knowledge translator j in t-1. As
outlined above, connections to knowledge translators are valuable because they are
expected to contribute to the success of phase 2 trials through their broad knowledge in
basic and applied research. Phase 2 trials require knowledge in both areas since they
focus on both knowledge generation by developing and testing hypotheses, and
evaluation of the efficacy of new drug candidates, new procedures, or new devices in
specific disease settings.

4.4.2 Independent and control variables

We build on the social network literature and particularly work on the endogenous
dynamics of social networks to study which of the three mechanisms - preferential
attachment, multi-connectivity, or homophily - drives the formation of new ties to
knowledge translators.

Our measures for preferential attachment build on the assumption of a preference for
new tie formation to well-connected actors. Consequently, we follow Glückler (2010)
and use absolute differences in actor degree (Degree Difference) as an indicator of
preferential attachment. This measure accounts for differences in the visibility of the
investigators in the network based on their collaborative relations.

We build on the notion of presence of multiple (indirect) paths between actors in the
network as an indicator of multi-connectivity (Glückler 2010). A path is a sequence of
connections always between different actors which is part of a sequence connecting
investigators i and j. We use the maximum number of Disjoint Paths between inves-
tigator i and investigator j to indicate multi-connectivity. Disjoint Paths refer to the
maximum number of paths within the network between i and j that do not include
common investigators other than the investigator where that path starts and the one
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where it ends (White and Harary 2001). In other words, Disjoint Paths account for
alternative routes through the network connecting investigators i and j.

We use the absolute difference in investigators’ publications in the five years prior to
the start year of focal trials that list them as investigators as a measure for homophily
(Publication Count Difference). More specifically, this measure takes into account
whether the publication output of two investigators is comparable or whether two
investigators show large differences with respect to their scientific output. Hence, it is
an indicator of both the investigators’ taste for science and their ability to publish in
scientific journals. In addition, we use a binary indicator for whether two investigators
are conducting research within the same scientific field i.e. medicine, biology, or
chemistry, based on the research areas of their publications. We use this indicator as
an additional measure of homophily (Same Field). In addition, we use a binary
indicator for whether two investigators are affiliated to organizations that are located
in the same country (Same Country), and an indicator for whether two investigators are
affiliated to the same type of organization (Same Affiliation Type). Following the
classification of clinical trial sponsors in ClinicalTrials.gov we distinguish whether
investigators work for companies, the National Institutes of Health, other US
government organizations, or universities and other non-profit organizations. Edges
accounts for the number of ties (i.e. non-zero values in the adjacency matrix) in the
network. Time controls for linear time trends with respect to tie formation.

5 Empirical results

5.1 Descriptive results: Network structure

We start our empirical analysis with a description of the structure of the network of
collaborative relations among lead scientists listed in all clinical trials over time. Fig. 1
shows that the share of team-led phase 2 cancer trials (i.e. phase 2 trials with at least
two investigators) has increased considerably over time.2 While only 8.67% of phase 2
trials starting in 2002 were led by an investigator team, the share of team-led trials
increased considerably over time to 67.2% for phase 2 trials starting in 2012.

The increase in team-led trials is accompanied by an increase in the average number
of investigators per trial (see Table 1). Phase 2 trials starting in 2002 include approx.
1.2 investigators on average while phase 2 trials starting in 2012 list 3.6 investigators
on average, slightly less than the maximum of approx. 3.7 investigators per trail
observed for trials starting in 2011. We observe that both the number of investigators
and their connectivity have increased over time. Investigators leading phase 2 trials
starting in 2002 are connected to approx. 0.82 other investigators. With collaboration
becoming the rule rather than the exception, the average number of connections to other
investigators increases. For phase 2 trials starting in 2011 the average number of
connections individual investigators maintain to their peers reaches a maximum of
approx. 6.22 and decreases slightly to 5.62 for phase 2 trials starting in 2012.

While these indicators suggest that clinical trial investigators are increasingly inter-
connected, it should be emphasized that the network remains rather fragmented. The

2 As some clinical trials do not report investigator names, the shares presented in Fig. 1 do not add up to 100.
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number of components in the network increases considerably over time from 342 in
2002 to 680 in 2007 and decreases in 2012 to 577. Given this seemingly high number
of components, the investigator network shows properties different from many other
real-world networks which are characterized by a single component in which a
considerable share of actors is directly or indirectly linked to one another. In the clinical
trial network, the largest component remains rather small. For trials starting in 2002 less
than 3% of the investigators form the largest component and this share decreases even
further in subsequent years. However, it is increasing from 2009 onwards and in 2012
approx. 5.4% of investigators are part of the largest component.

