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General Introduction

Launched on March 14, 2023, the new version of ChatGPT, GPT-4, marks a turning
point in Artificial Intelligence (AI). Due to its ability to combine text and vision, it
can now successfully pass exams — with high grades — in nearly any domain. When
I started this thesis in 2019, only seven years had passed since we could recognize
a cat with 75% accuracy [Le, 2013], and only four years since Microsoft’s Al had
“surpassed” humans in their ability to recognize entities in images [He et al., 2015].
Four years later, we have seen an explosion in the development of Al, especially in
natural language processing, and still, little is known about its potential implications
and dangers (e.g. misinformation and fake news, cybersecurity risks, ethical concerns
or psychological impact on individuals). In response to this growing development of
Al for which we do not fully comprehend and handle the consequences, an open letter
calling on Al research to immediately pause for at least six months the training of
other Al systems more powerful than GPT-4 was published the 22 March 2023. This
petition was signed by more than 25,000 individuals including 1,000 AT researchers
and experts'. The proliferation of AI and its abilities for ten years involves societal
changes and might alter how science works. This thesis specifically addresses the
relationship between science and artificial intelligence technology. Specifically, it
aims to understand how various Al applications can affect the nature of research
conducted in application domains. In doing so, we consider social factors to better
understand how researchers adopt technology and produce new knowledge. In the
following, we provide an overview of the role of Al in the new scientific paradigm.
Scientists depend on evolving technology to conduct experiments and validate
theories. New technologies often enable scientists to explore the knowledge space dif-
ferently and make new discoveries. As Derek de Solla Price states, “The changes of

paradigm that accompany great and revolutionary changes may sometimes be caused

Including Joshua Bengio, one of the three founding fathers of deep learning and winner of the
Turing Prize. The petition can be found here: https://futureoflife.org/open-letter /pause-giant-ai-
experiments/
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GENERAL INTRODUCTION

by inspired thought, but much more commonly they seem due to the application of
technology to science” [de Solla Price, 1963]. Science and technology have a bidi-
rectional relationship: science provides fundamental principles for the development
of new technologies, and technology, in turn, generates the instrumentation and
technics needed to address novel and more challenging scientific questions more ef-
ficiently [Brooks, 1994]. Several technological advances have reshaped the scientific
landscape throughout history. Think of the invention of the microscope which led
to the discovery of cells or X-ray crystallography that facilitated the elucidation
of three-dimensional molecular structures. These developments have deepened our
understanding of biological mechanisms and provided a foundation for countless dis-
coveries and innovations in various scientific disciplines. More recently, advances in
informatics have enabled scientists to create complex mathematical models and solve
problems previously considered intractable. For example, computers have been used
to solve problems in number theory, cryptography, combinatorial optimization, sim-
ulate natural phenomena (climate systems, molecular dynamics, galaxy structures),
and finally, enable the emergence of artificial intelligence.

AT lies at the core of the current technological paradigm, sharing several simi-
larities in scale and scope with previous technological revolutions that have shaped
and fueled long-term cycles of economic growth and structural change. The term
“Artificial Intelligence” was coined by the computer scientist John McCarthy for
the 1956 Dartmouth Summer Research Project on Artificial Intelligence, a seminal
event for the field [McCarthy et al., 1955]. The goal of Al was to make machines
use language, form abstractions, solve human problems, and improve themselves.
Definitions of Al have varied but generally involve machines simulating intelligent
behavior, performing complex tasks, and learning from experience. For instance,
the European Commission refers to Al as “machines or agents capable of observing
their environment, learning, and taking intelligent action or proposing decisions”
[Annoni et al., 2018, p.19]. According to the OECD, Al systems are machine-based
systems that can make predictions, recommendations, or decisions for a given set of
human-defined objectives " [OECD, 2019, p.23]. WIPO defines Al systems as learn-
ing systems that can improve at tasks typically performed by humans with limited
or no human intervention " [WIPO, 2019, p.19]. Terms like machine learning, deep

learning, and artificial intelligence are often used interchangeably.
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GENERAL INTRODUCTION

In the early days, AI focused on solving problems that formal mathematical
rules could describe. These problems are intellectually challenging for humans but
simpler for computers, as real-world knowledge can be hard-coded into formal lan-
guages, allowing logical inference rules to find solutions. This method, known as the
"’knowledge-based’ approach, involves a typical architecture with a knowledge base
and an inference engine. The knowledge base stores real-world information, while the
inference engine enables the machine to deduce insights from the stored information.
This approach was dominant during the first few decades, with applications like “ex-
pert systems” introduced in the 1970s to simulate human judgment and behavior in
specific fields. These systems were effective for certain problem types but not those
requiring substantial subjective and intuitive knowledge or perceptual capabilities.
Such problems are easy for humans to perform but difficult to articulate formally
and mathematically [Nilsson, 2009].

In the same period, an alternative approach to machine intelligence began to take
hold in the scientific community. This approach soon became known as “machine
learning”, which focused on designing intelligent systems that can acquire knowledge
by extracting patterns from raw data. Unlike knowledge-based systems, machine
learning methods construct hypotheses directly from the data through inductive in-
ference, allowing machines to tackle problems involving real-world knowledge and
achieve some human-like abilities, such as recognizing objects. Although machine
learning proved to be a successful alternative to knowledge-based systems and be-
came one of the most prominent branches of Al starting in the 1980s, particular
challenges remained. Mainly, traditional machine learning methods encountered sig-
nificant difficulties in extracting high-level abstract features from raw data due to
factors of variation, such as different shapes, shadows, and viewing angles [Nilsson,
2009, Goodfellow et al., 2016]. All these attributes are known as factors of varia-
tions, essentially constructs in the human mind that can be thought of as high-level
abstractions that help us make sense of the rich variability of the observed data.

The “deep learning” approach to machine intelligence emerged as an effective so-
lution to the challenges faced by traditional machine learning methods. Deep learning
(DL) systems learn from experience and comprehend the world through a hierarchy of
abstract concepts, each defined in relation to simpler concepts [Schmidhuber, 2015,
LeCun et al., 2015, Goodfellow et al., 2016]. This approach offers two significant
advantages. First, like simpler machine learning algorithms, the machine acquires

knowledge from past experiences, eliminating the need for humans to provide all the
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GENERAL INTRODUCTION

formal knowledge required to achieve a specific goal. Second, the complexity and
abstraction of concepts are no longer barriers, as the machine can reconstruct and
combine them on top of each other. This hierarchy of concepts makes the learning
process that can be seen as structured into multiple layers, hence the term “deep”. Al
technics have been successfully used in diverse areas as predicting the 3D structure
of proteins [Jumper et al., 2021], regulating nuclear fusion plasma in the tokamak
configuration [Degrave et al., 2022], predicting the formation of the structure of the
Universe [He et al., 2019], and creating a map of the brains of small insects [Winding
et al., 2023] to name few. In 2017, Al witnessed another remarkable breakthrough
with the emergence of Transformer models with self-attention mechanisms [Vaswani
et al., 2017].

The impressive results of Generative Pre-trained Transformers (GPT), such as
ChatGPT or GPT-4, now clearly illustrate artificial intelligence’s general-purpose
technology (GPT) nature, showcasing their adaptability and broad applicability
across numerous domains. These models not only interact with users on various
subjects but also support human thought processes by providing additional perspec-
tives backed by near-expert knowledge on diverse topics. Thus, GPTs are GPTs.
In March 2023, Eloundou et al. [2023] immortalized the wordplay and published the
paper “GPTs are GPTs: An early look at the labor market impact potential of large
language models”, highlighting GPT-4’s capabilities and its potential impact on the
job market, suggesting that 15% of all worker tasks in the US could be completed
significantly faster while maintaining the same quality level. Note that some of these
tasks are also part of the scientific system, like programming and writing [Eloundou
et al., 2023]. AI possesses the attributes of a general-purpose technology, with wide-
ranging applications across numerous disciplines. GPTs, such as Al, stand out from
other innovations due to their extensive application across various sectors, ability to
catalyze further innovation in application sectors, and continuous rapid improvement
[David, 1990, Bresnahan and Trajtenberg, 1995]. Classic examples of GPTs include
the electric motor and the microprocessor, which have driven significant technologi-
cal and organizational change across diverse sectors like manufacturing, agriculture,
retail, and residential construction.

AT’s role as a GPT in science is further exemplified by its function as an “Inven-
tion in the Method of Invention” (IMI). IMIs create or improve specific products and

provide a new way of generating new products with broader applications. For exam-
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ple, double-cross hybrid in agriculture was an IMI that led to the development of nu-
merous new crop varieties, profoundly impacting agricultural productivity [Griliches,
1957]. The economic impact of Al as a research tool extends beyond merely reducing
the costs of specific innovation activities as it enables an entirely new approach to
innovation itself. The pervasive nature of Al as a GPT and IMI positions it as a
unique technology capable of driving organizational change across a wide range of
scientific fields. Yet, it should be used responsibly. This is why institutions such
as the Furopean Commission are supporting a regulatory and investment-oriented
approach to promoting Al uptake while addressing risks associated with the technol-
ogy [European-Commission, 2020]. Similar initiatives have been implemented by the
OECD, which launched a specific technology observatory to closely monitor technol-
ogy evolution and provide evidence-based policy analysis on AI?. These initiatives
are not limited to Europe, since 2019 institutions such as Stanford University have
regularly reported yearly metrics on Al’s evolution, labor market, skills, and automa-
tion to guide responsible and ethical decision-making 3.

Ongoing advancements in Al within scientific disciplines, particularly the remark-
able accomplishments achieved through neural network technics, extend beyond pro-
viding impressive anecdotal discoveries. Instead, these advancements have resulted
in increasing pressure to transition from hypothesis-driven to data-driven scientific
exploration. The emerging scientific paradigm is founded upon data-intensive com-
puting, facilitated by the widespread implementation of intelligent machines capable
of discerning representations, rules, and patterns in an ever-growing volume of struc-
tured and unstructured data [King et al., 2009, Hey et al., 2009]. Scientific discovery
can be viewed as the process or product of successful scientific inquiry. In its narrow-
est sense, the term discovery might refer to the so-called ’eureka moment’ of gaining
new insights. However, in this context, we adopt its broadest meaning—using the
term discovery as synonymous with ’successful scientific endeavour’ as a whole. His-
torically, the process of scientific inquiry has evolved through paradigms, i.e. sym-
bolic generalizations, metaphysical commitments, values, and exemplars shared by
a community of scientists that guide their research [Kuhn, 1962]. For most of hu-
man history, scientists have observed phenomena and postulated laws or principles
to simplify the complexity of observations into more manageable concepts. Initially,

there were only experimental and theoretical sciences. Hey et al. [2009] refer to

2https://oecd.ai/en/
3https://aiindex.stanford.edu/report/
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empirical observation and logical (theory) formulation as the first and second scien-
tific paradigms, respectively. However, by the mid-20th century, numerous problems
became too complex for analytical solutions, leading researchers to adopt simula-
tion methods. Science entered a third paradigm characterized by the development
of computational models and simulations to understand complex phenomena. We
are transitioning towards a fourth scientific paradigm where scientific investigation
is rooted in data-intensive computing, enabled by the extensive deployment of intel-
ligent machines capable of extracting representations, rules, and patterns from data
[King et al., 2009, Hey et al., 2009].

The shift towards this fourth scientific paradigm implies that there may be a
change in the way science progresses. Scientific advancements stem from individu-
als’ abilities to balance exploration and exploitation of the knowledge space efficiently
[Uzzi et al., 2013]. With the integration of data-intensive computing and intelligent
machines, the process of knowledge creation could potentially be transformed or
even accelerated as these new technologies help uncover representations, rules, and
patterns from vast amounts of data. The theory of re-combinatorial knowledge cre-
ation posits that new knowledge primarily results from the recombination of existing
pieces of knowledge [Weitzman, 1998, Uzzi et al., 2013, Wang et al., 2017]. Scien-
tific progress is thus the outcome of individual and collective creativeness, where
creativity is defined as the “production of high-quality, original, and elegant solu-
tions to complex, novel, ill-defined, or poorly structured problems” [Hemlin et al.,
2013]. Innovation relies on the exploration of the knowledge space. The way orga-
nizations manage the balance between exploring new ideas and exploiting existing
ones can be easily transferred to the scientific community. This balance determines
the trade-off that organizations face when attempting to innovate while preserving
established routines and practices [March, 1991]. March argues that organizations
must find a suitable compromise between these two aspects to survive and succeed
in the long run. The same stand for science since scientists try to innovate within
established paradigms, and survival in science can be considered through peer recog-
nition. This perspective emphasizes two facets of creativity in science: the novelty
and relevance of the research conducted. Measures of novelty or atypicality are based
on the concept of knowledge recombination [Uzzi et al., 2013, Lee et al., 2015, Fos-
ter et al., 2015, Wang et al., 2017, Shibayama et al., 2021]. One can approximate

the difficulties of combining pieces of knowledge within a scientific document (i.e.
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an article). Although these measures may contain biases due to their reliance on
citation networks, they remain crucially helpful. They provide evidence of possible
biases in journals’ peer-review processes [Wang et al., 2017] as well as in funding
allocations towards too-novel research [Boudreau et al., 2016, Carayol et al., 2017,
Franzoni et al., 2022]. Furthermore, these metrics also provide a basis for analyzing
the influence of technology on research. They help to identify whether the technology
offers a more cross-disciplinary viewpoint by helping navigation through the knowl-
edge space or allows for exploiting this space by providing a sharper perspective on
a well-defined problem. These questions of how Al would lead to further exploration
or exploitation of the knowledge space and how it affects the associated recognition
will be addressed in Chapter 1 of this thesis.

