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Abstract

Science advances by pushing the boundaries of the adjacent possible. While the global sci-
entific enterprise grows at an exponential pace, at the mesoscopic level the exploration and
exploitation of research ideas are reflected through the rise and fall of research fields. The
empirical literature has largely studied such dynamics on a case-by-case basis, with a focus
on explaining how and why communities of knowledge production evolve. Although fields
rise and fall on different temporal and population scales, they are generally argued to pass
through a common set of evolutionary stages. To understand the social processes that drive
these stages beyond case studies, we need a way to quantify and compare different fields
on the same terms. In this paper we develop techniques for identifying common patterns in
the evolution of scientific fields and demonstrate their usefulness using 1.5 million preprints
from the arXiv repository covering 175 research fields spanning Physics, Mathematics,
Computer Science, Quantitative Biology and Quantitative Finance. We show that fields con-
sistently follow a rise and fall pattern captured by a two parameters right-tailed Gumbel tem-
poral distribution. We introduce a field-specific re-scaled time and explore the generic
properties shared by articles and authors at the creation, adoption, peak, and decay evolu-
tionary phases. We find that the early phase of a field is characterized by disruptive works
mixing of cognitively distant fields written by small teams of interdisciplinary authors, while
late phases exhibit the role of specialized, large teams building on the previous works in the
field. This method provides foundations to quantitatively explore the generic patterns under-
lying the evolution of research fields in science, with general implications in innovation
studies.

Introduction

Quantifying the dynamics of scientific fields can help us understand the past and design the
future of scientific knowledge production. Several studies have investigated the emergence and
evolution of scientific fields, from the discovery of new concepts to their adaptation and modi-
fication by the scientific community [1-6], to the slow-down in their growth due to the ever
rising number of publications [7]. In particular, methods ranging from bibliometric studies [8,
9] to network analyses [6, 10, 11] and natural language processing [12-14] have been
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implemented on large publication corpora to monitor the propagation of concepts across arti-
cles [15-17] and the social interactions between researchers that are producing them [11, 18-
20].

To study field evolution, one first needs an operational definition of a field. Scholars have
most often defined fields using taxonomies provided by professional societies (as in the case of
PACS, the Physics and Astronomy Classification Scheme [21], the ACM Classification Scheme
in Computer Science or the JEL scheme in Economics) that authors use to self-annotate their
papers, or taxonomies used by citation indexers (as in the case of PubMed MeSH terms and
Web of Science Subject Categories) to annotate papers in their collection. Taxonomies at the
level of topics can then be clustered into fields. For example, when working with the more
than 30,000 MeSH terms, scholars have defined fields by constructing their co-occurrence net-
work and clustering dense areas of connection into discrete fields [10, 12]. Others have used
citation networks themselves to group articles by relatedness and map the knowledge flow
within and across research fields [6, 16, 22, 23]. Still others have inferred areas of research
directly from the text of scientific papers, avoiding the manual annotations performed by
authors and indexers elsewhere [13-15, 24]. These various methods provide clusters of closely
related topics corresponding to putative research fields, allowing to monitor how the changing
relations between topics and ideas underlie the dynamic evolution and mutual interactions
between fields. A final stream of literature infers field structure from the collaboration net-
works of their members. For example, the co-authorship network between researchers has
been shown to undergo a topological transition during the emergence of a new field [18, 19].
Co-authorship relations also influence the individual evolution of research interests and foster
the emergence of a consensus in a research community [25-27].

While fields rise and fall on different temporal and population scales, they are generally
argued to pass through a common set of evolutionary stages [1, 3], a process driven by consen-
sus building within the scientific community and the discovery of new research fronts and the
development of corresponding technologies [2, 28]. Different stages are typified by micro-level
changes in membership and behavior proposed to drive macro-level dynamics from birth to
death. To study these temporal patterns, dynamical models were introduced to characterize
the evolution of research fields [8, 29] and the spread of innovation [30-32]. Yet, we are still
lacking a unified empirical framework that delineates these stereotyped stages in the evolution
of scientific fields and investigates the specific actors and behaviors across them that can be
validated over a large number of well-annotated research fields.

Here, we address this gap by developing techniques for identifying common patterns in the
evolution of fields. We demonstrate their usefulness using a large corpus of 1.45 million arti-
cles from the arXiv repository with self-reported field tags spanning 175 research fields in
Physics, Computer Science, Mathematics, Finance, and Biology. We show that the evolution of
fields follows a right-tailed distribution with two parameters characterizing peak location and
distribution width. This allows us to collapse the temporal distributions onto a single rise-and-
fall curve and delineate different evolutionary stages of the fields: creation, adoption, peak,
early decay, and late decay. We then describe the characteristics of articles and authors across
these stages. We finish by discussing these results and their implications for further work in
science and innovation.

Results
Description of the data

Since its launch in 1991, the arXiv repository has become a major venue for research dissemi-
nation of particular importance in fields of Physics, Mathematics and Computer Science. As