We illustrate the composition of largest component in Figs. 2, 3, and 4 in the
appendix. Similar to the trends indicated by the network measures, these

Fig. 1 Share of phase 2 trials led by single investigators and investigator teams

Table 1 Measures of network structure

Start Year
Trial

Number of
Investigators

Average Number
of Investigators
per Trial

Number of
Components

Share
Largest
Component

Density Mean
Degree

Average
Path
Length

2002 413 1.197 342 0.029 1.986*10−3 0.818 1.023

2003 538 1.267 414 0.019 2.146*10−3 1.152 1.010

2004 788 1.451 522 0.019 2.754*10−3 2.168 1.118

2005 921 1.506 585 0.018 2.681*10−3 2.467 1.135

2006 1029 1.511 648 0.017 2.135*10−3 2.194 1.103

2007 1352 1.878 680 0.022 2.634*10−3 3.559 1.309

2008 1440 2.113 638 0.015 2.603*10−3 3.746 1.139

2009 1845 2.659 629 0.024 2.715*10−3 5.006 1.363

2010 2309 3.330 594 0.037 2.473*10−3 5.708 2.365

2011 2667 3.704 590 0.034 2.332*10−3 6.217 1.974

2012 2520 3.597 577 0.054 2.231*10−3 5.620 2.726
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Figures suggest an increase in the number of investigators who are part of the largest
component as well as an increasing number of connections among the members of the
largest component. Despite the growth of the largest component, the network remains
fragmented into many different sub-clusters (Fig. 5 in the appendix).

The fragmentation of the network has consequences for other network measures.
More specifically, we find that the number of investigators and the number of new
collaborative relations among these investigators grew at almost the same pace. The
rather stable figures for density (number of realized relative to number of potential ties
in the network) are empirical evidence of this parallel increase. Average path length is
another indicator which suggests that the network remains rather fragmented over time.
Average path length shows rather moderate growth from 1.02 for trials starting in 2002
to 2.73 for trials starting in 2012. Short paths length particularly prior to 2010, provides
opportunities for rapid transmission of information through the network. However, in
clinical trial networks this opportunity for rapid transmission may come at the cost of
information being exchanged only within sub-groups or clusters, and not transmitted to
the majority of investigators.

We find that the share of knowledge translators among all investigators in phase 2
clinical trials is decreasing over time. More specifically, the results in Table 2 indicate
that the share of investigators engaged in both basic and clinical research decreased
from approx. 33.8% for phase 2 trials starting in 2002 to approx. 22.9% for phase 2
trials starting in 2012. In contrast, we find that clinical trials are conducted increasingly
by specialists in clinical research. The share of investigators involved predominantly in
clinical research increases from approx. 36% in for phase 2 trials starting in 2002 to
approx. 48.8% for trials starting in 2012. The share of investigators conducting mostly
basic research remains quite low over our period of observation and tends to decrease.
It should be noted that the absolute number of investigators increases across all three
knowledge areas but that the number of clinical investigators increases faster than the
number of investigators in the other two categories. In terms of connectivity to other
investigators, knowledge translators show similar average degree to investigators with
knowledge in only basic or clinical research.3 However, changes in average degree of
investigators classified as basic researchers fluctuate as a consequence of the rather
small number of trial investigators in this group.4 We use the Kruskal Wallis test to
explore the differences in the connectivity among the three types of investigators. With
an exception for the year 2012, we do not find robust statistical evidence for significant
differences among the three investigator types.

3 It should be noted that compared to clinical and basic research investigators, knowledge translators have a
higher median number of publications in the 5 years preceding the start of the trial they are involved in. We see
this higher number of publications as an outcome of the collaborative role played by knowledge translators.
The development of the unclassified investigators’ average degree is similar to the development of the other
groups. This finding indicates that unclassified investigators connectivity is - on average – comparable to the
connectivity of other groups.
4 Using the median degree instead of the mean shows a similar trend of increasing connectivity within the
network and across the different types of investigators.
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5.2 Network regression results

