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Development of Similarity Measures From
Graph-Structured Bibliographic Metadata: An
Application to Identify Scientific Convergence
Tetyana Melnychuk , Lukas Galke , Eva Seidlmayer , Stefanie Bröring , Konrad U. Förstner ,

Klaus Tochtermann , and Carsten Schultz

Abstract—Scientific convergence is a phenomenon where the
distance between hitherto distinct scientific fields narrows and the
fields gradually overlap over time. It is creating important potential
for research, development, and innovation. Although scientific con-
vergence is crucial for the development of radically new technology,
the identification of emerging scientific convergence is particularly
difficult since the underlying knowledge flows are rather fuzzy and
unstable in the early convergence stage. Nevertheless, novel scien-
tific publications emerging at the intersection of different knowl-
edge fields may reflect convergence processes. Thus, in this article,
we exploit the growing number of research and digital libraries pro-
viding bibliographic metadata to propose an automated analysis of
science dynamics. We utilize and adapt machine-learning methods
(DeepWalk) to automatically learn a similarity measure between
scientific fields from graphs constructed on bibliographic metadata.
With a time-based perspective, we apply our approach to analyze
the trajectories of evolving similarities between scientific fields.
We validate the learned similarity measure by evaluating it within
the well-explored case of cholesterol-lowering ingredients in which
scientific convergence between the distinct scientific fields of nu-
trition and pharmaceuticals has partially taken place. Our results
confirm that the similarity trajectories learned by our approach
resemble the expected behavior, indicating that our approach may
allow researchers and practitioners to detect and predict scientific
convergence early.
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I. INTRODUCTION

IN ORDER to be prepared for future developments in tech-
nology, market, and industry, it is crucial for research orga-

nizations, funding bodies, and companies to identify scientific
convergence at the front end of technology development. The
present study contributes by suggesting a validated method for
the early detection of scientific convergence.

Scientific convergence can be witnessed in numerous ex-
amples, such as “NanoBioInfoTech,” bioinformatics, cosme-
ceuticals, nutraceuticals and functional foods, information and
communication technology, and visual analytics [1], [2], [3],
[4], [5], [6], and presents a phenomenon of growing relevance. It
refers to the decreasing distance and gradual overlap of different
scientific fields—as distinct fields of specialized knowledge
and research—and is mirrored by intensified cross-disciplinary
research [4], [7], [8]. Scientific convergence results in a blurring
of the boundaries of previously distinct scientific fields and,
as such, in the emergence of a novel cross-disciplinary field
of science [3], [9], [10]. A combination of knowledge from
distinct scientific fields can result in new technologies [11] and
may lead to radical innovations and to technology, market, and
industry convergence [7], [11], [12], [13], [14]. Early identi-
fication of scientific convergence helps to drive collaborations
with new partners with complementary capabilities during the
early phases of research and development (R&D) [7], [9], [12].
Therefore, early detection of scientific convergence creates a
competitive advantage for firms and research groups.

Curran et al. [3] describe the convergence sequence as follows.
First, different scientific disciplines begin to cite each other’s
results, and scholars start to collaborate with each other. Then,
applied science starts an intensive usage of basic science results
at the intersection of different scientific disciplines, resulting
in the development of technology platforms [7] and leading to
technology convergence. The resulting new technologies offer
new product-market combinations, which trigger market con-
vergence. Caferoglu et al. [15] propose an intermediate stage
of preindustry convergence by denoting the market entrance of
companies from distant industries. Finally, mergers and col-
laborations of different firms mark the emergence of industry
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convergence [3]. If a complementary industry sector emerges,
companies need to engage in strategic alliances and joint ven-
tures that enable closing the gap of the lacking capabilities [7].
Collaborations enable firms to overcome risks and uncertainties
in high technological environments through mutual learning
without risk to the core business [16]. On the other hand,
substitutive convergence may disrupt the existing knowledge
and technology base of affected companies and might threaten
the existing business model. Thus, it is pivotal for companies and
research organizations to recognize at the early stage potential
scientific convergences to prepare for consecutive technology,
market, and industry convergence.

However, scientific convergence seems to be particularly dif-
ficult to anticipate, detect, and predict since relevant science and
application fields are largely unknown [17], and scientific con-
vergence is rather under-represented in the research on conver-
gence [18]. In contrast to technology and industry convergence,
which are identifiable by patents and alliances or collaborations
at the intersection of two or more technology fields or industry
sectors, scientific convergence is manifested only in scientific
publications revealing new discoveries, algorithms, or methods
at the interface of two scientific fields. The detection and correct
interpretation of such weak signals requires constant monitoring,
which is time-consuming and expensive. Moreover, these weak
signals of scientific convergence are difficult to identify even
by highly qualified experts. Functional fixation on the existing
technologies creates biases in the technology evaluation, as
researchers’ existing knowledge corridors may result in “cog-
nitive entrenchment” and prioritize familiar knowledge [19].
The dominance of field-specific research infrastructures and
organizations increases the cost of processing information from
other fields.

Prior research on scientific convergence offers the first
promising insights into the identification of the early stages of
scientific convergence [1]. Nevertheless, the incubation phase of
scientific convergence is very dynamic and characterized by in-
creasing interactions between and within distinct scientific fields
[1]. Such interdisciplinary R&D may not persist, as research is
more likely to stay within and emphasize disciplinary boundaries
in times of crises, for instance [20]. The recent study by Hacklin
et al. [4] suggests an analysis of scientific convergence through
the lens of the social microlevel foundations underlying the role
of the publishing behaviors of individual authors. Especially
after the incubation stage [1], the intensity of social interac-
tions in scientific communities at the boundaries of converging
fields determines the scientific convergence acceleration [4].
Hence, the detection of such scientific socialization is of high
relevance since it can act as a signal of scientific convergence.
Thus, companies and research organizations can monitor these
indicators and rely on them to develop strategies to benefit from
the upcoming technology and industry convergences.

Validated instruments for measuring and predicting scientific
convergence are still not fully developed [4], [14]. Therefore, we
aim to develop a novel indicator based on machine learning to de-
tect and assess scientific convergence through the lens of science
dynamics’ patterns. A science dynamics perspective allows us to
incorporate specific factors that might foster or hinder scientific

convergence and presents an opportunity to understand scientific
convergence as a temporal dynamic phenomenon in an interplay
with scientific divergence. Moreover, we include author-specific
data in our analysis to incorporate social interactions in scientific
communities, which are important for scientific convergence
development [4]. Thus, we attempt to answer the call for concep-
tual clarity in scientific convergence research that was claimed
in the review study on convergence by Sick and Bröring [10]
and address open questions about convergence investigation
methods [21]. Therefore, our study aims to answer the following
research question: Can a machine-learning model estimate the
similarity between concepts in a way that enables managers and
policymakers to analyze science dynamics and detect scientific
convergence?

We develop a new indicator based on a dataset rooted in the
empirical context of life sciences, which we believe to be a
particular subject of convergence. Life sciences also provide
us with an established knowledge organization or classification
system, namely, the medical subject headings (MeSH)1 system.
Within this system, concepts refer to an entire scientific field
or a more fine-grained topic, depending on the level of terms
in the MeSH hierarchy. We develop an indicator of scientific
convergence based on the publication metadata, which we enrich
with specific publication author information. We first transform
the metadata into a network by connecting publications with
concepts, authors, and journals and by using the concept hierar-
chy to connect concepts to each other. Then, we make use of the
DeepWalk/node2vec algorithm [22], [23] to learn a representa-
tion for each concept. As a result, similar nodes are close to each
other in the learned embedding space [23]. In this embedding
space, we use the cosine distance to measure the similarity
between concepts. To validate our developed indicator, we ex-
amine the existence of scientific convergence in a well-explored
case of convergence, namely, cholesterol-lowering ingredients,
representing a field in which “nutritional” and “pharmaceutical”
science converged to some extent, forming the hybrid area
of “nutraceuticals” [3], [17], [24], [25]. Finally, we apply our
indicator to identify the gradual convergence process over time
[10]. Our results confirm that our indicator reflects the scientific
convergence within the selected use case.