PLOS ONE | https://doi.org/10.1371/journal.pone.0270131  June 23, 2022 2/15


https://doi.org/10.1371/journal.pone.0270131

PLOS ONE Quantifying the rise and fall of scientific fields

hep-th
a b math.oa
funct-an
gr-qc
cmp-lg -,
mtri-th -
ao-sci
B\ - S adap-org -
@y Cornell University plasm-ph -
S chao-dyn
patt-sol
astro-ph -
q-bio -
cond-mat.dis-nn
Ci Science > i i math.gt -
cond-mat.str-el -
Timestamp oot
On the Use of ArXiv as a Dataset maac

cs.ar -
cond-mat.mtrl-sci -

arXiv.org > cs > arXiv:1905.00075

[ Colin B. Clement, Matthew Bierbaum, Kevin P. O'Keeffe, Alexander A. Alemi | «———————  Authors

cs.oh-
q-bio.qm -
The arXiv has collected 1.5 million pre-print articles over 28 years, hosting literature from scientific fields including Physics, Mathematics, and Computer Science. Each pre-print features text, figures, astro-ph.he -
authors, citations, categories, and other metadata. These rich, multi-modal features, combined with the natural graph structure-—created by citation, affiliation, and co-authorship-—makes the arXiv an €s.cC =
exciting candidate for benchmarking next-generation models. Here we take the first necessary steps toward this goal, by providing a pipeline which standardizes and simplifies access to the arXiv's math.sp -
publicly available data. We use this pipeline to extract and analyze a 6.7 million edge citation graph, with an 11 billion word corpus of full-text research articles. We present some baseline classification Cs.sC
results, and motivate application of more exciting generative graph models. math-ph -
physics.ao-ph -

” qfin.rm -
Comments: 7 pages 3 tables, 2 figures. ICLR 2019 workshop RLGM submssion 3 math.gn -
[ subjects: information Retrieval (cs.IR); Machine Learning (cs LG); Social and Information Networks (cs S, Physics and Society (physics soc-ph)| — e—— Tags - research fields = math.st -
TRy physics.atom-ph -
(or arXiv:1905.00075v1 [es.IR] for this version) cs.dm -

g-bio.pe -

Bibliographic data physics.plasm-ph -
[Enable Bibex (What is Bibex?)] €s.05 -
math.co -

Submission history g-fin.pm -
cs.ms -

From: Colin B Clement [view email]

[v1] Tue, 30 Apr 2019 19:43:53 UTC (217 KB) -10 astro-ph.ep -

q-bio.cb

q-fin.ec -

g-bio.nc -

-08 physics.chem-ph -
physics.ins-det -

stat.me

06 cs.gr-
cs.ai-

cs.cl

cs.cr

-04 cs.lg -
cs.pf

cs.ma

-02 cs.he -
q-bio.to -

stat.ml -

physics.app-ph -

-00 econ.gn -

Proportion of articles

1 4
S3ggw 10
288§ Total Articles

)
=
3
<

Fig 1. arXiv dataset. a Example of an article in arXiv, highlighting the metadata extracted using the arXiv APL. b Heatmap representing the share of articles in each
field (rows) over time (columns). Field are identified using the subject tags within articles. The heatmap is row normalized for comparison across fields. Fields are
ordered in chronological order of their peak time. The right side panel shows the total number of articles published in each field in log scale.

https://doi.org/10.1371/journal.pone.0270131.g001

an open and free contribution platform, it provides an equal opportunity for publication to
researchers globally, and plays a dominant role in the diffusion of knowledge [33] and the evo-
lution of new ideas [16].

When submitting a contribution, authors declare the research fields that the article is con-
tributing to by selecting from a list of subject tags. Here we collected information about
authors, date of publication, and research fields of 1,456,403 arXiv articles until 2018 (see
Methods section and Fig 1a). The number of articles and authors exhibit an exponential
growth over time with a doubling period of 6 years (see Fig 1b and S1 Fig in S1 File). To con-
trol for this effect, here we focus for each field i on the yearly share of articles f;, = n; ,/N,,
where #; , is the number of articles published in the considered field at year y and N,, is the
total number of articles in arXiv in the same year. We represent the temporal distributions of
all fields in Fig 1c by chronological peak time. Over the past 30 years, the research interests
have shifted from high-energy physics to computer science and more recently economy.

Quantifying the rise and fall of scientific fields

Despite differences in overall number of articles and eventual duration, we observe a general
rise-and-fall pattern across research fields (Fig 1c), prompting us to explore if a simple model
can capture their temporal variation.

Extreme value theory [34] predicts that under a broad range of circumstances, temporal
processes displaying periods of incubation (such as incubation of ideas) or processes with
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multiple choice (such as the choice of ideas or research fields) follow skewed right-tailed
extreme value distributions. Examples of such processes can be found in diverse areas, for
example when modelling the evolution of scientific citations [35] or disease incubation periods
[36, 37]. In the context of the evolution of scientific fields, epidemiological models have been
proposed [29] to capture the dynamical patterns underlying the contagion of ideas and the
choice of researchers to work on different ideas. Such models exhibit right-skewed temporal
distributions in the number of infected individuals, which in this case consists of articles and
researchers in the field.

Following these insights, here we use the Gumbel distribution (Eq 1) as an ansatz to model
the observed field temporal distributions. Belonging to the general class of extreme value dis-
tributions [34, 38], it provides interpretable parameters for the peak location a and distribu-
tion width 3 (S3 Fig in S1 File). Denoting by ¢ the time since the first article was published in
the field, the share of articles G(¢) follows Eq 1:

—(t-3)
)
G(t):Be e !

(1)

where « is the location parameter and S the scale parameter.

