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thèse. Merci à Stefano Bianchini, Pierre Pelletier, Moritz Müller, Roman Jurowetski
et Daniel Hain. Je remercie le Bureau d’Économie Théorique et Appliquée (BETA)
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General Introduction

“A knowledge economy is one in which knowledge assets are deliberately accorded

more importance than capital and labor assets, and where the quantity and sophisti-

cation of the knowledge pervading economic and societal activities reaches very high

levels” [World Bank, 2007].

The concept of a Knowledge-Based Economy (KBE) has evolved and been de-

bated among economists and policymakers, with different definitions and interpre-

tations of what constitutes a knowledge economy and how to measure its progress

and performance [Powell and Snellman, 2004]. The fundamental principles of a

KBE are the generation, dissemination, and use of knowledge [Milewska, 2018]. At

the core of a Knowledge-Based Economy lies the process of creativity, which can

be broken down into two essential components: originality and impact [Runco and

Jaeger, 2012]. Originality can be defined as the quality of being inventive and novel,

characterized by the introduction of innovative elements that distinguish an idea or

concept from existing paradigms. It involves creating new knowledge, ideas, and

insights that advance our understanding of the world. This process includes discov-

ering new information, synthesizing existing knowledge, and developing innovative

ways of approaching problems and phenomena. On the other hand, impact measures

the significance and influence of the knowledge created. The impact of an idea is

determined by its ability to bring about change, whether in scientific understanding,

technological advancement, societal improvement, or other areas.

One theory of knowledge creation in an organizational setting was developed by

Nonaka et al. [2006]. The generation of new knowledge occurs through interactions

between explicit and tacit knowledge via a process known as the “socialization, ex-

ternalization, combination, and internalization” (SECI) spiral, which means that to

understand how knowledge is created and diffused we need to look at the actors, the

interaction between them, and also the environment in which they co-evolve.
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GENERAL INTRODUCTION

Science plays a central role in the KBE and drives technological advancements as

well as contributes significantly to both economic development and growth [Nelson

and Romer, 1996, Caliari and Chiarini, 2021]. Furthermore, science helps us under-

stand the natural world, improve our quality of life, and address societal issues, but

it can also help policymakers understand potential risks and hazards, such as natu-

ral disasters, pandemics, and emerging technologies [Mazzucato, 2018]. This enables

them to create strategies and regulations to minimize risks or promote initiatives

that benefit society.

To understand creativity in the science system, it becomes essential to examine

the interplay among the various individuals and entities engaged in research activi-

ties across multiple levels of analysis. In recent decades, there have been significant

changes in the way research is conducted and how the scientific network is structured.

These changes have been characterized first and foremost by increased mobility and

collaborations among researchers and a decrease in solo authorship [Geuna, 2015].

Collaboration and mobility are often intertwined. Researcher mobility refers to the

movement of researchers between different research environments, either within the

same country (domestic mobility) or across international borders (international mo-

bility). This mobility can occur at various stages of a researcher’s career and is

influenced by multiple factors. Researchers can move across locations, sectors, and

career stages [Fernandez-Zubieta et al., 2015]. Mobility plays a positive role in work-

ing with new co-authors while keeping existing ties intact [Liu and Hu, 2022]. While

considerable attention has been dedicated to the globalization of science, studies have

concentrated their efforts on the link between collaboration, mobility, and impact and

very little on originality. Yet originality plays a pivotal role in addressing emerging

challenges and thinking of innovative solutions [Witt, 2016, Fortunato et al., 2018].

Understanding the structure and dynamics of the scientific system, how resources

are orchestrated, and its consequences on creativity is crucial for both fostering ef-

ficient growth of the pool of knowledge and the transfer of it, allowing us to bet-

ter support scholars when facing challenges of our time, including climate change,

poverty, and, as seen recently, global pandemics.

This thesis contributes to this endeavor and is organized into four chapters.

Chapter 1 focuses on the structure and resilience of the scientific collaboration

network, the usage of existing resources, and the adaptability of countries follow-

13



GENERAL INTRODUCTION

ing an exogenous shock, namely the Covid-19 pandemic. Chapter 2 presents a

methodological paper that introduces Novelpy, an open-source tool developed in

Python. The primary objective of this package is to facilitate the computation of

novelty and disruptiveness indicators, thereby enhancing transparency in evaluating

research through the study, comparison, creation, and application of these indicators.

Chapter 3 breaks down the creativity aspect of scientific publications and analyses

how collaboration of researchers affects novelty and impact, the pillars of creativity.

Finally, Chapter 4 investigates the intersectoral mobility of researchers in a specific

domain, namely Artificial Intelligence (AI), and the potential consequences on their

research outcomes. More specifically, we addressed the following overarching ques-

tions:

• How does a country leverage its existing resources, knowledge, and past part-

nerships to address urgent challenges stemming from an exogenous shock?

• How do team composition and the researchers’ abilities to explore the knowl-

edge space influence the originality and impact of their research ?

• What transformations occur in individuals’ research following a transition be-

tween public and private sectors?

Collaboration dynamics

The rise of international collaborations has been documented in multiple studies,

indicating an increasing trend in the number of authors per paper and cross-country

collaboration [Adams, 2012]. This result is corroborated in Wagner et al. [2017]

observing a growth of 120% of scientific international collaborations between 1990

and 2013. This is partly explained by the increase of countries participating in

research (i.e., more actors, more possibility of collaboration). This increase is ac-

companied by a decrease in the proportion of papers solo-authored, which appears

to have a lesser impact on younger researchers [Kuld and O’Hagan, 2018]. One

possible interpretation for this collaboration surge is the knowledge space’s evolu-

tion. While the accessibility to scientific knowledge is growing, team size is growing,

and agents increasingly specialize their competencies to navigate this ever-increasing

knowledge landscape as it is too vast and complex for any individual agent to master

it [Boudreau et al., 2016]. Using OpenAlex, a fully open-source library designed to

14



GENERAL INTRODUCTION

represent the global research system, containing over 240 million research documents

[Priem et al., 2022], Figure 2 shows that these two trends continue to be observed

recently.

Figure 1: Evolution of research collaboration in OpenAlex
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Notes: Evolution of the share of papers solo-authored (blue) and the share of papers with at least

two authors with distinct countries (orange) in OpenAlex. Source: own elaboration

In this context, it is crucial to understand how the scientific collaboration struc-

ture emerges and how it evolves. Multiple dimensions increase the likelihood of a

collaboration between two authors. Boschma [2005] for instance, distinguishes five

proximity dimensions that influence the possibility of co-authorship: cognitive, ge-

ographical, institutional, organizational, and social proximity. Cognitive proximity

refers to the similarity or compatibility of researchers’ knowledge, expertise, and

research interests. When researchers have similar cognitive backgrounds or work

in related fields, it becomes easier to communicate and collaborate effectively. Ge-

ographical proximity relates to the physical distance between researchers. When

researchers are located in close proximity, such as working in the same institution or

region, it facilitates face-to-face interactions, frequent meetings, and easier coordina-

tion for collaborative projects. Institutional proximity could be better understood

as the national context in which scientist evolves (i.e., the “societal macro level”).

Each country has its agenda, law, and budget, which then influences grants and the

creation of collaboration. Organizational proximity focuses on the affiliation context

of researchers. Collaboration becomes more likely when researchers belong to the

same or closely aligned organization, as they share resources, facilities, and research

networks. Finally, social proximity relates to the social relationships and networks

among researchers. Collaboration is facilitated when researchers have established so-
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GENERAL INTRODUCTION

cial connections, such as shared professional networks, common collaborators, friend-

ships, or mentor-mentee relationships, as trust and familiarity are already present.

Network theory is frequently employed to comprehend the dynamics and structure

of scientific collaborations. Researchers have used this approach to identify several

noteworthy characteristics that define the system. One such characteristic is the

emergence of a community structure within the network, often attributed to the

triadic closure phenomenon.1 This phenomenon, characterized by the tendency for

individuals to form connections with others who share mutual connections, suggests

that if person A collaborates with person B and person B collaborates with person

C, there is a higher likelihood that person A will also collaborate with person C.

Additionally, this community structure can manifest as a core-periphery structure, as

demonstrated in previous research [Wedell et al., 2022]. The preferential attachment

mechanism further reinforces the consolidation of this core-periphery structure. This

mechanism posits that newcomers to the network are more inclined to connect with

the most reputable individuals initially. As a result, the scientific system ends up as

a robust and resilient structure [Wagner et al., 2017].

Scientific collaboration between countries, including developing ones, is influenced

by various factors, and analyzing it from a macro-level perspective encompasses all

the aspects mentioned above. According to Dosso et al. [2023], region-specific fac-

tors significantly shape scientific collaboration. The study found that shared ethnic

language, membership in the African and Malagasy Council for Higher Education

(CAMES), and the presence of a common European partner as a third partner in

co-publication were essential factors in scientific collaboration. In addition, other

determinants of scientific collaboration between countries include geographical dis-

tance, colonial heritage, and common language. However, these factors are shown

to be decreasing in importance. This suggests that as scientific research becomes

more globalized, other factors such as shared research interests and complementary

expertise become more important. Another important factor in scientific collabora-

tion between countries is the presence of international networks and organizations

facilitating collaboration. For example, scientists from eight full member countries

are working together within the SESAME community, as described by UNESCO.2

1Recent studies have challenged this explanation [Kim and Diesner, 2017]
2https://www.unesco.org/en/scientific%2Dresearch%2Dcooperation%2Dwhy%

2Dcollaborate%2Dscience%2Dbenefits%2Dand%2Dexamples
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This organization provides a platform for scientists to collaborate and share exper-

tise, despite political tensions between some of the member countries. In addition to

regional organizations, global organizations such as the International Science Council

and the World Academy of Sciences promote scientific collaboration. These organi-

zations provide funding and support for international research projects and facilitate

collaboration between scientists from different countries. National policies and fund-

ing priorities can also influence international collaboration [Ben-David, 1971, Pavitt,

1991, Stephan, 2010]

The literature is still scarce on the dynamics of collaborations after exogenous

shocks. The COVID-19 pandemic has raised questions about the adaptability of the

scientific system in response to urgent global shocks. The goal of Chapter 1 is to

gain insights on this phenomenon and answer two problematics. How did the struc-

ture of the coronavirus research evolve after Covid-19 and how does the structure

of global health sciences relate to the scientific response to the pandemic? We find

a close coupling of national and international positioning in Coronavirus Related

Research (CRR). CRR capacity accumulated before the pandemic has been influ-

ential for national CRR output at the beginning of the pandemic. Broader health

science capacity became the dominant factor after. In the context of international

collaboration, the primary driver of CRR collaboration is the presence of established

collaborations unrelated to CRR before the pandemic. Global CRR during the pan-

demic rapidly converges towards the global order of broader health science capacity,

but the mirroring is imperfect. Following the shock, existing grants intended for

global research were redirected towards CRR. The emergence of dedicated CRR

projects has led to a diminishing emphasis over time on the significance of existing

funding in response capabilities. In the initial stages, nations reliant on international

funding for their research experienced minimal disruptions in their CRR. However,

the subsequent years following the pandemic saw a detrimental effect of dependence

on their output.

These findings illustrate that when faced with a global shock, the scientific com-

munity tends to reorganize itself by imitating, though not flawlessly, the pre-existing

structure and by leveraging existing resources and capabilities. However, it’s essen-

tial to note that in this chapter, we did not assess the quality of the research papers.

Is the replicated network effective? How can we evaluate the quality of the scientific

system? If the CRR converges toward an established structure, it becomes imper-
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ative to assess the efficiency of that structure. How can we establish an “efficient”

network configuration under such circumstances? Chapters 2 and 3 aim to shed

light on these critical questions.

Collaboration and creativity

The origins of what we now refer to as the “Science of Science” and the methods

for measuring scientific progress can be traced back to the early 1900s, Paul Otlet

initially introduced the concept of bibliometrics in 1934 [Otlet, 1990]. Later on, in

1969, Pritchard reintroduced bibliometrics in a paper titled “Statistical Bibliography

or Bibliometrics?” [Pritchard et al., 1969]. The main objective of bibliometrics was

to address the challenge of information overload and assist librarians in efficiently

selecting relevant materials for their collections [Sugimoto and Larivière, 2018]. In

1955, chemist and documentalist Garfield proposed the idea of a citation index, which

led to the establishment of the Institute for Scientific Information in 1960. This in-

stitute went on to develop the Science Citation Index (SCI), launched in 1963, which

simplified the process of locating and referencing specific publications. Additionally,

the SCI introduced citation metrics, such as counting the number of times an article

is cited by others, enabling the evaluation of the impact and significance of scientific

research. This initiative laid the foundation for the Web of Science. This compre-

hensive platform encompasses scientific metadata and is extensively utilized in the

field of Science of Science research.

Since then, there has been an exponential growth in the volume of scientific

documents and the emergence of various channels (e.g., preprints, reports, working

papers) and databases containing metadata associated with papers (e.g., Knowledge

Graphs, Scite, Crossref). Citation metrics became more prominent, offering a diver-

sity of evaluation tools [Waltman, 2016]. Moreover, new metrics have been devised

to capture different aspects of research. For instance, novelty indicators have been

developed to assess the originality of a document. In contrast, disruptiveness indica-

tors aim to measure the extent to which a research contribution transforms existing

paradigms and has the potential to significantly impact current practices. Alterna-

tive metrics, known as Altmetrics, have also been created exploiting web-based data

such as Twitter likes and shares, with the purpose of measuring the visibility of a

document. These advancements highlight the importance of not only managing the

vast pool of available knowledge but also comprehending the tools necessary for its
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effective management.

Novelty and disruptiveness indicators are relatively new, and there is a lack of

studies that compare these indicators. At the same time, the absence of available

codes makes it challenging for those unfamiliar with the subject to utilize them and

replicate research findings. The objective of the Chapter 2 is to standardize the

mathematical notation of some existing indicators using graph theory and introduce a

Python package called Novelpy. This package aims to simplify the application of these

emerging indicators and enhance their accessibility for researchers and practitioners.

Novelty, often referred to as originality and atypicality, is crucial in science. First,

originality in science helps to promote a diverse range of ideas and perspectives. This

diversity is essential for scientific progress, as it allows researchers to explore new

avenues and challenge established paradigms. If originality is lacking, the field may

stagnate, and the body of knowledge will not grow [Flexner, 2017, Arnott et al.,

2020]. Second, a highly novel paper is more likely to be a breakthrough paper than

a more conventional [Wang et al., 2017, Shibayama et al., 2021]. Research with

high levels of novelty tends to receive a greater number of citations on average,

although it is accompanied by heightened uncertainty as well [Wang et al., 2017].

In parallel, the incentive for originality is low. For instance, a recent study shows

that if a combination of topics in a grant proposal is too far from the grant Principal

Investigator’s (PI) knowledge domain, then it is less likely to win the grant [Franzoni

et al., 2022]. This implies that to participate in the funding process, one must

adhere to the existing norms or conventions within their field. Indeed, scholars who

experience rejection for a grant subsequently propose less innovative research in the

future [Franzoni et al., 2022].

The factors contributing to the success of some highly novel papers in terms of

impact (i.e., creative papers) remain relatively unexplored. Understanding how one

can create an environment that fosters creativity and successful science is of crucial

interest to tackle societal issues [Fortunato et al., 2018].

The third Chapter of this thesis is dedicated to exploring the creativity of the

Health Science System. We explore the relationship between cognitive diversity in

scientific teams and their capacity to both foster innovative ideas and attain scientific

recognition. We propose an author-level metric based on the semantic representa-

tion of researchers’ past publications to measure cognitive diversity at individual

and team levels. We can think of our indicator as a measure of potential novelty :

we connect the likelihood of novel combinations of knowledge with the diversity of
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academic backgrounds within the team and individuals’ ability to serve as effective

intermediaries, bridging the gap between their fellow team members. However, when

we assess the novelty, there is a lack of clear output produced by this team, emphasiz-

ing the potential aspect of novelty. In comparison, existing novelty indicators can be

considered as realized novelty, i.e., they measure the final output of the research con-

ducted by this team. Finally, Faculty Opinion labeling and other external validation

methods can describe the perceived novelty, i.e., the peers’ perception of this study.

Seen from this perspective, we investigate whether potential novelty contributes to

realized and perceived novelty and its scientific recognition, measured with metrics

of disruptiveness [Wu et al., 2019, Bornmann et al., 2019a, Bu et al., 2019]. Us-

ing 1.8M articles from the period 2000-20053 in PubMed Knowledge Graph (PKG),

we analyze the impact of cognitive diversity on novelty, as measured by combina-

torial novelty indicators but also peer labeling using Faculty Opinion. The findings

reveal an inverse U-shaped relationship between cognitive diversity and average ex-

ploratory profiles within teams with combinatorial novelty and citation impact. It

is demonstrated that the presence of highly exploratory individuals is beneficial for

generating distant knowledge combinations, but only when balanced by a significant

proportion of highly exploitative individuals. Moreover, teams with a high share of

exploitative profiles consolidate science, while those with a high share of exploratory

profiles disrupt it, particularly when associated with exploitative researchers. These

results emphasize the significance of team composition in scientific creativity, indicat-

ing that a combination of exploratory and exploitative individuals leads to the most

disruptive and distant knowledge combinations. Our findings also emphasize the

critical role of the cognitive dimensions in creativity, as they significantly influence

originality and success. We show that cognitive diversity always seems beneficial to

combine more distant knowledge. In contrast, the within-team average exploratory

profile follows an inverse U-shaped relation with combinatorial novelty (i.e., there is

a turning point where it is no longer beneficial). The same relation can be found

when examining the impact in terms of citations.

Mobility and Creativity

In previous chapters, the focus was on the collaborative aspect of the scientific

3Restricting our sample to early 2000 allows us to avoid the potential bias of long-term cita-
tion caused by “sleeping beauties” [Lin et al., 2021]
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system with no distinction on the affiliation of the actors. However, as mentioned

earlier, the past few decades have witnessed a rise in mobility [Geuna, 2015], partic-

ularly in terms of intersectoral mobility between academic and non-academic organi-

zations. The increasing participation of industry in fundamental research as well as

the growing intersectoral mobility of researchers, raises the question of the dynamics

of creativity for a scientist that underwent a transition.

Universities play a critical role in knowledge creation, and their missions reflect

this importance. The first two missions of universities are teaching and research.

Universities are responsible for educating the next generation of scholars, profession-

als, and leaders. This involves providing high-quality instruction in a wide range of

fields. On the other hand, universities are also responsible for conducting cutting-

edge research that advances our understanding of the world and addresses some of

the most pressing issues facing society [Secundo et al., 2017]. This involves pursuing

new ideas and discoveries, testing hypotheses, and developing new technologies and

innovations. In recent decades, changes in the national and international context

have transformed how universities and economic actors, such as companies, collab-

orate and the roles they play in society. The purpose of this transformation is to

establish a connection between universities and society, which is commonly referred

to as universities’ “third mission” (TM) [Zomer and Benneworth, 2011, Secundo

et al., 2017, Compagnucci and Spigarelli, 2020]. The TM is generally concerned with

knowledge transfer or exchange, which involves diffusing the knowledge generated by

universities to society and contributing to the surrounding community’s economic,

social, and cultural development. One of the channels of this TM is the link between

academia and industry which can be decomposed into different collaboration types

[D’Este and Patel, 2007, Ankrah and Omar, 2015].

Since then, numerous studies have focused on exploring university-industry col-

laboration (UIC) outcomes. Academic researchers engaged in partnerships with in-

dustry professionals tend to exhibit a higher publication output and a reduced patent

output compared to their counterparts without such industry affiliations. This trend

is ascribed to the availability of corporate resources, contingent upon the specific

research domain being pursued [Bikard et al., 2019, Garcia et al., 2020]. Di Maria

et al. [2019] found a positive effect on firms’ performance following a UIC in the en-

vironmental sustainability field but with no effect on the productivity of researchers.

While prior research largely emphasizes the benefits of UIC, concerns about po-

tential disadvantages for universities have also emerged. Behrens and Gray [2001]
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expressed worries about academic research independence when collaborating with

industry. Commercial interests hinder knowledge advancement due to the presence

of intellectual property rights on academic research outcomes [Foray and Lissoni,

2010, Larsen, 2011].

While the consequences of university-industry collaboration continue to be ex-

plored, there remains limited understanding of the transition of researchers between

universities and companies and how it connects with their creativity.

Fernandez-Zubieta et al. [2015] stress that this mobility should be viewed as a long-

term process rather than focused solely on short-term outcomes, also discussing the

varied incentives and evaluation systems that might impact transitioning researchers’

work. Notably, there is a positive correlation between researcher recruitment and

the number of patents developed by companies [Herstad et al., 2015]. D’este et al.

[2019] results reveal that the relation between Interdisciplinary Research (IDR) and

University-Industry (U-I) interaction is influenced by the type of interaction mode.

Scientists with an IDR focus show a stronger link to transactional and low goal

specificity modes, such as academic entrepreneurship and technology transfer, high-

lighting their ability to recognize and capitalize on commercial opportunities in their

research. Buenstorf and Heinisch [2020] found that PhDs whose dissertation topics

diverge from the firm’s existing knowledge contribute to more exploratory patents.

Those who file such patents early in their careers tend to draw more on their disser-

tation work.

One of the research field where the industry became prominent in research in

recent years is Artificial Intelligence (AI). The recent events with ChatGPT are a

testimony to the importance that the industry has on new models that have an im-

pact on society at large. In the last decade, we have seen the dominance of the Deep

Learning paradigm supported by private companies. Currently, we face a narrowing

of AI research, raising the question of whether the dominance of this paradigm is

not sub-optimal and requires the implication of policymakers [Klinger et al., 2020].

The pervasiveness of AI technology and its potential as a General Purpose Technol-

ogy [Bianchini et al., 2022] raises concerns about an inferior paradigm promoted by

companies where the private sector absorbs public resources. Such a scenario could

pose risks to society.

Chapter 4 is focused on establishing a deeper understanding of the connection

between intersectoral mobility among AI researchers and creativity. The study aims
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to contribute to discussions on science policy related to AI development, emphasizing

the importance of maintaining a public research space for AI that prioritizes long-

term research over short-term commercial interests.

Using OpenAlex, we create an affiliation history of researchers in order to ana-

lyze their transition. We identify 1.7M AI papers written by 2.3M researchers. The

involvement of the private sector, particularly large tech companies like Google, Mi-

crosoft, and Facebook, in AI research, has led to a significant migration of researchers

from academia to industry. This trend raises concerns about a potential brain drain

from the public sector. Using a survival analysis, we found that researchers specializ-

ing in deep learning techniques, which have driven recent AI advancements, are more

likely to transition to industry. Researchers with highly cited research and prestigious

affiliations are more likely to move to industry. Those with strong connections to

companies through co-publication networks are also more prone to transition. Using

a difference-in-difference analysis, we found that scholars transitioning to industry

experience a decline in academic creativity and novelty, potentially due to the focus

on exploiting existing technology. The chapter reveals a significant migration of AI

researchers from academia to industry, particularly deep learning specialists and ex-

ploitative profiles. Industry involvement raises concerns about the impact on public

interest in AI research and academic creativity. The study underscores the need for

careful science policy discussions to balance the growth of AI technology with the

preservation of a vibrant, explorative public research space.

23



Introduction générale

“Une économie de la connaissance est une économie dans laquelle le capital et la

main-d’œuvre revêtent une importance accrue, et où la quantité et la complexité des

connaissances qui imprègnent les activités économiques et sociétales atteignent des

niveaux très élevés.” [World Bank, 2007].

Le concept de l’économie de la connaissance a évolué et fait l’objet de débats

parmi les économistes et les décideurs politiques, avec différentes définitions et in-

terprétations de ce qui constitue une économie de la connaissance et comment mesurer

sa progression et ses performances [Powell and Snellman, 2004]. Les principes fon-

damentaux d’une économie de la connaissance sont la production, la diffusion et

l’utilisation de la connaissance [Milewska, 2018]. Au cœur d’une économie du savoir

se trouve le processus de créativité, qui peut être décomposé en deux composantes

essentielles : l’originalité et l’impact [Runco and Jaeger, 2012]. L’originalité peut

être définie comme la capacité d’être inventif et novateur, ce qui est caractérisée

par l’introduction d’éléments innovants qui distinguent une idée ou un concept des

paradigmes existants. Elle implique la création de nouvelles connaissances, idées

et perspectives qui font progresser notre compréhension du monde. Ce processus

comprend la découverte de nouvelles informations, la synthèse des connaissances ex-

istantes et le développement de moyens innovants d’aborder les problèmes et les

phénomènes. De son côté, l’impact mesure l’influence de la connaissance créée.

L’impact d’une idée est déterminé par sa capacité à provoquer des changements, que

ce soit dans la compréhension scientifique, l’avancement technologique, l’amélioration

de la société ou d’autres domaines.

Une théorie de la création de connaissances dans un contexte organisationnel a

été développée par Nonaka et al. [2006]. Selon cette théorie, la production de nou-

velles connaissances se produit par des interactions entre la connaissance explicite et

la connaissance tacite, via un processus connu sous le nom de ≪ spirale de sociali-
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sation, d’extériorisation, de combinaison et d’intériorisation ≫ (SECI). Cela signifie

que pour comprendre comment la connaissance est créée et diffusée, il faut examiner

les acteurs, les interactions entre ces-derniers, ainsi que l’environnement dans lequel

ils co-évoluent.

La science joue un rôle central dans l’économie basée sur la connaissance (KBE)

et stimule les avancées technologiques, tout en contribuant de manière significative

au développement économique et à la croissance [Nelson and Romer, 1996, Caliari

and Chiarini, 2021]. De plus, la science nous aide à comprendre le monde naturel,

à améliorer notre qualité de vie et à résoudre des problèmes sociétaux. Elle permet

également aux décideurs politiques de comprendre les risques potentiels et les dan-

gers, tels que les catastrophes naturelles, les pandémies et les technologies émergentes

[Mazzucato, 2018]. Cela leur permet de créer des stratégies et des réglementations

pour minimiser les risques ou promouvoir des initiatives bénéfiques pour la société.

Afin de comprendre la créativité dans le système scientifique, il devient essentiel

d’examiner l’interaction entre les individus et entités engagés dans des activités de

recherche à différents niveaux d’analyse. Au cours des dernières décennies, il y a eu

des changements significatifs dans la manière dont la recherche est menée et la struc-

ture du réseau scientifique. Ces changements ont été caractérisés principalement par

une mobilité et des collaborations entre chercheurs accrues, ainsi qu’une diminution

de la recherche individuelle [Geuna, 2015]. La collaboration et la mobilité sont sou-

vent étroitement liées. La mobilité des chercheurs fait référence au déplacement des

chercheurs entre différents environnements de recherche, soit à l’intérieur du même

pays (mobilité nationale), soit à travers les frontières internationales (mobilité in-

ternationale). Cette mobilité peut survenir à différentes étapes de la carrière d’un

chercheur et est influencée par divers facteurs. Les chercheurs peuvent se déplacer

entre des lieux, des secteurs et à des étapes de carrière différents [Fernandez-Zubieta

et al., 2015]. La mobilité semble jouer un rôle positif dans la collaboration avec

de nouveaux coauteurs tout en maintenant des liens déjà existants intacts [Liu and

Hu, 2022]. Alors que beaucoup d’attention a été consacrée à la mondialisation de la

science, les études se sont concentrées sur le lien entre la collaboration, la mobilité

et l’impact, et très peu sur l’originalité. Pourtant, l’originalité joue un rôle central

dans la résolution des défis émergents et la recherche de solutions innovantes [Witt,

2016, Fortunato et al., 2018].

Comprendre la structure et la dynamique du système scientifique, la manière
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dont les ressources sont orchestrées, et ses conséquences sur la créativité, est crucial

à la fois pour favoriser une croissance efficace de l’accumulation de connaissances et

pour faciliter le transfert de ces connaissances. Cela nous permet de mieux soutenir

les chercheurs confrontés aux défis de notre époque, comme ceux du changement

climatique, la pauvreté, et, comme nous l’avons récemment constaté, les pandémies.

Cette thèse contribue à cette compréhension et est organisée en 4 chapitres. Le

Chapitre 1 se concentre sur la structure et la résilience du réseau de collaboration

scientifique mais aussi l’utilisation des ressources existantes et l’adaptabilité suite à

un choc exogène, à savoir la pandémie de Covid-19. Le Chapitre 2 présente un

article méthodologique qui introduit Novelpy, un outil open source développé sous

Python. L’objectif principal de ce package est de faciliter le calcul d’indicateurs de

nouveauté et de disruption, améliorant ainsi la transparence dans l’évaluation de la

recherche grâce à l’étude, la comparaison, la création et l’application de ces indica-

teurs. Le Chapitre 3 décompose l’aspect créatif des publications scientifiques et

examine comment la collaboration entre chercheurs affecte la nouveauté et l’impact

qui sont les piliers de la créativité. Enfin, le Chapitre 4 examine la mobilité intersec-

torielle des chercheurs dans un domaine spécifique, à savoir l’intelligence artificielle

(IA), et les conséquences potentielles sur les caractéristiques de leur recherche. Plus

précisément, dans cette thèse nous abordons les questions globales suivantes :

• Comment un pays exploite-t-il ses ressources existantes, ses connaissances et

ses collaborations passés pour faire face aux défis urgents découlant d’un choc

exogène ?

• Comment la composition de l’équipe et la capacité des chercheurs à explorer

l’espace de la connaissance influencent-elles l’originalité et l’impact de leur

recherche ?

• Quelles transformations surviennent dans la recherche des individus suite à une

transition entre les secteurs public et privé ?
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Dynamique de la collaboration

L’augmentation des collaborations internationales a été documentée dans de nom-

breuses études, indiquant une tendance croissante du nombre d’auteurs par article

et de collaborations entre pays [Adams, 2012]. Ce résultat est corroboré par Wagner

et al. [2017], qui observent une croissance de 120% des collaborations internationales

scientifiques entre 1990 et 2013. Cela s’explique en partie par l’augmentation du

nombre de pays participant à la recherche (c’est-à-dire plus d’acteurs, plus de pos-

sibilités de collaboration). Cette augmentation s’accompagne d’une diminution de

la proportion d’articles rédigés par des individus seuls, ce qui semble avoir moins

d’impact sur les jeunes chercheurs [Kuld and O’Hagan, 2018]. Une interprétation

possible de cette augmentation des collaborations est l’évolution de l’espace de la

connaissance. Alors que l’accessibilité à la connaissance scientifique augmente, la

taille des équipes augmente également, et les agents se spécialisent de plus en plus.

En effet, il est trop complexe pour un agent individuel de naviguer seul dans ce

paysage de connaissances en constante augmentation [Boudreau et al., 2016]. La

Figure 2, basée sur OpenAlex, une bibliothèque open source complète destinée à

représenter le système de recherche mondial avec plus de 240 millions de documents

de recherche [Priem et al., 2022], met en évidence la persistance de ces deux ten-

dances récemment observées.

Figure 2: Évolution de la Collaboration en Recherche dans OpenAlex
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Dans ce contexte, il est crucial de comprendre comment la structure de la col-

laboration scientifique émerge et évolue. Plusieurs facteurs contribuent à augmenter
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la probabilité qu’une collaboration se produise entre deux auteurs. Par exemple,

Boschma [2005] distingue cinq dimensions de proximité qui influencent la possibilité

de co-écriture : la proximité cognitive, géographique, institutionnelle, organisation-

nelle et sociale. La proximité cognitive fait référence à la similitude ou à la compat-

ibilité des connaissances, de l’expertise et des intérêts de recherche des chercheurs.

Lorsque les chercheurs ont des antécédents cognitifs similaires ou travaillent dans des

domaines connexes, il devient plus facile de communiquer et de collaborer efficace-

ment. La proximité géographique concerne la distance physique entre les chercheurs.

Lorsque les chercheurs sont situés à proximité les uns des autres, comme travailler

dans la même institution ou la même région, cela facilite les interactions en face à face,

les réunions fréquentes et la coordination des projets de collaboration. La proximité

institutionnelle peut être mieux comprise comme le contexte national dans lequel

évolue le scientifique (c’est-à-dire le “niveau macro-sociétal”). Chaque pays a ses

propres objectifs, lois et budgets, ce qui influence les subventions et la création de col-

laborations. La proximité organisationnelle se concentre sur le contexte d’affiliation

des chercheurs. La collaboration devient plus probable lorsque les chercheurs ap-

partiennent à la même organisation ou à des organisations étroitement alignées, car

ils partagent des ressources, des installations et des réseaux de recherche. Enfin, la

proximité sociale concerne les relations sociales et les réseaux entre les chercheurs.

La collaboration est facilitée lorsque les chercheurs ont établi des liens sociaux, tels

que des réseaux professionnels communs, des collaborateurs communs, des amitiés

ou des relations mentor-mentoré, car la confiance et la familiarité sont déjà présentes.

Pour comprendre la dynamique et la structure des collaborations scientifiques,

la théorie des réseaux est fréquemment utilisée. Les chercheurs ont utilisé cette

approche pour identifier plusieurs caractéristiques importantes qui définissent le

système. L’une de ces caractéristiques est l’émergence d’une structure communau-

taire au sein du réseau, souvent attribuée au phénomène de la fermeture triadique.4

Ce phénomène, caractérisé par la tendance des individus à établir des connexions

avec d’autres qui partagent des connexions mutuelles, suggère que si la personne A

collabore avec la personne B et que la personne B collabore avec la personne C,

il est plus probable que la personne A collabore également avec la personne C. De

plus, cette structure communautaire peut se manifester sous la forme d’une structure

noyau-périphérie, comme cela a été démontré dans des recherches antérieures [Wedell

4Des études récentes ont remis en question cette explication [Kim and Diesner, 2017]
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et al., 2022]. La consolidation de cette structure noyau-périphérie est renforcée par

le mécanisme d’attachement préférentiel. Ce mécanisme suppose que les nouveaux

venus dans le réseau sont plus enclins à se connecter initialement avec les individus

les plus réputés. En conséquence, le système scientifique devient une structure ro-

buste et résiliente [Wagner et al., 2017].

La collaboration scientifique entre les pays, y compris les pays en développement,

est influencée par divers facteurs, et son analyse d’un point de vue macro englobe tous

les aspects mentionnés ci-dessus. Selon Dosso et al. [2023], les facteurs spécifiques

à la région jouent un rôle significatif dans la formation de la collaboration scien-

tifique entre les pays africains. L’étude a constaté que la langue ethnique partagée,

l’appartenance au Conseil africain et malgache de l’enseignement supérieur (CAMES)

et la présence d’un partenaire européen commun en tant que troisième partenaire

dans les co-publications étaient des facteurs importants de la collaboration scien-

tifique. En plus des autres déterminants de la collaboration scientifique entre les

pays, on trouve la distance géographique, l’héritage colonial similaire et la langue

commune. Cependant, il a été démontré que ces facteurs perdent en importance.

Cela suggère que, à mesure que la recherche scientifique devient de plus en plus mon-

dialisée, d’autres facteurs tels que les intérêts de recherche partagés et l’expertise

complémentaire deviennent plus importants. Un autre facteur important dans la

collaboration scientifique entre les pays est la présence de réseaux et d’organisations

internationaux qui facilitent la collaboration. Par exemple, des scientifiques issus de

huit pays membres travaillent ensemble au sein de la communauté SESAME, comme

décrit par l’UNESCO.5 Cette organisation offre une plateforme aux scientifiques pour

collaborer et partager leur expertise, malgré les tensions politiques entre certains des

pays membres. En plus des organisations régionales, il existe également des organ-

isations mondiales qui favorisent la collaboration scientifique, telles que le Conseil

international de la science et l’Académie mondiale des sciences. Ces organisations

fournissent un financement et un soutien pour les projets de recherche internationaux

et facilitent la collaboration entre les scientifiques de différents pays. La collabora-

tion internationale peut également être influencée par les politiques nationales et les

priorités en matière de financement [Ben-David, 1971, Pavitt, 1991, Stephan, 2010].

5https://www.unesco.org/en/scientific%2Dresearch%2Dcooperation%2Dwhy%

2Dcollaborate%2Dscience%2Dbenefits%2Dand%2Dexamples
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La littérature sur la dynamique des collaborations après des chocs exogènes

demeure encore limitée. La pandémie de COVID-19 a soulevé des questions sur

l’adaptabilité du système scientifique en réponse à des chocs mondiaux urgents.

L’objectif du Chapitre I est d’obtenir des informations sur ce phénomène et de

répondre à deux problématiques. Comment la structure de la recherche sur le coro-

navirus a-t-elle évolué après la COVID-19 et comment la structure des sciences de

la santé au niveau mondial est-elle liée à la réponse scientifique face à la pandémie

? Nous constatons une étroite relation entre la position nationale et internationale

dans la recherche liée au coronavirus (CRR). La capacité de CRR accumulée avant

la pandémie a été détérminante pour la production nationale de CRR au début

de la pandémie. Cependant, la capacité plus large dans le domaine des sciences

de la santé est devenue le facteur dominant par la suite. Dans le contexte de la

collaboration internationale, le principal moteur de la collaboration en matière de

CRR est la présence de collaborations pré-établies qui n’étaient pas liées à la CRR

avant la pandémie. La CRR mondiale au cours de la pandémie converge rapidement

vers l’ordre mondial de la capacité en sciences de la santé, mais la correspondance

n’est pas parfaite. Après le choc, les subventions existantes destinées à la recherche

mondiale ont été réorientées vers la CRR. L’émergence de projets de CRR dédiés a

conduit à une diminution progressive de l’importance du financement existant dans

les capacités de réponse. Dans les premières étapes, les nations dépendantes de

financements internationaux pour leur recherche ont connu des perturbations min-

imales dans leur CRR. Cependant, les années suivant la pandémie a eu un effet

préjudiciable sur leur production de papier en raison de cette dépendance.

Ces résultats montrent que lorsque la communauté scientifique est confrontée à

un choc mondial, elle a tendance à se réorganiser en imitant, bien que de manière

imparfaite, la structure préexistante et en tirant parti des ressources et des capacités

existantes. Cependant, il est essentiel de noter que dans ce chapitre, nous n’avons

pas évalué la qualité des articles de recherche. Le réseau reproduit est-il efficace

? Comment pouvons-nous évaluer la qualité du système scientifique ? Si la CRR

converge vers une structure établie, il devient impératif d’évaluer l’efficacité de cette

structure. Comment pouvons-nous établir une configuration de réseau “efficace” dans

de telles circonstances ? Les Chapitres 2 et 3 visent à apporter des éclaircissements

sur ces questions cruciales.

Collaboration et creativité
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Les origines de ce que nous appelons maintenant la “Science de la Science” et

les méthodes de mesure du progrès scientifique remontent au début des années 1900.

Paul Otlet a introduit initialement le concept de bibliométrie en 1934 [Otlet, 1990].

Plus tard, en 1969, la bibliométrie a été réintroduite par Pritchard dans un article in-

titulé “Statistical Bibliography or Bibliometrics?” [Pritchard et al., 1969]. L’objectif

principal de la bibliométrie était de relever le défi de la surcharge d’informations et

d’aider les bibliothécaires à sélectionner efficacement des documents pertinents pour

leurs collections [Sugimoto and Larivière, 2018]. En 1955, le chimiste et documental-

iste Garfield a proposé l’idée d’un index des citations, ce qui a conduit à la création

de l’Institut de l’Information Scientifique en 1960. Cet institut a ensuite développé

le Science Citation Index (SCI), lancé en 1963, qui a simplifié le processus de local-

isation et de référencement de publications spécifiques. De plus, le SCI a introduit

des métriques de citation, telles que le comptage du nombre de fois qu’un article

est cité par d’autres, ce qui permet d’évaluer l’impact de la recherche scientifique.

Au sein de la communauté scientifique, cette initiative a posé les bases du Web of

Science, une plateforme complète qui englobe des métadonnées scientifiques et qui

est largement utilisée dans le domaine de la recherche en Science de la Science.

Depuis lors, il y a eu une croissance exponentielle du volume de documents scien-

tifiques, ainsi que l’émergence de divers canaux (par exemple, prépublications, rap-

ports, working papers) et de bases de données contenant des métadonnées associées

aux articles (par exemple, Knowledge Graphs, Scite, Crossref). Les métriques de

citation sont devenues plus importantes, offrant une diversité d’outils d’évaluation

[Waltman, 2016]. De plus, de nouvelles métriques ont été conçues pour capturer

différents aspects de la recherche. Par exemple, des indicateurs de nouveauté ont été

développés pour évaluer l’originalité d’un document, tandis que des indicateurs de

disruption visent à mesurer dans quelle mesure une contribution de recherche trans-

forme les paradigmes existants et a le potentiel d’avoir un impact significatif sur les

pratiques actuelles. Des métriques alternatives, connues sous le nom d’Altmetrics,

ont également été créées en exploitant des données basées sur le web telles que les

“j’aime” et les partages sur Twitter, dans le but de mesurer la visibilité d’un doc-

ument. Ces évolutions mettent en évidence l’importance non seulement de gérer

la vaste quantité de connaissances disponible, mais aussi de comprendre les outils

nécessaires à sa gestion efficace.

Les indicateurs de nouveauté et de disruption sont relativement nouveaux et
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il existe un manque d’études visant à les comparer. De plus, l’absence de codes

disponibles rend difficile pour ceux qui ne sont pas familiers avec le sujet de les utiliser

et de reproduire les résultats de la recherche. L’objectif du deuxième Chapitre

est de normaliser la notation mathématique de certains indicateurs existants en util-

isant la théorie des graphes et d’introduire une bibliothèque Python appelée Novelpy.

Cette bibliothèque vise à simplifier l’application de ces indicateurs émergents et à

améliorer leur accessibilité pour les chercheurs et les praticiens.

La nouveauté, souvent désignée comme l’originalité et l’atypicité, est cruciale en

science. Tout d’abord, l’originalité en science contribue à promouvoir une diver-

sité d’idées et de perspectives. Cette diversité est essentielle pour le progrès scien-

tifique, car elle permet aux chercheurs d’explorer de nouvelles voies et de remettre

en question les paradigmes établis. Si l’originalité fait défaut, le domaine peut stag-

ner, et le corpus de connaissances ne progressera pas [Flexner, 2017, Arnott et al.,

2020]. Deuxièmement, un article très novateur a plus de chances d’être un arti-

cle révolutionnaire qu’un article plus conventionnel [Wang et al., 2017, Shibayama

et al., 2021]. Les recherches très novatrices ont tendance à recevoir en moyenne un

plus grand nombre de citations, bien qu’elles soient également accompagnées d’une

plus grande incertitude [Wang et al., 2017]. Parallèlement, l’incitation à l’originalité

est faible. Par exemple, une étude récente montre que si la combinaison de sujets

dans une proposition de subvention est trop éloignée du domaine de connaissance du

chercheur principal (PI) de la subvention, il est moins probable que la subvention soit

attribuée [Franzoni et al., 2022]. Cela implique que pour participer au processus de

financement, il faut adhérer aux normes ou conventions existantes dans son domaine.

En effet, les chercheurs qui essuient un refus pour une subvention proposent par la

suite des recherches moins novatrices [Franzoni et al., 2022].

Les facteurs contribuant au succès de certains articles très novateurs en termes

d’impact (c’est-à-dire les articles créatifs) restent relativement peu explorés. Com-

prendre comment créer un environnement qui favorise la créativité et la réussite en

science est d’un intérêt crucial pour aborder les problèmes de société [Fortunato

et al., 2018].

Le troisième Chapitre de cette thèse est consacré à l’exploration de la créativité

du système de sciences de la santé. Nous examinons la relation entre la diversité cog-

nitive au sein des équipes scientifiques et leur capacité à favoriser à la fois des idées

innovantes et à obtenir une reconnaissance scientifique. Nous proposons une métrique

au niveau de l’auteur basée sur la représentation sémantique des publications passées
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des chercheurs pour mesurer la diversité cognitive aux niveaux individuel et de

l’équipe. On peut considérer notre indicateur comme une mesure de la nouveauté

potentielle : nous établissons un lien entre la probabilité de combinaisons nouvelles

de connaissances avec la diversité des parcours académiques au sein de l’équipe et la

capacité des individus à servir d’intermédiaires efficaces, comblant le fossé entre leurs

collègues. Cependant, lors de l’évaluation de la nouveauté, le papier de cette équipe

n’existe pas, mettant en avant l’aspect potentiel de la nouveauté. En comparaison,

les indicateurs de nouveauté existants peuvent être considérés comme une nouveauté

réalisée, c’est-à-dire qu’ils mesurent la production finale de la recherche menée par

cette équipe. Enfin, l’opinion des professeurs et d’autres méthodes de validation ex-

terne peuvent décrire la nouveauté perçue, c’est-à-dire la perception de cette étude

par les pairs. Vu sous cet angle, nous examinons si la nouveauté potentielle contribue

à la nouveauté réalisée et à la nouveauté perçue, ainsi qu’à sa reconnaissance scien-

tifique, mesurée avec des indicateurs de disruption [Wu et al., 2019, Bornmann et al.,

2019a, Bu et al., 2019]. En utilisant 1,8 million d’articles de la période 2000-20056

dans le PubMed Knowledge Graph (PKG), nous analysons l’impact de la diversité

cognitive sur la nouveauté, telle que mesurée par des indicateurs de nouveauté com-

binatoire, mais aussi par la labélisation par les pairs à l’aide de l’opinion d’experts.

Les résultats révèlent une relation en forme de U inversé entre la diversité cognitive

et les profils exploratoires moyens au sein des équipes avec la nouveauté combina-

toire et l’impact des citations. Il est démontré que la présence d’individus haute-

ment exploratoires est bénéfique pour la création de combinaisons de connaissances

éloignées, mais seulement lorsque cela est équilibré par une proportion significative

d’individus hautement exploitatifs. De plus, les équipes avec une forte proportion

de profils exploitatifs consolident la science, tandis que celles avec une forte propor-

tion de profils exploratoires la perturbent, notamment lorsqu’elles sont associées à

des chercheurs exploitatifs. Ces résultats soulignent l’importance de la composition

des équipes dans la créativité scientifique, indiquant qu’une combinaison d’individus

exploratoires et exploitatifs conduit aux combinaisons de connaissances les plus dis-

ruptives et éloignées. Nos résultats mettent également en évidence le rôle essentiel

des dimensions cognitives dans la créativité, car elles influencent significativement

l’originalité et le succès. Nous montrons que la diversité cognitive semble toujours

bénéfique pour combiner des connaissances plus éloignées. En revanche, le profil

6La restriction de notre échantillon au début des années 2000 nous permet d’éviter le biais
potentiel de citation à long terme causé par les “sleeping beauties” [Lin et al., 2021]
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exploratoire moyen au sein de l’équipe suit une relation en forme de U inversé avec

la nouveauté combinatoire (c’est-à-dire qu’il existe un point de retournement où il

n’est plus bénéfique). Cette même relation peut être observée lorsque l’on examine

l’impact en termes de citations.

Mobilité et creativité

Dans les chapitres précédents, l’accent était mis sur l’aspect collaboratif du

système scientifique sans faire de distinction sur l’affiliation des acteurs. Cepen-

dant, comme mentionné précédemment, les dernières décennies ont été marquées par

une augmentation de la mobilité [Geuna, 2015], en particulier en ce qui concerne la

mobilité intersectorielle entre les organisations académiques et non académiques. La

participation croissante de l’industrie à la recherche fondamentale ainsi que la mo-

bilité intersectorielle croissante des chercheurs soulèvent la question de la dynamique

de la créativité pour un scientifique qui a fait une transition.

Les universités jouent un rôle crucial dans la création de connaissances, et leurs

missions reflètent cette importance. Les deux premières missions des universités

sont l’enseignement et la recherche. Les universités sont responsables de l’éducation

de la prochaine génération de chercheurs, de professionnels et de leaders. Cela im-

plique de fournir un enseignement de haute qualité dans un large éventail de do-

maines. D’autre part, les universités sont également responsables de la réalisation

de recherches de pointe qui font progresser notre compréhension du monde et qui

abordent certains des problèmes les plus pressants de la société [Secundo et al.,

2017]. Cela implique la poursuite de nouvelles idées et découvertes, la vérification

d’hypothèses et le développement de nouvelles technologies et innovations. Au cours

des dernières décennies, les changements dans le contexte national et international

ont entrâıné une transformation dans la manière dont les universités et les acteurs

économiques tels que les entreprises collaborent et les rôles qu’ils jouent dans la

société. L’objectif de cette transformation est d’établir un lien entre les universités

et la société, communément appelé “troisième mission” des universités (TM) [Zomer

and Benneworth, 2011, Secundo et al., 2017, Compagnucci and Spigarelli, 2020]. La

TM concerne généralement le transfert de connaissances ou l’échange de connais-

sances, ce qui implique de diffuser les connaissances générées par les universités dans

la société et de contribuer au développement économique, social et culturel de la

communauté environnante. L’un des canaux de cette TM est le lien entre le monde
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académique et l’industrie, qui peut se décomposer en différents types de collabora-

tions [D’Este and Patel, 2007, Ankrah and Omar, 2015].

Depuis lors, de nombreuses études se sont concentrées sur l’exploration des résultats

de la collaboration entre universités et l’industrie (UIC). Les chercheurs universitaires

engagés dans des partenariats avec des professionnels de l’industrie ont tendance à

produire davantage de publications mais à déposer moins de brevets que leurs ho-

mologues sans de telles affiliations industrielles. Cette tendance est attribuée à la

disponibilité des ressources de l’entreprise, en fonction du domaine de recherche

spécifique poursuivi [Bikard et al., 2019, Garcia et al., 2020]. Di Maria et al. [2019]

ont trouvé un effet positif sur la performance des entreprises suite à une UIC dans

le domaine de la durabilité environnementale, mais sans effet sur la productivité

des chercheurs. Alors que la recherche précédente met largement l’accent sur les

avantages de l’UIC, des préoccupations concernant les inconvénients potentiels pour

les universités ont également émergé. Behrens and Gray [2001] ont exprimé des

inquiétudes concernant l’indépendance de la recherche académique lors de la col-

laboration avec l’industrie. Les intérêts commerciaux entravent l’avancement des

connaissances en raison de la présence de droits de propriété intellectuelle sur les

résultats de la recherche académique [Foray and Lissoni, 2010, Larsen, 2011].

Bien que les conséquences de la collaboration entre universités et l’industrie con-

tinuent d’être explorées, on en sait encore peu sur la transition des chercheurs

entre les universités et les entreprises et sur la manière dont elle est liée à leur

créativité. Fernandez-Zubieta et al. [2015] soulignent que cette mobilité devrait être

considérée comme un processus à long terme plutôt que de se concentrer uniquement

sur les résultats à court terme, et discutent également des incitations et des systèmes

d’évaluation variés qui pourraient avoir un impact sur le travail des chercheurs en

transition. Notamment, il existe une corrélation positive entre le recrutement de

chercheurs et le nombre de brevets développés par les entreprises [Herstad et al.,

2015]. Les résultats de D’este et al. [2019] révèlent que la relation entre la recherche

interdisciplinaire (IDR) et l’interaction université-industrie (U-I) est influencée par

le type de mode d’interaction. Les scientifiques axés sur l’IDR montrent une plus

grande relation avec les modes transactionnels et à faible spécificité des objectifs, tels

que l’entrepreneuriat académique et le transfert de technologie, mettant en évidence

leur capacité à reconnâıtre et à tirer parti des opportunités commerciales dans leur

recherche. Buenstorf and Heinisch [2020] ont constaté que les doctorants dont les

sujets de thèse divergent des connaissances existantes de l’entreprise contribuent à
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des brevets plus exploratoires, et ceux qui déposent de tels brevets tôt dans leur

carrière ont tendance à s’appuyer davantage sur leur travail de thèse.

L’un des domaines de recherche où l’industrie est devenue prépondérante ces

dernières années est l’intelligence artificielle (IA). Les récents événements liés à Chat-

GPT témoignent de l’importance que l’industrie accorde aux nouveaux modèles ayant

un impact sur l’ensemble de la société. Ces dix dernières années, nous avons assisté

à la domination du paradigme de l’apprentissage profond soutenu par des entreprises

privées. Actuellement, nous sommes confrontés à un rétrécissement de la recherche

en IA, ce qui pose la question de savoir si la domination de ce paradigme n’est pas

sous-optimale et nécessite l’implication des décideurs politiques [Klinger et al., 2020].

La pervasivité de la technologie IA et son potentiel en tant que technologie à usage

général [Bianchini et al., 2022] suscite des inquiétudes concernant un paradigme

inférieur promu par les entreprises, où les ressources publiques sont absorbées par le

secteur privé. Un tel scénario pourrait présenter des risques pour la société.