The results of our temporal exponential random graphs models exploring the establishment of
new connections to knowledge translators are presented in Table 3.We estimate the TERGMs
for a series of investigator networks for phase 2 cancer trials that started between 2005 and
2012. Data prior to 2005 is used to account for differences in the investigators’ publication
counts, and therefore, not included in the regression analysis. The TERGMs presented in
Table 3 include all investigators listed on the clinical trials in the corresponding years. The
number of observations in Table 3 refers to the number of dyads among the investigators in the
networks in the corresponding years. Hence, they are not directly comparable to the number of
observations inmost standard regressionmodels. The results indicate that different dimensions
of the mechanisms discussed above influence the formation of new ties to knowledge
translators. Degree Difference as an indicator of preferential attachment has a significantly
negative coefficient suggesting that new and less well-connected investigators have a rather
low probability to connect to knowledge translators who already have established a large
number of collaborative relations. Similarly, well-connected, specialized investigators have a
rather low probability of connecting to less-well connected knowledge translators. The
coefficients of Disjoint Paths as an indicator for multi-connectivity are significantly positive.
This finding indicates that investigators with multiple alternative routes to a knowledge
translator are more likely to establish a new tie to this knowledge translator.

Table 3 Results TERGM regression

(1) (2) (3) (4)

Dependent Variable: New Connections to Knowledge Translators

Degree Difference –0.1109 *** –0.1115 ***

(0.0036) (0.0040)

Disjoint Paths 0.9153 *** 0.9074 ***

(0.0036) (0.0036)

Publication Count Difference 0.0014 *** 0.0016 ***

(0.0000) (0.0001)

Same Field 1.4860 *** 1.4609 ***

(0.0977) (0.1268)

Same Country 2.0720 *** 1.7628 ***

(0.1278) (0.1646)

Same Affiliation Type –0.0114 0.1570

(0.1304) (0.1620)

Edges –7.5029 *** –7.9673 *** –7.6900 *** –7.8730 ***

(0.0298) (0.0344) (0.0296) (0.0346)

Time –0.0107 * –0.0436 *** –0.0245 *** –0.0371 ***

(0.0048) (0.0056) (0.0048) (0.0056)

N 27,993,298 27,993,298 27,993,298 27,993,298

Standard errors in parentheses

p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001.
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The difference in the number of scientific articles published by investigators (Pub-
lication Count Difference) as an indicator of homophily, increases the probability of a
new tie to a knowledge translator. This indicates that heterophily rather than homophily
with respect to publication output is driving tie formation to knowledge translators. In
addition, we find that homophily in terms of working in the same field (Same Field) as
well as being affiliated to organizations located in the same country (Same Country)
increases the probability of forming new ties to knowledge translators. In contrast, the
coefficient of Same Affiliation Type is not statistically significant.

The negative and significant coefficient of Edges indicates a low probability that ties
to knowledge translators occur at random. The negative coefficient of Time suggests
that the probability of building a tie to a knowledge translator decreases over time. In
terms of goodness-of-fit, the simulated networks fit reasonably well to the observed
networks. Appendix Fig. 5 depicts the goodness-of-fit assessment for model 4.

We analyze the robustness of our findings using alternative specifications of the depen-
dent variable. The results of these robustness checks are presented in Table 4 in the
Appendix. In model 1, the dependent variable equals one if a new collaborative tie has
been formed between investigators - irrespective of whether they are knowledge translators -
and zero otherwise. The results are similar to the results of our original analysis. However,
the coefficient for Same Affiliation Type is statistically significant in the robustness check
while it is not statistically significant in our original analysis. In model 2, we define
knowledge translators as investigators who have at least one publication in a basic research
journal and one publication in a clinical research journal. In model 3, we define knowledge
translators as investigators with a share of basic research publications between 33% and
66%. In model 4, our dependent variable equals one if a collaborative tie to a knowledge
translator has been newly formed in year t or repeated relative to year t-1, and zero otherwise.
The results of these robustness checks are similar to the results of our original analysis.
Model 5 in Table 4 builds upon our original analysis. In thismodel, we add a non-linear time
trend to the original analysis. The results are qualitatively similar to the original analysis.