Since science is a social phenomenon [Fleck, 2012], factors related to individuals’
social capital will determine how Al disseminates within the scientific community.
This paradigm shift suggests that technology can impact the nature of the research
conducted but also implies that a growing number of researchers in various applica-
tion domains will focus on these technics. Not all individuals have equal access to
Al-based technologies. A researcher’s ability to adopt Al largely depends on their
scientific and technical human capital, including cognitive skills, scientific and tech-
nical knowledge, and contextual skills. Resources can be divided into two broad
categories: those that reside within the individual and those that are anchored in
the relationships between the individual and their working environment [Bozeman
et al., 2001, Bozeman and Corley, 2004]. Consequently, the adoption of Al in sci-
ence is closely linked to how researchers mobilize and are limited by their resources.
Although the objective is not for all researchers to necessarily use Al, it still seems
important to understand the factors that promote its adoption to uncover mech-
anisms that enable a broader range of researchers to benefit from the advantages
linked to AI. Chapter 2 will discuss the relationship between individuals’ scientific
and technical human capital and the adoption of artificial intelligence in application
domains.

The third contribution of this thesis, presented in Chapters 3 and 4, focuses on
the relation between the cognitive dimension within a research team and knowledge
creation. Nahapiet and Ghoshal [1998] conceptualizes three dimensions of social
capital that impact intellectual capital development: structural, relational, and cog-
nitive. Structural capital examines the connections between individuals and their

respective networks; relational capital represents the nature and intensity of the
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relationships between team members; and cognitive capital symbolises the shared
background between individuals and their common language. In science, cognitive
diversity is often promoted through interdisciplinary projects, as the intersection of
different perspectives is commonly needed to solve complex scientific problems [Page,
2008]. Indeed, people from outside a domain may have an advantage in offering fresh
ideas through their distinct knowledge [Jeppesen and Lakhani, 2010, Kuhn, 1962].
Chapters 3 and 4 enhance our understanding of novelty, scientific impact indicators,
and their association with social dimensions. Chapter 3 introduces an open-source
Python-based tool, “Novelpy”, which allows the computing of various metrics of
novelty and disruption. This chapter also formalises existing indicators mathemati-
cally in a common framework. It seems essential to consider the social dimension of
the innovation process to better understand how to identify potentially innovative
research without solely relying on measures based on citation networks. The final
chapter of this thesis, chapter 4, takes a step back and analyzes the origin of these
novelty indicators, considering the cognitive dimension of the team as a determining

factor of its creativity.

Outline of the thesis

In the current context of artificial intelligence becoming a transformative force in
research, there is a growing need to address questions surrounding its adoption and
impact on the scientific process. The primary objective of this thesis is to shed light
on three main questions:

e How does Al affect the knowledge production process in terms of novelty and

scientific recognition?

e What are the factors that promote the adoption of this technology in scientific

application domains?

e How individuals’ ability to explore the knowledge space, and cognitive distances
between team members influence their capacity to combine distant knowledge
and the resulting recognition?

To answer these questions, Chapters 1 and 2 will offer insights into the two first
queries, while Chapters 3 and 4 will concentrate on the third one. The subsequent
sections will present a comprehensive overview of each chapter and the methodologies

employed throughout this thesis.

18



GENERAL INTRODUCTION

Chapter 1

This initial chapter provides insights into the dissemination and impact of artificial
intelligence, specifically neural networks, in science. Some recent studies have doc-
umented the diffusion of Al and deep learning in science [Cockburn et al., 2018,
Klinger et al., 2021], but none have explored how its use influences scientific discov-
ery. Our article addresses this gap by examining how the use of neural networks
(NNs) affects combinatorial novelty and the scientific impact of articles in the health
sciences.

To identify articles using Al, we employed a new and original method based on
word embedding which allowed us to identify some 250,000 documents published
between 1990 and 2018 from Web of Science. By analyzing these documents, we
considered five key attributes that define a technology as ’emerging’” — namely: (i)
radical novelty, (ii) fast growth, (iii) coherence, (iv) prominent impact, and (v) uncer-
tainty and ambiguity [Rotolo et al., 2015] — and demonstrated that NNs conform to
these properties. We found that NN research activity has grown exponentially across
nearly all sciences and globally, with the diffusion process following a double-boom
cycle and a strong reconfiguration of global actors. The diffusion of NN methods
into application domains began cross-disciplinary involving the computer sciences,
breaking their way into ‘pure’ field-specific research within the various application
domains.

We subsequently investigated the impact of technology adoption on scientific dis-
covery, particularly focusing on health sciences. We found a negative correlation
between adopting NN methods and combinatorial novelty by employing novelty in-
dicators from Uzzi et al. [2013] and Wang et al. [2017]. At the same time, we observed
a positive correlation with the expectation and dispersion of citations received, thus
increasing a contribution’s likelihood of becoming a "big hit.’

Our findings prompt us to adopt a more moderate stance in the recent debate
regarding Al’s influence on knowledge development. We conclude that while NN
methods do not yet function as an autopilot for navigating the sea of knowledge and
connecting ideas, they represent a potent and versatile research tool that impacts
knowledge creation in tangible ways. As such, we propose that Al be considered as

an emerging general method of invention.
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Chapter 2

This chapter aims to understand the factors that promote AI adoption by domain
scientists. While most literature focuses on an article-level analysis, we propose
studying the dynamics of Al adoption at the individual level.

We relied on the Scientific & Technical Human Capital (STHC) framework pro-
posed in the seminal paper by Bozeman and Corley [2004] and, hence, divided the
authors” STHC into three main dimensions: individual characteristics, social en-
vironment, and institutional context. We operationalized the three dimensions by
blending OpenAlex data with information on the computational capabilities of in-
stitutions, social networks and exploratory profiles of individuals.

In this study, we show that the proportion of researchers adopting AI who will
eventually use the technology again remains relatively stable at around 35%. Despite
technological advancements and the increasing availability of resources to facilitate
AT utilization, incorporating Al into a researcher’s future work seems not determined
by its progress and accessibility. Researchers adopting Al often apply this technology
in a familiar field, with 62% publishing their first AI article in a journal sharing
the same primary concept as their initial publication. On average, the number of
researchers with computer science or Al skills is higher in Al-based papers involving
domain scientists, suggesting that published Al articles demand specialized skills
compared to researchers’ prior publications.

Our results indicate that the STHC offers a valuable framework for understand-
ing drivers of Al adoption in application domains. Some institutional dimensions,
such as the degree of specialization, significantly affect individuals’ ability to tran-
sition to Al usage and to appropriate it in the long term. Physical infrastructures
(High-performance computing) appear beneficial only in some domains, emphasiz-
ing that the lack of local physical infrastructure may not be the most significant
barrier to undertaking Al research contrary to the popular belief and evidence from
macro-level studies [Ahmed and Wahed, 2020]. Also, the composition of the social
environment (i.e. past collaboration network) is strongly related to Al integration in
researchers’ practices and its long-term adoption; both adopters and reusers belong
to networks populated by computer scientists or individuals with AI backgrounds at
the expense of domain scientists. Scholars with more diverse backgrounds are more
likely to embrace and reuse Al in their research, indicating that individuals with
a more exploratory profile are more prone to transitioning toward new technology.

Lastly, we found that young researchers enhance Al adoption and reuse; many past
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collaborations with young researchers make Al adoption more straightforward, and
their presence on the team during initial trials strongly influences the reuse of the
technology.

Institutions must foster a culture that encourages knowledge sharing, promotes
interaction among scientists, and identifies and supports ’boundary-spanning’ indi-
viduals who can bridge the gap between AI expertise and other scientific domains.
Additionally, reconsidering the allocation of resources towards more modest but
widespread investments in data science or ML infrastructure could democratize Al,

promoting its adoption across a broader range of scientific disciplines.

Chapter 3

Chapter 3 is a methodological chapter. It proposes Nowvelpy, an open-source Python
package designed to compute novelty and disruption indicators for scientific arti-
cles and patents. This chapter also provides a comprehensive review of the various
indicators available in Novelpy by formally describing these measures (both mathe-
matically and graphically).

Novelty measures are based on the concept of knowledge combination, the indi-
cators calculate the difficulty associated with the combinations realized in an article
to determine whether it is based on distant or proximate knowledge within a certain
knowledge space. As it is common in the literature, pieces of knowledge are repre-
sented by the journals or abstracts of an article’s references or its keywords.

Disruption measures, on the other hand, analyze how a focal article 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 references
used in the focal paper) or disrupts it (i.e., future papers only reference the focal
paper).

Although there are several packages available in R and Python designed to study
citation, co-authorship, or any coupling (e.g. ScientoPy, Ruiz-Rosero et al. [2019] ;
sciento Text, Uddin et al. [2016]; Metaknowledge, McLevey and Mcllroy-Young [2017]
or bibliometriz, Aria and Cuccurullo [2017]), yet libraries to compute novelty and
disruptiveness indicators remain unavailable. Our effort aims to provide the scien-
tometrics community with a tool that centralizes different measures of novelty and
disruptiveness, facilitates their comparison, and promotes reproducibility.

Novelpy package incorporates novelty measures from Uzzi et al. [2013], Foster
et al. [2015], Lee et al. [2015], Wang et al. [2017], and Shibayama et al. [2021], as
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well as disruptiveness measures from Wu et al. [2019], Bornmann et al. [2019a], and
Bu et al. [2019]. To demonstrate the module’s capabilities, we close the chapter by
comparing the different measures on a random sample of 1.5M articles drawn from
the PubMed Knowledge Graph.

Chapter 4

This final chapter focuses more closely on novelty in science. Only a few studies seek
to explain the mechanisms that give rise to novelty. In this work, we develop a new
indicator that allows us to measure the team’s cognitive diversity and the propensity
of its members to explore the knowledge space. The indicator is built using word
embedding techniques on the publication history of team members. We test its
relationship with novelty indicators and validate it using peer recommendations from
Faculty Opinions, following Bornmann et al. [2019b].

We can think of our indicator as a measure of potential novelty, i.e., opportunities
for new knowledge recombination available through the diversity of backgrounds in
the team and the capacity of individuals to bridge the gap between other team
members. In comparison, combinatorial novelty indicators would capture the realized
novelty, i.e., the output of the research conducted by this team in terms of pieces
of knowledge used. Finally, Faculty Opinion labelling 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]. To this
end, we use the PubMed Knowledge Graph and examine approximately 1.8M articles
from the 2000-2005 period, focusing on less recent publications to manage the fact
that novel articles are more often “sleeping beauties” and accumulate citations in
the long run [Lin et al., 2021].

Our findings emphasize the critical role of the cognitive dimensions in creativity,
as it significantly influences originality and success. We show that cognitive diver-
sity 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.
However, our study highlights the strong connection between the cognitive dimen-

sion and the nature of these citations. More specifically, teams with more exploitative
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profiles tend to consolidate science, while those with more ezploratory individuals
disrupt it when associated with exploitative ones.

In short, our research underscores the importance of team composition in terms of
profiles for scientific creativity. We show that the joint presence of highly exploratory
and exploitative individuals constitutes the most effective team compositions for
disrupting science, yet a limited number of highly exploratory individuals is essential

to maximize the relevance of knowledge combinations achieved.

Methodology

This thesis is largely based on quantitative analyses of science, employing methods
from bibliometrics and scientometrics. Thus, we make use of massive databases
represented as graphs, connecting scientific entities with one another, such as authors,
articles, institutions, etc. A brief history of these domains is in order.

The term bibliometrics was first defined by Belgian author Paul Otlet in 1934
[Otlet, 1934] and reintroduced in its English version by Pritchard et al. [1969] in
the paper “Statistical Bibliography or Bibliometrics?”. The discipline’s early fo-
cus was improving the classification and organization of books to avoid the flood of
knowledge. More precisely, librarians used it to select relevant items for their col-
lections [Sugimoto and Lariviere, 2018]. In 1955, chemist and documentalist Eugene
K. Garfield proposed the creation of a citation index to offer an analysis tool by
studying the links between different scientific documents. The Institute for Scien-
tific Information, founded by Garfield in 1960, developed the Science Citation Index
(SCI), first launched in 1963 for researchers and librarians. However, the beginning
of bibliometrics studies was in the 1960s, with one of the central figures being Derek
J. de Solla Price [de Solla Price, 1965, Boyack et al., 2005]. Back then, the initial
focus was to understand research as a system by examining the growth in publica-
tions and the outline of citation activity. Early on, the number of references, the
density of citation count for papers, and the inequality in the citation process was of
particular interest. The fundamental problems of keeping track of relevant pieces of
knowledge and the progression of the science system remain at the core of the science
of science research [Fortunato et al., 2018]. The number of databases used by scholars
has increased in the last decades. New database structures like Knowledge Graphs
(KG) emerged (e.g. Microsoft Academic Graph (MAG, replaced by OpenAlex in
2022), PubMed Knowledge Graph (PKG)). Although the name KG was first used
in Schneider [1973], it was only popularized in 2012 when Google presented their
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own KG. MAG and PKG help match different knowledge units for a paper, a crucial
task in scientometrics. These units can be an author profile, a journal, a reference,
or even topics. KGs help us understand more deeply how science is structured and
performed.