Le Chapitre 4 est axé sur l’établissement d’une compréhension plus approfondie

du lien entre la mobilité intersectorielle des chercheurs en intelligence artificielle (IA)

et la créativité. L’étude vise à contribuer aux discussions sur la politique scientifique

liée au développement de l’IA, en mettant l’accent sur l’importance de maintenir

un espace de recherche public pour l’IA qui privilégie la recherche à long terme par

rapport aux intérêts commerciaux à court terme.

En utilisant OpenAlex, nous avons créé un historique des affiliations des chercheurs

afin d’analyser leur transition. Nous avons identifié 1,7 million d’articles sur l’IA

rédigés par 2,3 millions de chercheurs. L’implication du secteur privé, en particulier

de grandes entreprises technologiques telles que Google, Microsoft et Facebook, dans

la recherche en IA a entrâıné une migration significative de chercheurs de l’académie

vers l’industrie. Cette tendance suscite des inquiétudes quant à un possible exode

des cerveaux du secteur public. En utilisant une analyse de survie, nous avons con-

staté que les chercheurs spécialisés dans les techniques d’apprentissage profond, qui

ont impulsé les récents progrès en IA, sont plus susceptibles de passer à l’industrie.

Les chercheurs dont la recherche est très citée et qui ont des affiliations prestigieuses

sont également plus susceptibles de passer à l’industrie, et ceux qui ont des liens

solides avec les entreprises grâce à des réseaux de co-publication sont également plus

enclins à effectuer cette transition. En utilisant une analyse de doubles différences,

nous avons constaté que les chercheurs qui passent à l’industrie connaissent une

diminution de leur créativité et de leur originalité académique, potentiellement en
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raison de leur focalisation sur l’exploitation de la technologie existante. En résumé,

ce chapitre révèle une migration significative des chercheurs en IA de l’académie

vers l’industrie, en particulier les spécialistes de l’apprentissage profond et les profils

axés sur l’exploitation. L’implication de l’industrie suscite des inquiétudes quant à

l’impact sur la recherche en IA d’intérêt public et la créativité académique. L’étude

souligne la nécessite de débattre des politiques scientifique et de recherche à con-

cilier la croissance de la technologie IA avec la préservation d’un espace de recherche

publique exploratoire et dynamique.
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Chapter 1

On The Global Health Science

Response To COVID-19

This chapter was co-authored with

Moritz Müller, Pierre Pelletier and Stefano Bianchini

Summary of the chapter

How has the global health science system reacted to the COVID-19 pandemic ? Here

we investigate how national output and international collaboration on coronavirus-

related research (CRR) correlate with prior activity in the health sciences, pandemic-

related factors, and the broader socio-economic context. We find that prior CRR

experience is influential in national CRR, particularly in the first three months of

the pandemic. Subsequently, more general health science capacity becomes the dom-

inating factor of CRR output. National COVID-19 incidence rates, national confine-

ment measures, and broader socio-economic conditions turn out to be only weakly

correlated with national CRR. However, they do play a role in the context of inter-

national collaboration to some extent. Existing projects have been redirected from

addressing global health challenges to specifically tackle COVID-19 related issues.

Dependence on external funding is detrimental to productivity at various stages of

the COVID-19 response, both domestically and in the collaboration aspect. Finally,

the rapid expansion of global CRR mostly followed the structure laid out by the

global health science system. However, the international CRR Network experienced

a significant decrease in hierarchy accompanied by an increased collaboration within

pre-established regional science communities.
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The paper at hand treats the outbreak of the novel coronavirus Sars-CoV-2 in

January 2020 as an exogenous shock to the international health science system. The

subsequent COVID-19 pandemic has been global in the sense that, within a relatively

short period, most countries worldwide have been directly concerned. Consequently,

coronavirus-related research (CRR) became a top priority for health science on na-

tional and international levels worldwide.

The burst of CRR across countries and the associated emergence of a large inter-

national CRR network have been documented since the early phases of the pandemic

[Aviv-Reuven and Rosenfeld, 2021, Cai et al., 2021, Chahrour et al., 2020, Fry et al.,

2020, Haghani and Bliemer, 2020, Radanliev et al., 2020, Zhang et al., 2020]. In the

rankings of national scientific output as well as network centrality, the usual suspects

tend to score high; the United States takes the lead, followed by China and the most

developed countries. A potential element influencing the adjustment of CRR is the

pre-existing global health science capacity. Yet, quantitative evidence is lacking be-

cause most studies focus exclusively on CRR. Therefore, existing research captures

system dynamics mostly by considering pre-pandemic CRR as initial conditions from

which the CRR network strides away during the pandemic as it expands. The exist-

ing broader health science system in which the international CRR Network expands

has not been explicitly accounted for as a potential attractor. So far, the mirroring

of global CRR and health science capacity is merely hypothesized. Further note

that the hypothesized mirroring is unlikely to be perfect. The global science system

is shaped by an interwoven web of processes playing inside and outside the science

system, and the COVID-19 pandemic shifted some of the relevant parameters.

This paper investigates the dynamics of global CRR during the COVID-19 pan-

demic within the global health science system, taking into account initial socio-

economic conditions, pandemic-related factors, and funding-specific characteristics

such as exterior funding dependence. We conceive the global science system as a

network of interconnected national science systems. The analysis proceeds in three

steps. In a first step, we model national CRR conditional on initial conditions and

pandemic development at the national level. The second analysis models bi-national

collaboration on CRR. A third analysis looks at the convergence of global CRR to-

wards global health science in terms of national scientific output, network centrality

of countries, and the overall network structure. Thus, whereas analyses one and two

reveal driving factors of national and bi-national CRR respectively, analysis three

deals with global CRR dynamics at the macro level.
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These analyses aim at a better understanding of the dynamics of the global

science system, with a focus on internal science dynamics triggered by the external

COVID-19 shock. How the global science system responds to external shocks is

certainly relevant given the global social and environmental challenges ahead [Schot

and Steinmueller, 2018]. Knowledge about the patterns of response to global crises

may guide the organization of science in the future. For one, scientific capacity needs

to be built on national and international levels that facilitate changes in the direction

of scientific development. Another issue is how the existing scientific capital can be

efficiently orchestrated during crises. Our paper does not provide definite answers to

these questions. However, we hope that our empirical description contributes to the

rationalization of global science dynamics during the pandemic.

Our empirical analyses show that the pre-pandemic, broader health science sys-

tem is the dominating factor in the dynamics of global CRR during the pandemic.

Other factors that are currently debated, and we explicitly account for in our analy-

sis, have more limited influence on the national output but appear to be significant

for collaboration dynamics. Furthermore, we observe a detrimental impact of funding

dependence on both international and national CRR outputs, although these effects

seem to manifest during distinct phases of the pandemic. Consistently, at the macro

level, we find that global CRR rapidly converged towards the global structure of the

broader health sciences. But convergence is not perfect. In the first two months,

network hierarchy overshoots such that it significantly exceeds the ‘typical’ levels of

global health science. Subsequently, network hierarchy decreases significantly below

the hierarchy of global health whereas collaboration activity within world regions

increases significantly. Thus, the science world responds to the global crises with

increased regionalization.

For science policy, our findings provide an empirical argument for a strategy that

emphasizes generic scientific capability. Furthermore, active participation in global

knowledge flows during ‘normal’ times will be the key to handling global crises in the

future. How exactly global science efforts should be orchestrated remains an open

issue. Future research could investigate to what extent our observations on the health

system dynamics — global concentration followed by global diffusion and regional

interaction — constitute an efficient response to global crises. Another question is

whether the observed regionalization is due to (transient) pandemic circumstances or

accentuates a long-term trend in the sciences and other socio-economic spheres. The

final potential pathway could be the exploration of the type of research conducted
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and funded (in terms of originality, impact, and topic) before and after the pandemic

on both CRR and non-CRR papers.

The paper follows a conventional structure: In section 1.1, we introduce the

significance of the national context in science, outline the structure of scientific col-

laboration, and highlight the characteristics of the health and coronavirus research

system. Next, in section 1.2, we provide information on the data sources and ana-

lytical methods used. Moving forward, section 1.3 unveils the outcomes of the three

analyses. Lastly, section 1.4 presents a discussion of the findings and their limitations

and offers concluding remarks.

1.1 Background

1.1.1 Overview

This section starts with a bird’s-eye view of the national context of science systems.

The second part of the section presents the characteristics and structure of the scien-

tific system. We then conclude this section by examining the specificity of the global

health science system and coronavirus research.

1.1.2 The ‘national’ in global science

Science does not exist in isolation. The global science system evolves within the

overall social and economic system with strong mutual feedback. On the one hand,

science contributes to the global pool of knowledge that drives social and economic

development [see e.g. Kuznets, 1973]. On the other hand, society strongly conditions

scientific activity.

The national context is particularly influential [Ben-David, 1971]. In Europe

from around 1800 recognition of the utility of science by national governments and

industry led to increased support and autonomy of the scientific community [Beaver

and Rosen, 1978]. The establishment of formal and informal institutions has been

mostly a national effort [Beaver and Rosen, 1979]. Also, the expansion of science

in the late 19th century and the first half of the 20th century has been born out

of an explicitly national rational. Building on arguments of militaristic and eco-

nomic competition among nations, and national reputation, governments of advanced

economies expanded and shaped purposefully their national science systems. This

gave rise notably to the foundation of today’s national research institutions in ad-
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vanced economies such as the CNRS in France, the Kaiser-Wilhelm-Gesellschaft

(succeeded by Max-Planck-Gesellschaft after the Second World War) in Germany,

or NSF in the US [Ben-David, 1971].1 In the second half of the 20th century, the

contribution of science to national economic growth has become a major justification

for national investments in higher education and scientific research [Pavitt, 1991].

To this end, national governments set strategic targets for Gross Domestic Ex-

penditure on R&D (GERD) of around three percent. Government funding of science

specifically may be proxied best by research expenditures of higher education insti-

tutions, i.e. higher education R&D expenditure (HERD) Stephan [2010].2 In the

past 20 years, HERD in OECD countries has been between 0.2 to 0.6 percent of

GDP, fairly stable within countries and across, with an average of 0.4 percent. For

non-OECD countries, HERD is systematically lower, around 0.2 percent of GDP

(OECD, 2019).3

Public science expenditures also respond to national and global events. In the

USA, for example, the Sputnik shock in the late 1950s led to a considerable in-

crease in government expenditures. During the Vietnam War, relative expenditures

decreased again [Stephan, 2010]. In 1998, the National Institutes of Health (NIH)

doubled its funding to strategically support the high growth of the biotechnology

industry [Zucker et al., 1994]. The American Recovery and Reinvestment Act of

2009 increased considerably public science expenditures as a countercyclical measure

[Stephan, 2010]. Most recently, the US Congress discussed the proposition to increase

the NSF budget by 100 billion US$ — the largest increase in the agency’s history

— with the explicit goal of maintaining global innovation leadership as a response

1President Roosevelt’s letter to the director of the ‘Office of Scientific Research and Devel-
opment’ in 1945, initiating the foundation of the National Science Board in the US, is a good
example on that point: “DEAR DR. BUSH: The Office of Scientific Research and Development,
of which you are the Director, represents a unique experiment of team-work and cooperation in
coordinating scientific research and in applying existing scientific knowledge to the solution of
the technical problems paramount in war. [...] its tangible results can be found in the commu-
niques coming in from the battlefronts all over the world. [...] There is, however, no reason why
the lessons to be found in this experiment cannot be profitably employed in times of peace. The
information, the techniques, and the research experience developed by the Office of Scientific Re-
search and Development and by the thousands of scientists in the universities and in private in-
dustry, should be used in the days of peace ahead for the improvement of the national health, the
creation of new enterprises bringing new jobs, and the betterment of the national standard of liv-
ing.” https://www.nsf.gov/about/history/nsf50/vbush1945 roosevelt letter.jsp

2Note that not all government-funded science is performed in the higher education system,
not all research in higher education is science, and the government is the main but not the only
funding source of university research HERD.

3Supra-national entities such as the EU also define science targets, but funding remains na-
tional to a large extent.
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to China’s national efforts in science [Mervis, 2021, Remmel, 2021]. An integral part

of China’s science strategy in the past 30 years has been scientific collaboration —

bolstered through large-scale student and scientist exchange programs — notably

with the US but also Europe [Wang and Wang, 2017]. In parallel, European-wide

research programs, notably Horizon 2020, now Horizon Europe (95 billion Euro),

are relevant for national science systems and support their integration on a regional

level. Similar tendencies can be observed in practically all world regions.

The phenomenon of increasing international research collaboration (IRC) is one

aspect of globalization in science. It accelerated in the early 1980s [Adams, 2013]

and may have reached a saturation level in some more advanced economies by now

[Ponds, 2009]. International collaboration is observed in particular among productive

researchers from top-tier universities located in advanced national scientific systems

[Pan et al., 2012, Jones et al., 2008]. The gain is more excellent research [Adams,

2013, Pan et al., 2012]. The tendency of ‘excellence-attracting-excellence’, however,

entails the risk of increasing hierarchical stratification not only within but also be-

tween national science systems [Beaver and Rosen, 1979, Jones et al., 2008, Horlings

and Van den Besselaar, 2011]. In order to catch up scientifically, or at least not to

fall behind, being well connected to the global knowledge flows has become a science

policy imperative in most countries.

Examining the global science system by considering both national and interna-

tional scientific endeavors collectively, while also examining funding dynamics, be-

comes crucial for achieving a deeper understanding of the evolution of this scientific

ecosystem.

1.1.3 Structure and processes in global science

The global science system is characterized by two salient features: First, worldwide

scientific activity is highly concentrated in some places. In other words, the global

science system is highly hierarchical. Second, countries exhibit a certain ‘preference’

to collaborate with certain other countries. Such national tendencies in IRC create

clusters of scientific activity. We discuss each in the following.

The world’s uneven distribution of scientific capacity has been discussed early on

in the literature. Davidson Frame et al. [1977] counted country affiliations of scientific

articles published in an early 1973 ISI collection, and found that the concentration of

science production exceeds economic concentration in the world. Subsequent studies

repeated and varied the exercise. The extent of scientific concentration is immedi-
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Table 1.1: World’s largest science countries.

1973 1981-1994 1997-2001 2008-2018

(Frame et al., 1977) (May, 1997) (King, 2004) (Allik, 2020)

1 US (38.2) US (34.6) US (34.6) US (19.9)

2 UK (9.2) UK (8.0) UK (8.5) China (11.7)

3 USSR (9.0) Japan (7.3) Japan (8.0) UK (6.0)

4 West Germany (6.0) Germany (7.0) Germany (7.4) Germany (5.3)

5 France (5.5) France (5.2) France (5.6) Japan (4.1)

6 Japan (5.2) Canada (4.5) Canada (4.6) France (3.7)

7 Canada (4.4) Italy (2.7) Italy (3.3) Canada (3.3)

8 India (2.5) India (2.4) Russia (3.3) Italy (3.2)

9 Australia (1.9) Australia (2.1) India (2.8) India (2.8)

10 Italy (1.7) Netherlands (2.0) Netherlands (2.3) Australia (2.8)

Total share 84% 76% 80% 63%

Frame et al. (1977) covers 2,300 journals indexed by SCI, May (1997) covers 4,000 journals in-
dexed by ISI, King (2004) covers 8,000 journals indexed by ISI, Alik (2020) covers 12,000 journals
indexed by ESI.

ately grasped by looking at the global share of the most prolific countries; shown in

Table 1.1 for four time periods [based on Davidson Frame et al., 1977, May, 1997,

King, 2004, Allik et al., 2020]. In the period from 1970 to 2000, the ten most produc-

tive countries contributed around 80 percent to worldwide scientific output (‘Total

share’ in Table 1.1). In that period, we see the fall of the USSR in the 1980s and

1990s in the data.4 Somewhat less dramatic, but still noticeable, is the scientific

rise and fall of Japan. Besides the movements of individual countries, worldwide

concentration remained relatively stable throughout the fourth quarter of the last

century.

In the most recent period, i.e. 2008 to 2018 in the last column of Table 1.1,

the global share of the top ten countries dropped to around 60 percent. The lower

share may be partly explained by the larger sample of journals which includes more

non-English and less established journals. However, the drop reflects a significant

real-world development. In the last twenty years, in particular Eastern European and

Asian emerging economies, notably China, experienced high growth rates that have

4May [1997] excluded the USSR (and Russia) due to issues in assigning research output.
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been much higher than growth rates in the economic and scientifically more advanced

countries[Horlings and Van den Besselaar, 2011]. This results in lower concentration.

On the other hand, less developed countries had very little or no growth during that

period, which increases the global divide [Horlings and Van den Besselaar, 2011].

In summary, over the last two decades, there has been a trend towards increased

equality between advanced and developing economies, yet this parity has not been

achieved globally.

Patterns in IRC are coupled to the size and dynamics of national science sys-

tems and are tied to the same geo-political and economic processes. For example,

the fall of the USSR has been associated with a significant West orientation in in-

ternational scientific collaboration of the former east-block countries between 1985

and 1995 [Braun and Glänzel, 1996]. China’s growth of scientific output has been

coupled with an increase of internationally co-authored papers [Niu and Qiu, 2014].

More accurately, China’s IRC intensity, i.e., internationally co-authored papers over

total papers, remained stable at around one-fourth [Niu and Qiu, 2014]. The same

pattern of proportional growth of IRC and total scientific output has also been ob-

served for other larger emerging economies (China, India, South Korea, Brazil) over

the growth period 1980 to 2010 by Adams [2013]. During the same period, advanced

economies have grown much more through internationally co-authored papers rather

than through domestic papers, implying an increasing IRC intensity over time. An-

other observation is that IRC intensity decreases with the overall size of the national

science system. In other words, the absolute number of internationally co-authored

papers tends to increase with the total number of papers with an elasticity below

one [Davidson Frame and Carpenter, 1979, Luukkonen et al., 1992, Pan et al., 2012].

Thus, larger science nations tend to have more international collaborations in total

but fewer international collaborations per paper than smaller science nations.

National science output together with variations in national IRC intensity, trans-

late into a natural order in the hierarchy of the worldwide IRC network. Gui et al.

[2018] investigate hierarchy in the IRC network by looking at the countries’ net-

work centrality, i.e., degree, closeness, betweenness, and eigenvector centrality.5 The

different centrality measures are highly correlated, which is typical for real-world

networks.

We note that the ranking by network centrality corresponds largely to the ranking

5The study is based on papers in the Web of Science Core Citation Database in the years
2000 and 2015.
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by countries’ science production as seen in Table 1.1. This is due to the coupling of

national size and the number of international collaborations. In the few cases where

rankings disagree, national IRC intensity is the obvious explanation. Given overall

science production, Japan is less central in the IRC network than expected. The

reason is Japan’s relatively low IRC intensity, which in turn may be explained by

geography, culture, and language [Yonezawa, 2011]. Russia tends to be less central

in the IRC network than in terms of national science production. On the other hand,

small and advanced Western countries, in particular the Netherlands and Switzer-

land, have high IRC intensity and are consequently among the ten most central

countries in the network. The question of partner choice, i.e., national tendencies

to collaborate with certain other countries, is most likely a secondary effect that is

dominated by overall collaboration activity in the creation of the hierarchy.6

The hierarchical structure of the IRC network suggests that positive feedback

drives the local accumulation of science capacity. Such rich-get-richer, or accumu-

lating advantage effects, are central in economic and sociological theories. The core-

periphery theory introduced by Friedmann [1967] describes positive feedback in the

structuring of international economic and political relations. This theory puts for-

ward, among others, that the system’s core is marked by a high density of creative po-

tential leading to high creative interaction compared to the periphery, which attracts

further inflow of creative potential from the periphery. Observed migration flows of

scientists are in line with that theory [Stephan and Levin, 2001], and the literature

on international migration of scientists provides a close connection to international

research collaboration that is arguably causal [Jonkers and Tijssen, 2008, Kato and

Ando, 2017]. Accumulating advantages in science through social effects of scientific

collaboration have been emphasized by Beaver and Rosen [1979]. They noted that

scientific collaboration is not only about resolving the inter-dependence of physical

or cognitive resources but also instrumental for gaining recognition, reputation, and

status. As a result, differential access to resources drives international scientific sta-

tus and vice versa. The same logic goes through in particular for IRC [Melkers and

6One argument is the strong alignment between network centrality and IRC activity (num-
ber of collaborations). Another argument is that the different network measures applied by Gui
et al. [2018] produce essentially the same ordering. Consider India as the exception where partner
choice makes a difference. India became a regional science leader in 2015. As a hub in the (semi-
)periphery, India has high closeness centrality (well connected to all other countries worldwide)
but low betweenness and eigenvector centrality (many knowledge flows in the network sidestep
India). The fact that for most countries these measures closely align, indicates that differences
in partner choice (which are arguably there, see below) do not heavily influence the hierarchy di-
mension of the network position.

46



ON THE GLOBAL HEALTH SCIENCE RESPONSE TO COVID-19

Kiopa, 2010], susceptible of creating a rich-get-richer phenomenon [Hâncean et al.,

2021, Katz, 2000, Wagner and Leydesdorff, 2005, Wagner et al., 2019].

Once country size effects are accounted for, national preferences in IRC partner

choice are revealed. Collaboration preferences are shaped along multiple dimensions

that are often not purposefully created at all (e.g. geographical distance), somehow

inherited (e.g. culture and language, common cognitive basis, and historical con-

nections from colonial times or past migration flows), or subject to (inter-)national

policy (e.g. efforts to structure the European Research Area, exchange agreements in

higher education, migration policies to attract scientists, joint research mega-projects

such as CERN) [Davidson Frame and Carpenter, 1979, Luukkonen et al., 1992, Zitt

et al., 2000, Frenken et al., 2009, and the literature cited therein]. Most of these fac-

tors can be conveniently couched in terms of dyadic distance [Frenken et al., 2009].

Hence, countries that are close in some dimensions of space tend to form mostly

regional science clusters [Wagner and Leydesdorff, 2005].

The role of the evolving technological regime, notably the ICT revolution, for

IRC is still somewhat ambiguous in the empirical literature [Gui et al., 2018, and

the literature cited therein]. ICT developments facilitate fast and massive informa-

tion exchange. This has probably contributed to the rise of international scientific

collaboration since 1980. However, ICT impacts are not likely to be uniform because

developed countries still have preferential access to ICT, and ICT may help more to

overcome geographical than other kinds of distances.

Let us note the key ideas on the global science system laid out so far. First, na-

tional scientific activity is highly concentrated in advanced economies and emerging

economies. The international research collaboration network exhibits essentially the

same hierarchy. Countries tend to collaborate depending on intra- and extra-science

factors, creating regional ‘science clusters’. Dynamics in terms of national scientific

activity and network density and structure tend to be on a time scale of decades,

which can be explained by the stability of underlying factors but also the process of

developing international science capacity characterized by positive feedback effects.

1.1.4 COVID-19 and global health sciences

Global health science has essentially the same structure and is subject to the same

processes as global sciences [Cantner and Rake, 2014, Wagner et al., 2017, Gazni

et al., 2012], but some specificities are to be noted. First, health sciences include a

variety of scientific fields, and IRC intensity varies substantially across these fields:
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Most international is Molecular Biology and Genetics with 25 percent of internation-

ally co-authored publications, while in Clinical Medicine IRC is least common with

an IRC share of around 15 percent [Gazni et al., 2012]. Second, countries differ in

their scientific profiles. In terms of investments, while public GERD expenditures

are in general highly correlated with GDP, wealthier countries tend to spend a higher

share of their GERD on health sciences.7 Looking at scientific publications — some

exceptions allowed — Eastern countries (former USSR and Asia) tend to focus more

on engineering and technologies. In contrast, Western countries (USA, Western Eu-

rope) tend to be particularly strong in health sciences [Glänzel, 2001]. Third, health

sciences are embedded in the national social and economic system. Medical practice

is carried out within the broader health infrastructure (e.g., hospitals). And health

science is highly connected to the research-intensive pharmaceutical industry [Zucker

et al., 1994]. All this suggests that global health sciences may exhibit a pronounced

hierarchical structure and strong inertia in (inter-)national development.

Prior epidemics caused by a coronavirus (MERS and SARS) led to the forma-

tion of CRR-specific national capacity and IRC network structures [Haghani and

Bliemer, 2020, Mendes and Carvalho, 2020, Zhang et al., 2020]. These epidemics

took place mainly in the developing world and have been regionally confined. Coun-

tries that have been directly concerned had a strong incentive to increase relevant

knowledge production and to shape research priorities and the research agenda. One

way forward has been research collaboration among concerned countries as well as

developed countries to which strong ties existed before, primarily due to historical,

initially non-scientific relationships, or who had strong competencies in a given field

[Zhang et al., 2020, Haghani and Bliemer, 2020]. This resulted in regional CRR net-

works in the Middle East and Asia connecting to advanced economies. In particular,

China (after SARS in 2002), Saudi Arabia (after the MERS epidemic in 2012), and

some developed countries (US, UK, Germany, and Netherlands involved in both)

built CRR-specific competencies [Mendes and Carvalho, 2020, Zhang et al., 2020].

These regional efforts have been continued after respective epidemics and resulted in

regional specialization patterns. Notably, Saudi Arabia, particularly affected by the

MERS crisis in 2012, still had a strong focus on CRR in 2019; contributing 6% of

CRR compared to 0.6% of non-CRR research output in our sample (Section 1.2.2).

CRR before the COVID-19 pandemic naturally yields CRR relevant scientific

7Own calculation based on the ‘Research and Development’ dataset of UNESCO Institute of
Statistics (UIS), release date March 2021.
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capacity. This footprint may influence the dynamics of international CRR during

the COVID-19 pandemic. However, health research on any pandemic necessarily

deals with a vast array of research fields and topics [Zhang et al., 2020]. Countries

therefore may still differ in their relative research focus (e.g. public health in the

US and biochemistry in China) [Zhang et al., 2020]. Hence, many countries that did

not research specifically the coronavirus before the pandemic nevertheless will have

CRR capacity [Lee et al., 2020]. This suggests a strong alignment of global CRR

during the global COVID-19 pandemic with the existing scientific, technological, and

human capital in the broader international health sciences.

The global spreading of the coronavirus implies that observed cases and, hence,

national research needs and opportunities varied over time. The spreading of the

pandemic is well documented by the Johns Hopkins Coronavirus Resource Center

(CRC) [Dong et al., 2020]. The origin of the pandemic has been in China where the

number of cases strongly increased until mid-February. The first cases in neighboring

Asian countries were confirmed mid January, closely followed by first confirmations

in the US, Europe, and Australia at the end of January. In Europe, Italy has been

particularly concerned by the end of February 2020. At around the same time, the

virus has been confirmed in the Middle East and North Africa. By the end of March

2020, the virus had been confirmed all around the world with varying intensity from

then on. The global infection process provides a compelling narrative for explaining

certain aspects of the observed dynamics, in particular the early centrality of USA,

China, and later Italy in CRR research [as put forward in Fry et al., 2020].

Existing bibliometric studies on the impact of the COVID-19 pandemic on global

health science tend to focus only on coronavirus-related research. Several empiri-

cal studies show that — within the first three months of the pandemic — global

scientific output increased significantly through a highly uneven contribution of in-

dividual countries; often framing it as a scientific race [Aviv-Reuven and Rosenfeld,

2021, Chahrour et al., 2020, Haghani and Bliemer, 2020, Radanliev et al., 2020,

Zhang et al., 2020]. A closer look at the content of CRR papers shows remarkable

differences across countries in terms of disciplinary focus. Zhang et al. [2020] shows

the ten most prolific countries that they contribute in the scientific field in which they

‘specialized’. Guleid et al. [2021] show for African countries that only one percent

of CRR focuses on therapeutics or vaccines, while one-fourth of publications assess

countries’ preparedness and response to the pandemic, and another twenty percent

describe indirect health impacts of the pandemic. The empirical methodology of
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CRR is mostly based on prospective observational studies and case series (clinical

series), whereas non-CRR papers are mainly composed of randomized controlled tri-

als, at least in the top medical journals [based on 402 papers published in 2019-2020,

Gai et al., 2021].

International scientific collaboration and cooperation to address the global pan-

demic has been emphasized immediately after the outbreak of the global COVID-19

pandemic in January 2020 by the scientific community, policy, and the public at

large. The WHO actively coordinated international efforts, and various consortia

leveraged their international networks for CRR [Kinsella et al., 2020].

The timely and widespread diffusion of relevant research results has been one

pillar of IRC. One example is the public release of the 2019-nCoV viral sequence by

Lu et al. [2020], a Chinese research group, in January 2020. The upsurge of preprint

papers on COVID-19-related papers marks the shift to more open science by the

scientific community as a whole [Aviv-Reuven and Rosenfeld, 2021, Homolak et al.,

2020]. Due to travel restrictions, the health science community met at large digital

conferences. Also, publishers contributed to the fast dissemination of research by

considerably shortening the time from submission to publication; something already

seen in prior pandemics [Aviv-Reuven and Rosenfeld, 2021, Palayew et al., 2020].

The other pillar has been joint research on an international level. Scientific break-

throughs on CRR, as documented in highly cited scientific papers, have often been

achieved by international teams [Aviv-Reuven and Rosenfeld, 2021]. Travel restric-

tions made physical exchange more difficult, and perhaps the need to reduce transac-

tion costs due to urgency led to smaller team size in IRC on CRR compared to pre-

pandemic levels [Cai et al., 2021, Fry et al., 2020, Lee et al., 2020]. Aviv-Reuven and

Rosenfeld [2021] compare coronavirus-related research papers with other health sci-

ence papers published during the pandemic, finding that coronavirus research teams

tend to be smaller and less international. Despite that, international research teams

account for around one-third of the overall publication output on coronavirus-related

research [Aviv-Reuven and Rosenfeld, 2021, Cai et al., 2021, Lee and Haupt, 2021].

That share remained stable during the exponential upscaling of coronavirus-related

research in 2020, despite travel restrictions and other impediments to international

collaboration during the pandemic [Cai et al., 2021]. This has been made possible by

a high influx of scientists new to coronavirus-related research. Around 80 percent of

all co-authors on relevant papers did not cooperate before on CRR (but potentially

on related topics) [Liu et al., 2021].

50



ON THE GLOBAL HEALTH SCIENCE RESPONSE TO COVID-19

Zhang et al. [2020], Haghani and Bliemer [2020], Fry et al. [2020] provide an

account — up to April 2020 — of the transformation of the IRC network on CRR

during the global COVID-19 pandemic. A pertinent finding is that the network

expanded rapidly (within the first two to three months) worldwide. Another common

finding is that countries are highly heterogeneous not only in terms of individual

science production but also in their network centrality. Fry et al. [2020] and Cai

et al. [2021] note that the IRC network on CRR has become more ‘elitist’ with the

pandemic. The central role of two countries, USA and China, and their strong IRC

interaction has been emphasized [e.g Fry et al., 2020]. Interestingly, clinical medicine

has been a long-standing core subject of US-Chinese IRC [shown for the period 2000

to 2010 by Niu and Qiu, 2014]. Cai et al. [2021] document for the second half of 2020

network position dynamics of some central countries, and in particular a relative

weakening in the USA-China interaction on CRR.

In summary, previous empirical research on the development of international CRR

during the COVID-19 pandemic mainly focused on CRR in isolation. Contextual

factors put forward are rarely accounted for in systematic empirical analyses of (inter-

)national CRR dynamics. Ideas on the role of CRR capacity built prior to the

pandemic, global virus spreading dynamics, travel restrictions, and ICT solutions

for science dissemination are part of the discussion. The relevance of the global

health science system — in which CRR is embedded — is visible across all studies

but somewhat remains ‘the elephant in the room’. Therefore we ask, how does the

structure of global health sciences relate to the scientific response to the pandemic?

1.2 Data and methods

1.2.1 Overview

The empirical analysis consists of three interrelated parts. The first and the sec-

ond analyses investigate factors driving national CRR output and international col-

laboration on CRR respectively. The third analysis investigates how national and

international CRR development relates to the worldwide distribution of health sci-

ence. Scripts to reproduce the analyses are available on GitHub https://github.

com/P-Pelletier/Global-health-sciences-response-to-COVID-19 and the fi-

nal data used for regression can be found here https://zenodo.org/record/8238355.

This section continues with a description of the data before we turn to the empirical

methods used in the analyses.
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1.2.2 Data

We measure scientific output and international research collaboration on scientific

articles.8 Our main dataset is a collection of peer-reviewed articles in journals indexed

by MEDLINE. The restriction to MEDLINE-indexed journals ensures that papers in

the sample fall into our scope of biomedical research and are of minimum scientific

quality. We collect papers from the pre-COVID-19 period (Jan.–Dec.2019) and from

the COVID-19 period (Jan.–Dec.2022).9 Furthermore, we distinguish CRR papers

from non-CRR papers. The analysis is based on the papers’ submission dates to stay

close to the actual research activity.

The dataset has been constructed as follows. We downloaded papers appearing in

MEDLINE journals from the PubMed database as of June 2023. Coronavirus-related

papers are identified through a text search query suggested by PubMed Central

Europe on the papers’ title, abstract, and MESH terms.10 Countries are identified

in paper affiliations through regular expressions and subsequent manual cleaning.11

PubMed API also provides information regarding research funding. The specific

information we focus on relates to the country of origin for the grants.12 Additionally,

we are interested in the identification numbers associated with these grants.

To assess the data, one has to keep in mind the existence of several time lags.

First, there is an unknown time lag from research to submission. Then, there is a

time lag from submission to acceptance by the journal. Finally, there is a time lag

from journal acceptance to entry on PubMed. For the papers in our dataset, time

lags from submission to acceptance to entry in PubMed are known. Appendix 1.5.1

provides respective distributions for CRR and non-CRR papers. Looking at the time

lag from journal acceptance to PubMed entry, some underreporting becomes likely

8This is common practice in the literature. The pros and cons are discussed elsewhere [Katz
and Martin, 1997, is the seminal reference]

9We chose to confine our pre-COVID-19 timeframe to 2019 due to our primary interest in
examining the convergence between the CRR and non-CRR scientific systems. Upon conducting
an investigation, it became evident that the CRR pattern remained consistent from 2015 to 2019,
prompting us to simplify our analysis.

10In detail, the search query is: (”2019-nCoV” OR ”2019nCoV” OR ”COVID-19” OR ”SARS-
CoV-2” OR ”COVID19” OR ”COVID” OR ”SARS-nCoV” OR (”wuhan” AND ”coronavirus”)
OR ”Coronavirus” OR ”Corona virus” OR ”corona-virus” OR ”corona viruses” OR ”coron-
aviruses” OR ”SARS-CoV” OR ”Orthocoronavirinae” OR ”MERS-CoV” OR ”Severe Acute
Respiratory Syndrome” OR ”Middle East Respiratory Syndrome” OR (”SARS” AND ”virus”)
OR ”soluble ACE2” OR (”ACE2” AND ”virus”) OR (”ARDS” AND ”virus”) or (”angiotensin-
converting enzyme 2” AND ”virus”)).

11In cases where the author had two affiliations we took only the first one
12In cases where the funder is an international agency, the country is labeled as ”Interna-

tional”
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from December 2022.

Our bibliometric sample (2019-2022) consists of 3,786,964 papers. We distinguish

CRR from non-CRR, and pre-COVID-19 period (Jan.–Dec.2019) from COVID-19

period (Jan.–Dec.2022). This yields four categories: 779,787 non-CRR, pre-COVID-

19 papers, 706 CRR, pre-COVID-19 papers, 2,784,382 non-CRR, COVID-19 papers,

and 222,089 CRR, COVID-19 papers.

Figure 1.1: Coronavirus and non-coronavirus papers by submission month (log-
scale).
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Research output in CRR is extremely dynamic, particularly in spring 2020, while

it is relatively stable in non-CRR over the analysis period (see Fig 1.1). In the pre-

COVID-19 period, CRR output is relatively stable, at roughly 50 papers per month.

Starting with the January 2020 outbreak, CRR grows exponentially to about 11,700

submissions in May 2020 and then decreased again to about 5,000 submissions in

December 2020. Non-CRR output is stable throughout, at about 67,000 papers, and

even increases slightly with the pandemic

The distribution of national health science output is highly skewed, with a Gini

coefficient of around 0.9 before and during the pandemic in non-CRR and CRR.13

The ten most prolific countries in CRR generate 65 percent of output during COVID-

19. In the order of CRR output the top ten countries are (CRR papers in 2019; CRR

papers between 2020 and 2022): USA (217; 61,942), China (193; 26,322), Italy (17;

18406), UK (54; 17,354), India (11; 14,445), Spain (14; 8,851), Canada (29; 9,190),

13Gini coefficients are for CRR pre-pandemic 0.90, CRR pandemic 0.87, non-CRR pre-
pandemic 0.88, non-CRR pandemic 0.88.
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Germany (35; 9,675), France (20; 6,797), Australia (25; 7463). All these countries

contributed considerably to CRR during the pandemic, but not consistently to CRR

before the pandemic. Some scholars explained the (early) high CRR output of China

and Italy by the global infection process. On the other hand, rankings based on

CRR during the pandemic correspond surprisingly well to rankings based on overall

scientific production in the last two decades (see Table 1.1); supporting the idea of

the relevance of slowly-accumulating science capacity discussed in the ‘Background’

section.

National scientific output is closely related to IRC in our sample. Around one-

fourth of the papers in our sample are internationally co-authored. This holds true

for CRR as well as non-CRR papers, before as well as during the pandemic (see

Appendix 1.5.1, Table 1.7). Thus, CRR papers during the pandemic are, on average,

as international as other papers.

Looking at the country level, our data confirms a strong positive relationship

between national scientific output and national IRC intensity. In a simple OLS

regression of the number of internationally co-authored papers on the total number

of papers (both in logs), we obtain an elasticity of 0.9 for health science papers in

2019, health science papers in 2020, and also for CRR papers in 2020. This exceeds

well the estimate of the elasticity of 0.7 by [Davidson Frame and Carpenter, 1979,

Luukkonen et al., 1992], but seems reasonable if one takes into account the positive

trends in IRC observed by Adams [2013]. Elasticity for CRR papers in 2019 is

slightly lower; around 0.8. Thus IRC may have become somewhat more relevant

to the national output of CRR during the pandemic, but neither more nor less as

expected on IRC in non-CRR.

Figure 1.2 illustrates the progression of the count of unique grant IDs associ-

ated with CRR and non-CRR papers. As depicted in Figure 1.2A, the log count

of distinct projects for CRR papers follows a similar pattern to Figure 1.1, experi-

encing an exponential increase from January 2020 until April 2020. The yellow line

indicates the proportion of grant IDs present in non-CRR and CRR papers during

that month or prior. The notable jump suggests an increased usage of already ex-

isting projects in the Global Health science system, aimed at addressing COVID-19

challenges. This assumption gains further support from Figure 1.2B. The surge in

the blue line indicates a significant rise in new projects dedicated to COVID-19.

Meanwhile, existing projects from broader global health were used towards CRR.

While fresh projects were initiated, in the initial months, CRR papers heavily relied
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on pre-existing health science projects until July. We interpret the black line as a

reflection of researchers’ adaptability to the ongoing pandemic shock, while the blue

line represents the institutions’ flexibility.

Figure 1.2: Project Dynamics in CRR and Non-CRR Research: Tracking Unique-
ness and Cross-Utilization
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Notes: Panel A displays the log count of unique projects within a specific month for both CRR and
Non-CRR research. The yellow line, linked to the second y-axis, depicts the proportion of CRR
projects utilized in past Non-CRR research over the entirety of CRR projects. In Panel B, the
blue line illustrates new projects that have not been observed before in both CRR and non-CRR
research. Meanwhile, the black line represents projects that have not been seen in CRR before but
have previously appeared in non-CRR research.

We create international science networks for CRR as well as non-CRR research

for each month, from January 2019 to December 2022. Networks are weighted fol-

lowing a full-count assignment, i.e. we increment the weight of the edge between two

countries for each paper where both countries appear in the affiliations. Networks

are accumulated over time by adding up all edge weights from the beginning of the

analysis, January 2019, up to the focal month. Table 1.2 provides basic statistics on

the accumulating networks.

In total, we identified 205 countries in our papers’ affiliations. We aggregate

the 2019 period to indicate international scientific activity before the pandemic. At

the end of 2019, the accumulated CRR network included 65 countries, with about

500 international co-author ties (edge weights). The accumulated non-CRR network

includes in Dec. 2019 nearly all countries, 201, connected through 490k ties. The

non-CRR network was stable in 2020. Its decreasing growth rate of IRC papers

(Weight % growth) is due to the addition of a relatively constant number of around

50k IRC papers each month.

Looking at CRR network growth in Table 1.2, one may distinguish four phases

during which the CRR network expands in 2020. The first month, January 2020,

may be considered the first phase in which the CRR network grows mostly in terms
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of joint papers (edge weights) and less in terms of collaborating countries entering the

network (nodes). The second phase, from February to April 2020, is characterized by

high growth in terms of both network entrants, around 30 percent growth rate, and

joint collaborations, 119 to 278 percent. In the third phase, from May to July 2020,

network entry slows down considerably. The growth rate of joint collaborations is

very high at the beginning of the phase but slows down from 60 to 22 percent during

this period. In the fourth phase, from August to December 2020, few latecomers

entered the network, and collaboration growth rates stabilized at around ten percent

growth per month.

The CRR growth rate continues to slow down in 2021 and seems to converge to

the non-CRR growth rate in 2022 (see Appendix 1.5.4, Table 1.9)

Table 1.2: International science networks, CRR and non-CRR, accumulated over
months.

CRR network (accumulated), 2019

Jan. Feb. Mar. Apr. May June July Aug. Sept. Oct. Nov. Dec.

Countries 18 26 30 34 40 44 53 53 57 59 64 65

Country % growth 44 15 13 18 10 20 0 8 4 8 2

Edge weights 23 38 74 94 120 142 235 264 300 368 415 481

Weight % growth 65 95 27 28 18 65 12 14 23 13 16

non-CRR network (accumulated), 2019

Jan. Feb. Mar. Apr. May June July Aug. Sept. Oct. Nov. Dec.

Countries 186 193 193 197 198 200 201 201 201 201 201 201

Country % growth 3 0 2 0 1 0 0 0 0 0 0

Edge weights 40.7k 77.6k 120k 157k 199k 238k 283k 322k 365k 411k 451k 490k

Weight % growth 91 54 31 27 20 19 14 13 13 10 9

CRR network (accumulated), 2020

Jan. Feb. Mar. Apr. May June July Aug. Sept. Oct. Nov. Dec.

Countries 69 96 116 150 166 171 175 178 181 182 183 183

Country % growth 6 39 21 29 11 3 2 2 2 1 1 0

Edge weights 641 1.4k 5.3k 16.8k 26.9k 36.9k 44.9k 50.5k 55.9k 62.3k 69.4k 77.4k

Weight % growth 33 119 278 215 60 37 22 12 11 11 11 12

non-CRR network (accumulated), 2020

Jan. Feb. Mar. Apr. May June July Aug. Sept. Oct. Nov. Dec.

Countries 201 201 201 201 202 202 202 202 202 202 202 202

Country % growth 0 0 0 0 0 0 0 0 0 0 0 0

Edge weights 534k 578k 627k 677k 730k 784k 836k 882k 928k 979k 1028k 1078k

Weight % growth 9 8 8 8 8 7 7 6 5 5 5 5
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The first two analyses, Analysis 1 and Analysis 2, aim to shed some light on the

role of different factors in driving national and international CRR output throughout

the pandemic. Contextual factors are obtained from several supplementary datasets:

The national situation during the pandemic is captured through COVID-19 inci-

dences and governmental measures. The COVID-19 Data Repository by the Center

for Systems Science and Engineering (CSSE) at Johns Hopkins University provides

COVID-19 cases and deaths [Dong et al., 2020].14 Social restrictions and interna-

tional travel restrictions are obtained from Hale et al. [2021].15 National economic

data is from the ‘Penn World Table’ [Feenstra et al., 2015]. Finally, national socio-

economic development is proxied by the human development index obtained from

the Human Development Report Office of the United Nations (see hdr.undp.org).

Not all countries observed in the publication data are included in the supplementary

datasets. Due to missing observations, the number of countries was reduced from

205 to 156. All the countries dropped from the sample are small, except for Taiwan

which is dropped because the UN does not provide statistics for Taiwan separately

from China.

The third analysis, Analysis 3, focuses on how the development of global CRR

during the pandemic relates to global non-CRR. That analysis is based only on

publication data and therefore includes all 205 countries.

1.2.3 Analysis 1: National scientific output

1.2.3.1 Variables

CRR. Our dependent variable is the number of CRR papers accumulated from

January 2020 to a given month t′, which we shorthand by (ci,t′). Accumulating

output over months seems reasonable because we are ultimately interested in the

dynamics of scientific activity — not submissions. For example, a paper submitted

in April 2020 may well rely on research conducted from January 2020 to March 2020

and may have been influenced by events during that period (e.g. by the infection

process for which we control; see below). Alternatively, one may consider the outcome

variable as a proxy for the formation of national scientific capacity in CRR during

the pandemic.

14The data has been downloaded from https://github.com/owid/covid-19-data/ in June 2023.
15We use the two data files ‘international-travel-covid.csv’ and ‘stay-at-home-covid.csv’
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Initial scientific capacity. Initial scientific capacity is captured by the accumu-

lated number of CRR (non-CRR) papers up to December 2019, denoted ci,t0 (ni,t0).

Pandemic context. The accumulated number of confirmed deaths associated with

the coronavirus, deathsi,t′−1, may be interpreted as a proxy for research needs and

opportunities. The number of hospitalized cases would be closer to what we have

in mind but is a less reliable statistic. Pandemic policy restrictions may also be

constraining but also inciting research. We include the accumulated number of days

with a requirement not to leave the house (with minimal exceptions), lock-downi,t′−1,

and the number of days with total border closure, border-closedi,t′−1.

Socio-economic context. GDP per capita in 2019, gdpi,t0, (expenditure-based

PPP in 2017 US Dollars), and the human development index in 2019, hdii,t0, serve

to control for country size, economic wealth, and state of development respectively.

International Dependence. The accumulated number of CRR and non-CRR

funded by an International agency or/and other country but not by country i and nor-

malized by the number of papers of country i that have at least one grant, IntDepi,t0.

We take logs (i.e. log(x + 1)) of all variables except for hdi and International

Dependence. The pragmatic argument is that our variables are highly skewed to

the right. Table 1.3 provides basic descriptive statistics of the variables used in the

analysis on national scientific output.
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Table 1.3: Descriptive statistics (Analysis 1)

mean sd min q1 median q3 max obs NAs

bordert′ 3.675 2.142 0 2.565 4.644 5.112 6.830 5,616 156

ci,t′ 4.434 2.434 0 2.708 4.304 6.286 11.034 5,616 0

ci,t0 0.795 1.153 0 0 0 1.171 5.384 5,616 0

deathsi,t′ 4.437 2.641 0 2.418 4.864 6.821 8.806 5,616 156

IntDepi,t0 0.548 0.230 0 0.371 0.540 0.717 1 5,616 0

gdpi,t0 9.404 1.227 5.531 8.514 9.488 10.412 11.635 5,616 0

hdii,t0 0.731 0.152 0.394 0.609 0.749 0.851 0.957 5,616 0

lockedi,t′ 4.143 2.061 0 3.611 4.820 5.629 6.898 5,616 156

ni,t0 6.311 2.306 1.386 4.595 6.100 8.120 12.216 5,616 0

1.2.3.2 Empirical model

The estimating equation is the following linear model:

ci,t′ =β0,t′ + β1,t′ ni,t0 + β2,t′ ci,t0+

β3,t′ deathsi,t′ + β4,t′ lock-downi,t′ + β5,t′ border-closedi,t′+

β6,t′ IntDepi,t0 + β7,t′ gdpi,t0 + β8,t′ hdii,t0 + ǫi,t′

where the ǫi,t′ denotes the error term. The model is estimated with simple OLS

separately for each month t′ in 2020. This allows for varying coefficients over time to

uncover dynamics. Time effects common to all countries, for example, augmenting

the number of papers on open-source platforms, are then naturally accounted for.
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1.2.4 Analysis 2: International research collaboration

1.2.4.1 Variables

Analysis 2 focuses on drivers of bi-national collaboration on CRR. Some variables

describe a single country i (or j) that is part of the dyad, others characterize the dyad

ij. Variables measured before the shock form the initial conditions and are indicated

by a time subscript t0. Variables that vary over the period of the pandemic are

all accumulated over the pandemic (indicated by t′). The reason, again, is that a

mapping from research context to research output within each month is less likely

than a mapping of past and current research context to past and current research

output.

Joint CRR. The dependent variable is the number of CRR papers signed by two

countries i and j between January 2020 up to a given month t′, denoted cij,t′ .

Initial scientific capacity. The number of joint publications in 2019 between both

countries on CRR (cij,t0) and non-CRR (nij,t0) are part of the initial conditions. For

each country, say i, we indicate scientific capacity by the total number of CRR papers

(ci,t0) and non-CRR papers (ni,t0). In the link formation context, these measures may

be interpreted as factors that help to attract or initiate collaborations. In addition,

the combination of health science competence is indicated by the sum (ni,t0 + nj,t0)

and absolute difference (|ni,t0 − nj,t0|). These two factors indicate whether pooled

health science capacity in the dyad is high (ni,t0 +nj,t0) and to what extent scientific

capacity is equally distributed among the partners (|ni,t0 − nj,t0|).

Pandemic context. The relative pandemic situation of both countries is indi-

cated by taking into account the accumulated number of COVID-19-related deaths

(deathi,t′−1), number of days under lock-down (lockedi,t′−1), and number of days with

closed borders (closedi,t′−1). Lock-down and closed borders of a country may hinder

the initiation or maintenance of international collaboration. Therefore, we keep these

variables as individual factors. The number of deaths approximates the number of

COVID-19 cases in the country on which research may be conducted. Therefore,

we sum cases over the dyad (deathi + deathj), and take into account their absolute

difference |deathi−deathj|. If for example the sum is positively correlated with joint

CRR, while the absolute difference is negatively correlated with CRR, then countries

60



ON THE GLOBAL HEALTH SCIENCE RESPONSE TO COVID-19

with few cases would interact with countries having many cases. Potential expla-

nations for such an observation could be international solidarity but also resource

interdependence.

Socio-economic context. Economic wealth and development are indicated by

gdp per capita (gdpi,t0) and the Human Development Index (hdii,t0) respectively.

The discussion on core-periphery processes creates an interest in understanding to

what extent developed (developing) countries interact among and with each other.

Again, the sum and absolute difference of the partners’ characteristics provide some

indication; leading to the four composite variables gdpi + gdpj, |gdpi − gdpj|, hdii +

hdij, |hdii − hdij|.

Geographical space. The literature is clear in that there is a geographical bias

in IRC link formation (see Section Background above). Therefore we control for the

geographic distance between two countries, distanceij, measured by the distance (in

km) of the countries’ geographic centers. Another control same region ij indicates

whether two countries are located in the same world region, i.e. continent as defined

by the World Bank Development Indicators.

Country dependence. We calculate the normalized absolute difference between

the number of papers co-authored by both i and j, which are exclusively funded

by i (and other countries/institutions but not j) and exclusively funded by j (and

other countries/institutions but not i) in 2019. This difference is divided by the total

number of papers in 2019 coauthored by i and j with at least one grant, Depij,t0.
16

We take logs (i.e. log(x + 1)) of all independent variables except for hdi and

Country dependence.

Table 1.4 provides basic descriptive statistics of the variables used in the analysis

of international scientific output.

16One limitation is that we do not differentiate between equal partnership and its absence.
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Table 1.4: Descriptive statistics (Analysis 2)

mean sd min q1 median q3 max obs NAs

closedi,t′ 5.858 4.759 0 0 8.603 9.946 13.657 876,096 0

cij,t′ 13.146 252.097 0 0 0 0 47,259 876,096 0

ci,t0 0.613 1.447 0 0 0 0 10.760 876,096 0

cij,t0 0.023 0.176 0 0 0 0 5.204 876,096 0

Depij,t0 0.015 0.093 0 0 0 0 1 876,096 0

|gdpi − gdpj| 9.388 1.530 0 8.722 9.686 10.444 11.632 876,096 0

gdpi + gdpj 10.396 0.849 6.222 9.831 10.556 11.018 12.328 876,096 0

Distance 8.613 1.030 0 8.276 8.820 9.218 9.898 876,096 0

|hdii − hdij| 0.173 0.127 0 0.068 0.148 0.257 0.563 876,096 0

hdii + hdij 1.461 0.215 0.788 1.313 1.472 1.628 1.914 876,096 0

lockedi,t′ 7.161 4.665 0 0 9.222 10.755 13.793 876,096 0

ni,t0 12.596 3.285 2.303 10.205 12.489 14.854 24.432 876,096 0

nij,t0 1.427 1.678 0 0 1.099 2.303 11.965 876,096 0

Sameregion 0.247 0.431 0 0 0 0 1 876,096 0

|deathi − deathj| 7.549 3.480 0 5.784 8.321 9.947 13.885 876,096 0

deathi + deathj 8.047 3.412 0 6.621 8.857 10.335 14.578 876,096 0

1.2.4.2 Empirical model

The empirical model is essentially a gravity model, where the interaction intensity be-

tween two countries (here the number of joint CRR papers) depends on the countries’

distance and further relational factors. The model is common in spatial scientomet-

rics [Frenken et al., 2009] and has been applied in the same form by Hoekman et al.