6 Discussion

This paper built on an evolutionary economics perspective of the structure and dynam-
ics of social networks. In this view, social networks are self-organizing systems
requiring investigation of both individuals’ knowledge and the network structure.
Changes in the network arise from within the system and are based on the behavior
of individual actors who are likely to be influenced by current as well as past structures
and events. We applied this perspective to a network of investigators (i.e. lead scientists
in phase 2 cancer clinical trials) to enhance our knowledge of clinical trial investigators
and their collaborative relations. We explored the structure of the investigator network
and the network dynamics by studying the mechanisms driving the formation of
collaborative relations to specific individuals who are knowledge translators - i.e.
investigators with both basic and clinical research knowledge. We explored whether
the endogenous dynamics within the investigator networks are driven by preferential
attachment, multi-connectivity, or homophily. Analyzing what drives new connections
to these knowledge translators is particularly valuable and relevant since phase 2 trials
require knowledge in basic and clinical research.
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Our descriptive analysis of phase 2 cancer trials starting between 2002 and 2012
indicates that conducting these trials is increasingly a team activity. Investigators build
up a network of collaborative relations to their peers and increase the average number
of connections to other investigators over time. However, we found that the network
remains rather fragmented. While the number of active investigators grows consider-
ably over time, many investigators are not connected to the largest component of the
network but only to smaller sub-components. Although the fragmentation of the
network provides many opportunities for tie formation, collaboration, and knowledge
exchange, it may have negative consequences in the short-run. More specifically, the
fragmentation of the network reduces opportunities for knowledge exchange among
investigators belonging to different network sub-clusters. Consequently, we suggest
that the process of developing new pharmaceuticals, devices, and procedures may be
influenced negatively since fragmentation of the network makes it difficult to distribute
(tacit) knowledge about trial management or the success or failure of particular trials
among investigators. In extreme cases, lack of opportunities for knowledge exchange
can lead to repeated use of less successful practices of trial management in different
investigator clusters, or costly repetition of clinical research.

We argue that knowledge translators may be well-equipped to bring together
different knowledge paradigms and may facilitate knowledge transfer. Despite the
increasing absolute number of knowledge translators, we found that phase 2 clinical
trials in the disease area of cancer are more often being led by investigators specialized
in clinical research. This casts some doubts about the effectiveness of the efforts to
incentivize translational research through dedicated research grants and other means,
suggesting that the trend towards specialization may be driving choices against more
interdisciplinary profiles of individual researchers. Although interdisciplinary research
could increase researchers’ visibility it is generally perceived as riskier, and has been
shown to be associated to fewer publications and fewer successful grant applications
(Bromham et al. 2016; Leahey et al. 2017). Since both factors are related to career
advancement in academia, individual researchers may choose to follow a specialized
research agenda focused on either clinical or basic research since they perceive this to
be a less risky career path. While this choice is reasonable from an individual
perspective, we suggest it may have consequences for knowledge generation and the
advancement of innovation activities in the bio-medical and bio-pharmaceutical area.
Earlier studies indicate that breadth of knowledge across the basic and the clinical
research paradigm makes knowledge translators important for trial success (Haeussler
and Assmus 2021). The increasing dominance of investigators specialized in clinical
research raises questions about whether and to what extent the potential benefits of an
interdisciplinary and integrated development process which follows the idea of trans-
lational medicine could be realized to successfully address global health challenges.

We took account of the particularities of network data by using temporal exponential
random graph models to explore which mechanism - preferential attachment, multi-
connectivity, or homophily - drives the endogenous formation of new collaborative
links to knowledge translators in the network. Our results suggest that investigators are
likely to form ties to knowledge translators with a similar level of connectivity. Large
differences in the number of collaborative relations decrease the probability of tie
formation. This contrasts with previous findings which suggest that ties among scien-
tists are driven by preferential attachment (Barabási et al. 2002; Jeong et al. 2003;
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Wagner and Leydesdorff 2005). We would suggest that investigators are aware of the
difficulties involved in maintaining multiple meaningful collaborative links to other
investigators. Hence, they may consider it more beneficial to form ties with similar
alters as opposed to alters with already high numbers of collaborative links. A large
number of already existing ties is likely to reduce the attention paid to new collabora-
tors and in turn, reduce the potential for knowledge exchange. Collaborators with a
moderate number of ties who choose to link to knowledge translators with a similar
number of connections may be beneficial for both partners, as they result in more
intense relationships which lead to successful realization of research ideas (Perry-Smith
and Mannucci 2015). In a clinical trial context where an essential part of the process
focuses on the application of previously defined research ideas according to pre-
specified protocols, and the collection and analysis of data, deeper relationships are
particularly beneficial. We found also that the formation of new collaborative ties to
knowledge translators is influenced by multi-connectivity. Having multiple indepen-
dent, indirect connections to a knowledge translator increases the probability of
forming a new direct tie to this knowledge translator. Establishing multiple paths
through the network ensures access to the knowledge and information flowing through
the network even if some direct collaborators abandoned the network. In this case, the
importance of links to knowledge translators increases; their broad knowledge base
facilitates the flow through the network of basic and clinical knowledge which is
required for phase 2 clinical trials.