The increasing availability of data has led in turn to a diversification in the field
of scientometrics. Scholars often use terms like Bibliometrics, Scientometrics, Infor-
metrics, Webometrics, and Altmetrics interchangeably. Extensive literature traces
the history of these fields and seeks to understand their inter-differences, as well as
creating intra-field taxonomies. They all share a common goal: studying science as
a system, using scientific methods. Yet some differences remains, Informetrics is a
sub-discipline of information sciences and is defined as the application of mathemat-
ical methods to the content of information science [Chellappandi and Vijayakumar,
2018]. In other words, Informetrics is the highest level of abstraction, and every
other field is a subset of Informetrics. Bibliometrics, as we have seen above, fo-
cuses on citations for collection management and document retrieval using specific
aspects of the document without placing it in the overall context in which it was
created. In contrast, Scientometrics is a “meta-science” that quantitatively analyzes
the production, dissemination, and underlying system’s mechanisms [Sugimoto and
Lariviere, 2018, Chellappandi and Vijayakumar, 2018]. Finally, Webometrics and
Altmetrics are both concerned with information available on the web, but Webo-
metrics is document-focused, with the document being a web page, while Altmetrics
is focused on the networking aspect and complements citations with the number of
likes and retweets [Mingers and Leydesdorff, 2015].

This thesis is essentially built on methods from Scientometrics. But Scientomet-
rics itself can be further divided into two macro types of analysis: performance and
Science Mapping Analysis (SMA) [Moral Mufioz et al., 2020]. The goal of the former
is to assess scientific actors’ activities and their impact. Its purpose is, therefore, to
assign a value to the productivity and pervasiveness of the 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 takes a snapshot of a part of the scientific system at a given
moment to analyze its structure.

Inputs, outputs, and impacts of these scientific activities are the three perspec-
tives used in performance analysis and SMA [Sugimoto and Lariviere, 2018|. Input

refers to human and financial resources and captures the different interactions of
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agents in the system at various levels (Authors/Institutional/Country levels); output
is the end result of the research process, which is the composition of this document
and the different entities that characterize it; and finally, impact measures study the
repercussions of the outputs, the dissemination of knowledge that an article generates
through citations, attention by the general public, or reutilization of the document’s
component.

This thesis addresses these three dimensions in the study of artificial intelligence
in science. Indeed, in Chapter 1, as outlined earlier, we investigate the outputs
and scientific impact of Al publications. In Chapter 2, we study the inputs of this
research. Chapters 3 and 4 aim finally to understand the relationships between the
inputs at the author level, the outputs of the conducted research and their scientific

impact.
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Lancée le 14 mars 2023, la nouvelle version de ChatGPT, GPT-4, marque un tour-
nant dans le domaine de l'intelligence artificielle (IA). Grace a sa capacité & combiner
le texte et la vision, cette entité peut désormais passer avec succes des examens —
avec des notes élevées — dans presque tous les domaines. Lorsque j’ai commencé cette
these en 2019, il ne s’était écoulé que sept ans depuis que nous pouvions reconnaitre
un chat avec une précision de 75% [Le, 2013], et seulement quatre ans depuis que
I'TA de Microsoft avait “surpassé” les humains dans leur capacité a reconnaitre des
entités dans des images [He et al., 2015]. Quatre ans plus tard, nous avons assisté
a une explosion du développement de I'IA, en particulier dans le domaine du trai-
tement du langage naturel, et nous en savons encore peu sur ses implications et ses
dangers potentiels (par exemple, la désinformation et les “fake news”, les risques de
cybersécurité, les préoccupations éthiques ou l'impact psychologique sur les indivi-
dus). En réponse a ce développement croissant de I'TA; dont nous ne comprenons ni
ne gérons pleinement les conséquences, une lettre ouverte appelant la recherche sur
I'TA a faire une pause immédiate d’au moins six mois dans ’entrainement d’autres
systemes, plus puissants que GPT-4, a été publiée le 22 mars 2023. Cette pétition
a été signée par plus de 25 000 personnes, dont 1 000 chercheurs et experts en IA%.
La prolifération de I'TA et 'amélioration de ses capacités depuis dix ans impliquent
des changements sociétaux et pourrait modifier la facon dont la science fonctionne.
Cette these aborde spécifiquement la relation entre la science et la technologie de
Iintelligence artificielle. Plus précisément, elle vise a comprendre comment les di-
verses applications de I'TA peuvent affecter la nature de la recherche menée dans les
domaines d’application. Pour ce faire, nous prenons en compte les facteurs sociaux
afin de mieux comprendre comment les chercheurs adoptent la technologie et pro-

duisent de nouvelles connaissances. Nous présentons ci-dessous une vue d’ensemble

4Parmi lesquels Joshua Bengio, I'un des trois peres fondateurs de 'apprentissage profond et
lauréat du prix Turing. La pétition est disponible a ’adresse suivante : https://futureoflife.org/open-
letter /pause-giant-ai-experiments/
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du role de I'TA dans ce nouveau paradigme scientifique.

Les scientifiques dépendent de 1’évolution de la technologie pour mener des ex-
perience et valider des théories. Grace aux nouvelles technologies, les scientifiques
peuvent explorer différemment I'espace de connaissances et faire de nouvelles décou-
vertes. Comme le souligne Derek de Solla Price, “The changes of paradigm that
accompany great and revolutionary changes may sometimes be caused by inspired
thought, but much more commonly they seem due to the application of technology
to science” [de Solla Price, 1963]. La science et la technologie entretiennent une
relation bidirectionnelle : la science fournit des principes fondamentaux pour le
développement de nouvelles technologies, et la technologie, a son tour, génere les ins-
truments et les techniques nécessaires pour répondre plus efficacement a des questions
scientifiques nouvelles et plus difficiles [Brooks, 1994]. Plusieurs avancées technolo-
giques ont remodelé le paysage scientifique au cours de I'histoire. Il suffit de penser a
I'invention du microscope, qui a conduit a la découverte des cellules, ou a la cristal-
lographie aux rayons X, qui a facilité la compréhension des structures moléculaires
et de ’ADN. Ces développements ont permis d’approfondir notre compréhension des
mécanismes biologiques et ont servi de base a de nombreuses découvertes et innova-
tions dans diverses disciplines scientifiques. Plus récemment, les progres de I'informa-
tique ont permis aux scientifiques de créer des modeles mathématiques complexes et
de résoudre des problemes auparavant considérés comme insolubles. Par exemple, les
ordinateurs ont été utilisés pour résoudre des problemes de théorie des nombres, de
cryptographie, d’optimisation combinatoire, pour simuler des phénomenes naturels
(systemes climatiques, dynamique moléculaire, structures des galaxies) et enfin, ont
permis I'émergence de 'intelligence artificielle.

L’TA est au coeur du paradigme technologique actuel, partageant plusieurs simili-
tudes en termes d’échelle et de portée avec les révolutions technologiques précédentes.
Le terme “intelligence artificielle” a été lancé par I'informaticien John McCarthy a
I'occasion du projet de recherche estival de Dartmouth sur l'intelligence artificielle
en 1956, un événement fondateur pour le domaine [McCarthy et al., 1955]. L’objec-
tif de I'TA était de faire en sorte que les machines utilisent le langage, construisent
des abstractions, résolvent des problemes humains et s’améliorent d’elles-mémes. Les
définitions de I'TA varient, mais elles impliquent généralement que les machines si-
mulent un comportement intelligent, exécutent des taches complexes et tirent des
enseignements de leurs expériences. Par exemple, la Commission européenne définit

I'TA comme suit : “machines or agents capable of observing their environment, lear-
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ning, and taking intelligent action or proposing decisions” [Annoni et al., 2018, p.19].
Selon 'OCDE, les systemes d’IA sont des “machine-based systems that can make pre-
dictions, recommendations, or decisions for a given set of human-defined objectives
7[OECD, 2019, p.23]. L’OMPI définit les systemes d'TA comme des “learning sys-
tems that can improve at tasks typically performed by humans with limited or no
human intervention ”[WIPO, 2019, p.19]. Les termes “apprentissage automatique”,
“apprentissage profond” et “intelligence artificielle” sont souvent utilisés de maniere

interchangeable.

Au début, I'TA s’est concentrée sur la résolution de problemes que des regles
mathématiques formelles pouvaient décrire. Ces problemes sont intellectuellement
difficiles pour les humains, mais sont plus simples pour les ordinateurs car ils peuvent
étre codés formellement, ce qui permet de trouver des solutions a l'aide de regles
d’inférence logiques. Cette méthode, connue sous le nom d’approche “basée sur
la connaissance”, implique une architecture avec une base de connaissances et un
mécanisme d’inférence. La base de connaissances stocke les informations du monde
réel, tandis que le mécanisme d’inférence permet a la machine de déduire des sche-
mas a partir des informations stockées. Cette approche a été dominante au cours des
premieres décennies, avec des applications telles que les “systemes experts” introduits
dans les années 1970 pour simuler le jugement et le comportement humains dans des
domaines spécifiques. Ces systemes étaient efficaces pour certains types de problemes,
mais pas pour ceux qui nécessitaient des connaissances substantielles subjectives et
intuitives ou des capacités de perception. Ces problemes sont faciles a résoudre pour
les humains, mais difficiles a formuler de maniere formelle et mathématique [Nilsson,
2009]. Au cours de la méme période, une autre approche a l'intelligence machine
a commencé a s'imposer dans la communauté scientifique. Cette approche est ra-
pidement devenue connue sous le nom d’“apprentissage machine”. L’ “apprentissage
machine” se concentre sur la conception de systemes intelligents capables d’acquérir
des connaissances en extrayant des régularités a partir de données brutes. Contrai-
rement aux systemes basés sur la connaissance, les méthodes d’apprentissage auto-
matique construisent des hypotheses directement a partir des données par inférence
inductive, ce qui permet aux machines de s’attaquer a des problemes impliquant des
connaissances du monde réel et d’atteindre certaines capacités semblables a celles de
I’homme, telles que la reconnaissance d’objets. Bien que 'apprentissage automatique

se soit avéré etre une alternative efficace aux systemes basés sur la connaissance et
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qu’il soit devenu I'une des branches les plus importantes de I'IA a partir des années
1980, des défis particuliers subsistaient. Principalement, les méthodes traditionnelles
d’apprentissage automatique ont rencontré d’importantes difficultés pour extraire des
caractéristiques abstraites de haut niveau a partir de données brutes en raison de
facteurs de variation, tels que les différentes formes, les ombres et les angles de vue.
Ces facteurs de variation sont essentiellement des constructions de I'esprit humain
qui peuvent étre considérés comme des abstractions de haut niveau qui nous aident
a donner un sens a la riche variabilité des données observées [Nilsson, 2009, Goodfel-
low et al., 2016]. L’approche "apprentissage profond’ de l'intelligence artificielle est
apparue comme une solution efficace aux défis posés par les méthodes traditionnelles
d’apprentissage automatique. Les systemes d’apprentissage profond (DL) apprennent
par 'expérience et appréhendent le monde a travers une hiérarchie de concepts abs-
traits, chacun défini en relation avec des concepts plus simples [Schmidhuber, 2015,
LeCun et al., 2015, Goodfellow et al., 2016]. Cette approche présente deux avantages
significatifs. Premierement, a l'instar des algorithmes d’apprentissage automatique
plus simples, la machine acquiert des connaissances a partir d’expériences passées, ce
qui évite aux humains de devoir fournir toutes les connaissances formelles nécessaires
pour atteindre un objectif spécifique. Deuxiemement, la complexité et I’abstraction
des concepts ne sont plus des obstacles, car la machine peut les reconstruire et les
combiner les uns avec les autres. Cette hiérarchie de concepts fait que le processus
d’apprentissage peut étre considéré comme structuré en plusieurs couches, d’ou le
terme “profond”. Les techniques d’TA ont été utilisées avec succes dans des domaines
aussi variés que la prédiction de la structure 3D des protéines [Jumper et al., 2021],
la régulation du plasma de fusion nucléaire dans la configuration du tokamak [De-
grave et al., 2022], la prédiction de la formation de la structure de I’Univers [He
et al., 2019], ou la création d’une carte du cerveau des petits insectes [Winding et al.,
2023], pour n’en citer que quelques-uns. En 2017, Uintelligence artificielle a connu
une autre avancée remarquable avec I’émergence de modeles de Transformers dotés

de mécanismes d’auto-attention [Vaswani et al., 2017].

Les résultats impressionnants des “Generative Pre-trained Transformers” (GPT),
tels que ChatGPT ou GPT-4, illustrent désormais clairement la nature de technolo-
gie polyvalente de 'intelligence artificielle (General-Purpose Technology - GPT), en
montrant leur adaptabilité et leur large applicabilité dans de nombreux domaines.