[2009].

In detail, we estimate a zero-inflated negative binomial model in order to take

into account the fact that many countries do not have any joint CRR paper. The
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model combines the negative binomial count density with a binary process17 to model

excess zeros in the outcome [see e.g. Cameron and Trivedi, 2005, p.681].18

The first part of the model, termed the zero-model, models the binary process

of two countries i and j having no joint CRR papers. The linear predictor of the

zero-model includes the typical ingredients of a gravity model:

p = Pr [cij,t′ = 0|γ] = logit(γ0 + γ1 log(ni,t0 + nj,t0)+

γ2 log(|ni,t0 − nj,t0|)+

γ3 log(|ci,t0 − cj,t0|) + γ4 log(|ci,t0 − cj,t0|)+

γ5 log(distanceij) + γ6same regionij) ,

where (ni,t0 + nj,t0) captures the joint weight of the two countries in ‘health

sciences’, and (|ni,t0 − nj,t0|) their absolute difference. Geographical proximity is

captured by distanceij and the same regionij dummy. With probability (1 − p) the

count density applies with expectation

E [cij,t′ |β] = exp(β0) c
β1

ij,t0 n
β2

ij,t0 (ci,t0cj,t0)
β3 (ni,t0nj,t0)

β4×

(di,t′−1 + dj,t′−1)
β5 (|di,t′−1 − dj,t′−1|)

β6 ×

(gdpi,t0 + gdpj,t0)
β7

(

|gdpi,t0 − gdpj,t0|
)β8 ×

lockedβ9

i,t′−1 closed
β10

i,t′−1 distance
β11

ij exp(β12same regionij)×

exp(β13(hdii,t0 + hdij,t0)) exp(β14 (|hdii,t0 − hdij,t0|)) exp(β15Depij,t0) ,

where exp(β0) is a scaling factor (the intercept). Individual variables are intro-

duced above but some notes on the model structure are in order. First, the model

allows for a lasting impact of an established relation in non-CRR and CRR through

(nij,t0, cij,t0). Second, countries may ‘attract’ IRC through their research competen-

cies (ni,t0,ci,t0). Because this effect is symmetric (the relationship ij is the same as

ji), we enforce the same coefficient for i and j. Control variables are entered such

that they capture the joint ‘mass’ of the partners as well as their absolute differ-

ences. For example scientific interaction may be driven by countries having many

17We chose a logit model.
18The choice of the negative binomial density over a Poisson density is supported by a strong

and significant estimate of the variance related parameter.
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COVID-19 cases in sum (di,t′−1+dj,t′−1), but also if one country has many more cases

than the other (|di,t′−1 − dj,t′−1|). The former can be interpreted as a common pool

of resources (or incentives), and the second captures dyadic interdependence due to

inequality in resources.19 Third, we introduce geographic distance and same region

indicators in the count model because geographic proximity is susceptible to driving

whether and how much research is conducted jointly.

The zero model is kept relatively light, in the form of a basic gravity model, for

the following reasoning. First, one may interpret the zero model as the potential

to collaborate in the health sciences as such. This is mostly an issue of mutual

(or one-sided) awareness driven by a combination of global visibility and geographic

distance. Given awareness, the intensity of joint CRR may then be determined by

various factors capturing the needs and benefits of collaboration. There is also a

more pragmatic argument. The two-step process is an artificial interpretation of the

model. In fact, we deal here with one convolution of densities determined by all the

factors we consider at once. In this sense, separating factors into different parts helps

clarify individual factors’ overall contribution to the outcome.

The link formation model is estimated on dyadic data which by construction may

result in network correlation of errors. In general, correlated errors maintain unbi-

asedness and consistency of coefficient estimates, but create a downward bias of the

estimated standard deviations of coefficient estimates. The reason is essentially that

network dependence of observations reduces the information content compared to

independent observations (which is assumed by standard estimators). Most of the

dependence across dyad observations can be expected from repeated observations

for the same individual countries. The Multiple Regression Quadratic Assignment

Procedure (MRQAP) therefore creates a Null distribution through random permu-

tation of rows and columns of the adjacency matrix (in effect a random re-labeling

of nodes in the network). In principle, there are different ways to implement the

idea of MRQAP (Decker et al., 2007). In our case, the preferred choice is to permute

one right-hand-side factor, keeping everything else fixed, to generate the distribution

of the z-statistic (coefficient estimate divided by its standard deviation) under the

Null hypothesis that the right-hand-side factor is not systematically related to the

outcome controlling for all other factors.20 In the results, we report the estimated

19We tried various ways of introducing country-specific factors into the model and found this
formulation to be the most compelling (in terms of fit and reasoning).

20There are pros and cons to the different ways of implementing MRQAP. The simplest way
would be to permute the outcome but that has the disadvantage to create a distribution under
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z-value together with significance levels of one-sided tests based on the Null distri-

bution of z-values from permutation.

1.2.5 Analysis 3: Convergence to global health science

The COVID-19 shock changed dramatically the global distribution of CRR. Because

the global health science system responded in a very short time, CRR during the

pandemic must have built essentially on resources developed before the outbreak.

Therefore it seems reasonable that the global structure of CRR during the pandemic

converges to the pre-pandemic global structure of health sciences. We investigate this

hypothesis by looking at i) national scientific output, ii) countries’ network centrality

in the IRC network, and iii) IRC network structure.

1.2.5.1 National scientific output

For each month in our period, we create a ranking of countries based on CRR output

(ci,t) and non-CRR output (ni,t) respectively. We speak of convergence in national

scientific output when the two rankings become more similar over time. Similarity

is captured by the rank correlation coefficient τX , as described in Emond and Mason

[2002]. This statistic is similar to Kendall’s τ , except that it handles ties the same as

dominant relationships (entering 1 and not 0 in the dominance matrix). In principle,

this is favorable in case of many ties in the rankings, as we have in Corona pre-

COVID-19 research; but does not affect the results. A 90 percent confidence interval

around τX is then obtained by a traditional jackknife, or leave-one-out, approach as

described for example in Abdi [2013].

1.2.5.2 Network centrality

The international science network is highly hierarchical, and network centrality cap-

tures the position of a country within that hierarchy. Therefore, we ask ‘How does

the null that no factor is relevant. Furthermore, our (non-linear) model fails to converge if the
model does not fit the data, which is almost always the case when the outcome is permuted. Per-
mutation of error terms after partialing is a common alternative but is only valid under relatively
strict assumptions on the error term which are unlikely to be met in our model as it is a convo-
lution of two different distributions. Our preferred alternative of permuting individual right-hand
side factors has the disadvantage of breaking existing correlations with other right-hand side
factors. The effect seems however to be bearable if a pivotal statistic is used, as we do [Dekker
et al., 2007].
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network centrality of countries in the CRR network align with their centrality in the

overall health science network?’

The international science network can be safely said to exhibit a core-periphery

structure. Therefore, network centrality is appropriately captured through s-core

decomposition [Eidsaa and Almaas, 2013]. The s-core decomposition identifies sets

of nodes that are heavily connected to each other. Together they form the network

core(s). Roughly, the algorithm starts from the complete network and proceeds by

iterative removal of the least connected node in the remaining network. The s-core

is the strength of the node in the remaining network at the time of removal. To

compare different networks over time, we normalize the s-core by the maximum s-

core in the network. The s-core ranges from 0 for isolates in the network, to 1 for

highest core members. S-cores are measured for each country every month on the

CRR network and the non-CRR network respectively. As the difference between the

s-cores decreases, hierarchies converge.

1.2.5.3 Network structure

Convergence in network structure is first investigated by correlating the CRR adja-

cency matrix with the non-CRR adjacency matrix every month. The weights in the

adjacency matrix are in logs because they are highly skewed — many countries do

not collaborate (zero entry) and some do heavily (many joint papers). Statistical

significance of correlations is obtained through the Quadratic Assignment Procedure

(QAP). The QAP test creates a null distribution through the re-labeling of nodes

in one network; maintaining the structure of the networks. The correlation analysis

tells us whether the CRR and non-CRR networks become more similar over time.

In a second step, we investigate in which aspects the CRR network differs from

the non-CRR network. The background section highlights network hierarchy and

communities as two salient features in IRC networks. This is what we focus on.

Hierarchy is captured by the largest absolute eigenvalue of the adjacency matrix,

say λ. More hierarchical networks tend to have a higher largest eigenvalue. It

has been shown that the largest eigenvalue is maximal for nested-split graphs. A

nested-split graph is a specific type of hierarchical network, in which the most central

node connects to all other nodes, and less central nodes connect to subsets of alters

of more central nodes. Interestingly, nested-split graphs emerge in network games

where payoffs are strategic complements in effort levels [König et al., 2014], which is

a reasonable assumption for science networks.
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We measure λ on the accumulating CRR network for each month from January

2019 to December 2020. The value of λ in itself is not very telling as it depends on

various features of the network; most importantly network size. For interpretation, it

is, therefore, useful to compare this statistic to a network null model to see whether

the network of interest is more or less hierarchical as the null network. Most studies

create a null distribution of networks by fixing some aspects of the focal network, e.g.

network size and degree distribution, and randomize the rest. Our interest is in how

the CRR network structurally deviates from the non-CRR network. Therefore we

use the non-CRR network formed in 2019 to generate our null distribution. In detail,

one realization s is obtained by drawing links uniformly at random with replacement

from the non-CRR network until a network is created of the same size (same number

of links, and hence same total strength) as the CRR network. Each realization

yields a statistic λs. We draw 100 realizations to obtain the null distribution for our

statistics. Based on the null distribution, we calculate the z-value for the largest

eigenvalue λ, as zλ = λcrr−Ê[λs]

ŝd(λs)
. A statistic zλ above (below) zero indicates that the

CRR network is more (less) hierarchical than would be expected by the structure of

the prior non-CRR network.

Network communities are commonly thought of as subsets of nodes with relatively

strong interaction. IRC networks feature communities due to scientists’ tendency

to collaborate with other scientists that are somewhat close in space; with space

broadly defined as scientific, geographical, cultural, etc. (see Section Background).

The hypothesis we wish to test is that during the pandemic the accumulating CRR

network converges towards the same community structure as the prior non-CRR

network. The outline of our empirical approach is as follows: In a first step, we

detect communities in the prior non-CRR network. This becomes our reference

community structure, say benchmark. Then, for each month in the observation

period, we measure how well the accumulating CRR network ‘fits’ that benchmark.

As in the hierarchy analysis, we account for varying network sizes over time and

across networks by creating a null distribution through resampling from the non-

CRR network. We discuss the details in the following.

Community detection in the prior non-CRR network follows closely the proce-

dure of Fitzgerald et al. [2021]. The main idea is to find a network partition that

maximizes some network modularity statistic, say Q. Newman [2004b] proposed a

statistic that measures to what extent nodes belonging to the same community form
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ties beyond what would be expected based on their link strength alone.21 Reichardt

and Bornholdt [2006] proposed multiple generalizations known as the spin-glass al-

gorithm. Among others, they introduce a parameter γ for tuning the resolution of

the network partition. A smaller (higher) γ tends to yield less (more) clusters. For

γ = 1 the objective function coincides with Newman’s network modularity measure

[Newman, 2004b]. We use that extension. The optimization is done through simu-

lated annealing (as implemented in the R-package ‘igraph’). Simulated annealing is a

stochastic optimization algorithm and hence may provide different partitions for the

same data and parameter settings. This is actually useful, because the robustness of

communities for a given parameter γ across multiple optimizations signals whether

communities are well identified. We search a robust and informative community

partitioning through a grid search on γ. Appendix 1.5.3 details how.

Figure 1.3: Communities in 2019

Notes: Communities in the 2019 non-CRR network from spin-glass algorithm with tuning parameter
γ = 1.2; the reference community structure for Analysis 3.3.

Figure 1.3 displays a partition of the 2019 non-CRR network for γ = 1.2. It is

remarkable how similar that partitioning is to the partitioning obtained by Fitzgerald

et al. [2021, Fig.5b] based on all Scopus publications in 2015. The map displays seven

communities with numbers ordered by the average network strength of their members

(Appendix 1.5.3 lists the countries belonging to each community). Community 1 is a

global community that includes most importantly the US, China, Great Britain, and

Japan. All other communities cover world regions. Roughly, Community 2 covers

Central Europe, Community 3 Northern Europe, Community 4 includes only Israel,

21In some sense, the null model here is a simple gravity model based on only node size. In
the prior IRC literature, a similar normalization has been applied by calculating Salton’s mea-
sure, i.e. observed strength of interaction between two nodes divided by the product of the nodes
network strength. Salton’s measure revealed in particular country preferences of interaction, re-
vealing the role of distance in IRC.
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Jersey, and Montserrat, Community 5 spans East Europe and Russia, Community

6 corresponds to South America, and Community 7 covers Africa and the Middle

East.

This partition is used in the analysis as the benchmark for the accumulating

CRR network. For each month in the observation period, we calculate the modular-

ity statistic on the accumulating CRR network (Qcrr) on the benchmark partitioning

obtained in the previous step on the non-CRR network. In addition, multiple resam-

ples are obtained from the non-CRR network such that each resample s has the same

size (w.r.t. total edge weights) as the current CRR network. As for the CRR net-

work, we calculate for each resample of the non-CRR network a modularity statistic,

Qs. This provides us a z-value, i.e. zQ = Qcrr−Ê[Qs]

ŝd(Qs)
. If the z-value is high (low) we

can say that the CRR network fits well (badly) the community structure of the 2019

non-CRR network.

1.3 Results

1.3.1 National scientific output

Tables 1.5, 1.10, and 1.11 present the regression analyses concerning the cumulative

count of national CRR papers for each month in 2020, 2021, and 2022 respectively.22

The correlation between the pre-pandemic CRR (ct0) and our dependent variables

is notably positive and significant, while the pre-pandemic non-CRR (nt0) shows no

effect. However, this trend undergoes a reversal within the initial pandemic months as

the CRR gains traction. During this phase, the broader health science capacity (nt0)

emerges as the predominant factor influencing CRR output. The significance of CRR-

specific experience gradually wanes, giving way to the prominence of pre-pandemic

non-CRR (nt0) and the count of COVID-19-related deaths (deathst′). Remarkably,

these patterns persist through 2021 and 2022, but a negative aspect arises in terms

of international dependence on accumulated CRR output (IntDepi,t0). While this

variable exhibited a positive influence only in March 2020, potentially questioning the

22We conducted robustness checks by excluding both the US and China, and also by introduc-
ing and eliminating variables such as HDI and Population size. Our rationale for excluding China
lies in the ongoing debate surrounding reported death numbers, as we aimed to prevent potential
bias in our findings. Simultaneously, due to their substantial research output, the USA and China
could introduce a bias towards nullifying the impact of variables. Although the detailed outcomes
are not presented here to maintain clarity, it’s important to note that the results remained stable
throughout all the conducted tests, confirming the robustness of our findings.
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robustness of the result, it consistently assumes a negative and significant role in 2021

and 2022. This phenomenon can be attributed to the initial urgency of the situation,

during which pre-existing funding was redirected in response to the pressing demands,

thereby mitigating the country’s international dependence on output. Subsequently,

in 2021 and 2022, as the initial funds that were shifted disappeared, larger countries

reduced collaborative research funding with foreign actors. This shift implies that

countries dependent on international funding exhibit lower output due to diminished

opportunities for funding support once the system relied heavily on new COVID-19-

specific projects. Other Socioeconomic context variables seem to have no effect on

scientific output
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Table 1.5: Accumulated number of CRR papers (ct′) in 2020 (all variables in logs, standardized to zero mean and one std.dev., 156
countries).

Jan. Feb. Mar. Apr. May June July Aug. Sept. Oct. Nov. Dec.

‘20 ‘20 ‘20. ‘20 ‘20 ‘20 ‘20 ‘20 ‘20 ‘20 ‘20 ‘20

nt0 0.021 0.172∗∗∗ 0.501∗∗∗ 0.713∗∗∗ 0.795∗∗∗ 0.860∗∗∗ 0.874∗∗∗ 0.902∗∗∗ 0.916∗∗∗ 0.925∗∗∗ 0.924∗∗∗ 0.935∗∗∗

(0.021) (0.044) (0.041) (0.060) (0.067) (0.060) (0.058) (0.062) (0.062) (0.061) (0.053) (0.053)

ct0 0.601∗∗∗ 0.725∗∗∗ 0.550∗∗∗ 0.284∗∗ 0.194 0.111 0.107 0.072 0.058 0.035 0.025 0.015

(0.061) (0.085) (0.079) (0.135) (0.149) (0.128) (0.131) (0.120) (0.114) (0.113) (0.120) (0.121)

Int−Dept0 −0.162 −0.075 0.068∗∗∗ 0.079 0.076 0.177 0.082 0.102 0.120 0.134 0.036 0.005

(0.197) (0.139) (0.022) (0.095) (0.073) (0.126) (0.149) (0.141) (0.130) (0.106) (0.157) (0.163)

deathst′ 0.024 0.029 0.066∗ 0.073∗∗∗ 0.078∗∗∗ 0.079∗∗∗ 0.080∗∗∗ 0.062∗∗∗ 0.045∗∗

(0.021) (0.024) (0.034) (0.021) (0.009) (0.008) (0.010) (0.011) (0.019)

border − closedt′ 0.035 0.004 −0.003 0.002 0.005 0.006 −0.0001 −0.005 −0.003

(0.042) (0.023) (0.019) (0.021) (0.022) (0.025) (0.024) (0.020) (0.019)

lock − downt′ 0.046∗ 0.070 0.072∗ 0.060 0.061 0.057 0.055 0.058 0.053

(0.027) (0.043) (0.041) (0.044) (0.050) (0.048) (0.045) (0.040) (0.036)

gdpt0 −0.054 0.003 0.026 0.155 0.094 0.133 0.154 0.202 0.226 0.229 0.214 0.220

(0.051) (0.150) (0.191) (0.238) (0.226) (0.261) (0.275) (0.270) (0.271) (0.272) (0.240) (0.253)

hdit0 −0.032 −0.830 −0.931 −1.357 −1.337 −2.026 −2.285 −2.616 −2.866 −2.825 −2.687 −2.717

(0.088) (1.212) (1.599) (2.015) (1.898) (1.999) (2.180) (2.151) (2.154) (2.162) (1.961) (2.131)

R2 0.772 0.817 0.892 0.923 0.923 0.934 0.934 0.941 0.945 0.947 0.948 0.946

Notes: Recall from Section 1.2.3 that ct0 and nt0 proxy initial scientific capacity in CRR and non-CRR respectively. The main finding is that correlation

of ct0 with CRR output starts off high but decreases as nt0 takes over the main explanatory power. There is some support that national pandemic severity

(deathst′ , lockedt′) are positively, and economic development (hdit0) is negatively associated with CRR by the second half of 2020.
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1.3.2 International research collaboration

Estimation results presented in Tables 1.6, 1.12, and 1.13 provide information on

the dynamics of joint CRR over the pandemic, taking into account various factors.23

Regressions of the accumulated number of joint CRR papers start in January 2020

and are estimated separately for each month up to December 2022. The discussion

below focuses on coefficient estimates.

The zero model (lower part of the table) estimates the probability of having no

joint CRR. The sum of non-CRR papers in 2019 (ni,t0 +nj,t0) is negative and highly

significant, meaning that chances increase to have at least one joint CRR paper

during our period. Absolute difference in non-CRR papers is positive and highly

significant, inequality makes it less likely to work together. These 2 results can be

explained by a reputation-based mechanism, wherein prominent countries tend to

collaborate with other well-established and visible counterparts. The same result

is found for CRR showing an IRC dependence on both global health capacity and

Coronavirus related research. Geographic distance plays a significant role as such,

but being in the same region is negatively related to having no joint CRR. Inter-

regional collaboration is one lever used by countries in order to tackle the urgency of

the pandemic. Looking at the count model of the intensity of dyadic CRR. Past joint

non-CRR papers (nij,t0) are one the main factor that drives future CRR collaboration

and is consistent across all of our period. Inversely, past joint CRR papers (cij,t0)

had a negative and significant impact starting in April demonstrating a willingness

of countries that participated in past CRR to either work with new collaborators or

to share knowledge with new entrants. Once past dyadic interaction is taken into ac-

count, large health science capacity (ni,t0) plays no role in the collaboration formation

CRR. Although there seems to be a small positive effect of Coronavirus capacities

(ci,t0) at the end of 2020, this effect dies out really quickly. The positive effect of

the sum of the number of deaths (deathi + deathj) can be explained by a mutual

national incentive to do research on CRR while the, sometimes significant, negative

effect of the absolute difference (|deathi − deathj|) shows collaboration between a

heavily affected country and relatively not affected country meaning that other rea-

son than national incentive plays a role. We posit that the observed positive impact

linked to the cumulative number of days of lockdown (lockedi,t′), along with the lack

of significance of border closure (borderi,t′), might indicate that domestic restrictions

23The same robustness check was done as for analysis 1 and the results were consistent across
specification
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can hinder in-person interactions with colleagues. Consequently, individuals might

opt to collaborate remotely with international coauthors when presented with the

choice. The negative impact of interdependence between two countries (depij,t0) dur-

ing the initial phases of the pandemic might indicate that collaborations are less

probable when funding is disproportionately skewed in one direction. Future CRR

collaborations are more likely to occur when there is a balanced partnership. Such

circumstances could potentially have an adverse effect on research output if a nation

is accustomed to being the partner with less funding originally. The initial positive

impact of the absolute difference of GDP per capita (|gdpi − gdpj|) during the early

months of the pandemic, which subsequently shifts to a positive effect of the sum

of GDP per capita (gdpi + gdpj), might indicate an inclination of wealthier nations

towards smaller and emerging economies and their research efforts. This preference

could exist until larger countries adjust to the impact of the COVID-19 shock, at

which point the ”rich-get-richer” phenomenon becomes the prevailing pattern within

this research ecosystem. Interestingly there is some sign that developing countries

collaborate with each other (negative hdii + hdij), but not particularly with more

advanced countries (negative |hdii − hdij|). Finally, Distance and Region seem to

play no role in the intensity of IRC. Combined with the zero model result this could

indicate that distance (outside of the regional aspect) plays a negative role in their

first interaction but is then subsequently insignificant once the relation is already

existing.
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Table 1.6: Zero-inflated negative binomial model of (accumulated) joint coronavirus related papers (cij,t′) during the pandemic, est. coefficient (z-
value, p-value)

Jan. 20 Feb. 20 Mar. 20 Apr. 20 May 20 Jun. 20 Jul. 20 Aug. 20 Sep. 20 Oct. 20 Nov. 20 Dec. 20

Count-model

nij,t0 1.066∗∗∗ 1.256∗∗∗ 0.871∗∗∗ 0.965∗∗∗ 1.042∗∗∗ 1.036∗∗∗ 1.051∗∗∗ 1.041∗∗∗ 1.038∗∗∗ 1.022∗∗∗ 1∗∗∗ 0.973∗∗∗

(5.875, 0) (13.385, 0) (19.551, 0) (34.568, 0) (39.285, 0) (41.406, 0) (41.993, 0) (41.521, 0) (41.765, 0) (40.329, 0) (39.669, 0) (40.28, 0)

cij,t0 0.178 0.173 -0.07 -0.182∗ -0.219∗∗∗ -0.215∗∗∗ -0.23∗∗∗ -0.218∗∗∗ -0.222∗∗∗ -0.199∗∗∗ -0.174∗∗∗ -0.149∗

(1.133, 0.1) (1.617, 0.1) (-1.279, 0.333) (-4.056, 0.033) (-4.746, 0) (-4.869, 0) (-5.149, 0) (-4.939, 0) (-5.236, 0) (-4.76, 0) (-4.31, 0) (-3.874, 0.033)

ni,t0 -0.343∗∗∗ -0.235 0.25∗∗∗ 0.104 0.053 0.017 0.015 0.01 0 -0.013 -0.025 -0.012

(-2.079, 0) (-2.928, 0.067) (6.152, 0) (4.371, 0.067) (2.507, 0.133) (0.885, 0.6) (0.808, 0.733) (0.525, 0.8) (0.014, 1) (-0.745, 0.667) (-1.437, 0.4) (-0.721, 0.6)

ci,t0 0.236 0.036 -0.017 0.009 0.011 0.018 0.027 0.033 0.04∗ 0.042∗ 0.045∗ 0.037∗

(2.447, 0.067) (0.883, 0.6) (-0.91, 0.567) (0.714, 0.767) (0.976, 0.6) (1.737, 0.4) (2.661, 0.1) (3.343, 0.1) (4.257, 0.033) (4.578, 0.033) (5.032, 0.033) (4.316, 0.033)

deathi + deathj 1.024 -0.053 0.032 0.015 0.045 0.06 0.047 0.088∗ 0.094 0.119∗∗∗ 0.13∗∗∗

(0.073, 0.967) (-0.342, 0.833) (1.056, 0.6) (0.519, 0.7) (1.795, 0.267) (2.442, 0.2) (2.209, 0.233) (3.833, 0.033) (4.342, 0.067) (5.489, 0) (6.207, 0)

|deathi − deathj | -0.888 0.03 -0.041 -0.016 -0.023 -0.031 -0.016 -0.036 -0.03 -0.043 -0.056

(-0.064, 1) (0.196, 0.867) (-1.673, 0.6) (-0.674, 0.667) (-1.165, 0.6) (-1.563, 0.3) (-0.975, 0.633) (-1.972, 0.167) (-1.802, 0.4) (-2.549, 0.133) (-3.486, 0.133)

locked
i,t′

0.046∗∗∗ 0.022 0.033∗∗∗ 0.033∗∗∗ 0.035∗∗∗ 0.031∗∗∗ 0.036∗∗∗ 0.036∗∗∗ 0.033∗∗∗ 0.03∗∗∗

(0.648, 0) (3.266, 0.1) (6.768, 0) (8.107, 0) (8.979, 0) (7.68, 0) (9.086, 0) (9.72, 0) (9.38, 0) (8.975, 0)

closed
i,t′

-0.001 -0.001 -0.003 0.003 0.003 -0.001 -0.002 -0.006 -0.003

(-0.133, 0.9) (-0.121, 1) (-0.68, 0.767) (0.822, 0.7) (0.737, 0.833) (-0.302, 0.867) (-0.655, 0.733) (-1.739, 0.4) (-1.124, 0.533)

Depij,t0 -0.846∗ -0.421 -0.669∗∗∗ -0.599∗∗∗ -0.499∗ -0.567∗∗∗ -0.607∗∗∗ -0.548∗ -0.589∗∗∗ -0.633∗∗∗ -0.65∗∗∗ -0.619∗∗∗

(-2.017, 0.033) (-1.587, 0.133) (-5.384, 0) (-6.364, 0) (-4.978, 0.033) (-6.112, 0) (-6.712, 0) (-6.243, 0.033) (-6.972, 0) (-7.653, 0) (-8.003, 0) (-7.938, 0)

gdpi + gdpj -0.571 0.416 0.363 0.233 0.185 0.209 0.283 0.33∗∗∗ 0.347∗∗∗ 0.358∗∗∗ 0.388∗∗∗ 0.421∗∗∗

(-0.923, 0.407) (1.512, 0.267) (2.595, 0.133) (2.611, 0.367) (2.309, 0.167) (2.852, 0.167) (3.94, 0.067) (4.639, 0) (5.031, 0) (5.319, 0) (5.886, 0) (6.621, 0)

|gdpi − gdpj | 0.023 0.119 0.053 0.067∗∗∗ 0.072∗∗∗ 0.066∗∗∗ 0.064∗∗∗ 0.06 0.056∗∗∗ 0.05 0.043 0.045∗∗∗

(0.191, 0.833) (2.037, 0.1) (2.106, 0.367) (3.823, 0) (4.324, 0) (4.354, 0) (4.29, 0) (4.06, 0.1) (3.927, 0) (3.645, 0.067) (3.186, 0.133) (3.49, 0)

hdii + hdij -1.662 -4.18∗ -2.843∗∗∗ -1.881∗∗∗ -1.857∗∗∗ -1.873∗∗∗ -2.293∗∗∗ -2.55∗∗∗ -2.491∗∗∗ -2.437∗∗∗ -2.542∗∗∗ -2.688∗∗∗

(-0.668, 0.6) (-3.962, 0.033) (-5.232, 0) (-5.326, 0) (-5.772, 0) (-6.331, 0) (-7.904, 0) (-8.866, 0) (-8.952, 0) (-8.984, 0) (-9.594, 0) (-10.566, 0)

|hdii − hdij | 1.147 -1.514 -1.52 -2.166∗∗∗ -1.918∗∗∗ -1.957∗∗∗ -2.047∗∗∗ -2.11∗∗∗ -1.952∗∗∗ -1.825∗∗∗ -1.771∗∗∗ -1.825∗∗∗

(0.621, 0.6) (-1.776, 0.267) (-3.528, 0.067) (-7.451, 0) (-7.129, 0) (-7.923, 0) (-8.444, 0) (-8.78, 0) (-8.363, 0) (-7.97, 0) (-7.94, 0) (-8.511, 0)

distance 1.21∗∗∗ 0.278∗∗∗ 0.009 0.067 0.081 0.077 0.069 0.068 0.043 0.042 0.046 0.059

(4.136, 0) (2.992, 0) (0.217, 0.9) (2.444, 0.3) (3.222, 0.067) (3.389, 0.067) (3.111, 0.067) (3.109, 0.133) (2.038, 0.3) (2.047, 0.233) (2.288, 0.233) (3.09, 0.067)

sameregion 1.298∗ 0.055 -0.033 -0.059 -0.051 -0.107∗ -0.116∗ -0.111∗ -0.106∗ -0.083∗ -0.084 -0.065

(2.908, 0.033) (0.323, 0.7) (-0.436, 0.633) (-1.176, 0.3) (-1.09, 0.333) (-2.483, 0.033) (-2.761, 0.033) (-2.698, 0.033) (-2.637, 0.033) (-2.119, 0.033) (-2.212, 0.067) (-1.779, 0.133)

log(θ) 10.678 0.819∗∗∗ 1.695∗∗∗ 1.718∗∗∗ 1.491∗∗∗ 1.544∗∗∗ 1.505∗∗∗ 1.527∗∗∗ 1.623∗∗∗ 1.671∗∗∗ 1.736∗∗∗ 1.819∗∗∗

(0.148, 0.882) (3.568, 0) (12.922, 0) (19.936, 0) (20.076, 0) (21.726, 0) (21.98, 0) (22.085, 0) (23.231, 0) (23.356, 0) (25.254, 0) (27.879, 0)

Zero-model

ni,t0 + nj,t0 0.018 -1.94∗∗∗ -5.765∗∗∗ -4.861∗∗∗ -4.667∗∗∗ -4.339∗∗∗ -4.505∗∗∗ -4.412∗∗∗ -4.332∗∗∗ -4.02∗∗∗ -3.671∗∗∗ -3.512∗∗∗

(0.031, 1) (-3.073, 0) (-3.989, 0) (-11.221, 0) (-13.786, 0) (-16.201, 0) (-16.998, 0) (-17.756, 0) (-17.896, 0) (-18.67, 0) (-19.667, 0) (-20.38, 0)

|ni,t0 − nj,t0| -0.198 0.062 3.301∗ 1.734∗∗∗ 1.796∗∗∗ 1.749∗∗∗ 1.853∗∗∗ 1.811∗∗∗ 1.794∗∗∗ 1.678∗∗∗ 1.498∗∗∗ 1.41∗∗∗

(-0.677, 0.533) (0.188, 0.767) (2.758, 0.034) (5.74, 0) (8.256, 0) (10.721, 0) (11.958, 0) (12.971, 0) (13.347, 0) (14.052, 0) (14.432, 0) (14.745, 0)

ci,t0 + cj,t0 -2.29∗ 0.13 -0.106 0.318 -0.264 -0.643 -0.731∗∗∗ -0.705∗∗∗ -0.722∗∗∗ -0.813∗∗∗ -0.899∗∗∗ -0.899∗∗∗

(-3.093, 0.038) (0.162, 0.862) (-0.157, 0.9) (1.017, 0.633) (-1.093, 0.6) (-3.229, 0.1) (-3.894, 0) (-4.006, 0) (-4.246, 0) (-5.13, 0) (-6.064, 0) (-6.355, 0)

|ci,t0 − cj,t0| 1.149∗∗∗ -1.15 -0.209 0.218 0.613∗∗∗ 0.873∗∗∗ 0.93∗∗∗ 0.893∗∗∗ 0.873∗∗∗ 0.951∗∗∗ 1.051∗∗∗ 1.096∗∗∗

(2.548, 0) (-1.723, 0.2) (-0.378, 0.7) (0.827, 0.567) (2.998, 0) (5.204, 0) (5.954, 0) (6.162, 0) (6.289, 0) (7.398, 0) (8.856, 0) (9.765, 0)

distance 2.34∗∗∗ -0.222 0.149 0.757∗∗∗ 0.936∗∗∗ 0.888∗∗∗ 0.938∗∗∗ 0.881∗∗∗ 0.886∗∗∗ 0.857∗∗∗ 0.769∗∗∗ 0.754∗∗∗

(3.324, 0) (-0.379, 0.767) (0.496, 0.467) (4.319, 0) (6.928, 0) (8.351, 0) (9.211, 0) (9.143, 0) (9.499, 0) (9.913, 0) (9.717, 0) (10.06, 0)

sameregion 2.76∗∗∗ -5.785∗∗∗ -5.45∗∗∗ -2.396∗∗∗ -2.371∗∗∗ -2.093∗∗∗ -2.034∗∗∗ -2.081∗∗∗ -2.024∗∗∗ -1.793∗∗∗ -1.637∗∗∗ -1.546∗∗∗

(2.801, 0) (-3.567, 0) (-4.52, 0) (-6.067, 0) (-7.77, 0) (-8.479, 0) (-8.67, 0) (-9.253, 0) (-9.066, 0) (-8.947, 0) (-9.398, 0) (-9.822, 0)

obs. 12090 12090 12090 12090 12090 12090 12090 12090 12090 12090 12090 12090

loglik -364 -1214 -2946 -5213 -6232 -6955 -7217 -7350 -7354 -7548 -7670 -7870

— P-values are based on MRQAP (1000 permutations) and one-sided (because null distributions are not symmetric). One, two, and three stars signal significance values be-

low 5%, 1%, and 0.1% respectively.

— Recall from Section 1.2.4 that n and c stands for non-CRR and CRR respectively. Indices i indicate a country, and ij a country dyad. Country-level variables are joined to

capture the country dyad’s sum (xi + xj) and their absolute difference (|xi − xj |). log(θ) captures over-dispersion in the count model.

— The main finding is that in February initial CRR competence (ci,t0) is positively and non-CRR (ni,t0) is negatively associated with collaboration. Prior collaborations in

non-CRR (nij,t0) are relevant throughout. In the second half of the year, countries with strong non-CRR competence (ni,t0) attract collaborations, and less developed coun-

tries tend to collaborate more among each other (hdii + hdij and |hdii − hdij |). Same region effect is present in all months.

1.3.3 Convergence to global health sciences

1.3.3.1 National scientific output

Countries take rapidly very similar positions in rankings on coronavirus papers as

they do in rankings on other health papers. This result is evident in Fig 1.4A

which provides the rank correlation coefficient of country rankings in CRR and non-

CRR research by month. Until the outbreak in January 2020 (vertical dashed line
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in Fig 1.4A) rank correlations were rather low at around 0.2. After the outbreak,

the monthly scientific output of countries in Corona aligns with non-CRR output

attaining a correlation of 0.80 in April 2020. From then on, correlations stayed

consistent throughout our period.

Figure 1.4: Ranking and convergence of hierarchy among nations
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Notes: Countries take on the same role in coronavirus research as in the global health sciences.
(A) Correlation of country rankings by coronavirus and non-coronavirus research by month. (B)
Country centrality based on s-core decomposition of the coronavirus and non-coronavirus network
by month.

This trend is consistent with estimation results on the accumulated national CRR

output (Table 1.5), where pre-pandemic health science output (ni,t0) becomes the

dominant factor from March 2020 on.

1.3.3.2 Network centrality

Similarly, countries’ network centrality in the coronavirus research network aligns

with their centrality in the overall health science network.

Fig 1.4B provides the monthly s-cores on the non-CRR network (left panel),

CRR network (middle panel), and the difference of s-cores in CRR and non-CRR

networks (right panel). The figure shows the 60 most central countries in the non-

CRR network and applies that same ordering across all three panels. The remaining

countries are highly peripheral in either network.

The left panel of Fig 1.4B shows that the global network hierarchy is very stable.

The core is formed by developed countries and China. Centrality in the coronavirus

network is more dynamic (middle panel). Pre-COVID-19, most countries are not in-

volved in CRR collaborations and, hence, are found in the extreme periphery (white).

The core of the CRR network includes only a few of the leading countries in health
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sciences. On the other hand, Saudi Arabia is part of the core in the CRR network,

but peripheral in the overall health science network. The presence of Saudi Arabia

in the pre-pandemic CRR network may be explained by previous regional MERS-

CoV outbreaks (Variations in core membership over time may be explained by lower

research activity overall which leads to more erratic signals.) After the shock, the

structure of the CRR network shifted rapidly towards the hierarchy in health science

at large. This is easily seen in the right panel of Fig 1.4B which shows the difference

between the s-core centrality in the CRR and non-CRR network. Prior to the shock,

s-core differences range from -1 in dark blue (for countries at the extreme periphery

in the coronavirus network and in the core in the other network), over 0 in white

(same s-core in both networks), up to 1 in red (for countries in the CRR network core

and peripheral in the non-CRR network). After the shock, the global core rapidly

takes its role in CRR, and so does the global periphery (all countries appear in light

colors with an s-core difference of around zero from April 2020).

Closer inspection further reveals that the normalized s-core of more peripheral

countries tends to be somewhat higher in the CRR network as in the non-CRR

network (Panel ‘s-core difference’ turns rather red than blue in 2020). This means

that the distance to the highest core in the network is somewhat reduced. Thus, while

the ranking by network centrality of countries in the CRR network is maintained as

in the non-CRR network, hierarchy has become less steep (at least among the top

60 countries).

1.3.3.3 Network structure

Fig. 1.5 shows how CRR network structure compares to non-CRR network structure

over the course of the pandemic.

Fig. 1.5A provides the correlation coefficient of the accumulated CRR and 2019

non-CRR adjacency matrix (in logs) over the observation period. During the pre-

pandemic period (2019) the two adjacency matrices were increasingly but only weakly

correlated with a coefficient of around 0.25. After the shock in January 2020, within

three months (April 2020), the correlation coefficient jumps to 0.75 and increases

further to around 0.9 until the end of the analysis period, December 2022. All

correlations, pre- and post-pandemic, are highly significant based on a QAP test.

Thus, with the COVID-19 pandemic, the CRR network structure rapidly approached

the prior non-CRR network structure.

However, the correlation coefficient is not approaching one either, which implies
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that some structural difference remains between the two networks. So, what is the

difference?

This can be seen in the middle panel (Fig. 1.5B), which provides statistics on

network hierarchy (zλ) and network modularity (zQ) of the accumulated CRR net-

work relative to the prior non-CRR network.

First consider the hierarchy measure zλ, the line in red. We start with a zλ-value of

1.3 in January 2019 and increase as more CRR collaborations are accumulated up to

7.7 by December 2019. Thus, before the shock, the CRR network is more hierarchical

than the non-CRR network. This is because only very few countries actually have

some CRR activity making worldwide CRR collaboration highly unequal. In other

words, in the land of the blind, the one-eyed man is king. Immediately after the

shock, in January 2020 hierarchy increased to zλ = 11.7. That level of hierarchy is

mostly kept in February 2020 but then decreases constantly, indicating that by the

end of 2022, the CRR network is much less hierarchical than the non-CRR network.

The development of network modularity (zQ) is different. During the pre-pandemic

period, 2019, modularity in the CRR network is comparable to modularity in the

non-CRR network with a zQ around zero. This means that pre-pandemic inter-

national collaborations on CRR tend to follow the same community structure as

pre-pandemic international collaborations on non-CRR.24 The first reaction of the

community statistic is observed in February 2020 where it jumps to a high level of

6.3 and immediately drops thereafter. Then, from March to December 2022, network

modularity increases constantly but at a slower pace than the decreasing hierarchy.

For interpretation, we considered zQ for each community individually (numbers

not reported here). The bump of zQ in February 2020 originates in particular from

within cluster interaction in community 1 (in particular USA, China) and to some

extent also in community 6 (South America) and community 7 (Middle East and

Africa). In contrast, the subsequent more continuous rise of zQ is driven only by

regional communities, i.e. all communities except community 1. In particular com-

munity 2 (Central Europe), community 3 (Norther Europe), 6 (South America) and

7 (Middle East and Africa) contribute to this trend.

In sum, by the end of the observation period, the accumulated CRR network has

become very similar to the non-CRR network but less hierarchical and more modular

along regional communities.

24Recall that by construction the modularity statistic takes only into account countries that
have (any) CRR collaboration.
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Figure 1.5: Convergence of CRR network to non-CRR network.
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(A) Pearson’s correlation coefficient of (log of) CRR adjacency matrix and non-CRR adjacency
matrix. All correlations are highly significant, according to QAP. (B) Development of zq (z-value
of modularity statistic Q of CRR network with null from non-CRR) and zλ (z-value of the largest
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1.4 Discussion and Conclusion

Based on the population of Medline-indexed journal articles, we investigated the

global scientific response to the COVID-19 pandemic. Taking an (inter-)national

perspective, our analysis focused on three interrelated aspects: national scientific

output, international research collaboration, and network formation. The aim has

been to describe the dynamics of CRR during the pandemic and to put them into

context. The following first summarizes our main results. Then we turn to the

limitations of our study in order to provide policy implications and directions for

future research.

Our main results may be summarized in four points: First, our three analyses

on three different levels yield highly consistent results. Regressions of national CRR

output (Analysis 1) and regressions of international collaboration on CRR (Analy-

sis 2), show that national and inter-national scientific activity are closely coupled.

Both follow similar dynamics but are driven by different factors. Analysis 3 on the

international CRR network describes the order of global CRR that emerges as a con-

sequence. The close coupling of national and international positioning in CRR is in

strong agreement with the broader literature on (inter-)national science systems [see
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e.g. Adams, 2013, Davidson Frame et al., 1977, Luukkonen et al., 1992, Pan et al.,

2012, Gui et al., 2018, in combination].

Second, regression analyses 1 and 2 show that CRR-specific science capacity ac-

cumulated before the pandemic has been influential for national CRR output and

international CRR collaboration in particular during the first three months of the

pandemic. Broader health science capacity has become the dominant factor for

(inter-)national CRR at least three months after the beginning of the pandemic.

Contextual factors related to the pandemic exhibit varying impacts. Starting from

the end of 2020, COVID-19-related deaths positively influenced international re-

search collaboration (IRC) and national CRR output (though with more fluctuation

in significance). In contrast, lockdown measures seem only to affect IRC, while bor-

der closures do not affect either. Likewise, socioeconomic indicators like GDP per

capita and Human Development Index (HDI) do not provide meaningful explana-

tions for Analysis 1, but they play a more substantial role in shaping international

collaboration dynamics throughout the pandemic.

We thus complement prior, more qualitative, studies. Haghani and Bliemer [2020]

and Zhang et al. [2020] show that pre-pandemic CRR and non-CRR both provide

relevant knowledge for the COVID-19 pandemic. Our regressions show a clear or-

der in time of how coronavirus-specific knowledge and more general health science

capacity have been leveraged. The role of pandemic-related factors has been put

forward to explain observations on (inter-)national CRR in several studies [Haghani

and Bliemer, 2020, Fry et al., 2020, Zhang et al., 2020]. For example, the dynamic

of the infection process has been related to dynamics in CRR output in particular

for China and Italy [e.g. Fry et al., 2020]. While pandemic-related explanations may

well hold for individual countries, we find that such effects are on average relatively

small for national CRR output with only the number of deaths being significant and

positive but also volatile. This can be explained by the fact that the global scientific

community rapidly felt some urgency. Similarly, the absence of effect of GDP and

HDI suggests that, in the short run, science capacity is largely fixed. Our estimates

on the relevance of regional collaboration comply with the general literature on IRC

[Frenken et al., 2009] as well as observations on regional epidemics [Haghani and

Bliemer, 2020, Zhang et al., 2020].

Thirdly, funding plays a pivotal role in shaping the field of science and holds

significant importance in both national and international contexts. Our research has

uncovered a notable phenomenon where existing grants are being used to address ur-
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gent issues. This phenomenon seems to have been at the forefront of early research

efforts and can be attributed to researchers’ ability to repurpose existing resources to

tackle pressing problems. Subsequently, the creation of new grants followed, peaking

in April 2021, which indicates a delay in results for new funding projects. Our first

analysis demonstrates that international funding dependence lacks significance dur-

ing the initial year of the pandemic but exerts a negative influence on national CRR

in 2021 and 2022. This shift can be explained by existing grants, that researchers

were utilizing to focus on addressing the challenges posed by COVID-19, reaching

their conclusion within the first year. Our second analysis reveals a negative effect

of funding dependence between countries on collaboration during the first and half

years of the pandemic. This may be attributed to an early search for new partners

or driven by the emergence of new funding opportunities that encourage exploration

of the collaboration space.

Finally, consistent with regression results, Analysis 3 shows that global CRR

during the pandemic rapidly converges towards the global order of broader health

science capacity. Within three months, country rankings by national CRR output

approach rankings by pre-pandemic non-CRR output (Analysis 3.1), countries take

the same centrality position in the international CRR network as in the pre-pandemic

broader health science network (Analysis 3.2), and the CRR network converges to

the structure of the pre-pandemic health science network (Analysis 3.3). However,

the alignment is not perfect. Global CRR deviates systematically from the attracting

global distribution of broader health science before the pandemic in that the global

CRR network is significantly less hierarchic and more regional than global health

science (Analysis 3.3).

These results are all consistent with prior empirical studies on the expansion

of the international CRR network [Cai et al., 2021, Fry et al., 2020, Haghani and

Bliemer, 2020, Zhang et al., 2020]. Our study clarifies however that the pre-existing

global health science system systematically structures the expansion of global CRR,

and add that global CRR systematically deviates in relevant dimensions from the

inherited global structure.

One major limitation of this study is the arguably rough division of research

papers into two categories; CRR and non-CRR. The following discussion takes this

limitation into account to delineate policy implications and to outline potential av-

enues for future research.

The COVID-19 shock opened a scientific race. In order to start off, most scientists
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had to re-orient or adapt ongoing research. Our observation that countries with

prior experience in CRR occupied pole positions but countries of the global health

science core rapidly took the lead, suggests that a broad science base provides the

ability to re-orient research effectively. This is an argument for a more autonomous

development of the science system because it deliberates policy and society from

the burden and impossibility to specify a detailed scientific agenda to meet future

challenges.

However, having no notion of distance between non-CRR and CRR, we can say

nothing about the degree of flexibility in research orientation, nor what exactly un-

derlies such flexibility. In particular, we would like to know to what extent CRR

research during the pandemic benefited from very generic scientific capacity obtained

through basic science, from closely related to CRR scientific capacity or their inter-

action. This would give some indication for science policy on how to balance basic

science against applied research to guard against future challenges. To achieve a

better understanding of the phenomenon, one could employ topic modeling and un-

supervised learning techniques.

Moreover, the funding aspect explored in our study presents notable limitations.

Funding schemes vary significantly depending on the country of operation, introduc-

ing complexities into our analysis. While we have taken steps to test the robustness

of our models by excluding data related to the United States, it is evident that ad-

ditional research in this domain is required. Questions arise regarding whether the

phenomenon of repurposing research resources is unique to the United States or ex-

tends to other regions. There is also a need for further investigation into the nature

of research conducted within existing projects, the characteristics of research within

repurposed projects, and the attributes of research within entirely new projects. Ad-

ditionally, it is essential to assess whether brand-new projects contribute to more

novelty in the field compared to existing ones and what implications this holds for

their overall impact. These critical questions demand deeper exploration in subse-

quent research endeavors to gain a comprehensive understanding of the dynamics of

research funding and its impact on scientific outcomes in times of crisis.

Immediately after the shock the need for international collaboration has been

emphasized by all stakeholders. Our results show that national CRR output and

international CRR collaboration have been so closely aligned that they should be

considered as two dimensions of the same activity. Furthermore, we found that the

international collaboration network on CRR largely followed the prior international

81



ON THE GLOBAL HEALTH SCIENCE RESPONSE TO COVID-19

health science network. The implication is that any national strategy to develop

science capacity must take a global systems perspective — the embedding of the

national science system in the international collaboration network is part of the

slowly accumulating and path-dependent national science base.

Expressing that insight without prompting two subsequent questions is challeng-

ing: What defines an ”appropriate” network structure, and who is it appropriate for?

If CRR converges toward an existing structure we must scrutinize the effectiveness

of that structure. How can we establish an ”efficient” network structure under such

circumstances?

According to our analysis, the international CRR network exhibits a less steep

hierarchy and stronger regionalization than the international broader health science

network. Yet, what exactly that signifies remains unclear. Recall that we do not dif-

ferentiate papers by quality, we only measure quantities. COVID-19 has been a hot

science topic in 2020 and the following years, and it may be that many papers have

been hastily crafted but add little knowledge. A higher propensity of low-quality

papers in countries with lower scientific capacity could contribute to our finding of

a less steep global hierarchy as measured by output quantity, while global hierarchy

in terms of research excellence may be in fact maintained. Similarly, increased re-

gionalization, as we observe it, is consistent with more independent science in the

different world regions and hence more independent accumulation of science capacity

on a regional level. But it is also consistent with maintained but unresolved resource

(inter-)dependence and increasing vertical stratification by scientific excellence as

well as horizontal stratification by research topics. Thus, the paper at hand clearly

describes structural changes but leaves the question of individual network gains and

global network efficiency for future research.

The underlying cause of structural changes in global CRR remains unclear. On

the one hand, stronger regionalization may be largely due to the pandemic con-

text. Our regressions include relevant parameters such as national pandemic policy

measures and virus-spreading dynamics, but these are certainly no perfect controls.

Given those controls, our results are consistent with the idea that we observe the

accentuation of a long-term trend towards regionalization; a trend already observed

by Fitzgerald et al. [2021] for the sciences in general. In case the pandemic context

is the underlying cause, the organization of global science during the pandemic may

be as transitory as the pandemic itself. If the organization of global CRR during the

pandemic accentuates a general global trend, it may not only cast the shadow of a
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future multi-polar world but even accelerate that trend.

In the limited time frame we had, we opted for specifications that could be

improved as the period increased. There is still exploration to be done regarding

the convergence, resilience, and adaptability of the science network after exogenous

shock.
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1.5 Appendix

1.5.1 Sample

1.5.2 Time-lags from research over acceptance to entry into

the PubMed dataset

Figure 1.6: Sample time-lags

Notes: Time-lags from submission date (data received) to (clockwise, starting with the upper left
panel): i) publishing on PubMed in 2019, ii) publishing on PubMed in 2020, iii) journal acceptance
in 2020, iv) journal acceptance in 2019. Our sample is from PubMed. Therefore, the analysis period
is based on the time-lag distribution of the upper right panel.
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Table 1.7: Descriptive statistics on scientific production (at submission date)

Coronavirus related Others Documents All Documents

2019 2020 2019 2020 2019 2020

Nb of authors 6/7.36 (4.86) 5/6.86 (7.05) 6/6.66 (17.51) 6/6.65 (14.67) 6/6.66 (17.5) 6/6.66 (14.2)

Solo authors 2.83 6.72 3.38 3.22 3.38 3.5

International collab. 25.44 23.06 23.57 23.63 23.57 23.58

Nb of country 1/1.36 (0.92) 1/1.35 (1.29) 1/1.31 (1.05) 1/1.32 (1.01) 1/1.31 (1.05) 1/1.33 (1.03)

Days received-accept 110.04/143.31 (119.52) 45/60.87 (58.53) 99.96/118.97 (93.82) 84.96/97.96 (73.24) 99.96/119 (93.85) 81.96/94.88 (72.86)

Share aff. captured 1/0.95 (0.2) 1/0.92 (0.26) 1/0.93 (0.24) 1/0.95 (0.21) 1/0.93 (0.24) 1/0.94 (0.22)

# Document 743(0.1%) 74250(8.2%) 775738(99.9%) 830914(91.8%) 776481 905164

Notes: Binary indicators in [%], for continuous measures [median/mean (s.d.)].