In summary, our study contributes to R&D and technology
management research and practice by employing machine-
learning methods on bibliographic networks induced by 14
million publications to learn a similarity measure among con-
cepts. We show how the graph representation learning algorithm
DeepWalk can be incrementally trained on annual snapshots
of bibliographic metadata to derive concept similarity scores.
Therefore, we advance the understanding of the phenomenon
of scientific convergence and enable its identification in em-
pirical studies. We extend the existing methods to cope with
longitudinal data to analyze science dynamics in general and
scientific convergence in particular. We empirically validate our
measurement approach on the previously well-explored conver-
gence setting of cholesterol-lowering ingredients. The results

1MeSH is a hierarchical thesaurus of medical terms from the U.S. National
Library of Medicine (NLM) for MEDLINE database.
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Fig. 1. Scientific fields A and B with multiple research topics within each
field (represented as small colored dots and squares) move toward each other
and partially merge in the overlapped field marked as C. Scientific convergence
can have a substitutive nature if the new field C replaces the previously existing
scientific fields A and B; or a complementary nature if the new field C coexists
along with two parent fields A and B [3].

show that the similarity scores of our proposed approach reflect
this convergence process. To facilitate this analysis, we compiled
a dataset of 427 000 research articles in the scientific fields
“pharmaceuticals” and “food and nutrition” between 2000 and
2019. To alleviate the potential bias of authors with the same
name, we further enrich this corpus with disambiguated author
data based on ORCIDs.

Our research, therefore, informs the growing research body
focusing on the anticipation of convergence. More precisely,
it extends the current approaches by not only focusing on the
concept or scientific category co-occurrence in bibliographic
data but also adds a novel data science approach to the current
set of bibliographic methods [26], [27], [28], [29] (for a recent
overview, see the article presented by Sick and Bröring [10]).
Future research, as well as practitioners in the field, can profit
from our source code, which is openly available. Integrating
our code into a tool for the measurement of scientific con-
vergence will allow for time-saving and inexpensive analysis
of scientific convergence. The usage of the tool could enable
qualified investment decisions in R&D and the search for ap-
propriate collaboration partners between research and industry
in converging scientific fields. Moreover, future research can
extend our proposed instrument to measure scientific dynamics
in other scientific fields, making our approach transferable to
other industries.

The rest of this article is organized as follows. In Section II, we
provide the theoretical background on scientific convergence. In
Section III, we describe the employed methods and datasets. Our
results are presented in Section IV. Finally, Section V discusses
and concludes this article.

II. THEORETICAL BACKGROUND AND RELATED WORK

In the following, we provide an overview of the theoretical
background of scientific convergence. Then, we describe related
work for measuring scientific convergence and, finally, discuss
related work regarding data enrichment with author information.

A. Scientific Convergence in the Context of Science Dynamics

Scientific convergence renders the foundations for the consec-
utive technology, market, and industry convergence processes
[24]. It emerges through two or more distinct scientific fields
moving toward each other and the blurring and overlapping of
the boundaries of these distinct fields (see Fig. 1) [3].

A system of science with distinguished scientific fields—as
we are used to dealing with—is an artificial concept to struc-
ture our knowledge and delineate the communities of scientists

engaging in research on similar problems, interacting with each
other, and citing each other’s work [30]. According to Wagner
et al. [31], distinct scientific fields have a central scientific prob-
lem and a set of facts, explanations, goals, and theories related to
the problem. These concepts of science have always been subject
to change [30]. New scientific fields occur, and the existing
ones are further differentiated, as exemplified by the emergence
of computer science, nanoscience, and nanotechnology [32].
Kuhn [33] explained the role of discontinuous transformations in
science as scientific paradigm shifts. Such paradigm shifts have
a small effect on the established scientific communities at the
beginning but may have an enormous impact on the previously
existing scientific fields in later stages [33]. By investigating
the role of deep learning technology in cancer imaging, Coccia
[34] argues that a technological paradigm shift has an even
more radical impact if such a paradigm shift influences other
scientific fields, by interdisciplinary research, for instance [35].
Sun et al. [36] describe the emergence and evolution of sci-
entific fields based on the sociocognitive interactions among
researchers in respective scientific communities. They argue
that disciplines arise by the splitting or merging of the existing
scientific communities in collaboration networks. As such, the
splitting of the researcher community, on the one hand, leads to a
growing distance between hitherto close communities, resulting
in a higher level of specialization and fragmentation. Coccia
(2020, p. 464) defines it as “a scientific fission: the division
of a scientific discipline into more research fields that evolve as
autonomous entities” [37]. This process can trigger a divergence
pattern of science dynamics. On the other hand, the merging of
different social communities of researchers implies a combina-
tion of scientific fields that accumulate and integrate knowledge
from these two or more different communities [36]. Thus, a
convergence pattern results from strong social interactions in
scientific communities. However, both patterns are characterized
by changes in the number of publications and interactions among
researchers, which is a property of science dynamics [38].

Accordingly, we study the dynamics of science and the change
in distance between scientific fields. Our study, thus, focuses on
the convergence of scientific fields. In a process of convergence,
scientists of different scientific fields start to implement the
results of their colleagues’ research from other scientific fields
and cite their work [3] because their own field lacks the research
insights required for the continuous development of the field.
Scientific convergence is characterized by the sharing of scien-
tific methods, techniques, algorithms, and even terminology by
converging fields, resulting in a converged field that becomes in-
terdisciplinary [39]. The higher the number of disciplines and the
more distant disciplines that are involved in such collaborations,
the higher the integration index of interdisciplinary knowledge
that can be achieved [39]. Thus, the main driver of scientific
convergence is knowledge diffusion [40], and scientific conver-
gence enriches the knowledge base of a converging scientific
domain with valuable insights [17].

Most of the recent studies on convergence focus on iden-
tifying the features of scientific convergence or on describing
the trajectory of scientific and technological convergence and
the convergence stages [1], [4], [41]. These studies provide
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valuable insights into convergence processes in science, and they
reveal specific knowledge characteristics required for scientific
convergence [1], [4]. In addition, within the framework of sci-
ence dynamics, opposite divergence processes are of relevance,
indicating stricter borders between scientific fields and a higher
level of specialization [36], [37], [42]. The divergence of scien-
tific fields can be characterized by a lower level of interaction
between two distinct fields and movement apart from each other
[43]. Science dynamics are characterized by the processes of
growth and both convergence and divergence [38], [42], [44].
Thus, to be able to evaluate endogenous knowledge properties of
scientific convergence trajectories, one should carefully analyze
the interplay of convergence and divergence processes. By inves-
tigating the evolutionary processes in the entrepreneurship disci-
pline, Grégoire et al. [45] determined that scientific convergence
in this discipline undergoes several “convergence–divergence
cycles.” Such nonlinear patterns of scientific convergence were
also identified in the case of nutraceuticals [3], [17]. Therefore,
the purpose of our study is to provide a more fine-grained view
of scientific convergence through the integration of a science
dynamics perspective and, in particular, scientific divergence
developments.

B. Approaches for Measuring Scientific Convergence

Scientific convergence emerges in scientific communities and
networks [46] that publish their results [36]. Therefore, scientific
publications may provide relevant indicators to detect scientific
development at the embryonic stage [4], [47], [48]. One of
the challenges of scientific convergence investigation lies in
the analysis of a large amount of bibliographic data. Hence,
machine-learning techniques, including text mining methods,
and network approaches that are proven to be successful in
studying the development of technology fields and are mostly
based on the analysis of word co-occurrence, citations, patent
classification, abstracts, claims, or full texts of patent data [49],
[50], [51], [52], [53], are necessary for examining scientific
convergence.

Jeong et al. [46] suggest measuring scientific convergence by
scientific publications’ subject categories. Although the authors
demonstrate very promising results, they paid little attention to
the measurement of the distance between the involved fields and
to the demonstration of such interactions over time [46]. Kong
et al. [41] propose applying a deep learning approach based on
the graph neural networks, along with text information cluster-
ing methods, to investigate technology convergence. Kim and
Sohn [26] offer a combination of machine-learning approaches,
including semantic analysis, to identify and predict technology
convergence based on the patent International Patent Classifi-
cation (IPC) codes. Giordano et al. [52] use a name–entity–
recognition technique in combination with dynamic networks
for technology convergence investigation. Moreover, Hacklin
et al. [4] capture knowledge flows embedded in semantic prop-
erties and microlevel behaviors of scientists in information tech-
nology and communication technology by bibliometric analysis
of scientific convergence. The identification of scientific con-
vergence can be based on the detection and measurement of

technical emerging topics if these topics are shared by different
scientific fields [47] or on citation patterns that reveal new fields
that cite a focal field [39]. Furthermore, science overlay maps
may assist in identifying scientific convergence at the broad
science category level [54].

