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Abstract.
Scientific research exhibits a vast increase in terms of published works, as well as produced

data, computer codes, and scientific methods. Accordingly, openness is a modern demand in
science, and many efforts occur in this direction. The reproducibility of results, data sharing,
transparency, and replication are emerging challenges in research, as by following “open sci-
ence” principles, the research community, as well as society, obtains beneficial outcomes in the
best possible way. In this work, we computationally analyse a large volume of papers related
to open science. Particularly, we use the Scopus database and search for papers with the term
“open science” in the title, abstract or keywords, within the past ten years. In total 4878 papers
were identified, in the following categories: Article (N=2770), Conference paper (N=724), Re-
view (N=646), Editorial (N=188), Note (N=176), Book chapter (N=119), Erratum (N=112),
Conference review (N=54), Data paper (N=30), Letter (N=29), Book (N=16), and Short sur-
vey (N=14). We start with descriptive statistics of the keywords appearing in the papers, and
continue with inter-items’ associations, by computing the contingency matrix. Accordingly,
we calculate the objects’ potions on the bibliometric map, by using a novel multidimensional
scaling algorithm. In order to verify the associations, we permute the contingency matrix to
minimise its bandwidth and plot the resulting clusters of keywords. Finally, in order to eval-
uate the evolution of the terms in recent years, we compute the timeseries of the occurrence
of keywords and select the ones exhibiting higher trends, based on linear as well as nonlinear
model fit. We also compute the normalised timeseries, in order to subtract the overall increase
in scientific output. We discuss significant conclusions on open science research, based on a
rigorous computational procedure.
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1 Introduction

Open Science (OS) is a modern demand in scientific publishing [1, 2], aiming to make pub-
lications and data open to the broad scientific community [3, 4]. Open science is a major policy
goal for the European Commission [5], and initiatives like Plan S [6] that aim to avoid journals’
paywalls. Policymakers can also benefit from open science practices [7] by using open data,
methods and tools [8] for evidence-based decision-making. OS facilitates the dissemination of
information among researchers [9, 10], and scholarly communication [11, 12], while social me-
dia can also be considered as a communication channel [13]. Teaching how to publish should
also comprise open science concepts [14] in order to increase the open scientific output. Re-
producibility of scientific outcomes is necessary to avoid “re-inventing the wheel” practices and
is considered as a quality criterion for research output [15, 16, 17]. Furthermore, in medicine,
replicability can be improved by OS practices, like preregistration, data sharing and preprints
[18].

The purpose of the work is to analyse a vast amount of papers through bibliometric tech-
niques [19, 20], present the landscape of publications regarding OS and identify future trends.
For the needs of this research work, a computationally rigorous procedure is used to analyse
the papers’ keywords and their time series trends and review the most related papers with the
top-frequent keywords.

(a) Optimal distances on bibliometric map dij ,
versus dissimilarities dsij = −log(sij). With
the proposed methodology, a clear assessment
of the representation of dis-similarities with
distances is obtained.

(b) Optimisation history of objective function
cor(dij , dsij). The algorithm converges after
a few iterations while the computing time de-
rived from the use of a standard personal com-
puter is in the order of seconds.

Figure 1: Optimisation Algorithm Results

2 Methodology

The method presented in [21, 22] is extended and utilized to analyse the obtained database
of papers. To define the contingency matrix c, we denote the elements of the matrix as cij ,
where i, j ∈ [N ] = {1, 2, . . . , N}, [N ] the iterator for the number of bibliometric objects with
order N . The values in the contingency matrix cij correspond to the co-occurrence counts of
the objects.

In this work, for the similarity matrix s, instead of using sij :=
cij

max c
, we utilise the following
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expression:
sij ←

cij
cii + cjj − cij

∀i, j ∈ [N ]. (1)

Furthermore, instead of minimising the differences among the distances and dissimilarities as
proposed in [21], the Pearson correlation is maximised among the distances and dissimilarities
by defining dissimilarities as:

dsij := −log(sij). (2)

It was found that this approach provided a measurable metric of the success of the algorithm,
as well as high values of the objective function cor(dij, dsij), with Pearson values R > 0.7
(Figure 1a).

Ultimately, a k-means clustering [23] is applied on the map to obtain a graphical represen-
tation of the clusters of the most frequent bibliometric objects. A computer code which was
written in Python [24] is implemented for the retrieval of the papers from *.bib files and opti-
mising the positions on the map and scikit-learn [25, 26] for clustering.