1.5.3 Community detection in the 2019 non-CRR network

The procedure is the same as in Fitzgerald et al. [2021], but relevant details are

repeated here for readers’ convenience.

We identify communities with the spin glass community detection algorithm of

Reichardt and Bornholdt [2006]. The objective criterion to be maximized is

Q =
1

m

(

∑

ij

cij − γ
kikj
m

)

d(σi, σj),

where m is the sum over all edges, cij is the number of joint papers between

country i and j, ki (kj) is the strength of country i (j) (i.e. the sum over all

weighted edges of the country), σi (σj) indicates the community of i (j) in a given

network partition, with the function d() evaluating to one if both countries belong

to the same community (i.e. σi = σj) and zero else. Finally, the tuning parameter

γ trades-off the two objectives of having high edge weights within clusters against

having few edge weights between clusters. A smaller (higher) γ tends to yield less

(more) clusters.

The optimization is done through simulated annealing (as implemented in the
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R-package ‘igraph’). Simulated annealing is a stochastic optimization algorithm and

hence may provide different partitions for the same data and parameter settings.

In order to find robust communities, we run 100 times the optimization algorithm

over a grid of γ, starting from 0.8 to 1.6. The resulting community partitions for

a given γ are then compared, each partition against all others. Similarity of two

partitions is measured by the ‘Variation of Information’ (VI). The following definition

is paraphrased from [Fitzgerald et al., 2021, Appendix 4]:

“Consider two partitions X and Y of a set A into disjoint subsets, X = X1, X2, . . . , Xk

and Y = Y1, Y2, . . . , Yl, VI is defined as follows. Let n =
∑

i |Xi| =
∑

j |Yj| = |A|,

pi = |Xi|/n, qj = |Yj|/n, rij = |Xi ∩ Yj|/n. Then the normalized variation of infor-

mation between the two partitions is:

V I(X, Y ) = −1 logN
∑

i,j

rij [log(rij/pi) + log(rij/qj)] .”

Table 1.8 provides the VIs for 100 optimizations for each γ on the grid. The

most robust partitioning is obtained for γ = 0.8. The resolution of that partitioning

however is very low, dividing the world into one cluster of less developed economies

(consisting of countries in Africa, Middle East, South Asia, India, Mongolia, and

Kazakhstan) and another cluster including all other countries. The partitioning

with γ = 1.2 is slightly less robust but at a much higher resolution. Figure 1.3 shows

the partitioning with the lowest average VI under γ = 1.2. We chose that partition as

our benchmark. Interestingly, the partitioning that we obtain on the 2019 non-CRR

network is not identical but very similar to the partitioning obtained by Fitzgerald

et al. [2021, Fig.5b] based on all Scopus publications in 2015.

Table 1.8: Variation of Information for varying γ over 100 optimizations.

γ 0.8 0.9 1.0 1.1 1.2 1.3 1.4 1.5 1.6

VI 0.099 0.302 0.465 0.161 0.102 0.349 0.255 0.158 0.232

The partitioning displayed in Figure 1.3 consists of the following communities

(ordered by the average degree of their members):

Cluster 1: Australia, Canada, China, French Polynesia, Gibraltar, Grenada, Japan, Macao

SAR China, New Zealand, Singapore, Solomon Islands, South Korea, Taiwan,

United Kingdom, United States
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Cluster 2: Austria, Belgium, Curacao, France, Germany, Italy, Liechtenstein, Luxem-

bourg, Martinique, Monaco, Netherlands, Réunion, Spain, Switzerland, Vati-

can City

Cluster 3: Denmark, Faroe Islands, Finland, Greenland, Guinea-Bissau, Iceland, Isle of

Man, Norway, Sweden

Cluster 4: Israel, Jersey, Montserrat

Cluster 5: Albania, Angola, Armenia, Azerbaijan, Belarus, Bosnia & Herzegovina, Bul-

garia, Croatia, Cyprus, Czechia, Estonia, Georgia, Greece, Hungary, Ireland,

Kazakhstan, Latvia, Lithuania, Malta, Moldova, Montenegro, North Macedo-

nia, Poland, Portugal, Romania, Russia, San Marino, Serbia, Sint Maarten,

Slovakia, Slovenia, Tajikistan, Turkey, Turkmenistan, Ukraine, Uzbekistan

Cluster 6: Andorra, Antigua & Barbuda, Argentina, Belize, Bolivia, Brazil, Chile, Colom-

bia, Costa Rica, Cuba, Dominica, Dominican Republic, Ecuador, El Salvador,

French Guiana, Guatemala, Guyana, Honduras, Mexico, Nicaragua, Panama,

Paraguay, Peru, St. Kitts & Nevis, Suriname, Uruguay, Venezuela

Cluster 7: Afghanistan, Algeria, Aruba, Bahamas, Bahrain, Bangladesh, Barbados, Benin,

Bermuda, Bhutan, Botswana, Brunei, Burkina Faso, Burundi, Cape Verde,

Cambodia, Cameroon, Cayman Islands, Central African Republic, Chad, Congo

- Kinshasa, Egypt, Eritrea, Ethiopia, Fiji, Gabon, Gambia, Ghana, Guade-

loupe, Guinea, Haiti, India, Indonesia, Iran, Iraq, Côte d’Ivoire, Jamaica,

Jordan, Kenya, Kuwait, Kyrgyzstan, Laos, Lebanon, Lesotho, Liberia, Libya,

Madagascar, Malawi, Malaysia, Maldives, Mali, Mauritania, Mauritius, Mon-

golia, Morocco, Mozambique, Myanmar (Burma), Namibia, Nepal, New Cale-

donia, Niger, Nigeria, Oman, Pakistan, Palau, Palestinian Territories, Philip-

pines, Qatar, Congo - Brazzaville, Rwanda, St. Lucia, St. Vincent & Grenadines,

Samoa, Saudi Arabia, Senegal, Seychelles, Sierra Leone, Somalia, South Africa,

Sri Lanka, Sudan, Syria, Tanzania, Thailand, Togo, Tonga, Trinidad & Tobago,

Tunisia, Turks & Caicos Islands, Uganda, United Arab Emirates, Vietnam,

Yemen, Zambia, Zimbabwe

No cluster: Djibouti, Äland Islands, British Virgin Islands, Sao Tome and Principe, Tuvalu

1.5.4 Extended tables
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Table 1.9: International science networks, CRR and non-CRR, accumulated over
months For the year 2021 and 2022.

CRR network (accumulated), 2021

Jan. Feb. Mar. Apr. May June July Aug. Sept. Oct. Nov. Dec.

Countries 185 187 187 189 191 191 191 192 192 193 195 195

Country % growth 1 1 0 1 1 0 0 1 0 1 1 0

Edge weights 84.7k 92.8k 99.2k 107.4k 114.8k 121.6k 128.5k 135.1k 145.7k 153.2k 159.8k 166.2k

Weight % growth 9 10 7 8 7 6 6 5 8 5 5 4

non-CRR network (accumulated), 2021

Jan. Feb. Mar. Apr. May June July Aug. Sept. Oct. Nov. Dec.

Countries 202 203 203 203 203 204 204 204 204 204 204 205

Country % growth 0 0 0 0 0 0 0 0 0 0 0 0

Edge weights 1131k 1178k 1236k 1286k 1341k 1393k 1444k 1495k 1542k 1591k 1644k 1695k

Weight % growth 5 4 5 4 4 4 4 4 3 3 3 3

CRR network (accumulated), 2022

Jan. Feb. Mar. Apr. May June July Aug. Sept. Oct. Nov. Dec.

Countries 195 195 195 195 195 195 196 196 200 200 200 200

Country % growth 0 0 0 0 0 0 1 0 2 0 0 0

Edge weights 172.3k 179.3k 185.9k 192.3k 201.6k 209.2k 215k 219.7k 224.2k 227.9k 234k 237.7k

Weight % growth 4 4 4 3 5 4 3 2 2 2 3 2

non-CRR network (accumulated), 2022

Jan. Feb. Mar. Apr. May June July Aug. Sept. Oct. Nov. Dec.

Countries 205 205 205 205 205 205 205 205 205 205 205 205

Country % growth 0 0 0 0 0 0 0 0 0 0 0 0

Edge weights 1745k 1795k 1849k 1896k 1948k 1998k 2048k 2096k 2143k 2190k 2233k 2273k

Weight % growth 3 3 3 3 3 3 3 2 2 2 2 2
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Table 1.10: Accumulated number of CRR papers (ct′) in 2021 (all variables in logs, standardized to zero mean and one std.dev., 156 countries).

Jan. Feb. Mar. Apr. May June July Aug. Sept. Oct. Nov. Dec.

‘21 ‘21 ‘21. ‘21 ‘21 ‘21 ‘21 ‘21 ‘21 ‘21 ‘21 ‘21

nt0 0.936∗∗∗ 0.944∗∗∗ 0.944∗∗∗ 0.950∗∗∗ 0.952∗∗∗ 0.957∗∗∗ 0.961∗∗∗ 0.965∗∗∗ 0.957∗∗∗ 0.961∗∗∗ 0.955∗∗∗ 0.959∗∗∗

(0.021) (0.044) (0.041) (0.060) (0.067) (0.060) (0.058) (0.062) (0.062) (0.061) (0.053) (0.053)

ct0 0.010 −0.006 −0.013 −0.027 −0.035 −0.043 −0.052 −0.062 −0.053 −0.059 −0.051 −0.057

(0.061) (0.085) (0.079) (0.135) (0.149) (0.128) (0.131) (0.120) (0.114) (0.113) (0.120) (0.121)

Int−Dept0 −0.078 −0.111 −0.230∗∗∗ −0.235∗∗ −0.252∗∗∗ −0.220∗ −0.296∗∗ −0.286∗∗ −0.310∗∗ −0.305∗∗∗ −0.249 −0.255

(0.197) (0.139) (0.022) (0.095) (0.073) (0.126) (0.149) (0.141) (0.130) (0.106) (0.157) (0.163)

deathst′ 0.034 0.024 0.022 0.013 0.011 0.010 0.009 0.009 0.021∗∗∗ 0.026∗∗∗ 0.035∗∗∗ 0.038∗

(0.024) (0.024) (0.025) (0.021) (0.024) (0.034) (0.021) (0.009) (0.008) (0.010) (0.011) (0.019)

border − closedt′ −0.005 −0.005 −0.011 −0.014 −0.014 −0.013 −0.013 −0.013 −0.012 −0.013 −0.016 −0.017

(0.020) (0.021) (0.018) (0.042) (0.023) (0.019) (0.021) (0.022) (0.025) (0.024) (0.020) (0.019)

lock − downt′ 0.051 0.050 0.046 0.053∗∗ 0.056 0.057 0.053 0.057 0.052 0.048 0.049 0.047

(0.03) (0.039) (0.029) (0.027) (0.043) (0.041) (0.044) (0.050) (0.048) (0.045) (0.040) (0.036)

gdpt0 0.227 0.225 0.203 0.196 0.182 0.178 0.185 0.197 0.194 0.192 0.180 0.178

(0.051) (0.150) (0.191) (0.238) (0.226) (0.261) (0.275) (0.270) (0.271) (0.272) (0.240) (0.253)

hdit0 −2.815 −2.702∗∗ −2.584 −2.497 −2.326 −2.278 −2.350 −2.399 −2.471 −2.516 −2.474 −2.496

(0.088) (1.212) (1.599) (2.015) (1.898) (1.999) (2.180) (2.151) (2.154) (2.162) (1.961) (2.131)

R2 0.947 0.947 0.950 0.951 0.950 0.949 0.949 0.950 0.950 0.951 0.954 0.954
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Table 1.11: Accumulated number of CRR papers (ct′) in 2022 (all variables in logs, standardized to zero mean and one std.dev., 156 coun-
tries).

Jan. Feb. Mar. Apr. May June July Aug. Sept. Oct. Nov. Dec.

‘22 ‘22 ‘22. ‘22 ‘22 ‘22 ‘22 ‘22 ‘22 ‘22 ‘22 ‘22

nt0 0.960∗∗∗ 0.966∗∗∗ 0.968∗∗∗ 0.975∗∗∗ 0.976∗∗∗ 0.980∗∗∗ 0.974∗∗∗ 0.978∗∗∗ 0.972∗∗∗ 0.967∗∗∗ 0.966∗∗∗ 0.966∗∗∗

(0.021) (0.044) (0.041) (0.060) (0.067) (0.060) (0.058) (0.062) (0.062) (0.061) (0.053) (0.053)

ct0 −0.057 −0.066 −0.071 −0.082 −0.087 −0.096 −0.088 −0.091 −0.086 −0.079 −0.078 −0.079

(0.061) (0.085) (0.079) (0.135) (0.149) (0.128) (0.131) (0.120) (0.114) (0.113) (0.120) (0.121)

Int−Dept0 −0.252 −0.249∗ −0.245∗∗∗ −0.256∗∗∗ −0.270∗∗∗ −0.276∗∗ −0.259∗ −0.263∗ −0.253∗ −0.233∗∗ −0.222 −0.218

(0.197) (0.139) (0.022) (0.095) (0.073) (0.126) (0.149) (0.141) (0.130) (0.106) (0.157) (0.163)

deathst′ 0.039 0.038 0.039 0.037∗ 0.039 0.035 0.041∗∗ 0.042∗∗∗ 0.046∗∗∗ 0.052∗∗∗ 0.054∗∗∗ 0.055∗∗∗

(0.012) (0.013) (0.013) (0.021) (0.024) (0.034) (0.021) (0.009) (0.008) (0.010) (0.011) (0.019)

border − closedt′ −0.017 −0.017 −0.019 −0.019 −0.019 −0.021 −0.020 −0.020 −0.020 −0.021 −0.021 −0.022

(0.014) (0.014) (0.015) (0.042) (0.023) (0.019) (0.021) (0.022) (0.025) (0.024) (0.020) (0.019)

lock − downt′ 0.046 0.045 0.045 0.045∗ 0.045 0.044 0.044 0.045 0.045 0.044 0.044 0.045

(0.019) (0.018) (0.018) (0.027) (0.043) (0.041) (0.044) (0.050) (0.048) (0.045) (0.040) (0.036)

gdpt0 0.182 0.181 0.177 0.176 0.176 0.183 0.177 0.178 0.179 0.173 0.168 0.169

(0.051) (0.150) (0.191) (0.238) (0.226) (0.261) (0.275) (0.270) (0.271) (0.272) (0.240) (0.253)

hdit0 −2.571 −2.575∗∗ −2.548 −2.533 −2.560 −2.623 −2.595 −2.622 −2.642 −2.611 −2.590 −2.605

(0.088) (1.212) (1.599) (2.015) (1.898) (1.999) (2.180) (2.151) (2.154) (2.162) (1.961) (2.131)

R2 0.953 0.953 0.953 0.953 0.953 0.953 0.953 0.953 0.953 0.954 0.954 0.955
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Table 1.12: Zero-inflated negative binomial model of (accumulated) joint coronavirus related papers (cij,t′) during the pandemic, est. coefficient (z-
value, p-value)

Jan. 21 Feb. 21 Mar. 21 Apr. 21 May 21 Jun. 21 Jul. 21 Aug. 21 Sep. 21 Oct. 21 Nov. 21 Dec. 21

Count-model

nij,t0 0.95∗∗∗ 0.885∗∗∗ 0.879∗∗∗ 0.854∗∗∗ 0.834∗∗∗ 0.826∗∗∗ 0.81∗∗∗ 0.8∗∗∗ 0.759∗∗∗ 0.759∗∗∗ 0.758∗∗∗ 0.75∗∗∗

(40.966, 0) (40.954, 0) (41.31, 0) (41.316, 0) (41.224, 0) (41.557, 0) (40.846, 0) (40.942, 0) (40.293, 0) (41.059, 0) (41.388, 0) (40.937, 0)

cij,t0 -0.131∗∗∗ -0.085 -0.081 -0.065 -0.058 -0.05 -0.04 -0.029 -0.01 -0.002∗∗∗ 0.003∗∗∗ 0.008∗∗∗

(-3.53, 0) (-2.466, 0.2) (-2.4, 0.067) (-1.985, 0.1) (-1.787, 0.2) (-1.546, 0.2) (-1.225, 0.233) (-0.909, 0.267) (-0.314, 0.233) (-0.081, 0) (0.1, 0) (0.252, 0)

ni,t0 -0.005 0.02 0.021 0.028 0.037 0.03 0.034 0.04 0.056∗∗∗ 0.056∗ 0.051∗∗∗ 0.054

(-0.275, 0.867) (1.318, 0.633) (1.408, 0.333) (1.913, 0.3) (2.538, 0.133) (2.062, 0.267) (2.317, 0.2) (2.766, 0.167) (4.013, 0) (4.097, 0.033) (3.767, 0) (3.943, 0.067)

ci,t0 0.034∗∗∗ 0.028 0.029 0.028∗ 0.024 0.025 0.025 0.022 0.018 0.015 0.016 0.017

(4.083, 0) (3.513, 0.133) (3.673, 0.067) (3.702, 0.033) (3.227, 0.133) (3.423, 0.233) (3.449, 0.2) (2.978, 0.133) (2.576, 0.1) (2.169, 0.3) (2.311, 0.267) (2.458, 0.233)

deathi + deathj 0.122∗∗∗ 0.114∗∗∗ 0.108∗∗∗ 0.097∗∗∗ 0.102∗∗∗ 0.102∗∗∗ 0.112∗∗∗ 0.119∗∗∗ 0.113∗∗∗ 0.119∗∗∗ 0.116∗∗∗ 0.11∗∗∗

(6.323, 0) (6.077, 0) (5.856, 0) (5.675, 0) (5.88, 0) (5.82, 0) (6.367, 0) (6.698, 0) (6.708, 0) (7.435, 0) (7.072, 0) (6.708, 0)

|deathi − deathj | -0.058∗ -0.062∗ -0.06 -0.05 -0.05 -0.045 -0.05∗ -0.052∗∗∗ -0.046 -0.052∗∗∗ -0.05 -0.046∗

(-3.956, 0.033) (-4.353, 0.033) (-4.264, 0.067) (-3.927, 0.067) (-3.767, 0.1) (-3.4, 0.167) (-3.747, 0.033) (-3.891, 0) (-3.851, 0.067) (-4.644, 0) (-4.316, 0.1) (-4.064, 0.033)

locked
i,t′

0.028∗∗∗ 0.028∗∗∗ 0.027∗∗∗ 0.027∗∗∗ 0.026∗∗∗ 0.025∗∗∗ 0.025∗∗∗ 0.025∗∗∗ 0.024∗∗∗ 0.023∗∗∗ 0.022∗∗∗ 0.023∗∗∗

(8.904, 0) (9.78, 0) (9.832, 0) (10.203, 0) (10.158, 0) (9.971, 0) (10.142, 0) (10.082, 0) (10.078, 0) (9.952, 0) (9.599, 0) (9.741, 0)

closed
i,t′

-0.001 0.001 0 -0.001 0.002 0.001 0.002 0.003 0.003 0.004 0.004 0.005

(-0.331, 0.967) (0.212, 0.967) (-0.07, 0.933) (-0.225, 0.933) (0.714, 0.833) (0.577, 0.733) (0.861, 0.8) (1.452, 0.5) (1.318, 0.4) (1.732, 0.367) (1.825, 0.367) (2.123, 0.233)

Depij,t0 -0.546∗∗∗ -0.459∗∗∗ -0.415∗∗∗ -0.418∗∗∗ -0.38∗ -0.34∗∗∗ -0.34∗∗∗ -0.329 -0.306 -0.31∗ -0.289 -0.274

(-7.178, 0) (-6.346, 0) (-5.841, 0) (-6.066, 0) (-5.621, 0.033) (-5.108, 0) (-5.094, 0) (-4.989, 0.067) (-4.765, 0.067) (-4.886, 0.033) (-4.573, 0.067) (-4.335, 0.067)

gdpi + gdpj 0.468∗∗∗ 0.477∗∗∗ 0.477∗∗∗ 0.45∗∗∗ 0.435∗∗∗ 0.432∗∗∗ 0.442∗∗∗ 0.444∗∗∗ 0.427∗∗∗ 0.458∗∗∗ 0.463∗∗∗ 0.488∗∗∗

(7.523, 0) (8.05, 0) (8.229, 0) (7.977, 0) (7.797, 0) (7.808, 0) (7.95, 0) (8.017, 0) (7.871, 0) (8.57, 0) (8.73, 0) (9.222, 0)

|gdpi − gdpj | 0.039 0.036 0.031∗ 0.031 0.026 0.021 0.019 0.017 0.016 0.015 0.015 0.015

(3.1, 0.067) (3.043, 0.167) (2.716, 0.033) (2.775, 0.133) (2.35, 0.2) (1.866, 0.2) (1.747, 0.3) (1.592, 0.567) (1.505, 0.4) (1.421, 0.533) (1.455, 0.433) (1.42, 0.533)

hdii + hdij -2.841∗∗∗ -2.812∗∗∗ -2.88∗∗∗ -2.808∗∗∗ -2.671∗∗∗ -2.615∗∗∗ -2.592∗∗∗ -2.602∗∗∗ -2.486∗∗∗ -2.629∗∗∗ -2.675∗∗∗ -2.772∗∗∗

(-11.448, 0) (-11.924, 0) (-12.491, 0) (-12.516, 0) (-12.103, 0) (-12.003, 0) (-11.848, 0) (-11.956, 0) (-11.695, 0) (-12.548, 0) (-12.853, 0) (-13.334, 0)

|hdii − hdij | -1.817∗∗∗ -1.772∗∗∗ -1.725∗∗∗ -1.624∗∗∗ -1.503∗∗∗ -1.408∗∗∗ -1.372∗∗∗ -1.33∗∗∗ -1.27∗∗∗ -1.26∗∗∗ -1.266∗∗∗ -1.29∗∗∗

(-8.717, 0) (-8.992, 0) (-8.958, 0) (-8.653, 0) (-8.123, 0) (-7.687, 0) (-7.451, 0) (-7.282, 0) (-7.105, 0) (-7.136, 0) (-7.236, 0) (-7.372, 0)

distance 0.053 0.036 0.027 0.031 0.017 0.009 0.01 0.003 -0.005 0.001 0.003 0.001

(2.836, 0.1) (2.061, 0.367) (1.574, 0.533) (1.867, 0.3) (1.038, 0.6) (0.571, 0.8) (0.636, 0.767) (0.198, 0.9) (-0.285, 0.9) (0.052, 1) (0.208, 0.933) (0.081, 1)

sameregion -0.075∗ -0.07 -0.073 -0.067∗∗∗ -0.067 -0.056 -0.051 -0.053 -0.042 -0.043 -0.041 -0.037

(-2.134, 0.033) (-2.095, 0.067) (-2.237, 0.1) (-2.111, 0) (-2.157, 0.067) (-1.835, 0.133) (-1.652, 0.067) (-1.746, 0.3) (-1.408, 0.267) (-1.48, 0.267) (-1.403, 0.333) (-1.29, 0.4)

log(θ) 1.87∗∗∗ 1.99∗∗∗ 2.031∗∗∗ 2.08∗∗∗ 2.102∗∗∗ 2.113∗∗∗ 2.092∗∗∗ 2.103∗∗∗ 2.141∗∗∗ 2.169∗∗∗ 2.18∗∗∗ 2.175∗∗∗

(30.275, 0) (34.183, 0) (35.963, 0) (38.048, 0) (39.499, 0) (40.794, 0) (41.236, 0) (42.265, 0) (44.132, 0) (45.32, 0) (46.019, 0) (46.358, 0)

Zero-model

ni,t0 + nj,t0 -3.412∗∗∗ -3.282∗∗∗ -3.251∗∗∗ -3.18∗∗∗ -3.156∗∗∗ -3.149∗∗∗ -3.14∗∗∗ -3.138∗∗∗ -3.127∗∗∗ -3.134∗∗∗ -3.123∗∗∗ -3.117∗∗∗

(-20.941, 0) (-21.662, 0) (-22.035, 0) (-22.447, 0) (-22.727, 0) (-23.079, 0) (-23.249, 0) (-23.437, 0) (-23.794, 0) (-23.887, 0) (-23.933, 0) (-23.964, 0)

|ni,t0 − nj,t0| 1.338∗∗∗ 1.269∗∗∗ 1.251∗∗∗ 1.194∗∗∗ 1.186∗∗∗ 1.176∗∗∗ 1.17∗∗∗ 1.168∗∗∗ 1.16∗∗∗ 1.158∗∗∗ 1.158∗∗∗ 1.162∗∗∗

(14.96, 0) (15.381, 0) (15.683, 0) (15.839, 0) (16.186, 0) (16.528, 0) (16.762, 0) (17.005, 0) (17.447, 0) (17.569, 0) (17.741, 0) (17.898, 0)

ci,t0 + cj,t0 -0.921∗∗∗ -0.941∗∗∗ -0.909∗∗∗ -0.95∗∗∗ -0.973∗∗∗ -0.982∗∗∗ -0.994∗∗∗ -1.003∗∗∗ -1.023∗∗∗ -1.048∗∗∗ -1.084∗∗∗ -1.087∗∗∗

(-6.707, 0) (-7.149, 0) (-7.017, 0) (-7.459, 0) (-7.717, 0) (-7.856, 0) (-7.989, 0) (-8.103, 0) (-8.353, 0) (-8.542, 0) (-8.84, 0) (-8.871, 0)

|ci,t0 − cj,t0| 1.166∗∗∗ 1.223∗∗∗ 1.214∗∗∗ 1.27∗∗∗ 1.297∗∗∗ 1.32∗∗∗ 1.338∗∗∗ 1.353∗∗∗ 1.382∗∗∗ 1.408∗∗∗ 1.431∗∗∗ 1.42∗∗∗

(10.767, 0) (11.844, 0) (12.006, 0) (12.798, 0) (13.23, 0) (13.6, 0) (13.877, 0) (14.122, 0) (14.582, 0) (14.855, 0) (15.112, 0) (15.045, 0)

distance 0.759∗∗∗ 0.763∗∗∗ 0.767∗∗∗ 0.796∗∗∗ 0.776∗∗∗ 0.778∗∗∗ 0.78∗∗∗ 0.787∗∗∗ 0.789∗∗∗ 0.812∗∗∗ 0.823∗∗∗ 0.834∗∗∗

(10.509, 0) (11.087, 0) (11.338, 0) (11.964, 0) (11.825, 0) (11.972, 0) (12.073, 0) (12.241, 0) (12.4, 0) (12.74, 0) (12.909, 0) (13.079, 0)

sameregion -1.438∗∗∗ -1.31∗∗∗ -1.247∗∗∗ -1.174∗∗∗ -1.164∗∗∗ -1.142∗∗∗ -1.107∗∗∗ -1.079∗∗∗ -1.056∗∗∗ -1.047∗∗∗ -1.041∗∗∗ -1.02∗∗∗

(-9.866, 0) (-9.823, 0) (-9.66, 0) (-9.445, 0) (-9.579, 0) (-9.572, 0) (-9.407, 0) (-9.269, 0) (-9.239, 0) (-9.194, 0) (-9.181, 0) (-9.023, 0)

obs. 12090 12090 12090 12090 12090 12090 12090 12090 12090 12090 12090 12090

loglik -8005 -8190 -8261 -8367 -8449 -8528 -8593 -8655 -8761 -8776 -8804 -8837

— P-values are based on MRQAP (1000 permutations) and one-sided (because null distributions are not symmetric). One, two, and three stars signal significance values be-
low 5%, 1%, and 0.1% respectively.
— Recall from Section 1.2.4 that n and c stands for non-CRR and CRR respectively. Indices i indicate a country, and ij a country dyad. Country-level variables are joined to
capture the country dyad’s sum (xi + xj) and their absolute difference (|xi − xj |). log(θ) captures over-dispersion in the count model.
— The main finding is that in February initial CRR competence (ci,t0) is positively and non-CRR (ni,t0) is negatively associated with collaboration. Prior collaborations in
non-CRR (nij,t0) are relevant throughout. In the second half of the year, countries with strong non-CRR competence (ni,t0) attract collaborations, and less developed coun-
tries tend to collaborate more among each other (hdii + hdij and |hdii − hdij |). Same region effect is present in all months.
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Table 1.13: Zero-inflated negative binomial model of (accumulated) joint coronavirus related papers (cij,t′) during the pandemic, est. coefficient (z-
value, p-value)

Jan. 22 Feb. 22 Mar. 22 Apr. 22 May 22 Jun. 22 Jul. 22 Aug. 22 Sep. 22 Oct. 22 Nov. 22 Dec. 22

Count-model

nij,t0 0.75∗∗∗ 0.743∗∗∗ 0.738∗∗∗ 0.738∗∗∗ 0.728∗∗∗ 0.716∗∗∗ 0.713∗∗∗ 0.719∗∗∗ 0.716∗∗∗ 0.716∗∗∗ 0.714∗∗∗ 0.708∗∗∗

(40.632, 0) (40.686, 0) (40.405, 0) (40.445, 0) (40.363, 0) (39.752, 0) (39.549, 0) (39.507, 0) (39.359, 0) (39.185, 0) (39.109, 0) (38.581, 0)

cij,t0 0.008∗∗∗ 0.014 0.017 0.014 0.021 0.03 0.032 0.029 0.032 0.033 0.035 0.04

(0.27, 0) (0.465, 0.233) (0.543, 0.267) (0.454, 0.4) (0.693, 0.3) (0.979, 0.167) (1.046, 0.233) (0.972, 0.4) (1.067, 0.467) (1.081, 0.333) (1.168, 0.1) (1.326, 0.3)

ni,t0 0.051 0.05 0.049 0.049∗∗∗ 0.048 0.051 0.052 0.042 0.04 0.038 0.039 0.038

(3.71, 0.167) (3.663, 0.067) (3.564, 0.133) (3.571, 0) (3.493, 0.2) (3.694, 0.067) (3.743, 0.067) (3.034, 0.067) (2.84, 0.133) (2.713, 0.1) (2.712, 0.167) (2.677, 0.133)

ci,t0 0.02 0.021 0.022 0.021 0.02 0.019 0.018 0.021 0.021 0.022 0.021 0.023∗

(2.881, 0.2) (3.006, 0.167) (3.13, 0.067) (2.984, 0.167) (2.927, 0.167) (2.665, 0.3) (2.521, 0.167) (2.967, 0.1) (3.037, 0.1) (3.127, 0.067) (3.059, 0.1) (3.196, 0.033)

deathi + deathj 0.099∗∗∗ 0.102∗∗∗ 0.104∗∗∗ 0.093∗∗∗ 0.09∗∗∗ 0.092∗∗∗ 0.087∗∗∗ 0.091∗∗∗ 0.095∗∗∗ 0.097∗∗∗ 0.092∗ 0.091∗∗∗

(6.062, 0) (6.073, 0) (6.063, 0) (5.214, 0) (5.16, 0) (5.086, 0) (4.738, 0) (4.945, 0) (5.14, 0) (5.166, 0) (4.951, 0.033) (4.885, 0)

|deathi − deathj | -0.039 -0.042∗ -0.044∗ -0.038 -0.034 -0.037 -0.032 -0.035 -0.035 -0.038 -0.038 -0.037

(-3.46, 0.2) (-3.562, 0.033) (-3.751, 0.033) (-3.231, 0.133) (-3.083, 0.067) (-3.154, 0.133) (-2.771, 0.1) (-3.023, 0.067) (-3.106, 0.2) (-3.271, 0.167) (-3.306, 0.167) (-3.235, 0.1)

locked
i,t′

0.023∗∗∗ 0.023∗∗∗ 0.022∗∗∗ 0.022∗∗∗ 0.022∗∗∗ 0.022∗∗∗ 0.022∗∗∗ 0.022∗∗∗ 0.021∗∗∗ 0.021∗∗∗ 0.021∗∗∗ 0.02∗∗∗

(9.904, 0) (9.803, 0) (9.728, 0) (9.703, 0) (9.636, 0) (9.462, 0) (9.478, 0) (9.439, 0) (9.09, 0) (9.048, 0) (9.005, 0) (8.773, 0)

closed
i,t′

0.005 0.005 0.005 0.006 0.006 0.006 0.006 0.006 0.006 0.006 0.006 0.007

(2.398, 0.367) (2.202, 0.267) (2.318, 0.333) (2.521, 0.367) (2.72, 0.333) (2.654, 0.333) (2.664, 0.333) (2.677, 0.2) (2.955, 0.167) (2.822, 0.1) (2.881, 0.167) (3.14, 0.167)

Depij,t0 -0.25 -0.232 -0.209 -0.197 -0.192 -0.183 -0.173 -0.161 -0.144 -0.139 -0.124 -0.105

(-3.91, 0.167) (-3.652, 0.167) (-3.286, 0.241) (-3.086, 0.25) (-3.034, 0.138) (-2.883, 0.077) (-2.733, 0.276) (-2.541, 0.138) (-2.275, 0.276) (-2.187, 0.333) (-1.949, 0.5) (-1.642, 0.367)

gdpi + gdpj 0.504∗∗∗ 0.5∗∗∗ 0.484∗∗∗ 0.488∗∗∗ 0.49∗∗∗ 0.497∗∗∗ 0.503∗∗∗ 0.523∗∗∗ 0.508∗∗∗ 0.513∗∗∗ 0.519∗∗∗ 0.509∗∗∗

(9.435, 0) (9.412, 0) (9.105, 0) (9.172, 0) (9.279, 0) (9.37, 0) (9.465, 0) (9.788, 0) (9.477, 0) (9.541, 0) (9.626, 0) (9.361, 0)

|gdpi − gdpj | 0.015 0.017 0.018 0.019 0.018 0.02 0.019 0.02 0.019 0.02 0.02 0.022

(1.374, 0.4) (1.587, 0.467) (1.721, 0.333) (1.793, 0.367) (1.758, 0.3) (1.844, 0.2) (1.828, 0.433) (1.869, 0.267) (1.82, 0.4) (1.907, 0.133) (1.91, 0.367) (2.055, 0.2)

hdii + hdij -2.88∗∗∗ -2.883∗∗∗ -2.846∗∗∗ -2.879∗∗∗ -2.858∗∗∗ -2.895∗∗∗ -2.926∗∗∗ -3.006∗∗∗ -2.945∗∗∗ -2.958∗∗∗ -3.018∗∗∗ -2.987∗∗∗

(-13.739, 0) (-13.829, 0) (-13.641, 0) (-13.805, 0) (-13.818, 0) (-13.967, 0) (-14.11, 0) (-14.447, 0) (-14.148, 0) (-14.14, 0) (-14.391, 0) (-14.111, 0)

|hdii − hdij | -1.309∗∗∗ -1.311∗∗∗ -1.307∗∗∗ -1.322∗∗∗ -1.314∗∗∗ -1.334∗∗∗ -1.363∗∗∗ -1.4∗∗∗ -1.368∗∗∗ -1.395∗∗∗ -1.431∗∗∗ -1.452∗∗∗

(-7.416, 0) (-7.478, 0) (-7.452, 0) (-7.557, 0) (-7.563, 0) (-7.66, 0) (-7.828, 0) (-8.027, 0) (-7.85, 0) (-7.988, 0) (-8.19, 0) (-8.224, 0)

distance 0.002 0 -0.007 -0.008 -0.012 -0.014 -0.021 -0.023 -0.025 -0.027 -0.027 -0.033

(0.131, 0.967) (-0.024, 0.967) (-0.434, 0.667) (-0.535, 0.733) (-0.766, 0.8) (-0.942, 0.533) (-1.379, 0.433) (-1.49, 0.4) (-1.647, 0.3) (-1.743, 0.5) (-1.796, 0.4) (-2.145, 0.167)

sameregion -0.035 -0.025 -0.028 -0.035 -0.036 -0.038 -0.037 -0.039 -0.043 -0.047 -0.052 -0.052

(-1.186, 0.4) (-0.879, 0.667) (-0.967, 0.433) (-1.2, 0.3) (-1.272, 0.233) (-1.335, 0.433) (-1.277, 0.233) (-1.342, 0.367) (-1.484, 0.233) (-1.618, 0.1) (-1.811, 0.133) (-1.8, 0.133)

log(θ) 2.15∗∗∗ 2.16∗∗∗ 2.155∗∗∗ 2.153∗∗∗ 2.166∗∗∗ 2.161∗∗∗ 2.16∗∗∗ 2.166∗∗∗ 2.165∗∗∗ 2.163∗∗∗ 2.167∗∗∗ 2.161∗∗∗

(46.331, 0) (47.013, 0) (47.423, 0) (47.832, 0) (48.585, 0) (48.83, 0) (49.048, 0) (49.274, 0) (49.439, 0) (49.45, 0) (49.619, 0) (49.53, 0)

Zero-model

ni,t0 + nj,t0 -3.125∗∗∗ -3.136∗∗∗ -3.124∗∗∗ -3.083∗∗∗ -3.079∗∗∗ -3.102∗∗∗ -3.093∗∗∗ -3.098∗∗∗ -3.087∗∗∗ -3.061∗∗∗ -3.022∗∗∗ -3∗∗∗

(-24.036, 0) (-24.152, 0) (-24.189, 0) (-24.06, 0) (-24.109, 0) (-24.207, 0) (-24.187, 0) (-24.178, 0) (-24.095, 0) (-23.94, 0) (-23.657, 0) (-23.425, 0)

|ni,t0 − nj,t0| 1.165∗∗∗ 1.166∗∗∗ 1.164∗∗∗ 1.137∗∗∗ 1.132∗∗∗ 1.141∗∗∗ 1.135∗∗∗ 1.139∗∗∗ 1.137∗∗∗ 1.12∗∗∗ 1.091∗∗∗ 1.07∗∗∗

(18.024, 0) (18.146, 0) (18.241, 0) (17.998, 0) (18.046, 0) (18.227, 0) (18.204, 0) (18.283, 0) (18.268, 0) (18.04, 0) (17.583, 0) (17.217, 0)

ci,t0 + cj,t0 -1.072∗∗∗ -1.077∗∗∗ -1.077∗∗∗ -1.104∗∗∗ -1.117∗∗∗ -1.1∗∗∗ -1.085∗∗∗ -1.079∗∗∗ -1.102∗∗∗ -1.113∗∗∗ -1.152∗∗∗ -1.183∗∗∗

(-8.75, 0) (-8.799, 0) (-8.816, 0) (-9.047, 0) (-9.166, 0) (-9.017, 0) (-8.903, 0) (-8.841, 0) (-9.013, 0) (-9.081, 0) (-9.36, 0) (-9.552, 0)

|ci,t0 − cj,t0| 1.409∗∗∗ 1.422∗∗∗ 1.414∗∗∗ 1.437∗∗∗ 1.453∗∗∗ 1.449∗∗∗ 1.439∗∗∗ 1.435∗∗∗ 1.444∗∗∗ 1.447∗∗∗ 1.473∗∗∗ 1.495∗∗∗

(14.957, 0) (15.108, 0) (15.068, 0) (15.335, 0) (15.519, 0) (15.502, 0) (15.423, 0) (15.384, 0) (15.459, 0) (15.486, 0) (15.703, 0) (15.856, 0)

distance 0.836∗∗∗ 0.836∗∗∗ 0.839∗∗∗ 0.831∗∗∗ 0.832∗∗∗ 0.839∗∗∗ 0.835∗∗∗ 0.85∗∗∗ 0.851∗∗∗ 0.837∗∗∗ 0.827∗∗∗ 0.838∗∗∗

(13.117, 0) (13.137, 0) (13.205, 0) (13.117, 0) (13.157, 0) (13.259, 0) (13.207, 0) (13.41, 0) (13.406, 0) (13.199, 0) (13.008, 0) (13.121, 0)

sameregion -1.019∗∗∗ -1.025∗∗∗ -1.023∗∗∗ -1.002∗∗∗ -1.012∗∗∗ -0.984∗∗∗ -0.981∗∗∗ -0.957∗∗∗ -0.947∗∗∗ -0.957∗∗∗ -0.958∗∗∗ -0.951∗∗∗

(-9.03, 0) (-9.109, 0) (-9.121, 0) (-8.96, 0) (-9.076, 0) (-8.832, 0) (-8.818, 0) (-8.606, 0) (-8.506, 0) (-8.584, 0) (-8.572, 0) (-8.478, 0)

obs. 12090 12090 12090 12090 12090 12090 12090 12090 12090 12090 12090 12090

loglik -8874 -8921 -8967 -8997 -9041 -9072 -9083 -9063 -9061 -9041 -9002 -8957

— P-values are based on MRQAP (1000 permutations) and one-sided (because null distributions are not symmetric). One, two, and three stars signal significance values be-
low 5%, 1%, and 0.1% respectively.
— Recall from Section 1.2.4 that n and c stands for non-CRR and CRR respectively. Indices i indicate a country, and ij a country dyad. Country-level variables are joined
to capture the country dyad’s sum (xi + xj) and their absolute difference (|xi − xj |). log(θ) captures over-dispersion in the count model.
— The main finding is that in February initial CRR competence (ci,t0) is positively and non-CRR (ni,t0) is negatively associated with collaboration. Prior collaborations in
non-CRR (nij,t0) are relevant throughout. In the second half of the year, countries with strong non-CRR competence (ni,t0) attract collaborations, and less developed coun-
tries tend to collaborate more among each other (hdii + hdij and |hdii − hdij |). Same region effect is present in all months.
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Table 1.14: Marginal effects of zero-inflated negative binomial regression of (accu-
mulated) joint CRR papers (in percent).

Jan. ‘20 Feb. ‘20 Mar. ‘20 Apr. ‘20 May ‘20 June ‘20 July ‘20 Aug. ‘20 Sept. ‘20 Oct. ‘20 Nov. ‘20 Dec. ‘20

Count-model

cij,t0 12.94 12.47 -4.60 -11.57 -13.77 -13.51 -14.38 -13.65 -13.90 -12.50 -11.03 -9.51

nij,t0 43.31 54.92 32.88 37.71 41.92 41.60 42.42 41.85 41.64 40.76 39.54 38.07

ni,t0 14.29 2.03 -0.91 0.49 0.62 1.01 1.50 1.85 2.28 2.39 2.56 2.11

ci,t0 -0.34 -0.24 0.25 0.10 0.05 0.02 0.01 0.01 -0.00 -0.01 -0.03 -0.01

Depij,t0 -54.51 -32.66 -46.53 -43.02 -37.53 -41.32 -43.44 -40.21 -42.46 -44.70 -45.51 -43.92

deathi + deathj 101.04 -3.11 0.28 0.05 0.08 0.11 0.07 0.11 0.12 0.14 0.16

|deathi − deathj| -44.85 1.82 -0.39 -0.05 -0.05 -0.06 -0.02 -0.05 -0.04 -0.05 -0.07

closedi,t′ -0.04 -0.02 -0.07 0.07 0.06 -0.03 -0.06 -0.13 -0.08

lockedi,t′ 3.27 0.77 0.64 0.63 0.61 0.52 0.57 0.58 0.53 0.47

gdpi + gdpj -0.56 0.42 0.36 0.23 0.19 0.21 0.28 0.33 0.34 0.36 0.38 0.42

|gdpi − gdpj| 0.02 0.12 0.05 0.07 0.07 0.06 0.06 0.05 0.05 0.04 0.04 0.04

distance 1.21 0.28 0.01 0.07 0.08 0.08 0.07 0.07 0.04 0.04 0.05 0.06

region 202.33 4.18 -2.49 -4.36 -3.80 -7.72 -8.32 -7.98 -7.62 -6.02 -6.09 -4.75

hdii + hdij -2.41 -5.94 -4.07 -2.71 -2.68 -2.70 -3.29 -3.66 -3.57 -3.50 -3.64 -3.85

|hdii − hdij| 0.59 -0.41 -0.41 -0.54 -0.49 -0.49 -0.51 -0.52 -0.49 -0.47 -0.45 -0.47

zero-model

ci,t0 + cj,t0 -1.20 0.12 -0.27 0.34 -0.22 -0.44 -0.43 -0.38 -0.36 -0.38 -0.38 -0.37

|ci,t0 − cj,t0| 0.71 -1.40 -0.64 0.36 0.92 1.18 1.14 0.98 0.89 0.94 0.96 0.97

ni,t0 + nj,t0 0.00 -0.64 -2.16 -1.63 -1.38 -1.13 -1.10 -1.00 -0.93 -0.81 -0.68 -0.62

|ni,t0 − nj,t0| -0.03 0.02 1.81 0.62 0.57 0.49 0.48 0.44 0.41 0.36 0.29 0.26

distance 0.30 -0.08 0.06 0.26 0.28 0.23 0.23 0.20 0.19 0.18 0.14 0.13

region 22.65 -50.03 -52.18 -31.91 -28.53 -24.46 -22.50 -21.74 -20.49 -18.17 -16.13 -14.94

Notes: Average marginal effects have been obtained by comparing for each variable predictions based on observations with predictions on observed increased by one percent. In case observed

value is zero, we compare it with having one. Marginal effects of the dummy ‘same region’ are obtained by comparing zero with one outcomes.
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Table 1.15: Marginal effects of zero-inflated negative binomial regression of (accu-
mulated) joint CRR papers (in percent).

Jan. ‘20 Feb. ‘20 Mar. ‘20 Apr. ‘20 May ‘20 June ‘20 July ‘20 Aug. ‘20 Sept. ‘20 Oct. ‘20 Nov. ‘20 Dec. ‘20

Count-model

cij,t0 -8.42 -5.56 -5.31 -4.28 -3.81 -3.27 -2.60 -1.91 -0.62 -0.13 0.25 0.56

nij,t0 36.86 33.53 33.19 31.99 31.01 30.61 29.84 29.37 27.44 27.45 27.40 27.03

ni,t0 1.95 1.57 1.61 1.57 1.35 1.42 1.43 1.22 1.03 0.85 0.90 0.95

ci,t0 -0.00 0.02 0.02 0.03 0.04 0.03 0.03 0.04 0.06 0.06 0.05 0.05

Depij,t0 -40.02 -35.05 -32.32 -32.56 -30.10 -27.48 -27.48 -26.75 -25.15 -25.40 -23.93 -22.87

deathi + deathj 0.14 0.12 0.11 0.10 0.10 0.10 0.11 0.12 0.11 0.11 0.11 0.11

|deathi − deathj| -0.07 -0.07 -0.07 -0.05 -0.05 -0.05 -0.05 -0.05 -0.05 -0.05 -0.05 -0.05

closedi,t′ -0.02 0.01 -0.00 -0.01 0.04 0.03 0.04 0.07 0.07 0.08 0.09 0.10

lockedi,t′ 0.44 0.44 0.42 0.41 0.39 0.38 0.38 0.36 0.35 0.34 0.31 0.31

gdpi + gdpj 0.47 0.48 0.48 0.45 0.43 0.43 0.44 0.44 0.43 0.46 0.46 0.49

|gdpi − gdpj| 0.04 0.04 0.03 0.03 0.03 0.02 0.02 0.02 0.02 0.01 0.01 0.01

distance 0.05 0.04 0.03 0.03 0.02 0.01 0.01 0.00 -0.00 0.00 0.00 0.00

region -5.49 -5.10 -5.34 -4.92 -4.94 -4.16 -3.76 -3.92 -3.09 -3.20 -3.02 -2.78

hdii + hdij -4.07 -4.02 -4.12 -4.02 -3.83 -3.74 -3.71 -3.72 -3.57 -3.76 -3.83 -3.96

|hdii − hdij| -0.47 -0.46 -0.45 -0.43 -0.40 -0.38 -0.37 -0.36 -0.35 -0.35 -0.35 -0.36

zero-model

ci,t0 + cj,t0 -0.36 -0.36 -0.34 -0.34 -0.34 -0.33 -0.33 -0.33 -0.33 -0.33 -0.34 -0.33

|ci,t0 − cj,t0| 1.01 1.04 1.01 1.04 1.04 1.05 1.05 1.06 1.08 1.09 1.10 1.08

ni,t0 + nj,t0 -0.58 -0.53 -0.51 -0.48 -0.47 -0.46 -0.45 -0.44 -0.43 -0.43 -0.42 -0.42

|ni,t0 − nj,t0| 0.23 0.21 0.20 0.19 0.18 0.17 0.17 0.17 0.16 0.16 0.16 0.16

distance 0.13 0.12 0.12 0.12 0.12 0.11 0.11 0.11 0.11 0.11 0.11 0.11

region -13.62 -12.14 -11.42 -10.50 -10.22 -9.88 -9.44 -9.12 -8.78 -8.56 -8.41 -8.16

Notes: Average marginal effects have been obtained by comparing for each variable predictions based on observations with predictions on observed increased by one percent. In case observed

value is zero, we compare it with having one. Marginal effects of the dummy ‘same region’ are obtained by comparing zero with one outcomes.
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Table 1.16: Marginal effects of zero-inflated negative binomial regression of (accu-
mulated) joint CRR papers (in percent).

Jan. ‘20 Feb. ‘20 Mar. ‘20 Apr. ‘20 May ‘20 June ‘20 July ‘20 Aug. ‘20 Sept. ‘20 Oct. ‘20 Nov. ‘20 Dec. ‘20

Count-model

cij,t0 0.60 1.01 1.17 0.98 1.46 2.06 2.20 2.04 2.24 2.27 2.45 2.79

nij,t0 27.05 26.70 26.46 26.48 26.03 25.48 25.35 25.60 25.47 25.49 25.40 25.12

ni,t0 1.14 1.18 1.23 1.17 1.14 1.04 0.98 1.16 1.19 1.23 1.20 1.27

ci,t0 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.04 0.04 0.04 0.04 0.04

Depij,t0 -21.07 -19.75 -18.00 -17.05 -16.68 -15.94 -15.17 -14.18 -12.81 -12.36 -11.10 -9.48

deathi + deathj 0.10 0.10 0.10 0.09 0.09 0.09 0.09 0.09 0.09 0.09 0.09 0.09

|deathi − deathj| -0.04 -0.04 -0.04 -0.04 -0.04 -0.04 -0.03 -0.03 -0.03 -0.03 -0.03 -0.03

closedi,t′ 0.12 0.11 0.11 0.12 0.13 0.13 0.13 0.13 0.14 0.14 0.14 0.15

lockedi,t′ 0.32 0.31 0.31 0.31 0.30 0.30 0.30 0.30 0.29 0.28 0.28 0.27

gdpi + gdpj 0.50 0.50 0.48 0.49 0.49 0.50 0.50 0.52 0.50 0.51 0.52 0.51

|gdpi − gdpj| 0.01 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02 0.02

distance 0.00 -0.00 -0.01 -0.01 -0.01 -0.01 -0.02 -0.02 -0.03 -0.03 -0.03 -0.03

region -2.59 -1.91 -2.09 -2.59 -2.72 -2.85 -2.73 -2.87 -3.17 -3.46 -3.86 -3.86

hdii + hdij -4.12 -4.12 -4.07 -4.11 -4.08 -4.14 -4.18 -4.30 -4.21 -4.23 -4.31 -4.27

|hdii − hdij| -0.36 -0.36 -0.36 -0.36 -0.36 -0.37 -0.37 -0.38 -0.37 -0.38 -0.39 -0.39

zero-model

ci,t0 + cj,t0 -0.33 -0.32 -0.32 -0.32 -0.32 -0.32 -0.31 -0.31 -0.31 -0.30 -0.30 -0.30

|ci,t0 − cj,t0| 1.06 1.06 1.05 1.06 1.07 1.06 1.04 1.03 1.03 1.01 1.01 1.01

ni,t0 + nj,t0 -0.42 -0.42 -0.41 -0.40 -0.40 -0.40 -0.39 -0.39 -0.39 -0.38 -0.37 -0.37

|ni,t0 − nj,t0| 0.16 0.16 0.16 0.15 0.15 0.15 0.15 0.15 0.14 0.14 0.14 0.13

distance 0.11 0.11 0.11 0.11 0.11 0.11 0.11 0.11 0.11 0.10 0.10 0.10

region -8.09 -8.08 -8.02 -7.82 -7.83 -7.55 -7.48 -7.24 -7.13 -7.15 -7.10 -6.95

Notes: Average marginal effects have been obtained by comparing for each variable predictions based on observations with predictions on observed increased by one percent. In case observed

value is zero, we compare it with having one. Marginal effects of the dummy ‘same region’ are obtained by comparing zero with one outcomes.
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Chapter 2

Novelpy : A Python Package To

Measure Novelty And Disruption

Of Bibliometric And Patent Data

This chapter was co-authored with

Pierre Pelletier

Summary of the chapter

Novelpy (v1.2) is an open-source Python package designed to compute bibliometric indica-

tors. The package aims to provide a tool for the scientometrics community that centralizes

various measures of novelty and disruptiveness, enables their comparison, and fosters repro-

ducibility. This paper offers a comprehensive review of the different indicators available in

Novelpy by formally describing these measures (both mathematically and graphically) and

presenting their advantages and limitations. We then compare the different measures on a

random sample of 1.5M articles drawn from the Pubmed Knowledge Graph to demonstrate

the module’s capabilities. We encourage anyone interested to participate in the develop-

ment of future versions.
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CHAPTER 2. NOVELPY

2.1 Introduction

Identifying and tracking relevant pieces of knowledge remains a core issue in the Sci-

ence of Science research. A better understanding of knowledge flow dynamics, mech-

anisms behind the emergence of new ideas, and identification of novel or impactful

documents are crucial for fostering effective science, which will, in turn, help address

future societal challenges [Fortunato et al., 2018, Foster et al., 2021, OECD, 2021].