In the case of scientific publication, we found that the formation of new ties to
knowledge translators is driven by heterophily rather than homophily. Our findings indicate
that investigators prefer to connect to other investigators with established publication
records. We suggest that investigators’ publication records may serve as a signal of their
scientific and project management abilities and potential to learn from collaboration. In line
with the literature, we propose that individuals connect to alters with different but comple-
mentary attributes, knowledge, skills, and capabilities (Wagner and Leydesdorff 2005; Xie
et al. 2016). This preference for collaboration with dissimilar alters may be driven also by
the presence of complementary interests and resources available to researchers of different
status. This would suggest that individuals choose to form collaborative ties to other
academics either junior or senior to themselves with corresponding lower or higher
publication levels (Jha and Welch 2010). Collaborations based on heterophilous prefer-
ences in terms of scientific productivity are likely to be beneficial for both more senior and
more junior investigators. Junior investigators tend to lack the resources available to more
senior colleagues but are more likely to have more time available to work on (additional)
research projects. Since senior researchers are likely to have stronger publications records
compared to junior investigators, this argument provides support for the idea that collab-
orative relations among trial investigators may be driven by differences in terms of
publication records. In addition, the nature of clinical research and lack of formalized
training in conducting clinical trials require that junior researchers need to learn from more
senior colleagues about their management. Senior investigators with publication track
records should act as mentors to junior investigators inexperienced in the required research
and administrative tasks (Bozeman and Corley 2004).

The probability of forming a new tie increases if two investigators publish in the
same field or are affiliated to the same national organizations, which points to a
preference for homophilous collaborative relations. We interpret this as suggesting that
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investigators favor collaborations with knowledge translators with whom they share
common language and knowledge about key scientific theories, findings, and methods.
Our findings imply that both homophily and heterophily might be at work simulta-
neously as drivers of tie formation. This is likely to be a consequence of the multi-
faceted attributes of individuals: when searching for partners actors may seek comple-
mentarities in some attributes (leading to heterophily-based tie formation) and similar-
ity in other attributes (homophily-based).

Our study contributes to work on knowledge generation by adding to our under-
standing of collaborative relations among investigators in clinical research and the
mechanisms driving the formation of collaborative ties. More investigation is needed
into the role of investigators, their mutual collaborative relations, and the mechanisms
that drive the formation of these relations in biomedical research. Although some
studies have addressed the importance of trial investigators for successful drug devel-
opment (Haeussler and Assmus 2021; Flowers and Melmon 1997) and the diffusion of
new treatments (Agha and Molitor 2018), or the effects of balancing basic research and
clinical activities to medical innovation (Llopis and D’Este 2016), few empirical works
examine collaborative networks that include biomedical investigators with both basic
and clinical research skills and knowledge (Rake et al. 2017). This absence of empirical
evidence provides opportunities for future research into the role of trial investigators
and the collaborative structures in which they are embedded.

Future work could extend our analyses by usingmore detailed measures of investigators’
research activities including their cognitive distance to their peers, their involvement in
commercialization activities, and differences between star and non-star researchers. Our
analysis could also be extended by studying whether collaborative relations differ among
different types of investigators and which specific roles they play for making clinical
research successful. In addition, future research may study which individual-level and
network-level characteristics may be driving differences in collaboration behaviors. Since
TERGM estimations require considerable computational power, and particularly if the
network includes a large number of actors, future research could extend our analysis by
considering other mechanisms which might be related to tie formation in such networks. In
addition, future research using TERGMs could focus on repeated interactions among
specific types of actors. Another interesting direction for future research would be to
examine whether and how the involvement in clinical trials of contract research organiza-
tions (CROs) influences the type of investigator selected, and the collaborative relations
among trial investigators. Future work could consider the relationship between involvement
of CROs and selection of knowledge translators as trial investigators. Finally, it should be
noted that clinical trials are a specific context of collaborative relations among individual
researchers; therefore, our results may not be applicable to other contexts. This calls for
comparable research in different research contexts and organizational settings.
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Appendix

blue: clinical research investigators; orange: knowledge translators; red: basic research investigators; 

grey: investigators that could not be classified

Fig. 2 Visualization of the investigator network’s largest component in 2002
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blue: clinical research investigators; orange: knowledge translators; red: basic research investigators; 

grey: investigators that could not be classified

Fig. 3 Visualization of the investigator network’s largest component in 2007
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blue: clinical research investigators; orange: knowledge translators; red: basic research investigators; 

grey: investigators that could not be classified

Fig. 4 Visualization of the investigator network’s largest component in 2012
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Fig. 5 Goodness-of-fit assessment of model 4 in Table 3
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