Figure 2: Map of the 100 most frequent keywords.
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3 Top Keywords

In Figure 2, the map of the 100 most frequent keywords is presented. The cluster in navy
colour represents the most frequent keywords of OS, like open access, open data, data shar-
ing, research data management, and research data. The cluster in orange color, refers to health
sciences, with keywords like: humans, female, male, review, adult, controlled study, genetics,
aged, open science grid, quality control, animal, human experiment, and metabolism. The clus-
ter in indigo color, is correlated to information dissemination, with keywords like: publishing,
software, research, peer review, science, scoping review, priority journal, publication, editorial,
access to information, open access publishing, internet, social media, scientist, data analysis,
and research ethics. Furthermore, the cluster in violet color regards data science, where the fol-
lowing keywords can be seen: machine learning, big data, artificial intelligence, bibliometrics,
cloud computing. Finally, in the cluster in olive colour, keywords related to the pandemic are
shown, such as covid-19, and sars-cov-2.

According to the findings from Figure 2 and the numerical investigation performed for the
needs of this research work, the following conclusions resulted in relation to the different types
of keywords, with references to the corresponding 4878 publications that were investigated
herein.

3.1 Open Access Publishing

Open Access (OA) publishing has been adopted by many universities worldwide, however,
the definitions of each OA publication type (e.g. green OA) should be further improved [3].
Although academics value the merit of OA publishing, it has not yet been widely adopted
[27]. Various research areas have adopted OA practices, with mathematics, natural and social
sciences being pioneers, while health sciences have also increased the ratio of OA publishing
[28]. Preregistration, the process of announcing the aims of a research study in a public space
prior to conducting research, was found to promote transparency and decrease false positives
[29].

3.2 Open Peer Review

The process of making reviewers’ reports and identities open, named Open Peer Review
(OPR), is another trend in OS [30]. However, some argue that disclosing reviewers’ identities
might lead to less strict reviews. Specific challenges have to be addressed, such as the papers’
databases do not always index OPR journals [31], and OPR reviewing model is not yet adopted
broadly [32].

3.3 Open Data

Making data open is a vastly significant process [33, 34] in a variety of scientific disciplines,
such as Education [35], Ecology [36], and Technology [37]. Open data and information sharing
facilitate transparency [38, 39], is an essential principle in any scientific endeavour.

3.4 FAIR Principles

The FAIR (Findability, Accessibility, Interoperability, Reproducibility) [40, 41] principles
appear in the foundational concepts of OS. Reproducibility is important for statistical analy-
ses [42] and indicated research quality [16]. Interoperability regards the integration of two or
more datasets into a whole [43] promoting re-usage [44]. Making data FAIR involves meta-
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data definition and management [45], which is necessary for multidisciplinary research works
[46]. FAIR principles are considered in data infrastructures [47], enhancing data quality [48]
and teaching FAIR principles has been materialised by integrating FAIR principles in curricula
[49].

3.5 Data Science

OS is highly associated with evolving data science [50] and machine learning [51] fields,
as the sharing of codes and data accelerates research output. Replication is also significant for
machine learning research [52], being a major challenge [53, 54]. Replication usually refers
to fields involving data and analytics [55], however, it is also important for social sciences
[15, 56, 57].

3.6 Health Sciences

Open data and publications in health sciences are imperative for systematic reviews [58]
and meta-analyses [59], and also considered an integral part of information science for health
[60, 61]. Similarly, research infrastructures and data [62, 63] support bioinformatics research.
During the COVID-19 pandemic, it accelerated the productivity of scientific results [64, 65]
by promoting data collection [66] from various sources and proposing actions to avoid future
pandemics [67].

Figure 3: Timeseries of the top 10 most frequent keywords.

3.7 Trends in OS

Figure 3 demonstrates the evolution of the keywords during the last 10 years (2013-2022), as
well as the total number of keywords’ occurrences per year (shown in the graph as “ALL”). In
Figure 3, the y-axis is in logarithmic scale; hence we see an almost exponential increase in terms
of scientific output. It is also easy to depict a clear increase in reproducibility, highlighting
the need for replication of research output. Furthermore, the keyword human also increases,
indicating the importance of OS in health sciences.
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4 Conclusions

Through computational analysis, a total of 4878 research works were analyzed on OS that
were obtained from the Scopus database. The articles were from multiple research disciplines,
as openness is a modern demand in all scientific fields. Clusters of the most frequent keywords
were identified, where their evolution over time was demonstrated. According to the findings
of this research work, an exponential increase in the aggregated keywords, with a particular
inflation of reproducibility was observed. It was also found that OS is vastly significant in health
sciences, as well as data sciences, machine learning and artificial intelligence. Furthermore,
making data FAIR is important for identifying and replicating research results. Open research
infrastructures are essential in various fields, such as biological sciences and high-performance
computing, accelerating the production of scientific output in engineering, physics and artificial
intelligence. The communication of scientific output is also highlighted as a significant part of
science, which can be strengthened by OS mechanisms.
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