Ces modeles ne se contentent pas d’interagir avec les utilisateurs sur divers sujets,
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aussi ils peuvent accompagner les humains dans un processus de pensée, en appor-
tant des perspectives supplémentaires étayées par des connaissances quasi-expertes
sur divers sujets. Les GPTs (Generative Pre-trained Transformers) sont donc des
GPTs (General-Purpose Technologies). En mars 2023, Eloundou et al. [2023], ont
immortalisé le jeu de mots en publiant I'article “GPTs are GPTs : An early look at
the labor market impact potential of large language models”, qui met en lumiere les
capacités du GPT-4 et son impact potentiel sur le marché du travail, suggérant que
15 % de toutes les taches des travailleurs aux Etats-Unis pourraient étre accomplies
beaucoup plus rapidement tout en conservant le méme niveau de qualité. A noter
que certaines de ces taches font également partie du monde scientifique, comme la
programmation et I’écriture [Eloundou et al., 2023]. L’intelligence artificielle possede
les attributs d'une technologie a usage universel, avec des applications tres variées
dans de nombreuses disciplines. Les GPT, comme I'TA, se distinguent des autres in-
novations par leur application étendue dans divers secteurs, leur capacité a catalyser
d’autres innovations dans les secteurs d’application et leur amélioration rapide et
continue [David, 1990, Bresnahan and Trajtenberg, 1995]. Parmi les exemples clas-
siques de GPT, on peut citer le moteur électrique et le microprocesseur, qui ont
entrainé d’importants changements technologiques et organisationnels dans divers
secteurs tels que I'industrie manufacturiere, I’agriculture, le commerce de détail et la
construction de logements.

Le role de I'TA en tant que GPT dans la science est également illustré par sa posi-
tion d’“invention dans les méthodes d’invention” (IMI). Les IMI créent ou améliorent
des produits spécifiques et fournissent une nouvelle fagon de générer de nouveaux
produits avec des applications plus larges. Par exemple, le croisement en agricul-
ture est une IMI qui a conduit au développement de nombreuses nouvelles variétés
de plantes cultivées, ce qui a eu un impact profond sur la productivité agricole.
L’impact économique de I'TA en tant qu’outil de recherche va au-dela de la simple
réduction des cotits d’activités liés a des innovations spécifiques, car elle permet une
approche entierement nouvelle de I'innovation elle-méme. L’omniprésence de I'TA en
tant que GPT et IMI la positionne comme une technologie unique capable de conduire
des changements organisationnels dans un large éventail de domaines scientifiques.
Cependant, elle doit étre utilisée de maniere responsable. C’est pourquoi des institu-
tions telles que la Commission européenne soutiennent une approche réglementaire
et axée sur l'investissement pour promouvoir 'adoption de I'TA tout en abordant

les risques associés a la technologie [European-Commission, 2020]. Des initiatives
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similaires ont été mises en ceuvre par 'OCDE, qui a lancé un observatoire de la
technologie spécifique pour suivre de pres ’évolution de la technologie et fournir une
analyse politique de I'TA fondée sur des données empiriques®. Ces initiatives ne se
limitent pas a I’Europe; depuis 2019, des institutions comme 1’Université de Stan-
ford publient régulierement des données annuelles sur I’évolution de I'TA, le marché
du travail, les compétences et I'automatisation, afin de guider la prise de décisions
responsables et éthiques®.

Les progres continus de I'TA dans les disciplines scientifiques, en particulier les
réalisations remarquables obtenues grace aux techniques des réseaux neuronaux, ne
se limitent pas a des découvertes anecdotiques impressionnantes. Au contraire, ces
progres ont entrainé une tendance croissante a passer d’une exploration scientifique
fondée sur des hypothese a une exploration scientifique fondée sur des données. Le pa-
radigme scientifique émergent est fondé sur le recours intensif aux données, facilité par
la généralisation de machines intelligentes capables de discerner des représentations,
des regles et des schémas dans un volume sans cesse croissant de données structurées
et non-structurées. La découverte scientifique peut étre considérée a la fois comme le
processus et le produit d’une étude scientifique aboutie. Dans son sens le plus étroit,
le terme de découverte peut se référer a ce que I'on appelle le “moment d’euréka”,
qui consiste a acquérir de nouveaux points de vue. Toutefois, dans ce contexte, nous
adoptons le sens le plus large de découverte, comme synonyme d’* effort scientifique
fructueux”.

Historiquement, le processus de recherche scientifique a évolué a travers des pa-
radigmes, c’est a dire, des généralisations symboliques, des principes philosophiques,
des valeurs et des références partagés par une communauté de scientifiques qui
guident leurs recherches [Kuhn, 1962|. Durant la majeure partie de l'histoire de
la science, les scientifiques ont observé des phénomenes et postulé des lois ou des
principes pour simplifier la complexité des observations en concepts plus faciles a
manipuler. Au départ, il n’existait que des sciences expérimentales et théoriques.
Hey et al. [2009] considerent I'observation empirique ainsi que la formulation logique
(théorie) comme étant respectivement le premier et le deuxiéme paradigme scienti-
fique. Toutefois, vers le milieu du 20e siecle, de nombreux problemes sont devenus
trop complexes pour étre résolus de maniere analytique, ce qui a conduit les cher-

cheurs a adopter des méthodes de simulation. La science est entrée dans un troisieme

Shttps://oecd.ai/en/
Shttps://aiindex.stanford.edu/report/

31



INTRODUCTION GENERALE

paradigme caractérisé par le développement de modeles informatiques et de simula-
tions pour comprendre des phénomenes complexes. Nous sommes en train de passer a
un quatrieme paradigme scientifique dans lequel I'investigation scientifique est ancrée
dans le traitement intensif des données, rendu possible par le déploiement a grande
échelle de machines intelligentes capables d’extraire des représentations, des regles

et des régularités a partir des données [King et al., 2009, Hey et al., 2009].

Le passage a ce quatrieme paradigme scientifique implique qu’il pourrait y avoir
un changement dans la facon dont la science progresse. Les progres scientifiques
découlent de la capacité des individus a équilibrer efficacement 1’exploration et 1’ ex-
ploitation de l'espace de la connaissance [Uzzi et al., 2013]. Avec l'intégration de
données et de machines intelligentes, le processus de création de connaissances pour-
rait potentiellement étre transformé, voire accéléré. Ces nouvelles technologies per-
mettent, de maniere autonome, de découvrir des représentations, des regles et des
modeles a partir de vastes quantités de données. La théorie de la création de connais-
sances par recombinaison postule que les nouvelles connaissances résultent principa-
lement de la re-combinaison de connaissances existantes [Weitzman, 1998, Uzzi et al.,
2013, Wang et al., 2017]. Le progres scientifique est donc le résultat de la créativité in-
dividuelle et collective, créativité étant définie comme la “production of high-quality,
original, and elegant solutions to complex, novel, ill-defined, or poorly structured pro-
blems”. [Hemlin et al., 2013]. L’innovation repose sur I’exploration de l'espace des
connaissances, en effet la maniere dont les organisations gerent cet équilibre entre 1’ex-
ploration de nouvelles idées et I'exploitation des idées existantes peut étre facilement
transposée au monde scientifique. Cet équilibre détermine les compromis auxquels
les organisations sont confrontées lorsqu’elles tentent d’innover tout en préservant les
routines et les pratiques établies [March, 1991]. March soutient que les organisations
doivent trouver un équilibre adéquat entre ces deux aspects pour survivre et réussir
a long terme. Il en va de méme pour la science, puisque les scientifiques tentent
d’innover dans le cadre des paradigmes établis, et que la survie en science peut étre
envisagée par le biais de la reconnaissance par les pairs. Cette perspective met 1'ac-
cent sur deux aspects de la créativité en science : la nouveauté et la pertinence de la
recherche menée. Les mesures de nouveauté ou d’atypicité sont basées sur le concept
de recombinaison des connaissances [Uzzi et al., 2013, Lee et al., 2015, Foster et al.,
2015, Wang et al., 2017, Shibayama et al., 2021]. On peut estimer les difficultés a

combiner des éléments de connaissance au sein d’un article scientifique. Bien que
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ces mesures puissent présenter des biais en raison de leur dépendance aux réseaux
de citations, elles n’en demeurent pas moins d’une utilité capitale. Elles fournissent
des preuves d’éventuels biais dans les processus d’évaluation par les pairs dans les
revues [Wang et al., 2017] ainsi que dans les allocations de fonds en défaveur des re-
cherches trop novatrices [Boudreau et al., 2016, Carayol et al., 2017, Franzoni et al.,
2022]. Ces indicateurs fournissent également une base pour analyser I'influence de la
technologie sur la recherche. Ils permettent de comprendre si la technologie offre un
point de vue plus transversal, en aidant a naviguer dans ’espace des connaissances
ou permet d’exploiter cet espace en offrant une perspective plus fine sur un probleme
bien défini. Ces questionnements sur la maniere dont I'TA peut conduire a une ex-
ploration ou une exploitation de ’espace de connaissance et comment cela affecte la
reconnaissance seront traités dans le chapitre 1 de cette these.

La science étant un phénomene social [Fleck, 2012], les facteurs liés au capital
social des individus déterminent la maniere dont I'ITA se diffuse au sein de la com-
munauté scientifique. Ce changement de paradigme suggere que la technologie peut
avoir un impact sur la nature de la recherche menée, mais implique également qu'un
nombre croissant de chercheurs dans divers domaines d’application se concentreront
sur ces techniques. Toutefois, tous les individus n’ont pas le méme acces aux techno-
logies basées sur I'TA. La capacité d’un chercheur a adopter I'A dépend largement
de son capital humain scientifique et technique, notamment de ses compétences cog-
nitives, de ses connaissances scientifiques et techniques et de ses compétences contex-
tuelles. Les ressources d'un individu peuvent étre divisées en deux grandes catégories :
celles propres a 'individu et celles qui sont ancrées dans les relations entre I'individu
et son environnement de travail [Bozeman et al., 2001, Bozeman and Corley, 2004].
L’adoption de I'TA dans le domaine scientifique est étroitement liée a la maniere
dont les chercheurs mobilisent leurs ressources et sont limités par celles-ci. Bien que
I’objectif ne soit pas que tous les chercheurs utilisent nécessairement 1'TA, il semble
néanmoins important de comprendre les facteurs qui favorisent son adoption et son
application afin de comprendre les mécanismes permettant a un plus grand nombre
de chercheurs de bénéficier des avantages liés a I'TA. Le chapitre 2 examine la rela-
tion entre le capital humain scientifique et technique des individus et ’adoption de
I'intelligence artificielle dans les domaines d’application.

La troisieme contribution de cette these, présentée dans les chapitres 3 et 4, se
concentre sur la relation entre la dimension cognitive dans une équipe de recherche et

la création de connaissances. Nahapiet and Ghoshal [1998] conceptualise trois dimen-
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sions du capital social qui influencent le développement du capital intellectuel : le
capital structurel, relationnel et cognitif. Le capital structurel examine les liens entre
les individus et leurs réseaux respectifs ; le capital relationnel représente la nature et
I'intensité des relations entre les membres de ’équipe ; et le capital cognitif symbolise
les compétences partagées entre les individus et leur langage commun. En science,
la diversité cognitive est souvent encouragée par des projets interdisciplinaires, car
I'intersection de différents points de vue est généralement nécessaire pour résoudre
des problemes scientifiques complexes [Page, 2008]. En effet, les personnes extérieures
a un domaine peuvent avoir l'avantage d’apporter des idées nouvelles grace a leurs
connaissances distinctes [Jeppesen and Lakhani, 2010, Kuhn, 1962]. Les chapitres
3 et 4 améliorent notre compréhension de la nouveauté, des indicateurs d’impact
scientifique et de leur association avec les dimensions sociales. Le chapitre 3 présente
“Novelpy”, un outil open-source basé sur Python visant a calculer divers indicateurs
de nouveauté et de disruption. Ce chapitre formalise également mathématiquement
ces indicateurs. Pour mieux comprendre comment identifier des recherches potentiel-
lement innovantes sans s’appuyer uniquement sur des mesures basées sur le réseau
de citations, il semble important de considérer la dimension sociale de ce processus
d’innovation. Le dernier chapitre de cette these, le chapitre 4, fait un pas en arriere
et analyse la source de ces indicateurs de nouveauté, en considérant la dimension

cognitive de I’équipe comme un facteur déterminant de sa créativité.

Description de la these

Dans un contexte ou l'intelligence artificielle constitue une source de mutation de
la science, il est de plus en plus nécessaire d’aborder les aspects liés a son adoption
et son impact sur le processus scientifique. L’objectif principal de cette these est de
faire la lumiere sur trois questions principales :

e Comment I'TA affecte-t-elle le processus de production de connaissances en

termes de nouveauté et de reconnaissance scientifique ?

e Quels sont les facteurs qui favorisent I'adoption de cette technologie dans les

domaines d’application scientifiques ?

e Comment I'aptitude des individus a explorer 1'espace de connaissances, ainsi
que les distances cognitives entre les membres de ’équipe, influencent leurs
capacités a combiner des connaissances éloignées et la reconnaissance scienti-

fique ?
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Pour répondre a ces questions, les chapitres 1 et 2 apporteront des éclaircissements
sur les deux premiere questions, tandis que les chapitres 3 et 4 se concentreront sur
la troisieme. Les sections suivantes présenteront un apercu de chaque chapitre et des

méthodologies employées tout au long de cette these.