In order to estimate the model fit, we consider fields that satisfy three conditions as repre-
sented in Fig 2a: (i) longevity—having at least 10 years of activity to ensure a sufficient observa-
tion period, (ii) unimodality—we exclude multimodal distributions as it would require
introducing a mixture model going beyond the scope of this study and (iii) completeness—we
require the peak of the distribution to be at least 3 years away from the beginning and the end
of the collection period to ensure that we capture sufficient data on both sides of the distribu-
tion. This reduces the number of fields to 72, which we consider in our analyses below.
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Fig 2. Temporal evolution of fields. a. Conditions for a field to be included in the analysis. b-d Gumbel fits for the fields with the largest numbers of articles in
Physics, Mathematics and Computer Science: Mathematics—Combinatorics (b), Material Science (c) and Computational Complexity (d). e. Evolution of the 72
studied fields after temporal re-scaling from Eq 2. The blue curve represents the Gumbel fit, and red dots correspond to the empirical average over equal sample-size
bins. Error bars indicate standard error.

https://doi.org/10.1371/journal.pone.0270131.9002
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Using a least-squares optimization fitting procedure (see Methods), we show that 66 out of 72
fields (91.6%) exhibit a significant goodness of fit (k < 0.3 and p > 0.05 under KS-test). We show
in Fig 2b-2d the temporal distributions and Gumbel fits for the fields with the largest total num-
bers of articles in Physics, Mathematics and Computer Science. For every field we fit the corre-
sponding ¢ and f3 parameters. To get more insights on the interpretation of the a and
parameters, we show in S3a, S3b Fig in S1 File some examples of Gumbel distributions with vary-
ing parameters. The location parameter ¢ corresponds to the mode of the distribution, i.e when
fields peak in their lifetime, while the scale parameter 3 corresponds to the distribution width.
Fields with a low f have a rapid rise followed by a rapid decay with a long tail. These could be the
fields promoted by sudden advances in science and technologies or economics, for example, the
field of Pricing of Securities in Quantitative finance (q-fin.pr) (S3c Fig in S1 File). On the other
hand fields with a large 8 have an elongated rise and fall with a long tail in the decay phase—for
example Condensed Matter Material Sciences (cond-mat.mtrl-sci) (S3d Fig in S1 File).

After obtaining the location @ and scale B parameters from the fitting procedure, we com-
pute for each field the re-scaled time:

;b=

5 (2)

By re-normalizing fields with this standardized time, we observe that the various temporal
distributions align on a single curve, highlighting the shared patterns of rise and fall across the
fields studied (Fig 2e). In particular, the Gumbel distribution provides a more stringent fit of
the tails, as can be observed when comparing to other distributions (S4 Fig in S1 File).

Characterizing the stages of research field evolution

Using the re-scaled time from Eq 2, we next explore the characteristics of articles and research-
ers at different stages of a research field evolution. We adopt hereafter the standard delinea-
tions of stages from the innovation diffusion literature [30] and define 5 periods of research
field evolution (creation, adoption, peak, early decay, and late decay) delineated on the re-
scaled timeline corresponding respectively to the 2.5%, 16%, 50% and 84% quantiles of the
Gumbel distribution in Fig 2e (blue curve). We then group articles within these categories for
each field and examine the variation of their characteristics when averaging across all fields.

We consider characteristics of the articles submitted at various field stages, and of the
authors who submit them. For articles, we focus on the number of fields reported (article mul-
tidisciplinarity), the number of authors (team size), the number of references made to other
arXiv articles, and the number of citations received within arXiv (article impact). For authors,
we consider their career stage within arXiv at the time of submitting the article, the total num-
ber of articles submitted to arXiv (longevity), the number of fields their articles span during
their career and the number of fields per article (author multidisciplinarity). We average these
characteristics over the article coauthors for which we have a unique identifier (ORCID). In
the case of career stage s, we use Eq 3, where N,,, is the chronological rank of the current article
across the author’s publications and Ny, is the total number of articles:

Nart — ]‘
N —1 (3)

tot

S =

We show in Fig 3 the average values of these features for each stage across the 72 fields
along with random expectations (see Methods). In the context of article metrics (Fig 3a), we
find that the early stages of research fields are characterized by interdisciplinary articles (2.36
fields, vs. 2.05 for late decay) co-authored by small teams (2 authors vs 4.5). As fields evolve,
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Fig 3. Evolution stages. Characteristics of articles and authors at different evolutionary stages. The observed values are averaged over all fields (red bars). Gray bars
correspond to the average field-specific random expectation (see Methods). Bottom plots represent the relative difference between observed and random values. Error
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we observe a steady growth in the number of references to earlier arXiv articles, indicating that
the community builds on earlier works in arXiv (Fig 3 and S5a Fig in S1 File when restricting
to the same field). Finally, we find that article impact, measured by the number of citations
within arXiv, is maximal at the Adoption phase before the field has reached its peak. The cita-
tion count observes a similar trend in the case of total citations within arXiv shown in Fig 3a as
well as citations within arXiv received in the first five years (S5b Fig in S1 File). For author
metrics (Fig 3b), we find that the early stages of research fields are characterized by multidisci-
plinary authors (16.9 fields in career for creation vs 7.9 in career for late decay, and 2.13 fields
per article vs 1.91 fields per article), who tend to be in their early career (8% of total duration
vs 60%) with the longest longevity (55 papers vs 27).

These observations show that small teams of interdisciplinary authors contribute to the
early stages of a field’s evolution, in line with previous findings that small teams produce more
disruptive [39], novel [40] and creative research [41]. To test these insights further, we calcu-
lated the disruptive index of all arXiv papers using the internal citation network (see Methods).
We find that papers in the creation stage have the highest disruptive index, followed by a
steady decrease in later stages (Fig 4), highlighting the relevance of the delineated phases as
markers of innovation and development of a field.

Cognitive distance and early innovation

The previous results show that works submitted in early phases of research fields tend to mix a
larger number of field tags. However, this measure does not take into consideration the various
levels of similarity between fields. For example, publishing an article within sub-fields of phys-
ics is different from publishing an article mixing quantitative biology, computer science, and
physics. This is rendered apparent when examining the co-occurrence network of fields across
arXiv articles (Fig 5a). In the co-occurrence network, nodes represent field tags, and edges rep-
resent their co-occurrence across articles. The network represents the landscape of fields in the
arXiv, with closely related fields clustering together into communities corresponding to 6
broader categories: Physics (purple), Quantitative biology (gray), Computer Science (green),
Mathematics (blue), Statistics (pink) and Quantitative Finance (orange).