This article proposes integrating various bibliometric indicators within a Python

package. It assembles within a single module novelty or, more broadly, creativity

measurements through combinatorial novelty indicators [Uzzi et al., 2013, Foster

et al., 2015, Lee et al., 2015, Wang et al., 2017, Shibayama et al., 2021], as well as

several impact measures, including disruption metrics [Wu et al., 2019, Wu and Yan,

2019, Wu and Wu, 2019, Bu et al., 2019, Bornmann et al., 2019a].

This module is intended for researchers in the emerging and multidisciplinary

field of Science of Science. There is an increasing tendency to create new sciento-

metric indicators, but fewer initiatives exist to design reproducible experiments. For

novelty indicators, there is minimal reference to prior approaches when creating a

new indicator; thus, the flexibility in the choice of measures raises the temptation to

choose the measure that produces the intended outcome [Foster et al., 2021]. Only

a few studies attempt to establish a conceptual background of creativity and the

formalization of the indicators [Foster et al., 2021]. This article provides a mathe-

matical and graphical description of these indicators. To the best of our knowledge,

it is the first tool that enables the computation of these metrics.

Two macro types of analysis can describe Scientometrics: performance analysis

and Science Mapping Analysis (SMA) [Moral Muñoz et al., 2020]. Performance

analysis aims to assess the activities of scientific actors and their impact. Its purpose

is to assign a value to the productivity and pervasiveness of research conducted

by a unit (article, author, institution). SMA “is mostly directed at monitoring a

scientific field to determine its (cognitive) structure, its evolution, and main actors

within” [Noyons et al., 1999]. It captures a snapshot of a part of the scientific system

at a given moment to analyze its structure. The present package allows analysis

through disruption measures and assesses papers’ originality potential using novelty

indicators. Both metrics require science mapping analysis to be measured since they

are generated through maps of the structure of science. Inputs, outputs, and impacts

of these scientific activities are the three perspectives used in bibliometric analysis
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[Sugimoto and Larivière, 2018].1 Entities involved in most combinatorial novelty

indicators use only the output part of documents to compute their measures [Uzzi

et al., 2013, Foster et al., 2015, Lee et al., 2015, Shibayama et al., 2021], except

for Wang et al. [2017], which uses references from future articles to control for re-

utilization. Disruption indicators [Wu et al., 2019, Bu et al., 2019, Bornmann et al.,

2020] take the outputs and impacts of a given document to construct their metrics.

They are based on both the references and citations of a given document. This

module focuses on metrics using outputs (references/keywords) and impact features

(citations/references and keywords from future articles).

While citation is an invaluable source of information, several limitations exist

when using the sheer number of citations to evaluate impact. Inter-field (and even

intra-field) comparisons can be challenging, as the sheer number of scientists and

the way science is performed vary significantly depending on the research domain

(methodology, solo author vs. team publication, citation habits). The gap in the

number of citations is mainly due to the field’s structure and does not necessarily

represent the documents’ quality. This phenomenon becomes an issue when raw

numbers are used to measure the importance of research [Purkayastha et al., 2019].

The same problem arises with self-citation, comparing national and international

journals, or document languages [Van Leeuwen et al., 2001].

Network effects have been observed in citation dynamics. Wallace et al. [2012]

showed that scholars tend to cite researchers with whom they have a deeper social

connection. They also found that researchers are more likely to cite collaborators

of collaborators, thereby creating a citation continuum. Articles with international

collaborations are more cited due to network effects [Wagner et al., 2019]. Other neg-

ative citation behaviors arise in Bornmann and Daniel [2008]; scholars tend to cite

papers to satisfy editors and reviewers, showing an apparent disconnection between

citation and actual importance during the creation process. Field-specific issues can

be addressed using normalization methods or different counting methods of citations

(see Waltman [2016] for a comprehensive review). One family of normalized indica-

tors is disruptiveness [Wu et al., 2019, Wu and Yan, 2019, Wu and Wu, 2019, Bu

et al., 2019, Bornmann et al., 2019a]. These measures analyze how a focal article

1Input refers to human and financial resources and captures the different interactions of agents
in the system at various levels (authors/institutional/country levels). Output results from the
research process, the different entities that characterize a document. Finally, impact measures
knowledge dissemination generated by an article through citations, attention by the general public,
or re-utilization of a document’s components.
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acts as a bottleneck between future papers and the references of the focal papers.

They capture whether a document consolidates a domain (i.e., future papers rely

on the same pieces of knowledge as the focal paper) or constitutes a starting point

for documents from various areas (i.e., future papers only use information from the

document).

Scientific advancement is the result of individuals’ creativity, where creativity is

defined as “held to involve the production of high-quality, original, and elegant so-

lutions to complex, novel, ill-defined, or poorly structured problems” [Hemlin et al.,

2013]. Scholars have proposed measurements to complement these impact indicators

with creativity indicators, usually called “atypicality”, originality”, or “novelty” in-

dicators. The need for quantifying novelty comes from its position as an essential

component of the structure of the scientific and economic system. Novelty is at the

origin of peer recognition, which acts as a “reward system” for individuals. The

“priority rule” grants recognition to the first person making the discovery [Merton,

1957, Carayol et al., 2019]. Novelty is also at the core of the theory developed in

evolutionary economics, in which technological progress and creativity influence the

cyclical nature of the economy [Schumpeter et al., 1939, Nelson, 1985, Amendola

et al., 2014]. Scientific progress remains elusive, and novelty indicators are intended

to approach creativity, as making relevant novel combinations is perceived as inno-

vative [Burt, 2004, Rodŕıguez-Navarro, 2016, Bornmann et al., 2019b]. The earliest

novelty indicators focused mainly on past information (i.e., using an entity created

the same year) or the distance between articles from a given year, based on their

references’ overlapping [Dahlin and Behrens, 2005].

More recently, scholars have integrated the conceptual framework of knowledge

recombination (a combination of pre-existing ideas that leads to invention) into nov-

elty indicators. This concept was already developed by Poincaré [1910]. Although

he refers to the specific science case, it can be extended to any non-scientific creative

process where combinations can be both material and conceptual [Winter and Nel-

son, 1982]. Weitzman [1998] discussed how knowledge could be generated through

a combinatorial process of past ideas and how this can generate economic growth as

long as potential new ideas are exploitable. At the same time, an invention does not

necessarily arise from combining two components for the first time. Indeed, it can

also occur from creating a new relationship between two already linked components

[Schumpeter et al., 1939, Henderson and Clark, 1990]. This deepens the idea brought

by Jacob [1977] that scientific advancement emerges from looking at something from
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a new angle rather than incorporating a new instrument. Scientists have proposed

a more probability-based approach to capture this combinatorial process. Instead of

focusing solely on the degree of novelty of a combination, they look at how unlikely

this combination is to happen. The more distant the items in the combination, the

more complex and unlikely it is to make this combination. Therefore, the combina-

tion is more novel. To solve mathematical problems, Poincaré used the knowledge

he found in another field [Poincaré, 1910]. The more distant the fields were, the

more insight he gained. However, novel documents exhibit higher variance in cita-

tion performance. Academics adopting an exploration strategy face a higher risk of

failure [Fleming, 2001, Foster et al., 2015, Wang et al., 2017, OECD, 2021]. Scientific

documents that have a fair mix of novel and conventional ideas are more likely to

be “sleeping beauties” than other documents (see Ke et al. [2015] and Wang et al.

[2017]). The idea of March [1991] that organizations that explore and consolidate

existing processes/technologies are more likely to survive can also be applied in the

scientific realm.2 Novelty indicators can be applied to different entities (patents, pa-

pers, webpages, etc.) using various units of knowledge (references, keywords, MeSH

terms, text, and others).

Most packages available in R and Python deal with performance or SMA. Moral Muñoz

et al. [2020] carried out a detailed and up-to-date review of the tools and libraries that

help researchers in their daily work. Although much work has been done to study

citation or co-authorship, novelty and disruption indicators are still unavailable, and

researchers have to code these metrics themselves. Concerning the reproducibility of

novelty studies, only Shibayama et al. [2021] shared their code on Github to calculate

their new novelty indicator, but this is still an isolated event. This tool, therefore,

ensures that indicators of novelty and disruption used in future studies will be repli-

cable.

The rationale for incorporating novelty and disruption indicators in a single pack-

age comes from the fact that they both capture different aspects of the documents:

the former aims at quantifying the risky profile of research, looking at the balance

between exploitation and exploration [March, 1991] of the knowledge space. At the

same time, the latter analyzes how impactful an article is for science. The link

between novelty and citation count has been of interest in previous research [Uzzi

et al., 2013, Wang et al., 2017], and more recently, Lin [2021] studied the relationship

between novelty and disruption indicators. The different studies only look at specific

2Here, survival can be expressed as a high citation count.
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novelty indicators; a complete benchmark is still missing. This paper contributes to

an ongoing effort to systematically benchmark and compare multiple indicators of

impact and novelty by proposing an open-source tool to the community.

This article contributes to the Science of Science literature by providing an open-

source Python package, Novelpy, to compute Novelty and Disruption measurements.

It unifies the existing indicators in a common framework using a formalization based

on graph theory and provides some hands-on experience. We hope that Novelpy

will contribute to homogenizing our practice in the science of science and support

researchers in their work. The package will be available in Python, one of the most

popular open-source programming languages (hence with the most prominent com-

munity support), and will be maintained long-term. The package currently works

with a specific and documented data structure, but tools to easily use well-known

data sources are under development. The package will be hosted on PyPI and also

on Github, which allows the creation of bug reporting and/or proposition of develop-

ment.3 The rest of the paper is structured in the following way. Section 2.2 contains

the formalization of the indicators implemented in Novelpy. Section 2.3.2 demon-

strates the package’s capabilities on a random sample drawn from PubMed. We close

the paper with a discussion on the remaining limitations of novelty indicators’ usages

and the purpose of the package.

2.2 Supported indicators

This section details the content of Novelpy, describes the computation for each indi-

cator, and the data required. The Novelpy Python package provides a set of functions

to perform quantitative analysis in scientometrics. The structure of the module is

divided between novelty and disruption indicators. Novelty indicators are also sep-

arated between indicators based on co-occurrence matrices and ones based on text

embedding techniques, as represented in figure 2.1.

Practically, disruption indicators are all calculated through the same function,

while novelty indicators have a function for each measure. All functions are explained

in the module’s documentation (https://novelpy.readthedocs.io/).

Different data types can be employed depending on the indicator, as shown in

2.1. All indicators working with a co-occurrence matrix can use references, journals,

or keywords, and disruption indices rely on the citation network. Shibayama et al.

3Documentation is available here https://novelpy.readthedocs.io/en/latest/usage.html
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Figure 2.1: Novelpy ’s module structure

[2021]’s indicators use the citation network and title or abstract to represent the

article’s semantics in a vector space. Various tools to preprocess bibliometric data are

also included within the package to simplify the computation of proposed measures

(e.g., co-occurrence matrix construction, text embedding, citation and co-authorship

network creation).4 Table 2.1 summarizes the indicators available in the module,

their strengths and weaknesses, and the possible variables to compute them.

The module supports a wide range of data sources as long as they are in the

proper format; note that transforming data to the expected structure is relatively

simple. Helper functions are available to transform PubMed Knowledge Graph data

into the desired structure.5 For other databases, further backend to OpenAlex, Web

of Science, Scopus, and PATSTAT are under construction. The package currently

works with documents in JSON or MongoDB format. Mongo will be preferred for

large databases to avoid overflowing the RAM.

2.2.1 Novelty Indicators

We focus on novelty indicators in the package based on the combinatorial idea.

As discussed in section 2.1, novelty indicators can be differentiated into two groups

regarding how they compute the distance between items. The first group uses a com-

bination of items, such as keywords and journals, to create a co-occurrence matrix.

Algorithms make use of this matrix to compute the distance. The more distant, the

4see https://novelpy.readthedocs.io/en/latest/utils.html
5Expected structure is presented here: https://novelpy.readthedocs.io/en/latest/

usage.html#format-supported
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Type Indicator Pros Cons Variables used
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Novelty Uzzi et al. [2013]
Conserve dynamical
citation structure

Computationally
intensive X X

Lee et al. [2015]
Computationally lightweight
Data-saving

Conceptually
less advanced X X

Foster et al. [2015]
Consider undirect link
Computationally lightweight

Discret distances X X

Wang et al. [2017] Computationally lightweight Data-Intensive X X

Shibayama et al. [2021] High granularity
Computationally and
data-intensive O O

Disruptiveness Wu et al. [2019] Normalized
Data-intensive
Issue with term KFP

X

Bornmann et al. [2019a] Normalized Data-intensive X

Bu et al. [2019] Normalized Data-intensive X

Table 2.1: Novelpy ’s available indicators. X means that you can run the indicator on either variable. O Means you need both variables
to run it

more unexpected and, therefore, novel the combination. The second type of indica-

tor maps items in an Euclidean space with text embedding techniques like word2vec

[Mikolov et al., 2013]. The distance is then computed in this semantic space. As

shown in Figure 2.1, novelty indicators are split between those using co-occurrence

of entities such as journals or keywords and those using word embedding techniques.

For the first group of indicators, we first need to create a co-occurrence matrix for

each year of the given dataset. While some indicators only use the focal year to com-

pute the score for each combination [Uzzi et al., 2013, Lee et al., 2015, Carayol et al.,

2019], others take into account past combinations in the score calculation [Foster

et al., 2015] and future re-utilization [Wang et al., 2017].

Atypicality [Uzzi et al., 2013], Commonness [Lee et al., 2015], and Novelty [Wang

et al., 2017] are all indicators that use references of an article at a journal level.

Previous studies usually focused on one type of knowledge unit, but as long as one

can create a co-occurrence matrix between items, it becomes trivial to generalize.

Carayol et al. [2019] reformulate Lee et al. [2015] and apply it to keywords and con-

struct the indicator accounting for inter-field heterogeneity by splitting the analysis.

Fleming [2001] computes a combination of patent subclasses, a prevalent practice
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in patentometrics. Dahlin and Behrens [2005] propose a novelty measure based on

the overlapping between documents’ references that was reused by Trapido [2015].

Based on this work Matsumoto et al. [2021] propose an extension that computes

the average share of references that are shared between a focal paper and all other

documents in the same field. These indicators are not present in Novelpy (v1.2) but

will be added in future versions.

Although the co-occurrence matrix can be considered an adjacency matrix, only

a handful of indicators use graph theory to compute the distance between items. In-

deed, indicators à la Uzzi et al. [2013], or Lee et al. [2015] take into account only the

direct neighborhood during distance calculation. If items A and B are close, items B

and C are close, and D is unrelated to any of them, then the combination of A and C

is more likely to happen than A and D. This logic is completely ignored if one con-

siders the direct neighbors. Wang et al. [2017] integrated this into their indicator by

considering the cosine similarity between nodes’ neighbors, which considers common

friends (A and C in the example above). Using community detection as in Foster

et al. [2015], one can better represent the distance between two units by using the

global structure of the network. However, the discrete nature of the novelty score can

be argued. Using text embedding, one can have a continuous representation of the

distance between items. This distance is related to the text’s structure since word

similarity depends on their neighborhood. Some initiatives used these techniques

with different purposes but could be used to create a novelty score. Hain et al.

[2020] create a similarity measure between patents using word2vec [Mikolov et al.,

2013]. Shibayama et al. [2021] was the first to apply word embedding techniques

in a novelty context. They embed references in a Euclidean space using spaCy and

then compute a distribution of cosine distances between documents present in the

references for a given document.

We propose a mathematical formalization of these indicators. Setting up this

framework offers a basis for defining future new indicators. These indicators are

formulated based on graph theory, where the network’s nodes are units of knowledge

(journals, keywords, or references), and edges represent the co-occurrence of these

units in entities (documents or patents).

• Co-occurrence matrix can be written as a graph G = (V,E,w).

• Set of nodes V of dimension v represent here the entities (e.g. keywords,

journals), a given entity is defined as Vi.
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• Set of edges is noted E.

• Number of combinations between Vi and Vj is the weight for the edge (Vi, Vj)

and is written w(Vi, Vj).

• Degree of a node Vi is written ki. N is the sum of the weighted edges in G

without self-loops, N = Σv−1
i=1 Σv

j=i+1w(Vi, Vj).

D defines our set of documents of dimension n. Each focal paper, FP , has

its network, which can be defined as GFP , EFP is the subset of edges present in

document FP . GFP uses the same set of nodes V as G and can be express as

GFP = (V,EFP , wFP ). In some cases, GFP is an unweighted network and will be

written then GFP = (V,EFP ). The number of links, w(Vi, Vj), is then defined as

the sum of all combinations of two given entities overall document in D, w(Vi, Vj) =

Σn
d=1wd(Vi, Vj) where wd(Vi, Vj) is binary if the graph is unweighted at the document

level. G(V,E,w) can be defined at a year level. For example, in year t, and the

associated network will be noted Gt(V,Et, wt). Uzzi et al. [2013], Lee et al. [2015],

use only the subgraph Gt for calculation. Foster et al. [2015] use the accumulation of

past networks. For Wang et al. [2017], several subgraphs are involved in computing

the indicator. The novelty indicators à la Wang et al. [2017] deal with four subgraphs

of G. One needs to consider two different past sets of documents (noted P and B)

and a set of future documents (noted F ).

2.2.1.1 Uzzi et al. [2013]: Atypicality

The goal of the measure proposed by Uzzi et al. [2013], called “Atypicality”, is to

compare an observed network with a random network. The network is shuffled,

preserving the temporal distribution of references at the paper level. As shown in

Figure 2.2, a document citing two articles from, for example, 1985 and one from

1987 will still cite articles published the same year, but the journal can change.

The frequency of the combination (Vi, Vj) at time t is defined as wt(Vi, Vj), and

we extract the adjacency matrix of observed frequencies. The idea is basically to

compute the frequency Z-score for each journal combination. The Z-score is defined

as z = (obs− exp)/σ; an observed frequency is compared with a theoretical one.

The theoretical frequency is generated through Markov chain Monte Carlo sim-

ulation, preserving the dynamical structure of citations. In the case of Atypicality,

we are dealing with s + 1 different networks for the year t, the existing network and
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(a) Resampling strategy (b) Score calculation

Figure 2.2: Uzzi et al. [2013] 6

s resampled ones. The existing network is Gt, as defined above. The others are

generated by preserving an article’s temporal distribution of references. For each

document FP , we want to keep the number of references published in year t − y

stable for all y to ensure that the global age distribution of the pieces of knowledge

used at time t remains stable.

One needs to generate s random networks Gt. After re-sampling, the publishing

year of references is no longer considered. Edges’ weights are then aggregated to fit

with Gt edge structure Et by summing over all combinations. The observed frequency

for each sample is computed for each edge (Vi, Vj). We write the set of frequencies

for the combination of Vi and Vj in the s samples ws
t (Vi, Vj). One can then compute

the mean and standard deviation for each edge’s frequency and compute a z-score.

Z − scoreijt =
wt(Vi, Vj) −mean(ws

t (Vi, Vj))

std(ws
t (Vi, Vj))

For each paper, taking all combinations made (EFP ), a distribution of z-score

written ZFP is computed, and the 10th percentile (P10) of this distribution (the

novelty) and the median (P50) (the conventionality). The novelty and conventionality

for document FP are then written:

NoveltyFP = P10(ZFP )

6(a): P and P’ are two distinct papers, P cites journals A, B, and D. P’ cites journals B, C, and
E. The goal is to shuffle the network by conserving the dynamic structure of citations at the paper
level. P no longer cites A from t− y but cites B from year t− y. (b): Comparing the observed and
resampled networks, we can compute a z-score for each journal combination.
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ConventionalityFP = P50(ZFP )

While this indicator only requires data from a specific year, it is still computa-

tionally greedy. Generating the s samples and the computation of the average and

the standard deviation for each possible combination is expensive. On the contrary,

this indicator allows for keeping the temporal structure stable, which is more in line

with the reality of the availability of the knowledge pieces.

2.2.1.2 Lee et al. [2015]: Commonness

Lee et al. [2015] compares an observed network with a theoretical network (Observed

vs Expected frequency of edges) at a year level. The observed number of combina-

tions (Vi, Vj) at time yt is the number of edges wt(Vi, Vj), the theoretical number of

combinations is
ki∗kj
Nt

, the degree for entity i and j multiplied together and divided

by the total number of combinations made in year t.

Figure 2.3: Lee et al. [2015]

Commonnessijt =
wt(Vi, Vj) ∗Nt

ki ∗ kj

For each paper, taking all combinations made in document FP (EFP ), a distribu-

tion of commonness-score written CFP is computed. The commonness for document

FP is the 10th percentile (P10) of this distribution and is written as:

CommonnessFP = −log(P10(CFP ))

The main advantage of the commonness indicator is its speed of calculation; it

is the least demanding indicator in terms of the execution time of the package. The

indicator only requires data from a specific year. Note that this indicator is very

close to Uzzi et al. [2013]’s one. Both would be equal if Uzzi et al. [2013] resampling

method would not consider the references’ publishing year.
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2.2.1.3 Foster et al. [2015]: Bridging

Foster et al. [2015] propose a novelty indicator based on community detection algo-

rithms. It captures the distance between two entities taking into account undirected

edges. The goal of the measure is to identify the network’s community studied and

capture proximity through the community in which the combined entities are clus-

tered.

Any community algorithm can be applied to this indicator. We rely on the

Louvain algorithm in Novelpy following Foster et al. [2021], but we intend to add

further options. After applying the community algorithm on G(V,E,w), we are left

with multiple clusters of entities. Ci is the community to which the entity i belongs.

Figure 2.4: Foster et al. [2015] 7

NoveltyFP =

∑

(i,j)∈EFP

1 − δ(Ci, Cj)

|EFP |

Where δ(Ci, Cj) = 1 if Ci = Cj (i.e., both entities, i and j, are in the same

community), δ(Ci, Cj) = 0 otherwise. The novelty score of an entity is the proportion

of pairwise combinations that are not in the same community.

This indicator brings into the field algorithms that capture the global network

structure and only require data from a specific year. At the same time, this indicator

does not allow measuring distances between communities and proposes only a binary

distinction.

2.2.1.4 Wang et al. [2017]: Novelty

Wang et al. [2017] propose a measure of difficulty for pairs of references that have

7FP cites different journals which belong to different communities. The novelty is the number
of journal combinations from two different communities. Communities of journals are computed
through a community detection algorithm.
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never been made before. These new pairs need to be reused after the given publica-

tion’s year (scholars do not have to cite directly the paper that creates the combina-

tion, but only the combination itself). The idea is to compute the cosine similarity

for each journal combination based on their co-citation profile b years before t. The

cosine similarity between WB
i and WB

j is defined:

COS(WB
i ,WB

j ) =
WB

i .WB
j

‖WB
i ‖‖WB

j ‖

where WB
i represent all links of entity i, B years before year t.

Novelty à la Wang et al. [2017] relies on four subgraphs of G constructed using two

different past sets of documents, a set of future documents, and the set of documents

for the focal year. These different subgraphs are defined as follows (note the first

year of the dataset y0 and the last as yn):

• Gt = (V,Et, wt) is a subgraph of G from year t (documents published year t)

• GP = (V,EP , wP ) is a subgraph of G from year t0 to t−1 (documents published

before year t)

• GB = (V,EB, wB) is a subgraph of G from year t− b to t−1 is used to measure

the cosine similarity between nodes. This set is a subgraph of GP (documents

are published in a given window before year t)

• GF = (V,EF , wF ) is a subgraph of G from year t + 1 to t + f (documents

published in a given window after year t)

This indicator focuses on new combinations reused afterward and not achieved

before the given year yt. One needs to keep all elements of Et /∈ EP and Et ∈ EF .

More precisely, edges belonging to the following subset (that we call EN) are the

only edges used to compute this indicator EN = (Et ∩ EF ) ∩ EP

Cosine similarities are calculated using GB. For each document, we compute

an undirected and unweighted network. The novelty is the sum of all edges from

EFP ∈ EN , that is:

NoveltyFP =
∑

(i,j)∈EN

1 − COS(WB
i ,WB

j )

8For a given article at time t, we check if the journal combined were already combined in the
past (GP ). We then check if the combination is reused in the future (GF ). If the combination is
new and reused, the difficulty of making such a combination is calculated on the recent past (GB)
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Figure 2.5: Wang et al. [2017] 8

The main issue with this indicator is the amount of data needed to compute the

measure. One needs as much data as possible before the focal year to ensure that

the combination has never been made. At the same time, some hyperparameters

involved in this measurement can drastically modify the results. For example, the

time window to capture the re-utilization of a combination or the number of times

reused needed to be novel is very arbitrary.

2.2.1.5 Shibayama et al. [2021]: Novelty

Shibayama et al. [2021] propose to incorporate semantic distances to capture diversity

in the set of references from a given article following Hain et al. [2020] and their

similarity measure between patents. Document centroids are computed by summing

all word representations for each document.

Consider a directed unweighted graph G(V,E) containing the citation network.

For a given document FP , a referenced document is denoted by r, and the set of

nodes that are cited by FP is then InFP = r : (FP, r) ∈ E. Shibayama et al. [2021]

compute all distances between each document’s centroids (C2
|InFP | combinations).

All documents have a vectorial representation in a semantic space of length 200.

Distances between two references i, j ∈ InFP are calculated through cosine similarity:

nij = 1−COS(Ti, Tj), where Ti is the dense vector text representation for a document

i. A distribution of novelty scores NFP = nij : i, j ∈ OutFP is then computed, and

for each document, the final score is a percentile of NFP .

9For a given article, each reference’s abstract (or title) is represented in a semantic space through
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Figure 2.6: Shibayama et al. [2021] 9

Shibayama et al. [2021]’s indicator is both data-intensive and computationally

intensive. One needs all references’ titles/abstracts for a given set of articles. The

package currently works with a pre-trained Word2Vec model, en core sci lg from

spacy, to compute the dense representation of a document. Future versions will

incorporate a back-end to use any pre-trained model.

2.2.2 Disruption Indicators

Disruption indicators offer alternative measures of impact to the number of cita-

tions. They allow understanding if a given article behaves as a bottleneck between

the knowledge mobilized in a given article and the articles that will cite it. Dis-

ruptiveness was introduced in scientometrics by Wu et al. [2019] and was previously

proposed for patents by Funk and Owen-Smith [2017]. Following Azoulay [2019]’s

definition, a paper can either consolidate or disrupt existing knowledge. If future

papers cite a focal paper and its references, then the focal paper consolidates the ex-

isting knowledge space but does not disrupt it. On the other hand, if future papers

cite only the focal paper and not its references, then the focal paper is considered

disruptive. Quoting Bornmann et al. [2019a], “[...] many citing documents not re-

ferring to the FP’s cited references indicate disruptiveness. In this case, the FP is

the basis for new work which does not depend on the context of the FP, i.e., the

FP gives rise to new research.” All presented measures normalize citation and give

a relative perspective on a publication’s impact [Bu et al., 2019]. Disruption indi-

cators consider the importance of pieces of knowledge (references) in a given article

for other articles. In contrast, Depth and Breadth, as proposed in Bu et al. [2019],

text embedding techniques. The distance between two references is then computed through cosine
similarity.
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capture how the knowledge generated by that given item is reused and whether it

allows for the consolidation of a domain or is instead used in a disparate manner.

Consider a directed unweighted graph G(V,E) containing the citation network.

• For a given document FP , we note a document cited by FP , r. The set of

nodes that are cited by FP is then InFP = {r ∈ V |(FP, r) ∈ E}

• For a given document FP , we note a document citing FP , c. The set of nodes

that are citing FP is then OutFP = {c ∈ V |(c, FP ) ∈ E}

• The number of citations for FP is then deg−(FP ) = |OutFP | and number of

references deg+(FP ) = |InFP |

• The set of references for an article citing FP is then noted Inc

2.2.2.1 Wu et al. [2019]: Disruptiveness

By adapting Wu et al. [2019] notation, we called IFP the set of nodes with FP as

a parent that does not have FP ’s parents as parents. More formally IFP = {c ∈

OutFP |Inc /∈ InFP}. The set of J l
FP is the set of nodes with FP as a parent that

share at least l parents with FP . We note J l
FP = {c ∈ OutFP ||{Inc ∈ InFP}| > l}.

Finally, KFP is the set of nodes that share parents with FP but that do not have

FP as a parent: KFP = {v ∈ V |v ∈ InFP}.

The disruptiveness à la Wu et al. [2019] is then noted :

DI1 =
|IFP | − |J1

FP |

|IFP | + |J1
FP | + |KFP |

Some variants that consider only paper sharing at least l references have been

proposed:

DI5 =
|IFP | − |J5

FP |

|IFP | + |J5
FP | + |KFP |

2.2.2.2 Bornmann et al. [2019a]: Disruptiveness

A variant that removes the term |KFP | has been proposed by Wu and Yan [2019]

because the number of documents that cite references from the focal documents with-

out citing the focal documents is often too large compared to the paper from other

10For a given article FP, we retrieve: (a): Articles citing FP and references from FP (named J).
(b): Articles citing FP but no references from FP (named I). (c): Articles citing references from
FP but do not cite FP (named K).
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Figure 2.7: Wu et al. [2019], Bornmann et al. [2019a] 10

sets. Wu and Wu [2019] show how considering the set KFP can lead to a decrease in

disruptiveness when the term |IFP | − |J1
FP | is negative. In that configuration, more

papers that do not cite FP (|KFP |) lead to higher disruptiveness, which is different

from how the indicators conceptually work. Defined as DInokl by Bornmann et al.

[2019a], we note:

DInokl =
|IFP | − |J l

FP |

|IFP | + |J l
FP |

2.2.2.3 Bu et al. [2019]: Breadth and Depth

Bu et al. [2019] propose an alternative to the above disruption indicators. It cal-

culates the proportion of articles citing the focal paper that also cites other articles

citing it. The indicator allows us to understand whether the document contributes

to a restricted research domain; the documents citing the focal paper are interde-

pendent and cite each other. On the contrary, the documents using the focal paper’s

research may also be unconnected and belong to a more extensive research space.

Figure 2.8: Bu et al. [2019] 11

11For all articles citing FP, we check if they also cite papers citing FP.
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Let FP be the focal paper, the articles citing it the set OutFP . We are interested

in the articles cited by the documents of the set OutFP . For each element c of OutFP ,

we observe a set of associated references named Inc. The proportion of documents

citing document FP and also citing documents that are citing FP is then written

as:

DepthFP =
|{c ∈ OutFP : |Inc ∈ OutFP | > 0}|

|OutFP |

On the contrary, the breadth, the proportion of papers citing FP that do not

cite other publications also citing FP , is written:

BreadthFP =
|{c ∈ OutFP : |Inc ∈ OutFP | = 0}|

|OutFP |
= 1 −DepthFP

Bu et al. [2019] also propose a measure of dependence. It captures the average

number of references shared between the focal paper FP and documents citing it.

InFP is the set of references of FP . For all document c that cite FP (OutFP ), we

want to know the number of references shared:|{Inc ∈ InFP : c ∈ OutFP}|. The

average number of references shared between document FP and all documents citing

it (c ∈ OutFP ) is then:

DependenceFP =

∑

c∈OutFP

|Inc ∈ InFP |

|OutFP |

Our package does not compute two other indicators from Bu et al. [2019]: Inde-

pendence and Dependence. However, they represent the proportion of publications

citing a focal paper that also cites references from the focal paper. Using notation

from 2.2.2.1: |IFP |

|IFP |+|J1
FP

|
one can easily derive this value from disruption indicators

DInok1 . Indeed from DInok1 =
|IFP |−|J1

FP |

|IFP |+|J1
FP

|
we can compute the independence, the pro-

portion of articles citing the focal paper that do not cite articles cited by the focal

paper
|IFP |

|IFP | + |J1
FP |

=
DInok1 + 1

2
if |OutFP | > 0

All these measures are rather demanding in terms of data requirements. Indeed,

for each given article, we need to access the references, the articles citing the focal

paper, and the articles citing the references of the focal paper.
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2.3 Sample analysis

2.3.1 Descriptive statistics

This section provides examples of applications that could be performed with Novelpy.

We use a Pubmed Knowledge Graph (PKG) sample [Xu et al., 2020], which stores

research articles published on Pubmed and offers metadata for all papers. This anal-

ysis is proposed as an example to demonstrate our module features after computing

the indicators.12 All figures and tables can be found in the appendix. The sample is

restricted from 1995 to 2015; the focal period is 2000-2010. The sample is composed

of 1,469,352 papers and 2,959,650 distinct authors. Authors are disambiguated in

PKG using advanced heuristics and algorithms. The sample was chosen to ensure

that articles had the attributes needed to run the indicators. Each paper has ref-

erences, mesh terms, titles, and abstracts. Table 2.2 and Figure 2.9 summarize the

statistics of the sample. On average, the number of references used in a paper is 23,

consistent with typical citation behavior [Abt and Garfield, 2002]. The number of

papers almost doubled in 10 years, which aligns with the literature [Fortunato et al.,

2018].

2.3.2 Results

As discussed in previous sections, research on novelty indicators still needs to be

conducted across multiple dimensions. Novelpy will facilitate computing different

indicators on various entities. Researchers can then use the novelty scores provided

by the package to perform their analyses. Individual-level analysis can be conducted

by examining the distribution of novelty scores, as shown in Figure 2.10. Comparing

indicators and studying the evolution of novelty over the years are the primary mo-

tivations for this package. Only a few studies examine the dynamics of novelty over

time. Nevertheless, understanding the evolution of creativity in papers, patents, or

other entities can offer insights into the trade-off between exploration and exploita-

tion of the research space in a given field. Figure 2.11 displays the evolution of the

mean novelty score for each indicator, given the variable (references, mesh terms).

We cannot draw conclusions since the sample is random and aggregated across all

fields within Pubmed. The pattern of trends varies significantly depending on the

indicator and variable. This heterogeneity might be evidence that further investiga-

12Interested readers will find code and resources to create tables, plots, and indicators here
https://novelpy.readthedocs.io/en/latest
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tion is required to understand precisely what these indicators capture and in which

cases they best predict novelty. This question is even more relevant, considering the

lack of correlation between indicators in Figure 2.12.

2.4 Discussion

This paper aims to demonstrate the capabilities of the new Python package Novelpy.

We presented a sample analysis using the functions within this package to showcase

how it can assist interested readers in computing and analyzing existing indicators

or addressing current challenges related to novelty measurement. Several critiques

can be made on current novelty measurements, and addressing these points is crucial

for solidifying our understanding and usage of these indicators.

The diversity and convergence in how novelty indicators are created raise ques-

tions about what they measure. As observed in our sample analysis, the results

are highly dependent on the indicator used, which confirms previous concerns about

cherry-picking the indicator [Shibayama et al., 2021, Foster et al., 2021]. Simulta-

neously, indicators often focus on the same entity (keywords or reference journals).

Recent measures like Shibayama et al. [2021] and Arts et al. [2021] broaden this

domain by utilizing text information from references. Novelty indicators are rarely

conceptualized and often require a qualitative background. Qualitative studies like

Tahamtan and Bornmann [2018] question the significance of literature in authors’

creative processes. The link between references and creativity is debated, and fur-

ther investigation is needed to determine if references can be reliably used as a proxy

variable for creativity.

Research evaluation was once performed solely by experts in the scientometric

field and specialists working for public institutions. The availability of open-access

data has recently extended the responsibility of conducting this evaluation to a more

diverse group of researchers and members of the public. These new actors need the

necessary tools to compute scientometric indicators and some understanding of their

relevance. Using software creates a gap between the user and the actual data, which

may lead to issues if the assumptions necessary for the indicators’ relevance are over-

looked. Data-driven decisions can become inefficient if the algorithm used is a black

box and is misused. A solid background in how and why these indicators are created

is necessary to limit bias in selecting indicators when used in research. As seen in

Section 3, every indicator has its pros and cons, different hyperparameters (time win-
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dow, re-utilization, number of samples, and others), and is highly dependent on the

database used. The coverage varies greatly depending on the database (language,

fields, nationality, and others) [Sugimoto and Larivière, 2018]. These aspects and

the increasing number of novelty indicators create arbitrary decision-making when

using them. Sugimoto and Larivière [2018] suggests that indexing and classification

of documents differ between databases, making it challenging to reproduce studies

on other databases. Constructing a general indicator applicable to all scientific disci-

plines is difficult, as citation habits are heterogeneous, making comparisons between

fields risky [Carayol et al., 2019]. Depending on the country, methods and standards

may differ within a discipline, and the historical practice of a field may change the

representations.

Improving novelty measurement is essential for supporting innovative research.

Highly novel documents are less likely to be cited in the short run and are less likely

to be published in high-impact factor journals [Wang et al., 2017, Mairesse et al.,

2021]. Due to the pressure from citation count evaluation, the exploration of science

is less likely to occur. Researchers may tend to conform to conventional references

within their field, which is already accentuated during submission. Documents al-

ready highly cited, considered stepping stones in the field, will thus receive even more

citations, creating a vicious circle. This vicious circle has the consequence of narrow-

ing research, where only those who agree with the existing paradigm are rewarded

with citations.

This phenomenon is already observed in AI research, where topics become in-

creasingly less diverse [Klinger et al., 2020]. The goal of science is not to persist with

merely satisfactory solutions but to explore a range of possibilities, even those that

may prove fruitless. Citation indicators typically do not emphasize researchers who

take risks by attempting novel approaches. Various funding methods exist to sup-

port high-risk, high-reward (i.e., highly novel) research [OECD, 2021]. Experts are

not free from bias when evaluating novelty, funding processes are not uniform, and

many decisions remain arbitrary. Currently, none of them uses novelty indicators

to evaluate proposals. Novelty measurement might be relevant in providing reliable

information when awarding grants to research proposals.

We conclude this discussion with a roadmap and our aspirations for Novelpy. The

primary feature we aim to develop in future versions is automatic execution using

well-known databases (PATSTAT, Microsoft Academic Knowledge Graph, Arxiv,

etc.). At present, users must pre-process data to match our format. Although we
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provide a comprehensive example and make the sample available here https://

novelpy.readthedocs.io/en/latest/usage.html#id5, we believe that expanding

the accepted inputs will aid researchers in working on improving novelty indicators.

The second feature we plan to add is a time complexity analysis. To conduct a

proper benchmark between indicators, we need to compare their computing speeds.

Users can currently perform this manually, but we intend to streamline the process

and add plots to address this gap. Finally, we will selectively add new and past

indicators. Anyone interested in contributing to the module can visit GitHub https:

//github.com/Kwirtz/novelpy and create a pull request.
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2.5 Appendix

2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010

n papers 49,872 52,046 54,721 58,439 62,241 67,361 70,501 75,717 81,228 84,496 89,168

mean of cited paper 27.3871 27.3672 27.9704 28.5654 28.8562 29.3572 30.0423 30.3297 31.0576 31.5393 32.3128

var of cited paper 707.008 708.596 742.314 709.619 807.733 758.342 809.695 795.216 845.84 944.337 896.461

mean of meshterms per paper 13.3097 13.4067 13.2431 13.3788 13.2862 13.1364 12.8499 12.8425 12.8575 12.9128 12.8867

var of meshterms per paper 26.5811 27.6517 26.0774 26.9045 27.2265 26.4599 22.9795 23.3933 23.3725 24.6855 24.9734

Table 2.2: Sample Statistics

(a) (b)

(c)

Figure 2.9: (a) Density of contribution of authors. On average an author has 2.6 publications
(solo or co-authored) in 10 years. (b) Density of the number of mesh terms between 2000-2010. On
average, a paper is labelled with 13 mesh terms. (c) Density of references between 2000-2010. On
average, a paper has 23 references
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Figure 2.10: Each combination has a novelty score. A single plot represents the density of score
combinations for a specific paper (PMID 10698680) for a specific indicator and entity (i.e. mesh
terms, journals, title, abstract). The scores for the first row were computed using a combination of
cited journals. The scores for the second row were computed on mesh terms combinations. Each
column represents an indicator. The last two rows are for text embedding-based indicators (i.e.
Shibayama et al. [2021]: Novelty, Author proximity) on the paper’s title or abstract.
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Figure 2.11: The mean novelty score on every document for a given year. Columns and rows
represent respectively indicators and variables.

Figure 2.12: The correlation between the novelty score for each indicator, given the entity, for
the period 2000-2010
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Chapter 3

Unpacking Scientific Creativity: A

Team Composition Perspective

This chapter was co-authored with

Pierre Pelletier

Summary of the chapter

This paper investigates the relationship between cognitive diversity within scientific teams

and their ability to generate innovative ideas and gain scientific recognition. We pro-

pose a novel author-level metric based on the semantic representation of researchers’ past

publications to measure cognitive diversity at individual and team levels. Using PubMed

Knowledge Graph (PKG), we analyze the impact of cognitive diversity on novelty, as mea-

sured by combinatorial novelty indicators and peer labels on Faculty Opinion. We assessed

scientific impact through citations and disruption indicators. Cognitive diversity between

team members appears to be always beneficial to combine more distant knowledge. We

show that while the effect is positive, it is marginally decreasing. Our findings also re-

veal that within-team average exploratory profiles follow an inverse U-shaped relationship

with combinatorial novelty and citation impact. We show that the presence of highly ex-

ploratory individuals is profitable to generate distant knowledge combinations only when

balanced by a significant proportion of highly exploitative individuals. Also, teams with

a high share of exploitative profiles consolidate science, while those with a high share of

both profiles disrupt it. These results emphasize the implication of team composition in

scientific creativity, suggesting that combining these two types of individuals leads to the

most disruptive and distant knowledge combinations.
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3.1 Introduction

Creativity is a crucial driving force in fostering the production of new knowledge in

an ever-growing landscape of scientific research and technological innovation [Geuna,

1999, Amendola et al., 2014, Witt, 2016]. A broadly accepted definition of creativity

assumes a bipartite composition involving a combination of novelty and effectiveness

[Runco and Jaeger, 2012]. As science moves towards a team-based model [Wuchty

et al., 2007], the creativity of scientific publications should be studied from a social

perspective. The cognitive dimension (i.e., differences in thinking, problem-solving

approaches, and perspectives among individuals) plays a crucial role in enabling the

exchange of information and creation of new knowledge [Nooteboom, 2000, Noote-

boom et al., 2007]. It is induced by individuals’ characteristics and the trade-off

carried out between exploration and exploitation [March, 1991] of the knowledge

space during their career. In the context of science, exploration involves actively

pursuing the expansion of one’s understanding and curiosity across various areas of

knowledge. On the other hand, exploitation refers to individuals specializing in a spe-

cific field and continuously building upon their expertise in that area. The presence

of individuals with exploratory profiles appears to facilitate communication among

team members who are cognitively distant and foster creativity as the intersection

of different perspectives is commonly required to solve complex scientific problems

[pag, 2007].

This paper aims to study the extent to which the exploratory nature of scholars

and the cognitive diversity of scientific teams shape their ability to generate innova-

tive ideas and obtain scientific recognition. We propose a new author-level measure

of cognitive diversity based on the semantic representation of their past papers; this

metric allows us to proxy both intra-individual and inter-individual cognitive dimen-

sions and their consequences on creativity in science.

In scientific creativity, originality and success emerge as two essential components

[Runco and Jaeger, 2012]. However, the focus has predominantly shifted towards suc-

cess. The excessive emphasis on success through measures such as citation counts for

articles or authors has been found to constrain novelty and originality by providing

limited incentives for researchers, ultimately leading to suboptimal research choices.

The reliance on an impact metric to reward and evaluate researchers created a harm-

ful behavior whereby scientists maximize the metric to become more appealing to

funding agencies or institutions. As Goodhart’s law states, “when a measure becomes

a target, it ceases to be a good measure” [Goodhart, 1984]. The h-index, although
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heavily criticized, became a central evaluation instrument of researchers [Costas and

Franssen, 2018]. This negatively impacts novelty as innovative research tends to be

less cited in the short run [Wang et al., 2017]. Researchers are discouraged from opt-

ing for a more exploratory approach when developing a research question, as work

that is too innovative tends to be rejected when it deviates too much from the es-

tablished paradigm [Carayol and Dalle, 2007, Trapido, 2015].

Career choices are directly affected by this phenomenon. Given the heterogeneity

in terms of the impact of novel research, researchers have less incentive to produce

highly innovative work because of the uncertainty linked with novel research. In the

short term, individuals might turn to more conventional research to maximize their

h-index while minimizing the risk associated with novel research. The bias toward

maximizing the h-index already has a tangible impact on limiting novelty in vari-

ous research fields. The imbalance between growth in the scientific workforce and

research funding has led to ’hyper-competition’ in the medical sciences; the scien-

tific system favors individuals who can ensure outcomes over those with potentially

groundbreaking ideas that might disrupt the field [Alberts et al., 2014]. Such a focus

of the researchers on their impact is done at the expense of their novelty, showing a

clear disconnection between the goal of science and its operationalization.

One of science goals is to advance the boundary of the knowledge space [Shi

et al., 2015, Witt, 2016, Veugelers and Wang, 2019]. Novelty (also referred to as

originality or invention) lies at the cornerstone of innovative research, bridging exist-

ing knowledge and unexplored scientific territories. Effectiveness, on the other hand,

refers to the recognition attributed to this novelty. Novelty is at the foundation

of peer recognition and acts as a “reward system” wherein the individual credited

with the initial discovery garners recognition. [Merton, 1957, Stephan, 1996, Carayol

et al., 2019]. Novelty is crucial for scientists to develop new solutions to the grand

challenges of the century (climate change, poverty, global pandemics, and others)

[Petersen et al., 2021]. Highly innovative research is frequently referred to as “High-

Risk High-Reward” (HRHR) to reflect its high volatility of outcomes (i.e., novelty

does not imply effectiveness). In particular, highly novel research receives more cita-

tions on average, but the uncertainty is also more considerable [Wang et al., 2017].

Funding opportunities are limited for innovative research due to its risky nature [Ay-

oubi et al., 2021, OECD, 2021, Franzoni et al., 2022]. Multiple grant initiatives try

to support HRHR research, and funding decisions are all based on expert judgment

[OECD, 2021]. But there is a direct bias towards novelty when scholars evaluate a
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peer’s work [Wang et al., 2017, Ayoubi et al., 2021] and the effect is accentuated

by the cognitive distance with the examiner [Boudreau et al., 2016]. Measures such

as novelty indicators attempt to estimate the originality of a document and might

guide experts to support innovative research. Yet, these novelty indicators are still

relatively recent and understudied as it is mostly intended to explain success. As a

result, it is essential to explore and validate new methods to understand better how

to detect potential innovative and impactful research based on different criteria than

past novelty or previous success.

Not all idea combinations are worth exploring, hence the challenge of distin-

guishing between novel and impactful ones. [March, 1991] distinguishes two different

strategies for invention in organizations: “Exploration and exploitation”. Exploita-

tion focuses on a combination of ideas that are closely related to each other, thus

representing a low-risk strategy. On the other hand, exploration represents the nav-

igation through the knowledge space to combine more distant ideas, inducing more

volatile results. March [1991] supports the idea that a mix of exploitation and explo-

ration is the key to an organization’s survival. Put differently, producing a valuable

invention would require a proper mix of typical and atypical combinations of knowl-

edge, as seen in Uzzi et al. [2013]. This dichotomy has been studied in different

domains, as mentioned in Foster et al. [2015] (e.g., “conformity” versus “dissent” in

the philosophy of science), and can also be applied to research. As the body of knowl-

edge in science expands, researchers increasingly specialize their competencies [Jones

et al., 2008, Jones, 2009] and thus are better able to recombine information locally in

the knowledge space, facing incentives to collaborate [Fleming, 2001, Boudreau et al.,

2016]. Science is seen as a social phenomenon [Fleck, 2012]. Indeed, agents that re-

combine knowledge are individuals embedded in a social context, and cognitive and

social phenomena strongly influence the invention process [Fleming, 2001]. Team

size has been shown to impact creativity [Paulus and Nijstad, 2003, Shin and Zhou,

2007, Wuchty et al., 2007, Falk-Krzesinski et al., 2011, Erren et al., 2017, Mueller,

2019]; however, the authors’ characteristics have not been adequately considered in

the process as current novelty indicators primarily focus on the information within

a document.1 We argue here that the cognitive distance between co-authors and the

team composition of a research paper may be among the most critical factors influ-

encing knowledge creation. Based on the concept of exploration and exploitation, we

1E.g., references, text, keywords. A detailed review of classical re-combinatory novelty indica-
tors can be found in Pelletier and Wirtz [2022].
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propose an indicator that serves as a proxy for exploratory vs. exploitative trade-off

at both the individual and team levels through past publications. In a nutshell, our

indicator measures the cognitive distance between team members as well as the in-

dividual propensity to work on various subjects.

We are unaware of previous studies that have used individuals’ past research

experiences to investigate how the cognitive dimension influences the novelty and

recognition of the resulting articles. Note that we do not consider our indicator a

replacement for current novelty indicators but rather as a tool that could enhance

our understanding of the mechanisms behind creativity. In fact, by incorporating the

cognitive dimension into novelty studies, we can develop a more comprehensive un-

derstanding of the complex relationship between cognitive aspects, interdisciplinary

efforts, and the nature of scientific innovation. Furthermore, examining these ques-

tions enables us to provide valuable insights and guidance for researchers and insti-

tutions striving to enhance scientific progress while avoiding potentially misleading

interpretations of research performance measurement.

Using PubMed Knowledge Graph (PKG), we empirically investigate the role of

these cognitive diversities in the production of novel research outcomes and the ability

to obtain scientific recognition. We performed the analysis on novelty on five com-

binatorial novelty indicators [Uzzi et al., 2013, Lee et al., 2015, Foster et al., 2015,

Wang et al., 2017, Shibayama et al., 2021], both on references and MeSH terms, as

well as on perceived novelty, using labels submitted by researchers to qualify the

contribution of an article (Faculty Opinion).2 For scientific recognition, we rely on

the traditional number of citations and six indicators of disruption and consolidation

[Wu et al., 2019, Bu et al., 2019, Bornmann et al., 2019a].

Our findings emphasize the crucial role of cognitive dimensions in creativity, sig-

nificantly impacting originality and success. We show that cognitive diversity always

seems beneficial to combine more distant knowledge. In contrast, the within-team

average exploratory profile follows an inverse U-shaped relation with combinatorial

novelty (i.e., there is a turning point where it is no longer beneficial). The same re-

lation can be found with citation counts, but we show that the cognitive dimension

also strongly influences the nature of citations. Teams with more exploitative profiles

consolidate science, while those with high exploratory profiles disrupt it only if they

are associated with exploitative researchers. The union of those two types of individ-

uals leads to the most disruptive and distant knowledge combinations. To maximize

2More information can be found here: https://facultyopinions.com/
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the relevance of these combinations, maintaining a limited number of highly ex-

ploratory individuals is essential, as highly specialized individuals must question and

debate their novel perspectives. These specialized individuals are the most qualified

to extract the full potential from novel ideas and situate them within the existing

scientific paradigm.

The remainder of the paper is organized as follows. In section 3.2 we review the

existing literature. Section 3.3 details the creation of our metrics and the method-

ology for addressing our research questions. Section 3.4 presents the results of our

analysis. Section 3.5 concludes the paper and outlines future directions for develop-

ing novelty indicators.

3.2 Background and literature review

This section highlights the team’s relevance in fostering creativity in science and

emphasizes how team size can influence this process. We also underscore the impor-

tance of identifying the social dimensions of the team, a crucial factor in generating

new knowledge. Finally, we propose a new approach based on the semantic repre-

sentation of authors’ past publications that allows studying the role of the cognitive

dimension in a team’s ability to produce new and impactful knowledge.