Chapitre 1

Ce premier chapitre donne un apercu de la diffusion et de 'impact de l'intelligence
artificielle, en particulier des réseaux neuronaux, dans la science. Certaines études
récentes ont documenté la diffusion de I'IA et de 'apprentissage profond dans la
science [Cockburn et al., 2018, Klinger et al., 2021], mais aucune n’a exploré la fagon
dont leur utilisation influence la découverte scientifique. Notre article répond a cette
question en examinant comment 'utilisation des réseaux neuronaux (NN) affecte la
nouveauté combinatoire et 'impact scientifique des articles dans les sciences de la
santé.

Pour identifier les articles utilisant I'TA, nous avons employé une méthode nouvelle
et originale basée sur la vectorisation de mots qui a permis d’identifier environ 250
000 documents publiés entre 1990 et 2018 provenant de la base de données Web of
Science. En analysant ces documents, nous avons pris en compte cing attributs clés
qui définissent une technologie comme “émergente” - a savoir : (i) nouveauté radicale,
(ii) croissance rapide, (iii) cohérence, (iv) impact important, et (v) incertitude et
ambiguité [Rotolo et al., 2015] - et avons démontré que les NNs se conforment a ces
propriétés. Nous avons constaté que l'activité de recherche sur les NNs a connu une
croissance exponentielle dans presque toutes les sciences et a 1’échelle mondiale, le
processus de diffusion suivant un cycle a deux phases et une forte recomposition des
acteurs mondiaux. La diffusion des méthodes de NN dans les domaines d’application
a démarré de maniere transdisciplinaire en impliquant les sciences informatiques,
puis s’est frayée un chemin dans la “pure” recherche propre a différents domaines
d’application.

Nous avons ensuite étudié I'impact de I’adoption de la technologie sur la découverte
scientifique, en nous concentrant particulierement sur les sciences de la santé. Nous
avons constaté une corrélation négative entre I’adoption des méthodes NN et la nou-
veauté combinatoire en utilisant les indicateurs de nouveauté de Uzzi et al. [2013] et
Wang et al. [2017]. Dans le méme temps, nous avons observé une corrélation positive
avec la probabilité et la dispersion des citations regues, augmentant ainsi la probabi-

lité qu’une contribution devienne un “grand succes”, mais aussi un article peu cité.
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Nos résultats nous incitent a adopter une position plus modérée dans le récent
débat concernant I'influence de I'TA sur le développement des connaissances. Nous
concluons que si les méthodes de NN ne fonctionnent pas encore comme un pilote
automatique pour naviguer dans ’espace des connaissances et relier les idées, elles
représentent un outil de recherche puissant et polyvalent qui a un impact tangible
sur la création de connaissances. A ce titre, nous proposons que I'TA soit considérée

comme un méthode générale émergente d’invention.

Chapitre 2

Ce chapitre vise a comprendre les facteurs qui favorisent ’adoption de I'TA par les
scientifiques de domaine d’application. La plupart des études se concentrent sur une
analyse au niveau article, mais nous proposons d’étudier la dynamique de ’adoption
de I'TA au niveau individuel.

Nous avons utilisé le concept du capital humain scientifique et technique (STHC)
proposé dans 'article fondateur de Bozeman and Corley [2004] et, par conséquent,
nous avons divisé le STHC des auteurs en trois dimensions principales : les ca-
ractéristiques individuelles, I’environnement social et le contexte institutionnel. Nous
avons opérationnalisé ces trois dimensions en associant les données d’OpenAlex a des
informations sur les capacités informatiques des institutions.

Dans cette étude, nous montrons que la proportion de chercheurs qui adoptent
I'TA et qui finiront par utiliser a nouveau cette technologie reste relativement stable,
autour de 35 %. Malgré les avancées technologiques et la disponibilité croissante de
ressources pour faciliter I'utilisation de I'TA, I'intégration de I'IA dans le travail futur
d’un chercheur ne semble pas déterminée par ses progres et son accessibilité. Les
chercheurs qui adoptent I'TA appliquent souvent cette technologie dans un domaine
familier, 62 % d’entre eux publiant leur premier article sur I'TA dans une revue
partageant le méme concept principal que leur publication initiale. En moyenne, le
nombre de chercheurs ayant des compétences en informatique ou en IA est plus élevé
dans les articles basés sur I'TA impliquant des scientifiques du domaine, ce qui suggere
que les articles publiés basés sur I'TA requierent des compétences plus spécialisées que
les publications antérieures du chercheur.

Nos résultats indiquent que le STHC offre un cadre pertinent pour comprendre
les catalyseurs de l'adoption de I'TA dans les domaines d’application. Certaines di-
mensions institutionnelles, telles que le degré de spécialisation, affectent de maniere

significative la capacité des individus a faire la transition vers I'utilisation de I'TA et de
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se l'approprier a plus long terme. Les infrastructures physiques ("High performance
computing”) ne semblent bénéfiques que dans certains domaines, ce qui souligne que
le manque d’infrastructures physiques locales n’est peut-étre pas l'obstacle le plus
important a ’adoption de I'TA, contrairement a ce que 'on croit généralement et a
ce que montrent les études au niveau macroéconomique [Ahmed and Wahed, 2020].
En outre, la composition de I'environnement social (c¢’est-a-dire le réseau de collabo-
rations antérieures) est étroitement liée a l'intégration de I'TA dans les pratiques des
chercheurs et a son adoption a long terme; les chercheurs qui essaient I'TA et ceux
qui réutiliseront cette technologie par la suite appartiennent a des réseaux peuplés
d’informaticiens ou d’individus ayant une expérience de I'IA, au détriment des scien-
tifiques du domaine. Les chercheurs ayant des profils plus variés sont plus susceptibles
d’adopter et de réutiliser I'TA dans leurs recherches, ce qui indique que les personnes
ayant un profil plus exploratoire sont plus susceptibles de s’orienter vers de nouvelles
technologies. Enfin, nous avons constaté que les jeunes chercheurs favorisent I’adop-
tion et la réutilisation de I'TA ; de nombreuses collaborations passées avec de jeunes
chercheurs rendent ’adoption de I'TA plus simple, et leur présence dans I’équipe lors
des premiers essai influe fortement sur la réutilisation de la technologie.

Les institutions doivent encourager une culture favorisant le partage des connais-
sances, la promotion des interactions entre chercheurs et I'identification et le soutien
des individus ”interdisciplinaires” capables de combler le fossé entre I'expertise en
IA et les autres domaines scientifiques. De plus, une réévaluation de l’allocation des
ressources vers des investissements plus modestes mais généralisés dans les infra-
structures de science des données ou d’apprentissage automatique pourrait faciliter

la démocratisation de I'TA.

Chapitre 3

Le chapitre 3 est un chapitre méthodologique. Il propose Novelpy, un module Python
open-source cong¢u pour calculer des indicateurs de nouveauté et de disruption d’ar-
ticles scientifiques et de brevets. Ce chapitre fournit également un apergu détaillé
des différents indicateurs disponibles dans Nowelpy en décrivant formellement ces
mesures (a la fois mathématiquement et graphiquement).

Les mesures de nouveauté sont basées sur le concept de combinaison de connais-
sances, et les indicateurs calculent la difficulté associée aux combinaisons réalisées
dans un article pour déterminer s’il est basé sur des connaissances éloignées ou

proches dans un certain espace de connaissances. Comme couramment dans la littérature,

37



INTRODUCTION GENERALE

les éléments de connaissance sont représentés par les revues ou les abstracts des
références d’un article ou par ses mots-clés.

Les mesures de disruption, quant a elles, analysent la maniere dont un article
cible agit comme un goulot d’étranglement entre les futurs articles et les références
de l'article cible. Elles déterminent si un document consolide un domaine (c’est-a-dire
que les futurs articles s’appuient sur les références utilisées dans 'article cible) ou le
bouleverse (c’est-a-dire que les futurs articles ne font référence qu’a l'article cible).

Bien qu’il existe plusieurs packages disponibles dans R et Python congus pour
étudier la citation, la coécriture ou tout autre couplage (par exemple ScientoPy de
Ruiz-Rosero et al. [2019]; scientoText de Uddin et al. [2016]; Metaknowledge de
McLevey and Mcllroy-Young [2017] ou bibliometriz de Aria and Cuccurullo [2017]),
les bibliotheques permettant de calculer les indicateurs de nouveauté et de pertur-
bation restent inexistantes. Notre effort vise a fournir a la communauté de la scien-
tométrie un outil qui centralise les différentes mesures de nouveauté et de disruption,
facilitant leur comparaison et promouvant leur reproductibilité.

Le module Novelpy integre les mesures de nouveauté de Uzzi et al. [2013], Foster
et al. [2015], Lee et al. [2015], Wang et al. [2017], et Shibayama et al. [2021], ainsi
que les mesures de disruption de Wu et al. [2019], Bornmann et al. [2019a], et Bu
et al. [2019]. Pour démontrer les capacités du module, nous terminons le chapitre en
comparant les différentes mesures sur un échantillon aléatoire de 1,5 million d’articles
tirés du PubMed Knowledge Graph.

Chapitre 4

Ce dernier chapitre s’intéresse de plus pres a la nouveauté en science. Seules quelques
études ont cherché a expliquer les mécanismes a l'origine de la nouveauté. Dans
ce travail, nous développons un nouvel indicateur qui nous permet de mesurer la
diversité cognitive d'une équipe et la propension de ses membres a explorer 1'espace
des connaissances. L’indicateur est construit a ’aide de techniques de plongement de
mots (word2vec, Mikolov et al. [2013b]) sur I’historique des publications des membres
de 1’équipe. Nous testons sa relation avec les indicateurs de nouveauté et nous le
validons en utilisant les recommandations des pairs de la Faculty Opinions, en suivant
Bornmann et al. [2019b].

Nous pouvons considérer notre indicateur comme une mesure de la nouveauté
potentielle, c’est-a-dire des possibilités de nouvelles combinaisons de connaissances

offertes par la diversité des profils d'une équipe et la capacité des individus a établir
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des passerelles entre les autres membres de ’équipe. En comparaison, les indica-
teurs de nouveauté combinatoire captureraient la nouveauté réalisée, c’est-a-dire le
résultat de la recherche menée par cette équipe en termes d’éléments de connais-
sance utilisés. Enfin, la labellisation des membres de Faculty Opinions et d’autres
méthodes de validation externe peuvent décrire la nouveauté percue, c¢’est-a-dire la
perception de cette recherche par les pairs. Dans cette perspective, nous cherchons a
savoir si la nouveauté potentielle contribue a la nouveauté réalisée et percue et a sa
reconnaissance scientifique, mesurée a l’aide de métriques de disruption [Wu et al.,
2019, Bornmann et al., 2019a, Bu et al., 2019]. Pour ce faire, nous utilisons PubMed
Knowledge Graph et examinons environ 1,8 million d’articles de la période 2000-
2005, en nous concentrant sur les publications moins récentes pour gérer le fait que
les nouveaux articles sont plus souvent des “beautés endormies” (sleeping beauties)
et accumulent davantage de citations sur le long terme [Lin et al., 2021].

Nos résultats soulignent le role critique de la dimension cognitive dans la créativité,
car elle influence de maniere significative ’originalité et le succes. Nous montrons que
la diversité cognitive semble toujours bénéfique pour combiner des connaissances plus
éloignées. En revanche, le profil exploratoire moyen au sein de 1’équipe suit une rela-
tion en forme de U inversé avec la nouveauté combinatoire (c¢’est-a-dire qu’il existe un
point d’inflexion ou cela n’est plus bénéfique). La méme relation peut étre trouvée en
examinant I'impact en termes de citations. Cependant, notre étude met en évidence le
lien étroit entre la dimension cognitive et la nature de ces citations. Plus précisément,
les équipes composées d’individus exploitatifs ont tendance a consolider la science,
tandis que celles composées de profils plus exploratifs, lorsqu’ils sont associés a des
profils exploitatifs, la “disruptent”. En résumé, notre recherche souligne I'importance
de la composition des équipes en termes de profil cognitif pour la créativité scienti-
fique.

Nous montrons que la présence conjointe d’individus hautement exploratifs et ex-
ploitatifs constitue la composition d’équipe la plus efficace pour perturber la science ;
cependant, un nombre limité d’individus hautement exploratifs est essentiel pour

maximiser la pertinence des combinaisons de connaissances créées.

Méthodologie

Cette these repose en grande partie sur des analyses quantitatives de la science,
employant des méthodes issues de la bibliométrie et de la scientométrie. Ainsi, nous

utilisons des bases de données massives représentées sous forme de graphes, reliant
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les entités scientifiques entre elles, telles que les auteurs, les articles, les institutions,
etc. Un bref historique de ces domaines s’impose.