Using this network construction (details in Methods), we define the Cognitive distance C;;
between field tags i and j as the weighted shortest path C,; = >, w%’ where e are the edges on

the shortest path between the two tags i and j and W, are their weights in the co-occurrence
network. This cognitive distance allows us to provide a weighted proxy for interdisciplinarity.
In particular, it allows to quantify the distance between disconnected fields: an example of this
is shown in S6 Fig in S1 File where q-fin.ec (Economics) connects to hep-ph (High Energy
Physics) by a path length of 4.

We use this measure to compute for each article with at least two field tags the maximum
cognitive distance between any pair of tags. We find that articles published in the early stages
of a research field have a significantly larger cognitive distance, while the measure decays to
the random level by peak stage (Fig 5b). Similarly, for authors we find that in earlier stages
authors publish in cognitively distant fields, which narrows down to similar fields in later
stages (Fig 5¢). The relative difference with random at the creation stage is more stringent than
the previous measure using number of tags (articles: 0.3 vs 0.1, authors: 0.8 vs 0.1), strengthen-
ing our previous observation.

Discussion

Science evolves as scientists cast and redirect their attention over the knowledge space. As sci-
entists are drawn to similar topics, collective attention organizes into fields of inquiry.
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Fig 5. Cognitive distance. a Co-occurrence network of arXiv field tags. Nodes are colored based on the major research area they belong to (Physics, Computer
Science, Mathematics, Statistics, Quantitative Finance, Quantitative Biology). Barplots in b,c follow the same method than in Fig 3. b Average cognitive distance across
the field tags of articles. ¢ Average cognitive distance across all the field tags used by authors throughout their career.

https://doi.org/10.1371/journal.pone.0270131.9005

Understanding how fields emerge, grow to maturity and decline is thus a central challenge for
the science of science [42] but the backing for claims about how and why fields evolve has his-
torically consisted illustrative cases rather than comprehensive evidence. Although theoretical
claims are often universal—applying equally to large and small, fast and slow changing fields—
our ability to make comparisons across different temporal and population scales has been lim-
ited, making it difficult in turn to provide rigorous tests of such claims.

In this study we introduced a method for rescaling the dynamics of scientific fields to nor-
malized population and temporal scale. We argued that the processes that drive field evolution
are likely within the family of extreme value distributions and showed that 91% of the fields in
our sample are well fitted by a Gumbel distribution. To demonstrate the utility of this method,
we applied it to 1.5M articles from the arXiv preprint repository and compared the member-
ship and behavior of authorship teams at different canonical stages of field evolution. Our
descriptive results suggest common patterns consistent with existing theory. Early evolution-
ary stages are populated by small teams of early career researchers from diverse and dissimilar
disciplines. As the number of papers in a field saturates, we observe a shift to larger and more
specialized teams. These organizational shifts are coupled to shifts in the type of knowledge
being produced. Early stages abound in disruptive articles—contributions that replace prior
knowledge in the citation graph—with that disruptiveness fading as a field evolves. We find
that the highest impact papers too are produced before the field reaches maturity, perhaps
reflecting the publication of foundational texts as a field is born that most subsequent authors
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cite. Finally, we observe authors becoming less reliant on references to external fields as a new
field matures, in line with the argument that fields internally integrate their knowledge over
time [43].

Our study is not without limitations. We focus on fields whose dynamics are unimodal—
with a single rise and fall—which limits our sample to 72 out of the 175 present on arXiv. Fol-
low on work can extend the method introduced here by considering mixture models capable
of capturing multiple waves of interest in a field. When estimating the age composition of
author teams, we relied on ORCID IDs to disambiguate author names, which similarly limited
our sample to a small and biased subset of authors. For the Disruptive Index measure we note
that the citation network in our dataset only includes citations within arXiv, which are sparser
compared to Web of Science or Scopus for example, and citation behavior may be particular
to the fields predominant on arXiv or variant across them. While arXiv is an open-access
repository, submitting authors need to be invited by another existing member from the main
field of interest. As with other venues, gatekeeping and the ability of authors to effectively navi-
gate it shapes who can publish and therefore membership in the fields of our sample [44, 45].
Finally, the descriptive results shown in this study should not be interpreted as causal nor
should they be taken as representative of science as a whole. Future work should expand this
study to larger, more representative databases with more comprehensive paper and author
level metadata.

More comprehensive fields-level data could also help understand broader trends within the
arXiv community as a whole. For example, while originally focused on Physics fields, arXiv
submissions have become more diverse, with increasing submissions from the Computer Sci-
ence and Economics fields (Fig 1b). This uptake could be related to an increase in research
demand from the side of these fields (problems, grants, and publication opportunities), or
research supply from the side of Physics (e.g., talent spillover from physics, which attracted
and trained capable researchers but does not necessarily offer enough relevant jobs). Alterna-
tively, this can be part of a broader trend towards open access research and increasing leniency
towards preprints on the part of publishers [46]. Institutional factors at the level of funding
agencies or universities, as well as norms within particular organizations or fields may also cre-
ate field-specific incentives to share open access versions of papers. Future work could study
what drives this trend, for example by examining formal requirements for open access and
using surveys of scientists in these fields and others to understand the preferences and incen-
tives that drive this behavior.