The investigation of scientific convergence as a concept of
moving and merging distinct, previously separated scientific
fields requires the identification and distinction of individual
scientific fields. Such analysis necessitates the use of clustering
techniques, such as rolling clustering, which is widely exploited
for the clustering of patents and scientific publications [50], [55].
By investigating scientific convergence in bioinformatics, Zhou
et al. [1] employ the fast-Newman topological clustering algo-
rithm to capture a citation network of biology and informatics’
domains and then apply a topic modeling approach to identify
collaborating and citing topics within the converging field of
bioinformatics. Nevertheless, some widely used topic model-
ing approaches based on unsupervised learning methodology
have a limitation in terms of overly common and unspecific
terminology, which is supposed to represent distinct topics,
thus providing little technological content. Furthermore, the
language of scientific publications does not clearly reveal the
technical content, i.e., technology-specific word combinations
that one may find in patent data [51].

In the present study, we focus on the analysis of science
dynamics and the convergence of scientific fields by applying
a novel machine-learning approach based on the graph rep-
resentation learning, and we exploit the publications’ annota-
tions with concepts from a controlled hierarchical vocabulary
(MeSH thesaurus). We define science dynamics as the change
in distance between two (or more) concepts over time. These
concepts represent scientific fields occupying different positions
in the knowledge hierarchy. Following Sick and Bröring [10],
we argue that decreasing distance over time implies that two
fields of interest move toward each other, revealing a scientific
convergence pattern. In contrast, an increasing distance over
time means that two topics increase the degree of specialization
within two distinct topics and both move away from each other.
We denote this process as scientific divergence.

C. Examining Scientific Convergence Through the Lens of
Author-Enriched Data

We use enriched bibliographic data to identify whether the
composition of research groups, in terms of authors and their
affiliations or journals, in which the relevant research is pub-
lished, has an impact on the science dynamics in the converging
fields. Research is driven by people [56], and the decisions of
researchers are influenced by a wide range of social aspects [57].
Current research focuses on the ethnical privileges of researchers
[58] and gender-specific aspects [59], [60], [61] to explain
disparities, which also apply to other minority groups and to peo-
ple with disabilities. These studies demonstrate the enormous
impact that the social composition of a research group can have
on scientific output. Therefore, an enrichment of the bibliometric
data with social context data and rich author information is useful
for measuring and understanding science dynamics [4], [48],

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 



MELNYCHUK et al.: DEVELOPMENT OF SIMILARITY MEASURES FROM GRAPH-STRUCTURED BIBLIOGRAPHIC METADATA 5

Fig. 2. Overview of our proposed approach to detect scientific convergence.

[62], [63]. Such data enrichment is particularly important due to
the growing relevance of cross-disciplinary research teams [48],
especially since national governmental initiatives and academia
promote scientific convergence by colocating scientists from dif-
ferent disciplines or by providing funding for interdisciplinary
research projects [64].

In summary, we seek to explore whether a machine-learning
model can learn the similarity between concepts in a way that
their temporal evolution unveils patterns of science dynamics.
Bibliometric databases provide a unique tool to study the social
and conceptual changes in science fields because they cover a
long period of time [65]. In this work, we evaluate this approach
at the hand of the well-known case of cholesterol-lowering
ingredients, as outlined in Fig. 2.

III. METHODOLOGY AND MATERIALS

In this section, we describe our dataset (see Section III-A)
along with our data enrichment strategies (see Section III-B),
before we describe our employed methods (see Section III-C).

A. Dataset and Experimental Procedure

To investigate convergence processes, we select the well-
explored case of convergence in the scientific field of
cholesterol-lowering ingredients (phytosterols). Here, the field
of “nutrition and food science” has partially converged with
“pharmaceutical science” [3], [17], [25]. We replicate the find-
ings on phytosterols with our newly developed similarity indica-
tor. We provide a short description of the evolution of knowledge
on cholesterol and the application of cholesterol-lowering ingre-
dients in “pharmaceutical” and “food and nutrition science” in
Supplementary Material A.

To investigate the convergence of two scientific fields in
cholesterol research, we first defined the relevant topics for
the two scientific fields of “pharmaceuticals” and “food and
nutrition science.” We extracted all publications from 32 “phar-
maceuticals” and 41 “food and nutrition”-related scientific jour-
nals between 2000 and 2019 in five-year windows from the
MEDLINE database.2 Referring to “pharmaceuticals,” we use
the “Pharmacology and Pharmacy” subject category of the Web
of Science (WoS) database. Similarly, we denote the “food and

2MEDLINE is the database of the U.S. NLM. Description of the database:
https://www.nlm.nih.gov/bsd/medline.html

nutrition field” of science by referring to the “Nutrition and
Dietetics” and “Food Science and Technology” categories of
WoS journal-level classifications. To account for the quality of
the journals’ research, we use the journal impact factor since
the empirical study of Saha et al. [66] confirms the reliability
of this indicator for general medical journals. We rely on the
WoS category normalized citation impact indicator, which is
an unbiased publication impact indicator that allows comparing
publications and journals of different subject categories. The
value >1 denotes that a journal has at least an above-average
impact, according to the WoS calculations. To be included in the
analysis, a journal had to have a WoS impact factor of >33 and
a WoS category normalized citation impact of >1. We selected
32 journals in the category “Pharmacology and Pharmacy,” each
having at least 140 000 citations and 41 journals in the categories
“Nutrition and Dietetics” and “Food Science and Technology,”
each having at least 12 000 citations (i.e., according to the highest
number of received citations). The latter indicator helped us to
identify journals with a large number of publications if the two
former quality criteria were fulfilled. This resulted in a dataset
of 202 216 publications in “Pharmacology and Pharmacy” and
225 241 publications in “Nutrition and Dietetics” and “Food
Science and Technology.” In the same journals, we searched
for publications containing the word “cholesterol” in titles or
abstracts to identify publications related to the cholesterol topic.
We identified 3276 publications in the category “Pharmacology
and Pharmacy” and 5410 publications in the “Nutrition and
Dietetics” and “Food Science and Technology” categories.

In the next step, we used the controlled vocabulary of MeSH4

[67], [68], [69] and selected all annotations of the selected
publications. We created a list of MeSH concepts relevant to
each of the scientific fields “pharmaceuticals” and “food and
nutrition science.” We employed inverse document frequency
(IDF) [70] on the MeSH concepts to select those that often
occurred in one field and rarely occurred in the opposite field.
To define “pharmaceuticals” and “food and nutrition science” as
distinct scientific fields, we excluded MeSH concepts that often
occurred in both fields. In this way, we were able to clearly
separate MeSH concepts as research topics of both scientific
fields and, as such, identified field-specific MeSH concepts. For
this purpose, with the IDF-inspired method, we leveraged corpus
characteristics to identify the most indicative corpus for each
scientific field by computing the ratio of IDF scores per MeSH
concept. When the ratio of IDF scores was near 1 (meaning
that the concepts were equally frequent in both fields), the
concepts were removed. The removed concepts also comprised

3We relied on the median impact factors of the journals in the relevant WoS
subject categories “Pharmacology and Pharmacy,” “Nutrition and Dietetics,”
and “Food Science and Technology,” which were in the range of 3–3.5 at the
time of analysis.