Le terme bibliométrie a été défini pour la premiere fois par le Belge Paul Otlet
en 1934 [Otlet, 1934] et réintroduit dans sa version anglaise par Pritchard et al.
[1969] dans 'article “Statistical Bibliography or Bibliometrics ?” L’objectif initial
de la discipline était d’améliorer la classification et l'organisation des livres pour
contenir I'afflux de connaissances. Plus précisément, les bibliothécaires 'utilisaient
pour sélectionner les articles pertinents pour leurs collections [Sugimoto and La-
riviere, 2018]. En 1955, le chimiste et documentaliste Eugene K. Garfield proposa
la création d’un index des citations pour offrir un outil d’analyse en étudiant les
liens entre différents documents scientifiques. L’'Institute for Scientific Information,
fondé par Garfield en 1960, a développé le Science Citation Index (SCI), lancé pour
la premiere fois en 1963 a l'intention des chercheurs et des bibliothécaires. Toutefois,
les études bibliométriques ont débuté dans les années 1960, I'une des figures centrales
étant Derek J. de Solla Price [de Solla Price, 1965, Boyack et al., 2005]. A I’époque,
I’objectif initial était de comprendre la recherche en tant que systeme en examinant
la croissance des publications et les grandes lignes de I'activité de citation. Tres tot, le
nombre de références, la densité du nombre de citations pour les articles et 1'inégalité
dans le processus de citation ont fait I’objet d’un intérét particulier. Les problemes
fondamentaux liés a la détection des connaissances importantes et a la progression
du systeme scientifique restent au coeur de la recherche en science des sciences [For-
tunato et al., 2018]. Le nombre de bases de données utilisées par les chercheurs a
augmenté au cours des dernieres décennies. De nouvelles structures telles que les
graphes de connaissances (KG) sont apparues’. Bien que le nom KG ait été utilisé
pour la premiere fois dans Schneider [1973], il n’a été popularisé qu’en 2012 lorsque
Google a présenté son propre KG. Ils permettent de faire des correspondances entre
différentes entités liées un article, une tache cruciale en scientométrie. Ces unités
peuvent étre un profil d’auteur, une revue, une référence ou méme des sujets. Ces
entités nous aident a mieux comprendre la maniere dont la science est structurée et
réalisée.

La disponibilité croissante des données a entrainé une diversification du domaine
de la scientométrie. Les chercheurs utilisent souvent de maniere interchangeable des

termes tels que bibliométrie, scientométrie, informétrie, webométrie et altmétrie. Une

"Par exemple, Microsoft Academic Graph (MAG, qui a été remplacé par OpenAlex en 2022)
ou bien PubMed Knowledge Graph (PKG)
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littérature abondante retrace I’histoire de ces domaines et cherche a comprendre leurs
différences, ainsi qu’a créer des taxonomies intra-champ. Ils partagent tous un ob-
jectif commun : étudier la science en tant que systeme, en utilisant des méthodes
scientifiques. L’informétrie est une sous-discipline des sciences de l'information et
se définit comme 'application de méthodes mathématiques au contenu des sciences
de Tinformation [Chellappandi and Vijayakumar, 2018]. En d’autres termes, 1'in-
formétrie est le plus haut niveau d’abstraction, et tous les autres domaines sont un
sous-ensemble de 'informétrie. La bibliométrie, comme nous I'avons vu plus haut, se
concentre sur les citations pour la gestion des collections et la recherche de documents
en utilisant des aspects spécifiques du document sans le placer dans le contexte global
dans lequel il a été créé. En revanche, la scientométrie est une ”méta-science” qui
analyse quantitativement la production, la diffusion et les mécanismes du systeme
sous-jacent [Sugimoto and Lariviere, 2018, Chellappandi and Vijayakumar, 2018].
Enfin, Webometrics et Altmetrics s’intéressent tous deux aux informations dispo-
nibles sur le web, mais Webometrics est centré sur le document, le document étant
une page web, tandis qu’Altmetrics est centré sur l'aspect réseau et complete les
citations par le nombre de likes et de retweets [Mingers and Leydesdorff, 2015].

Cette these est essentiellement basée sur des méthodes issues de la scientométrie.
Mais la scientométrie elle-méme peut étre divisée en deux macro-types d’analyse : la
performance et 'analyse de la cartographie des sciences (SMA) [Moral Mufioz et al.,
2020]. L’objectif de cette premiere est d’évaluer les activités des acteurs scientifiques
et leur impact. Son but est donc d’attribuer une valeur a la productivité et a I’étendue
de la recherche menée par une unité (article, auteur, 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]; elle prend un cliché d’une
partie du systeme scientifique & un moment donné pour analyser sa structure.

Les intrants, les extrants et les impacts de ces activités scientifiques sont les
trois perspectives utilisées dans 1’analyse de performance et la SMA [Sugimoto and
Lariviere, 2018]. L’input fait référence aux ressources humaines et financieres et
capture les différentes interactions des agents du systeme a différents niveaux (ni-
veaux Auteur/Institutionnel /Pays); loutput est le résultat final du processus de
recherche, c’est-a-dire la composition de ce document et les différentes entités qui le
caractérisent ; et enfin, les mesures d’impact étudient les répercussions des outputs,
la diffusion des connaissances qu’'un article génere a travers les citations, I’attention

du grand public, ou la réutilisation des composantes du document.
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Cette these aborde ces trois dimensions dans le cadre de I'étude de l'intelligence
artificielle en science. En effet, dans le chapitre 1, comme indiqué dans l'introduction,
nous étudions les extrants et I'impact scientifique des publications utilisant I'IA. Dans
le chapitre 2, nous étudions les intrants de la recherche en TA. Les chapitres 3 et 4
visent enfin a comprendre les relations entre les intrants au niveau de 'auteur et les

extrants de la recherche menée et leur impact scientifique.
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Chapitre 1

Artificial Intelligence in Science :
An Emerging General Method of

Invention

This chapter was co-authored with

Stefano BIANCHINI and Moritz MULLER

Summary of the chapter

This paper offers insights into the diffusion and impact of artificial intelligence in
science. More specifically, we show that neural network-based technology meets the
essential properties of emerging technologies in the scientific realm. It is novel, be-
cause it shows discontinuous innovations in the originating domain and is put to new
uses in many application domains; it is quick growing, its dimensions being subject
to rapid change; it is coherent, because it detaches from its technological parents,
and integrates and is accepted in different scientific communities; and it has a promi-
nent impact on scientific discovery, but a high degree of uncertainty and ambiguity
associated with this impact. Our findings suggest that intelligent machines diffuse
in the sciences, reshape the nature of the discovery process and potentially affect
the organization of science. We propose a new conceptual framework that considers
artificial intelligence as an emerging general method of invention and, on this basis,

derive its policy implications.
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1.1 Introduction

Measurable research outputs such as papers, patents, and innovations have been
subject to high enduring growth rates over the last century. Yet, recent empirical
evidence suggests that research productivity is ever falling and new ideas are be-
coming increasingly harder to find [Gordon, 2016, Bloom et al., 2020]. A common
narrative for this decline in productivity rests on the so-called ‘knowledge burden’.
Over the past few decades, data and information have begun to grow and accumulate
on an unprecedented scale, and searching through an increasingly vast and complex
knowledge space has become prohibitively expensive [Weitzman, 1998, Fleming, 2001,
Jones, 2009].

Recent advances in artificial intelligence (AI) — in particular the rapid improve-
ments in prediction achieved by (multi-layer) neural networks (NN) — have brought
a wave of optimism that these technologies will speed up scientific discovery [Hey
et al., 2009, Agrawal et al., 2018, Cockburn et al., 2018]. NN-based models have been
found to be particularly good for discovering representations, invariances, and laws,
that is, unusual and interesting patterns that are hidden in high-dimensional data
[LeCun et al., 2015, Schmidhuber, 2015, Goodfellow et al., 2016]. In other words,
NNs have shown themselves to be particularly suited to addressing scientific prob-
lems.

The first question we raise in this article is whether NNs are, in fact, diffusing
into the sciences and, if so, what the mechanics of this diffusion process might be.
In so doing, we consider five key attributes that allow a technology to be defined
as ‘emerging’ — namely: (i) radical novelty, (ii) fast growth, (iii) coherence, (iv)
prominent impact, and (v) uncertainty and ambiguity [Rotolo et al., 2015] — and
show that NNs conform to these properties.

The second question we address is how NNs influence scientific discovery. Ma-
chines are becoming much more than mere scientific instruments, and might even be
described as teammates. Today, intelligent machines can engage in various stages of
a (complex) problem-solving process. They can, for example, define the problem(s),

identify root causes, propose and evaluate solutions, choose between different op-

Rotolo et al. [2015] conceive of an emerging technology as “[a/ radically novel and relatively
fast growing technology characterized by a certain degree of coherence persisting over time and with
the potential to exert a considerable impact on the socio-economic domain(s) which is observed in
terms of the composition of actors, institutions and patterns of interactions among those, along
with the associated knowledge production processes. Its most prominent impact, however, lies in the
future and so in the emergence phase is still somewhat uncertain and ambiguous” (p.1828).
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tions, make plans, take actions, and learn from interactions [Seeber et al., 2020]. Al
and, in particular, multi-layer NNs have been qualified as a general-purpose inven-
tion in the method of invention [Cockburn et al., 2018], a conceptual framework that
blends the concepts of the method of invention (MI) [Griliches, 1957] and general-
purpose technology (GPT)[Bresnahan and Trajtenberg, 1995]. Building on this idea,
Agrawal et al. [2018] suggest that NN-based prediction machines can alter the knowl-
edge production function in combinatorial-type research problems by affecting two
dimensions: those of ‘search’ and ‘discovery’. NN ‘search’ methods would support
knowledge access by making existing relevant knowledge available to the researcher,
whereas NN ‘discovery’ methods would help identify valuable combinations among
elements of that available knowledge. Thus, in a needle-in-a-haystack problem, the
‘search’” dimension would arrange the haystack and the ‘discovery’ dimension would
find the needle.

This distinction between ‘search’ and ‘discovery’ is conceptually interesting. Yet,
it tells us little about how Al influences the direction of knowledge development,
because it only deals with one body (or one haystack to stick with the analogy)
of pre-existing elements of knowledge. However, there are two sides to the knowl-
edge explosion: increasing knowledge within each domain (i.e., larger haystacks) and
an increasing number of domains (i.e., more haystacks). A priori, Al can either
help scientists explore familiar conceptual spaces — structured styles of thought — in
depth or transform the space by making unfamiliar combinations of distant knowl-
edge elements [Boden, 2004, 2009]. The fundamental question, then, is whether AT
is currently being used to cope with the knowledge explosion within a domain or
to facilitate knowledge creation across domains — that is, in-depth exploration of a
known domain vis-a-vis the transformation of the domain through knowledge recom-
bination across other domains.

Hence, we are interested in investigating empirically how NN methods contribute
to science in terms of recombinatorial novelty and impact, an analysis confined here
to the health sciences. In this study, the concept of recombinatorial novelty refers
to novel recombinations across domains, as proxied by scientific journals, whereas
the concept of impact refers to the relative importance of a study in the scientific
community, as proxied by citation indices. We find that NN adoption is negatively
associated with recombinatorial novelty, suggesting that researchers are using NNs as
a research tool primarily to cope with the knowledge explosion within domains rather

than across domains. Interestingly, our results also reveal a considerable degree of

46



CHAPTER 1. AN EMERGING GENERAL METHOD OF INVENTION

uncertainty as regards impact, reflected by a high variation in citation performance.
We suggest that this outcome is consistent with the intrinsic nature of emerging
technologies, but also with a sort of ‘mode effect’ whereby ‘everyone wants to be Al
and data savvy, but few are ready’.

The rest of this paper is structured as follows. Section 2 discusses the emer-
gence of the new data-intensive scientific paradigm; Section 3 presents the method
for identifying NN-related research and our sample construction; Section 4 docu-
ments aspects of the NN diffusion process in the sciences; Section 5 presents our
analysis of the contribution of NN methods to the health sciences; and, the final
section concludes by identifying a number of areas that might benefit from policy

considerations.

1.2 Data-intensive scientific discovery

“Few fields are untouched by the machine-learning revolution, from materials science

to drug exploration; quantum physics to medicine.” [Nature-Editorial, 2019]

Historically, the process of scientific inquiry has evolved through paradigms, seen
as symbolic generalizations, metaphysical commitments, values and exemplars that
are shared by a community of scientists and that guide the research of that commu-
nity [Kuhn, 1962].

For most of human history, scientists have been observing phenomena, postulat-
ing laws or principles to generalize the complexity of their observations into simpler
concepts — i.e., compressed, elegant mathematical representations that offer insights
into the functioning of the universe. Originally there were just two sciences, the
experimental and the theoretical. Indeed, Hey et al. [2009] identify empirical obser-
vation and logical (theory) formulation as the first and second scientific paradigms,
respectively. Towards the middle of the last century, however, many problems proved
too complicated to be solved analytically and researchers had to start simulating.
Science entered a third paradigm, one characterized by the development of computa-
tional models and simulations to understand complex phenomena. As the knowledge
frontier expands and the landscape gets more complex, it is becoming harder and
harder for researchers to know enough to find (useful) combinations of knowledge
that produce new (valuable) ideas.