3.2.1 Team science as an engine of creativity

Over the past two decades, there has been a significant increase in interest surround-

ing the Science of Team Science (SciTS) [Falk-Krzesinski et al., 2011].3 Since the

1950s, the average number of authors per paper has risen across all scientific disci-

plines [Wuchty et al., 2007]. Research collaborations have also become more diverse.

Inter-institutional collaborations in science and engineering and social science grew

by 32.8% and 34.4%, respectively, between 1975 and 2005 [Jones et al., 2008]. In

addition, international collaboration has also expanded, with one in five research

projects now involving multiple countries [Xie and Killewald, 2012].

Teamwork has proven to be a practical approach to producing impactful scien-

tific results. Articles written by teams tend to have a higher impact, receiving more

citations on average, and are more likely to become influential than articles authored

solely [Wuchty et al., 2007, Whitfield, 2008]. Researchers benefit from collaboration

3For an up-to-date and comprehensive review, see Wang and Barabási [2021].
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in various ways. Collaborative efforts can enhance rigor through co-authors’ verifi-

cation [Leahey, 2016] and facilitate the dissemination of their work beyond their im-

mediate networks [Leahey, 2016]; this effect is further amplified when collaborations

are international or inter-institutional [Adams, 2013, Jones et al., 2008]. Addition-

ally, teams have better access to resources, as projects executed by groups are more

likely to apply for funding and succeed in obtaining it [Rawlings and McFarland,

2011]. Teams are more likely to produce novel articles than solo-authored publica-

tions [Carayol et al., 2019, Uzzi et al., 2013, Wagner et al., 2019]. As highly cited

work is often associated with a combination of novel and conventional ideas [Uzzi

et al., 2013], teams of researchers may be more adept at generating novel ideas or

striking a balance between novel and traditional concepts than individual authors.

Successful team performances put individuals and their interactions at the heart

of the creative process. Over recent decades, the perception of teamwork has under-

gone significant changes. In the early 1990s, the prevailing belief was that groups

should not be used for creativity because of inherent process loss in the creative

process. This perspective has shifted dramatically, and team collaboration is now

considered a critical factor in promoting creativity [Paulus and Nijstad, 2003]. Cre-

ativity relies on an individual’s existing knowledge base: “Creative thinking cannot

happen unless the thinker already possesses knowledge of a rich and/or well-structured

kind” [Boden, 2001]. Knowledge exists on a continuum, ranging from explicit to tacit

[Nonaka, 1994]. The generation of new knowledge occurs through interactions be-

tween explicit and tacit knowledge via a process known as the socialization, external-

ization, combination, and internalization (SECI) spiral. Tahamtan and Bornmann

[2018] highlighted various approaches reported by researchers for fostering creativity.

Engaging in conversations with colleagues seems to remain central to problem-solving

and generating new, practical ideas. New ideas are becoming more challenging to

discover as the idea space expands linearly while scientific publications grow expo-

nentially [Bloom et al., 2020, Milojević, 2015]. As scientific knowledge increases,

team sizes grow, and agents increasingly specialize their competencies [Jones et al.,

2008, Jones, 2009].

The burst of possible combinations in the knowledge space suggests that agents

can more effectively recombine information locally [Fleming, 2001]. “Local search”

for an inventor involves exploiting existing combinations or using standard techno-

logical components. Agents tend to direct their research towards familiar subjects,

focusing on topics related to their expertise or that of their co-authors (local search/-
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exploitation) [Fleming, 2001, Nelson, 1985, March, 1991]. Conversely, exploration (or

“distant search”) is characterized by using new components or testing novel combi-

nations [Fleming, 2001, March, 1991]. The nature of the new combinations realized

depends on agents’ trade-offs between exploiting and exploring the knowledge land-

scape. Exploitation reduces the risk of failure, as researchers draw from experience

with combinations and architectures that have previously failed [Vincenti, 1990].

Researchers must then collaborate with others to explore the knowledge space more

efficiently, and the team’s composition might determine this balance between explo-

ration and exploitation.

3.2.2 Team characteristics in the creative process

We review here some dimensions of the team composition that affect the scientific

process.

Size dimension: The importance of co-authors during the process of creativity

has been debated in the literature, and the effect of team size and composition on

creativity has been the focus of multiple studies [Paulus and Nijstad, 2003, Shin

and Zhou, 2007, Wuchty et al., 2007, Falk-Krzesinski et al., 2011, Erren et al., 2017,

Mueller, 2019]. Team size shapes and is shaped by the nature of the work carried

out. Large teams tend to be more risk-averse and consolidate a field rather than in-

troducing new opportunities [Christensen and Christensen, 2003, Paulus et al., 2013,

Lakhani et al., 2013, Wu et al., 2019]. Larger teams use more up-to-date and influ-

ential research in their work, consequently fostering greater engagement within their

scientific community and further increasing their impact [Wu et al., 2019]. However,

large teams are more prone to coordination and communication failures as the entire

team must have faith in the project to succeed. The agreement and communication

between team members can be challenging and time-consuming [Bikard et al., 2015].

In fact, the number of people involved in a project can have heterogeneous effects

on creativity, and no optimal team size fits every project. A small team may be

more useful in the conceptualization phase, while a larger team might be beneficial

in the implementation and testing phase of the project [Wang and Barabási, 2021].

Shin and Zhou [2007] highlight the organization’s importance for creativity. Using

evidence from Cambridge and AT&T’s Bell Laboratories (home to numerous Nobel

Prize winners), they discuss researchers’ ideal context for fostering creativity and

conclude that the presence of a healthy environment for a small group of people

(up to seven) promotes creativity. These results are further confirmed by Lee et al.
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[2015] and Carayol et al. [2019], indicating that the relationship between team size

and novelty appears U-shaped and is highly heterogeneous across disciplines.

Structural and relational social capital : Nahapiet and Ghoshal [1998] conceptu-

alize three dimensions of social capital that impact intellectual capital development:

structural, relational, and cognitive. Though primarily used to understand intellec-

tual capital development in organizations and firms, the dimensions of social capital

presented in Nahapiet and Ghoshal [1998] can be applied to the context of knowledge

production in science due to their intrinsic relevance to relationship and network dy-

namics [Liao, 2011]. Structural capital examines the links between individuals, and

structural distances have been widely studied through collaboration networks (see

Kumar [2015] for an extensive review on network collaborations). Relational capital

represents the nature and intensity of the connections between team members. A

critical factor in intellectual development is the ability to communicate with each

other, and the actors’ experience reinforces the phenomena [Taylor and Greve, 2006,

Liao, 2011, Kelchtermans et al., 2020]. For instance, McFadyen and Cannella Jr

[2004] emphasize the role of the intensity of past relationships between scientists in

fostering new knowledge. Indeed, members with strong relationships, norms, obli-

gations, and mutual trust tend to communicate more easily [Liao, 2011]. Other

relational aspects, such as hierarchical or geographical dimensions, also impact the

knowledge space exploration. For example, supervising doctoral students is not only

associated with entering new areas but also extending towards more distant fields

[Kelchtermans et al., 2020].

Cognitive social capital : The cognitive capital remains challenging to measure as

it is linked to the shared background between coauthors and their common language.

Cognitive diversity is often encouraged through interdisciplinary projects as the in-

tersection of different perspectives is commonly required to solve complex scientific

problems [pag, 2007]. Indeed, people from outside a domain may have some advan-

tage to offer fresh ideas through their distinct knowledge [Jeppesen and Lakhani,

2010, Kuhn, 1962]. The effectiveness of generating new knowledge is impacted by

factors such as variations in background, belief, and reasoning styles among scien-

tists, all of which contribute to cognitive diversity. The cognitive distance between

team members is expected to display an inverted U-shaped correlation with both

learning and innovation [Nooteboom et al., 2007], as people being too distant will
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face difficulty in communicating, and those being cognitively too similar benefit less

from distinct perspectives in the knowledge creation process.

Cognitive distances between individuals can be studied through various metrics.

Kumar et al. [2017] used, for example, citations networks and citations context in

full text. Boudreau et al. [2016] represented the cognitive distance between funding

evaluators and the proposal through MeSH terms similarity. Similarly, Ayoubi et al.

[2017] represent the distance between the focal scientist and her team by comparing

cosine similarities of referenced journals from scientists’ past publications. Other

measurements, without being explicit, may relate to cognitive dimensions, Wagner

et al. [2019] discovered that international collaborations negatively affect novelty and

produce more conventional knowledge combinations, highlighting barriers and trans-

action costs that influence the production of creative work. Finally, measures of cog-

nitive distance strongly relate to interdisciplinarity. Petersen et al. [2021] represent

author diversity using the discipline of the institution. Using authors’ disciplinary

diversity, Abramo et al. [2018] show that more distant coauthors produce articles

with more diverse references.

Exploratory profile: Individual characteristics and the ability to interact with in-

dividuals from different fields are essential to efficiently managing cognitive diversity

in a team. When the distance between disciplines is too high, a “Renaissance” in-

dividual [Jones, 2009] can ease their connection [Wu et al., 2022]. The presence of

a scientist with a multifaceted profile bridges the gap between the different back-

grounds of other team members. This is crucial as a shared knowledge base between

researchers streamlines the socialization process and facilitates knowledge recombina-

tion, fostering creativity. Shin and Zhou [2007] focused on the relationship between

diversity (interdisciplinarity) and creative ideas in groups. Shin and Zhou [2007]’s

idea is that the presence of a “transformational leader”, whose role is to mediate

between individuals, each specialized in a different field, leads to greater team cre-

ativity. Xu et al. [2022] provided a first answer to this hypothesis by examining

the share of team members engaged in the conceptual work, the L-ratio, which was

deduced from the analysis of author contribution reports. The findings suggest that

hierarchical teams generate less novelty than egalitarian teams and tend to develop

existing ideas more frequently.4 We argue that the notion of transformational leader

4Through Louvain algorithms, they identified clusters of co-occurring research activities in their
first dataset. They then built a neural network to infer author roles based on their characteristics
and predicted it for 16 million articles on Microsoft Academic Graph (MAG).
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or renaissance individual is connected to exploratory profile à la March [1991], indi-

viduals enabled to link others in the knowledge space due to their ability to navigate

in different spaces.

3.2.3 Exploring the cognitive dimension

We investigate scientific impact through citation networks and recent indicators of

disruption and breath and depth [Wu et al., 2019, Wu and Wu, 2019, Bu et al.,

2019, Bornmann et al., 2019a]. These indicators determine whether a document

consolidates a domain or constitutes a founding step. To explore its influence on

novelty, we use two approaches, one based on combinatorial novelty indicators [Uzzi

et al., 2013, Lee et al., 2015, Foster et al., 2015, Wang et al., 2017, Shibayama et al.,

2021] and one based on external validation via Faculty Opinion (previously called

F1000) following Bornmann et al. [2019b]. Faculty Opinion is a website hosting re-

views of papers tagged as presenting “New Results”, “Novel Drug target”, “Technical

advancement”, “Interesting hypothesis”, and “Controversial results”, among other

categorizations labeled by experts in the field. It allows us to empirically assess the

capacity of novelty indicators and our indicators to predict the novelty as perceived

by other researchers in the community.

Novelty indicators have been compared and evaluated based on citation count

[Uzzi et al., 2013, Lee et al., 2015, Foster et al., 2015, Wang et al., 2017]. Fontana

et al. [2020] compared Wang et al. [2017],Uzzi et al. [2013], and Lee et al. [2015] using

randomized citation networks and demonstrated the ability of the Uzzi et al. [2013],

Lee et al. [2015] indicators to better track novelty. Their findings are supported by

using some Nobel Prize winners’ articles and a list of APS milestone articles. Other

studies have evaluated these indicators based on surveys, such as Shibayama et al.

[2021] and Matsumoto et al. [2021], whereas Bornmann et al. [2019b] have evaluated

them based on labels collected on Faculty Opinion and found similar results as in

Fontana et al. [2020]. However, only a few indicators have been compared and tested

simultaneously. This study intends to validate the effect of the cognitive dimension

on a large variety of metrics.

Our indicator is not a substitute for other novelty indicators. It does not repre-

sent the novelty of an article as it is based upon previous information and would be

similar even without the focal article. Instead, it provides an understanding of team

composition that would benefit creativity in science. We can think of our measure

as a measure of potential novelty, i.e., opportunities for new knowledge recombina-
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tion available through the diversity of background in the team and the capacity of

individuals to bridge the gap between other team members. In comparison, combi-

natorial novelty indicators would capture then the realized novelty, i.e. the output

of the research conducted by this team in terms of pieces of knowledge used. Fi-

nally, Faculty Opinion labeling and other external validation methods can describe

the perceived novelty, i.e., the peers’ perception of this study. Hence, in these terms,

we ask whether potential novelty contributes to realized and perceived novelty and

its scientific recognition. Two research questions can be drawn regarding the effect

of the cognitive dimension on creativity. Do teams with higher cognitive diversity

are more likely to approach a subject creatively, demonstrating originality (perceived

and realized) and recognition? Does the presence of explorative individuals within

a team enhance communication among members and facilitate their exploration of

the knowledge space to develop new and relevant solutions to research problems?

Studying the cognitive dimension of creativity in science is of great interest, espe-

cially as it can help identify how to improve collaboration and communication among

researchers with diverse cognitive profiles. Through our metric, we also offer a differ-

ent approach to resource allocation decisions, giving another picture of teams with

a high potential for creative output.

3.3 Data and methods

3.3.1 Measuring cognitive diversity and exploratory profile

The proposed metric examines the semantic heterogeneity of researchers’ work as

a proxy for their cognitive diversity. Thus, it offers an alternative to using cate-

gories, keywords, or citation networks, more complex to be monitored directly by

the researchers themselves. Following Hain et al. [2020] and Shibayama et al. [2021],

we can embed this list of documents in a vectorial space to apply a distance mea-

sure such as cosine similarity [Mikolov et al., 2013]. We assume that an author of

a paper in a specific position within the semantic space possesses knowledge em-

bedded around that position. Our indicator has two properties: it offers a measure

of researchers’ profiles at the individual level and a measure of distances between

them. Consequently, we can proxy the trade-off between exploitation and explo-

ration that a researcher undergoes throughout their career (intra-individual) and the

trade-off materializing during the formation of a team (inter-individual) within the
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same mathematical space.

Figure 3.1: Construction of the indicator

As explained in Figure 3.1, we track authors to create a list of authors’ past

publications. Then, we can create a cognitive profile for each author at a given time

t; each publication is embedded in the semantic space and represents the cognitive

landscape of the author. We restrict to publications up to b years before t to account

for researchers’ current topics of interest and difficulty retaining information [Argote

et al., 1990]. We can finally define a researcher’s exploratory profile at time t by

calculating pairs of cosine distances between past papers published. This will create

a density of cosine distances which, using the taxonomy of March [1991], can be

interpreted the following way: the fatter the right (left) tail is, the more exploratory

(exploitative) the researcher. The same holds for the team. A sizeable right tail

indicates cognitively distant researchers within the team. This provides us with

information on how distant their knowledge base is from others. The greater the

distance, the less likely their respective knowledge space can be combined, thus

affecting the probability of combining novel ideas. An intra-author and inter-author

distribution enables a comprehensive exploration of the relationship between novelty,

creativity, and teams.
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Figure 3.2: Exploratory profile and cognitive diversity

We model our measures on two different perspectives as represented in Figure

3.2: intra-author distances, which asses exploratory profile, and inter-authors dis-

tances, to capture cognitive diversity. A given focal paper (FP) is written by two

authors named ’A’. We retrieve each author’s past production, named ’P’. On the

one hand, we can then calculate the distance between all publications from a given

author (intra-author distances). On the other hand, we can also compare past pub-

lications from two authors (inter-author distances). We can build our framework

using directed bipartite networks, defined as G(U, V,E). U represents the set nodes

for authors, V is the set for articles, and E is the set of links between authors and

articles.

We only consider collaborations between authors when looking at a given article;

collaboration is implicit since the set of parents of a given document FP ∈ V corre-

sponds to the set of authors that collaborate. For a given document FP , an author

that has contributed to FP is noted a, and the set of nodes that contributes to FP

is then InFP = {a ∈ U : (a, FP ) ∈ E}.

We want to retrieve all past publications for all authors in InFP . The global set of

publications before FP is noted V t−b
FP , the set of articles published b years before the

document FP . The set of past publications for author a ∈ InFP is noted Outt−b
a =

{v ∈ V t−b
FP : (a, v) ∈ E}. For a document FP and an author a ∈ InFP , we retrieve
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the set of past publications Outt−b
a . All Outt−b

a elements vectorial representations are

compared, from which distribution of cosine distances are calculated. The distance

between two documents i, j ∈ Outt−b
a is dij = 1 − COS(Ti, Tj) where Ti is the dense

vector text representation for document i.

Intra-author semantic distances: A distribution of semantic distance score Da is

computed through cosine similarity using all document i, j ∈ Outt−b
a , the process is

repeated for each authors a ∈ InFP . The intra-author distance for a given author a

is the q-th percentile (Pq) of this distribution and is written as:

Intraa = Pq(Da)

A general distribution of the intra-authors publication distances is constructed

using the set of distances for all authors AFP = {Da : a ∈ InFP}, the individual

trade-off between exploitation/exploration is then captured through the average of

the exploratory profiles in a given team.

IntraFP =

∑

a(Pq(Da))

|InFP |

Inter-authors semantic distances: A distribution of semantic distance score be-

tween authors’ previous work is constructed by comparing different authors’ pub-

lications. For two given authors a, e ∈ InFP , |Outt−b
a | × |Outt−b

e | distances are

used to construct the distribution of distances Da,e between a and e. The final

distribution then groups together all distances between authors’ previous works

BFP = {Da,e : a, e ∈ InFP}, the trade-off between exploitation/exploration in team

composition is captured through the percentile of BFP :

InterFP = Pq(BFP )

Current techniques for large-scale author disambiguation allow the investigation

of individual trajectories in science. However, the use of this information comes with

a computational cost. This indicator pushes towards a massive use of data because

one needs all authors’ past publications for a given set of documents. Structuring

the data to compute the measure is time-consuming and data-intensive. All papers’

text from all authors in a given database are required. However, using pre-trained

embedding models allows direct computing indicators without the requirement of
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complete database access. Therefore, measures are not dependent on the study sam-

ple as indicators of novelty based on cooccurrence matrices but rather on the sample

used to train the model. Also, by processing titles and abstracts through embedding

techniques, the authors’ background is represented with greater granularity than

through the keywords or the journals where the authors have been published.

3.3.2 Data

Scripts to reproduce the analyses are available on GitHub https://github.com/

Kwirtz/Unpacking-scientific-creativity and data for the regressions is avail-

able here https://zenodo.org/record/8382881. Our analysis relies on two databases.

The first, PubMed Knowledge Graph (PKG), allows us to test the effect of the cog-

nitive dimension on scientific impact and realized novelty of articles. In contrast, the

second, Faculty Opinion, verifies whether the cognitive dimension affects the per-

ceived novelty by peers.

We use Pubmed Knowledge Graph (PKG), a collection of 35 million scientific

papers and books from life science and biomedical journals provided by the National

Library of Medicine (NLM) at the National Institutes of Health (NIH). Authors are

disambiguated by leveraging Natural Language Processing (NLP) and online data,

as outlined by Xu et al. [2020]. We based our analysis on all the 3.5M articles written

by 3,276,250 authors and published in 9,348 journals between 2000 and 2005. We

selected fairly old data due to the nature of the process studied. Indeed, novel articles

are more likely to become “sleeping beauties” and accumulate citations in the long

run [Lin et al., 2021]. Also, to compute novelty indicators, we require information

about references. We rely both on abstracts of references to embed their semantics

and calculate the distance as in Shibayama et al. [2021]. Also, we use past publication

references’ journals to build past cooccurrence matrices used to capture combination

existence and difficulty for other novelty indicators. For this purpose, we used the

database between 1980 and 2005 to get all the information needed, representing

11,261,955 documents.

To test if our indicators affect the novelty perceived by peers, we used Faculty

Opinion following Bornmann et al. [2019b]. Faculty Opinion is a database featuring

papers tagged as presenting ’New Results’, ’Novel Drug target’, ’Technical advance-

ment’, ’Interesting hypothesis’, and ’Controversial results’, among other categoriza-

tions determined by the platform users. The platform hosts reviews of the most

significant research in Biology and Medicine. This makes it easy to match the arti-
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cles in the database with PKG. Indeed, from the 190k articles in Faculty Opinion,

we found 27,122 in our sample (2000-2005).

3.3.3 Empirical strategy

To explore the relationship between the team’s cognitive dimension and its ability to

recombine pieces of knowledge in novel ways and achieve recognition, we start with

a basic exploratory data analysis followed by three econometric analyses to test our

hypotheses.

The first two analyses aim to understand how a team’s cognitive diversity and

the exploratory profiles of its members impact perceived novelty (i.e., peer labeling

on Faculty Opinion) and realized novelty (i.e., indicators of combinatorial novelty).

Then our analysis seeks to comprehend the effect of the cognitive dimension on

scientific recognition using citation and disruption measures.

Realized novelty and scientific impact connections with cognitive dimension are

both investigated through PKG, the normalization performed at the field and year

levels of this measure provides a value ranging between 0 and 1, which we model

using linear models with cluster robust standard errors at the journal level. Lastly,

we examine how the presence of highly exploratory and exploitative individuals in-

fluences the team’s creativity. This analysis will help determine if cognitive diversity

and the presence of exploratory profiles are explicitly visible in an article’s knowledge

composition.

For the analysis of perceived novelty, we employ the Faculty Opinion database

and model, through Logit and Poisson regressions, the likelihood of an article be-

ing labeled with “novel” categories (“Technical Advance”, “Interesting Hypothesis”,

“Novel Drug Target”). In our sample, 80% of the observations are labeled as ’New

Findings’, and 95% of the total sample would be considered new using the top 4 most

represented categories (22,216 novel articles versus 1,750 not-novel). The fact that

most articles are labeled as new findings makes this category less informative; there-

fore, we decided to exclude it and remove articles solely labeled with this category.

As a result, our prediction is based on a more balanced sample (8,950 novel articles

versus 3,605 not-novel). This will enable us to understand whether the cognitive

dimension is associated with perceived novelty. We do not expect a direct effect but

rather hypothesize that cognitive diversity influences a latent variable representing

the article’s actual contribution. This actual contribution of the paper may or may

not be visible in the realized novelty measured by novelty indicators but might be
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then reflected in labeling made by peers.

3.3.4 Variables

Variables used in our empirical analysis can be separated into four categories: novelty

indicators, scientific impact, cognitive, and control variables. For control variables,

aside from data from PKG, we use journals listed in Scimago to control for scientific

domains and measure of the impact associated with the journal. Each of our vari-

ables is at the paper level. For the empirical strategy, novelty, impact and cognitive

measures will be field weighted by year using the percentile rank procedure – noted

(FW). We use the first category of the journal from Scimago to approximate the

field.

Novelty indicators

The indicators used in our analysis are Uzzi et al. [2013], Lee et al. [2015], Foster

et al. [2015], Wang et al. [2017], Shibayama et al. [2021]. A formal mathematical

description of them can be found in Chapter 2 of this thesis. Note that we have

inversed the sign of the measures related to Uzzi et al. [2013] for simplicity and

comparison with other indicators. The computation is done with Novelpy.5

Scientific impact variables

For impact measures, we use citation counts and disruption indicators, also described

in Chapter 2. We used all available indicators in Novelpy, namely: Wu et al. [2019],

Bu et al. [2019] and Bornmann et al. [2019a].

Cognitive variables

Team cognitive diversity: The mean of the inter-authors semantic distance as defined

in Section 3.3.1 with q=90 for a given paper. It measures to what extent a team is

composed of highly cognitively distant authors (i.e. Author 1 background is vastly

dissimilar to Author 2 background). Furthermore, we suppose the relation between

the team’s cognitive diversity and other measures is not linear. We take the square

of the team’s cognitive diversity to test this.

5Novelpy is a python package that allows computing novelty and disruption indicators. More
details can be found here: https://novelpy.readthedocs.io/
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Average exploratory profile: The mean of the intra-authors semantic distance as de-

fined in Section 3.3.1 with q=90 for a given paper. It captures to what extent a team

comprises authors with distant past publications (i.e. Author 1 worked on diverse

subjects). As for team cognitive diversity, we add a square term in the regressions.

Number of highly exploratory authors: To have more information on the team struc-

ture, we decided to define a threshold to identify highly exploratory authors. Looking

at the intra-author’s semantic distance as defined in Section 3.3.1. An author is con-

sidered highly exploratory if its 90th percentile is in the top 10% of all IntraFP in

our sample.

Number of highly exploitative authors: We expect highly exploratory authors to work

best with highly exploitative authors (i.e. Novelty is probably most successful with

a combination of typical and atypical individuals). We construct this measure fol-

lowing the same procedure as exploratory authors. Looking at the intra-author’s

semantic distance as defined in Section 3.3.1. An author is considered highly ex-

ploitative if its 90th percentile is below our sample’s median of all IntraFP .

Interaction term between highly exploratory and highly exploitative authors: We added

an interaction term between the two types of profiles as both competencies might

complement each other.

Control variables

We included as control variables the number of authors, references and MeSH terms.

We also controlled for the year and information related to the journal of publication.

Scimago Journal Ranking (SJR): An indicator of a journal’s prestige based on weighted

citation and eigenvector centrality derived from Scopus’ citation networks by Scimago

[González-Pereira et al., 2009].

Scimago Journal Category: Scimago provides a classification of journals based on

various fields. We used the first category linked to a journal; our database contains

journals from 271 categories.
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3.3.5 Descriptive statistics and preliminary evidence

We further clean our database and restrict it to papers with at least 2 references/

MeSHterms/ authors and with a journal ISSN. Our final dataset represents approx-

imately 2.1M articles.

Table 3.1 presents the descriptive statistics for the variables in our sample. Exam-

ining their distribution, it is worth noting that some indicators concentrate novelty

around a small number of articles, as in Foster et al. [2015] or in Wang et al. [2017],

merely 21% of the articles possess non-zero values (measured on references). Also,

indicators such as citation count or Uzzi et al. [2013] among others, display rela-

tively extreme values. Specifically for Uzzi et al. [2013], it is highly dependent on the

z-score computation, when the variance of the journal combination is minimal, the

z-score can rapidly become substantial. These disparities in distribution prompted

us to apply a percentile rank procedure by field and year, as explained in the previous

subsection.

Table 3.1: Descriptive statistics

Statistic Min. Pctl(25) Median Mean Pctl(75) Max St. Dev. N

# References 2 12 22 27.37 36 2690 25.76 2108280
# Meshterms 2 9 13 13.25 16 51 5.19 2108280
# Authors 2 3 4 5 6 282 2.94 2108280
# Citations 0 9 22 46.99 50 81577 129.47 2108280
SJR 0.1 0.627 1.130 1.787 2.035 39.946 2.22 2094669

Disruption1 -1 -0.007 -0.001 0.003 05179 1 0.06 2108280
Disruption1noK -1 -0.588 -0.269 -0.192 0.111 1 0.51 2108280
Disruption5 -1 0 0.001 0.018 0.009 1 0.07 2108280
DisruptionDeIn 0 0.79 1.662 2.067 2.875 92.5 1.81 2108280
Breadth 0 0.307 0.5 0.517 0.714 1 0.26 2108280
Depth 0 0.258 0.5 0.458 0.672 1 0.26 2108280

Share Exploratory 0 0 0 0.063 0 1.0 0.14 2108280
Share Exploitative 0 0 0.333 0.365 0.6 1 0.32 2108280
Author intra abs 0 0.22 0.29 0.29 0.36 1.02 0.09 1837749
Author inter abs 0 0.26 0.33 0.33 0.40 1.02 0.09 1837748

Shibayama abs 0 0.222 0.274 0.275 0.327 0.991 0.07 2081854
UzziRef -62396.32 -7.34 3.66 -18.03 14.02 199.49 206.82 1891079
LeeRef -17.581 0.145 0.840 0.567 1.466 6.006 1.45 2092283
FosterRef 0 0.117 0.4 0.366 0.583 1 0.25 2092283
WangRef 0 0 0 0.583 0 2872.106 4.79 2092283
UzziMesh -287.0 -1.1 0.9 2.7 4.5 189.1 8.19 765751
LeeMesh -7.996 0.4562 0.807 0.794 1.174 4.717 0.60 2105186
FosterMesh 0 0.274 0.476 0.424 0.591 1 0.22 2105186
WangMesh 0 0 0 0.299 0.307 28.668 0.76 2105186
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The correlogram in Figure 3.3 illustrates the various indicators’ interconnection.

A hierarchical clustering algorithm is applied to the correlation matrix and several

clusters emerge. It includes citation and consolidation indicators, novelty indicators,

cognitive dimension indicators, and disruption indicators. Regardless of whether

MeSH terms or references are used to derive the indicators, the novelty indicators

group remains consistent, suggesting that combinatorial novelty indicators capture

a shared underlying dimension of innovation in scientific research. The correlation

between Lee et al. [2015] and Uzzi et al. [2013] is particularly robust since both mea-

sures are nearly identical except for the incorporation of the reference’s publication

year in Uzzi et al. [2013]’s resampling process. It should be noted that a negative

correlation is expected since low values signify atypicality in Uzzi et al. [2013], while

high values represent novelty in Lee et al. [2015], this is why we inverse the sign of

Uzzi et al. [2013] to get positive correlation between indicators. A strong correlation

is observed between Shibayama et al. [2021] and our indicators, as it employs the

same measurement on references, and some elements may overlap. Specifically, self-

citation increases the correlations between Shibayama et al. [2021] and our indicator

since the same combinations are calculated in the author and reference parts. More-

over, the clustering differentiates between citation count, consolidation indicators

(Depth, DeIN), and disruption indicators (DI1, DI5, DI1nok, and Breadth). These

distinctions emphasize how consolidation indicators are more closely related to cita-

tion count and demonstrate how disruption indicators capture other dimensions of

scientific impact.
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Figure 3.3: Correlogram with hierarchical clustering

The development of an author-level indicator necessitates examining its relation-

ship with team size. Figure 3.4 illustrates how intra- and inter-individual cognitive

indicators are strongly associated with team size. Although it is unclear whether

cognitive diversity generates a specific team size or if team size produces this di-

versity, it is visible that as the cognitive diversity within a team increases, the av-

erage exploratory profile must also rise to maintain a comparable team size. The

U-shape relationship on both sides is easily observable, suggesting that the more

diverse the team and/or the more exploratory the individuals, the smaller the team.

Conversely, highly homogeneous teams typically imply smaller average team sizes,

even if the average exploratory profile is high. This pattern is partially attributable

to the construction of our indicator, which averages distance. In larger teams high

distance between members might be compensated by other members that are close

to each other. This counterbalancing is less pronounced in smaller teams, resulting

in more extreme values. However, several explanations for this phenomenon can be

offered. For instance, substantial cognitive diversity might create communication

barriers among team members, particularly when individuals are less explorative.

Consequently, smaller teams are formed due to potential coordination and knowl-
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edge exchange difficulties. In cases with a high average exploratory profile combined

with high cognitive diversity, forming smaller teams may be more convenient, as re-

searchers might explore the knowledge space too broadly. Smaller teams could help

prevent efforts from dispersing in various directions. As for teams with low cognitive

diversity, the absence of cognitive diversity and exploratory profiles could relate to

niches where individuals possess similar knowledge and expertise. As a result, many

team members might not be necessary, as they can efficiently navigate the local

knowledge space. The same argument can be made for individuals with comparable

skills and exploratory profiles, as they may represent teams that regularly collabo-

rate on diverse topics. The distinct skill requirements for these teams may be lower,

leading to smaller team sizes.

Figure 3.4: Team size, exploratory profiles and cognitive diversity

Interestingly, when comparing the analysis of team size with disruption, we con-

firm the findings of Wu and Wu [2019]. As illustrated in Figure 3.6 in the Appendix,

peripheral observations are more disruptive (represented with DI1nok), correspond-

ing to the location of our smaller teams in Figure 3.4 right panel. Teams consolidating

science, as indicated by the Depth variable, are also, on average, the most prominent

teams. Small teams that disrupt science tend to have exploratory profiles and/or

diverse team compositions. Science disruption seems to occur through small teams

with either highly distinct skills or very exploratory profiles. What seems essential

is the ability to access a broader knowledge space, regardless of whether this space is

reached through the team’s highly explorative profiles or the team’s diversity. Teams
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composed of individuals who are, on average, highly exploratory but with low team

cognitive diversity represent teams with similar skills that cover the knowledge space

effectively. In contrast, highly diverse teams with specialized individuals also span

the knowledge space to propose disruptive ideas, although they may face communi-

cation challenges. The combination of these two factors also appears to contribute

to disruption, albeit less prominently, suggesting the detrimental effect of excessive

diversity. Another inverted U-shaped relationship exists between a team’s average

exploratory profile and novelty indicators. When balanced by a relatively explorative

average profile, cognitive diversity appears beneficial without showing a saturation

point.

The relationship differs when we adopt an alternative perspective and consider

the proportion of highly exploratory and exploitative individuals within scientific

teams. A dome is visible in each indicator, signifying successful trade-offs between

exploitation and exploration. Figure 3.5 offers insight into the relationship between

these two aspects and scientific recognition and combinatorial novelty. Teams with

fewer highly exploratory individuals and a higher proportion of highly exploitative

individuals typically contribute to consolidating the field (Depth metric). Conversely,

groups with a higher proportion of highly exploratory individuals and a smaller pro-

portion of highly exploitative individuals are more likely to initiate disruptions in

their fields (DI1nok metric). These observations complement the findings of Uzzi

et al. [2013], which suggest that a balance between conventional and atypical knowl-

edge combinations produces the most impactful research. Moreover, this analysis

enables us to examine how the balance between exploratory and exploitative indi-

viduals affects knowledge creation.
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Figure 3.5: Relation between the share of highly exploitative and highly ex-
ploratory profile in a team with and Novelty/ Scientific Impact

Teams featuring a fair proportion of exploratory individuals and a more sustained

level of exploitative individuals seem to be most likely to generate compelling new

combinations of knowledge. Figure 3.5 suggests that an optimal team composition

would consist of approximately 50% highly exploitative and 20% highly exploratory

individuals to increase the likelihood of combining distant knowledge. The situation

is less clear for Shibayama et al. [2021], where a high proportion of highly exploratory

individuals appears to be beneficial.6 Exploratory individuals contribute to the team

by introducing fresh and innovative ideas from their extensive knowledge. These in-

dividuals can challenge conventional thinking and steer the team in new directions.

Simultaneously, they might foster communication among group members with dis-

tant knowledge. In contrast, highly exploitative individuals are crucial for refining

and optimizing these novel ideas. Their specialized expertise allows the team to

identify feasible and effective solutions, ensuring the creative potential of the ex-

ploratory individuals is appropriately channeled into tangible outputs. Additionally,

6This might be connected with the relationship between our measure and the measure of
Shibayama et al. [2021] as it is measured in a similar manner. Self-citation also directly impacts
the relationship between these two metrics as the same combination of articles will be calculated
in both metrics.
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their deep understanding of a specific field facilitates effective communication. The

highly exploratory profile complements the specialized knowledge and proficiency of

the highly exploitative team members. This dynamic enables the team to capitalize

on the full potential of their diverse cognitive abilities, optimizing the innovation

process and yielding scientific advancements.

3.4 Results

3.4.1 Cognitive dimension and novelty

3.4.1.1 Realized novelty

This subsection examines the relationship between the team’s cognitive dimension

and novelty indicators. To this end, we report the results of an OLS to identify the

joint impact of authors’ intra-diversity and inter-diversity on the indicators. The

outcomes of these models are presented in Table 3.2.

First, we confirm that cognitive diversity in a scientific team fosters realized

novelty. Team cognitive diversity (Row 1-2) reveals a significant positive effect on

combinatorial novelty. This suggests distant individuals can ease the combination

of distant journals in the references. The squared term has negative coefficients.

However, the turning point is higher than 1, meaning the relationship is strictly in-

creasing (See Table 3.13 in Appendix). However, it means that the marginal benefit

of cognitive distance is decreasing. When interpreting the coefficients, it is impor-

tant to remember that the independent and dependent variables are expressed in

percentile rank within a given field and year. A one percentage point increase in

the independent variable’s percentile rank implies a β percentage point increase in

the dependent variable. In our case, the marginal effect of a quadratic term depends

on the value of the independent variable. We can calculate marginal effects at the

mean values of the independent variable. For example, in Uzzi et al. [2013] (model

1), the marginal effect of Author interabs (FW) at the mean value is calculated this

way: ∆y

∆(inter)
= 0.169− 2 ∗ (−0.031) ∗Mean(Inter). Since variables are expressed in

percentile rank, the mean and the median are 0.5. The marginal effect can be then

calculated easily, ∆y

∆(inter)
= 0.169 − ∗(−0.031) = 0.2. This means that by increasing

one percentage point on the ranking of team diversity in a given field and year, one

can increase by 0.2 percentage points in the ranking of the most novel articles in the

field and year.
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Table 3.2: Combinatorial Novelty: cognitive diversity and average exploratory pro-
file (Field-Weighted/ References)

Dependent variable:
Uzzi Lee Foster Wang Shibayama
(1) (2) (3) (4) (5)

Author inter abs (FW) 0.169∗∗∗ 0.166∗∗∗ 0.116∗∗∗ 0.098∗∗∗ 0.284∗∗∗

(0.008) (0.007) (0.010) (0.006) (0.007)

Author inter 2

abs (FW) -0.031∗∗∗ -0.034∗∗∗ -0.023∗∗ -0.028∗∗∗ -0.118∗∗∗

(0.007) (0.007) (0.009) (0.006) (0.007)

Author intra abs (FW) 0.056∗∗∗ 0.043∗∗∗ 0.041∗∗ -0.002 0.188∗∗∗

(0.014) (0.013) (0.019) (0.008) (0.009)

Author intra 2

abs (FW) -0.088∗∗∗ -0.094∗∗∗ -0.084∗∗∗ -0.026∗∗∗ -0.047∗∗∗

(0.011) (0.010) (0.015) (0.006) (0.010)

# References 0.002∗∗∗ 0.002∗∗∗ 0.001∗∗∗ 0.005∗∗∗ 0.002∗∗∗

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001)

# Meshterms 0.004∗∗∗ 0.006∗∗∗ 0.005∗∗∗ -0.001∗∗∗ 0.004∗∗∗

(0.0004) (0.0004) (0.0004) (0.0002) (0.0004)

# Authors 0.008∗∗∗ 0.007∗∗∗ 0.007∗∗∗ 0.001∗∗∗ 0.007∗∗∗

(0.0004) (0.0004) (0.0005) (0.0003) (0.0003)

SJR -0.012∗∗∗ -0.011∗∗∗ -0.014∗∗∗ -0.008∗∗∗ -0.011∗∗∗

(0.002) (0.002) (0.002) (0.001) (0.001)

Year Yes Yes Yes Yes Yes

Journal Cat. Yes Yes Yes Yes Yes

Observations 1,647,430 1,815,603 1,815,603 1,815,603 1,809,155
R2 0.055 0.062 0.039 0.122 0.130
Adjusted R2 0.055 0.062 0.039 0.122 0.130
Residual Std. Error 0.281 0.278 0.310 0.345 0.267
F Statistic 406.544∗∗∗ 512.283∗∗∗ 315.079∗∗∗ 1,065.575∗∗∗ 1,143.840∗∗∗

Notes: This table reports coefficients of the effect of cognitive diversity and average
exploratory profile on combinatorial novelty using PKG. Standard errors are cluster
robust at the journal level: ∗ ∗ ∗, ∗∗ and ∗ indicate significance at the 1%, 5% and 10%
levels, respectively. The effects are estimated with an OLS. Variables are field-weighted
and constant term, scientific field (Scimago Journal Category), and time-fixed effects
are incorporated in all model specifications.

On the contrary, the average exploratory profile must remain reasonable to max-

imize novelty. As visible in Table 3.13, the turning points are around 30% for all

indicators except Shibayama et al. [2021], for which it is upper than one. This can

mean two things, and this is what we will examine in the second part of this re-

sults section, either the researchers have a relatively moderate explorative profile,
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or there is a balance between exploratory and exploitative individuals. A set of too

exploratory profiles seems detrimental, as does a set of too exploitative profiles. As

shown in Table 3.2, this holds for all indicators on references, except for Wang et al.

[2017], for which the individual effect is negative, one explanation can be the fact

that Wang et al. [2017] control for future reutilization of the novel combination. In-

deed, this gives a ’scientific impact’ dimension to the metrics. The presence of more

specialized individuals may impact the relevance of the combination for the commu-

nity, making it more likely to be reused.

On MeSH terms, as visible in Table 3.11 in the Appendix, individual exploratory

aspects appear to have a direct negative impact. Indexers assign the MeSH terms

and may be subject to bias or misinterpretation. In contrast, the references directly

relate to the researchers’ choices and reflect their interests and preferences. There

are two possibilities, indexers may be unable to capture all the nuances and sub-

tleties of research conducted by individuals with high-average exploratory profiles.

Alternatively, the novelty of references could be induced by an author bias in citing

previous works irrelevant to the contribution. Researchers’ past publications do not

directly impact indexers, so she might not need to qualify the article with distant

MeSH terms because the novelty is not sufficiently explicit. This suggests that MeSH

terms do not reflect the diversity of knowledge and ideas present in individual past

work but rather the diversity of competencies between team members.

These relations remain consistent when regressions are not performed using per-

centage rank information, and indicator behavior with MeSH terms and references

seems to be much more corroborated, as visible in Table 3.14 and 3.15 in the Ap-

pendix. The fact that the effect is nearly the same on most of the indicators of novelty

demonstrates the robustness of this analysis - our measure captures something simi-

lar regardless of the construction of the novelty indicator and the information used.

The potential for novelty seems more apparent when looking at the exact compo-

sition in terms of exploratory profiles, i.e., the share of explorative individuals and

the share of highly exploitative individuals. In Table 3.3, we replace the average

exploratory profile variables with the exploitative and exploratory individual shares

and the interaction of these two variables.

While cognitive diversity appears to be always beneficial to combine new knowl-

edge, the presence of too many explorative individuals is harmful. Indeed, its pres-

ence only becomes beneficial when counterbalanced by a higher share of exploitative
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Table 3.3: Combinatorial Novelty: Cognitive diversity, highly exploratory and ex-
ploitative profile (Field-Weighted/ References)

Dependent variable:
Uzzi Lee Foster Wang Shibayama
(1) (2) (3) (4) (5)

Author inter abs (FW) 0.168∗∗∗ 0.163∗∗∗ 0.107∗∗∗ 0.066∗∗∗ 0.400∗∗∗

(0.014) (0.012) (0.020) (0.008) (0.012)

Author inter 2

abs (FW) -0.007 -0.006 0.028 0.001 -0.160∗∗∗

(0.012) (0.011) (0.018) (0.007) (0.012)

Share exploratory -0.166∗∗∗ -0.173∗∗∗ -0.214∗∗∗ -0.084∗∗∗ -0.022∗∗∗

(0.007) (0.007) (0.010) (0.004) (0.006)

Share exploitative 0.027∗∗∗ 0.053∗∗∗ 0.057∗∗∗ 0.002 -0.092∗∗∗

(0.003) (0.003) (0.005) (0.002) (0.004)

Share exploratory * Share exploitative 0.298∗∗∗ 0.273∗∗∗ 0.390∗∗∗ 0.080∗∗∗ -0.112∗∗∗

(0.016) (0.016) (0.020) (0.011) (0.018)

# References 0.002∗∗∗ 0.002∗∗∗ 0.001∗∗∗ 0.005∗∗∗ 0.002∗∗∗

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001)

# Meshterms 0.004∗∗∗ 0.006∗∗∗ 0.005∗∗∗ -0.001∗∗∗ 0.004∗∗∗

(0.0004) (0.0003) (0.0003) (0.0002) (0.0004)

# Authors 0.008∗∗∗ 0.007∗∗∗ 0.007∗∗∗ 0.001∗∗∗ 0.006∗∗∗

(0.0004) (0.0004) (0.0005) (0.0002) (0.0003)

SJR -0.012∗∗∗ -0.011∗∗∗ -0.014∗∗∗ -0.008∗∗∗ -0.011∗∗∗

(0.002) (0.001) (0.002) (0.001) (0.001)

Year Yes Yes Yes Yes Yes

Journal Cat. Yes Yes Yes Yes Yes

Observations 1,647,430 1,815,603 1,815,603 1,815,603 1,809,155
R2 0.059 0.068 0.046 0.122 0.129
Adjusted R2 0.059 0.068 0.046 0.122 0.129
Residual Std. Error 0.280 0.277 0.308 0.345 0.267
F Statistic 436.681∗∗∗ 556.617∗∗∗ 372.829∗∗∗ 1,065.763∗∗∗ 1,132.467∗∗∗

Notes: This table reports coefficients of the effect of cognitive diversity and highly exploratory and
exploitative profiles on combinatorial novelty using PKG. Standard errors are cluster robust at the
journal level: ***, ** and * indicate significance at the 1%, 5% and 10% levels, respectively. The
effects are estimated with an OLS. Variables are field-weighted and constant term, scientific field
(Scimago Journal Category), and time-fixed effects are incorporated in all model specifications.

individuals. We can clearly see how this trade-off is necessary to create novelty in the

regressions. In the same way as before, the coefficients can be interpreted directly, a

percentage point increase in the share of highly explorative individuals increases by

β percentage point in the ranking of the most novel articles in the field and year.

Exploratory individuals will develop new perspectives that specialized individuals

will capitalize on to make them succeed. A larger share of specialized individuals

facilitates communication among members if they are in the same field; otherwise,

scientists with diverse backgrounds appear to facilitate communication among team
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members who are cognitively distant [pag, 2007]. This mirrors the “Renaissance”

individual of [Jones, 2009] or the “transformational leader” of Shin and Zhou [2007]

who can ease connections between distant members and foster the team’s creativity.

Too many such individuals would make the exploration less efficient, and the

emerging ideas would potentially not be successfully implemented because the em-

bedding of the conducted research in a scientific paradigm would not be sufficient.

The results are similar across novelty indicators, except for Shibayama et al. [2021],

in which the best team composition is made from non-exploitative, non-highly ex-

ploratory researchers. Table 3.12 in the Appendix shows that the results also hold

for indicators based on MeSH terms.

The two sets of results on the impact of cognitive distance and researcher profile

show that combining specialized and exploratory profiles is a good proxy for potential

novelty as it enhances the realized novelty in the team.7 While Uzzi et al. [2013] show

that this trade-off between conventional and atypical combinations of knowledge is

the most impactful, we demonstrate that this idea holds at the team level as well

and that these configurations are most likely to achieve atypical combinations.

3.4.1.2 Perceived novelty

In this subsection, we examine the relationship between the cognitive dimension and

novelty as assessed by experts. Specifically, we employ a Logit model to identify the

impact of authors’ intra-diversity and inter-diversity on the likelihood of being classi-

fied in at least one novel category. The results of these models are presented in Table

3.4. The effect of team cognitive diversity plays a positive role in perceived novelty,

as seen in the first and second specifications. This effect is less clear when considering

individual characteristics. The average exploratory profile has a negative impact. In

model 3, we can see that our previous results on realized novelty (Table 3.2) only

holds for the cognitive distance between individuals when tested on perceived novelty.

In contrast, when examining the specifications with the share of highly exploratory

and exploitative individuals, the results corroborate the regressions performed on re-

alized novelty. The proportion of highly exploratory individuals has a negative effect.

Instead, typical individuals play a positive role, and the intersection of both types of

researchers is indeed positive for predicting novelty. Note that in this specification,

cognitive diversity between members is no longer significant.

7Table 3.17 provided in the Appendix shows that the results are similar when considering un-
normalized indicators
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Table 3.4: Faculty Opinions: cognitive diversity and average exploratory profile,
highly exploratory and exploitative profile (Field-Weighted)

Dependent variable:
Novelty Perceived

(1) (2) (3) (4) (5)

Author inter abs (FW) 0.306∗∗ 0.715∗ 0.330
(0.126) (0.388) (0.302)

Author intra abs (FW) -0.532∗∗∗ -0.196
(0.155) (0.419)

Author inter abs 2̂ (FW) -0.438 -0.270
(0.376) (0.325)

Author intra abs 2̂ (FW) -0.364
(0.379)

Share exploratory -0.675∗∗ -1.233∗∗∗ -1.238∗∗∗

(0.275) (0.371) (0.384)

Share exploitative 0.339∗∗∗ 0.317∗∗∗ 0.337∗∗∗

(0.117) (0.118) (0.115)

Share exploratory * Share exploitative 2.360∗∗ 2.289∗∗

(1.052) (1.062)

Control variables YES YES YES YES YES

Observations 12,555 12,555 12,555 12,555 12,555
Log Likelihood -7,076.944 -7,073.965 -7,072.608 -7,070.408 -7,069.551
AIC 14,423.890 14,421.930 14,415.220 14,412.820 14,415.100

Notes: This table reports coefficients of the effect of cognitive diversity, average exploratory profile,
highly exploratory and exploitative profiles on perceived novelty from Faculty Opinions. Standard errors
are cluster robust at the journal level in parentheses: ***, ** and * indicate significance at the 1%, 5%
and 10% level, respectively. The effects is estimated using a Logit model. Variables are field-weighted
and constant term, scientific field (Scimago Journal Category) and time fixed effects are incorporated
in all model specifications.

However, when examining Table 3.7 in the Appendix, we can see that the ef-

fects are heterogeneous across labels. We chose the four labels for which more than

1,000 papers had been classified to perform the regressions. The effect of cognitive

distance between team members is visible in the “Technical Advance” category but

not significant for the remaining labels. Conversely, in Table 3.9, we can see that

the results in terms of exploratory profiles are mainly driven by the ’Interesting Hy-

pothesis’ label. Results here are a bit different since we observe a U shape, meaning

that highly specialized or highly diverse teams often publish articles labeled as “In-

teresting hypotheses”. Results are quite similar when using Poisson regression and

modeling the number of times a paper is labeled in a given category, as visible in
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Table 3.8 and Table 3.10 in the Appendix.

3.4.2 Cognitive dimension and impact

This subsection examines the relationship between the team’s cognitive dimension

and impact measures. To this end, we report the results of an OLS to identify the

joint impact of authors’ intra-diversity and inter-diversity on the indicators. The

outcomes of these models are presented in 3.5 and 3.6.

Our analysis emphasizes the need to differentiate the forms of impact to better

understand how the cognitive aspect influences scientific recognition. Indeed, we use

the traditional indicator of the number of citations and indicators of disruption and

consolidation. The composition of the teams has a significant influence on the type

of impact of the studies conducted.

The Table 3.5 regression tables indicate a double inverse U-shaped relationship

between the cognitive dimension and the number of citations. Table 3.13 shows

that both turning points are around 45%. Following Uzzi, a too-conventional work

might not be as impactful as the contribution is more marginal. Conversely, peers

may not sufficiently consider a too-novel study. This phenomenon is reflected in the

composition of the teams as we can see in the differences between consolidation and

disruption indicators. Indeed, to consolidate, it is necessary to have a team with a

low average exploratory profile and low average cognitive distance between members.

The relationship is negative for consolidation indicators (DeIn and Depth) for both

intra and inter-individual levels; the effect is sometimes captured via quadratic terms.

This means that cognitive diversity is negatively related to the fact that papers citing

the focal paper also cite each other or cite many of the references from the focal

article. Specialized teams are the ones who consolidate the science.

For disruptive indicators, the picture is somewhat different (DI1, DI5, DI1nok,

and Breadth). Cognitive distance still seems to be globally favourable for disruption.

Then, the Breadth disruption indicator, which examines how often articles citing the

focal paper also cite each other, seems to indicate a U-shaped relationship with a

turning point at 0.33, i.e., if the individuals are very distant or if they are very

close, this produces the most disruptive articles in the sense that the citations will

be concentrated towards the focal paper.