4The MeSH thesaurus accounts for the breadth of scientific topics, allowing
us to focus on topics with different granularities: from very broad topics,
such as Chemicals and Drugs [D] (MeSH hierarchy level 1), to more specific
topics, such as Lipids [D10] (MeSH hierarchy level 2), to very specific topics,
such as Cholesterol [D10.570.938.208], or even to very fine-grained topics,
such as Cholesterol, HDL [D10.570.938.208.270]. Hence, the MeSH hierarchy
enables us to perform the science dynamics analysis at different scientific topics
granularity levels.
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very general MeSH concepts, such as human or animal. The
resulting list was manually curated by domain experts, and 175
excessively general or irrelevant concepts (e.g., MeSH concepts,
such as patents as topics; swimming; mice, hairless; maze learn-
ing; radius; culture; climate; mass media; and discriminant
analysis) were removed from further analysis. As a result, we
determined MeSH concepts for the analysis of the science dy-
namics of the large “pharmaceuticals” and “food and nutrition”
scientific fields and for the “cholesterol-specific” subsample.
First, 1008 MeSH concepts from the field of “pharmaceuticals”
and 853 MeSH concepts from the “food and nutrition” field
remained for investigation. Second, we extracted the MeSH
concepts from cholesterol-related publications from the selected
“pharmaceuticals” and “food and nutrition” scientific journals
and identified 146 MeSH concepts from “pharmaceuticals” and
132 concepts from the “food and nutrition” field that we labeled
“cholesterol specific.”

Consequently, we intentionally excluded the MeSH concepts
at the intersection of the scientific fields “pharmaceuticals” and
“food and nutrition” from the analysis because the unambiguous
convergence processes that use the MeSH concepts common to
both scientific fields “pharmaceuticals” and “food and nutrition”
could complicate the validity of the indicator we developed. As
such, the convergence processes between the scientific fields
“pharmaceuticals” and “food and nutrition” are rather underes-
timated in our results presented in Section IV.

Since we extracted MeSH concepts from the relevant “phar-
maceuticals” and “food and nutrition science” journals in five-
year windows, we were able to find and track the diffusion of
knowledge from one scientific field into another one and into
a specific application field. Referring to Petersen et al. [69],
we specify an application field in our analysis according to the
MeSH thesaurus domain C (Diseases) and define an application
field as a scientific field denoting a demand articulation for scien-
tific solutions from other scientific fields. As such, we examine
whether our measurement approach can provide insights into
knowledge diffusion processes. For this purpose, we apply our
indicator (described in Section III-C) in the context of demand
for disease treatment and supply of potential therapeutic agents’
analysis. For the knowledge diffusion into an application fields
analysis, we identified MeSH concepts that first were intensively
used in one scientific field in one period but were not used or less
used in another scientific field in that time period. This insight
enabled us to analyze the knowledge diffusion processes that are
crucial for scientific convergence [46].

We used the field-specific MeSH concepts to extract all pub-
lications that have been annotated with the identified MeSH
concepts from the global dataset of 63 million scientific pub-
lications from the biomedical database ZB MED knowledge
environment.5 We use the ZB MED knowledge environment
instead of the WoS database since it provides an annotation of
publications with MeSH concepts, whereas WoS does not con-
tain this information. With more than 30 million items, the ZB
MED knowledge environment refers to the MEDLINE database.

5ZB MED knowledge environment: https://www.zbmed.de/en/research/
completedprojects/zb-med-knowledge-environment

Fig. 3. Enrichment of metadata; our analysis focuses on the integration of
author affiliations.

After filtering for relevant field-specific MeSH concepts, our
dataset contains approximately 14 million publications.6 The
distribution of these publications over time is presented in
Supplementary Material B. We created a heterogeneous infor-
mation network based on the metadata (publications, concepts,
authors, journal information, and MeSH hierarchy) of these
publications. We employed DeepWalk [23] to learn continuous
vector representations for each concept node, i.e., the MeSH
concepts in each year. The details of how we set up the graph and
applied the DeepWalk algorithm are described in Section III-C.
To account for the latest relevant research, we used a five-year
sliding window approach to compose the training sets between
1980 and 2018.7 Due to the five-year window, the data from
1976 onward were also considered for the training.

B. Data Enrichment

As argued earlier, science dynamics can be influenced by the
social composition of research groups. We focus on Wikidata
and ORCID (Open Researcher and Contributor ID) for the
enrichment of authors’ affiliations. Wikidata is an open linked–
open-data platform that, in January 2022, contained 22 574 314
scholarly articles, which represents 31.5% of all items [71],
[72] (see Fig. 3). ORCID provides a persistent identifier for
researchers who curate the information on scientific biography
and publications themselves. The public data are available under
a CC0 license. In the data sample of 2019, we detected 673 058

6Since these publications contained very unspecific MeSH concepts, such as
Male (annotated in 7 689 101 publications between 1980 and 2019) or Female
(annotated in 7 729 277 publications in 1980–2019), the number of publications
used for training of the models increased to 14 million.

7For the extraction of MeSH concepts, we have used the time window of
2000–2019 since many journals had only a few publications before 2000. For
instance, publication metadata on the Food Chemistry journal were available
only since 2004 in the MEDLINE database. Another example is the journal
Critical Reviews in food science and nutrition. In the period between 1980-01-01
and 1999-12-31, there are metadata on 400 publications of this journal (on
average 20 publications per year), whereas in the period between 2000-01-01
and 2018-12-31, metadata on 1805 publications (on average 95 publications per
year) are available.
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assigned ORCID-IDs, which represent single researchers. The
two databases represent two kinds of provided data: self-curated,
as in the case of ORCID, and community-curated, as in Wikidata.

In our study, mainly the PubMed identifier (PMID) and DOI
are present in the dataset of “food and nutrition science” and
“pharmaceuticals” research papers. These are the starting points
for identifying information on authors, periodicals, and insti-
tutions. While ORCID primarily contains data about authors,
Wikidata lists authors and publications in a parallel manner and
can function as a hub to connect publications and authors.

Using only Wikidata, we were only able to identify 4% of
the authors of papers matched by PMID and DOI. A reason
for this relatively small share might be the long observation
period in the given sample. Older articles from the 1980s or
1990s might not be registered in Wikidata. In addition, authors
from those days are included less often in the database than
researchers from recent times. Another reason can be seen in
the necessity of a triple registration for Wikidata, which com-
plicates the harvesting: along with the journal article that needs
to be listed, the author entry is also needed, and finally, the
connection between both items also needs to be established in
the database to enable retrieval. To further broaden the database,
we harvested ORCID data itself. By using this strategy, we were
able to allocate 14.2% of authors from ORCID to our dataset.
In total, 580 283 authors of our dataset (10 366 156 authors)
have ORCID. The distribution of the publications containing
authors with ORCID is provided in Supplementary Material B.
In our experiments, we label the model trained by using the
disambiguated and enriched author data, instead of the raw string
author data, as “enriched.”

C. Machine-Learned Concept Similarity Indicator

We specifically employ the DeepWalk algorithm [23] to learn
a similarity indicator between concepts. We have a graph G =
(V,E) constructed by bibliographic metadata. The set of nodes V
consists of publication nodes P, concept nodes C, author nodes
A, and journal nodes J. The undirected edges E may resemble
the authorship relation between authors and publications, an-
notation relations between publications and concepts, the nar-
rower/broader relation of concepts given by the MeSH hierarchy,
and the publication’s source, such as the publishing journal.
Given two concepts c1,c2 � C, the indicator should identify
how similar the two concepts are. Thus, we learn a function f that
maps the concepts in a vector space and apply a common distance
metric d. The similarity indicator then becomes d(f(c1),f(c2)) �
R+, where f : C → Rs is a trainable embedding function with s
being the dimension of the embedding vectors (the embedding
size). After training, we can compute the similarity of any two
embedding vectors f(c1),f(c2) � Rs as their cosine similarity

cossim (f (c1) , f (c2)) =
f (c1) , f (c2)

|f (c1)| |f (c2)|
which is the L2-normalized dot product of embedding vectors.
Subsequently, we use cosine distance dcos: f(c1),f(c2) → 1 −
cossim (f(c1),f(c2)) as our distance metric. Since cosine similarity
ranges between −1 and 1, cosine distance ranges between 0

and 2. The lower the cosine distance, the more similar the two
concepts are.

To learn the embedding function f, we make use of the Deep-
Walk algorithm. DeepWalk [23] is an established approach for
learning node embeddings in a graph. The Deepwalk algorithm
randomly initializes a node embedding X � Rn×s, where n is the
number of nodes and s is the embedding size. To update the node
embeddings, DeepWalk samples random walks (u1,u2, …,ul)
through the graph such that ui � V and (ui,ui+1) � E �i �
1,2,…,l − 1, where l is the length of the random walk. For each
node on each random walk, its current embedding is used to
predict neighboring nodes within a fixed context window size
ncwnd along the random walk. The respective node embedding
is updated according to the error signal from the prediction. The
embedding function f is then defined as ci → Xi, one row of
the embedding matrix, which is then used to compute the cosine
distance between two concepts.