Ongoing developments in Al, especially the impressive achievements made using
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NN techniques, have led to mounting pressure to shift from hypothesis-driven to
data-driven scientific discovery. The emerging scientific paradigm is being built
on data-intensive computing with the massive deployment of intelligent machines
capable of finding representations, rules, and patterns in an ever-increasing volume
of structured and unstructured data [King et al., 2009, Hey et al., 2009, Nature-
Editorial, 2019]. Even today, Francis Bacon’s basic insight continues to hold: the
scientists’ job is to search for regularities in the empirical data. Bacon probably
could not have foreseen that this search is best achieved today with the support of
Al

What makes NNs particularly powerful is the learning process, that is, they learn
from past experience and understand the world in terms of a hierarchy of concepts,
where each concept is defined by the way it relates to simpler concepts [Schmidhuber,
2015, Goodfellow et al., 2016]. It is clear that the term ‘artificial neural networks’ has
been coined by analogy with biological neural networks, complete with their neurons,
connections and firings. In a general NN model, the variables observed in the data
are presented to an input or visible layer composed of several nodes; then a series
of hidden layers (also composed of nodes) extracts increasingly abstract features
from the data. The term ‘hidden’ stresses the idea that there is no predetermined
structure; rather, it is the model itself that learns which concepts are useful to
explain the relationships observed in the data. The nodes in the input, the hidden
and output layers are all vaguely similar to biological neurons, and the connections
between these nodes can be thought of as reflecting the connections between neurons
[Hassabis et al., 2017].

NN-based methods can be applied in scientific settings in a variety of ways (see,
e.g., Raghu and Schmidt [2020]). The most common application is to use NNs to
tackle complex prediction problems — i.e., mapping inputs to predicted outputs. By
way of example, the input might be an MRI image and the machine has to output a
prediction of whether there are any signs of cancer. A second common application is
to obtain interpretable insights into which property of the data led to the observed
prediction — that is, from prediction to understanding. For example, some tools can
be used to analyse the hidden representations of a neural network and detect which
features of the input are most critical. A third application is to perform complex
transformations of input data, such as image super-resolution and data compression,
which in turn make data analysis easier and save space. Other recent tools, although

in their infancy, would help scientists write better papers and co-write codes.
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It is clear that intelligent machines can help shoulder the ‘knowledge burden’
within a scientific domain, act as a fertilizer of knowledge recombination across do-
mains, and thus enrich and transform the knowledge space. In short, intelligent
machines can influence both ‘search’ and ‘discovery’ processes.

In the case of the ‘search’ process, NNs can support access to knowledge by
predicting which elements of knowledge and information are most relevant to the
researcher. Three examples will serve to illustrate this function. First, NN-based
recommender systems can offer high quality cross-domain recommendations by ex-
ploiting numeric measurements, images, text and interactions in a unified joint frame-
work [Zhang et al., 2019]. Second, transformational learning can improve learning
tasks in one domain by using knowledge transferred from other (related) domains,
and in turn capture generalizations and differences across domains [Olier et al., 2021].
And, third, AI can be used for fact-checking, that is, assessing the veracity of scien-
tific claims in sensitive areas such as climate change or Covid-19 pandemic [Wadden
et al., 2020].

In the case of the ‘discovery’” process, NNs provide a better prediction of which
elements of knowledge can be combined to produce new knowledge and of the value
of that knowledge. Literature-based discovery, for example, is a way to understand
implicit (hidden) associations from existing studies, which can result in interesting,
surprising, non-trivial hypotheses that are worth studying. Other NN-based tools,
such as machine reading comprehension systems, can propose variations on an exper-
iment after having identified gaps in the literature [Baradaran et al., 2022]. Highly
efficient forms of deep active learning have also been developed that can reduce the
uncertainty associated with those regions of the experiment space that are sparsely
populated with results [Daugherty and Wilson, 2018].

A major consequence of considering Al as a research tool — indeed, as a teammate
—is that its impact is not limited to its ability to reduce the costs of specific scientific
activities, but that it can facilitate a new approach to science itself, by modifying
the scientific paradigm in the domains where the new research tool is deployed. Ex-
ploring the emergence of NN-based technology in science and its impact on scientific

discovery is at the core of our study.
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1.3 Identifying neural network research

Our empirical analysis of scientific publications exploits two databases: arXiv.org and
Web of Science (WoS). First, we use arXiv.org to draw up an appropriate list of search
terms referring to NNs based on the natural language processing of scientific abstracts
from publications in the subject areas of ‘Computer Science’, ‘Mathematics’, and
‘Statistics’. Second, these search terms are used to query the WoS database and to
extract a sample of NN papers across all scientific fields.

Reliance on a list of search terms for document retrieval is a common practice
in research on emerging technologies and science in general. Unfortunately, extant
studies do not provide us with an authoritative ‘ready-to-use’ list of search terms.
Here, we train the word embedding model Word2Vec [Mikolov et al., 2013] with
scientific abstracts from arXiv.org’s documents in order to learn NN-related terms.

Our training sample consists of scientific abstracts from arXiv.org. Al research
tends to be a blend of statistics and informatics, but is developed in the main within
the computer sciences. Informatics is a fast-developing field in which conference
proceedings traditionally play an important role. More recently, however, the rapid
dissemination of research is (best) achieved via open access journals and platforms.
Of these, arXiv.org is the most prominent and provides us with a rich corpus for the
identification of NN-related terms. We downloaded a total of 197,439 abstracts of
papers from the subject areas of ‘Computer Science’, ‘Mathematics’ and ‘Statistics’,
for the period 1990-2018. The three areas represented roughly 50% of all arXiv.org
documents in 2018, and just 10% in the early 2000s.

Once pre-processed (details in Supplementary Material), the corpus was used to
train the Word2Vec model in its skip-gram with negative sampling version. The main
outcome of this model is one vector representation for each term in the vocabulary.
Hence, we were able to identify the terms that appear in the same cluster as the term
‘neural network’. The resulting list of potential search terms included individual
words (uni-grams) as well as technical terms consisting of multiple words (n-grams).
We opted to retain only those terms consisting of multiple words — i.e., we removed
all uni-grams — in order to err on the side of conservativism and to ensure only the
inclusion of terms that relate unambiguously to NNs. Moreover, we retained only
the 30 most frequent n-grams after eliminating terms considered as being too generic
(e.g., ‘short term’ or ‘supervised learning’). The final list of search terms used in our
study is shown in Table 1.

A more complete list of terms for all clusters identified by word embedding can
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Table 1.1: NN-related search terms from word embedding

n-gram Count n-gram Count
neural network 402,996  long short term memory 3,122
neural networks 173,470  hidden layers 2,080
artificial neural 100,749  restricted boltzmann 1,635
artificial neural network 99,794  auto encoder 1,444
deep learning 24,104  generative adversarial 1,242
convolutional neural 20,742  encoder decoder 1,198
convolutional neural network 20,595  adversarial network 1,192
recurrent neural 14,355  generative adversarial network 1,085
recurrent neural network 13,965  fully convolutional network 688
deep neural 9,418 convolutional layers 568
multilayer perceptron 9,352  variational autoencoder 216
deep neural network 9,181 adversarial attacks 197
hidden layer 7,810 adversarial examples 92
deep convolutional 4,263  variational autoencoders 75
deep convolutional neural network 3,384  adversarial perturbations 24

Notes: The count refers to how many times a given term occurs in the Web of Science corpus. A
document may (and very often does) include several terms. Adding more terms would only slightly
change the number of documents retrieved from WoS, as can be seen from the counts of the last few
terms.

be found in Appendix.

Our sample for subsequent analysis included all publications in the WoS Core
Collection published between 1990 and 2018, and having at least one of the search
terms (Table 1) in their title, keywords, or abstract. In total, we identified 260,459
documents (144,095 articles; 39,925 conference proceedings; 76,439 others).

1.4 Technology diffusion in the sciences

This Section documents the diffusion of NN-based methods in the sciences. We show
that the diffusion dynamics and the characteristics of the technology largely conform

to properties of emerging technologies.

(Relative) fast growth. One of the defining attributes of an emerging technology is

the speed of its growth, which is evident in such dimensions as the number of actors
involved, the funding made available, and the knowledge output produced.

Our data confirm a ‘burst of research activity’ in all scientific areas (Figure 1),
although the volume (blue line) varied markedly. ‘Technology’ (Panel A) is the
dominant field, which can be explained in part by the fact that it includes ‘Computer
Science’, the main field of origin. It is followed, with about five times fewer papers,

by ‘Physical Sciences’ (Panel B), which in turn is closely followed by ‘Life Sciences
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Figure 1.1: Trends in NN publication activity by scientific area
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Notes: The blue lines show the number of publications and the orange lines plot the growth rates
in each scientific area. Growth rates are calculated as three-year moving averages and omitted
publications before 2001. Scientific areas correspond to WoS research areas. Panel H refers to
research published on arXiv.org, based on the sample discussed in Section 3.

& Biomedicine’ (Panel C). Publications in ‘Health Sciences’ (Panel D) — defined as
a subset of ‘Life Sciences & Biomedicine’ and the focus of the analysis conducted
in the next Section — largely parallel those of ‘Life Sciences’. Publication counts
in ‘Social Sciences’ (Panel E) are relatively low, becoming negligible for ‘Arts &
Humanities’ (Panel F). Panel G, which combines all WoS documents into one, shows
that the (three-year average) growth rate (orange line) in NN publication activity
around 2005 was high (at about 10%), it then suffered something of a decline in the
years around 2010, before recovering and experiencing steady growth to the end of
the observation period (reaching 20%). Indeed, the individual areas exhibited very

similar growth patterns.?

2The overall number of NN-related documents varies according to the sub-disciplines within each
scientific area (not shown here). The general trend in ‘Technology’ is driven mainly by ‘Computer
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Publication activity on arXiv.org (Panel H) follows essentially the same dynamics.
Growth rates mimic the shape described above but are about five times higher than
those in the WoS panels. The comparatively higher rates are attributable it would
seem to the fact that open platforms are increasingly popular, given their efficiency
and speed, as a channel of communication between researchers, particularly within
the machine learning and computer science communities [Sutton and Gong, 2017].

Research output increased not only in absolute numbers but also relative to the
overall number of papers in a given scientific area, albeit at a lower level. In 2018,
NN documents represented 2.6% of all papers in ‘Technology’, 1.02% in ‘Physical
Sciences’, and 0.3% in ‘Life Sciences & Biomedicine’. This means NN publications
still account for only a tiny fraction of the whole research volume, in particular
in application domains. However, recent growth rates in these shares are remark-
able. NN-related research presents the highest growth rates in the ‘Life Sciences &
Biomedicine’ (47.3% in the period 2017-2018), ranks second in ‘Physical Sciences’
(42%), and in ‘Technology’ presents a growth rate of roughly 18%.

Spatial diffusion and actor re-configuration. Another of the defining attributes of an

emerging technology is the speed of change in the configuration of actors — e.g.,
countries, users, and scientists.

Figure 1.2 shows the dynamics of science at the country level. Each document
is attributed to a given country when the affiliation of at least one of its authors is
in that country. During the first period, 1990-1999, most of the documents (about
5,000) were published by scientists in the United States. Publishing activity was
relatively low in absolute numbers in the European countries, Australia and China,
and negligible or non-existent in most other countries. In the following decade,
2000-2009, China became the most prolific country with about 20,000 documents.
The US ranked second with around 14,000 articles, whereas European countries,
Australia, Canada, and India grew sufficiently to maintain their relative strength in
the field. Interestingly, in this decade, NN research activity took off in an increas-
ing number of countries. These trends were further reinforced in the last period,

2010-2018. Compared to the previous decade, China doubled its research output,

Science’ (103,729 documents), ‘Engineering’ (95,638) and ‘Automation & Control Systems’ (24,721).
In the case of ‘Physical Sciences’, it is driven by ‘Physics’ (7,239), ‘Mathematics’ (5,123) and
‘Chemistry’ (3,702), while in ‘Life Sciences & Biomedicine’, it is driven by ‘Environmental Sciences
& Ecology’ (2,632), ‘Neurosciences & Neurology’ (2,032), and ‘Biochemistry & Molecular Biology’
(1,728).
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Figure 1.2: Global diffusion of NN in science across countries
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Notes: The intensity of colour reflects a country’s relative number of NN publications in a given
period, with no observed NN publication activity in hatched countries [WoS sample].

widening the gap with the US and, to a lesser extent, with the EU.

In summary, our data seem to suggest that NN research has diffused rapidly
at the global scale, and that since the early stages of development there has been
a re-configuration of global actors. We consistently observed high volatility in the

rankings, with some countries climbing the ladder and others lagging behind.

Radical novelty and ‘double-boom’ cycle. NNs have experienced a discontinuous wave

of major innovations, which points to the radical nature of this technology. (Artificial
intelligence has a long, rich history dating back to the 1950s, when researchers from
different domains began to explore various paths toward mechanizing intelligence —
interested readers may consult Nilsson [2009] and Russell [2010]).

Novelty can also arise from putting the technology to a new use — that is, applying
it from one domain to another [Adner and Levinthal, 2002]. The originating domain

of NN research is predominately computer science; thus, it seems appropriate to
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follow Cockburn et al. [2018] and assume that NN publications in all areas other
than computer science represent applications of NN methods to address field-specific
research problems.

The diffusion of emerging technologies from the originating domain to the appli-
cation domains typically follows a ‘double-boom’ cycle [Schmoch, 2007]. Initially, the
new technology seems to be of high potential, and high expectations trigger consid-
erable development efforts, especially theoretical — the first boom. However, during
these early development activities, several actors discover the difficulties of trans-
lating theory into practice. Most fail and cease their innovation activities, putting
an end to the first boom. But some continue and, as time passes, they overcome
some of the more important practical hurdles and are able to demonstrate genuine
advances — starting the second boom. Interestingly, this pattern is largely consistent
with the growth patterns recorded in Figure 1 (orange lines), where the first boom,

subsequent decline, and second boom are clearly evident.