Although not always significant, the intra-individual effect is more mixed; teams

with higher average explorative profiles globally appear to have a higher disruption

potential, but this does not hold for DI1. The DI1nok index follows the same pattern
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Table 3.5: Scientific recognition: cognitive diversity and average exploratory profile
(Field-Weighted)

Dependent variable:
# cit. DI1 DI5 DI1nok DeIn Breadth Depth
(1) (2) (3) (4) (5) (6) (7)

Author inter abs (FW) 0.031∗∗∗ 0.021∗∗∗ 0.034∗∗∗ 0.047∗∗∗ -0.067∗∗∗ -0.010∗ 0.002
(0.007) (0.006) (0.007) (0.007) (0.007) (0.006) (0.007)

Author inter 2

abs (FW) -0.036∗∗∗ 0.012∗∗ 0.005 0.002 0.008 0.015∗∗∗ -0.012∗∗

(0.007) (0.006) (0.006) (0.006) (0.006) (0.005) (0.006)

Author intra abs (FW) 0.070∗∗∗ -0.057∗∗∗ 0.026∗∗∗ -0.008 0.009 0.014∗∗ -0.004
(0.008) (0.007) (0.008) (0.008) (0.009) (0.006) (0.008)

Author intra 2

abs (FW) -0.072∗∗∗ 0.038∗∗∗ 0.009 0.024∗∗∗ -0.030∗∗∗ 0.021∗∗∗ -0.038∗∗∗

(0.008) (0.007) (0.007) (0.007) (0.007) (0.006) (0.007)

# References 0.003∗∗∗ -0.001∗∗∗ -0.003∗∗∗ -0.002∗∗∗ 0.004∗∗∗ -0.0001∗ 0.001∗∗∗

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.00005) (0.0001)

# Meshterms 0.008∗∗∗ -0.002∗∗∗ -0.003∗∗∗ -0.003∗∗∗ 0.005∗∗∗ -0.003∗∗∗ 0.006∗∗∗

(0.0004) (0.0002) (0.0003) (0.0003) (0.0003) (0.0002) (0.0004)

# Authors 0.012∗∗∗ -0.006∗∗∗ -0.002∗∗∗ -0.005∗∗∗ 0.006∗∗∗ -0.009∗∗∗ 0.012∗∗∗

(0.0004) (0.0003) (0.0003) (0.0003) (0.0004) (0.0003) (0.0004)

SJR 0.039∗∗∗ -0.019∗∗∗ 0.002 -0.006∗∗∗ 0.008∗∗∗ -0.026∗∗∗ 0.030∗∗∗

(0.005) (0.002) (0.002) (0.001) (0.002) (0.003) (0.004)

Year Yes Yes Yes Yes Yes Yes

Journal Cat. Yes Yes Yes Yes Yes Yes

Observations 1,826,207 1,826,207 1,826,207 1,826,207 1,826,207 1,826,207 1,826,207
R2 0.173 0.029 0.069 0.034 0.137 0.051 0.075
Adjusted R2 0.173 0.029 0.069 0.034 0.137 0.051 0.075
Residual Std. Error 0.266 0.281 0.281 0.280 0.270 0.270 0.291
F Statistic 1,621.946∗∗∗ 233.770∗∗∗ 575.115∗∗∗ 269.625∗∗∗ 1,227.699∗∗∗ 413.321∗∗∗ 629.396∗∗∗

Notes: This table reports coefficients of the effect of cognitive diversity and average exploratory profile on
scientific recognition using PKG. Standard errors are cluster robust at the journal level: ***, ** and * indicate
significance at the 1%, 5% and 10% levels, respectively. The effects are estimated with an OLS. Variables
are field-weighted and constant term, scientific field (Scimago Journal Category), and time-fixed effects are
incorporated in all model specifications.

as DI5, with the exception that it is the quadratic term that takes over.

The articles that are consolidating science are articles with low team diversity and

low average exploratory profiles. Here we can observe the notion of highly specialized

individuals who conduct more confirmatory and, therefore, consolidating research.

The opposite is true for disruption. The teams’ diversity always seems beneficial for

proposing disruptive ideas. Articles receiving the most citations are again a matter

of a trade-off between a cognitively not-too-distant team and a somewhat reasonable

average level of exploration.8

8For regressions without field-year normalization as presented in Table 3.16, the results are
more mixed and less clear. The cognitive aspect seems to follow a U-shaped pattern, with teams
that are very close or distant being the most disruptive. The results are more robust for breadth,
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In Table 3.6, we specify the team’s composition in terms of exploratory/exploita-

tive profile and found that the relationship of the cognitive distance with the impact

measures remains almost similar. For consolidation metrics and citation counts, the

share of exploitative individuals is clearly beneficial. The exploitative profile re-

duces the risk of failure as researchers learn from experience and combinations that

have failed [Vincenti, 1990]. Whereas highly exploratory profiles seem to affect the

expected number of citations negatively, the effect appears mixed for consolidation

since it is positive DeIn and insignificant for Depth. In both cases, combining the two

types of profiles is harmful. At the same time, the share of exploitative individuals

is positive, suggesting that combining these two types of profiles is not optimal for

consolidating research. To achieve disruption, it is better to minimize the number of

individuals who are too exploratory or too specialized, but combining both types of

profiles seems once again essential. We can see how the impact of highly explorative

profiles is always negative, and the impact of exploitative profiles is also negative.

Still, the interaction between the two is always positive for all disruption measures.

In conclusion, the analysis shows how teams with a high share of specialized

individuals or low average exploratory profiles are teams that consolidate science. In

contrast, teams that get the most recognition in terms of disruption combine highly

exploitative and highly exploratory individuals and have cognitively more distant

members.9

3.5 Conclusion

This paper examines the effect of exploratory scholars and, in a broader way, team

composition on creativity. Our findings suggest that the cognitive dimension plays

a crucial role in the creative process, and significantly influences the two pillars of

creativity: originality and success. We first show that the team’s cognitive diver-

sity strongly influences novelty (realized and perceived) of the research conducted.

We also show that a double-inversed U-shaped relationship exists between cognitive

dimensions (intra and inter) and the impact in terms of citations. Our study also

highlights the strong connection between the cognitive dimension and the nature of

these citations. Teams with more exploitative profiles tend to consolidate science,

with diversity consistently appearing to be beneficial.
9For regressions without field-year normalization (see Table 3.19), the results are less homo-

geneous for the cognitive distance aspect, but the combination of explorative and exploitative is
robust. The interaction of the two consistently leads to disruption.
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Table 3.6: Scientific recognition: cognitive diversity, highly exploratory and ex-
ploitative profile (Field-Weighted)

Dependent variable:
# cit. DI1 DI5 DI1nok DeIn Breadth Depth
(1) (2) (3) (4) (5) (6) (7)

Author inter abs (FW) 0.088∗∗∗ -0.058∗∗∗ 0.020∗ 0.004 -0.019 -0.004 0.003
(0.010) (0.009) (0.011) (0.010) (0.012) (0.007) (0.009)

Author inter 2

abs (FW) -0.073∗∗∗ 0.067∗∗∗ 0.026∗∗∗ 0.042∗∗∗ -0.037∗∗∗ 0.025∗∗∗ -0.028∗∗∗

(0.010) (0.009) (0.009) (0.008) (0.009) (0.007) (0.008)

Share exploratory -0.023∗∗∗ -0.055∗∗∗ -0.041∗∗∗ -0.056∗∗∗ 0.058∗∗∗ -0.006 -0.003
(0.006) (0.005) (0.006) (0.005) (0.006) (0.004) (0.005)

Share exploitative 0.029∗∗∗ -0.033∗∗∗ -0.056∗∗∗ -0.049∗∗∗ 0.058∗∗∗ -0.024∗∗∗ 0.032∗∗∗

(0.003) (0.003) (0.003) (0.002) (0.003) (0.002) (0.003)

Share exploratory * Share exploitative -0.023∗∗ 0.132∗∗∗ 0.047∗∗∗ 0.096∗∗∗ -0.087∗∗∗ 0.059∗∗∗ -0.034∗∗∗

(0.012) (0.010) (0.011) (0.010) (0.011) (0.011) (0.012)

# References 0.003∗∗∗ -0.001∗∗∗ -0.003∗∗∗ -0.002∗∗∗ 0.004∗∗∗ -0.0001∗ 0.001∗∗∗

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.00005) (0.0001)

# Meshterms 0.008∗∗∗ -0.002∗∗∗ -0.003∗∗∗ -0.003∗∗∗ 0.005∗∗∗ -0.003∗∗∗ 0.006∗∗∗

(0.0004) (0.0002) (0.0003) (0.0003) (0.0003) (0.0002) (0.0004)

# Authors 0.012∗∗∗ -0.007∗∗∗ -0.003∗∗∗ -0.005∗∗∗ 0.006∗∗∗ -0.010∗∗∗ 0.013∗∗∗

(0.0004) (0.0003) (0.0003) (0.0003) (0.0004) (0.0003) (0.0004)

SJR 0.038∗∗∗ -0.018∗∗∗ 0.003 -0.006∗∗∗ 0.007∗∗∗ -0.026∗∗∗ 0.030∗∗∗

(0.005) (0.002) (0.002) (0.001) (0.002) (0.003) (0.004)

Year Yes Yes Yes Yes Yes Yes Yes

Journal Cat. Yes Yes Yes Yes Yes Yes Yes

Observations 1,826,207 1,826,207 1,826,207 1,826,207 1,826,207 1,826,207 1,826,207
R2 0.174 0.030 0.071 0.035 0.139 0.051 0.075
Adjusted R2 0.174 0.030 0.071 0.035 0.139 0.050 0.075
Residual Std. Error 0.266 0.281 0.280 0.280 0.270 0.270 0.291
F Statistic 1,619.636∗∗∗ 239.244∗∗∗ 586.510∗∗∗ 281.922∗∗∗ 1,243.711∗∗∗ 410.608∗∗∗ 626.296∗∗∗

Notes: This table reports coefficients of the effect of cognitive diversity and highly exploratory and exploitative profiles on
scientific recognition using PKG. Standard errors are cluster robust at the journal level: ***, ** and * indicate significance
at the 1%, 5% and 10% levels, respectively. The effects are estimated with an OLS. Variables are field-weighted and constant
term, scientific field (Scimago Journal Category), and time-fixed effects are incorporated in all model specifications.

while those with more exploratory individuals disrupt it and propose more distant

knowledge combinations only when associated with exploitative ones. Our research

underscores how team composition in terms of profiles lies at the heart of scientific

creativity.

Multiple limitations arise in our study. First, concerning data used, PKG is based

on advanced heuristics and algorithms to disambiguate authors using affiliation and

additional metadata Xu et al. [2020]. While there is a considerable amount of research

on addressing noise in Knowledge Graphs [Fasoulis et al., 2020] and improvements in

these methods may increase their reliability in the future, we cannot guarantee that

errors or inconsistencies will not occur when dealing with author-level information

in PKG.

Other shortcomings are directly related to the creation of our indicator. First,
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many methods and hyper-parameters were chosen for the simplicity of computation.

The embedding is a pre-trained model from SpaCy and is not state-of-the-art. One

should compare the behavior of different embedding techniques but also on what kind

of text they are applied and the distance measure used. We suspect that the two

papers might be close given a specific embedding and distance measure but highly

distant given other parameters. In addition, the distance between the two papers

would vary depending on whether the distance metric is applied to the paper’s title,

abstract, or full text. The semantic distances between researchers can be influenced

by biases inherent in the fields and journal practices. For example, if researchers

publish in different journals, the structure and format of their abstracts may be

affected even if their research topic or area of expertise remains unchanged. Another

hyper-parameter we used is the time window for an author’s past publication. We

considered a time window of 5 years. This suggests that any paper published by the

author before this point would not be captured. One could argue that past behavior

influences current behavior, and a highly diverse background can be proxied by recent

publications. Yet, no evidence supports this hypothesis. Another issue is how we

define authors’ cognitive aspect by considering only past publications. Although we

do not try to approximate the skills of a researcher but only their disposition to do

diverse research, we are not sure how working on a topic is enough to understand

and manage this new knowledge. This raises the question of the exact competencies

of a transformational leader and if the past paper is sufficient to proxy it. Also, a

specialized author could have previously worked on distant papers but only on his

topic/methodology. Our measure defines it as diverse, yet is it true? Although solo

publications can be used to construct an author’s profile, the increasing significance

of teamwork in scientific research makes it uncertain whether a complete and precise

profile can be established solely on this basis. Another option could be to incorporate

external information, such as educational background, and assign greater weight to

papers that align with the author’s education. However, obtaining this information

can be challenging as it often requires web scraping, which is not easily scalable. The

last issue in our mind about using past publications is ghost and honorary authorship,

as it is common that some authors contributed very little to the production of the

article [Sugimoto and Larivière, 2018, Pruschak and Hopp, 2022]. Both are problems

to consider while defining a coauthored paper as part of your knowledge space.

In our analysis, we solely focused on the cognitive diversity of researchers, but di-

versity encompasses various aspects as highlighted by prior research studies [Medin

157



CHAPTER 3. UNPACKING SCIENTIFIC CREATIVITY

and Lee, 2012, Hofstra et al., 2020]. According to Koopmann et al. [2021], there

are four proximity dimensions among researchers, namely cognitive, institutional,

social, and geographical. Relying solely on PKG to approximate all of these di-

mensions could be challenging. Still, alternative sources such as OpenAlex could

provide more comprehensive information on a researcher’s institutions, past insti-

tutions, and authors’ characteristics. For instance, relying on PKG to construct a

researcher’s seniority could be biased because of the restriction on health sciences

papers. Exploring these additional channels could lead to developing supplementary

measures that complement cognitive diversity.

Another area worth exploring is the temporal dynamic between exploring new

ideas and exploiting existing ones. As discussed earlier, discovering new concepts

is essential for addressing significant challenges. However, there is often a pattern

of moving through cycles of exploration and exploitation within a particular field.

Similarly, authors may initially focus on a specific subject and then switch to a

different area to gain a fresh perspective on the first one once they have developed

sufficient expertise.

To increase the efficiency of the scientific system, it is necessary to conduct further

research on the composition of research teams and their impact on creativity. Our

preliminary results indicate that policymakers and grant evaluators should consider

both individual and team-level characteristics and not only citations when making

decisions about research funding and support. We have explored some research av-

enues to deepen our understanding of this phenomenon, and we encourage other

researchers to build upon our work in this area. By continuing to investigate these

factors, we can develop more effective strategies for supporting and fostering cre-

ativity within research teams, ultimately leading to more impactful and innovative

scientific outcomes.

158



CHAPTER 3. UNPACKING SCIENTIFIC CREATIVITY

3.6 Appendix

Figures

Figure 3.6: Relation between cognitive diversity, average exploratory profile and
Novelty/ Scientific Impact
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Regressions

Novelty indicators and Faculty Opinion

Table 3.7: Faculty Opinions: Cognitive diversity and average exploratory profile
(Field-Weighted)

Dependent variable:
Logit Model

Interesting Hyp. Technical Adv. Confirmation Controversial

Author inter abs (FW) -0.625 1.485∗∗∗ -0.427 -0.757
(0.387) (0.338) (0.386) (0.491)

Author inter 2

abs (FW) 0.414 -1.101∗∗∗ 0.310 0.543
(0.382) (0.328) (0.381) (0.516)

Author intra abs (FW) -0.191 0.209 0.001 0.278
(0.388) (0.336) (0.384) (0.580)

Author intra 2

abs (FW) -0.016 -0.465 0.199 0.016
(0.383) (0.324) (0.365) (0.602)

# References 0.006∗∗∗ -0.012∗∗∗ -0.0002 -0.001
(0.001) (0.002) (0.001) (0.002)

# Meshterms 0.019∗∗∗ -0.040∗∗∗ 0.011∗∗∗ 0.004
(0.004) (0.006) (0.004) (0.005)

# Authors -0.026∗∗∗ 0.018∗∗∗ 0.005 -0.017∗

(0.006) (0.005) (0.004) (0.009)

SJR 0.065∗∗∗ -0.019∗∗ -0.008 0.006
(0.011) (0.010) (0.005) (0.008)

Year Yes Yes Yes Yes

Journal Cat. Yes Yes Yes Yes

Observations 12,555 12,555 12,555 12,555
Log Likelihood -7,919.383 -7,202.326 -7,657.496 -3,866.333
Akaike Inf. Crit. 16,112.770 14,678.650 15,588.990 8,006.667

Notes: This table reports coefficients of the effect of cognitive diversity and average
exploratory profile on perceived novelty from Faculty Opinions. Standard errors are
cluster robust at the journal-level: ***, ** and * indicate significance at the 1%, 5%
and 10% level, respectively. The effects are estimated with a Logit model. Variables are
field-weighted and constant term, scientific field (Scimago Journal Category) and time
fixed effects are incorporated in all model specifications.
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Table 3.8: Faculty Opinions: Cognitive diversity and average exploratory profile
(Field-Weighted)

Dependent variable:
Poisson Model

Interesting Hyp. Technical Adv. Confirmation Controversial

Authorinterabs (FW) −0.410∗ 1.225∗∗∗ -0.330 -0.828∗∗

(0.209) (0.204) (0.287) (0.413)

Author inter 2

abs (FW) 0.291 -0.918∗∗∗ 0.259 0.689
(0.210) (0.192) (0.285) (0.440)

Author intra abs (FW) -0.009 0.320 0.129 0.271
(0.184) (0.217) (0.248) (0.495)

Author intra 2

abs (FW) -0.119 -0.492∗∗ -0.041 -0.108
(0.181) (0.219) (0.223) (0.521)

# References 0.003∗∗∗ -0.006∗∗∗ -0.0001 0.0005
(0.001) (0.002) (0.001) (0.001)

# Meshterms 0.013∗∗∗ -0.024∗∗∗ 0.007∗ 0.002
(0.002) (0.005) (0.003) (0.005)

# Authors -0.017∗∗∗ 0.009∗∗∗ 0.003 -0.012
(0.004) (0.003) (0.003) (0.009)

SJR 0.039∗∗∗ -0.0004 0.002 0.014∗

(0.007) (0.007) (0.004) (0.007)

Year Yes Yes Yes Yes

Journal Cat. Yes Yes Yes Yes

Observations 12,555 12,555 12,555 12,555
Log Likelihood -10,420.250 -9,880.221 -8,978.963 -4,358.803
Akaike Inf. Crit. 21,114.510 20,034.440 18,231.920 8,991.606

Notes: This table reports coefficients of the effect of cognitive diversity and average
exploratory profile on perceived novelty from Faculty Opinions. Standard errors are
cluster robust at the journal level: ***, ** and * indicate significance at the 1%, 5%
and 10% level, respectively. The effects are estimated with a Poisson model. Variables
are field-weighted and constant term, scientific field (Scimago Journal Category) and
time fixed effects are incorporated in all model specifications.
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Table 3.9: Faculty Opinions: Cognitive diversity, highly exploratory and exploita-
tive profile (Field-Weighted)

Dependent variable:
Logit Model

Interesting Hyp. Technical Adv. Confirmation Controversial

Author inter abs (FW) -0.859∗∗∗ 1.500∗∗∗ -0.289 -0.476
(0.277) (0.317) (0.309) (0.377)

Author inter 2

abs (FW) 0.590∗ -1.244∗∗∗ 0.228 0.421
(0.308) (0.338) (0.333) (0.371)

Share exploratory -0.754∗ -0.644 0.868∗∗ -0.193
(0.450) (0.443) (0.441) (0.607)

Share exploitative 0.304∗∗∗ -0.014 -0.070 -0.097
(0.083) (0.118) (0.097) (0.160)

Share exploratory * Share exploitative 2.911∗∗∗ 0.015 -1.069 1.822
(1.073) (1.132) (1.048) (1.650)

# References 0.006∗∗∗ -0.012∗∗∗ -0.0001 -0.001
(0.001) (0.002) (0.001) (0.002)

# Meshterms 0.019∗∗∗ -0.041∗∗∗ 0.012∗∗∗ 0.004
(0.004) (0.006) (0.004) (0.005)

# Authors -0.024∗∗∗ 0.018∗∗∗ 0.005 -0.018∗

(0.006) (0.005) (0.004) (0.009)

SJR 0.065∗∗∗ -0.019∗ -0.008 0.005
(0.010) (0.010) (0.005) (0.008)

Year Yes Yes Yes Yes

Journal Cat. Yes Yes Yes Yes

Observations 12,555 12,555 12,555 12,555
Log Likelihood -7,910.400 -7,202.819 -7,655.698 -3,866.431
Akaike Inf. Crit. 16,096.800 14,681.640 15,587.400 8,008.863

Notes: This table reports coefficients of the effect of cognitive diversity and highly exploratory and
exploitative profiles on perceived novelty from Faculty Opinions. Standard errors are cluster robust at
the journal-level: ***, ** and * indicate significance at the 1%, 5% and 10% level, respectively. The
effects are estimated with a Logit model. Variables are field-weighted and constant term, scientific field
(Scimago Journal Category) and time fixed effects are incorporated in all model specifications.
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Table 3.10: Faculty Opinions: Cognitive diversity, highly exploratory and exploita-
tive profile (Field-Weighted)

Dependent variable:
Poisson Model

Interesting Hyp. Technical Adv. Confirmation Controversial

Author inter abs (FW) -0.485∗∗∗ 1.336∗∗∗ -0.171 -0.560∗

(0.157) (0.224) (0.248) (0.322)

Author inter 2

abs (FW) 0.318∗ -1.106∗∗∗ 0.121 0.472
(0.163) (0.224) (0.261) (0.332)

Share exploratory -0.718∗∗ -0.550∗ 0.478∗ -0.083
(0.334) (0.312) (0.246) (0.513)

Share exploitative 0.135∗∗∗ -0.026 -0.020 -0.084
(0.049) (0.077) (0.066) (0.171)

Share exploratory * Share exploitative 2.112∗∗∗ -0.106 -0.564 1.674
(0.662) (0.762) (0.640) (1.504)

# References 0.003∗∗∗ -0.006∗∗∗ -0.0001 0.0005
(0.001) (0.002) (0.001) (0.001)

# Meshterms 0.013∗∗∗ -0.024∗∗∗ 0.007∗∗ 0.002
(0.002) (0.005) (0.003) (0.005)

# Authors -0.016∗∗∗ 0.009∗∗∗ 0.003 -0.013
(0.004) (0.003) (0.003) (0.009)

SJR 0.039∗∗∗ 0.00003 0.002 0.014∗

(0.007) (0.007) (0.004) (0.007)

Year Yes Yes Yes Yes

Journal Cat. Yes Yes Yes Yes

Observations 12,555 12,555 12,555 12,555
Log Likelihood -10,415.010 -9,880.661 -8,977.912 -4,358.090
Akaike Inf. Crit. 21,106.010 20,037.320 18,231.830 8,992.180

Notes: This table reports coefficients of the effect of cognitive diversity and highly exploratory and
exploitative profiles on perceived novelty from Faculty Opinions. Standard errors are cluster robust at
the journal level: ***, ** and * indicate significance at the 1%, 5% and 10% level, respectively. The
effects are estimated with a Poisson model. Variables are field-weighted and constant term, scientific
field (Scimago Journal Category) and time fixed effects are incorporated in all model specifications.
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Novelty indicators with Mesh Terms

Cognitive diversity and average exploratory profile effect on Novelty

Table 3.11: Combinatorial Novelty: cognitive diversity and average exploratory
profile (Field-Weighted/ Meshterms)

Dependent variable:
Uzzi Lee Foster Wang
(1) (2) (3) (4)

Author inter abs (FW) 0.067∗∗∗ 0.114∗∗∗ 0.056∗∗∗ 0.062∗∗∗

(0.009) (0.007) (0.008) (0.006)

Author inter 2

abs (FW) -0.016∗∗ -0.050∗∗∗ -0.025∗∗∗ -0.008
(0.008) (0.006) (0.008) (0.006)

Author intra abs (FW) -0.020∗ 0.025∗∗∗ -0.029∗∗ -0.055∗∗∗

(0.012) (0.009) (0.013) (0.009)

Author intra 2

abs (FW) -0.047∗∗∗ -0.062∗∗∗ -0.042∗∗∗ -0.010
(0.010) (0.008) (0.011) (0.007)

# References 0.001∗∗∗ 0.001∗∗∗ 0.001∗∗∗ 0.0002∗∗∗

(0.0001) (0.00005) (0.0001) (0.00003)

# Meshterms 0.007∗∗∗ 0.014∗∗∗ 0.0004 0.029∗∗∗

(0.001) (0.001) (0.0004) (0.0004)

# Authors 0.002∗∗∗ 0.008∗∗∗ 0.005∗∗∗ 0.001∗∗∗

(0.0004) (0.0004) (0.0004) (0.0003)

SJR -0.004∗∗∗ -0.006∗∗∗ -0.005∗∗∗ 0.003∗∗∗

(0.001) (0.001) (0.001) (0.001)

Year Yes Yes Yes Yes

Journal Cat. Yes Yes Yes Yes

Observations 661,821 1,823,859 1,823,859 1,823,859
R2 0.029 0.083 0.015 0.153
Adjusted R2 0.029 0.083 0.015 0.152
Residual Std. Error 0.285 0.276 0.300 0.360
F Statistic 86.982∗∗∗ 699.050∗∗∗ 121.183∗∗∗ 1,390.452∗∗∗

Notes: This table reports coefficients of the effect of cognitive diversity and average exploratory
profile on combinatorial novelty using PKG. Standard errors are cluster robust at the journal
level: ***, ** and * indicate significance at the 1%, 5% and 10% levels, respectively. The effects
are estimated with an OLS. Variables are field-weighted and constant term, scientific field
(Scimago Journal Category), and time-fixed effects are incorporated in all model specifications.
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Share of Highly Exploratory Profile

Table 3.12: Combinatorial Novelty: Cognitive diversity, highly exploratory and
exploitative profile (Field-Weighted/ Meshterms)

Dependent variable:
Uzzi Lee Foster Wang
(1) (2) (3) (4)

Author inter abs (FW) 0.045∗∗∗ 0.115∗∗∗ 0.007 0.002
(0.011) (0.010) (0.013) (0.008)

Author inter 2

abs (FW) 0.013 -0.032∗∗∗ 0.030∗∗ 0.027∗∗∗

(0.010) (0.010) (0.012) (0.007)

Share exploratory -0.107∗∗∗ -0.113∗∗∗ -0.150∗∗∗ -0.063∗∗∗

(0.006) (0.006) (0.007) (0.005)

Share exploitative 0.068∗∗∗ 0.045∗∗∗ 0.056∗∗∗ 0.026∗∗∗

(0.003) (0.003) (0.004) (0.002)

Share exploratory * Share exploitative 0.185∗∗∗ 0.189∗∗∗ 0.254∗∗∗ 0.106∗∗∗

(0.016) (0.013) (0.016) (0.012)

# References 0.001∗∗∗ 0.001∗∗∗ 0.001∗∗∗ 0.0002∗∗∗

(0.00005) (0.00005) (0.0001) (0.00003)

# Meshterms 0.007∗∗∗ 0.014∗∗∗ 0.0004 0.029∗∗∗

(0.001) (0.001) (0.0004) (0.0004)

# Authors 0.003∗∗∗ 0.008∗∗∗ 0.005∗∗∗ 0.001∗∗∗

(0.0004) (0.0004) (0.0004) (0.0003)

SJR -0.004∗∗∗ -0.006∗∗∗ -0.004∗∗∗ 0.003∗∗∗

(0.001) (0.001) (0.001) (0.001)

Year Yes Yes Yes Yes

Journal Cat. Yes Yes Yes Yes

Observations 661,821 1,823,859 1,823,859 1,823,859
R2 0.033 0.086 0.019 0.152
Adjusted R2 0.032 0.086 0.019 0.152
Residual Std. Error 0.284 0.275 0.299 0.360
F Statistic 97.014∗∗∗ 721.442∗∗∗ 149.772∗∗∗ 1,383.049∗∗∗

Notes: This table reports coefficients of the effect of cognitive diversity and highly exploratory and
exploitative profiles on combinatorial novelty using PKG. Standard errors are cluster robust at the
journal level: ***, ** and * indicate significance at the 1%, 5% and 10% levels, respectively. The
effects are estimated with an OLS. Variables are field-weighted and constant term, scientific field
(Scimago Journal Category), and time-fixed effects are incorporated in all model specifications.
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Turning points

Table 3.13: Turning Points for Combinatorial Novelty and Scientific Impact

Regression Author intra abs (FW) Author inter abs (FW)

Uzzi 0.318 2.725

Lee 0.229 2.441

Foster 0.244 2.521

Wang 0.038 1.75

Shibayama 2 1.203

# Cit. 0.486 0.43

DI1 0.75 0.875

DI5 -1.44 -3.4

DI1nok 0.166 -11.75

DeIn 0.15 -4.187

Breadth -0.33 0.33

Depth -0.052 0.083

Notes: This table reports the turning points of the effect of cognitive diversity and
average exploratory profiles on combinatorial novelty and scientific recognition in
Table 3.2 and 3.5.
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Regression without field-year weighting

Table 3.14: Combinatorial Novelty: cognitive diversity and average exploratory
profile (References)

Dependent variable:
Uzzi Lee Foster Wang Shibayama
(1) (2) (3) (4) (5)

Author inter abs 183.520∗∗∗ 4.377∗∗∗ 0.940∗∗∗ 3.061∗∗∗ 0.268∗∗∗

(23.173) (0.204) (0.033) (0.252) (0.008)

Author inter 2

abs -176.966∗∗∗ -3.915∗∗∗ -1.005∗∗∗ -1.936∗∗∗ -0.195∗∗∗

(31.732) (0.270) (0.043) (0.335) (0.012)

Author intra abs 198.281∗∗∗ 3.825∗∗∗ 1.052∗∗∗ 0.095 0.226∗∗∗

(22.235) (0.222) (0.074) (0.365) (0.011)

Author intra 2

abs -403.151∗∗∗ -8.090∗∗∗ -2.057∗∗∗ 0.130 -0.153∗∗∗

(38.759) (0.381) (0.107) (0.619) (0.018)

# References 0.518∗∗∗ 0.009∗∗∗ 0.001∗∗∗ 0.076∗∗∗ 0.0004∗∗∗

(0.072) (0.0004) (0.00004) (0.007) (0.00002)

# Meshterms 1.287∗∗∗ 0.025∗∗∗ 0.003∗∗∗ -0.043∗∗∗ 0.001∗∗∗

(0.119) (0.002) (0.0003) (0.003) (0.0001)

# Authors 1.371∗∗∗ 0.025∗∗∗ 0.004∗∗∗ 0.005 0.002∗∗∗

(0.113) (0.001) (0.0004) (0.004) (0.0001)

SJR -1.151∗∗∗ -0.020∗∗∗ -0.011∗∗∗ -0.093∗∗∗ -0.002∗∗∗

(0.264) (0.004) (0.002) (0.021) (0.0003)

Year Yes Yes Yes Yes Yes

Journal Cat. Yes Yes Yes Yes Yes

Observations 1,647,446 1,815,631 1,815,631 1,815,631 1,809,185
R2 0.020 0.168 0.151 0.158 0.253
Adjusted R2 0.020 0.168 0.151 0.158 0.253
Residual Std. Error 192.756 1.258 0.235 4.341 0.066
F Statistic 139.319∗∗∗ 1,504.472∗∗∗ 1,328.955∗∗∗ 1,399.846∗∗∗ 2,523.818∗∗∗

Notes: This table reports coefficients of the effect of cognitive diversity and average ex-
ploratory profile on combinatorial novelty using PKG. Standard errors are cluster robust at
the journal level: ***, ** and * indicate significance at the 1%, 5% and 10% levels, respec-
tively. The effects are estimated with an OLS. The constant term, scientific field (Scimago
Journal Category), and time-fixed effects are incorporated in all model specifications.
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Table 3.15: Combinatorial Novelty: cognitive diversity and average exploratory
profile (Meshterms)

Dependent variable:
Uzzi Lee Foster Wang
(1) (2) (3) (4)

Author inter abs 14.010∗∗∗ 1.829∗∗∗ 0.399∗∗∗ 0.951∗∗∗

(1.109) (0.067) (0.023) (0.070)

Author inter 2

abs -16.049∗∗∗ -2.002∗∗∗ -0.495∗∗∗ -0.915∗∗∗

(1.477) (0.087) (0.034) (0.086)

Author intra abs 11.644∗∗∗ 1.408∗∗∗ 0.405∗∗∗ -0.177∗

(1.403) (0.095) (0.041) (0.105)

Author intra 2

abs -28.595∗∗∗ -2.603∗∗∗ -1.066∗∗∗ -0.578∗∗∗

(2.138) (0.140) (0.063) (0.154)

# References 0.038∗∗∗ 0.002∗∗∗ 0.001∗∗∗ 0.001∗∗∗

(0.002) (0.0001) (0.00004) (0.0001)

# Meshterms -0.022∗ 0.028∗∗∗ 0.001∗∗∗ 0.058∗∗∗

(0.013) (0.001) (0.0003) (0.001)

# Authors 0.012 0.011∗∗∗ 0.002∗∗∗ -0.0001
(0.008) (0.001) (0.0003) (0.001)

SJR -0.052 -0.011∗∗∗ -0.002∗∗∗ 0.015∗∗∗

(0.032) (0.002) (0.001) (0.003)

Year Yes Yes Yes Yes

Journal Cat. Yes Yes Yes Yes

Observations 661,832 1,823,889 1,823,889 1,823,889
R2 0.064 0.179 0.120 0.174
Adjusted R2 0.063 0.179 0.120 0.174
Residual Std. Error 7.929 0.536 0.206 0.716
F Statistic 193.801∗∗∗ 1,638.907∗∗∗ 1,020.027∗∗∗ 1,586.294∗∗∗

Notes: This table reports coefficients of the effect of cognitive diversity and average ex-
ploratory profile on combinatorial novelty using PKG. Standard errors are cluster robust at
the journal level: ***, ** and * indicate significance at the 1%, 5% and 10% levels, respec-
tively. The effects are estimated with an OLS. The constant term, scientific field (Scimago
Journal Category), and time-fixed effects are incorporated in all model specifications.

168



CHAPTER 3. UNPACKING SCIENTIFIC CREATIVITY

Table 3.16: Scientific recognition: cognitive diversity and average exploratory pro-
file

Dependent variable:
# cit. DI1 DI5 DI1nok DeIn Breadth Depth
(1) (2) (3) (4) (5) (6) (7)

Author inter abs 39.622∗∗∗ -0.019∗∗∗ -0.043∗∗∗ 0.640∗∗∗ -3.961∗∗∗ 0.044∗ -0.080∗∗∗

(12.175) (0.006) (0.008) (0.050) (0.306) (0.023) (0.024)

Author inter 2

abs -55.784∗∗∗ 0.034∗∗∗ 0.068∗∗∗ -0.485∗∗∗ 3.848∗∗∗ -0.023 0.057∗

(15.267) (0.008) (0.010) (0.066) (0.379) (0.032) (0.033)

Author intra abs 99.833∗∗∗ -0.064∗∗∗ -0.067∗∗∗ -0.090 -2.059∗∗∗ 0.111∗∗∗ -0.033
(12.635) (0.007) (0.008) (0.073) (0.385) (0.032) (0.033)

Author intra 2

abs -130.168∗∗∗ 0.069∗∗∗ 0.094∗∗∗ 0.138 2.499∗∗∗ -0.021 -0.141∗∗∗

(16.543) (0.010) (0.012) (0.105) (0.541) (0.047) (0.049)

# References 0.681∗∗∗ -0.0002∗∗∗ -0.0004∗∗∗ -0.003∗∗∗ 0.023∗∗∗ -0.0002∗∗∗ 0.001∗∗∗

(0.027) (0.00001) (0.00002) (0.0001) (0.001) (0.00004) (0.0001)

# Meshterms 0.338∗∗∗ -0.0004∗∗∗ -0.001∗∗∗ -0.006∗∗∗ 0.019∗∗∗ -0.003∗∗∗ 0.005∗∗∗

(0.080) (0.00004) (0.0001) (0.0005) (0.002) (0.0002) (0.0003)

# Authors 3.405∗∗∗ -0.0004∗∗∗ -0.0002∗∗∗ -0.009∗∗∗ 0.023∗∗∗ -0.008∗∗∗ 0.010∗∗∗

(0.365) (0.00003) (0.00005) (0.0005) (0.002) (0.0003) (0.0004)

SJR 16.482∗∗∗ -0.001∗∗∗ 0.001∗∗∗ -0.013∗∗∗ 0.025∗∗∗ -0.023∗∗∗ 0.025∗∗∗

(1.269) (0.0001) (0.0002) (0.002) (0.009) (0.003) (0.003)

Year Yes Yes Yes Yes Yes Yes

Journal Cat. Yes Yes Yes Yes Yes Yes

Observations 1,826,237 1,826,237 1,826,237 1,826,237 1,826,237 1,826,237 1,826,237
R2 0.116 0.042 0.077 0.133 0.238 0.107 0.159
Adjusted R2 0.116 0.042 0.077 0.133 0.238 0.107 0.158
Residual Std. Error 126.203 0.056 0.061 0.467 1.591 0.250 0.241
F Statistic 984.300∗∗∗ 328.932∗∗∗ 626.917∗∗∗ 1,151.082∗∗∗ 2,343.227∗∗∗ 904.045∗∗∗ 1,416.198∗∗∗

Notes: This table reports coefficients of the effect of cognitive diversity and average exploratory profile
on scientific recognition using PKG. Standard errors are cluster robust at the journal level: ***, ** and *
indicate significance at the 1%, 5% and 10% levels, respectively. The effects are estimated with an OLS.
The constant term, scientific field (Scimago Journal Category), and time-fixed effects are incorporated in all
model specifications.
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Table 3.17: Combinatorial Novelty: Cognitive diversity, highly exploratory and
exploitative profile (References)

Dependent variable:
Uzzi Lee Foster Wang Shibayama
(1) (2) (3) (4) (5)

Author inter abs 280.445∗∗∗ 6.383∗∗∗ 1.533∗∗∗ 1.696∗∗∗ 0.430∗∗∗

(30.366) (0.225) (0.066) (0.347) (0.011)

Author inter 2

abs -311.743∗∗∗ -6.771∗∗∗ -1.834∗∗∗ -0.650 -0.350∗∗∗

(39.387) (0.298) (0.082) (0.493) (0.015)

Share exploratory -22.978∗∗∗ -0.416∗∗∗ -0.087∗∗∗ -0.328∗∗∗ 0.009∗∗∗

(3.028) (0.029) (0.005) (0.034) (0.001)

Share exploitative 8.714∗∗∗ 0.234∗∗∗ 0.048∗∗∗ -0.468∗∗∗ -0.021∗∗∗

(1.809) (0.015) (0.004) (0.082) (0.001)

Share exploratory * Share exploitative 29.023∗∗∗ 0.541∗∗∗ 0.186∗∗∗ 0.208 -0.052∗∗∗

(8.047) (0.084) (0.013) (0.129) (0.004)

# References 0.514∗∗∗ 0.009∗∗∗ 0.001∗∗∗ 0.076∗∗∗ 0.0004∗∗∗

(0.073) (0.0004) (0.00004) (0.007) (0.00002)

# Meshterms 1.292∗∗∗ 0.025∗∗∗ 0.004∗∗∗ -0.042∗∗∗ 0.001∗∗∗

(0.119) (0.002) (0.0003) (0.003) (0.0001)

# Authors 1.472∗∗∗ 0.027∗∗∗ 0.005∗∗∗ 0.002 0.001∗∗∗

(0.118) (0.001) (0.0004) (0.003) (0.0001)

SJR -1.206∗∗∗ -0.022∗∗∗ -0.011∗∗∗ -0.090∗∗∗ -0.002∗∗∗

(0.260) (0.004) (0.002) (0.020) (0.0003)

Year Yes Yes Yes Yes Yes

Journal Cat. Yes Yes Yes Yes Yes

Observations 1,647,446 1,815,631 1,815,631 1,815,631 1,809,185
R2 0.020 0.167 0.150 0.158 0.252
Adjusted R2 0.020 0.167 0.150 0.158 0.252
Residual Std. Error 192.763 1.258 0.235 4.340 0.067
F Statistic 138.223∗∗∗ 1,493.115∗∗∗ 1,310.908∗∗∗ 1,399.600∗∗∗ 2,503.790∗∗∗

Notes: This table reports coefficients of the effect of cognitive diversity and highly exploratory and ex-
ploitative profiles on combinatorial novelty using PKG. Standard errors are cluster robust at the journal
level: ***, ** and * indicate significance at the 1%, 5% and 10% levels, respectively. The effects are esti-
mated with an OLS. The constant term, scientific field (Scimago Journal Category), and time-fixed effects
are incorporated in all model specifications.
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Table 3.18: Combinatorial Novelty: Cognitive diversity, highly exploratory and
exploitative profile (Meshterms)

Dependent variable:
Uzzi Lee Foster Wang
(1) (2) (3) (4)

Author inter abs 23.097∗∗∗ 2.721∗∗∗ 0.573∗∗∗ 0.687∗∗∗

(1.222) (0.095) (0.036) (0.103)

Author inter 2

abs -28.625∗∗∗ -3.128∗∗∗ -0.798∗∗∗ -0.852∗∗∗

(1.611) (0.118) (0.047) (0.125)

Share exploratory -0.852∗∗∗ -0.091∗∗∗ -0.068∗∗∗ -0.073∗∗∗

(0.100) (0.007) (0.004) (0.007)

Share exploitative 1.977∗∗∗ 0.078∗∗∗ 0.045∗∗∗ 0.057∗∗∗

(0.092) (0.007) (0.003) (0.006)

Share exploratory * Share exploitative 1.251∗∗∗ 0.083∗∗∗ 0.130∗∗∗ 0.135∗∗∗

(0.393) (0.023) (0.010) (0.025)

# References 0.038∗∗∗ 0.002∗∗∗ 0.001∗∗∗ 0.001∗∗∗

(0.001) (0.0001) (0.00004) (0.0001)

# Meshterms -0.022∗ 0.028∗∗∗ 0.001∗∗∗ 0.058∗∗∗

(0.013) (0.001) (0.0003) (0.001)

# Authors 0.028∗∗∗ 0.012∗∗∗ 0.003∗∗∗ 0.001
(0.008) (0.001) (0.0003) (0.001)

SJR -0.064∗∗ -0.012∗∗∗ -0.003∗∗∗ 0.015∗∗∗

(0.031) (0.002) (0.001) (0.003)

Year Yes Yes Yes Yes

Journal Cat. Yes Yes Yes Yes

Observations 661,832 1,823,889 1,823,889 1,823,889
R2 0.065 0.179 0.119 0.174
Adjusted R2 0.065 0.179 0.119 0.174
Residual Std. Error 7.923 0.537 0.206 0.716
F Statistic 197.576∗∗∗ 1,631.871∗∗∗ 1,014.063∗∗∗ 1,574.819∗∗∗

Notes: This table reports coefficients of the effect of cognitive diversity and highly exploratory
and exploitative profiles on combinatorial novelty using PKG. Standard errors are cluster robust
at the journal level: ***, ** and * indicate significance at the 1%, 5% and 10% levels, respectively.
The effects are estimated with an OLS. The constant term, scientific field (Scimago Journal
Category), and time-fixed effects are incorporated in all model specifications.
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Table 3.19: Scientific recognition: cognitive diversity, highly exploratory and ex-
ploitative profile

Dependent variable:
# cit. DI1 DI5 DI1nok DeIn Breadth Depth
(1) (2) (3) (4) (5) (6) (7)

Author inter abs 114.316∗∗∗ -0.088∗∗∗ -0.115∗∗∗ 0.313∗∗∗ -4.628∗∗∗ 0.114∗∗∗ -0.095∗∗∗

(13.961) (0.009) (0.011) (0.084) (0.556) (0.030) (0.033)

Author inter 2

abs2 -122.966∗∗∗ 0.101∗∗∗ 0.143∗∗∗ -0.193∗ 4.793∗∗∗ -0.093∗∗ 0.041
(16.903) (0.011) (0.013) (0.103) (0.669) (0.039) (0.043)

Share exploratory -2.597∗∗ -0.006∗∗∗ -0.005∗∗∗ -0.057∗∗∗ 0.176∗∗∗ 0.007∗∗ -0.009∗∗∗

(1.100) (0.001) (0.001) (0.005) (0.018) (0.003) (0.003)

Share exploitative 3.759∗∗∗ -0.005∗∗∗ -0.008∗∗∗ -0.085∗∗∗ 0.284∗∗∗ -0.021∗∗∗ 0.027∗∗∗

(1.085) (0.0005) (0.001) (0.004) (0.015) (0.002) (0.002)

Share exploratory * Share exploitative -23.770∗∗∗ 0.019∗∗∗ 0.014∗∗∗ 0.115∗∗∗ -0.181∗∗∗ 0.031∗∗∗ -0.017∗

(3.529) (0.002) (0.002) (0.017) (0.064) (0.010) (0.010)

# References 0.679∗∗∗ -0.0002∗∗∗ -0.0004∗∗∗ -0.003∗∗∗ 0.023∗∗∗ -0.0002∗∗∗ 0.001∗∗∗

(0.027) (0.00001) (0.00002) (0.0001) (0.001) (0.00004) (0.0001)

# Meshterms 0.337∗∗∗ -0.0004∗∗∗ -0.001∗∗∗ -0.006∗∗∗ 0.019∗∗∗ -0.003∗∗∗ 0.005∗∗∗

(0.080) (0.00004) (0.0001) (0.0005) (0.002) (0.0002) (0.0003)

# Authors 3.430∗∗∗ -0.0004∗∗∗ -0.0003∗∗∗ -0.010∗∗∗ 0.025∗∗∗ -0.009∗∗∗ 0.011∗∗∗

(0.364) (0.00003) (0.00005) (0.0005) (0.002) (0.0003) (0.0004)

SJR 16.427∗∗∗ -0.001∗∗∗ 0.001∗∗∗ -0.012∗∗∗ 0.024∗∗ -0.023∗∗∗ 0.025∗∗∗

(1.268) (0.0001) (0.0002) (0.002) (0.009) (0.003) (0.003)

Year Yes Yes Yes Yes Yes Yes Yes

Journal Cat. Yes Yes Yes Yes Yes Yes Yes

Observations 1,826,237 1,826,237 1,826,237 1,826,237 1,826,237 1,826,237 1,826,237
R2 0.116 0.042 0.078 0.134 0.239 0.107 0.159
Adjusted R2 0.116 0.042 0.078 0.134 0.239 0.107 0.159
Residual Std. Error 126.204 0.056 0.061 0.467 1.590 0.250 0.241
F Statistic 980.132∗∗∗ 328.824∗∗∗ 630.089∗∗∗ 1,160.693∗∗∗ 2,346.784∗∗∗ 901.029∗∗∗ 1,411.683∗∗∗

Notes: This table reports coefficients of the effect of cognitive diversity and highly exploratory and exploitative profiles on
scientific recognition using PKG. Standard errors are cluster robust at the journal level: ***, ** and * indicate significance at
the 1%, 5% and 10% levels, respectively. The effects are estimated with an OLS. The constant term, scientific field (Scimago
Journal Category), and time-fixed effects are incorporated in all model specifications.
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Chapter 4

The Private Sector Is Hoarding AI

Researchers

This chapter was co-authored with

Roman Jurowestki, Daniel S. Hain and Stefano Bianchini

Summary of the chapter

This study examines the migration of AI researchers from academia to industry

and the potential impact on the advancement of AI technology and its diffusion

into society. Using bibliometric data, we analyze the transition patterns between

academia and industry and investigate the drivers and implications of this migration.

Our results indicate a growing net flow of researchers from academia to industry,

with those specializing in deep learning and high-impact research being more likely

to transition while those engaged in highly novel research are less inclined to make

the transition. Our analysis also reveals a decline in the novelty of researchers’ work

after transitioning to industry. These findings emphasize the importance of bolstering

explorative public AI research to prevent the future of this powerful technology from

being dominated solely by private interests and their focus on a potentially sub-

optimal paradigm which is Deep Learning.
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The case of Timnit Gebru in 2020, a renowned AI researcher and co-lead of the

Ethical AI team at Google, ignited extensive discussions across academia, industry,

and civil society [Allyn, 2020, Hao, 2020]. In her paper, Gebru and her coauthors

raised concerns about the inherent biases and resource consumption of large language

models [Bender et al., 2021], which subsequently led to a dispute with management

and eventually resulted in her termination.

Fast forward to 2023 and it becomes apparent that AI development has accel-

erated with private companies leaping even more ahead of the public sector. Large

language models have grown in size and complexity, culminating in the launch of

OpenAI’s GPT-3 and its derivative chatGPT. Throughout 2021 and 2022, we have

seen organizations such as HuggingFace orchestrating large-scale research projects

with broad academic involvement to develop advanced language models based on

data foundations that consider and address bias and transparency issues [Scao et al.,

2022]. Also in 2022, OpenAI has pushed AI techniques into mainstream discussions

with the introduction of DALL-E 2 [Ramesh et al., 2022]. The open-source variant

was shortly after developed by Stability AI [Rombach et al., 2021]. The private

AI lab included open-source initiatives (LAION, EleutherAI) and academic collab-

orators (CompVis group at LMU Munich) in the creation. The trend persists: an

increasing amount of AI techniques that define standards and directly impact society

are designed and owned by private organizations.

Two key concerns drive the motivation behind this research: Firstly, as star sci-

entists transition into private AI labs, there is a potential for constructive critique

raised by community leaders to be silenced. This can have consequences such as a

lack of discussions around potential issues surrounding the technology and a lack of

transparency in its development. As seen with the release of chatGPT, these tech-

nologies are often developed behind closed doors and released to the public without

adequate consideration of their potential impacts. This dynamic makes it increas-

ingly challenging for regulators to develop suitable frameworks for AI. This can be

seen in the ongoing challenges faced by the EU in its efforts to establish an AI Di-

rective [Veale and Zuiderveen Borgesius, 2021]. Secondly, with more AI researchers

transitioning from universities – which traditionally value freedom of thought, ex-

pression, and research exploration as core pillars – to industrial labs (Figure 4.1),

questions arise about the potential risks of moving towards what some economists

refer to as the “wrong kind of AI” [Sweeney, 2013, Hajian et al., 2016, Zou and

Schiebinger, 2018, Acemoglu and Restrepo, 2019, Clark and Hadfield, 2019].
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Although the ethical consequences are hard to measure, the risks associated with

transition and the impact on research can be explored. The public sector might be

losing its competency in the development of AI which could cause a technological

lock-in. This privatization of AI knowledge and the dominance of private interests in

its development is a concern that must be addressed to ensure that the societal bene-

fits of AI are not constrained. Understanding the scope and magnitude of researcher

migration from academia to industry as well as its impact on the type of research

they do is crucial to better support public AI research. One risk is the potential

decline in scientific Creativity1 as researchers may respond to a different system of

incentives and priorities in the new environment.

Figure 4.1: Transition of researchers
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Notes: We calculate the proportion of researchers departing from academia to any destination
(Panel A) and specifically to the industry sector (Panel B) using the complete OpenAlex database.
Researchers are grouped into two categories: AI researchers (blue curve) and non-AI researchers
(black curve). A higher share of non-AI researchers tends to leave academia for other destinations,
particularly Hospitals and Public Research Organizations (PROs). This trend reverses drastically
when we focus on the flow of researchers from academia to industry.

While some studies have raised alarms about the growing influence of industry

in AI research [Ahmed et al., 2023], others have just begun to explore the possible

implications of a brain drain of AI professors from universities [Gofman and Jin,

2022]. Here, we employ OpenAlex to estimate the number of AI Researchers transi-

tioning from academia to industry and identify observable features that indicate such

transitions. We specifically focus on explicitly observable transitions, reconstructing

1Originality and impact as decomposed by Runco and Jaeger [2012]
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career trajectories from bibliographic data. We also investigate the consequences

of industry transitions using a difference-in-differences setup. In this approach, we

investigate impact and originality indicators2 for publications before and after the

transition to industry, in order to understand the impact of these transitions on the

researcher’s work and influence. This research provides a quantitative understand-

ing of the phenomenon of AI researcher migration from academia to industry and its

potential implications.

Our investigation reveals a growing pattern of AI researchers moving from academia

to industry. Notably, those with significant impact and affiliated to top institutions

are more inclined to make this transition. On the other hand, researchers who ex-

plore novel subjects and avoid deep learning tend to remain in academia. The private

sector’s attraction to high-impact researchers implies a selective recruitment process,

which could potentially result in the decline of the talent pool available for public AI

Research. Furthermore, the results from the difference-in-difference analysis indicate

a decrease in academic creativity post-transition, with a short-term burst in impact

immediately after the transition, which is followed by a decline in subsequent years.

Additionally, there is an overall reduction in novelty observed over time.

The structure of this paper is organized as follows: section 4.1 provides an intro-

duction to the phenomenon of AI researcher migration from academia to industry,

along with relevant theoretical considerations. section 4.2 presents the data sources

and methods used for the analysis, which are further explored in section 4.3 for the

exploratory analysis and section 4.4 for the econometric analysis. Finally, section 4.5

presents a discussion of the findings and offers concluding remarks.