Beyond these considerations, we hope the methods introduced here help future studies
build a deeper understanding of scientific change. First, the composition and behavior of sci-
entific fields at different stages of their evolution bears deeper examination, in particular with
the goal of understanding the causes of birth, maturity and decline and the extent to which
these drivers are universal or particular. Many scholars have argued that these causes are scale-
invariant. For example, in his postscript to The Structure of Scientific Revolutions, Kuhn clari-
fies that the emergence of a new paradigm “Need not be a large change nor need it seem revo-
lutionary to those outside a single community, consisting perhaps of fewer than twenty-five
people.” [1]. At the same time, scaling effects involving nonlinear relationships between size
and collective behavior are common in complex systems. The effects of scale on scientific
change remain unresolved.

Broad evidence suggests the social organization of science is changing, yet how these
changes affect field evolution is unclear. In particular, the trend towards increasing team size
[47, 48] and bureaucratization [40, 49] bears consideration. Does the size and structure of a
team affect their propensity to enter a field at each stage? Or their capacity to succeed, condi-
tional on entry? Are the drivers of field evolution stationary? Or have they changed with the
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micro-organization of science? Additionally, while there is growing work on the effect of fund-
ing size and structure on individual scientists, [50-52] the optimal ways to grow a new field
remain unclear.

Finally, while scientific knowledge evolves as a function of scientists decisions, it also feeds
back into the decision making process. That is, the structure of scientific knowledge shapes
which problems are salient and solvable, constraining scientists future behavior [1, 53]. These
effects seem likely to result from both first-order structure (the patterns in which individual
concepts are connected) as well as higher-order structure (the patterns in which sets of con-
cepts are connected). Some neighborhoods of the knowledge space are presumably more fertile
ground for new fields to grow than others. It may also be true that the neighborhood in which
a field lies is a key condition that shapes its dynamics far into the future. Recent work has
found that the sheer volume of new papers published in a field is a strong predictor of disrup-
tion and growth [7]. Similarly, scholars have begun to study how the higher-order structure of
scientific knowledge evolves in time [54]. Future work can probe deeper into exactly how the
structure of scientific knowledge shapes field evolution.

Overall, explaining and predicting the evolution of scientific fields may require models
including all of the factors discussed—sensitivity to scale, to time, to the organization of scien-
tists and of scientific knowledge—along with the interactions between them. By making cross-
field comparisons easier to make, our method should prove as useful for studying the role of
single factors as for testing more complex models of field evolution. As such, we expect these
insights to be helpful for researchers and policymakers interested in the emergence and devel-
opment of research fields and more broadly in the dynamics of innovation.

Methods
Dataset extraction

We extracted the publication metadata from the arXiv website using the arXiv API (https://
arxiv.org/help/api/). The data spans years 1986 to 2018, with a total of 1,456,404 articles. For
each article we retrieved the following characteristics: a) the unique article ID, b) the time-
stamp of article submission, c) the list of subjects categories (field tags), d) the citations
received within arXiv, e) the references to other arXiv articles, and f) the list of last names of
authors. We show an example article in Fig 1a. Furthermore, we extracted when possible the
ORCID IDs of the authors that declared it in arXiv. The number of unique ORCID IDs was
50,402, allowing to disambiguate these authors’ names. The dataset produced can be accessed
on https://doi.org/10.5281/zenodo.6598737. For the citation network we used the dataset from
[55] which can be accessed on https://www.kaggle.com/datasets/Cornell-University/arxiv or
https://github.com/mattbierbaum/arxiv-public-datasets/releases.

Fitting procedure

Uni-modality test. For filtering multi-modal fields we use the diptest R library to compute
the dip unimodality test. We remove fields that fail the test (p < 0.05). Separately, we also use
the kernel density estimation(kde) method to find the peaks using varied bandwidths. Fields
that have consistent bimodality are removed. Finally, fields that are unimodal in both the cal-
culations are chosen.

Least square optimization. For the selected fields, we strip years before the first publica-
tion to only consider years since first article. We then constrain the mode of the fitted distribu-
tion to coincide with the empirical one, and we fit the location and scale parameters using
least-square optimization.
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Assigning articles and authors to evolutionary stages

We first collect for each field all articles containing the field tag. We associate each article to
the evolutionary stage corresponding to the re-scaled time obtained for that particular field.
We then assign the authors of each article with an ORCID ID to the corresponding evolution-
ary stage. Note that articles with multiple field tags can be assigned to different stages of evolu-
tion corresponding to the re-scaled times of the different tags.

Randomization

The observed features in Fig 3 are compared with random expectation by shuffling for each
field the re-scaled times across articles. This procedure is repeated 50 times for each field and
we compute the average for each stage. Finally, we compute the average and standard deviation
across fields.

Disruptive index measure

Given a paper p followed by N; subsequent works, if N; papers out of the N; cite only p, N; out
of N; cite both p and its references and Nj out of N; cite only its references, then the Disruptive
Index (DI) of the paper p [39, 56] is defined by
N, — N,
DI, = N (4)

N

where Ny = N; + N; + N.

Constructing tags co-occurrence network

We construct an undirected, weighted tag co-occurrence network where the edge weights indi-
cates the similarity between the fields corresponding the tags. Let N are the total number of
articles published, K the number of articles using field tag i and n the number of articles using
field tag j with k articles that use both 4, j. Then integrating Eq 5

W6
-0

for k or more articles yields the hypergeometric p-value p, that the two fields have at least this
number of co-occurrences given the number of times they each have occurred. Note that here

(5)

lower p-values indicate stronger similarity. As such, we define the edge weight W; between
fields i and j as —log;¢(p,). Edges corresponding to p, > 0.01 are filtered out.

Supporting information

S1 File.
(PDF)

Author Contributions
Conceptualization: Liubov Tupikina, Marc Santolini.
Data curation: Chakresh Kumar Singh, Emma Barme.

Formal analysis: Chakresh Kumar Singh, Marc Santolini.