Table 1.2: Influential NN publications

Title | Journal Cluster # Citations Share [%)]
Multilayer feedforward networks are universal approximators | NN 1 5,904 0.14
Neural networks and physical systems with emergent ... | PNAS 1 4,658 0.11
Learning representations by back-propagating errors | Nature 1 4,645 0.11
Learning internal representations by error propagation | MIT Press 1 3,921 0.09
Approximation by superpositions of a sigmoidal function | MCSS 1 3,657 0.09
Training feedforward networks with the Marquardt algorithm | IEEE TNNLS 1 3,128 0.07
ANFIS: adaptive-network-based fuzzy inference system | IEEE SMC 1 2,909 0.07
Identification and control of dynamical systems using ... | [IEEE TNNLS 1 2,551 0.06
Cellular neural networks: theory | IEEE CAS 1 2,267 0.05
ImageNet classification with deep convolutional neural networks | NeurIPS 2 7,177 0.17
Gradient-based learning applied to document recognition | IEEE Proceedings 2 3,590 0.09
Deep learning | Nature 2 3,542 0.08
Long short-term memory | NC 2 3,074 0.07
A fast learning algorithm for deep belief nets | NC 2 2,710 0.06
Reducing the dimensionality of data with neural networks | Science 2 2,621 0.06
Very deep convolutional networks for large-scale image recognition | arXiv 2 2,582 0.06
Particle swarm optimization | IEEE Proceedings ICNN 2 2,568 0.06
Deep residual learning for image recognition | IEEE Proceedings CVPR 2 2,160 0.05

Notes: This table reports the references (title and journal) of the most cited articles from the WoS publica-
tion sample over the period 2000-2018. From a total of 4,190,306 references (1,618,836 unique) cited by the
documents in our sample, we selected the five most used references for each year. This gives us 18 time series
that were clustered. Clustering is obtained via k-medoid and dynamic time warping. References within clusters
ranked by total number of citations.

We also find that the second boom is marked by a shift in emphasis from theoret-
ical principles to practical applications. In support of this evidence, we considered
the top five cited references in each year of the observation period (i.e., those doc-
uments with the highest annual shares of all cited references in our publications),

which gave us a list of 18 unique articles and their corresponding citation counts,
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as shown in Table 1.2. Using dynamic time warping (DTW) to measure dissimi-
larity between time series, we then clustered these temporal sequences by means of
k-medoids [Berndt and Clifford, 1994]. As shown in Figure 1.3, we obtained two
clusters. In the first period, the most cited articles in our sample were theoretical
contributions, including a discussion of the possibility of using multilayer feedforward
networks as universal function approximators, training algorithms (backprop), and
parallel computing theories (cellular NN). In the second period, the most influential
articles were no longer theoretical contributions, but rather articles that show how
to put theoretical principles into practice. These contributions included inventions
that have brought enormous performance gains to real-world tasks, especially for im-
age and text analyses (e.g., deep convolutional neural networks and long short-term

memory (LSTM) architectures).

Figure 1.3: Trends in annual citations of influential NN publications

Citation share in %

0.0-

2000 2005 2010 2015

Notes: This figure shows the annual share of all citations in the Web of Science sample for the two
clusters of most cited NN articles. The shaded areas are time series intervals defined by minimum
and maximum citation shares. In the main, the orange profile represents ‘theoretical’ contributions
and the blue profile represents ‘applications’. Due to the limited number of articles that could be
cited in the initial period, we clustered the time series from 2000 onwards.

Coherence. Another defining attribute of an emerging technology is its coherence,

understood as the shared interpretation and acceptance of the technology within a
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community. Signals of coherence can include the creation of dedicated conference ses-
sions, new specialist journals and new categories in established classification systems.
Here, we consider the transition from cross-disciplinary to disciplinary research effort
as a sign of coherence, as this would mean that the technology has moved beyond its
conceptual stage requiring close interaction between users and developers, and has
become ‘common practice’ in application domains.

Each document is labelled by WoS as belonging to at least one subject category on
the basis of the journal in which it was published. In most instances, a document falls
into more than one category. The extent to which publications in a given scientific
area are cross-classified as computer science contributions can therefore proxy cross-
disciplinarity with respect to computer science. Thus, for each broad scientific area
and year, we calculated the fraction of NN documents that are (also) labelled as
‘Computer Science’.

Figure 1.4 shows the corresponding time trends. Each point of the plot for ‘Tech-
nology’ (Panel A) represents the average number of ‘Technology’ NN documents
cross-classified as ‘Computer Science’ in a given year. For example, in 1990 about
60% of ‘Technology’ publications also fell into the ‘Computer Science’ category (first
dot). The overall trend (blue line) follows a flat U-shape that reaches around 70% in
2005, before falling to less than 50% by the end of the observation period. Indeed, in
2018, a large proportion of papers in ‘Technology’ are no longer labelled as computer
science contributions. ‘Physical Sciences’ (Panel B) also presents an inverse U-shape,
with an increase in cross-classified computer science documents that reached 20% in
2000, before falling to 10% by the end of the period. No increase in computer sci-
ence cross-classification was observed in ‘Life Sciences & Biomedicine’ (Panel C).
From the very high share of 70% at the beginning of the period, a continuous de-
cline was subsequently recorded (with significant drops around 2000 and again in
2010), finishing the period at around 20%. ‘Health Sciences’ (Panel D) presents the
same evolution. ‘Social Sciences’ (Panel E) increased their share of computer science
documents to 40% around 2010, but this was followed by a sharp downturn, while
in ‘Arts & Humanities’ (Panel F), the share of computer science documents is very
noisy, and no particular trend can be deciphered.

Taken together, these dynamics suggest that NNs diffuse from computer science,
the originating discipline, into other application-oriented scientific disciplines. Thus,
over time, we see a greater propensity of different communities to integrate the tech-

nology into their discipline, which is a good signal of coherence.
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Figure 1.4: NN publications cross-classified as ‘Computer Science’
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Notes: The figures show the fraction of NN documents cross-classified as ‘Computer Science’. Or-
ange dots represent the share of cross-classified papers in each year. The blue curve corresponds
to a simple local regression, with the surrounding shaded area representing the 95% confidence
interval around the mean.

In short, it is more than apparent that NN technology fulfils many of the con-
ditions to be classified as an emerging technology. It exhibits rapid growth in all
domains; it has experienced a turbulent shift and reconfiguration of the actors in-
volved in its development and adoption; and it presents a degree of coherence that
persists over time. However, the picture arrived at in the first part of this analysis
is incomplete. How does the technology influence scientific discovery in its domains
of application? What can be learned about its undoubted impact yet, at the same
time, the uncertainty that is often associated with its adoption? We address these

questions in the next Section.
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1.5 Neural networks in the health sciences

Here, we specifically address the impact of NN-based methods in the ‘Health Sci-
ences’, one of the application domains with the highest short-term societal impacts
[Raghupathi and Raghupathi, 2014, Miotto et al., 2018]. Al, in general, and deep
learning, in particular, have already contributed to a variety of data-driven innova-
tions in the health domain — improving healthcare systems, supporting clinicians,
and monitoring patient diseases, among others. A review of the literature enabled
us to identify applications in virtually all sub-disciplines: health informatics and
biomedical research [Marx, 2013, Ravi et al., 2016], computational biology [Anger-
mueller et al., 2016], genomic medicine [Leung et al., 2015], medical imaging [Litjens
et al., 2017, Shen et al., 2017, Savadjiev et al., 2019], drug discovery and pharmacoge-
nomics [Ma et al., 2015], real-time patient monitoring [Rajkomar et al., 2018], public
health[Miotto et al., 2018, Zhang et al., 2018], and neuroscience and the cognitive
sciences [Marblestone et al., 2016, Hassabis et al., 2017, Lake et al., 2017].3

Novelty and impact in science. A ‘scientific contribution’ is typically considered
as comprising two elements: novelty and impact. Different terms for essentially this
same idea were used in earlier studies of science, so that debates centred on discus-
sions of the notions of originality, discovery and breakthrough and contributions to
scientific progress [de Solla Price, 1963, Merton, 1957, Bourdieu, 1975]. It was Kuhn
[1962] who coined the term ‘novelty’ to describe a more radical contribution that does
not simply make an incremental advance in the ‘normal science’ in place, but rather
breaks the current paradigm. More recently, the term novelty has partly lost this
radical connotation, but it still carries the idea of a high degree of originality, while
the concept of ‘recombinatorial novelty’ has emerged to highlight the idea that new
knowledge arises out of the recombination of previously generated bits of knowledge
[Fleming, 2001, Arthur, 2009, Uzzi et al., 2013, Wang et al., 2017].

Only a very small percentage of the potential for useful recombinations in the
knowledge space is currently exploited. NNs can change the way science develops by
helping to overcome our human limitations [Agrawal et al., 2018, Cockburn et al.,
2018, Furman and Teodoridis, 2020]. Yet, how exactly does NN adoption correlate

with novelty? The answer to this question depends very much on how the technology

3We define the ‘Health Sciences’ as comprising 83 Web of Science subject categories within
the ‘Life Sciences & Biomedicine’ research area. The complete list of categories included can be
consulted in the Supplementary Material.
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is used in the scientific complex. Indeed, scientists can adopt new methods either to
advance well-established research trajectories within a conceptual space or to explore
new avenues by altering the conceptual space with knowledge from other domains,
leading to low and high recombinatorial novelty, respectively.

The second element of a ‘scientific contribution’ concerns its impact, a key at-
tribute of emerging technologies. Impact is related to, but different from, novelty;
if research provides novelty, that novelty must be adopted by the scientific commu-
nity in order for its impact to be felt. And, moreover, research can have an impact
on subsequent research for reasons other than (recombinatorial) novelty, especially
when providing new insights within established knowledge structures.

Yet, nor should impact be considered fully independent of novelty. Evidence sug-
gests that a high degree of novelty is likely to increase the risk of delays and failures
[Azoulay et al., 2011]. Moreover, novel research often requires more complex and
risky collaborative social structures [Fleming et al., 2007, Foster et al., 2015]. Thus,
highly novel research can be subject to considerable variations in ‘quality’ Fleming
[2001], Wang et al. [2017] and, hence, to greater variations in impact. Uncertainty
and ambiguity are common features of the research process, especially because the
potential applications of the technology have yet to be explored and understood.
Social inertia can further reinforce the uncertainty associated with impact. Emerg-
ing technologies typically encounter resistance in society precisely because they cause
structural changes in roles and norms [Merton, 1957, Bourdieu, 1975]. This is partic-
ularly true of AI which operates at the intersection of ethical and legal considerations
and, as such, is shaping the future of both individuals and society as a whole [Lanier,
2011, O’neil, 2017, Zuboft, 2019].

1.5.1 Empirical analysis

We measure scientific knowledge creation in scientific papers published in peer-
reviewed journals and conference proceedings in the ‘Health Sciences’. Henceforth,
the term ‘journal’ is used to refer interchangeably to both peer-reviewed scientific
journals and conference proceedings. We restrict our focus to journals that are not
cross-classified as ‘Computer Science’ journals, ensuring that publications include
NN methods as a research tool.

Our approach is to compare publications that involve NNs with those that do
not involve NNs, while controlling for a set of confounding factors. Comparisons

are made in terms of their recombinatorial novelty and scientific impact. For the
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main analysis, we operationalize the concept of ‘recombinatorial novelty’ as the first
appearance of a knowledge combination, very much in line with Wang et al. [2017],
the details of which we describe below. Novelty a la Wang et al. complies with
the idea of NNs as a method of invention — i.e., a method for creating something
new and valuable. In the case of ‘scientific impact’, we operationalize this concept

as the subsequent use made of a paper, measured by the number of citations received.

Sample. We include all the articles for the whole observation period (2000-2018)
published in those health journals where research involving NNs has been most promi-
nent. This provides us with a relatively coherent knowledge base against which we
can examine the concepts of novelty and impact. In total, we identified 26,461 NN
health papers in about 5,000 health journals and proceedings. Roughly 45% (11,520)
of these documents are published in the top 100 health journals in the sample. Hence,
we downloaded the entirety of these journals for the period 1990-2018. Our final sam-
ple, combining NN and non-NN publications, contains 1,081,223 articles.

Variables. Our main explanatory variable is a binary indicator of a paper’s NN
content: 1 if the paper involves the use of NN methods, 0 otherwise. Our main
dependent variables are (various measures of ) recombinatorial novelty and scientific
impact based on citation counts.

Recombinatorial novelty is measured in relation to the journals referenced by a
paper. Thus, each paper is examined to determine whether it makes ‘first-time-ever’
combinations of referenced journals — i.e., its list of references contains journal pairs
that have never previously appeared jointly in any list of references. In order to
exclude journal pairs that simply formed once by happenstance, we further impose
the condition that journal pairs be observed again within the next three years. A
paper with at least one journal pair in the reference list that is both novel and
that has been re-used, is considered as providing some novelty. Thus, we construct
a binary indicator of novelty, henceforth referred to as Novelty Dummy. A further
consideration is that a novel journal pair may span domains that vary in their distance
one from another (i.e., more or less distant). This subtlety is captured through the
co-citation profiles of the two journals forming a novel pair. The idea is that if both
journals are often (rarely) cited with the same third journal(s), they are likely to
span