4.1 Background

4.1.1 The Rise of Private Sector Participation in AI Re-

search

AI research has long coexisted in academia and industry. Yet, in recent years, the

influence of industry is growing rapidly. The industry is becoming more influential

in academic publications, cutting-edge models, and key benchmarks [Frank et al.,

2019, Ahmed et al., 2023]. By way of example, until 2014, most of the significant

Machine Learning (ML) models were released by academia. Since then, gradually

2Citation count but also Novelty and Disruptiveness indicators
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the industry has taken over [Maslej et al., 2023].

Deep Learning (DL) algorithms have been particularly instrumental in fueling

the growth of AI, as they have demonstrated remarkable performance in various

applications, such as image recognition, natural language processing, and speech

recognition [LeCun et al., 2015]. The increasing availability of large public and

private datasets has enabled the development of these algorithms, with deep learning

and more recently transformer models achieving state-of-the-art performance in a

variety of domains.

The modern R&D trajectory of AI has seen private companies native to the

digital economy, such as Google and Facebook, play an increasingly important role

in basic research activities that used to be the domain of academia. In fact, the

industry is now the dominant player in AI research, with significant contributions to

research output, research tools, platforms, and frameworks [Ahmed et al., 2023]. For

example, at the 2021 Neural Information Processing Systems (NeurIPS) conference,

the largest annual AI and DL conference, Google and Facebook accounted for 11%

(265) of all accepted papers and more than twice the number of accepted full papers

compared to the second most represented institution, Stanford University.3

In addition to the growing amount of research output, many leading researchers

in the field of deep learning have transitioned to full – or part – time positions in the

tech industry. Notable examples include Geoffrey Hinton at Google, Yann LeCun at

Facebook/Meta, Ian Goodfellow at Apple (via Google Brain), and Ruslan Salakhut-

dinov at Apple. Moreover, a study by Gofman and Jin [2022] found that from 2004

to 2018, Google, Microsoft, and Amazon hired 50 tenure-track AI professors from

North American universities. This shift in the center of gravity of AI Research from

academia to industry has raised concerns about an ”AI brain drain” [Sample, 2017,

Gofman and Jin, 2019].

Aside from established industry players like Google and Facebook, new companies

such as Huggingface, Stability.ai, Cohere, and Anthropic are emerging in the market.

These companies are focused on cutting-edge AI research, safety, and creating large

language models to rival those from OpenAI and Google. These companies engage

in collaborations with the public sector, particularly around topics with a societal

impact. Cohere, for example, has launched a nonprofit research lab focused on funda-

mental AI research and contributing to the open-source community [Wiggers, 2022].

Huggingface orchestrated the “BigScience Workshop” involving over 1000 researchers

3Calculated from Scopus https://www.scopus.com records
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worldwide in the generation of new large language models [Akiki et al., 2022]. This

initiative led to the generation of several side products, the 1.6TB Composite Multi-

lingual Dataset ROOTS [Laurençon et al., 2022] that can be used for other projects,

a number of papers and research related to data ethics, governance, and engineering

as well as a consortium funded by the European Commission working on multimodal

(text+speech) models as well as two more extensive follow up projects. The activity

of these new companies is expanding the scope of AI Research and development,

further blurring the line between academia and industry.

There are several potential explanations for the increasing participation of private-

sector companies in basic research activities. One reason is that modern AI methods

require large datasets and computational infrastructures that are difficult to transfer

to researchers in academia for technical, data protection and privacy reasons. More-

over, the development and deployment of modern AI systems poses an organizational

and engineering challenge that universities or public research organizations may not

be well-suited to execute, given their organizational structures and academic KPIs

that primarily focus on publications. Another reason is the potential disconnect be-

tween the type of AI research undertaken in academia and the needs of the industry

[Arora et al., 2020], which has led to innovation system failures [Gustafsson and Au-

tio, 2011], leading private companies to take basic research activities “in their own

hands”.

Another reason for the increasing industry participation in basic research is the in-

creasing integration of AI systems into private sector companies’ cloud infrastructure,

which helps them address their own needs and those of third-party customers. This

integration enables companies to establish their AI systems as a de facto standard

that increases the competitiveness of complementary platforms and cloud computing

services. For instance, OpenAI’s GPT and Cohere’s NLP models are being increas-

ingly integrated into various systems via their API, making it easier to deploy them

correctly. Although similar open-source models are available, they require state-of-

the-art MLOps (Machine Learning Operations) expertise, which can be challenging

for organizations without in-house resources.

4.1.2 Challenges and Risks of AI Privatization

Private-sector opportunities may not align with social needs or take into account

technology’s externalities and broader socioeconomic impacts [Archibugi and Filip-

petti, 2018, Hain and Jurowetzki, 2017].
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The increasing involvement of private-sector companies in AI research raises sev-

eral concerns about the encroachment on public research agendas. Financial incen-

tives from industry may lead academic researchers to prioritize commercialization

over spillovers, leading to the homogenization of public and private research spheres

[David, 2003, David and Hall, 2006]. Industry may induce researchers to prioritize

less risky and exploratory (novel) research, instead favoring projects with immediate

applications and commercial potential [Stephan, 2012].

Training deep neural networks requires enormous amounts of data and computing

power, often exclusively available to large industry players and costly in terms of

energy use and carbon emissions [Marcus, 2018, Russell, 2019, Strubell et al., 2019].

Although platforms and frameworks provided by industry, such as Tensorflow or

PyTorch, decrease entry barriers and advance collective progress, the direction of

search and effort along this trajectory reinforces the data and computation-hungry

DL paradigm. The strong demand for data has led to the exploitation of large online

corpora, which incorporate gender and racial biases that transmit into the trained

models and their outputs [Paullada et al., 2020]. Studying the various modalities

of release for large (mainly generative) AI models [Solaiman, 2023] shows that a

growing trend since 2021 has been to keep the more powerful systems closed. These

decisions not only indicate “closeness” but need to be seen in light of many challenges

related to the need to understand potential impacts, develop appropriate models, and

implement safety controls and ethical considerations when releasing them.

This emphasis on Deep Learning, favored by Industry, could potentially lead

to a technological lock-in where other methodologies are disregarded in favor of

concentrating on this particular branch of AI. This focus might result in a decline

in AI research originality, as already highlighted by Klinger et al. [2020], resulting in

a scenario where the Industry’s influence leads to the acceptance of the potentially

sub-optimal DL paradigm as the prevailing norm.4 The widespread integration of

AI technology across all sectors of society, as mentioned earlier, makes this an even

more critical issue.

The goal of Academia would be to counter-balance this focus by increasing ex-

ploratory research. However, if star researchers exit the public sphere, this could

reduce the innovative contributions of these researchers as they shift their focus to

4In a recent study conducted by Jiang et al. [2023] it was demonstrated that a straightfor-
ward k-nearest neighbors (kNN) approach utilizing a distance metric based on gzip compression
outperforms BERT and other neural methods in the context of text classification. It’s noteworthy
that this research was conducted by scholars who are not affiliated with major tech companies.
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company-based research. This could also pose a challenge for universities, making

their tasks more intricate. Simultaneously, if researchers undergoing this transition

gain more influence (measured by increased citations), it could lead to the propa-

gation of the DL focus from the industry into academia. Another concern revolves

around the insufficient funding for highly innovative initiatives [Ayoubi et al., 2021,

OECD, 2021, Franzoni et al., 2022], which could further limit academic opportunities

to break through this paradigm.

Despite the numerous concerns arising from this transition and brain drain, only a

limited number of studies have examined this particular issue in AI research. Gofman

and Jin [2022] conducted research on the migration of professors in AI-related fields

from leading universities to the industry between 2004 and 2018. Their study revealed

that this migration led to a decrease in the establishment of AI startups by students

from those universities and a reduction in the amount of funding raised.

Our analysis aims to open a pathway for this literature. We focus on the attributes

of scientists who have undergone this transition. We then examine the consequences

of this transition on the nature of the research they undertake.

4.2 Data and Methods

4.2.1 Data

We collect data from OpenAlex https://openalex.org, an open and free scientific

catalog built to replace Microsoft Academic Graph, that has been depreciated by

the end of 2021. OpenAlex contains “metadata for 209M works (journal articles,

books, etc.); 213M disambiguated authors; 124k venues (places that host works,

such as journals and online repositories)[...]” [Priem et al., 2022].5 We utilized

the hierarchical structure of the concept taxonomy in OpenAlex, which organizes

65,000 unique concepts, to identify publications that have been categorized under

sub-topics related to “artificial intelligence” and “machine learning”, in total 402

concept-keywords.

We retrieved academic publications labeled with at least two concept-keywords

of our list categorized under AI and ML research between 2000 and 2021. This col-

lection includes metadata such as citation count, publication year and venue, title

and abstract, author names, and affiliations. We obtained peer-reviewed academic

5Our current download, end of 2022, includes already 239.2M docs, 247.1M authors, 124k
venues, 108k institutions
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journal publications, conference proceedings, and preprint collections such as arXiv,

which are popular media for disseminating knowledge in ML and AI research. In

total, we collected 1.7M research papers. Our analysis revealed that 2.3M scholars

have either used or developed AI methods in their research, which have been pub-

lished in 21k journals and presented at 9,781 conferences.

To investigate the main research question of this paper, we constructed an affili-

ation history for all researchers who were identified as (co-)authors of the AI papers

in our dataset. To ensure a complete historical overview, we extended our analysis to

encompass non-AI publications of these authors, resulting in a dataset of 10.6 million

focal papers. We specifically focused on researchers whose publications consisted of

at least 50% (or at least 3) AI papers.6

We excluded scholars whose transition occurred prior to their initial AI publi-

cation and those who had no AI publications following their transition. Affiliation

data was sourced from OpenAlex, offering disambiguated affiliations categorized as

education, company, facility, government, healthcare, NGO, and others. To mitigate

potential biases from short-term affiliations such as project-based co-affiliations, in-

ternships, visiting researcher programs, and random errors in extracting institutional

information from paper metadata, we compute annual affiliations based on the in-

stitution found on most papers published by the researcher in that year. In the case

of a tie, we prioritize affiliations in the order they are mentioned in the publication.

A transition is defined as the occurrence of the same affiliation for an author in

years t and t + 1, which is distinct from the affiliation in year t− 1. For instance, if

an author held the affiliation ”Education” in the year 2000 and then transitioned to

”Company” in 2001 and 2002, this would be classified as a transition from Academia

to Industry in the year 2001.

Using this approach, we can distinguish two research-career trajectories over time:

(i) those who remain affiliated solely with academia and (ii) those who experience

a university-industry transition, defined as researchers who began their careers in

academia but become primarily associated with the industry for at least one consec-

utive year. We do not differentiate between additional career paths such as “academia

returnees” or “serial switchers”, these are excluded in the econometric analysis.

Our analysis identified approximately 14k unique institutional affiliations, en-

abling us to construct an affiliation history for all authors. Of the total population

6As a robustness check, we performed the same analysis solely on AI papers, and the results
can be found in Appendix 4.6.1.
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of 192,885 researchers who met our criterias, 70,82% were affiliated only with edu-

cation, while 1.52% were affiliated solely with industry. Additionally, 1.57% of the

population transitioned from education to industry. To ensure the relevance of the

information regarding researchers’ career paths it should be noted that these num-

bers only pertain to researchers who were observed for at least three years, with at

least 50% of the time range7, and had seniority (first observation) after 1950 and left

the sample after 2010.

Additionally, leveraging co-authorship information and citation data, we were

able to compute co-authorship centrality indicators for authors and impact metrics

such as received citations. Moreover, we used the Novelpy package in Python [Pel-

letier and Wirtz, 2022] to quantify impact and originality through metrics such as

novelty and disruptiveness.

4.2.2 Analytical strategy

To explore the phenomenon of university-industry transitions in AI research, our

analysis is structured into three steps. Firstly, a basic exploratory data analysis was

performed to determine the magnitude, characteristics, patterns, and trends of these

transitions.

Secondly, we aim to identify the drivers of university-industry transitions. We

employ a survival analysis, specifically the Cox proportional hazard model, using the

affiliation history of all AI researchers who remain in academia or transition to in-

dustry. The model estimates the probability of a researcher undergoing a university-

industry transition in a particular year, considering the researcher’s characteristics,

research interactions, and pre-transition academic creativity as potential drivers for

the transition.

Thirdly, we conducted a regression analysis to explore the consequences of university-

industry transitions on research creativity. To address the endogenous selection of

researchers who transition to industry, we employed a propensity-score matching

(PSM) procedure. For each researcher who undergoes a university-industry transi-

tion, we identified the most similar counterpart among their peers who remained in

academia throughout their careers.8 As such, the PSM approach mimics a quasi-

experimental setting (i.e., what would have happened to the researcher if they had

7For researchers active between 2000 and 2020, this translated to at least 10 years with iden-
tifiable affiliations

8we match these pairs based on concepts, average number of papers published, average num-
ber of co-authors, citations rank, and novelty rank
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remained in academia?) and enables us to isolate the effect of the transition to

industry on research output, as evaluated through received citations, novelty, and

disruptiveness of the research conducted after the transition. To simulate a counter-

factual scenario, we created an “artificial transition” point for each academic who

remained in academia, occurring at the same point in their observed career as the

actual transition of their industry-matched peer. Using this matched sample, we

employed a difference-in-difference regression analysis to study the impact of transi-

tions.

4.2.3 Variables

Dependent Variables

The dependent variable in the survival analysis of transition drivers is binary,

taking the value of zero for years in which a researcher maintained their affiliation

with academia in the current and previous year, and the value of one in the year

they first transition to a corporate affiliation. OpenAlex provides the affiliation

information used to measure this variable, derived from the researcher’s published

papers in the corresponding year.

When analyzing the effect of university-industry transitions on a researcher’s

career in a difference-in-difference regression, we used Nb. Citationsfw, Noveltyfw

and, Disruptivenessfw, described below.

Independent Variables

We generate additional independent variables as follows:

Academic Age: We estimate the variable by the number of years since a re-

searcher’s first publication was observed in OpenAlex (i.e. This also includes papers

outside of our sample).

DL Experience: We create a binary variable to indicate whether a researcher has

published at least one paper in the current year with the OpenAlex concept label for

“Deep Learning”. This label encompasses sub-classes related to specific deep learning

architectures, given the hierarchical structure of the concept taxonomy. Given that

deep learning is a research field in which large data sets and computing power provide
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a significant competitive advantage, we anticipate that researchers working in this

area are more likely to transition from academia to industry.

Network Centrality (Academia): The degree centrality of authors in the co-

publication network of papers published in the corresponding year was calculated.

Edges in the network are weighted according to the number of researchers per paper,

such that the edge weight assigned to a paper decreases as the number of authors on

that paper increases.9 This variable provides an estimate of the researcher’s current

level of embeddedness within the academic research community. Researchers who

are more embedded in the community will either have more opportunities, or they

will be less likely to transition because of their status in this network.

Network Centrality (Industry): This variable measures the degree centrality

of the author in the co-publication network of papers published in the corresponding

year, considering only the edges to co-authors who currently have industry affili-

ations. This variable serves as an approximation of the researcher’s proximity to

industry actors. We anticipate that researchers who are already actively collaborat-

ing with industry partners are more likely to transition to the industry themselves.

Top Institution : This is constructed from the Shanghai Ranking of 2010, which

falls within the mid-period of our sample. Considering the number of unique insti-

tutions, we select the top 500 universities and are able to match 399 of them with

researchers’ affiliation profiles.10

typeswitcher: A binary variable indicating whether a researcher transitioned from

academia to industry at some point in their observed career.

transited: This dummy variable takes a value of zero for researchers who have not

undergone a university-industry transition throughout their observable career up to

the corresponding year.

9Here we follow Newman [2004a] in assuming that a larger number of authors will lead to
decreased interaction and general bonding between the authors.

10An alternative approach was to define the top 10% of institutions based on citations; how-
ever, this had a marginal impact on the Kaplan-Meier analysis and none on the regressions.
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transited t: This variable measures the number of years that have passed since

a researcher underwent the university-industry transition and is assigned a value of

zero for researchers who are still in academia.

Nb. Citationsfw: We use the mean citation count per year as the dependent vari-

able in the difference-in-difference analysis, while also employing it as an explanatory

variable in the survival analysis.

Noveltyfw: The Novelty indicator was calculated for each paper based on its associ-

ated concepts, following the methodology outlined in Lee et al. [2015]. This indicator

relies on analyzing combinations of elements within a set of documents. The lower

the frequency of occurrence of these combinations, the higher the Noveltyfw score

will be. For each AI researcher, we then calculate the average novelty score within a

specific year for all of their papers.

Disruptivenessfw: The Disruptiveness indicator was calculated for each paper

using the methodology outlined in Bornmann et al. [2019b].11 This indicator assesses

the extent to which a paper cites a focal paper but not the focal paper’s references.

A greater recurrence of this pattern across different papers leads to a higher value

of this indicator for the focal paper. Similar to the process for Novelty, we calculate

the average disruptiveness score within a specific year for all papers authored by a

researcher.

Control Variables

We additionally incorporated year and concepts as control variables in both econo-

metric analyses.

Filter

We applied a normalization technique that involves field and year percentage ranks

for variables denoted by the subscript fw. Percent Rank is commonly used to assess

the relative position of individual values within an overall distribution, expressed as a

percentage. In our context, a zero corresponds to researchers with the lowest citation

rank, while a one designates those with the highest citation rank in the respective

11Various disruptiveness indicators provided by Novelpy were considered, and the results were
robust. We selected the DeIn indicator for reporting purposes.
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year and field. This normalization approach is particularly suitable as it allows for

the comparison of researchers making transitions with those remaining in academia.

The definition of the field is established using the concept itself.

To address the sparsity present in the original data, we handled concepts as

follows: For a given paper, we assigned concepts of level one, excluding those catego-

rized as ”Artificial Intelligence” or ”Machine Learning”. If no level one concept was

identified, we considered level two concepts and traced their ancestors, i.e., Level 1

concepts related to the level 2 concept. If no concept was identified through this

process, the paper was classified as ”unknown”. Subsequently, for each year, a re-

searcher would have a list of concepts. We assigned to the researcher the concept

that appeared most frequently in that year. In the event of a tie, the first concept

to appear was selected. This methodology ensures a comprehensive representation

of the researchers’ topics and enables meaningful comparisons based on the defined

criteria.12

We also calculated the moving average (with a window size of k=2) for all vari-

ables except DL, Top Institution, typeswitcher, transited, and transitedt. The ra-

tionale behind using the moving average is that the characteristics impacting the

transition process are often accumulated over time, yet we hypothesize that only the

most recent years hold a significant influence on this transition. Similarly, the effect

of the transition on creativity might only become evident over multiple years.

For the survival analysis, we lagged all independent variables since the transition

depends on characteristics present before the actual transition. In Table 4.1, you

will find basic descriptive statistics of the variables used in the various analyses.

4.3 Exploratory Data Analysis

We first examine general patterns that can be conveyed through basic statistics and

visual representations in Figure 4.2. Figure 4.2A illustrates the progression of paper

output in the fields of AI and ML, which has exhibited a significant increase both in

raw number and share of publications since 2015 attaining more than 150k papers

and representing 1.5% of all the OpenAlex publications in 2020. In Figure 4.2B,

it is evident that the proportion of papers featuring at least one author affiliated

with an industry has been steadily increasing since 2015. This trend underscores

12We conducted experiments using three different approaches, and while the results remained
consistent across all methods, we ultimately determined the proposed methodology to be the
most logically coherent choice.
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Table 4.1: Descriptive statistics after filtering, moving average,lag and before per-
cent rank

mean sd min q1 median q3 max obs NAs

Nb. Citations 18.880 88.913 0 2 6.500 17.158 28,782 1,703,305 202,927

Network Centrality (Academia) 2.331 3.115 0 0.517 1.367 2.948 172.282 1,703,305 230,341

Network Centrality (Industry) 0.182 1.572 0 0 0 0 158.815 1,703,305 230,341

Disruptiveness 1.638 1.965 0 0 1.167 2.500 289.824 1,703,305 0

DL Experience 0.110 0.313 0 0 0 0 1 1,703,305 0

Novelty -0.138 0.578 -5.130 -0.474 -0.165 0.129 5.610 1,703,305 230,341

Nb. Papers 5.719 8.009 0 1.500 3.500 7 408 1,703,305 230,341

Academic Age 12.226 10.172 1 4 9 17 62 1,703,305 0

Top Institution 0.440 0.496 0 0 0 1 1 1,703,305 113,528

the growing inclination of companies to engage in research publications. A plausible

explanation for this trend can be observed in the behavior represented by the blue

line. As the percentage of solo-authored papers diminishes over time, the rise in

the number of authors per paper implies a higher probability of authors originating

from sources beyond the public sphere. Figure 4.2C starts to depict the story of

the transition of AI researchers. As for the first two graphs, we see an increasing

growth starting in 2015 concerning the movement of researchers departing academia

and entering the private sector, with the count surpassing 600 individuals in 2020.

Simultaneously, the number of individuals transitioning from industry to academia

has been steadily increasing. This evolving pattern is highlighted in the alluvial plot

presented in Figure 4.2D. The alluvial plot shows the top 20 institutions involved

in these transitions, encompassing the foremost 10 universities alongside the leading

10 companies. Notably, the universities are predominantly renowned establishments

based in the United States. Conversely, on the corporate front, it is discernible that

prominent tech companies, some of which were previously mentioned in Section 4.1,

are attracting these transitioning researchers. Given the growing trend and increasing

importance of AI research, our study’s motivations are well supported. The changing

landscape further reinforces our perspective and highlights the relevance of our paper.
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Figure 4.2: Exploratory Data Analysis
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4.4 Econometric analysis

4.4.1 Drivers of switching - Survival analysis

This section examines the drivers and mechanisms of university-industry transition in

AI research. We start by conducting a Kaplan-Meier analysis. This approach aims to

provide a general understanding of the factors influencing transitions. Specifically, we

scrutinized the ”survival probability” of two distinct researcher groups: individuals

classified as star researchers (representing the top 10 percent of field-weighted cita-

tions) and those affiliated with top institutions before their transition. Our analysis

revealed a notable pattern. For both of these groups, the likelihood of transitioning

to industry is notably higher during earlier time intervals when compared to the

baseline reference point.
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Figure 4.3: Kaplan-Meier estimation for star researchers and top institutions
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We then use a survival analysis to estimate the likelihood of an academic AI

researcher transitioning into the industry at a given time. Specifically, we employ

a proportional hazard model [Cox, 1972], a multivariate regression technique that

enables us to identify the joint impact of continuous and categorical variables on

the probability of the transition event. The outcomes of this model are presented

in Table 4.2, where Panel (1) comprises only the control variables and Academic

age. Panel (2) introduces the Deep Learning dummy variable. Panel (3) includes

network-related independent variables, Panel (4) consists of all previous variables

and Top Institution. Finally, Panel (5) and (6) add impact and originality measures.

In order to better understand the different effects, we separated the regression for

the two impact measures, citations, and disruptiveness.

Model (1), which includes only the control variables, reveals a significant nega-

tive effect for Academic. This suggests that transitions to industry occur earlier in

a researcher’s career, possibly after postdoctoral projects or before achieving tenure.

This effect remains significant in all subsequent panels. Model (2) incorporates the

Deep Learning DL variable, which has a significant positive coefficient. This finding

aligns with our prior expectations that the features of this research domain make an

industry transition more appealing, as well as the earlier argumentation of strong

industry interest in Deep Learning. Model (3) examines the researchers’ integration

into the wider AI research community, as indicated by their position in the AI co-
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Table 4.2: Survival analysis

(1) (2) (3) (4) (5) (6)

Academic Age −0.711∗∗∗ −0.711∗∗∗ −0.670∗∗∗ −0.672∗∗∗ −0.700∗∗∗ −0.681∗∗∗

(0.016) (0.016) (0.015) (0.016) (0.016) (0.016)

DL Experience 0.697∗∗∗ 0.501∗∗∗ 0.102∗∗ 0.397∗∗∗

(0.044) (0.047) (0.047) (0.047)

Top Institution 1.365∗∗∗ 0.938∗∗∗ 1.034∗∗∗

(0.044) (0.046) (0.045)

Network Centrality (Academia) 0.048∗∗∗ 0.025∗∗∗ −0.159∗∗∗ −0.074∗∗∗

(0.007) (0.009) (0.012) (0.010)

Network Centrality (Industry) 0.089∗∗∗ 0.082∗∗∗ 0.108∗∗∗ 0.107∗∗∗

(0.003) (0.004) (0.004) (0.004)

Novelty −0.493∗∗∗ −0.583∗∗∗

(0.084) (0.085)

Disruptiveness 3.511∗∗∗

(0.085)

Nb. Citations 2.625∗∗∗

(0.077)

Control variables. Yes Yes Yes Yes Yes Yes

Observations 139,604 139,604 139,486 139,486 139,415 139,415

R2 0.090 0.092 0.090 0.098 0.112 0.107

Note:
∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

author network, as a driver for industry transition. Our initial expectations were that

researchers with more extensive connections would be more desirable for recruitment

by industry and that those who collaborate with industry partners during their aca-

demic careers exhibit a particular affinity for industry and a willingness to transition.

This is validated in this model, both network centrality shows a significant positive

coefficient. Model (4) includes all previous variables and adds information about

researchers’ institutions. All the variables hold the same significance and direction

of coefficients. The parameter associated with Top Institutions is positive further

validating the result already seen in the Kaplan-Meier. Lastly, model (5) and (6)

examines the Creativity of research performance on transitions, measuring both the

past quality of research outputs and their novelty. The results indicate that although

the quality of research outputs is a robust predictor of industry transitions, novelty

has a significant negative effect. This may suggest that strong performance in rela-
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tively established areas is more attractive to industry than entirely new approaches.

This is further supported by the positive impact of DL experience and aligns with the

hypothesis of technological lock-in, where the industry stands as the primary benefi-

ciary. Interestingly after accounting for creativity measures the centrality associated

with Academia exhibits a negative trend. This phenomenon can be attributed to

the robust correlation between citation count and network size. We interpret this re-

sult in the following way, researchers with strong ties and co-authorship connections

within Academia might experience hesitation when confronted with the decision be-

tween pursuing a path in Academia versus transitioning to Industry.

4.4.2 Consequences of switching - Difference-in-Difference

analysis

We examine the impact of university-industry transition on research performance.

We use a difference-in-difference approach, comparing the scientific performance de-

velopment of researchers who transition to industry (treatment group) with those

who remain in academia (control group). The dependent variables in this anal-

ysis are the two-year moving average of the researcher’s annual citation rank (Nb.

Citationsfw) and novelty rank (Noveltyfw). and disruptiveness rank (Disruptivenessfw).

The results of this set of regressions are presented in Table4.3. All models contain

the dichotomous variable typeswitcher, indicating that the researcher experiences a

transition at some point in their career. They also include the transited variable

indicating that the transition has occurred, as well as the interaction term for those

two variables.

The first two panels of the table investigate the impact of transitions on researcher

output performance (Nb. Citationsfw). The interaction term Switcher/Year of tran-

sition in Panel (1) is not statistically significant, suggesting that industry transition

does not affect research performance. This conclusion does not hold when we separate

short-term and long-term effects. In Panel (2), a positive and significant coefficient

for Switcher/Year of transition suggests that researchers initially experience a boost

in their citation ranking after transitioning. However, there seems to be no sustained

favorable impact in the long run. Instead, post-transition (Switcher/Year since tran-

sition), researchers experience a decline of 1.10% in their citation ranking per year,

in comparison to their counterparts who remain in academia.

Panels (3) and (4) replicate the previous analysis, but now using the disruptive-

ness dependent variable (Disruptivenessfw). In Panel (3), the average effect of the
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transition is negative (Switcher/Year of transition) showing a potential loss of break-

through papers done by migrated scholars. In Panel (4), the results follow a similar

pattern as Nb. Citationsfw, although with a diminished effect after the transition

and a slightly more pronounced negative impact (1.2%) over time. These differences

can explain the negative significance observed in Panel (3).

Finally, Panels (5) and (6) explore the dynamics of transition and novelty. In

Panel (5), the average effect of the transition is negative (Switcher/Year of transi-

tion), indicating a reduction in novelty. This decline, coupled with the observation

that non-novel star researchers transition as revealed in the survival analysis, high-

lights a distinct lack of emphasis by companies on research originality. In Panel (6),

the findings provide some moderation to the results. While there is a noticeable

reduction in novelty immediately after the transition, there emerges a positive and

statistically significant coefficient at the 5% threshold for the long-term effect. How-

ever, it’s important to note that this long-term effect is modest (0.2% per year).

In summary, the outcomes of the difference-in-difference analysis indicate a pos-

itive impact of transition on impact metrics. However, this initial positive effect

diminishes over time. In contrast, a negative influence on Novelty is observed. The

process of absorption over time is found to be less clear for Novelty compared to

impact metrics.
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Table 4.3: Difference-In-Differences analysis

Dependent variable:

Nb. Citations Disruptiveness Novelty

(1) (2) (3) (4) (5) (6)

Switcher 0.021∗∗∗ 0.021∗∗∗ 0.006 0.006 −0.020∗∗∗ −0.020∗∗∗

(0.004) (0.004) (0.004) (0.004) (0.003) (0.003)

Year of transition 0.111∗∗∗ 0.097∗∗∗ 0.063∗∗∗ 0.059∗∗∗ −0.003 −0.001

(0.004) (0.005) (0.004) (0.005) (0.003) (0.004)

Years since transition 0.002∗∗∗ 0.0004 −0.0002

(0.001) (0.001) (0.0005)

Interaction switcher/Year of transition −0.008 0.046∗∗∗ −0.023∗∗∗ 0.033∗∗∗ −0.009∗∗ −0.017∗∗∗

(0.005) (0.006) (0.005) (0.006) (0.004) (0.006)

Interaction switcher/Years since transition −0.011∗∗∗ −0.012∗∗∗ 0.002∗∗

(0.001) (0.001) (0.001)

Observations 44,587 44,587 44,587 44,587 44,587 44,587

R2 0.046 0.051 0.018 0.026 0.010 0.010

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

4.5 Discussion and Conclusion

Our study examines the career trajectories of AI researchers, providing insights into

the relationship between academic and corporate research in this field, as well as

the drivers and consequences of potential brain drain from the public sector. Our

goal is to contribute to science policy discussions regarding the development and
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application of AI technologies and the preservation of a public research space for AI

that prioritizes the creation of AI systems independently from short-term commercial

interests.

Our findings suggest that the increasing involvement of the private sector in AI

research has led to a growing migration of researchers from academia to industry,

particularly to technology companies such as Google, Microsoft, and Facebook. The

survival analysis provides evidence that researchers specializing in deep learning tech-

niques, which have been the driving force behind recent advancements in AI systems,

are more likely to transition to industry. These findings align with the growing capa-

bilities of the private sector in state-of-the-art AI systems and raise concerns about

the ability of public interest deep learning research to keep pace, particularly given

the industry’s tendency to recruit high-impact and influential researchers. Addition-

ally, researchers who are more embedded in co-publication networks with companies,

possibly through prior industry-funded projects, are also more likely to transition.

These findings raise concerns about the potential impact of industry funding on

academic research and suggest that universities should possibly be cautious when

accepting funding from technology companies, as discussed by Abdalla and Abdalla

[2021].

We also uncovered that novel researchers are less inclined to make a transition.

This observation could be attributed to factors on either the researcher’s side or the

company’s side. From the company’s perspective, the reluctance towards novelty

could be driven by their preference for remaining within the dominant Deep Learning

(DL) paradigm. With ample resources at their disposal, including vast amounts of

data and computational power, companies might show less interest in researchers

who seek to push the boundaries of AI and ML algorithms. Their focus might lean

towards impact metrics, such as h-index and citation count, which also holds true

for institutions. As a result, they might selectively recruit individuals who align

with these indicators. Furthermore, it’s plausible to speculate that industries might

have a shorter-term outlook, while novelty often implies a commitment to long-

term research endeavors in the hope of achieving breakthroughs. Surprisingly, this

hypothesis doesn’t find support in the positive coefficient of disruptiveness. On the

researcher’s side, Deep Learning scientists who aspire to deepen their work in the

field have more substantial incentives to leave academia than those who explore the

broader knowledge landscape.

The fact that novel researchers stay in academia tells us about the kind of re-
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search done in companies, but it is not detrimental in itself. Risks arise if the star

researcher who leaves academia does even less novel research and if private research

influences the research done in the public sphere. The second econometrical analy-

sis gives us some preliminary answers to the first issue. In the diff-in-diff analysis,

we observe indications of a decline in the academic creativity of researchers who

make the transition to industry, particularly in terms of novelty. This finding is

consistent with the outcomes of start-ups that are acquired and assimilated by large

companies that may be more interested in exploiting existing technology rather than

exploring entirely new paths. However, recent developments in natural language pro-

cessing (NLP) suggest a different scenario where most breakthrough developments

such as large language models originated from industrial labs. Despite this, there

are arguments that such models align with the interests of large companies while less

resource-intensive approaches in state-of-the-art language processing remain under-

explored.

Subsequent investigations could also look at brain circulation instead of a brain

drain. Examining how AI researchers who have transitioned continue to engage with

the public is essential. Are they collaborating with the same community of individ-

uals? Are they exploring new topics alongside different collaborators, yet within the

same domain as their past work and within their existing network? Additionally, an

investigation into serial switchers is warranted. Although a minority in our study,

they constitute a group of considerable interest since they could be the pathway of

Industry to influence public research.

The recent mainstreaming and hype surrounding generative AI have marked a

crucial turning point in the evolution of this technology, making it applicable to a

broader range of general-purpose applications. While industry investment is essential

for advancing AI research and development, it is equally critical to maintain qualified

academic capacity to explore alternative and potentially less-established approaches

that may not be near commercialization. To this end, universities must provide

an attractive research environment that caters to the needs of researchers focused

on unconventional avenues. Moreover, it is crucial that public universities have

researchers who can address ethical, social, and other potential societal issues related

to AI. During a panel discussion held in February 2023, Aidan Gomez, the CEO

of Cohere and co-author of the seminal paper that established most state-of-the-

art AI technologies [Vaswani et al., 2017], expressed his disappointment that the

transformer architecture proposed in the paper may not be surpassed. He stated,
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“I hope that the transformer will die one day”, and expressed his desire for a more

elegant and effective technology or mathematical approach to further advance AI

research. While this pivotal paper emerged from research conducted at Google,

it is not guaranteed that industrial AI labs will continue to produce and publish

groundbreaking foundational research. The recent trend of limited release of LLMs

[Solaiman, 2023] may indicate a direction towards greater control and restriction in

AI research.

To advance the development of efficient, ethically aligned, and robust AI archi-

tectures, policymakers and companies should collaborate to establish conditions that

facilitate fundamental and accountable AI research. It is crucial to incentivize AI

researchers to work in both the public and private sectors and ensure that suitable

conditions are in place to support their work.
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4.6 Appendix

4.6.1 Results only AI focal papers

Table 4.4: Descriptive statistics after filtering, moving average,lag and before per-
cent rank on only AI papers

mean sd min q1 median q3 max obs NAs

Nb. Citations 18.776 138.432 0 1 5 14 28,782 759,983 194,616

Network Centrality (Academia) 0.707 0.965 0 0.167 0.458 0.917 27.840 759,983 183,338

Network Centrality (Industry) 0.072 0.838 0 0 0 0 80.905 759,983 183,338

Disruptiveness 1.414 2.236 0 0 0.333 2.167 76 759,983 0

DL Experience 0.225 0.418 0 0 0 0 1 759,983 0

Novelty -0.073 0.583 -5.388 -0.412 -0.107 0.107 4.944 759,983 183,338

Nb. Papers 1.635 2.151 0 0.500 1 2 93 759,983 183,338

Academic Age 12.211 9.699 1 5 10 17 62 759,983 0

Top Institution 0.434 0.496 0 0 0 1 1 759,983 91,187
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Table 4.5: Survival analysis only AI papers

(1) (2) (3) (4) (5) (6)

Academic Age −0.191∗∗∗ −0.191∗∗∗ −0.196∗∗∗ −0.196∗∗∗ −0.191∗∗∗ −0.192∗∗∗

(0.008) (0.008) (0.009) (0.009) (0.009) (0.008)

DL Experience 0.843∗∗∗ 0.765∗∗∗ 0.329∗∗∗ 0.655∗∗∗

(0.064) (0.071) (0.061) (0.061)

Top Institution 1.474∗∗∗ 1.211∗∗∗ 1.321∗∗∗

(0.073) (0.072) (0.072)

Network Centrality (Academia) 0.005 −0.074∗∗ −0.319∗∗∗ −0.171∗∗∗

(0.029) (0.030) (0.024) (0.017)

Network Centrality (Industry) 0.137∗∗∗ 0.141∗∗∗ 0.170∗∗∗ 0.162∗∗∗

(0.013) (0.012) (0.008) (0.006)

Novelty −0.275∗∗ 0.133

(0.138) (0.137)

Disruptiveness 3.050∗∗∗

(0.113)

Nb. Citations 1.704∗∗∗

(0.117)

Observations 95,383 95,383 95,209 95,209 95,163 95,163

R2 0.034 0.036 0.033 0.039 0.045 0.041

Note:
∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 4.6: Difference-In-Differences analysis only AI papers

Dependent variable:

Nb. Citations Disruptiveness Novelty

(1) (2) (3) (4) (5) (6)

Switcher 0.046∗∗∗ 0.046∗∗∗ 0.008 0.008 −0.013∗∗ −0.013∗∗

(0.007) (0.007) (0.006) (0.006) (0.006) (0.006)

Year of transition 0.054∗∗∗ 0.080∗∗∗ 0.017∗∗ 0.034∗∗∗ 0.008 0.013∗

(0.008) (0.009) (0.007) (0.008) (0.006) (0.007)

Years since transition −0.006∗∗∗ −0.004∗∗∗ −0.001

(0.001) (0.001) (0.001)

Interaction switcher/Year of transition 0.007 −0.011 0.011 0.001 0.011 0.010

(0.010) (0.012) (0.009) (0.011) (0.008) (0.010)

Interaction switcher/Years since transition 0.004∗∗ 0.002 0.0002

(0.002) (0.002) (0.001)

Observations 11,430 11,430 11,430 11,430 11,430 11,430

R2 0.316 0.318 0.276 0.277 0.238 0.238

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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General Conclusion

This thesis provides insights concerning the dynamics of collaboration and mobility

in science and its link with creativity. The first chapter delves into collaboration

within the global health science system. Chapters 2 and 3 extend this exploration,

examining the health science system and collaboration through the lens of creativ-

ity. The final chapter delves into the dynamic relationship between creativity and

mobility.

Contributions

Addressing urgent challenges stemming from an exogenous shock requires a coun-

try to strategically utilize its existing resources, general or related science capacity,

and established partnerships. Chapter 1 provides insights into this phenomenon.

It appears that the capacity for coronavirus-related research (CRR) that countries

had built up before the pandemic played a crucial role in their initial response. After

the initial shock, capacities unrelated to CRR before the pandemic were the main

factor of national and international CRR. This suggests that countries and institu-

tions leveraged their existing partnerships to quickly form collaborative efforts to

address the urgent challenges posed by the pandemic. Furthermore, existing grants

were redirected from global research toward CRR during the pandemic. This shift

in funding priorities highlights the adaptability and resource allocation strategies

that countries employed to respond effectively to the crisis. Additionally, nations

that relied heavily on international funding for their research experienced minimal

disruptions in their CRR during the initial stages of the pandemic. Still, in the sub-

sequent years, dependence on international funding had detrimental effects on their

research output, emphasizing the importance of building domestic research capacity

and resilience.

Chapter 2 introduces Novelpy, an open-source Python package designed to com-
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pute novelty and disruption indicators for scientific documents or patents. This tool

serves as a centralized resource for the scientometrics community, enabling the analy-

sis and comparison of different measures of novelty and disruptiveness. By addressing

a gap in the scientometrics field, the development of Novelpy lays the foundation for

future research that aims to investigate the relationship between these indicators sys-

tematically. This package was used throughout the chapters and in future research.

Chapter 3 of the thesis focuses on exploring creativity within the Health Sci-

ence System by examining the relationship between cognitive diversity in scientific

teams and their ability to generate innovative ideas and gain scientific recognition.

The chapter introduces an author-level metric for measuring cognitive diversity and

emphasizes the concept of ”potential novelty” as a measure of the likelihood of novel

knowledge combinations within teams. We analyze the impact of cognitive diversity

on novelty indicators and citation impact, revealing an inverse U-shaped relationship,

indicating that a balanced combination of exploratory and exploitative individuals

leads to the most disruptive and distant knowledge combinations. This emphasizes

the critical role of team composition in scientific creativity.

Chapter 4 of the thesis delves into the relationship between intersectoral mo-

bility among AI researchers and creativity. The study highlights concerns about

the migration of AI researchers from academia to industry, particularly in fields like

deep learning, driven by collaborations with tech companies like Google, Microsoft,

and Facebook. The chapter reveals that this migration can potentially lead to a

talent drain from academia and a decline in academic creativity, emphasizing the

importance of science policy discussions to balance AI technology growth with the

preservation of vibrant exploratory public research in AI.

Limits and future research

However, this work has room for further expansion, particularly in exploring

the relationship between collaboration, mobility, and creativity. In this thesis, we

have only scratched the surface of the complex relation between them. To conclude

this thesis, we discuss potential avenues for future research that could enhance our

comprehension of these phenomena and shed more light on the process of the scientific

system. This, in turn, can provide policymakers with valuable insights and tools to

better support research and researchers.

Firstly, we characterize the transition phenomenon as a brain drain, with re-
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searchers leaving academia. We have not yet delved into the transformation of the

collaboration network for those in transition. Although the number of individuals

returning to academia is minimal, rather than solely perceiving it as a brain drain,

we can consider it a ”brain circulation,” as outlined in Geuna [2015], where these

transitions spark new collaborations between universities and industry. Do these

transitioned researchers continue to collaborate with their previous partners? Do

they remain within the same academic community? Does this community still pur-

sue the same research topics? Is the research now primarily driven by industry or

universities? Addressing these collaboration-related questions is important for gain-

ing a more comprehensive understanding of the actual impact of this mobility.

Secondly, it’s worth noting that there is a limited understanding of the dynamics

of novelty. Our examination has focused on the static level of novelty. We have not

explored how a researcher’s profile evolves throughout their career. We also have

not investigated whether a transition has consequences on researchers’ exploratory

profiles, and if so, whether all transitions have the same effect. The measure devel-

oped in the third chapter can help us better understand the different trajectories

of researchers. Additionally, we haven’t examined whether novelty tends to follow a

cyclical pattern by nature or if disruptiveness consistently follows a peak of novelty

in a particular field.

Lastly, only the the first chapter takes funding into account, even though it

is not the chapter’s main focus. I firmly believe that funding plays a pivotal role

in influencing the field of science. Recently, OpenAlex has made grant metadata

accessible within its database. This data could be leveraged in future research en-

deavors to gain deeper insights into authors’ strategies and profiles. One potential

avenue for investigation could involve examining the evolution of funding dynamics

for a specific field and its subsequent impact on the reorientation of research given

authors’ profiles.
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Cette thèse donne un aperçu de la dynamique de la collaboration et de la mobilité

dans le domaine scientifique et leur lien avec la créativité. Le premier chapitre explore

la collaboration au sein du système de santé. Les chapitres 2 et 3 approfondissent

cette exploration en examinant le système de santé et la collaboration sous l’angle

de la créativité. Le dernier chapitre se penche sur la relation dynamique entre la

créativité et la mobilité.

Contributions

Pour relever les défis urgents découlant d’un choc exogène, un pays doit utiliser

de manière stratégique ses ressources existantes, sa capacité scientifique générale et

ses partenariats établis. Le Chapitre 1 offre des perspectives sur ce phénomène.

Il apparâıt que la capacité de recherche liée au coronavirus pré pandémie mondiale

a joué un rôle crucial dans la réponse initiale. Après le choc initial, les ressources

qui n’étaient pas liées au CRR avant la pandémie sont devenues le facteur principal

de la CRR nationale et internationale. Cela suggère que les pays et les institu-

tions ont exploité leurs partenariats existants pour former rapidement des efforts

de collaboration visant à relever les défis urgents posés par la pandémie. De plus,

pendant la pandémie, il y a eu une réaffectation de subventions existantes destinées

à la recherche mondiale vers la recherche pour la COVID-19. Ce changement de

priorités de financement met en lumière l’adaptabilité et les stratégies d’allocation

des ressources que les pays ont employées pour répondre efficacement à la crise. De

plus, les nations qui dépendaient fortement du financement international pour leur

recherche ont connu peu de perturbations dans leur recherche lié au coronavirus au

cours des premières étapes de la pandémie. Cependant, dans les années suivantes, la

dépendance au financement international a eu des effets préjudiciables sur leur pro-

duction de recherche, soulignant l’importance de renforcer la capacité de recherche

nationale et la résilience.
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Le Chapitre 2 introduit ”Novelpy”, un package Python open-source conçu pour

calculer les indicateurs de nouveauté et de disruption pour les documents scien-

tifiques ou les brevets. Cet outil sert de ressource centralisée pour la communauté

scientométrique, permettant l’analyse et la comparaison de différentes mesures de

nouveauté et de disruption. En comblant un manque dans le domaine de la scien-

tométrie, le développement de Novelpy crée les bases de futures recherches visant

à enquêter sur la relation entre ces indicateurs. Ce package a été utilisé dans les

chapitres suivants et sera utilisé dans mes futures recherches.

Le Chapitre 3 de la thèse se concentre sur l’exploration de la créativité dans

le système de santé en examinant la relation entre la diversité cognitive au sein des

équipes scientifiques et leur capacité à générer des idées novatrices et à obtenir une re-

connaissance scientifique. Le chapitre introduit une métrique au niveau des auteurs

pour mesurer la diversité cognitive et met l’accent sur le concept de ”nouveauté

potentielle” comme mesure de la probabilité de combinaisons de connaissances nou-

velles au sein des équipes. Nous analysons l’impact de la diversité cognitive sur les

indicateurs de nouveauté et l’impact des citations, révélant une relation en forme

de U inversé, indiquant qu’une combinaison équilibrée d’individus exploratoires et

exploitatifs conduit aux combinaisons de connaissances les plus perturbatrices et

éloignées. Cela souligne le rôle crucial de la composition des équipes dans la créativité

scientifique.

Le Chapitre 4 de la thèse explore la relation entre la mobilité intersectorielle

des chercheurs en intelligence artificielle et la créativité. L’étude met en lumière les

préoccupations liées à la migration des chercheurs en IA de l’académie vers l’industrie,

notamment dans des domaines tels que l’apprentissage profond, sous l’impulsion de

collaborations avec des entreprises technologiques telles que Google, Microsoft et

Facebook. Le chapitre révèle que cette migration peut potentiellement entrâıner

une fuite des talents de l’académie et un déclin de la créativité académique. Cela

souligne l’importance des discussions autour des politiques scientifiques pour favoriser

la croissance de la technologie de l’IA tout en préservant de la recherche publique

exploratoire et vibrante en IA

Limites et futures recherches

Cependant, ce travail ouvre des pistes d’expansion, en particulier pour explorer

la relation entre la collaboration, la mobilité et la créativité. Dans cette thèse, nous

n’avons fait qu’effleurer la surface de la relation complexe entre elles. C’est pour
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cela que pour conclure cette thèse, nous engageons une discussion sur les pistes

potentielles de futures recherches qui pourraient améliorer notre compréhension de

ces phénomènes et éclairer davantage le fonctionnement du système scientifique. Cela

pourrait fournir aux décideurs politiques des informations précieuses et des outils

pour mieux soutenir la recherche et les chercheurs.

Tout d’abord, nous caractérisons le phénomène de transition comme une fuite

des cerveaux, avec des chercheurs quittant l’académie. Nous n’avons pas encore ex-

ploré la transformation du réseau de collaboration pour ceux en transition. Bien

que le nombre d’individus retournant dans l’académie soit minimal, plutôt que de

le percevoir uniquement comme une fuite des cerveaux, nous pouvons le considérer

comme une ”circulation des cerveaux”, comme décrit dans Geuna [2015]. Ces transi-

tions suscitent de nouvelles collaborations entre les universités et l’industrie. Est-ce

que ces chercheurs en transition continuent à collaborer avec leurs anciens parte-

naires? Restent-ils au sein de la même communauté académique? Cette communauté

poursuit-elle toujours les mêmes sujets de recherche? La recherche est-elle désormais

principalement dirigée par l’industrie ou les universités? Répondre à ces questions

liées à la collaboration est important pour obtenir une compréhension plus complète

de l’impact réel de cette mobilité.

Deuxièmement, il convient de noter que notre compréhension de la dynamique de

la nouveauté est limitée. Notre analyse s’est concentré sur le niveau statique de la

nouveauté. Nous n’avons pas exploré comment le profil d’un chercheur évolue tout

au long de sa carrière. Nous n’avons pas non plus étudié si une transition a un impact

sur les profils exploratoires des chercheurs, et le cas échéant, si toutes les transitions

ont le même effet. La mesure développée dans le troisième chapitre peut nous

aider à mieux comprendre les différentes trajectoires des chercheurs. De plus, nous

n’avons pas examiné si la nouveauté tend à suivre un modèle cyclique par nature ou

si la disruption arrive après un pic de nouveauté dans un domaine particulier.

Enfin, seul le premier chapitre prend en compte le financement, même s’il

n’est pas le principal sujet du chapitre. Je suis convaincu que le financement joue

un rôle essentiel dans la structure de la science. Récemment, OpenAlex a rendu

les métadonnées des subventions accessibles dans sa base de données. Dans de fu-

tures recherches, ces données pourraient être exploitées pour obtenir des informations

plus approfondies sur les stratégies et les profils des auteurs. Une piste potentielle

d’investigation pourrait consister à examiner l’évolution de la dynamique du finance-

ment pour un domaine spécifique et son impact ultérieur sur la réorientation de la
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recherche en fonction des profils des auteurs.
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S. Milojević. Quantifying the cognitive extent of science. Journal of Informetrics, 9

(4):962–973, 2015.

221



BIBLIOGRAPHY
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A. Rodŕıguez-Navarro. Research assessment based on infrequent achievements: A

comparison of the u nited s tates and e urope in terms of highly cited papers and

n obel p rizes. Journal of the Association for Information Science and Technology,

67(3):731–740, 2016.

224



BIBLIOGRAPHY

R. Rombach, A. Blattmann, D. Lorenz, P. Esser, and B. Ommer. High-resolution

image synthesis with latent diffusion models, 2021.

M. A. Runco and G. J. Jaeger. The standard definition of creativity. Creativity

research journal, 24(1):92–96, 2012.

S. Russell. Human compatible: Artificial intelligence and the problem of control.

Penguin, 2019.

I. Sample. ’We can’t compete’: why universities are losing their best AI sci-

entists, 2017. URL https://www.theguardian.com/science/2017/nov/01/

cant-compete-universities-losing-best-ai-scientists.

T. L. Scao, A. Fan, C. Akiki, E. Pavlick, S. Ilić, D. Hesslow, R. Castagné, A. S.
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Kevin Wirtz

Understanding Scientific Collaboration and Mobility: A Creativity Perspective

RÉSUMÉ

Cette thèse examine la structure et la dynamique du système scientifique, en se concen-

trant sur la collaboration et la mobilité des chercheurs. Le Chapitre 1 explore la réaction

du système de collaboration internationale à un choc exogène, dans le but d’améliorer notre

compréhension de son fonctionnement. Les Chapitres 2 et 3 se penchent sur les facteurs qui

influencent la créativité en étudiant la dimension cognitive des équipes de recherche, cher-

chant à révéler ce qui favorise leur capacité à générer des idées innovantes et impactantes.

Enfin, le Chapitre 4 se concentre sur les chercheurs spécialisés en intelligence artificielle et

étudie leur transition de l’académie à l’industrie. Nous analysons ensuite l’impact de cette

transition sur leurs recherche.

Mots clefs: Structure de collaboration; Equipes Scientifiques; Mobilité chercheurs; Nou-

veauté Combinatoire; Impact Scientifique

RÉSUMÉ EN ANGLAIS

This thesis examines the structure and dynamics of the scientific system, with a focus on

researcher collaboration and mobility. Chapter 1 explores the response of the international

collaboration system to an exogenous shock, aiming to enhance our understanding of its

functioning. Chapter 2 and 3 delves into the factors influencing creativity by studying the

cognitive dimension of research teams, seeking to uncover what promotes their ability to

generate impactful and innovative ideas. Lastly, Chapter 4 concentrates on researchers spe-

cialized in artificial intelligence and investigates their transition from academia to industry.

We then analyze the impact of this transition on their research outcomes.

Keywords: Collaboration Structure; Scientific Teams; Researchers’ Mobility; Combinato-

rial Novelty; Scientific Impact