In standard DeepWalk, the error signal is computed according
to the hierarchical softmax classification loss. In node2vec [22],
Grover and Leskovec introduced additional hyperparameters to
adjust the sampling procedure. They also explore using a nega-
tive sampling objective, as common in Word2vec [73] models.
Negative sampling leads to a more efficient training procedure.
With (hierarchical) softmax, the weights for all nodes not within
the window size c are decreased, whereas negative sampling only
draws a fixed number ns of negative examples. Because this ap-
proach is more efficient, it allows a higher throughput of random
walks, which, in turn, increases the overall effectiveness [73].

For our instantiation of DeepWalk, we employ the nega-
tive sampling objective of node2vec [22] but leave the ran-
dom sampling probabilities unbiased. We take inspiration from
Metapath2vec [74] and use short random walks. Metapath2vec
[74] is another approach specifically used for heterogeneous
graphs. A metapath introduces constraints for sampling ran-
dom walks. Only certain types of nodes may be sampled in
the next step. We start each random walk from the concept
nodes and allow only l = 4 steps, which would correspond to
different metapaths, depending on which types of metadata we
supply to the algorithm. For instance, a random walk could tra-
verse a (meta-)path of concept-publication–author-publication
or concept-publication–concept-publication. This strategy of
using short random walks starting only at concept nodes was
explored in the literature [75].

In the present work, we intend to learn node embeddings not
only on a single graph but also on multiple graph snapshots over
time. In the original iteration of DeepWalk [23], Perozzi et al.
explored the possibility of incremental learning in streaming
data snapshots. In our case, each snapshot consists of five years
of publication data. When advancing from t to t+1, the new
year is added, while the old year is removed, i.e., the snapshots
overlap. We also explored a fully cumulative approach for tak-
ing snapshots, and the results can be found in Supplementary
Material C.

In our snapshot-based setting, we run multiple epochs of
training for time step t before advancing to time step t+1. To
stabilize the training across time steps, we reuse the final trained
node embeddings of time t to initialize the embeddings for t+1.
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Thus, we avoid distorting consecutive embeddings by different
random initializations, while at the same time, accounting for
the changes in the graph. After training on each snapshot, we
store the respective node embeddings for our analyses. For this,
we normalize the concept embedding X|concepts, whose rows
i hold concept embedding ft(ci) in two steps. First, we center
the embedding by subtracting the centroid. Then, we normalize
the columns to the unit L2-norm. We use these centered and
normalized concept vectors to compute the cosine distance
between any two concepts given time t.

In terms of hyperparameters, we used a walk length of l = 4,
a context window size of c = 4, and an embedding size of s =
128. We sample 10 000 random walks per concept per year. The
XL-variant was trained for 100 000 random walks of length l =
20 per concept per year. We optimize against ns = 20 negative
samples with a constant learning rate of 0.025.

In summary, we incrementally train a machine-learning model
on yearly snapshots of bibliographic metadata. This machine-
learned concept similarity indicator yields one set of embedding
vectors per concept per year. For our analysis, we center and
normalize the embedding vectors. On these centered and nor-
malized embedding vectors, we calculate the pairwise cosine
similarities between different concepts to obtain year-specific
similarity values.

IV. RESULTS

In this section, we present the results of the enriched model for
science dynamics in the fields of “pharmaceuticals” and “food
and nutrition” and for the cholesterol-specific case. In the Sup-
plementary Material, we supply a qualitative and quantitative
evaluation, also including other model variants trained on dif-
ferent input modalities (Supplementary Material C). A detailed
analysis with the same model trained on nonenriched data can
also be found in the Supplementary Material for comparison
(Supplementary Material D). With the help of our developed
indicator (see Section III-C), we calculated the centered and
normalized cosine distance (further termed as the normalized
cosine distance) between a set of concepts belonging to two
distinct scientific fields.

Fig. 4 shows the patterns of science dynamics for the concepts
belonging to the fields of “pharmaceuticals” and “food and
nutrition science.” First, we observe a pattern of convergence
between “pharmaceuticals” and “food and nutrition science”
related to cholesterol research (Fig. 4, purple line with squares
�) from 1980 to 1986 since the normalized cosine distance
decreased in this period. Due to increasing cosine distance
from 1986 to 2007, a pattern of scientific divergence prevailed.
Since 2007, science dynamics between “pharmaceuticals” and
“food and nutrition science” related to cholesterol research have
remained at a constant level.

We observe a similar pattern of science dynamics for the curve
of “pharmaceuticals” and “food and nutrition science” in general
(Fig. 4, green line with circles •). However, the cosine distance
was slightly higher than that of cholesterol-specific research.
The analysis of the distinct scientific fields of “pharmaceuticals”
and “food and nutrition science” separately revealed a different

Fig. 4. Science dynamics in the fields of “pharmaceuticals” and “nutrition and
food science,” including cholesterol-specific science dynamics, measured on the
enriched database.

picture: Up to 1982–83, a pattern of divergence prevailed for
all four distinct scientific fields (“pharmaceuticals” and “food
and nutrition science” in general and for cholesterol-specific
research). However, due to the applied five-year sliding window,
the data for the period 1980–1985 might be slightly biased since
we had fewer publications available for training at the beginning
of the period under investigation, and those publications con-
tained very little author information (Fig. B.7 in Supplementary
Material B).

Since 1983, the science dynamics in all these fields can be
characterized by a convergence pattern since the cosine distance
gradually decreased during this period. Such science dynamics
can be explained by the properties of the evolution of scientific
fields identified by Coccia [76]: a few disciplines drive the evo-
lution of a scientific field, which indicates an accumulation and
concentration of scientific production. Thus, if these disciplines
concentrate primarily on research in their own scientific field,
they become more specialized within the field. This specializa-
tion can be characterized by multiple linkages within a discipline
and toward neighboring disciplines, which led to the decrease in
cosine distance within a particular scientific field in our findings
(see Fig. 4).

Hence, a strong specialization in specific disciplines within
the “pharmaceuticals” and “food and nutrition science” fields
led to moving these disciplines away from each other and,
thus, to the divergence patterns of the “joint scientific field” of
“pharmaceuticals” and “food and nutrition” (in general and for
cholesterol-specific research). Therefore, the level of special-
ization determined the degree of convergence within the “phar-
maceuticals” and “food and nutrition science” fields since the
cosine distance of “food and nutrition science” for cholesterol-
specific research (Fig. 4, orange line with crosses ×) was lower
than that of “pharmaceuticals science” (Fig. 4, light blue line
with diamonds ♦). The zigzag curve of the cholesterol-specific
“pharmaceuticals” field from 2007 to 2018 could be explained
by the high rates of growth in new disciplines and ambidextrous
drivers of science, postulating that scientific discoveries or new
technologies determine the development of a discipline [37].
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Fig. 5. Normalized cosine distances between Simvastatin and selected relevant
MeSH concepts from the fields of “pharmaceuticals” and “food and nutrition,”
measured on enriched data. (F) stands for “food and nutrition” scientific field;
(P) stands for “pharmaceuticals.”

Fig. 6. Normalized cosine distances between Phytosterols and selected rel-
evant MeSH concepts from the fields of “pharmaceuticals” as well as “food
and nutrition,” measured on enriched data. (F) stands for “food and nutrition”
scientific field; (P) stands for “pharmaceuticals.”