PLOS ONE | https://doi.org/10.1371/journal.pone.0270131  June 23, 2022 12/15


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0270131.s001
https://doi.org/10.1371/journal.pone.0270131

PLOS ONE

Quantifying the rise and fall of scientific fields

Funding acquisition: Marc Santolini.

Investigation: Marc Santolini.

Methodology: Chakresh Kumar Singh, Liubov Tupikina, Marc Santolini.
Project administration: Marc Santolini.

Supervision: Marc Santolini.

Validation: Chakresh Kumar Singh, Marc Santolini.

Visualization: Chakresh Kumar Singh, Marc Santolini.

Writing - original draft: Chakresh Kumar Singh, Robert Ward, Liubov Tupikina, Marc
Santolini.

Writing - review & editing: Chakresh Kumar Singh, Robert Ward, Liubov Tupikina, Marc
Santolini.

References
1. KuhnTS. The Structure of Scientific Revolutions. Chicago: University of Chicago Press; 1962.

2. Collins R. Why the social sciences won’t become high-consensus, rapid-discovery science. In: Socio-
logical forum. vol. 9. Springer; 1994. p. 155-177.

3. Frickel S, Gross N. A general theory of scientific/intellectual movements. American sociological review.
2005; 70(2):204—-232. https://doi.org/10.1177/000312240507000202

4. Shwed U, Bearman PS. The temporal structure of scientific consensus formation. American sociologi-
cal review. 2010; 75(6):817—-840. https://doi.org/10.1177/0003122410388488 PMID: 21886269

5. Sun X, Kaur J, Milojevi¢ S, Flammini A, Menczer F. Social dynamics of science. Scientific reports. 2013;
3:1069. https://doi.org/10.1038/srep01069 PMID: 23323212

6. Jurgens D, Kumar S, Hoover R, McFarland D, Jurafsky D. Measuring the evolution of a scientific field
through citation frames. Transactions of the Association for Computational Linguistics. 2018; 6:391—
4086. https://doi.org/10.1162/tacl_a_00028

7. ChuJS, Evans JA. Slowed canonical progress in large fields of science. Proceedings of the National
Academy of Sciences. 2021; 118(41). https://doi.org/10.1073/pnas.2021636118 PMID: 34607941

8. Bettencourt L, Kaiser D, Kaur J, Castillo-Chavez C, Wojick D. Population modeling of the emergence
and development of scientific fields. Scientometrics. 2008; 75(3):495-518. https://doi.org/10.1007/
s11192-007-1888-4

9. DongH, LiM, Liu R, Wu C, Wu J. Allometric scaling in scientific fields. Scientometrics. 2017; 112
(1):583-594. https://doi.org/10.1007/s11192-017-2333-y

10. Herrera M, Roberts DC, Gulbahce N. Mapping the evolution of scientific fields. PloS one. 2010; 5(5):
e10355. https://doi.org/10.1371/journal.pone.0010355 PMID: 20463949

11.  SunX, Ding K, Lin Y. Mapping the evolution of scientific fields based on cross-field authors. Journal of
Informetrics. 2016; 10(3):750-761. https://doi.org/10.1016/}.j0i.2016.04.016

12. BaliliC, Lee U, Segev A, Kim J, Ko M. TermBall: Tracking and Predicting Evolution Types of Research
Topics by Using Knowledge Structures in Scholarly Big Data. IEEE Access. 2020; 8:108514—108529.
https://doi.org/10.1109/ACCESS.2020.3000948

13. DiasL, Gerlach M, Scharloth J, Altmann EG. Using text analysis to quantify the similarity and evolution
of scientific disciplines. Royal Society open science. 2018; 5(1):171545. https://doi.org/10.1098/rsos.
171545 PMID: 29410857

14. Evans ED, Gomez CJ, McFarland DA. Measuring paradigmaticness of disciplines using text. Sociologi-
cal Science. 2016; 3:757-778. https://doi.org/10.15195/v3.a32

15. Chavalarias D, Cointet JP. Phylomemetic patterns in science evolution—the rise and fall of scientific
fields. PloS one. 2013; 8(2):€54847. https://doi.org/10.1371/journal.pone.0054847 PMID: 23408947

16. SunY, Latora V. The evolution of knowledge within and across fields in modern physics. Scientific
Reports. 2020; 10(1):12097. https://doi.org/10.1038/s41598-020-68774-w PMID: 32694516

17. Chavalarias D, Cointet JP. Bottom-up scientific field detection for dynamical and hierarchical science
mapping, methodology and case study. Scientometrics. 2008; 75(1):37-50. https://doi.org/10.1007/
s11192-007-1825-6

PLOS ONE | https://doi.org/10.1371/journal.pone.0270131  June 23, 2022 13/15


https://doi.org/10.1177/000312240507000202
https://doi.org/10.1177/0003122410388488
http://www.ncbi.nlm.nih.gov/pubmed/21886269
https://doi.org/10.1038/srep01069
http://www.ncbi.nlm.nih.gov/pubmed/23323212
https://doi.org/10.1162/tacl_a_00028
https://doi.org/10.1073/pnas.2021636118
http://www.ncbi.nlm.nih.gov/pubmed/34607941
https://doi.org/10.1007/s11192-007-1888-4
https://doi.org/10.1007/s11192-007-1888-4
https://doi.org/10.1007/s11192-017-2333-y
https://doi.org/10.1371/journal.pone.0010355
http://www.ncbi.nlm.nih.gov/pubmed/20463949
https://doi.org/10.1016/j.joi.2016.04.016
https://doi.org/10.1109/ACCESS.2020.3000948
https://doi.org/10.1098/rsos.171545
https://doi.org/10.1098/rsos.171545
http://www.ncbi.nlm.nih.gov/pubmed/29410857
https://doi.org/10.15195/v3.a32
https://doi.org/10.1371/journal.pone.0054847
http://www.ncbi.nlm.nih.gov/pubmed/23408947
https://doi.org/10.1038/s41598-020-68774-w
http://www.ncbi.nlm.nih.gov/pubmed/32694516
https://doi.org/10.1007/s11192-007-1825-6
https://doi.org/10.1007/s11192-007-1825-6
https://doi.org/10.1371/journal.pone.0270131