A. Knowledge Diffusion Results

Additionally, our indicator allows us to identify an ongoing
diffusion of the cholesterol-specific concepts of each scientific
field (a cholesterol-lowering drug Simvastatin from “pharma-
ceuticals” and a plant dietary cholesterol-lowering supplement
Phytosterols8 from “food and nutrition science”) into the rele-
vant application field (treatment and prevention of cardiovas-
cular diseases) in the observed time frame [see Figs. 5 and
6]. We chose the Cardiovascular Diseases MeSH concept as
an application field since it is listed in the MeSH domain C
(Diseases) and, therefore, represents the demand innovation
dimension according to Petersen et al. [69]. MeSH concepts
Simvastatin and Phytosterols are representatives of the MeSH
domain D (Chemicals and Drugs) and belong to the supply
innovation dimension [69]. The trajectory of the curve of cosine
distance between Simvastatin and Cardiovascular Diseases in
Fig. 5 shows that the cosine distance, on average, decreased

8Phytosterols are plant sterols that are structurally similar to cholesterol
molecules and typically have an extra methyl or ethyl group at the C-24 position
or an additional double bond at the C-22 position [77]. Although the structural
properties of phytosterols are similar to those of cholesterol, the mechanism of
their interaction with cholesterol is different than that of statins and is based on
competitive solubilization and cocrystallization with cholesterol; hydrolysis of
phytosterol fatty acids that induces the replacement of cholesterol in the micelles
fostering the accumulation of cholesterol in the oil phase; and competitive
cholesterol/other sterols transport from the intestinal lumen to lymph [77].

during the period of analysis. The trajectory of cosine distance
between Phytosterols and Cardiovascular Diseases in Fig. 6
does not show any clear trend. Thus, an analysis of cosine dis-
tances between the cholesterol-specific concepts of each scien-
tific field (Simvastatin from “pharmaceuticals” and Phytosterols
from “food and nutrition science”) and the application field
concept (Cardiovascular diseases) in the observed time frame
indicated that only the diffusion of the “pharmaceuticals” field
into the application field is observable (see Figs. 5 and 6). The
Mann–Kendall test (not displayed) confirmed that the slope was
negative and significant only for the data of the concept pair
Simvastatin and Cardiovascular Diseases.

Furthermore, the trajectories of cosine distances of Simvas-
tatin and Cholesterol, low-density lipoprotein (LDL), as well
as Mevalonic Acid (see Fig. 5) show that the cosine distance for
these pairs is considerably lower than that of the pair Simvastatin
and Corn Oil. This finding can be explained by the function
of simvastatin as an inhibitor of 3-hydroxy-3-methylglutaryl
coenzyme A (HMG-CoA) reductase in the mevalonate pathway
of cholesterol biosynthesis and its role in the reduction of LDL
cholesterol [78].9 We found that the graph of Simvastatin and
Corn Oil indicates a higher cosine distance since there are
still fewer findings that simvastatin (or other statins) is used
in combination with corn oil (a specific source of phytosterols
[77]) as a therapy for lowering cholesterol levels [79].10

In contrast, the cosine distance of the trajectories Phytosterols
and Cholesterol, LDL, as well as Mevalonic Acid (see Fig. 6) is
generally higher compared with those of the respective Simvas-
tatin trajectories (see Fig. 5). The explanation for such differ-
ences can be the different mechanisms of action of phytosterols
in the reduction of cholesterol levels via intestinal competitive
absorption of phytosterols and cholesterol [77]. The analysis of
the trajectory Phytosterols and Drug Delivery Systems (a concept
from the field of “pharmaceuticals,” belonging to the MeSH do-
main E (analytical, diagnostic, and therapeutic techniques, and
equipment), i.e., representing technological capabilities [69])
shows that the cosine distance of this pair is much higher than
that of the other pairs in Fig. 6. Due to the very low solubility
of phytosterols in water and fats, it is difficult to formulate
them as pharmaceutical components (drugs). Thus, drug de-
livery systems, as potential technological capabilities, are not
relevant for the administration of phytosterols. However, food
products containing phytosterols in high doses were successfully

9“Statins [...] inhibit HMG-CoA reductase, the enzyme that converts HMG-
CoA into mevalonic acid, a cholesterol precursor. The statins do more than just
compete with the normal substrate in the enzyme’s active site. They alter the
conformation of the enzyme when they bind to its active site. This prevents
HMG-CoA reductase from attaining a functional structure. The change in
conformation at the active site makes these drugs very effective and specific”
[78, p. 380].

10Although there are a lot of randomized controlled trial (RCT) studies
that investigated the effect of the combined therapy of high concentration of
LDL with statins together with phytosterols [80], these studies usually use a
combination of phytosterols that cannot be allocated to a specific plant source
[81] or that was directly administered to patients in the form of vegetable
oil-based spread enriched with plant stanol esters [82]. In their meta-analysis
of 15 RCTs, Han et al. [80] found that “combination treatment with statins
together with phytosterols significantly decreased the levels of total cholesterol
by 0.30 mmol/L and LDL-cholesterol by 0.30 mmol/L, compared with statins
alone” [80, p. 4].
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developed and marketed [77]. For this purpose, phytosterols and
phytostanols are esterified with fatty acids, enabling the use of
phytosterols in margarine, cooking oils, etc. [77]. In sum, these
identified patterns are consistent with the described dynamics in
the field of cholesterol research, which supports the validity of
our newly developed indicator.

V. DISCUSSION AND CONCLUSION

A. Summary of Major Results and Advantages of the
Developed Indicator

1) Our indicator allows us to identify patterns of scientific
convergence and divergence for the fields of “pharmaceu-
ticals” and “food and nutrition” for cholesterol-specific
research between 1980 and 2018. Since our approach uses
the MeSH thesaurus to specify scientific fields based on
broad publication metadata, including information on au-
thors, it allows for the temporal investigation of scientific
convergence, i.e., for a very fine-grained scientific topic
analysis. The indicator thereby quantifies a contextual
distance between two or more scientific fields or topics,
which the science overlay mapping approach [54] and the
method offered by Jeong et al. [46] lack.

2) A similar pattern of science dynamics was identified for
the fields “pharmaceuticals” and “food and nutrition sci-
ence” in general. However, the normalized cosine distance
was higher, revealing a larger gap between the fields
“pharmaceuticals” and “food and nutrition” in general
compared with that of cholesterol-specific research.

3) We observed patterns of scientific convergence within
the fields of “pharmaceuticals” and “food and nutrition
science” in general and for cholesterol-specific research.
We argue that different levels of specialization in research,
as well as other factors, such as path dependency of critical
disciplines, scientific fields’ fission, and the emergence of
new disciplines within scientific fields [37], [76], drive
science dynamics within the fields “pharmaceuticals” and
“food and nutrition” in general and for cholesterol-specific
research.

4) Our indicator enables the investigation of knowledge dif-
fusion from one scientific field into another one or into
an application field. We identified the ongoing diffusion
of cholesterol-specific MeSH concepts into their poten-
tial application fields. Our results suggest that, based on
decreasing cosine distance for the MeSH concept pair
Simvastatin of the scientific field “pharmaceuticals” and
Cardiovascular Diseases, this specific technology dif-
fused into the Cardiovascular Diseases application field.
However, we found no evidence for the diffusion process
of the scientific field “food and nutrition” into Cardiovas-
cular Diseases.

5) The shortcomings of our developed approach include the
missing inclusion of citation data; the descriptive nature
of the analysis and the limited possibility of identifying
determinants of the observed science dynamics; and the
low coverage of author information in the dataset. Future

research should tackle these limitations to further con-
tribute to the understanding of science dynamics.

B. Discussion of Major Findings

Scientific convergence processes induce the development of
new technologies and the emergence of new markets and in-
dustry sectors [12], [28], [29]. Although recent studies offer the
first approaches for the identification and monitoring of scientific
convergence [1], [4], a well-established, reliable measurement
for the scientific convergence of multiple scientific fields, in
particular, and science dynamics, in general, was still lacking.
Using large-scale bibliographic metadata and a novel machine-
learning approach, in this article, we were able to provide a
reliable analysis of science dynamics and, in particular, scientific
convergence and divergence. Thus, we expand the literature on
scientific convergence by providing a novel validated measure-
ment method. To this end, we trained a node representation
learning model and applied cosine distance as an indicator for
the similarity of the two concepts.

Our results provide insights into science dynamics and reveal
the partial scientific convergence in the field of cholesterol
research. We detected patterns of scientific convergence between
the fields of “pharmaceuticals” and “food and nutrition.” This is
in line with prior research on the scientific convergence of “phar-
maceuticals” and “food and agriculture” fields in phytosterol
research [17]. We conclude that our developed indicator is an ap-
propriate measure to investigate science dynamics and to detect
scientific convergence as well as scientific divergence that can
indicate evolving specialization trends within scientific fields.
We, thus, contribute to the prior literature on science dynamics
[33], [36], [37], [56], [76], covering specifically convergence [1],
[4]. By providing empirical evidence of scientific convergence
and scientific divergence processes within the framework of
science dynamics, we extend the model of social dynamics and
branching in scientific fields [36]. As a result, we stress the
importance of investigating scientific dynamics as the interplay
of convergence and divergence processes.