PLOS ONE

Quantifying the rise and fall of scientific fields

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.
31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

44,

Bettencourt LM, Kaiser DI, Kaur J. Scientific discovery and topological transitions in collaboration net-
works. Journal of Informetrics. 2009; 3(3):210-221. https://doi.org/10.1016/.j0i.2009.03.001

Bettencourt L, Kaiser DI. Formation of scientific fields as a universal topological transition. arXiv preprint
arXiv:150400319. 2015.

Ubaldi E, Burioni R, Loreto V, Tria F. Emergence and evolution of social networks through exploration
of the Adjacent Possible space. Communications Physics. 2021; 4(1):1-12. https://doi.org/10.1038/
s42005-021-00527-1

Battiston F, Musciotto F, Wang D, Barabasi AL, Szell M, Sinatra R. Taking census of physics. Nature
Reviews Physics. 2019; 1(1):89-97. https://doi.org/10.1038/s42254-018-0005-3

Gates AJ, Ke Q, Varol O, Barabasi AL. Nature’s reach: narrow work has broad impact. Nature. 2019;
575(7781):32—34. https://doi.org/10.1038/d41586-019-03308-7 PMID: 31695218

Sinatra R, Deville P, Szell M, Wang D, Barabasi AL. A century of physics. Nature Physics. 2015; 11
(10):791-796. https://doi.org/10.1038/nphys3494

Dalle Lucca Tosi M, dos Reis JC. Understanding the evolution of a scientific field by clustering and visu-
alizing knowledge graphs. Journal of Information Science. 2020; p. 0165551520937915.

Jia T, Wang D, Szymanski BK. Quantifying patterns of research-interest evolution. Nature Human
Behaviour. 2017; 1(4):1-7. https://doi.org/10.1038/s41562-017-0078

Zeng A, Shen Z, Zhou J, Fan Y, Di Z, Wang Y, et al. Increasing trend of scientists to switch between top-
ics. Nature communications. 2019; 10(1):1-11. https://doi.org/10.1038/s41467-019-11401-8 PMID:
31366884

Bonaventura M, Latora V, Nicosia V, Panzarasa P. The advantages of interdisciplinarity in modern sci-
ence. arXiv preprint arXiv:171207910. 2017.

Moody J, White DR. Structural cohesion and embeddedness: A hierarchical concept of social groups.
American sociological review. 2003; p. 103—127. https://doi.org/10.2307/3088904

Scharnhorst A, Bérner K, Van den Besselaar P. Models of science dynamics: Encounters between
complexity theory and information sciences. Springer Science & Business Media; 2012.

Rogers EM. Diffusion of Innovations, 5th Edition. 5th ed. New York, NY: Free Press; 2003.

Robertson TS. The process of innovation and the diffusion of innovation. Journal of marketing. 1967; 31
(1):14-19. https://doi.org/10.2307/1249295

Katz E, Levin ML, Hamilton H. Traditions of research on the diffusion of innovation. American sociologi-
cal review. 1963; p. 237-252. https://doi.org/10.2307/2090611

Lariviere V, Sugimoto CR, Macaluso B, Milojevi¢ S, Cronin B, Thelwall M. arXiv E-prints and the journal
of record: An analysis of roles and relationships. Journal of the Association for Information Science and
Technology. 2014; 65(6):1157-1169. https://doi.org/10.1002/asi.23044

Kotz S, Nadarajah S. Extreme value distributions: theory and applications. World Scientific; 2000.

Sinatra R, Wang D, Deville P, Song C, Barabasi AL. Quantifying the evolution of individual scientific
impact. Science. 2016; 354 (6312). https://doi.org/10.1126/science.aaf5239 PMID: 27811240

Bertrand OL, Scott JG, Strogatz SH. Evolutionary dynamics of incubation periods. eLife. 2017; 6.

Gautreau A, Barrat A, Barthelemy M. Global disease spread: statistics and estimation of arrival times.
Journal of theoretical biology. 2008; 251(3):509-522. https://doi.org/10.1016/}.jtbi.2007.12.001 PMID:
18222486

Gumbel EJ. Statistics of extremes. Columbia university press; 1958.

Wu L, Wang D, Evans JA. Large teams develop and small teams disrupt science and technology.
Nature. 2019; 566(7744):378-382. https://doi.org/10.1038/s41586-019-0941-9 PMID: 30760923

Lee YN, Walsh JP, Wang J. Creativity in scientific teams: Unpacking novelty and impact. Research pol-
icy. 2015; 44(3):684—697. https://doi.org/10.1016/j.respol.2014.10.007

Heinze T, Shapira P, Rogers JD, Senker JM. Organizational and institutional influences on creativity in
scientific research. Research Policy. 2009; 38(4):610-623. https://doi.org/10.1016/j.respol.2009.01.
014

Fortunato S, Bergstrom CT, Bérner K, Evans JA, Helbing D, Milojevi¢ S, et al. Science of science. Sci-
ence. 2018; 359 (6379). https://doi.org/10.1126/science.aao0185 PMID: 29496846

Mulkay MJ, Gilbert GN, Woolgar S. Problem Areas and Research Networks in Science. Sociology.
1975; 9(2):187—-2083. https://doi.org/10.1177/003803857500900201