Furthermore, we have shown that knowledge generation is
not a linear process. This insight is in line with prior findings of
the authors in [3], [15], [17], [45], and [52]. We recognized that
different science dynamics processes occur within and between
scientific fields. We found that a convergence pattern is currently
predominant within the scientific fields (“pharmaceuticals” or
“food and nutrition”). This confirms that establishing linkages
and increasing interactions between similar scientific fields,
which drives convergence, may be easier to achieve [46]. Coccia
[76] also claims that the path dependency of critical disciplines
determines the evolution of scientific fields. These critical dis-
ciplines are the “parent” disciplines from which new disciplines
emerged [76]. Thus, the strong development of particular dis-
ciplines within the “pharmaceuticals” and “food and nutrition”
science fields determined the evolution of the “joint scientific
field” of “pharmaceuticals and food and nutrition.” Coccia [37]
argues that the processes of specialization and fragmentation
in science may dominate over time. A high level of special-
ization within one field facilitates rapid knowledge diffusion
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[36]. Researchers from the same field have lower transaction
costs compared with interdisciplinary research in which a lack
of common language, shared norms, and research techniques,
as well as a lack of background knowledge from other domains,
creates higher barriers to effective interactions between distant
scientific fields [83]. This is in line with the recent study on
scientific convergence in bioinformatics, which identified that,
in the fast-changing incubation stage of scientific convergence,
intense interactions within a scientific field prevail over the
linkages to other scientific fields [1].

Our results from the case of cholesterol research suggest the
patterns of divergence prevail between two scientific fields with
distant knowledge (“pharmaceuticals” and “food and nutrition”
fields). This finding is in line with that of Curran and Leker [17],
who found an increasing specialization in the field of phytosterol
research over the past two decades, although the authors detected
a pattern of scientific convergence in the earlier periods. Growing
specialization can be an indicator of ongoing branching mech-
anisms that lead to increasingly fragmented and concentrated
scientific fields [36]. Divergence patterns, which can also be
identified with our indicator, reveal that scientific fields evolve
parallel to each other or disassociate from each other, implying
low interaction levels between the scientific fields in terms of
collaborations or joint publications. This is in line with the
authors in [38] and [44], who found that relatively new scientific
fields, such as biotechnology, genomics, and nanotechnology,
show a rapid growth rate and increasing specialization. Al-
though Kim and Sohn [26] argue that a rapid growth rate of a
technology field leads to its overlapping with other technology
fields, such overlapping can occur with multiple fields, which
are not necessarily the fields of the anticipated convergence in
our study. Furthermore, our results are in line with Jeong et al.
[46], suggesting that the diffusion of knowledge from the field of
interest (in our case, research on simvastatin) into its application
field (treatment or prevention of cardiovascular diseases) may
trigger scientific convergence processes that are also similar to
“convergence initiating” entities [12].

We found that the enriched information on researchers’ affilia-
tions could offer a more detailed view. This insight is in line with
the study of Hacklin et al. [4] underlying the role of individual
scientists in the initialization of scientific convergence processes
since these scientists span boundaries between two distinct
scientific fields and reuse knowledge from other scientific fields.
The developed indicator of science and technology similarity
includes author information and can guide scientific institutes
and firms in the identification of potential collaboration partners
in order to profit from convergence. However, in Supplementary
Material C, we show that the choice of metadata data attributes
(authors, publications sources, and concept hierarchy) has no
measurable effect on the accuracy of the model as long as
publications and concepts are included (see Fig. C.11). We
assume that due to a relatively low percentage of author-enriched
data, our current analysis was unable to reveal the entire potential
of author enrichment for the science dynamics’ processes. In
Supplementary Material D, we provide the same analysis but
on the nonenriched data, which shows similar findings. Our
additional results, as presented in Supplementary Material D,

reveal that even data that are not enriched with complementary
author and affiliation information are an appropriate base for
conducting science dynamics analysis. Since the main results
presented in Section IV are similar to the findings obtained
from the model trained on nonenriched data (see Supplementary
Material D), our approach provides robust and reliable results
in terms of measuring science dynamics.

Our method learns representations on the basis of graphs
created by bibliographic metadata. As such, it does not take the
raw text of the publications into account. One could argue that
such approaches would only detect structure and not capture the
semantic similarity between concepts. However, as the literature
[75] has shown, these approaches capture the meaning of con-
cepts better than the traditional entirely text-based approaches,
such as latent semantic analysis [84] and, are on the same
level, as graph neural networks [85], which take into account
both text and structure. The ability of DeepWalk/node2vec to
capture meaningful representations in structured data is also well
supported by the literature [22], [23]. From a different angle, it
is an advantage that our methods do not require any textual data
and instead only use bibliographic metadata.

The MeSH thesaurus that we have exploited for the definition
of scientific fields and topics result in a more stable analysis
than the results of clustering algorithms, such as K-means in
combination with the latent Dirichlet allocation topic modeling
method, where the number of technology clusters may be set
to 35 and the topics’ distribution may be set to 1, as the very
insightful study by Kong et al. [41] proposes. Our thesaurus-
based method can be compared with the hierarchical system
of technological knowledge structured by the IPC that allows
for differentiated technology convergence analysis, for instance,
conducted by Kim and Sohn [26], by using a machine-learning
approach.

C. Limitations and Future Research

A limitation of our study is that we have not yet used citation
data. We are aware that citations are an important factor in an-
alyzing scientific literature [86] and scientific convergence [1].
For now, we focus on coauthorship relationships representing
sociocognitive interactions of researchers, publication venues
as proxies for scholar communities [36], concept hierarchies,
and primarily the annotation of publications with concepts [67].
Thus, the integration of the underlined entities allowed us to
develop an indicator for science dynamics that exceeds the
measurements based only on individual entities. We expect that
our methods would further benefit from modeling citations as
another type of edge within the graph. Future research might
further enrich large databases with citations. Nevertheless, it
is notable that our method can still learn meaningful concept
representations without resorting to citations.

Another limitation is that our indicator offers the explication
of scientific trends in the scientific fields of interest only in
a descriptive manner. It does not allow us to investigate the
determinants of the science dynamics. This could be enhanced
in future work by integrating an explainability mechanism, such
as GNNExplainer [87]. This may include information about the
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location and diversion of the research teams since geographical
diversity may even further decelerate the convergence process
[11].

We are also aware that the usage of MeSH annotations is
particularly challenging because the MeSH thesaurus is updated
every year. New concepts are added to the vocabulary and
integrated into the tree structure of the thesaurus. Emerging
concepts that might be a result of convergence are especially
affected by this updating approach of MeSH. Therefore, we
should pay special attention to those concepts that are new to the
classification, as they may indicate that convergence has already
occurred. The integration of new concepts can be preceded
by another process on which the analysis focuses: concepts
that have already been established in a scientific field but are
suddenly used simultaneously with concepts from another con-
text may indicate convergence and the adoption of knowledge.
Nevertheless, despite the changes occurring due to the inclusion
of new concepts, the MeSH concept thesaurus, in general, is still
quite stable over time [69]. Consequently, we believe that it is
sufficient to extract MeSH concepts from 2000 onward from the
related journals to perform the analysis. Furthermore, since we
deliberately excluded the MeSH concepts at the intersection of
the scientific fields “pharmaceuticals” and “food and nutrition”
from the analysis, our results might underestimate the conver-
gence science dynamics because the MeSH concepts that may
indicate convergence by appearing in both scientific fields were
removed before the analysis. Future research can build upon
our method and use all concepts appearing in both scientific
fields. This task is challenging because of the time lag between
the emergence of the scientific topic and its emergence as a
MeSH concept in the MeSH thesaurus.11 Therefore, we believe
that new MeSH descriptors might be problematic as long as
the scientific topic defined by such a MeSH descriptor has not
been established. However, due to the retrospective annotation
of publications with new MeSH descriptors, the lagging bias
might be quite low.

Another limitation of our study is the low percentage of
analyzed publications with author-enriched data. Only 5.6% of
all authors of our dataset are disambiguated,12 i.e., they have
ORCID. For that reason, we could not show that author-enriched

11From our recent research, we know that, for instance, the MeSH descriptor
COVID-19 [C01.748.610.763.500] was not available at the beginning of 2020
as the coronavirus pandemic broke out, but it was added to the MeSH thesaurus
on 2020-07-07 and became an established descriptor on 2021-01-01. After the
inclusion of this MeSH descriptor into the MeSH thesaurus, the research articles
on novel coronavirus SARS-CoV-2, which were published before 2020-07-07,
were annotated with COVID-19 MeSH descriptor, retrospectively. While the
previously exploited MeSH descriptors denoting the novel virus, such as Beta-
coronavirus, were retained.

12An author name disambiguation problem occurs if a person can be listed
in a database under several different names, or different persons may share the
same name in a database. Since the techniques to perform the author name
disambiguation are based on the author similarity profiles analyzing such bibli-
ographic attributes as publication titles, journals, coauthor names, and citations
[88], we were concerned that these techniques will prevent us from finding
authors that may publish in different scientific fields (“pharmaceuticals” and
“food and nutrition”), i.e., authors publishing in journals belonging to different
disciplines or with coauthors representing different disciplines. For that reason,
we used only ORCID data since authors maintain their data in this database by
themselves.

data can significantly contribute to the identification of the
science dynamics processes. Moreover, due to the lack of disam-
biguated author data, we were unable to integrate authors’ col-
laborations in our training dataset. Future studies can investigate
science dynamics’ patterns incorporating disambiguated author
data. Future research may use such author-disambiguated data,
e.g., to perform an entire author analysis by examining whether
an author published in one scientific field (for instance, in “phar-
maceuticals”) or in both scientific fields (“pharmaceuticals” and
“food and nutrition”) and/or if authors are able to build bridges
between distant scientific fields. Furthermore, additional enrich-
ment of bibliographic metadata could improve our input data,
which could lead to more specific results. Here, the networks of
authors and institutions could be integrated to better understand
the role of social relations in research dynamics. For this, the
problem of author name disambiguation should be solved. We
expect ORCID author identifiers as well as Wikidata to be even
more established in the future, which will strengthen the data
basis for this metadata enrichment.

Our proposed method can be applied to datasets from other
domains. Controlled vocabularies, such as MeSH, are prevalent
in other domains as well. To name a few, there is the Stan-
dardthesaurus Wirtschaft13 for economics and business studies,
ACM CCS14 for computer science, AGROVOC15 for agricul-
tural science, and UMTHES16 for environmental research. As
other domains may have a different publication culture, further
validation would be needed. We have made the first step in the
well-explored case of cholesterol research in the life sciences
domain. Our first results are promising, and we expect the pro-
posed method to be transferable even to other domains. Future
research should validate our developed indicator for measuring
scientific dynamics in other scientific domains and use it ac-
cordingly. Based on our presented research, similar methods for
understanding research dynamics as well as indicators emerging
in the future should be included for an analysis of different
scientific convergence processes. Future studies can elaborate
on patterns of how scientific convergence evolves in comparison
with divergence to better distinguish between not only these
two patterns but also their particular nature and driving factors
triggering these events.

High-quality author-enriched data and our indicator could
help to explore whether and which companies, universities, and
other research organizations are involved in the initial stage of
convergence processes. This includes an analysis of those re-
sources and capabilities that may differentiate highly influential
organizations from organizations that play a less prominent role
in convergence processes. Furthermore, future research could
investigate whether companies are more successful than research
organizations in the evolution of technology convergence and
the establishment of industry convergence in the late stages of
convergence processes. Moreover, our measurement approach
can help to investigate the effect of scientific convergence on

13[Online]. Available: https://zbw.eu/stw
14[Online]. Available: https://dl.acm.org/ccs
15[Online]. Available: http://www.fao.org/agrovoc/
16[Online]. Available: https://sns.uba.de/umthes/de.html
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the further phenomena of technology, market, or industry con-
vergence as well as on the emergence of innovations with a high
degree of innovativeness.

D. Theoretical Implications

Our developed indicator enables the detection of scientific
convergence and divergence. It facilitates the identification of
dynamic processes in research, pointing out that the scientific
fields might undergo a number of science dynamics processes,
such as scientific field fission or the emergence of new scien-
tific fields [37]. We challenge the existing views that scientific
convergence can be measured by simply counting concepts or
scientific category co-occurrences. We have shown that co-
occurrence counts are insufficient for the analysis of research
dynamics and suggest building on a learned embedding space,
where the similarity between any two concepts or scientific
categories is meaningful, even if they have never co-occurred.
This is especially important for the convergence of research
fields, which often leads to the emergence of a new scientific
field. One way to enable this is to consider publication metadata
as a graph and take multihop relationships into account, as we
did for our analyses. In this work, we validate the proposed
indicator on the well-explored case of scientific convergence
in cholesterol-lowering agents. We show that the convergence
process is reflected in the similarity scores of our proposed
approach. As a result, we advance the current understanding
of scientific convergence and offer an indicator that allows us
to empirically identify and, thus, monitor scientific convergence
processes.

E. Practice and Policy Implications

We envision that the proposed approach will help academic
researchers as well as practitioners and policymakers who are
responsible for guiding science-based R&D programs to detect
scientific convergence in the early phase. By means of our
indicator, those topics can be identified that are related to each
other in terms of content and whose connection is intensifying,
even though they may belong to different scientific fields. On this
basis, decisions can be made, for example, about the organization
of scientific institutions, e.g., with the aim of promoting coopera-
tion of distant knowledge fields in the interest of interdisciplinary
research. In addition, our indicator allows for tracking scientific
dynamics and, thus, identifying future-relevant topics in sci-
entific fields. Based on the relevance of scientific convergence,
scientific institutions, but also policymakers and R&D managers
in commercial organizations, could invest limited resources in
those fields that may benefit from intensifying convergence. The
usage of the indicator could enable a focus on future-oriented
topics in which universities, research organizations, or compa-
nies could initiate explorative projects and identify new R&D
partners. Such projects could be grouped into programs and may
inform the mission of the public and private organizations in the
selected future topic. Furthermore, individual experts relevant
to such topics and their organizations will be identifiable. Based
on such information, firms and research organizations will be
able to identify relevant cooperation partners or may aim to

hire relevant experts. In sum, R&D managers can take these
insights into account to consider adapting their organizations’
research portfolio, putting them in a good position for coping
with future trends. Thus, our approach can be integrated into a
science dynamics analysis instrument that can support decision
makers in developing R&D strategies for universities, research
organizations, and companies.

F. Ethical Considerations

Although rich information on knowledge graphs, including
the personal details of researchers, contribute to the analysis and
the understanding of evolving scientific fields, it would become
ethically unacceptable if a decision on science dynamics would
build only upon our provided approach. The development of
scientific fields as described in our study is likely related to the
composition of the research group. A change in a researcher’s
group composition could result in a change in topics of inter-
est. It must be assumed that globalization, the economic rise
of developing countries, and gender mainstreaming partially
overcome the ethnic bias that affects the research. Painting a
complete picture of the development of research topics in their
merging and diverging behavior, therefore, needs to include
information on the social conditions. These conditions could
be networks or relationships apart from direct coauthorship and
citation relations but include the researchers that act within
networks.

As machine-learning techniques always learn structures from
the existing data, the assumptions about science dynamics cal-
culated by our prognosis tool are necessarily characterized by
the input data it is trained on. When we feed our models with
information about research patterns and individuals from the
past, we will reproduce the societal circumstances of the past.
Therefore, we understand that feeding an algorithm with ad-
ditional social information can lead to the reproduction of the
existing structures and hinder change. We highly recommend
including as many sources of information as possible, in ad-
dition to the provided indicator, if trying to identify science
dynamics. Based on the deliberations above, we suggest not
relying on a single analysis (or forecast) tool in regard to
complex decisions, as in the context of R&D management and
policy.

G. Reproducibility and Reuse

We provide the source code so that future research can further
develop the approach, which is available at https://gitlab.com/Q-
Aktiv/qgraph.
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