Siler K, Lee K, Bero L. Measuring the effectiveness of scientific gatekeeping. Proceedings of the
National Academy of Sciences. 2015; 112(2):360-365. https://doi.org/10.1073/pnas.1418218112
PMID: 25535380

PLOS ONE | https://doi.org/10.1371/journal.pone.0270131  June 23, 2022 14/15


https://doi.org/10.1016/j.joi.2009.03.001
https://doi.org/10.1038/s42005-021-00527-1
https://doi.org/10.1038/s42005-021-00527-1
https://doi.org/10.1038/s42254-018-0005-3
https://doi.org/10.1038/d41586-019-03308-7
http://www.ncbi.nlm.nih.gov/pubmed/31695218
https://doi.org/10.1038/nphys3494
https://doi.org/10.1038/s41562-017-0078
https://doi.org/10.1038/s41467-019-11401-8
http://www.ncbi.nlm.nih.gov/pubmed/31366884
https://doi.org/10.2307/3088904
https://doi.org/10.2307/1249295
https://doi.org/10.2307/2090611
https://doi.org/10.1002/asi.23044
https://doi.org/10.1126/science.aaf5239
http://www.ncbi.nlm.nih.gov/pubmed/27811240
https://doi.org/10.1016/j.jtbi.2007.12.001
http://www.ncbi.nlm.nih.gov/pubmed/18222486
https://doi.org/10.1038/s41586-019-0941-9
http://www.ncbi.nlm.nih.gov/pubmed/30760923
https://doi.org/10.1016/j.respol.2014.10.007
https://doi.org/10.1016/j.respol.2009.01.014
https://doi.org/10.1016/j.respol.2009.01.014
https://doi.org/10.1126/science.aao0185
http://www.ncbi.nlm.nih.gov/pubmed/29496846
https://doi.org/10.1177/003803857500900201
https://doi.org/10.1073/pnas.1418218112
http://www.ncbi.nlm.nih.gov/pubmed/25535380
https://doi.org/10.1371/journal.pone.0270131

PLOS ONE

Quantifying the rise and fall of scientific fields

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

Sekara V, Deville P, Ahnert SE, Barabasi AL, Sinatra R, Lehmann S. The chaperone effect in scientific
publishing. Proceedings of the National Academy of Sciences. 2018; 115(50):12603—12607. https://doi.
org/10.1073/pnas.1800471115 PMID: 30530676

Piwowar H, Priem J, Lariviere V, Alperin JP, Matthias L, Norlander B, et al. The state of OA: a large-
scale analysis of the prevalence and impact of Open Access articles. PeerJ. 2018; 6:e4375. https://doi.
org/10.7717/peerj.4375 PMID: 29456894

Wouchty S, Jones BF, Uzzi B. The increasing dominance of teams in production of knowledge. Science.
2007; 316(5827):1036—1039. https://doi.org/10.1126/science.1136099 PMID: 17431139

Milojevi¢ S. Principles of scientific research team formation and evolution. Proceedings of the National
Academy of Sciences. 2014; 111(11):3984-3989. https://doi.org/10.1073/pnas.1309723111

Lee YN, Walsh JP. Rethinking Science as a Vocation: One Hundred Years of Bureaucratization of Aca-
demic Science. Science, Technology, & Human Values. 2021; p. 01622439211026020. https://doi.org/
10.1177/01622439211026020

Azoulay P, Graff Zivin JS, Manso G. Incentives and creativity: evidence from the academic life sci-
ences. The RAND Journal of Economics. 2011; 42(3):527-554. https://doi.org/10.1111/j.1756-2171.
2011.00140.x

Wang J, Lee YN, Walsh JP. Funding model and creativity in science: Competitive versus block funding
and status contingency effects. Research Policy. 2018; 47(6):1070-1083. https://doi.org/10.1016/.
respol.2018.03.014

Myers K. The elasticity of science. American Economic Journal: Applied Economics. 2020; 12(4):103—
34.

Nersessian NJ. How do scientists think? Capturing the dynamics of conceptual change in science. Cog-
nitive models of science. 1992; 15:3—44.

Gebhart T, Funk RJ. The emergence of higher-order structure in scientific and technological knowledge
networks. arXiv preprint arXiv:200913620. 2020.

Clement CB, Bierbaum M, O’Keeffe KP, Alemi AA. On the Use of ArXiv as a Dataset. arXiv preprint
arXiv:190500075. 2019.

Funk RJ, Owen-Smith J. A dynamic network measure of technological change. Management science.
2017; 63(3):791-817. https://doi.org/10.1287/mnsc.2015.2366

PLOS ONE | https://doi.org/10.1371/journal.pone.0270131  June 23, 2022 15/15


https://doi.org/10.1073/pnas.1800471115
https://doi.org/10.1073/pnas.1800471115
http://www.ncbi.nlm.nih.gov/pubmed/30530676
https://doi.org/10.7717/peerj.4375
https://doi.org/10.7717/peerj.4375
http://www.ncbi.nlm.nih.gov/pubmed/29456894
https://doi.org/10.1126/science.1136099
http://www.ncbi.nlm.nih.gov/pubmed/17431139
https://doi.org/10.1073/pnas.1309723111
https://doi.org/10.1177/01622439211026020
https://doi.org/10.1177/01622439211026020
https://doi.org/10.1111/j.1756-2171.2011.00140.x
https://doi.org/10.1111/j.1756-2171.2011.00140.x
https://doi.org/10.1016/j.respol.2018.03.014
https://doi.org/10.1016/j.respol.2018.03.014
https://doi.org/10.1287/mnsc.2015.2366
https://doi.org/10.1371/journal.pone.0270131

